
Machine Learning 
Methods with 
Noisy, Incomplete 
or Small Datasets

Printed Edition of the Special Issue Published in Applied Sciences

www.mdpi.com/journal/applsci

Jordi Solé-Casals, Zhe Sun, Cesar F. Caiafa, 
Pere Marti-Puig and Toshihisa Tanaka

Edited by



Machine Learning Methods with
Noisy, Incomplete or Small Datasets





Machine Learning Methods with
Noisy, Incomplete or Small Datasets

Editors

Jordi Solé-Casals
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Preface to ”Machine Learning Methods with Noisy,

Incomplete or Small Datasets”

In many machine learning applications, available datasets are sometimes incomplete, noisy

or affected by artifacts. In supervised scenarios, it could happen that label information has low

quality, which might include unbalanced training sets, noisy labels and other problems. Moreover, in

practice, it is very common that available data samples are not enough to derive useful supervised or

unsupervised classifiers. All these issues are commonly referred to as the low-quality data problem.

This book collects novel contributions on machine learning methods for low-quality datasets, to

contribute to the dissemination of new ideas to solve this challenging problem, and to provide clear

examples of application in real scenarios.

Jordi Solé-Casals, Zhe Sun, Cesar F. Caiafa, Pere Marti-Puig, Toshihisa Tanaka
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Abstract: In this article, we present a collection of fifteen novel contributions on machine learning
methods with low-quality or imperfect datasets, which were accepted for publication in the special
issue “Machine Learning Methods with Noisy, Incomplete or Small Datasets”, Applied Sciences
(ISSN 2076-3417). These papers provide a variety of novel approaches to real-world machine learn-
ing problems where available datasets suffer from imperfections such as missing values, noise or
artefacts. Contributions in applied sciences include medical applications, epidemic management
tools, methodological work, and industrial applications, among others. We believe that this special
issue will bring new ideas for solving this challenging problem, and will provide clear examples of
application in real-world scenarios.

Keywords: artificial intelligence; imperfect dataset; imperfect dataset; machine learning

1. Introduction

In many machine learning applications, available datasets are sometimes incomplete,
noisy or affected by artifacts. In supervised scenarios, it could happen that label information
is of low quality, which includes unbalanced training sets, noisy labels and other problems.
Moreover, in practice, it is very common that available data samples are not enough
to derive useful supervised or unsupervised classifiers. All these issues are commonly
referred as the low-quality data problem. Machine learning researchers and practitioners
have been working on various strategies to correctly handle the low-quality problem in
recent years. Far from being solved, this problem still represents a fundamental and classic
challenge in the artificial intelligence community.

The aim of this Special Issue was to collect novel contributions on machine learning
methods for low-quality datasets, to contribute to the dissemination of new ideas to solve
this challenging problem, and to provide clear examples of application in real scenarios.
Despite the COVID-19 crisis and lockdowns in most countries, this Special Issue attracted
great attention among researchers worldwide. A total number of twenty-one papers
were submitted and fifteen of them were accepted after appropriate revisions. We were
pleasantly surprised by the diversity of nationalities of contributors and the variety of
the addressed problems in applied sciences ranging from medical and health applications
through specific industrial case study examples. The authors of the published papers are
from nine countries located in Europe, America, Africa and Asia.

In the following sections, the accepted papers and their corresponding most relevant
contributions are summarized, which are grouped in the following categories: medical
applications, epidemics management tools, methodological papers, industrial applications,
and others.

Appl. Sci. 2021, 11, 4132. https://doi.org/10.3390/app11094132 https://www.mdpi.com/journal/applsci
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2. Medical Applications

Interestingly, the majority of the contributions are related to specific applications in
medicine. Three papers addressed different problems or diseases in Neuroscience. For
example, in [1], Caiafa et al. (Argentina–Spain–Japan) reviewed recent approaches to
deal with incomplete or noisy measurements by applying signal decomposition methods
and showed their usefulness in epileptic intracranial electroencephalogram (iEEG) signals
classification, among other applications. Finding epileptic focus with iEEG is usually
difficult mainly because available datasets labeled by expert medical doctors are scarce.
In [2], Tong et al. (China–South Africa) proposed a few-shot learning method for the
severity assessment of Parkinson’s disease based on a small gait dataset. The proposed
algorithm solves the small-data problem by using permutation-variable importance (PVI)
and persistent entropy of topological imprints; as well as applying a support vector machine
(SVM) classifier to achieve the severity classification of Parkinson disease patients. In [3],
Wang et al. (China) addressed the problem of small and unbalanced datasets in functional
magnetic resonance imaging (fMRI) for neuroscience studies. Their technique combines
Independent Component Analysis (ICA) for dimensionality reduction, data augmentation
to balance data and a convolution-gated recurrent unit (GRU) network. Results on episodic
memory evaluation are reported.

The other papers that addressed medical applications are described as follows. In [4],
Yasutomi et al. (Japan) introduced a deep learning method based on an auto-encoder
architecture to detect and remove shadow artifacts in ultrasound images. The model
can be trained on unlabeled data (unsupervised) or with few pixel labels available (semi
supervised). The method has been applied to fetal heart diagnosis. In [5], Ahmad et al.
(Saudi Arabia) investigated a machine learning approach to predict diabetes mellitus
based on a handful set of features obtained by simple laboratory tests, allowing a cost-
effective and rapid screening tool. They compared different machine learning classifiers
and provided a set of recommendations based on those analyses. In [6], Qiao et al. (China)
proposed a method to measure the length of the root canal length, which is crucial for
an effective treatment of endodontics and periapicalitis. The authors employed a neural
network on multifrequency impedance measurements.

3. Epidemics Monitoring and Management Tools

Machine learning has been demonstrated to have an important role in dealing with
infectious diseases and epidemics. In this collection, two contributions are devoted to the
development of tools to deal with some aspects of COVID-19 and dengue epidemics. More
specifically, in [7], Gibert Oliveras et al. (Spain) reported the results of a project developed
in Catalonia, Spain, owing to help in the COVID-19 crisis. The project allowed for quick
territory screening providing relevant information to support informed decision-making
and strategy and policy design. The authors proposed a data-driven methodology in order
to deal with small subgroups of the population for statistical secrecy preserving. In [8],
Silitonga et al. (Indonesia) developed prediction models to estimate the severity level of
dengue based on the laboratory test results of the corresponding patients using artificial
neural network (ANN) and discriminant analysis (DA) applied to very small datasets.

4. Methodological Articles

Four contributions proposed general methods for machine learning with low-quality
datasets. In [1], the authors provided a unified review of decomposition methods, which
includes linear decomposition, low-rank matrix/tensor factorization, sparse matrix/tensor
decomposition and empirical mode decomposition (EMD) models. This paper illustrates
the ability of these decomposition models to impute missing features, denoising and to
artificially generate additional data samples (data augmentation) with examples to the
brain–computer interface (BCI) and epileptic EEG analysis, among others. In [9], Lee et al.
(South Korea) developed feature extraction methods based on the non-negative matrix
factorization (NMF) algorithm and it is applied in weakly supervised sound event detection.
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The algorithm considers learning from strongly and weakly labeled data. On the other side,
in [10], Gil et al. (Spain) investigated the use of optimization in the preprocessing step of
time series joining. More specifically, the authors proposed an error function to measure
the adequateness of the joining and demonstrated the effectiveness of the proposed method
on the synthetical datasets and real industrial process scenario. Finally, in [11], Wang et al.
(China–Japan) proposed a novel multi-label feature selection approach by embedding label
correlations (dubbed ELCs) in order to eliminate irrelevant and redundant, features, also
referred as noisy features.

5. Applications to the Industry

This Special Issue also includes two papers studying the application of machine learn-
ing to specific practical problems in different industries: the fishing and smart buildings
industries. In [12], Marti-Puig et al. (Spain) addressed the problem of distinguishing
between different Mediterranean demersal species of fish that share a remarkably similar
form and that are also used for the evaluation of marine resources. The authors employed
both a binary and a multi-class classification problem based on very small datasets with un-
reliable labels. In [13], Ge et al. (Japan–China) proposed a unified and practical framework
for knowledge inference inside the smart building.

6. Other Applications

Two very important machine learning problems face recognition and natural language
processing. These two problems were addressed in this Special Issue for cases with
low-quality datasets. In [14], Lee et al. (Korea) studied the problem of training a facial
recognition system provided that only one sample per identity is available. The authors
proposed a data augmentation technique by introducing changes in pixels in face images
associated with variations by extracting the binary weighted interpolation map (B-WIM)
from neutral and variational images in the auxiliary set. In [1], the EMD method was
applied to remove noise in face images, thus improving the classification accuracy of
a machine learning classifier. Finally, in [15], Mouratidis et al. (Greece) provided an
application to natural language processing. They developed a deep learning schema for
machine translation evaluation (English–Greek and English–Italian), based on different
categories of information (linguistic features, natural language processing metrics and
embeddings), by using a model for machine learning based on noisy and small datasets.

7. Conclusions

The correct handling of noisy, incomplete or small datasets remains an open problem
in the artificial intelligence community. However, this Special Issue collects fifteen research
papers providing general approaches to some low-quality datasets problems and clear
practical examples in different applied sciences disciplines. This collection of papers
represents a good reference for the current state-of-the-arts, also providing an excellent
starting point for developing new advanced methods in the future.

Funding: This research received no external funding.
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Abstract: In many machine learning applications, measurements are sometimes incomplete or
noisy resulting in missing features. In other cases, and for different reasons, the datasets are
originally small, and therefore, more data samples are required to derive useful supervised or
unsupervised classification methods. Correct handling of incomplete, noisy or small datasets in
machine learning is a fundamental and classic challenge. In this article, we provide a unified
review of recently proposed methods based on signal decomposition for missing features imputation
(data completion), classification of noisy samples and artificial generation of new data samples
(data augmentation). We illustrate the application of these signal decomposition methods in
diverse selected practical machine learning examples including: brain computer interface, epileptic
intracranial electroencephalogram signals classification, face recognition/verification and water
networks data analysis. We show that a signal decomposition approach can provide valuable tools to
improve machine learning performance with low quality datasets.

Keywords: empirical mode decomposition; machine learning; sparse representations; tensor
decomposition; tensor completion

1. Introduction

Machine learning (ML) has been developing without a break since its beginning in the middle
of the 20th century with the introduction of the first computers. ML comprises the design and study
of algorithms that can automatically learn form observations and take optimal decisions or provide
valuable outputs. With recent accelerated improvements in computing power and the availability of
massive datasets, ML methods based on deep neural networks, usually referred as deep learning [1],
gave rise to an Artificial Intelligence (AI) revolution. AI continues changing our daily lives contributing
with extraordinary advances in scientific data analysis and new technological applications [2].

ML algorithms are based on the mathematical modelling of variables and their interaction
mechanisms that can explain the observations (dataset). Complex datasets, such as natural images,
speech or brain signals, usually requires sophisticated ML models to capture the probability
distribution of data. Most sophisticated ML models are built upon feed-forward deep neural networks
having from dozens to hundreds layers leading to a very large set of model parameters. To train

5
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such big deep learning models requires accessing to extremely large datasets, which are not always
available or they are too expensive to obtain.

Standard training algorithms for modern deep learning models assume that datasets are “infinite”,
i.e., they are large enough to allow successful training of very large models. In practice, and particularly
when an image dataset is not large enough, it is common practice to artificially generate additional
samples by applying a composition of random class-preserving transformations on available data
samples such as crops, translations and rotations, which is widely known as “data augmentation”.

Moreover, available ML algorithms not only assume “infinite” datasets, they were also designed
for perfect input data samples. Nevertheless, in practical applications data samples often suffer from
imperfections, such as missing or noisy features. For example, when recording electroencephalographic
(EEG) signals, corrupted data can be originated from impedance mismatching, electrode disconnection,
body movements, etc. [3]. Other practical problems where data samples can be incomplete include:
computer vision systems where objects in the view field can be partially occluded [4]; recommendation
systems built from the information gathered by different users where not all the users have fully
completed their forms [5]; or medical datasets where typically not all tests can be performed on all
patients [6].

In this article, we review recent techniques to alleviate the serious consequences of having different
types of low-quality datasets in ML applications. We demonstrate that, by using decomposition
methods, we can model one-dimensional and multi-dimensional signals, which allow us to artificially
generate class-preserving new signals or make inference on missing/corrupted features.

This article is organized as follows: in Section 1.1, a review of the state-of-the-art approaches for
low-quality datasets in ML is given; in Section 1.2, the mathematical notation used throughout
the paper is introduced; in Section 2, a unified view of signal decomposition methods is
presented, which includes: subspace approximation, Empirical Mode Decomposition (EMD), sparse
representations and tensor decompositions; Section 3 covers practical applications including ML
problems in neurosciences, face detection/classification and analysis of water networks data; finally,
the main conclusions and discussion are presented in Section 4.

1.1. ML with Low Quality Datasets: State-of-the-Art and Recent Progress

In this paper, we focus on the following types of low-quality datasets: (1) small, and (2)
having incomplete or corrupted samples. The following subsections provide an overview of current
approaches and recent progress in artificially generating new training samples (Section 1.1.1), and how
to deal with incomplete datasets (Section 1.1.2).

1.1.1. Classical Data Augmentation

Artificial generation of training samples for machine learning has been used for many years,
for example, in the form of virtual examples for training support vector machines in supervised
learning [7,8]. In these papers, training data is augmented so that the learned model will be invariant
to known transformations or perturbations. By using this technique, in [8], it was reported the lowest
test error (0.6%) until that moment in 2002 on the well-known MNIST digit recognition benchmark
task. Since then, data augmentation has been considered essential for the efficient training of neural
networks, specially on images where it is typically performed in an ad-hoc manner by using class
preserving transformations such as random cropping and rotations. Data augmentation is crucial to
achieve nearly all state-of-the-art results, for example, in 2010 a new record on the best test error on
MNIST dataset was reported (0.35%) by using deep neural networks [9]. Data augmentation is also
fundamental to attain very good performance results on discriminative unsupervised feature learning
based on convolutional neural networks [10]. While it is usually easy for domain experts to specify
the involved transformations, for example the cropping and rotations in images, applications in other
domains may require a non trivial choice of transformations. Motivated by this, in [11], the authors
proposed a method for automating data augmentation by learning a generative sequence model
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over user-specified transformation functions using a generative adversarial approach, which was
successfully applied to image and text datasets.

Data augmentation was also applied in machine applications other than image classification,
for example, in music source separation [12]. In that paper, the authors augmented the training
datasets by randomly swapping left/right channels for each instrument, chunking into sequences
for each instrument and mixing them from different songs sources, which demonstrated to boost
the performance of deep neural networks for this task. Other application domains where data
augmentation improved the discriminative power of classifiers include: biometrics [13], fault diagnosis
in industry [14], radio frequency fingerprint identification [15], synthetic aperture radar (SAR) target
recognition [16], and others.

From the theoretical point of view only very recently some understanding of the underlying
theoretical principles involved in data augmentation procedure was provided. In [17], the authors
provide a general model of augmentation as a Markov process and show that, combined with
a k-nearest neighbor (k-NN) rule, is asymptotically equivalent to a kernel classifier. This result
provides novel connections between prior work on invariant kernels, tangent propagation and robust
optimization, giving an illustrative view on how augmentation affect the learning model.

1.1.2. Classical Approaches to ML with Incomplete Data

The classical approach to supervised learning with missing or noisy data is to preprocess the
available data in order to infer missing/corrupted values such that standard ML algorithms can be used
on the corrected dataset [18,19]. This imputation aproach can be based on statistical principles, such as
computing the mean of available samples for missing features or more sophisticated estimators like
the regression imputation, which has the advantage that it can take into consideration the correlations
among various features. Other imputation methods are based on machine learning ideas by estimating
missing entries through the k-nearest neighbor [20], Self Organization Maps (SOM) [21], multilayer or
recurrent neural networks [22,23], and others.

A different approach is to avoid direct imputation of lost inputs and rely on a probabilistic
model of input data, based for example on the Gaussian Mixture Model (GMM) and learning
model parameters through the Expectation Maximization (EM) algorithm and building a Bayesian
classification. The advantage of this approach is that class labels of input data is fully exploited which
helps for a correct imputation of missing entries [19,24]. However, the latter “model-based” approach
has the disadvantage that it requires a good probabilistic data model, which is usually not available,
especially for real-world applications such as those involving natural images.

Recently, some approaches based on the low-rank property of the features data matrix
were investigated and algorithms for data completion were proposed incorporating the label
information [25–27]. Since the rank estimation of a matrix is a computationally expensive task,
usually based on the Singular Value Decomposition (SVD), the obtained algorithms are prohibitive
to solve modern machine learning problems with large datasets. Additionally, as in the case of the
probabilistic generative models, none of these methods considered complex classifications functions.
To overcome this drawback, more recently, a framework based on neural network architectures such
as autoencoders, multilayer perceptrons and Radial Basis Function Networks (RBFNs), was proposed
for handling missing input data by setting a probabilistic model, e.g., a GMM, for every missing value,
which is trained together with the NN weights [28]. This method combined the great capability of
NNs to approximate complex decision functions with the nice formulation of the GMM to model
missing data. However, it inherited the drawbacks of GMMs, e.g., they are not well suited to
higher-dimensional datasets.
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1.2. Mathematical Notation and Definitions

Vectors and matrices are denoted using boldface lower- and upper-case letters, respectively.
For example x ∈ RI and A ∈ RI×J represent a vector and a matrix, respectively. Columns of a matrix
A ∈ RI×J are referred as vectors aj ∈ RI .

A tensor is a multidimensional array generalizing vectors and matrices to higher number of
dimensions. For example, a tensor X ∈ RI×J×K is a 3D array of real numbers whose elements (i, j, k)
are referred to as xijk. The individual dimensions of a tensor are referred to as modes (1st mode,
2nd mode, and so on). By generalization of matrix multiplication, a tensor can be multiplied by a
matrix in a specific mode, only if their size matches. Given a tensor X ∈ RI1×I2···×IN and a matrix
A ∈ RJ×In , the mode-n product Y = X×n A ∈ RI1×···×In−1×J×In+1···×IN is defined by: yi1···in−1 jin+1···iN =

∑In
in=1 xi1···in ···iN ajin , with ik = 1, 2, ..., Ik (k �= n) and j = 1, 2, ..., J.

The �0-norm ‖x‖0 of a vector x ∈ RN is defined as the number of non-zero entries of the vector.
When the number of non-zero entries is much less than the dimension of the vector, i.e., ‖x‖0 � N,
the vector is sparse.

Given two matrices: A ∈ RI1×J1 and B ∈ RI2×J2 , the Kronecker product is defined as follows:

A ⊗ B =

⎡⎢⎢⎢⎢⎣
a1,1B a1,2B . . . a1,J1 B

a2,1B a2,2B . . . a2,J1 B
...

...
. . .

...
aI1,1B aI1,2B . . . aI1,J1 B

⎤⎥⎥⎥⎥⎦ . (1)

2. Methods

The idea of extracting valuable information from a dataset by decomposing each of the signals
(data samples) as a sum of simpler components, is a very well established technique originated in
branches of mathematics such as functional analysis and statistics. The general idea behind any
decomposition method is to obtain a compact model that can capture the essential information of a
signal or dataset. This compression capability will allow us, for example, to generate artificial data by
adapting individual components, or recombining them in a different way, and using the decomposition
as a generative model. On the other side, when data is incomplete, we can fit a decomposition model
such that the available information is replicated as much as possible and we can use the model to
estimate the values of missing data points.

The goal of this article is to present a unifying view of several useful decomposition methods and
illustrate about its applications to practical ML problems. In the following, we present a mathematical
formulation of the decomposition methods that will be used through the paper.

2.1. A unified View of Data Decomposition Models for ML

Given a linear subspace U ⊂ RN , every vector data sample (one-dimensional signal) x ∈ U is
decomposed into a sum of I components if it can be written as:

x =
I

∑
i=1

αiφi + r = Φα + r, (2)

where αi ∈ R, the set of vectors {φi ∈ RN} (i = 1, 2, . . . , I) and r ∈ RN are the coefficients,
the generators of the linear subspace U , and the residual or approximation error, respectively. A matrix
notation is also shown in the rightmost part of Equation (2), where Φ ∈ RN×I contains vectors φi as
columns and α ∈ RI is the vector of coefficients. In some classical decomposition methods, vectors
φi are constructed by theoretical principles as it is the case of the discrete Fourier, Cosine or Wavelet
orthogonal bases, just to mention few, where the number of components equal to the space dimension
(I = N), meaning that those bases span the whole space RN .
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Given a dataset composed of J vector samples xj ∈ RN , j = 1, 2, . . . , J, by arranging them as
columns of matrix X ∈ RN×J , we can write the following matrix factorization equation (see Figure 1a):

X ≈ ΦA, (3)

where Φ ∈ RN×R and A ∈ RR×J has entries αi,j. Such a compact representation of datasets can be
accomplished in several ways. For example, by using a subspace of a lower dimension (R < N)
or using a sparse matrix A meaning that each of the signals are approximated using few non-zero
coefficients, compared to the size of the space N. In the following subsections we describes these
possible models.

(a) Linear decomposition

(c) Sparse decomposition (overcomplete)

Dictionary learning

PCA(SVD)

signal

IMF1

IMF2

IMF3

IMF4

IMF5

residual

EMD
(b) Subspace approximation (low-rank factorizaion)

(d) Empirical Mode Decomposition
(EMD)

dataset

(e) Low-rank Tucker model (f) Low-rank CP model (g) Sparse Tucker model

(h) Tucker and CP models as sum of rank-1 tensors

Figure 1. Decomposition models. (a) General linear model: a collection of vector data samples
organized as columns of a matrix dataset X is approximated by the product of matrices Φ and A.
(b) Subspace approximation: all vectors in the dataset are approximated by linear combination of few
vectors (principal components). (c) Sparse coding: each vector in the dataset is approximated by the
linear combination of atoms (columns of a dictionary Φ). In both, (b,c), the optimal choice of matrix Φ

can be computed from the dataset itself by means of the SVD and an dictionary learning algorithm,
respectively. (d) EMD: every single signal is decomposed as a sum of characteristic modes. Tensor
decomposition models such as Low-rank Tucker (e), Low-rank CP (f) and Sparse Tucker (g) can be
written as sum of rank-1 tensors (h).

2.2. Subspace Approximation (PCA)

If signals in a dataset can be well approximated within a subspace of lower dimension (R < N),
we can find the optimal basis by applying the celebrated Principal Component Analysis (PCA)
algorithm. This method was originally introduced in statistics by Pearson in 1901 [29], but developed
later independently by Karhunen [30] and Loéve [31]. PCA basis vectors φi and their associated
coefficients are easily computed by means of a Singular Value Decomposition (SVD) of the data
covariance matrix. Formally, given a set of normalized signals {xj ∈ RN} (zero-mean and unit-variance
samples n = 1, 2, . . . , J), the rank-R PCA decomposition of any signal xj in the set is obtained by
Equation (2), with orthonormal vectors φi corresponding to the first R < N dominant singular vectors
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of the data covariance matrix and coefficients are computed by αi,j = xT
j φi. In this case, the obtained

decomposition model is also referred as low-rank matrix factorization as illustrated in Figure 1b.

2.3. Sparse Decomposition (SD)

More recently, in the signal processing field, it was discovered that a better way to capture the
structure of natural images, speech audio an other types of signals is to have available a large collection
of prototype atoms {φi ∈ RN} (i = 1, 2, . . . , I) with I ≥ N and use only few and distinctive coefficients
to represent every signal x in the space. This model is mathematically described by adding an sparsity
constraint ‖α‖0 ≤ K to the model of Equation (2) leading to the following equation:

x ≈ Φα, with ‖αi‖0 ≤ K � N, (4)

This approach is usually referred as “sparse coding” or “sparse representation” of signals and
matrix Φ ∈ RN×I is called a “dictionary” [32,33] (see Figure 1c).

For general overcomplete (I ≥ N) dictionaries, the sparse vector of coefficients can be obtained
by applying some of the available algorithms that were designed to solve the sparse coding problem,
which includes greedy methods such as matching pursuit (MP) [34], orthogonal matching pursuit
(OMP) [35], compressive sampling matching pursuit (CoSaMP) [36], �1 norm minimization methods
such as basis pursuit [37] and many others (see [38] for a review of algorithms).

Some theoretically derived dictionaries, e.g., those based on the Discrete Cosine Transform
(DCT) or Wavelet Transform (WT), are excellent candidates for sparse coding. However, in some
ML applications when large datasets are available, sometimes it is good idea to learn an optimal
dictionary for an specific dataset. To that end, some dictionary learning algorithms are proposed in the
literature [39,40]. Sparse coding has to date a large record of successful applications in signal processing
tasks like compressed sensing [41,42], blind source separation [43], denoising [39], inpainting [44]
and others.

2.4. Empirical Mode Decomposition (EMD)

In the previously introduced methods (PCA and SD), one set of vectors {φi} is used to generate
every signal x in the dataset, meaning that the chosen generators are optimal for a particular dataset.
Other methods have been proposed to find signal specific set of components. This was the case of
the Empirical Mode Decomposition (EMD), which was first described by Huang N. et al. in [45] as
a new method to analyze nonlinear and non-stationary signals. EMD is a data-based approach that
decomposes any signal into a sum of so-called Intrinsic Mode Functions (IMF) plus a residual as
illustrated in Figure 1d. Therefore, the original signal is modelled as a linear combination of amplitude
and frequency modulation (AM-FM) functions. Every single function (IMF) is capturing specific
information from a different frequency band present in the signal and is obtained in an iterative sifting
procedure. Other variants have been defined since the introduction of EMD, but they all share the
basic steps presented below. Let us suppose that we want to decompose a signal x(t) by means of
EMD. Then its decomposition will be calculated as follows:

1. Determine the local maxima and minima of the signal x(t).
2. Calculate the upper (lower) envelope by interpolating the local maxima (minima) points.

The interpolation can be carried out in different ways (linear interpolation, spline interpolation,
etc.), which could lead to slightly different results.

3. Calculate the local mean m(t) by averaging the upper and lower envelopes.
4. Calculate the first IMF candidate h1(t) = x(t)− m(t).
5. Checks whether candidate h1(t) meets the criteria to be an IMF:

• If h1(t) meets the criteria, define the first IMF as c1(t) = h1(t).
• If h1(t) does not meet the criteria, set x(t) = h1(t) and repeat from step 1
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The next IMF will be extracted using the same procedure on the signal r1(t) that remains after
subtracting the first IMF from the signal: r1(t) = x(t)− c1(t). The process stops when two consecutive
IMFs are (almost) identical and the empirical mode decomposition of the signal x(t) is written as:

x(t) =
n

∑
i=1

ci(t) + rn(t), (5)

indicating that the original signal x(t) has been decomposed in n IMFs plus a residual signal.
This residual signal captures the trend (or the mean) of the original signal.

2.5. Tensor Decomposition (TD)

Sometimes input data samples have a multidimensional structure or it is useful to arrange
one-dimensional signals into multidimensional arrays or tensors. For example, EEG signals are
simultaneously recorded with multiple sensors (electrodes) thus, for each subject, a (time × channel)
matrix is recorded. A natural way to construct a tensor for an EEG experiment is to use a
third dimension to index subject, which results in a three dimensional data tensor X ∈ RI1×I2×I3 ,
where I1, I2, I3 correspond to numbers of time samples, channels (sensors) and subjects, respectively.

Matrix factorization models, such as PCA in Equation (3), can be generalized to tensors by means
of the Tucker(R1, R2, R3) decomposition [46]. Given a data tensor X ∈ RI1×I2×I3 , it can be decomposed
as:

X = G ×1 A1 ×2 A2 ×3 A3 + R, (6)

where ×n is the mode-n tensor-by-matrix product. G ∈ RR1×R2×R3 is the core tensor and An ∈ RIn×Rn

are factor matrices (Figure 1e). As a particular case, when core tensor is diagonal with R = R1 =

R2 = R3 this model is reduced to the CANDECOMP/PARAFAC or CP(R) decomposition model
(see Figure 1f), which has demonstrated to be very useful in a wide range of applications [47,48].
It is interesting to note that Equation (6) can be also written as a sum of rank-1 tensors as shown in
Figure 1h which, if vectorized, it is then reduced to our general decomposition model of Equation (2)
as follows:

x = ∑
i1,i2,i3

gi1i2i3 φi1i2i3 + r, (7)

where x = vec(X), r = vec(R), gi1i2i3 are coefficients and φi1i2i3 = a
i3
3 ⊗ ai2

2 ⊗ a
i3
3 with ai

n denoting the
i−column of matrix An.Tucker decomposition can provide data compression under two very different
model assumptions leading to the following cases:

Low-rank Tucker decomposition: when the core tensor is much smaller than the original, i.e.,
Rn � In [47,48] (see Figure 1e)

Sparse Tucker decomposition: when core tensor is of the same size or larger than tensor X but
it is sparse as illustrated in Figure 1g. In this case, by looking at Equation (7), we conclude that the
Sparse Tucker model corresponds to the classical Sparse Coding model of (4) with a dictionary that is
obtained as the Kronecker product of three mode dictionaries, i.e., Φ = A3 ⊗ A2 ⊗ A1 [49,50]. Mode
dictionaries can be chosen from classical sparsifying transforms such as wavelets, cosine transform
and others or, if enough data is available, they can be learned from a dataset, which usually provides
higher levels of sparsity and compression. A Kronecker dictionary learning algorithm was introduce
in [50] and later a variant with orthogonality constraints was proposed in [51].

2.6. Comparison of Methods for ML with Low-Quality Datasets

In Table 1, we summarize all the methods discussed in this paper and compare them in terms of
their main characteristics, shortcomings, advantages and main applications. A detailed reference to
the sections of this article where each of the methods is presented and discussed is given. Furthermore,
main bibliographic references are indicated for each of the approaches.
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3. Results

This section illustrates the application of the methods discussed above and presents the results
obtained in the following selected case studies: brain signal classification with missing, corrupted or
small datasets (Section 3.1); classification of noisy faces (Section 3.2) and analysis of water network
data (Section 3.3).

3.1. Brain Signal Classification

Brain signal activity can be recorded non-invasively by using, for example, electroencephalograpy
(EEG) or invasively through electrodes located in the brain (iEEG). Decoding brain activity have found
many applications in medicine and has great potential for the next generation of human-machine
communication technologies. In a Brain Computer Interface (BCI) application, a user generates specific
brain activity patterns that can be decoded by a machine learning algorithm. One popular paradigm
in BCI is Motor Imagery (MI), which states that the brain activity generated by a subject imagining
movement of one of their limbs for a few seconds activate areas in the motor cortex, which are similar
to those that are activated with real movements, thus this particular neural activity can be detected by
a machine learning algorithm (classifier).

3.1.1. BCI with Missing/Corrupted Measurements

In BCI applications, noisy or missing data can arise. This can occur due to the lack of connection
between wireless EEG headset and the computer, or because artifacts appear due to muscle movements,
eye movements or electromagnetic interference, among others. Since EEG measurements can
be organized as multidimensional datasets, in [57] a tensor completion approach was proposed,
which consists in fitting a tensor decomposition model to the available clean measurements and
then infer the noisy or missing parts based on those models (see Figure 2a). The advantage of using
tensor methods, compared to classical interpolation algorithms, lies in the ability of these models
to handle multidimensional information, in other words, they can capture the intricate relationship
among entries in a multidimensional signal. For example, to infer a missing entry in an EEG data
tensor, these methods can efficiently exploit the available information in other channels, time samples
and trials.

unavailable entry

(c)
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Missing / corrupted samples Mask generation Tensor completion
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Noisy entries Missing entries Entries to be estimated
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Figure 2. Training a BCI classifier (LDA) with noisy/missing EEG measurements. (a) Preprocessing
steps: first, the positions in which the data is missed/corrupted are identified; then, a mask is created to
ignore values in those positions; and finally, the tensor model reconstructs the missing data. (b) Results
with randomly missing entries. (c) Results with random missing channels. (Figure adapted from [57]).

Several tensor decomposition models and tensor completion algorithms were compared on a
freely available dataset (http://mon.uvic.cat/data-signal-processing/software/) in [57], which are
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based on the CP model of the whole tensor, such as the CP Weighted Optimization (CP-WOPT) [58],
the High accuracy Low Rank Tensor Completion (HaLRTC) [59] and the Bayesian CP factorization
(BCPF) for tensor completion [60]; and one method that uses the Sparse Tucker decomposition of
every 6 × 6 × 6 tensor patch (subtensors), the 3D Patch-based Tensor Completion (3DPB-TC) [50].
In the latter case, a Kronecker dictionary was first learned from a clean EEG training dataset. For the
experiments with incomplete measurements, two different patterns of missing data were considered:
random missing entries, and random missing channels, as shown in Figure 2b,c, respectively. The latter
case, represent a realistic situation in which some electrodes are simultaneously disconnected during a
complete trial.

The performance of the tensor completion algorithms was compared, together with a simple
interpolation strategy as shown in Figure 2b,c. The classification accuracy of imagined movement
in a BCI experiment, using a Linear Discriminant Analysis (LDA) classifier, was evaluated in the
perfect case (no missing data) and with each one of the recovered missing data through the tensor
completion algorithms. Experimental results demonstrated that all tensor completion algorithms
were able to recover missing samples increasing the classification performance compared to a simple
interpolation approach, because tensor methods are able to exploit the multidimensional correlation
of data. As expected, the random missing samples was easier to reconstruct using the neighbour
points, while the random missing channels was more difficult because the amount information was
missed in the same neighbourhood (the same channel, in that case). Therefore, as experimentally
demonstrated, tensor completion algorithms could be used in real BCI data to avoid discarding noisy
frames or frames with missing data, and instead recover the missing data using that technique.

3.1.2. Efficient Data Augmentation for BCI

Small datasets are common in many EEG applications. This is especially the case when developing
systems for automatically detect some brain disease or brain injuries. Basically, because sometimes
it is not easy or just impossible to have enough patients from which to record EEG or iEEG signals.
MI-BCI systems for neurorehabilitation require a calibration step before being used. This is due to
the fact that the system needs a classifier which is particular for each subject and session because,
for example, the location of the electrodes in each session will never be exactly the same. The Common
Spatial Pattern (CSP) algorithm [63] is habitually used to extract features. This calibration step implies
recording several MI frames which will be used to extract the CSP filters and train the classifier.
Each frame is composed by the EEG recordings of a particular trial.

Since the quality of the classifier can be greatly improved by using a large number of frames from
each type of MI [63], it is habitual to record 100 or more frames, in total. Taking into account that the
MI paradigm can last about 10 s per frame, approximately a minimum of 16 min will be employed in
the recording session. Over that, the time needed to set up the EEG montage has to be added.

A way to shorten the calibration time is by reducing the number of registered frames but
generating artificial ones to keep high the total number of frames. While available data augmentation
techniques are proved to be efficient to boost the training of neural networks and support vector
machines, they where developed mainly for image datasets, where natural transformations are croping
and rotations, for example. These type of transforms have no sense for EEG data and new methods for
data augmentation need to be developed. Methods based on signal decomposition and recombination
of its main components are a natural way to solve that issue. In [52], the authors developed, for the first
time, a method to generate artificial frames based on an EMD decomposition/combination strategy.
Starting from a real frame collection, a new artificial frame of a specific class is built as described in
Figure 3, comprising the following steps:

1. Randomly select N frames from the set of frames belonging to the selected class.
2. Decompose, using EMD, each one of the N frames, generating a set of IMFs per channel and frame.14
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3. Then, select the first IMF from the first selected frame (one per channel and keeping the same
position for each channel), the second IMF from the second selected frame, and successively until
the Nth frame, which contributes with its Nth IMF.

4. Add up all the IMFs corresponding to the same channel to build each new EEG channel of the
new artificial frame.

EEG(1)  =  IMF1(1)  +  IMF2(1)  +  IMF3(1)  +               +  res(1)  

EEG(2)  =  IMF1(2)  +  IMF2(2)  +  IMF3(2)  +               +  res(2)  

EEG(3)  =  IMF1(3)  +  IMF2(3)  +  IMF3(3)  +               +  res(3)  

EEG(N)  =  IMF1(N)  +  IMF2(N)  +  IMF3(N)  +               +  res(N)  

IMF1(1)

IMF2(2)

IMF3(3)

IMF4(4)

res(N)

+

(a)

(b)

artificial EEG

Figure 3. EEG data augmentation: (a) For each new EEG signal to be generated, N available EEG
signals are randomly selected and their EMDs are computed. (b) To generate an artificial EEG signal,
IMFs from different signals are combined.

Using this method, authors in [52] were able to diminish the amount of acquired data for the
calibration step in a BCI scenario while maintaining the performance. Specifically, they replaced
original frames with artificial frames and tested the behaviour of the classifier derived from the data.
Depending on the percentage of artificial frames in the data, they concluded that up to 50% of the
original frames could be replaced without affecting the classifier’s performance as it is presented in
Table 2. The performance of each classifier was validated trough the median absolute deviation (MAD)
method to detect outliers [64], and the dispersion ratio R was calculated as

R = |(x − x̃)/MAD|, (8)

where, for a set of measures, x̃ is the median value and x is the measure to be tested. In the experiments,
the error rate of the classifier was tested. Usually, if R < 3 the measure x is not considered to be an
outlier, i.e., this classifier had a similar behaviour even if a specific percentage of real frames was
replaced by artificial frames. We can see in Table 2 that four subjects (S01, S04, S05 and S07) have a value
of R < 2.0 for both left and right sides (motor imagery of left and right arm movement, respectively),
and only one subject, S02, had a value of R > 3.0 for the right side movement imagination.
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Table 2. Dispersion ratio R computed in seven subjects (S01-S07) with Equation (8) for right (R) and
left (L) classes at different levels of used artificial frames (AF). Results with R > 3 are highlighted in
red and with 2 < R < 3 in orange.

S01 S02 S03 S04 S05 S06 S07
AF(%) R L R L R L R L R L R L R L

2.5 0.12 0.67 0.22 0.64 0.58 1.27 0.32 0.31 0.32 0.27 0.33 0.64 0.34 0.69
5.0 0.05 1.03 0.82 0.56 1.11 1.02 0.46 0.45 0.18 0.35 0.47 0.83 0.01 0.63
7.5 0.29 0.88 1.03 0.07 1.06 1.51 0.51 0.51 0.00 0.02 1.17 1.49 0.46 0.62

10.0 0.37 1.13 0.99 0.11 1.19 1.75 0.80 0.46 0.38 0.08 1.04 1.66 0.49 0.84
12.5 0.24 0.94 1.42 0.04 1.89 1.86 1.00 0.44 0.46 0.27 0.87 1.52 0.40 0.85
25.0 0.09 1.44 2.79 0.44 2.13 1.94 1.28 0.61 0.96 0.78 0.71 2.09 0.51 1.28
37.5 0.11 1.55 3.12 0.41 1.97 2.01 1.20 0.69 1.07 1.18 0.57 2.66 0.73 1.92
50.0 0.15 1.45 2.86 1.00 2.18 2.68 1.27 1.06 1.42 1.23 0.62 2.76 0.73 1.86

Another application based on the same idea, but for deep neural network classifiers purposes,
was proposed in [53]. Here, the authors also used a BCI scenario to exemplify how the EMD
decomposition/recombination technique could be useful to create enough artificial data to train
a deep learning structure while avoiding overfitting. This is a very important application when
dealing with small datasets. If the classifier has many parameters, which is what happens in a deep
learning structure, the system can easily suffers from overfitting. The only way to reduce it is by
simplifying the classifier, hence, for example changing the deep learning structure for a more traditional
machine learning structure with few parameters, or increasing the amount of data. When data is
difficult to acquire or impossible for any reason (economical, practical, availability, etc.), the EMD
decomposition/recombination technique can be used to generate artificial data. This is what was
explored in [53]. In this work, a convolutional neural network and a wavelet neural network were
proposed to classify BCI data. To be able to train deep learning structures with few data, the method
described above was used as a data augmentation strategy. The authors showed experimentally that
the artificial EEG frames were useful to improve the training of neural networks.

3.1.3. Epileptic Focal Detection with Limited Data

Epilepsy is a general term for a condition that causes repetitive seizures caused by excessive
activity of neurons in the cerebrum, and such excessive activity is detected on EEG tests. Focal epilepsy,
in which a part of the brain becomes abnormally excited and causes seizures, may be reduced or
cured by removing the abnormally excited part of the brain (epileptogenic zone). Identification of the
epileptogenic area requires intracranial electroencephalography (iEEG), in which electrodes are placed
intracranially and measured, as well as brain imaging evaluation such as MRI.

The identification of the epileptogenic zone requires a long-term iEEG recording. Besides,
the number of clinical experts (epileptologist) is limited. Therefore, the automated identification
of the brain area of seizure onset of focal epilepsy (a.k.a automated focal identification) using interictal
(non-seizure) iEEG signals is in strong demand. However, clinical iEEG data usually stay in each
medical facility and cannot be in public, so that the amount of data available for training a machine
learning model is also limited. This situation brings the necessity of appropriate processing for a
small dataset.

A possible and straightforward way to cope with this problem is data augmentation. Two types
of approaches to the iEEG data augmentation have been proposed recently. The first method is to
augment data in the signal domain [54]. The second method is the data augmentation in the feature
domain [56]. Both methods work efficiently in identifying focal locations from interictal iEEG.

The data augmentation in the signal domain applies orthogonal transforms such as the discrete
Fourier transform, the discrete cosine transform (DCT), and the discrete wavelet transform (DFT)
to the raw iEEG signal, and then the transform coefficients are shuffled across multiple epochs (or
segments). Zhao et al. constructed an efficient and sophisticated method for the data augmentation
based on the DCT [54] and applied to the Bern-Barcelona dataset [65], which is a well-known dataset
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consisting of epileptic iEEG signal at focal and non-focal locations. The steps to increase the number of
samples are summarized as follows:

1. Randomly choose seven iEEG signals from the dataset and apply the DCT to obtain the spectrum.
2. Segment the spectrum into the seven physiological frequency bands (Delta: 0–4 Hz, Theta:

4–8 Hz, Alpha: 8–13 Hz, Beta: 13–30 Hz, Gamma: 30–80 Hz, Ripple: 80–150 Hz, and Fast Ripple:
150–Nyquist Hz), extract one frequency band of each of the decompositions, from lowest to
highest frequencies, and merge the seven extracted components (frequency bands) to create a
new artificial spectrum. For example, we can extract the delta, the theta, the alpha, the gamma,
the ripple, and the fast ripple from the first, the second, the third, the fourth, the fifth, the sixth,
and the seventh signal, respectively.

3. Apply the inverse DCT to the artificial spectrum in the frequency domain to obtain an artificial
signal in the time-domain.

This is illustrated in Figure 4. The above procedure should be applied to focal and non-focal
signals separately. Since this approach to the data augmentation increases the number of samples in
the signal-domain, it may be suitable for deep learning-based techniques. In the work [54], the authors
successfully applied this data augmentation for a convolutional neural network to identify the focal
signals. The data augmentation strategy demonstrated to be useful: using 20% of available real data
plus artificial data, the classifier was able to improve its accuracy results to 83.91%, compared to 81.52%
obtained using only real data.

…

DCT

inverse DCT

Time domain
Spectrum domain

Time domain

EEG Signals
(a) (b)

(c)

delta

theta

alpha

beta

gamma

ripple

f. ripple

Figure 4. An artificial signal generation with the DCT. (a) Seven intracranial iEEG signals at either focal
or non-focal area. (b) DCT coefficients in the spectrum-domain. The spectra are segmented into seven
physiological sub-bands, and the sub-band components extracted from each spectrum are merged to
create an artificial spectrum. (c) The inverse DCT leads to the resulting artificial signal.

The other approach to data augmentation is a method in the feature-domain. Most of the
classification methods for epileptic EEG signals typically extract features from the raw signals.
In general, a conventional yet effective classifier, such as an SVM, requires fewer samples than a
deep neural network. Thus, increasing the number of samples in the feature-domain is a strategy to
balance positive and negative samples. In the case of epileptic iEEG data, positive (focal) samples
are much fewer than negative samples, and this imbalance data can deteriorate the performance of
classification accuracy. Akter et al. [56] successfully applied data augmentation based on an adaptive
synthetic oversampling approach (ADASYN) [66] to balance an in-hospital dataset of epileptic interictal
iEEG signals to identify the seizure onset zones automatically.
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3.2. Classification of Noisy Faces

Working with noisy data is a challenge and generates many problems when developing
classification systems. Denoising algorithms have to be applied before deriving the classifier and /or
when using it. This can be the case in image processing, in which noise can corrupt the image. In an
image recognition or verification system, noise could make the task difficult inducing more errors.
This is why robust to noise systems are needed. To this end, several strategies can be implemented,
for example using classical filters such as a Gaussian [67], bilateral [68], arithmetic [69], median [70] or
Wiener filters [71]. However, all of these filters are good in some situations or type of noise, but not
good enough in others.

To overcome that issue, a denoising technique based on an empirical mode decomposition with
Green’s functions was proposed in [55]. The system uses the capability of the bi-dimensional EMD
decomposition to capture (almost all of) the noise in the first IMFs. Therefore, the noisy images are
decomposed using a bi-dimensional EMD algorithm, then the first modes are eliminated and the
rest of the modes are summed up together to recover the remaining image, almost without noise.
In this specific work, the bi-dimensional EMD algorithm was the Green’s function in tension BEMD
(GiT-BEMD) which uses Green’s functions to interpolate the surface of the images [72].

The method used in [55] is depicted in Figure 5, in which we can see that the image is decomposed
by means of the GiT-BEMD algorithm, the first IMF is discarded, the image is later reconstructed
without the contribution of the noise and used to feed a classifier.

+ + + +=
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Figure 5. (a) The new proposed approach to eliminate the noise and improve the classification accuracy
is based on the GiT-BEMD decomposition. The high frequency IMFs are discarded and the (noiseless)
image is reconstructed by summing up the rest of the modes. This is the image that will feed the
classifier. (b) Comparison of classification results using a Support Vector Machine (SVM) and K-Nearest
Neighbor (kNN) classifiers applied to noisy, filtered faces (Gaussian, Mean, Median) and GiT-BEMD
processed faces.

Experiments were carried out using several type of noise (Gaussian, Uniform, Laplacian and
Speckle) and at several levels (SNR from 20dB to −6dB). The classification accuracy was compared
to the ones obtained with classical filters (the ones named before). Classical filters were able to keep
good performance when SNR > 3dB, but they started to fail in much noisy scenarios, corresponding
to 3dB > SNR > −6dB. The proposed method was able to maintain the same level of performance in
all the ranges, from almost noise-free images (SNR = 20dB) to highly noisy images (SNR = −6dB).
Similar results occurred in the verification case, in which the Equal Error Rate (EER) were reported to
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evaluate the results. Independently of the type of classifier used (SVM or k-NN), GiT-BEMD method
obtained the lowest EER.

Finally, it is interesting to note that the method is efficient for any type of noise and under high
levels of it, and is transparent to the user, hence simple to apply. There are no parameters to tune
because the GiT-BEMD algorithm is data-driven, and the IMFs of the images are obtained automatically.
Bidimensional EMD algorithms, and specially GiT-BEMD algorithm, are able to decompose images in
several IMFs, capturing the noise in the first IMF, which allows for training a classification system that
is robust to noisy scenarios.

3.3. Scada Data Completion in Water Networks

In industrial applications, usually having a Supervisory Control And Data Acquisition (SCADA)
system collecting data, is habitual to have missing values due to several problems (sensor failures,
communication loss, etc.). In this scenario, tensor completion algorithms can be used to reconstruct
missing data providing a better alternative compared to classical interpolation methods. Because of the
cyclic behaviour of data consumption, a tensor structure can be defined considering time scales (days
and weeks). The redundancy present into the data is exploited by the tensor completion algorithms,
allowing to recover missing data with greater accuracy outperforming classical interpolation or
filtering methods.

Drinking water network distribution enterprises usually have a SCADA system which manages
the information collected by flow-meters, manometers, level sensors, valves, pumps, etc. By accessing
to this centralized dataset, they are able to manage and optimize the operation of the water network.

One of the major problems involved in managing long term SCADA data is to deal with the loss
of bursts of data due to sensor failures, sensor re-calibrations, or communication failures that take time
to be repaired and therefore cause the loss of entire bursts of data. Completing the data lost in bursts
remains a difficult task, and most data completion methods that work fairly well when data are lost
more or less evenly distributed over time, collapse in that situation.

Water network data completion was investigated in [61,62]. For this application, authors used
data coming from the drinking water network distribution enterprise named Aigües de Vic S.A.
(AVSA) which is the responsible for the water supply of the city of Vic, in Catalonia, where the
heterogeneous data from the SCADA system are stored every 5 min in Structured Query Language
(SQL) databases. To explore how tensor completion methods would behave in this scenario, a block
of 77 consecutive weeks of data was selected. Then, some parts of the data were deleted to simulate
missing burst. The Mean Square Error (MSE) per sample was used as a measure to check the accuracy
of the reconstructed data.

In [61], besides of taking advantage of the classical methods, an additional improvement was
achieved by performing a tensorization of the data and applying tensor decomposition to recover
missing data. This tensorization operation is illustrated in Figure 6.

In [62], a new approach was developed that improved the performance of the previous method
by performing two concatenated tensor decompositions. The new approach has several steps. The first
step, consisted of applying a smoothing process to the signal to avoid oscillations between adjacent
discrete values eventually produced around the point of quantification. The second step consisted of
using a very rough imputation method (linear interpolation). After this operation, no empty values
were present. Then tensorization that places the original burst positions precisely in the central
positions, the burst centered tensorization, was performed (Figure 6a). The tensor obtained was used
to make a low-rank tensor model to capture the background trend of the missing burst. The data of
the low-rank model in the burst positions obtained was offset corrected and burst-centred again in
a new tensor which was used to find a most refined model by employing more modes in a second
tensor approximation. The samples x̂i occupying the positions of the burst were retrieved, offset
corrected and became the output of the algorithm. The concatenated decompositions that optimize
the results independently of the length of the burst to recover were the Tuker(4,6,1) followed by the
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Tuker(4,7,7) when using the Tucker model, and the CP(1) followed by the CP(15) when using the
CANDECOMP/PARAFAC model. Table 3 shows a comparison between the best classical algorithm
tested, the one based on the combination of forward and backward predictors, the singleDecomp [61]
and the doubleDecomp [62] algorithms. TK (Tucker) and CP (CANDECOMP/PARAFAC) indicate the
decomposition model used by the algorithms. The comparison is carried out considering two tensor
dimensions and two lengths of lost bursts.
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Figure 6. Data tensorization of a 3 week tensor with 200 samples of lost data bursts. In (a) the green line
shows the original data, and the red line shows the lost burst. The soft blue window shows the data
introduced in burst-centered tensor, which forces the burst to be in the center of the window. Panels (b)
shows how the continuous flow of data in the soft blue window is fragmented to be allocated in the
tensor as shown in panel (c).

Table 3. Algorithms’ performance in terms of the MSE per sample.

Method Weeks
MSE/Sample

Burst Length = 100 Burst Length = 200
Forward & Backward Predictors - 1.11 2.23

SingleDecomp—CP 3 0.87 1.78
SingleDecomp—CP 7 0.80 1.58
SingleDecomp—TK 3 0.80 1.43
SingleDecomp—TK 7 0.71 1.28
DoubleDecomp—CP 3 0.55 1.05
DoubleDecomp—CP 7 0.52 1.02
DoubleDecomp—TK 3 0.55 1.04
DoubleDecomp—TK 7 0.50 0.97

Best results are indicated in bold text.20
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4. Conclusions and Discussion

Machine learning methods were typically designed by assuming that training data is perfect
and of infinite size. However, in real life, machine learning practitioners need to deal with imperfect
training data or datasets of limited size. To alleviate the problem of incomplete/corrupted datasets or
to increase the size of a training dataset, it is necessary to use powerful data models that can capture
the essential features of the dataset. In this article, a unifying introduction to signal decomposition
methods is presented, which are available in different flavors but sharing a common property: every
signal in a dataset (sample) can be written as a linear combination of elementary, simpler components.

The main idea behind the reviewed decomposition models is that they are able to be learned
from a limited or low-quality dataset. Once the right model for the dataset of interest is learned
from the available samples, one can use it for different tasks: (1) to complete missing entries in data
samples, (2) to compensate distortions or eliminate noise in data samples, and (3) to artificially create
class-preserving new data samples.

We have demonstrated that low-rank, sparse coding and EMD decomposition methods are
excellent candidates for models that can capture essential information of a dataset. All these methods
can be applied to vector as well as to tensor datasets. However, some issues remain and there is space
for improvement in future research. For example:

• The decomposition methods reviewed in this work for imputation of missing/corrupted values
do not exploit the class label information in a supervised learning scenario. A possible further
improvement of current methods is to incorporate label information into the decomposition
models. We believe that missing data values could be better recovered if the class label of the
corresponding data sample is known.

• EMD based data augmentation was developed in an ad-hoc fashion. We believe that more
theoretical insights could be explored allowing future improvements, for example, by re-designing
the way that IMFs are calculated in order to produce class-preserving artificial samples.

This review article illustrates the application of a variety decomposition methods to vector and
tensor datasets in a wide range of technological areas including: classification of brain signals (EEG
and iEEG), identification of face images and analysis of water network data. While this represents a
non-exhaustive review of existing methods and applications of machine learning with low-quality
datasets, we believe that it can be a useful reference for machine learning practitioners who are
normally faced with incomplete, noisy or small datasets, and can inspire new methods to address
these fundamental problems.
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Abstract: Parkinson’s disease (PD) is a neurodegenerative disease that causes chronic and progressive
motor dysfunction. As PD progresses, patients show different symptoms at different stages of the
disease. The severity assessment is inefficient and subjective when it comes to artificial diagnosis.
However, abnormal gait was contingent and the subject selection was limited. Therefore, few-shot
learning based on small sample sets is critical to solving the problem of insufficient sample data in PD
patients. Using datasets from PhysioNet, this paper presents a method based on permutation-variable
importance (PVI) and persistent entropy of topological imprints, and uses support vector machine
(SVM) as a classifier to achieve the severity classification of PD patients. The method includes
the following steps: (1) Take the data as gait cycles, and calculate the gait characteristics of each
cycle. (2) Use the random forest (RF) method to obtain the leading factors differentiating the gait of
patients at different severity levels. (3) Use time-delay embedding to map the data into a topological
space, and use the topological data analysis based on permutation homology to obtain the persistent
entropy. (4) Use the Borderline-SMOTE (BSM) method to balance the sample data. (5) Use the SVM
to classify the samples for the severity levels of PD. An accuracy of 98.08% was achieved by 10-fold
cross-validation, so our method can be used as an effective means of computer-aided diagnosis of
PD, and has important practical value.

Keywords: Parkinson’s disease; few-shot learning; permutation-variable importance; topological
data analysis; persistent entropy; support-vector machine

1. Introduction

Parkinson’s disease (PD) is a common neurodegenerative disease characterized by
the loss of dopamine in neurons in the brain, resulting in a series of complex network
dysfunctions [1]. Such dysfunctions may cause significant effects on the gait of patients,
such as an unstable walking posture, bradykinesia, tremor dominance, frequent falling,
panic gait, and freezing of gait [2]. The onset of PD is a gradual process; in the progression
of the disease, clinical patients show different severity. For PD patients with different
severities of the disease, there are different means of treatment, so the severity evaluation
can greatly strengthen the clinical management of patients by giving the targeted treatment.
Currently, the most common PD rating criterion is the Hoehn and Yahr (HY) grading
system [3], which divides the severity of PD into five levels (1 to 5, increasing in severity).
However, the HY grading evaluation relies heavily on medical experts with specialized
knowledge and clinical experiences, which is a time-consuming and low-efficiency process,
and inevitably has a certain subjective judgment. Therefore, auxiliary means to assess PD
severity is needed to improve the rating efficiency and reduce costs.

With the development of wearable sensing technology, gait-analysis technology based
on human sensing data is being increasingly applied in the detection of PD. Among them,
the ground reaction force (GRF) is widely used in PD symptom analysis as a common
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quantitative measurement method for gait assessment [4,5]. As an important indicator of
joint movement and muscle activity, the GRF during walking can be obtained by wearable
insole sensors, which can well reflect the characteristics of an abnormal gait. These sensors
have the advantages of small size, low cost, non-invasiveness, a wide range of application
scenarios, and low energy consumption. Muniz et al. [6] used the GRF to evaluate the
impacts on PD from the deep brain stimulation of the subthalamic nucleus (DBS-STU) and
drug therapy. Petrucci et al. [7] studied the freezing of gait in patients with PD prediction
and adjustment, in which the GRF was used as the main evaluation index and the auxiliary
effect of ankle orthotics was observed. The ankle orthotics embodied in patients after
auxiliary GRF captured significantly lower average vibration amplitude, which indicates
that the seriousness of the PD patients is closely related to the GRF. In addition, using
musculoskeletal modeling driven by depth sensors, Jeonghoon Oh et al. [8] compared the
GRF among patients and healthy people, and found significant differences in the early
peaks of the GRF. A large number of studies have shown that the abnormal gait patterns of
PD patients are reflected in the GRF during walking, which can be an important feature of
the PD research.

The GRF can well reflect the stability of gait, from which we can analyze and grade the
severity of PD. Machine learning can effectively solve the problem of medical data analysis,
and it has been widely used in related fields. From the perspective of gait data, many
related scholars have applied machine-learning methods to conduct classification studies
of PD, such as logistic regression, random forest, extreme gradient boosting, radial basis,
and neural network [9–18]. In terms of the PD severity assessment using machine learning,
Aite Zhao et al. [19] employed the GRF as gait data to identify the seriousness level using
the two-channel method of long short-term memory (LSTM) and convolutional neural
network (CNN). Similarly, Wei Zeng et al. [20] used neural networks and other methods
for PD severity classification, in which the phase space reconstruction and empirical mode
decomposition methods were used in data preprocessing. Balaji E et al. [21] used decision
tree (DT), support vector machine (SVM), ensemble classifier (EC), and Bayesian classifier
(BC) methods to classify the stages of PD, and achieved an effective evaluation of the
severity. In a similar way, Enas Abdulhay et al. [22] and Tun Aurolu et al. [23] achieved
effective PD grading by using medium Gaussian SVM and locally weighted random forest
methods, respectively, with the shallow-learning method. However, in the above studies,
the sample data was small and unbalanced. For instance, in Natasa Kleanthous et al.’s
work [9], only 10 PD subjects were involved. In addition, compared with other shallow-
learning methods, the deep-learning recognition methods based on neural network showed
slightly worse results, with respect to time consumption and effectiveness in distinguishing
the similar PD severity levels. The reason for this phenomenon is that deep learning is a
supervised learning method based on big data, which relies heavily on a large number of
high-quality labeled data. When the data is insufficient, problems such as overfitting occur
in the model, thus reducing the recognition rate. Large sample sizes from a limited number
of PD patients are associated with high clinical risks, uncontrollable repeatability, and high
costs. These reasons make it difficult for many deep-learning models to be applied to PD
research. In addition, some gait disorders such as panic gait, short gait, and frozen gait
were contingencies in PD patients, which resulted in a small number of negative samples
in the body-sensing data. Considering all kinds of factors, the identification of severity
level by machine-learning methods is mainly based on small sample datasets, so few-shot
learning with a lower sample-data requirement becomes the key to solve the problem.

In addition to few-shot learning, the undersampling and oversampling methods are
the common means of balancing a dataset. For a PD disease dataset with too few samples,
oversampling is used to expand the dataset, and noise data can be added to enhance
the robustness of classifiers. When the model cannot effectively extract features from
the existing data, the data can first be processed to find the most important parameters
that dominate the differences among classes, or deeper feature analysis of the data can
be carried out to make the classification and recognition effect more obvious. Fabienne
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Reynard et al. [24] studied the dominant factors of stability during treadmill walking, using
the random forest (RF) method [25] to measure the importance of the variables, while
relatively insignificant variables were removed, which made the analysis more effective.
Enas Abdulhay et al. [22] extracted only step time, stance time swing and footstrike profile
from the GRF data to analyze and identify the diseases. In addition, in the study of Yan
Yan et al. [26], the GRF data were reconstructed in a phase space, after mapping the data
to the high-dimensional phase space for topological motion analysis, to study the gait
fluctuation, and the extracted topological features were applied. The random forest (RF)
method has shown a good performance in permutation-variable importance (PVI) and is
widely used [27]. Therefore, RF ranking of the importance of gait characteristics can be
used to obtain the main factors influencing the different severity levels in PD patients.

The walking process has strong nonlinear characteristics and can be regarded as a
nonlinear dynamic system. Extracting deeper features of gait can enhance the differentia-
tion of samples, which is beneficial to the classification of machine learning. The common
method is to use topological data analysis (TDA) to obtain the topological imprint for
further feature extraction [20,26].

In the classification of machine learning, traditional classifiers are commonly designed
based on balanced datasets, and the losses of classifiers are biased toward the majority of
classes [28]. Therefore, the imbalance of sample data may cause the insensitivity of the
learning model to a minority of classes. However, in the study of abnormal gait patterns,
usually only a small number of samples are available. In the method of balancing samples,
the sampling method is often used to balance data, including oversampling [29], undersam-
pling [30], and mixed sampling. In machine learning with a small sample size, the method
of oversampling is usually adopted to balance the datasets. Among the oversampling meth-
ods, the synthetic minority oversampling technique (SMOTE) is considered to be the most
effective [31]. The SMOTE method balances the number of minority classes by interpolation
between the adjacent minority class samples, which increases the number of minority class
samples and improves the classifier performance [32]. The Borderline-SMOTE method
is used to synthesize new samples with only a few samples on the boundary, which can
improve the distribution of the samples. However, during the composition of the minority
classes, the SMOTE did not consider the class information of the nearest neighbor sam-
ple, which often overlays the sample, resulting in poor classification performance. The
Borderline-SMOTE method was proposed to improve this problem [33]. Support vector
machine (SVM) was first proposed by Vapnik et al. [34] as a solution to the dichotomy
problem of linearly separable samples. In terms of recognizing abnormal gait, the SVM
was successfully used in various pattern recognition problems [35]. Compared with other
traditional learning models, the SVM has an excellent performance in solving few-shot
learning problems [36]. Because it adopts the principle of structural risk minimization [37],
the SVM model has strong generalization ability.

This paper addresses the PD severity-level classification with a small sample set. The
PD gait dataset from Goldberger on PhysioNet [38] was used to demonstrate the proposed
method. The dataset consisted of only 29 PD patients (15, 8, and 6 patients with HY ratings
of 2, 2.5, and 3, respectively) and 18 healthy controls. The sample data was very small,
so we considered three aspects to solve the small-sample learning problem: data, model,
and algorithm [39]. When the training samples are insufficient, the neural network model
with the objective of minimizing loss function tends to fit on a small number of samples,
which results in low generalization capacity. However, many nonparametric methods
do not need to train the optimization parameters, such as the embedded-learning (EL)
method [40,41]. EL is a nonparametric method based on a measurement in which the prior
knowledge of training set is used as a design source. In EL, the samples are embedded
into a low-dimensional space, which makes the samples of different categories in the
low-dimensional space easier to distinguish. The embedded data then can be enhanced in
the aspects of the discrimination degree and the balance among the sample size of classes
to optimize the performance of the learner. The GRF data is divided according to the gait

27



Appl. Sci. 2021, 11, 1834

cycle, and then the categorized data is processed, and a series of gait characteristics is
calculated. The variable importance is evaluated for the obtained characteristics by the RF
method, and the variable of a bigger impact on the severity classification is reserved for
further distinguishing features.

In order to reconstruct the phase space by embedding the obtained gait characteristics
with time delay, the data is mapped to the topological space. The topological characteristics
of the obtained point-cloud data are analyzed by using the persistent homology methods
to obtain the topological signature of the gait data, such as persistent bar code, persistent
scatter plot and persistent state plot. However, these topology imprints are challenging to
be used as input to machine learning. For this reason, the persistent scattergram topology
marks obtained by important gait parameters is calculated as the persistent entropy [42],
which is more suitable for machine learning. The SVM is employed for few-shot learning
in gait analysis.

In this study, a method based on permutation-variable importance and persistent
entropy is proposed for the severity classification of PD. Based on the small dataset of gait,
the dominant factors are extracted by permutation-variable importance, and the persistent
entropy is proposed to transform the topological imprints into sample inputs more suitable
for machine learning. The proposed method can fully improve the degree of differentiation
between different disease categories and achieve a favorable effect, and has certain practical
significance.

2. Materials and Methods

2.1. Subjects and Data Set

For this study, we use a gait database from PhysioNet provided by Goldberger [38].
The dataset consisted of GRF signals from PD patients and healthy controls. The gait data
signals were collected from normal walking and dual-task walking. The normal walking
data of patients and the control group was used in this paper for analysis. There were a
total of 47 subjects in this dataset, including 29 PD patients and 18 normal controls. Among
the 29 PD patients, there were 20 males and 9 females. The normal control group consisted
of 10 males and 8 females. The mean ages of the patients and the control groups were 71
and 72, respectively. Among the PD patients, 15 subjects were HY grade 2, 8 were grade
2.5, and 6 were grade 3. Table 1 shows the basic information of the subjects involved in the
experiment.

Table 1. Subject information.

Group Number Male Female Age HY = 2 HY = 2.5 HY = 3

PD 29 20 9 71 ± 8 15 8 6
Co 18 10 8 72 ± 6 - - -

2.2. Analysis Method

The framework of the proposed method is shown in Figure 1. A total of 47 GRF data
(29 PD patients with different disease grades and 18 normal subjects) were used. First, the
GRF data were preprocessed, including categorizing subjects according to the gait cycle
and calculating the gait characteristics of each gait cycle during walking, then a time series
of the gait characteristics was obtained. During the gait-cycle division, the period should
be as short as possible on the premise of guaranteeing the complete representation of the
gait-cycle information for both the left and right feet. Therefore, we choose two gait cycles
as the period and divided them into sections, so that the information in the original signal
was completely retained.
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Figure 1. The processing framework of this study is divided into three parts: variable importance (PVI) analysis, topological
data analysis (TDA), and severity classification. In the analysis of the importance of variables, the GRF data were first
categorized according to the data in each gait cycle. The gait characteristics of each cycle were calculated, and the variable
importance was ranked to select the most significant ones. In the TDA, phase-space reconstruction was carried out for each
gait feature, and a persistent homology method was used to extract topology marks to obtain persistent scatter plots, then
the persistent entropy of persistent scatter plots was calculated. In the stage of classification, the Borderline-SMOTE method
was used to balance the samples, then the Support Vector Machine (SVM) was used to classify the data and obtain the
obfuscation matrix for performance analysis.

Regarding the extraction of gait characteristics on the GRF, we referred to the method
on the previous study [43]. In this way, potential characteristics were selected that affected
the severity classification, including the coordinates of the center of pressure (CoP), stride
time, gait phase, and sample entropy. The random forest method was used to evaluate the
importance of these characteristics/variables, and the most significant ones were selected
for further analysis. After obtaining the time-series data with a great influence on the
difference, the time-delay embedding theorem was used to reconstruct the phase space,
and the data were mapped to the phase space to obtain the data point cloud. The topology
features of the obtained phase-space-data point cloud were extracted and the persistent
entropy was calculated. The Borderline-SMOTE algorithm was used to enhance the data
in the training dataset, and the balanced sample data was used as the input to train using
SVM to realize the grade recognition of PD.

2.3. Data Description

The data recorded were the GRFs when subjects walked for about two minutes on flat
ground at a pace of their preference. In the experiments, each subject had 16 force sensors
under their feet, with eight sensors under each foot. Thus, we could study stride-to-stride
dynamics and the variability of these time series. When a person is comfortable standing
with both legs parallel to each other, sensor locations inside the insole can be described
approximately in Figure 2, assuming the origin (0,0) is just between the feet, and the person
is facing toward the positive Y-axis.
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Figure 2. The pressure sensors L1–L8 and R1–R8 under the left and right feet, respectively.

The sampling frequency of the force sensors was 100 Hz, and the forces (N) were
collected to obtain a time series of pressure data. In addition to the pressure data, two
synthetic signals were generated, including the total sum of the pressure under the left
and right feet. The resulting data contain 19 columns per row, with column 1 as time (s);
columns 2–9 and 10–17 as the GRF (N) of the left and right feet, respectively; and column
18 as the sum of the GRF on the left foot and column 19 as that for the right. These data
were used to fit the relationship between the pressure position and time, model the reaction
pressure center as a function of time, and obtain the gait features such as stride time, swing
time, etc.

2.4. Preprocessing
2.4.1. Data Partitioning

In this study, the dataset contained 16 independent force sensor signals and 2 synthetic
pressure signals. The pressure magnitude and the position of a single sensor could not
directly reflect the pressure-tracking distribution during the walk alone. To extract the
pressure-tracking distribution, the pressure magnitude and position of individual sensors,
the total pressure of all sensors are needed. The changing track of the plantar pressure
center was calculated as follows.

x =

8
∑

i=1
xiFi

F
(1)

y =

8
∑

i=1
yiFi

F
(2)

where xi and yi are the X-axis and Y-axis coordinates of the i-th sensor of a foot, Fi is
the force measured by the corresponding sensor, and F is the sum of the pressures under
the foot.

According to the centers of pressure (CoP) obtained in Equations (1) and (2), the
entire walking process was divided into two stride cycles. Each cycle began with the first
touch of the left heel and ended with the third touch of the same heel (starting the next
cycle). This ensured that there was at least one continuous step cycle for each foot. The gait
characteristics of each cycle were extracted. The CoP track for each partition is shown in
Figure 3. In order to exclude the influence of the unstable features when walking started,
the first two stride cycles of each subject were excluded, but the middle 40 dividing cycles
and a total of 80 stepping cycles were selected for analysis. The same criteria were applied
to each subject to ensure the accuracy of the sampling.
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Figure 3. (a) Schematic diagram of the period division. (b) Center of Pressure (CoP) path for each
partition period. The color represents the pressure.

2.4.2. Gait Features

From the track of CoP, we could further extract gait features for better reflection of
the characteristics relevant to walking stability in the PD patients. The selected features
were screened for visible differences among classes, which was conducive to the inaccurate
identification of a small number of classes in the learning of the small sample dataset, so
that it could have a better effect on the classifier training of disease grading. The trajectory
of CoP was analyzed using linear and nonlinear analysis methods, and the corresponding
gait characteristics are obtained; this could further find the most significant factors and
realize more accurate grade identification.

In the calculation of the linear characteristics, we used the root mean square (RMS) of
the two stride cycles as the results. The linear indicators we selected are as follows:

1. CoP distribution and its derivatives. The CoP distribution can well reflect the sta-
bility of gait and can be used in the analysis of PD. In the analysis of the coordi-
nate distribution of CoP, we selected the RMS of mediolateral direction (X-axis);
anterior–posterior (Y-axis) direction; total CoP coordinates; and the RMS of velocity,
acceleration and jerk.

2. Gait phase ratio and stride time. In the study of abnormal gait, the proportions of gait
time and stride time are usually very important gait characteristics that can clearly
reflect the difference between patients and normal subjects. The proportion of the
subject’s walking gait can be calculated from the pressure and corresponding time.
The length of time between the start of a heel touch on one side and the end of the
next heel touch on that side is a step time. Among these, the period from the time
when one foot heel touches the ground to the time when the toe is off the ground is
the supporting phase of this gait cycle, and the difference between the stride time and
the duration of the supporting phase is the swinging phase time of this stride cycle.
The proportion of the gait time can be obtained by calculating the time duration of
the gait and the time of the stride. The gait phase proportion and stride time of the
two stride periods of each division period can be obtained by taking the RMS.

3. CoP efficiency and CoP track intersections (CSIP). These two characteristics are also
considered, and they may reflect the stability of gait to some extent, and also help us
analyze the walking pattern of PD patients. Both of these features can be obtained
from the track of CoP. The CoP path efficiency is calculated through dividing direct
CoP distance by the actual path that CoP traveled during the stance phase. In the
stance phase, the CoP position moves forward under the support foot. When support
moves to the other foot, the CoP position moves from one foot to the other [44].
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Human walking, as a complex system, has strong nonlinear characteristics. The use of
nonlinear analysis method to extract features can effectively analyze the gait characteristics
of PD patients. In this study, we chose the sample entropy of CoP as a nonlinear index,
which can reflect the degree of disorganization of and attention to walking, and can be
used as an important sample input for disease classification and identification.

2.5. Permutation-Variable Importance

When using the small sample dataset to classify the severity of the disease, we chose
to first calculate some gait characteristics, in order to find out the characteristics that
dominated the difference of different categories and improve the discrimination degree
of the samples. For the measurement of the importance of variables, this study used the
random forest method to evaluate the importance of features. Using this method, the aim
was to identify the dominant factors that influence the different manifestations of PD at
different severity levels, and to exclude irrelevant characteristics. The measurement of
the importance of variables can reduce the dimension of the input sample data. On one
hand, it eliminates the influence of irrelevant factors, while on the other hand, it facilitates
the subsequent processing of the data. The random forest method can be used to select
the characteristics that have the greatest impact on the severity level, so as to reduce the
number of features in the model building and make the classifier achieve good results
in training. When we use the random forest method to obtain the importance of certain
characteristics in disease classification, the specific steps are as follows:

1. For each decision tree, select the corresponding out-of-bag (OOB) data to calculate
the out-of-bag data error, which is denoted as err1.

2. Random noise interference is added to such characteristics of all samples of out-of-bag
data, and the out-of-bag data error is calculated again, denoted as err2.

3. The permutation-variable importance is obtained by Equation (3):

PVI =

N
∑

i=1
err2i − err1i

N
(3)

where N is the number of decision trees in the random forests, err1i is the OOB error
of the i-th decision tree for the feature to be evaluated, and err2i is the OOB error of
the i-th decision tree for an assessment feature after noise interference is added to the
feature.

When the random noise is added, the accuracy of data outside the bag will decrease.
When this feature is of high importance, the value of OOB error err2i will increase signifi-
cantly, and the calculated measurement value will increase, indicating that this feature has
a great impact on the prediction results of disease grade identification, and thus indicates
that this feature is of high importance. In this study, we measured the importance of
variables in patients with PD and normal subjects. The results of our assessment of the
importance of all the features are shown in Figure 4. We also ranked the evaluation results
in order of importance in the two cases, calculated the average value of importance in the
two cases, and selected the characteristics that rank in the top 15 for importance.
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Figure 4. Results of permutation-variable importance. The red dotted line surrounds the variables that were considered to
have a greater impact on the disease category of gait. The number of decision trees in RF was N = 10,000, and the maximum
depth was 5.

2.6. Phase-Space Reconstruction

When the time-series data composed of gait features were obtained, we hoped to
further extract the difference of features, so as to make the learning effect of classifier more
obvious. For patients with PD with a similar grade, the difference in numerical expression
of gait characteristics may not be high, and the sample was small, which was likely to affect
the recognition accuracy of the classifier. Human walking can be regarded as a complex
nonlinear dynamic system. By reconstructing the time series of gait characteristics into
a high-dimensional phase space, more abundant information can be mined to achieve
the purpose of improving feature discrimination and classification accuracy. The one-
dimensional time series corresponding to each gait feature was reconstructed in a phase
space, and the data was mapped into a data point cloud in the abstract topological space
by the time-delay-embedding method, which can be thought of as sliding a “window” of
fixed size over a signal, with each window represented as a point in a (possibly) higher-
dimensional space. More formally, given a time series of gait feature f , one can extract a
sequence of vectors of the form:

fi = [ f (ti), f (ti + τ), . . . , f (ti + (d − 1)τ] (4)

s = ti+1 − ti (5)

where d is the embedding dimension and t is the time delay. The quantity (d− 1)t is known
as the “window size,” and s, known as stride, is the difference in ti+1 and ti. Then, TDd,τ,s
is the cloud of points where f maps to the phase space with parameters d, τ, and s:

TDd,τ,s( f ) = [ f1, f2, . . . , fn] (6)

In this study, TDd,τ,s is a numerical time series of multiple gait features. Therefore, too
long of a delay will reduce the relevance among elements. Considering the calculation cost
and better separability, we chose d = 3, τ = 1, and s = 1 in this study.

