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ABSTRACT
Due to their single-photon sensitivity, quanta image sensors
(QIS) are designed to complement traditional image sensors
for a wide range of applications in photon-limited imaging
conditions. However, the binary nature of QIS data poses
compatibility challenges with existing image processing
tools, necessitating the development of specialized recon-
struction algorithms. While training a deep neural network
with paired QIS recordings and corresponding ground truth
data in a supervised manner offers superior performance com-
pared to closed-form optimization-based solutions, collecting
such a dataset can be laborious or impractical in certain sce-
narios. To address this issue, we propose an unsupervised
framework that eliminates the reliance on clean ground truth
data. Experimental results highlight the superiority of our
method over other unsupervised, model-based approaches,
particularly in terms of image reconstruction quality. No-
tably, our proposed method demonstrates competitiveness
with the supervised learning method while circumventing the
need for labeled training data.

Index Terms— Quanta image sensor, photon-limited
imaging, unsupervised learning, image reconstruction

1. INTRODUCTION

Quanta image sensor (QIS) is a single-photon imaging device
envisioned to be the next generation image sensor. Differ-
ent from traditional image sensors that measure and output
the integration of photoelectrons as image intensity, QIS op-
erates by detecting individual photons and providing a binary
signal indicating whether the photon count exceeds a specific
threshold, denoted as q. It has demonstrated extraordinary ad-
vantages in various aspects including high spatial resolution,
rapid readout speed, and an extensive dynamic range [1, 2].
Owing to its novelty, QIS can be potentially applied to a wide
range of scenarios such as security, night vision, and even
quantum computing, and so on [3, 4, 5].

To unlock such potential, it is crucial to develop dedi-
cated computational algorithms capable of processing its bi-
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nary data, which possesses distinct properties compared to
traditional images. However, this can not make full use of the
great progress made by the existing computer vision commu-
nity. For example, the deep neural networks trained on tra-
ditional image data could not be effectively transferred to the
binary QIS data. Consequently, the objective of this study is
to devise an image reconstruction method that can efficiently
convert binary QIS data into traditional images, serving as a
bridge between the existing computer vision toolbox and QIS
technology.

One key challenge of the image reconstruction for QIS
is that the 1-bit binary information is extremely limited. To
alleviate this problem, it is common for existing methods to
adopt the oversampling strategy, which averages a set of 1-
bit frames to obtain a multi-bit frame based on the assump-
tion that each pixel can be oversampled multiple times in the
spatio-temporal domain. However, due to the practical limita-
tion, the sampling ratio should not be too large. Consequently,
the averaged multi-bit frame is still of low signal-to-noise ra-
tio (SNR) [6].

Due to the existence of noise, directly reconstructing the
image from QIS recordings with the maximum likelihood es-
timation (MLE) [6] results in an image that is inherently cor-
rupted. To tackle the influence of noise, one approach is to
explicitly or implicitly integrate image prior models into the
image reconstruction process. For example, a pair of vari-
ance stabilizing transforms (i.e., Anscombe binomial trans-
form [7]) and a Gaussian denoiser (i.e., BM3D [8]) have been
incorporated to recover images from averaged multi-bit QIS
frame in [9]. Another approach is to resort to the deep learn-
ing methods that have exhibited great success in various im-
age processing fields. For example, an end-to-end QIS recon-
struction network (QISNet) has been proposed in [10]. Gen-
erally speaking, the supervised deep learning methods can
outperform the unsupervised model-based methods by a large
margin in terms of the reconstruction quality. However, the
performance of deep learning methods heavily relies on the
collection of pairs of QIS data and high-quality images, which
is not only time-consuming but also sometimes impractical
under challenging conditions where high-quality images are
hard to collect.
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Fig. 1. Illustration of image formation and reconstruction process of QIS. (a) The incident photons are detected by QIS with
a rapid sampling rate to produce binary signals. (b) In the context of photon-limited imaging, the primary goal of the recon-
struction process is to estimate the underlying gray-scale image from the binary QIS frames. (c) The conceptual illustration of
a single QIS frame (left), an enlarged region-of-interest (middle) with a closer view, and (c) raw jot data (right).

Inspired by Noise2Noise (N2N) [11], which is origi-
nally designed for training deep neural networks without
clean images for the image denoising task, an unsupervised
learning framework is proposed for reconstructing images
from QIS frames. This work points out that the N2N can
be applied to training a network to estimate the probability
of photon arrivals. The proposed unsupervised QIS recon-
struction learning framework utilizes pairs of low-SNR QIS
frames as training data, without access to the corresponding
ground truth information. Through this approach, the net-
work trained within the unsupervised framework surpasses
traditional model-based methods and achieves comparable
performance to networks trained using supervised learning
frameworks, all without the need for clean ground truth im-
ages.

