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ABSTRACT: Recent advances in fluorescence bioimaging with single-molecule sensitivity
have relied on the analysis and visualization of single-molecule data obtained on smart
fluorophores. We describe an alternative method to enhance the information content of
densely labeled fluorescence images. Visualization is improved by representing pixels as
the dissimilarities of the fluctuations of the fluorescence signals, with the dissimilarity
being taken to the mean of the signals over all the pixels. Mapping pixel dissimilarity
(Mappix) results in signal and information enhancement of the output images. In addition,
the spatial distribution of the fluorescence brightness of the original image is not skewed.
This allows large differences of molecular brightness to be handled which turns out to be
critical to the fidelity of the final image. In this work, we provide testing of the Mappix
approach with both simulated and real data. The results obtained on HEK cells expressing
Dronpa photoswitchable fluorescent protein show that, for densely labeled samples,
improvement can be obtained on fluorescence images allowing the observation of
structural information. Despite some limitations, comparison to state of art methods
reveals that Mappix can be very useful for biological imaging applications.

Fluorescence imaging is a major analytical technique for
investigating molecular structures. However, the resolution

of conventional microscopy is limited by the optical diffraction
limit. Functional subdiffraction fluorescence microscopy is
based on the use of smart probes that can be switched between
two different states (an emissive “on” state and a nonemissive
“off” state).1 Functional super-resolution can be achieved by
different subdiffraction imaging techniques, providing insight
into biological cellular structures. We refer to refs 2 and 3 for
recent reviews. Among these techniques are the so-called
deterministic super-resolution techniques such as STimulated
Emission Depletion (STED),4 REverSible Optically Linear
Fluorescence Transitions microscopy (RESOLFT),5−7 Non-
linear Structured Illumination Microscopy (NSIM),8 and Image
Scanning Microscopy (ISM).9 These techniques combine
targeted illumination and the properties of the fluorophores
to achieve a spatial resolution below the diffraction limit.
Another group of methods is composed of the so-called

stochastic super-resolution techniques. These are wide-field
techniques which employ the single-molecule nature of
fluorescence emission signals. These signals usually rely on
the stochastic and sparse activation of individual fluorophores
within a sample, and their observation over thousands of
frames. The most straightforward approach for data analysis is
to perform localization of single emitters by fitting a two-
dimensional Gaussian Point Spread Function (PSF) to

individually resolved emitters, provided that the distribution
of the active emitters in each frame is sufficiently sparse.10 The
localization process is repeated over all the frames, and the
resulting positions are summed up to form the super-resolution
image of the sample. Single-molecule localization is the building
block of many stochastic methods such as STochastical Optical
Reconstruction Microscopy (STORM)11 and PhotoActivation
Localization Microscopy (PALM).2,3,12 Typically, a large
improvement can be obtained when emitters are individually
resolved, reaching in the best case a resolution down to a few
tens of nanometer. However, the underlying requirement for a
low density of active fluorophores, low enough to avoid emitter
overlap within a single frame, goes along with some limitations
for live cell biological applications.
Several approaches, such as multiple-Gaussian model-fitting,

have recently been developed.13,14 Still, the reliability and
computational cost can be questioned compared to single-
emitter localization routines. A strategy based on subtraction of
consecutive images was established,15 and even though this
method has some limitations (e.g., for emitters that remain
activated during a series of several frames), the principle of
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applying localization procedures on preprocessed data rather
than directly on raw data was demonstrated. Alternatively, a
Bayesian approach based on probability maps was proposed.16

However, the development of methodologies capable of
handling image data with density of emitters high-enough to
provide reliable structural content is still a main issue in super-
resolution fluorescence imaging.17

Contrary to localization procedures, some methods rely on
statistical analysis of the fluorescence fluctuations in each pixel
to extract information on the dynamics of the sample, e.g.,
Spatiotemporal Image Correlation Spectroscopy (STICS).18

