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Abstract. Hadamard-based single-pixel microscopy (HSPM) is a versatile non-conventional imaging
technique where a binary function base is projected over the sample in a microscope setup to recover its
information. One HSPM’s main challenge is the need to project numerous patterns to retrieve the image of
the object under study. This leads to potential phototoxicity damage and a reduction in temporal resolution.
Aiming to reduce the total pattern projection time, this study explores the use of statistical compressive sensing
(CS) using the kernel density estimator (KDE) approach to learn the probability distribution of the most relevant
Hadamard spectrum (HS) sampling coefficients, based on a large-scale dataset of 50,000 histopathology
images. The probability distribution can then be sampled to generate the set of Hadamard patterns to be
projected. The proposed KDE-guided CS method is implemented and tested on biological and non-
biological samples. An image resolution of 550 lp/mm was recovered at a 25% sampling ratio (SR) using
the proposed method, a level not reached by the well-established TV-based approach. Moreover,
compared to TV-based sampling, the Michelson contrast increased from 0.09 to 0.17 at a 25% SR and
from 0.12 to 0.29 at a 30% SR. These results demonstrate the feasibility of the proposed method for
HSPM CS applications.
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1. Introduction
The use of high-speed spatial light modulators (SLMs) and non-
spatially resolved detectors, with broad spectral sensitivity, has
allowed the implementation of diverse applications of single-
pixel imaging (SPI) techniques[1]such as structured illumination
single-pixel microscopy (SPM)[2–4]. Unlike conventional imag-
ing systems, in SPM, a scanning base is projected over the
sample using an SLM. This process is often performed by em-
ploying high-speed digital micromirror devices (DMDs), due to
their achievable frame rates, up to 33 kHz, and their wide spec-
tral range. This configuration minimizes the sample-light inter-
action by constantly changing the illumination over the sample
for each pattern of the scanning base, thereby reducing photo-
bleaching and phototoxicity. The technique’s adaptability has

attracted attention to different applications, including polariza-
tion state[5] studies, phase imaging[6], fluorescent lifetime[6], and
imaging outside the visible spectrum[7], covering wavelengths
from terahertz to X-ray regions[5,8].

Among the multiple alternatives for SPM sampling, deter-
ministic approaches like Hadamard-based and Fourier-based
SPM have been broadly implemented[9]. Its performance under
noise and low-intensity sensing conditions suggests the
Hadamard approach as a suitable implementation for micros-
copy techniques, where the signals are often low in intensity
and sensitive to environmental variables such as mechanical vi-
bration. In Hadamard-based single-pixel microscopy (HSPM),
each pattern of the Hadamard base, corresponding to a two-
dimensional rectangular function, is projected over the sample,
as shown in Fig. 1(a). Then, the pointwise product between
each demagnified Hadamard pattern Hk�x∕M; y∕M� by the*Address all correspondence to H. Tobon-Maya, tobon@uji.es
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microscope setup and the sample s�x; y� is integrated by a
bucket detector. This process allows the measurement of an in-
tensity vector Iv�k�, as illustrated in Fig. 1(b). In that way, one
can write Iv � H�s�, with H�·� being the Hadamard transfor-
mation. The collected intensity vector contains the Hadamard
frequency spectrum (HS) of the imaged sample, which can
be reshaped using the Walsh order or the 2D representation,
as seen in Fig. 1(c)[10]. The coordinates fx; fy are determined
by the frequency of the rectangular waves that compose the
Hadamard base. The maximum available frequency for each
axis represents a rectangular wave with a semi-period of 1∕np
units, where np is the number of pixels in each base element
along each axis. Finally, when the full spectrum is recovered,
the sample image can be obtained just by applying the inverse
Hadamard transform H−1�·� as shown in Fig. 1(d).

One significant trade-off present in this imaging technique is
the need to project a large number of binary patterns to recover
accurate information about the object under study. Recently, this
improvement opportunity has been a topic of interest, leading to
different innovative approaches for compressive sensing (CS) in
SPI and HSPM[11–14]. Most of the methods are based on a proper
sampling sequence of Hadamard patterns, whereby the more rel-
evant patterns are scanned first and those providing low infor-
mation are avoided[11,14,15]. Among them, the total variation order
or ZigZag order (TV/ZigZag) is probably the most intuitive and
the one with the best performance to apply CS approaches for
SPI[12,14,15]. In the 2D Walsh representation, shown in Fig. 1(c),
this CS sampling method represents the analog to measure fol-
lowing a low-pass triangular filter over the top-left corner of the
HS[16]. Nevertheless, as will be shown later in this study, the rel-
evant image information in the HS is often distributed among
both the low- and the high-frequency domains.