2.7. Topological Data Analysis

After mapping the time series of the gait characteristics to the topological space, we
could extract the relevant topological imprints and apply them to the data analysis. This
research adopted a method of topology-imprint analysis based on persistent homology to
extract topology features. Each gait characteristic data point mapped to the topological
space can be regarded as a small ball with initial radius ε = 0 (0-dimensional homology
structure). As ε increases, the balls may intersect and fuse into connectomes (1-dimensional
homology), and as ε increases further, the balls may surround holes (2-dimensional homol-
ogy). However, as the radius of a small sphere ε continues to increase, these connectomes
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or holes will disappear, which means that these homology structures have a specific dura-
tion. We recorded homophones for time of birth and time of death, which we called the
persistent homophones, resulting in the topological stamp. A persistence diagram was
obtained for each homology structure by plotting a graph with the times of birth and death
as the axes, as shown in Figure 5.

Figure 5. (a) The control subjects in the stance phase of the left foot (b) The Parkinson’s disease (PD)
subjects in the stance phase. The abscissa is the appearance time of the structure, and the ordinate is
the disappearance time. H0, H1, and H2 are the homology structures of 0-dimensions, 1-dimension
and 2-dimension, respectively.

However, there was no machine-learning benefit available from persistent scatter
diagrams, so we introduced persistent entropy as a treatment:

E(D) = −∑
i∈I

pi log(pi) (7)

pi =
di − bi

LD
(8)

LD = ∑
i∈I

(di − bi) (9)

where I is the set of points in a persistence diagram; bi and di are the times of birth and
death of the i-th point, respectively; and E(D) is the persistent entropy of the persistence
diagram D. The persistent entropy distribution of control subjects and PD subjects is
shown in the Figure 6.

Figure 6. (a) Persistent entropy between control and PD subjects. (b) Persistent entropy between
control subjects and PD subjects with different disease grades.

In this way, we represented each persistence diagram as a persistent entropy with
three numbers. Thus, the gait characteristics of each subject could be transformed into
persistent entropy, which represents the information of each characteristic and greatly
reduced the data dimension of the input sample.
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2.8. Data Oversampling

According to the above methods, we obtained the persistent entropy of each subject’s
gait characteristics as the sample data for the classification training of PD. Obviously,
there was still a significant imbalance in the sample data. In the data we used, there
were twice and three times as many as grade 2 subjects as there were grade 2.5 and
3 subjects, respectively. Subjects with a severity level of 3 were regarded as the lowest
group, accounting for only 20.7% of the total sample dataset. If the data is directly put
into the classifier for learning, then the test results of the classifier will be biased to most
classes, resulting in the problem of insensitivity to the identification of a few classes, which
is very unfavorable to the training of the classifier. In order to avoid this situation, we use
Borderline-SMOTE to balance the dataset. The Borderline-SMOTE [33] is an improved
oversampling algorithm based on SMOTE that uses only a few class samples on the
boundary to achieve the oversampling, thus improving the class distribution of the sample.
The specific steps of Borderline-SMOTE are as follows:

1. Calculate the Euclidean distance between each sample point pi and all the training
samples, and get the m nearest neighbor of the sample point.

2. A small number of samples were divided. Assuming that m′ of the m nearest neighbor
samples belong to most of the samples (0 ≤ m′ ≤ m), there can be three situations, as
follows: when m′ = m, pi is considered as noise and data synthesis is not performed;
when 0 ≤ m′ ≤ m

2 , pi is considered as a safe sample and no data synthesis is
performed; when m

2 ≤ m′ ≤ m, pi is divided into boundary samples and the data
needs to be synthesized, the boundary sample is denoted as:{

p′1, p′2,... p
′
dnum

}
, (0 ≤ dnum ≤ pnum) (10)

where dunm is the number of minority-class boundary samples and punm is the total
number of minority samples.

3. The K nearest neighbor between the boundary sample point pi and the minority
sample P is calculated. According to the sampling ratio U, s (The number of s is
K nearest neighbors multiplied by sampling ratio U) and p′i are selected for linear
interpolation to synthesize a small number of samples.

Synthetic = p′i + ri × dj, (j = 1, 2, . . . , s) (11)

where dj identifies the distance between p′i and its s neighbors, and rj is a random
number between 0 and 1.

4. A few kinds of synthetic samples and the original training samples are combined to
form a new training sample.

By using the Borderline-SMOTE method, the sample set reached a balance of the class,
and use the balanced dataset for classifier training in the following step. In this study, we
only used the Borderline-SMOTE method during training to enhance the data, but the
training set remained unchanged.

2.9. Machine-Learning Method

The classification of PD is essentially a multiclassification problem based on small sam-
ple data. To solve the few-shot learning problem, SVM is a novel few-shot learning method
with a solid theoretical foundation that can achieve better results than other classifiers on
the small sample training set. The reason why SVM has an excellent performance in few-
shot learning is that it basically does not involve probability measurements or the law of
large numbers. In essence, SVM avoids the traditional process from induction to deduction
and achieves efficient classification and regression. At the same time, SVM can also solve
the few-shot learning generalization ability, but is not strong. Since the optimization goal of
SVM itself is to minimize the structured risk [37] rather than the empirical risk, the concept
of the interval is used to obtain the structured description of data distribution, which
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reduces the requirements for data size and data distribution. This gives SVM an excellent
generalization ability. In addition, a small amount of support vectors determines the final
result of SVM. Adding or deleting nonsupport vector samples has no effect on the model,
which gives the SVM training model good robustness. For PD classification in this study,
the dimension of the training sample was higher, and in aiming at this problem, the SVM
provided a way to avoid the complexity of the high-dimensional space, the inner product
function directly in this space, the kernel function, the solution of the recycling in the case
of the linear separable method to directly solve the decision problem of the corresponding
higher-dimensional space, and to simplify the solution of the higher-dimensional space
problem. Compared with other algorithms such as the neural network, SVM, which is
based on the principle of structural risk minimization, avoids overlearning problems, and
has a strong generalization ability. SVM is a convex optimization problem, so the local
optimal solution must be the global optimal solution.

SVM is a learning device to dichotomize linearly separable samples. In this study, we
used the radial basis function (RBF) to convert the samples to the state of linear-separable
or approximate linear-separable. The classification of PD is a multiclassification problem.
The strategy of one vs. one (OvO) or one vs. rest (OvR) and a dichotomous classification
algorithm can be adapted to classify PD using SVM. In this study, we need to classify 4
types of samples from 3 different classes of patients and normal subjects. OvR’s method
is to take one sample as a class and treat the remaining samples of all types as another
class to form four dichotomous problems and train a total of four models. OvO’s method
combines two classes of samples each time to form six dichotomous problems and train a
total of six models. When we classify, the samples to be tested are passed into all models,
and the corresponding result of the model with the highest probability is the final result.
Obviously, the OvO method has a higher accuracy, but it also takes a longer time. In this
study, the sample size was small and there was no significant difference in the number of
models generated by the two strategies, so we chose the OvO strategy with higher accuracy
to solve the multiclassification problem of SVM.

2.10. Statistics

In this study, the classification of PD was a multiclassification problem. When evaluat-
ing the performance of the classifier, we paid more attention to the recognition accuracy and
misjudgment between categories, in addition to the recognition accuracy of each category.
In the evaluation of multiple categories, we transformed the problem of multiple categories
into the problem of multiple dichotomies for performance evaluation. In this study, five
indicators were used to evaluate the performance of the classifier, including global accuracy,
single-class precision, single-class recall, inter-class precision, and inter-class recall. In the
following equations, T indicates the classification is correct and F indicates the classification
is incorrect, and P and N indicate whether the sample is positive or negative, respectively.

accuracy =
ncorrect

N
(12)

where accuracy is global accuracy, ncorrect is the number of all predicted correct samples,
and N is the total number of samples.

Pclass =
TPclass

TPclass + FPclass
(13)

Rclass =
TPclass

TPclass + FNclass
(14)

where Pclass and Rclass are single-class precision and single-class recall, and class is the
category to be evaluated.

Pp−n =
TPp−n

TPp−n + FPp−n
(15)
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Rp−n =
TPp−n

TPp−n + FNp−n
(16)

where Pp−n and Rp−n are inter-class precision and inter-class recall, p represents the
positive class, and n represents the negative class.

3. Results

3.1. SVM Classification

The data processing and classification of the classifier in this work were completed
on a workstation including an Intel (R) Core (TM) i7-5930K@ 3.50 GHz, 6 CPU cores and
32.0 GB memory (Santa Clara, CA, USA). The models used were all written in a Python
3.7 environment using Giotto-TDA 0.3.1 and scikit-learn 0.23.1 under Ubuntu 16.04.7 LTS.
In the classification training, we used 50%, 60%, 70%, 80%, and 90% of the datasets as the
training set, and the rest of the samples as the test set for training, and conducted a 10-fold
cross-validation on the model.

In the training of SVM, in order to get better parameters, we used the method of
network search cross-validation to traverse various parameter combinations to determine
the best parameters, which is very suitable for small sample sets. In SVM, the parameter
C is the penalty coefficient. The higher C is, the more the classifier cannot tolerate errors,
which will lead to overfitting, and the lower C is, the less likely there will be underfitting.
In addition, we choose RBF as the kernel function of SVM, where the parameter gamma
affects the number of support vectors in the model. The relationship between the size of
gamma and the number of support vectors is: when gamma is larger, the support vector
is lower; when gamma is smaller, the support vector is higher. Through the method of
network search cross-validation, the two parameters are traversed on the interval, and
all the values are combined. Each time, they are evaluated by a 10-fold cross-validation.
Finally, the best value of the penalty coefficient was C = 1.0536, and the best value of
gamma in the RBF function was gamma = 0.0188.

When the training set accounted for 50–90% of the training set, the model’s accuracy
for the corresponding test results was 93.75%, 95.31%, 97.92%, 100%, and 100%. It can
be seen that the trained model had a good effect on the recognition accuracy of different
disease categories.

In the case of different proportions of training samples, Pclass and Rclass are shown in
Tables 2 and 3 and the confusion matrix is shown in Figure 7.

Table 2. The precision of the model.

Training Samples
Class

P0 P2 P2.5 P3

50% 100.00% 100.00% 85.71% 91.67%
60% 85.71% 92.86% 90.00% 100.00%
70% 93.33% 100.00% 91.67% 100.00%
80% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00%

Table 3. The recall rate of the model.

Training Samples
Class

R0 R2 R2.5 R3

50% 86.67% 88.00% 100.00% 100.00%
60% 85.71% 100.00% 94.74% 100.00%
70% 93.33% 100.00% 100.00% 100.00%
80% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00%
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Figure 7. The confusion matrix of the test results with 50–80% (confusion matrix (a–d)) of the samples.

The results for the inter-class precision and recall ratio when the training set samples
accounted for 50%, 60%, 70%, 80%, and 90% are shown in Tables 4–7.

Table 4. Inter-class precision and recall of Co as positive.

Training
Samples

Positive = 0

P0–2 R0–2 P0–2.5 R0–2.5 P0–3 R0–3

50% 100.00% 100.00% 100.00% 86.67% 100.00% 100.00%
60% 100.00% 100.00% 100.00% 85.72% 100.00% 100.00%
70% 100.00% 100.00% 100.00% 93.33% 100.00% 100.00%
80% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

Table 5. Inter-class precision and recall of HY = 2 as positive.

Training
Samples

Positive = 2

P2–0 R2–0 P2–2.5 R2–2.5 P2–3 R2–3

50% 100.00% 100.00% 100.00% 95.65% 100.00% 91.67%
60% 100.00% 100.00% 92.86% 100.00% 100.00% 100.00%
70% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
80% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

The data showed that the model did not misjudge patients as normal. When the
proportion of training samples was 50%, there were cases in which the normal and disease
grade 2 were misjudged as grade 2.5, and grade 2 was mistakenly judged as grade 3. When
the proportion of training samples was 40%, there were cases in which the disease grade
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of 2.5 was misjudged as level 2, and the normal level was wrongly judged as level 2.5.
When the proportion of training samples was 30%, normal people were misjudged as the
disease grade of 2.5. When the training samples accounted for 20% and 10%, there was no
misjudgment. It can be seen that when the proportion of training samples increased, the
learners acquired more information, which made the effect of the model gradually better.

Table 6. Inter-class precision and recall of HY = 2.5 as positive.

Training
Samples

Positive = 2.5

P2.5–0 R2.5–0 P2.5–2 R2.5–2 P2.5–3 R2.5–3

50% 90.00% 100.00% 94.74% 100.00% 100.00% 100.00%
60% 90.00% 100.00% 100.00% 100.00% 100.00% 100.00%
70% 91.67% 100.00% 100.00% 100.00% 100.00% 100.00%
80% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

Table 7. Inter-class precision and recall of HY = 3 as positive.

Training
Samples

Positive = 3

P3–0 R3–0 P3–2 R3–2 P3–2.5 R3–2.5

50% 100.00% 100.00% 91.67% 100.00% 100.00% 100.00%
60% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
70% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
80% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%
90% 100.00% 100.00% 100.00% 100.00% 100.00% 100.00%

3.2. Impact of Processing Strategies

In order to analyze the effect of the sample data-processing method used in this ex-
periment, we used the dataset without processing and the dataset using only the variable-
importance processing to train the learner. The training accuracy of the model was com-
pared with the effect of the method used in this experiment. The training accuracy compar-
ison results of the three groups of models are shown in Figure 8. And the comparison to
other researches and summarized is shown in Table 8

Figure 8. The training accuracy of the raw data, permutation-variable importance processing and
persistent entropy.
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Table 8. Comparison with other methods.

Yan Yan
et al. [26]

Enas Abdulhay
et al. [22]

Aite Zhao
et al. [19]

Wei Zeng
et al. [20]

Tunç Aşuroğlu
et al. [23]

Present Method

Accuracy 87.10% 94.14% 98.70% 98.80% 99.00% 99.23%

From the comparison results, we can see that the training accuracy of the model trained
by the combination of variable-importance processing and TDA persistent entropy was up
to 99.23% (the training samples accounted for 90%). The training accuracy of the model
trained with the dataset treated by the importance of variables did not increase with the
increase of the proportion of training samples (96.86%, 80%; 96.52%, 90%), and maintained
at this level. Without data processing, the training accuracy of the model trained by the
learner appeared as a U-shaped curve from high to low and then to high; when the training
set accounted for 50% to 90%, the training accuracy was 93.75%, 92.89%, 91.97%, 93.72%,
and 96.57%, respectively. The reason for this is that SVM could well fit a small number
of samples, while the features of the data without processing were not obvious, and the
influence of irrelevant features was greater. As the number of samples increased, more
complex information appeared, which reduced the training accuracy. When the number of
samples increased further, the learner acquired more information, which made the training
accuracy increase. In conclusion, the training effect of SVM in a small sample dataset was
excellent, and the irrelevant features could be eliminated by variable-importance processing
to avoid overfitting of the training model. Using topology analysis and persistent entropy
training could further enhance the discrimination of samples and significantly improved
the training accuracy.

4. Discussion and Conclusions

There is always a problem of insufficient samples in the recognition of PD. Similar to
other studies of abnormal gait, the number of subjects with different disease grades of PD
is usually very limited, and the samples are commonly unbalanced. These factors suggest
that the grade recognition of PD is a few-shot learning problem.

In this paper, the common GRF dataset was used, which can show the walking
pattern of PD patients well. However, from the point of view of the learning effect, the
training accuracy curve of the model trained by GRF data showed a U-shape with an
increase of the number of samples. The reason for this phenomenon is that the feature
discrimination of untreated GRF data was not significant, and contained many irrelevant
features/interferences. When the number of samples increased, the learner could not fit
the new irrelevant information well, which led to the reduction of training accuracy. This
indicates that the GRF data contained too much disturbing information. In another way,
some characteristics did not change much among classes.

To solve this problem, we processed the original GRF sample data. The GRF sample
data was first divided according to the gait cycle. Considering the existence of minority
classes (such as the abnormal gait class), if the time span of GRF data used to calculate
gait characteristics was too long, it could cause the loss of key information, and it would
not be able to clearly characterize the abnormal gait problem. After the data partition,
GRF was used to calculate potential gait features that may affect the classification of the
disease grade. For the selection of gait features, we referred to the relevant research and
the previous research [22,41], and selected a series of gait features that could be calculated
from GRF data for further analysis. After the potential gait features were obtained, we
measured the importance of gait features.

From the experiment results, we observed that the aggravation of PD was directly
reflected in walking speed. When the severity of the disease worsened, serious gait
disorders hindered the patient from normal speed walking, resulting in a slow movement.
This conclusion was strongly supported by the experiments. In addition, walking speed
was observed to also affect the stride time of patients, which is also reflected in the results.
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In other gait features with significant influence, we found that the proportion of gait phase
in the classification of disease grade had a high degree of differentiation. There were great
differences in the proportion of support-phase and swing-phase time in patients with
different disease grades, which also reflects the walking mode of patients with different
severity levels. When abnormal gaits such as freezing gait and panic gait occurred, the
proportion of gait phase changed significantly. In frozen gait, the proportion of support
phase increased significantly. The frequency of the abnormal gait increased significantly
when the disease grade was aggravated, and the change of the proportion of gait phase
was more clear. For instance, the left-foot gait-phase ratio of PD patients to control subjects
is shown in Figure 9.

Figure 9. The proportion of left foot support between control subjects and PD patients (one subject in each group).

At the same time, we demonstrated that the RMS of coordinates CoP velocity, CoP
efficiency, and sample entropy have significant discrimination in the Y-axis direction. This
result indicated that the component of the gait characteristic in the walking direction could
significantly influence the classification of disease grade of PD. In addition, according to
the importance of the left and right directions of each feature and the importance of CSIP
coordinates, we found that there was no significant difference in gait symmetry among PD
patients, so this symmetry could not be used as a basis for distinguishing disease grades;
that is to say, the abnormal gait pattern of PD was not found in only one limb.

Considering the complexity of the human body, we analyzed the gait features. The
results showed that the persistent entropy model was better than the model without
topology data analysis. Although we could get good results by measuring the importance
of variables, the training accuracy reached the peak when the proportion of training samples
reached 80%. Increasing the number of training samples could not improve the training
accuracy. This indicates that the effect of only using gait features to distinguish different
PD grades encountered a bottleneck. When the persistent entropy was used as the training
sample, the training accuracy of the learner broke through this bottleneck and reached
99.23%. The results showed that the TDA method could further extract the differences
between gait features of different disease grades, and improved the discrimination among
classes. This was due to the strong nonlinearity and complexity of human walking, and
the SVM we used was essentially a linear classifier. The TDA method could map the gait
feature data to the high-dimensional space and mine the sample features at a deeper level,
which made the sample discrimination increase. Therefore, it was suitable for solving
few-shot machine-learning problems related to human gait.

41



Appl. Sci. 2021, 11, 1834

In addition, the training cost of samples processed by different methods is also dif-
ferent. The method of persistent entropy can be simplified to represent a class of gait
features with only three numbers, which greatly reduces the dimension of the sample and
significantly reduces the computation load during training.

In the problem of sample balancing, persistent entropy is used to strengthen the
discrimination between different classes of samples, which makes the distance between
different categories further. This avoids the blindness of the SMOTE algorithm in neighbor
selection to a certain extent, and makes the synthesized samples achieve a better training
effect. According to the misclassification of severity levels, there are some cases in which
normal people are recognized as patients, or low-level cases are identified as high-level
cases. This is because when there are too few training samples, the walking speed becomes
the most important feature. When the walking speed of the older normal or mild patients is
too slow, the learner will mistakenly classify them as a serious manifestation of the disease,
resulting in misclassification. When the number of training samples increases, this kind of
misclassification can be improved.

In summary, this paper proposed a few-shot learning method based on the measure-
ment of permutation-variable importance and topological-imprint persistent entropy. The
GRF was used as the basic data, Borderline-SMOTE was used as sample balancing method,
and SVM was used as a classifier to identify the grade of PD. The proposed method
achieved better results than when using original data. At the same time, the results of our
study also indicated the leading factors of the differences among disease grades, which
is valuable in further understanding the differential performance of different PD grades,
revealing the walking characteristics of PD patients, and guiding the targeted health care.
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Abstract: Functional magnetic resonance imaging (fMRI) is a commonly used method of brain
research. However, due to the complexity and particularity of the fMRI task, it is difficult to find
enough subjects, resulting in a small and, often, imbalanced dataset. A dataset with small samples
causes overfitting of the learning model, and the imbalance will make the model insensitive to the
minority class, which has been a problem in classification. It is of great significance to classify fMRI
data with small and imbalanced samples. In the present study, we propose a 3-step method on a
small and imbalanced fMRI dataset from a word-scene memory task. The steps of the method are
as follows: (1) An independent component analysis is performed to reduce the dimension of data;
(2) The synthetic minority oversampling technique is used to generate new samples of the minority
class to balance data; (3) A convolution-Gated Recurrent Unit (GRU) network is used to classify the
independent component signals, indicating whether the subjects are performing episodic memory
tasks. The accuracy of the proposed method is 72.2%, which improves the classification performance
compared with traditional classifiers such as support vector machines (SVM), logistic regression
(LGR), linear discriminant analysis (LDA) and k-nearest neighbor (KNN), and this study gives a
biomarker for evaluating the reactivation of episodic memory.

Keywords: functional magnetic resonance imaging; independent component analysis; deep learning;
recurrent neural network; functional connectivity; episodic memory; small sample learning

1. Introduction

Functional magnetic resonance imaging (fMRI) is a very effective non-invasive technique to study
brain functions. The commonly mentioned fMRI mainly refers to BOLD-fMRI, which relies on the
difference in the magnetization vector between oxyhemoglobin and deoxyhemoglobin to generate the
fMRI signal, thereby obtaining changes in cerebral hemodynamics [1]. Due to its excellent non-invasive
and high temporal and spatial resolution, fMRI method has become the most widely used method in
the brain function researches. fMRI can accurately and reliably locate the cortical area of specific brain
activity, which can be used to diagnose brain diseases. Another merit of fMRI is that it can track signal
changes in real time and obtain time series of brain activities [2]. Therefore, a large number of brain
science researchers began to study fMRI and introduced it to neuroscience field.

Through magnetic resonance imaging (MRI), researchers can get high-resolution anatomical
images. At the same time, the function phase obtained by fMRI technology includes the signal changes
over a period of time. After the brain function signals are obtained, the GLM model [3] can be used to
calculate the brain activation levels of the subjects, including the individual level and the group level.
The combination of anatomical images and function phases can reveal some patterns of human brain
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activities, such as the activation of the brain area [4], the degree of lateralization [5], etc. However,
most of the researchers focus on the obtained static images, and then get some qualitative patterns.
An adult brain has tens of billions of cells. The number of the obtained voxels will be different according
to the fMRI scanning interval. Taking the 3 mm scanning thickness as an example, the scanned
four-dimensional data also contain about 270,000 voxels. If we only use activation maps, the temporal
activity patterns of brain regions will be ignored, which cannot be accurately described by activation
maps alone. However, if the activation intensity value of each voxel is manually calculated and
observed, it is often difficult to achieve due to too much calculation and too many restricted conditions.

The application of machine learning algorithms alleviates the problems above. With the help of
machine learning algorithms, the problem of insufficient computing power for manual calculations has
been partly solved. Support vector machines (SVM) [6,7], random forest (RF) [8], logistic regression
(LGR) [9] and other classifiers are widely used in the classification of fMRI data. In addition to
classification, some machine learning methods have also been applied to other aspects of fMRI analysis.
In the past studies, sparse coding [10,11] proved to be a good tool to focus on the activity of certain brain
networks during tasks. Through the training of a large amount of data, the researchers obtained a lot of
activity patterns of different brain regions under specific tasks. Even so, for hundreds of thousands of
voxel signals in multiple brain regions, manual feature extraction is a very complicated work, although
various feature extraction methods have been proposed [12,13]. Due to the complexity of the working
mechanism of the human brain, it is difficult to say which extraction method is more appropriate for
specific fMRI tasks. Therefore, as a supplement to various feature extraction methods, the independent
component analysis (ICA) method was applied to the feature extraction of fMRI [14,15]. ICA assumes
that the obtained fMRI signal is the result of superposition of multiple independent signal sources
(spatially independent components). By blindly separating the fMRI signal, a spatially independent
component map is obtained, which enhances the spatial connection of features.

The introduction of complex learning networks such as Convolutional Neural Networks (CNN)
and Recurrent Neural Networks (RNN) [16,17] further increases the ability of fMRI data feature
extraction and processing. These deep learning algorithms can automatically extract features from
the input fMRI data to discover high-level information hidden in it. The CNN network convolves
each three-dimensional image in the fMRI time series through the designed convolution kernel,
which improves the comprehensive ability of the classifier to local information, so as to obtain relevant
features between brain regions. In fact, CNN is also very common in the electroencephalography (EEG)
process [18,19]. The RNN network is more focused on the correlation of data in time period, and the
data at the past time point are also taken into consideration, which just meets the needs of learning
fMRI data in time series. In addition to these two networks, some studies built a deep learning-based
feature representation with a stacked auto-encoder to extract complex nonlinear relations [20]. In fact,
these deep learning methods have indeed played a very important role in the data processing.

In the fMRI data acquisition process, the lack of subjects is a very common problem, which directly
leads to a small sample size of fMRI data. Moreover, in the design of fMRI tasks, the number of
different tasks is often inconsistent, which, at the same time, leads to the imbalance of fMRI data. As far
as classification is concerned, how to classify data with imbalanced small samples is an important
issue. Various data enhancement algorithms have been proposed to balance the data and expand
the dataset, thereby improving the learning effect of the classification model (in fact, down sampling
is also a usual strategy for balance data, but for data with a small sample size, the down sampling
method will reduce the sample size and increase the difficulty for learning algorithms). Random
oversampling is a simple and easy-to-use data balancing method, which can be achieved by random
copying of the samples from the minority class, and has a good performance in some disease diagnosis
applications [21]. However, random oversampling simply replicates samples from minority class,
and does not add any new information, which makes it perform poorly when the sample size is small.
In order to solve this problem, the synthetic minority oversampling technique (SMOTE) method was
proposed to add new samples to minority classes by synthesizing data [22], thereby improving the
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classification performance. Furthermore, the adaptive synthetic (ADASYN) method was proposed to
enhance the synthesis of minority classes at the boundary [23]. Many studies have shown that these
data balancing methods are effective [24–27].

In the task design of episodic memory, in order to ensure that the relevant brain regions are
activated in the memory task, the difficulty of the tasks is inevitably increased. In general, in order
to study the activation patterns of a certain brain area, multiple tasks with different contents and
different times are often designed in the experiments, which results in an imbalance in the classification
of data. If the learning algorithm is directly used to classify the brain states, there will be a very
serious overfitting. This study used a public fMRI dataset from Openneuro [28] based on multi-object
tracking memory tasks [29], which contains only 4 experimental stages, a total of 15 healthy subjects’
experimental data. There is an imbalance in the number of samples between the two tasks. The ICA
method is used to separate spatially independent components of the preprocessed data to reduce the
dimension. The SMOTE algorithm is used to balance the training samples. The CNN network is used
to extract relevant features, and the Gated Recurrent Unit (GRU) network [30] is used as a classifier to
classify the experimental tasks to study whether the subjects carry out the episodic memory task will
cause significant changes in the physiological state of the brain. It can help us explore the patterns of
brain activities under different tasks, and it can also play an auxiliary role in the design of fMRI tasks.

2. Materials and Methods

2.1. Subjects and Dataset

The experiment involved 24 healthy subjects, all right-handed, 16 females, 8 males, aged 18–25
years old, with normal language, visual and auditory abilities, and no mental illness. Excluding one
that was too active during the scanning process, a total of 23 subjects’ data remained. However, due to
data corruption in the public data set, only 15 subjects’ data remain available.

The fMRI data scanning process was carried out at Princeton University, using a 3 Tesla whole-body
Skyra MRI system (Siemens, Erlangen, Germany). The anatomical phase was collected by T1-weighted
sequence, the voxel size was 1 mm× 1 mm× 1 mm, repetition time (TR)= 2530 ms; echo time (TE)= 3.37 ms,
field of view (FOV) = 256 mm; 256 × 256 matrix. The functional phase is collected by T2 *-weighted
echo-planar image (EPI), the voxel size is 3 mm × 3 mm × 3.9 mm, FOV = 192 mm; 64 × 64 matrix;
TR = 2000 ms; TE = 33.0 ms.

2.2. Word Scene Experiment

The whole experiment is divided into six stages, and the public dataset contains fMRI data from
the third stage to the sixth stage. This article mainly studies the data from the fifth stage.

Before the fifth stage of the experiment, all the subjects learned 30 word-scene pairs and performed
a memory test to ensure that the subjects remembered these pairs. At the same time, in order to disturb
the memory of the subjects, before the fifth stage, each subject was displayed with 16 lure words.
These words were not matched with the scene pictures. When the subjects were familiar with these
lure words, these words were used as a lure set in the fifth stage. In addition, these subjects also carried
out multiple-object tracking (MOT) tasks in advance in order to familiarize themselves with the tasks
in the fifth stage.

The main task of the fifth phase experiment is that the subjects recall the scenes associated with
the words while performing the target tracking task. In the MOT task, the subjects will see 10 random
points that do not overlap with each other on a black background, where the target point is red and
the non-target point is green (in the case of multi-target tracking, there are five target point; there is
only one target point for single target tracking). In addition, there is a white cross in the center of
the screen. These points will be presented to the subjects for two seconds, after which all points will
turn green and begin to move. Participants were asked to continuously track the originally red target
point within 18 s. In addition, the fixed cross in the center is replaced by a word (which may or may
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not be a word of the word scene pair) in white with a small white dot in the center. Subjects need to
recall the scene paired with the word in as much detail as possible. Every five seconds, the center
white dot will turn red. At that time, the subject needs to rate the specific degree of the scene he
imagined. When the MOT task ends, all the points stop moving, and one of them is displayed in white.
Subjects need to press the button to answer whether the white point was originally a target point or a
non-target point. After three seconds, the subjects received one second of feedback, indicating whether
the answer was correct or not. Finally, in order to disturb the imagination of the scene image after
the experiment, the subjects needed to complete two calculation tasks. The sum of two numbers was
displayed on the screen for 1.9 s. Subjects needed to press the button to answer whether the sum of the
two numbers was odd or even. The text is displayed in white. When the subject answers correctly,
the text is displayed in green; when the answer is incorrect, the text is displayed in red. The interval
between the two calculation tests is 0.1s. After the two tests, the screen is fixed for 4 s before the next
MOT task starts. The total time of each task is 32 s.

A total of 25 tasks were performed in each scan, of which there were ten single target tracking
tasks with words from word-scene pairs (named as targ_easy), ten multiple target tracking tasks with
words from word-scene pairs (named as targ_hard), and five multi-target tracking tasks with lure
words (named as lure_hard). The order of tasks is random. In the fifth stage, three fMRI scans were
performed, resulting in a total of 75 tasks.

2.3. Data Analysis

Figure 1 shows the data processing framework of this study. A total of 15 subjects, 3 sessions,
and 45 fMRI data are used. The fMRI data are preprocessed, and the spatially independent components
of fMRI data and the functional connectivity (FNC) matrix between each brain area are calculated
respectively. The SMOTE algorithm is used to enhance the training set data, and the enhanced data are
used as input to train the classifier, and the performance of the classifier is compared.

Figure 1. The data processing framework of this study is divided into two parts: data preprocessing
and classification. In the data preprocessing, the standard preprocessing process of functional magnetic
resonance imaging (fMRI) is used. In data classification, independent component analysis (ICA)
and Pearson correlation coefficients are performed on the processed data respectively to obtain
independent component (IC) time courses and functional connectivity (FNC) matrix. After data
balancing, the convolution-Gated Recurrent Unit (GRU) network and the traditional classifier are used
for classification and the performance is compared.

2.3.1. Pre-Processing

In this study, SPM12 [31] is used to preprocess the data (including slice timing, realign, coregister,
normalize and smooth). First slice-timing is performed to correct the time point of each brain slice,
and then the realign step is performed to correct the head movement of the subject. In order to locate
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the points of the functional image on the anatomical image with higher resolution, the ‘coregister’
method is performed, and then, each image of the subject is normalized to the MNI standard brain
space. The voxel size is resliced to 3mm × 3mm × 3mm, and image data containing 61 × 73 × 61 voxels
are obtained. Finally, in order to reduce noise and improve the signal-to-noise ratio, spatial smoothing
filtering is performed on the data.

After pre-processing, in order to obtain the data of each multi-target tracking task, the fMRI data
of each session need to be segmented. The entire scan lasts 810 s and contains 25 MOT tasks. Although
the duration of each task is 32 s, considering that there are many processes that are not related to the
MOT task (such as the fixed time of 2 s at the beginning, the calculation test, etc.), It may reduce the
classification effect of the classifier, so we choose 4–18 s fMRI data of each task for training. Note that
the start time of the first task is the 26 th second, and the scan time of the last task is insufficient,
so these two pieces of data are discarded, and finally a total of 1080 data are left for use.

2.3.2. Functional Connectivity

Functional Connectivity is a common study point in brain researches, and some past studies
reported FNC to be a good tool in disease analysis [32]. In this study, the AAL90 template [33] is used
to divide the preprocessed data into 90 regions. We average the time series of all voxels in each area,
and use the average time series as the signal of the area. In order to obtain the correlation between the
signals of each brain region, the Pearson correlation coefficient is calculated on the time series of each
two brain regions:

ρX,Y =
Cov(X, Y)
σXσY

=
E((X − μX)(Y − μY))

σXσY
(1)

μX is the mean value of the signal of region X, σX is the standard deviation of the signal of region
X. The range of ρX,Y is −1 ≤ ρX,Y ≤ 1. When 0 < ρX,Y ≤ 1, it indicates that the two sets of signals have the
trend to be positively correlated, and the greater the ρX,Y, the stronger the relationship between the two
signals. When ρX,Y = 1, the trend of the two signals is almost the same; when −1 ≤ ρX,Y < 0, it means
that the two signals have the trend to be negatively correlated, and the smaller the value, the stronger
the negative correlation. When ρX,Y = −1, the trend of the signals is completely opposite. In particular,
when ρX,Y = 0, it is generally considered that the signals are not related. After the calculation above,
a 90 * 90 FNC matrix is obtained, as shown in Figure 2. Then, these FNC matrices will be input into the
traditional classifier as features for classification.

Figure 2. The FNC matrix of three tasks performed by a subject. (a) The FNC matrix of a single target
tracking task with word from word-scene pairs. (b) The FNC matrix of a multiple target tracking task
with lure word. (c) The FNC matrix of a multiple target tracking task with word from word-scene pairs.
It should be noted that these three pictures only represent the functional connectivity of a certain task,
but not the overall situation.

2.3.3. Independent Component Analysis

Independent component analysis is a method of extracting independent features (or independent
signal sources) from data. In ICA, a basic assumption is that the observed data can be viewed as a
linear superposition of multiple different independent components (or signal sources). Assuming that
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G = [g1, g2, . . . gn]
T is the observed signal, according to the previous assumption, there are independent

signal sources S = [s1, s2, . . . , sm]
T that satisfy:

G = AS (2)

where A is a matrix of n×m (usually full rank), and the goal of ICA is to estimate a decomposition
matrix B such that:

Ŝ = BG (3)

where Ŝ is the best estimate of independent signal source S.
For fMRI signals, spatial ICA is often used to extract spatial features, which can extract time-series

data of non-overlapping brain regions in space. In this study, the GIG-ICA method in the group ICA
toolbox [34] (GIFT, http://mialab.mrn.org/software/gift) is used to analyze the pre-processed fMRI data
of all subjects. Thirty-nine independent components are obtained at first. After manually removing
artifacts unrelated to the experiment and signals from unrelated brain regions, 24 spatial independent
components are finally obtained (shown Figure 3), as which greatly reduced the computational cost
compared to using whole brain fMRI data directly.

Figure 3. The results of ICA of fMRI and removal of noise and artifacts. After performing ICA, a total
of 39 independent components that do not overlap in space are obtained. After manually removing
14 noises and artifacts, the 25 independent components shown in the figure are finally obtained and
used as input to the classifiers.

2.3.4. Data Oversampling

As introduced in the procedure, the MOT tasks are divided into three categories, namely: targ_easy,
targ_hard, and lure_hard. In each scan, there are 10 targ_easy tasks, 10 targ_hard tasks, and 5 lure_hard
tasks. Considering that the most significant difference between the three tasks is whether the word is
from the word-scene pairs, so the data are divided into two categories, namely the target class and the
lure class. Obviously, there is a serious imbalance in the number of samples of the two sets of data.
As the majority class, the size of target class is three times that of the minority class. If the data are
directly input into the classifier, it will make the classifier learn too much of the majority class data.
If the data are directly input into the classifier, the test results will also be biased to the majority class,
which is very disadvantageous for the training of the classifier. In order to balance the number of
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training samples of the two categories, this study used Synthetic Minority Oversampling Technique
(SMOTE) to balance the data set.

The basic idea of the SMOTE method is to use samples from the minority class to synthesize
new samples and add them to the data set, so that the number of samples is balanced. The process of
SMOTE algorithm is as follows:

1. First define a feature space and project all samples as points in this feature space. Then determine
the sampling ratio according to the sample ratio of the majority class and the minority class.

2. For each minority sample (x, y), find K samples closest to this sample according to the Euclidean
distance, randomly select one (xn, yn) from the K samples, and construct a new one as follows:

(xnew, ynew ) = (x, y) + rand(0, 1) · ((xn − x), (yn − y)) (4)

That is, randomly select a point on the line between the sample (x, y) and the nearest neighbor
sample (xn, yn) as the new minority sample.

3. Repeat the above steps until the sample size is balanced.

After processed by the SMOTE method, the number of samples of the two classes is balanced and
can be used to train the classifier in the subsequent steps. It should be noted that, in order to ensure the
objectivity of the experimental method, this study only performs the SMOTE method on the training
set, and the test set remains unchanged.

In addition to SMOTE, there are two other data oversampling methods that are also commonly
used: the random oversampling method and the adaptive synthetic (ADASYN) method. The random
oversampling method is easy to implement. Its principle is to randomly sample the minority samples
to increase the number of minority samples. The ADASYN method is similar to SMOTE, and its basic
process is as follows:

1. Calculate the degree of imbalance between the two classes:

p =
ns

nl
(5)

where ns is the sample number of the minority class and nl is the sample number of the majority
class. When p is less than the tolerance threshold, the oversampling process begins.

2. Calculate the number of samples to be synthesized:

M = (nl − ns) · β (6)

β ∈ [0, 1] is the generation ratio, when β is 1, the number of the majority class and the balanced
minority class are the same.

3. For each sample of the minority class, the K nearest neighbor is calculated according to the
calculated Euclidean distance, and the ratio of the majority class ri is calculated. Obviously,
ri ∈ [0, 1].

4. Standardize ri:

r̂i =
ri

ns∑

k=1
rk

(7)

5. Calculate the number of new samples that need to be generated for each minority sample:

gi = r̂i ·M (8)

6. Generate new data in the same way as the second step of the SMOTE method until the quantity
meets the requirements.
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In order to test the effect of different data balancing methods on the classifier, this study also
processed the training set using random oversampling and the ADASYN method, and compared the
classification performances of the classifier.

2.3.5. Convolution-GRU Network

The structure of the Convolution-GRU network used in this study is shown in the Figure 4.
The entire network consists of four 2-dimensional convolutional layers with convolution kernels of
different sizes (3 × 6, 5 × 6, 7 × 6, 9 × 6), a LeakyReLU layer, 2 gate recurrent units (GRU), a global
average pooling layer and 2 fully connected layers.

Figure 4. The basic structure of the convolution-GRU model is to combine the spatial features obtained
by convolution at four different time scales and send them to the GRU to learn the temporal features.
Considering that negative values may appear in the process of convolution, the LeakyRelu layer is
selected to ensure the learning of parameters. It should be noted that the number before the @ sign in
this figure means the number of the channels of the convolution kernel.

First, in order to extract the spatial features in different time periods from the data (the extraction
of temporal features is mainly carried out in GRU), 4 different scale convolution kernels are selected, in
order to maintain the same length of the time series, padding is done in the direction of the time axis.
After convolution, the data pass through the LeakyRelu layer and are concatenated together to form a
7 (TRs) * 320 (features) feature map, which will then be input into the GRU.

RNN has become one of the most commonly used time series artificial neural networks with its
excellent time feature extraction ability. As a variant of LSTM network, GRU has similar performance
to LSTM network, but it is easier to calculate than LSTM. In this study, two GRU models [14] with
different hidden nodes connected in a feed-forward manner are used to extract high-dimensional time
features from IC data. The feature map obtained in the previous step is first input into a GRU network
with 180 hidden nodes, then the output of this GRU is concatenated with the previous feature map as
the input of the GRU network with 64 hidden nodes.

Considering that the classifier used in this study is to classify the tasks performed by the subjects,
the features of the brain activity of the subjects during the tasks are more valuable than the features
at a single time point. Therefore, the output of the GRU network will go through a global average
pooling layer to average the output on the entire time axis, instead of extracting only the output at the
last time point to obtain a 64-dimensional feature vector. Finally, the feature vector passes through two
fully connected layers to obtain the final binary classification result.
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2.3.6. Statistic

In this study, we use 5 scores to evaluate the performance of the classifier; namely accuracy,
majority (the large class) precision rate (LP), majority recall rate (LR), minority (the small class) precision
rate (SP), and minority recall rate (SR). The calculation methods of precision rate (P) and recall rate (R)
are as follows:

P =
TP

TP + FP
, R =

TP
TP + FN

(9)

Among them TP, FP, TN, FN represent true positive, false positive, true negative, false negative.
True and false indicate whether the classification is correct, positive and negative indicate whether
the sample belongs to the positive or negative class, LP, LR, SP, SR are the results obtained when the
majority class and the minority class are used as the positive class, respectively. It should be noted that
the accuracy score is defined as follows:

accuracy =
ncorrect

nall
(10)

ncorrect is the number of the samples which are classified correctly by the classifier and nall is the
number of the whole samples.

3. Results

3.1. Convolution-GRU Classification

The training and classification of the classifier in this study are completed on a laptop computer,
including an Intel (R) Core (TM) i7-9750H@ 2.60GHz, 6 CPU cores and an NVIDIA GeForce GTX
1660 Ti 6.0GB GPU, and 8.0 GB memory, the classification model used are all written in Python 3.8
environment using Pytorch 1.4.0 and Sklearn 0.22.2 under Windows 10. In order to compare with the
classification performance of convolution-GRU classifier, we also trained four traditional classifiers
(SVM (C = 0.01), k-nearest neighbor (KNN)(n_neighbors = 2), linear discriminant analysis (LDA)
(solver = ‘lsqr’), LGR) and CNN and GRU networks. It should be noted that we have used independent
component data to train these classifiers, but FNC data have no time series features, so only four
traditional classifiers and CNN networks have been trained. Considering that the size of the data is
small, 90% of the data set is used as the training set and 10% is used as the test set to allow the classifier
to learn more information, and the model is tested using 10-fold cross validation.

During the training of the convolution-GRU network, the batch size is set to 64, and we used the
Adam optimizer to reduce the cross-entropy loss of the model. The initial value of the learning rate is
set to 0.01, and the learning rate is adjusted using the ReduceLROnPlateau method, that is, when the
decrease in three consecutive training losses is not less than a certain threshold, the learning rate is
reduced to half, and the threshold is set to 0.001.

Figure 5 and Table 1 show the classification performance of seven classification methods
using independent component time series as training data in this study. Classification using the
convolution-GRU network resulted in a classification accuracy of 72.2 ± 2.9%, while using traditional
classifiers (LDA, KNN, LGR, SVM) to classify time series of independent components yielded poor
results. SVM gives the best performance in the traditional classifiers which achieved 63.2 ± 4.4%.
It indicates that the convolution-GRU network used in this study has achieved a large improvement in
classification accuracy. In terms of the precision and recall of the two classes, the convolution-GRU
model has achieved the best classification effect of the majority class, and the precision of the minority
class has also reached 26.7 ± 6%. While the precision of the majority class of the traditional classifier
is comparable to that of the deep learning model, the recall of the majority class is lower, and the
best performing SVM reaches only 70.9 ± 5.0%. This indicates that the convolution-GRU model has
fully learned the features of the majority class. For minority class, traditional classifiers often have a
higher recall rate, but the precision rate is the same or lower than some simple deep learning models,
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while the minority class precision rate of the convolution-GRU model reached 26.7 ± 6.1%, which
shows that this model can reduce the probability that samples from majority class are misclassified,
thereby improving the credibility of the classification results. For deep learning models, when CNN,
GRU, or convolution-single GRU models are used for classification, the performance of the majority
class is similar to the convolution-GRU model, but the performance of the minority class is poor.

Figure 5. Classification results using independent component time series. Convolution-GRU achieved
the highest classification accuracy rate of 72.2%, while traditional classifiers performed poorly, and none
exceeded 65%. Deep learning models performed similarly in the majority class, however, convolution-GRU
performed best in the minority class.

Table 1. Performance of the methods in IC classification.

Methods ACC LP LR SP SR

LDA 0.5935 (0.0475) 0.8046 (0.0316) 0.6494 (0.0423) 0.2103 (0.0577) 0.3701 (0.0972)
KNN 0.4463 (0.0581) 0.8127 (0.0515) 0.3980 (0.0624) 0.2109 (0.0327) 0.6400 (0.0924)
LGR 0.5870 (0.0439) 0.7975 (0.0296) 0.6482 (0.0425) 0.1961 (0.0519) 0.3422 (0.0954)
SVM 0.6324 (0.0440) 0.8075 (0.0234) 0.7094 (0.0503) 0.2189 (0.0590) 0.3238 (0.0908)
CNN 0.6972 (0.0234) 0.8014 (0.0108) 0.8264 (0.0300) 0.2048 (0.0547) 0.1803 (0.0566)
GRU 0.7019 (0.0353) 0.7979 (0.0186) 0.8403 (0.0424) 0.1873 (0.0749) 0.1494 (0.0774)

C-sGRU 0.7093 (0.0302) 0.8018 (0.0175) 0.8460 (0.0350) 0.2024 (0.0945) 0.1617 (0.0924)
C-GRU 0.7222 (0.0290) 0.8127 (0.0146) 0.8484 (0.0372) 0.2670 (0.0609) 0.2182 (0.0640)

CNN: The convolutional layer of CNN used here is the same as the convolutional layer used in convolution-GRU.
C-sGRU: convolution-single GRU, only one layer of GRU is used for classification after the convolutional layer.
GRU: Use only GRU to classify time courses of independent components. It should be noted that the bold numbers
in all tables in the paper indicate higher values in the column.

Considering that LP, LR, SP, and SR have different levels in each classifier, this article uses weighted
F1 values to integrate these types of index to form a comprehensive index to evaluate the classifier
used in this study. In the case of imbalanced sample sizes, the weighted F1 score can objectively
evaluate the performance of the classifier compared to other scores. In fact, many studies have used
this indicator [35,36]. The calculation method of the weighted F1 value is as follows:

weighted_F1 =
2

1
LP + 1

LR

· nl
nl + ns

+
2

1
SP + 1

SR

· ns

nl + ns
(11)
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The calculated weighted F1 score of each classifier is shown in Table 2. It can be seen that under
the weighted F1 score standard, the deep learning model still has great advantages over traditional
classifiers. The weighted F1 value of the convolution-GRU network used in this paper reaches 0.6827,
while the weighted F1 score of the KNN model is only 0.4801, which is also consistent with our
previous analysis.

Table 2. Weighted F1 of the methods in IC classification.

Methods Weighted F1

LDA 0.6061
KNN 0.4801
LGR 0.5987
SVM 0.6318
CNN 0.6582
GRU 0.6555

C-sGRU 0.6624
C-GRU 0.6827

Since we want to evaluate the comprehensive performance of the classifier, here we directly use the average of the
precision and recall of the classifier to calculate the weighted F1 score. It can be seen from the table that the deep
learning model still has great advantages over the traditional model.

3.2. Comparison of Different Oversampling Strategy

In order to compare the influence of different data balancing methods on the classification
performance, we used three methods, random oversampling, SMOTE, and ADASYN, to balance the
training set, and trained the convolution-GRU model. The classification results are shown in Table 3.
It can be seen that the accuracy of the classifier is basically consistent under the three data balancing
methods. The difference between the three methods is mainly reflected in the performance of the
classification of minority data. As can be seen from the table, the data processed by the SMOTE method
perform significantly better than the random oversampling method and the ADASYN method in
minority class, and the precision and recall rates are the highest of the three methods. This shows that
the data generated by SMOTE match the distribution of the original data more than the other two
commonly used data balancing methods.

Table 3. Performance of different oversampling strategy.

Methods ACC LP LR SP SR

RO 0.7046 (0.0489) 0.7977 (0.0166) 0.8450 (0.0668) 0.1939 (0.0831) 0.1435 (0.0841)
SMOTE 0.7222 (0.0290) 0.8127 (0.0146) 0.8484 (0.0372) 0.2670 (0.0609) 0.2182 (0.0640)

ADASYN 0.7157 (0.0259) 0.8031 (0.0124) 0.8542 (0.0297) 0.2157 (0.0657) 0.1617 (0.0613)

RO: Random Oversampling. Random oversampling, SMOTE, and ADASYN are common data balancing methods.
In this study, these three methods are used to balance the data, and the classification performance of convolution-GRU
is compared. It can be seen that the SMOTE method performs better than the other two methods in the accuracy of
the minority class. It should be noted that all the three balancing methods are used in default parameters.

3.3. Classification of Using FNC Data

In addition to the ICA of the original data, we used the AAL90 template to obtain the FNC matrix
of the subjects when performing the task. In order to compare with the classification results using
independent component time series data for classification, we also used the FNC matrix as input
to train the classifier. It should be noted that, because the FNC matrix we calculated is static data,
not time series, no model containing GRU is selected for training. As shown in Table 4 and Figure 6,
when using the CNN model for classification, the highest classification accuracy rate is achieved,
reaching 71.4 ± 3.6%, but the recall rate of the minority class is poor, only 11.1 ± 4.7%, very unstable.
LDA and KNN in traditional classifiers perform badly. These two classifiers are too biased to divide
the data into the minority class, which makes the classification performance of the majority class worse.
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The performance of LGR and SVM is more balanced. Although the accuracy and performance of most
classes are not as good as the CNN model, they perform better in a few classes. Similarly, here also
gives the weighted F1 value of each classifier when using FNC data for classification, as shown in
Table 5. The deep learning model represented by CNN still maintains its advantage, reaching 0.6558,
while the weighted F1 value of the KNN model is only 0.2716, which is the worst performance.

Table 4. Performance of the methods in FNC classification.

Methods ACC LP LR SP SR

LDA 0.4602 (0.2284) 0.7033 (0.2649) 0.4208 (0.3646) 0.2059 (0.0803) 0.6229 (0.3296)
KNN 0.2935 (0.0361) 0.8348 (0.0878) 0.1482 (0.0448) 0.2043 (0.0175) 0.8749 (0.0816)
LGR 0.6889 (0.0278) 0.8052 (0.0166) 0.8068 (0.0331) 0.2174 (0.0782) 0.2171 (0.0878)
SVM 0.6315 (0.0630) 0.7980 (0.0174) 0.7209 (0.0920) 0.2003 (0.0361) 0.2729 (0.0856)
CNN 0.7139 (0.0362) 0.7954 (0.0111) 0.8648 (0.0458) 0.1794 (0.0832) 0.1110 (0.0472)

The CNN model used here contains two convolutional layers with a convolution kernel size of 3 × 3. In addition to
LeakyRelu, a maximum pooling layer of size 4 × 4 is also used.

Figure 6. Classification results using FNC matrix. Using the data of the subjects in the multi-object
tracking (MOT) task to calculate the Pearson correlation coefficient to obtain the FNC matrix which is
used as the input of the classifier. Since the FNC matrix itself is not a time course, so we chose CNN as
the representative of the deep learning model for classification.

Table 5. Weighted F1 of the methods in FNC classification.

Methods Weighted F1

LDA 0.4723
KNN 0.2716
LGR 0.6588
SVM 0.6259
CNN 0.6558

In order to compare the performance of the classifiers when using FNC data for classification, the weighted F1 score
is also calculated. CNN and LGR model achieved the highest weighted F1 score.

In general, when using FNC as the input training classifier for classification, the three methods,
LGR, SVM, and CNN, all have good performance in terms of accuracy, but the CNN method is too
biased towards the learning of the majority class, resulting in the performance of the minority class is
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poor. The SVM and LGR methods, although the accuracy is slightly lower, the performance is relatively
balanced, which shows that in the classification of FNC data, the traditional classifier represented by
SVM and LGR has more advantages. In addition, if we compare Table 1 with Table 4, we will find that
for traditional models, LDA and KNN methods perform poorly on both data, while LGR performs
better on FNC data, and the classification performance of SVM method on the two types of data
are similar. For deep learning models, since independent component time series data has temporal
features in addition to spatial features, the use of convolution-GRU network can comprehensively
learn two features to achieve a better classification effect than using CNN alone. Comparing Table 2
with Table 5, it can be found that in the classification task of this study, deep learning models have
better classification performance, while most traditional classifiers perform poorly. On the one hand,
this shows that the deep learning model is more suitable for the classification task of this study than
the traditional classification model. On the other hand, it also shows that the data used in this study
have a high nonlinearity and are not suitable for classification with a linear classifier.

4. Discussion

For a long time, the classification of data with a small and imbalanced sample size has been
a troublesome problem, which is especially true for fMRI data. In this study, in order to solve the
problem of small and imbalanced fMRI data, we proposed a three-step method. First, the ICA method
is used to reduce the dimension of the data, and then the SMOTE method is used to generate the
samples of the minority class to balance the number of samples. Finally, the convolution-GRU model
is used and achieves an accuracy score of 72.2%. In this section, we mainly discuss the following three
points: (1) The reason why the convolution-GRU method is more suitable for the fMRI data; (2) The
influence of MOT task and data division on classification performance; (3) The relationship between
ICA results and episodic memory studies.

In the classification of the public dataset used in this experiment, considering that too complex
models may reduce the learning effect of small sample data, we used traditional classifiers such as
LGR and SVM instead of CNN at first. However, as shown in the previous results, the traditional
classifiers perform poorly on the fMRI data used in this study. It is because the feature dimension in
this study is high and the nonlinearity is strong. SVM, LGR, LDA and other classifiers are essentially
linear classifiers, which require a higher degree of linear separability of data. If they are used to
classify high-dimensional nonlinear data, the effect will be reduced. Although the KNN method has no
assumptions about the data and can be used for nonlinear classification, it is more sensitive to the size
of the data and the degree of imbalance between the data, resulting a poor performance in classification.
For these reasons, this study used ICA to reduce the dimension of the original data, and then used the
SMOTE method to balance the number of two classes of samples. Finally, a convolution-GRU classifier
is used to comprehensively learn the temporal and spatial features of the independent components
of the data. While improving the classification performance of the majority class, the classification
accuracy of the minority class is guaranteed. In addition, in this study, the FNC matrix is used as an
input for classification, but since the FNC matrix does not contain temporal features, the classification
performance is not as good as when independent components are used as training data.

As can be seen from the classification results, although the classification performance of the
convolution-GRU classifier is better compared to traditional classifiers, the performance of the minority
class is not as good as that of the majority class. On the one hand, it is due to the small sample size of
the data used in this study and the high degree of non-linearity of the data. The dataset we used in
this study comes from only 15 subjects, and due to the task design, the sample sizes of two classes
are imbalanced. The random oversampling method only gives the random copies of the minority
class, which means it cannot give more information about the class. The basic opinion of SMOTE and
ADASYN is to generate new samples based on the Euclidean distance, when the data size is adequate,
the two methods have enough chance to mix the samples from the minority class and generate new
ones. However, for the fMRI data in this study, the lack of data makes the problem of the minority
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class more serious. The generated data are easier to be influenced by the noise and individual bias.
We think it is an important reason why there is a high difference between the classification of the
majority and minority class. On the other hand, it is also related to the task. The data used in this
study come from an episodic memory experiment. Using the words from word-scene pairs to do
multi-target MOT and single-target MOT tasks ten times each, and only performing multi-target MOT
tasks five times for the lure words, this caused an imbalance between the two types of data. In addition,
too complex tasks are also one of the reasons for the small distinction between the two task states.
The difficulty of the MOT task is increased in the task, which makes the subjects pay more attention
to the target tracking situation of the MOT rather than the recall of the scene when completing the
task. The design of the task adopts the block design method, and there is no long resting state between
different tasks. This makes the brain activation state of the subject between tasks affect each other,
resulting in a smaller degree of discrimination and an increasing of the difficulty in classification.
However, this does not mean that the brain state of the subjects is the same when doing two types of
task. In fact, in the process of cross-validation, we have also observed several ideal classification effects.
The 10-fold cross-validation used to evaluate the performance of the classifiers in this study also reflects
the influence of data partitioning on the performance of the classifiers. In order to study this effect,
this study further conducted 500 cross-validations on the convolution-GRU network, and obtained the
classifier performance that changed with different data division conditions, as shown in the Figure 7.
It can be seen that as the data division continues to change, the performance of the classifier also
fluctuates. That means, there are some cases where some samples from the minority class data that are
more clearly distinguished from the majority class samples are divided into the training set, making the
classifier learns more unique features of the minority class and improves the classification performance.

Figure 7. The result of 500 cross-validations on the convolution-GRU network. It should be noted
that we are still performing 10-fold cross-validation, so 500 cross-validation is actually 50 rounds of
10-fold cross-validation. The changes in classification performance are almost entirely derived from
data division and classifier parameter initialization.

The purpose of this study is to classify the fMRI data of subjects in different task states. The biggest
difference between the two categories of tasks is whether the words shown to the subjects are the words
in the word-scene pairs they memorized in the previous stages. Subjects associated the given words
with the scene in the pre-stage of the task and memorized this association. Obviously, the memory
of the word-scene pairs constitutes a simple episodic memory. In a successful retrieval process of
episodic memory, when the test word is shown, the subjects will soon be familiar with the word and
remember the scene associated with the word and even the other detail of the word-scene learning
session. Therefore, the classification of the fMRI data of the two tasks in this study is actually to
distinguish whether the tasks performed by the subjects caused the retrieval process of episodic
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memory. Some past studies have shown that the recall process of episodic memory is related to the
ventral parietal cortex [37,38]. There are also some studies show that the prefrontal lobe is also involved
in the recall behavior of memory [39]. Compared to unsuccessful recall process, the neural activities
of the “core recollection network” [40], which includes left angular gyrus, posterior cingulate cortex,
medial prefrontal cortex, hippocampus, and parahippocampal cortex, are reported to be greater in
successful recall process [39]. Similar results are observed in the ICA results of fMRI in this study,
which shows that the task design of the word-scene pair successfully caused the recall process of
the subject’s episodic memory. The ICA is proven to be a good tool to study the patterns of brain
activities [15]. From past studies, we can learn the patterns indirectly by the weight of feature in
classifiers, or some statistical methods, while the ICA gives us a chance to study the independent
components in brain activities directly and can be combined with classification methods. However,
in addition to the recall of the word-scene pairs, the MOT task is also introduced. This task is used
as an interference task, which will compete with the activation of the episodic memory for visual
resources and will interfere with the recall process. We think this is also the reason why the two tasks
are difficult to distinguish.

In summary, this study proposes a convolutional GRU neural network based on the SMOTE method
to classify small and imbalanced fMRI data from the episodic memory task with MOT, which obtained
a better performance compared to traditional classifiers. At the same time, the classification results in
this study also reflect whether there is a significant difference in the activation of relevant areas of the
brain when the subjects perform the episodic memory task. This helps us to further understand the
changes in the state of brain when people are intermittently performing the recall process of episodic
memory, which has played a guiding role in the design of episodic memory-related experiments.
It further reveals the operating mechanism of the memory function of the human brain under complex
and diverse task environments and task conditions.
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Abstract: Acoustic shadows are common artifacts in medical ultrasound imaging. The shadows
are caused by objects that reflect ultrasound such as bones, and they are shown as dark areas in
ultrasound images. Detecting such shadows is crucial for assessing the quality of images. This will
be a pre-processing for further image processing or recognition aiming computer-aided diagnosis.
In this paper, we propose an auto-encoding structure that estimates the shadowed areas and their
intensities. The model once splits an input image into an estimated shadow image and an estimated
shadow-free image through its encoder and decoder. Then, it combines them to reconstruct the input.
By generating plausible synthetic shadows based on relatively coarse domain-specific knowledge on
ultrasound images, we can train the model using unlabeled data. If pixel-level labels of the shadows
are available, we also utilize them in a semi-supervised fashion. By experiments on ultrasound
images for fetal heart diagnosis, we show that our method achieved 0.720 in the DICE score and
outperformed conventional image processing methods and a segmentation method based on deep
neural networks. The capability of the proposed method on estimating the intensities of shadows
and the shadow-free images is also indicated through the experiments.

Keywords: ultrasound images; shadow detection; shadow estimation; deep learning; auto-encoders;
semi-supervised learning

1. Introduction

Ultrasound (US) imaging is a popular modality of medical imaging. It is the first
choice of diagnostic imaging because of these advantages: (i) it is noninvasive and has no
side effects like X-rays and computed tomography (CT), (ii) equipment for US is smaller
and cheaper than that of CT and magnetic resonance imaging (MRI), and (iii) it has higher
temporal resolution (typically around 10–100 frames per second [1]) than CT and MRI.
US imaging is used for a wide range of medical fields [1]; typically it is employed to
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examine superficial organs, intra-abdominal organs, hearts, and fetuses. On the other hand,
US imaging suffers from low spatial resolution (typically around 10 μm–1 mm [2]) and
artifacts. Resulting images are often very noisy, and small findings and structures can be
difficult to see.

To alleviate noise in US images and to support diagnosis, a number of technologies
have been proposed. Recent equipment for US imaging comes with several techniques
to improve the quality of US images [3]. For example, emitting sound waves from mul-
tiple different angles [4] and utilizing low-frequency bands that are hard to attenuate [5].
From the perspective of image processing, image enhancement methods have also been
proposed [6,7].

Despite these techniques, acoustic shadows [8] (hereinafter simply referred to as
shadows) that are common artifacts in US images are problematic. Shadows are shown
as dark areas in US images. They are mainly caused by bones and air which reflect or
absorb US emitted by probes. We cannot retrieve information of the areas that US does not
reach, and thus, the areas are dark and dimmed. In some senses, shadows can be features
for making a diagnosis; comet-tail artifact is known as a feature for finding gallstones [9],
for example. However, we focus on situations that we are interested in structures of the
organs such as fetal heart diagnosis. Because the regions of shadows have less information
than shadow-free areas, clinicians can hardly make the right diagnosis if target organs
are covered by shadows in such situations. Moreover, such shadows can degrade the
performance of the image recognition methods for US images [10–15] although they are
advancing lately with the rise of deep neural networks (DNNs) [16]. The only way to
fundamentally avoid shadows is to move the probes so that the sound waves do not run
into the obstacles. Shadows are basically unavoidable, but detecting such shadows is
useful for assessing the quality of US images; whether the images can be used for diagnosis
or image recognition techniques. Especially, for computer-aided diagnosis systems that
detect structures such as [17], shadows can be critical for its performance. If shadows are
detected while the US images are taking, we can notify the examiners whether the quality
of the images is adequate or instruct them to retake the images if needed. Hence, shadows
themselves have almost no information, but detecting them is crucial.

In this paper, we propose a shadow estimation method based on auto-encoding
structures [18], a form of DNNs. The auto-encoding structures are constructed and trained
to encode input images to feature vectors, decode the feature into images of estimated
shadows and images of estimated shadow-free input, and then combine them to reconstruct
the input. The structures enable us to obtain estimated shadows and estimated clean
images at the same time. The primal target of the method is to estimate shadows, and
the estimated clean images are supplementary outputs. The method is trained to localize
shadows and estimate their intensity (or brightness) rather than just segmenting them as a
pixel-wise binary classification (i.e., segmentation). Estimating the intensity is novel and
motivated by the fact that shadows are often semi-transparent. By knowing the intensities
of shadows, we can ignore detected shadows if they have low intensities. Considering the
semi-transparency of shadows, labeling is quite difficult because the correct intensity of
shadows are unknown; even annotating binary labels is difficult because of the ambiguity
and variety of shadows. To address this problem, we introduce synthetic shadows as
pseudo labels. If the target and method of the examination are fixed (i.e., the domain of US
images is fixed), we can get to know the possible shapes of shadows. Based on the prior
knowledge, we generate and inject simulated shadows with random shapes and intensities
into the images and make the method learn them. In this way, shadows with any intensity
can be learned without giving labeled data. Additionally, we also utilize pixel-wise binary
labels if available in a semi-supervised fashion. An algorithm that estimates the intensity
of the labeled shadows is proposed and the labels are turned into semi-transparent ones.
We applied the proposed method to US images for fetal heart diagnosis and evaluated the
performance. As a segmentation method, our method outperformed previous methods
based on image processing in a situation without labels. Besides, in situations with labels,
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it achieved comparable performance against a reference segmentation method based on
DNNs. The effectiveness of the estimated shadow intensity was shown by the correlation
between the estimation and the brightness of the input. The quality of the estimated input
without shadows was also evaluated qualitatively.

2. Related Work

The necessity of detecting shadows in US images is known and methods that are based
on rather traditional image processing have been proposed [19,20]. In [19], procedures of
US image generation and the causes of shadows are modeled. The US images are analyzed
along the scanlines and shadows are detected as ruptures of brightness. Segmentation
based on random walks is employed in [20]. The idea of this method is that the upper
parts of the images are more reliable because the probes are close. The method basically
estimates confidence maps of US images but it can be considered as a shadow detection
method. This random walk method has been improved by focusing on shadows caused by
bones [21]. In recent years, DNN based methods have also been proposed and improved
detection performance [22,23]. Generally, DNNs require many labeled data to achieve
high performance but pixel-level labels of shadows are expensive. In [22,23], weakly
supervised learning is applied to resolve this problem. Assuming that the image-level
labels are low cost, many US images are annotated whether they have shadows or not.
They illustrated that shadows can be detected effectively by training DNNs using these
weakly labeled examples and a small amount of pixel-level annotated data. Since the
image-level labels are actually also expensive and difficult to collect due to ambiguity
and semi-transparency of shadows, in this study, we focus on utilizing unlabeled data
supported by coarse domain-specific knowledge. A combination of the traditional shadow
detecting method [19] and DNN based segmentation for US images is also proposed [24].
It shows that the segmentation results can be improved by knowing the presence of
shadows and it is important to detect shadow precisely.

Auto-encoders [18] are popular unsupervised learning methods for DNNs. They con-
sist of encoders and decoders, and the encoders compress an input into a latent vector and
the decoders reconstruct it to the input. In this way, DNNs can learn features of training
data like the principal component analysis [25]. Auto-encoding structures are simple,
but there are many variants and applications [26,27] thanks to DNNs’ high expression capa-
bility. Semi-supervised learning is one of the applications [27,28]. By efficiently extracting
features from much unlabeled data in an unsupervised manner, classification problems
are solved using a small amount of labeled data. Encoder-decoder structures, which are
constructed just like auto-encoders but do not reconstruct the input, are often used for seg-
mentation [29]. Especially, U-Net [30] is known as a standard method for medical images
and it is applied to US images as well [12,31]. Encoder-decoder structures can be employed
to generate images. For example, in [32], a two-way encoder-decoder structure generates
relighted photos that come with lighting with desired direction and color temperature.
It is trained in a supervised fashion to generate an intermediate shadow-free image and
prior image of the desired lighting and to combine them into a final relighted output. We
employ a similar structure for shadow estimation in US images, but we train it also as an
auto-encoder to effectively utilize unlabeled data.

3. Materials and Methods

In this section, we introduce a DNN that has an auto-encoding structure for estimating
US shadows and the datasets for evaluating the method. We describe the structure and
propose a training method with unlabeled data based on our preliminary work [33]. Then
the proposed method is extended to additionally use data with pixel-level labels in a
semi-supervised fashion.
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3.1. Datasets

We evaluate the performance of our method on US images of fetal heart diagnosis.
Data for the experiments were acquired in Showa University Hospital, Showa University
Toyosu Hospital, Showa University Fujigaoka Hospital, and Showa University Northern
Yokohama Hospital. All the experiments were conducted in accordance with the ethical
committee of each hospital. We collected 157 videos of 157 women who are 18–34 weeks
pregnant. All the data are taken by convex probes with fetal cardiac preset on Voluson E8
or E10 (GE Healthcare, Chicago, IL, USA).

We converted 107 of the videos into 37,378 images and used them as an unlabeled
dataset. From the remaining 50 videos, experts extracted 445 images with shadows and
annotated them at a pixel-level. Annotated 445 images were split into a training dataset
with 259 images, a validation dataset with 91 images, and a testing dataset with 95 images
(corresponding to 30, 12, and 8 videos, respectively).

3.2. Restricted Auto-Encoding Structure for Shadow Estimation

Let x ∈ [0, 1]H×W be an input grayscale US image with a size of H × W. Its brightness
is assumed to be normalized to [0, 1]. We introduce an encoder DNN E : [0, 1]H×W → Rm

and a decoder DNN D : Rm → [0, 1]H×W×2, where m is the number of dimensions of a
latent vector. Note that the decoder D outputs an image with two channels. An auto-
encoding procedure that reconstructs the input x into x̂ is defined as

x̂ = ŝ  ĉ, (1)

x̃ := D(E(x)), ŝ := x̃1, ĉ := x̃2, (2)

where , x̃i, ŝ and ĉ are element-wise product, the i-th channel of x̃, the estimated shadow
image, and the estimated clean image without shadows, respectively. For each element in
the estimated shadow ŝ, 1.0 means that no shadows expected in the pixel, and the lower
the value, the intensity of the estimated shadow is higher. Figure 1a shows the proposed
auto-encoding structure.

The reconstruction x̂ is given as Equation (1) because we assume that the input image
with shadows is generated as an element-wise product of an ideal shadow-free input image
and an image of semi-transparent shadows. This is different from the actual generation
process of US images but we model US images with shadows in this way for simplicity.

3.3. Training Using Unlabeled Data with Synthetic Shadows

Since the proposed model is based on auto-encoders, it is basically trained by mini-
mizing a reconstruction loss given as

Lrecon(x, x̂) :=
1

HW

H

∑
h=1

W

∑
w=1

(x̂hw − xhw)
2, (3)

which is also known as the mean squared error (MSE). Of course, we cannot make the
model split the input into the estimated shadow and the estimated clean image only by the
reconstruction loss. To address this, we introduce synthetic shadows and a loss function
that uses them as pseudo labels.

Annotating shadows is costly because the pixel-level label is expensive in the first
place, and additionally, shadows are ambiguous. It is difficult to make a standard for
labeling shadows that come in various intensities and are often blurred. However, the pos-
sible shapes of shadows are known when the domain is fixed; the target to be diagnosed
and equipment such as probes are set. Once the shapes are determined, we can generate
random plausible synthetic shadows in a rule-based manner. Then the synthetic shadows
can be injected into the input image and can be used as pseudo labels. In this study,
we focus on convex probes [1] that generate shadows shaped annular sectors. Details of
the algorithm for generating shadows are described in Appendix A.
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Figure 1. Overview of our shadow estimation method. (a) shows the proposed auto-encoding struc-
ture. (b,c) illustrate the learning process for unlabeled data and pixel-level labeled data, respectively.
For unlabeled data, the estimated shadow ŝ is compared to the synthetic shadow with respect to the
region that the synthetic shadow exists. For labeled data, the label is made semi-transparent based
on the estimated intensity of labeled shadows, and ŝ is compared to it.

Assuming that a synthetic shadow image s ∈ [0, 1]H×W is given, we inject it to an
input image x as follows;

x′ = x  s, (4)

and we use x′ as a new input to the model. A loss function for training the model to predict
shadows is defined as

Lsynth(s, ŝ) :=
1

HW

H

∑
h=1

W

∑
w=1

1[shw �= 1](ŝhw − shw)
2, (5)
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where 1[·] is a function that returns 1 when the condition is met and returns 0 otherwise.
Note that the loss Lsynth evaluates the area that the synthetic shadow exists. This is because
we do not know whether the original input already contains shadows. If the masking
term 1[shw �= 1] is omitted, the model learns the region without the synthetic shadow as
a shadow-free region regardless of the presence of real shadows. Thanks to the mask,
we can train the model to estimate the intensity of the synthetic shadow, but the whole
estimated shadow tends to be dark. To prevent the estimated shadow ŝ from being too
dark and to make the default output white, we also introduce an auxiliary regularization
loss defined as

Lsynthreg(ŝ) :=
1

HW

H

∑
h=1

W

∑
w=1

|ŝhw − 1|. (6)

A linear combination of the three losses introduced above is a loss for training with
unlabeled US images. That is, the loss function is given as

Lunlabeled(x, s, x̂, ŝ) := λreconLrecon(x, x̂) + λsynthLsynth(s, ŝ) + λsynthregLsynthreg(ŝ), (7)

where λrecon, λsynth, λsynthreg > 0 are hyperparameters that decide the weight of each loss.
This training procedure using unlabeled data and the synthetic shadows is illustrated in
Figure 1b.

3.4. Use of Pixel-Level Labels and Extension to Semi-Supervised Learning

Pixel-level labels for US shadows are expensive as mentioned above, but if available,
they can contribute to the improvement of the estimation performance. We assume that
we have some pixel-level labeled data which labels are binary; whether each pixel is in
shadows or not. Ideally, we expect labels that express semi-transparency of shadows but the
correct intensities of shadows are unknown even for experts. Hence, we introduce a method
to effectively utilize the binary labels for the proposed shadow estimation framework.

Let l ∈ {0, 1}H×W be a pixel-level binary label that represents where shadows exist.
For each element in l, 0 and 1 correspond to a shadowed pixel and a shadow-free pixel,
respectively. Recall that the proposed auto-encoding model is based on the idea: each
input US image is considered to be generated by an element-wise product of the ideal
shadow-free image and the shadow image. If the ideal shadow-free image x∗ for an input
x is available, we can calculate the intensity of the labeled shadow by

l∗hw :=

⎧⎨⎩
xhw
x∗hw

(lhw = 0)

1 (lhw = 1)
. (8)

However, x∗ is actually unknown. Here, we estimate x∗ as a mean brightness over the
shadow-free area that is written as

x̂∗ :=
1

∑i,j Mij

H

∑
i=1

W

∑
j=1

Mijxij, (9)

where M ∈ {0, 1}H×W is a mask that represents the region without shadows. The mask M
is given as

Mhw :=

{
1 (lhw = 1 and xhw > T)
0 (otherwise)

, (10)

where T ∈ [0, 1] is a given threshold to ignore almost completely black areas that have no
shadows. In US images, liquids are shown in black. By thresholding, we can reject such
areas and estimate x∗ more precisely. Besides, for simplicity and stability of the training,
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we assume that the intensity of each labeled shadow is constant. Hence, Equation (8) is
rewritten and the resulting label with the estimated intensity is

l′hw :=

⎧⎪⎨⎪⎩
1
x̂∗ · ∑z∈S(xhw)

z
|S(xhw)| (lhw = 0)

1 (lhw = 1)
, (11)

where S(xhw) is a subset of {xij}(i = 1, . . . , H, j = 1, . . . , W) that consists of xij inside the
shadow that contains xij. Calculation of l′ is summarized in Algorithm 1.

Algorithm 1 Estimation of shadow intensities using a pixel-level binary label.

Input: A US image x ∈ [0, 1]H×W , a pixel-level label of shadows l ∈ {0, 1}H×W , and a

threshold T.