Another example is Super-resolution Optical Fluctuation
Imaging (SOFI),19,20 which achieves a subdiffraction resolution
for densely labeled structures. SOFI uses higher-order statistics
by computing temporal cumulants of the blinking fluorescence
signal detected in each pixel, and is the best known super-
resolution fluorescence correlation method until now. SOFI is
compatible with a wide range of imaging modalities and
blinking conditions, and remarkably, the resolution enhance-
ment is theoretically unlimited. However, SOFI is a PSF-
enhancement method, and with increasing order of SOFI
calculation, the brightness of each emitter enters the final SOFI
image with the nth power. If the emitters display a range of
different brightness, this results in a skewing of the emitter
contributions which complicates image representation and
hampers interpretation of the samples.
We propose an alternative approach for processing the

fluorescence fluctuations present in fluorescence imaging with
single-molecule sensitivity. This approach relies on the
evaluation of the dissimilarity of the pixel signal to the average
signal over all the pixels, resulting in pixel-dissimilarity
representations of the images. Intuitively, dissimilarity can be
understood as a measure of both the correlation and the
distance between two signal vectors. In the literature, different
criteria were used to evaluate the (dis)similarity between
signals21 with the common general idea to emphasize
characteristics which are difficult to evaluate in statistical
approaches, such as shape or mutual resemblance. In this work,
dissimilarity is being estimated by adapting a criterion that was
originally developed for the resolution of spectroscopic
mixtures, where very similar spectral shapes are usually
observed.22 The advantage of this approach is that the intensity
of detector pixels that observe emission from overlapping
emitters localized in neighboring pixels will be strongly
reduced, aiding in discriminating between adjacent emitters.
Consequently, Mapping pixel dissimilarity (Mappix) yields a
contrast enhancement and can resolve emitters that are closely
spaced below the diffraction limit. Mappix is an image
processing enhancement but cannot be considered a sub-
diffraction imaging technique as no hard mathematical
description of the image can be provided. Comparison between
SOFI and Mappix performed on simulated data and on live
cells expressing Dronpa photoswitchable fluorescent protein
were conducted as a proof of principle. The proposed method
is of particular relevance for high-sensitivity imaging of
biological cellular structures based on single-molecule fluo-
rescence as the results are more robust on brightness scale and
on label density.

■ MATERIALS AND METHODS
Simulated data. We simulated stochastic fluorescence

microscopy data in order to evaluate the proposed method. We
placed fluorophores on a regular grid representing the camera

pixels. The relative intensity of each of the fluorophores in each
pixel was computed by numerically integrating a normal
cumulative distribution function with a Full-Width at Half−
Maximum (fwhm) of 270 nm over the area of the pixel. The
emitters switching between a bright and a dark fluorescent level
can be described by a two-state model where kon = 1/τon and kof f
= 1/τof f are the rate constants from the “on” to “off” and the
“off” to “on” states, respectively. The activity of the
fluorophores was modeled by a time-continuous Markov
process with fixed expected active times of τon = 2 s and with
fixed expected dark times τof f of 0.5 s. These characteristic times
were sampled from exponential distributions with the
corresponding decay times and were not synchronized with
the acquisition time. We assumed an emission of 10000
photons per second for each fluorophore, and a per-frame
duration of 1s. To obtain the number of photons emitted by a
fluorophore in a specific acquisition frame, the emission rate
was multiplied with the time the fluorophore spent in this
frame. The number of photons measured in each pixel from a
given frame was drawn from a Poisson distribution. The
resulting output value of the EMCCD was modeled with a
gamma distribution taking a mean gain of 80. Electron noise
was added using a Gaussian distribution. Different data sets
were simulated generating images of 1000 frames, on a 40*40
pixel-grid with a pixel size of 30 nm. For simulations with two
emitters, single emitters were positioned such that the distance
between them corresponds to 210 nm. Another situation
consisted of nine single emitters regularly positioned either on a
circle of 300 nm diameter or on one of 210 nm. Finally, for a
simulated system consisting of four equally spaced fluorophores
placed along a line, single emitters were positioned such that
the distance between two emitters corresponds to 210 nm. In
this scenario, the results obtained for two situations are
reported. In the first case, the intensity of the overlapping
emitters is the same whereas for the second data simulation, the
intensity was varied between successive emitters (1, 0.75, 0.5,
and 0.25 from left to right, respectively). To vary intensity, a
limit was set on the maximum number of photons an emitter
can generate.

Live cell preparation. Human embryonal kidney (HEK-
293T) cells were cultured in DMEM supplemented with 10%
FBS, glutamax, and gentamicin (all GIBCO) on glass-bottom
dishes (MatTek). Twenty-four h prior to imaging the cells were
transfected with a pCDNA3 plasmid encoding DAKAP-Dronpa
using calcium-phosphate mediated transfection. Just prior to
imaging, the cells were washed three times with Hank’s
Balanced Salt Solution (HBSS) and finally imaged at room
temperature in 1 mL of HBSS.

