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Chemometric Characterization of Sunflower Seeds
Gastón Lancelle Monferrere, Silvana Mariela Azcarate, Miguel Ángel Cantarelli, Israel German Funes, and José Manuel Camiña

Abstract: The spectroscopic characterization of different varieties of sunflower seeds based on their oleic acid content is
proposed. One hundred fifty samples of sunflower seeds from different places of Argentina were analyzed by near-infrared
diffuse reflectance spectroscopy (NIRDRS). Seed samples were grounded and sieved without chemical treatment previous
to the analysis. For the characterization, the used multivariate methods were: principal component analysis (PCA), cluster
analysis (CA), linear discriminant analysis (LDA), and partial least square discriminant analysis (PLS-DA). By using PCA,
CA, and LDA, and from the point of view of varieties of sunflower seeds, 2 groups were differentiated, based on the
concentration of oleic acid: a low oleic group, which ranged from 15% to 25% w/w oleic acid; and the other one
(mid-high oleic varieties) which ranged from 26% to 90% w/w oleic acid. However, by using the PLS-DA, 3 groups were
correctly differentiated based on the concentration of oleic acid: low oleic (from 15% to 25% w/w oleic acid); mid oleic
(26% to 76% w/w oleic acid); and high oleic (≥ than 77% w/w oleic acid), demonstrating the high classification ability
of this method. This multivariate characterization of sunflower seed varieties did not require chromatographic analysis to
generate the matrix of concentrations, and only direct measures of NIRDRS spectra were required. This characterization
can be useful to quickly know the variety of sunflower seed in the grain market.
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Practical Applications: This manuscript describes a method to determine 3 varieties of sunflower seeds (high, mid, and
low oleic) The advantage of this method is to avoid the use of techniques that require long-time analysis.

Introduction
The sunflower plant (Helianthus annuus L.) is an important

species widely used as crop around the world. Sunflower is
an American crop that was first known in Europe after the
European exploration journeys around the 1500s, expanding its
use worldwide. In 2009, the total world production of sunflower
seed was 3.24 × 107 ton, with a total harvest area of 2.37 × 107

ha. The world top ranking production in 2009 was Russia (6.45
× 106 ton), Ukraine (6.36 × 106 ton), and Argentina (2.50 × 106

ton). For these countries, the sunflower harvest areas were: Russia
5.59 × 106 ha, Ukraine 4.19 × 106 ha, and Argentina 1.82 × 106

ha (Food and Agriculture Organization of the United Nations
2011).

In 2009, the use of sunflower byproducts around the world,
such as the production of sunflower oil was 1.32 × 107 ton; the
first places were occupied by Russia with 2.80 × 106 ton, Ukraine
2.79 × 106 ton, and Argentina 1.41 × 106 ton. The distribution
of sunflower oil production by continents was the following: Eu-
rope 8.79 × 106 ton; America 1.89 × 106 ton (South America
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1.58 × 106 ton and North America 3.04 × 105 ton); Asia 2.03
× 106 ton; Africa 4.77 × 105 ton; and Oceania 2.44 × 104 ton
(Food and Agriculture Organization of the United Nations 2011).

From the point of view of varieties, sunflower is frequently
classified as low oleic (from 15% to 25% w/w oleic acid); mid
oleic (26% to 76% w/w oleic acid); and high oleic (≥ than 77%
w/w oleic acid). Due to their oleic acid content, the high and
mid oleic sunflower varieties are very much requested by edible
oil factories to obtain oils with high oleic acid concentration,
which have a higher commercial price in comparison with the
rest of the common edible oils. On the other hand, there exists
around the world a great consumption of sunflower oil used in
the production of biodiesel, which involves the use of vegetable
and animal oils, including sunflower varieties (Vicente and others
2006).