Output: Semi-transparent label l′ ∈ [0, 1]H×W

1: M ← l  1[x > T]

2: x∗ ← 1
∑i,j Mij

∑H
i=1 ∑W

j=1 Mijxij

3: l′ ← l

4: for each labeled shadow lc in l (i.e., each connected component lc in l with a value 0)

do

5: for each coordinate (i, j) that corresponds to lc do

6: l′ij ← l′ij +
xij

x̂∗|lc |
7: end for

8: end for

Using the estimated semi-transparent label l′, we can construct a loss function based
on Equation (5) as follows;

Llabel(l′, ŝ) :=
1

HW

H

∑
h=1

W

∑
w=1

(ŝhw − l′hw)
2. (12)

In contrast to Equation (5), we do not need the masking term anymore because the
label l′ tells not only shadowed areas but also shadow-free areas. Besides, the regularization
term given by Equation (6) is neither needed. The resulting loss function for labeled data is
given as

Llabeled(x, l′, x̂, ŝ) := λreconLrecon(x, x̂) + λlabelLlabel(l′, ŝ), (13)

where λrecon, λlabel > 0 are hyperparameters. Figure 1c illustrates the training procedure
with labeled data.

By switching Equations (7) and (13) according to the existence of labels, we can train
the proposed model in a semi-supervised fashion that effectively utilizes both unlabeled
data and labeled data. Assume that an unlabeled dataset Dunlabeled = {x1, . . . , xNunlabeled}
and a labeled dataset Dlabeled = {(x1, l1), . . . , (xNlabeled , lNlabeled)} are given, where Nunlabeled
and Nlabeled are the number of unlabeled data and that of labeled data, respectively. Then,
a mini-batch B ⊂ Dunlabeled ∪Dlabeled can be drawn. The loss for the mini-batch is given as

L(B) = 1
|B|

⎡⎣ ∑
x∈B|unlabeled

Lunlabeled(x, s, x̂, ŝ) + ∑
(x,l)∈B|labeled

Llabeled(x, l′, x̂, ŝ)

⎤⎦. (14)

Note that s and l′ should be generated for each sample in the batch.

69



Appl. Sci. 2021, 11, 1127

4. Results

4.1. Setting

The encoder E and the decoder D were constructed just like U-Net [30]. Details of
the architecture are described in Appendix B. The model was optimized by Adam [34].
The size of the mini-batch was 32 and the number of training epochs was 10. The pa-
rameters of Adam were set to default except for the learning rate α that was set 10−4

initially and decayed to 10−5 through 10 epochs of training. The weight for the recon-
struction error λrecon was fixed to 1.0. Other hyperparameters were set by grid search
using the validation data. The search spaces of the hyperparameters are following:
λsynth = λlabel ∈ {10−2, 10−1, 1, 10, 102, 103}, λsynthreg ∈ {10−3, 10−2, 10−1, 1, 10}, and
vmin ∈ {0.1, 0.5} in Algorithm A1. Note that λsynthreg was set to zero in the semi-supervised
situations because we empirically found that the labels play the same role as the regular-
ization term. The selected hyperparameters are shown in Appendix C. To stabilize the
training, in semi-supervised situations, the labeled training dataset was oversampled so
that the number of the labeled data was almost equal to the size of the unlabeled dataset.
Specifically, the labeled data was simply repeated �Nunlabeled/Nlabeled� times.

As a reference DNN based segmentation method, we used vanilla U-Net [30]. It was
trained on pixel-wise cross-entropy and optimized by Adam with α = 10−4. The size of the
mini-batch was 32. Because U-Net only uses the labeled dataset, the number of training
epochs was set so that the number of iterations equals that of the proposed method to
prevent underfitting. We empirically confirmed that the training of U-Net converged with
this setting.

For both the proposed method and U-Net, the parameters of the models were saved
every epoch. Then, the parameters that perform best for the validation dataset were
selected. In addition, random cropping is applied to input data and they are resized to
128 × 128 for both the methods.

The geometrical method [19] and the random walk method [20] are also used as
references of methods that do not use labels. The parameters were in accordance with the
original papers. Because the geometrical method outputs shadow detection results along
scattered scanlines, we applied morphological closing filters to the results for adjusting to
pixel-level detection.

We show the experimental results on the testing dataset in the following sections.
For all the experiments, the testing images are cropped so that they contain no meta-
data and resized to 128 × 128. Quantitative results for the validation dataset is shown in
Appendix D.

4.2. Shadow Detection

We evaluated the proposed method as a shadow detection method. In situations with
labels, we investigated the performance on different numbers of labeled data. The numbers
of labeled training data were set to 0, 42 (from 5 videos), 90 (from 10 videos), 177 (from
20 videos), and 259 (from all 30 videos). Since the proposed method estimates intensities of
shadows as ŝ, a threshold to convert ŝ to binary was searched using the validation dataset.
The threshold is selected from {0.001, 0.002, . . . , 0.999}. For the random walk method [20]
which estimates confidence maps, we also searched and applied a threshold in the same
way as the proposed method. The selected thresholds are shown in Appendix C. The
detection performance was evaluated by the DICE score [35] which is also known as F1
measure. Table 1 shows the results in the DICE score. Figures 2 and 3 shows examples of
shadow detection of the methods that do not use labels and the methods that use labels,
respectively (for additional results, see Figures A2 and A3).
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Table 1. Results of shadow detection evaluated in the DICE score. The scores are calculated for each testing image, and
means over them are shown. The numbers in parentheses are the standard deviations.

Number of Labeled Images

Method 0 42 (5 Videos) 90 (10 Videos) 177 (20 Videos) 259 (30 Videos)

Geometric method [19] 0.193 - - - -
(±0.210)

Random walk [20] 0.450 - - - -
(±0.142)

U-Net [30] - 0.610 0.655 0.681 0.698
(±0.184) (±0.170) (±0.136) (±0.137)

Ours 0.578 0.666 0.686 0.707 0.720
(±0.164) (±0.142) (±0.148) (±0.113) (±0.151)

Input
Ground

truth

Geom.
method

[19]
Random
walk [20] Ours

Figure 2. Examples of shadow detection results for the methods that do not use labels. The lower
side of each example shows detection results, and the upper side shows them overlayed to the
input image. For overlayed images, blue corresponds to low intensities and red corresponds to
high intensities.
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In the unlabeled situation, we can see that the proposed method outperformed the
other two methods from Table 1. The standard deviation was large for the geometric
method. The score of the geometric method is low but Figure 2 shows that performed
well in some examples. The random walk method scored better than that of the geometric
method and detected shadows that the geometric method could not. However, the outputs
of the random walk method tended to simply reflect the distance from the probe. The pro-
posed method estimated the shapes of the shadows well although the estimation results
tend to be blurred. Figure 2 also indicates that the proposed method successfully estimated
the intensities of the shadows.

In terms of the methods that use labeled data, that is, U-Net and the proposed method
in semi-supervised situations, the proposed method performed slightly better than U-Net
as Table 1 shows. We could see no clear trends for the standard deviations. The differences
in the DICE score were larger when the numbers of labeled data were smaller. Figure 3
shows that the two methods detected shadows in almost the same performance. The
proposed method expressed the intensities of the shadows while U-Net output the detection
result in maps that are almost binary.

4.3. Shadow Intensity Estimation

We evaluated the performance of the proposed method in the estimation of intensities
of shadows. Since we do not have the ground truth for shadow intensities, as a novel
indicator, we calculated the correlations of the brightness of the input image and the
estimation with respect to the area labeled as shadows. More specifically, given an input
image x, a pixel-label l, and a shadow estimation ŝ, the indicator is calculated as follows;

ρ(x, l, ŝ) :=
∑H

h=1 ∑W
w=1(1 − lhw)(xhw − x̄)(ŝhw − s̄)√

∑H
h=1 ∑W

w=1(1 − lhw)(xhw − x̄)2
√

∑H
h=1 ∑W

w=1(1 − lhw)(ŝhw − s̄)2
, (15)

x̄ =
∑H

h=1 ∑W
w=1(1 − lhw)xhw

∑H
h=1 ∑W

w=1(1 − lhw)
, s̄ =

∑H
h=1 ∑W

w=1(1 − lhw)ŝhw

∑H
h=1 ∑W

w=1(1 − lhw)
, (16)

which is Pearson’s correlation coefficient [36] that is masked using the label l. Table 2 shows
the results. Since the conventional methods are designed for detecting shadows and not
estimating their intensities, the coefficients for them were just for benchmarks. It illustrates
that the proposed method achieved the largest coefficients for all the numbers of labeled
data. This indicates that our method estimated the shadow intensities the most precisely
among the methods we examined. The coefficients of U-Net are lower than that of the
proposed method but it was stable. The methods based on image processing, the geometric
method and the random walk, performed worse. Especially, the estimation of the random
walk method is the worst and had almost no correlations to the input image, despite
its better performance for shadow detection than the geometric method. The standard
deviation of the random walk method was larger than other methods and the method
seemed to be unstable for this indicator.
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Table 2. Evaluation of the estimation of shadow intensities. Scores are the correlation coefficient calculated by Equation (15).
The coefficients are calculated for each testing image, and means over them are shown. The numbers in parentheses are the
standard deviations.

Number of Labeled Images

Method 0 42 (5 Videos) 90 (10 Videos) 177 (20 Videos) 259 (30 Videos)

Geometric method [19] 0.152 - - - -
(±0.182)

Random walk [20] −0.047 - - - -
(±0.290)

U-Net [30] - 0.308 0.267 0.262 0.247
(±0.150) (±0.144) (±0.158) (±0.172)

Ours 0.351 0.388 0.414 0.358 0.349
(± 0.155) (±0.150) (±0.159) (±0.149) (±0.162)

4.4. Shadow Removal

The proposed method estimated shadows and shadow-free variants of the input
images at the same time. We evaluated the quality of the estimated shadow-free images
subjectively.

Figure 4 shows the examples of shadow removal performed by the proposed method
(for additional results, see Figure A4). We observed that the areas with low-intensity
shadows were efficiently enhanced. Additionally, the quality of the enhancement seemed
better when the performance of shadow detection was better. In contrast, the shadows
with high intensities tended to be just filled with blurred texture.

Estimation results

Input &
label No labels 42 labels 90 labels 177 labels 259 labels

Figure 4. Examples of shadow removal results of the proposed method. The lower side of each
example shows the labels and the detection results The upper side shows the input images and the
estimated shadow-free images.
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5. Discussion

Among the shadow detecting methods which do not use labels, the proposed method
detected shadows the most correctly. The other two methods could suffer from the differ-
ence of domains; the domains for which the methods were built and the domain of fetal
heart diagnosis that we used in this paper. Besides, the standard deviation of the DICE
score for the geometric method was large. This means that its detection performance varies
among the testing images. This is probably because the method heavily depends on the
domain for which it is designed. In that sense, our method has an advantage because it
is data-driven. Although the proposed method also uses domain-specific knowledge, it
only requires rough possible shapes of shadows that are determined mainly by the type of
the probe. In the situations that the labels are available, the proposed method achieved
comparable detection performance to U-Net which is a popular segmentation method for
medical images. When only 42 labeled images were used for training, our method was
better than U-Net. The auto-encoding structure possibly helped detection by extracting
features by the unlabeled data. The maximum number of labeled data, 259 from 30 videos,
was relatively small in the context of DNNs, but both the proposed method and U-Net
performed well. In terms of detecting shadows, the dataset was clean and in a narrow
domain, and it might be easy to detect shadows. From the perspective of data collection, we
revealed that a couple of hundred of labeled data is enough for one domain. The amount is
reasonable when it comes to accumulating data of different multiple domains.

One of the advantages of the proposed method is that it can estimate the intensities
of shadows. Although we cannot obtain the ground truth of the intensities, our method
estimated images of shadows which intensities are highly correlated to the brightness of
the shadowed areas of the input images, at least. The correlation coefficients were higher
than the other methods we used in the experiments. From the intensities of shadows,
we can assess the quality of US images using them. If we detect shadows in a binary
segmentation manner, the sizes of shadowed areas can be used for quality inspection. Our
method can provide additional information, the intensities of shadows, and we can check
US images based on it; an US image with large but light shadows should be allowed in
some situations, for example.

Although removing shadows is not the main target of our work, notably, our method
removed shadows of input US images without training on losses that directly lead the
decoder to output clean image as ĉ. This result could come from the model structure that
split the input into the estimated shadow and the estimated clean input and then compose
them into the reconstruction. Besides, the estimated clean images were clear, thanks to the
U-Net like structure that has skip-connections between the encoder and the decoder [37].
In a clinical sense, we cannot totally trust the estimated shadow-free images because the
shadowed areas are completed statistically. It means that the images of popular and healthy
cases are likely to appear even if the target of diagnosis has anomalies. However, generating
shadow-free images can work as a pre-processing for image recognition techniques.

6. Conclusions

We proposed an auto-encoding structure-based DNN that estimates acoustic shadows
in US images. The method estimates not only the location of shadows but also their
intensities. We also introduced the loss functions for training the model on both unlabeled
data and labeled data. For unlabeled data, synthetic shadows are generated using the
knowledge that the probes decide the shapes of shadows, and used as pseudo labels.
If binary pixel-level labels that tell us areas with shadows are given, they are effectively
utilized by converting them to labels with estimated intensities. By experiments on US
images for fetal heart diagnosis, we showed that our method detected shadows better
than the conventional methods in the situation without labels and did better to the DNN-
based segmentation method U-Net in the situations with labels available. In terms of
estimating the intensities of shadows, the proposed method performed the best. Moreover,
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we suggested the capability of our method in removing shadows as supplemental outputs,
not just estimating them.

Although our method employs the auto-encoding structure that extracts features from
input images, the difference in detection performance between fully-supervised U-Net
and semi-supervised our method was small. One possible reason for this result is that the
detection was easy; the images in the dataset were relatively clear and belonged to the
narrow domain. Applying to datasets that are in different domains or have more variations
of images has remained as one of the future work.

The proposed method can work with any US image recognition methods as a pre-
processing. We can reject low-quality data based on the estimated shadow images. The use
in such quality assessing ways is one of the possible future directions.
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Appendix A. Algorithm for Generating Synthetic Shadows

Algorithm A1 describes the process for generating synthetic shadows that correspond
to convex probes. The parameters in the algorithm were set p = [−128, 64], (dmin, dmax) =
(250, 290)[deg], (θmin, θmax) = (0, 10)[deg], (Rmin, Rmax) = (256, 256), rmin = 128, δθ = 1,
k = 10, σ = 1.55, and vmax = 1 in all the experiments. The parameter vmin is decided by
the grid search as described in Section 4.1.
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Algorithm A1 Generation of annular sector shaped synthetic shadows. A function U(·, ·)
draws a sample from a uniform distribution.

Input: Parameters for annular sectors (center coordinate p ∈ R2, range of direction

dmin, dmax, range of angle θmin, θmax, range of outer radius Rmin, Rmax, and minimum in-

ner radius rmin), blurring parameters δθ , k, σ, and range of shadow intensity vmin, vmax.

Output: Image of a synthetic shadow s ∈ [0, 1]H×W .

1: d ← U(dmin, dmax).

2: θ ← U(θmin, θmax).

3: R ← U(Rmin, Rmax).

4: r ← U(rmin, R).

5: v ← U(vmin, vmax).

6: s ← 0H,W (a zero matrix shaped H × W).

7: for i = −(k − 1)/2, . . . , (k − 1)/2 do

8: Let sk ∈ [0, 1]H×W be a image that filled with 1 inside an annular sector which center

is p, outer radius is r, angle is d + (iδθ), and direction is θ, and 0 otherwise.

9: s ← s + sk.

10: end for

11: s ← v(s/ max(s)).

12: s ← 1 − s.

13: Apply Gaussian blur with variance σ2 to s.

Appendix B. Details of DNNs

The encoder and the decoder of the proposed method had almost the same structure
as U-Net [30]. Its network architecture is shown in Figure A1. To stabilize the training,
we used leaky ReLU [38] as an activation function for convolution layers.

Figure A1. Detailed architecture of the encoder and the decoder for the proposed method.

Appendix C. Selected Hyperparameters

The hyperparameters for the experiments are shown in Table A1. These are selected
by the grid search as described in Section 4.1.
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Table A1. Hyperparameters selected in the experiments by the grid search.

Number of Labeled Images

Hyperparameter 0 42 (5 Videos) 90 (10 Videos) 177 (20 Videos) 259 (30 Videos)

Threshold for random walk [20] 0.996 - - - -
Threshold for the proposed method 0.865 0.870 0.890 0.894 0.885
λsynth = λlabel 0.996 1 1 10 10
λsynthreg 0.996 10−3 0 0 0
vmin 0.996 0.1 0.5 0.1 0.5

Appendix D. Additional Results

Figures A2 and A3 shows the additional examples of the shadow detection results.
Figures A2 and A3 correspond to Figures 2 and 3, respectively. Table A2 shows the shadow
detection results in the the DICE scores for the validation dataset. Its trend is similar to
that for the testing dataset that is shown in Table 1.

Table A3 shows the result of the shadow intensity estimation for the validation dataset.
The results are similar to these for the testing dataset that are shown in Table 2.

Figure A4 shows the additional examples of the shadow removal results. It corre-
sponds to Figure 4.

Input
Ground

truth

Geom.
method

[19]
Random
walk [20] Ours

Figure A2. Additional examples of shadow detection results for the methods that do not use labels.
The lower side of each example shows detection results, and the upper side shows them overlayed to
the input image. For overlayed images, blue corresponds to low intensities and red corresponds to
high intensities.
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Table A2. Results of shadow detection for the validation dataset evaluated in the DICE score. The
scores are calculated for each validation image, and means over them are shown. The numbers in
parentheses are the standard deviations.

Number of Labeled Images

Method 0 42 (5 Videos) 90 (10 Videos) 177 (20 Videos) 259 (30 Videos)

Geometric method [19] 0.201 - - - -
(±0.213)

Random walk [20] 0.349 - - - -
(±0.151)

U-Net [30] - 0.539 0.575 0.636 0.657
(±0.220) (±0.215) (±0.176) (±0.181)

Ours 0.491 0.615 0.640 0.676 0.692
(±0.180) (±0.176) (±0.201) (± 0.157) (±0.172)

Table A3. Evaluation of the estimation of shadow intensities for the validation dataset. Scores are the
correlation coefficient calculated by Equation (15). The coefficients are calculated for each validation
image, and means over them are shown. The numbers in parentheses are the standard deviations.

Number of Labeled Images

Method 0 42 (5 Videos) 90 (10 Videos) 177 (20 Videos) 259 (30 Videos)

Geometric method [19] 0.194 - - - -
(±0.131)

Random walk [20] −0.054 - - - -
(±0.295)

U-Net [30] - 0.282 0.267 0.262 0.210
(±0.170) (±0.158) (±0.168) (±0.187)

Ours 0.353 0.426 0.420 0.338 0.310
(±0.190) (±0.131) (±0.140) (±0.153) (±0.168)

U-Net Ours

Input
Ground
truth

42 la-
bels

90 la-
bels

177
la-

bels

259
la-

bels
42 la-
bels

90 la-
bels

177
la-

bels

259
la-

bels

Figure A3. Additional examples of shadow detection results for the methods that use labels. The
lower side of each example shows detection results, and the upper side shows them overlayed to
the input image. For overlayed images, blue corresponds to low intensities and red corresponds to
high intensities.
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Estimation results

Input &
label No labels 42 labels 90 labels 177 labels 259 labels

Figure A4. Additional examples of shadow removal results of the proposed method. The lower side
of each example shows the labels and the detection results. The upper side shows the input images
and the estimated shadow-free images.
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Abstract: Diabetes Mellitus (DM) is one of the most common chronic diseases leading to severe
health complications that may cause death. The disease influences individuals, community, and the
government due to the continuous monitoring, lifelong commitment, and the cost of treatment. The
World Health Organization (WHO) considers Saudi Arabia as one of the top 10 countries in diabetes
prevalence across the world. Since most of its medical services are provided by the government, the
cost of the treatment in terms of hospitals and clinical visits and lab tests represents a real burden
due to the large scale of the disease. The ability to predict the diabetic status of a patient with only
a handful of features can allow cost-effective, rapid, and widely-available screening of diabetes,
thereby lessening the health and economic burden caused by diabetes alone. The goal of this paper is
to investigate the prediction of diabetic patients and compare the role of HbA1c and FPG as input
features. By using five different machine learning classifiers, and using feature elimination through
feature permutation and hierarchical clustering, we established good performance for accuracy,
precision, recall, and F1-score of the models on the dataset implying that our data or features are not
bound to specific models. In addition, the consistent performance across all the evaluation metrics
indicate that there was no trade-off or penalty among the evaluation metrics. Further analysis was
performed on the data to identify the risk factors and their indirect impact on diabetes classification.
Our analysis presented great agreement with the risk factors of diabetes and prediabetes stated by
the American Diabetes Association (ADA) and other health institutions worldwide. We conclude
that by performing analysis of the disease using selected features, important factors specific to the
Saudi population can be identified, whose management can result in controlling the disease. We also
provide some recommendations learned from this research.

Keywords: machine learning; prediction; feature importance; feature elimination; hierarchical
clustering

1. Introduction

Diabetes mellitus (DM) is one of the most common chronic diseases worldwide.
In 2019, the International Diabetes Federation (IDF) announced that the number of adults
that are diagnosed with diabetes is approximately 463 million of the world’s population [1].
In addition, IDF considers the Middle East as one of the highest regions in diabetes
prevalence, and the World Health Organization (WHO) places Saudi Arabia as the highest
among Middle Eastern countries [2] and fifth in the top 10 countries known for a high
diabetes incidence rate in the world. It is expected that Saudi Arabia is heading to a higher
position by 2035 [3]. The cost of medical treatment is also affected by the rapid growth
of the number of individuals with diabetes, representing a large burden on government
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health expenses. According to recent estimates, the cost of diabetes incurred by the Saudi
government is at 17 billion Riyals and if those with glucose intolerance (pre-diabetes)
progressed at the current observed rate, the total cost would be 43 billion Riyals [4] in the
coming years. Besides, Saudi Arabia is known for its rapid growth in population and has
encountered soaring economic development in the recent four decades, leading to lifestyle
changes due to urbanization.

These changes have led to an increasing rate of chronic diseases. Many studies
conducted to address the rapid growth of Diabetes Mellitus have either the objective
to quantify the status of diabetics in the country [3,5], identifying the most frequently
performed self-care behaviors [6], identifying factors related to diabetes control [7], or
apply mathematical [8] or machine learning models for diabetes prediction [9]. All these
efforts are related to the increasing demand to enhance healthcare quality and control the
elevated growth rate of diabetes in the kingdom.

It is essential for federal or local governments to perform national or local screening
and educate people through awareness programs. There is a need to invest in novel ways to
prevent and help in the early detection of such an expensive disease [10]. Early prevention
can limit the complications and their impact on the person’s quality of life, resulting
in a reduced cost with a positive impact on the community and the health system [11].
An upfront cost in the form of early investments by the governments can result in long-term
benefits to the overall society.

We believe that the existing efforts may have their own benefits and usefulness in
tackling the diabetes issues in Saudi Arabia however, there is a need to devise mechanisms
for efficient, cost-effective, and easily-available solutions for diabetes identification in the
general population. Given the constant rise in the diabetic population in the country, it is
imperative not not only to identify diabetics from non-diabetic persons but at the same
time, the factors associated with diabetes should also be delineated. By knowing and
overcoming these factors, people can act to control them in time. Clinics and hospitals can
also identify patients-at-risk by evaluating these factors.

Considering the above-mentioned context and the need for time, we are motivated to
develop a solution for predicting diabetics from non-diabetic patients from the electronic
health records obtained from local Saudi hospitals. Therefore, the goal of this research
paper is to develop predictive classifiers and models to investigate real diabetic patients’
data gathered from different Saudi hospitals and regions, utilizing different metrics. Al-
though the obtained records have very few health-related attributes including lab test
results such as cholesterol tests (HDL and LDL), and the diabetes-specific tests (FPG and
HbA1c), our objective is to identify those factors that can be controlled by the patients-at-
risk or non-diabetics as precautions for avoiding diabetes. Previous work in this direction
has used a much larger number of variables in different contexts. Thus, the current work
presents a novel perspective on diabetes prediction. The insights obtained from this work
in the prediction of Diabetes Mellitus (DM) and its associated risk factors can be useful at
different levels: To support and strengthen the existing findings of DM medical research,
particularly, in the context of Saudi Arabia, to assist the community in understanding the
causes and prevention of diabetes, and to help the government to allocate efforts in the
right direction to minimize the effect of the growing number of diabetes patients.

With these objectives in mind, we developed a model that used five machine learning
classifiers to evaluate two datasets; each one containing some basic attributes about the
patients (age, gender, weight, height, presence of hypertension, and the level of physical
activity), the results of cholesterol laboratory tests (HDL and LDL) and one of these two
tests: HbA1c in one dataset and FPG in another dataset. With these limited sets of features,
we evaluated each dataset and identified the importance of various features and their role in
diabetes prediction. To improve the performance of our classifiers, we also applied feature
elimination using feature permutation and hierarchical clustering techniques. Finally, using
the rank-based correlation method, we also identified and analyzed correlation among
various features and their impact on diabetes risk and prediction.
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The remainder of this paper is structured as follows. In Section 2, we briefly explain
DM followed by the related work done in diabetes classification. In Section 3, we explain
our research methodology from data collection and preprocessing to the process of feature
engineering and dataset creation. Section 4 explains the development of machine learning
models for diabetes prediction and classification with a focus on improving the model
performance through feature elimination. The results are then discussed in Section 5.
Section 6 discusses the outcome and benefit of our research and Section 7 concludes
this article.

2. Background and Related Work

2.1. Diabetes Mellitus (DM) and Risk Factors

DM is a set of endocrine disorders resulting in high levels of blood glucose in the
human body due to a deficiency in insulin excretion or insulin action and sometimes both.
It causes direct and indirect complications responsible for significant illness and death [5].
There are different types of diabetes, but the most common ones are Type 1 Diabetes (T1D)
and Type 2 Diabetes (T2D). Type 2 (T2D) is the most common form of diabetes as around
90% of diabetic patients are T2D. The remaining 10% is classified as T1D or gestational
diabetes, which may occur during pregnancies.

The blood test for the measurement of Hemoglobin A1c (HbA1c) level is clinically
significant in prediabetes and diabetes diagnosis [12]. Similarly, the glucose in plasma of
fasting subjects is accepted as a diagnostic criterion for diabetes [13]. Moreover, according
to the American Diabetes Association (ADA) there is more harmony between blood tests
such as FPG and HbA1c when compared to two types of blood tests in the separation of
HbA1c [14]. Most of the existing work achieve good results for diabetes prediction only
when they include these tests in their input to the machine learning model along with a
myriad of other features [15–20]. However, as the number of features is reduced, such
predictions cannot be made with greater accuracy, and in absence of these tests, it becomes
impossible to identify the diabetic status of a patient with high certainty.

From a medical point of view, it is possible to avoid DM at an early stage or at least
control its complications [21]. For example, individuals with a certain range of FPG and
HbA1c, are considered as prediabetic patients [12]. Their early diagnosis can help in
preventing their transition to becoming diabetic or in their recovery into the non-diabetic
stage. However, identification of factors that can lead a person to transition to the status
of diabetes in a population is a challenge, albeit some studies have identified factors such
as hypertension or body size among some of the associated risk factors with diabetes [22].
Other studies have identified certain conditions that can only be determined through
various blood or imaging tests [23–26]. The unavailability of such tests at most health
facilities and the associated costs may prevent people from diagnosing with diabetes and,
thus, a large part of the population remains undiagnosed until it is very late in the treatment
process [27].

Despite these difficulties associated with the diagnosis of diabetes, prediction of
diabetes using machine learning techniques has gained significant attention from the
medical and informatics research community. Below, we identify some of the recent efforts
in this direction.

2.2. Related Work

There are different Machine Learning (ML)-based methods for diabetes prediction as
well as methods that use feature selection. We will review them next.

2.3. ML-Based Methods

Othmane et al. [28] applied and evaluated four ML algorithms (decision tree, K-nearest
neighbors, artificial neural network, and deep neural network) to predict patients with
or without type 2 diabetes mellitus. These techniques were trained and tested on two
diabetes databases: One obtained from Frankfurt hospital (Germany), and the other one,
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the openly available, well-known Pima Indian dataset (https://www.kaggle.com/uciml/
Pima-indians-diabetes-database). These datasets contained the same features composed
of risk factors and some clinical data such as the number of pregnancies, glucose levels,
blood pressure, skin thickness, insulin, BMI (Body Mass Index), age, and diabetes pedigree
function. The results compared using different similarity metrics give a classification
accuracy of more than 90% and up to 100% in some cases. Similarly, many other approaches
trained their models on similar features. For example, in [15–20]) the authors used the
Pima Indian diabetes dataset by modifying the preprocessing steps, applying different
algorithms and adjusting their hyperparameters to generate improved results. The limiting
factor of these approaches is the inclusion of some features like skin thickness, insulin,
and diabetes pedigree function, which are generally not available or recorded. Moreover,
factors like skin thickness may result in the classification based on ethnic function, thus,
preventing a wide-range applicability of the approach.

Lai et al. [29] built a predictive model to better identify Canadian patients at risk of
having Diabetes Mellitus based on patient demographic data and the laboratory results.
Their data included the patient features age, sex, fasting blood glucose, body mass index,
high-density lipoprotein, triglycerides, blood pressure, and low-density lipoprotein. They
built predictive models using Logistic Regression and Gradient Boosting Machine (GBM)
techniques achieving good sensitivity results. But the authors did not mention their
performance in accuracy or specificity, which usually has better sensitivity as a trade-off.
Thus, their performance cannot be generalized. Like this, many research works have
compared the performance of several machine learning using the selected metrics, while a
different metric may give a poor performance on the same model. Many other approaches
for diabetes classification concluded that a certain type of algorithms can give better results
for prediction without considering the issue of the generality of their models [30,31].

A number of other studies have used the National Health and Nutrition Examination
Survey (NHANES) (https://wwwn.cdc.gov/nchs/nhanes/) from the US Center for Dis-
ease Control (CDC) for the prediction of diabetes or other diseases. The NHANES data
was initiated in 1999 and is growing every year in the number of records as well as the vari-
ables it considers in its surveys. These studies, while utilizing the main NHANES dataset,
use some subset of variables for disease prediction or classification tasks. For example,
Yu et al. [32] identified 14 important variables—age, weight, height, BMI, gender, race and
ethnicity, family history, waist circumference, hypertension, physical activity, smoking,
alcohol use, education, and household income—for training their machine learning models.
Using two different classification schemes, they achieved 83.5% and 73.2% results for the
area under the Receiver Operating Characteristic (ROC) curve. Semerdjian and Frank [33]
added two more variables—cholesterol and leg length—in their analysis. By applying
an ensemble model using the output of five classification algorithms they were able to
predict the onset of diabetes with an AUC (Area Under Curve) of 83.4%. In both these
studies, the number of variables (14 and 16) was significantly higher than would normally
be available in most EHRs. Hospitals supporting the record of these variables may also not
have the values for all these variables for maximum patients. This limits the generality or
wide applicability of the approaches.

The study by Dinh et al. [34] used the NHANES dataset and various machine learning
algorithms to predict variables that are a major cause for the development of diabetes and
cardiovascular diseases. They also considered the prediction of prediabetes and undiag-
nosed diabetes. Logistic regression, support vector machines, random forest, and gradient
boosting algorithms were used to classify the data and predict the outcome for the diseases.
The authors used ensemble models by combining the performance of the weaker models to
improve accuracy. In diabetes classification, they used 123 variables and achieved good pre-
diction performance. A distinguishing aspect of their work was that the dataset was further
categorized into laboratory dataset (containing laboratory results) versus non-laboratory
(survey data only) dataset. Laboratory results were any feature variables within the dataset
that were obtained via blood or urine tests. The purpose of the non-laboratory dataset was
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to enable a performance analysis of machine learning models in cases where laboratory
results were unavailable for patients, supporting the detection of at-risk patients based only
on a survey questionnaire. According to their results, waist size, age, self-reported weight,
leg length, and sodium intake were five major predictors for diabetes patients. The study
found that machine learning models based on survey questionnaires can give automated
identification mechanisms for patients at risk of diabetes. In non-laboratory data, the most
important features included waist size, age, weight (self-reported and actual), leg-length,
blood pressure, BMI, household income, etc. [34]. The exact number of variables used in
non-laboratory data is not reported by the authors, and, thus, it cannot be concluded if
their approach can be useful in general situations.

2.4. Feature-Based Methods

Feature selection has been used previously for improving the classification perfor-
mance in different medical situations. Particularly, Matín-Gonzaĺez et al. have proved
that by performing feature selection, the results of the classifier can be improved for the
prediction of success or failure in Noninvasive Mechanical Ventilation (NIMV) in Intensive
Care Units (ICU) [35]. Similarly, Akay [36] used F-score feature selection-based SVM model,
and Chen et al. [37] used SVM with rough-set based feature selection for the improved
diagnosis of breast cancer. Liaqat et al. [38] performed a premier study on developing deep
learning-based classifiers for atrial fibrillation. They built six models based on feature-
based approaches and DL approaches. However, their features are manually extracted
while the DL methods are trained on raw data without any feature engineering, as they
perform implicit feature selection. It is unclear how they performed the manual feature
extraction, but manual feature extraction is not a preferred approach if this can be done
automatically, as explained later in our case.

Amer et al. applied a feature engineering approach to gain clinical insight and, thus,
improve the ICU mortality prediction in field conditions [39]. The authors used only
linear hard margin SVM as it maximizes the separation between different classes. Feature
selection was performed using statistical and dynamic feature extraction with an evaluation
performed after each step. Any misclassifications after these two stages were investigated
manually. A final phase of feature fine-tuning consists of seven steps and utilizes the vital
signs as opposed to the selection of dimensions in the previous stages. Results were then
obtained by evaluating the various combinations of feature selection performed in different
stages. The interesting aspect of their approach is the combination of different features at
different stages and improving the results step-by-step. A conclusion of the work was that
different profiles of patients required a different set of features for efficiently predicting the
mortality of patients.

Tomar and Agarwal used the hybrid feature selection technique [40] on three different
datasets of diabetes, hepatitis, and breast cancer. Their model adopted Weighted Least
Squares Twin SVM (WLSTSVM) as a classification approach, sequential forward selection
as a search strategy, and correlation feature selection to evaluate the importance of each
feature. In contrast, we applied permutation importance for feature selection, which is
known to be a faster technique without the need for a selection strategy. Once the features
were found, we could use any of the ML models to classify and predict the data.

Specific for the case of diabetes, Balakrishnan et al. used SVM ranking with backward
search for feature selection in T2D databases [41], where they proposed a specific feature
selection approach for finding an optimum feature subset that enhanced the classification
accuracy of Naive Bayes classifier. Ephzibah [42] constructed a combined model using
genetic algorithms and fuzzy logic for future subset selection. However, genetic algo-
rithms have their own associated costs, and the proposed approach did not justify the
cost compared to the achieved accuracy. On the same lines, Aslam et al. [43] used genetic
programming with Pima Indian diabetes dataset by generating subsets of original features
by adding features one by one in each subset using the sequential forward selection method.
The approach is not only costly but their results using 10-fold cross validation with KNN

87



Appl. Sci. 2021, 11, 1173

(K-Nearest Neighbor) and a specific configuration of genetic programming yielded an
accuracy of about 80.5%, which is not up to par with other contemporary approaches.

Rodríguez-Rodríguez et al. [44] applied feature selection on T1D Mellitus (T1D) pa-
tients using variables like sleep, schedule, meal, exercise, insulin, and heart-rate. Using
time-series data of these features and the Sequential Input Selection Algorithm (SISAL),
they ranked features according to their importance with respect to their relevance in the
blood glucose level prediction.

One approach for feature selection consists of clustering that has been mostly used for
dimensionality reduction in text classification. But hierarchical agglomerative clustering
that organizes features into progressively larger groups [45] have been used in structural
classification. Ienco and Meo [46] used hierarchical clustering for improving the accuracy of
classification on 40 datasets from the UCI Irvine[47]. Their experimental results show that
the hierarchical clustering method of feature selection outperforms the ranking methods in
terms of accuracy. On the diabetes data, they achieved an accuracy of 77.47% using the
Naïve Bayes’ classifier and 75.26% using the J48 based classifier. There are two limitations
of their work. First, the accuracy is not as good as reported by other approaches on the
same dataset. Second, the performance reported is only the accuracy of classification,
but it is worse in other evaluations. Compared to their approach, we report a much higher
performance in accuracy, precision, and recall scores.

Considering the above analysis, we conclude that most of the existing approaches (1)
use features which are not generalizable, (2) use a large number of features that cannot
be obtained in many real-world scenarios, (3) develop specific models that may not be
generalizable, and (4) report only a specific metric for evaluation while ignoring other
metrics that may have worse performance as an issue of trade-off between the various
evaluation metrics. We approach the problem of diabetes prediction while considering
these limitations.

In our approach, we use a minimum number of features, reducing them further by
feature elimination. We apply five different classification models to avoid model-specific
performance. We report that all the models performed equally well on the metrics of
accuracy, precision, recall, and F1-score, implying that our data or features are not bound
to specific models. Finally, our analysis also includes the identification of those factors that
can have an indirect impact on the complications of diabetes.

3. Materials and Methods

We begin with data collection, preprocessing, feature engineering, and label assign-
ment to explain how we obtain two different datasets from the same subset of features.

3.1. Data Collection

The anonymized Electronic Health Records have been acquired from five different
Saudi hospitals across three regions: The Central region, the Western region, and the
Eastern region. It contains data of around 3000 patients collected over two years from 2016
until 2018 through different departments such as outpatient, inpatient, and emergency.
The obtained dataset consists of 16 features of numerical, binominal, polynomial, and date
type. The initial features along with a brief description of each are listed in Table 1.
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Table 1. The set of features selected in our dataset for classification of diabetic and prediabetic patients.

No. Feature Name Feature Type Feature Description

1 Date of birth Date Values in date format
2 Gender Binominal F: Female, M: Male
3 Height Numerical Values in Centimeter (cm)
4 Weight Numerical Values in Kilograms (kg)
5 Hypertension (HTN) Binominal Values as Yes, No
6 Fasting Plasma Glucose (FPG) Numerical Lab test results measured in mmol/L
7 Hemoglobin A1c (HbA1c) Numerical Lab test results measured in percentage (%).
8 High-density lipoprotein (HDL) Numerical Lab test results in mmol/L
9 High-density lipoprotein (LDL) Numerical Lab test results in mmol/L
10 Physical Activity Level Categorical Values in L: Low, M: Medium, H: High
11 Diagnosis start date Date Values in date format
12 Primary diagnosis Categorical Values available in ICD10 code format.
13 Secondary diagnosis Categorical Values available in ICD10 code format.
14 Primary diagnosis full name Categorical Values indicate diagnosis full name
15 Secondary diagnosis full name Categorical Values indicate diagnosis full name
16 Region Categorical Values indicate the region of the patient whether in central,

western or eastern region.

3.2. Data Preprocessing

In the data preprocessing phase, data is prepared to be suitable for cleansing and clas-
sification. The data is cleansed using normalization and transformation of some columns
(features) for example, the birth date was used to generate the age of the patient. In addi-
tion, many patients were missing important feature values like Fasting Plasma Glucose
(FPG) and Hemoglobin A1c (HbA1c). Since both features were used to initially classify
a person as diabetic or non-diabetic, to establish the ground truth, all the instances that
did not have these feature values were removed. As the number of missing features was
very high, replacing the missing values for both features was not desirable. After filtering
the patients, our dataset decreased to 225 eligible patients for classification. However,
43 out of 225 patients were missing HDL and LDL values. HDL is considered as “Good
Cholesterol”—higher HDL means better state—while LDL is considered as “Bad Choles-
terol” therefore, lower LDL values are desirable. In the experiments, when HDL and LDL
values were used, the records with missing values were dropped. FPG and HbA1c values
were also transformed using the American Diabetes Association (ADA) as reference for the
different value ranges [48].

3.3. Subject Exclusion

In this study, we excluded subjects whose age was less than 19 years to focus on the
prediction of T2D by reducing the chances of T1D, which usually develops in children and
adolescents. Previous work [32–34] also excluded similar data as well as data indicated
as gestational diabetes, which is relevant to pregnant women however, since we lack
information on pregnancy, we did not perform this step. By excluding these subjects, we
were finally left with 162 instances.

3.4. Feature Engineering

Of the 16 features mentioned in Table 1, we had to apply techniques to modify
some features to make them suitable for ML algorithms for improved classification. We
proceeded as follows. The date of birth was replaced by the age feature. All the features
containing diagnosis information (primary, secondary, and their full names) were removed
as the diagnosis of patients included multiple diagnoses, most importantly T1D and T2D,
and was removed to avoid leaking the classification information into the machine learning
model. Finally, the region and diagnosis start date features were also removed.
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After the initial feature selection, the dataset obtained consisted of 10 features: Age,
height, weight, gender, Hypertension (HTN), Physical Activity Level (PAL), lab tests of
Lipoprotein levels (HDL and LDL), Fasting Plasma Glucose (FPG) and Hemoglobin A1c
(HbA1c). We would like to mention that age, height, weight, HDL, LDL, FPG, and HbA1c
were all numerical features, while gender (M or F), HTN (Yes or No), and PAL (L, M, or H)
were categorical features containing text or literals. As our implementation is done in the
scikit-learn library (http://scikit-learn.org/), whose methods require numerical data for
efficient processing, we converted the categories to numerical values. Instead of replacing
text with numbers (e.g., L:0, M:1, H:2), we used one-hot encoding to prevent the implicit
ordering caused by the numeric values.

At this stage, our data processing steps were finished. Before starting the analysis, it
was imperative to identify each record as representing data for a diabetic or non-diabetic
patient. In other words, each record was to be labeled with an appropriate class.

3.5. Label Assignment

The appropriate references to use for evaluating diabetes were the “Standards of
Medical Care in Diabetes—2018” from the American Diabetes Association (ADA) [49] and
considering the algorithm proposed by the American Association of Clinical Endocrinolo-
gists (AACE) [48]. Two medical experts were also consulted who guided in the diagnosis
of diabetes including the factors related to predicting the development of diabetes among
people. Their suggestions agreed with the ADA and AACE specifications. Based upon
these criteria, any of the FPG or HbA1c laboratory tests could be used to classify patients
into either a Diabetic (Y) or Non-Diabetic (N) class. Thus, we proceeded to create two
different datasets based on the class labeling scheme. Using an algorithm, the data was
automatically labeled in the datasets with either of these classes using the criteria.

3.5.1. Dataset-1: HbA1c Labeling

In this case, a dataset was created by labeling each instance as diabetic if the value of
HbA1c ≥ 6.5% (48 mmol/mol) otherwise it was classified as non-diabetic. This labeling
resulted in n = 79 (≈49%) instances as diabetic and n = 83 (≈51%) as non-diabetic. We can
see that the dataset is quite balanced.

3.5.2. Dataset-2: FPG Labeling

In this case, a dataset was created by labeling each instance as diabetic if the value
of FPG ≥ 126 mg/dL (7.0 mmol/L) otherwise it was classified as non-diabetic. This
labeling resulted in n = 62 (≈38%) instances as diabetic and n = 100 (≈62%) as non-diabetic.
Although the dataset with FPG labeling is not quite balanced as in the case of HbA1c
labeling, it cannot be characterized as imbalanced either.

Thus, we get two labeled datasets with 8 common features (age, weight, height,
gender, PAL, HTN, LDL, and HDL) and using one of the FPG and HbA1c features as input
and the other as the label in each dataset. For convenience, we refer to these datasets as
HbA1c-labeled and FPG-labeled datasets, where the HbA1c-labeled dataset contains FPG
as an input feature and vice-versa.

4. Model Development

To analyze the effect of the choice of the HbA1c or FPG labeling attributes on the
datasets with the remaining attributes common between the two datasets, we performed
the task of diabetes prediction using five machine learning classifiers. Each classifier was
evaluated against both datasets. The details of the classifiers and results of the predictions
will be discussed in Section 5.

After getting the prediction results on the initial datasets, we planned on improving the
results further by performing further analysis and evaluation through feature importance
and feature elimination.
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4.1. Feature Importance and Feature Elimination

Feature selection aims at filtering out features that may carry redundant information.
It is a widely-recognized important task in machine learning with the aim of reducing
the chances of overfitting of a model on a dataset [46]. There are several ways to select
features for a model. One way is to use those features which are important in the predictive
power to affect the classification accuracy. Based on the score assigned to each feature,
its usefulness in predicting a target variable can be estimated. Many models provide
an intrinsic mechanism to rank the features according to the value of their coefficients
(e.g., in Support Vector Machines or Logistic Regression) or using the split-criteria (e.g. in
Decision Tree and Random Forest). The correlation between various features can also be
used to discover more relevant and important features [50].

While classifiers like linear SVM and linear logistic regression are suitable for interpre-
tation in the form of linear relationships among the variables, they fail to discover complex,
non-linear dependencies in the data. Decision trees are suitable for finding interpretable
non-linear prediction rules, but there have been some concerns about their instability and
lack of smoothness [51]. Similarly, RF models are found to be biased by giving importance
to categorical variables with a large number of categories [52,53]. More explicit and ad-
vanced mechanisms include the method of Recursive Feature Elimination (RFE) which
provides the flexibility of choosing the number of features to select or the algorithm used
in choosing the features [54]. The impact of an exploratory variable on a response variable
is usually interpreted in isolation, this is usually inappropriately interpreted as an impact
for business or medical insight purposes [55].

Permutation importance is one technique recently proposed for identifying measures
of feature importance [53,55]. It is a reliable technique that directly measures variable
importance by observing the effect on model accuracy by randomly shuffling each predictor
variable. In addition, it does not rely on internal model parameters, such as linear regression
coefficients, and can be used with other models such as those developed using RF.

Feature elimination aims to reduce the number of input variables when developing
a predictive model. The objective is to remove the features that may be non-informative
or redundant predictors in the model [56]. By reducing the input variables, not only
is the computational cost of modeling reduced, but it may also result in improving the
performance of the model. By eliminating weak predictors, we can also improve the
generality of the model [55]. Although our datasets comprise a small number of features as
well as a relatively small number of instances, we were more concerned with improving
the performance of the models through feature selection and elimination. Thus, we applied
permutation importance followed by hierarchical clustering to identify the features that
could be eliminated.

(a) HbA1c-labeled dataset (b) FPG-labeled dataset
Figure 1. Permutation importance applied to the 9 features in HbA1c- and FPG-labeled datasets.

Figure 1 depicts the permutation importance applied to the two datasets. Although we
can observe the importance of the FPG and HbA1c features in the HbA1c- and FPG-labeled
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datasets, respectively, the importance of the remaining variables is not consistent, given that
they have all the eight features in common. This inconsistency is because the categorical
features have been broken down using the one-hot encoding (as explained in the feature
engineering subsection), resulting in collinearity among the features. For example, HTN
(Yes/No) and Gender (Male/Female) are inversely correlated features. This is also evident
in the case of Figure 1, where the collinear features have almost identical importance
values. To avoid multicollinearity, as in our case, a strategy is to cluster features that are
correlated and only keep one feature from each cluster. We applied Spearman’s correlation
by ranking the values of the variables and then running a standard Pearson’s correlation
on those ranked variables as proposed by Parr et al. [53]. This resulted in a linkage matrix
that is used to infer three main clusters, divided into further subclusters, as shown in the
dendrograms for each dataset in Figure 2.

Compared to the permutation importance shown in Figure 1, the agglomerative
hierarchical clustering in Figure 2 is consistent for both the datasets. Notably, the HTN=Yes
feature is in the same cluster as the label (FPG or HbA1c) of the dataset, which implies they
are close in their importance. Similarly, the height and Gender=M features are in the same
cluster and are among the least predictive features. The final step is to flatten the cluster to
its cluster components. By using the distance among the clusters as a criterion for cluster
flattening, obtained from the linkage matrix computed earlier, we can identify the features
that can be eliminated from the dataset. This process was applied to both datasets and
Gender=M was the only feature that could be eliminated.

With one feature less than the total number of initial features, we performed the
classification task once again. This is explained in the next section.

(a) HbA1c-labeled dataset (b) FPG-labeled dataset
Figure 2. Dendrograms showing hierarchical clustering of the features in our datasets.

4.2. Selection of Machine Learning Classifiers

We chose five machine learning classifiers to evaluate the two datasets. These include
three simple learners: Logistic Regression (LR), Support Vector Machines (SVM), and Deci-
sion Tree (DT) and two ensemble learners: Random Forest (RF) and Ensemble Majority
Voting (EMV). RF uses a set of homogenous decision trees as its base classifiers while the
EMV classifier was composed of the three simple learners LR, SVM, and DT, and used hard
voting that considered the majority for predicting the class label for each instance in the
test set. The rationale for choosing these is based on their previous performance reports in
similar situations [9,31,32]. As our objective was to understand the factors contributing to
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the classification, we chose not to use any neural networks-based classifier in our analysis
due to their “black-box” nature of interpretation of the model [34,57].

5. Results

For each dataset, two types of experiments were performed with all the classifiers.
In the first experiment, all nine input features were used. In the second experiment, we
performed feature selection and elimination before training and evaluating the classifiers,
which resulted in eliminating one feature (Gender=M) from the dataset. With the eight
final features, we performed the prediction task once again.

5.1. Performance of Machine Learning Classifiers

To measure the performance of each classifier, we used the widely-accepted perfor-
mance statistics: Accuracy, precision, recall, and F1-score [58]. For model evaluation, we
used 10-fold cross-validation in all experiments. The RF classifier used n = 100 estimators
with max depth set to 40. Other parameters were left as default by the scikit-learn library.
Both datasets were evaluated with the same model configurations. To allow reproducing
the same splits across different experiments, we used the same seed for generating the
random state for both datasets.

Table 2 and 3 describe the comparative performance of the five classifiers against each
performance metric in the two experiments. The metrics represent the weighted average of
the cross-validation. We learn the following from these tables:

• The performance of all classifiers was better in the FPG-labeled dataset as compared
to the HbA1c-labeled dataset;

• SVM performed best on the HbA1c-labeled dataset while RF performed best on the
FPG-labeled dataset;

• There was no change in the performance of SVM after feature elimination in both cases,
while all the other classifiers saw an improvement or a decrease in the performance
after feature elimination;

• The performance of DT and EVM classifiers improved, but that of RF decreased,
after feature elimination in both cases.

The classification results are comparable to existing approaches for diabetes classifica-
tion [9,31,32,34].

Table 2. Performance evaluation of the HbA1c-labeled dataset.

Evaluation with 9 Features Evaluation with 8 Features

Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score

Logistic Regression 80.86 80.95 80.86 80.83 80.86 ↔ 80.95 ↔ 80.86 ↔ 80.83 ↔
SVM 82.10 82.30 82.10 82.05 82.10 ↔ 82.30 ↔ 82.10 ↔ 82.05 ↔
Decision Tree 74.07 74.07 74.07 74.06 75.31 ↑ 75.34 ↑ 75.31 ↑ 75.28 ↑
Random Forest 81.48 81.91 81.48 81.38 80.86 ↓ 81.61 ↓ 80.86 ↓ 80.70 ↓
Ensemble 77.78 78.14 77.78 77.66 78.40 ↑ 78.86 ↑ 78.40 ↑ 78.26 ↑

Table 3. Performance evaluation of the FPG-labeled dataset.

Evaluation with 9 Features Evaluation with 8 Features

Accuracy Precision Recall F1-Score Accuracy Precision Recall F1-Score

Logistic Regression 83.33 83.31 83.33 83.04 82.72 ↓ 82.62 ↓ 82.72 ↓ 82.45 ↓
SVM 84.57 84.74 84.57 84.22 84.57 ↔ 84.74 ↔ 84.57 ↔ 84.22 ↔
Decision Tree 80.86 81.50 80.86 81.03 82.72 ↑ 83.01 ↑ 82.72 ↑ 82.81 ↑
Random Forest 88.27 88.31 88.27 88.29 87.65 ↓ 87.90 ↓ 87.65 ↓ 87.72 ↓
Ensemble 83.95 83.84 83.95 83.84 84.57 ↑ 84.47 ↑ 84.57 ↑ 84.43 ↑
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6. Discussion

Together with other features in the form of lab tests (LDL and HDL) as well as patient’s
information (age, gender, height, weight, hypertension, and physical activity level), we
used HbA1c and FPG as features in two separate datasets for classifying an instance as
diabetic or non-diabetic. In our experiments, we found that all five different classifiers
predicted with better performance on the FPG-labeled dataset that included HbA1c as
one of the input features. This implies that HbA1c can be used as a superior variable
than FPG for diabetes prediction. This is consistent with the previous work as well. In a
previous study on Vietnamese patients [59], researchers collected overnight fasting blood
samples from 3523 individuals (of which 2356 were women). Like our case, diabetes was
diagnosed with an HbA1c value ≥ 6.5% or an FPG level ≥ 7 mmol/l. It was concluded that
HbA1c testing had a higher sensitivity for identifying patients at risk for diabetes vs FPG,
and therefore may have a greater impact on the diagnoses, cost, burden, and treatment of
patients with diabetes [59].

When compared with the existing approaches, we can identify some distinguishing
features of our approach. We used only a limited number of basic features (age, gender,
height, weight, presence of hypertension, and physical activity level) and three laboratory
tests (HDL, LDL, HbA1c, or FPG) to predict if a person has diabetes or not. In contrast,
most of the existing approaches use many attributes. For example, Dinh et al. [34] initially
used 123 features in diabetes prediction and even after removing the various laboratory
tests, they were left with a much higher number of features (the exact number is not
known). Finding these many features in real-world data is rarely possible. So, we proposed
a mechanism whereby only with a few features could we infer the role played by them in
the classification of a person into diabetic or non-diabetic.

The strategy for the identification of the contribution of each feature through the
feature importance is also significant in the current analysis. Mostly, a correlation analysis
is performed directly to identify such hidden patterns from data (e.g., as in [44]). However,
as can be seen in Figure 1, visualizing the feature importance for different features does not
reveal the same information as we have inferred from our results. Thus, we had to carry
out a certain transformation in the form of clustering and distance evaluation to perform
feature elimination. While we did not use correlation in the prediction task, the ranked
correlations obtained during an intermediate step of our model development can be used
to add to our findings.

6.1. Analysis of Diabetes Risk Factors

Figure 3a shows the correlation matrix of the initial dataset obtained after feature
engineering, without applying any transformations, and Figure 3b shows the correlation
matrix obtained after the ranked correlation based on the Spearman’s ranking. While there
have been small changes in some of the values, after the transformation, the correlation
between the variables largely remains the same during the transformation process. Thus,
the transformation has not affected the original relationship between the variables and
the data remains integrated. The values of the correlation between some of the features of
interest are shown in Table 4. We have organized the table into three sections: Lab results
of HDL and LDL, hypertension, and personal attributes of age, weight, and height.
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(a) FPG-labeled dataset before any transformations (b) FPG-labeled dataset after going through the transformation
process

Figure 3. Comparison of correlation before and after hierarchical clustering based on Spearman’s ranking.

From the correlation analysis, we can establish the following information:

1. When we compare LDL to HbA1c and FPG, LDL is more correlated with HbA1c than
FPG. On the other hand, HDL has almost no impact on HbA1c (close to 0);

2. The presence of hypertension is correlated with an increase in age as well as with a
lower level of physical activity. Lower PAL is associated with hypertension while
medium PAL is associated with the absence of hypertension;

3. Hypertension is also correlated with increasing levels of HbA1c and FPG, with an
almost similar impact on both;

4. A higher level of physical activity has a good impact on HDL (the “good” cholesterol),
while a low level of physical activity may cause higher levels of LDL (the “bad”
cholesterol);

5. As the age of a person increases, so does LDL, meaning that younger people have
comparatively small levels of dangerous cholesterol as compared to the older ones;

6. The level of physical activity decreases with the age. Thus, older people lack physi-
cal activities;

7. The level of physical activity of a person has also a strong correlation with the weight
of a person, i.e., lower PAL indicates more weight while higher PAL is correlated with
less weight of a person. Also, males have more weight when compared to females;

8. The height of a person is negatively correlated with both HbA1c and FPG. Accordingly,
shorter people may be at higher risk of diabetes. This is also in accordance with
existing findings [60,61]. In comparison, when we evaluate the weight of a person
against HbA1c and FPG, there is almost no correlation between them (0.01);

9. There is no significant, direct relation between PAL and either HbA1c or FPG (<|0.05|
in all cases of HbA1c and FPG with all PALs). Thus, we conclude that PAL has effects
on weight, HTN, LDL, and HDL, which then have an impact on HbA1c and FPG
levels, leading to diabetes.

These insights give us some hints into the diabetic disease, its development, and asso-
ciated complications.
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Table 4. Correlation between various features after ranking.

LDL and HDL Hypertension Age, Weight, and Height

Feature 1 Feature 2 Corr Feature 1 Feature 2 Corr Feature 1 Feature 2 Corr

LDL HbA1c −0.19 HTN=Yes Age 0.17 Age LDL 0.15

LDL FPG −0.11 HTN=Yes PAL=L 0.22 Age PAL=L 0.29

LDL PAL=L 0.12 HTN=No PAL=M 0.21 Weight PAL=L 0.52

HDL PAL=H 0.21 HTN=Yes HbA1c 0.12 Weight PAL=H −0.29

HDL FPG −0.14 HTN=Yes FPG 0.13 Weight Gender=M 0.22

HDL HbA1c −0.01 Height HbA1c −0.12

Height FPG −0.12

6.2. Recommendations

With insights from the current work, we can present some recommendations. First,
we can see that even with limited data, patients can be pre-screened for diabetes, and in
case of their classification as diabetic, they can be advised to make appropriate changes
to their lifestyle. We have found that physical activity plays an important role in diabetes
development. Lower levels of physical activity were found to correlate with more weight,
higher levels of LDL (the “bad” cholesterol), as well as hypertension. Thus, everyone needs
to include higher levels of physical activity in their daily routines and avoid associated
complications. Second, LDL has been found to have an association with HbA1c and FPG
and the LDL levels also increase as a person progresses in age. In a similar fashion, HDL
levels are associated with FPG. Thus, it is important that people perform regular LDL/HDL
tests and to control their levels in case it increases with time.

In our current work, we only had access to the hypertension feature of a patient
as being Yes or No. However in practice, the patient’s blood pressure is recorded as
diastolic and systolic values. Similarly, temperature, vision, waist size, etc. are some
other features that can be recorded with commonly available instruments in every clinic.
Thus, just like age and weight play an indirect role in diabetes prediction, these and other
features may also play a certain role in diabetes prediction and should be recorded for
each patient to improve the diagnostic process. Finally, the government could enforce the
pre-screening of diabetes based on age, weight, physical activity levels, and the presence
of hypertension. These factors do not require any specialized tests or equipment and can
be checked in any clinic, even in rural areas. By controlling these basic factors, a large
segment of the population can be averted from developing early diabetes, a problem that
has a large economic and social burden in many countries including Saudi Arabia. It is also
important that accurate recording of physiological data should be enforced by hospitals and
local clinics for any visiting patients for better opportunities to diagnose patients-at-risk.
The data should be recorded in the patient’s EHR so it can be used via a similar analysis on
a larger scale to produce better analysis in the future.

6.3. Limitations of Work

We can also identify a few limitations within our work. First, as data availability is
an important issue in health science research, although our data concerned 3000 patients,
the final size of data was very small. The performance accuracy of a classification task
mainly depends on the availability of large amounts of data [62] and with large data, we
may have better insights. Unfortunately, our final dataset had only 199 records and after
removing the missing values found for LDL and HDL features, we had only 162 records
with complete feature values. With such small-scale data, there are limited options to test
the available classifiers as well as the configuration of their various hyperparameters. That
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is why we did not invest time in further optimizing our classifiers for the given small
dataset. With more data, better classifiers can be trained, evaluated, and optimized.

Second, the data were obtained in the context of Saudi Arabia. It would be interesting
to test our approach to similar datasets from other countries/regions of the world. Third,
in our current work, we used common machine learning classifiers. After establishing the
feature importance of various features, we could even utilize black-box approaches like
machine learning or deep learning and achieve state-of-the-art performance evaluation
results [15–17]. This is one of our near-future goals.

7. Conclusions

The prevalence of diabetes is not only a burden for the governments in terms of the
associated expenditures, but it is also a lifelong strain on diabetic patients. HbA1c and
FPG are two important features for diabetes classification. With a dataset having both
these important features for diabetes analysis, we constructed two separate datasets that
classified an instance into diabetic or non-diabetic class. We found that HbA1c used as a
future resulted in better performance (accuracy, precision, and recall) as compared to FPG.
Moreover, we also identified several other features like hypertension, weight, and physical
activity levels that had an indirect role in diabetic prediction. The LDL/HDL tests were
also found to be correlated with diabetic conditions.

With data from other countries, our approach could be generalized, which may have
important implications in the healthcare community. The prescreening of diabetes could
be rapid, people could be more aware and educated about their lifestyles, and government
expenditures could be reduced alongside the decrease in the significant burden on hospitals
due to the prevalence of diabetes. With the ability to predict the onset of diabetes, necessary
steps can be taken to avoid the diabetic stage of millions of people who are undiagnosed due
to limited resources and lack of awareness. This can not only improve a person’s quality of
life but also result in a positive impact on the healthcare system. Several recommendations
have been proposed in this article in this regard.
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Abbreviations

The following abbreviations are used in this manuscript:

EMR Electronic Medical Record
SVM Support Vector Machines
LR Logistic Regression
DT Decision Tree
RF Random Forest
EVM Ensemble Voting Model
DM Diabetes Mellitus
T1D Type 1 Diabetes
T2D Type 2 Diabetes
HTN Hypertenstion
PAL Physical Activity Level
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Abstract: Root canal therapy is the most fundamental and effective approach for treating endodontics
and periapicalitis. The length of the root canal must be accurately measured to clean the pathogenic
substances in it. This study aims to present a multifrequency impedance method based on a neural
network for root canal length measurement. A circuit system was designed which generates a
current of frequencies from 100 Hz to 20 kHz in order to augment the data of impedance ratios with
different combinations of frequencies. Several impedance ratios and other quantified characteristics,
such as the type of tooth and file, were selected as features to train a neural network model that
could predict the distance between the file and apical foramen. The model uses leave-one-out
cross-validation, adopts the Adam optimizer and regularization, and has two hidden layers with
nine and five nodes, respectively. The neural network-based multifrequency impedance method
exhibits nearly 95% accuracy, compared with the dual-frequency impedance ratio method (which
demonstrated no more than 85% accuracy in some situations). This method may eliminate the
influence of human and environmental factors on measurement of the root canal length, thereby
increasing measurement robustness.

Keywords: root canal measurement; multifrequency impedance; data augmentation; neural network

1. Introduction

At present, root canal therapy is the most effective treatment for pulpal and periapical diseases.
The keys to the process include thoroughly cleaning the root canal system, removing the source
of infection, and reducing the damage to the root tip and periapical tissue [1,2]. Thus, root canal
therapy requires accurate measurement of the length of root canals [3]. Three approaches exist for
measurement of root canal length: the hand feeling method, radiographic determination [4], and the
use of an electronic apex locator (EAL). The EAL, which is most commonly used for measuring root
canal length in clinical settings, has been developed over a long period using different methods [5].

Root canal measurement was initially based on a resistance model, according to the phenomenon
that the direct current resistance between the apical foramen and oral mucosa is almost constant,
although the ages, tooth types, and root canal shapes of patients differ widely. The performance of
this model has generally been considered unsatisfactory, as the measurement does not reflect a simple
resistance model but, rather, a complex model with capacitor characteristics [6,7]. Then, root canal
measurement was carried out by a voltage gradient method, which was more accurate than before
but still unstable [8,9]. A method based on dual-frequency impedance ratios was proposed in the
1990s. This method uses the relative quantity instead of absolute quantity to make the results universal
and reduce the effect of the measuring environment on the results [10]. Several EALs using the
dual-frequency impedance ratios method have demonstrated exceptional clinical performance [11,12].
The multifrequency impedance method has been employed, based on the success of dual-frequency
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methods [13]; however, the EALs found on the market using the multifrequency impedance method
cannot measure the length of root canal very precisely [14,15]. The reason for such low accuracy is
that the measurement environment in the root canal is extremely complex with infective substances
and infected biological tissue. Deep learning methods have superior ability to cope with challenging
environmental noises, so it was considered appropriate to apply a neural network for canal root length
measurement. Data augmentation is also employed, as the data are limited by the scarce signals at
confined frequencies, which prevents the ability to train an excellent neural network.

Given the inadequacy of the current methodologies, this paper proposes a method for precisely
locating the position of the apical foramen using a multifrequency impedance method based on a neural
network, which is trained (after data augmentation) by distinct combinations of multifrequency signals
generated from the designed circuit system. The method is experimentally verified, demonstrating that
the proposed approach can promote accuracy and stability when measuring the length of root canals.

2. Material and Methods

The dual-impedance ratio method selects the impedance ratio of one high frequency and one low
frequency as the criteria for locating the apical foramen; however, the level of accuracy is not ideal and
the method may be greatly affected by the measurement conditions. The multifrequency impedance
method proposed in this paper requires multiple impedance ratios of multiple frequency combinations
and utilizes the relationships between them to increase the reliability of the results. A large number of
impedance ratios of different frequency combinations are essential for high accuracy of measurement.
With the data augmentation of impedance ratios, a nonlinear regression model with the distance
between the file and the apical foramen as the prediction result is constructed based on deep learning
methods. Neural networks are the most widely used type of deep learning model, which exhibit
excellent performance in solving complex nonlinear regression problems [16,17]. Considering the
delicate electrical properties of organisms, deep learning plays a major role in detecting and processing
bio-electric signals [18,19]. In a concrete situation, the structure of the network can be targeted,
designed, and optimized, making the model more flexible and efficient. It is crucial to select appropriate
features to improve the multifrequency impedance method for root canal length measurement.

2.1. Multifrequency Impedance Measurement

All of the measurement instruments and measuring methods used for the experiments were
designed and prepared to meet the research requirements. The impedance was measured on 21
extracted teeth that had been treated and cleaned using a variable frequency voltage signal generated
by a programmable digital frequency synthesizer. The signal varied from 100 Hz to 20 kHz, and the
impedances at different frequencies were collected using automatic data collection (ADC) and stored
in a computer. Figure 1 presents a schematic of the whole measurement process.

Figure 1. Diagram of the measurement process.
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Figure 2 illustrates the physical diagram of the measurement process and its constituent parts.
The 21 tooth samples were single root canal teeth from 21 adults of different ages, including incisors,
canines, and molars. The teeth were preprocessed in vitro by soaking them in a 2.5% sodium
hypochlorite solution and removing the periodontal tissues and attachments, such as dental calculus.
The root canal was washed after opening and removing the pulp. The crown of the tooth was polished
as a reference plane. A tooth fixation device was used to keep the relative position of the tooth constant
during the experiment, ensuring the consistency of the data. A precise file translation device was
used to strictly control the change of distance by increments of 0.5 mm with an accuracy of 1 μm.
One of the files of types #15, #25, and #40 was fixed on the file translation to be located in the root
canal. The root canal length measurement prototype was designed to generate sine sweep signals with
multiple frequencies and select the impedance values. The impedance ratios of different frequency
combinations could then be obtained through data processing in the prototype.

For each tooth, we changed the file distance from the root tip by +5 mm to −1 mm (where +

denotes that the file does not reach the apical foramen and − denotes that the file exceeds the
apical foramen).

Figure 2. Experimental equipment.

Two theoretical tests were verified during this process: the impedance decreased with increasing
frequencies when the file was in the same position; the closer the file was to the apical foramen,
the smaller the impedance ratio, and the larger the frequency difference, the smaller the ratio.
The detailed verification is explained in the following results section (pre-verification).

2.2. Data Augmentation

The impedance ratio was the software-processed output of the circuit system, as well as the critical
data in root canal length measurement. Its expression is as follows:

Impedance Ratio =
Z( fhigh)

Z( flow)
, (1)
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where Z( fhigh) and Z( flow) are the impedances with the signal at high and low frequency separately.
In the circuit system, the ratio of impedance was calibrated with the impedance obtained by the
detection of signals through the root canal. Figure 3 shows the time domain diagram of an input signal
and the signal after it had passed through the root canal.

Figure 3. Time domain diagram of the acquisition signal.

The signal input to channel A then passed through the measured root canal and was detected in
channel B. The frequency of the signal in Figure 3 exhibits a periodic variation with time (i.e., in the time
domain). The energy of the signal in the frequency domain after carrying out a fast Fourier transform
was uniformly distributed over this particular frequency. Other signals at different frequencies
all exhibited the same time and frequency domain characteristics. It was verified that the circuit
system could generate sine sweep signals meeting the measurement requirements. The output
sine sweep signal was processed to deduce the impedance of the root canal with this signal at a
particular frequency.

The circuit system emitted the sine sweep signals at different frequencies, corresponding to
different impedance values at the frequency. Two impedance values were combined together to
calculate the impedance ratio, which was used as the deep learning training data.

The goal of the multifrequency impedance method based on deep learning is to train an advanced
neural network; therefore, the data had to be augmented before their substitution into the model.
The impedance ratio related to the root canal length is the ratio of impedance with a high and a low
frequency signal. The circuit can generate a current of frequencies from 100 Hz to 20 kHz, in which an
arbitrary high frequency signal and an arbitrary low frequency signal were combined to obtain the
impedance ratio, as shown in Figure 4.

Figure 4. Diagram of the data augmentation.
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The multifrequency method utilizes the signals of more frequencies than the traditional
dual-frequency method. The impedance ratio data set was augmented by using arbitrary combinations
of high and low frequency signals. An example of data augmentation is shown in Figure 5.

Figure 5. An example of data augmentation.

For the two high frequency signals at 20 kHz and 10 kHz and the two low frequency signals
at 0.5 kHz and 1 kHz, the number of the impedance ratio can rise from two to four. It is obvious
that the number of data can be considerably increased through data augmentation. Moreover, the
combinations containing all the signals had an utmost use in the measurements in order to avoid
exceptions. The accuracy of the proposed multifrequency impedance method based on deep learning
could be improved significantly by training the neural network with the augmented data.

2.3. Feature Selection

The data were augmented using combinations of multiple frequencies. The accuracy of root
canal length measurement could be increased after the sufficient impedance ratios were available.
Features were selected according to the divergence and correlation between features and goals [20].
Filtering is one of the most commonly used methods for feature selection in deep learning in order
to develop a rule to measure each feature and sort all features by their importance with respect to
the target attribute. The first step was to calculate the variance of each feature, where features with
variance below the threshold were deleted. The next step was to calculate the correlation coefficient of
each remaining feature to the label. In addition, the features for the training model also required the
numerical characteristics of the measuring conditions, such as tooth and file types. We used one-hot
encoding to convert these non-numerical attributes into numerical features, as shown in Table 1.

Table 1. One-hot encoding for tooth types.

Tooth Type Incisor Canine Molar

Sample 1 1 0 0
Sample 2 0 1 0
Sample 3 0 0 1

Among the large amount of augmented data (i.e., impedance ratios), based on the model
performance and convenience of calculation, the top ten groups of impedance ratios—as ranked
by the correlation coefficient—were selected (5 kHz/0.5 kHz, 8 kHz/0.5 kHz, 10 kHz/0.5 kHz,
12 kHz/0.5 kHz, 15 kHz/0.5 kHz, 20 kHz/0.5 kHz, 8 kHz/1 kHz, 10 kHz/1 kHz, 15 kHz/1 kHz,
and 20 kHz/1 kHz), together with tooth type and file type, as the features for the model.
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2.4. Neural Network Model

The neural network model used in this study is presented in Figure 6. The input layer takes the
selected features as inputs, the output of the output layer is the distance between the file and apical
foramen predicted by the model, and the hidden layer is used to enhance the nonlinearity of the model.
The activation function used is the sigmoid function.

Figure 6. Schematic of neural network structure.

One of the Momentum, Adam [21], and SGD optimizers is selected as an optimum optimizer to
accelerate the training of a neural network model. Considering that the small data set used increased
the risk of overfitting, some noise was added to the training set during the training phase [22] and
regularization was applied in the training process to enhance the generalization ability [23].

3. Results

3.1. Pre-Verification

Before the training of the neural network for root canal length measurement, the experimental
results were discussed through the relationships between impedance values and different variables
in order to determine that the theories about the impedance characteristics of teeth are correct,
which can verify the feasibility of the method in this study.

3.1.1. Impedance Verification

The impedance of the root canal is related to the tooth type, input signal frequency, and the
distance from file to apical foramen. We took these three factors in turn as independent variables
in order to observe their effects on the dependent variable of impedance.

First, some different tooth samples were selected to observe the root canal impedance.
Figure 7 illustrates the impedances of four kinds of selected teeth with several input signals.

The selected teeth differed in terms of type and age, but the impedance trends of each tooth type were
similar. The impedance of all the teeth decreased with the increase of frequency, thus guaranteeing
that the impedance ratio method is reasonable.

For these four selected teeth, the relationships between the impedance of different teeth and the
position of file are presented in Figure 8. The frequency was fixed.

It was found that the impedance changed smoothly when the file was far away from the apical
foramen, while the impedance decreased rapidly when the file was close to the apical foramen.
In particular, the impedance varied the most within 1 mm of the file from the apical foramen.
Moreover, when the distance from apex was 0 mm (i.e., the file was at the position of the apical
foramen), there was not much difference among the impedances of different tooth samples. The results
in Figure 8 provide a theoretical basis for the multifrequency impedance ratio method for root canal
length measurement.
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Figure 7. The impedance of different input signal frequencies varying with the tooth type.

Figure 8. The impedance of different teeth varying with the distance between the file and the apical foramen.

In the next step, the tooth type was kept constant. The impedance of the file at various positions
from the apical foramen varying with frequency was explored.

As shown in Figure 9, the impedance decreased as the frequency increased, regardless of
the distance between the file and apical foramen. These phenomena verified the correctness of
the early methods for root canal length measurement, as well as the reliability of the proposed
measurement system.

When the frequency increased to approximately 20 kHz, the impedance almost stopped
increasing. Therefore, setting the highest frequency as 20 kHz barely affects the subsequent analysis of
experimental results when the impedance ratios of different frequency combinations were calculated.
It was considered sufficient to conclude the experiments with the frequency ranging up to 20 kHz.
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Figure 9. The impedance of the file at different position from apical foramen varying with frequency.

3.1.2. Frequency Ratio Verification

The impedance ratios were calculated with multiple combinations of frequencies in order to
find out the optimal frequency ratio. It is possible to compare the performance in these subsequent
experiments with the neural network-based multifrequency impedance method for root canal length
measurement. In addition, frequency ratio verification provided a reference for the following feature
selection and evaluation.

The impedance ratio results, according to the frequency combinations, are illustrated in Figure 10.
The tooth type and the file were kept constant.

Figure 10. The impedance ratios of nine groups of frequency combinations varying with the distance
between the file and the apical foramen (molar, #15).

In Figure 10, the impedance ratios did not change significantly when the file was far from the
apical foramen. When it was close to the apical foramen (especially when the distance was less than
1 mm), the impedance ratio dropped rapidly, while the gradient was steepest at the apical foramen.
Moreover, the larger the difference between the high and low frequencies, the more significantly the
impedance decreased when the file was close to the apical foramen; in contrast, it was not beneficial
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to determine the position of the file. The data for Figure 10 were obtained under the conditions of a
molar tooth type and file #15; the curve trend was similar for other conditions.

The aforementioned phenomena correspond with feature selection. The impedance ratios selected
as features with large variances were the impedance ratios of substantially divergent high and
low frequencies.

3.2. Neural Network Training

The sample set was taken from numerous measurements of 21 teeth with multifrequency signals
combinations. Due to the lack of tooth samples, leave-one-out (LOO) cross-validation was used to
evaluate the performance of the neural network and to prevent overfitting [24]. For the 21 tooth
samples, the LOO-based validation was performed with 21 iterations. In each iteration, the neural
network was trained with the data set of 20 samples and tested on the remaining sample. According
to the loss curve in Figure 11, a suitable optimizer was selected. The mean values of accuracy of the
training and test sets after all iterations were calculated as indicators to assess the generalizability of
the model. The performance of the neural network model with different structures using the LOO
method is depicted in Figure 12. It should be noted that a large number of structures with different
layers and nodes were verified, while a few of these results were selected to display. A highly effective
model should possess both low bias and low variance. High performance on the training set reflects
low bias but can cause overfitting, which suggests high variance. Therefore, point E represented the
best structure.