Single-molecule fluorescence imaging microscopy.
Live-cell imaging experiments were performed on an Olympus
Cell*TIRF system, equipped with 488 and 405 nm laser light
sources, Olympus 150x NA 1.45 objective, and a Hamamatsu
ImageEM electron-multiplied CCD camera. The optical pixel
size of the camera was equal to 100 nm.
Cells expressing DAKAP-Dronpa were visualized in epi

mode using the 488 nm laser and standard GFP filter sets. The
total illumination power was adjusted to approximately 1−2
mW as measured immediately above the objective when the
sample was removed.
For each cell approximately 1000 images were acquired using

a per-frame exposure time of 33 ms. The electron-multi-
plication gain of the camera was set at approximately 300 (as
defined by the manufacturer).
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Pixel dissimilarity. Single-molecule sensitive fluorescence
microscopy provides data consisting of a stack of K frames
where K can be up to several thousands. Each frame contains n
× n pixel intensity values. The signal associated with each pixel i
is considered a (pixel-)vector pi of size K containing the
fluorescence intensities acquired along the measurement time.
The mean of all the pixel-vectors pi is denoted r and is
normalized to unit length.
The (dis)similarity between two objects measures the

(in)dependency between the sequence of measurements
representing these objects. It can be estimated in many ways
that are based on correlation or/and on distance. In this work,
the dissimilarity di is defined as the cross product of the pixel-
vector pi and the mean taken over all the pixel vectors, r, as in
eq 1.

α= × = || || || ||d p r p r sini ii i (1)

where the notation ∥...∥ corresponds to the vector norm taken
in the time dimension of the signal (it is recalled that ∥r∥ = 1)
and αi is the angle between the pixel-vector and the mean
vector. We make use here of the fact that computing the cross
product between two vectors can be performed easily as a
determinant of a square matrix (details are given in the
Supporting Information).
One can intuitively understand the way signal dissimilarity is

evaluated from the geometric meaning of the cross product.
The magnitude of the cross product can be interpreted as the
positive area of the parallelogram having p and r as sides. This
value tends toward zero when the two vectors have the same
direction or when one of the two vectors is of zero length. The
larger the angular difference between the vectors p and r, and
the larger the norm of the signal vector (the brighter the pixel),
the higher the dissimilarity value. In addition, one can directly
infer from eq 1 that assuming a constant value of the angle α
between the two vectors, the pixel fluorescence brightness
enters the calculation of the dissimilarity linearly.
Conversely, and more interestingly for the purpose of this

work, low dissimilarity values may be observed for two distinct
situations. The first is, obviously, for pixels of very small signal
(noise). The second is of greater interest for signal enhance-
ment in the context of single-molecule sensitive fluorescence
microscopy. It corresponds to very similar pixel-signal p and

mean vector r. This can be observed for pixels that contain
contributions from multiple emitters (these pixels approximate
the mean vector). As a result, the Mappix intensity is reduced
for pixels that detect overlapping fluorescence from different
emitters.

Mappix images. A schematic overview of the Mappix
method is provided in Figure 1 showing a conceptual
experiment involving two fluctuating fluorophores spaced
closely together. Due to the fluctuating nature of the emitters,
each detector pixel reports varying fluorescence levels in time
(Figure 1A). These values provide the components of the pixel-
vectors p. The magnitude of these vectors corresponds to the
average pixel intensity. The original image that would
correspond to the average of the movie data is shown in
Figure 1B. The results that are obtained calculating pixel-
dissimilarity are shown in Figure 1C. For bright pixels in Figure
1B, i.e. where the emissions of the two emitters overlap, small
dissimilarity values are returned in Figure 1C resulting in the
separation of two highly overlapping emitters.
Mappix is a pixelated method and, as such, it is limited by the

finite optical size of the camera pixels. Two emitters can be
distinguished providing that they are separated by a distance
corresponding to at least 1.5 pixels even in situations where
their individual emission can hardly be selectively observed in
time. However, it should be noted that where signals overlap,
the shape of the processed signal is changed and cannot
anymore be approximated by a sum of Gaussian PSF.
Mappix images can be estimated considering full movie data

