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Abstract: Single-pixel imaging is able to acquire an image from a few point measurements
thanks to dedicated reconstruction algorithms. In recent years, reconstruction approaches based
on deep learning have outperformed most alternatives. However, computational experiments and
data-driven methods have become difficult, if not impossible, to reproduce. The development
of tools enabling reproducibility and benchmarking is therefore now essential. This paper
describes SPyRiT, an open source PyTorch-based toolbox capable of handling various simulation
configurations and reconstruction methods based on deep learning. In particular, we compare
several supervised and plug-and-play methods, including post-processing and iterative strategies.
Our results demonstrate that supervised methods trained on simulated data can be successfully
applied to experimental data when the signal-to-noise ratio of the measurements is higher or
equal to that of the training phase. On the other hand, the hyperparameter of the plug-and-play
methods can be tuned to manage lower signal-to-noise ratios. The modularity of SPyRiT enables
the evaluation of various configurations and the rigorous benchmarking of reconstructions based
on deep learning in single-pixel imaging, as well as in related fields such as ghost imaging.

1. Introduction

Single-pixel imaging is a technique that enables an image to be acquired from a set of point
measurements using dedicated reconstruction algorithms [1,2]. The technique can be traced back
to the concept of Hadamard spectroscopy [3], that introduced Hadamard-modulated measurements
to enhance the signal-to-noise ratio (SNR) of images reconstructed using the least squares method.
Single-pixel imaging has gained renewed interest with the advent of compressed sensing theory,
providing a theoretical framework to ensure perfect reconstruction of an image acquired from
few measurements obtained with random modulations [4]. The many different applications
of the technique include imaging in the visible and infrared domains [5], in addition to the
mid-infrared [6], ultraviolet [7], terahertz [8] and X-ray [9] ranges, as well as through scattering
media [10], fluorescence lifetime imaging [11], 3D time-of-flight imaging [12], time-of-flight
LiDAR [13] and light-field microscopy [14].

Deep learning has revolutionized the field of image reconstruction [15] and greatly advanced
computational optics [16]. Since the first application of deep learning to single-pixel imaging [17],
a great variety of data-driven reconstruction methods have been designed for the field. Supervised
methods train the free parameters of a reconstruction algorithm from image-measurement pairs.
Simple yet efficient reconstruction algorithms are obtained by post-processing a first (e.g.,
linear) reconstruction by an image-domain neural network (e.g., a U-Net [18] or an attention
network [19]). The first reconstruction step can be learned from the data in an end-to-end [17]
or two-step [20] manner, chosen as the pseudo-inverse solution [21,22], or the minimum mean
squares error solution [23]. Following the trend of algorithm unrolling [24,25], an empirical
expectation maximisation network was designed in [26] while [27] considered unrolling the
iterative hard thresholding for expanders. Adversarial training has also been considered [28,29].
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To improve the generalization ability of supervised methods, one strategy involves fine-tuning
using a physics-based loss [30]. An alternative is to consider plug-and-play (PnP) methods
that combine a (deep) denoiser prior with a model-based reconstruction algorithm. Multiple
configurations (e.g., sampling ratio, noise level, type of modulation) can, therefore, be considered
using the same denoiser, whereas supervised methods require retraining. Among the possible
model-based reconstruction algorithms that can be used for PnP, the proximal gradient descent [31]
or the alternating direction method of multipliers algorithm [32] have been widely used in imaging.
Different types of denoisers can be considered, such as traditional (e.g., BM3D [33]) or U-Net
based denoisers (e.g., U-Net [18], DR-UNet [34]), or auto-regressive models [35]. More recently,
untrained networks have emerged that do not require pretraining [36, 37].

In this new data-driven deep learning era, reproducibility is a major challenge. Indeed, despite
huge progress in both the practical and theoretical aspects, most computational experiments and
data-driven methods have become difficult, if not impossible, to reproduce by an independent
researcher [38], an issue referred to as the reproducibility crisis. Open source platforms with
reference datasets and reconstruction algorithms are therefore required in order to ensure the
reproducibility of results and fair benchmarking needed to establish reliable conclusions.