The rest of this paper is organized as follows. Section 2
introduces QIS imaging model. Section 3 introduces the
newly proposed unsupervised QIS reconstruction learning
framework. Section 4 provides the experimental setting and
comparison results. Section 5 summarizes this work.

2. BACKGROUND

In this section, we present an overview of the imaging modal-
ity employed by QIS, which has been extensively analyzed
and validated through real experimental tests conducted in
prior research [1, 2, 12].

The number of photons, denoted as Y , incident on the unit
sensing area follows a Poisson distribution. This statistical
distribution can be mathematically modeled as

pY (k) =
φke−φ

k!
, (1)

where φ is the exposure which is assumed to be constant over
the unit space. In a photosensitive device, the process of con-
verting accumulated photons into electrical signals involves a
quantization mechanism. Traditional sensors, such as CMOS,
employ an analog-to-digital converter to generate digital sig-
nals consisting of 8-14 bits. In contrast, QIS utilizes an ar-
ray of specialized photodetectors called “jots” that exhibit the
capability to detect individual photon arrivals. Notably, QIS
adopts a binary quantization scheme, operating on a 1-bit ba-
sis. Each jot within QIS array produces a binary output B,
representing a truncated form of the signal Y , determined by
a threshold value q:

B =

{
1, Y ≥ q,
0, Y < q.

(2)

The conceptual illustration of image formation and recon-
struction of QIS is demonstrated in Fig. 1. The probability
distribution of the Bernoulli random variable B is character-
ized by the random variable Y , which is sampled from the
distribution described in Eq. 1. Hence, the probability of ob-
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serving B is

Pr[B = 1] =

∞∑
k=q

φke−φ

k!
, (3)

Pr[B = 0] = 1−
∞∑
k=q

φke−φ

k!
. (4)

In this study, we investigate the system with a uniform quan-
tization threshold q = 1. While the design of an optimal
threshold is an emerging area of research that holds potential
for improving the performance of QIS devices, particularly in
high dynamic range imaging [13], we choose to adopt a stan-
dard configuration for the purpose of consistency and com-
parability with existing literature [14, 15]. Consequently, the
probabilities of Eq. 3 become

Pr[B = 1] =

∞∑
k=1

φke−φ

k!
= 1− e−φ, (5)

Pr[B = 0] = 1− Pr[B = 1] = e−φ. (6)

which gives the probability mass function pB(b) of the one-
bit QIS output for each jot as

pB(b) = Pr[B = b] = (1− b)e−φ + b(1− e−φ). (7)

Due to its compact jot size and rapid temporal response, QIS
is recognized as an oversampling device both in temporal and
spatial dimensions with sampling ratio KT and KS , respec-
tively [6]. Specifically, given an object field that is described
with N degree of freedom φ = [φ0, φ1, . . . , φN−1], QIS out-
puts a signal b = [b0, b1, . . . , bNK−1] with an oversampling
factor K = KTKS . The joint distribution is given as:

f(b|φ) =
N−1∏
n=0

K−1∏
k=0

(
(1− bnK+k)e

−φn
K

+ bnK+k(1− e−
φn
K )

)
,

=

N−1∏
n=0

(e−
φn
K )K(1−b̄n)(1− e−

φn
K )Kb̄n ,

(8)

where b̄n = 1
K

∑K−1
k=0 bnK+k for notation simplicity.

The objective of QIS reconstruction is to recover the un-
derlying image, which represents the intensity of flux over
the exposure time, from the 1-bit signal observation streams.
Due to the novelty of QIS technology and its limited commer-
cial availability [14, 16], the number of reconstruction meth-
ods specifically designed for QIS devices is currently lim-
ited. Several approaches have been explored in this context,
such as MLE [6], alternating direction method of multipliers
(ADMM) [17], Transform-denoise method (TD) [9] and neu-
ral networks [10]. In this particular research paper, our main
objective is to propose an innovative unsupervised learning

framework for QIS image reconstruction. Within this frame-
work, we intend to develop a methodology that does not rely
on labeled training data or prior knowledge about the specific
image content.