(K frames) or repeating the procedure for shorter image
sequences. In the latter case, multiple images are output and the
results are averaged to produce the final Mappix image. For a
short image sequence, dissimilarity is calculated in reference to
the mean taken over the images composing the sequence. This
enables correcting for dynamic variation of the signal that may
occur at longer time scale than the fluctuations of the single
emitters. The choice of the number of frames per sequence is
data-dependent and is discussed in the Supporting Information.
Typically, good results can be obtained considering a few tens
of frames on movies consisting of a thousand images.
In addition, Mappix images can be calculated for the full

image (all the pixels) or locally for patches of the full image. As
for shorter image sequences, pixel dissimilarity differences are

Figure 1. Principle of Mappix, based on the evaluation and mapping of pixel-dissimilarity values for single-molecule sensitive fluorescence imaging.
(A) Signals from two neighboring emitters separated by a distance of two pixels recorded on pixels of a CDD camera. Each pixel contains a trace of
the fluorescence intensity fluctuations over time. (B) Original image. White pixels correspond to bright signals. (C) Image obtained mapping pixel-
dissimilarity values. Dark pixels correspond to low dissimilarity. A vertical separation between the two emitters is observed which results in the
separation of two emission sources. Two emitters can be detected as long as the distance between them is larger than 1.5 times the size of a pixel.
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highlighted when a smaller spatial area is considered. However,
attention should be paid to the fact that the mean vector is
different for each patch. The calculation of many local patches,
and their combination into a larger output images, might be
envisaged. However, it should be noted that the final image
might be affected by the fact that dissimilarity is assessed to
different mean vectors. This approach was not explored further
in this work.
The routines used for Mappix were written in MATLAB

version 7.4.0 (R2007a) or higher.23 These routines are available
on request to the authors. SOFI images were obtained using
Localizer,24 a freely available and open source software package
that implements the computational data processing inherent to
several types of super-resolution fluorescence imaging.

■ RESULTS AND DISCUSSION
The ability of stochastic super-resolution methods to resolve
structural features depends on the labeling density and on the
potential to separate the emission of individual fluorophores in
time.25 A high value of the ratio of “off”- and “on”-switching of
the fluorophores, i.e., a τof f much longer than the τon, is crucial
for successful localization. As reported in the literature, a ratio
in the vicinity of 1000 is required for the separation of two
adjacent filaments separated by 30 nm using the STORM

localization procedure (for fluorophores positioned every 8.5
nm).26 On the contrary, in the current work, the possibility to
improve the detection and the visualization of labeled structures
for which this ratio is much smaller in investigated. It should be
clear that single-molecule localization procedures cannot be
applied in these conditions as there always exists more than one
active emitter at the same time in a diffraction limited area.

Simulations. Figure 2 reports the results obtained on
simulations of two single emitters that are separated by a
distance of 210 nm. This situation corresponds to a distance
shorter than the diffraction limit. These emitters are blinking
stochastically with a “on”-to-“off” ratio of 0.25 and exhibit a τof f
value two times shorter than the acquisition time. The results
obtained by applying Mappix (see Figure 2B) are reported
along the ones provided by SOFI using second- and third-order
cumulants (see Figure 2C and Figure 2D, respectively). First, it
can be noted that all the images display a clear enhancement of
the structural information and imaging details. Clearly, for
SOFI, some resolution improvement is observed in particular
for third-order SOFI, for which the best results are obtained.
From the profiles in Figure 2E, it is observed that the contrast
for the Mappix image is the same as for the third-order SOFI
image providing good separation of the two sources.

Figure 2. Comparison of the results obtained by Mappix and SOFI on simulated data. (A) Original image corresponding to two neighboring
emitters separated by 210 nm for a PSF of 270 nm (fwhm). (B−D) Images obtained from the application of Mappix, 2nd-order SOFI, and 3rd-order
SOFI, respectively. (E) Normalized intensity profiles extracted from the dotted line drawn in part A. Black solid line corresponds to the signal of the
original image, red solid line to Mappix, orange and blue solid lines to 2nd-order and 3rd-order SOFI, respectively. Scale bar: 300 nm.