Figure 11. Loss curves with different optimizers.

As evident from Figures 11 and 12, the neural network model eventually developed had two
hidden layers, where the numbers of nodes in the hidden layers were nine and five, respectively.
A neural network with no more than three layers was sufficient for the uncomplicated data set of
impedance, tooth type, and file type, while it was identified that the performance with three layers was
not good enough (especially point K). More layers can make the training process more complicated
and can prevent the model from converging, leading to overfitting. The optimization method used for
training was Adam; furthermore, regularization was added.
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Figure 12. Performances of neural network models with different structures.

The 21 teeth were divided into three groups, according to the types of tooth and file:
Group 1—molar, #15(6); Group 2—molar, #25(6); and Group 3—canine, #15(9). Table 2 presents
a comparison of the performance of the dual-impedance ratio method and the neural network-based
multifrequency method. Four pairs of frequencies were selected for the impedance ratios:
5 kHz/0.5 kHz, 10 kHz/0.5 kHz, 10 kHz/1 kHz, and 20 kHz/1 kHz.

For the dual-frequency impedance ratio method, using the average impedance ratio of 21 teeth to
determine the apical foramen was not appropriate for Group 1. This was because there were three
teeth in Group 1 for which the dual-frequency impedance ratio at the 0 mm position was quite different
from the average impedance ratio. By contrast, the neural network-based multifrequency method
could solve this problem, had a high accuracy rate, was less affected by changes in tooth and file type,
and exhibited decent robustness.

Table 2. Performances of the impedance ratio method and neural network-based multifrequency method.

Frequency Combination (kHz) Group 1 Group 2 Group 3 Total

5/0.5 66.67% 83.33% 100.00% 85.71%
10/0.5 50.00% 83.33% 100.00% 80.95%
10/1 50.00% 83.33% 89.89% 76.19%

Multifrequency 83.33% 100.00% 100.00% 95.24%

The experimental results indicated that the proposed measurement method is relatively robust
and improved the effects of measuring factors on the results. The experiments in this study may
not have been perfect, however. Further improvements in accuracy can be considered, based on
the following aspects: improving the neural network structure, using different judgment strategies,
using different optimization methods and, most importantly, expanding the data set.

3.3. Discussions Compared with EALs

The development of EALs has been a long and continual process, which seems to lag behind the
rapid development of modern medical technology. After the impedance ratio method was established,
only a few studies researched means by which to select two proper frequencies to enhance the
performance of third-generation EALs [25–27]; however, no landmark improvement has emerged in
the field of root canal length measurement until the present study. Although the measurements of
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fourth-generation EALs seem to be more accurate, their actual performance does not present a great
improvement, compared with the benchmark of the third-generation product—Root ZX—according to
product comparison experiments [28,29]. In addition, in actual surveys, many dentists have provided
feedback that they are more inclined to use third-generation products (e.g., Root ZX) as, in clinical
settings, the third- and fourth-generation EALs differ little in accuracy; furthermore, the older models
are more stable and cheaper. Root ZX is an excellent product, but it is not perfect; doctors often must
use radiography as an aid to obtain accurate results when employing RootZX [30].

Obviously, much room still exists for improvement in the development of EALs. Machine learning
is a popular subject, which has been widely used in the medical field and has promoted the
rapid development of medical technology [31]. The method proposed in this paper combines the
multifrequency impedance ratio method and neural networks. In fact, an EAL can be regarded as
a prediction system or nonlinear regression model, considering that the measuring conditions have
a critical influence on the results. Therefore, the impedance ratios remaining after feature selection
and the numerical measuring factors can be used as the features. Neural networks possess great
advantages in formulating such prediction models.

The experimental results indicated that the proposed measurement method is relatively robust
and can improve the effects of measuring factors on the results. The experiments in this study may
not have been perfect, however. Further improvements in accuracy can be considered based on
the following aspects: improving the neural network structure, using different judgment strategies,
using different optimization methods and, most importantly, expanding the data set.

4. Conclusions

The method proposed in this paper combined the multifrequency impedance ratio method and
neural networks. To increase the accuracy of the model, the impedance ratio data were augmented
with different combinations of currents at various frequencies generated by the designed circuit
system. The pre-verification of impedance was performed to provide theoretical support for training
the neural network. Impedance, tooth type, and file type were selected as features in the model.
Leave-one-out cross-validation was used during the training process due to the limited tooth samples.
An optimal neural network was determined according to the performances of neural network models
with different structures. Compared with the dual-frequency impedance ratio method, the proposed
approach can reduce the influence of measuring factors on the measurement results, increase the
measurement accuracy, and enhance the robustness.
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Abstract: In this paper, the results of the project INSESS-COVID19 are presented, as part of a
special call owing to help in the COVID19 crisis in Catalonia. The technological infrastructure and
methodology developed in this project allows the quick screening of a territory for a quick a reliable
diagnosis in front of an unexpected situation by providing relevant decisional information to support
informed decision-making and strategy and policy design. One of the challenges of the project was
to extract valuable information from direct participatory processes where specific target profiles of
citizens are consulted and to distribute the participation along the whole territory. Having a lot of
variables with a moderate number of citizens involved (in this case about 1000) implies the risk of
violating statistical secrecy when multivariate relationships are analyzed, thus putting in risk the
anonymity of the participants as well as their safety when vulnerable populations are involved, as
is the case of INSESS-COVID19. In this paper, the entire data-driven methodology developed in
the project is presented and the dealing of the small subgroups of population for statistical secrecy
preserving described. The methodology is reusable with any other underlying questionnaire as the
data science and reporting parts are totally automatized.

Keywords: data science; intelligent decision support; social vulnerability; gender-gap; digital-gap;
COVID19; policy-making support

1. Introduction

The consequences of the crisis caused by COVID19 have been devastating from a
sanitary point of view, but they will presumably be also devastating from an economic
and social point of view. The COVID19 generated a situation never seen before and at
the time of starting our research, in April 2020, we were convinced that new social needs
would emerge, and it would be urgent to identify them as soon as possible to properly
address them.

Most of the research done in the field of COVID19 is focusing on the prediction of the
infection rates in the population, survival rates, propagation of the disease, or diagnosis,
like in [1]; indeed, most of the research in COVID19 topics is done under a health approach.
However, the project INSESS-COVID19 was born with the aim to focus on Social Services,
largely forgotten in the management of the pandemics, although being a field with a strong
need of including data as an asset for management and improvement of the Social Services
system itself as well as for improvement of services to citizens.
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The INSESS-COVID19 project (namely Identification of Emerging Social Needs as a
consequence of COVID19 and effect on the Social Services of the territory), is one of the
21 proposals funded by the Special Call on COVID19 Research launched in April 2020 by
the Centre for Cooperation in Development of the Universitat Politècnica de Catalunya.
INSESS-COVID19 is a prospective study to identify the social vulnerabilities of the Catalan
population and to provide elements to support decision-making to the 107 Basic Areas of
Social Services (BASS) of Catalonia and to the Social Services Department from the Catalan
government. The BASS will have to face all these new vulnerabilities and require decision
support tools to be able to manage the incoming overflow.

INSESS-COVID19 uses an innovative approach based on mechanisms for rapid data
collection from an entire territory, based on participatory processes where citizens and
experts in social services can contribute at different levels. The project uses a mixed
methodology that combines data science techniques, knowledge management and artificial
intelligence, which has allowed contributing to provide data/knowledge-driven outcomes
useful to policymaking in the matter of Social Services in Catalonia [2]. The technological
tool developed in INSESS-COVID19 proves the feasibility of quickly getting data direct
from citizens and making a rapid diagnosis of territory whenever needed. The method-
ology proposed in the project, and the technology developed to implement it is general,
being as well valid, not only in Social Services, but in any governmental or business area.
The INSESS-COVID19 proposal allows overcoming the limitations of the most classic
information systems in relation to decision support [3] need in front of an unexpected
situation, as it allows to obtain direct information from the source (citizens in our case)
whenever required, even if the ordinary information system do not contain it.

According to the GDPR (General Data Protection Regulation) [4] GDPR law, privacy
of citizens participating in the project must be guaranteed and is critical to create the trust-
worthy climate that allows citizens to openly confess their vulnerabilities in a protective
way, with the certainty that disclosing vulnerabilities (like being illegally in the country
for example) would not have any direct consequence for him/her. Provided that the data
collection process regards a big number of variables (195), there are 945 BASS organized
in eight administrative bigger areas (named Vegueries), and grouped by four provinces,
the risk of getting very small groups of citizens following a certain pattern of vulnerability
is high, this raising the risk of violation of the anonymization principle in the practical
application of the proposal.

The main challenge is to extract as much relevant decisional information from the
dataset by preserving overall the privacy of the participant citizens. Privacy and human
rights oversight are two of the main principles recommended in the guidelines for Ethic
in AI provided by the European Commission in May 2019. Thus, this paper provides
a methodological proposal to guarantee the participant privacy in the publication of
results. Considering that this project includes some vulnerable citizen’s profiles, like illegal
foreigners, victims of domestic violence, or mental health patients, the preservation of
privacy of all participants is crucial for their safety.

The project is a close collaboration between Intelligent Data Science and Artificial
Intelligence research center at UPC and the iSocial Foundation, being Karina Gibert (IDEAI-
UPC) and Toni Codina (iSocial) the main researchers of the project. When this study started
by last May 2020, the general expectation was that pandemics lockdown would finish by
July and de-escalation would start then, so that we could focus on analying the collected
data and contributing to build this new normality mentioned everywhere. Nothing further
from reality. The pandemic is still among us nowadays, as is the state of alarm, and the
situation is still far from stabilizing. The new outbreaks from last July had a strong impact
on the project work plan. The collapsed Social Services were not able to be involved in
research projects, of course, and the organization of the face-to-face workshops originally
planned in the project became unfeasible with the containment measures again enacted.
The INSESS-COVID19 team put all their energy into rethinking the design of the data
collection process, in order to enable citizen participation, at minimum cost for the BASS.

116



Appl. Sci. 2021, 11, 3110

The data collection period, originally planned by June and half July was extended as much
as possible, until last 6 December 2020. The data analyzed in this paper were collected
between end June and 6 December 2020. Four months throughout entire Catalonia, with
the invaluable collaboration of an important part of the 107 BASS, where social services
professional staff made the effort of finding moments to collaborate with the project and
contacting the participant citizens, in spite of being in a very complex overflow situation.

In the next sections, the different elements developed in the project are presented,
as well as the methodological proposal to deal with small data. Real results from the
questionnaire and some results resulting from the automatic analysis are shown.

2. Materials and Methods

2.1. State of the Art

Before building the INSESS-COVID19 instrument, different related studies had been
consulted. In Table 1, some of the works are listed.

Table 1. State of the Art main references.

Title Promoter Entity Link

Survey on the impact
of COVID-19. 2020 CEO (Centre d’Estudis d’Opinió)

http://ceo.gencat.cat/ca/estudis/registre-estudis-dopinio/
estudis-dopinio-ceo/societat/detall/index.html?id=7588

(accessed on 31 March 2021)

Survey on time uses in
lockdown. 2020 CEO

http://ceo.gencat.cat/ca/estudis/registre-estudis-dopinio/
estudis-dopinio-ceo/societat/detall/index.html?id=7608

(accessed on 31 March 2021)

Special Barometer May
2020

CIS (Centro de Investigaciones
Sociológicas)

http://www.cis.es/cis/opencms/ES/NoticiasNovedades/
InfoCIS/2020/Documentacion_3281.html

(accessed on 31 March 2021)

Covid 19 Impact
Survey

Dr. Nuria Oliver, commissioned for
AI and COVID-19. Generalitat

Valenciana
https://covid19impactsurvey.org/ (accessed on 31 March 2021)

Gestioemocional.cat Health department, Generalitat de
Catalunya.

https://gestioemocional.catsalut.cat/
(accessed on 31 March 2021)

Social Service Survey ACM (Associació Catalana de
Municipis)

https://docs.google.com/forms/d/e/1FAIpQLSe7
MBgTSeA4NtfWIzWM3yDtdsVUXHX118r-

FvwHXLimgvKVCA/viewform (accessed on 31 March 2021)

Encuesta Condiciones
de Vida INE (National Statistics Institute)

https://www.ine.es/dyngs/INEbase/es/operacion.htm?c=
Estadistica_C&cid=1254736176807&menu=ultiDatos&idp=12

54735976608 (accessed on 31 March 2021)

2.2. INSESS-COVID19 Methodology

The project proposes an innovative methodology to reach the goals. The novelty
regards three different issues:

a. The technological solution provided to collect data from citizens in short time
b. The methodological solution for automatic analysis of collected data
c. The methodological solution proposed for reaching the citizens to involve in the

analysis

The main steps of the proposal are listed below. In the next subsections, details on
each step are provided and the novelty highlighted where it is.

A. Analysis of the phenomenon and design of observation tools

Before starting with the technical part of data management, the proposed methodology
suggests starting by understanding the structure of the target ecosystem. From this analysis,
a clear idea about the sample design will appear on the one hand, and the kind of questions
required from participants as well. In addition, the ways in which data will be collected
require attention.
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a. Analysis of the target ecosystem
b. Identification of target subpopulations and profiles
c. Robustness with regards to the moment of answering
d. Construction of the impact-oriented questionnaire
e. Design of technological infrastructure
f. Workshop design 3

B. Collection of territorial information and data analysis 5

The proposed sequence of steps to perform the analysis is inspired in the traditional
KDD procedure (KDD: Knowledge discovery from data). In our case, we introduce a
specific proposal for the operativization of the very last step of Knowledge Production
proposed by Fayyad [5], from which a significant lack of literature exists even nowadays,
and which is aligned with the emergent field of Explainable AI [6].

1. Data collection methodology
2. Data pre-processing
3. Descriptive and territorial analysis

3.1. Multivariate variables
3.2. Temporal variables
3.3. Open questions analysis through Natural language processing methods

4. Intelligent Multivariate Analysis
5. Pattern identification across BASS
6. Artificial Intelligence-based Conceptualization

As it will be seen along the paper, the questionnaire includes variables with complex
structures and some of them express along several columns or not in the DB. Dealing with
this situation requires the development of some new methodological components that will
be detailed along the paper.

1. Definition of a typology of complex variables
2. Design of automatic analysis procedures 10
3. Design of specific visual and analytical tools for complex type of variables
4. Statistical secrecy preservation 8
5. Privacy issues 7
6. Treatment of the statistical error 6
7. Metainformation model 11
8. Automatic reporting12
9. Implementation

C. Results interpretation, diagnostics and final recommendations

In the following, details on all steps are provided.

2.3. Analysis of the Target Echosystem

We propose that this part includes three aspects:

1. Understanding of the structure of the target domain. For the case of INSESS-COVID19,
this requires understanding the structure of Social Services in Catalonia. How are
they organized, which public administrations have competences in the different kind
of services, the set of available services and so on.

2. Also, a review of current sources of official statistics about the target domain that can
be used as a reference for the analysis is required. Literature review is useful. Not in
the academic sense, but finding official reports describing the target domain (in this
case, official statistics and surveys followed during pandemics)

This analysis, conducted together with the domain experts, will result in a clear
identification of the kind of participants required and the kind of information required
from them and will provide the inputs for the decisions taken in next steps.
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2.4. Identification of Target Subpopulations and Profiles 4

As said before, after a deep understanding of the list of available Social Services offered
in primary social care system, a list of 20 target profiles and the corresponding inclusion
criteria were defined together with the Social Services professionals, from both government,
city councils and regional councils (consells comarcals). The proposed profiles point out to
segments of population a priori expected to be significantly damaged by the pandemics:

1. Single-parent families
2. Young people unemployed
3. Unemployed over 50 years old
4. Citizens coming from abroad in irregular situations
5. Ex-tutelage people and underage alone
6. Poor workers (very low salaries)
7. Poor workers (temporal and discontinuous permanence)
8. Poor workers (submerged economy)
9. People under ERTO or dismissed
10. Autonomous workers and small entrepreneurs under bankruptcy
11. Dependent elderly
12. Elderly leaving alone
13. People with disability (physical, sensorial or emotional)
14. Informal care-givers
15. People with mental disorders
16. People from LGTBI community under vulnerability
17. People with addictions to alcohol, drugs or conducts
18. Women victims of male violence
19. People without home or leaving in infra-homes
20. Professionals from Essential Social Services and Health

2.5. Construction of the Impact-Oriented Questionnaire

After an extensive analysis of the conceptual framework, a conceptualization of the
target areas of life to be studied was agreed with the experts. Among all the instruments,
surveys and reports analyzed, the reference conceptual model was the SSM.cat model [7],
an instrument to compute the social vulnerability adopted by the Catalan government to
be part of the new Social Services system (e-Social), planned as the kernel of the digital
transformation of Social Services targeted in the Strategic Plan of Social Services of Catalo-
nia [8] and very much aligned with the current structure of primary care Social Services in
Catalonia. The process by which this reference model was selected is new as it is based
on a systematic review of the State of the Art, including the elaboration of a taxonomy of
indicators, grouped by themes, and the description of the reviewed surveys in terms of the
number of variables (and topics) related to every theme, the expert-based evaluation of the
utility of these questions regarding the goals of the study, and the design of the thematic
blocs and sequence according to that.

The SSM.cat model was inspired by the Dutch version of the Self Sufficiency Matrix
model, developed by the University of Amsterdam [9], which in turn is an adaptation from
the original Self Sufficiency Matrix developed by Diana Pearce for Wider Opportunities for
Women as part of the State Organizing Project for Family Economic Self-Sufficiency [10,11].

Inspired in SSM.cat, INSESS-COVID19 assesses social vulnerability from the following
11 areas of daily life:

• Incomes
• Daily activities
• Home
• Domestic relationships
• Mental health
• Physical health

119



Appl. Sci. 2021, 11, 3110

• Substance abuse
• Daily activities skills
• Social network
• Community participation
• Legal framework

The INSESS-COVID19 questionnaire has been developed by focusing questions on
these areas. Each area can contain a different number of questions, mainly oriented to
bring to the fore not only social vulnerability but also the impact of the COVID19 in this
vulnerability. The result is a questionnaire with 21 blocks that generate up to 195 items, of
different structures, according to the type of questions. Figure 1 shows the global structure
of the survey.

2.6. Validation of Questionnaire and Profiles

The questionnaire and sample design outcomming from the first phase of the method-
ology are extensively validated through several rounds of experts.

1. Two experts of the Advisory board of the project specialized in innovation for Social
Services analyzed both que list of questions and the set of target profiles defined
and provided positive feedback and some suggestion to improve writing to reduce
ambiguities

2. The updated versions of both target profiles and questionnaire were submitted to
the Social Services Commission of the Catalan Federation of Municipalities and a
workshop was celebrated to evaluate the proposal that was fully accepted by the
experts

3. Technical staff of the Social Services Department of the Catalan Government also
reviewed the materials with successful feedback

4. Practitioners on Social Services checked the materials with a positive feedback as well
and small amendments on ambiguity of the writings

None of them detected any missing profile in the sample design or question in the
questionnaire and some highlighted the interest of some profiles or questions appeared as
a consequence of the systematic review proposed in the paper that would have not been
included from a more traditional expert-based approach (like Delphi or focus-groups).

2.7. Robustness of Data Collection Moment by Design

The INSESS-COVID10 instrument introduces an innovative structure in the question-
naire, intended to allow a long period of data collection while preserving the comparability
of the data collected. This is a very relevant characteristic of the questionnaire that allows
extensions of the data collection period in such a way that keeps the property of considering
data together for the analysis. This provides an important advantage in front of small
samples, as providing longer period for data collection valid sample can increase without
limit in the validity of previously collected data.

The proposal made in our work is that all questions from the questionnaire are divided
in two categories:

• Static: Characteristic that keeps static along the entire study period (age, sex, place of
birth, etc.)

• Dynamic: Characteristic that might change value along the study period

The proposal is to require answers in some fixed moments along time for all Dynamic
questions in the questionnaire (Figure 2). The methodology is general, but for the case of
INSESS-COVID19, it was decided to fix three moments of inquire: Pre-pandemics (January
2020), post-pandemics (July 2020) and expectations for the future (January 2021).
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Figure 1. Structure of the INSESS-COVID19 questionnaire.
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Introducing this design in the questionnaire has the property that the study gains
robustness with respect to the specific date in which the citizen is participating into the
project. The questionnaire asks about situations/perceptions in this three fixed time points,
so the data collection process can be as long as required and data still permits the analysis
of the dynamics of the phenomenon. Answers of persons participating in July, or August,
or October, still provide information about the situation of the person in January 2020, July
2020 and January 2021, so they can be analyzed together. Considering the critical situation
of the BASS during the 1sr wave of pandemics, this solution is overcoming the limitation
that most of the territory could not dedicate time to the study in June–July, and without
introducing this kind of design the viability of the project would not survive.

The impact of the 1st wave of the pandemics becomes measurable through the differ-
ences between July and January 2020.

The consequence is that this design introduces packs of variables in the questionnaire,
which are not anymore independent, and specific procedures to analyze them in the correct
way will be required. These are introduced later in the paper.

Figure 2. The three fixed time-stamps of the INSESS-COVID19 questionnaire.

2.8. Technological Infrastructure

The methodology includes the design of the technological infrastructure that allows
easy and secure access to the questionnaire to the citizens that will participate into the study
and provides the pipeline to generate the final automatic reports based on the data collected
in these questionnaires. Figure 3 displays the overview. A server in the cloud compliant
with all GDPR is hosting the digital questionnaire. The access to the questionnaire is
made through a website that requires authentication and it can be reached with either a cell
phone, tablet or PC (personal computer). Data collected in the questionnaire is downloaded
(even periodically) to be automatically processed through R and KLASS [12] scripts and a
well edited working report is automatically produced in Word, where the results of the
analysis are displayed and formatted as a final document. The web is also hosting a view
for the BASS staff with support documents to organize the workshops.

After implementation and deployment, technical validation of scripts, server perfor-
mance, web functionality, and availability of all required materials was performed.
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Figure 3. Technological infrastructure of INSESS-COVID19 system.

2.9. The INSESS-COVID19 Workshops

Originally, the project planned face-to-face workshops with the citizenship and part
of it consisted in filling-in the INSESS-COVID19 questionnaire. The main advantages of
such a design are:

• Digital gap issues of vulnerable population are assisted during the workshop and
successful participation is guaranteed

• The data collection time is constrained. In 2 h workshop all answers for a given BASS
are collected

• Missing data is reduced.
• Misunderstanding of questions is reduced, or eliminated

The main limitation of this design is to require coincidence in time and space and
requires logistics and specific rooms offered by the BASS for the workshop celebration.

With the circumstances of the prolonged pandemics in successive outbreaks, an on-line,
delocalized in time and space, version of the workshop was activated. The contextualization
of the activity was pre-recorded in videos, uploaded to web, so that each participant has to
enter the web, follow the videos (10 min) and answer the questionnaire, all available in a
private web area. In this modality, the properties of the workshop are:

• No need to offer a specific room to celebrate the workshop
• No need to fix a day and time to celebrate the workshop
• Time for data collection needs to be a longer period. Extra follow-up of participants is

required to guarantee the delivery of questionnaires on time
• Missing data can increase
• Misunderstanding of questions is still reduced through videos, but no interaction is

available, so it might be not totally eliminated
• Specific long-term human support is required to solve the digital gap issues of vulner-

able population. The BASS has to offer a person to this purpose.
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The main aim of the mini-videos is to guarantee that all participants have the same
understanding of the questions and know the main goals of the project, thus still helping
to reduce both the misinterpretations of the questions.

The project considered four workshop modalities (Figure 4):

Figure 4. Workshop modalities.

• INSESS-COVID19 Face-to-face Workshop (Figure 5a): All people who are participating
in the workshop meet together in a site provided by the BASS. INSESS-COVID19 team
join through videoconference to lead the workshop.

• INSESS-COVID19 Mixt Workshop (Figure 5b): Some participants are located in the
room assigned by the BASS for workshop. Also, some participants join the workshop
through videoconference. The INSESS-COVID19 team join through videoconference.

• INSESS-COVID19 Online Workshop (Figure 6a): All participants join the workshop
through videoconference. INSESS-COVID19 team join by means of videoconference
to lead the workshop.

• INSESS-COVID19 Free Workshop (Figure 6b): All participants do the workshop on-
line in its own schedule and from where they prefer (home, working place, etc.). The
BASS professionals send to all participants the accesses to the website and videos
of the project, to be seen before starting the workshop. The workshop consists on
watching the proposed videos where the project is presented and after that, answering
the questionnaire.

Other modalities: Along the data collection process, some BASS used creative mecha-
nisms to involve citizenship into the study:
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• Rubí decided to organize a quasi-face-to-face workshop on his own, by using the electronic
materials available for the Free Workshop on the project website.

• Mollet del Vallès, convened the Culture department to hold a quasi-face-to-face workshop in
an open day in order to involve more citizens and provided information for 80 citizens.

• Reus was using a distributed network strategy, so each of the specialists had to found only
two or three participants and a phone interview was followed to fill in the questionnaire

• Cervemakers and the Institut de Cervelló, proposed participation in INSESS-COVDI19
as a volunteer activity for 4th ESO students and they have also collaborated as agents
of the project by monitoring citizen participation.

Figure 5. (a) Face-to-face modality (b) Mixt modality.

Figure 6. (a) Mixt modality; (b) Free modality.

2.10. Validation of Workshop Design and Technological Infrastructure

On 2 July, two pilots were conducted:

1. The BASS Castell-Platja d’Aro found 20 people who met some of the requested profiles
and called for the workshop in a place provided by Social Services. Due to pandemics,
INSESS-COVID 19 team joined the meeting remotely, through videoconference, and
introduced the project, gave the context and all the instructions and answered all
doubts about the questionnaire to the participants. After the 2 h workshop, all the
20 responses were already uploaded in the INSESS-COVID19 server. None of the
questions was misinterpreted and all answers were provided.

2. The second pilot took place in the BASS la Noguera. In this case, trying to bridge the
digital gap, social services professionals selected the 20 participants, and gave a phone call
to pass the questionnaire; the professional was transcribing the citizen answers into the
INSESS-COVID19 server. The time required to collect answers from the 20 participants
took more than 2 months. None of the respondents misinterpreted any question.

2.11. Data Collection Methodology

According to the official statistics from last Third Sector Barometer [13], the vulner-
able population from Catalonia is 1,584,000 people. The sample size can be determined
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under the approach of infinite population, as the asymptote of the sample error under the
finite population approach is reached around 1,000,000 population. According to classical
expressions [14], a sample of 1067 citizens participating into the project would provide a
sample error of 0.03 at a 0.95 confidence level.

Taking into account that the BAS were in an overflow crisis because of the pandemics,
we assumed that about a 20% of them would not be able to engage the project, so, we de-
termined that the network of 107 BASS from all territory would be asked to find 20 citizens
each, by following a minimum of 10 of the target profiles. Social Services professionals for
each BASS were selecting 20 citizens from a subset of profiles that properly represented
the main problematics occurring in their geographical areas. Expertise of Social Services
teams was on play at this step in a two-stage sample design, in a combination between
collaborative co-creation methodologies and classical multiple stage sampling strategies.

The selected citizens were invited to participate in the project by following the INSESS-
COVID19 workshops in any of its forms. The INSESS-COVID19 questionnaire was opened
from 17th July 2020 and has been continuously collecting data until 6th December 2020.
On 7th December 2020, (01:00 am) 971 answers were collected in a database containing
195 variables and downloaded for automatic analysis.

2.12. Typology of Variables in INSESS-COVID19 Questionnaire and Analysis Proposed

The INSESS-COVID19 questionnaire combines variables of different types and struc-
tures, which require different kind of analysis. Figure 7 lists the different types of variables
considered in the questionnaire, the form that the question has in the digital questionnaire,
the internal format generated at the level of the background database where data is repre-
sented, and the combination of graphical and numerical tools used for the basic descriptive
analysis. In addition, an example of the INSESS-COVID19 questionnaire for each case.

This typology is one of the contributions of the paper and provides some complex vari-
ables that enquire to a certain issue and generate more than one column in the background
dataset. According to the type of the question, the nature of the information collected and
the way in which this information is represented in the database, this is directly affecting
the way to visualize this data and the statistical procedure associated. This produced, in
consequence, the creation of some new procedures to analyze these complex datasets and
some new visualization tools.

• Multivalued variables: A multivalued variable is a qualitative variable X with S possible
modalities D = {m1, m2, . . . mS} so that an individual can simultaneously take several
values from D. This is the case for example of X = “ICT available”, D = {PC, tablet,
cellphone}. The values of X, xi € P(D), so that an individual can simultanoeusly have
PC and cellphone and so. The concept of multivalued variable is not new. However,
in this work specific descriptive tools to better extract information from these kinds of
variables is introduced.

• Temporal basic variables Temporal variable (X,T) defines as a qualitative variable (nom-
inal, ordinal, binary or Likert) that is measured T times along time, providing T
columns in the dataset as temporal replicas of X. We can denote these replicas as Xt1,
Xt2, . . . , XT. In the Figure 7 they are denoted by LikertXtime or NominaXtime

• TQQ variable: Temporal Qualified Qualitative (X, T, Q) is a qualitative variable X with S
modalitites in D, replicated T times. For each modality ms a value (from Q) indicating
the qualification f ms is given (Q is a Likert or ordinal set of values). As an example,
variable X = participation in the society, is taking four modalities D = {Associations,
Networks, Volontariety, Others}, which indicates the kind of participative actions that
the person follows. The variable is replicated T = 3 times (t1 = January2020, t2 = July
2020, t3 = January 2021). Each Xt is, in turn a set of Likerts, such that for each modality
of X in t1 we have a Likert qualifying the degree of participation of the person in it. Q
= {Molt (A lot, Una mica (Some), Gens (None), NC (missing answer}. At the level of
internal representation, each TQQ variable provides card(D)xT Likert columns each
taking values in Q that require a joint description.
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2.13. Design of Specific Visual and Analytical Tools for Complex Type of Variables

Indeed, some of the tools used are very basic, but others have been developed ex
professo in this project and open the door to enlarge the knowledge provided in the
first descriptive analysis of any database, given that the type of variables are properly
conceptualized prior to the analysis itself. In the following, the description of the new
advanced descriptive tools is proposed.

Each of these tools have been properly validated before including in the procedures
used to analyze the project data. First, the proposal was validated with stakeholders of
the report to see if they appreciated useful information given by the tool. Then, technical
validation of scripts implementing them was performed. Finally, interpretability of the
results was used as final validation criteria when the entire project report was submitted to
final stakeholders.

2.13.1. Extended 5-Number Summary

Being X a numerical variable (x1, . . . , xn), the 5-Number Summary [15] is a set of 5
sufficient robust statistics used to describe numerical variables (See Table 2). It is composed
by Minimum, Q1, Median, Q3 and Maximum. In our version, we extend it by adding Mean,
Quasi-standard deviation and Variation Coefficient, so that information about symmetry
of the variable and relevance of variance can also be evaluated.

Table 2. Extended 5-Number Summary table.

Min Q1 Median Mean Q3 Max StDev (s) CV

min(X) x tq card(X ≤ x)
= 0.25n

x tq card(X ≤ x)
= 0.5n

∑n
i=1 xi
n

x tq card(X ≤ x)
= 0.75n max(X) ∑n

i=1(xi−x)2

n−1
s
x

2.13.2. Extended Frequency Table

Being X a nominal variable the Extended Frequency table (Table 3) extends the tradi-
tional one with the standard error, computed according to expressions described in this
paper and the pooled standard deviation of all modalities together as a goodness indicator
of the question as a whole. For nominal qualitative variables, the modalities are presented
in descending order, in a Paretto style, so that the most frequent modalities appear in the
top of the table. For Likert variables, the original order of the modalities is presented.

Table 3. Extended Frequency table of Gender.

P2. Gènere Freq. Prop. Std. Err

2. Dona (Female) 655 0.675 0.0152
1. Home (Male) 307 0.316 0.0148

3. NoBinary 5 0.005 0.0032
4. NC 4 0.004 0.0000

95% CI error: ± 5 × 10−4; Std. Error of the question: 0.0107.

2.13.3. Marginal Bar Plot, Pie or Frequency Table

The multivalued variables provide multivalued responses composed by subsets of
modalities. This is the case for example of digital devices used by a person (they can be
multiple, right? Cell phone, tablet, pc, laptop . . . ). Being X a multivalued variable (x1,
. . . ,xn), where xi is a list of modalities separated by “;”. The frequencies of each single
modality of the variable are not available by direct analysis.

The marginal bar plot, as in Figure 8, apparently looks like the classical bar plot,
but it is built over a multivalued variable. This means that a single individual might be
represented in several bars simultaneously. Consequently, the corresponding proportions
column have a total overcoming 100%. So that the marginal frequency table has a similar
aspect to the frequency table but represent proportions that sum up over 100%. The same
happens with the pie. All of them represent the marginal counts or proportions of the
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(eventual) dummies representing each of the modalities of the variable, independently of
how this variable is internally represented in the data base (as a single column of lists of
values in the cells, or as a set of dummies, one per modality). Figure 8 shows the area of
the life impacted by unsolved processes. The same person can have several areas impacted
simultaneously, like civil status (divorce process for example) and economy and family.

Figure 8. Marginal bar plot of J2 question.

2.13.4. Multivalued Frequency Table

As nominal multivalued variables are represented by columns with lists of modalities
in the cells, we propose the multivalued frequency table (Table 4) to analyze the bags of
modalities selected by respondents. In the multivalued frequency table, all the subsets
of modalities provided as answers are displayed with their corresponding counts and
frequencies. This in fact represents a subset of the empirical joint probability distribution
of the variable. To preserve the statistical secrecy combinations are published only for
frequencies greater than three. The number of hidden combinations is also reported at
the end, as well as the uncertainty metrics. These variables are implemented through
multiple-choice questions in the questionnaire. When collapsed in bags of modalities their
weight in the analysis keep as one variable. When represented as dummy variables, as
in the traditional way, they can bias the analysis as they increase dimensionality of data
set unnecessarily.

2.13.5. Trajectory Graph

Originally introduced in [16,17], it consists of a two-dimensional plot with the modal-
ities of the target qualitative variable (sorted or depending if it is nominal, or Likert or
ordinal). Time is represented in the X-axis and it is discrete. In the INSESS-COVID19
questionnaire, this tool is used to represent all the temporal basic variables. Those corre-
sponding to Dynamic characteristics and measured at the three time stamps presented
before: January 2020, July 2020 and January 2021. For each individual the nodes represent-
ing their choices along time are linked with an edge. Edges of same colour represents same
trajectory of the individuals. The thickness of the trajectories represents the proportion of
respondents following that pattern. Trajectory graphs represent in a single tool packs of
3 different columns in data file corresponding to same variable X measured in 3 timestamps
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XT1, XT2, XT3; where each XTi is a replica of X showing the value along time. Trajectory
Graphs teach which individuals evolve in similar ways. They give an opportunity to
identify temporal patterns and further find which variables distinguish them. This inter-
pretative analysis generates hypotheses about which factors are associated to negative
evolutions or harmful for individuals. The tool is transversal, and it has been used in [16]
to identify causes of functional impairment in neurological patients with spinal cord injury
during the process of social inclusion after discharge. In [17] it was used to understand
the patters of evolution of the operation mode of wastewater treatment plants daily. Here
we apply to discover the main trends of temporal evolution of the main variables from
INSESS-COVID19 questionnaire one by one.

Table 4. Multivalued frequency table.

J2. AmbitImpactat Freq. Prop. Std. Err

7. NoEnTinc 378 0.389 0.0155
3. Família 56 0.058 0.0077

4. Treball; 5. Economia 51 0.053 0.0071
8. NC 47 0.048 0.0071

3. Família; 4. Treball; 5. E-conomia; 6. Habitatge 45 0.046 0.0071
5. Economia 39 0.040 0.0063

3. Família; 4. Treball; 5. Economia 32 0.033 0.0055
4. Treball; 5. Economia; 6. Habitatge 30 0.031 0.0055

1. Regularització 27 0.028 0.0055
4. Treball 27 0.028 0.0055

3. Família; 5. Economia 24 0.025 0.0055
2. EstatCivil; 3. Famí-lia; 4. Treball; 5. Economia; 6. Habitatge 16 0.016 0.0045

1. Regularització; 3. Famí-lia; 4. Treball; 5. Economia;
6. Habitatge 14 0.014 0.0032

6. Habitatge 14 0.014 0.0032
3. Família; 5. Economia; 6. Habitatge 11 0.011 0.0032

5. Economia; 6. Habitatge 11 0.011 0.0032
3. Família; 4. Treball 8 0.008 0.0032

1. Regularització; 4. Treball; 5. Economia; 6. Habitatge 7 0.007 0.0032
1. Regularització; 3. Fa-mília 6 0.006 0.0032

1. Regularització; 4. Treball; 5. Economia 6 0.006 0.0032
4.Treball; 6. Habitatge 6 0.006 0.0032

1.Regularització; 4. Treball 5 0.005 0.0032
2. EstatCivil; 3. Famí-lia; 5. Economia; 6. Habitatge 5 0.005 0.0032
1. Regularització; 2. EstatCivil; 3. Família; 4. Treball;

5. Economia; 6. Habitatge 4 0.004 0.0000

1. Regularització; 3. Família; 4. Treball; 5. Economia 4 0.004 0.0000
1. Regularització; 3. Família; 5. Economia 4 0.004 0.0000

2. EstatCivil 4 0.004 0.0000
3. Família; 4. Treball; 6. Habitatge 4 0.004 0.0000

3.Família; 6. Habitatge 4 0.004 0.0000
1. Regularització; 3. Família; 5. Economia; 6. Habitatge 3 0.003 0.0000

1. Regularització; 6. Habitatge 3 0.003 0.0000
2. EstatCivil; 3. Família 3 0.003 0.0000

2. EstatCivil; 5. Economia 3 0.003 0.0000
Salut 3 0.003 0.0000

Using Trajectory Graphs in R is another contribution of this paper, this being the first
time that it is implemented in R to be automatically represented in automatic reporting.
Figure 9 shows the trajectory graph for the variable convivial relationships.

The variable Quality of convivial relationships is ordinal and can take 10 different
modalities (from 01. Satif (Satisfactory) to 9. Inexistent and 10. NC (missing)). This variable
has been measured by three timestamps in the questionnaire. A line in the graph represents
each respondent. All respondents following same temporal path are shown with same
line color.
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Figure 9. Trajectory map of question R1.

The interpretative power of this tool for non-technical-skilled users is enormous:
Horizontal bands mean stability. Whenever the modalities of the target variable (X variable)
are sorted top-down from better to worse, the “V” and “∧” patterns mean instability found
after pandemics 1st wave (in July 2020) in opposite senses. While “V” pattern means
worsening and retrieving, the “∧” pattern means improvement after pandemics and bad
hopes in January 2021. Of course, the trajectory map can be generalized to more timestamps
and any kind of qualitative variable. It is useful to understand the dynamics of a group of
individuals along time. Another contribution of this research is that an efficient algorithm
was designed so that the combinatorial nature of the trajectories can be managed and
computed in very short CPU times.

The “V∧” pattern is a special pattern identified for the first time during this research. It
corresponds to a double dynamics in the same process (in this case, the pandemics), where
part of the individuals follow a “V” pattern (the pandemics worsen their situation and
they expect to recover by the beginning of 2021) whereas another segment of individuals
follow the opposite pattern “∧” (they were in bad conditions before the pandemics and the
pandemics connected with people, better emotional conditions etc., while they expect to
come back to the original situation by the beginning of 2021).

2.13.6. Trajectory Frequency Table

For temporal basic variables: Apparently looks like a multivalued frequency table.
The main difference is that it has been built from a set of several qualitative variables (one
per timestamp), each of them are simple choice and represented in a different column in
the dataset. It quantifies the information shown in the Trajectories map. See in Table 5 the
trajectory frequency table corresponding to the R1. RelUConv variable presented later in
the Results section.

2.13.7. Multiple Bar Plot

As usual, it represents the joint probability distribution of 2 qualitative variables. In
this case, one is time. The other is a nominal, ordinal or Likert variable. For temporal basic
variables. See an example in Figure 10.
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Table 5. Example of Trajectory Frequency Table.

R1.RelUConv Frequencies

01.Satisf + 01.Satisf + 01.Satisf 596
10.NC + 10.NC + 10.NC 64

02.Preoc + 02.Preoc + 02.Preoc 33
09.Inexistents + 09.Inexistents + 09.Inexistents 25

01.Satisf + 02.Preoc + 02.Preoc 24
01.Satisf + 02.Preoc + 01.Satisf 23
02.Preoc + 01.Satisf + 01.Satisf 14
02.Preoc + 02.Preoc + 01.Satisf 12
01.Satisf + 01.Satisf + 02.Preoc 9
01.Satisf + 01.Satisf + 10.NC 7

04.Tenses + 04.Tenses + 04.Tenses 7
09.Inexistents + 01.Satisf + 01.Satisf 7

01.Satisf + 04.Tenses + 01.Satisf 6
02.Preoc + 01.Satisf + 02.Preoc 6

05.Conflic + 05.Conflic + 05.Conflic 6
03.Igno + 01.Satisf + 01.Satisf 5

04.Tenses + 04.Tenses + 01.Satisf 5
01.Satisf + 03.Igno + 01.Satisf 4

01.Satisf + 09.Inexistents + 10.NC 4
02.Preoc + 04.Tenses + 04.Tenses 4
04.Tenses + 05.Conflic + 01.Satisf 4
05.Conflic + 01.Satisf + 01.Satisf 4
09.Inexistents + 03.Igno + 10.NC 4

10.NC + 01.Satisf + 01.Satisf 4
01.Satisf + 03.Igno + 03.Igno 3

01.Satisf + 04.Tenses + 04.Tenses 3
03.Igno + 03.Igno + 03.Igno 3

04.Tenses + 01.Satisf + 01.Satisf 3
04.Tenses + 04.Tenses + 03.Igno 3

05.Conflic + 04.Tenses + 01.Satisf 3

Figure 10. Multiple bar plot of Economic situation.
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2.13.8. Grid of Pies

For temporal basic variables the T columns representing time can be analysed inde-
pendently as if they were ordinary qualitative variables. A pie for each timestamp can be
done and they are presented in a grid See an example in Figure 11 for economic situation.

Figure 11. Grid of Pie Charts of question E1. Economic Situation.

2.13.9. Transition Tables

Tables quantifying the transitions between two consecutive timestamps, in counts or
proportions. Given a temporal basic variable (X,T), it is the cross table between Xt and Xt +
1, t = {1:T − 1}. See an example in Figure 12 for the changes in the quality of convivial Unit
Relationships between January 2020 and July 2020.

Figure 12. Changes between January 2020 and July 2020 (variable gener 2020–Juliol 2020).

2.13.10. Changing Tables

Cross table of the categorization of successive transition tables that quantifies how
many state changes are observed in both the first and second transition. Figures 13–16 are
examples on changes of the quality of the relationships in the Convivial Unit.

Figure 13. (a) Changes reported along time (relative); (b) Change patterns (convivential unit).
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Figure 14. (a) Change patterns in familiar relationships with person living out of home; (b) Change
of patterns in relationships with neigh-bours.

2.13.11. Multiple Stacked Bar Plot

This is a graphical representation proposal to provide a compact view of a TQQ type
variable with a Q, X and T. In this case, the three stacked bar plots represent participation
in society through time. For each timestamp T = (G20, J20, G21), a stacked bivariate
bar plot represents the relationship between the Likert Q (1Molt (high participation),
2.Una mica (moderate participation), 3Gens (no participation), 4NC (unknown)) (in bars)
and the modalities of X, here indicating if the participation in different social activities
(like neighborhood networks (Xarxes), associations (Associacions) voluntary movements
(Voluntari) or Others (Altres)). Changes along time can be analyzed as well. See Figure 15.

Figure 15. Multiple stacked plot o Question Soc1-2-3. From left to right the vertical labels are: Soc1.1.PG20Associacions
(participation in associations in January 2020); Soc1.2.PG20 Xarxes; Soc1.3.PG20Voluntaria; Soc1.4.PG20Altres and so on.

134



Appl. Sci. 2021, 11, 3110

Figure 16. Sample pages of automatic report.

2.13.12. Error Estimation

The results of all estimates build over questionnaires data have associated sampling
errors. The main statistical offices in our context have been consulted and two different
methods are used to compute them.

2.14. Statistical Institute of Catalonia (IDESCAT)

IDESCAT is the statistical office from Catalonia and uses the Variance Coefficient (CV)
of the estimate θ̂ as the estimation of the relative sampling error for the estimate θ̂. CV is
published in the sampling error tables. The estimated CV allows obtaining a confidence
interval at 95% of the estimated characteristic (θ):[

θ̂ ± 1.96 ĈV × θ̂
]

(1)

In turn, computing ĈV follows the recommendations of Eurostat and the Net-SILC2
working group [18], so that the error clustering and the ultimate cluster approach are used.
According to this methodology, for the calculation of the variance of the sampling error,
only the variation between the totals of the primary sampling units (the census tracts) is
taken into account. This might parallel the BASS role in our case.

2.14.1. Statistical National Institute (INE, Instituto Nacional de Estadistica)

[The sampling errors of the estimates of some of the main investigated characteristics
are calculated quarterly. A resampling method is used to obtain the sampling errors. The
INE uses the reiterated semi samples method [19,20] in most of their important panels,
among them the APS (the Active Population Survey, EPA in Spanish) [21].
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This procedure consists of obtaining r semi samples from data (being a semi sample
a subsample of size n/2, with n the original sample size). From each semi sample s, the
estimate θ̂s of the target parameter θ is calculated. Once all the estimates have been
calculated, as well as the estimate of the full sample θ̂, the variance estimator is given by:

V̂
(
θ̂
)
=

1
r

r

∑
s=1

(
θ̂s − θ̂

)2
(2)

where r is the number of subsamples considered, θ̂s is the estimate of θ obtained with the
semisample s (a reweighting technique is applied using the CALMAR software) and θ̂ is
the global estimation of the target parameter, based on complete sample.

In the case of the APS, the number of reiterations used is 40, formed by making pairs
with the sections of each strata, ensuring that the two sections of each pair belong to the
same APS rotation shift; the first section of each was randomly assigned for 20 reiterations
and the other section for another 20. In this way, each reiteration is constituted by a number
of sections equivalent to 50% of the sample (semi sample) and each section appears in the
half of the iterations. The survey publishes the relative sampling error as a percentage
(coefficient of variation):

ĈV
(
θ̂
)
=

√
V̂(θ̂)× 100/θ̂ (3)

2.14.2. Calculation of Sampling Error in INSESS-COVID19

In our case, we provide the CV of each item of the questionnaire based on the same
expression used by IDESCAT [

θ̂ ± 1.96 ĈV × θ̂
]

(4)

For the numerical variables θ̂ is the observed mean and for the qualitative ones is the
obseved proportion. The

ĈV
(
θ̂
)
=

√
V̂
(
θ̂
)
/θ̂ (5)

as usual. So, the most important part in our case is to estimate V(θ̂). For numerical
variables, it is estimated as the square of the sample quasi-standard deviation. For the
qualitative variables, each modality is considered as following a Bernoulli distribution, so
that θ represents the proportion of that modality, whereas

V
(
θ̂
)
=

θ̂
(
1 − θ̂

)
n

(6)

In addition, a confidence of the qualitative question as a whole is provided by means
of the pooled standard deviation of all modalities.

2.15. Privacy

Many of the questions contained in the INSESS-COVID19 questionnaire are sensitive
(being the object of violence, being in irregular situation in the country, suffering from
mental disorder, etc.). Guaranteeing the privacy and anonymity of the respondents is
crucial to make them sure that they can answer all the questions without being scared.

This is the reason why the questionnaire is self-contained and anonymous, such that
the respondent cannot be identified and their answers cannot be crossed with any other
database at individual level. In particular, they cannot be crossed with the Social Services
information systems. So that we cannot expect to get any extra information about the
person out of the questionnaire. Some questions require information that Social Services
already have about people, but we preferred to ask again and avoid mistrust feelings that
could limit the answers provided by the respondents.

To guarantee this security, the BASS professionals identify the people to participate into
the workshops, but they do not share with INSESS-COVID19 team their identities. They
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communicate to the participants the links and passwords to enter the project website and
the questionnaire but using a common password the system cannot trace the identities of
the respondents, so that the responses keep anonymous and secure. The server hosting the
questionnaire database is RGPD compliant as well, and INSESS-COVID19 team preserves
the microdata without sharing with any other institution other than aggregated data.

However, all these good practices are not sufficient to guarantee the statistical secrecy
of the respondents.

2.16. Risk of Revelation of Statistics Secrecy and Preservation

The citizen’s profiles targeted by INSESS-COVID19 project focus on some subpopula-
tions that represent minorities presumed to be impacted by the COVID. The data collection
process has been distributed along the territory in order to minimize the efforts required
to BASS professionals, already collapsed by the management of the cases impacted by
pandemics. Some of the BASS were providing more than the required 20 citizens, but a
number of them provided around 20 or sometimes less. This means that for some profiles,
a BASS can provide one or two single people. This raises serious limitations for publishing
classical descriptive statistics at the BASS level, as it would be easy for the BASS profession-
als to disclose the statistical secrecy by identifying the person. This phenomenon happens
not only when data is presented at BASS level, but even when minority profiles are studied
at Catalan level, by crossed with other variables that can reveal sufficient information to
identify the people.

The classical practice of not publishing results about too small subpopulations is not
a solution in the context of this project, as vulnerable minorities (even is not statistically
significant) require attention and cannot disappear from the picture (let us think about
women victim of domestic violence, they are never too much, bus this is not a reason to
hide in the analysis what happens with this segment of population, right?)

INSESS-COVID19 is proposing and applying some good practices that preserve
statistical secrecy even in front of very small subpopulations.

All data has been taken into account for the computation of global statistics.
All modalities of qualitative variables with too small number of responses have been

hidden from the public report (only those with a minimum of 10 responses have been
published). The modalities with some responses but not enough to be public are listed in
the report. Therefore, one can know that less than 10 people have been accounted in the
study for those modalities, but exact number is not available.

Target profiles with less than three participants are only listed as present profiles in
the sample, but without the exact number of respondents. This is particular important
when the results are reported at BASS level.

The target profiles are not mutually exclusive. Thus, many of the citizens participating
in the study simultaneously meet several profiles: for example, single-parent women who
also work in the field of essential services, or men with very low wages and in a situation of
under-housing, etc. This makes possible to decrease the publishable threshold until three,
since one cannot know if the people in this “hidden profile” have only this characteristic or
some others and identification of the person keeps preserved.

2.17. Territorial Information

As usual when data is collected over a territory, a map visualizing the statistical
information is very relevant. In INSESS-COVID19, four territorial levels were apparently
suitable: Cities and villages, BASS, Vegueries, and Provinces. The 947 Catalan municipal-
ities are grouped at a first administrative level in 42 Comarcas. Each comarca is a BASS
managing all municipalities inside the comarca with less than 20,000 inhabitants. The
municipalities with more than 20,000 inhabitants are a BASS themselves as well. Therefore,
Catalonia has 107 BASS in the territory. Vegueries is an intermediate grouping of comarcas.
Catalonia has eight Veguerias and four provinces. The province is too big to be considered
in the INSESS-COVID19 study as the heterogeneity inside a single province is too high
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from the social vulnerability side. Thus, BASS and Veguerias are the two territorial levels
considered for geographical representation.

It is worth to mention that qualitative variables cannot be represented in maps as a
whole, but some specific modalities have to be selected and their territorial proportions
represented one by one.

2.18. Metainformation Model

Once the different types of variables have been defined, and the statistical tools to
analyze each type of variable is clear, a mechanism to provide intelligence to the scripts
performing the descriptive analysis is required. This is based on variable declaration and
the implementation is designed on the basis of a metainformation file that provides all
required conceptual information to the R system to run proper descriptive analysis, able
to use predefined descriptive procedures for each type of variable. The metainformation
file has to contain all contextual information from data. Out proposal is to use a metainfor-
mation file in form of a table (implementable as a csv file for example) with the following
structure: The rows are associated to variables. Some variables provide metainformation
through several rows.

• Col: Number of column where the variable is in the dataset
• Eticol: For rows containing modalities of a qualitative variable. It indicates the column

of the variable if it is represented in a single column. For TQQ variables it contains the
number of the columns containing the modalities.

• Block: As the questionnaire was designed by thematic blocks (economy, health, etc.)
the number of the block of the question is specified

• Block name: Specifies the name of the block
• Block label: Short label for the block to be used in the report
• Question: Complete text of the question as it is appearing in the digital questionnaire
• Answers: The rows bellow the question contain all modalities in D
• Columns: Values of Q for TQQ variables
• Rephrasing: A short expression for both questions and possible answers to be used in

the statistical tables and graphs, as the long texts will overlap and make reading difficult
• Colcurt: Short labels for Q values in TQQ variables
• Object: Indicates the kind of information in the row (question, modality, name of

Block, separator (between variables)
• Type of variable, according to the typology defined above
• Descriptive type: Descriptive procedure associated (some types of variable follow

similar descriptive tools). Each descriptive procedure uses a specific combination of
descriptive tools (classic or including the innovative ones proposed in this paper)

• Comments: There is a space to write context information if it is needed.
• Reference: In case that question is inspired in a reference survey (see Table 1). Useful

for validation
• View: For pattern interpretation, we divided the variables in different groups, depend-

ing on the principal topic.

3. Automatic Analysis and Reporting

The key for a getting a quick feedback and, as a consequence, a quick support for the
decision-making is to have the technological infrastructure ready to collect data as well as
to analyze the data as soon as the collection period is closed.

Data arrives to the on-line questionnaire automatically as soon as participants provide
their responses without additional intervention of the research team, other than ensuring
the permanent availability of the server.

At any moment, data can be downloaded from the on-line questionnaire in form of a
csv file, so several waves can be treated as well to form a continuous panel if required.
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The contents of the csv file represents the several questions from the questionnaire fol-
lowing the formats described in Figure 7 according to the type of the variables representing
the different questions.

Given a certain questionnaire, a metadata file can be linked with it, by indicating
which type correspond to each variable, and which columns contains the information
relative to that variable in the csv.

Each questionnaire requires its own metadata file. Changing questionnaire is relatively
simple, so that modifications in the corresponding digital questionnaire can be easily done,
and the corresponding metadata file must be modified accordingly.

The analysis of the data collected in the questionnaire is automatically processed
through some R and Rmarkdown scripts, which inputs both the dataset in csv format and
the corresponding metadata file.

A knowledge component is also implemented, so the procedures know in each mo-
ment which kind of analysis is appropriated for each variable, according to its type. This
gives the intelligence to the system and is able to manage exceptions. In addition, it can
be modified to add new data types including other analysis tools when required. This
component is the one including all the guidelines that guarantee the preservation of the
statistical secrecy in front of small samples mentioned in previous sections.

In addition, a very important part of the procedure is that Rmarkdown has been
designed for automatic reporting in such a way that it produces a formatted Word doc-
ument with the results. So, the result of the analysis is an editable Word file ready to be
read, commented, and post-processed in a very easy way by the decision-maker itself, just
requiring specific domain expertise to select the relevant results, to add complementary
explanations for the analytical findings, to synthesis the findings in a short overview or to
reorder them in a rational that makes sense for the communication of results.

When the analysis must be repeated periodically (every six months for example), the
system is also prepared to add those reordering and selection criteria into the automatic
reporting part, thus producing a results document much closer to what the expert need to
communicate results.

As said before, the INSESS-COVID19 questionnaire is generating a csv file with
195 columns representing 25 blocks of information. Some of the variables split in many
columns by internal representation, as explained before. The total elapsed time between
downloading the csv file from the questionnaire (located in the server) and getting the
Word file containing the results of the analysis by using the scripts designed in the project
is about 15 min on average. And the aspect of the obtained document is very close to a
final report, as it can be seen in the Figure 16.

This means that the methodology developed by INSESS-COVID19 project provides
a technological infrastructure that permits to get direct and fresh information from the
citizens, specific professional collectives or relevant actors involved in a certain decision by
direct participation tools, where:

• The decision-maker can decide what to ask, even if its information system is not
collecting that information (modification of the questionnaire require less than 2 h)

• The decision-maker can decide who must receive the questionnaire and when (sample
design and representability of respondents being crucial)

• The decision-maker can decide if answering the questionnaire is voluntary or manda-
tory and the response deadlines

Depending on the case, call the respondents may be immediate if personal mails are
available, or might require more time, if intermediate institutions must find them and call.
However, this is out of the technological part of the proposed methodology.

Once the participants have been called and new questionnaire activated, 20 min
would be enough for responding a questionnaire of similar extension as the one build for
INSESS-COVID19, and 15 min would provide the working document with the results of
the analysis for diagnoses and interpretation, thus constituting a very powerful tool for
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quick diagnoses of relevant situations for further decision-making, and for implementing
direct participatory strategies in a new way of policy-making.

Of course, the proposed tools are not restrictive for policy making, but its use can be
extended to monitor any kind of industrial or business process through data monitoring,
just modifying the questionnaire, or the input data of the corresponding scripts.

In the following, we synthesize the results of the analysis of the INSESS-COVID19
questionnaire.

Sample Validation

After the data collection, a further validation of the representability of the sample
should be required. In addition, this can be pursued by making proportion comparison
statistical tests and homogeneity tests to check whereas the distribution of the sample
is homogeneous to the distribution of the population. However, this is the first time in
Catalonia (and probably in Spain) that a study is conducted targeting 20 vulnerable profiles,
independently if they are current users of Social Services System or not. In addition, there
are not population data available to make this validation. In fact, all reference official
statistics or reports consulted as State of the Art have some similarities with our study, but
target populations are not directly comparable, so precluding the possibility to test this
part. Being the first time that such a population is analyzed, this work will become the
reference to test other studies in the future.

In spite of this limitation, we tried to go further and inspected some of the referent
official statistics and reports to see if we could get some clues and indications that our
sample is indeed well representing the reference population.

Official statistics from INE or IDESCAT like census or the padró provide data about the
proportion of disabled population in Catalonia, for example, and since all disabled people
gets a certification from Social Services, it happens that if the INSESS-COVID19 sample is
valid, the sample proportion of disabled persons should be equal to the real proportion
reported in the IDESCAT. Same happens with the assigned housing; all families that gained
the right to have a gratuit house have been linked to the Social Services system to manage
it and the IDESCAT in the Anuari Estadístic de Catalunya 2019 reports the proportion of
the Catalan population in this situation that is as well comparable with the one appearing
in INSESS-COVID19 sample. Same situation occurs with Widow people, which is officially
reported in the census from INE and all of them process their pension through the Social
Services system as well.(Table 6) However, the proportion of married people would not be
comparable. Indeed, since census is done for the entire population and being vulnerable
or not directly impacts in the capacity of marrying (which is an indicator of stability),
official census statistics on married people cannot be directly compared with those from
our sample, where only vulnerable population is targeted.

The official report from Social Services in Catalonia (the Rudel report) cannot be used
for the comparison, since is only reporting about Basic Social Services, and we are also
including in our study other segment of populations like mental health patients which
are users of Specialized Social Services and same happens with other profiles included
in the sample. In addition, the Third Sector Barometer provides interesting information,
but only regarding Third Sector users, as expected, and in our sample, we are including
people that never before has been linked to the Social Services System neither to other
Third Sector entities. For example, entrepreneurs that had bankrupt are included in the
INSESS-COVID19 sample cause they are a vulnerable group that merits attention and
might become users of the Social Services system in the near future, but these people have
never been part of any of the statistics provided by Third Sector Barometer or Rudel report.
In addition, workers from essential services occurred in the INSESS-COVID19 sample
come from healthcare system, social services system and hostelry sector. None of them
structurally linked with Social Services before. In addition, official statistics about the size
of those professional sectors are unusual as well, since they include non-vulnerable people,
which are not targeted in the INSESS-COVID19 sample design.
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In synthesis, for those indicators where an external official statistics is available
and comparable with the configuration of INSESS-COVID19 sample, the sample looks
representative, but the global validation is non-suitable, being INSESS-COVID19 a pioneer
study in its category.

Finally, the global statistic error of the sample is 3%, which is small enough to provide
significant results.

Table 6. Validation. Sample proportion against Population Proportion.

Population
Segment

Sample Prop
Population
Proportion

p-Val
Significant
Difference

Source

Disabled people 15.8 14.8 0.82 No IDESCAT economic Survey
Assigned housing 0.033 0.036 0.64 No IDESCAT Anuari Estadístic de Catalunya

Widows 0.084 0.075 0.27 No INE census

4. Results

In the following the main results of the questionnaire, presented to the Catalan gov-
ernment last 15th December 2020 are synthesized in such a way that the different tools
used in the analysis are illustrated and global results discussed. The territorial coverage of
the respondents is reasonable (971 responses), although some areas in Tarragona province
did not engage the INSESS-COVID19 project as a consequence of the overflow in Social
Services already referred before. Here number of responses are presented in aggregated
way. Later, those BASS with less than five respondents are preserved from public results,
and only used for internal analysis and for building the final global results.

Figure 17 visualizes the participation of the BASS providing some response to the question-
naire. White corresponds to BASS that did not participate into the project. Figures 14 and 18
shows the Paretto diagram. It can be seen that some specific BASS provided more than the
required 20 participants. Figure 19 provides participation at the level of Vegueria.

Figure 17. Number of responses per BASS.
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Figure 18. Number of answers per BASS.

Figure 19. Number of answers per Vegueria.

In the following (Figures 20 and 21) the Age (Figure 20a and Table 7) and gender
(Figures 20b and 21) distribution of the sample

Table 7. Extended 5-Number Summary of Age.

Min Q1 Median Mean Q3 Max StDev CV

−10 33 43 45.39 56 95 18.316 0.404
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Figure 20. (a) Histogram of Edat; (b) Pie chart of Gender.

Figure 21. Frequency table of Gender.

4.1. Economic and Working Impact

Question L3.1.: Indicates your personal working category in January 2020, July 2020
and your forecasting for January 2021 (“Indica la teva categoria laboral a gener i juliol de
2020 i quina creus que serà la teva categoria laboral al gener de 2021”)

Responded by the entire sample. Some conclusions are visible in Figure 22, the
working Category Frequencies.

• The number of people who do not work and receive no benefits raises a 50%
• The n. of people who do not work and receive some benefit raises by 17.6%
• The number of people who have no job or occupation increases by 11%

Question L3.2. and L3.3.: Indicates your personal working situation in January 2020,
July 2020 and your forecasting for January 2021 (“Indica la teva situació laboral a gener i
juliol de 2020 i quina creus que serà la teva situació laboral al gener de 2021”) See Working
situation frecuencies in Figure 23.

These two questions provide different modalities for the working situation:

• The number of people who have been licensed (Acomiadat) or folded (Plegat) increases
by 78.04%.

• The number of people who reduced their working hours (Reducció) increases by 36.36%.
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Figure 22. L3.1 Working Category Frequencies.

Figure 23. L3.3. Working Situation Frequencies.

From similar tables made of question L3.2. (1. Cindefinit (Permanent contract),
2. CtempActiu (fixed term contract), 3. TreballPerCTemp (intermitent temporal contracts),
4. TeballNregul (irregular working activity), 5. ERTO (temporal regulation process),
6. RecentCtemp (recent temporal contract iniciated), 7. TrobaFeinaFixa (Fix work found) it
was found that:

• The number of people who had a business and stopped working during the lockdown
or went into bankrupt increased by 110%

• The number of people with non-precarious working conditions (permanent or fixed-
term contracts) decreased by 41.62%.

• The 51.25% of people without a job are afraid of not working by January 2021 (the
most mentioned reasons are that many companies closed because of COVID19, after a
certain age, possibilities to be contracted again decrease, for certain sectors, the people
is afraid to be infected by the employee and prefer not to contract new workers).

Regarding Economic Situation

Question E1: Economic situation at January 2020 and July, and forecast for January
2021 (“Situació econòmica a gener i juliol de 2020 i previsió per gener de 2021”) See multiple
barplot in Figure 10, grid of Pie charts in Figure 11 and proportions in Figure 24 which
show question.

Question E2.: Did you need to submit for some of the special supports to receive
funds to mitigate the problematic created by COVID-19? (“Has necessitat acollir-te a
algun dels ajust especials que s’han posat en marxa per mitigar la problemàtica per la
COVID-19?”).

• The number of people with economic problems increases a 23.34% (this accounting
for those with difficulties to resist the entire month, those with new debts by the end
of the month and those that require external economic help to go ahead)
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• A 42.8% of them is convinced that they will have economic scarcity by January 2021
• A 62.20% of respondents had some Social Services need
• A 46.1% needed support for food (from them a 64.51% searched it into the BASS)
• A 25.00% needed support to pay the rent of the house (and 51.85% of them searched

for it into the BASS)
• A 11.8% asked for Renda mínima garantida (minimum vital rent) and 51.3% of them

searched for it in Catalan government
• A 15.7% needed psychologic support, and 51.3% of them searched it into the BASS
• A 51.8% needed a support that implied some economic benefit. Unfortunately, a 70.37%

of them did not received the payment by 1st July 2020. Some of them couldn’t complete
the electronic submission by lack of digital skills, some of them (14.41%) were out of
the restrictive eligibility criteria. See in Figure 25 Cross table of E2.AjutsCOVID19
per levels.

Figure 24. Temporal proportions table of variable E1.SitEconomica (economic situation) per levels.
Each column represents the observed distribution of the variable E1 in one timestamp.

Figure 25. Cross table of E2.AjutsCOVID19 (Subsidies per COVID19) per levels.

Special attention requires the difficulties on life conditions, smoothed by the alarm
state, as all eviction processes were interrupted. Nevertheless, they will emerge again in
the next months:
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• A 27.18% lives in social houses or shares a room in a flat (Question F4. Way of living
(Habitatge) from the questionnaire)

• A 27.1% needed support to pay the electricity or gas bills (and 67.30% of them searched
help into the BASS)

• A 10.8% needed help to pay taxes

4.2. Social Impact

• A 15.24% are dependent people (Question D1: Do you have some dependency degree
(tens algun grau de dependència) of the questionnaire?) See barplot in Figure 26a

• From them a 55.40% refer a worsening dependency process from January 2020 (and
a 53.65% of them attributes worsening directly to COVID19) (Question D2: Do you
think your dependency level would be different if you would be reevaluated now?
Creus que si et valoressin ara tindries una variació en el grau de dependència?) See
Cross Table of T1.1 per levels in Figure 26b.

Figure 26. (a) Barplot of D1.Dependent. (b) Cross table of T1.1 per levels.

The questionnaire gets information also from the other side of dependency. The side
of the informal caregivers:

• A 16.99% of respondents had dependent people in charge in January 2020
• The number of people with dependents in charge increased by 40.43%

Question PC2.1: How many dependent people have you in charge, according to the
age? (Quantes persones en Grau I de dependència tens a càrrec en les diferents franges
d’edat? (0–11) anys)

This variable has one more complexity level, because dependency is classified in three
groups of increasing severity by introducing a fourth variable into the analysis. So, to
analyze this item the three variables considered are:

1. Severity of dependency: Ordinal variable with three modalities: Degree I (lower
impairment), Degree II and Degree III (higher impairment)

2. Age group: Ordinal variable with 4 modalities determined by experts: Children:
(1–11) years, Teenagers: (12–17) years, Adults: (18–69) years, Elderly: more than 70
years.

3. Number of dependent people in charge: discrete variable: (0,1,2 . . . .)

Also, the questionnaire includes an entire block dedicated to the use of time. See
Multiple stacked barplot of questions PC2, PC3 and PC4 in Figure 27.
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Figure 27. Multiple stacked bar plot of Question PC2-3-4. Dependent people in charge.

For each degree of severity, the inner analysis replicates the structure of the previous
questionSee multiple barplot of question PC2 with the number of degree I dependent
people in charge per age group Figure 28.

Figure 28. Multiple bar plot or degree I dependent people in charge per age group.

See Cross table of question PC2 with the number of degree I dependent people in
charge per age group Figure 29, temporal proportions table in Figure 30 grid of pie charts
in Figure 31.
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Figure 29. Cross table of PC2.GrauIaCarrec per levels.

Figure 30. Temporal proportions of PC2.GrauIaCarrec per levels.

Figure 31. Grid of pie charts of question PC2.1-PC25.4. The variable shows modalities 0 (means 0
dependent persons in charge),1,2,3,4. > 3 (more than 3) and 5.NC (unknown). Since some modalities
are so infrequent labels overlap. The exact figures are shown in Figures 29 and 30.
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In addition, the questionnaire includes an entire block dedicated to the use of time,
from which we can see that:

• A 29.69% of caregivers require now more time to take care of their dependents
in charge

• Some caregivers increased required dedication until 5 times more than before pandemics.

Question R1. RelUConv: How were on average the relationships in the following
environments (“Com eren majoritàriament les relacions que mantenies amb les persones
en els diferents àmbits?”).

This is a pack of questions asking for Convivenctial unit (Unitat convivencial), Family,
Neighbours, Friends, WorkingMates and other. In all of them, the pattern “V∧” is observed
more or less intensively.

A total of 93 patterns are observed from which 30 can be listed as the others have a
too small frequency to be published under guaranty of preserving statistical secrecy.See
trajectory map in Figure 9.

See Trajectory frequency table in for question R1: RelConv in Figure 32.

Figure 32. Trajectory frequency table for question R1: Rel UConv.

The automatic report provides the bivariate multiple plot and the frequencies table
and the grid of pie charts as well. Here the proportions table is shown. See Figure 33.

Figure 33. Proportions of R1.RelUConv per time.

Figure 12 shows the transition table between January and July 2020 and Figure 34
between July 2020 and January 2021 and one can see which changes in the quality of the
relationships are more frequent. During the lockdown a 7.92% of the participants moved
from satisfactory relationships with people living in the same home to worse situations
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(most of them to worrying relationships or tense), whereas a 4.53% improved their initial
relationships to satisfactory.

Figure 34. Expected changes July 2020–January 2021.

See changes reported along time in question R1,RelUConv per time in Figure 13a.
See Change patterns in convivential unit in Figure 13b, change patterns in familiar rela-

tionships with people living out of home in Figure 14a and change patterns in relationships
with neighbours in Figure 14b

See trajectories map in Figure 35 and change patterns in Figure 36a about relationship
with friends. See change patterns in labour relations in Figure 36b.

Figure 35. Trajectories map of relationships with friends.

Figure 36. (a) Changing patterns in relationships with friends. (b) Changing patterns in labour
relationships.
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The “V∧” pattern appears again here, with certain proportion of people that behaves
more links with other people during the pandemics, and those that feel more isolated

Question Soc4.: The pandemics created links with other people (family, friends,
neighbours, etc.)? La pandèmia: T’ha creat vincles d’unió amb altres persones (família,
amistats, veïnatge, . . . ). Barplot of isolation feelings during pandemics in Figure 37a and
intensification of links in Figure 37b. Figure 38a shows frequency table of isolation feelings
and Figure 38b intensification on links.

Figure 37. (a) Barplot of isolation feelings during pandemics (b) Barplot of intensification of links due to pandemics.

Figure 38. (a). Frequency table of isolation feelings during pandemics (b) Frequency table of intensification of links due
to pandemics.

Question: Do you feel or have you felt alone? (T’has sentit o et sents sol?).
Results are shown in different figures. See trajectory map of loneliness feelings in

Figure 39, Trajectories frecuency table in Figure 40, multiple barplot in Figure 41a and
proportions per level in Figure 41b. See Grid of pie charts in Figure 42. Changes January
2020–July 2020 are shown in Figure 43a and see planned changes in July 2020–January 2021
in Figure 43b.
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Figure 39. Trajectory map of loneliness feelings.

Figure 40. Trajectories Frequency table of trajectories with frequency greater than 3.

Figure 41. (a) Multiple bar plot of loneliness feelings (b) Proportions of Soc5.SolG20 per levels.
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Figure 42. Grid of pie charts for loneliness feelings.

Figure 43. (a) Changes January 2020–July 2020 (b) Planned changes July 2020–January 2021.

• A 72.7% of respondents felt more isolated
• The loneliness feeling increases by 29.3%. This is a pattern mainly followed by women

(70%) more than 60 years old (on average), living alone, with some lack of digital skills
and a 52.18% of them requiring emotional support during pandemics.

• A 41.45% of participants required psychological support due to COVID19 and from
them a 30.95% required emotional support.

• A 23.58% of participants referred some mental disorder in January 2020. From them: a
96.94% received pharmacological treatment. Among people with mental disorders,
46.28% suffer from depression and 58.51% suffer from anxiety disorder.

• The 73.78% of people with mental disorders declared to feel worse in July 2020
• A 68.86% of people with depression declares to feel worse in July 2020
• A 72.3% of people with anxiety declare to feel worse by July 2020
• A 5.12% of people without mental disorders in January 2020 declare feeling worse in

July 2020
• A 57.93% of people with disabilities feel worse and 58.33% of them attributes worsen-

ing to the COVID19

Moreover, a 49.64% of participants have teleworked or have followed online training
during the pandemics, while only a 5.19% of them already did tele-activities in January
2020. In July 2020, a 21.84% of people involved in tele-activities (working or education)
suffered the impact on care activities (relatives, elderly, children . . . ). A 54.4% of them
required emotional support. See frequency table of Mental Disorders in Figure 44a and
Marginal barplot of Mental Disorders in Figure 44b.
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Figure 44. (a) Frequency table of Mental disorders. (b) Marginal bar plot of Mental Disorders.

4.3. Violence

Among the options to choose for the quality of the relationships at different environ-
ments (questions R1 to R9 of the questionnaire), particular options asked if the person
is being object of violence, either physic emotional or psychic. In total, a 6.38% of the
respondents declare to be victims of some form of violence. From them, a 72.58% are
women. Civil status, profession and academic level are transversal among these group
(17.4% have university studies). A common characteristic of these people is that 90.33% of
people have working precariat (no stable or temporal contract, but other irregular ways of
work or unemployment). The questionnaire poses two additional questions to get more
details about the pattern of the aggressor and the forces balance with the victim.

Question R4. Aggressor: If you have been object of violence, who performs it? (“Si
has indicat ser objecte de violència, qui exerceix aquesta violència?”) See frequency table of
kind of aggressor in Figure 45a and bar plot showing who is the agressor in Figure 45b. See
the frequency table of R4 .Agressor in Figure 46.

Figure 45. (a) Frequency table of kind of aggressor (b) Who is the aggressor?
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Figure 46. Frequency table of Who is the aggressor.

4.4. Synthesis of Remaining Results

In the following, we synthesize the results of applying the automatic intelligent scripts
to the entire dataset.

4.4.1. Economic and Working Impact

• The number of people who do not work and receive no benefits raises a 50%
• The number of people who do not work and receive some benefit raises by 17.6%.
• The number of people who have no job or occupation increases by 11%
• The number of people who have been licensed or folded raises by 78.04%
• The number of people who reduced their working hours increases by 36.36%.
• The number of people who had their own business and stopped working during the

lockdown or went into bankrupt increased by 110%
• The number of people with non-precarious working conditions decreased by 41.62%.
• The 51.25% of people without a job are afraid of not working yet by January 2021 (the

most mentioned reasons are that many companies closed because of COVID19, after a
certain age possibilities to be contracted again decrease, for certain sectors, the people
is afraid to be infected by the employee and prefer not to contract new workers).