For the determination of sunflower varieties, it is necessary to
determine the concentration of oleic acid in seeds by gas chro-
matography (GC), which is the most classical method for this de-
termination (Hajimahmoodi and others 2005). The GC method
requires an important time for sample preparation and chromato-
graphic times, being this topic crucial for a fast commercialization
of seeds for biodiesel production and edible oil factories.

On the other hand, the most frequently used multivariate tools
applied to the classification of samples are: principal compo-
nent analysis (PCA), cluster analysis (CA), linear discriminant
analysis (LDA) (Massart and others 1997), and more recently,
partial least square discriminant analysis (PLS-DA) (Schievano
and others 2010; Aguilar and others 2011). PCA and CA are
unsupervised multivariate methods, while LDA and PLS-DA
are supervised methods (Fernandez 2005; Schievano and others
2010; Aguilar and others 2011). These 4 multivariate tools are a
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powerful combination that allows reaching new and interesting
results.

Multivariate methods have been widely reported for the classi-
fication of edible oils, including the classification of genetic vari-
eties of olive oil by HPLC-MS (Lerma-Garcı́a and others 2009);
infrared spectroscopy for the authentication of olive oils (Lerma-
Garcı́a and others 2010) and their geographical origin (Galtier and
others 2007; Galtier and others 2008); the voltammetric method
for the classification of edible oils (Gambarra-Neto and others
2009); classification of vegetable oils from their fatty acid content
(Brodnjak-Voncina and others 2005); NMR spectroscopy, for the
classification of edible oils and detection in olive oil adulteration,
(Vigli and others 2003); classification of vegetable oils by GC-
MS (Jakab and others 2002); thermal degradation of edible oils
(Moros and others 2009); adulteration of olive oil by Visible and
NIR spectroscopy (Downey and others 2002); determination of
linoleic acid by attenuated total reflectance Fourier transform in-
frared spectroscopy (Kadamne and others 2009); and classification
of edible oil using phosphorescence data (Arancibia and others
2008). However, there exist only a few reports that characterize
plants and seeds by multivariate data analysis, including pumpkin
seeds (Saucedo-Herna and others 2011), amaranth seeds (Aguilar
and others 2011), onion (Galdón and others 2010), maize ker-
nel (Williams and others 2009), green coffee (Alonso-Salces and
others 2009), perilla seeds (Kim and others 2007), corn kernel
(Weinstock and others 2006), and soybean (Roberts and others
2006).

For this reason, this article discusses the classification of 3 vari-
eties of sunflower seeds based on their oleic content: low oleic (≤
25% w/w oleic acid), mid oleic (between 26% and 76% w/w), and
high oleic varieties (≥77% w/w oleic acid) using near-infrared dif-
fuse reflectance spectroscopy (NIRDRS) (Hao and others 2009)
and multivariate data analysis by PCA, CA, LDA, and PLS-DA.
Spectral data consisted in the first derivative absorbance values
from 1608 to 1708 nm, every 2 nm. The same variables were used
for the 4 multivariate methods, obtaining, in all cases, a successful
classification.

Materials and Methods

Instrumental
Diffuse reflectance infrared measurements were taken by a

Brimrose NIRS model Luminar (Mass., U.S.A.) with acoustic-
optic tuning filter (AOTF) and a rotator cup as sample cell.

For the confirmation of sunflower seed varieties (low, middle,
and high oleic varieties), the quantification of oleic acid was carried
out by chromatographic analysis, using a Varian Gas Chromato-
graph model GC 3900 (Calif., U.S.A.) with a Varian flame ioniza-
tion detector (FID). A capillary column Varian factor FOUR VF-
23 (cyanopropyl stationary phase, 30 m, 0.25 mm ID) was used.
Analytical balance Ohaus model Pioneer (N.J., U.S.A.), Jack hy-
draulic press (Buenos Aires, Argentina), and Dalvo grinder model
MCI (Buenos Aires, Argentina) were used.