Figure 3. Comparison of the results obtained by Mappix and SOFI on simulated data. (A) Original image corresponding to nine single emitters
(PSF of 270 nm fwhm) regularly positioned on a circle of 300 nm diameter. (B−D) Images resulting from the application of Mappix, 2nd-order
SOFI, and 3rd-order SOFI, respectively. (E) Normalized intensity profiles extracted from the dotted line in part A. (F) Original image obtained for a
circle of 210 nm diameter. (G−I) Mappix, 2nd-order SOFI, and 3rd-order SOFI images, respectively. (J) Normalized intensity profiles extracted
from the dotted line in part F. Color code in parts E and J: black solid line corresponds to the signal of the original image, red solid line to Mappix,
orange and blue solid lines to 2nd-order and 3rd-order SOFI, respectively. Scale bar: 300 nm.
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From the results in Figure 2, the conceptual difference
between Mappix and SOFI can be discussed further. Mappix is
a signal processing approach that can help reveal structural
features (separating two neighboring emitters). However,
contrary to SOFI, Mappix does not provide any enhancement
of the PSF of individual emitters. Consequently, no theoretical
resolution enhancement can be obtained for Mappix, as
observed comparing the respective size of the images in
Figures 2A and 2B. Still information about the underlying
structure is revealed due to the fact that for pixels with
overlapping PSFs, lower dissimilarity values are returned on the
image. Mappix, provides separation of the sources and the
presence of two emitters can be detected as long as there are
intermediate pixels present between their centers. By
comparison, for SOFI, the computation of the nth-order
cumulant theoretically generates an image in which the
resolution is theoretically enhanced by a factor √n for a
Gaussian PSF.19 Lastly, it should be noted that although
detection and separation of two emitters is still possible in
situations where strong emission overlap exists, Mappix should
not be applied to determine the position of these emitters as
the calculation of dissimilarity results in distortion of the PSF
signal of individual emitters.
To elaborate further on the potential of Mappix to recover

some structural information in dense labeling conditions and
unfavorable blinking characteristics, the results obtained for a
simulation involving a structure of nine single emitters are
reported in Figure 3. These emitters are regularly positioned on
a circle and have the same blinking characteristics as in the
previous example. A representative fragment of the movie data
is provided as Supporting Information. No structure can be
observed as the nine emitters are confined in a diffraction
limited area. In Figures 3A−E, the results corresponding to a
300 nm diameter circle are shown. From the images and Figure
3E, it can be observed that the three approaches are capable of
restoring the appropriate structural information (a donut-like
intensity distribution), the best resolution being achieved by
third-order SOFI, despite some distortion of the intensity

distribution. Mappix and second-order SOFI are doing equally
well in terms of contrast and intensity distribution. However,
contrary to SOFI, Mappix does not provide PSF enhancement
as already mentioned and, therefore, we would recommend the
application of SOFI in this situation.
Interestingly, when the same situation but for a 210 nm

diameter circle is investigated, the conclusions are different. In
Figure 3F, the original image is shown. The Mappix image is
shown in Figure 3G and SOFI images are provided in Figures
3H and 3I. The profiles obtained from these images are
compared in Figure 3J. For SOFI, whatever the order of the
cumulant, no structural information can be observed, likely due
to incomplete convergence of the calculated cumulants. On the
contrary, the spatial distribution of the intensity corresponding
to the simulated structure can still be identified from the
Mappix image. These results obtained on simulated data enable
to highlight one of the striking features of the Mappix approach
which is that it can still provide structural information in
labeling and blinking conditions where, to our knowledge none
of the state of art methods can be applied.
As shown in Figure 4, the results obtained on simulations of

four equally spaced fluorophores that are separated by a
distance of 210 nm are now reported. For the simulated data
shown in Figure 4A, the intensity of the emitters is the same
whereas for the ones in Figure 4F, intensity was varied between
successive emitters, decreasingly from left to right. The results
obtained by applying Mappix (see Figures 4B and 4G) are
reported together with the ones provided by SOFI using 2nd‑

and third-order cumulants (see Figures 4C and 4H, and Figures
4D and 4I, respectively). In a first instance, it can be noted that
the images display a clear enhancement of the imaging details,
including the Mappix images. To further compare the different
images, Figures 4E and 4J show the line profiles through the
PSF of the four emitters for the two situations. The profiles
reported in Figure 4E highlight the ability of the different
methods to separate the four neighboring overlapping emitters
of the same intensity. As can be observed, Mappix provides
images with an information gain comparable to second-order