This work introduces SPyRiT, the first, to the best of our knowledge, package dedicated to
single-pixel imaging reconstruction based on deep learning. Though packages for solving general
inverse problems using deep learning are available (e.g., Pixu [39] or Deeplnv [40]), dedicated
packages are usually preferred when targeting specific applications (e.g., RTK [41], ASTRA [42]
or TIGRE [43] in computed tomography; BART [44] in magnetic resonance imaging). SPyRiT,
on the other hand, provides a platform for the simulation and reconstruction of single-pixel
measurements, integrated within the OpenSpyrit ecosystem that provides data and hardware
control software [45]. The modular structure of the Python-based package allows users to
simulate measurements from images, simulate corrupted noisy measurements, process noisy
measurements prior to reconstruction, define data-driven reconstruction algorithms and train the
associated networks.

To illustrate the capabilities of SPyRiT, we implement and compare six different data-driven
reconstruction methods, belonging to the supervised and PnP families of algorithms. All methods
are assessed in a controlled manner by evaluation of the images reconstructed by SPyRiT from
the ImageNet dataset and SPIHIM experimental dataset. While SPyRiT has been designed for
single-pixel imaging, it may also benefit other computational optical imaging modalities, e.g.,
ghost imaging which is based on the same imaging principle.

2. Theory

2.1.  Single-pixel imaging forward model

Single-pixel imaging aims to recover an unknown image x € RY from a few noisy observations
m =~ Hx, (D)

where H: RV — RM is a linear measurement operator. In the case when M = N, it may be
desirable to work with orthogonal bases, such as Hadamard or Fourier [46,47] to benefit from
Fellgett’s advantage for improved SNR [3]. This implies patterns with negative values'. In
practice, however, measurements are obtained by uploading a set of light patterns onto a spatial
light modulator (e.g., a digital micromirror device (DMD), see Fig. 1). Therefore, only positive
patterns can be implemented. We model the actual acquisition process as

y = N(Ax), 2

! An orthogonal matrix with non-negative entries is a permutation matrix, i.e., a matrix that has only one non zero
entry (equal to one) in each row. This case corresponds to measuring each pixel in the scene independently
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Fig. 1. Principle of single-pixel imaging. A single-pixel camera measures a noisy
version of the scalar product of some image x € RY and a DMD pattern a j€ RN,

The measurement vector y € RY, that collects all measurements obtained for all
DMD patterns, may be preprocessed, leading to the preprocessed measurement vector
m € RM. A reconstruction algorithm Ry is necessary to estimate the unknown image
x from the preprocessed measurements.

where N: R/ — R’ represents a (not necessarily linear) noise operator (e.g., Poisson or
Poisson-Gaussian), A: RY — R is the actual acquisition operator that models the (positive)
DMD patterns, and J is the number of DMD patterns.

2.2. Handling non negativity with preprocessing

We may consider preprocessing techniques that transform the actual model Eq. (2) into the target
model Eq. (1)

m = By ~ Hx, 3

where B: R/ — RM is the (linear) preprocessing operator chosen such that BA = H. Note
that the noise of the preprocessed measurements m = By is not the same as that of the actual
measurements y.

In the simple case when H has only non-negative entries, we can choose A = H and B is
the identity matrix. There exist multiple variants to build the preprocessing operator such that
BA = H when H has negative entries (e.g., see [48]). A simple workaround consists in splitting
the positive and negative entries of the matrix. Alternatively, one can add an appropriate constant
to the patterns, which usually leads to increased noise.

2.3. Data-driven reconstruction

In the presence of noise and when fewer measurements than unknowns are available (i.e., M < N),
regularized approaches must be adopted (see Appendix 5). Data-driven methods based on deep
learning are a modern regularized approach. They aim to find an estimate x* € RN of the
unknown image x from the preprocessed measurements By (see Eq. (3)), using a reconstruction
operator Rg«: RM — RN Specifically,

Ro«(m) =x" ~ x, 4)

where 6 represents the parameters learned during a training procedure.
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In the case of supervised learning, it is assumed that a training dataset {x;, y; }1<;<s of pairs of
ground truth images and measurements is available. 6 is then obtained by solving

I
minignizez L(x;,Ro(y:)), )

i=1

where £ is the training loss (e.g., squared error). It should be noted that if only a dataset of
ground truth images {x; }|<;<s is available, the associated set of measurements can be obtained
by defining y; = N(Ax;), 1 <i < 1.