As an alternative to deterministic sampling approaches, re-
cent alternatives involve random sampling based on small data-
set analysis, which introduces probabilistic elements into the
sampling process[16]. This method considers both low- and
high-frequency components. Instead of being conditioned by
a triangular filter, the sampling will be conditioned on a pre-
determined exponential model for the analyzed HS energy in
the studied dataset, where the probability decays in terms of
the Euclidean distance to the zero-frequency order[16]. As well,
some learning-based SPI has been recently proposed in the con-
text of SPI increasingly relying on learning-based pipelines[17–20],
spanning end-to-end neural decoders and learned/optimized
sampling. While these approaches can be effective, they often
depend on sizeable training sets, tuned hyperparameters, and, in
several cases, non-public code or weights, which complicates
like-for-like experimental comparison and reproducibility.
With the aim of contributing to a more adaptable probabilistic
sampling method specifically designed for HSPM, this study
explores the statistical behavior of HS to propose a probabilistic
sampling kernel for CS in HSPM. By analyzing the HS of
50,000 images through kernel density estimation (KDE), this
study seeks to define a sampling approach that adjusts to diverse
imaging conditions. Such a method could provide an alternative
to current deterministic and probabilistic approaches, enabling
more efficient and adaptable SPI in both low- and high-
frequency domains.

2. Hadamard Spectrum Information
Distribution

The broad implementation of CS in Hadamard-based SPI is pri-
marily supported by the natural sparsity of images in the HS.
When CS is applied, only a portion of the total HS is sampled,
leading to an underdetermined system that is often solved using
algorithms such as TVAL3[21] or NESTA[22]. This natural sparsity
is demonstrated for 4 different images, shown in Figs. 2(a)–2(d).
The magnitude of their corresponding normalized HS coeffi-
cients is displayed in Figs. 2(e)–2(h), illustrating that most
HS coefficients do not encode significant sample information.
The approximated compressive ratio, ACR, of each sample is a
commonly used, ad hoc way to quantify the proportion of
significant HS coefficients and is defined as

ACR �
PT

k�1 1�jHk�s�j > meanjH�s�j�
T

; (1)

where H�s� represents the Hadamard transform of an arbitrary
image s�x; y�, and T is the total number of pixels in the image.
The ACR, thus, determines that all HS coefficients that are
larger than the mean encode the most relevant sample informa-
tion. For each image, the coefficients contributing to the ACR
are shown in Figs. 2(i)–2(l).

These coefficients define a subsampling base for the HS.
This subsampling base will be referred to from now on as
the ACR filter. In Figs. 2(m)–2(p), images of the reconstruction
achieved by applying H−1 to the selected coefficients using the
ACR filter are shown. This yields images with a structural sim-
ilarity index measure (SSIM)[17] from 0.84 to 0.91 and a signal-
to-noise ratio (SNR), ranging from 70 to 77 dB, as indicated in
the corresponding reconstruction panels. Both metrics were
computed as defined in the metrics section of the Python sci-
kit-image package described in Ref. [23]. Importantly, this

Fig. 1 HSPM schematic. Panel (a) shows the demagnified
Hadamard patterns over the sample. Panel (b) illustrates the in-
tensity vector construction. Panels (c) and (d) represent the re-
sulting Hadamard transform in the 2D Walsh representation and
the final image after the H−1 implementation, respectively.
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reconstruction does not involve solving the CS inverse problem
through any optimization algorithm. Instead, the non-sampled
coefficients are set to zero. However, this approach requires
prior knowledge of the full HS of the imaged sample. Each
ACR filter encompasses sampling ratios (SRs) around 0.21
of the total data. One can validate that the corresponding
TV/Zig-Zag sampling filter with an SR of 0.21 only encodes
around 52% of the relevant image coefficients, leaving behind
relevant data for a full CS data acquisition scenario.