• The 51.25% of people without a job are afraid of not working yet by January 2021
• The number of people with economic problems increases a 23.34%.
• A 42.8% of them is convinced that they will have economic scarcity by January 2021
• A 62.20% of respondents had some Social Services need
• A 46.1% needed support for food (from them a 64.51% searched it into the BASS)
• A 25.00% needed support to pay the rent of the house (and 51.85% of them searched

for it into the BASS)
• A 11.8% asked for Renda mínima garantida (minimum vital rent) and 51.3% of them

searched for it in Catalan government
• A 15.7% needed psychologic support, and 51,3% of them searched it into the BASS
• A 51.8% needed a support that implied some economic benefit. Unfortunately, a

70.37% of them did not received the payment by July 1st, 2020. Some of them couldn’t
complete the electronic submission by lack of digital skills, some of them (14.41%)
were out of the restrictive eligibility criteria
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• A 27.18% live in social houses or share a room in a flat
• A 27.1% needed support to pay the electricity or gas bills (and 67.30% of them searched

help into the BASS)
• A 10.8% needed institutional help to pay taxes and tributes
• A 51.8% of participants submitted applications involving economic support to the

administrations during the first wave
• The 70.37% of applicants for economic support did not receive a penny by July 1st 2020

(They mention a variety of reasons among which we can highlight the delay on
resolutions, the difficulties to make the submission, the impact of digital gap of making
the digital application, the restrictive eligibility criteria that left excluded a 14.41% of the
people that declare to need the support).

4.4.2. Social Impact

• A 67.5% of the participants to INSESS-COVID19 project are women.
• A 15.24% of the participants are dependent people
• From them a 55.40% refer a worsening dependency process from January 2020 (and a

53.65% of them attributes worsening directly to COVID19)
• A 16.99% of respondents had dependent people in charge in January 2020
• The number of people with dependents in charge increased by 40.43% by July
• An 18.02% of the respondents didn’t declare dedication to dependent people in January

and declared to dedicate more than 70% of their daily time to this matter by July
• A 72.7% of respondents felt more isolated
• The loneliness feeling increases a 29.3% and this is a pattern mainly followed by

women (70%) more than 60 years old (on average), living alone, with some lack of
digital skills and a 52.18% of them requiring emotional support during pandemics.

• A 41.45% of participants required psychological support due to COVID19 and from
them a 30.95% required emotional support.

• The 73.78% of people with mental disorders declared to feel worse in July 2020
• A 68.86% of people with depression declares to feel worse in July 2020
• A 72.3% of people with anxiety declare to feel worse by July 2020
• A 5.12% of people without mental disorders in January 2020 declare feeling worse in

July 2020
• A 57.93% of people with disabilities feel worse and 58.33% of them attributes worsen-

ing to the COVID19
• A 54.4% of the people making teleworking or tele-education during the pandemics

required emotional support

4.4.3. Violence

• In total, a 6.38% of the respondents declare to be victims of some form of violence.
• From them, a 72.58% are women.
• Civil status, profession and academic level are transversal among these group (17.4%

have university studies).
• A 90.33% of people are under a working scarcity.
• Often the person is victim of more than one aggressor simultaneously: 14.51% receive

violence from tqo profiles of aggressors simultaneously; 27.42% from three
• In a 93.54% of the cases, the aggressor shares an equality relationship with the victim,

being a neighbor, a friend, a brother . . .
• In a 45.55% of the cases the aggressor has a power relationship with the victim, being

a father, a boss, a professor, etc.

5. Discussion

In 2020 the crisis of the Covid-19 is impacting segments of population that were
already affected by the previous crisis, being the job area, the working class, and the young
population the segments more punished again. Nevertheless, not only that, as we shall see.
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INSESS-COVID19 shows as some of the most relevant impacts between January and
July 2020 the economic indicators listed in Section 4.4.1. Economic and Working Impact
Among the working class, there is a pessimism that merits attention. People is worried
about their future and an important part of them think this situation will not improve
neither in the short or midterm.

Uninterrupted decrease of incomes of many people and families is acceleration the
increment of poverty risk in Catalan society, for both moderate and extreme poverty. This
has raised the demands of need to public social services and third sector entities, as well as
help and economic support submission applications.

Special attention requires the difficulties about life conditions, smoothed by the alarm
state. The sudden impoverishment of wide segments of population will have a delayed
effect on the lack of capacities to pay taxes, bills of domestic services like gas or electricity,
the house rent, or the bank quotes for loans and mortgages. The alarm state declared by the
government has interrupted all eviction processes. Nevertheless, they will emerge again in
the next months, as soon as alarm state is abolished, and these processes will be reactivated
in a much worse context than when they were interrupted.

In fact, the ERTO (temporal regulation of occupation procedures), institutional helps to
self-employed people and other economic funds provided by the governments contributed
somehow to smooth the economic effects of the pandemics, inefficiencies and delays on
the management and resolution of applications sensibly diminished the positive impact
they could have had.

Until here, the main conclusion is that the COVID19 has raised a crisis that impacts
on population segments already punished by the previous crisis on 2008, which were not
recovered yet, thus creating an amplified impact towards poverty and social vulnerability
in many critical needs, like housing or work.

However, as said before, there is something new in the COVID19 crisis, that was
not observed in previous crises and that worsen even more the social vulnerabilities of
the people. As it has been seen in Section 4.4.2. Social Impact, where indicators are
showed. The COVID19 crisis is also a social crisis and a crisis of relationships, and it is
impacting as well to other population segments different from those affected by the 2008
crisis, as a consequence of the new social vulnerabilities emerged from social distance
measures that pandemics management required: Restricted mobility, home lockdown,
social isolation, teleworking, accelerated digital transformation, interruption and delay of
court and administrative processes, etc. These measures caused serious impacts to women
and elderly.

In addition, this is in seriously different from official common figures. Indeed, ac-
cording to CCI2018, a 58.5% of the users of Social Services are women. The proportion
of women in the INSESS-COVID is significantly higher. In addition, this points out to a
bigger impact of the pandemics on the vulnerability of women, provided that gender was
not a criterion used in any of the 20 target profiles defined to participate in the project. So,
when BASS were finding people following those 20 profiles, it happened that most of them
were satisfied by women. Indeed, women assumed a heavy load in the worse periods
of the pandemics, informal caregivers tend to be women, single-parent families, women
in charge of dependent people, children or people with disability or mental disorders.
Nevertheless, not only, most of the health and social services professional profiles strongly
stressed during the pandemics tend to be female works as well. Finally, many widows
are also women, so old women leaving alone are also seriously impacted by isolation,
loneliness and dependency issues during the pandemics.

On the other hand, mobility restrictions and the high vulnerability to COVID-19 of
elderly people caused serious confinement-related impacts to this segment of population:
loneliness, isolation, depression, digital gap, etc.

The questionnaire gets information also from the other side of dependency. The side
of the informal caregivers
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Regarding social relationships and participation, in all areas, working, familiar, friend-
ships... the pattern “V∧” is observed for the confinement period involving the double
dynamics of:

• Strengthening the links, increasing solidarity and intensifying participation, even in
voluntary activities

• Disconnecting and isolating from relatives, friends, neighbors, colleagues

Thus, many segments of population required psychological and emotional support.
The loneliness feelings, isolation and mental impairment raised in many people, especially
in elderly.

Finally, the violence has also been present during the pandemics as show violence
indicators in Section 4.4.3 Violence

The questionnaire also includes information about the digital gap and the interrup-
tion/delay or court and administrative processes (divorces, regularization, evictions, etc.).
The most impacted groups are women in different forms, and one of the more impressive
patterns is that of women victims of violence, who had to pass the confinement at home
together with the aggressor while divorces or restraining orders were interrupted in court.

As a main advantage of the proposed methodology, we are providing a tool for direct
participation that can provide access to query citizens (or professionals whenever needed)
in quick times, and process collected data very quickly. The questions can be adapted
to each application experience, and the analysis will keep in automatic, provided that
the Metainformation csv file is provided together with dataset. In addition, a special
design of the questionnaire can solve the small number of responses by substitution of
respondents that can delay along time without losing validity of dataset a long time. Finally,
the results are offered in form or working document in Word that is radically unshortening
the capacity of using this results in strategic meetings immediately after data download
from digital questionnaire.

As all studies based on citizens data, results depend on the truth of the answers
provided by participants.

Time required to complete the study depends on the celerity of BASS searching
participants, and response time of the participants. Face-to-face workshops proposed in
INSESS-COVID19 were designed to mitigate the time required for data collection step and
pilots proved their effectiveness, even if the pandemics constrained to work under the
“free” modality. Limitations to celebrate workshops as originally designed were solved by
developing new modalities for the workshops. Counterpart, free open workshop increases
coverage but loses control of time to provide the response. In any case, the technology
developed and the statistical new descriptive tools proposed perform well and quickly
and they will provide much valuable results when answering the questionnaire becomes
mandatory (this depends on the topic of the consultation).

The proposed methodology constitutes a powerful tool to disclose the underlying
patterns of social vulnerability in Catalan territory, but is still not providing predictions on
Social needs of population in the current months. Once the patterns have been discovered,
the predictive model for the specific patterns will become reachable with the next step of
the analysis and classifier techniques will be used.

Data comes from the entire Catalan Territory, but selected participants identified by
the BASS are not obliged to answer, so that, some of them might skip the commitment and
generate poor data from some BASS. In addition, sample heterogeneity between territories
might appear. However, this heterogeneity is associated with intrinsic characteristic of the
territory itself, so, it is not necessarily wrong. However, this can be compensated by calling
new substitute participants with same profiles and their answers will be valid thanks to
the introduction of temporal variables included in the questionnaire, even if he/she was
answering the questions with important delay.
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6. Conclusions

The impact of the COVID19 crisis on the Social Services along the territory involves
two related dimensions: the impact on people in need of social care, and the impact on the
praxis of social services professional teams. The COVID19 crisis appeared in a moment
when, as a society, we had not fully recovered yet from the economic crisis started at 2008,
and has added an additional burden to social services from all over the country that are
already far overflowed.

This pandemic came when our technological maturity was less advanced than we, as
a society, would have liked. We still cannot use the data as an immediate asset in crisis
management.

The INSESS-COVID19 project has developed a technological tool suitable for collecting
fresh and direct information from citizens almost immediately, and ready to analyze it
with generic and automated processes that can be very helpful to deal with new and
unexpected situations, like the management of emergencies and disruptions (as COVID19
was). Data Science and Artificial Intelligence are the disciplines that enable it. We stopped
collecting data just one week before public presentation of results in front of the government.
Everything was processed in a very short time. INSESS-COVID19 solves the extraction
of added value from data in a very short time. The single current limitation is now the
availability of data, the time taken by the citizen to get involved, to participate, to answer
the questionnaire, the time required by the administration to think about which questions
need to be addressed, to whom and when. The analysis of the 971 answers collected from
citizens belonging to the 20 target profiles and distributed all over entire Catalonia, and
including as well some individuals that had never been users of Social Services, but they
start to be after the pandemics first round.

An innovative methodology to collect, analyze and report this data is proposed. It
helps to see what is happening, to understand the main trends in different parts of the
territory and to identify the relevant indicators for future studies where predictive models
of the identified relevant socioeconomic parameters can be analyzed to build predictive
models helping the decision-makers to anticipate. In addition, our results are producing
the key inputs to be used in simulators for Decision Support.

The methodology is flexible to work upon other questionnaires and other subpopula-
tion of respondents with minimum modifications required. It provides a new tool to get
relevant decisional knowledge for decision-making support at many different decision-
making levels, from most operative, to most strategic, including policy-making support.

The INSESS-COVID19 project shows how the COVID19 crisis is impacting, on the
one hand, on same populations segments that were already damaged of the last economic
crisis (2008) and, on the other, it impacts on new groups, rising emerging social needs that
also demand the attention of Social Services: women and elderly.

The economic slowdown that began in 2008 affected the labour market in a particularly
negative way and generated a double process of impoverishment due, on the one hand, to
falling incomes and rising inequality in their job distribution and, on the other, the collapse
of lower incomes. This situation limited the opportunities that individuals and families
had to resolve their economic difficulties and increased existing social differences. Rising
unemployment, prolonged unemployment, precarious wages, job discontinuity or the low
purchasing power of retirement pensions weakened family economies, and this increased
the problems and complexity of social situations, and it accentuated the processes of social
exclusion of individuals and families. Among the most affected profiles were those who
had lost their jobs, unemployed young people looking for their first job, young families
with dependent children, single women with family responsibilities, single men without a
home, elderly women with pensions. non-contributory and irregular immigrants.

In this work, a specific methodology to guarantee that the analysis of the territorial
data is preserving the statistical secrecy for minority subpopulations is proposed, so
that the information can be used for the decisions without risks of revealing the identity
of participants.
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In the future work, in-depth analysis is in progress to find BASS with similar profiles
that admit a common local report that preserves statistical secrecy while providing specific
information to the BASS. Clustering of BASS through multiview clustering techniques
and semi-automatic knowledge-based dimensionality reduction techniques are being used
to characterize BASS with a synthesis indicator of each block of information so that a
better perspective of territorial similarities is elicited, and the real policy strategies can be
descended at territorial level.
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Abstract: In Indonesia, dengue has become one of the hyperendemic diseases. Dengue consists of
three clinical phases—febrile phase, critical phase, and recovery phase. Many patients have died in
the critical phase due to the lack of proper and timely treatment. Therefore, we developed models
that can predict the severity level of dengue based on the laboratory test results of the corresponding
patients using Artificial Neural Network (ANN) and Discriminant Analysis (DA). In developing
the models, we used a very small dataset. It is shown that ANN models developed using logistic
and hyperbolic tangent activation function with 70% training data yielded the highest accuracy
(90.91%), sensitivity (91.11%), and specificity (95.51%). This is the proposed model in this research.
The proposed model will be able to help physicians in predicting the severity level of dengue patients
before entering the critical phase. Furthermore, it will ease physicians in treating dengue patients
early, so fatal cases or deaths can be avoided.

Keywords: Artificial Neural Network; Discriminant Analysis; dengue

1. Introduction

Dengue is an acute febrile disease caused by dengue virus (DENV). Commonly,
dengue incidences happen in tropical and subtropical countries, such as South America,
Southeast Asia, etc. [1]. Dengue incidences usually occur in the rainy season, and happen
in urban and suburban areas. Based on a study that analyzed 130 countries, there were
around 9221 dengue deaths per year from 1990 to 2013, with the lowest of 8277 in 1992,
and the highest of 11,302 in 2010 [2]. Dengue had made Indonesia suffered the most
significant economic loss in Southeast Asia. The average annual economic burden of
dengue in Indonesia was approximately USD 381.5 million. Indonesia has the highest
dengue infection rate in Southeast Asia and the second-highest dengue infection rate in
the world after Brazil [3]. In 2017, there were 59,047 Dengue Hemorrhagic Fever (DHF)
cases and 444 DHF-associated deaths in Indonesia, with 0.75% case fatality rate and 22.55
incidence rate per 100,000 person-years [4]. In 2018, the national incidence of dengue was
24.75 cases per 100,000 population, resulting in 467 deaths [5].

DENV is a member of the family Flaviviridae and genus Flavivirus [6]. DENV is
transferred by Aedes aegypti and Aedes albopictus female mosquitoes [7]. Those female
mosquitoes consume blood as their regular meal to mature their eggs [8]. They fulfill their
need for blood by biting humans. The incubation period of DENV is around 4 to 10 days.
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After the incubation period ends, an infected mosquito can transfer DENV in its lifetime [9].
There are four serotypes of DENV, which are DENV-1, 2, 3, and 4. A DENV-infected person
can be infected by one serotype of DENV or more [10].

Dengue consists of three clinical phases, which are febrile phase (occurs on the first
until the third day of fever), critical phase (occurs on the fourth until sixth day of fever), and
recovery phase (occurs on the seventh day of fever or afterwards). The common clinical
symptoms of dengue are as follows: during the febrile phase, the symptoms are high
fever, headache, nausea, myalgia, arthralgia, malaise, retro-orbital pain, and vomiting [11].
During the critical phase, the symptoms are thrombocytopenia, leukocytopenia, and plasma
leakage, which is clinically manifested by hemoconcentration, pleural effusion, and/or
ascites. Patients may also experience severe bleeding and shock [11]. During the recovery
phase, the extravasated fluid is re-absorbed into the intravascular compartment. Some
patients may experience an erythematous rash. The severity level of dengue consists of
Dengue Fever (DF), Dengue Hemorrhagic Fever (DHF), and Dengue Shock Syndrome
(DSS) [12]. DF is commonly classified as dengue, while DHF and DSS are commonly
classified as severe dengue. The main difference between dengue and severe dengue is,
patients who suffer severe dengue experience plasma leakage, while patients who suffer
dengue do not. In this research, we only considered level DF and DHF. DHF itself was
divided into two different levels, which were DHF grade 1 and DHF grade 2.

The gold standard to confirm a DENV infection are Reverse Transcription-Polymerase
Chain Reaction (RT-PCR) test, culture of DENV, hemagglutination inhibition test, laboratory
test, and tourniquet test. A suspected person can go through a laboratory test that measures
hematocrit, thrombocyte (platelet count), and white blood cell (WBC). DENV infection will
decrease in platelet count below 100,000 per μL between the third to eighth day onset of
fever, and an increase in hematocrit of 20% or more. A positive tourniquet test also indicates
that the corresponding patient might suffer dengue. Laboratory test parameters that we
analyzed consist of hematocrit, hemoglobin, platelet count, WBC, monocyte, lymphocyte,
and neutrophil.

In this research, we developed models that can predict the severity level of a dengue
patient, based on the values of the seven laboratory test parameters. In other words,
the laboratory test parameters were used as predictors to predict the severity level of a
dengue patient. We used two methods, which were Artificial Neural Network (ANN) and
Discriminant Analysis (DA). We decided to use ANN because ANN is one of machine
learning methods that imitates the neuron structure of a human brain that has been used in
many fields, including medical diagnosis prediction. Meanwhile, we decided to use DA
because DA is one of dependency statistical analysis techniques in Multivariate Analysis
that is used to classify an object into one of the statistically independent groups or categories.
This is aligned with our purpose of this research, which was to classify data of dengue
patients into one of the statistically independent severity levels of dengue.

We only used patients’ data on the third day onset of fever. Because on the third day,
dengue patients are going to enter the critical phase. We expected that this model can help
physicians to treat dengue patients early before the patients enter the critical phase, so they
can have timely treatment and fatal cases or deaths can be avoided. We also used the data
on the third day because there haven’t been any previous researches that used data on the
third day.

The objectives of this research were to develop models that can predict the severity
level of dengue using Artificial Neural Network (ANN) and Discriminant Analysis (DA),
to evaluate the performances of the models, and to conclude which model has the best
performance. A model with the best performance would be the proposed predictive model
in this research. The predictive model will assist physicians in predicting the severity level
of dengue.
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2. Research Significance

Many patients have died in the critical phase due to the lack of proper and timely
treatment. Therefore, we developed models that can predict the severity level of dengue
based on the laboratory test results of the corresponding patients using ANN and DA.
Our proposed predictive model—the one with the highest accuracy—will be able to help
physicians in predicting the severity level of dengue patients before entering the critical
phase. Furthermore, it will ease physicians in treating dengue patients early. So, dengue
patients can receive proper and timely treatment, and fatal cases or deaths can be avoided.

3. Related Works

Abdiel E. Laureano-Rosario et al. [13] utilized ANN, which was trained with ge-
netic algorithm to predict dengue fever outbreak in Puerto Rico and some areas in the
coast of Mexico. They concluded that the model they developed using ANN had a good
predictive ability.

Jorge D. Mello-Román et al. [14] compared two machine learning methods, which
were Artificial Neural Networks multilayer perceptron (ANN-MLP) and Support Vector
Machine (SVM) as the tools to assist medical diagnosis. ANN-MLP produced a better
result with an average of 96% accuracy, 96% sensitivity, and 97% specificity. In conclusion,
ANN-MLP could be used as a classifier to diagnose dengue infection with high accuracy,
sensitivity, and specificity.

Oswaldo Santos Baquero et al. [15] compared Seasonal Autoregressive Integrated
Moving Average (SARIMA), Generalized Additive Models (GAM), Artificial Neural Net-
works (ANN), naïve model, and ensemble model to predict dengue cases in São Paulo for
one month ahead.

Tanujit Chakraborty et al. [16] developed a novel hybrid model, which was a com-
bination of Autoregressive Integrated Moving Average (ARIMA) and Neural Network
Autoregressive (NNAR). The model was used to analyze time series dengue data of three
dengue endemic regions, which were San Juan, Iquitos, and Filipina. They concluded
that the proposed hybrid model was easy to interpret, had an excellent performance in
forecasting dengue epidemic for three dengue time series data from different regions, and
had better forecasting accuracy compared to the other methods used in previous researches,
such as traditional methods or other hybrid methods.

Siriyasatien et al. [17] developed models that enable forecasting of outbreaks of dengue,
giving medical professionals the opportunity to develop plans for handling the outbreak,
well in advance. They utilized several methods, one of them is ANN. Based on their results,
the ANN model had two advantages: easy to be used in incremental learning and can learn
to ignore irrelevant attributes.

Yulia Resti et al. [18] applied Quadratic Discriminant Analysis (QDA) in mapping the
incidence of dengue into five areas in Palembang based on significant factors, such as age,
gender, blood group, etc. The overall correct percentage of the mapping results was 66.7%.

Abdul Halim Poh et al. [19] utilized Principal Component Analysis (PCA) and DA to
predict the patients’ clinical dengue positivity. The DA method yielded accuracy between
93–98%, sensitivity between 75–89%, and specificity between 94–100%.

ANN and DA have been widely used to predict dengue incidences. That is why we
decided to use both methods separately in our research to develop models that can predict
the severity level of dengue based on the laboratory test results.

4. Materials and Methods

4.1. Dataset

We used dengue patients’ data from the year 2009 and 2010 to develop the mod-
els (https://drive.google.com/drive/folders/1C1ZciLa2Cwsb1IrDpBpULP-2IZrcskBQ?
usp=sharing). Many information was written in that data, such as age, gender, patients’
length of stay, clinical symptoms, laboratory test results, and patient diagnosis. The diag-
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noses were classified into three distinct severity levels, which were DF as the mild level,
DHF grade 1 as the intermediate level, and DHF grade 2 as the severe level.

The data was obtained from Department of Microbiology, Universitas Indonesia. The
data only consists of 77 dengue patients’ data. It is very small because it is difficult to
collect laboratory test results of dengue patients needed in this research. The data was split
into training and testing data. We developed the models with three different data splits.
That is, with the ratio of training: testing = 70%:30%, 80%:20%, and 90%:10%. Training data
was used for learning, which was to fit the parameters (i.e., weights). While testing data
was used to assess the (generalization) performance of the neural network [20]. Table 1 is
the summary of our data:

Table 1. Dengue patients’ data summary.

Hemoglobin Hematocrit WBC
Platelet
Count

Neutrophil Lymphocyte Monocyte
Severity

Level

Minimum value 8.5 30.3 1000 6000 22 12.1 0 0

1st quartile 12.6 38.4 2330 93,000 55 20.7 3 0

Median 13.9 40.6 3100 119,000 64 25 10 1

Mean 13.9 41.3 3178 126,188 61.7 28 9.5 0.6

3rd quartile 15.4 45 4000 161,000 73 34 14 1

Maximum value 17.8 52.3 6900 278,000 84 68 23 2

4.2. Discriminant Analysis (DA)

Discriminant Analysis (DA) is one of dependency statistical analysis techniques in
Multivariate Analysis. It means that in DA, there are dependent and independent variables
being analyzed, where the value of the dependent variable depends on the values of the
independent variables. In DA, there is only one dependent variable, but there are more
than one independent variables. DA can be used if the dependent variable is categorical
(in nominal or ordinal scale), and the independent variables are metric (in interval or ratio
scale). A categorical dependent variable means the corresponding variable consists of
certain categories.

DA is used to classify an object into one of the statistically independent groups or
categories based on the values of the independent variables. Classification process in DA is
mutually exclusive, that is, if an object is classified into one particular group, it will not be
classified into another group.

In DA, discriminant function(s) will be formulated. A discriminant function is used to
classify an object into a group or category based on the value of the discriminant function
itself. The values of the independent variables of an object will be inputted in the function.
Then, the obtained value of the function, which is called the discriminant value, will
determine in which group an object belongs. For k categories, k-1 discriminant functions
have to be formulated.

Based on the amount of the categories of the dependent variable, there are two types
of DA, which are two-group discriminant analysis and Multiple Discriminant Analysis
(MDA). Two-group discriminant analysis is a type of DA where the dependent variable
consists of two categories. While MDA is another type of DA where the dependent variable
consists of more than two categories.

Based on the type of the discriminant function, there are also two types of DA, which
are Linear Discriminant Analysis (LDA) and Quadratic Discriminant Analysis (QDA).
LDA is a classification method used to find the optimum linear combination of features to
separate two or more groups of objects [21]. QDA can be considered as a direct extension of
LDA. There are some differences between LDA and QDA. First, the discriminant function in
LDA is a linear combination of the independent variables. While the discriminant function
in QDA is in the form of quadratic function. Second, in LDA, every covariance matrix of
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every independent variable has to be the identical. While in QDA, every covariance matrix
of every independent variable can be different. The third difference, the decision curve in
LDA is in the form of a straight line, while the decision curve in QDA is in the form of a
quadratic curve [22].

Assume that observations X(k)
j of a group k are random vectors of size p sampled from

a Gaussian distribution N
(

μ(k), Σ(k)
)

, for all j ∈ {1, . . . , N}. With a Bayesian approach,
an object x can be classified into group k∗ that reach the maximum value of the posterior
density function

k∗ = argmax
k

( fk(x)πk) = argmax
k

(log( fk(x)πk)) (1)

where fk(x) = 1

(2π)
p
2 |Σ(k)| 1

2
exp

{
− 1

2

(
x − μ(k)

)(
Σ(k)

)−1(
x − μ(k)

)T
}

is the density func-

tion of a Gaussian vector and πk is the probability of an object belongs to group k.
Formula (1) is the Quadratic Discriminant Analysis (QDA) formula. Linear Discrimi-
nant Analysis (LDA) has a similar formula. The only difference is in LDA, the covariance
matrices Σ(k) are assumed to be identical for all classes [23].

4.3. Artificial Neural Network (ANN)

Artificial Neural Network (ANN) is a simple imitation of neuron structure of a human
brain [24]. Similar to human brain, ANN is capable to analyze incomplete or unclear
information, and furthermore, evaluate them. ANN imitates human brain in processing
input signals and translating it into output signals. ANN is also capable to learn from data
without any assumptions of certain functions.

ANN is a part of Artificial Intelligence, along with Support Vector Machines, Expert
Systems, and Fuzzy Logic. ANN consists of processing units which are called artificial
neuron. Artificial neurons try to imitate the structure and behavior of biological neurons.
A neuron can consist of more than one input (dendrite), but commonly consists of only one
output (synapsis through axon).

A neuron has a function which determines the activation of the neuron itself. That
function is called an activation function. An activation function processes input signals that
have been combined together, then transforms them into an output signal. Mathematically,
the procedure of signal processing can be expressed as follows:

y(x) = Φ

(
n

∑ wi·xi
i=1

)

where y is the output signal, Φ() is the activation function, x is the input variable, and w is
the weight that is given to each of the input variable [25].

There’s a lot of types of activation functions, which are linear, sigmoid, step, ramp,
hyperbolic tangent, etc. The most frequently used activation function is sigmoid function.
Hyperbolic tangent function has a similar shape to sigmoid function, but its value lies
between −1 to +1, unlike sigmoid which the values lies between 0 to 1.

ANN can be widely used in different scopes of problems, such as finding new features
of an object, and classifying or predicting an object/event using huge sets of data. Some of
the fields where ANN is frequently used are medical diagnosis prediction, character recog-
nition, speech recognition, human face recognition, signature verification application, etc.

ANN has a different way of work with normal computers in many ways. ANN has
strengths compared to normal computer programs. Some of the strengths of ANN are as
follows: (i) ANN is an adaptive learning method. It imitates human brain on how to do its
task while learning, even with different types of inputs; (ii) ANN can organize itself while
learning; (iii) ANN works parallelly like human brain; (iv) ANN has a high fault tolerance.

167



Appl. Sci. 2021, 11, 943

It is able to work even on fuzzy, noisy, and incomplete data; and (v) ANN is applicable to
classify data, recognize patterns, and any other tasks that involve obscure data.

4.4. Confusion Matrix and Performance Measurement

Confusion matrix is a matrix used to evaluate the performance of classifier models in
general. For binary classification problems, confusion matrix size 2 × 2 is used. However,
in real life problems, classification can involve more than two classes or categories. These
problems are considered as multi-class classification problems. For a multi-class classifica-
tion problem, confusion matrix size 3 × 3 is used. Principally, 3 × 3 confusion matrix is
similar to 2 × 2 confusion matrix. The general form of 3 × 3 confusion matrix is as follows:

A B C
A
B
C

⎡⎣ aa ba ca
ab
ac

bb
bc

cb
cc

⎤⎦
where the columns denote actual cases, the rows denote predicted cases.

For category A,
True Positive (TP): aa
True Negative (TN): bb + cb + bc + cc
False Positive (FP): ba + ca
False Negative (FN): ab + ac
Calculations for other categories are similar.
In this research, our problem was a multi-class classification problem, because the

severity level consisted of three distinct categories, and we aimed to classify each dengue
patient into one of those level. So, we used 3 × 3 confusion matrix and these performance
measurements below:

1. Accuracy: This metric measures the overall performance of the model. Generally,
accuracy is the proportion of true results among the total number of cases examined.
Accuracy can be expressed as follows:

Accuracy =
number o f correctly classi f ied examples

total number o f cases
(2)

Accuracy can also be calculated from the elements of the 3 × 3 confusion matrix using
the formula below:

Accuracy =
∑r

i=1 xii

∑r
i=1 ∑r

j=1 xij
(3)

where x denotes an element of the confusion matrix, i denotes the number of rows of the
confusion matrix, and j denotes the number of columns of the confusion matrix. Note that
the numerator of the Formula (3) is the sum of the main diagonal elements of the confusion
matrix, and the denominator is the sum of all of the elements of the confusion matrix.

2 Sensitivity: this metric measures the proportion of the True Positive (TP) cases among
the total number of positive cases. The formula to calculate sensitivity is as follows:

Sensitivity =
TP

TP + FN

3 Specificity: This metric measures the proportion of the True Negative (TN) cases among
the total number of negative cases. The formula to calculate sensitivity is as follows:

Speci f icity =
TN

TN + FP
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5. Results and Discussion

5.1. Model Construction

As mentioned previously, we developed models to predict the severity level of dengue
with ANN and DA. The models will be able to predict the severity level of dengue based
on the laboratory test results of the corresponding patients. The accuracy of both models
developed with ANN and DA would be evaluated, and the one with the higher accuracy
would be the proposed model. For short, we mentioned the models as “predictive models”
in Figure 1.

Figure 1. Experiment workflow.

By inputting the values of hematocrit, hemoglobin, platelet count, WBC, monocyte,
lymphocyte, and neutrophil of the corresponding patient into the predictive model, the
model would be able to process those values and predict the severity level of the dengue
patient. In other words, the input variables of the model were the independent variables of
this research, which were the seven laboratory test parameters. While the output variable
was the dependent variable of this research, which was the severity level of dengue.

Before we developed the model, we conducted Spearman’s rank correlation test. This
correlation test was conducted for two purposes:

• To examine whether there is a significant correlation between the independent vari-
ables. To be able to use DA, there has to be no multicollinearities between the inde-
pendent variables. This means all of the independent variables are not correlated. If
there’s a couple of correlated independent variables, one of them has to be eliminated.

• To conduct feature selection. This means to select only the necessary independent
variables to develop the models.

First, we conducted a two-ways hypothesis test, where the hypotheses were as follows:
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H0: ρ = 0, which means there is no significant correlation between variable xi and xj,
where i, j = 1, . . . , 7, i �= j. H1: ρ �= 0, which means there is a significant correlation between
variable xi and xj.

We used a significance level of 0.05. Below were the results of the correlation test.
The elements of Table 2 were the correlation coefficients between the corresponding

independent variables. The starred coefficients mean that there is a significant correlation
between the corresponding independent variables, or in other words, the corresponding
independent variables were correlated. The correlated independent variables were as
follows:

• Hemoglobin and hematocrit
• Hemoglobin and platelet count
• Hematocrit and platelet count
• WBC and platelet count
• Neutrophil and lymphocyte
• Neutrophil and monocyte

Table 2. The result of Spearman’s rank correlation test between the laboratory test parameters.

Hemoglobin Hematocrit WBC Platelet count Neutrophil Lymphocyte Monocyte

Hemoglobin 1 0.957 * 0.126 −0.475 * −0.120 0.137 0.001
Hematocrit 0.957 * 1 0.186 −0.380 * −0.071 0.144 −0.080

WBC 0.126 0.186 1 0.262 * 0.069 −0.153 0.028
Platelet count −0.475 * −0.380 * 0.262 * 1 0.061 −0.133 0.099

Neutrophil −0.120 −0.071 0.069 0.061 1 −0.833 * −0.581 *
Lymphocyte 0.137 0.144 −0.153 −0.133 −0.833 * 1 0.143

Monocyte 0.001 −0.080 0.028 0.099 −0.581 * 0.143 1

* Correlation is significant at the 0.05 level (2-Tailed).

Therefore, we eliminated some of the independent variables which were correlated
with more than one other independent variables. The eliminated independent variables
were hematocrit, platelet count, and neutrophil. Furthermore, we only used the remaining
four independent variables to develop the models – hemoglobin, WBC, lymphocyte, and
monocyte.

Then, we applied the upSample technique because the data that had been used in this
research was imbalanced. upSampling means doing a sampling with replacement, in a
random manner, to the data in the minority category until the sample size equals the size
of the majority category. upSample is one of the techniques to handle imbalanced dataset.
An imbalanced dataset is usually upSampled before it is used to develop the model, so
the developed model will tend to have higher accuracy. If the dataset is not upSampled
and is directly used to develop a model, it is unlikely to yield a model with high accuracy.
The dataset used in our research was imbalanced, in the sense that the classes are not
represented equally. Before the data was upSampled, it consisted of 77 cases. From the
77 cases, 38 cases were from category DF, 28 cases were from category DHF grade 1, and
11 cases were from category DHF grade 2. It is clear that the majority category was DF with
a size of 38, and the minority category was DHF grade 2 with size 11. After the dataset was
upSampled, each category has the size 38. So, in total, the upSampled data consisted of
38 × 3 = 114 cases.

After we applied the upSample technique, we standardized the data. We only stan-
dardized the data of the independent variables, which were the seven laboratory test
parameters. We didn’t standardize the data of the dependent variable, which was the
severity level of dengue, because we wanted the real values of the dependent variable.
Data of the independent variables was standardized because the values varied greatly and
had different units. It was also standardized in order to develop better models compared to
models developed using unstandardized data. After the data was standardized, we started
to develop the models. We developed twelve models in total. Six models were developed
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with ANN, and the other six were developed with DA. We developed the models using R
programming version 3.6.3. We decided to use R because it has some advantages, such as:
(i) it has data science engine, specifically the statistics and machine learning packages, and
(ii) it is an open-source language programming, so it is accessible by anyone.

5.2. Predictive Models Developed Using DA

We developed two DA models. The first model that we developed was Linear Dis-
criminant Analysis (LDA) model, and the second one was Quadratic Discriminant Analysis
(QDA) model. Below were the table of performance measurements of both models.

1. LDA

Based on Table 3, it is shown that the LDA model with 70% training data yielded the
highest accuracy (45.45%), sensitivity (45.73%), and specificity (72.89%).

Table 3. Performance measurements of the Linear Discriminant Analysis (LDA) model.

Training Data Percentage

70% 80% 90%

Accuracy 45.45% 30.43% 27.27%

Sensitivity 45.73% 31.95% 27.78%

Specificity 72.89% 65.05% 63.10%

2. QDA

Based on Table 4, it is shown that the QDA model with 80% training data yielded the
highest accuracy (60.87%) and sensitivity (59.72%).

Table 4. Performance measurements of the Quadratic Discriminant Analysis (QDA) model.

Training Data Percentage

70% 80% 90%

Accuracy 60.61% 60.87% 54.55%

Sensitivity 56.07% 59.72% 55.56%

Specificity 82.43% 80.67% 80.56%

Based on the obtained results, QDA model with 80% training data yielded the highest
accuracy (60.87%) and sensitivity (59.72%). Therefore, QDA model with 80% training data
was the proposed predictive model so far. This model was then compared with the other
predictive models developed using ANN.

5.3. Predictive Models Developed Using ANN

We also developed the predictive models using ANN—next will be called ANN
model for short. We developed the ANN models using R programming with the nnet
package. The nnet trains feed-forward neural networks with traditional backpropagation
algorithm [26].

Feed-Forward Neural Networks (FFNN) is a type of ANN that doesn’t have any feed-
back connection from the output to the input [27]. In FFNN, neurons of the previous layer
are entirely connected to the consecutive layer, but there are no intra-layer connections [28].
FFNN is a supervised learning method that is utilized for classification problems and
consists of input, hidden, and output layers [29].

Our ANN architecture consisted of one input layer, one hidden layer, and one out-
put layer. There were four neurons in input layer that represented hemoglobin, WBC,
lymphocyte, and monocyte.
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There was only one hidden layer in this ANN architecture. The number of hidden
layers and neurons in each hidden layer were obtained through the iteration process until
the accuracy could not be furtherly improved [30]. The number of hidden layers is arbitrary.
However, one hidden layer is commonly used for simple problems. The numbers of input
and output neurons are determined according to the problem, while the number of hidden
neurons was well optimized [20]. The problem in this research could be considered as a
simple problem because it only consisted of four independent variables and the purpose
was related to medical diagnosis, one of the common purposes of using ANN. That was
why one hidden layer was enough for this research. Meanwhile, to ease the iteration
process, we decided to use the rule of thumb in determining the hidden neurons. Based on
the research conducted by Panchal and Panchal [31], one of the rules in determining the
number of hidden neurons is “the number of hidden neurons should be 2/3 of the input
layer size, plus the size of the output layer”.

We followed this rule when developing the ANN model. So, the number of hidden
neurons is:

Hiddenneuron =
( 2

3 × inputneuron
)
+ outputneuron

=
( 2

3 × 4
)
+ 3

= 17
3

= 5.66...
≈ 6

Meanwhile, the number of input neurons was 4 because there were four remaining
laboratory test parameters. The number of the output neuron was 3 because it represented
three categories of severity level. The output that would come out was the probability
values from each neuron that would sum up to 1. The probability value means the
probability of a patient to suffer from dengue in a corresponding level. For example, the
output value from neuron DF is 0.3, from DHF grade 1 is also 0.3, and from DHF grade 2
is 0.4. So, the patient is suffering dengue level DHF grade 2 because the probability value
is the highest compared to the other two. Figure 2 was the architecture of the developed
ANN predictive model.

 

Figure 2. Artificial Neural Network (ANN) architecture of the predictive models developed using R.
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The activation function is frequently a bounded nondecreasing, differentiable, and
nonlinear function such as the hyperbolic tangent or the logistic function [26]. We tried to
used logistic and hyperbolic tangent as the activation functions. First, we developed an
ANN model with logistic activation function. Then, we developed another ANN model
with hyperbolic tangent activation function.

Logistic function may have different forms, but the one used in R programming—the
one we used in this research—is the standard logistic function, which is also known as
sigmoid function. The formula of the logistic function is as follows

f (xi) =
1

1 + e−xi
=

exi

exi + 1

where xi is the value of the ith independent variable [32].
Meanwhile, hyperbolic tangent function, which is also known as tanh function, has

the formula as follows

tan h(xi) =
sin h(xi)

cos h(xi)
=

exi − e−xi

exi + e−xi
(4)

where xi is the value of the ith independent variable [33].
We provided the biases and weights of our ANN models, so our developed ANN

models can be useful for other researchers who want to conduct similar researches. We
displayed them in tables so it would be easier to read. Below is the annotation of the
notations in the tables below:

Bi–Hj: weight from Bi to Hj, where i = 1, 2 and j = 1, . . . , 6.
Ik–Hj: weight from Ik to Hj, where k = 1, . . . , 4.
Bi–Ol: weight from Bi to Ol, where l = 1, 2, 3.
Hj–Ol: weight from Hj to Ol.
Tables 5 and 6 were the tables of the biases and weights of our ANN models.

1. ANN model developed using logistic activation function

Table 5. The biases and weights of the ANN model developed using logistic activation function.

Data Training Percentage

70% 80% 90%

B1–H1 5.4039439 −4.4910300 4.5469032

I1–H1 −15.0766425 11.3254070 −11.0499554

I2–H1 1.5627953 −1.7490682 2.7245021

I3–H1 2.7587930 −0.9163399 0.9683699

I4–H1 −0.1562694 −0.6655746 −1.9540237

B1–H2 −13.793552 −1.4021008 −3.2660749

I1–H2 6.031370 9.1146927 0.7803872

I2–H2 6.958133 −0.3967136 6.6604275

I3–H2 4.942339 3.8428082 −0.7337680

I4–H2 7.859338 −7.9523955 5.1178065

B1–H3 −4.721011 4.965760 −8.241048

I1–H3 4.605214 −6.577878 1.584072

I2–H3 −5.536911 5.634194 6.583553

I3–H3 −13.412774 7.212313 −2.312179

I4–H3 10.487666 −6.157306 6.642880

B1–H4 −2.739654 −5.661526 −3.080241
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Table 5. Cont.

Data Training Percentage

70% 80% 90%

I1–H4 9.506876 1.911992 −6.917437

I2–H4 6.985396 10.440174 −1.723676

I3–H4 −4.915390 11.821140 −2.475820

I4–H4 −5.293412 −2.478422 10.804223

B1–H5 10.342958 −6.097498 5.354134

I1–H5 −5.340765 4.321218 −2.957952

I2–H5 −12.073148 6.730848 −7.420634

I3–H5 −1.495051 −1.673032 −1.183222

I4–H5 −9.681449 7.487540 −4.575078

B1–H6 1.1958247 −10.231457 5.565350

I1–H6 −12.1059627 −1.590068 −4.021247

I2–H6 0.0344864 8.865150 5.553954

I3–H6 −9.2652208 −4.616111 5.455334

I4–H6 12.0185146 12.299163 −10.527717

B2–O1 14.765571 −11.104739 −0.62485862

H1–O1 −6.662708 5.525194 0.90165390

H2–O1 −10.577831 −6.403159 5.92878925

H3–O1 −7.284002 1.918726 −9.87260412

H4–O1 −8.744731 8.004559 0.08648525

H5–O1 −12.319315 8.997052 −7.63236367

H6–O1 −4.108802 −12.639489 −0.07664491

B2–O2 −8.337048 −0.07675744 −3.107592

H1–O2 −9.444444 8.49491407 −9.655582

H2–O2 8.975756 −7.48027294 −6.024728

H3–O2 −8.726450 9.93562367 5.738516

H4–O2 4.006490 −7.01414123 9.385994

H5–O2 10.649440 −10.11985671 2.076983

H6–O2 14.583526 11.58227775 8.594578

B2–O3 −4.4530081 −1.13586835 1.294068

H1–O3 9.7557132 0.02180394 8.395259

H2–O3 −3.0576919 8.99669282 −1.187068

H3–O3 13.5887864 −9.10282385 4.191767

H4–O3 −0.8085856 −6.27224615 −8.351199

H5–O3 0.8808544 −1.02923910 5.886176

H6–O3 −12.4993457 4.83479909 −8.863369

2. ANN model developed using hyperbolic tangent (tanh) activation function
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Table 6. The biases and weights of the ANN model developed using tanh activation function.

Data Training Percentage

70% 80% 90%

B1–H1 5.4039439 −0.1157967 4.5469032

I1–H1 −15.0766425 −5.3827556 −11.0499554

I2–H1 1.5627953 −3.4223409 2.7245021

I3–H1 2.7587930 2.9422321 0.9683699

I4–H1 −0.1562694 4.3960790 −1.9540237

B1–H2 −13.793552 −9.118127 −3.2660749

I1–H2 6.031370 2.836462 0.7803872

I2–H2 6.958133 12.101105 6.6604275

I3–H2 4.942339 1.334247 −0.7337680

I4–H2 7.859338 9.306791 5.1178065

B1–H3 −4.721011 4.775554 −8.241048

I1–H3 4.605214 −5.185507 1.584072

I2–H3 −5.536911 7.562261 6.583553

I3–H3 −13.412774 8.626503 −2.312179

I4–H3 10.487666 −9.557800 6.642880

B1–H4 −2.739654 10.686570 −3.080241

I1–H4 9.506876 −1.389448 −6.917437

I2–H4 6.985396 −7.260299 −1.723676

I3–H4 −4.915390 4.507227 −2.475820

I4–H4 −5.293412 −11.680316 10.804223

B1–H5 10.342958 2.1681860 5.354134

I1–H5 −5.340765 −11.4221402 −2.957952

I2–H5 −12.073148 −0.8285786 −7.420634

I3–H5 −1.495051 −5.1982137 −1.183222

I4–H5 −9.681449 9.6726127 −4.575078

B1–H6 1.1958247 4.9131114 5.565350

I1–H6 −12.1059627 −13.9610034 −4.021247

I2–H6 0.0344864 2.4310158 5.553954

I3–H6 −9.2652208 2.2366086 5.455334

I4–H6 12.0185146 0.2850172 −10.527717

B2–O1 14.765571 −17.24445758 −0.62485862

H1–O1 −6.662708 6.63597309 0.90165390

H2–O1 −10.577831 9.95768136 5.92878925

H3–O1 −7.284002 3.98047085 −9.87260412

H4–O1 −8.744731 9.88497394 0.08648525

H5–O1 −12.319315 −0.06539451 −7.63236367

H6–O1 −4.108802 −7.47772434 −0.07664491

B2–O2 −8.337048 6.135447 −3.107592

H1–O2 −9.444444 −1.290546 −9.655582

H2–O2 8.975756 −10.614987 −6.024728

175



Appl. Sci. 2021, 11, 943

Table 6. Cont.

Data Training Percentage

70% 80% 90%

H3–O2 −8.726450 8.371778 5.738516

H4–O2 4.006490 −9.933384 9.385994

H5–O2 10.649440 11.691794 2.076983

H6–O2 14.583526 −8.421655 8.594578

B2–O3 −4.4530081 7.2697955 1.294068

H1–O3 9.7557132 −0.7564020 8.395259

H2–O3 −3.0576919 −2.9147165 −1.187068

H3–O3 13.5887864 −10.5569871 4.191767

H4–O3 −0.8085856 −0.6266332 −8.351199

H5–O3 0.8808544 −9.8940081 5.886176

H6–O3 −12.4993457 9.8877980 −8.863369

Below were the tables of performance measurements of both models.

1. ANN model developed using logistic activation function

Based on Table 7, it is shown that the ANN model with 70% training data yielded the
highest accuracy (90.91%), sensitivity (91.11%), and specificity (95.51%).

Table 7. Performance measurements of the ANN model developed using logistic activation function.

Training Data Percentage

70% 80% 90%

Accuracy 90.91% 78.26% 72.73%

Sensitivity 91.11% 81.39% 72.22%

Specificity 95.51% 88.19% 86.90%

2 ANN model developed using hyperbolic tangent (tanh) activation function

Based on Table 8, it is shown that the ANN model with 70% training data yielded the
highest accuracy (90.91%), sensitivity (91.11%), and specificity (95.51%).

Table 8. Performance measurements of the ANN model developed using tanh activation function.

Training Data Percentage

70% 80% 90%

Accuracy 90.91% 78.26% 72.73%

Sensitivity 91.11% 79.68% 72.22%

Specificity 95.51% 89.10% 86.90%

5.4. The Proposed Predictive Model

Based on the obtained results, both ANN models developed using logistic and hy-
perbolic tangent activation function with 70% training data yielded the highest accuracy
(90.91%), sensitivity (91.11%), and specificity (95.51%). These models also have the highest
accuracy, sensitivity, and specificity compared to the previously proposed model, QDA
model with 80% training data. Therefore, both ANN models developed using logistic and
tanh activation function with 70% training data were the proposed predictive models in
this research. We displayed the proposed predictive models’ performances in Table 9.
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Table 9. Performance measurements of the proposed predictive ANN model.

Activation Function

Logistic Tanh

Accuracy 90.91% 90.91%
Sensitivity 91.11% 91.11%
Specificity 95.51% 95.51%

6. Conclusions and Recommendation

As shown in the previous chapter, both ANN models developed using logistic and
hyperbolic tangent activation function with 70% training data yielded the highest accuracy
(90.91%), sensitivity (91.11%), and specificity (95.51%). Therefore, both ANN models
developed using logistic and tanh activation function with 70% training data are the
proposed models to be used as the models to predict the severity level of dengue based on
the laboratory test results.

We suggest other researchers consider developing another ANN architecture to be
applied to the same data, to which the link has been given to obtain a new model with better
performance. Researchers may improvise with the number of hidden neurons and/or
hidden layer(s).
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Abstract: In this paper, feature extraction methods are developed based on the non-negative matrix
factorization (NMF) algorithm to be applied in weakly supervised sound event detection. Recently,
the development of various features and systems have been attempted to tackle the problems of
acoustic scene classification and sound event detection. However, most of these systems use data-
independent spectral features, e.g., Mel-spectrogram, log-Mel-spectrum, and gammatone filterbank.
Some data-dependent feature extraction methods, including the NMF-based methods, recently
demonstrated the potential to tackle the problems mentioned above for long-term acoustic signals.
In this paper, we further develop the recently proposed NMF-based feature extraction method to
enable its application in weakly supervised sound event detection. To achieve this goal, we develop a
strategy for training the frequency basis matrix using a heterogeneous database consisting of strongly-
and weakly-labeled data. Moreover, we develop a non-iterative version of the NMF-based feature
extraction method so that the proposed feature extraction method can be applied as a part of the
model structure similar to the modern “on-the-fly” transform method for the Mel-spectrogram. To
detect the sound events, the temporal basis is calculated using the NMF method and then used as
a feature for the mean-teacher-model-based classifier. The results are improved for the event-wise
post-processing method. To evaluate the proposed system, simulations of the weakly supervised
sound event detection were conducted using the Detection and Classification of Acoustic Scenes and
Events 2020 Task 4 database. The results reveal that the proposed system has F1-score performance
comparable with the Mel-spectrogram and gammatonegram and exhibits 3–5% better performance
than the log-Mel-spectrum and constant-Q transform.

Keywords: feature extraction; sound event detection; non-negative matrix factorization

1. Introduction

More and more studies have been targeting machine learning and artificial intelligence
recently. Machine recognition of environments and sound events using acoustic signals
have been of particular interest to researchers [1–4]. There are two main tasks related to the
automatic recognition of acoustic signals: acoustic scene classification (ASC) and sound
event detection (SED). These tasks are often not clearly distinguished. ASC mainly focuses
on the recognition of long clips, e.g., a 10-s clip, to classify the whole acoustic environment
[5], whereas SED tends to analyze short sound events, e.g., dog barking or alarm ringing,
to determine their types and obtain onset/offset information [6].

The extraction of proper features from the acoustic signals is the first and important
step in SED using machine learning algorithms. The most common acoustic features for
ASC and SED are Mel-frequency cepstral coefficients (MFCC) [1,7,8] and Mel-frequency
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spectrum [9–11]. These are the variations of frequency-domain features used for a char-
acterization of the human hearing system [12]. Mel-frequency-based features have been
successfully used in speech signal processing systems employing machine learning tech-
niques. The features exhibit better performance in ASC and SED compared with other
existing ones. However, their performance is limited by the less-structured acoustic envi-
ronmental signals compared with speech signals [5]. Therefore, several alternative features,
including a computer-vision-inspired feature [13] and statistical characteristics [14], have
been investigated. Recently, several features inspired by the characteristics of the human
hearing system, e.g., Mel-frequency discrete wavelet coefficients [15–17], gammatonegram
[18], and gammatone-frequency cepstral coefficients [19], have been investigated. The
vast majority of the developed features, including the MFCC and psycho-acoustic-based
features, are data-independent feature extraction methods because the feature extraction
processes are consistent regardless of the data characteristics in the given problems.

Recently, several data-dependent feature extraction methods, including principal
component analysis (PCA) [20] and non-negative matrix factorization (NMF) [21], have
also been developed. The NMF method has been widely employed to analyze and extract
the signal characteristics in the recent acoustic signal processing fields, including music
information retrieval [22–24] and speech signal processing [25–27].

As the NMF method can extract the common property of the given signals, data-
dependent feature extraction methods based on NMF have been developed [5,28,29]. The
method developed in [5] is a supervised task-driven dictionary learning (TDL) with a
limited-memory Broyden–Fletcher–Goldfarb–Shanno (L-BFGS) algorithm [30]. However,
feature extraction using the TDL method is strongly related to the classification step. Thus,
it is difficult to apply the TDL feature extraction method to other techniques, such as
the recently suggested convolutional neural network-based classifiers. Unsupervised
NMF-based feature extraction methods were also developed [28,29]. The method in [29]
capitalized on the convolutional NMF and K-means clustering to deal with the uncate-
gorized dataset. The disadvantages of the unsupervised NMF-based feature extraction
method are that the data matrix to be handled is too large and the computational cost is
quite high. To overcome these disadvantages, Lee and Pang developed a supervised feature
extraction method for the monitoring domestic activity problem [31]. The algorithm in [31]
exhibited a performance comparable to the state-of-the-art features. However, this study
was limited to monitoring domestic activities, which included the activity class recognition
problem (without onset/offset information) only.

In this paper, we develop and analyze a data-dependent feature extraction method
for weakly supervised domestic SED. To achieve this goal, we start with the NMF-based
feature extraction method [31] for the monitoring domestic activity problem. Unfortunately,
this method [31] cannot be directly applied to our problem, because the configuration of
the training data is different. Therefore, we develop and analyze several strategies to utilize
the data for feature extraction. In addition, we consider the recent trend of making the
feature extraction step a part of the neural network or developing “on-the-fly” feature
extraction systems [32,33] in the acoustic signal processing. The conventional NMF-based
feature extraction methods [5,31] cannot be applied to “on-the-fly” systems because they
require dozens or hundreds of iterations. To overcome this problem, we develop a matrix
multiplication-based feature extraction method without any iteration.

2. Background

2.1. Problem Description

As mentioned in the Introduction, we aim to develop a data-dependent feature extrac-
tion method for weakly supervised domestic SED system. The target system and problem
are designed in accordance with the Detection and Classification of Acoustic Scenes and
Events (DCASE) 2020 Task 4 [34]. The target system aims to detect sound events with
class, onset time, and offset time labels through a weakly-supervised training. In this
training, some of the dataset annotations are omitted. More specifically, the dataset may be
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categorized into three types: strongly-labeled, weakly-labeled, and unlabeled data. The
strongly-labeled data provide all the required information: sound class, onset time, and
offset time annotations. The weakly-labeled data provide only part of the information, for
example the sound class label only. The unlabeled data do not provide any information,
only waveforms. A schematic diagram of the target system is presented in Figure 1.

Our goal is not to design the system itself but to develop a data-dependent feature ex-
traction method for the system. Thus, we focus on the non-negative matrix decomposition
technique, which is a sparse representation tool for acoustic signal data.

Sound Event Detector
Figure 1. Problem description.

2.2. Non-Negative Matrix Factorization

The NMF method, which was developed by Lee and Seung [21,35], is employed to
decompose a non-negative matrix V ∈ R+

K×N into two matrices, W ∈ R+
K×R and H ∈ R+

R×N ,
that satisfy the following relation [35]:

V ≈ WH. (1)

The matrices W and H can be estimated via alternating optimization of the two
equations as [35,36]

W = arg min
W

D(V|WH) for fixed H, (2)

H = arg min
H

D(V|WH) for fixed W, (3)

where D(V|WH) denotes the distance function between V and WH. The distance functions
can be optimized by the multiplicative update rule as [35]

W ← W ⊗ [V/(WH)]HT

1K×NHT , (4)

H ← H ⊗ WT [V/(WH)]

WT1K×N
, (5)

when the Kullback–Leibler divergence (KLD) is used as the distance function, where 1K×N
denotes a K × N matrix of ones, and

W ← W ⊗ VHT

WHHT , (6)

H ← H ⊗ WTV

WTWH
, (7)
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when the Euclidean distance is used, where ⊗ and the fraction denote the Hadamard
(element-wise) product and division, respectively.

The NMF method has been widely employed in the recent acoustic signal processing
studies to analyze a music signal into several musical notes or to reduce noise signals
from the speech signals. Such interest can be attributed to the fact that the frequency basis
matrix, W, and the temporal basis matrix, H, represent the frequency characteristics and
temporal envelop of acoustic signal components, respectively. More specifically, speech
denoizing methods divide the bases into two classes, speech and noise, and remove the
noise bases after calculating the temporal bases of each class, as shown in Figure 2.

Figure 2. Schematic diagram of the applications of the non-negative matrix factorization (NMF)
methods to the acoustic signal processing systems.

3. Proposed System

3.1. Strategy for the Frequency Basis Learning

Similar to the previous studies [5,31], the temporal basis matrix H is used as a feature.
To extract the feature matrix, the frequency basis matrix needs to be estimated in advance.
Inspired by speech denoizing [27] and reverberation suppression [37] techniques based on
NMF [27], the frequency basis matrix of each class is independently estimated from the
spectrogram set of the class, as presented in Figure 3a. In this method, the frequency basis
matrix is divided into C groups as [31]

W = [W1 W2 · · · WC]. (8)

Each group denoted by Wc is a K × RC matrix, where RC denotes the basis number of each
class. The frequency and temporal basis matrices can be estimated by optimizing various
cost functions. KLD is one of the common choices in the acoustic signal processing field.
Therefore, the frequency and temporal basis matrices are iteratively updated by

Wc ← Wc ⊗ [Vc/(WcHc)]HT
c

1K×Nc HT
c

(9)

Hc ← Hc ⊗ WT
c [Vc/(WcHc)]

WT
c 1K×Nc

, (10)

which is similar to Equations (4) and (5), where Vc and Hc denote K × Nc data matrix and
RC × Nc temporal basis matrix, respectively, and Nc stands for the total number of frames
in the data matrix of the cth class.

Since weakly-supervised SED has a heterogeneous database, different learning strate-
gies for each type of data need to be developed. In the case of strongly-labeled data, which
contains the class and temporal information, the data matrix is a set of audio clips with a
cut-off part, as presented in Figure 3b. As can be seen in the figure, there is a risk of data
mixing from different classes. For example, if we assume that we want to generate the
data matrix V for Class A, there may be various combinations, e.g., A–B, A–C, and A–D.
However, even in this case, the data from Class A is expected to be dominant. Thus, the
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frequency matrix W can be expected to represent the characteristics of Class A if we choose
a sufficiently small rank for matrix W.

Figure 3. Block diagrams for: (a) the learning of the frequency basis; (b) the learning of the composi-
tion of the data matrix from strongly-labeled data; and (c) the learning of the composition of the data
matrix from weakly-labeled data.

For the weakly-labeled data that do not contain an onset and offset information, the
temporal information cannot be utilized. Therefore, we compose the data matrix V by just
cascading the clips, as shown in Figure 3c. Unlike the case of the strongly-labeled data,
where only parts of the event overlap, in the weakly-labeled data, waveforms from different
classes are completely mixed when two or more classes are in one clip. Therefore, it is
expected that the training of matrix W is more affected by the unwanted class interference
problem compared to strongly-labeled data. Therefore, we evaluate the effect of the
unwanted class interference problem on the weakly-labeled data.
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3.2. Iterative and Non-Iterative Feature Extraction Methods

Once the frequency basis matrix W is trained, the feature matrix Hclip can be extracted
from the data matrix Vclip of an audio clip via the iteration of [31]

Hclip ← Hclip ⊗
WT

[
Vclip/(WHclip)

]
WT1K×Nclip

. (11)

with minimization of the KLD (as Equation (5)).
In this paper, we also develop a non-iterative feature extraction method. To achieve this

goal, we develop a closed-form solution for Hclip which makes the gradient of the divergence

function with regard to Hclip zero (that is, ∇Hclip D
(

Vclip|WHclip

)
= 0). In addition, a

solution with simple operations, e.g. matrix multiplication, is a preferred one because it is
easy to implement.

The NMF-based methods for acoustic signal processing mainly use three types of
distance functions: KLD, Euclidean distance, and Itakura–Saito divergence (ISD). The three
distance functions are in the β-divergence family, which is expressed by [38]:

Dβ(x|y) =

⎧⎪⎨⎪⎩
x
y − log x

y − 1 β = 0
x(log x − log y) + (y − x) β = 1

1
β(β−1)

(
xβ + (β − 1)yβ − βxyβ−1) otherwise

(12)

where x and y are arbitrary values and β is a constant to adjust the cost function among the
Euclidean (β = 2), KLD (β = 1), and ISD (β = 0). In our problem, x and y are elements of
the matrices Vclip and WHclip, respectively, and the gradient of the beta-divergence with
regard to Hclip is [38]

∇Hclip Dβ

(
Vclip

∣∣WHclip

)
= WT

{(
WHclip

).[β−2] ⊗
(

WHclip − Vclip

)}
(13)

where A.[n] denotes element-wise nth power of matrix A. Because Equation (13) includes
matrix multiplications, element-wise products and power, and the relationship between
these operations is also complex. Therefore, it is not easy to find a solution that makes
Equation (13) zero, and it is even more difficult to find a solution consisting of simple
matrix multiplications. One easy way is to make the term of the left of the Hadamard
product, (WH).[β−2], equal to one. In this case, β becomes 2.0, and the divergence function
becomes the Euclidean distance.

The Euclidean distance function can be defined using the Frobenius norm as

DEUC

(
Vclip

∣∣WHclip

)
=

1
2

∥∥Vclip − WHclip
∥∥2

F, (14)

and the gradient of the cost function with respect to Hclip is

∇Hclip DEUC

(
Vclip

∣∣WHclip

)
= −WT

[
Vclip − WHclip

]
. (15)

Since the cost function in Equation (14) is convex, the optimal solution of the cost function
makes the gradient zero. Therefore, the optimal solution of Hclip needs to satisfy the
relationship:

WTVclip − WTWHclip = 0 (16)

and therefore

Hclip =
[
WTW

]−1
WTVclip

= W†Vclip, (17)
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where W† denotes the Moore–Penrose pseudo-inverse of the matrix W. Since the frequency
basis matrix W is pre-trained and fixed, W† is also defined a priori. Thus, feature extraction
can be performed via a simple production using Equation (17).

The pseudo-inverse can be implemented via the singular value decomposition [39]. If
we assume that the matrix W is decomposed as

W = UΣVH , (18)

where U and V denote K × K and R × R matrices, respectively, and Σ denotes the K × R
diagonal matrix whose elements are singular values of W, then the pseudo-inverse W† can
be calculated as

W† = VΣ†UH , (19)

where Σ† is a matrix formed from Σ by taking the element-wise inverse of the non-zero
elements and shaping the matrix as R × K. In practice, the small singular values can be
ignored as [

Σ†
]

r,k
=

{
1
/
[Σ]k,r if [Σ]k,r > δ,

0 otherwise,
(20)

where [Σ]k,r denotes the (k, r)th element of the matrix Σ and δ is an arbitrary threshold.

3.3. Classifier

To develop a feature extraction method and evaluate the performance of our method, a
conventional convolutional recurrent neural network (CRNN) with a mean-teacher model
is adopted [40–42]. Figure 4 presents the details of the network structure of the CRNN
classifier. The convolutional layers and the corresponding max-pooling layers are designed
so that the n f eature axis of the output of the CNN layers is equal to unity. The RNN layers
and the fully connected layer make the frame-wise probability of the classes, which is
denoted by “Time Stamps” in Figure 4. To train the classifier using the weakly-labeled data,
then it also generates the “Clip Class” output, which denotes the existing classes in a clip.
The element of the clip class output C is calculated by weighted average as

[C]c =
∑Nout−1

n=0 [P]n,c

[
Pso f tmax

]
n,c

∑Nout−1
n=0

[
Pso f tmax

]
n,c

, (21)

where Nout denotes the frame number of the classifier output of a sound clip.
The mean-teacher model is adopted to train the classifier using both the labeled and

unlabeled data, similar to state-of-the-art weakly-supervised SED systems [40,41]. The
network parameters of the student model, θ, are optimized to minimize the cost function
as

Jtotal(θ) = Jclass(θ) + βJconsist(θ), (22)

where Jclass(θ) and Jconsist(θ) denote the classification cost and the consistency cost, respec-
tively, as presented in Figure 5. β is the weight for the consistency cost. The parameters of
the teacher model, θteacher, are fixed during the training procedure and updated at the end
of the training batch as

θteacher ← αθteacher + (1 − α)θ (23)

where α denotes the exponential weighting factor of the moving average.
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Figure 4. Block diagram of the network structure for the CRNN classifier.

Figure 5. Block diagram of the mean-teacher model.

3.4. Post-Processing

The output of the sound event detector is a frame-wise probability of each class.
Generally, the classifier output is post-processed with a certain threshold to determine
whether the class is activated or not. The magnitude of the threshold value influences the
classification performance. For example, a high threshold value can reduce false-positive
errors but sometimes underestimates the length of the event, and vice versa. In this paper,
the classifier output is first processed with a frame-wise threshold and then with an event-
wise threshold to eliminate false-positive errors. The threshold value of the event-wise
post-processing is set to be larger than that of the frame-wise post-processing.

When we refer to the classifier output as a matrix P of Nout × C, the frame-wise binary
matrix B f rame is calculated as

[
B f rame

]
n,c

=

{
1 if [P]n,c ≥ τf rame,
0 if [P]n,c < τf rame,

(24)

where C denotes the number of classes and τf rame is the threshold for the frame-wise
post-processing. Let us define χ(i, c) as the ith event set of class c as

χ(i, c) =
{
(n, c)|nonset(i, c) ≤ n ≤ no f f set(i, c)

}
, (25)
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where nonset(i, c) and no f f set(i, c) are the frame numbers of the ith onset and offset of class
c, respectively. The result of the event-wise thresholding, Bevent, is obtained as

[Bevent]n,c =

{
1 if

(
max(n′ ,c)∈χ′ [P]n′ ,c

)
≥ τevent

0 otherwise
, (26)

where (n′, c) ∈ χ′ means that (n′, c) belongs to χ′, and χ′ denotes a certain event set that
contains (n, c) as an element. Figure 6 presents a flow chart and an illustrative example of
the proposed event-wise post-processing.

Frame-wisethresholding

Finding the event setand its maximum value

Event-wisethresholding

Figure 6. (a) A flow chart; and (b) an illustrative example of the event-wise post-processing.

4. Evaluation

4.1. Evaluation Settings

To evaluate the proposed system for domestic SED, numerical simulations were
performed using the DESED dataset of the DCASE 2020 Task 4 database, which is an
audio dataset for weakly supervised sound event detection in domestic environments. The
database consists of real-recorded subsets of Audioset [43] and Freesound [44]. Some of
the data are synthesized using the SINS database [45] as background sounds.

There are 10 event classes: speech, dog, cat, alarm bell, dishes, frying, blender, run-
ning water, vacuum cleaner, and electric shaver. Each audio clip is a 10-s wav file with
44.1 (for the weakly-labeled and unlabeled data) or 16 kHz (for strongly-labeled data)
sampling frequency. All audio files were resampled to a 16 kHz sampling frequency. The
database consists of strongly-labeled data (2045 files, with event classes and time stamp
information), weakly-labeled data (1578 files, with event classes information only), and
unlabeled data (14412 files, without any annotation). The detailed information of the
database configuration can be found in [34].

The audio clips were short-time-Fourier-transformed by a 1024-sample Hanning
window with 75% overlap to match the number of input frames in the classifier for the
baseline of the DCASE 2020 Task 4 [40]. To train the NMF frequency basis matrix, 200
iterations were performed to calculate both Wc and Hc matrices (Equations (9) and (10)) for
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each class. The number of the basis for each class was set to 13 (11 for the “vacuum cleaner”
class) so that the dimension of the extracted feature was 128. In the case of iterative feature
extraction, 50 iterations were performed for each clip to calculate Hclip (Equation (11)). The
singular value threshold (δ in Equation (20)) was set to be a proportional to the maximum
singular value as

δ = γ max
k,r

[Σ]k,r, (27)

where γ denotes a proportionality constant.
The classifier was trained using Adam optimizer, and the learning rate was exponen-

tially ramped up during 50 epochs to the maximum learning rate of 0.001. The classification
and the consistency costs were categorical cross-entropy and mean-squared error, respec-
tively, and the weight for the consistency costs, β, was set to 2.0. The classifier was trained
using the training dataset of the DCASE database for 200 epochs and evaluated using the
validation dataset. The batch size was set to 24, and the moving-average weighting factor,
α, of the mean-teacher model was 0.999.

The performances of the two types of post-processing systems, with and without the
event-wise post-processing, were evaluated. The post-processing system without the event-
wise post-processing consisted of only the frame-wise thresholding, and the threshold
value was set to 0.5. The system with the event-wise post-processing consisted of the
frame-wise and event-wise thresholding. The event threshold value was set to 0.8 as it
exhibited good overall performance, while the frame thresholds were set to the optimal
values that exhibited the best performance among {0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7} for each
class.

In this evaluation, the event-based F1-score was utilized as the performance measure,
which is defined by a geometric mean of precision P and recall R as

F1 =
2PR

P + R
, (28)

where precision and recall are defined as

P =
nTP

nTP + nFP
, (29)

and
R =

nTP
nTP + nFN

, (30)

where nFP, nFN , and nTP denote the numbers of false answers (false positives), missing an-
swers (false negatives), and correct answers (true positives). The answers were considered
as “correct answer” if the onset error was smaller than 0.2 s, and the offset error was smaller
than 0.2 s (or 20 % of the event duration). The criteria to determine the correct answers
were set to be consistent with the baseline of the DCASE 2020 Task 4 [34]. Moreover, the
performance of each class was micro-averaged, which aggregated the contributions of all
the test samples regardless of the class, and macro-averaged, which averages the individual
performance of each class.

4.2. Comparison of Various Features

Table 1 compares the proposed and conventional features that are commonly used in
ASC and SED applications. The abbreviations MelSpec, Log-Mel, GAM, and CQT denote
the Mel-spectrogram, log-Mel spectrum, gammatonegram, and constant-Q transform
(CQT), respectively. The frequency basis matrix used to extract the NMF features in Table 1
was trained using strongly-labeled data only as it exhibited good overall performance. The
effect of the data on the frequency basis training will be considered in the next subsection.
The dimensions of the extracted features were all set to 128, similar to that in the Delphin–
Poulet system [40], to compare the performances of the features without changing the
structure of the classifier. The CQT was performed under 16 bins per octave and 32.7 Hz
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lower bound frequency. In total, 128 CQT bins (=8 octaves) corresponded to a frequency
range of less than approximately 8 kHz. The proposed system was also compared with the
Cornell system [46] including the log-Mel features with data augmentation, per-channel
energy normalization (PCEN), mean-teacher CRNN, and post-processing with hidden
Markov model (HMM), which was submitted to DCASE 2020 Task 4. The details of the sub-
systems can be found in [46]. The training parameters (e.g., the weight for the consistency
costs, number of epochs, batch size, and the moving-average weighting factor of the mean-
teacher model) were set to the same values of the proposed system. Because the Cornell
system has its own post-processing consisting of HMM and random forest optimization,
the proposed event-wise post-processing was not applied to the Cornell system.

Table 1. Averaged results of various features. The performance of the Cornell system was provided
as a reference of comparison. The boldface means the best performance of each measure.

w/o Event-Wise
Post-Processing

w/ Event-Wise
Post-Processing

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

NMF(iterative) 35.06 31.58 40.12 39.23
NMF(non-
iterative) 34.87 30.16 40.02 38.45

MelSpec 34.41 32.31 40.41 39.72
Log-Mel 30.27 29.88 35.11 36.60

GAM 32.15 33.09 37.23 39.81

CQT 32.25 28.76 37.28 35.36

Cornell et al. [46] - - (with own post-processing)

42.48 39.56

The performances of the NMF methods are comparable to those of the Mel-spectrogram
and gammatonegram, the best among the conventional features, and are better than those
of the log-Mel spectrum and CQT in all the performance measures. The comparison
between the micro-averaged performance of the NMF and that of the Mel-spectrogram
revealed that the NMF methods exhibited slightly better performances without the event-
wise post-processing and slightly worse performances with the event-wise post-processing.
The gammatonegram had the best performance in the macro-averaged F1-score among
the features but demonstrated low performance in the micro-averaged F1-score. Moreover,
the features extracted using the iterative and non-iterative NMF methods exhibited similar
performances. Thus, the non-iterative NMF method can be considered as an alternative
to the iterative NMF method. The micro-averaged and macro-averaged F1-scores of the
proposed system are similar to and slightly less than that of the Cornell system, respectively.
We think that the difference of the performance was caused by additional sub-systems in
the Cornell system, such as PCEN, data augmentation, and random forest optimization of
HMM post-processing.

Table 2 presents the class-wise F1-score performances. The gray background de-
notes the class where the NMF method exhibits better performance than that in the Mel-
spectrogram, and the bold-face number stands for the best performance in each class. A
scan be seen in the table, the NMF methods are advantageous for classes with harmonic
structures (speech, dog, cat, and alarm bell) and disadvantageous for noise-like classes
(electric shaver, blender, running water, and vacuum cleaner). The class-wise performances
of the iterative and non-iterative NMFs are different. The iterative NMF has better per-
formances for five classes (electric shaver, speech, frying, blender, and vacuum cleaner),
similar performances for two classes (cat and dog), and worse performances for three
classes (dishes, running water, and alarm bell). The last three classes (dishes, running
water, and alarm bell) contained several impulsive sounds. Thus, the non-iterative method
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appeared to be useful for the impulsive sounds. However, we cannot easily come to this
conclusion, as the frying sounds also contain impulsive ones.

Table 2. Class-wise F1-scores [%] of various features. The boldface means the best performance of each class.

Electric
Shaver

Speech Dishes Cat Running
Water

Dog Frying Blender Alarm
Bell

Vacuum
Cleaner

NMF
(iterative)

32.9 46.8 18.0 39.7 22.4 21.5 28.9 27.5 36.3 41.7

NMF
(non-

iterative)
24.1 43.9 21.9 39.5 25.7 22.1 22.8 22.1 39.6 39.9

MelSpec 35.7 45.0 18.0 39.1 30.9 17.4 24.0 32.0 32.0 49.0
Log-Mel 38.3 37.3 14.2 36.7 27.4 13.7 23.5 23.0 35.8 49.0

GAM 29.5 34.2 24.6 41.7 28.3 19.7 31.4 33.9 39.4 48.2
CQT 34.6 46.7 18.4 35.9 21.7 16.5 9.1 24.8 24.1 55.6

There are two main differences between the iterative and non-iterative NMFs: diver-
gence function and optimization method. The iterative NMF uses KLD and multiplicative
update, and the non-iterative NMF employs Euclidean and closed-form solution. To analyze
the effect on the class-wise performance, we compare the performances of the NMFs with
an iterative NMF with Euclidean (for convenience, we call it NMF-EUC here). The iterative
NMF and NMF-EUC have the same parameters and settings except for the divergence
function. Figure 7 shows the comparison results. The iterative NMF is superior to the
NMF-EUC in the classes of electric shaver, speech, frying, and blender, where the iterative
NMF is superior to the non-iterative NMF. In other words, the tendencies in performances
are similar for the NMF-EUC and non-iterative NMF. However, the difference in the perfor-
mance of non-iterative NMF compared to iterative NMF is greater than that of NMF-EUC
and iterative NMF. Therefore, it seems that the difference in the optimization method had a
greater effect on the performance than that in the divergence function in this experiment.

Figure 7. Performance comparison between the iterative NMF, NMF-EUC, and non-iterative NMF.

4.3. Effect of the Training Data on the Frequency Basis Learning

To analyze the effect of the training data on the frequency basis matrices in the
NMF methods, the performances of the NMF methods were compared with the different
frequency basis matrices from various parts of the database. Table 3 presents the F1-score
results of different frequency basis matrices with the event-wise post-processing. STR,
WEAK, and WEAK(U) denote the frequency basis matrices trained by the strongly-labeled
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data, weakly-labeled data, and weakly-labeled unitary label data, which consist of single-
class clips, respectively.