The design of the reconstruction operator Ry has been the topic of extensive research over
the last decade. A simple yet efficient method consists in correcting a traditional (e.g. linear)
reconstruction by a data-driven nonlinear step [49]. In this context,

Rg = gg o R, (6)

where R: RM — RN is a traditional hand-crafted (e.g., regularized) reconstruction operator
and Gy: RN — RY is a nonlinear neural network that acts in the image domain. Algorithm
unfolding can be seen as a generalization of Eq. (6), which consists in defining Ry from an
iterative scheme

RGZR{)KO...OR()I, (7)

where R, can be interpreted as the computation of the k-th iteration of the iterative scheme
and 0 = |J; 6. Many variants of unfolded algorithms have been proposed in the literature [25].
The choice of Ry, depends on the choice of the algorithm that is unrolled. It generally involves
one or several analytical steps that rely on A or H, their adjoint operators (or pseudo-inverse)
as well as one or several neural networks. Some standard architectures for R, are described
in Section 2.4. In particular, the formulation of Eq. (7) encompasses PnP and regularization
by denoising methods, for which the neural networks/denoisers involved in R, are trained
beforehand, independently of A or H.

2.4. Standard data-driven architectures

A simple choice for the first step of the post-processing approach defined by Eq. (6) is to use the
pseudo-inverse of H, i.e.,
R(m) =H'm. (8)

An alternative is to use the minimum mean square estimator [50], i.e.,

R(m)=SH (HEH™ +T) 'm, )

where X € RV*N represents the image covariance and I' € RM*M the noise covariance. These
two methods are further detailed in Appendix A.1 and Appendix A.2.

A simple choice for the iterative method described in Eq. (7) is the proximal gradient
descent [51] for solving the regularized least-squares problem (see Appendix A.1),

xi+1 = Ro, (Xk) = Goy, (xx — v H' (Hxx —m)), (10)

where the proximal denoiser has been replaced by a neural network Gy, : RN — RV acting in
the image domain and y; > 0 is the step size.
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Fig. 2. Typical SPyRiT pipelines involving input of an image x € RN, simulation
of modulated measurements Ax, application of a noise model N which leads to the
raw measurements y € R/, From these, the reconstruction operator Ry outputs an
estimate x* of x. (a) Post-processing reconstruction approaches corresponding to
Eq. (6). All steps are clearly separated and defined independently in the submodules
core.meas, core.noise, and core.recon. The reconstruction algorithm can
integrate preprocessing from core . prep, analytical steps and neural networks from
core.nnet. (b) Iterative reconstruction approaches corresponding to Eq. (7). (c)
Hadamard acquisitions which cannot be implemented in practice due to negative values
in the target acquisition matrix. (d) Split Hadamard patterns defined by Eq. (12)
with M = N and the corresponding preprocessing B = [, —Ixn]. Poisson noise is
simulated with @ = 100. (e) Square subsampling for split Hadamard acquisition, i.e.,
Eq. (12) with M < N and the corresponding preprocessing B = [Ips, —Ips]. No noise
is simulated. (c-e) The images on the left correspond to sampling masks. White masks
correspond to the case M = N where all measurements are kept, while grey pixels
appear in the case of accelerated acquisitions where M < N. A sampling mask is a
graphical representation of the permutation matrix Q in Eq. (13). Each white pixel
of a sampling mask corresponds to the nonzero entry of each of the first M rows of
Q. For simplicity, the N = 64 x 64 acquisition matrices used are presented here as
N =16x16.
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3. Method
3.1.  Overview of the SPyRIT package

SPyRiT has a modular structure with the core functionalities organized in six submodules
(see Fig. 2) that provide classes that all inherit from PyTorch nn.Module. The module
spyrit.core.torch provides additional auxiliary PyTorch-based functions used throughout
the SPyRiT package.