The Unscrambler 6.11 software (CAMO-ASA, Trondheim,
Norway) was used for the PCA and PLS-DA modeling, while CA
and LDA were calculated using the Infostat software (Córdoba,
Argentina).

Sampling and sample treatment
One hundred fifty samples (72 low oleic, 52 mid oleic, and 26

high oleic) varieties of sunflower seeds were obtained from differ-
ent places of Argentina and harvested from 2009 to 2010. Samples

were selected by an expert botanist, covering the maximum range
of oleic acid in sunflower seeds.

To confirm the varieties in all samples, chromatographic analysis
was carried out following the ISO 5590 method for the determina-
tion of fatty acids methyl esters by GC (International Organization
for Standardization 1978; Milinsk and others 2008).

For the NIRDRS analysis, whole sunflower seeds samples, free
from dust, were ground in a grinder. The fraction ≤2 mm was
obtained by passing through a 2 mm sieve and placing in the
sample rotator cup.

NIRDRS
A total of 20.00 g of whole ground and sifted sample seeds

were placed in the rotator cup and the NIRDRS spectra were
obtained. The total spectral range went from 1100 to 2200 nm
every 2 nm. The sample rotator cup with the samples was irradiated
with NIR radiation, and detected by acousto-optic tunable filter
(AOTF). Twenty scans were obtained for every seeds sample and
the total number of scans collected from every sample was averaged
into a single spectrum. Measurements were carried out at room
temperature.

Results and Discussion

PCA
PCA is a multivariate tool that can process an enormous amount

of data produced by computers and other measurement tech-
niques. PCA was used to search for data trends, combining the
original variables. The PCA model was built using 50 variables,
corresponding to the first derivative absorbance values, from 1608
to 1708 nm (Figure 1). To obtain this model, the validation method
used was cross-validation. Using the selected variables, the model
was obtained using only 3 principal components, which explain
the 99.4% of the original information, allowing the building of a fit
model. Figure 2 shows the classification obtained by PCA, through
the scores plot. This figure shows 2 ellipses, grouping 2 sunflower
varieties: mid-high oleic (upper ellipse)—M-H group—and low
oleic (lower ellipse)—L group. In the M-H group, there were
included 78 samples, while the L group had 72 samples.

Figure 1–First derivative absorbance spectrum showing the wavelength
range used to obtain the PCA model.
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CA
As the PCA model, CA is used to classify objects, characterized

by the values of a set of variables, into groups. It is therefore an
alternative to PCA for describing the structure of a data table
(Massart and others 1997). Due to its unsupervised nature, CA is
frequently used to screen data for the clustering of samples. CA
involves techniques that produce classification from unclassified
data, which allows obtaining groups based on their similitude
(Camiña and others 2008).

CA was carried out using the same data matrix that was used for
PCA (150 samples and 50 variables). The complete linkage was
used as a hierarchical linkage criterion of amalgamation that calcu-
lates the distances between objects of cluster, while the Euclidean
distance was used as association criterion (Fernandez 2005).
Figure 3 shows the dendogram plot for 150 samples of sunflower
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Figure 2–Score plot for the classification of mid-high (M-H) and low (L)
sunflower seed varieties.

Figure 3–Dendogram of sunflower varieties by CA.

seeds. Again, the classification was successful, obtaining 2 groups
with the same samples obtained through PCA. The left group
corresponds to the L group (72 samples), while the right one
corresponds to M-H group (78 samples).

LDA
LDA is a supervised method used to find a theoretical value

resulting in the best possible discrimination between a priori estab-
lished groups. Discrimination is based on weighing the theoretical
values for each variable in such a way as to maximize between-
group variance in comparison to within-group variance (Johnson
2000). Discriminant analysis models involve sets of equations that
are linear combinations of the independent variables, resulting in
the maximum possible separation between groups (Hernandez and
others 2005); these equations are known as discriminant function
(Fernandez 2005).