Figure 4. Comparison of the results obtained by Mappix and SOFI on simulated data. (A) Original image corresponding to four neighboring
emitters of the same intensity separated by 210 nm for a PSF of 270 nm (fwhm). (B−D) Images resulting from the application of Mappix, 2nd-order
SOFI, and 3rd-order SOFI, respectively. (E) Normalized intensity profiles extracted from the dotted line in part A. (F) Original image corresponding
to four neighboring emitters with intensity ratio 1, 0.75, 0.5, and 0.25. (G−I) Mappix, 2nd-order SOFI, and 3rd-order SOFI images, respectively. (J)
Normalized intensity profiles extracted from the dotted line in part F. Color code in parts E and J: black solid line corresponds to the signal of the
original image, red solid line to Mappix, orange and blue solid lines to 2nd-order and 3rd-order SOFI, respectively. Scale bar: 300 nm.
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SOFI in terms of emitter separation. Applying third-order
SOFI, the resolution improvement is better in this situation.
When individual emitters have fairly different intensities, the

situation depicted before is changed, as shown from the
intensity profiles reported in Figure 4J. For SOFI intensity, a
severe brightness skewing of the emitter contributions is
obtained because the brightness is raised to the power n for nth-
order SOFI calculation. This may lead to distortion of the
results. This effect can be observed on the results provided in
Figures 4H and 4I. The contributions of the dimmer emitters
are masked by the signal of the brighter ones. For second-order
SOFI, the presence of the rightmost emitter can hardly be

detected on the image because the local contrast is poor. For
third-order SOFI, despite some theoretically improvement in
spatial resolution, the situation is worse. On the contrary, the
red profiles depicted in Figure 4J based on the intensity of the
Mappix image in Figure 4G allow for the detection of the
presence of four emitters. A clear information enhancement is
obtained compared to the original. For Mappix results, the
fidelity of the relative intensity distribution on the final image
approximates that of the unprocessed data better. In the
presence of large brightness scaling, as for the simulation, this
may result in a better efficiency to detect overlapping emitters,
and to discriminate them.

Figure 5. Live-cell image of HEK293-T cell labeled expressing DAKAP-Dronpa visualized in the Epi-illumination mode. (A) Original wide-field
image generated by averaging all the frames of the acquired movie (1000 frames, 30 ms per frame). (B and C) 2nd-order SOFI and 3rd-order SOFI
images, respectively. (D) Mappix image obtained averaging the results obtained on the 10-frames sequence. (E−F) Magnified views of the box
marked on images A−D, respectively. Scale bars: A−D: 10 μm, E−H: 2 μm.
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The development of high-sensitivity methods based on
single-molecule fluorescence for imaging biomolecules in living
cells requires advances for situations in which the labeling
density is high. This is true for all super-resolution techniques
as the resolution is directly related to the label density by the
Nyquist-Shannon sampling theorem. In addition, quantitative
processing requires that attention should be paid to the
robustness of the method with respect to brightness
distribution of the fluorophores.27

Live-cell imaging experiment with HEK293-T cells
expressing Dronpa targeted to the mitochondria. Figure
5 provides the results obtained for live-cell imaging experiment
with HEK293-T cells expressing Dronpa targeted to the
mitochondria. Figure 5A shows the original image. A
representative fragment of the movie data is provided as
Supporting Information. As this fragment clearly shows, the
active Dronpa fluorophores are present in very high density in
each frame necessitating an analysis strategy capable of adapting
to these conditions.
Figures 5B and 5C show the results for second- and third-

order SOFI, respectively. Background elimination is obtained
and an improvement in the spatial resolution is observed.
However, because of the large dynamic range of the intensity
signal which may result from nonuniform illumination of the
sample and possible brightness heterogeneity of the fluoro-
phores, the SOFI images are difficult to visualize directly. This
is especially noticeable in the third-order SOFI image where
extracting full spatial information is difficult (see Figure 5C) if
the color mapping is scaled to the full range of intensities. Even
for second-order SOFI, this trend is already evident in the large
dynamic range of the signal.
The results obtained with the Mappix approach are provided

in Figure 5D. By comparison to second-order SOFI, the main
observation is that, overall, the dynamic range of the original
image is preserved. This allows for the observation of the full
cell structure despite strong brightness scaling of the original
image. In addition, compared to the original image, the cellular
structure is more readily observable in the Mappix data, as
shown in the magnified views in Figure 5E and in Figure 5H. In
Figure 6, intensity cross sections of the images provided in
Figures 5E−H are provided. Despite the large dynamic range in
the original image, local contrast enhancement and local detail
can be observed for Mappix (see Figure 6, red profile) when
these profiles are compared.
The results shown for Mappix in Figure 5D were obtained by