As presented in Table 3, the strongly-labeled data exhibited relatively good overall
performance. The weakly-labeled data demonstrated good micro-averaged performance
for iterative NMF but degraded performances for the other criteria, including non-iterative
NMF. Using both the strongly- and weakly-labeled unitary label data (STR + WEAK(U))
also had good macro-averaged performance for non-iterative NMF, but it also showed de-
graded performances for other criteria. Conversely, the performance of the weakly-labeled
unitary label data (WEAK(U)) did not exceed that of the weakly-labeled data (WEAK) that
has interference classes. For instance, Class 2 data interferes with the training of Class
1 frequency basis matrix (Figure 3c). Therefore, we suggest that the class interference
problem does not significantly affect the classification performance.

Table 3. Comparison results with different frequency basis matrices from various parts of the
database.

NMF
(Iterative)

NMF
(Non-Iterative)

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

STR 40.12 39.23 40.02 38.45
WEAK(U) 40.02 38.89 38.98 37.65

WEAK 41.53 38.28 39.01 37.76
STR + WEAK(U) 38.91 37.50 38.39 38.79

STR + WEAK 38.51 37.39 39.97 38.40

4.4. Thresholding Singular Values for Calculating the Pseudo-Inverse Matrix

To extract the proposed feature instantaneously, the Moore–Penrose pseudo-inverse of
the frequency basis matrix needs to be calculated in advance using Equation (17). As follows
from Equations (19) and (20), the pseudo-inverse matrix can be calculated via singular value
decomposition with thresholding of the small singular values. The threshold, which is one
of the design parameters, is related to stability and sparsity of the pseudo-inverse matrix.
Thus, it may affect the performance of the extracted features. Therefore, we evaluated the
effect of the threshold on the classification performance.

Table 4 presents the classification performances with various threshold values. As
follows from Equation (27), δ denotes the ratio of the threshold value to the maximum
singular value. Among the test values, γ = 0.01 exhibits the best performance, while
γ = 0.005 and γ = 0.05 exhibit comparable performances. However, γ = 0.001 and γ = 0.1
result in significantly degraded performances. Therefore, γ values between 0.005 and 0.05
are good choices for our system.

Table 4. Comparison results with various thresholds of singular values for calculating the pseudo-
inverse.

w/o Event-Wise
Post-Processing

w/ Event-Wise
Post-Processing

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

F1-Score [%]
(Micro)

F1-Score [%]
(Macro)

γ = 0.001 27.26 24.56 35.16 34.24
γ = 0.005 33.59 29.95 39.59 37.94
γ = 0.01 34.87 30.16 40.02 38.45
γ = 0.05 32.52 28.35 38.51 36.23
γ = 0.1 21.45 10.88 26.45 17.39191
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5. Conclusions

In this paper, two NMF-based feature extraction methods are proposed for weakly su-
pervised SED. Inspired by the NMF applications in the acoustic signal processing systems
capable of analyzing the frequency characteristics of the acoustic signals, the proposed
methods were designed to extract features from heterogeneous database for weakly su-
pervised SED. To generate the frequency basis matrix, the class-wise data matrices were
composed from strongly- and weakly-annotated data. The class-wise frequency basis
matrices were estimated using the NMF algorithm with the KLD, and then cascaded to
compose the whole frequency basis matrix. In the iterative feature extraction method,
the temporal basis matrix was calculated via iterations of the NMF equations using the
whole frequency basis matrix. Moreover, we developed a non-iterative feature extraction
method using a least-squares solution of the NMF problem. The classifier was constructed
based on the mean-teacher model for the proposed features and enhanced by the proposed
event-wise post-processing method.

To evaluate the proposed data-dependent feature extraction methods, simulations
of weakly supervised SED were performed using the DCASE 2020 Task 4 database. The
proposed methods were compared with the conventional features, e.g., Mel-spectrogram,
log-Mel spectrum, gammatonegram, and CQT. Although the proposed features did not
outperform other features, they yielded results comparable to those of the Mel-spectrogram
and gammatonegram, which are state-of-the-art features. Moreover, they demonstrated
3–5% better F1-score performance than the log-Mel-spectrum and CQT.
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Abstract: In industrial applications of data science and machine learning, most of the steps of a typical
pipeline focus on optimizing measures of model fitness to the available data. Data preprocessing,
instead, is often ad-hoc, and not based on the optimization of quantitative measures. This paper
proposes the use of optimization in the preprocessing step, specifically studying a time series
joining methodology, and introduces an error function to measure the adequateness of the joining.
Experiments show how the method allows monitoring preprocessing errors for different time slices,
indicating when a retraining of the preprocessing may be needed. Thus, this contribution helps
quantifying the implications of data preprocessing on the result of data analysis and machine learning
methods. The methodology is applied to two case studies: synthetic simulation data with controlled
distortions, and a real scenario of an industrial process.

Keywords: optimization; machine learning; preprocessing

1. Introduction and Description of the Problem

In machine learning there are several steps to follow in order to perform model construction. Many
of them, such as feature selection, feature extraction and model training, are based on mathematical
optimization. However, the initial preprocessing is often not explicitly and quantitatively optimized.

In preprocessing, one of the main steps consists of obtaining all the features that will be used in
model generation. The features can come from different origins and joining all the data adequately
can be hard. The specific case of working with time series has the advantage of the use of a temporal
reference system, a timeline that enables merging the observations. Nevertheless, each feature has its
own sampling, and all of them should be resampled to construct a single multi-variate time series in a
synchronized way.

This resampling is done by feature, and, depending on the application objectives, different
characteristics of data joining methods should be taken into account. Examples of objective measures
of preprocessing quality might be based on measures of distortion and on the information lost in the
process. Further considerations might be related to the causal nature of the resulting system, or to
the amount of delay (or anticipation, in case of being shifted to a prior time instance) applied to the
different original series to synchronize them.

Note that these properties can have different degrees of practical importance depending on the
application domain. On the one hand, in the case of real-time prediction, data anticipation can imply
the need of waiting for a new data entrance, resulting a big delay in the prediction; obviously a
data prediction approach based on time series analysis could be used to avoid this problem, using a
correction method in case a significant difference between predicted and real values is detected. On the
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other hand, information loss and data distortion can have a significant impact on the predictive power
of the model.

1.1. Background

In the context of SQL database engines [1], a time series is a sequence of data values measured at
successive, though not necessarily regular, points in time (https://cloud.ibm.com/docs/sql-query?
topic=sql-query-ts_intro—IBM Cloud SQL Query documentation). Each entry in a time series is called
an observation. Each observation comprises a timetick that indicates when the observation was made,
and the data recorded for that observation. The set of timeticks defines a temporal base or temporal
reference system for the series.

A temporal join is a join operation that operates on time series data. It produces a single array
time series based on the original input data and the new temporal reference system.

This section introduces a range of common SQL joining methodologies. Specifically, the following
methods will be introduced: left join, nearest join, forward join and backward join. Notably, the outer
join is not contemplated, as the obtained results are the same as those from other selected methods
(backward join or forward join) depending on the selection of a function for filling in Non-Available
(NA) values (ffill or bfill).

In order to simplify the explanation of these methods, a specific example will be used, together
with terminology from the documentation of the widely adopted pandas (https://pandas.org—Python
data analysis and manipulation tool) data analysis library. Suppose that sensor data y(tO) is acquired
with the temporal reference system tO as shown in Table 1a. For model learning, suppose the temporal
reference system tD shown in Table 1b is required.

Table 1. Problem definition. (a) Captured data. (b) Desired temporal reference system.

(a)

tO y

10:00 y1
10:02 y2
10:16 y3
10:27 y4

(b)

tD ŷ

10:00
10:15
10:30

Finally, suppose the function ffill is selected for filling NA values, and that this function operates
by forward-filling such NA values with the nearest prior known data value.

1.1.1. Left Join

The left join method takes only samples from y that are synchronized with tD, in other words,
only data that originally had the desired time is used. Table 2a shows the application of a left join to
the example. After filling NA values, the results shown in Table 2b are obtained.

In this particular example, three samples from y are not taken into account in the joined dataset.
In this sense, part of the information in the original data is lost.
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Table 2. Result of left join. (a) After applying the join. (b) After filling Non-Available (NA) values.

(a)

tD ŷ

10:00 y1
10:15 NA
10:30 NA

(b)

tD ŷ

10:00 y1
10:15 y1
10:30 y1

1.1.2. Nearest Join

A nearest join takes into account the nearest known available data from y. Results from the join
are shown in Table 3.

Table 3. Result nearest join.

tD ŷ

10:00 y1
10:15 y3
10:30 y4

Depending on the distribution of y, future knowledge of future data can be added to the past in a
non-causal manner. In the example, the joined series at 10:15 uses data from 10:16.

1.1.3. Forward Join

In a forward join, samples of tD that are not available in tO are selected using subsequent matches
from y. Results from the join are shown in Table 4a, and after filling NA values in Table 4b.

Table 4. Result of forward join. (a) After applying the join. (b) After filling NA values.

(a)

tD ŷ

10:00 y1
10:15 y3
10:30 NA

(b)

tD ŷ

10:00 y1
10:15 y3
10:30 y3

1.1.4. Backward Join

In a backward join, samples of tD that are not available in tO are selected using the nearest
prior match. Results from the join are shown in Table 5.

Given the above existing methods, the remainder of this paper considers the problem of locally
selecting an optimal method by the optimization of a quantitative measure of the quality of the
obtained joined series.
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Table 5. Result of backward join.

tD ŷ

10:00 y1
10:15 y2
10:30 y4

1.2. Paper Contributions and Structure

We consider that the need to define an operational mechanism to align multiple time series with a
different time base by optimizing of a cost function that can be defined by the user is not adequately
addressed in the present literature. In this sense, the contributions put forward by this paper include:

• The idea that the preprocessing steps in a machine learning workflow can be subject to an
optimization procedure that is similar to the one used with e.g., an empirical risk estimate in the
actual model learning step.

• The idea that a join operation among tables representing time series with different time bases as
operated by e.g., a SQL database engines can be learned based on previous data records.

• A specific algorithm and implementation for a method meant to align multiple time series with
different time bases.

The rest of the paper is structured as follows. Section 2 introduces the state of the art approaches.
The methodology and a proposed solution are explained in Section 3. Section 4 provides a description
of the case studies, whereas Section 5 shows the results of those case studies. Finally, conclusions and
future work are presented in Section 6.

2. State of the Art

A number of contributions have been put forward in the literature that deal with the need to align
of time series. On the one hand, such a need could stem from the fact that the time series described
related phenomena with “warped” temporal aspects (as in Dynamic Time Warping). On the other
hand, such a need could depend on the fact that the time series suffer from the effects of different
decimation processes (as in the literature related to Dynamic Processes).

In the first group, Folgado et al. [2] considered an extension of Dynamic Time Warping based
on a distance which characterized the degree of time warping between two sequences meant for
applications where the timing factor is essential, and proposed a Time Alignment Measurement, which
delivered similarity information on the temporal domain.

Morel et al. [3] extended Dynamic Time Warping to sets of signals. A significant point with respect
to the topic of the present paper is the definition of a tolerance that takes into account the admissible
variability around the average signal.

One of the nearest related topics is trying to solve, at the same time, several goals, or to deal with
several constraints in parallel. In this sense, there are some works which tackle scheduling problems; a
review of this type of models in a practical problem related to flow shop scheduling is presented by
Sun et al. [4]. The authors stated that that heuristic and meta-heuristic methods and hybrid procedures
were proven much more useful than other methods in large and complex situations.

Tawhid and Savsani [5] proposed a novel multi-objective optimization algorithm named
multi-objective sine–cosine algorithm (MO-SCA) which was based on the search technique of the
sine–cosine algorithm. They ended obtaining different non-discriminatory levels to preserve the
diversity among the set of solutions.

Task scheduling is another problem related to this paper requiring multi-objective optimization
paradigms. Zuo et al. [6] presented a solution based on an Ant Colony approach to deal with Cloud
Computing computational load and storage minimization. In the same direction, Zahedi et al. [7]
presented an approach related to vehicle routing for goods distributions in emergency situations.
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The data from a 2017 big earthquake in India was used, considering the demands heterogeneity
and dynamics, distribution planning of goods and routing of vehicles simultaneously by means of a
genetic algorithm.

Finally, regarding forecasting, Yang et al. [8] presented a system based on a dual decomposition
strategy and multi-objective optimization for electricity price forecasting with the goal of balancing
electricity generation and consumption. Data pre-processing was fundamental in the selected time
window.

3. Proposed Solution: Smart Join

In this paper, a smart join method based on an optimization process is proposed. The aim of this
optimization problem is to select the method that minimizes the errors of the resampling process for
each feature.

First, a detailed explanation is presented in Section 3.1 and an example of application is shown
afterwards in Section 3.2.

3.1. Description of The Methodology

The general concept of the methodology of the smart join is explained next:

1. First, the joining model is fitted using training data; in other words, the optimal joining solution
of the process is obtained. This needs to be done for each feature separately.

2. Then, resampled data is predicted by applying the selected join method to the test data.
3. Finally, the model is validated using resampling error.

Suppose we have a time series slice y of the selected feature that needs to be resampled to be
joined with a desired time index. First of all, the fit method is used in order to obtain the “optimal” join
method. The inputs needed for the join are the original time series slice (y with the original time index)
and the desired time index. Other optional parameter can be a fill NA function as it can affect selecting
the “optimal” method. Then, another slice of the same feature (z) is used for the testing by the use of
the method score. Finally, the optimal joined method is used for resampling other time slices of the
features with the predict method. The structure of the different methods can be depicted as in Figure 1.

Figure 1. Smart join methodology implementation structure. Firstly fit method is used for the selection
of the optimal join method and then, predict and score methods are used to resample other slices of the
time series and in order to control the error produced by the join.

The fitting process to find an optimal joining model could be mathematically represented
as follows:
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Suppose we have the time series y(tO) where tO = [tO1, tO2, . . . , tOm] is the initial temporal
reference system. Let j be a join method from the available methods set J (left, backward, forward, nearest).
We need to obtain a new time series ŷ(tD; j, y) with the desired temporal reference system tD =

[tD1, tD2, . . . , tDn]. The smart join algorithm aims to find the optimal join method j ∈ J =

{left, backward, forward, nearest} that minimizes an error function E(y, ŷ). The parameters for applying
the smart join method are the function meant to fill unavailable measurement values f ∈ F =

{None, bfill, ffill, nearest} . In case of not being specified, default values will be used (in which case
f = None). The possible values of the imputation function f are None (not filling NA values), bfill
(using subsequent value that is nearest) and ffill (using prior value that is nearest). The optimization
problem is defined as:

arg min
j∈J

E(y, ŷ) (1)

With respect to the second contribution put forward by the present paper, the error function
E(y, ŷ) proposed is defined by Equation (2).

E(y, ŷ) =w1 · NaEl(ŷ) + w2 · MissEl(y, ŷ) + w3 · DelEl(y, ŷ)

+ w4 · DelT(y, ŷ) + w5 · AntEl(y, ŷ) + w6 · AntT(y, ŷ)

+ w7 · Diff (y, ŷ),

(2)

where wi > 0 with i ∈ {1, 2, . . . , 7} and ∑7
i=1 wi = 1 are the weights for the total error calculation and,

in case of not being specified, their default value is wi = 1/7 ∀i.
In the following paragraphs, each function that takes part in the error E(y, ŷ) is presented.

Suppose k ∈ {1, 2, . . . , n} and l ∈ {1, 2, . . . , m} indicate the index of elements in ŷ and y respectively.
NaEl(ŷ) represents the percentage of NA elements of ŷ after the application of f . NA values can

be problematic in machine learning applications implying for example the need to remove data points
with NA value on the model training process or the impossibility to predict an output value using the
trained model.

NaEl(ŷ) =
∑n

k=1 sk

n
, where sk =

{
1 if ŷk is NA

0 otherwise
(3)

MissEl(y, ŷ) is the percentage of elements from y that are not used in ŷ. This value is related to
the lost of information from the original time series due to the resampling needed.

MissEl(y, ŷ) =
∑m

l=1 xl

m
, where xl =

{
1 if yl /∈ ŷ

0 otherwise
(4)

DelEl(y, ŷ) indicates the percentage of delayed elements. If most of the data points from y are
delayed, the reality for the machine learning model is displaced. Depending on the application
environment, taking decisions supported by the machine learning system that could not adequately
represent the current situation can be problematic.

DelEl(y, ŷ) =
∑n

k=1 dk

n
, where dk =

{
1 if (ŷk = yl) and (tDk > tOl) ∀l

0 otherwise
(5)

DelT(y, ŷ) is the maximum difference in time between a delayed element used in ŷ and its original
time position normalized by the time window of y. Whereas the previous case considers the frequency
of delayed elements, DelT(y, ŷ) takes into account the magnitude of the displacement.

DelT(y, ŷ) =
max(ek)

tOm − tO1
,where ek =

{
tDk − tOl if (ŷk = yl) and (tDk > tOl) ∀l

0 otherwise
(6)
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AntEl(y, ŷ) and AntT(y, ŷ) are equivalent functions but in this case for anticipated elements.

AntEl(y, ŷ) =
∑n

k=1 ak

n
, where ak =

{
1 if (ŷk = yl) and (tDk < tOl) ∀l

0 otherwise
(7)

and

AntT(y, ŷ) =
max(bk)

tOm − tO1
, where bk =

{
tOl − tDk if (ŷk = yl) and (tDk < tOl) ∀l

0 otherwise
(8)

On the one side, the use of anticipated data is equivalent to the use of future information for
prediction and results can be misleading and the used approximation should be sound enough to
deal with value forecasting. On the other side, using future data could imply a need to wait for the
arrival of a new observation to be able to make a prediction, or a correction would be needed once the
predicted value and the real one are compared.

Finally Diff (y, ŷ) calculates the difference between the two time series (original and resampled).
This value could represent the magnitude of the distortion committed due to the need of a joined data
with synchronized temporal reference system.

Diff (y, ŷ) =
mean(abs(yinter − ŷinter))

max(y)− min(y)
, (9)

where yinter and ŷinter are obtained by means of linear interpolation of time series y and ŷ respectively
for time values in tO

⋃
tD.

Each part of the sum of the error calculation Equations (3)–(9) is normalized to guarantee that the
result is in range [0, 1] so different errors are comparable between them.

The fitting method can be seen graphically in Figure 2.

Figure 2. Fitting method diagram. First, ŷj resampled time series are generated from each joining
method (j ∈ J). Using the generated resampled time series, error is calculated in each case and the
optimal solution is selected jopt.

Validating the joined method in different time slices of the time series is crucial. If the slice of data
used to train the joining model is adequately selected, the errors should be similar in different time
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windows. Depending on the stability of the feature, retraining may be required as the optimal join
method could not be the most adequate during all time period. Furthermore, selecting the desired
temporal reference system (tD) has equal importance as it should be the same for all the features,
in order to be able to construct a database with all the features used by the model. Although the error
calculation and the optimal joining methodology is chosen separately per feature, the desired temporal
reference system is a common input of all the optimization problems and its selection affects to all
the features.

3.2. Application Example

The current subsection introduces an illustrative example of the application of the proposed
method to a dataset from a simple piecewise function. Suppose that the piecewise function is sampled
irregularly in order to save memory applying two criteria:

• The system checks every minute if the value of the data point has changed enough according to a
pre-established criterion (in this particular case, a difference with the prior data point higher than
0.5) to save that data point.

• Every minute the system also checks the difference in time with the last saved data point and if
this difference is greater than or equal to four minutes it saves the last available data point.

The original piecewise function and the saved data using these criteria are shown in Figure 3.

Figure 3. Application example problem.

Suppose that the desired time reference system corresponds to td = {1, 3, 5, . . . , 33}. Results
after the application of different joining methods are shown in Figure 4. Error values used in the
optimization of the Smart Join methodology are shown in Table 6.

Because the input for the algorithm is the received data, when default weights in the error function
are used (wi = 1/7 ∀i), the minimal error is obtained by the nearest join (see Figure 4b). However,
if knowledge about the irregular sampling approach used by the system is introduced by penalizing the
anticipation of data points (for example with w5 = w6 = 2/9 and w1 = w2 = w3 = w4 = w7 = 1/9),
the optimal join method is backward join. Figure 4d shows that the data points obtained by the
backward join as a result of taking into account this extended description of the data sampling
mechanism are the ones that are the closest to the real piecewise function.
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(a) (b)( )

(c)

( )

(d)
Figure 4. Application example results for different joining methods. (a) Left join. (b) Nearest join.
(c) Forward join. (d) Backward join.

Table 6. Error values for different join methods in the application example.

Method NaEl(ŷ) MissEl(y, ŷ) DelEl(y, ŷ) DelT(y, ŷ) AntEl(y, ŷ) AntT(y, ŷ) Di f f (y, ŷ)

left 0.882 0.818 0.0 0.0 0.0 0.0 1.0
nearest 0.0 0.0 0.471 0.031 0.412 0.031 0.045
forward 0.0 0.091 0.0 0.0 0.882 0.094 0.092

backward 0.0 0.091 0.882 0.094 0.0 0.0 0.084

Having established the significance of the measure of quality of a joining method, in the
remainder of this contribution we leverage mathematical optimization techniques on training data to
automatically determine which of the joining methods is most adequate for a given time series.

4. Experimental Setup

Two experiments were used in order to show the usefulness of the proposed smart
join methodology.

The first one is a controlled application from simulated data and working with a unique time
series to resample. Different distortion methods were applied to the data in order to have a practical
use case with known theoretical result.

The second case is an application from an industrial chemical process. The aim of showing
this example is to demonstrate the performance of the smart join method in a real scenario and the
importance of adequately selecting the joining method and its implications.

4.1. Experiments on Synthetic Data

The experiments on synthetic data are carried out on the x, y, z 3D curve generated in time t by a
Lorenz system (originally a simplified model for atmospheric convection) [9].

dx
dt

= σ(y − x)

dy
dt

= x(ρ − z)− y

dz
dt

= xy − βz

(10)
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with parameters σ = 10, ρ = 28 and β = 8/3 and initial conditions x(0) = y(0) = z(0) = 1 and
t ∈ [0, 40]. The time sampling interval selected for the time series was 0.1 time units.

The simulated data can be observed in Figure 5a. To apply the smart join methodology only
dimension x was used. The time series is shown in Figure 5b.

(a) (b)
Figure 5. Lorenz system result data. (a) Three-dimensional data. (b) First dimension time series.

In order to generate a distorted version of this time series in a controlled manner, some distortion
methods were applied, inspired by from the work of Kreindler and Lumsden [10], which will be
described later in the section.

This controlled experiment setup was used to demonstrate how errors change depending on
the join method and on the type of distortion that is applied to each time window. The distortions
have been selected in order to represent usual problems such as missing data or delays in receiving
data points.

The series was divided into four parts of equal size. In the first part (t ∈ (0, 10]) the time series
remains unaltered. In the range t ∈ (10, 20], 20% randomly selected data points were removed. This
distortion can be seen in Figure 6a. In the remaining part of the time series, 20% of data were shifted
forward (in t ∈ (20, 30]) or backward (in t ∈ (30, 40]). The shifted quantity was selected by a random
uniform variable, guaranteeing that data points cannot be disordered. In other words, the maximum
possible shifted quantity was set by the sampling frequency value of the original simulation data.
The distortion effect generated in the time series can be observed in Figure 6b.

(a) (b)
Figure 6. Zoomed distortions of Lorenz first dimension. (a) Removed data. (b) Shifted data.

The difference between modified and original data can be seen in Figure 7.
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Figure 7. Original vs. distorted Lorenz first dimension.

4.2. Experiments on Real Industrial Dataset

The efficient management and the energy optimization of distillation units [11,12] in terms of
both product quality and energy efficiency in both the petro-chemical and in the sustainable sector
pose a great challenge to process and control engineers because of their complexity. The management,
optimization and fault analysis of such units all require accurate process models, which in recent
years have started to be generated directly from the data available in SCADA Historian databases by
using machine learning methods [13–15] whose performance depends on the availability of properly
pre-processed multi-variate data.

Suppose that the system captures and stores real-time sensor-based data. In this particular case,
each sensor writes values in the database only when there is a significant change in the values of data.
The decision on the significance of the difference between data points is based on the scale of each
feature. The aim of this data recording strategy is reducing data volume. Consequently, if a feature
becomes unstable the writing frequency augments drastically.

For machine learning applications, an alignment between features is needed. Each feature
should be resampled to obtain a common desired temporal reference system previous to any feature
extraction/selection algorithm application. Depending on the feature and the application system,
the optimal joining method can be different.

Figure 8 shows the initial sampling for different features. Each column represents a feature
and each row an hour time window. The number of samples is counted per hour and feature,
and represented by the colour.

Figure 8. Original sampling of real industrial data from a distillation unit.

205



Appl. Sci. 2020, xx, 5

Figure 8 shows how, depending on the feature the frequency of data availability can be constant
or variable, and the quantity of samples can be very different among features. For example, the feature
with id 14 changes drastically from very low frequency to high frequency only in a couple of hours.
The data points for this particular feature are shown in Figure 9, where the frequency change
is observable.

Figure 9. Original data of the feature with id 14 from Figure 8.

In this particular case, the desired time sampling interval is selected to be 15 min.

5. Experimental Results

This section presents experimental results for the aforementioned case studies.

5.1. Results on Synthetic Data

For synthetic data, different time series joining methods were used separately and the error,
defined by Equation (2), was calculated for each method using windows of t ∈ (p, p + 2] with
p ∈ {0, 2, . . . , 38}. The selected values for the parameters of smart join methodology were wi = 1/7 ∀i
(i.e., the same importance for all different functions taking part in the error calculation) and the
imputation function was f = ffill.

Table 7 shows the error values per method and time window. The optimal solution (minimum
error) is marked in bold. An additional column labelled “theoretical” represents the theoretically
optimal solution. Thus, the obtained optimal solution in each time window can be compared and
contrasted with the theoretical solution. In Figure 10 numerical results are shown graphically.

As per Table 7, the optimal joining method (the one that has minimal error in each window)
depends on the controlled distortion introduced. The proposed methodology is capable of obtaining
as one of the optimal available results the theoretical solution. On the one hand, for t ∈ (0, 10],
the data was already available for the needed temporal reference system and for that reason all the
methods were able to obtain a 0.0 value error. On the other hand, for t ∈ (10, 20], as data points
are removed randomly, there was no optimal theoretical solution, as from known data points the
joining method should not be able to reconstruct the time series. For this range, the optimal solution
for the joining method depends on Diff (y, ŷ), i.e., the distortion introduced is comparable to the one
obtained with the lineal interpolation result. For t ∈ (20, 30] and t ∈ (30, 40] the optimal theoretical
solutions were backward and forward join, respectively. However, in multiple windows, the nearest
join method obtained the same solution as the theoretically optimal method, as the shifted data points
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(tOl introduced in the smart join system) are the nearest ones to the desired data points (tDk output
temporal reference system).

Table 7. Results on synthetic data, in bold the method with minimal error (multiple solutions are possible).

t Range Backward Join Forward Join Left Join Nearest Join Theoretical

0–2 0.00×100 0.00×100 0.00×100 0.00×100 all
2–4 0.00×100 0.00×100 0.00×100 0.00×100 all
4–6 0.00×100 0.00×100 0.00×100 0.00×100 all
6–8 0.00×100 0.00×100 0.00×100 0.00×100 all

8–10 0.00×100 0.00×100 0.00×100 0.00×100 all
10–12 4.56 ×10−2 4.56×10−2 4.56×10−2 5.32×10−2 none
12–14 5.08×10−2 5.08×10−2 5.08×10−2 5.08×10−2 none
14–16 3.35×10−2 2.77×10−2 3.35×10−2 4.06×10−2 none
16–18 4.55×10−2 4.55×10−2 4.55×10−2 5.35×10−2 none
18–20 4.36×10−2 4.83×10−2 4.36×10−2 4.36×10−2 none
20–22 1.89×10−2 3.61×10−2 3.61×10−2 1.89×10−2 backward
22–24 1.50×10−2 3.61×10−2 3.61×10−2 1.50×10−2 backward
24–26 1.67×10−2 3.61×10−2 3.61×10−2 1.67×10−2 backward
26–28 7.69×10−2 1.21×10−1 1.92×10−1 9.39×10−2 backward
28–30 3.61×10−2 5.86×10−2 5.86×10−2 3.00×10−2 backward
30–32 5.75×10−2 3.55×10−2 7.22×10−2 4.44×10−2 forward
32–34 5.04×10−2 2.72×10−2 5.04×10−2 2.72×10−2 forward
34–36 8.90×10−2 5.26×10−2 1.11×10−1 5.26×10−2 forward
36–38 4.44×10−2 2.86×10−2 4.44×10−2 2.86×10−2 forward
38–40 3.61×10−2 1.99×10−2 3.61×10−2 1.99×10−2 forward

Figure 10. Synthetic data results.

5.2. Results on Real Industrial Datasets

With respect to the real dataset, all features had a common sampling distribution after the joining
as per Figure 11. In this case, the common sampling distribution was represented by having the same
colour by row for all the features (represented by columns). Furthermore, as the selected temporal
reference system (tD) had a constant sampling interval, the figure results in constant colour (four data
points for each feature each hour).
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Figure 11. Result after the use of smart join. After the joining, all features have a common
sampling distribution.

In Figure 12 the original time series (y) and the one obtained from the joining methodology (ŷ) are
shown for making a visual comparison. Both time series (y and ŷ) had similar appearance until 16:00
where the feature became unstable. Due to the selected time sampling and the joins considered for
finding the optimum being the ones operated by SQL database engines, only a data point near the
needed sampling was selected.

Figure 12. Comparison between original time series and after the use of smart join for the feature with
id 14.

Figure 13 shows the alignment distortion for the feature with id 14. Negative values in this
misalignment imply that anticipated time data were used in the join, whereas positive values imply
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delayed time. The difference in the alignment could imply delays in prediction if anticipated data were
used in the join or did not really have updated information of the process in order to make an adequate
decision. In this particular case as the original time sampling initially writes nearly each 20 min and
the desired time sampling is every 15 min, delays or anticipations of nearly 8 min become common.
In the last part of the original time series, as data were available every minute or two, the delays or
anticipations are drastically reduced for the joined time series.

Figure 13. Alignment distortion for feature 14 between y and ŷ. Negative values in this misalignment
imply that anticipated time data has been used in the join, whereas positive values imply delayed time.
The difference in the alignment could imply delays in prediction if anticipated data was used in the
join or did not really have updated information of the process in order to make an adequate decision.

Figure 14 shows used and unused points from the original time series in the join time series.
Depending on the application the lost information could have a great impact. For time later that 16:00,
as the selected time sampling (tD) is slower than the dynamic of the original time series, a lot of data
points are unused in the joining process, losing the information provided by those data points showed
in blue in the figure. In some cases, different aggregation methods or rolling windows could be more
adequate to use the data that otherwise will be lost.

Figure 14. Data used and not used from y to generate ŷ.
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The difference between the original time series and the joined one can help optimize the time
sampling for a specific application. At the top of Figure 15 both the time series used for error calculation
in part of Di f f (y, ŷ) (ŷinterp and yinterp, i.e., generated by linear interpolation of time series y and ŷ
in order to have common data sampling distribution (tO

⋃
tD)) are shown, while the lower diagram

shows the absolute error value calculated at each point. For a comparison of how the frequency
selection can affect the desired time sampling, a similar diagram with a desired sampling frequency
modified from 15 min to one minute is shown in Figure 16. In both figures, as initially the original
time series has constant values, there is no difference between both interpolated time series. However,
as time passes by and the time series becomes unstable, the difference is remarkable. This error is
greater in Figure 15, as the desired time sampling frequency is slower than the real dynamic of the
feature and data is not linear.

Figure 15. Difference between original data and joined data with a desired time sampling frequency
15 min.

Figure 16. Difference between original data and joined data with desired time sampling frequency
1 min.

In Table 8 the effect in the error of different selections of desired sampling frequency are shown
for comparison.
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Table 8. Error values for the nearest joining method for different requested sampling frequencies.

Frequency NaEl(ŷ) MissEl(y, ŷ) DelEl(y, ŷ) DelT(y, ŷ) AntEl(y, ŷ) AntT(y, ŷ) Di f f (y, ŷ)

1 0.0 0.494 0.333 0.007 0.667 0.006 0.004
5 0.0 0.851 0.322 0.007 0.678 0.005 0.036

10 0.0 0.903 0.315 0.007 0.685 0.005 0.054
15 0.0 0.921 0.333 0.007 0.667 0.004 0.058

6. Conclusions and Future Work

Standard data analysis pipelines often include resampling, interpolation and aggregation steps
that are not optimized in the model learning procedure.

This paper introduced the definition of an optimization problem for data preprocessing, and in
particular for data joining processes that imply a need for data resampling. The defined problem
has been addressed by a method designed to efficiently solve it. The case studies introduced have
demonstrated the applicability of the proposed method to time series data, using standard SQL-like
data joining primitives as a basis to be optimized upon. The first case study, with simulated data and
controlled distortions, means to provide insight into the methodology and its applicability. In the
second experiment, the proposed methodology is applied in a real scenario, showing the impact of the
decisions taken in the preprocessing step on the learning of data-based models.

Furthermore, the paper proposed an error function for its use in the optimization problem of
joining time series. This error function allows comparisons across different features and time slices,
which is needed to select among different join methods or to monitor their quality on different time
series slices. As errors are comparable, selecting the optimal solution or knowing when there is a
need for retraining is possible. Moreover, using the input parameters (w and f ) of the proposed error
function allows adapting the function to an adequate solution for different applications.

The approach presented in this paper has several new paths to follow as future works: on the
one hand, the approach could be improved, adding automatic selection of the time window size,
or applying B-Spline mode approximations of the missing values; on the other hand, the benefits of
the proposed Smart Join method should be quantified on a diverse range of real world applications.
Energy consumption, storage and production, supply transportation and storage management are
candidates towards this end.
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Abstract: Feature selection has devoted a consistently great amount of effort to dimension reduction
for various machine learning tasks. Existing feature selection models focus on selecting the most
discriminative features for learning targets. However, this strategy is weak in handling two kinds
of features, that is, the irrelevant and redundant ones, which are collectively referred to as noisy
features. These features may hamper the construction of optimal low-dimensional subspaces and
compromise the learning performance of downstream tasks. In this study, we propose a novel
multi-label feature selection approach by embedding label correlations (dubbed ELC) to address
these issues. Particularly, we extract label correlations for reliable label space structures and employ
them to steer feature selection. In this way, label and feature spaces can be expected to be consistent
and noisy features can be effectively eliminated. An extensive experimental evaluation on public
benchmarks validated the superiority of ELC.

Keywords: feature selection; noise elimination; space consistency; label correlations

1. Introduction

For pattern recognition, feature selection is important for its effectiveness in reducing
dimensionality. Feature selection methods are divided into supervised, semi-supervised, and
unsupervised ones, according to whether the instances are labeled, partially labeled, or not [1–4].
For supervised cases, class labels are employed for measuring features’ discriminative abilities. Many
popular and efficient feature selection methods belong to this group [5–10]. Supervised methods
are further categorized into three well-known models: filter, wrapper, and embedded [11]. In recent
years, some hybrid methods have emerged that combine filter and wrapper processes for enhancing
performance and reducing computational cost [12,13].

In another categorization view, existing feature selection approaches can also be grouped to
single-label and multi-label ones, whose difference lies in the size of labels that each instance is
related with [14]. In single-label FS, instances and labels hold many-to-one connections and the target
separability is emphasized in this learning task. With the great potential and success of multi-label
learning in many machine learning fields, such as text categorization [15], content annotation [16],
and protein location prediction [17], multi-label feature selection has received considerable attention
in recent years. We approach the supervised multi-label feature selection in this study.
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In multi-label learning, label correlations are the key to combining the complicated relationships
among instances, which are typically annotated with multiple labels [18,19]. The mainstream
multi-label feature selection strategy is to extract label correlations (via statistical or information-based
measurements) and employ them to help find the most remarkable features. A critical issue
is, however, this strategy would be trapped by two kinds of features, that is, irrelevant and
redundant ones. Irrelevant features represent those lowly discriminative ones. Features of this
kind are loosely correlated with learning targets and even may provide misleading information.
Compared with irrelevant features, redundant features seem more deceptive. They may exhibit
excellent (or comparably superior) performances and mix with remarkable features. Nevertheless,
redundant features also lowly contribute to enhancing the discriminative ability of the constructed
low-dimensional subspace, because the learning information they provide is redundant with the
already distilled information. In general, we regard both irrelevant and redundant features as
noisy ones, which may confuse selection processes and compromise the learning performance of
downstream tasks.

In this paper, we present an effective multi-label feature selection model by embedding label
correlations to eliminate noisy features, named ELC. Our major strategy is to keep feature-label space
consistent and explore reliable label structures to drive feature selection. Concretely, we qualitatively
assess label correlations in the label space and embed them in feature selection. In this way, the label
structure information can be maximally preserved in the constructed low-dimensional subspace, and
eventually the consistency between feature and label spaces can be achieved. Furthermore, we devise
an efficient framework base on the sparse multi-task learning to optimize ELC, which can help ELC
find globally optimal solutions and efficiently converge.

The major contributions of this paper are as follows:

• We present a novel multi-label feature selection model to address the issue of noisy features.
This model qualitatively measures label correlations and employs feature-label space consistency
to steer feature selection.

• We devised a compact framework to optimize the proposed model. This framework resorts to the
multi-task learning strategy and promises globally optimal solutions and efficient convergence.

• Comprehensive experiments on openly available benchmarks were conducted to validate the
performance of the proposed model in feature selection and noise elimination.

The remaining parts of this paper are arranged as follows: related works are reviewed in Section 2;
the proposed model ELC and its optimization framework are respectively introduced in Section 3 and
Section 4; the experimental comparisons of ELC with several popular feature selection approaches are
presented in Section 5; finally, conclusions are drawn in Section 6.

2. Related Work

Feature selection approaches are commonly specified to a certain recognition scenario, i.e.,
single-label learning or multi-label learning, because of the different concerns of the two recognition
tasks. The issue of noisy feature elimination is firstly raised in single-label feature selection, focusing
on removing irrelevant features and picking out discriminative ones. For example, the popular
single-label feature selection family by preserving instance similarity [20] directly highly scores the
most discriminative features under various statistical metrics, such as the Laplacian score [7,21],
the Fisher score [6], the Hilbert–Schmidt independence criterion [22], and the trace ratio [23], just
to name a few. In addition to the above similarity preservation approaches, some traditional
distance or instance difference based ones can also be deemed as simply pursuing “target-specific
features,” such as ReliefF [10], SPEC [24,25], and SPFS [20]. This denotation arises from the fact that
target-specific features are picked based only on whether they are strongly correlated with the learning
targets. In other words, those features that have excellent discriminative abilities for targets will
prevail. The aforementioned approaches have generally achieved excellent performance in eliminating
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irrelevant features, while may experience difficulties in improving learning performance due to their
scarce attention on removing redundant features.

Recently, some remarkable neural networks-based and fuzzy logic-based feature selection works
have been presented, which have received extensive attention due to their excellent feature selection
performances [26–28]. For example, Verikas and Bacauskiene [26] proposed a feedforward neural
network-based approach to find the salient features and remove those yielding the least accurate
classifications. Arefnezhad et al. [27] highly scored the features most related to the drowsiness level
via an adaptive neuro-fuzzy inference system, which was devised by combining filter and wrapper
feature selection approaches. Cateni et al. [28] selected the mostly relevant features for better binary
classification by combining several filter approaches through a fuzzy inference system. Generally
speaking, the above studies serve as excellent examples of picking out target-specific features, while still
leaving aside the underlying negative effects of noisy features.

A salient but redundant feature provides little valuable learning information if selected. Although
this issue is ignored by a majority of feature selection approaches, it gains attention from some
information-based ones. Among them, the family based on mutual information is regarded as the
mainstream redundancy removing approach. The classical mutual information [9] and its variants
(e.g., conditional mutual information) [5,29] can effectively position the redundant features and
remove them via a greedy search. Nevertheless, an inevitable problem is that the performances of these
approaches heavily depend on their probability estimation accuracy. This problem is more complicated
in high-dimensional space.

In terms of multi-label feature selection approaches, they can be roughly categorized into two
families. The first family directly divides the multi-label learning into multiple subproblems and
utilizes single-label feature evaluation metrics to tackle them [4]. For instance, ReliefF is tailed for
multi-label learning by dividing its estimations of nearest misses and hits to eight subproblems [30].
In addition, some single-label feature evaluation strategies are also reformulated to the multi-label
ones by enforcing on each subgroup, such as class separability and linear discriminant analysis [31,32].
A major drawback of the above subproblem division strategy is that it ignores label correlations, which
encode the underlying label structures for recognition and play critical roles in multi-label learning.

On the other hand, the second family of multi-label feature selection can better fix this issue
since it incorporates label correlations into model construction. A common strategy of this family
is to evaluate instance-label pairs via specific label ranking metrics and select the features by
minimizing loss functions [33–36]. While real-world label relations could be beyond pairwise situations,
some high-order correlation approaches have been proposed to model complicated label structures.
A feasible solution is to build a common space shared among various labels [16,33,37], which typically
suffers from high costs and complex computation. It is noteworthy that in contrast to single-label
feature selection approaches, the multi-label ones rarely have the issue of noisy feature elimination.
A few approaches specific to ruling out irrelevant features are based on sparse regularization [38].
These approaches neglect the negative effects of redundant features and are not competent in
completely removing noisy features.

To comprehensively address the above issues, we will introduce a novel multi-label feature
selection model in Section 3, which can effectively filter both kinds of noisy features (including
irrelevant and redundant ones) and select the remarkable ones. The proposed model adopts a statistical
metric to measure target-related feature redundancy and dispense with any probability estimation.
Furthermore, this model extracts label correlations and keeps feature-label space consistency to guide
feature selection, which facilitates irrelevant feature exclusion and remarkable feature domination.
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3. The Methodology: ELC

3.1. Model Description

In this paper, we use {xi, yi}n
i=1 to denote the data set, where X = [x1; ...; xn] ∈ Rn×d represents

the instance matrix and instances are characterized by d features in the feature set F = {f1, ..., fd}.
Y = [y1, ..., yl ] ∈ {0, 1}n×l denotes the target label matrix, where yij = 1 represents a positive label and
yij = 0 corresponds to a negative one.

Then, we formulate the multi-label feature selection by embedding label correlation (ELC)
as follows:

min
W

1
2

∥∥∥ŶTŶ − S
∥∥∥2

F
, s.t. Ŷ =

1
n
(XW)TY, W ∈ {0, 1}d×l , ‖W‖2,0 = k, (1)

where S ∈ Rl×l represents the label correlation matrix calculated over the initial label matrix, and k
is the number of selected features. W ∈ Rd×l is the feature selection matrix, where wij indicates the
importance (also known as weight) of the i-th feature to the j-th label.

Equation (1) is actually the feature evaluation function of ELC, which is essentially a
Frobenius-norm quadratic model. The matrix S represents the label correlations extracted from
the label space, and its each element describes a relation between two target labels. These correlations
can be easily obtained by some quantitative measurements, including RBF kernel function, Pearson
correlation coefficient, etc. ŶTŶ represents the label correlations extracted from the reduced feature
space. ŶTŶ is differentiated from S on account of the disturbance of noisy features. As described in
Section 1, noisy features may distort the structure of the feature space and provide negative learning
information. Considering this, ELC evaluates features based on their abilities of preserving label
correlations in the feature space, that is, keeping feature-label space consistency. The features that can
minimize the discrepancy between ŶTŶ and S will be highly scored by ELC. In this way, ELC can be
expected to construct an optimal feature subspace with eliminating different kinds of noisy features.

Under the constraint of the �2,0-norm in Equation (1), only k row in W is nonzero. This corresponds
to the k selected features for l target labels, where 1 represents selected and 0 represents none. Note that
k is most likely to be unequal to l. That is, more than one feature may be selected responsible for
discriminating the same label, or only one feature is discriminative for more than one label. In the
former case, multiple features are unified to recognize one target, while one feature deals with multiple
recognition sub-tasks in the latter case.

3.2. Property Analysis

The feature subset F̂ =
{

f̂1, f̂2, . . . , f̂k

}
that is selected by ELC can be considered as maximally

maintaining feature-label space consistency. F̂ is expected to be constituted by the remarkable features
and exclude the noisy ones. In this subsection, we will further analyze the properties of ELC and
reveal its underlying characteristics.

Suppose that each feature in F has been standardized to have mean zero and unit length. Then,
the following things hold for Equation (1):

∥∥∥ŶTŶ − S
∥∥∥2

F
=

∥∥∥∥ 1
n2

(
YT(XW)(XW)TY

)
− S

∥∥∥∥2

F
.

This is the objective of ELC. For more clearly illustrating its properties, let Ŝ = n2S and
H = YT(XW)(XW)TY. Then,∥∥∥ŶTŶ − S

∥∥∥2

F
=

1
n2

(
tr(HTH) + tr(ŜTŜ)− 2tr(ŜTH)

)
.

Three terms are involved in this equation. Clearly, tr(ŜTŜ) represents the label correlation
information extracted from the label space and is constant in the selection process. Thus, it is easy to

216



Appl. Sci. 2020, 10, 5

conclude that min
W

∥∥ŶTŶ − S
∥∥2

F is equivalent to min
W

tr(HTH) and max
W

tr(ŜTH). Then, two properties

of ELC are given as follows:

Property 1. Label correlation information can be maximally embedded in feature selection by ELC.

Proof. tr(ŜTH) = tr
(
(XW)TYŜYT(XW)

)
= ∑k

i=1 f̂T
i (YŜYT)f̂i = ∑k

i=1 f̂T
i

(
l

∑
c1=1

l
∑

c2=1
yc1sc1,c2yT

c2

)
f̂i,

where sc1,c2 is the correlation degree of the labels yc1 and yc2, and XW indicates the selected features.

Then, the following things holds: min
W

∥∥ŶTŶ − S
∥∥2

F ∝ max
W

∑k
i=1 f̂T

i

(
∑l

c1=1 ∑l
c2=1 yc1sc1,c2yT

c2

)
f̂i.

∑l
c1=1 ∑l

c2=1 yc1sc1,c2yT
c2 can be regarded as the correlation information of pairwise labels. Therefore,

ELC can maximally embed label correlations in its feature selection process.

Label correlation information is important for multi-label learning. For example, the images about
seas may share some common labels for recognition, such as ship, fish, and seagull, and their close
correlations may help us distinguish the image category and find their shared features. The existing
multi-label learning methods are categorized on the basis of the label correlation orders they
consider [39]. Their correlation modeling capabilities directly affect their discriminative performance.
As demonstrated in Property 1, ELC can measure the pairwise label correlations. Furthermore, it can
also preserve this correlation information in its constructed feature subspace, which is crucial for ELC
to eliminate noisy features. In other words, the features that can maximally preserve label correlation
information are preferred by ELC. This strategy facilitates ELC building a low-dimensional feature
space that is consistent with the label space and also suitable for multi-label learning.

In addition to the above property with respect to maximally embedding label correlations, another
important property of ELC is illustrated as follows:

Property 2. Feature redundancy can be minimized by ELC.

Proof. tr(HTH) = ∑k
i,j=1

(
(f̂T

i Y)(f̂T
j Y)T

)2
= ∑k

i,j=1 ∑l
c=1

(
〈f̂i, yc〉〈f̂j, yc〉

)2

= ∑k
i,j=1 ∑l

c=1 n4σ4
yc ρ2

f̂i ,yc
ρ2

f̂j ,yc
,

where σyc is the standard deviation of the label yc, and ρf̂i ,yc
and ρf̂j ,yc

are the Pearson correlation

coefficients of yc with the features f̂i and f̂j, respectively. Then, we have min
W

∥∥ŶTŶ − S
∥∥2

F ∝

min
W

∑k
i,j=1 ∑l

c=1 n4σ4
yc ρ2

f̂i ,yc
ρ2

f̂j ,yc
.

Clearly, n and σyc are constant in the feature selection process. ∑l
c=1 ρf̂i ,yc

ρf̂j ,yc
can be regarded as

the shared label dependency of the features f̂i and f̂j, that is, the feature redundancy for recognizing
the target yc. Therefore, ELC can minimize feature redundancy in its feature selection process.

Note that the term ∑l
c=1 ρf̂i ,yc

ρf̂j ,yc
in Property 2 is obtained by introducing the label correlation

information. This is a completely novel estimation for the label-specific feature redundancy. The most
majority of existing feature selection approaches (including the single-label and multi-label ones)
adopt a univariate measurement criterion and merely the top-k features have opportunities to
prevail. This strategy largely increases the redundant recognition information shared between features.
For example, if we select the genes that are all discriminative for the diabetes type 1, we probably cannot
give an accurate diagnosis since these features may be less aware of other types of diabetes. This is why
we have to reduce recognition redundancy and enrich recognition information. Some approaches are
able to reduce feature redundancy, while their focus is not the label-specific redundancy. For example,
∑k

i,j=1 ρf̂i ,f̂j
is actually reduced in SPFS [20]. This term includes an additional information irrelevant to

recognition, and correspondingly, it is inappropriate. In contrast, ELC removes label-specific feature
redundancy and is more suitable for multi-label learning with eliminating noisy features.
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As discussed above, ELC processes two properties, i.e., maximally preserving label correlation
information and minimizing label-specific feature redundancy. These characteristics account for the
superior ability of ELC in eliminating noisy features and picking out remarkable ones.

4. Multi-Task Optimization for ELC

Equation (1) describes an integer programming problem, which is NP-hard and complicated
to solve. Moreover, the �2,0-norm constraint in Equation (1) is non-smooth, which leads to a slow
convergence rate. In this section, we devise an efficient framework to address this problem by using
the sparse multi-task learning technology in the proximal alternating direction method (PADM)
framework [40].

Suppose the spectral decomposition of the correlation matrix S can be denoted as

S = ΦΣΦT = Φdiag(σ1, . . . , σl)Φ
T , σ1 ≥ . . . ≥ σl ,

where Φ and Σ are respectively the eigenvector and eigenvalue matrices of S. Then, Equation (1) can
be reformulated as

min
W,p

1
2

∥∥∥YTXdiag(p)W − Γ∗
∥∥∥2

F
, s.t. W ∈ Rd×l , ‖W‖2,1 ≤ t, p ∈ {0, 1}d, pT1 = k, (2)

where Γ∗ = nΦΣ1/2, t is a hyperparameter to constrain ‖W‖2,1 to a convex solution, p is a feature
indicator vector that reflects whether the corresponding features are selected or not (1 for selected and
0 for otherwise), and 1 is the vector with all ones.

On the basis of Equation (2), ELC is actually reformulated as a multivariate regression problem,
which enables the multi-task learning technology [41]. This technology aims to learn a common set of
features to tackle multiple relevant tasks and excels at various sparse learning formulations, including
the optimization problem in Equation (1). Based on the multi-task learning technology, we then obtain
the equivalent form of ELC as follows:

min
W,p

1
2

∥∥Âdiag(p)W − Γ∗∥∥2
F + λ ‖W‖2,1 , s.t. p ∈ {0, 1}d, pT1 = k, (3)

where Â = YTX, and λ > 0 is the regularization parameter. Clearly, we can apply the augmented
Lagrangian method to solve this problem. Then, Equation (3) is further reformulated as

min
U,W,p

1
2

∥∥Âdiag(p)W − Γ∗∥∥2
F + λ ‖U‖2,1 , s.t. U = W, p ∈ {0, 1}d, pT1 = k. (4)

The Lagrangian function can be defined as

L(U, W, p, V) =
1
2

∥∥Âdiag(p)W − Γ∗∥∥2
F +

β

2
‖W − U‖2 + λ ‖U‖2,1 − tr

(
VT(W − U)

)
, (5)

where V =
(
vT

1 , . . . , vT
d
)T ∈ Rd×l is the Lagrangian multiplier, and β > 0 is the penalty parameter.

Equation (5) involves four variables, that is, the auxiliary variable U, the feature weight matrix W,
the feature indicator vector p, and the Lagrangian multiplier V. Clearly, simultaneously optimizing
four variables is impractical. Accordingly, V is temporarily fixed for simplification in the following
analysis. Then, minimizing L(U, W, p, V) is equivalent to the following two subproblems; i.e.,

• min
U

L1(U) = min
U

β
2 ‖W − U‖2 + λ ‖U‖2,1 + tr(VTU);

• min
W,p

L2(W, p) = min
W,p

1
β

∥∥Âdiag(p)W − Γ∗∥∥2
F + ‖W − U‖2 − 2

β tr(VTW).
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As to L1(U), the following holds:

L1(U) = ∑d
i=1

(
β

2

∥∥∥wi − ui
∥∥∥2

+ λ
∥∥∥ui

∥∥∥+ tr(vT
i ui)

)
, (6)

where wi and ui are the i-th row vectors of W and U, respectively. Then, we reformulate min
U

L1(U) to

its close form [41] as

min
ui

∑d
i=1

(
β

2

∥∥∥∥wi − ui +
1
β

vi

∥∥∥∥2
+ λ

∥∥∥ui
∥∥∥) . (7)

Conducting gradient descent on Equation (7) yields the following optimal solution as

ui = max
{∥∥∥∥wi +

1
β

vi

∥∥∥∥− λ

β
, 0
} wi + 1

β vi∥∥∥wi + 1
β vi

∥∥∥ . (8)

Then, the optimal U in iteration [t + 1] can be denoted as

U[t+1] = max
{∥∥∥∥W[t] +

1
β

V[t]
∥∥∥∥− λ

β
, 0
} W[t] + 1

β V[t]∥∥∥W[t] + 1
β V[t]

∥∥∥ . (9)

In terms of min
W,p

L2(W, p), we let P = {p|p ∈ {0, 1}d, pT1 = k}. The dual problem of

min
W,p

L2(W, p) is

min
p∈P

max
W

L2(W, p). (10)

Since simultaneously solving the both variables p and W is still tough, we first fix p to optimize W.
Then, the solution of W can be obtained as(

diag(p)ÂTÂdiag(p)− βI
)

W = diag(p)ÂTΓ∗ + βU + V, (11)

where I is the identity matrix. The structure of ÂTÂ is commonly not circulant, and therefore the
computation of Equation (11) is involved [42]. Considering this, an approximate term is added to
L2(W, p) as follows:

L̃2(W, p) =
1

βτ

∥∥∥W − W[t] + τΩ[t]
∥∥∥− 2

β
tr(VTW) + ‖W − U‖2 ,

Ω[t] = diag(p[t])ÂT
(

Âdiag(p[t])W[t] − Γ∗
)

,
(12)

where τ > 0, and W[t] is the optimal value of W in iteration [t]. Then, the solution of W[t+1] is

W[t+1] =

(
τ

βτ + 1

)(
βU[t+1] + V[t] +

1
τ
(W[t] − τΩ[t])

)
. (13)

The detailed inference can be found in the Appendix A.
Similarly, we can easily obtain the optimal p by fixing W. Equation (10) is then equivalent to the

following minimization problem in this case as follows:

min
p∈P

∥∥Âdiag(p)W − Γ∗∥∥2
F = min

p∈P

∥∥∥YT ∑d
i=1 pifiw

i − Γ∗
∥∥∥2

F
. (14)

Apparently, the top-k features that minimize
∥∥YTfiw

i − Γ∗∥∥2
F can be regarded as the remarkable

ones. Their corresponding values in p are assigned as 1.
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Note that the Lagrangian multiplier V is fixed through the above analysis, mainly for simplifying
the solution process. We further tackle this problem in the popular PADM framework as illustrated in
Algorithm 1. In this framework, V can be updated as

V[t+1] = V[t] − β
(

W[t+1] − U[t+1]
)

. (15)

Algorithm 1 ELC.

input: F = {f1, . . . , fd} , Y, S, k, β, τ, λ

output: p[t]

1: begin

2: t = 0, W[0] = 0d×l , U[0] = 0d×l , V[0] = 1
d 1d×l ;

3: find top-k features f̂
[0]
1 , . . . , f̂

[0]
k that minimize Equation (1), and set p[0]i =

⎧⎪⎨⎪⎩ 1, fi ∈
{

f̂
[0]
1 , . . . , f̂

[0]
k

}
0, otherwise

;

4: while “not converged” do

5: optimize U[t+1] according to Equation (9);

6: optimize W[t+1] according to Equation (13);

7: find top-k features f̂
[t+1]
1 , . . . , f̂

[t+1]
k which minimize Equation (14), and set p[t+1]

i =⎧⎪⎨⎪⎩ 1, fi ∈
{

f̂
[t+1]
1 , . . . , f̂

[t+1]
k

}
0, otherwise

;

8: update V[t+1] according to Equation (15);

9: t = t + 1;

10: end while;

11: return p[t];

12: end;

ELC in Algorithm 1 is implemented in the regression framework PADM, which is a fast alternating
approach for the well-known alternating direction method (ADM) framework. PADM is effective and
efficient in solving the minimization problem of the augmented Lagrangian function, and is able to
converge to a certain solution {W∗, U∗} from any starting point

{
W[0], U[0]

}
for any β > 0 [40].

In terms of the complexity of ELC, it only takes O(k log d) time to find k remarkable features from
the d candidates. Thus, the time consumption for line 3 is O(ndl2 + k log d). The cost of the while
loop in Algorithm 1 mainly lies in lines 6 and 7, which is O(d2l2 + ndl2 + k log d). As this iteration
process is repeated for t times, its total cost is O(t(d2l2 + ndl2 + k log d)). Suppose t � 1. Then, the
total complexity of ELC is approximately equal to O(t(d2l2 + ndl2 + k log d)), where d, n, l, k, t are the
numbers of features, instances, labels, selected features, and iterations for convergence, respectively.

5. Experimental Evaluation

Fourteen groups of multi-label data sets fetched from the Mulan library (http://mulan.
sourceforge.net/datasets-mlc.html) are taken as the benchmarks in this section, which are shown in
Table 1. We compare ELC (the source code is available at https://github.com/wangjuncs/ELC) with
the following state-of-the-art multi-label feature selection methods:

• MIFS (multi-label informed feature selection) [33]: a label correlation-based multi-label feature
selection approach, which maps label information into a low-dimensional subspace and captures
the correlations among multiple labels;
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• CMFS (correlated and multi-label feature selection) [35]: a feature selection approach based on
non-negative matrix factorization, which exploits the label correlation information in features,
labels, and instances to select the relevant features and remove the noisy ones;

• LLSF (learning label-specific features) [36]: a unified multi-label learning framework for
both feature selection and classification, which models high-order label correlations to select
label-specific features.

Table 1. Benchmarks for multi-label feature selection.

Data Set �Features �Instances �Labels Domain

emotions 72 539 6 music
yeast 103 2417 14 biology
birds 260 645 19 audio
enron 1001 1702 53 text

genbase 1186 662 27 biology
business 21,924 11,214 30 text

arts 23146 7484 26 text
education 27,534 12,030 33 text
reaction 30,324 12,828 22 text
health 30,605 9205 32 text

computers 34,096 12,444 33 text
science 37,187 6428 40 text

reference 39,679 8027 33 text
society 49,060 14,512 22 text

More detailed experimental configurations can be found in the Appendix B.

5.1. Example 1: Classification Performance

The average classification performance of each feature selection approach is recorded in Table 2
and the pairwise t-tests at 5% significance level were conducted to validate the statistical significance.
In addition to the traditional precision and AUC metrics, hamming loss penalizes incorrect the
recognitions of instances to each target label, ranking loss penalizes the misordered labels in pairs, and
one-error penalizes the instances whose top-ranked predicted labels are not in the ground-truth label
set. Five metrics evaluated the multi-label classification performance from different aspects.

A single metric is insufficient to illustrate the general classification performance on a dataset.
For example, the overall performance of ML-KNN classifier [43] on birds is worse than that on enron
under the precision metric, while it shows a better performance on birds than on enron under the AUC
metric. Therefore, we extensively used five metrics to compare the performances of the compared
approaches. As shown in Table 2, ELC outperforms MIFS, CMFS, and LLSF under various metrics.
This superiority is attributed to two reasons. That is, ELC can effectively eliminate noisy features from
the candidate feature subsets and maximally embed label correlation information into its selection
process. The first term rules out the selection disturbance in the feature space, and the second term
promises the proper guiding information extracted from the label space. By seamlessly fusing these
two terms, ELC is able to find discriminative features for the downstream learning tasks. This point
will be further validated in Sections 5.2 and 5.3.
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5.2. Example 2: Eliminating Noisy Features

In this section, we evaluate the performances of the compared approaches in eliminating noisy
features. We take emotions, birds, and enron as the benchmarks, and measure the residual feature
redundancy in the selected feature subset F̂ as follows:

R(F̂) =
1

k′(k′ − 1)l ∑
f̂i ,f̂j∈F̂

l

∑
c=1

ρ2
f̂i ,yc

ρ2
f̂j ,yc

, (16)

where ρf̂i ,yc
and ρf̂j ,yc

are the Pearson correlation coefficients of the features f̂i and f̂j with the target

label yl , and k′ and l are the numbers of the selected features and labels, respectively. When R(F̂)
reaches its maximum value, the maximal redundant information exists in F̂, which interprets as the
inferior ability of the selection approach in removing noisy features.

The feature redundancy of k′ selected features for each approach is demonstrated in Figure 1,
where k′ ∈ {d/10, 2d/10, . . . , 9d/10} and d is the total number of original features. It illustrates
that ELC is superior in reducing feature redundancy. In other words, ELC can effectively remove
redundant features in its multi-label feature selection process. This is one of the crucial factors leading
to the excellent discriminative ability of ELC. It should be pointed out that in contrast to the case of
single-label feature selection, eliminating noisy features has not received sufficient attention from
existing multi-label feature selection approaches. While the issue of noisy features is an obstacle of
yielding high selection performance not only for the single-label learning but also for the multi-label
cases, we devised ELC to comprehensively tackle this problem. Moreover, the reduced feature
redundancy in the majority of redundancy elimination-based approaches is not directly relevant to the
target labels. In contrast, ELC quantitatively reduces target-relevant redundancy without any prior
probability knowledge, which is conducive to its superiority in multi-label feature selection.
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Figure 1. Classification redundancy: (a–c) are the classification redundancies produced by the feature
selection approaches on the emotions, birds, and enron datasets, and the lower of the redundancy is
the better.

5.3. Example 3: Embedding Label Correlations

Label correlation information is important for multi-label learning. In the following experiments,
we estimate the preserved label correlation information of the selected feature subset F̂ as follows:

C(F̂) =
1

k′(k′ − 1)

∥∥∥∥ 1
n2 YTXF̂XT

F̂
Y − S

∥∥∥∥2

F
, (17)

where XF̂ denotes the instances characterized by F̂ and S is the label correlation matrix of the original
data. Intuitively, Equation (17) measures the residue scale of label correlation information in the original
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and reduced feature spaces. A lower value indicates more information preserved. In other words,
more label correlation information can be embedded in the feature selection process in this situation.

Similarly to the configuration in Section 5.2, we take emotions, birds, and enron as the benchmarks
and record C(F̂) of the k′ features selected by each approach, where k′ ∈ {d/10, 2d/10, . . . , 9d/10}.
As shown in Figure 2, ELC is better at preserving the class correlation information than the
other multi-label feature selection approaches. Actually, the majority of the existing multi-label
feature selection approaches take the label correlation information into consideration to some extent.
In contrast to these approaches, ELC quantitatively measures this correlation information and
maximally embeds it into the feature selection process. This characteristic, which has already been
proved in Property 2, can be further revealed by the experimental results in this section.
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Figure 2. Residual label correlation information: (a–c) are the residual scales of the label correlation
information that are not embedded by the feature selection approaches on the emotions, birds,
and enron datasets, and the lower of the residual scale is the better.

5.4. Example 4: Time Consumption

In this section, we compare the approaches in terms of their feature selection efficiency. The time
consumption here merely records the feature selection time, excluding the classification cost. All of
the tests were implemented in Matlab on an Intel Core i7-4790 CPU (@3.6GHz) with 32GB memory
(Intel Corp., Santa Clara, CA, USA). We respectively selected k′ (k′ ∈ {100, 300, 500, 700, 900}) features
on the enron dataset and recorded the time consumption of each compared approach. As illustrated in
Figure 3, ELC and CMFS are comparably efficient to converge, while MIFS is most time-consuming,
which may be mainly attributed to its involved label clustering process.
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Figure 3. Time consumption of each multi-label feature selection approach on the enron dataset.
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6. Conclusions

A novel multi-label feature selection method called ELC is proposed in this paper. ELC embeds
label correlation information in reduced feature subspace to eliminate noisy features. In this way,
irrelevant and redundant features can be expected to be removed and a discriminative feature subset
is constructed for the downstream learning tasks. These advantages help ELC yield good feature
selection performance on a wide broad of multi-label data sets under various evaluation metrics.

In terms of optimizing ELC, we can feed it to some gradient descent frameworks to efficiently
yield its optimal values, such as Adam with a self-adaptive learning rate [44]. Another interesting and
possible exploration would be the consideration of noisy labels, which would induce negative effects
on estimating label correlations. According to our pilot study, noisy labels may distort the label space
and provide inaccurate guide information for feature selection. How to eliminate noisy labels may
inspire our future work.
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Appendix A

After adding an approximate term to L2(W, p) and reformulating it to L̃2(W, p), we take the
derivative of L̃2(W, p) with respect to W as follows:

∂L̃2

∂W
= β(W − U)− V +

1
τ
(W − W[t] + τΩ[t]), Ω[t] = diag(p[t])ÂT

(
Âdiag(p[t])W[t] − Γ∗

)
.

To induce the optimal solution of W, we make ∂L̃2
∂W equal to 0 and obtain:

(β +
1
τ
)W = βU + V +

1
τ
(W[t] − τΩ[t]).

Then, the optimal solution of W in the iteration [t + 1] can be represented as

W[t+1] =

(
τ

βτ + 1

)(
βU[t+1] + V[t] +

1
τ
(W[t] − τΩ[t])

)
.

Appendix B. Experimental Configuration

The correlation (or similarity) matrices involved in experiments are all calculated based
on the RBF kernel function. Specifically, the label correlation matrix S in ELP is defined as

Sij =

⎧⎨⎩ exp
(
−‖yi−yj‖2

2δ′2

)
, 〈yi, yj〉 �= 0

0, otherwise
, where δ′2 = mean(

∥∥yi − yj
∥∥2
), i, j = 1, . . . , l. The instance

similarity matrix in SPFS and CMFS is calculated as Kij =

⎧⎨⎩ exp
(
−‖xi−xj‖2

2δ2

)
, yi = yj

0, otherwise
,

where δ2 = mean(
∥∥xi − xj

∥∥2
). The affinity graph in MIFS is constructed as Kij =
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⎧⎨⎩ exp
(
−‖xi−xj‖2

2δ2

)
, xi ∈ Np(xj) or xj ∈ Np(xi)

0; otherwise
, where Np(xi) is the p-nearest neighbor of

instance xi.
SPFS is implemented via the sequential forward selection (SFS) strategy. For a fair comparison,

we tune the regularization parameter for all approaches via a grid search from {10−3, 10−2, 10−1, 1, 10}.
For ELC, the parameter β is fixed to β = 108, and τ is set to the spectral radius of ÂTÂ in the initial
state and updated as τ[t] = 1

max(‖ψi‖) in the t-th iteration, where ψi is the i-th row vector of Ψ and

Ψ = ÂTÂV[t]. The convergence state is reached when any of the following two conditions is satisfied:
(1) tmax = 103; and (2)

∥∥∥W[t+1] − W[t]
∥∥∥ ≤ 10−4.

Multi-label k-nearest neighbor (ML-kNN) classifier [43] is built on the k′ features selected by each
compared approach, when k′ ∈ {d/10, 2d/10, . . . , 9d/10} and d is the total number of features. All of
the numerical features are normalized to zero mean and unit variance, and we employ the excellent
features selected by the compared approaches to construct the ML-kNN classifiers and compare their
classification performances. The 5-fold cross-validation is conducted, and we report the average
performance of the ML-kNN classification under five metrics, i.e., precision, AUC, Hamming loss,
ranking loss, and one error [39].
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Abstract: This work deals with the task of distinguishing between different Mediterranean demersal
species of fish that share a remarkably similar form and that are also used for the evaluation of
marine resources. The experts who are currently able to classify these types of species do so by
considering only a segment of the contour of the fish, specifically its head, instead of using the entire
silhouette of the animal. Based on this knowledge, a set of features to classify contour segments
is presented to address both a binary and a multi-class classification problem. In addition to the
difficulty present in successfully discriminating between very similar forms, we have the limitation
of having small, unreliably labeled image data sets. The results obtained were comparable to those
obtained by trained experts.

Keywords: open contours; similarly shaped fish species; Discrete Cosine Transform (DCT); Discrete
Fourier Transform (DFT); Extreme Learning Machines (ELM); feature engineering; small data-sets

1. Introduction

Being able to determine the differences in shape between closely related fish species not only has
an impact on fisheries and their management but also is essential for a variety of studies on marine
ecology, genetics, phylogeny, biological invasion, and anthropogenic impact on the environment,
among others [1]. All of these studies require the correct identification of a wide range of species,
and the automatic classification of such species from images is still an open problem. The correct
identification of many specimens of these sympatric species requires an experienced observer and is a
highly time-consuming task; otherwise, many misclassification errors occur.

This paper focuses on two cases in which this problem appears. The first case deals with the
separation between Red Mullets, (Mullus barbatus and Mullus surmuletus), and it will be treated
as a binary classification problem. The second case is a multiclassification problem in which
different species of Gurnard Chelidonichthys cuculus, Chelidonichthys lucerna, Chelidonichthys obscurus,
Eutrigla gurnardus, Lepidotrigla cavillone, Lepidotrigla dieuzeidei, Peristedion cataphractum, Trigla lyra, and
Trigloporus lastoviza are involved. Red Mullets and Gurnards are commonly caught and sold in fish
markets as a mixture of species (Figure 1).

The observation is that experts who can correctly classify individuals of these species of fish
by using shape characteristics—instead of considering the entire silhouette, represented as a closed
contour- identify them by focusing on a specific contour fragment. They disregard the remaining
part of the contour as they realise that it is irrelevant for classification purposes. This is because the
discarded contour part provides information on variations within individuals of the same species
with respect to age, size, sex or body condition, but does not provide information on the intrinsic
characteristics involved in the distinction between species. The challenge for automated identification
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is to take these species-specific open contour fragments pointed out by the specialists to develop
features that correctly identify the species automatically. In both cases considered in this work, experts
mark the segment of interest of the profile as being the part that goes from the nose to the beginning of
the dorsal fin of the fish.

The first case addressed deals with the binary classification of the Mullus network. Red Mullets
(M. barbatus and M. surmuletus) are a major target as demersal fish species for the Mediterranean
fish industry [2,3]. There are many comparative studies of these two species focusing on a range
of topics, such as pollution bio-indicators, and fisheries or studies on age composition, growth, life
history, feeding, genetics, ecology, and distribution [4–9]. As mentioned above, the evaluation of living
resources requires the correct identification of species.

Searches for morphological features to help with the task of identifying these sympatric
species have focused on characteristics, such as head and body measurements [10,11], barbells [12],
dentition [13] or otoliths [14]. Amongst all of these biometric features, the angle of the head has
been found to be one of the best diagnostic characteristics to distinguish between the two species,
as the angle that the M. barbatus’head contour forms is more marked than that of M. surmuletus [10,15].
Even in fishery studies, however, the individual variability within Red Mullets causes identification
problems and the only reliable distinction is the color pattern of their bent dorsal fin. However, it is
not easy to obtain images of this feature from boat moorings in fishing harbours as the fish’s dorsal fin
is folded. Furthermore, in most cases, the information on the fish caught that is given upon the arrival
of the boat does not discriminate between both species of Red Mullets.

Thus, it is not possible to determine the statistics of individualized species of fish caught from
the fishing industry, which adds error in the mathematical models of each species. In consequence,
the correct identification of many specimens of these sympatric species requires an experienced
observer and, as mentioned before, is a highly time-consuming task. A more complex case occurs
in Mediterranean Gurnard fish (in the family of triglids and peristids), consisting of nine sympatric
species (C. cuculus, C. lucerna, C. obscurus, E. gurnardus, L. cavillone, L. dieuzeidei, P. cataphractum, T. lyra,
and T. lastoviza), which are fished through trawl fishing on continental shelves and upper slopes, and
are usually considered as only one species or an unidentified mix of species in commercial capture
statistics (Fisheries Database of the Catalan Government). Morphological differences between species
are based on trends of the lateral line, scale distribution, head shape and preorbital bones [15], and a
high degree of expertise is required to classify triglid species.

To solve both classification problems, we used a traditional machine learning (ML) workflow to
create the models, which are the trained programs that predict the outputs based on a set of given
inputs, also called features. That implies the design of such features as a first step, followed by the
task of training the model. Conventional ML techniques include support vector machines (SVM),
ensembled methods, decision trees, and also the extreme learning machines (ELM) used in this work,
among others. In this context, ELM performs very similarly to SVM, with the added advantage of
having a much quicker training process in comparison. In contrast to ML, an approach based on deep
learning (DL) techniques exists in which the algorithms automatically learn which of the features are
useful. The term deep refers to the multiple layers the networks have between inputs and outputs.
In order to train models with DL techniques, a large amount of tagged data is required, which is
complicated in our case as we work with a small dataset.

Several parameterization strategies have been previously explored for closed contours, and
therefore an abundance of literature is available. An important part of the transformed methods
dealing with closed contours is based on the Fourier transform. Among those methods, elliptic Fourier
descriptors (EDF) is one of the most popular ones. This method was introduced by Reference [16],
and some variations have been introduced since. As applications that require shape quantification are
present in a wide range of different fields, an extensive amount of these can be found [17–20].

Fourier methods applied to periodic sequences (which can be associated with closed contours)
exhibit good information-packing properties in the sense that they concentrate most of the signal
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energy in a few coefficients. Those few coefficients are employed as features for classifying purposes.
The problem under discussion cannot be solved if the specimens are treated by considering their entire
silhouette independently of the contour description technique employed, as is the case of multiple
spatial scales methods curvature scale space (CSS) [21–23], or from the discrete wavelet transform
(DWT) [24].

Therefore, knowing how the specialists solve the problem, the approach that will be used will
imitate the one used by these experts and thus only consider the contour fragments of interest.
Unfortunately, in the context of shape analysis, there is less work done on open contours and discrete
transforms. Something that is well known, however, is that Fourier-based methods do not work well
when the sequences are not periodic [25].

Different approaches can be used to deal with segment contours (open contours).
In Reference [26], a wavelet analysis with cubic B-spline bases was used in order to reduce disturbances
and confine them around the discontinuities, and in Reference [27], the windowed short time Fourier
transform (STFT) was employed. The main problem with most transformed methods, especially those
using Fourier, is the characterisation of the ends of the segments, which, in the case of open contours,
are seen as discontinuities. In Reference [28], a large number of open contour segment descriptors were
compiled and compared with each other, but none were found to be related to discrete transforms.
Certain discrete cosine transform (DCT) formulations work better when it comes to the ends of the
segments, and therefore seem to be the most appropriate discrete transformation to use when dealing
with open contours.

As far as we know, the DCT used in the morphometric analysis was first employed in
Reference [29] for the analysis of ammonite ribs (shell features of an extinct order of cephalopods).
In Reference [30], the DCT was also used for symmetric closed contours that were simultaneously
represented with closed and open contours (by taking half of the closed contour) and analyzed by
EFD and DCT, respectively. Recently, in Reference [31], DCT was employed to quantify open contours
of organic shapes and thus evaluate the morphological disparity of male genital evolution in sibling
species of Drosophila. The point (which will be developed later) is that some formulations of the
discrete cosine transform (DCT) can deal with segment extremes better and can also simultaneously
compact the energy of the signal in very few coefficients.