3. METHODOLOGY

The objective of QIS reconstruction is to recover an ob-
ject field that is described with N degree of freedom φ =
[φ0, φ1, . . . , φN−1], given the binary QIS outputs b =
[b0, b1, . . . , bNK−1]. Since QIS is regarded as an over-
sampling device with an oversampling factor K, we define
b̄ = [b̄0, b̄1, . . . , b̄N−1], where each component is calculated
as

b̄n =
1

K

K−1∑
k=0

bnK+k. (9)

Following QIS model introduced in Section 2, the binary
output bn from QIS follows the i.i.d Bernoulli distribution as
defined in Eq. 7. Consequently, the expectation of b̄n is

E
(
b̄n
)
=

1

K

K−1∑
k=0

Pr[bnK+k = 1] = 1− e−φn . (10)

It suggests that with the available expectation of b̄, the image
intensity (or photon flux) φ can be directly calculated using

φ = − log
(
1− E

(
b̄
))

. (11)

Thus, the problem of image reconstruction is reformu-
lated as a probability estimation task, in which an estimation
network fθ(b̄) is trained to approximate the expectation:

φ̂ = − log
(
1− fθ(b̄)

)
, (12)

where θ stands for the trainable parameters. In supervised
learning using a large number of pairs

(
b̄i,E

(
b̄i

))
, θ is opti-

mized by minimizing the loss function as

θ = argmin
θ

∑
i

∥∥fθ(b̄i)− E
(
b̄i

)∥∥2
2
. (13)

However, to get the promised results, a large volume of high-
quality ground truth data of the actual photon flux φi is neces-
sary to calculate E

(
b̄i

)
using Eq. 11. This requirement can be

labor-intensive or even infeasible under photon-limited imag-
ing scenarios.

To overcome this challenge, inspired by N2N [11], a key
observation in this work is that, given pairs of independent
QIS data resulting from the same underlying exposure φi,
i.e., b̄i,1 and b̄i,2, the probability estimation network can be
trained in an unsupervised manner with the loss function as

θ = argmin
θ

∑
i

∥∥fθ(b̄i,1)− b̄i,2

∥∥2
2
. (14)
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Fig. 2. Network architecture. This network consists of 1 con-
volutional layer, 16 residual blocks, and 1 convolutional layer.
A long skip connection from head to tail is adopted to enable
the residual learning.

The proof supporting this observation is provided as follows:

E
(∥∥fθ(b̄i,1)− b̄i,2

∥∥2
2

)
=E

(
fT
θ (b̄i,1)fθ(b̄i,1)− 2fT

θ (b̄i,1)b̄i,2 + b̄T
i,2b̄i,2

)
,

=fT
θ (b̄i,1)fθ(b̄i,1)− 2fT

θ (b̄i,1)E
(
b̄i,2

)
+ const,

=
∥∥fθ(b̄i,1)− E

(
b̄i,2

)∥∥2
2
+ const, (15)

where const denotes constant numbers that do not affect
the parameter learning process. Given that b̄i,1 and b̄i,2

are paired measurements obtained from the same underlying
exposure φi, it can be assumed that they share the same ex-
pectation. As such, Eq. 15 indicates that training with the
loss functions given by Eq. 13 and Eq. 14 are statistically
equivalent. In other words, one can train a network to esti-
mate the probability of photon arrival directly from the paired
QIS data, without the need of clean images. In practice, one
way to collect such paired QIS data is to use a beam splitter
and two paired QIS devices. Another approach is to divide
the binary stream collected by one QIS device into two parts,
where one serves as the input and the other as the target.

The network architecture used in this research is illus-
trated in Fig. 2. This network is a modified version of the
EDSR [18], which is originally designed for image super-
resolution task. Since we are not aimed at improving the
image resolution, the up-sampling block in the original archi-
tecture is removed. Besides, to enable the residual learning
suggested by [19], a long skip connection is added between
the input and output, which are the averaged multi-bit QIS
frame b̄ and the estimation of its corresponding expectation
E
(
b̄
)
, respectively. It is also worth noting that our proposed

learning framework is compatible with arbitrary network ar-
chitectures.

4. EXPERIMENTAL RESULTS

4.1. Experimental setting

In our synthetic experiments, QIS data are generated from
the source images in publicly available datasets. During the
training phase, 800 4K-resolution source images from the

MLE Ours Supervised
Input

(Single\Accumulated QIS frame) TD

Fig. 3. Qualitative evaluation of QIS reconstruction. The
reconstructed images are demonstrated in sequence using
MLE [6], the Transform-Denoise method (TD) [9], and ours.
Additionally, reconstruction results from supervised learning,
which utilizes pairs of accumulated QIS and its correspond-
ing clean ground truth (supervised), are included for refer-
ence. The comparison aims to provide insights into the per-
formance and effectiveness of the unsupervised methods in
the context of QIS technology. In each case, two selected
region-of-interest are enlarged, providing a closer examina-
tion of the reconstructed details.