The LDA model was constructed using cross classification cri-
teria, using the original variables that were used in PCA and CA.
One hundred four samples were used to build the model (calibra-
tion or training step), while 46 samples were used to validate the
model (validation or prediction step). Table 1 shows the results of
the LDA model, evidencing good fitting. The 46 samples were
adequately classified; no sample was misclassified in the calibration
and validation steps, which indicates that the LDA model has a
prediction ability of 100%. On the other hand, the same classi-
fication results obtained for PCA and CA: H-M group with 78
samples and L group with 72 samples were obtained.

PLS-DA
PLS-DA is a supervised method that works building a PLS

multivariate calibration model by means of partial least square
regression, which is then used to predict unknown samples. As
LDA, when samples are known, it is possible to obtain the degree
of fit of a model and it offers the possibility to obtain a graphical
classification of sunflower seeds by means of a PLS score plot.
PLS-DA is an important multivariate tool, which was used as
calibration tool some years ago. More recently, PLS has had new
applications, for example, as a classification tool, by means of PLS-
DA, from which a supervised model is obtained to classify groups
from different categories.

For the selection of variables, the PCA served as a variable
preselecting tool (Hernandez and others 2005). The PLS model
was obtained using 3 principal components, which had 99.6%
of the original information in the calibration step. To build the
model, a cross-validation method was used, in which one sample
is left out to build the model, and then this sample is used to obtain
the prediction. When all samples are left out, the root mean square

Table 1–Results of the classification ability of the LDA model for
mid-high (M-Ha) and low (L) sunflower varieties.

Prediction

Data set M-Ha Lb % Error

Calibration
M-H a 53 0 0
L 0 51 0

Prediction
M-H a 25 0 0
L 0 21 0

Total 78 72 0
aMid-high oleic.
bLow oleic.
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Figure 4–PLS-DA 3D score plot for 150 samples of sunflower seed varieties:
high (H), mid (M), and low (L).

Table 2–Results obtained by PLS-DA.

Calibration Ha Mb Lc Total Correct (%)

H 20 0 0 20 100
M 0 20 0 20 100
L 0 0 20 20 100

Validation H a Lb Lc Total Correct (%)

H 5 0 0 5 100
M 0 5 0 5 100
L 0 0 5 5 100
aHigh oleic.
bMid oleic.
cLow oleic.

of error prediction (RMSEP) can be obtained, the value of which
was low (0.18) for this model.

In Figure 4, the 3D classification score plot obtained with this
model can be seen, where the 3 varieties of sunflowers seeds
were distinguished: H (high oleic, 26 samples), M (mid oleic,
52 samples), and L (low oleic, 72 samples). After that, a PLS-DA
table was obtained by using 20 random samples of sunflowers seeds
in the calibration set and 5 samples used in the test set. Table 2
shows the results of the PLS-DA classification, where 100% of
correct classification was obtained in the calibration (training) and
validation (prediction) test sets.

Conclusions
This work has shown the ability of multivariate methods for

classification of sunflower seeds. PCA, CA, and LDA provided a
correct classification of 2 groups: low and mid-high oleic varieties.
However, the PLS-DA supervised method showed a much better
ability for graphical and discriminant analysis, due to its ability to
recognize 3 separate groups based on the oleic acid concentration.
On the basis of the results shown and in comparison with the
other multivariate methods, PLS-DA was the best tool for the
classification of sunflower seeds in low, mid, and high oleic types.
The advantage of the proposed methods compared to previous
works by NIRDRS-PLS is that the multivariate classification of
varieties does not require chromatographic analysis to generate the
matrix of concentrations, so getting the IR spectra can result in fast
and economical classification of varieties of sunflower seeds. Due

to the importance of the world sunflower seeds market, which
determines the prices on the basis of the oleic acid concentration,
this work can be useful for routine food laboratories and sunflower
oil factories as a fast improvement in the classification of sunflower
seeds.
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