* spyrit.core.meas provides measurement operators that compute linear measure-
ments corresponding to A in Eq. (2). It also provides the adjoint and pseudo-inverse of A,
which are at the basis of any reconstruction algorithm.

* spyrit.core.noise provides noise operators corresponding to N in Eq. (2).

* spyrit.core.prep provides preprocessing operators for the operator B introduced in
Eq. (3). These preprocessing operators can also implement additional processing steps,
such as the normalization of Poisson-corrupted images that vary across a wide range of
intensities.

* spyrit.core.nnet provides neural network operators that correspond to G in Eq. (6)
or Eq. (10).

* spyrit.core.recon provides the reconstruction operator that correspond to Rg.

* spyrit.core.train provides the functionalities to solve the minimization problem
of Eq. (5).

3.2.  Poisson-corrupted split Hadamard measurements

To illustrate the capabilities of SPyRiT, we consider Poisson-corrupted split Hadamard measure-
ments

Ya ~ P(aAx), (11)

where a (in photons) represents the intensity of the image x € [0, 1]%V. The higher the intensity,
the higher the SNR of the measurements. We chose the acquisition matrix A € R2¥*N M < N,
such that the positive and negative components of the target matrix H € RM*V are measured
independently

A= , 12)

where H. = max(0, FH) € RM¥*N_ Choosing B = [Iy,—Ix], we recover BA = H. In the case
of accelerated acquisitions for which M < N, we choose H as a subsampled (i.e., row-decimated)
Hadamard matrix

H = [I),0]QH;, (13)

where Hy € RNXN represents the full Hadamard matrix, /s € RMXM the identity matrix, and
Q € {0, 1}V*N a permutation matrix that ranks the Hadamard coefficients by significance. The
entire process is illustrated in Fig. 2d and Fig. 2e. The acquisition matrix can be defined using the
meas .HadamSplit class, while Poisson noise is handled via the noise.Poisson class.



s 3.8.  Reconstruction algorithms

172 We consider algorithms that fall into different reconstruction strategies (e.g., optimization-based,
175 post-processing and iterative methods, supervised or PnP methods). Given the modularity of
176 SPyRIT, all methods can be easily defined by exploiting the acquisition and denoising operators.
177 The selected methods are:

178 * Pseudo-inverse (Pinv), which corresponds to Eq. (8) with Gy being the identity.

179 * Pseudo-inverse with supervised denoising (Pinv-Net) [21], which corresponds to Eq. (8)
180 where Gy is trained using Eq. (5).

181 * Pseudo-inverse with PnP denoising (Pinv-PnP), which corresponds to Eq. (8) where Gy is
182 trained independently as a denoiser.

183 * Supervised denoised completion (DC-Net) [50], which corresponds to Eq. (9) where Gg
184 is trained using Eq. (5).

185 * Learned proximal gradient descent (LPGD), which corresponds to Eq. (10) where Gy is
186 trained using Eq. (5).

187 * Proximal gradient descent with PnP denoising (DPGD-PnP), which corresponds to Eq.
188 (10), where Gy is trained independently as a denoiser.

189 The Pinv, Pinv-Net and Pinv-PnP methods are all instances of the same class core . recon.PinvNet,

10 where the only difference is the denoising layer (the identity for Pinv, UNet [18] trained in a
191 supervised manner for Pinv-Net, and pretrained DR-UNet [34] for Pinv-PnP). The LPGD and
1.2 DPGD-PnP are also two instances of the same class recon . LearnedPGD. All algorithm details
193 are provided in Section A.1. Note that both PnP methods (i.e., Pinv-PnP, DPGD-PnP) rely on a
1e« hyperparameter (v for Pinv-PnP and u for DPGD-PnP) that allows the denoising/regularization
15 level to be manually tuned (see Appendix and Sec. 1.1 and 1.2 of Supplement 1).

1w 3.4. Example code

1e7 The code required to run both the simulation and reconstruction with the pinvNet network is
1ss shown below.