DIV2K [20] are converted to the gray images with the inten-
sity range of (0, 1). For each source image, only one pair of
multi-bit QIS frames is synthesized. To reduce the training
time spent on the data loading, these QIS frames are cropped
into 22988 patches of size 480 × 480 as a pre-processing
step. The optimizer is the Adam algorithm, with the learning
rate initially set as 10−4 and halved every 2 × 105 training
steps. There are 106 training steps in total. During the test-
ing phase, 68 gray images from BSD68 [21] are employed.
All experiments are performed on AMD Ryzen Threadripper
PRO 3955WX CPU and NVIDIA GeForce RTX 3090 GPU.

4.2. Results

For the visual comparison, several representative recon-
structed methods have been provided in Fig. 3. It is worth
noting that the field of QIS technology is still relatively under
research, resulting in limited commercial availability and a
scarcity of reconstruction methods specifically designed for
QIS devices. In order to ensure a fair and unbiased eval-
uation, our analysis focuses exclusively on unsupervised
model-based reconstruction methods that employ a single-
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Table 1. Quantitative evaluation of QIS reconstruction. The
arrow direction beside each metric indicates better reconstruc-
tion quality.

Unsupervised

Metrics MLE [6] TD [9] Ours Supervised

PSNR(dB) ↑ 19.17 24.51 28.17 28.20
SSIM ↑ 0.51 0.81 0.86 0.86
RMSE ↓ 0.012 0.004 0.003 0.003

shot inference process. Consequently, we select two methods
for our approach: MLE [6] and TD [9]. TD [9] employs a
variance stabilizing transform to stabilize its variance before
employing the standard Gaussian denoiser. Furthermore, we
have included reconstruction results from supervised learn-
ing, which directly utilizes the clean image as the training
target, as a benchmark to gauge the performance of the un-
supervised methods. This choice is based on the prevailing
consensus that the performance of unsupervised methods
generally does not surpass that of supervised learning meth-
ods. By incorporating this comparison, we aim to provide a
comprehensive assessment of the capabilities and limitations
of our chosen unsupervised methods. As observed in the
Fig. 3, it is evident that TD [9] exhibits noticeable improve-
ments compared to MLE [6]. However, our proposed method
goes beyond TD by introducing further enhancements, par-
ticularly in terms of sharp edges and finer details. Notably,
our method achieves these improvements without relying on
the availability of clean ground-truth data. It attains com-
petitive performance levels comparable to those achieved by
the supervised network, despite operating in an unsupervised
manner. To conduct a quantitative comparison, we have
calculated and presented the evaluation indicators, namely
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
Index (SSIM), and Root Mean Square Error (RMSE), for
each method in Table 1. The results clearly demonstrate that
our approach achieves the highest scores across all metrics
compared to other unsupervised methods, while maintaining
a comparable level of performance to the supervised method.
Notably, there is only a slight decrease in the PSNR value
(28.17 dB vs 28.20 dB). These findings highlight the effi-
cacy of our unsupervised approach in achieving competitive
results, closely approaching the performance of supervised
methods, while offering distinct advantages in terms of sim-
plicity and independence from clean ground-truth data.

To provide a comprehensive and intuitive demonstration
of the comparable performance between our unsupervised
method and the supervised method, we present the conver-
gence curves of both frameworks in Fig. 4. The conver-
gence curves depict the progress of our proposed learning
framework alongside the supervised learning framework. As
illustrated in Fig. 4, initially, there is a discernible gap be-
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Fig. 4. PSNR (dB) on BSD68 [21] as a function of training
step.

tween the two frameworks during the early stages of learning.
However, it becomes evident that they eventually converge to
closely aligned points. This convergence signifies that train-
ing the image reconstruction network for QIS utilizing our
proposed unsupervised framework is equivalent to training
in a supervised manner. This finding further reinforces the
effectiveness and viability of our unsupervised methodology
in achieving comparable results to the supervised approach.

5. CONCLUSION

In this work, we have proposed an unsupervised learning
framework for reconstructing images from QIS data. Our
framework leverages pairs of independent and noisy QIS data
as training examples to estimate the probability of photon
arrivals. This approach eliminates the need for collecting
labeled image data during training. Once the network is
trained, the image can be reconstructed by relating the image
intensity to the estimated probability. Experimental results
demonstrate that our proposed method achieves performance
close to that of supervised learning approaches and signifi-
cantly outperforms model-based methods. This advancement
contributes to the practical implementation and widespread
adoption of QIS technology in various imaging applications.
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