This study proposes an alternative to the above scenario by
analyzing different ACR filters to define a general sampling ker-
nel to be used as a measurement input for CS in HSPM. The
similarity in the behavior of the distributions of ACR filters
in Fig. 2 motivates the search for a function to generalize the
sampling of relevant HS coefficients. To address this, we pro-
pose to use a probabilistic function for defining a sampling ker-
nel for HSPM. This function is constructed using the KDE
algorithm, an unsupervised machine learning method. To gen-
eralize the approach, the analysis will be extended to a large
dataset of images, enabling the generation of robust sampling
kernels.

3. Methods

3.1. Kernel Density Estimator

Determining the probability density function (PDF) to adjust the
ACR filter data presented in Fig. 2 is a challenging task.
Standard fitting approaches rely on predefined functions, such
as gamma or exponential distributions. However, these methods
assume that the data follows a specific behavior, which may not
be accurate for this application. The ACR filter distribution, es-
pecially for high-frequency components, can be irregular and
sample-dependent. This irregularity becomes evident in the
superposed data presented in Figs. 2(i) to 2(l), where the com-
bined ACR filters show a distribution with a non-conventional
behavior. The high-frequency components exhibit variations
that depend on the specific imaged sample, further complicating
the analysis. In such cases, the KDE provides an effective and
flexible method for estimating the underlying data distribution.
Unlike parametric approaches, KDE does not assume a specific
functional form for the global PDF. Instead, it estimates the den-
sity by placing local kernels, typically Gaussian, at each data
point and summing their contributions[24,25]. KDE has been

Fig. 2 Hadamard SPI behavior. In the first column, panels (a) to (d), the images of a church tower,
a parrot, a flower, and a histological microscopy sample are shown, respectively. The correspond-
ing Hadamard transform of each image is displayed in panels (e) to (h). The ACR mask filter for
each HS is shown in panels (i) to (l), respectively. The image reconstruction using the ACR filter
without any CS algorithm is shown in panels (m) to (p), respectively.
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successfully applied in various complex scenarios[26–28], making
it an ideal choice for analyzing the distributions of ACR filters
proposed in this study. Given the normalized frequency coordi-
nates u � fx∕fcx; v � fy∕fcy for the ACR filter, with fcx and
fcy being the corresponding cutting frequency along each axis,
the KDE method can be used to estimate the PDF. In one di-
mension, the KDE is mathematically defined as

f̂�u� � 1

n�wu�d
Xn
i�1

K
�
u − ui
wu

�
; (2)

where f̂�u� is the estimated density at point u, n is the total num-
ber of data points, wu is the bandwidth parameter controlling the
kernel’s width, n is the dimensionality of the data, and K�·� is
the kernel function, commonly chosen as a Gaussian,

K�g� � 1����
2π

p e−g2

2 . For a 2D analysis, the KDE extends naturally
as

f̂�u; v� � 1

nwuwv

Xn
i�1

K
�
u − ui
wu

�
K
�
v − vi
wv

�
; (3)

where wu and wv are the bandwidths along the u and v axes,
respectively. To implement this in our analysis, the relative po-
sitions �u; v� of the ACR-relevant coefficients are used as input.
The KDE then evaluates the local density of these points, creat-
ing a continuous PDF representing the spatial distribution, hav-
ing each HS coefficient’s occurrence as a contribution. In that
way, by picking the dataset relevant sampling fx; fy coefficients
based on the ACR filter, the local PDF composed by summing
different bandwidths around each observation P�jHk�fx; fy�j >
mean�jH�fx; fy�j�� can be computed using the KDE. This
method provides an accurate PDF estimation for irregular data,
while its reliability depends on the quantity of data input. A
small dataset might not capture the full range of variability
in the HS coefficients.

