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ABSTRACT

Large-scale astronomical surveys can capture numerous images of celestial objects, including galaxies and nebulae. Analysing
and processing these images can reveal the intricate internal structures of these objects, allowing researchers to conduct
comprehensive studies on their morphology, evolution, and physical properties. However, varying noise levels and point-spread
functions can hamper the accuracy and efficiency of information extraction from these images. To mitigate these effects, we
propose a novel image restoration algorithm that connects a deep-learning-based restoration algorithm with a high-fidelity
telescope simulator. During the training stage, the simulator generates images with different levels of blur and noise to train
the neural network based on the quality of restored images. After training, the neural network can restore images obtained by
the telescope directly, as represented by the simulator. We have tested the algorithm using real and simulated observation data
and have found that it effectively enhances fine structures in blurry images and increases the quality of observation images.
This algorithm can be applied to large-scale sky survey data, such as data obtained by the Large Synoptic Survey Telescope
(LSST), Euclid, and the Chinese Space Station Telescope (CSST), to further improve the accuracy and efficiency of information

extraction, promoting advances in the field of astronomical research.
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1 INTRODUCTION

Sky survey projects obtain numerous observational images con-
taining celestial objects with extended structures, including neb-
ulae and galaxies, which are of utmost interest and importance
for astronomical research. Scientists select these targets for in-
depth analysis. However, aberrations and noise in astronomical
observations can degrade image quality, resulting in blurred and
distorted images of celestial objects. These factors significantly
affect the precision of scientific information extracted from such
images. Thus, it is crucial to develop and utilize image restoration
algorithms to improve image quality and enable further scientific
exploration. Recent developments in deep neural networks have
led to the emergence of several new image restoration algorithms,
which take advantage of the powerful representation capabilities of
deep neural networks and have demonstrated impressive results. Two
primary types of image restoration algorithms have been proposed
based on different representation strategies: algorithms based on the
properties of astronomical images and those based on the properties
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of the degradation process, such as the point-spread function (PSF)
of telescopes and the characteristics of noise. These algorithms
can enhance the quality of images obtained from astronomical
observations.

Image restoration algorithms based on image properties are
often developed with generative neural networks, such as Auto-
Encoding Variational Bayes (VAE) (Kingma & Welling 2013), U-
Net (Ronneberger, Fischer & Brox 2015), or Generative Adversarial
Networks (GANSs) (Goodfellow et al. 2020). These neural networks
are trained on a large number of high signal-to-noise ratio (SNR)
and high spatial resolution real observation images, from which they
learn features. The learned features are then used to restore low
SNR or low spatial resolution images. Properly selected training
data can lead to effective results for galaxy images (Schawinski
et al. 2017; Arcelin et al. 2021; Gan, Bekki & Hashemizadeh
2021; Jia et al. 2021; Li et al. 2022) or solar images (Jia et al.
2019). However, manual interventions are often required to obtain
appropriate training data, and overfitting or training on improper data
can result in the generation of fake structures by the neural network
(Jia et al. 2021).

Image restoration algorithms based on the properties of PSFs aim
to learn the generalized inverse function of PSFs. The method first
constructs a PSF model using wavefront decomposition (Beltramo-
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Figure 1. The image restoration framework is illustrated in the diagram,
which is composed of three main parts: the Monte Carlo simulation part, the
image restoration part, and the parameter selection part. In the Monte Carlo
simulation part, PSFs are generated under different observation conditions
and sample images are convolved to generate blurred images as training
data. The image restoration part restores these blurred images. Meanwhile,
the parameter selection part evaluates the quality of the restored images and
generates parameter dictionaries for the data generation part. To speed up the
training process, we employ the MPI technology to run the data generation
and image restoration parts in separate processors or computers.