In this paper, an ML method is proposed to automatically classify very similar species with an
accuracy comparable to that achieved by experts when they use images to identify the correct species.
The method is used both in a binary and in a multi-class classification problem. The images contain
two landmarks, one in the snout and one at the beginning of the dorsal fin, to limit the segment used
by the experts. An added issue to the classification, which is very difficult if we do not have the
information that the specialist uses to discriminate, is that we have very few correctly tagged images.
We find this problem even more pronounced in the multi-class classification problem.

The addressed task is established under the framework of supervised classification with databases,
as mentioned, of reduced dimensions, which implies that there are few available cases to train the
classifiers. The proposed method takes advantage of the knowledge of specialists in the field. As the
main contributions, we highlight the development of features to represent open contours in a compact
way, and by taking advantage of the appropriate contour normalization, we show that it is possible
to eliminate the Gibbs effect that appears with the discrete Fourier transform (DFT). The proposed
segment standardization makes it possible—both for the DCT and the FFT—to describe open contours
with a single sequence instead of two (one for each coordinate) while, in addition, allowing us to
compare the segments independently of rotations and scale variations. It is also robust to the small
imprecisions or the noise that can be introduced when finding the contour.

The work continues as follows. In Section 2, Materials and Methods, the following points
are presented: the databases and the discrete transforms as well as the corresponding implicit
sequence extension and its relation in the representation of open contours, the contour extraction
procedure and normalization and the development of the features used. Additionally in that section,
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the training, classification, and cross-validation methods are explained. Section 3 is devoted to the
Results. In Section 3.2, we show how with a convolutional neural network (CNN) trained to detect the
region of interest determined by the points of the expert, the region of interest can also be determined
automatically, thus demonstrating that the points are not required. Finally, Section 4 is devoted to
our Conclusions.

Figure 1. A presentation of the traditional mixture that is made by fishermen in the Catalan coast:
(a) red mullets, and (b) gurnards.

2. Materials and Methods

2.1. Discrete Transforms and Signal Reconstructions from a Reduced Set of Coefficients

In the following two subsections, we show the direct and reverse expressions of the DCT and
DFT transforms, and their particularities when reconstructing in an approximated way the original
sequence using a limited number L of coefficients. The small set of those coefficients, used properly,
will be employed to develop the features for the classifier. Intuitively, the set of L Xk coefficients will
be a good set of contour descriptors as long as L � N and the samples of x̃n are very close to the
original xn.

2.1.1. Discrete Cosine Transform (Type-II)

The DCT-II forward and backward expressions that relate the points xn ∈ R with the transformed
coefficients Xk ∈ R take the form:

Xk =
N−1

∑
n=0

ckxn cos
(

π

N

(
n +

1
2

)
k
)

; k = 0, · · · , N − 1 (1)

xn =
N−1

∑
k=0

ckXk cos
(

π

N

(
n +

1
2

)
k
)

; n = 0, · · · , N − 1, (2)

where ck =
√

1
N if k = 0 and ck =

√
2
N if k �= 0. The approximate reconstruction of xn with the first L

coefficients Xk, L < N is:

x̃n =
L−1

∑
k=0

ckXk cos
(

π

N

(
n +

1
2

)
k
)

; n = 0, · · · , N − 1, (3)

where x̃n are N reconstructed samples.

2.1.2. Discrete Fourier Transform

The discrete Fourier transform (DFT) forward and backward expressions that relate the points
xn ∈ R with the transformed coefficients Xk ∈ C take the form:
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Xk =
N−1

∑
k=0

xne−j 2π
N kn, k = 0, 1, · · · , N − 1, (4)

xn =
1
N

N−1

∑
k=0

Xkej 2π
N kn, n = 0, 1, · · · , N − 1. (5)

In the DFT case, Xk ∈ C. Considering the well-known DFT property XN−k = X∗
k (symbol ∗

stands for complex conjugated) which holds for xn ∈ R, the module and phase notation of Xk as
Xk = |Xk| ejφk , and the Euler formula, the approximation of xn, x̃n, obtained from the first L (L < N)

coefficients Xk, can be written as:
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X0

N
+

1
N
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Xkej 2π

N kn + X∗
k e−j 2π

N kn
)
=
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N
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∑
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|Xk| cos
(

2π

N
kn + φk

)
;

n = 0, · · · , N − 1,

(6)

showing that x̃n ∈ R.

2.1.3. A Note on the Implicit Extension of the Sequences Depending on the Discrete Transform Used
and the Case of Open Contours

For a discrete transform, the way in which the sequence remains implicitly defined outside the
main range n ∈ [0, · · · , N − 1] is known as implicit extension. Any discrete transform has a particular
way of extending the sequence. This can be seen from the backward transform expressions in (2)
and in (5), for the DCT-II and the DFT, respectively. As the bases in these expressions are defined
beyond n ∈ [0, N − 1], it follows that xn also remains implicitly defined beyond this range. When the
approximation of xn by x̃n is done with few bases (L � N) as in Equations (3) and (6), the samples of
x̃n near the main sequence extremes (n = 0 and n = N − 1) tend to manifest the implicit periodicity of
the transform. Depending on how a particular transformation extends the sequences at both extremes,
more or less transformed coefficients will be required to have a quality approximation.

Let us first consider the DCT-II, which belongs to the family of discrete trigonometric transforms
(DTT), and their implicit extension properties [32–40]. To summarize the DTT sequence extensions,
two relevant parameters must be considered—the symmetry type (ST) and the point of symmetry (PoS).
When it comes to the ST, the replication can be performed symmetrically (S) or anti-symmetrically (A).
Considering that the samples of the sequence are equispaced, the PoS can be positioned either in the
middle of the space between the elements, named half (H) sample or midpoint, or just at the position of
the element, named whole (W) sample or meshpoint.

Thus, when considering a single point from an edge of a sequence, there are four options to extend
the sequence, commonly denoted by two letters—(HS), (HA), (WS), and (WA). Figure 2 represents
those four possibilities for the left edge of a main sequence, which is depicted in bold. Then, it follows
that since all finite sequence have two edges, there are eight total possible combinations, each one
of which is associated with one different formulation corresponding to either the DCT or the DST
(discrete sine transform) groups [34,37,41,42].

The DTTs that best approximate open contours with few coefficients are those that have HS or
WS implicit extensions on both extremes. That happens for the DCT formulation types -I, -II, -V, and
-VI. In those cases, the sequence considered with implicit extensions does not lose continuity. In the
particular case of the DCT-II, the continuity in both extremes is defined as x−1 = x0 and xN = xN−1.
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Figure 2. The four possible sequence extensions in discrete trigonometric transforms (DTTs) depending
on the point of symmetry (POS) and the type. HS, HA, WS, and WA stand for half sample-symmetry,
half sample anti-symmetry, whole sample-symmetry and whole sample anti-symmetry, respectively.

In the case of the DFT, it is easy to verify that xN+n = xn. From (5) we have:

xn+N =
1
N

N−1

∑
k=0

Xkej 2π
N k(n+N) =

1
N

N−1

∑
k=0

Xkej 2π
N kn · ej2πk = xn. (7)

Thus, for the DFT, reconstructions with few coefficients are very efficient only when x0 and xN−1

are closed, as occurs in the case of objects with smooth contours. When x0 ≈ xN−1, as x−1 = xN−1 and
xN = x0, the continuity is perceived in the extended sequence. However, DFT loses the property of
compacting energy in few coefficients when a discontinuity appears as x0 differs from xN−1, which
usually is the case of open contours [25]. See Figure 3c.

When the open contour is directly represented with the x̃n sequence without any transformation
(one sequence for each contour coordinate), the most efficient representation, which uses fewer
coefficients, is obtained with the DCT-II. Figure 3a shows (with the main sequence represented in bold)
the implicit extensions of the sequence outside the main range for DCT formulations -I, -II, -V, and
-VI. Figure 3b shows the DFT implicit extensions for the same main sequence. Figure 3c represents
the reconstruction of a set of 32 original points using four real DCT-II coefficients and seven complex
DFT coefficients.

Figure 3. (a) Implicit extensions outside the main range for discrete cosine transform (DCT)
formulations -I, -II, -V and -VI. The main sequence is in bold. (b) Discrete Fourier transform (DFT)
implicit extensions for the same sequence. (c) Reconstruction of a set of 32 original points (squares)
using four real DCT-II coefficients c0, c1, c2, c3 (circles) and seven complex DFT coefficients f0, f1, f2, f3

and f29, f30, f31 (triangles). Note that f29, f30, f31 are the complex conjugates of f3, f2, f1, respectively.
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2.2. Data Used

Red Mullet specimens were collected on the trawl-fishing grounds along the island shelf and
slope of Mallorca and Menorca during the 2002 survey of the BALAR project (2000–2004), which was
integrated in the Spanish ‘Programa Nacional de Datos Básicos Pesqueros’ for the Balearic Islands.
Trawls were carried out during daylight hours on board the oceanographic vessel R/V “Francisco
de Paula Navarro” [43]. Gurnard specimens were collected on the trawl-fishing grounds along the
Catalan Coast in commercial fishing boats of the ROSES and BOLINUS projects, both funded by the
Catalan Government, during 2015 and 2017 [44].

Side-view images of the whole fish were taken in the field with all specimens in the same
standardised position and orientation. The fish appear in the center of the image, with the head
oriented to the left and the belly facing the bottom of the image. The specimens had different ages
and lengths, and the distances from which the pictures were taken were not the same. An expert
taxonomist added two points to each image, one to mark the tip of the snout and the other to mark
the anterior insertion of the first dorsal fin. Those points indicate the beginning and the end of the
contour segments used by taxonomists to identify the mullet’s species. Figure 4 shows, on the bottom,
a specimen of each species and, at the top, the profile portion used by the expert to identify the species
for all individuals in the database. For this study, we have a data set of 23 images for each species of
Red Mullets. The left part is devoted to M. barbatus and the right part to M.surmuletus. Figure 5 shows
the head contours of 108 specimens belonging to nine species of Gurnards.

Figure 4. (a) Mullus barbatus and (b) Mullus surmuletus specimens in the database. The images on the
top show the profile of interest according to taxonomist criteria. The specimens are identified with the
letter B/S plus a number.
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Figure 5. The images show the profiles of interest of the specimens in the database according
to taxonomist criteria. (a) Chelidonichthys cuculus (C.c#), (b) Chelidonichthys lucerna (C.l#),
(c) Chelidonichthys obscurus (C.o#), (d) Eutrigla gurnardus (E.g#), (e) Lepidotrigla cavillone (L.c#),
(f) Lepidotrigla dieuzeidei (L.d#), (g) Peristedion cataphractum (P.c#), (h) Trigla lyra (T.l#), and (i) Trigloporus
lastoviza (T.l#).

2.3. Open Contour Extraction and Normalization

As the fish were photographed following a certain protocol, they appear in the center of the image,
in a horizontal position, with the dorsal fin at the top and the nose oriented to the left. To establish
the fragment with relevant information, the expert introduced two marks in all images, one in the
snout and the other in the starting point of the dorsal fin, indicating the limits of the contour fragment.
These marks are in the background but close to the figure of the fish. Those images are our input
data. At that point, the image processing is entirely conventional. Landmark detection can be done by
colour. The landmark points are the references that make it possible to automatically crop the original
images and thus isolate the profile of interest in a more straightforward and smaller image. In addition,
the small size of the new images make the background color more uniform. Contour detection can
also be established with a common algorithms presented in the image processing toolbox of MATLAB.

The first step is to convert the region of interest, the ROI, (a colour image) to a grey level in
terms of luminance, and then binarize it. There are various methods that can be used to carry out
a binarization, but they all depend on a threshold. In our particular case, we employed a global
threshold computed using Otsu’s method, which chooses the threshold that minimizes the intraclass
variance of black and white pixels [45]. There are more sophisticated methods that can be used to
obtain the threshold, but this is the default option used by the function imbinarize in the MATLAB
image processing toolbox.

In Figure 6, the sequential steps that are applied in order to obtain the contour segment of interest
are shown, for a particular case; in Figure 6a the results of the binarization; in Figure 6b, the black
holes in the white region are filled; in Figure 6c, the complement of the previous image; in Figure 6d,
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the black holes corresponding to the fish are filled; and in Figure 6e, the image is complemented
once again to represent the fish in black and the background in white. In Figure 6f, the boundaries
of the white region (in red) are found by exploring the image starting from the upper-left pixel and
continuing in a downwards direction. In Figure 6g, the image borders are removed to find the contour
of interest, which is the final result of the process. Finally, in the sub-image Figure 6h, the obtained
result is shown overlapped against the original ROI.

As will be seen, the method developed for this work is very robust to the high-frequency noise
that can appear in the determination of contours. Notice that the binary image in Figure 6g can be used
as a segmentation template to remove the background, as done in the compositions of Figures 4 and 5.
After completing this step, the contour of the specimen i, Ci, is given by its two sequences of horizontal
and vertical pixel positions in the cropped image. The origin was taken to be the first point of the open
contour, which corresponds to the mark of the nose, and was assigned the (0,0) co-ordinate. The rest of
the pixel positions are given relative to this first point and are grouped in the two series (hk, vk)

i. Each
contour is represented by a different number of points Ni. Figure 7 shows a cropped image where the
contour of interest is delimited by the landmarks L1 and L2.

Figure 6. Steps for the contour segment extraction. In (a), binarization; in (b–e), the steps to fill the
gaps in the background and in the fish regions; in (f), the boundary detection of the white region; and
in (g), the contour of interest found after removing the image borders.

Figure 7. Fragment of interest of the fish delimited by landmarks L1 and L2.

2.3.1. Open Contour Normalization

Before the development of the features can be addressed, the open contours must first be
normalized. The normalization should be able to compare segments that are represented by a different
number of points while also neutralising variations with respect to rotation and scale. Furthermore,
care will be taken to ensure that the normalization respects the aspect ratio of the segments. In the
case of open contours, the reader can see that the first, (h0, v0) = (0, 0), and the last point, (hNi−1, vNi−1),
of the open contour must necessarily differ and, therefore, the reconstruction done with few DFT
coefficients could present strong distortions due to the Gibbs phenomenon. However, although the
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elements x0 and xNi−1 of the sequence differ significantly, the DCT can efficiently approximate the
sequence xn with x̂n using few coefficients (L).

As previously demonstrated, the DFT works very well for closed contours because the natural
shapes tend to have a smooth variation and, if sampled correctly, the point (h0, v0) is very similar
to (hNi−1, vNi−1), with h0 and v0 being close to hNi−1 and vNi−1, respectively. The normalization put
forward is simple and takes these issues into account. It can be performed following these next
two steps:

• First, for each open contour, we compute the Euclidean distance α between (h0, v0) and
(hNi−1, vNi−1), and the angle θ that the segment defined by these two points forms with the
horizontal. Seen graphically in Figure 7, the points (h0, v0) and (hNi−1, vNi−1) correspond to the
landmarks L1 and L2, respectively. As all the segments begin at (h0, v0) = (0, 0), we have:

α =
√

h2
Ni−1 + v2

Ni−1 and θ = tan−1 (vNi−1/hNi−1
)

. (8)

Then, α and θ are used to rotate and re-scale all the contours points according to:[
pk
qk

]
=

1
α

[
cos(θ) −sin(θ)
sin(θ) cos(θ)

] [
vk
hk

]
. (9)

After this operation, without changing the aspect ratio, all profiles have been re-scaled and rotated
so that they start at point (0,0) and end at point (1,0). Figure 8 separately shows both the scale and
scale-and-rotation effects on the original Red Mullet contours. Note in Figure 8 that the relevant
information to discriminate the contours is concentrated in qk (the vertical axis after the rotation)
while qk (the horizontal axis after the rotation) will be very close for all contours and will always
go from 0 to 1 in approximately constant increments.

Figure 8. Representation of the scale and scale-&-rotation effects on the original Red Mullet contours.
These changes are performed during the contour normalization process.

• Second, in order to balance the number of points, the sequence of points qk is re-sampled so that
they all have 256 values. The re-sampling is performed by cubic splines in order to have values at
equispaced intervals in the range going from 0 to 1. We call the re-sampled sequence xk. Finally
the contours are represented with a single sequence. In addition, the points x0 and x255 practically
take the same value (0), which allows the DFT to be used as well.

2.4. Features Development

Two types of features were developed to feed the classifiers. One is based on the DCT and the
other on the DFT. Both take the normalized contour described in the previous section and apply either
a DCT or a DFT. In the case of the DCT, we take the first L real coefficients as features Fi. In the case of
the DFT, the coefficients are complex and the features are made of the first real parts followed by the
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first imaginary parts. In that case, as the normalized contour takes real values, the first DFT coefficient
is also real and therefore its imaginary part is always zero, and thus is excluded.

From the first N DFT complex coefficients L = 2N − 1 features Fi, i ∈ [0, · · · , L − 1] are
obtained. In addition, for all cases, the vectors of the features are standardised according to the
zscore transformation. Thus, in the training step, the means mi and standard deviations σi of feature
Fi, i ∈ [0, · · · , L − 1] are computed. The employed features xi will be xi = (Fi − mi)/σi. In the test,
the averages mi and standard deviations σi obtained in the training phase are used to form the features
of the segment that is to be classified.

2.5. Extreme Learning Machines, Training and Classification

A single-hidden layer feed-forward neural (SLFN) network is trained as a classifier following the
extreme learning machines (ELM) framework [46,47]. The main idea under ELM is that a SLFN network
can be trained by randomly assigning both input weights and bias. Proceeding this way, the only
parameters to determine in the SLFN network setting are the weights that connect the hidden layer
neurons to the outlets (named output weights) and the number H of hidden neurons. This strategy
changes the problem of computing the SLFN output weights to a linear problem. The resulting linear
over-determined system can be quickly solved using a Moore–Penrose pseudo-inverse in one single
step [46,47].

Focusing on our classification problem, each individual i in a set of N is characterized with L
features organized in a vector xi = [x0 · · · xL−1]

T . The matrix X = [x1 · · · xi · · · xN ] of size L × N
organizes the features of all N specimens. These individuals are classified into C classes. For each class,
there is a vector tc that indicates with either a 1 or a −1 in the position i whether the individual i belongs
(1) or does not belong (−1) to the class c. The vectors tc are arranged in the matrix T = [t1 · · · tc · · · tC]

T

of size N × C so that in each row of T only one 1 appears. Considering that H is the number of hidden
neurons, the input weight matrix W will have a size of L × H in which its element wlh is the weight
that connects the feature l with the hidden node h. As there are H hidden nodes, there is a vector of
bias b containing the bias bh of each node.

Now, considering the individual i, the flow of information into the network can be written
as xT

i W + bT . Taking into account the activation function, which is typically a sigmoid, we have
sig(xT

i W + bT), where sig(A) applies the sigmoid function to each aij. Then, when the resulting 1 × H
row vector is multiplied by the output weight matrix B of size H ×C the resulting 1×C row vector will
indicate the class to which the individual i belongs. If we group the same equation for all previously
classified individuals, ideally we will have the equation:

sig(XTW + ubT)B = T, (10)

where u is the N × 1 all-ones vector We define the N × H matrix H as:

H = sig(XTW + ubT). (11)

Then, the ANN formulation can be compactly written as:

HB = T. (12)

Once H is decided, W and b are randomly selected from a Gaussian distribution function with
a mean of zero and a standard deviation of one. The only unknown parameter is B. Note that
Equation (12) is over-determined. For ELM networks, it is common to choose a number H of hidden
nodes lower than the number N of classified cases used for training, that is, N > H. Intuitively, if we
see Equation (12) in terms of vectors bi and ti of B, and T respectively, we have Hbi = ti, for i going
from 1 to C, meaning that for N equations, we have H unknown weights. The output weight matrix B,
provided that

(
HTH

)−1 is non singular, is computed by:
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B =
(

HTH
)−1

HTT = H†T, (13)

where H† is the Moore–Penrose inverse.
Once W, b, and B are defined, the SLFN can then be used to predict a new individual from its

vector of characteristics x by applying the following relationship:

cl = arg max
c

(
sig

(
xTW + bT

)
B
)

(14)

where, given a vector aT , the function arg max
c

(
aT) finds the maximum value of aT and returns its

position; cl ∈ [1, · · · , C] is the assigned class.

3. Results

3.1. Features Based on the Dct and the Dft. a Comparative Study

3.1.1. Leave-One-Out Cross-Validation

A significant limitation we deal with in this work is the limited number of classified images
available for each species used for the training. In the binary classification problem, the two classes
are balanced, with 23 individuals in each group. However, in the multi-classification problem,
this limitation is more severe, as we have to deal with an even more reduced set of data, which
is also unbalanced for the nine groups that need to be classified, meaning that there are different
numbers of individuals in each of these groups, as shown in Figure 5.

Despite having these nine classes unbalanced and some of them badly under-represented,
the same methodology has been applied in both problems. The leave-one-out cross-validation (LOO-CV)
strategy is commonly used to evaluate the performance of the classifier when dealing with small
data-sets [48]. This strategy uses a single observation taken from the original data-set to validate the
data, while the remaining observations are used for the training phase. This way, the model is built
with all the labeled elements except one, which is used for validation. Once the element has been
tested, it is added to the group again, and the next element is extracted, repeating the process until all
elements have been used for the test. Thus, all the elements are tested against the rest of the known
classified elements. The advantage of this method is that all observations are used for both training
and validation, and each observation is used for validation exactly once.

3.1.2. LOO-CV Tests

The following tests are intended to determine both the size of the network and the optimal number
of characteristics that achieve the best classification rate. The tests that were carried out using features
coming from the DFT were then repeated; however, this time using features coming from the DCT,
and their results are summarized in Figures 9 and 10.

In all these tests, LOO-CV was used to obtain realistic results, and the experiments were repeated
100 times in order to show existing tendencies. Mean values of accuracy, the quotient between the
number of correct predictions divided by the number of the predictions done, are represented by color
balls and their corresponding standard deviations are shown by vertical lines. The SLFN weights,
W and b, were randomly selected according to a zero-mean Gaussian distribution with a standard
deviation of one, where H indicates the number of hidden nodes and L the number of input features.
In Figures 9 and 10, N number of transformed coefficients were used. In these figures, note that in the
case of the DCT, the number of features (N) is the same as the number of coefficients (L), but in the
DFT, L = 2N − 1 instead.
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(a) (b)

(c) (d)

Figure 9. The accuracy obtained by training a single-hidden layer feed-forward neural (SLFN) with the
DFT-based features. Leave-one-out cross-validation (LOO-CV).

Figures 9 and 10 share the same structure. In both, the Figures 9a,b and 10a,b show the results
of the binary classification problem and Figures 9c,d and 10c,d portray the results of the multi-class
classification problem. When it comes to the binary problem, the optimal number of DFT-based
features is L = 5, quite independently of the size of the network (see Figure 9a). The best accuracy
values were obtained for H values of around 10 (see Figure 9b).

The best results achieved using the DCT-based features were also obtained for when L = 5
independently of the size of the network (see Figure 10a). In the same way, the best accuracy results
were obtained when H = 10 (see Figure 10b). In both cases, the best average value for the accuracy
was around 0.9 (90%). To obtain the first five features, the first three and five DFT and DCT coefficients
were required, respectively. The two encoding alternatives behave in a very similar way, and to decide
which one is the best one, the tests need to be refined. Regarding the multi-class classification problem,
when using DFT-based features, the best results were attained when L = 5.

In this context, the optimum network size increases to values of about H = 30 (see Figure 9c).
Above H = 30, there is a wide range of H values for which networks work properly (see Figure 9d).
When the DCT is used in this context, the results are very similar, and so from L = 5 (see Figure 10c)
and from H = 30 (see Figure 10d) there is a wide range of values of L and H for which the networks
work correctly. In both cases, independently of the use of DFT/DCT, the average accuracy values are
also similar and in the better configurations appear to be slightly above 80%.

From the previous graphs, it is difficult to determine which coding (DFT/DCT) provides the
best accuracy, since they behave in a very similar way. In the tests performed below, the number of
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iterations is incremented to 1000 for a small range of values of H and L near the optimal point of
network operation. LOO-CV is always performed. The results are presented in tables indicating the
accuracy regarding the average value, standard deviation, and both the maximum and minimum
values obtained. The optimal values are represented in bold.

We found that the optimum number of features was 5, independently of which transform (DCT
or DFT) was used. Using more than five features reduces the performance of the networks. The only
case that differs from the others in the sense of optimal number of features used is that of the binary
classification case if the DFT is used, where the best accuracy scores were obtained with three features.

Table 1 shows, for the binary classification problem, a comparative summary of the network
accuracy achieved for the best combinations of the DFT (three features) and the DCT (five features)
depending on the hidden nodes (H), and Table 2 shows the same information but for the multi-class
classification problem, for which the best combination of features is 5 in both the DCT and DFT feature
configurations. Table 2 reveals that the best DFT-based configuration exceeds the best DCT-based one
by almost two percentage points.

In Table 1, however, it can be seen that the difference between using features derived from the
DCT or the DFT is minimal. Regarding the case of the binary classification problem, no combination of
features based on the DCT and the DFT was found that improved the results shown in Table 1. In the
multi-class classification problem, the aggregation of the five features of each of the best options shown
in Table 2 achieved an improvement in the results by almost one percentage point as shown in Table 3.

(a) (b)

(c) (d)

Figure 10. The accuracy obtained by training SLFN with the DCT-based features.
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Table 1. The binary classification problem. A comparative summary of the network accuracy obtained
for the best combinations of the DCT (five features) and the DFT (three features) depending on the
hidden nodes used. The LOO-CV was performed and the experiments were repeated 1000 times. For
each feature set, there is an optimum number of hidden nodes that provide the best results. In the table
the bests accuracy results are highlighted in bold.

Binary-Class Classification Accuracy (LOO-CV 1000 Iterations)

Hidden DCT-5 DFT-3
Nodes mean std max min mean std max min

7 88.44 0.031 95.65 78.26 88.46 0.032 95.65 76.09
8 89.09 0.031 95.65 78.26 89.09 0.030 95.65 78.26
9 89.37 0.030 97.83 80.44 89.29 0.031 95.65 76.09

10 89.30 0.031 95.65 78.26 89.36 0.028 95.65 80.44
11 89.34 0.029 95.65 80.44 89.19 0.030 95.65 78.26
12 89.33 0.031 95.65 80.44 89.20 0.030 95.65 78.26
13 89.04 0.031 95.65 78.26 89.10 0.030 95.65 80.44
14 88.76 0.032 95.65 78.26 88.64 0.032 95.65 78.26
15 88.80 0.031 95.65 78.26 88.57 0.031 95.65 76.09
16 88.40 0.032 95.65 78.26 88.14 0.033 95.65 73.91
17 88.05 0.033 95.65 78.26 87.92 0.033 95.65 76.09

Table 2. The multi-class classification problem. Comparative summary of the network accuracy
obtained for the best combinations of the DCT (five features) and the DFT (five features) depending on
the hidden nodes used. For each feature set, there is an optimum number of hidden nodes providing
the best results. In the table the bests accuracy results are highlighted in bold. The LOO-CV was
performed and the experiments were repeated 1000 times.

Multi-Class Classification Accuracy (LOO-CV 1000 Iterations)

Hidden DCT-5 DFT-5
Nodes mean std max min mean std max min

5 72.66 0.024 79.63 64.82 56.78 0.035 66.67 44.44
10 72.66 0.024 79.63 64.82 72.29 0.029 81.48 63.89
15 76.66 0.023 84.26 68.52 77.78 0.024 85.19 69.44
20 78.62 0.022 85.19 72.22 80.52 0.024 88.89 72.22
25 79.84 0.023 87.04 72.22 82.04 0.021 87.96 74.07
30 80.42 0.023 87.04 72.22 82.59 0.021 88.89 75.00
35 80.64 0.022 87.04 73.19 82.49 0.022 87.96 75.00
40 80.54 0.023 87.96 73.19 81.94 0.022 88.89 74.07
45 80.00 0.024 87.04 72.22 81.18 0.029 87.04 74.07
50 79.38 0.025 87.04 71.30 79.79 0.024 86.11 72.22
55 78.18 0.025 87.04 69.44 78.15 0.025 85.19 68.52
60 76.71 0.026 85.18 68.52 76.26 0.027 85.19 68.52

Figure 11 shows the confusion matrices and realizations for both the binary (a) and the multi-class
classification (b) problems, respectively. The results were obtained by performing LOO-CV. In both
sub-figures, a confusion matrix is shown with a resulting accuracy slightly above the corresponding
mean accuracy value. From Figure 11b the correct classification rates of the different classes were
acceptably high compared to the ones obtained for the class of Lepidotrigla dieuzeidei.

As explained in this paper, the two points introduced by the specialist were used to segment the
region of interest. The introduction of these points unambiguously determines the contour segment
used to make the decision. However, this procedure can also be performed automatically. To show
that, we conducted the following experiment. We took a set of 50 images, and we randomly took 40 of
them to train a faster region-based convolutional network (Faster R-CNN) for object detection, leaving
the rest of the images for the test. With this small amount of images, we were able to train a robust
model that worked acceptably well. The procedure for training the model was as follows.
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Table 3. The multi-class classification problem. Summary of the network accuracy obtained by using
10 features (five coming from the DCT and five from the DFT) depending on the hidden nodes used.
The best results, highlighted in bold, are obtained when the net has 34 hidden nodes. The LOO-CV
was performed and the experiments were repeated 1000 times.

Multi-Class Classification Accuracy (LOO-CV 1000 Iterations)

Hidden DCT-5 DFT-5
nodes mean std max min

20 80.70 0.024 87.96 73.15
21 81.50 0.023 87.96 75.00
24 82.08 0.022 88.89 75.00
26 82.48 0.022 88.89 75.93
28 82.89 0.022 89.82 75.00
30 83.15 0.022 90.74 75.93
32 83.41 0.023 91.67 75.00
34 83.53 0.022 89.82 76.85
36 83.40 0.023 89.82 75.00
38 83.34 0.023 89.82 75.00
40 83.48 0.023 89.82 75.93
42 83.20 0.022 89.82 76.85
44 83.20 0.024 89.82 75.00
46 82.82 0.023 89.82 74.07
48 82.57 0.023 89.82 75.00
50 82.11 0.024 88.89 75.00

(a)

(b)

Figure 11. (a) The confusion matrix of binary-classification realization with an accuracy value of 95.7%.
The results were obtained by performing LOO-CV using five features based on the DFT with a SLFN
of 10 hidden nodes. The mean accuracy value after performing 1000 LOO-CV iterations was 89.3%.
(b) The confusion matrix of multi-class classification realization with 85.2% accuracy. The results were
obtained by performing LOO-CV using five features based on the DCT plus five more based on the
DFT, with an SLFN of 30 hidden nodes. The mean accuracy value after performing 1000 LOO-CV
iterations maintaining the same SLFN size was 83.15%.
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The first step was to reduce the images to a size of 384 × 512 pixels. For training, we used the
40 images without marks, and we indicated the region of interest found with the specialist’s marks.
This region of interest is a rectangle that is specified with the two extreme points on its main diagonal.
We employed the Faster R-CNN object detector provided by MATLAB [49,50]. A Faster R-CNN object
detection network is constituted of a feature extraction network followed by two subnetworks.

The feature extraction network is usually a pre-trained CNN. The first subnetwork that supports
the feature extraction network is a region proposal network (RPN) devoted to finding the areas in
the image where objects are likely to exist. Those areas are known as object proposals. The second
subnetwork is dedicated to predicting the class of each object proposal. In the case we are dealing
with, for the first network, instead of using a pre-trained CNN as, for instance, the ResNet-50 or the
Inception v3, we used a much simpler CNN that has only three convolutional layers from a total of
fifteen, that was trained for another problem.

The main characteristics of the structure are summarized in Table 4. The main training options
chosen for the Faster R-CNN are ‘MaxEpochs’, ‘MiniBatchSize’ and ‘InitialLearnRate’, which were
set to 12, 8, and 5×10−4 with a ‘NegativeOverlapRange’ of [0 0.3] and a ‘PositiveOverlapRange’
of [0.6 1]. From these parameters, we note that the ‘MaxEpochs’ specifies the number of epochs, that is,
the number of full passes of the training algorithm over the entire training set, and the learning rate
that controls the speed of training. The training was performed using the CPU of a MacBook Pro with
eight-core Intel i9 processor at 2.4 GHz and 64 GB of RAM running the MATLAB environment on the
macOSCatalina 10.15.3 operating system.

Table 4. Network layers that compose the feature extraction network. The convolution put the input
images through a set of convolutional filters, each of which activates certain features from the images.
The pooling layer simplifies the output by performing nonlinear downsampling, reducing the number
of parameters that the network needs to learn. The rectified linear unit (ReLU) allows for faster and
more effective training by mapping negative values to zero and maintaining positive values. The fully
connected layer “flattens” the network’s 2D spatial features into a 1D vector that represents, and, finally,
the Softmax provides probabilities for each category in the dataset image-level features for classification
purposes.

Feature Extraction Network

Layer Type Main Characteristics

1 Image Input 32 × 32 × 3 images with ‘zerocenter’ normalization
2 Convolution 32 5 × 5 × 3 convolutions with stride [1 1] and padding [2 2 2 2]
3 Max Pooling 3 × 3 max pooling with stride [2 2] and padding [0 0 0 0]
4 ReLU ReLU
5 Convolution 32 5 × 5 × 32 convolutions with stride [1 1] and padding [2 2 2 2]
6 ReLU ReLU
7 Average Pooling 3 × 3 average pooling with stride [2 2] and padding [0 0 0 0]
8 Convolution 64 5 × 5 × 32 convolutions with stride [1 1] and padding [2 2 2 2]
9 ReLU ReLU
10 Average Pooling 3 × 3 average pooling with stride [2 2] and padding [0 0 0 0]
11 Fully Connected 64 fully connected layer
12 ReLU ReLU
13 Fully Connected 2 fully connected layer
14 Softmax softmax
15 Classification Output crossentropyex

Training lasted approximately 3 min. Due to the reasonably fast training time, many random
tests on the whole set of images could be performed, and thus the solidity of the approach could
be checked. The FasterRCNN object detection network output provides a rectangle by giving two
points corresponding to the endpoints of one of its diagonals (specifically the one that goes from the
top right to the lower-left point of the rectangle). Some ROI detection results are shown in Figure 12.
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These points can be used to crop the original image and obtain the ROI, which is practically the same
provided by the specialist (although the specialist selects the other diagonal because its endpoints are
more near to the segment of interest).

Figure 12. Example of the detection results performed on the test images using the trained faster
region-based convolutional network (Faster R-CNN) object detector. The obtained ROI is shown
in yellow.

3.2. Regarding Automation of the Whole Process

A step that is required to be carried out if the ROI detection is performed without the support
of the two points provided by the expert is to re-scale the original image to the FasterRCNN object
detection input size, and then, once the ROI is found, it must be mapped onto the original image.
This allows the extraction of the ROI from the original image. The following step is to obtain the
contour, compute the features, and to introduce them in the ELM network to identify the class of the
specimen. The diagram presented in Figure 13 can help to clarify the whole process, which can be
described in four stages. The first stage is the ROI detection. This procedure can be supervised or it
can be carried out automatically using a Faster-RCNN object detector.

Once the ROI has been determined, the second stage consists of extracting the fish contour
segment from this region. The result of stage two is the horizontal and vertical pixel coordinates that
describe it in relation to the first contour point, which is taken to be the origin of the coordinate system.
The third stage is the ’feature extraction’, in which this sequence of contour points obtained from the
previous stage is used as input. These points are standardized by applying a rotation, a re-scaling and
a re-sampling by using third-order splines. The result is a single sequence (qk) of 256 values. Then,
in the same stage, DCT and DFT are taken on qk, and we select the first five DCT and DFT coefficients
to form the vector of features. In the multi-class classification problem, a features vector containing
only 10 real numbers produced the best accuracy results. The vector of features was used in the last
stage to add to an already trained ELM of 34 hidden nodes. Finally, the ELM output is the species that
the individual belongs to.

Figure 14 shows the details of a feature extraction stage and of a classification stage corresponding to
a model that solves the binary classification problem. It is an SLFN network of 10 hidden nodes trained
with features based on the DFT. Figure 14a–c graphically show the steps required to obtain the sequence
of 256 points in vector q that represent the contour after the standardization, and Figure 14a shows the
way to obtain the vector x of features. Note than F is the Fourier matrix and f, the DFT of q. In this case,
the vector of features x has five real elements obtained from the first three Fourier coefficients, as f0 ∈ R

Figure 14e shows the classification stage, which begins with a Z-score standardization, being the vectors
m and œ, the means and standard deviations of x. The normalized features after the Z-score are the
inputs of the SLFN network. W, b and B are the input weights, the bias, and the output weights of the
trained SLFN net, respectively. Finally, the decision is taken on the values achieved in the output nodes.
This simple architecture reached accuracy values up to 95.65% and, in 1000 LOO-CV experiments a mean
accuracy of 89.36% (see the column DFT-3 of Table 1).
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Note that, in this case, the fish appears in the images following a standardization, and the
problem is not overly complicated. In a random disposition of the objects of interest in the image,
one would have to train the model with many more images, using a data augmentation strategy and
likely a more complex feature extraction network. Additionally, the substitution of Faster-RCNN by
Mask-R CNN [51,52] could be explored to see if the contour segment of interest could even be detected
automatically in the ROI directly.

Figure 13. Simplified block diagram of the process chain when the ROI detection is done automatically.

Figure 14. Detail at the parameter level of the feature extraction and classification stages of the
binary classification solution working with features based on DFT. (a–c) show the steps required to
obtain the vector q from the contour, and (d) shows the way to obtain the vector x from q. In (e),
the classification stage is shown with the parameters that interact in each step. The matrices and vectors
show their dimensions in a subscript (in order to check the coherence of the operations involved).
In the classification stage, three parts, the Z-score normalization, an LSFN network of 10 hidden nodes,
and the decision rule, are employed. .
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4. Conclusions

In this work, a method was presented that reproduced the procedure that experts perform
manually to separate species of fish that exhibit a very similar shape. The technique consists of
classifying a fragment from the profile of fish contours. Thus, a way to parameterise open contours was
developed based on both the DFT and the DCT transformations, which already allow the discrimination
of contour fragments with the use of only five parameters.

The presented approach for the Mullus binary classification case can be compared to the seminal
work of Reference [10], which based on handmade measurements of the angle of head contour obtained
an 88% correct distinction between both species. The mean accuracy values obtained (89.4%) in this
work slightly improved those results. In addition to the difficulty of discriminating between very
similar forms, we also had the limitation of having small, unreliably labeled image data sets.

For the second case considered in this work, the multi-class classification problem, it is important
to note that there have been no handmade studies carried out that would allow for the comparison
of results. The specimens of the database were cataloged at the ICM (Institut de Ciències del Mar)
in Barcelona while different types of studies were being conducted. Given the complexity of the
problem, the average classification results were close to 80%, which is in line with what trained
professionals obtain when they take on the identification and classification task from photographs.
If the classification is considered by classes, we observed that the class of Lepidotrigla dieuzeidei was
very difficult to classify and thus caused the global accuracy to decrease; however, for the rest of the
classes, high correct classification rates were reached.

Our goal was to prove that it is possible to automatically achieve results similar to those obtained
by specialists when it comes to classifying very similarly-shaped species of fish. The goal achieved
was to automatically classify the images of the specimens in the database into their species. Given
the physical similarity between species and the size of the database, this is a difficult objective, which
(as we mentioned before) we have overcome with success comparable to that obtained by the expert.
The results suggest that we should expect even better results when working with species with more
differentiated forms.

For future work, a far more ambitious goal involving government administrations, which must
be addressed incrementally, is to computerize the analysis of fish boxes sold at fish markets. In these
boxes, fish are stacked in a non-orderly fashion, with the body parts partially hidden but usually with
their heads being visible. Thus, the classification of specimens based only on their head contour seems
to be indeed an important improvement to be made.

These studies are important as fish markets are beginning to develop projects with the aim
of photographing all fish boxes sold, followed by these images being then registered containing
information on the labeling, sale prices, and so forth. These large amounts of images can only be
processed automatically. As long as the techniques for extracting information from images continues
improving, we will be able to obtain a gradually deeper understanding on the exploitation of marine
resources. This work is a pioneer in the classification of biological forms through contour segments.

In this paper, the identification of the contour fragments was made with the help of marks. In this
way, we were sure to deal with the fragment used by the experts. In the type of images used, the marks
were located in easily identifiable positions and, even though this was not the purpose of this work,
it was even shown in a prior subsection that these are not entirely necessary. Although this technique
has been developed for a certain type of image, the capacity of representing contour segments between
landmarks with very few parameters could be interesting and further explored in different contexts
and applications.

The human visual system is particularly sensitive to the contour of a shape, and curves constitute
an essential information element when it comes to image analysis, classification and pattern recognition,
which are vital tasks that humans carry out on a daily basis. The necessity to quantify this visual
information continues in present challenges, as was the case for this work, in which the relevant
information that led to a good classification rate was concentrated only on a specific fragment of the
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silhouette instead of the whole contour. In this work, we have the additional restriction of having
little data available to use for training purposes, which imposes a classic machine learning work-flow,
typically seen when dealing with small datasets.

In spite of that, this study suggested that the combination of machine learning (ML) and
deep learning (DL) techniques can provide compelling solutions. On the one hand, through ML,
we can (1) handle small datasets and (2) maintain the understanding of the problem. At the same
time, DL reached milestones in image processing that were previously difficult to obtain, such
as the identification of the ROI where the contour fragment is located. Finally, the ELM-based
classifiers provided excellent results at low computational and time costs, which allowed for complete
statistical tests.
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Abstract: Smart building, one of IoT-based emerging applications is where energy-efficiency,
human comfort, automation, security could be managed even better. However, at the current stage,
a unified and practical framework for knowledge inference inside the smart building is still lacking.
In this paper, we present a practical proposal of knowledge extraction on event-conjunction for
automatic control in smart buildings. The proposal consists of a unified API design, ontology model,
inference engine for knowledge extraction. Two types of models: finite state machine(FSMs) and
bayesian network (BN) have been used for capturing the state transition and sensor data fusion.
In particular, to solve the problem that the size of time interval observations between two correlated
events was too small to be approximated for estimation, we utilized the Markov Chain Monte Carlo
(MCMC) sampling method to optimize the sampling on time intervals. The proposal has been put
into use in a real smart building environment. 78-days data collection of the light states and elevator
states has been conducted for evaluation. Several events have been inferred in the evaluation, such as
room occupancy, elevator moving, as well as the event conjunction of both. The inference on the users’
waiting time of elevator-using revealed the potentials and effectiveness of the automatic control on
the elevator.

Keywords: smart building; Internet of Things (IoT); Markov chain Monte Carlo (MCMC); ontology;
graph model

1. Introduction

Internet of Things (IoT) technologies [1] have enabled a variety of sensors and de-
vices inside building, such as light, HVAC (heating, ventilating, and air conditioning),
alarm system, surveillance camera, power meters, occupancy sensor, etc. being real-
time monitored or controlled. Furthermore, artificial intelligence (AI) provides oppor-
tunities for innovative application development, for instance, supervisory automation,
occupancy comfort optimization, energy efficiency improvement, indoor health manage-
ment, security management, thus empower the building to be smart.

The most appealing benefit of smart building technologies is this revolution in build-
ing management systems (BMSs) [2], where the data collected from various sensors is
processed and analyzed for enabling energy optimization, automation, and so on. In terms
of revenues, researchers estimated that connected devices into the global BIoT market
generated revenues of more than $1.2 billion in 2018. While building automation market
will grow at a compound annual growth rate (CAGR) of 44 percent to reach 19.4 million
in 2022. This trend will grow at a CAGR of 21 percent to almost $2.7 billion in 2022.

However, studies show that dynamic automation solutions are still insufficient [2].
Deploying automation in smart buildings requires a large amount of manual effort and
building specific domain expertise. Yet, this vision is far from realization. It is still a
challenge for modeling the context including users, sensors, actuators (so-called smart
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device), spaces, etc, in an effective way for knowledge computation. Various sensory data
collected from sensors need to be analyzed by algorithms, transformed into information,
and minted to extract knowledge so that machines can have a better understanding of
humans [3]. So far, most existing studies mainly focus on human activity recognition in a
small-size space with limited numbers of devices or sensors. These machine learning-based
approaches usually treat the building as a black-box. They ignore the building’s physical
structure, do not capture the global relations among the deployed sensors, spaces, as well
as the observation of both the sensor value and the timestamp in a holistic view.

We consider in most applications of smart building, there must be tight relationships
among the users, sensors, and the physical structure of the space. Especially, regarding
human motion trace, there are strong spatial dependencies among the sensor observations.
Therefore, a holistic and conditional probabilistic approach that considers human activity
contexts and human-machine interactions (e.g., elevator motion, door-open, light-on, etc.)
could be suggested. As shown in Figure 1, while a user entered a building and was heading
to his/her sit, he/she activates multiple sensors/devices along the path.

Though, camera-based image processing approaches could achieve relatively high
accuracy for human trajectory tracking. Contrary to the outdoor environment or other
open/public spaces (roads, streets, etc.), privacy preservation is generally required while
indoors (e.g., offices, meeting rooms, residential spaces, etc.). Therefore, non-invasive
sensing technologies (sensor data of devices/appliances, etc.) are more appropriate than
the use of cameras. In this study, we focus on such non-invasive sensor nodes.

Figure 1. Scenario of user walking outside to inside the smart building with the sensors
being triggered.

However, while deploying machine learning (ML) approaches for detection, a large
scale of label data was required if pursuing high level of accuracy. Especially,
regarding human motion trace related event, the label data could be collected is small or
sometimes incomplete. For an example, the room occupancy event happens several times
per day, or rarely happens if the functionalities of the room are restricted or the space is
not publicly open. That means it is quite difficult and time-costly to collect such room
occupancy label data at a large scale. Moreover, it is still an ad-hoc process of defining
which sensor node should be used and how to combine them for ML computation. Finally,
it hinders the development of machine learning methods to extract knowledge of event
in an automatic manner, for realizing such as room occupancy detection, human motion
tracking, and so on.

In this paper, we present our proposal: a practical proposal of knowledge inference on
event in IoT-enabled smart building environment. The proposal leverages the Building
Topology Ontology (BOT) for constructing spatial graphs among sensors and spaces for
further enabling conditional reasoning. In particular, considering the collected data is small,
we utilized the Markov Chain Monte Carlo (MCMC) sampling method to approximate the
time interval values of two correlated events. The proposal has been put into use in a real
smart building environment. Several inference scenarios have been conducted. Moreover,
the inference on users’ waiting time revealed the effectiveness of automatic control on
elevator for pursuing zero-waiting time. Hence, the primary contributions and novelties of
this work can be summarized as follows:

256



Appl. Sci. 2021, 11, 935

• Unified API development of IoT sensor network for event inference based on sensor-
data collaboration in the smart building;

• Ontology-based graph model for constructing the spatial relations among sensors and
space for further enabling automatic event extraction based on conditional reasoning;

• Inference engine, in which two types of models: FSMs (finite state machine) and
BN (Bayesian Networks) have been proposed for event-mapping. Further, Markov
Chain Monte Carlo (MCMC) model has been utilized for enhancing the accuracy of
sampling the small-size dataset of time-interval values.

• Usage scenario of automatic control on elevator control has been conducted for
evaluation. The numerical results demonstrate the potential and effectiveness of
automatic control application based on knowledge inference in the smart building.

2. Related Work

2.1. Machine Learning Approaches

Most existing solutions that use machine learning (ML) for smart building applications
focused on the occupant, including occupancy detection [2,4], activity recognition [5],
and estimating users’ preferences and identification [2]. Khan et al. [4] dealt with occupancy
of premise range from binary occupancy (occupied or out of occupied), categorical and
exact numbers by integrating several types of sensors, including PIR, acoustic noise,
humidity, and light, and so on. Hossain et al. [6] proposed using an active learning
approach for activity recognition in residential buildings. The proposal was motivated
by the variety of human activities thus based on K-means algorithm. It requires the
provision of vast amounts of labeled data for ensuring the supervised learning approaches
be effective, which is not always possible. Most of these existing ML-based works focused
on solving the detection problem which has been taken in a limited space. The physical
sensor deployment has been ignored.

To reduce the complexity of knowledge transfer across different domains,
Chiang et al. [7] focused on exploring the differences caused by the ambient sensors
and the target domain, proposed a framework that knowledge transfer that uses standard
SVM (support vector machine) and RBF (radial basis function). However, in their proposal,
only single-resident scenario was considered. Similarly, Hong et al. [8] proposed automatic
inference on the type of sensors in a building. They focused on the classification of sensor
types without manual labeling. However, these related works focused on the inference
of sensor types, parameters and so on. They did not capture sensor observations for
event detection.

2.2. Modeling Tool of Spatial Graph

In regard to the modeling tools of sensor deployment, standard practical solutions
are still lacking. Building Information Modeling (BIM) is a framework to support the
planning and construction of buildings. Industry Foundation Classes (IFC) standard [9],
which is a well-known representation of BIM, considers the elements inside a building
as objects that are defined by a 3D geometry and normalized semantics. The Green
BuildingbXML (gbXML) [10] emerged to allow sharing information between BIM and
energetic analysis software. However, the main intentions of these tools are the modeling
of the physical structure and used materials, which is static. Their main focus is on the
physical environment setup. That means they are often used for structural analysis or
2D/3D modeling by using CAD tools. The functional aspects of knowledge extraction of
building systems are not covered by these approaches.

Many research projects are actually elaborating semantic models for facilitating build-
ing management, such as rule-based methods for supervision [11], definition or classifi-
cation of metadata schema for facilitating building management [8,12,13]. An ontology
is a vocabulary based method for defining the concepts and relationships used to de-
scribe an area of concern based on RDF (Resource Description Framework) [14]. A few of
specific ontologies have been proposed for the domain of smart homes and
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buildings [11,15–19]. Most of these ontologies focus on realizing specific applications
like energy management [18–20], or automated design and operation [11,16–19].

The SOSA (sensor, observation, sample, and actuator) ontology [21] and semantic
sensor network (SSN) ontology are W3C recommendations, providing an approach to
describe hardware, observation of physical entities and actuation, etc. The BOnSAI [15]
ontology was proposed for describing the functionality of sensors, actuators, and appli-
ances. However, it does not provide sufficient information on spatial relationships among
the sensors and other building assets. The Building Topology Ontology (BOT) [17] defines
the relationships between the sub-components of a building. It also follows general W3C
principles and was suggested as an extensible baseline for reuse.

To summarize these ontology-based studies, whether merely for modeling the re-
source description or knowledge extraction, ontology that constructs the physical relations
in the smart building is considered as suitable to present graph concepts. Moreover,
aiming for removing ambiguity, and pursuing application portability, unifying the sensor
data format is one of the most important considerations. In addition, the W3C endorsed
ontologies demonstrate high potentials of upper-layer application development. Thus,
rather than proposing a new ontology, our approach preferred to reuse the existing ontolo-
gies, and extend them by adding other necessary specific information.

3. Problem Definition

Before knowledge inference in the smart building being ubiquitous, there are still
several technical challenges to confront:

• Integration and interoperability of heterogeneous data set

The most fundamental problem is the compatibility of heterogeneous sensors/devices,
providing different networking features, protocols, and interfaces from different ven-
dors. The transition and integration between the heterogeneous sensors are costly
and make smart building implementation slow down. High level of manual effort
is currently required to integrate the sensor or device nodes, which are often decen-
tralized in both the cyber and physical dimensions, varying with their parameters.
Such processes are both time-consuming and error-prone [12]. That leads to, while de-
ploying inference framework for smart building, the developers need to map various
data from heterogeneous sensors without a common format or unit.

• Lack of semantic approach

Relevant description logics (DL) is required to deal with environmental data within
smart buildings, such as the type, instance as well as the relevance, relation among
the entities for knowledge extraction. However, the complicated indoor environment
with various features including general, spatial, temporal, spatio-temporal leads to
a standard description logics (DL) for the IoT sensor network in the smart building
being lacked. Ontology could be used for constructing the relational graph among
sensors and spaces, etc. However, the ontology needs to capture the dependencies
accurately, while not being excessively complex to make inference hard.

• The small and incomplete data features

Although environmental data could be collected over time, the human-motion related
sensor data is somehow sparsely triggered in both the spatio and temporal dimen-
sions. Most of the sensor data would be got rid of being labels for machine learning.
Thus, it is difficult to collect the label data at a large scale in the real phenomenon.
That means while developing knowledge inference on event conjunction by tak-
ing into account continuous changes inside the whole environment, the problem of
handling small and incomplete data should not be ignored.

4. Proposal and Experiment

We introduce our proposal as below: a practical knowledge extraction platform in
IoT-enabled smart building environment. The proposal fuses various IoT-enbled devices or
sensors inside the building for knowledge extraction on events. It consists of three major
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components: (1) unified IoT API for sensor data collaboration; (2) knowledge base in which
ontology for constructing the physical relational graph was utilized; (3) inference engine.
Figure 2 describes the overview of our proposal.

Figure 2. Overview of our proposal for knowledge extraction.

4.1. Unified API Design

In order to solve the above-mentioned problems, the development of a unified API
for interoperability among IoT devices becomes a fundamental aspect. Unifying the
device API would ease and accelerate the new service development in the smart building,
which brings innovation and productivity. However, unifying of device API is considered
challenging, because the heterogeneous devices with different functionalities have different
specifications and configurations. A unified API has to cover all IoT devices and simplify
the properties of such devices.

Based on the exploration of device properties, we designed a unified API for receiving
the monitored state information in real-time. The details of API is interpreted by the
following Figure 3. The following set of properties has been contained: (1) ‘ucode’ [22]
that used as the identifier of the sensor node; (2) ‘name’ that assigned with the description
of the node; (3) ‘data’, that composed by the sub-properties of ‘instance’ and ‘time’, with
‘instance’ showing the sensed value and ‘time’ indicating the timestamp.

Figure 3. The unified API design.

The ‘ucode’ [22] is a 128-bit fixed-length identifier. It could be used as a unique
identification for associating the objects in different databases. While accessing the API
for retrieving data, the ‘ucode’ is required to be given whereas the time duration is not
necessary. The system would capture the monitored sensing data during the time window
for a response if the parameters of ‘from’ and ‘to’ were assigned. Meanwhile, if the
timestamp was omitted, only the latest data value would be responded.

Table 1 lists several examples of sensor data that could be retrieved from the unified
API. The timestamp value is automatically detected by the system, such as the example
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of ‘2020-10-07 09:46:54’. In addition, as sensor features consists of both numerical values
and logic state (on/off) causing computation complexity, the state data are converted to
numerical data with logical meanings, where 1 represents on/active/open, etc; 0 represents
off/inactive/close, etc.

Table 1. Data value examples of the unified API.

Sensor/device The meaning of binary state value (1/0)
Human detector human-detected; otherwise
Light on; off
Fan on; off
Air conditioner on ; off
Elevator_potion 3F, 2F, 1F, B1F, B2F

4.2. Knowledge Database

Spatial and functional relationships inside buildings could be considered as being
graphical. In this research, our goal is not to develop a new ontology for modeling
the building structure, but to show how IoT collaboration platforms in smart buildings
leveraging semantic technologies could implement some global knowledge inference
functions for automatic control.

Therefore, to comply with and take full advantage of existing standard works in
this field, the Building Topology Ontology (BOT) was imported. The BOT is an OWL-
DL ontology [23] for defining both the physical and semantic relationships of the sub-
components inside a building. It was used to describe the semantic schema such as the
physical relationships, functionality parameters inside the building, of whom the data set
was static.

As shown in Figure 4a, high-level concepts of node hierarchies have been defined
by BOT. It was composed of: classes (e.g., Building, Space, etc.) for representing a spatial
entity; properties (e.g., has_storey, has_space, interface_of, etc.) for representing the
relations between entities; rules (e.g., wall could be modeled as an interface of two rooms;
door within a wall could be modeled as a tuple of <wall, has_element, door>). According
to the BOT ontology, the corresponding triplets (representing the entities and relationships)
of our building have been created. We referred the classes of BOT, i.g, site, building, zone,
space, element, etc. The details have been described as follows.

• Site: An area contains one or more buildings, that further could be used in the field of
city area computing.

• Building: Building node assembles all the sub-nodes within the building. Thus the
whole context inside the building could be referenced through the building node.

• Storey: A level/floor part of the building.
• Zone: Elevator and stairwells are modeled as a Zone, used as links of multiple storeys

through the BOT:intersectsZone relation.
• Space: A part of a storey, whose 3D spatial extent is bounded actually or theoretically.

In general, it represents a common space, e.g., a room, an elevator hall, toilet, corridor,
and so on. The space node assembles all the elements (i.g., sensor, actuator, device)
located within it.

• Element: Sensor, actuator, device were defined as element nodes deployed in space.
For each element, an identifier of ‘ucode’ has been assigned for associating the dy-
namic sensor observations through the unified API.
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Figure 4. (a) Classes and relationships involved in the Building Topology Ontology; (b) The hierarchy
of entities and relationships in BOT.

As shown in Figure 4b, aiming to interconnecting heterogeneous devices for further
efficient reasoning and heuristics, the model was hierarchically structured along with the
building architecture. We consider the graph-based hierarchical structure of the model
fits the building structure for the reasoning strategy because the indoor users’ motion
trace follows the features and layouts of the building. The model that is on representing
hierarchy in the building and it fits bottom-up data collection and decomposition. Also,
the model follows ordinary building designs that make it practicable for almost all the
common buildings.

RDF Data Store and Sparql Query Language

We separated the static ontology and dynamic sensing data into RDF store and rela-
tional database store. Spatial relationships were constructed by a BOT graph. Meanwhile,
sensor nodes (which were described as Element in the BOT) are continuously submit-
ting data in real-time that causes the data store to be large and get updated frequently.
We chose a relational database to store the sensor data. Those two data stores were asso-
ciated with the unique identification of ‘ucode’. Combining the ontology and relational
database enables to process of spatial-temporal data efficiently.

The choice of ontology informed the RDF data model [24], and SPARQL query lan-
guage [25] being selected for representing and querying graphs, respectively. The RDF
triple is a 3-tuple of <subject, predicate, object> that states a subject has a relationship
predicate (directed edge) to an entity object. SPARQL [25] defines a set of patterns that
constrains the set of RDF terms returned from the graph. Figure 5a shows a part of the
triple examples of our ontology data store. We chose Apache Jena for storing the ontology
data by RDF data structure. Apache Jena [26] is an open-source framework for managing
and querying RDF data. It contains a web frontend (Fuseki) and a SPARQL backend (TDB)
that supports all SPARQL 1.1 features. It also provides an API to extract data from and
write to RDF graphs by sparql protocol and RDF query language (SPARQL).

261



Appl. Sci. 2021, 11, 935

Figure 5. (a) The triple value examples of our data store, using the turtle format of RDF metadata;
(b) SPARQL query example of our proposal.

All entities and relationships exist in a namespace, identified by a URI. For exam-
ple, the namespace of our proposal is ‘https://URIoftheresearchbuilding/daiwa_BOT#’.
As the query example shown in Figure 5b, a graph of ‘all the sensor nodes within the spaces
(e.g., room, hall, corridor, etc.) that belong to the floors connected by the elevator’ could
be extracted.

4.3. Inference Engine

The inference engine combines the ontology and sensor observations to keep detection
of events inside the building. Sensor or device nodes change their states according to user
activities as well as their motion trajectories. The events that could be inferred by sensor
observations have been classified into two types: deterministic and probabilistic. Therefore,
a hybrid graphical model was chosen to implement the inference engine. Two different
methods including probabilistic and deterministic were used. Those are Bayesian Network
(BN) and Finite State Machine (FSM), shown in Figures 6 and 7, respectively.

Figure 6. The FSM model for presenting the state transition of elevator.

Figure 7. An intuitive example shows the Bayesian network.

Finite state machine (FSM). Finite state machines are suitable to describe the state
logic of observations on deterministic sensor values. As described above, the elevator
has been modeled as Zone entity in our ontology model. It works for transporting users
in the vertical dimension of the building. In general, elevator moves with a constant

262



Appl. Sci. 2021, 11, 935

moving speed (Tmoving) and several deterministic states. Therefore, finite state machines
are suitable to describe the state logic of observations on elevator’s moving. As shown in
Figure 6, a graph model of FSMs was used to implement the state transition of the elevator.
The details of parameters description were listed in Table 2.

Table 2. Parameters of the FSM model.

No. Symbol Description

1 Δt the time duration after the last sensed time
2 Tmoving the constant time of moving between two floors
3 Tthreshold the time threshold value to distinguish the states of “Boarding” and “Waiting”

In essence, the elevator changes its states according to passengers’ activities and
requests. Thus, the simultaneous state-mapping on users and elevator has been clarified
as shown in Figure 8. According to the predefined state transition of both the elevator
and users, the following event patterns could be elaborated: (1) while the elevator was
moving for picking-up, the user remains to wait at the departure floor; (2) while the elevator
was transporting, the user was riding on the cabin for heading to the destination floor;
(3) while the elevator was boarding for picking-off, that means the user had arrived at the
destination floor.

Figure 8. The state transitions of both the elevator and user.

Byesian network (BN). On the other hand, a few of events with high-level semantics
were inferred based on the conjunction of multiple correlated events. Graphical depen-
dencies among these event and sensor data observations in both the spatial and temporal
dimensions could be observed. A probabilistic graphical model has been proposed based
on the conditional inference on two correlated events. For example, there are bidirectional
effects on both the use of elevator and room-occupancy event (namely that when the user
leaves the room, he/she would call the elevator to move to another floor; when the elevator
comes to the floor for picking-off users, an event that user enters the room might happen).

In this proposal, Bayesian network (BN) was utilized for modeling the probabilistic
graph on these conditional events inside the building. As the probabilistic state transitions
shown in Figure 7, let Pe|(si, S) denotes the probability of estimated event based on the
sensor observation of si on the overall observations of S. The sensor observation si was
denoted as the tuple values <vi, ti> and could be directly extracted from the unified
API. For every sensor node in the BOT graph we defined the true state on the probability
distribution. The sensor observations S = {s1, s2..sn} was used for computing the probability
distributions with the measurement of mean, median, minimum and maximum, etc.

Algorithm 1 shows the overall algorithm that was applied for inferring the continuous
events based on the sensor observations. For every sensor node in the original dependency
graph, we add an event based on the observed state and timestamp in the event graph.
For every Δt value on edge i, j of two estimated events, if the conditional probability of Δt
is greater than the threshold value, the event conjunction was estimated and event Ei→m
was set to be true and be added on the event graph.

Markov Chain Monte Carlo (MCMC) Sampling Process

One of the main challenges in this inference engine is the probabilistic modeling on
Δt. The graph needs to capture the probability based on the statistical analysis of time
intervals. As shown in Equation (1), the Bayesian paradigm (so-called Bayes theorem)
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Algorithm 1: Generic Knowledge Extraction Algorithm
Input: KG with the data triple of (ei, si) where ei is an element in the sensor

knowledge graph; si denotes the sensor observation consisting of vi and ti,
which could be queried from the unified API

Output: {E} is noted as the set of (Ei, ti), means the inferred event Ei at the time
of ti based on P(Ei |si ,Si)

1 For each sensor observation si on the space entity ei:
2 Compute P(Ei |si ,Si)

3 while P(Ei |si ,Si)
> π̌ do

4 Add (Ek, ti) to {E}
5 while exits the linked neighbor em of which P(Em |sm ,Sm) > π̂ do

6 Add (Em, tj) to {E}
7 Δt = tj − ti
8 Compute P(Em|Ei, Δt)
9 end

10 end

was deployed to express the relation between three terms: a prior knowledge, a likelihood
(the knowledge coming from the observation), and a “posterior” (the updated knowledge).
Meanwhile, it can be noticed that one of the main difficulties faced when dealing with a
Bayesian inference problem comes from while the size of posterior samples is not enough
to converge.

In this proposal, we utilized the MCMC sampling method to overcome the mentioned
above issue. MCMC algorithms are aimed at generating samples from a given probability
distribution. It is useful for obtaining a sequence of random samples from a probability
distribution in which direct sampling is difficult, or the sample data is small or incom-
plete. Thus, instead of trying to deal with intractable computations involving the posterior,
we can get samples from using the existing samples and some definite prior value to com-
pute various punctual statistics to approximate the distribution by kernel
density estimation.

posterior︷ ︸︸ ︷
p(μ | Data) =

likelihood︷ ︸︸ ︷
p(Data | μ) ·

prior︷︸︸︷
p(μ)

p(Data)︸ ︷︷ ︸
marginal likelihood

(1)

The Metropolis–Hastings algorithm, one of the most common methods of MCMC
based sampling process, was utilized for drawing samples from probability distribution
P(Δt), provided that we know a function f (Δt) is proportional to the density of P(Δt) and
the values of f (Δt) can be calculated. The requirement that f (Δt) must only be proportional
to the density, rather than exactly equal to it, makes the Metropolis-Hastings algorithm
particularly useful while the size of event-related sensor observations is relatively small.

Local distance-based adjustment In this sampling process, as shown in Equation (2),
the prior distribution of Δt was adjusted according to the shortest distance Dist(ei, ej)
between two space entities (ei, ej) extracted from the BOT graph, where the prior prob-
ability P(μ) is the probability of the hypothesis μ before the Data D, was modeled as a
Gaussian distribution.

μ ∼ N( fDist(ei ,ej
), σ) (2)

where the value of fDist(ei ,ej)
showing the shortest distance is linearly-correlated with the

count of hops between two triggered sensor nodes in the graph, as denoted in Equation (3).

fDist(ei ,ej)
= ax + b (3)

264



Appl. Sci. 2021, 11, 935

Based on the shortest distance values extracted from the BOT graph and the Δt values
collected in the evaluation, the values of a, b in the linear regression could be calculated
by the Equations (4) and (5). Figure 9 shows the result of linear regression optimization of
Dist(ei, ej) with several distance examples have been illustrated as well.

C =
n

∑
1
(y − ŷ)2, where

∂C
∂a

= 0,
∂C
∂b

= 0 (4)

a =
∑n

1 xy − 1
n ∑n

1 x ∑n
1 y

∑n
1 x2 − 1

n
(∑n

1 x)2
, b =

1
n

n

∑
1
(y − ax) (5)

Collected data of Δt1, . . . , Δtn, was used for computing the prior probability.
With given the measured quantities Δt1, . . . , Δtn, the probability function has been modeled
as normally distributed, shown in Equation (6).

Δti ∼ N(μ, σ), where f (Δti|μ, σ) =
1√

2πσ2
e−

(Δti−μ)2

2σ2 (6)

In order to derive the approximated value μ of Δt1, . . . , Δtn, PyMC3 [27] was utilized
for performing Bayesian statistical sample processing focused on MCMC.
PyMC3 is an open-source probabilistic programming framework written in Python. It is
based on Theano.

Figure 9. (a) Result of linear regression of the shortest-distance in the graph and the μ value of Δt,
where the value of a, b are estimated to be 14.46, 26.7, respectively; (b) Several shortest distance
examples between rooms and elevator in our building.

5. Experiment and Evaluation

The experiments have been conducted in a real smart building named “Daiwa ubiq-
uitous computing research building” in the University of Tokyo. Figure 10 shows the
IoT-enabled environment of our smart building. The building has 5 floors including B2F,
B1F, 1F, 2F, 3F, and 43 space entities (i.e., room, hall, or corridor, etc.) and 1 elevator. At the
meantime, 846 spatial relation triples have been restored in the BOT graph.
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Figure 10. The IoT-enabled smart building environment.

In this experiment, we used the data collection of 114 lights and 1 elevator for knowl-
edge inference on the events of room occupancy and elevator motion. Figure 11 shows
the visualization of the light status in several rooms of the building, spanning 78-days
(from 13 September 2020 to 30 November 2020). The sizes of the sensor observations have
been listed in Table 3. It is worth to note that during the covid-19 pandemic, the collected
occupancy-related or event-conjunction-related sensor observations were much less than
normal periods.

Table 3. Sizes of the collected data.

Item
Raw Validate
Data Data

Light state 1,260,139 2669
Elevator state 14,377 14,377

Figure 11. The real examples of the monitored light states in several rooms.

5.1. Trace on Event Conjunction

Based on the MCMC sampling process, the value of Δt between two corresponding
events has been approximated. Figure 12 shows the results of approximated time inter-
vals between the event of elevator-arriving and light-up of several representative spaces.
Table 4 listed the detail results as well. Further, based on the approximated Δt, such as the
event conjunction of ‘light_turn_off -> elevator_arriving’ could be inferred. As a result,
the count of inferred room occupancy (Er), event conjunction (Er->Eel) and their conditional
probabilities have been summarized (see the details listed in Table 5). Here, the room of
which a total number of events over 80 have been picked on the list.
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Figure 12. Examples of approximated μ values of Δt, where (a-1,b-1,c-1) show the mean value result
on the observed raw data, while (a-2,b-2,c-2) show the approximated Δt after MCMC posterior
sampling process.

Table 4. MCMC sampling results Δt of several representative spaces.

Short_Dist μ Based on μ̄ of Observed MCMC Sampling Process

(Hops) by LR Optimization Sensor Data μ̆ hdi_3% hdi_97%

Room_A305 2 55.62 60.76 60.68 54.852 66.673
Room_A304 3 70.08 118.38 116.933 110.495 123.556
Room_A202 5 99.00 136.09 134.465 126.945 142.471
Room_B202 5 84.54 109.72 109.144 103.462 115.141
Room_B204 3 70.08 58.78 55.62 54.366 63.421

Table 5. Inferred results on event-conjunction of several representative spaces.

Er Er->Eel Per−>eel
(Count) (Count) Conditional Probability

Sum 1331 471 0.35

Room_A305 110 38 0.345
Room_A304 129 32 0.248
Room_A202 122 22 0.180
Room_B202 90 39 0.433
Room_B204 89 72 0.809

5.2. Assumption for Automatic Control on Elevator for Zero-Waiting Time

In order to evaluate the usability of the proposed framework, an automatic control
scenario on elevator has been assumed. In general, when the user wanted to use the
elevator, he/she has to first reach the elevator hall and press the upward or downward
button to make a call on the elevator (given the timestamp of t2 shown in Figure 13).
Then the elevator received the command and arrived at the floor (given the timestamp of t3
shown in Figure 13) to pick-up the user. The automatic control scenario was an assumption
based on knowledge inference on event conjunction. Suppose:

1. Room occupancy has been monitored in real-time based on the sensor observations;
2. If the agent detected a user leaving the room and further predicted the user has an

intention of using the elevator;
3. Then, the agent triggers the elevator in-advance to move to the user’s departure floor.
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Figure 13. Example shows the real event trace of room-usage and elevator.

The above assumption means when the user arrives at the elevator hall at t2 time,
the elevator has been ready for picking up the user. Thus, he/she can take a ride on the
elevator immediately and no waiting time (t3 − t2) was needed.

Therefore, the effectiveness of automatic control on elevator was evaluated by extract-
ing the historical users’ waiting time. The numbers of inferred event conjunction of room
occupancy -> elevator arriving (Er->Eel) has been listed in Table 6. Regarding the eleva-
tor usage, the count of non-waiting, waiting have been calculated as well. Furthermore,
the percentages of the different waiting time also have been inferred, respectively.

Table 6. Statistics of the users’ waiting event on elevator based on the mapping result of FSMs.

Er->Eel Without Waiting With Waiting

Sum 471 210 267

Probability 5 s 10 s 15 s 20 s

0.232 0.446 0.101 0.221

Figure 14 shows the statistical result of users’ waiting time calculated from collected
sensor data. The result demonstrated there were 267 waiting events happened among the
total of 471 elevator-using events, with the probability of waiting was 56.7%. In addition,
the total amount of waiting time was 3085 s and the average waiting time per user was
11.55 s (SD = 5.30 s).

Figure 14. The statistics of users’ waiting time on elevator mapped by FSMs.

These numerical results of users’ waiting time demonstrated the great potentials of
automatic control on elevator for pursuing the goal of zero-waiting of using the elevator.
The quantitative results also showed the effectiveness of the knowledge inference on
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event conjunction in smart building, for further improving the transport efficiency and
productivity of indoor users.

6. Discussion

In the experiments, room occupancy was determined as binary-mapping from light
state changing. The rule was set as: while the light is turning-on, the room is in occupancy;
otherwise, the room is out of occupancy. However, in real usage, more complicated
situations could be taken into consideration. Since people left the room without turning off
the light sometimes happens, multi-modal sensor fusion should be considered if pursuing
the inference accuracy. For example, the state of light and smart lock could be combined
for improving the accuracy of room occupancy detection. Nevertheless, the BOT-based
graph has provided opportunities for modeling other sensor observations in a structured
hierarchical graph. There could be few challenges for modeling other different types of
sensors to the existing ontology graph. Thus we consider that our approach could be
adapted to other sensor resources in the smart building if available, and the methodology
is practical for other smart buildings.

On the other hand, various sensors are currently installed in the smart building.
In addition to the diversity of sensors, more benefits of our proposal could be quantified
after a diverse range of automatic control application being implemented. For example,
tracing on human motion in the smart building, to automatic control the appliance pur-
suing reducing the energy consumption, improving human comfort, health in the smart
building. These mentioned-above application scenarios rely on knowledge inference in
smart building. Each part of this proposal:unified API of sensor network, knowledge graph
of the physical environment and the inference engine, was considered to be indispensable.
In this experiment, we formed a graph with the physical relations. Semantic schema (e.g.,
users’ identification, preferences, relations, as well as space affiliations, etc.) has not been
modeled in the graph. However, adding to these attributes, the inference engine would be
capable of analyzing user-related semantics.

7. Conclusions

In this paper, we presented a practical approach of event inference for automatic
control in IoT-enabled smart building environment. The proposal consists of unified API
development, knowledge base and inference engine. The event inference models based
on sensor observations was separated into deterministic and probabilistic. Therefore,
two types of models: finite state machine (FSMs) and bayesian network (BN) have been
used for capturing the state transition and sensor data fusion. As opposed to earlier
straightforward machine learning-based methods, our proposal focused on the conditional
conjunction and transition of two correlated events, for which a graph model of the physical
environment was considered necessary.

To tackle the problem of the sizes of time interval (Δt) observations were too small
to derive accurate results, MCMC sampling process has been utilized for approximating
the time intervals (Δt). Specifically, linear regression of local distances between two space
entities on the ontology graph has been leveraged for the optimization of the sampling
process. The proposal has been implemented in a real smart building environment and
78-days data collection of the state on light and elevator has been conducted for evaluation.
Event conjunctions on the light and elevator have been utilized for further inferring room
occupancy and indoor users’ trajectories.

To show the usability of the proposal, we extracted the knowledge of users’ waiting
time on the elevator. The FSM mapping result of elevator-using demonstrated the probabil-
ity of users’ waiting event was 56.7%, with the total waiting time during the evaluation
was 3085 s and average waiting time was 11.55 s. The numerical results demonstrated the
potential of automatic control for zero-waiting on elevator based on knowledge inference
on event conjunction in smart building.
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Abstract: We propose a method of enlarging the training dataset for a single-sample-per-person
(SSPP) face recognition problem. The appearance of the human face varies greatly, owing to various
intrinsic and extrinsic factors. In order to build a face recognition system that can operate robustly in
an uncontrolled, real environment, it is necessary for the algorithm to learn various images of the
same person. However, owing to limitations in the collection of facial image data, only one sample can
typically be obtained, causing difficulties in the performance and usability of the method. This paper
proposes a method that analyzes the changes in pixels in face images associated with variations by
extracting the binary weighted interpolation map (B-WIM) from neutral and variational images in the
auxiliary set. Then, a new variational image for the query image is created by combining the given
query (neutral) image and the variational image of the auxiliary set based on the B-WIM. As a result of
performing facial recognition comparison experiments on SSPP training data for various facial-image
databases, the proposed method shows superior performance compared with other methods.