3.2. KDE Sampler Using a Large Microscopy Image
Dataset Analysis

To ensure a robust estimation, this study builds a comprehensive
dataset of relevant coefficients based on a large dataset
analysis[29,30]. A total of 50,000 images of histopathologic scans
of lymph node sections extracted from the PatchCamelyon data-
set[29,30] were used. The dataset is composed of histopathology
images exhibiting a variety of spatial frequency content. The
diverse frequency content minimizes the introduction of non-de-
sired prior information in the frequency domain and ensures
variability in the distribution. This approach ensures that the
sampling kernel reflects a generalizable and accurate represen-
tation of the data, enabling consistent performance for HSPM
observations. Figure 3 describes the general process of data con-
struction to generate the inputs for the KDE fitting and the
model training. As illustrated in the flow chart in Fig. 3, first
a random sample of 50,000 images of the original data set
was taken and upsampled from 96 pixel × 96 pixel to
128 pixel × 128 pixel, and then the Hadamard transformation
was computed. Later, the ACR filter was computed for all
the images, and the positions for the relevant coefficients were
condensed as the input for the KDE model. All the frequencies
were normalized with respect to the cutting frequencies fc, so,
in that way, each data point to be adjusted will return a relative
index coefficient to the implemented HS order.

Once the dataset was created, the KDE model was fitted over
the data using the Google Cloud Platform (GCP) facilities. The
Python packages provided in the scikit-learn for KDE adjust-
ment were implemented in the construction of our ACR sam-
pling filter[31,32]. The model fitting was performed in a
16-core virtual machine with 64 GB of RAM. The partial fitting
method was implemented to generate different samplers de-
pending on the final user's computing capabilities. All the codes
regarding the use of the KDE samples and generation of the
imaging patterns can be found in the data availability section
referenced repository.

Fig. 3 Data construction flow chart for KDE fitting. First, 50,000 histopathology images were ran-
domly sampled from the PatchCamelyon dataset and upsampled from 96 pixel × 96 pixel to
128 pixel × 128 pixel. Next, the Hadamard transform was computed on each image. The ACR
filter was then computed to identify the most informative coefficient positions. All frequencies were
normalized with respect to the cutoff frequency, yielding relative index coefficients. Finally, the
condensed coefficient positions were supplied as input to the kernel density estimator to generate
the probabilistic sampling kernel.
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3.3. KDE Sampler Performance

The KDE sampler can be used to generate different ACR filters
according to the desired SR. The model global performance to
determine the sampling coefficients for an image that was not
part of the histopathologic fitting data is shown in Fig. 4. A si-
mulated Siemens star image of 128 pixel × 128 pixel, shown in
Fig. 4(a), was used to validate the sampler performance encod-
ing the ACR filter coefficients. Since the KDE returns a prob-
ability function, the sampling filters will be slightly different
every time they are generated. To begin with the model perfor-
mance determination, an SR of 25% was chosen, and different
filters were computed recursively. In each iteration, the number
of coincidences between the original ACR filter of the Siemens
star, shown in Fig. 4(b), and the corresponding KDE-generated
filters, one of which is shown in Fig. 4(c), were stored. A
histogram of the coincidences alongside 500 iterations of this
correspondence comparison is shown in Fig. 4(d). This process
was performed with KDE filters computed with 0.5, 0.8, and
1.1 bandwidths. The mean value of correspondence falls
around 0.72 for all the trained distributions, as shown in
Fig. 4(c).

As the corresponding distributions in Fig. 4(d) are essentially
indistinguishable across the three bandwidth candidates
w ∈ f0.5; 0.8; 1.1g, with similar mean, variance, and overall
shape. We adopt the intermediate bandwidth equal to 0.8 for
all subsequent performance tests. The imaging performance
evaluation of the proposed method under a simulated scenario
using different SRs is shown in Fig. 5. To conduct the test, SRs
of 20%, 25%, and 30% are evaluated. To retrieve the final

images in this study, both in the simulated and experimentally
acquired scenarios, the CS inverse problem, to retrieve the final
image, is addressed by implementing the well-known NESTA
optimization routine[22]. A detailed explanation of the CS
reconstruction is provided in the Supplement 1, including the
inverse problem formulation and the NESTA-based minimiza-
tion procedure.