199
200 | # Data simulation

201 | import math

202 | import torch

203 | from spyrit.core.meas import HadamSplit
204 | from spyrit.core.noise import Poisson
205

206 ' alpha = 100.0

207 |h = math.sqgrt (N)

208 | meas_op HadamSplit (M, h, Ord_rec)

209 | noise_op = Poisson (meas_op, alpha)

210 | torch.manual_seed(0)

211 |y = noise_op(x) # x is vectorized image
212

213 | # Image reconstruction

214 | from spyrit.core.recon import PinvNet
215 | from spyrit.core.nnet import Unet

216

217 | prep_op = SplitPoisson(alpha, meas_op)

218 | denoi_net = Unet ()

219 | full_op = PinvNet (noise_op, prep_op, denoi_net)
220 | x_rec = full_op.reconstruct (y)

221
222 | # Simulation and reconstruction
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torch.manual_seed(0)
x_rec_2 = full_op (x)

(x_rec == x_rec_2).all() # True

The code that generates the masks, acquisition matrices and images in Fig. 2 is provided in the
last section of Supplement 1. Multiple examples are provided in the tutorials accessible in [52].

3.5. Training

All supervised methods (i.e., Pinv-Net, DC-Net, LPGD) are trained by minimizing the mean
squared error loss of Eq. (5) over the test dataset (100k images) of the ImageNet ILSVRC2012
database [53]. Color images are subject to grayscale transformation, with random crops of size
128 x 128 pixels and normalization to [—1, 1] applied to all images. Measurements are simulated
according to Eq. (11) for an image intensity @ = 10 photons. The minimization problem is solved
using the Adam optimizer [54] with a learning rate of 1073, a batch size of 128 for Pinv-Net and
LPGD and 256 for DC-Net, and 30 epochs. The learning rate is decreased by a factor of 0.5
every 10 epochs. The weight decay regularization parameter is set to 10-~7. The parameters of
the optimizer were optimized previously for DC-Net and Pinv-Net [23]. For the PnP methods
(i.e., Pinv-PnP and DPGD-PnP), the data driven layers are trained independently as denoisers,
see [34] for Pinv-PnP and [55] for DPGD-PnP. The methods adapt to different noise levels by
adjustment of a hyperparameter that controls the amount of regularization/denoising (see Sec.
1.1 and 1.2 of Supplement 1).

4. Results
4.1. Simulated data

We simulate Hadamard split measurements corrupted by Poisson noise according to Eq. (11) and
Eq. (12) for three different image intensities « equal to 2, 10 and 50 photons, which correspond
to increasing SNR. Methods are evaluated using the entire evaluation set (50k images) of the
ImageNet ILSVRC2012 database [53]. All images are cropped to N = 128 x 128 pixels. The
number of measurements is set to M = 4096 and a x4 square subsampling strategy is used
(i.e., the measurements correspond to a full acquisition for 64 x 64 Hadamard patterns). We
compare all methods in terms of root mean square error (RMSE), structural similarity index
measure (SSIM), and by visual inspection. The hyperparameter of the PnP methods is chosen
for each noise level to minimize RMSE and maximize SSIM across a subset of 384 images
of the training set of the ImageNet ILSVRC2012 database. When RMSE and SSIM disagree,
the hyperparameter was selected by visual inspection, as described in Sections 1.1 and 1.2 of
Supplement 1.

Table 1 reports RMSE and SSIM for the three noise levels for all methods. For the noise
level used for training (@ = 10 photons), all supervised methods provide similar results in terms
of RMSE and SSIM, which are slightly better than for PnP methods. Among PnP methods,
Pinv-PnP yields better metrics than DPGD-PnP. Deep learning methods reduce RMSE by up to
half compared to the traditional method Pinv. Comparing the results for higher SNR (@ = 50
photons), slightly improved metrics (lower RMSE and higher SSIM) are achieved by deep
learning methods with respect to @ = 10 photons. For lower SNR (a = 2 photons), supervised
methods (except for DC-Net) approximately double RMSE compared to PnP methods.