Martin et al. 2019; Fétick et al. 2019; Fusco et al. 2020; Jia et al.
2020) or PSF basis (Jiaet al. 2017; Sun et al. 2020), and then uses this
model as prior knowledge to restore images through supervised or
unsupervised learning. In unsupervised learning algorithms, the PSFs
are decomposed into parameters, and the image restoration algorithm
fits these parameters through training (Qi et al. 2014; Gao et al.
2017; Sureau, Lechat & Starck 2020). However, these algorithms
also face the parameter-tuning problem encountered by classical
image restoration algorithms. In supervised learning algorithms,
PSFs are used to generate blurred images as the training set (Jia
et al. 2020; Li & Alexander 2023; Wang et al. 2022). However, two
issues limit the application of supervised algorithms. First, PSFs are
necessary as prior information for supervised learning algorithms.
Although some methods have been proposed to extract star images
as PSF templates (Terry et al 2023), obtaining appropriate PSFs
is complicated due to the presence of sky background noise or
read-out noise. Furthermore, obtaining star images from extended
target images (such as galaxies or nebulae) is challenging (Long
et al. 2019). Second, the neural network’s generalization ability is
dependent on the training set. Because PSFs can change significantly,
it is difficult to obtain PSFs and develop datasets that can reflect
different states of real observation data. Improper PSF datasets may
introduce epistemic uncertainty, which can limit the performance
of trained image restoration algorithms (Hiillermeier & Waegeman
2021).

Therefore, we present a novel framework for processing images
from large-scale astronomical sky surveys. Our framework integrates
a high-fidelity simulator of a specific telescope and a deep neural
network based image restoration algorithm with the active learning
strategy. The simulator is customized for the telescope used in the
sky survey and can generate simulated images with various PSFs
and noise levels typically encountered in real observations. The
image restoration algorithm restores these images, and we evaluate
the quality of the restored images by computing the mean square
error (MSE) between the original and restored images. The active
learning strategy governs the simulator to generate more images
with PSFs or noise levels that the image restoration neural network
could not restore well, thereby further training the neural network.
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Figure 2. This figure shows the structure of PSF-NET. It includes an image
restoration neural network (RESTORE) and a PSF generation neural network
(PSF).

This approach enables us to obtain an effective neural network for
image restoration. We discuss our framework in detail in Section 2
and demonstrate its ability to restore simulated and real observation
images with varying levels of blur in Section 3. Finally, we draw our
conclusions and outline future work in Section 4.

2 THE FRAMEWORK

Large-scale astronomical surveys produce a vast number of blurred
images with varying quality, making it impractical to process them
manually one by one using human intervention-based algorithms.
Therefore, an image restoration framework capable of producing
stable results for images captured by the sky survey project is
necessary. This work proposes a framework that addresses this need,
which is illustrated in Fig. 1. The framework consists of three parts:
the Monte Carlo simulation part, the image restoration part, and
the parameter selection part. To expedite the training process of
the framework, we propose using parallel computing technology
to run the data generation and image restoration parts on different
computers or processors. We will discuss the details of our framework
in the following subsections.

2.1 The Monte Carlo simulation part

The Monte Carlo simulation part generates PSFs of the tele-
scope for various observation conditions and convolves sam-
ple images to create blurred images as the training data. The
imaging process of an optical telescope can be modelled with
equation (2):

Img(x,y) = [0bj(x,y) * PSF(x, y)lpixeltx,y) + Noise(x, y), (1)

where Obj(x, y) and Img(x, y) are original and observed im-
ages. PSF(x, y) is the point-spread function of the telescope,
[lpixel(r, yy stands for the pixel response function of the detector,
and Noise(x, y) stands for the noise from the background and the
detector.

This work focuses primarily on studying long-exposure images
captured by ground-based optical telescopes, but our framework
can be applied to images collected by any telescope, provided
that we have an appropriate simulator. In the case of ground-
based long-exposure observations, atmospheric turbulence has a
significant impact on the PSFs, which can be accurately modelled
by using the Moffat model with g equal to 4.765 (Moffat 1969).
We set the full width at half-maximum (FWHM) of the PSF
as the first free parameter in the simulator. Additionally, we use
Gaussian random numbers to model various levels of noise caused
by the detector and background, and we set the standard deviation
as the second free parameter in the simulator. By using these
parameters, we can generate images with realistic PSFs and noise,
which represent actual observation conditions for image restora-
tion algorithms better. Finally, we convolve several high-resolution
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Figure 3. The left panel of the figure displays the architecture of the PSF neural network, which is similar to that of the RESTORE neural network. The middle
panel illustrates the convolutional block, while the right panel depicts the residual block.

template images with PSFs and add noise to generate the training
data.