averaging 10-frames sequences to produce the final image. The
choice of the number of frames per sequence is data-driven and
thus related to experimental parameters such as the blinking
characteristics of the fluorophores, the presence of stationary
background, autofluorescence, bleaching, etc. Typically, accord-
ing to our experience on different data sets, considering ten to a
few tens of frames per sequence provide good quality results.
However, this choice is left to the user. In the Supporting
Information, the results obtained on HEK293-T with a number
of frames per subset varying from 1000 (full sequence) down to
10 are reported. When considering the full sequence of frames,
pixel-dissimilarity is taken over the overall mean-pixel signal. In
this way, stationary background can be accounted for, as for
SOFI. However, compared to the original image, the
information gain remains limited, as observed in Figure S1.
Another alternative is to process multiple sequences of a limited
number of frames and to average the obtained results. To
illustrate this, the images obtained for 10- and 50-frames per

subset of the full sequence movie are provided in Figures S1A
and S1B, respectively. Considering multiple subsequences of
the full movie allows handling dynamic variations of the signals,
i.e variations which evolve at longer time scale than the
fluorescence signal of the single emitters. Bleaching is an
example. As observed from the profiles in Figure S1E, the
results obtained from multiple subsequences show some
resolution improvement that provides a better distinction of
the features of the biological structure, despite that static
background is not handled by the procedure in this case.
However, this is not really an issue as background could be
handled in other ways. In our opinion, the fact that the choice
of the number of frames per subset of the full sequence is made
by the user should not be considered a limitation but a way to
adapt to the many possible different characteristics of the raw
data in smart-fluorophore imaging.
It should be noted that the results provided in Figure 5 were

obtained without performing any pre- or postprocessing of the
raw super-resolution data. More specifically, no background
correction method was applied, nor was it corrected for offset
or was intensity scaling performed. This can be observed on the
profiles in Figure 6 which are compared directly to the original
image signal. The choice to report raw data for Mappix results
was made in order to avoid any biased interpretation of the
images provided. It has recently been acknowledged in the
literature that the quality of the processed image can be
determined by the choice of the background correction
algorithm to a large extent.28 Still, it is worth mentioning that
Mappix can be applied in combination with any type of image
pre- or postprocessing. As for Mappix results, no image
enhancing technique was applied to the images obtained using
SOFI.
In Supporting Information, additional results obtained

applying Mappix to live HEK293-T cells expressing a construct
encoding Dronpa targeted to the plasma membrane are
reported on.29 As previously, the results are compared with
SOFI (see Figure S2). For these data corresponding to dense
labeling conditions, histograms of pixel intensity are provided in
Figure S3. This enables highlighting how the Mappix approach

Figure 6. Normalized intensity profiles extracted from the dotted line
in Figures 5E−H provided for contrast comparison. Black solid line
corresponds to the signal of the original image, red solid line to
Mappix, orange and blue solid lines to 2nd-order and 3rd-order SOFI,
respectively.
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preserves information about the overall intensity distribution
on the original image better.

■ CONCLUDING REMARKS

We demonstrated that an approach based on pixel dissimilarity,
for which the name Mappix was proposed, can be a powerful
alternative for processing densely labeled data in fluorescence
images with single-molecule sensitivity. Calculation is un-
complicated, and the method can be applied to a wide range of
imaging modalities and any characteristics of the raw data.
However, in normal labeling and blinking situations, Mappix
yields images with only a relatively moderate improvement and
does not perform better than state of art PSF-enhancement
methods.
The strength of the Mappix approach is that it is robust to

labeling density, blinking characteristics, and brightness
variations within the original image. Mappix still provides
improved information, enhancing the structural content of the
image in situations where other techniques are limited by the
fact that the fluorescence emission of an individual fluorophore
cannot be separated in time or that the brightness of the
original image is skewed. The method may thus provide a
useful alternative for some biological imaging applications,
where, on the one hand, signal enhancement is aimed for
structural analysis and, on the other hand, global contrast
preservation is required for functional or quantitative analysis.
To conclude, we would recommend using Mappix as an image
enhancement technique for visual and semiquantitative
inspection of the image data combined with SOFI imaging
for subdiffraction imaging.
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