The proposed method is compared with the well-known TV/
Zigzag method[12,14,15] for imaging the simulated Siemens star
test, as shown in Figs. 5(a)–5(c). The KDE performance is
shown in Figs. 5(d) and 5(e) for the same sample. Despite being
able to retrieve high-frequency information, unlike the TV/
ZigZag method, background noise is persistent in the retrieved
images. This behavior can be related to non-uniformity in the
sampled HS low-frequency components. To compensate for this
situation, a 5% SR low-pass filter, based on the TV/ZigZag sam-
pling, is added to the KDE filter. In that way, we ensure a homo-
geneous sampling of the background as seen in Figs. 5(f) and
5(g). The KDE + low frequency form TV/ZigZag does not im-
ply any change in the problem solution. This augmentation does
not change the optimization problem or the solver; it simply
adds a few low-frequency measurements before reconstruction,
which improves background uniformity while preserving the
high-frequency benefits of KDE.

The capability of resolving small details in different objects
is crucial in microscopy and represents one of the biggest trade-
offs for the integration of CS approaches in SPM. One notable
advantage of the proposed method, compared with the well-
known TV sampling technique, is the resolution impact. This

Fig. 4 KDE sampler performance for an image that is distinct from the histopathologic
training data. A Siemens star test and its corresponding HS ACR are shown in panels (a) and
(b), respectively. In panel (c), a kernel for a 25% SR is shown. In panel (d), a histogram plotting
the coincidences between 500 generated KDE sampling filters and the Siemens star HS ACR is
shown, demonstrating the method’s capability of producing a sampling kernel with up to 72% of
coincidence.
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can be noticed in Fig. 5, where the inner spikes of the Siemens
star test are better resolved by implementing the proposed
method. This behavior is present as well in the reconstruction
of experimental samples, as will be shown in the Sec. 4.
Additionally, to provide a fair, reproducible context, the
Supplement 1 reports the SSIM and SNR against transparent
baselines, such as random Hadamard under sequency and
conventional orderings and scrambled-Hadamard, across
15%–60% SRs. At equivalent quality, the sampling burden is

substantially reduced: to attain SSIM ≈ 0.95, most of the tradi-
tional sampling approaches required ∼50% SR, while the pro-
posed method achieves this at ∼30% SR, as shown in detail for
different methods in the Supplement 1.

4. Experimental Results

4.1. Experimental Setup

The experimental validation of the KDE-guided sampling
approach was performed on a custom telecentric single-pixel
microscope, as schematized in Fig. 6. The microscope was built
following the procedure reported in Ref. [2]. The core imaging
train combines a Mitutoyo 20× infinity-corrected microscope
objective (MO, NA=0.42) with a 200 mm tube lens (TL).
Downstream of the TL, a 4f relay (L1 and L2, both
f � 75 mm) provides access to the system’s pupil plane. An
Optotune ETL-12-30 tunable lens with a range of �5 diopters
is inserted to introduce focus compensation.

A Vialux V-6005 DMD is conjugated both to the sample
plane and to the microscope field stop, ensuring that each pro-
jected Hadamard pattern is sharply demagnified onto the speci-
men. Illumination is provided by a fiber-coupled 650 nm diode.
The light beam is collimated, expanded to fill the DMD active
area, and then reflected through the objective onto the sample.
Reflected light by the sample retraces the optical path, reaches a
50:50 beam splitter (BS), and is collected by a second MO into
an avalanche photodiode APD410A/M, acting as the bucket de-
tector shown in Fig. 6. The photodiode output is digitized by a
16-bit ADC at 200 kHz in synchrony with the DMD using a NI-
DAQ USB 6341. Finally, the pattern projection rate at the DMD
is fixed at 9 kHz.

4.2. Experimental Performance

To quantitatively assess the imaging capabilities of the proposed
KDE-guided sampling strategy, a resolution test chart and a cot-
ton-tissue sample were imaged. All the experiments were per-
formed using the described setup. Figure 7 presents the results
obtained on an Edmund Optics resolution test chart, wherein the
KDE-guided method is compared against the established TV/
ZigZag approach at SRs of 25% and 30%.

In Figs. 7(a) and 7(b), line pairs up to 550 lp/mm were re-
solved using the KDE-guided strategy at both 25% and 30%

Fig. 5 Simulated reconstruction performance on a 128 × 128
Siemens star test target under three SRs. (a)–(c) Reconstructions
obtained with TV/ZigZag sampling at SR � 20%, 25%, and 30%,
respectively. (d)–(f) Reconstructions obtained with the KDE-
guided sampler at the same SRs, showing improved high-fre-
quency fidelity but nonuniform background sampling. (g)–(i)
Reconstructions incorporating a 5% low-pass (LP) complement
on the KDE kernel, and the filter restores uniform background
sampling while preserving high-frequency detail.