Keywords: image generation; weighted interpolation map; binarization; single sample per person

1. Introduction

Face recognition technology is used to identify individuals from their captured facial images by
leveraging a labeled database containing people’s identities. Compared with other types of biometric
recognition, face recognition is less invasive and does not require a subject to be in proximity to or
in contact with a sensor, making the method widely applicable to user identification, e-commerce,
access control, surveillance, and human–computer interaction. However, because variations caused
by extrinsic factors (e.g., illumination and pose) and intrinsic factors (e.g., facial expression, age,
and accessories) are very large, it is difficult to robustly recognize a face under uncontrolled
conditions [1,2]. To deal with these variations, facial recognition methods have been studied under the
assumption that several images can be made available for each person, and high-performance methods
have been built using vast databases of this nature (e.g., VGGface2 [3], Tufts Face [4], UMDfaces [5]),
MegaFace [6], and LFW [7,8] databases).

However, for many large-scale face recognition applications (e.g., passport authentication, drivers’
license identification, and police investigations), the training data required to learn algorithms
do not offer many samples per person. In many cases, there is only a single sample per person
(SSPP) available [9,10]. For example, law enforcement agencies have constructed databases of facial
images (i.e., mug-shots) for decades. The related datasets comprise frontal face images under steady
illumination and blank expressions. However, owing to cost and privacy issues, these databases
are rarely augmented with extra multi-conditional candid photos. Furthermore, it is known that
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criminals usually attempt to disguise their identities when committing a crime [11,12]. Even if
they do not, it remains very difficult for systems to match active faces with the collected neutral
images. As such, the dearth of learnable data restricts the use of feature-extraction and various other
supervised methods [13–16].

To solve the SSPP problem, several methods of enlarging training datasets have been proposed to
generate new images from a given one. The theory of the evolution of technology suggests that such
datasets can be expanded using existing means [17–20]. In E(PC)2A2+ [21], extended from (PC)2A [22],
an image and its corresponding half-, first-, and second-order projected images were used as the
training set. In the (2D)2PCA method [23], new images were generated by simultaneously applying
two-directional principal component analysis (PCA) [24] in the row and column directions of 2D
images. In the SPCA+ method [25], the training set was enlarged by combining the original image
linearly with its derived image obtained by perturbing the image matrix’s singular values. In [26],
concatenated left- and right-side images obtained from the symmetry of the face were used as training
samples. In [27], images were generated using a symmetry transform for the intraclass and a linear
combination for the interclass. In the interclass relationship (ICR) [28], data were generated by a
weighted combination of (at least) two images in the training set. The ICR rectified the underestimated
intraclass and overestimated the interclass. In MVI [29], the training set was enlarged by generating
multiple low-resolution virtual images using a single high-resolution image. In SRGES [30], images
were generated by adding mean images of the difference between neutral and variational images for
each variation in the auxiliary set to the query image. In [31], occluded images were generated by
using a weighted interpolation map and an auxiliary set. The weighted interpolation map represented
the degrees of changes in pixels at the same positions between an image and its occluded version.
The degree of changes was measured using the standard deviation of the difference between neutral
and variational images in the auxiliary set. When generating a new image, the pixels at positions of
large differences were replaced with the pixel values of the average image of the occluded images in
the auxiliary set.

In this paper, we propose binary weighted interpolation maps (B-WIM) to enlarge the training
set for face recognition. Generally, the occurrence of variations leads the local pixels to change in
the face image. Supposing it is possible to grasp the change in local pixels between the original and
varied images, it then becomes possible to capture the characteristics of the image changes caused
by the variation. By analyzing these characteristics, the proposed method can maintain most of the
characteristics of the neutral image while replacing only the changed areas with the pixel values
of the variational one. For this, we first construct an auxiliary set consisting of neutral images and
their variational images. Then, the normalized weighted interpolation map is extracted by using
the log-scaled standard deviation of the absolute difference between the neutral images and the
corresponding variational images in the auxiliary set. Each element of the weighted interpolation map
reflects the degree of change caused by the variation in individual pixels, and a B-WIM is obtained via
binarization.

When generating a new image for a given query (neutral) image, the variational image
corresponding to the neutral image having the highest correlation with the query image is selected
from the auxiliary set. Then, a new image is generated by combining the query and selected variational
images. The overall procedure of the proposed method is shown in Figure 1.

The idea for the proposed method was motivated by the ICR concept and the weighted
interpolation map method, which are face-generating frameworks. However, unlike ICR, by simply
increasing the number of images by the weight combinations of two images, the proposed method
has the advantage of generating a natural image with a specific variation. Additionally, the proposed
method creates an image of higher quality than the weighted interpolation map (WIM) method by
selecting the neutral image and the variational image corresponding to the query image.

Face recognition experiments are evaluated using the following criteria. First, we measure the
change in the face recognition rate according to the degree of variation of different databases. Second,
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the face recognition performance is analyzed using unsupervised and supervised learning methods.
Finally, the overall face recognition rates of all methods are assessed. We compare the proposed
method with other methods dealing with the SSPP problem: WIM, ICR, E(PC2)A+, SPCA+, (2D)2PCA,
SLC, MVI, and SRGES. The results of the experiment show that the proposed method exhibits high
face recognition performance for all criteria.

The remainder of this paper is organized as follows. Section 2 explains the proposed method for
generating data and describes each procedure in detail. The experimental face recognition results are
described in Section 3, and the discussion and conclusion follow.

Figure 1. Overall procedure of the proposed method.

2. Proposed Method

Using ICR [28], a new image, Inew, is generated using a weighted combination of neutral images,
Ii and Ij, as

Inew = (1 − λ) · Ii + λ · Ij, where 0 ≤ λ ≤ 1 (1)

In Equation (1), the weight, λ, decides the ratio of Ii and Ij to be reflected in Inew. If λ is 0.5,
the two images are assumed to have been reflected equally. In the case of ICR, it is easy to generate
images by applying a single parameter for all pixels. However, the changes in some areas within
the image will not be reflected accurately, owing to variations. Extrinsic factors, such as occlusions,
cause changes in the neutral image. For example, pixels around the eyes change significantly when
wearing sunglasses. On the other hand, areas unrelated to these variations generally retain the pixel
information of the neutral image. Therefore, it is necessary to obtain the weights for each pixel.

In this paper, we propose a method to enlarge the training set. A new image, Inew, with variations,
is generated via a combination of the neutral image, I, and the variational image, Î, derived from I by
referring to the ICR. The method of generating a new image is redefined as follows:

Inew(u, v) = (1 −B(u, v))I(u, v) + B(u, v) Î(u, v). (2)

In Equation (2), B(u, v) is the pixel weight at a certain position in both I and Î. A new image, Inew,
is generated, containing the variations only in some areas while maintaining the characteristics of the
neutral image as much as possible.
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2.1. Binary Weighted Interpolation Maps (B-WIM)

The occurrence of variations changes the pixel values of the neutral image. Figure 2 shows the
difference between I and Î, caused by facial expression variations. In the aligned face images, the area
around the mouth where the smile occurs significantly changes the pixel value of I.

(a) I (b) Î (c) |Î − I|

Figure 2. (a) Neutral image; (b) variational image; (c) absolute difference between neutral and
variational image.

Absolute difference is the difference between (I∪ Î) and (I∩ Î). The standard deviation represents
the degree of statistical variation from the difference between the pixels of these images

M(u, v) = log

(
1

m − 1

√
m

∑
i=1

(| Îi(u, v)− Ii(u, v)| − μ(u, v))2

)

μ(u, v) =
1
m

m

∑
i=1

| Îi(u, v)− Ii(u, v)|
, (3)

where subscripts i(= 1, 2, .., m) denote the ith individual. In Equation (3), when the value is
very large according to the degree of change, some pixels are saturated in the generated image.
Therefore, the normalized M is calculated as follows:

M =
M − min(M)

max(M)− min(M)
. (4)

Figure 3a–f shows each M for facial expressions, such as angry, afraid, disgusted, sad, smiling,
and surprised. Facial expressions are related to the activation of a distinct set of facial muscles [32,33].
When smiling, pixels around the mouth, which are related to the levator anguli oris muscle, change
significantly when compared with the neutral image [34,35].

(a) MAN (b) MAF (c) MDI (d) MSA (e) MSM (f) MSU

(g) BAN (h) BAF (i) BDI (j) BSA (k) BSM (l) BSU

Figure 3. Weighted interpolation maps (M) and binary weighted interpolation maps (B) for facial
expressions. (AN: angry, AF: afraid, DI: disgusted, SA: sad, SM: smiling, SU: surprised).
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In a previous work [31], the WIM was extracted to measure the degree of change between neutral
and variational images in pixels, and the query image and mean-variational image from the WIM were
combined. However, the WIM has a problem in that the weight values of the locations associated with
variations may be relatively lower in the normalization process when the maximum value obtained
from Equation (3) is too large. If M(u, v) is 0.5, the location where the variation has occurred is not
replaced by the pixel value of Î(u, v). In this case, the pixel values for I(u, v) and Î(u, v) will be mixed
equally at Inew(u, v). This is a type of noise. To overcome this, we define B-WIMs B as follows:

B(u, v) =

{
1 M(u, v) > θ

0, M(u, v) ≤ θ
. (5)

In Equation (5), depending on the threshold, (θ), B(u, v) has a logical value of 0 or 1 (Figure 3g–l).
The pixel value of I(u, v) is fully reflected when the value of B(u, v) is 0. Conversely, if B(u, v) becomes
1, the pixel value of Inew(u, v) will completely replace the pixel value of Î(u, v). Accordingly, the WIM
problem can be solved.

We use the structural similarity (SSIM) index [36] to find the optimal θ. The SSIM index evaluates
a distorted image with respect to a reference image to quantify their structural similarity [37].

If θ is 0, all elements of B have a value of 1. Thus, Inew is obtained from Equation (2), which
becomes the same as the variational image (Î) in the auxiliary set. However, if θ is 1, the Inew is identical
to the query image (J). To find the value of θ to generate a new image in which the variation is reflected
in a balanced manner while maintaining the unique identity of the query image, we investigate
SSIM(I, Inew), SSIM(Î, Inew) of I, and Î in the auxiliary set by increasing θ from 0 to 1, respectively.
As shown in Figure 4, two SSIMs are balanced when θ is between 0.5 and 0.7. Thus, we set θ from 0.5
to 0.7, depending on the type of variation.
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Figure 4. Structural similarity (SSIM) results for each variation (a) angry; (b) afraid; (c) disgusted;
(d) sad; (e) smiling; (f) surprised.

Figure 5 shows the image samples generated by applying the B-WIM constructed from θ for the
“smiling” variation for images in the auxiliary set. It is visually confirmed that the variations in the
generated image are included while θ is less than 0.7.
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Figure 5. Generated images from I and Î for each threshold (θ).

2.2. Generation of New Images from a Query Image

The new image (Inew) can be generated from a query image (J) as follows:

Inew(u, v) = (1 −B(u, v))J(u, v) + B(u, v) Ĵ(u, v). (6)

Unlike during the phase of B-WIM extraction, a variational image (Ĵ) derived from J cannot be
obtained in the phase of image generation. Therefore, Ĵ must be replaced with another image in a
separate auxiliary set. In WIM, the mean image for each variation in the auxiliary set is used as Ĵ.
Although it can be applied equally to all query images, morphological elements may be lost if the
variation’s own changes are large. For example, mufflers can be worn in various ways depending on
a person’s personality. Moreover, the designs of mufflers are also very diverse. Therefore, the mean
image cannot preserve the form of all mufflers.

In this study, we select the neutral image (i.e., nearest neighbor) of the auxiliary set with a
minimum Euclidean distance (L2-norm) from the query image based on the whole pixel [28].

d(I, J) = ||I − J||22 (7)

Then, Ĵ is replaced by Îid, derived from Iid, where id is the index with a minimum distance from
J(min(d(I, J))). Equation (6) is redefined as

Inew(u, v) ≈ (1 −B(u, v))J(u, v) + B(u, v) Îid(u, v). (8)

Finally, Inew is generated from Equation (8).
The overall procedure of the proposed method is summarized as follows:

• Step 1: Extraction of the normalized WIM using log-scaled standard deviation of the absolute
difference between I and Î in the auxiliary set;

• Step 2: Binarization of WIM from threshold (θ) ;
• Step 3: Selection of the index (id) of the nearest neighbor in the auxiliary set based on Euclidean

distance with the query image; (min(||I − J||22))
• Step 4: Replacement of Ĵ with Îid, derived from Iid;
• Step 5: Generation of the new image (Inew).
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3. Experiments

3.1. Database

In the experiment, all images were aligned to 80 × 80 pixels via affine transformation based on
manually detected eye coordinates. Then, the image was compensated using histogram equalization [38].

We used the Bosphorus [32] and RaFD [39] databases in our face recognition experiments (Table 1).
The Bosphorus database comprises images captured under seven different facial expression conditions
from 58 subjects and includes various expressions, such as neutral, angry, disgusted, afraid, sad,
smiling, and surprised. The neutral images (“indexed 5”) were selected to generate new images,
and the remaining images were used for the face recognition test. The RaFD database contains
536 images captured from 67 subjects. Each subject provided images of eight facial expressions
(i.e., neutral, angry, contemptuous, disgusted, afraid, sad, smiling, and surprised). We used a neutral
image (“indexed 6”) to generate new images, and the remaining facial expression images were used for
testing. Both databases applied practiced expressions using a Facial Action Coding System (FACS) [33]
specialist. Furthermore, all subjects were tightly controlled through negative feedback to acquire the
required activation of action units (AU).

Table 1. Characteristics of each facial expression database.

Expression Bosphorus RaFD

Neutral © ©
Afraid © ©
Angry © ©
Disgusted © ©
Sad © ©
Smiling (smiling) © ©
Surprise (scream) © ©
Contemptuous ©
No. of subjects 58 67
No. of images per subject 7 8
Index of neutral face images 5 6
No. of testing images 348 469

3.2. Face Recognition Results

We compared the proposed method with other methods dealing with the SSPP problem (i.e., WIM,
ICR, E(PC2)A+, SPCA+, (2D)2PCA, SLC, MVI, and SRGES methods). The proposed method, WIM,
and SRGES generated as many images as the number of variations contained in the auxiliary set.
With the ICR, the number of generated images depended on the k neighbors in the training set and
the feature extraction method used by each database. In E(PC2)A+, the half-, first-, and second-order
projected images of each neutral image were used as the training set. In SPCA+, seven images were
enlarged from different n-order singular values for each neutral image in the training set. In (2D)2PCA,
an image was generated using a two-directional PCA in the row and column directions of the 2D
images. In SLC, 11 images from the neutral image were added to the training set, which included
symmetric images and linear combinations of virtual images. In MVI, four low-resolution images (size
40 × 40, 26 × 26, 20 × 20, and 16 × 16) are generated from the neutral image and various scaling factors
(i.e., 2, 3, 4, 5, respectively).

In this study, the face recognition performance of all methods was evaluated based on the
given criteria. First, we measured the change in the face recognition rate according to the degree of
variation in each database. Both databases contained similar facial expression variations, but they
differed in the intensity of the facial expressions. In the Bosphorus database, the AUs were captured
at their given peak intensity levels. In the RaFD database, there were large deviations in the
intensities of expressions according to subject. Thus, the RaFD database was closer to the real
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world than the Bosphorus one. Second, the face recognition performance was analyzed according
to unsupervised and supervised learning methods. An unsupervised learning-based PCA [24] and
supervised learning-based discriminant common vector (DCV) [40] were used to extract the features
for face recognition. PCA extracted (N + N ′ − 1) features, including the number of images of
training data (N ) and the number of enlarged images (N ′) from itself. DCV extracted (c − 1) features,
where c was the total number of classes, regardless of the number of images. In the face recognition
experiment, the recognition rates were measured using the maximum number of features extracted
from each method. If a given set had been modeled properly, it could be expected to show high
performance, regardless of the two methods. When evaluating the face recognition performance,
the one nearest-neighbor rule was used with the l2 norm as a classifier.

In this study, two protocols for face recognition were used [41]: “Closed Set” and “Open Set”,
according to the auxiliary set. These are described as follows:

• Closed set: In this case, all images were collected under similar conditions. Thus, all images
belonged to the same database. In the experiment, the database was divided into a face recognition
set and an auxiliary set. The face recognition set consisted of training and test sets. Neutral
images for each class used to generate images were included in the training set, and the remaining
images containing only variations were used as the test set. This method had the same variations
(“expression”) in both face recognition and auxiliary sets;

• Open set: This case used a separate auxiliary set from a given database to demonstrate the
superiority of the proposed method. The training and test sets were collected under similar
conditions. However, the auxiliary set was taken in environments different from those. The face
recognition set was constructed in the same way as in the “Closed Set” case, and neutral images
were used to enlarge the others. Both face recognition and auxiliary sets included “expression”
variations. However, the types of detailed variations could be different.

First, we divided the given databases into face recognition and auxiliary sets. A total of 30 subjects
from all subjects in each database were used for the face recognition set, and the others were used for
the auxiliary set. Among the 210 and 240 images for 30 subjects in the Bosphorus and RaFD databases,
respectively, neutral images were used as training data to construct PCA and DCV feature spaces
for face recognition, and variational images were generated using the proposed methods from these
images to enlarge the training set.

Table 2 shows the face recognition results for the “Closed Set” protocol. In the experimental results,
the proposed method, WIM, and (2D)2PCA presented similar facial-recognition results within the same
database, regardless of the feature-extraction manner. The other methods had a face recognition rate
difference of up to 21.11% between each manner. Additionally, the proposed method and WIM showed
high performance in the face recognition results according to the degree of variation by database.
For the rest of the methods, the face recognition performance decreased by more than 15.87∼33.17% as
the degree of variation increased. Figure 6 shows the recognition rates for a different number of DCV
features. The proposed method gives a recognition rate of 96.11% and 93.33%, with 29 features for
the Bosphorus and RaFD databases, respectively. As can be seen from Figure 6, the proposed method
shows a comparable or better recognition performance to the other methods, regardless of the number
of features. Finally, we confirmed that the proposed method was excellent in the absolute comparison
of face recognition rates for both databases. Because the proposed method consistently showed high
face recognition performance regardless of the various criteria, it could be inferred that a new image
was generated by reflecting the various variations from the given neutral images.
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Table 2. Face recognition results in Closed Set protocol.

Method
Bosphorus RaFD

PCA DCV PCA DCV

B-WIM 95.56% 96.11% 90.48% 93.33%
WIM [31] 91.11% 89.44% 84.29% 90.95%
ICR [28] 93.89% 71.67% 76.67% 59.05%
E(PC)2A2+ [21] 92.78% 84.44% 65.71% 65.24%
SPCA+ [25] 88.89% 85.00% 55.71% 65.71%
(2D)2PCA [26] 91.11% 92.78% 76.19% 75.71%
SLC [27] 91.11% 83.89% 75.24% 71.90%
MVI [29] 92.78% 90.56% 74.76% 75.24%
SRGES [30] 92.22% 82.78% 77.62% 93.33%

Generally, the basic emotion group consists of angry, disgusted, afraid, sad, smiling,
and surprised [42]. For the “Open Set” protocol, the auxiliary set containing six defined facial expressions
consists of the AR [43], CK+ [44], Jaffe [45], PF07 [46], and Yale [47] databases. Additionally, it included
various races and genders. To measure the degree of change from the variations, only subjects without
glasses (occlusion) were used to construct the auxiliary set. The selected subjects had images of both
neutral and facial expressions.
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Figure 6. Face recognition results for a various number of DCV features in “Closed Set” protocol.

The AR database contained images from 85 subjects (37 males and 48 females) of different
races [43]. We selected four facial expressions: neutral, angry, smiling, and screaming. The CK+
database contained 84 subjects from many different races. Image sequences contained changes in
facial expressions over time. The neutral image at the start time and the facial expression image at
the end time comprised the auxiliary set. We used seven facial expressions (i.e., neutral, angry, afraid,
disgusted, sad, smiling, and surprised), except for “contemptuous.” The Jaffe database included 10
subjects (only females) of Asian ethnic groups. Seven facial expressions of each subject were taken
(e.g., neutral, angry, afraid, disgusted, sad, smiling, and surprised). The PF07 database contained the
images of 200 subjects (100 males and 100 females) of Asian ethnic groups, all of whom provided
four images with different facial expression conditions (i.e., neutral, angry, smiling, and surprised).
The Yale database included 15 subjects (14 males and a female) of many different races. We used
four facial expressions (i.e., neutral, sad, smiling, and surprised), excluding those with eyes closed or
winking (Table 3).
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Table 3. Facial expressions in each database in the auxiliary set.

Expressions AR CK+ Jaffe PF07 Yale

Neutral © © © © ©
Afraid © ©
Angry © © © ©
Disgusted © ©
Sad © © ©
Smiling (smiling) © © © © ©
Surprised (screaming) © © © © ©

Table 4 shows the face recognition results with a separate auxiliary set. Because the auxiliary
set was constructed from separate databases, the face recognition experiment used images of all the
subjects contained in each database.

Table 4. Face recognition results in Open Set protocol.

Method
Bosphorus RaFD

PCA DCV PCA DCV

B-WIM 87.64% 88.51% 81.88% 87.21%
WIM [31] 86.49% 75.29% 76.12% 82.30%
ICR [28] 83.91% 66.67% 66.52% 49.89%
E(PC)2A2+ [21] 83.62% 72.70% 58.85% 61.19%
SPCA+ [25] 78.16% 76.72% 47.33% 55.86%
(2D)2PCA [26] 81.32% 82.76% 67.59% 67.38%
SLC [27] 82.18% 76.15% 71.86% 65.46%
MVI [29] 82.76% 83.05% 65.88% 69.08%
SRGES [30] 81.90% 83.91% 73.13% 82.73%

Depending on the degree of variation, the differences in face recognition rates were measured in
the order of the proposed method: (5.77%), SRGES (8.76%), WIM (10.37%), SLC (10.69%), (2D)2PCA
(15.38%), MVI (16.87%), ICR (17.38%), E(PC)2A2+ (24.77%), and SPCA+ (30.83%). For the criteria,
the proposed method and SLC maintained high performance, whereas the remaining methods showed
differences in face recognition performance. Generally, the proposed method showed the highest
face recognition rates. Figure 7 shows the recognition rates for a different number of DCV features.
The proposed method gives a recognition rate of 88.51% with 57 features and 87.21% with 66 features
for the Bosphorus and RaFD databases, respectively. As can be seen from Figure 7, the proposed
method shows the best recognition performance compared to the other methods for all number of
features. This experiment also confirmed the superiority of the proposed method for each criterion.

On the other hand, from the results of Tables 2 and 4, it can be seen that the recognition rate in the
“Closed Set” protocol was about 10% higher than that in the “Open Set” protocol. It is generally known
that face recognition performance decreases as the number of subjects to be recognized increases [48].
In our experiment, however, we think the main reason for the difference between the results of
Tables 2 and 4 is that, in the “Closed Set” protocol, the images included in the auxiliaries set had
homogeneous characteristics, because they were taken under similar conditions of resolution, camera
type, lighting conditions, etc. However, in the “Open Set” protocol, the auxiliary set comprised images
from various kinds of databases, which differ from the query images.
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Figure 7. Face recognition results for a various number of DCV features in “Open Set” protocol.

4. Discussion and Conclusions

Building a face recognition system that works robustly in various environments involves
difficulties in securing the data needed to learn recognition algorithms. Moreover, large-scale face
recognition applications typically use databases that contain SSPPs. A single image is not sufficiently
representative for face recognition. The SSPP problem makes using the feature extraction method in a
supervised manner quite difficult, because the interclass variations are unknown. To overcome this,
several methods have been proposed. However, there have been limitations in that these methods did
not reflect facial characteristics that could have various variations.

We proposed an image generation method that uses a B-WIM that leverages the fact that the
pixels of specific parts of the neutral face image vary significantly compared with other areas when
there is an environmental variation in face recognition. The B-WIM statistically reflects the change in
individual pixel values caused by the variation from the neutral and variational images included in the
auxiliary set. For a given query image (neutral image), the proposed method creates a new variational
image that reflects the characteristics of the variation while maintaining the unique characteristics of
the face in the query image based on B-WIM. Through this, a training dataset containing only one
sample per person can be made into a richer set that includes variational images for each person,
further improving the performance of the face recognition system.

The proposed method has the following advantages. The proposed method does not require a
large amount of computation or a large dataset for creating new images. When the number of pixels in
an image is n, while SPCA+ has the complexity of O(n2), the complexity of the proposed method is
O(n). Some methods, such as ICR, E(PC2)A+, (2D)2PCA, SLC, and MVI, require similar computations
as the proposed method but do not address specific variations. In contrast, the proposed method
generates high-quality variational images for query images in real-time, effectively improving the
performance of existing face recognition systems at a low cost. Face recognition experiments using
Bosphorus and RaFD databases showed that the proposed method outperformed the existing methods
for solving the SSPP problem. In addition to general facial recognition algorithms, images generated
using the proposed method can be utilized in the study of various facial images, including the fake
image detection algorithms [49,50].

On the other hand, by comparing the recognition rates for two protocols of face recognition,
“Closed Set” and “Open Set,” we found that the quality of the image created using the proposed
method was affected by the images included in the auxiliary set. Although the proposed method can
effectively generate new images for a specific variation, it does not control the degree of variation or
handle more than two variations simultaneously. It is expected that the small sample-size problems,
including the SSPP problem, can be solved more effectively by subdividing the degree of variation
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within the proposed method’s algorithmic structure and applying the interpolation maps for two or
more types of variations together. We leave these problems to future works.
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B-WIM binary weighted interpolation maps
DCV discriminant common vector
FACS facial action coding system
ICR interclass relationship
PCA principal component analysis
SSIM structural similarity
SSPP single sample per person
WIM weighted interpolation maps

References

1. Kortli, Y.; Jridi, M.; Al Falou, A.; Atri, M. Face recognition systems: A Survey. Sensors 2020, 20, 342.
[CrossRef]

2. Choi, S.I.; Lee, Y.; Lee, M. Face Recognition in SSPP Problem Using Face Relighting Based on Coupled
Bilinear Model. Sensors 2019, 19, 43. [CrossRef]

3. Cao, Q.; Shen, L.; Xie, W.; Parkhi, O.M.; Zisserman, A. Vggface2: A dataset for recognising faces across
pose and age. In Proceedings of the 2018 13th IEEE International Conference on Automatic Face & Gesture
Recognition (FG 2018), Xi’an, China, 15–19 May 2018; pp. 67–74.

4. Panetta, K.; Wan, Q.; Agaian, S.; Rajeev, S.; Kamath, S.; Rajendran, R.; Rao, S.; Kaszowska, A.; Taylor, H.;
Samani, A.; et al. A comprehensive database for benchmarking imaging systems. IEEE Trans. Pattern Anal.
Mach. Intell. 2018, 42, 509–520. [CrossRef]

5. Bansal, A.; Nanduri, A.; Castillo, C.D.; Ranjan, R.; Chellappa, R. Umdfaces: An annotated face dataset for
training deep networks. In Proceedings of the 2017 IEEE International Joint Conference on Biometrics (IJCB),
Denver, CO, USA, 1–4 October 2017; pp. 464–473.

6. Kemelmacher-Shlizerman, I.; Seitz, S.M.; Miller, D.; Brossard, E. The megaface benchmark: 1 million faces
for recognition at scale. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Las Vegas, NV, USA, 27–30 June 2016; pp. 4873–4882.

7. Huang, G.B.; Mattar, M.; Berg, T.; Learned-Miller, E. Labeled Faces in the Wild: A Database for Studying Face
Recognition in Unconstrained Environments. 2008. Available online: http://vis-www.cs.umass.edu/lfw
(accessed on 1 September 2020).

8. Huang, G.B.; Learned-Miller, E. Labeled Faces in the Wild: Updates and New Reporting Procedures; Technical
Report UM-CS-2014-003; Department of Computer Science, University of Massachusetts Amherst: Amherst,
MA, USA, 2014.

9. Tan, X.; Chen, S.; Zhou, Z.H.; Zhang, F. Face recognition from a single image per person: A survey.
Pattern Recognit. 2006, 39, 1725–1745. [CrossRef]

10. Ríos-Sánchez, B.; Costa-da Silva, D.; Martín-Yuste, N.; Sánchez-Ávila, C. Deep Learning for Facial
Recognition on Single Sample per Person Scenarios with Varied Capturing Conditions. Appl. Sci. 2019,
9, 5474. [CrossRef]

11. Noyes, E.; Jenkins, R. Deliberate disguise in face identification. J. Exp. Psychol. Appl. 2019, 25, 280. [CrossRef]
12. Demleitner, N.V. Witness Protection in Criminal Cases: Anonymity, Disguise or Other Options? Am. J.

Comp. Law 1998, 46, 641–664. [CrossRef]

284



Appl. Sci. 2020, 10, 6659

13. Wang, F.; Cheng, J.; Liu, W.; Liu, H. Additive margin softmax for face verification. IEEE Signal Process. Lett.
2018, 25, 926–930. [CrossRef]

14. Deng, J.; Guo, J.; Xue, N.; Zafeiriou, S. Arcface: Additive angular margin loss for deep face recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Long Beach, CA, USA,
15–20 June 2019; pp. 4690–4699.

15. Wang, H.; Wang, Y.; Zhou, Z.; Ji, X.; Gong, D.; Zhou, J.; Li, Z.; Liu, W. Cosface: Large margin cosine loss for
deep face recognition. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition,
Salt Lake City, UT, USA, 18–22 June 2018; pp. 5265–5274.

16. Zheng, Y.; Pal, D.K.; Savvides, M. Ring loss: Convex feature normalization for face recognition.
In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition, Salt Lake City, UT,
USA, 18–22 June 2018; pp. 5089–5097.

17. Coccia, M.; Watts, J. A theory of the evolution of technology: Technological parasitism and the implications
for innovation magement. J. Eng. Technol. Manag. 2020, 55, 101552. [CrossRef]

18. Coccia, M. Sources of technological innovation: Radical and incremental innovation problem-driven to
support competitive advantage of firms. Technol. Anal. Strateg. Manag. 2017, 29, 1048–1061. [CrossRef]

19. Arthur, W.B. The Nature of Technology: What It Is and How It Evolves; Simon and Schuster: New York City, NY,
USA, 2009.

20. Arthur, W.B.; Polak, W. The evolution of technology within a simple computer model. Complexity 2006,
11, 23–31. [CrossRef]

21. Chen, S.; Zhang, D.; Zhou, Z.H. Enhanced (PC)2A for face recognition with one training image per person.
Pattern Recognit. Lett. 2004, 25, 1173–1181. [CrossRef]

22. Wu, J.; Zhou, Z.H. Face recognition with one training image per person. Pattern Recognit. Lett. 2002,
23, 1711–1719. [CrossRef]

23. Zhang, D.; Zhou, Z.H. (2D)2PCA: Two-directional two-dimensional PCA for efficient face representation
and recognition. Neurocomputing 2005, 69, 224–231. [CrossRef]

24. Turk, M.; Pentland, A. Eigenfaces for recognition. J. Cogn. Neurosci. 1991, 3, 71–86. [CrossRef]
25. Zhang, D.; Chen, S.; Zhou, Z.H. A new face recognition method based on SVD perturbation for single

example image per person. Appl. Math. Comput. 2005, 163, 895–907. [CrossRef]
26. Xu, Y.; Zhu, X.; Li, Z.; Liu, G.; Lu, Y.; Liu, H. Using the original and ‘symmetrical face’ training samples to

perform representation based two-step face recognition. Pattern Recognit. 2013, 46, 1151–1158. [CrossRef]
27. Zhang, T.; Li, X.; Guo, R.Z. Producing virtual face images for single sample face recognition. Opt.-Int. J.

Light Electron Opt. 2014, 125, 5017–5024. [CrossRef]
28. Li, Q.; Wang, H.J.; You, J.; Li, Z.M.; Li, J.X. Enlarge the training set based on inter-class relationship for face

recognition from one image per person. PLoS ONE 2013, 8, e68539. [CrossRef]
29. Moon, H.M.; Kim, M.G.; Shin, J.H.; Pan, S.B. Multiresolution face recognition through virtual faces generation

using a single image for one person. Wirel. Commun. Mob. Comput. 2018, 2018. [CrossRef]
30. Ding, Y.; Qi, L.; Tie, Y.; Liang, C.; Wang, Z. Single sample per person face recognition based on

sparse representation with extended generic set. In Proceedings of the 2018 International Conference
on Cyber-Enabled Distributed Computing and Knowledge Discovery (CyberC), Zhengzhou, China,
18–20 October 2018; pp. 37–375.

31. Lee, Y.; Kang, J. Occlusion Images Generation from Occlusion-Free Images for Criminals Identification based
on Artificial Intelligence Using Image. Int. J. Eng. Technol. 2018, 7, 161–164.
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Abstract: Evaluation of machine translation (MT) into morphologically rich languages has not been
well studied despite its importance. This paper proposes a classifier, that is, a deep learning (DL)
schema for MT evaluation, based on different categories of information (linguistic features, natural
language processing (NLP) metrics and embeddings), by using a model for machine learning based
on noisy and small datasets. The linguistic features are string based for the language pairs English
(EN)–Greek (EL) and EN–Italian (IT). The paper also explores the linguistic differences that affect
evaluation accuracy between different kinds of corpora. A comparative study between using a simple
embedding layer (mathematically calculated) and pre-trained embeddings is conducted. Moreover,
an analysis of the impact of feature selection and dimensionality reduction on classification accuracy
has been conducted. Results show that using a neural network (NN) model with different input
representations produces results that clearly outperform the state-of-the-art for MT evaluation for
EN–EL and EN–IT, by an increase of almost 0.40 points in correlation with human judgments on
pairwise MT evaluation. It is observed that the proposed algorithm achieved better results on noisy
and small datasets. In addition, for a more integrated analysis of the accuracy results, a qualitative
linguistic analysis has been carried out in order to address complex linguistic phenomena.

Keywords: machine learning; deep learning; machine translation; pairwise evaluation; educational
data; small datasets; noisy datasets

1. Introduction

Machine translation (MT) applications have nowadays infiltrated almost every aspect
of everyday activities. For the development of efficient MT solutions, reliable automated
evaluation schemata are required. Over the past few years, neural network (NN) models
have improved the state-of-the-art of different natural language processing (NLP) appli-
cations [1], such as language modeling [2,3], improving answer ranking in community
question answering [4], improving translation modeling [5–7], as well as evaluating ma-
chine translation output [4,8,9]. Embeddings are a powerful way of representing text,
provided that they are able to capture the linguistic identity (morphosyntactic and semantic
profile) of a sentence/word. In 2013, Mikolov et al. [3] released the word2vec library.
Word2vec became quickly the dominant approach for vectorizing textual data. The NLP
models that were already well studied based on traditional approaches, such as latent se-
mantic indexing (LSI) and vector representations using term frequency–inverse document
frequency (TF-IDF) weighting, have been tested against word embeddings and, in most
cases, word embeddings have come out on top. Since then, the research focus has shifted
towards embedding approaches.

The present study aims to find out how embeddings, obtained through various means,
in combination with different kinds of information fuse, affect classification accuracy
small and noisy dataset, when used to train a model to choose the best translation output.
The target languages (in contrast to the source language) are rich in morphology, as the
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proposed schema is applied to the English–Greek (EN–EL) and English–Italian (EN–IT)
language pairs. Greek and Italian languages have a rich inflectional morphology, as the
nouns have different grammatical morphemes for the genders and the verbs have different
grammatical morphemes for the two numbers and for the first, second and third person as
well. In particular, the proposed NN learning schema is set up to test:

• two different forms of text structure (an informal (noisy) corpus (C1), and a formal,
well-structured corpus (C2)) will be experimented with;

• a comparative analysis of two different ways of calculating embeddings (the straight-
forwardly mathematically calculated layer embeddings and the use of pre-trained
embeddings) will be conducted

• the application of the SMOTE [10] oversampling technique during training will be
investigated in order to overcome data imbalance phenomena;

• the use of two string-based linguistic features (hand-crafted), that capture the similar-
ity between the MT outputs and the reference translation (Sr).

Further innovative aspects of the present work include:

• a novel deep learning architecture with innovative feeding structure that involves
features of various linguistic levels and sources;

• a qualitative linguistic analysis that aims to reveal linguistic phenomena linked to
poor/rich morphology, that impact on translation performance;

• the exploration of two different validation options (k-fold cross validation (CV) and
Percentage split);

• the application of feature selection and dimensionality reduction methods;
• the application of the proposed multi-input, multi-level learning schema on text data

from very different genres.

The rest of the paper is organized as follows—Section 2 presents the related work in
the addressed scientific area. Section 3 describes the data sets (corpora), the feature set used,
the learning framework and the network settings. Section 4 describes more experimental
details and the results of the classification process. Finally, Section 5 presents the paper’s
conclusions and directions for future research.

2. Related Work

Some of the most popular methods in automatic MT evaluation rely on score based
metrics. These metrics include (i) metrics based on n-gram counts, such as Bilingual
Evaluation Understudy (BLEU) [11] and National Institute of Standards and Technol-
ogy (NIST) [12], or on the edit distance, like Word Error Rate (WER) [13], (ii) metrics
using external resources, like WordNet and paraphrase databases—METEOR [14] and
Translation Error Rate (TER) [15], (iii) metrics based on lexical similarity or syntactic
similarity (involving higher level information, such as part of speech tags (POS)) between
the MT outputs and the reference, and iv) neural metrics such as ReVal [8] and Regressor
Using Sentence Embeddings (RUSE) [16], which directly learn embeddings for the entire
translation and reference sentences using long short-term memory (LSTM) networks and
pre-trained sentence representations.

Several research approaches on text classification, system ranking and selection tech-
niques have been proposed using machine learning schemata. Guzmán et al. [4] focus
on a ranking approach based on predicting BLEU scores. Duh [17] decomposes rankings
into parallel decisions, with the best translation for each candidate pair predicted, using a
ranking-specific feature set and BLEU score information. The framework involves a Sup-
port Vector Machine (SVM) classifier. A similar pairwise ranking approach was proposed
by Mouratidis and Kermanidis [9], using a random forest (RF) classifier.

Neural networks are also used in the literature frameworks. Recurrent neural net-
works (RNN) and long short term memory (LSTM) networks [18], which are widely
popular for learning sentence representations, have been taken up widely in a variety of
NLP tasks [6,7]. Cho et al. [7] proposed a score-based scheme to learn the translation proba-
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bility of a source phrase to a target phrase (MT output) with an RNN encoder-decoder. They
showed that this learning scheme has improved the translation performance. The scheme
proposed by Sutskever et al. [19] is similar to Cho et al. [7] work, but Sutskever et al. [19]
chose the top 1000 best candidate translations produced by a Statistical Machine Translation
(SMT) system with a 4-layer LSTM sequence-to-sequence model. LSTM networks are also
widely adopted in MT evaluation [8]. LSTM memory units incorporate gates to control the
information flow and they can preserve information for long periods of time. Wu et al. [20]
trained a deep LSTM network to optimize BLEU scores when translating from English
to German and English to French, but they found that the improvement in BLEU scores
did not reflect the human evaluation of translation quality. Mouratidis et al. [21] used
LSTM layers in a learning framework for evaluating pairwise MT outputs using vector
representations, in order to show that the linguistic features of the source text can affect
MT evaluation. Convolutional neural networks (CNN) are less common for sequence to
sequence modeling, despite several advantages [22]. Compared to RNN, CNN create rep-
resentations for fixed size contexts and do not depend on the computations of the previous
time step because they do not maintain a hidden state. Gehring et al. [23] proposed an
architecture for sequence to sequence modeling based on CNN. The model is equipped
with linear units [24] and residual connections [25]. They also used attention in every
decoder layer and demonstrated that each attention layer only adds a very small amount
of overhead. Vaswani et al. [26] proposed a self-attention-based model and dispensed
convolutions and recurrences entirely. Bradbury et al. [27] introduced recurrent pooling
between a succession of convolutional layers, while Kalchbrenner et al. [28] studied neural
translation without attention.

However, little attention has been paid to their direct applicability to languages with
rich morphology. The present work focuses on the automatic evaluation of translation
into morphologically rich languages, (Greek and Italian). The aim of this work is to
identify the input information that is more effective for feeding a learning schema. Input
information is investigated according to certain criteria, that is, the different means of
calculating embeddings, the features of varying levels of linguistic information, the different
dataset genres.

3. Materials and Methods

This section describes the dataset, the linguistic features and the NN architecture used
in the experiments.

3.1. Dataset

In these experiments, two different types of parallel corpora in the two language pairs
(EN-EL and EN-IT) are used. The first dataset (C1) consists of the test sets developed in the
TraMOOC project [29]. It is a small and noisy dataset as it is comprised of educational video
lecture subtitles, lecture presentation slides and assignments, while it contains mathemati-
cal expressions, spoken language features, fillers, repetitions, and many special characters,
such as /, @. The second formal dataset (C2) consists of parallel corpora from European
Union legal documents, found on EUR-Lex, the online gateway to European Union Law, un-
der the category “Consolidated texts”. The chosen sentences are from Directives, Decisions,
Implementing Decisions, Regulations and Implementing Regulations of the European
Council and the European Commission, on the following issues: general, financial and
institutional matters, competition and development policy, energy, agriculture, economic,
monetary and commercial policy, taxation, social policy and transport policy. As pointed
out, C1, is not a well-structured corpus as it contains linguistic phenomena which are
unorthodox and ungrammatical, like misspellings, repetitions, fillers, disfluencies, spoken
language features and so forth. On the other hand, C2 is formal language text. For the C1
corpus it was necessary to perform data pre-processing, that is, removal of special symbols
(@, /), and alignment corrections. For the C2 corpus no pre-processing was required. Two
MT outputs were used - one generated by SMT models, that is, the Moses toolkit [30] for
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C1 and Google Translate [31] for C2, and the second was generated by Neural Machine
Translation (NMT) models, that is, the Nematus toolkit [32] for C1 and Google Translate
for C2. The Moses and Nematus prototypes are trained in both in- and out- of domain
data. The Nematus is trained on additional in-domain data provided via crowdsourcing,
and also includes layer normalization and improved domain adaptation. In-domain data
included data from TED, Coursera, and so forth [33]. Out-of-domain data included data
from Europal, OPUS, WMT News corpora and so forth. The Google Translate prototype
was trained on over 25 billion examples. More details about the corpora are presented in
Table 1.

Table 1. Corpora details on the two machine translation (MT) outputs (S1 for the Statistical Machine Translation (SMT)
output and S2 for the Neural Machine Translation (NMT) output) SSE for the source sentences and the Sr.

Corpus Number of Average of Number of Unique Words
Sentences Sentences Length Total Words SSE/S1/S2/Sr

SSE/S1/S2/Sr SSE/S1/S2/Sr

EL_C1 2687 15.8/15.9/15.7/16.2 42518/42953/42216/43562 5167/7331/7424/7830
EL_C2 2022 31.5/33.9/33.0/33.7 66425/68457/66773/68119 6022/8729/9022/9797
IT_C1 2687 15.8/15./15.6/16.0 42894/43152/42001/42357 5167/6280/6059/6440
IT_C2 2022 31.5/32.0/30.1/31.8 66425/67521/66982/68521 6022/6728/6556/7374

3.2. Features

The employed feature set is divided into two categories: one consisting of hand-
crafted string-based features from the MT outputs, SSE and Sr, and the other consisting of
commonly used NLP Metrics. The first category contains (i) simple features (e.g., distances
like Levenshtein [34], longest word for S1, S2, Sr, SSE, features using the Length Factor
(LF) [35]), (ii) features identifying the noise in the corpus (e.g., repeated words/characters,
unusually long words in number of characters), and (iii) features providing linguistic
information from the SSE in EN (e.g., the length of the SSE in number of words and
number of characters). The feature set was inspired by the work of References [36,37].
The second category contains the NLP metrics, that is, the BLEU score, METEOR, TER and
WER for (S1, S2), (S1, Sr), (S2, Sr). To calculate the BLEU score, an implementation of the
BLEU score from the Python Natural Language Toolkit library [38] is adopted. For the
calculation of the other three metrics, the code from GitHub [39] is used. The total number
of features is 82. A detailed description of the feature set can be found in Reference [21].

In the present work, the employed feature set is extended and two additional novel
linguistic feature pairs, which belong to the first category, have been used (increasing
thereby the feature dimensions from 82 to 86). These features are similarity-based. The first
feature cmt shows the percentage of identical words between the MT outputs and Sr,
without taking into account the word order. The second feature rmt shows the percentage
of identical parts of MT output included in the Sr. More specifically, this feature shows
whether the MT output is a contiguous subsequence of Sr. The features are defined in
Equations (1) and (2) respectively:

cmt =
|Smt ∩ Sr|
|Smt ∪ Sr| (1)

rmt =
|Smt ∩ Sr|

|(Smt ∩ Sr)′| with|(Smt ∩ Sr)
′| �= 0. (2)

where Smt is one of the S1, S2.
As an example, if
Sr = {η (the), υπηρεσία (department), προσδιορίζει (specify), το (the), διάστημα (period)},
S1 = {το (the), χρονικό (time), διάστημα (period), η (the), υπηρεσία (department), καθορίζει

(determines)},
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S2 = {η (the), υπηρεσία (department), προσδιορίζει (specify), την (the), περίοδο (period)},
then cmt = 0.57, rmt = 1.3 for S1 MT output and cmt = 0.43, rmt = 0.75 for S2 MT output.

All feature values were calculated using MATLAB, and their values have been nor-
malized and vary between 0 and 1.

3.3. Embedding Layers

Firstly, an embedding layer (mathematically-calculated embeddings) is used for the
two MT outputs and the Sr. The encoding function applied is the one-hot function. The em-
bedding layer size, in number of nodes, is 16. The input dimensions of the embedding layer
is in agreement with the vocabulary of each language, taking into account the most frequent
words (500 for EN-EL/700 for EN-IT). The embedding layer used is the one provided by
Keras [40]. Secondly, a Greek version of WordSim353 [41] is adopted for pre-trained em-
beddings. More specifically WordSim353 contains the 300-dimensional Greek embeddings
of 350 K words, trained on 20 M of URLs with Greek language content and they computed
in 2018. More details about the number of unique sentences, unigrams, bigrams, trigrams
and so forth can be found in Outsios et al. [41]. In this case, the embedding layer utilized
the embedding matrix produced by the embedding_index dictionary and the word_index.
The Embedding layer should be fed with padded sequences of integers. For this purpose,
the keras.preprocessing.text.Tokenizer and the keras.preprocessing.sequence.pad_sequences [40]
were run. For the pre-trained Italian embeddings, the Wikipedia2Vec tool is used [42].
The size, in number of nodes, of the embedding layer is 300, as is the dimension of pre-
trained embeddings for both datasets.

3.4. NN Architecture

This study aims to identify the best MT output out of the two provided. Two linguists
annotated the sentences with 1 if the NMT output is better than the SMT one and with 0
if the SMT output is better than the NMT. A low annotation percentage is observed for
the SMT class (EL: 37% for C1, 48% for C2, IT: 43% for C1, 48% for C2) compared with the
NMT class (EL: 63% for C1, 52% for C2, IT: 57% for C1, 52% for C2). A low annotation
agreement rate is observed (C1: 5% for EN-EL/6% for EN-IT, C2: 3% for EN-EL/5% for
EN-IT). For the few different answers, the annotators had a discussion and finally agreed
on one common label. The NN model takes as input the tuple (S1, S2, Sr). These sentences
are passed to the embedding layer. Two ways for extracting embeddings are applied
(described in Section 3.3) producing EmbS1, EmbS2, EmbSr. The EmbS1, EmbS2, EmbSr
vectors are concatenated in a pairwise fashion as (EmbS1, EmbS2), (EmbS1, EmbSr), (EmbS2,
EmbSr), and they form the input to the similarity-based hidden layers h12, h1r, h2r. As extra
inputs, the hidden layers are fed with the matrices H12[i,j], H1r[i,j], H2r[i,j] (where i is the
number of sentences and j the number of features), containing the second category features
(NLP set). The hidden layer outputs form the input to the output layer. Moreover, an extra
input to the output layer is used: the matrix A[i,j], containing the first category features
(described in Section 3.2). The DL NN schema is shown in Figure 1.
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Figure 1. Neural network (NN) architecture.

The binary classification problem is modeled as a Bernoulli distribution (Equation (3)):

Y ∼ Bernoulli(Y \ by), (3)

where by is the sigmoid function σ(wTx + b), wT and b are the network’s parameters.

3.5. Network Settings

The network model architecture for the experiments is a classic architecture of RNN
networks (2 LSTM layers with 400 hidden units) and feedforward layers (4 Dense layers,
that is, 3 layers with 50 hidden units and 1 layer with 400 hidden units). The network
is trained using the Adam optimizer [43] to optimize parameters. To avoid over-fitting,
dropout is applied with a rate of 0.05, using the loss function of binary cross entropy and
the regularization parameter λ is set equal to “10−3”. 10-fold CV and 70% percentage split
were employed for testing.

4. Results

4.1. Performance Evaluation

In this experiment (a) we investigate whether the predicted classifications have any
correlation with human annotation, (b) we compare the proposed classification mechanism
against the baseline classification models for small noisy and formal datasets respectively,
(c) we compare two different ways of generating the embedding layer, and (d) we test two
different options of validation methods. Table 2 presents the classification results (Precision
and Recall) for the different MT outputs over the two different datasets. The C1 corpus
presents a classification increase, for both language pairs (accuracy: 72% EN-EL/70% for
EN-IT), in contrast to the C2 corpus (accuracy: 68% for EN-EL/65% for EN-IT), even
though the C1 corpus contains a lot of noise. This is probably due to the fact that the C1
corpus contains more sentences, and, also, because the C2 corpus has richer vocabulary and
more formal structure. It is more difficult for the classifier to choose the best MT output,
because the SMT output is more similar to the NMT output in this corpus (C2). It is also
observed that both evaluation metrics chose the NMT model over the SMT one, which is in
accordance to the annotators’ results. In addition, the aforementioned accuracy results are
obtained when the NN uses the simple embedding layer. However, when the pre-trained
embeddings are used, the model does not lead to better results (average accuracy of C1
and C2: 66% for EN-EL/65% for EN-IT), since the embeddings are trained on the general-
purpose corpus, which is not representative of the input corpora used therein. At this point,
it is worth mentioning that the pre-trained embeddings seem to be more effective for the
EN-IT pair than for the EN-EL language pair. As far as the different types of corpora are
concerned, pre-trained embeddings are more efficient for the C2 corpus (average accuracy
of EN-EL and EN-IT: 66%) than the C1 corpus (average accuracy of EN-EL and EN-IT:
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64%). This is probably due to the fact that the C2 corpus has richer vocabulary than the
C1 corpus.

An approach to improve the classification accuracy of a small and noisy dataset
is to apply the SMOTE oversampling technique on the training data. Using SMOTE,
the sentences of the minority class (SMT) doubled in number, and the total number of
sentences reached 3024 for C1 and 2276 for C2. It is important to compare the performance
between the 82 and the 86 feature dimensions, with and without the SMOTE filter. When
SMOTE is applied, a small accuracy increase is observed on the 82 features (average
accuracy of C1 and C2: 68% for EN-EL/67% For EN-IT), and an even higher increase
on the 86 features (average accuracy of C1 and C2: 70% for EN-EL/68% for EN-IT). It is
interesting that the EN-EL corpora outperformed EN-IT in all the experiments. The results
with the use of the two new suggested features are generally better for both corpora and
language pairs.

Table 2. Accuracy performance for two embeddings layer types for the two corpus English–Greek (EN–EL)/English–Italian
(EN–IT).

Simple Embedding Layer Pre-Trained

MT Model 82 Features 86 Features 82 Features 86 Features

Precision Recall Precision Recall Precision Recall Precision Recall

Language pair: EN-EL

NN model with 2687 segments for C1 and 2022 segments for C2
SMT C1 70% 89% 70% 92% 70% 77% 68% 77%
NMT C1 67% 37% 69% 31% 54% 40% 50% 45%
SMT C2 62% 59% 63% 60% 60% 58% 62% 64%
NMT C2 58% 60% 55% 59% 56% 59% 57% 62%

NN model_SMOTE with 3024 segments for C1 and 2276 segments for C2
SMT C1 68% 72% 68% 78% 65% 67% 65% 75%
NMT C1 48% 41% 48% 42% 40% 37% 54% 46%
SMT C2 58% 49% 60% 52% 66% 45% 65% 73%
NMT C2 60% 59% 60% 64% 54% 65% 55% 45%

Language pair: EN-IT

NN model with 2687 segments for C1 and 2022 segments for C2
SMT C1 62% 44% 65% 44% 68% 52% 70% 80%
NMT C1 70% 87% 60% 80% 65% 75% 82% 60%
SMT C2 55% 31% 57% 37% 56% 40% 59% 45%
NMT C2 54% 76% 55% 76% 60% 81% 62% 80%

NN model_SMOTE with 3024 segments for C1 and 2276 segments for C2
SMT C1 50% 63% 58% 38% 70% 55% 68% 77%
NMT C1 56% 43% 61% 77% 65% 69% 70% 55%
SMT C2 51% 51% 57% 45% 56% 40% 58% 40%
NMT C2 52% 56% 60% 56% 62% 68% 70% 65%

Firstly, k-fold CV was used, which is a reliable method for testing the models, and a
value of k = 10 is very common in the field of machine learning [44] (Table 2). Secondly, part
of the data (70%) is kept for training, and part (30%) is applied for testing (Table 3). Given
that both classes are of interest, the symmetric Matthews correlation coefficient (MCC)
metric [45] (a special case of the φ phi coefficient [46]) is used, as it constitutes a good way
to describe the relation of TP (true positive), FP (false positive) and FN (false negative)
values by a single number. It is defined as follows:

MCC =
TP × TN + FP × FN

(TP + FP)× (TP + FN)× (TN + FP)× (TN + FN)
. (4)
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When using 10-fold CV, C1 outperforms C2 for both language pairs. When the percent-
age split method (70% training–30% testing) is used, a small performance improvement is
observed for the C2 corpus. Moreover, MCC achieves higher value for the C2 corpus, when
pre-trained embeddings are used.

Table 3. Accuracy performance (MMC) in different cross validation options.

MT Model 10 Fold CV 70% Per. Split
MCC/Corpus C1 C2 C1 C2

EN-EL_simple emb layer 0.32 0.17 0.29 0.22
EN-IT_ simple emb layer 0.10 0.12 0.10 0.15
EN-EL_pre-trained emb 0.20 0.15 0.18 0.17
EN-IT_ pre-trained emb 0.11 0.13 0.10 0.14

Figure 2 shows the accuracy performance according to training speed and batch size.
Increasing the batch size can increase the model’s accuracy. As seen above, the training
speed decays more quickly for the simple embedding layer compared to the pre-trained
embedding layer model. Moreover, the accuracy of the pre-trained embeddings is consis-
tently higher for corpus C2. The best performance has been consistently obtained for batch
size 512.

It is important to analyze the correlation with human-performed evaluations [47].
In this work, the correlation of the predicted scores with human judgments is reported
using Kendal τ. Kendall τ, is a coefficient that measures the agreement between rankings
produced by human judgments, and rankings produced by the classifier. The WMT’12
(Workshop of Machine Translation) definition of Kendall’s τ is used, and it is calculated
as follows:

τ =
(concordantpairs − discordantpairs)

totalpairs
(5)

where ‘concordant pairs’ is the number of times the human judgment and the predicted
judgment agree in the ranking of any two translations that belong to the same SSE, and ‘dis-
cordant pairs’ is the opposite.

4.1.1. Comparison to Related Work

As mentioned earlier, there is limited work on pairwise evaluation based on the
small and noisy dataset. In order to compare our results with other methods, additional
experiments were reproduced in order to imitate as closely as possible earlier work settings,
that were (i) based on different classifiers such as SVM [17] and RF [37] and (ii) based on
other evaluation methods, that is, the use of the BLEU score [4,17].

Figure 3 shows the overall Kendall τ for the different approaches. The proposed DL
schema has achieved comparable performance to the models proposed in earlier works.
The SVM classifier succeeds in a strong positive relationship between the two classes
for C1_EN-EL: 0.7, and moderate positive relationship for C2_EN-EL: 0.4, C1_EN-IT: 0.4
and C2_EN-IT: 0.6, while the RF classifier reached a moderate positive relationship for
the C1 corpus (0.4 for EN-EL/0.6 for EN-IT) and for the C2 corpus (0.4 for EN-EL/0.6
for EN-IT). When the BLEU score information is used, the model achieved a moderate
positive relationship. Kendall τ reached its highest value when the proposed schema uses
the simple embedding layer, the feature set of 86 dimensions, and the NLP set for both
language pairs (EN-EL: 0.7 for C1/0.6 for C2 and EN-IT: 0.6 for C1/0.5 for C2).
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Figure 2. Human correlation. Simple embedding layer vs Pre-trained embeddings.
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Figure 3. Accuracy performance (Kendall τ) compared with related work

4.1.2. Feature Selection and Dimensionality Reduction

There are many techniques for improving the classifier’s performance. Feature se-
lection (FS) and Dimensionality reduction (DR) are two commonly used techniques that
improve classification accuracy [48]. The main idea behind FS is to remove redundant or
irrelevant features that are not useful for the classifier [49]. The advantage of FS is that no
information about the importance of single features is lost. With DR the size of the feature
space is decreased, but without losing vital information [50].

FS methods are usually categorized in two basic methods: wrappers and filters [51].
Wrapper FS methods evaluate multiple models with different subsets of input features and
select those features that result in the best performing model according to a performance
metric. The number of possible results will increase geometrically as the number of features
increases. Filter FS methods use statistical techniques to evaluate the relationship between
each input variable and the target variable, and these scores are used as the basis to choose
(filter) those input variables that will be used in the model. Filters are either global or
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local. Global methods assign a single score to a feature regardless of the number of classes
while local methods assign several scores, as every feature in every class has a score [52].
Global methods typically calculate the score for every feature and then choose the top-N
features as the feature set, where N is usually determined empirically. Local methods are
similar but require converting a feature’s single score before choosing the top-N features.
Wrappers require much more computation time than filters, and may work only with a
specific classifier [51].Filters are the most common FS method for text classification. Some
commonly used FS methods are a. Recursive Feature Elimination Cross Validation (RFECV)
that belongs to the Wrappers methods, b. the information gain (IG) [53] that belongs to
filter global FS methods, and c. the Chi-square (CHI) [54], that belongs to the filter local
methods. All these FS methods are language-independent feature selection methods that
produce better accuracy.

In these experiments RFECV is tested using Support Vector Machines (SVM) with
linear kernel and the number of cross validation folds is set to 10. Information gain is often
applied to find out how well each single feature A separates the given feature data set S
and it is calculated as follows:

IG(S, A) = I(S)− ∑
n∈A

=
|Sn|
|S| I(Sn), (6)

where n is the value of every feature (A) and Sv is the set of instances where A has value n.
CHI is a supervised FS method that calculates the correlation of a feature value n with

the class m, and it calculated as follows:

x2 =
n

∑
i=1

i
m

∑
j=1

j =
(Oij − Eij)

2

Eij
, (7)

where Oij is the observed frequency and Eij is the expected frequency.
DR refers to algorithms and techniques that create new features which are combina-

tions of the old features [54]. The most important DR technique is principal component
analysis (PCA) [55]. PCA is an unsupervised dimensional reduction technique. PCA pro-
duces new features from the original features by converting the high dimensional space of
the original features to a low dimensional space while keeping linear structure. Dimen-
sionality reduction is accomplished by choosing enough eigenvectors to account for some
percentage of the variance in the original data (a default value is 0.95). Attribute noise
was filtered by transforming the original into the PC space, eliminating some of the worst
eigenvectors, and then transforming back to the original space. The maximum number of
attributes to include in the transformed space was set to 5.

Better accuracy results are observed, in general, when a feature selection method
is used, in contrast to the whole feature set model (Table 4). The accuracy performance
increased 4% for the C1 corpus for EN-EL and 3% for EN-IT. It seems that the application
of these methods is more efficient for the SMT for the informal C1 corpus and NMT for
the formal (well-structured) C2 corpus. More specifically, there is an increase up to 4%
for the SMT class for C1 and 2% for C2, while, for the NMT class, there is 2% for C1 and
C2. In addition, the feature selection methods work better for C1 (an increase up to 3.5%
in average for both language pairs) rather than the C2 (an increase up to 2.5% in average
for both language pairs). We conclude that feature selection methods help more the noisy
corpus. This is in accordance with the accuracy results of the previous model.
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Table 4. Feature selection accuracy performance for the two corpus EN-EL/EN-IT.

Method RFECV IG CHI2 PCA

No of Features 23/86 49/86 70/86 54 new

Precision Recall Precision Recall Precision Recall Precision Recall

Language pair: EN-EL_2687 segments for C1 and 2022 segments for C2

SMT C1 66% 87% 67% 91% 70% 93% 67% 90%
NMT C1 54% 26% 63% 26% 68% 31% 61% 25%
SMT C2 63% 85% 66% 70% 67% 73% 61% 80%
NMT C2 74% 46% 62% 60% 68% 61% 68% 45%

Language pair: EN-IT_2687 segments for C1 and 2022 segments for C2

SMT C1 59% 40% 62% 40% 65% 39% 58% 32%
NMT C1 52% 60% 59% 82% 60% 87% 56% 79%
SMT C2 56% 30% 56% 30% 57% 30% 53% 25%
NMT C2 54% 70% 55% 79% 55% 79% 53% 75%

Concerning the features, it is verified that, for the proposed model, the more effective
features are those containing ratios, features identifying the presence of noise in a segment
(for example the occurrence of repeated characters) and features used linguistic information
from the SSE. They all seem to be useful for prediction. Also, the new string-based
features added in this paper are presumed to enclose valuable information for the model
as they capture the similarity between the MT outputs and the reference translation.
The new string-based features were selected almost from every method. Regarding the
FS method, it seems that better accuracy results were produced with CHI square and IG.
Additionally, it is observed that the feature reduction space method (PCA) does not help
the accuracy performance regardless of the corpora structure-type, since in all experiments
the performance was less than or equal to the classifier performance using the whole
feature set.

4.2. Linguistic Analysis

In order to have a more comprehensive analysis of the accuracy results, we have
carried out a qualitative linguistic analysis as well. In this context, problems have been
identified regarding some complex linguistic phenomena for both language pairs (Table 5).

For the first sentence (ID1): (Both NN and the Annotator’s choice was S2)

• The verb to deploy means: to develop, to emplace, to set up. Both S1 and S2 erroneously
translated that verb as to use. Nevertheless, the verb to use is one of the secondary
meanings of the verb to deploy.

• The most common meaning of the word bug is insect, virus, but it also means: error.
The word fix means repair, determine, nominate. In this sentence, bug fix is used as a
noun phrase, where the first word functions as a subjective genitive, and the phrase
means: error correction. S1 commits two errors when translating “fix” (φτιάξουμε), i.
Fix is erroneously considered to have a verb function. ii. It is difficult to explain why
the same verb is translated in the first person of plural of the simple past-subjunctive.
As a consequence, S1, S2’s translations for the verbal phrase (deploys a bug fix) are
both nonsensical: S1: “χρησιμοποιεί ένα έντομο φτιάξουμε” (“uses an insect” + simple
past-subjunctive of “repair”), S2: χρησιμοποιεί “ένα σφάλμα για τα έντομα” (uses an error
for the insects).

• In addition, it is important to notice that S2 has translated the same phrase (bug fix)
at the end of the sentence in a different way. S2 tried to improve the translation and
it certainly succeeded, but only for the word fix (διόρθωση). S2 also “spotted” that
bug is a subjective genitive (the correction of the error), but it still identified bug as an
insect and it has erroneously translated it: ζουζιού. In Greek, this is a nonexistent word,
but it is strongly reminiscent of the word ζουζούνι (insect), which is an onomatopoeic
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word (the buzz of a bug) and especially of its genitive case: ζουζουνιού, with some
letters missing.

• S1 has correctly “identified” the meaning of the verb to list (to enumerate), but not in the
correct grammatical number—third-person plural, instead of third-person singular. S2
chose the correct grammatical inflectional morphemes for the number and the person,
but not the correct meaning, for this context: referred, instead of enumerated, indexed or
set out. So, the proposed NN model has correctly chosen S2, as S2 “recognized” the
correct grammatical morphemes of number and person features.

• Regarding the passive future verb: will be updated: In S1, the preceding particle of
future tense in Greek θα (According to the Cambridge Dictionary, a particle is a
word or a part of a word that has a grammatical purpose but often has little or no
meaning. https://dictionary.cambridge.org/dictionary/english/particle) (will) is
separated from the subjunctive (επικαιροποιηθεί), which is wrong.

• Both S1 and S2 have erroneously translated the noun phrase: cache manifest. As they
failed to identify the multi-word expression, they have translated them separately.
The word cache means: crypt, hideout, cache memory, and, in this sentence, it has the
last meaning (κρυφή μνήμη). However, S1 “chose” the first meaning (κρύπτη) (crypt),
whereas S2 left the word untranslated. Manifest means obvious, apparent. Both S1
and S2 “chose” from these synonyms. Nevertheless, the cache manifest in HTML5 is a
software storage feature which provides the ability to access a web application even
without a network connection (https://en.wikipedia.org/wiki/Cache_manifest_in_
HTML5). So, the best translation would be: κρυφή μνήμη ιστότοπου (website cache
memory), a translation that was not even produced in the reference.

For the second sentence (ID2): (NN chose S1/Annotator’s choice was S2)

• Sit: Both S1 and S2 have erroneously translated this verb (κάτσετε, καθήσετε). In this
sentence, the verb to sit is transitive and means: to place, to put, requiring an inanimate
object, whereas the very common meaning of this verb, that is to have a seat, presup-
poses that the verb is intransitive (+animate subject) or transitive (but:+animate object:
I make someone sit down). Both S1 and S2 have erroneously adopted the second
meaning, without “noticing” that its object (spheroids) is an inanimate noun. Even
more, the form chosen by S1 belongs to oral speech (κάτσετε) (to sit), while S2’s form
is misspelled (καθήσετε (to sit), instead of the correct: καθίσετε).

• Kind of is an informal expression modifying and especially attenuating (It is the oppo-
site of really. In the UK, it is considered quite informal. https://english.stackexchange.
com/questions/296634/kind-of-like-is-a-verb) the meaning of the verb plonk. S1 has
erroneously “identified” that word as a noun and so mistranslated it as: form, genre,
species (είδους). Nevertheless, S1 “identified” the inflectional grammatical morpheme
of the genitive case: -ους for of.

• Plonk down: This phrasal verb has a lot of meanings: drop heavily, place down, impale,
attract and so forth (https://glosbe.com/en/el/plonk%20down) S1 has erroneously
translated this verb in the meaning of impale, which is not the case. S1 has separately
translated the whole sentence (they kind of plonk down: είδους παλουκώσει τους κάτω),
which is completely nonsensical in Greek. In addition, the verb object them has been
erroneously placed after the verb (in Greek, the clitic form of the personal pronoun is
placed before the verb) and has been translated by a wrong grammatical morpheme
(masculine plural (τους) instead of neutral plural (τα)). On the other hand, S2 has
correctly “found” the connection of those words (kind of plonk down), but it translated
them in a wrong and, at first sight, non-understandable way: συναρπάζουν (fascinate).

For the third sentence (ID3): (NN chose S1/Annotator’s choice was S2)

• S1 incorrectly translated the phrase: will get us accustomed to, considering that the
two verbs are independent of each other (θα δώσει (wiil give), συνηθίσει (will get
used)),without taking into account that the verb get has a metaphorical meaning: cause
something to happen, and not the literal one: take. The verb get, in this sentence, forms a
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multi-word expression with the verb accustomed and the preposition to, which, as a
past participle, depends on the first. S2 correctly translated the phrase as: θα μας κάνει
συνηθισμένους (it will make us get used), left the word untranslated.

• S1 incorrectly translated the last link of the sentence: (να τις ιδιαιτερότητες (here the
particularities)(!)), translating the preposition to as if it were before an infinitive, without
taking into account that this is the second part of: accustomed to. . . and to. Related to the
latter is that S1 incorrectly translated the word after to, that is, the possessive adjective
their, as a definite article in plural: τις (the).

For the third sentence (ID4):(Both NN and the Annotator’s choice was S2)

• Fee: the word has a lot of translations in italian language: tassa, retribuzione (salary),
compenso (compensation), pagamento (payment), contributo (contribution) and so forth.
Both S1 and S2 chose the most common meaning (tassa), but not the right one for this
context: spesa (expenditure or charges).

• Both S1 and S2 erroneously put question marks for the accented morphemes: ? instead
of è and attivit? instead of attività (activities).

• Atteggiamento: both S1 and S2 correctly translated the word (attitude), but they both
did not put in to the right position, as in italian sentence structure (in contrast with the
english language) the quotation, functioning as a title, follows the word atteggiamento
(attitude), characterising and explaining it.

• Assets: Both S1 and S2 translated this word as attività. The most common meanings of
the word attività are: activity, practice, action, operation etc, but it also means: business,
assets, resources, occupation etc), whereas assets meanings are: property, benefit, resource,
investment and so forth. Both S1 and S2 chose the closer meaning, but not the right
one (risorse). The reason for this relatively successful choice may be the first word
of the concordance (underused assets), in opposite meaning with the most of the
other translations.

• Save: Both S1 and S2 erroneously translated the word as salvare and salvano, respec-
tively, instead of risparmiano. Even though the English verb to save derives from the
same Latin verb (salvare), in Italian the main meanings of salvare are rescue, salvage
or safeguard.

In conclusion, the NN model has chosen S2 in the first sentence, since S1 faces diffi-
culties with some linguistic phenomena, like homonymy (e.g., the homographs of bug),
synonymy (e.g., the similar meanings of fix) and polysemy as well. In addition, S1 often
fails to address certain grammatical and syntactic phenomena: subject-verb agreement,
phrase structure rules, phrasal verb schemata, and so forth. However, the NN model has
mainly chosen S1 in the second sentence, because S1 “recognized difficult” grammatical
morphemes (like “kind of ”). S2 addresses effectively the aforementioned linguistic phenom-
ena, and generally “recognizes” the rich morphology of the Greek and Italian language (e.g.,
grammatical agreements, different grammatical genders, structure rules), and, in certain
cases, it misses multi-word expressions and phrasal meanings as well. Nevertheless, S1
seems to employ richer vocabulary (e.g., απαριθμούνται (enumerate), κρύπτη (crypt), πρόδηλο
(obvious)) than S2. Indeed, S1 supports different and not so common senses for each word
and it often chooses the one closer to the correct translation, whereas S2, without this
extended vocabulary, sometimes fails to translate the less common word, or translates it
with a nonexistent word (e.g., cache, ζουζιού respectively).
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Table 5. Linguistic Analysis for EN-EL and EN-IT.

ID SSE S1 S2 Sr

1

If an ARSnova developer
deploys a bug fix which
will modify a single file
listed in the cache manifest,
will the local file
concerning the bug fix be
updated in your browser?

Εάν ένας προγραμ-
ματιστής ARSnova
χρησιμοποιεί ένα έντομο
φτιάξουμε το οποίο θα
τροποποιήσουν ένα ενιαίο
αρχείο που απαριθμούνται
στην κρύπτη πρόδηλο, θα
το τοπικό αρχείο σχετικά
με το μικρόβιο φτιάξουμε
επικαιροποιηθεί στον
περιηγητή σας;

Αν ένας προγραμματιστής
ARSnova χρησιμοποιεί ένα
σφάλμα για τα έντομα, το
οποίο θα τροποποιήσει ένα
μόνο αρχείο που
αναφέρεται στο δηλωτικό
του cache, θα ενημερωθεί
το τοπικό αρχείο σχετικά
με την διόρθωση του
ζουζιού στο πρόγραμμα
περιήγησης;

Αν ένας προγραμματιστής
ARSnova αναπτύξει μια
διόρθωση για ένα σφάλμα
του προγράμματος που θα
τροποποιεί ένα μοναδικό
αρχείο που εμφανίζεται
στην κρυφή μνήμη, θα
ενημερωθεί το τοπικό
αρχείο σχετικά με τη
διόρθωση του σφάλματος
στον περιηγητή σας;

2

Then he’s made a structure
where you can sit these
spheroids, I think they
kind of plonk them down
on these metal pyramids.

Στη συνέχεια έκανε μια
δομή όπου μπορείτε να
κάτσετε αυτά τα σφαιρίδια,
νομίζω ότι είδους
παλουκώσει τους κάτω από
αυτά τα μεταλλικά
πυραμίδες.

Μετά έφτιαξε μια δομή
όπου μπορείτε να καθήσετε
αυτά τα σφαιρικά, νομίζω
ότι τους συναρπάζουν σε
αυτές τις μεταλλικές
πυραμίδες.

΄Επειτα αυτός έχει
δημιουργήσει μια δομή
όπου μπορείς να
τοποθετήσεις αυτά τα
σφαιροειδή, νομίζω ότι
αυτοί κατά κάποιο τρόπο τα
ρίχνουν σε αυτές τις
μεταλλικές πυραμίδες.

3

Deductive vs Inductive,
or Definitely vs Probably,
will get us accustomed to
the two main breeds of
arguments and to their
particularities.

Επαγωγικό έναντι
επαγωγικά, ή Σίγουρα
έναντι Πιθανόν, θα μας
δώσει συνηθίσει τα δύο
κύρια φυλών επιχειρήματα
και να τις ιδιαιτερότητες.

Επαγωγικό εναντίον του
Inductive, ή σίγουρα
εναντίον πιθανόν, θα μας
κάνει συνηθισμένους στις
δύο κύριες φυλές των
επιχειρημάτων και στις
ιδιαιτερότητες τους.

Παραγωγική έναντι
Επαγωγικής σκέψης ή
Πιθανότητα έναντι
Βεβαιότητας, θα μας
εξοικειώσει με τα δυο
βασικά είδη επιχειρημάτων
και τις ιδιαιτερότητές τους.

4

“The what’s mine is yours,
for a small fee” attitude
helps owners make some
money from underused
assets and at the same time
the collaborators save a
huge percentage of their
resources.

“Quello che ? mio ? tuo,
per una piccola tassa”
atteggiamento proprietari
aiuta a fare dei soldi da
attivit? sottoutilizzato e
allo stesso tempo i
collaboratori salvare una
grande percentuale delle
loro risorse.

“La mia ? la tua, per una
piccola tassa” aiuta i
proprietari a fare un po ’di
soldi da attivit?
sottoutilizzate e allo stesso
tempo i collaboratori
salvano un’enorme
percentuale delle loro
risorse.

L’atteggiamento “Quello
che è mio è tuo con una
piccola spesa” aiuta i
proprietari a guadagnare
qualcosa dalle risorse
sottoutilizzate e allo stesso
tempo i collaboratori
risparmiano una
percentuale enorme delle
loro risorse.

5. Conclusions and Future Work

This paper presented an innovative DL NN architecture for MT evaluation into
morphologically rich languages. The architecture is tested on two different types of small
corpora, one noisy and one formal and two different language pairs (EN-EL and EN-
IT). The proposed DL schema used linguistic information from two MT outputs, SSE as
well as the NLP set. Experiments revealed that when the DL schema utilizes the simple
embedding layer and not the pre-trained embeddings, the results are better. In addition,
the results using the two new suggested features and the SMOTE filter are generally
better. Based on the linguistic analysis, when the MT output “recognized” the grammatical
morphemes, the proposed NN model chose it as the best translation. According to the
validation method, percentage split gave more balanced results for both corpora, but the
10-CV method gave higher accuracy results. The DL schema used many features, so
it is important to thoroughly investigate the importance of these features for assigning
them with proper weights during the NN model training. In this paper, feature selection
and dimensionality reduction methods were employed and they showed that feature
selection methods help more the noisy corpus. It is noticed that the proposed algorithm
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conducted better results on the noisy and small dataset. For further experimentation, it
is quite interesting to explore why all the classifiers led to worse results in terms of the
evaluation accuracy in EN-IT than in the EN-EL language pair, taking into account that the
linguistic features employed are language independent. Another idea to explore would
be the pre-trained embeddings utilization, as an initialization for the embedding layer.
Finally, we plan to verify another morphological schema that could improve classification
performance.
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