Figure 3 presents a number of ground truth and reconstructed images. For @ = 10 photons, all
deep learning methods are able to remove noise quite efficiently. Supervised methods lead to
sharper images than PnP methods. Pinv-Net and LPGD are more consistent across images than
DC-Net, which yields sharper images in some cases and more blurred results in others. LPGD
leads to sharper results than Pinv-Net for some images. Pinv-PnP provides a natural texture with
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low noise but images are less sharp. DC-Net provides the best results in terms of sharpness.
For other image intensities, the best results are obtained using PnP methods and DC-Net, with
more detail or less noise. For @ = 2 photons (i.e., lower SNR than training), supervised methods
result in noisy images equivalent to Pinv, except for DC-Net which achieves similar results to
PnP methods. For @ = 50 photons (i.e., higher SNR than training) DC-Net performs well. More
results can be found in Sec. 1.3 of Supplement 1, including measurements simulated from the
human brain image dataset [56].

4.2. Experimental data

Experimental data is used from the SPIHIM dataset [45], an open-access collection of single-pixel
acquisitions that fulfil the FAIR principles. [57]. In particular, we consider the Star Sector
resolution target (Thorlabs, RIL1S2P, see top row of Fig. 4) and a tomato slice (see bottom row
of Fig. 4), which has a smother texture and no symmetry. As in Section 4.1, the measurements
correspond to a full acquisition with M = 4096 split Hadamard patterns of size 64 x 64, which
correspond to a X4 square subsampling strategy for a reconstruction with N = 128 x 128 pixels.
Figure 4 shows the reconstruction of the Star Sector resolution target and tomato slice. As for the
simulated data, Pinv results in noisy images while the data-driven methods efficiently remove
noise. For the resolution target, Pinv-Net, LPGD and DPGD-PnP effectively remove noise but
lead to artefacts that are especially visible close to the central white disk. DC-Net leads to a
more natural texture but slightly blurred. Pinv-PnP yields almost perfect reconstruction. For the
tomato slice, supervised methods Pinv-Net and LPGD result in the sharpest images, while the
other methods yield images that are excessively blurred. These findings are corroborated by the
reconstruction results of other images, which are reported in Section 2 of Supplement 1.

5. Conclusion

To the best of our knowledge, this is the first time a PyTorch package has been presented to
enable reproducible research and benchmarking in the field of single-pixel imaging. The package
includes a number of supervised and plug-and-play methods, including post-processing and
iterative strategies.

We observe that all data-driven methods perform well provided that the image intensity is
similar or higher to the training phase. However, most of the data-driven methods are not robust
if the intensity is lower than the training phase, which is often the case in practice. This suggests
that comparative studies should carefully address this kind of discrepancy. In this regard, the
versatility of PnP methods is an advantage via manual tuning of the hyperparameter with respect
to the noise level. The hyperparameter, however, has a significant impact on reconstruction
quality and therefore requires careful selection. Among the supervised methods, DC-Net appears
to be robust to deviations in the noise level, almost comparable to PnP methods and without
hyperparameter selection. This is due to the fact that DC-Net includes a denoising step that
removes noise prior to reconstruction. We also observe that the data-driven methods trained on
simulations perform very well on experimental data, provided that the noise level corresponds
to that of the training phase, which indicates that there is not a large model mismatch between
simulations and experiments.

The modularity and versatility of SPyRiT make it suitable for further studies beyond this work,
such as the comparison or learning of acquisition matrices, noise models, or reconstruction
algorithms. Current developments include hyperspectral imaging and dynamic imaging [58].
While SPyRiT has been designed for single-pixel imaging, it may also benefit other modalities,
in particular in the field of computational optics where the formation models are often in the
form of Eq. (2). Computational ghost imaging [59] is of particular interest due to its equivalence,
from an optical perspective, to single-pixel imaging.
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Fig. 3. Ground truth (GT) and reconstructed images obtained from measurements
simulated from the ImageNet ILSVRC2012 evaluation set. All supervised methods
are trained with an image intensity @ = 10 photons and tested for @ = 2 (first row),
a = 10 (second row), and @ = 50 (third row) photons. The measurements correspond
to Hadamard split acquisitions with a x4 square subsampling strategy. The images
are reconstructed from M = 4096 measurements, with the number of pixels set to
N =128 x 128. The Pinv-PnP hyperparameter is set to v = 115 for @ = 2; v = 45 for
a = 10; and v = 20 for @ = 50. The DPGD-PnP hyperparameter is set to ¢ = 6000 for
a =2; u=3500 for @ = 10; and u = 1500 for a = 50.