Fig. 6 Experimental HSPM validation setup schematic. A 650 nm collimated source illuminates a
Vialux V-6005 DMD. The DMD was relayed through a 4f system (L1, L2; f � 75 mm), conjugated
to both the sample plane and the microscope field stop. An Optotune ETL-12-30 tunable lens (TL)
was inserted within this relay to enable rapid focus adjustment. Patterned illumination is projected
through a 20×, NA 0.42 microscope objective (MO), and a 200 mm TL onto the sample.
Backscattered or fluorescent light was separated by a dichroic/beam splitter (BS), collected by
a second objective (MO2), and detected by an avalanche photodiode (APD).
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SRs. These features remained unresolvable with TV/ZigZag
with the same SR, shown in Figs. 7(c) and 7(d). Within the
550 lp/mm region, highlighted by the orange insets, the
Michelson contrast (MC) was measured to provide a quantita-
tive metric of the method performance. The MC is shown in
rectangular purple insets for each image. Contrast values of
17% and 29% were measured for the KDE-guided method in
the zoomed insets in Figs. 7(a) and 7(b), respectively. Under
identical conditions, TV/ZigZag yielded contrasts for the
zoomed inset of 9% and 12%, respectively, corresponding to
a twofold contrast enhancement at 25% SR and a 2.4× improve-
ment at 30% SR.

Moreover, at 500 lp/mm, resolution was achieved by both
methods; however, a higher contrast of 30% was measured
with KDE guidance, compared to 24% for TV/ZigZag at
25% SR. These results demonstrate that, even under high com-
pression rates, the proposed approach preserves high-
frequency detail while substantially enhancing contrast in
the finest features, both for high and intermediate frequency
values. Additionally, the SSIM and SNR were evaluated rela-
tive to a full-sampling reference. At 20% SR, the TV/ZigZag
baseline attains a 12.8 dB SNR, whereas the proposed KDE-
guided sampling achieves 18.1 dB under identical conditions.
A detailed analysis across SRs and sampling policies for the
resolution target is provided in the Supplement 1.

The performance of the proposed KDE-guided sampling
strategy was also evaluated on a biological specimen by imaging
the fluorescence emission of a cotton-tissue sample (Fig. 8).
Excitation was provided by a 450 nm diode laser, and fluores-
cence was separated from the illumination path by replacing the
50:50 BS (Fig. 6) with a Thorlabs MD498 dichroic mirror.
Focus alignment was ensured via the Optotune FTL, operated
according to the procedure described in Ref. [33].

Three representative reconstructions of the fluorescent
cotton‐tissue sample are presented side by side in Fig. 8. In

Fig. 8(a), the full Hadamard base yields a high‐fidelity image
in which individual cellulose fibers and their branching points
are crisply delineated. The background fluorescence appears as
well uniformly low. In Fig. 8(b), the TV/ZigZag, at 25% SR, is
shown; many of the fine fibrous details observed in Fig. 8(a) are
obscured. Sharp fiber–fiber intersections are blurred, and the
contrast between the fibers and the surrounding matrix is sub-
stantially reduced, as highlighted by the lower‐right orange in-
set. By contrast, in Fig. 8(c), the KDE‐guided sampling, at 25%
SR, recovers both the thin fiber strands and the localized bright
spots with clarity nearly matching the full‐scan reference.
Moreover, the background noise floor remains suppressed, re-
sulting in an overall contrast enhancement that closely ap-
proaches that of the 100% SR acquisition. The scale bars in
all panels correspond to 20 μm. These results illustrate that, even
at one‐quarter of the full sampling load, the proposed method
can preserve high‐resolution structural information and achieve
superior signal‐to‐background distinction in fluorescence imag-
ing of biological tissues.