2.2 The image restoration part

The image restoration neural network we use in this study is
PSF-NET, which was proposed by Jia et al. (2020). PSF-NET
consists of two neural networks, namely the PSF network (PSF)
and the RESTORE network (RESTORE), as shown in Fig. 2. Here
is a detailed description of their roles and functionalities. Firstly,
the primary task of the PSF network is to model the image’s
blurring process. It achieves this by learning and representing
the characteristics of the PSF and noise, transforming a high-
resolution image into a blurred version. The objective of this step
is to capture the fundamental information regarding image blurring,
thereby enhancing the accuracy and efficiency of the subsequent
restoration process. Secondly, the RESTORE network plays the
role of a deconvolution algorithm, tasked with generating high-
resolution, clear images from the blurred images. After being
trained, the RESTORE network is capable of effectively restoring
blurred images to high-quality images, recovering the fine details
and information in the image. It is noteworthy that both the
PSF and RESTORE networks comprise six residual blocks, along
with several convolutional and transposed convolutional blocks.
The structures of these blocks are depicted in Fig. 3. During
the training phase, we adopt a joint training approach to train
both the PSF and RESTORE networks, thereby improving train-
ing efficiency and mitigating overfitting risks. After training, the
RESTORE network can be deployed for the task of restoring blurred
images.

An important point to consider is that both the PSF network and
the RESTORE network are trained together, with the PSF network
acting as a constraint for the RESTORE network. Unlike a simple
deconvolution algorithm, the RESTORE network handles deconvolu-
tion and noise reduction. Therefore the PSF network learns impacts
brought by the PSF and the noise. This structural design not only
infuses the restoration process with enhanced physical realism but
also bolsters the model’s ability to generalize, enabling it to address
various blurring scenarios effectively. The PSF neural network in this
study generates blurred images from high-resolution images, while
the RESTORE neural network generates high-resolution images
from blurred images. To reflect the functions of these two neural
networks, we have designed the loss function as presented in

equation (2):
Loss = Lig + Lrec + Ly, @

where Liq, is the identity loss function, L. is the cycle loss function,
and L is the focal frequency loss function. They are defined in
equation (3):

Liqw = [|PSF(Imgorg) — Imguiurll2
+l Restore(Imguur) — Imgorg|l2,

Liec = ||Restore(PSF(Imgog)) — Imgogll2
+IPSF(Restore(Imgyr)) — Imgpull,

Lgg =W x Ly, 3)

where PSF and Restore stand for operators carried out by the
PSF neural network and the RESTORE neural network, while
Imgp,y and Imgy, stand for blurred images generated by the
simulation method and original high-resolution images. We use
Lig and L. to set the MSE between the original images and
the images restored by the neural network to be as small as
possible.

Both the PSF neural network and the RESTORE neural network
adopt an encoder—decoder structure. However, since the decoder
contains several upsampling deconvolution layers that may introduce
gaps in restored images, using only the aforementioned loss function
may pose a problem. Our empirical observations suggest that
gaps affect the structure of restored galaxy images and are more
noticeable in the spatial frequency domain. To address this issue,
we propose using the focal frequency loss Ly to further enhance the
performance of our neural network. Ly was originally introduced
by Jiang et al. (2021), and involves the use of regularized weights
W to modulate the power spectral density, with Ly representing
the mean squared error (MSE) between the original and restored
images in the spatial frequency domain, as defined in equation

4):

W = |[FFT(Imgug) — F FT(Restore(Imgpu))|”,

Ly = | FFT(Imgoy) — FFT(Restore(Imgou))II’, “)
The fast Fourier transform is represented by FFT
and the regularized parameter o is wused in the focal
frequency loss Lg, which we defined as 1 in this
study.
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Figure 4. The flow chart of the parameter selection part is shown in this figure. The parameter selection part comprises two ranks, each with its own distinct
role. RankO is responsible for training and testing the image restoration component, and runs primarily on a computer equipped with an RTX 3090 GPU. On the
other hand, Rank1 is responsible for generating blurred images using the simulation component and runs on several other computers equipped with CPUs. For
this purpose, we utilize older laptops or desktops that are equipped with i5 or i7 processors to run the simulation code.