-

00 05 10 15 20 25 30 00 05 10 15 20 25 30 os 10 15 20 25 30 1s 20 25 30

(b) Pinv-Net (c) LPGD (d) DC-Net (e) Pinv-PnP (f) DPGD-PnP
, v > v s A

oo 12 3 o4 5 &

(g) Pinv (h) Pinv-Net (i) LPGD (j) DC-Net (k) Pinv-PnP (1) DPGD-PnP

Fig. 4. Experimental reconstruction results for the Star Sector resolution target and
tomato slice. The measurements correspond to Hadamard split acquisitions using
a x4 square subsampling strategy. The images are reconstructed from M = 4096
measurements, with the number of pixels set to N = 128 x 128. The Pinv-PnP
hyperparameter is set to v = 55 for the resolution target; and v = 35 for the tomato
slice. The DPGD-PnP hyperparameter is set to u = 4000 for the resolution target; and
1 = 4000 for the tomato slice.



Table 1. Reconstruction metrics obtained for measurements simulated using the
evaluation set of the ImageNet ILSVRC2012 database for three image intensities a. All
data-driven reconstruction methods were trained considering @ = 10 photons. Values
correspond to mean (standard deviations) across images. For DPGD-PnP, standard
deviations are not shown because metrics were obtained from only 384 images, given
its higher computational cost. Pinv leads to highly corrupted images for some cases,
resulting in NaN values for SSIM.

Methods RMSE SSIM
a=2

Pinv 1.09 (0.64) NaN
Pinv-Net 0.81 (0.51) 0.19(0.14)
LPGD 0.84 (0.51) 0.18 (0.12)
DC-Net 0.41 (0.19) 0.41(0.19)

Pinv-PnP (v = 115) 0.34(0.16)  0.42(0.19)
DPGD-PnP (i = 6000)  0.45 (-) 0.26 ()

a = 10 (as for training)

Pinv 0.53 (0.29) NaN

Pinv-Net 0.25(0.14)  0.61 (0.16)
LPGD 0.26 (0.14)  0.61 (0.16)
DC-Net 0.26 (0.14)  0.61 (0.17)
Pinv-PnP (v = 50) 0.27 (0.14)  0.56 (0.18)

DPGD-PnP (i = 3500)  0.30 () 0.46 ()

a =50

Pinv 0.31 (0.15) NaN
Pinv-Net 0.22 (0.14) 0.68 (0.17)
LPGD 0.23 (0.14) 0.66 (0.18)
DC-Net 0.25(0.15) 0.71(0.14)
Pinv-PnP (v = 20) 0.23(0.13) 0.68 (0.15)

DPGD-PnP (i = 1500)  0.22 () 0.67 (-)
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Appendix
A. Algorithm details
A.1. Reconstruction problem

Regularized methods consist in defining the estimate as a solution to the minimization recon-
struction problem
min D (m, Hx) + g,,(x), (14)
X

where D is the data fidelity term and g, is aregularization term that depends on the hyperparameter
(e.g., regularization parameter) p > 0. We choose the weighted least-squares data fidelity term

1
D(m, Hx) = 3 llm = Hxlt.,, (15)

RMXM represents the noise covariance, which is assumed to be diagonal for

where I' €
independent measurements, i.e., [' = diag (0']2, R 0'1%4) with 0'1.2 > 0 the variance of the i-th
measurement. For the Poisson-corrupted split measurements described in Section 3.2, the

variance can be approximated as
1
2 _ + -
of = Z(mi +m;), (16)
where m] and m; represent, respectively, the raw measurements obtained from the positive and
negative component of the i-th target pattern [23].