Taken together, our experiments demonstrate that the pro-
posed KDE-guided sampling is the way to high-fidelity final
reconstructions at substantially reduced SRs, consistently out-
performing TV/ZigZag and random Hadamard orderings across
both resolution targets and biological specimens. Extensive as-
says, including SSIM/PSNR versus SR curves, are provided in
the Supplement 1 for all the presented results. In contrast to
learning-based SPI approaches, our method attains competitive
quality without training or heavy computing, remains decoder-
free (standard CS reconstruction via NESTA), and is fully open
and reproducible. These attributes, combined with the observed
performance, make the proposed sampling method a practical
approach for deployment on standard SPI hardware.

5. Conclusion
HSPM has been presented as a versatile, non-conventional im-
aging modality in which binary Hadamard patterns are projected
onto a sample to recover spatial information. The principal
limitation of HSPM, namely the requirement to display a large
number of patterns, which could induce phototoxicity or photo-
bleaching and lower the achievable framerate for imaging
dynamic processes in samples, has been addressed by introduc-
ing a statistical CS framework for reducing the needed number
of patterns, maintaining resolution and contrast.

Fig. 7 Experimental validation of the proposed method using a
high-resolution test target. In panels (a) and (b), the proposed
method retrieved images KDE + TV retrieved images for the test
target at 25% and 30% SRs are shown, respectively. In panels
(c) and (d), the TV/ZigZag retrieved images for the test target at
25% and 30% SRs are shown, respectively. The scale bars for all
the images correspond to 15 μm.

Fig. 8 Fluorescence reconstructions of a cotton tissue sample
acquired with full and compressed Hadamard sampling. In panel
(a), the reference image obtained at 100% SR is shown. In (b),
reconstruction using TV/ZigZag sampling at 25% SR is shown. In
(c), the reconstruction using KDE-guided sampling at 25% SR is
presented. The scale bars correspond to 20 μm.

Tobon-Maya et al.: Statistical compressive sensing method for Hadamard-based single-pixel microscopy…

Advanced Imaging A00002-7 2026 • Vol. 3(1)

https://www.opticsjournal.net/AI/suppl/663377
https://www.opticsjournal.net/AI/suppl/663377


A large-scale dataset of 50,000 histological images has
been analyzed to identify the most informative Hadamard-
spectrum coefficients for each image. This coefficient
distribution set has been processed via a KDE to yield a prob-
abilistic sampling function that chooses the most likely
coefficients to provide relevant sample information. The
KDE-guided CS method has been experimentally validated
on a telecentric single-pixel microscope equipped with a
DMD, a focus-tunable lens, and NI-DAQ readout, without
any hardware modification.

Experimental validations have been performed on both res-
olution test charts and biological specimens. In resolution chart
experiments, line pairs up to 550 lp/mm have been recovered at
25% and 30% SRs, whereas conventional TV/ZigZag sampling
fails to resolve these features. The MC has been increased from
0.09 to 0.17 at 25% SR and from 0.12 to 0.29 at 30% SR, rep-
resenting up to a 2.4× enhancement in the finest details. In fluo-
rescence imaging of cotton tissue at 25% SR, fibrous structures
have been preserved with clarity approaching full-scan acquis-
itions, while traditional CS exhibits blurred features and reduced
contrast.

The proposed KDE-guided policy has achieved a given im-
age quality at substantially lower SRs than the TV/ZigZag base-
line. For the Siemens-star target, reaching SSIM ≈ 0.95 requires
∼50% SR with TV/ZigZag, whereas the proposed method at-
tains the same quality at ∼30% SR (see the Supplement 1).
This reduction directly translates into fewer projected patterns,
faster acquisition, and lower optical dose.

These results demonstrate that KDE-guided sampling can
effectively reduce the number of pattern projections, mitigate
photodamage risk, and maintain high spatial resolution and con-
trast under aggressive compression. The openness of the model
facilitates reproducibility and integration on standard hardware.
Future work will explore block-adaptive/feedback sampling,
video-rate operation, and hardware acceleration while preserv-
ing the decoder-free reconstruction pipeline. The method has
been shown to be feasible and advantageous for HSPM CS ap-
plications in both physical and biological contexts.

Data Availability
The data and code related to the article are openly available on
Zenodo at https://doi.org/10.5281/zenodo.17373219. The
repository includes trained KDE sampling models, deterministic
TV/ZigZag sampling kernels in the Walsh–Hadamard domain,
and NESTA-based reconstruction scripts.
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