2.3 The parameter selection part

The parameter selection part is the central part of our framework,
responsible for adjusting the proportion of images with various
blur or noise levels used for training the neural network. Addition-
ally, this part oversees the execution of the simulation and image
restoration parts in parallel using the (MPICH) Message Passing
Interface Implementations for Computing Heterogeneous clusters.
(Gropp 2002). We will discuss the parameter selection component
below.

To begin, our parameter selection part involves defining a dictio-
nary to control the distribution of images with varying blur or noise
levels in the training set. The keys of this dictionary are determined
by the FWHMs of PSFs and noise levels, while the values represent
the mean loss function of all images with the respective FWHM or
noise level in the test set. These values are updated at the end of each
epoch. Subsequently, we generate a new set of images based on these
updated key values using equation (5):

testeound(r;) = (total(r;) — 10) x (1 — list(r;)) + 10,
traincoun(r;) = (total(r;) — 10) x list(r;). (®)]

Here, testcoun(r;) and traingou(r;) represent the total number of
images with a particular FWHM and noise level (r;) in the test set
and the training set, respectively, fotal(r;) represents the total number
of images with the same FWHM or noise level, and list represents
the parameter dictionary used to store the normalized mean value of
the loss function for all images with predefined FWHMs of PSFs or
noise levels. The values in /ist are used to calculate the percentage of
images at a particular FWHM and noise level. By generating more
blurred images that cannot be restored well by the restoration neural

MNRAS 527, 6581-6590 (2024)

network in the previous epoch, the network is trained to gain better
performance for these images in the next epoch because we have
more images of that particular blur or noise level. With the parameter
selection part, our neural network can effectively sample the space
of blur levels or noise levels for a particular sky survey project and
obtain a stable generalization ability for all images obtained by the
project.

To accelerate the computationally expensive simulation and image
restoration parts, we propose dynamically adjusting the computation
load on different computers during the training stage. The parameter
selection part controls the data generation and image restoration
parts and is illustrated in Fig. 4. The parameter selection part has
two ranks. RankO trains and tests the image restoration part, which
requires significant GPU resources on a single computer. Rankl
generates blur images with the data generation part on several other
computers, which require CPU resources. The training data are set
with an appropriate number based on the data generation and image
restoration speeds. During the training stage, Rank1 generates blur
images and sends a “TRUE’ signal to RankO when all images in the
training set of one epoch are generated. Rank1 continues to generate
blurred images even after sending the “TRUE’ signal. Meanwhile,
RankO restores these blur images before receiving the “TRUE’ signal
from Rank1. Upon receiving the “TRUE’ signal, RankO stops training
and evaluates the qualities of all restored images. The parameter
selection part calculates the MSE of all restored images in the
test set and updates the parameter dictionary. The framework runs
continuously with the parameter dictionary as input parameters until
the set number of iterations is reached or the loss does not decrease
for ten consecutive epochs.
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3 PERFORMANCE EVALUATION WITH
SIMULATED AND REAL OBSERVATION
IMAGES

To assess the effectiveness of our framework, we will test it on
both simulated and real observational data. In Section 3.1, we
will introduce several criteria for evaluating its performance. In
Section 3.2, we will use simulated data to test the framework’s
performance. Since we have control over the blur and noise levels, we
can effectively evaluate the neural network’s generalization ability
using simulated data. In Section 3.3, we will evaluate the framework’s
performance using real observational data obtained from the Sloan
Digital Sky Survey (SDSS) project (Abazajian et al. 2009). We send
images of galaxies directly to the neural network and the results
demonstrate the effectiveness of our framework. Further details about
our framework will be discussed below.