A.2. Closed-forms: pseudo-inverse and Tikhonov regularization

Without regularization (i.e., when g, (x) = 0) and in the absence of noise model (i.e., choosing
I' = I), the solution to the problem in Eq. (14) is given by the pseudo-inverse approach defined
by Eq. (8).

When g, (x) = ||x||22_1, where X represents the image covariance, the solution to the problem
in Eq. (14) admits the closed form solution given by Eq. (9). The DC-Net method is of the
form of Eq. (6) with R given in Eq. (9). In this approach, the image covariance 2, which has
been computed on the ImageNet ILSVRC2012 database (see [45, Sec. 3.3]), and the learnable
parameters of Gy have been downloaded from [60].

A.3. Proximal gradient descent

A common iterative method used to solve the minimization problem in Eq. (14) with data-fidelity
term given in Eq. (15) is the proximal gradient descent algorithm (a.k.a. forward-backward
splitting algorithm) [61]. For this problem, iterations are given by

Xk+1 = proxygl‘ (.Xk - ’)/HTF_I (ka - m))’ (17)

where Prox,, is the proximity operator of g (see [61]) and y is a step size. The sequence (xx)xen
generated by Eq. (17) converges with rate O(1/k) using a fixed step size y € (0, 37!), where

B=IT PHHTT ||y = ||HTT ™ H]|l, (18)
with || - ||> the spectral norm (i.e., the largest singular value of its argument).

A.4. Step size for a Hadamard matrix

To compute the step-size y in Eq. (17), it is necessary to compute 3. In the case when H is

the Hadamard matrix, we have H™ H = NIy. Hence, using Eq. (18), we have 8 = N||II'""!||s =
N max; o-i‘l, SO
ﬁ’*] B min; 0'1.2 (19)
=—
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A.5. Learned proximal gradient descent

The LPGD method considers the proximal iteration of Eq. (17), where the proximity operator of
8y 1s replaced by a neural network Gg, [51],1i.e.,

Xie1 = Goy (xk —yH' (Hxj —m)) . (20)

To limit the number of parameters, the weights of the neural network are shared across iterations,
i.e., for every k, Gg, = Go. Since the neural networks of LPGD are learned end-to-end, we only
unroll Eq. (20) over a fixed number of iterations K.

In this context, two hyperparameters need to be tuned: the number of iterations K and the step
size y. The number of iterations is commonly chosen between 3 and 10, as a trade-off between
performance and computational cost. We have tested both fixed and decreasing step sizes, i.e.,
vk = Tyk—1 with a decaying multiplicative factor 0 < 7 < 1. The step size has been initialized to
the inverse of the Lipschitz constant given in Eq. (19), as suggested by optimization theory (see
Appendix A.4). We have tested different values for the number of iterations (3, 6 and 10) and
different decaying factors (0.1, 0.5, 0.9, and 1). The best results were obtained for 7 = 0.9, and
as little difference was found in terms of number of iterations, we selected K = 3 (results not
shown).

A.6. Dual PGD network

We consider the LPGD iteration given in Eq. (20), where Gy, is trained as a denoiser independent
from the measurement model and is itself an unfolded algorithm that mimics the proximity
operator of g,,. Specifically, we consider the case when g, = ¢[_1 1] +A||L-[|; with L: RN - RS
a linear sparsifying operator. In this case the proximity operator of g, can be computed using the
dual PGD algorithm [61]. Within a deep learning framework, only a fixed number of iterations
of the dual PGD algorithm are unrolled, and the operator L can be learned (and changed for each
layer), leading to a Dual PGD network dubbed DPGD-PnP (see [55, 62]).

The DPGD-PnP network is composed of 20 layers, and the linearity associated with each layer
corresponds to a convolution with 64 features. We trained the network using the ImageNet test
dataset.

Since this approach is based on the LPGD iteration from Eq. (20), the step size is chosen
as per Appendix A.4. The main advantage compared to the supervised approaches is that the
training is independent of the measurement model. However, a large number of iterations must
be considered. We choose Kmax = 101 with a stopping criterion ||xg+; —xx|| < 107#||xk]| in case
convergence is reached before Ky, iterations.
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