3.1 Performance evaluation criteria

We employ the peak signal-to-noise ratio (PSNR) as defined by Xu
et al. (2014) and the structural similarity (SSIM) as defined by Wang
et al. (2004) to assess the quality of the images quantitatively. The
PSNR can be found using equation (6):

MAX(imgref))

vMSE

PSNR(img, imger) = 20log,, (

N M
MSE = TN <M Z Z img. jy — imgre. 1))
x M i=1 j=lI
(6)

where N x M is the size of the image, and img and img..¢ are restored
images and original images. For simulated images, we could obtain
img and img.s, and for real observation images, imgs is the mean
value of img. The PSNR can reflect the similarity between restored
images and blurred images directly. Images with larger PSNR will
have better quality. Meanwhile, the SSIM is defined in equation (7):

SSIM(img,imges) = l(img, imgyer) - c(img, imgyer) - S(img, imgres),
2Mimgl*Lref + C

M“izmg + /’Ll?ef +C ’

28imgbref + C2

820g T 00 +Co

l(img, imgrer) =

c(img, imgef) =

s(img, imgap) = St C8
Simgbret + C3
= (KiL),
Cy = (K L),
Cy; = (Cy/2, -

where © and § are the average and standard deviation of the greyscale
values, respectively, 8img ref is the covariance of the greyscale values, L
is the dynamic range of the image, and K; and K, are small arbitrary
values (0.001 in this work). The SSIM is a perceptual model that
considers the brightness, contrast, and intensity scale of two images
simultaneously. The quality of an image is considered better if its
SSIM is larger.

3.2 Performance evaluation with simulated images

In order to evaluate the effectiveness of our framework on simulated
images, we first simulate an observation scenario carried out by a
ground-based telescope with long exposure. We obtain galaxy images

Image restoration ~ 6585

in the r band from SDSS DR 7 and generate blurred images through
simulation. Our simulator assumes that the PSF follows the Moffat
model, with a FWHM distribution ranging from 2.0-8.0 pixels
(equivalent to 0.792-3.168 arcsec) across five different levels and
Gaussian noise distributed equally across five different levels with o
ranging from 1.0-15.0. This results in a total of 25 different levels of
blurred images. We train our framework using the images generated
by the simulator with the aforementioned parameters. Additionally,
we generate blurred images with higher levels of blur and noise to
evaluate the performance of our algorithm. We divide the FWHM of
the PSFs into 13 bins ranging from 2—14 pixels (equivalent to 0.792—
5.544 arcsec), with the FWHMSs of the PSFs in each bin considered
as random variables. We also divide the noise levels into 24 bins
ranging from 2-25, with o considered as a random variable in each
bin.

In this section, we apply the evaluation criteria outlined in
Section 3.1 to assess the effectiveness of our framework. We utilize
box plots to illustrate the performance of our algorithm and the
Richardson—Lucy method (RL) with the Gaussian denoising method
across varying noise levels and different PSFs. In Fig. 5, results
obtained from our algorithm are denoted in green, RL algorithm
results in red, and the original blurred data in blue. Upon analysing
these box plots, it becomes apparent that our algorithm consistently
outperforms the RL method under diverse conditions, encompassing
various noise levels and distinct PSFs. Notably, our algorithm
exhibits a significant advantage when dealing with datasets char-
acterized by fluctuating noise levels, demonstrating its robustness
and stability in the presence of noisy input data.

Furthermore, we conduct a t-test to determine whether a significant
performance difference exists between the RL algorithm and our
model. Under the null hypothesis (H0), we assume there is no
performance difference between the RL algorithm and our model.
The alternative hypothesis (H1) posits a performance difference
between the RL algorithm and our model. In this study, we conduct
statistical significance analyses for different scenarios and calculate
p-values, all of which are less than 0.05, as shown in Tables 1, 2, 3,
and 4. In all these cases, we reject the null hypothesis, signifying a
significant performance difference between the RL algorithm and our
model. These findings collectively underscore the remarkable image
restoration quality achieved by our algorithm. When evaluated using
PSNR or SSIM metrics, our algorithm consistently outperforms the
traditional RL method. In summary, our test results unequivocally es-
tablish the superior performance of our image restoration framework
across various observation conditions.

To assess the performance of our algorithm in a qualitative
manner, we utilize simulated images to test the effectiveness of
our framework. Specifically, we apply the trained RESTORE neural
network to restore simulated images that have PSFs and noise levels
within the range defined by the training set. The resulting images are
presented in Fig. 6. The figure illustrates that the trained RESTORE
neural network can enhance the quality of the images significantly.
The fine details, such as the spirals and bars of galaxies, can be
clearly observed in the restored images. Additionally, we test the
performance of our framework on simulated images that have PSFs
or noise levels that exceed the range defined in the training set.
The results are shown in Fig. 7, and it is evident that the trained
RESTORE neural network exhibits a strong generalization ability,
even for images with larger FWHM or higher noise levels.

3.3 Performance evaluation with real observation images

First, we demonstrate the efficacy of our framework with real
observation data obtained from SDSS Data Release 7 (York et al.

MNRAS 527, 6581-6590 (2024)
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Figure 5. Comparison of different image restoration algorithms under different noise and PSF conditions. The box plot shows the differences between our
restoration algorithm (green) and the RL (red) method under different PSF conditions (top panel) and different noise levels (bottom panel).

Table 1. Statistical analysis of SSIM performance for RL and our algorithm under different blur levels (PSFs).

FWHM 2 4 6 8 10 12 14
t-statistic 17.97 20.46 17.57 20.27 20.76 18.79 24.56
p-value 5.96e—38 1.23e—43 5.08e—37 3.40e—43 2.72e—44 7.41e—40 3.21e-52

Table 2. Statistical analysis of PSNR performance for RL and our algorithm under different blur levels (PSFs).

FWHM 2 4 6 8 10 12 14
t-statistic 49.69 73.94 56.31 75.21 76.49 68.05 110.96
p-value 6.02e—90 6.82e—113 4.29e—97 6.88e—114 7.09e—115 4.77e—108 8.31e—137

Table 3. Statistical analysis of SSIM performance for RL and our algorithm under different noise levels.

Sigma 2 9 12 15 18 21 23 25
t-statistic 1.70 17.81 26.46 32.40 32.12 40.43 40.60 43.98
p-value 4.88e—02 3.25e—29 1.05e—40 5.35e—47 1.00e—46 4.40e—54 3.24e—54 1.63e—54

Table 4. Statistical analysis of PSNR performance for RL and our algorithm under different noise levels.

Sigma 2 9 12 15 18 21 23 25
t-statistic 6.66 34.76 42.52 39.62 43.38 50.09 47.96 59.78
p-value 3.52e—09 3.11e—49 1.02e—55 1.98e—53 2.27e—56 4.52e—61 1.19e—59 6.52e—67

2000; Abazajian et al. 2009). We employ our method to restore (Impey & Bothun 1997). Due to their low luminosity, studying
images of low surface brightness galaxies (LSBGs) as detected LSBGs is challenging (Du et al. 2015), making image restoration

by Yi et al. (2022). LSBGs are a class of galaxies with central algorithms necessary to enhance their image quality before any
surface brightness fainter than the sky background, often exhibiting scientific analysis can be performed. However, it is difficult to
high gas content and believed to be in the early stages of galaxy use traditional deconvolution-based image restoration algorithms,

formation or to have recently undergone a burst of star formation

MNRAS 527, 6581-6590 (2024)
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Figure 6. The performance of our framework in the restoration of images that are generated within FWHMs or noise levels defined by the training set.
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Figure 7. The performance of our framework in the restoration of images that are generated with larger FWHM or higher noise level defined by the training set.

which require bright stars as references, and content-based image
restoration methods are ineffective due to the very small number of
photons in LSBGs. Thus, we use our framework to restore LSBG
images.

These images in the SDSS project are captured by a 2.5-m
telescope and have a pixel scale of 0.396 arcsec with an exposure
time of 53.9 s. As a result, the PSF and noise levels used in
the simulation model in Section 2.2 can reflect the properties of
real observation data. Therefore, we train our framework with the
simulator and the aforementioned parameters to obtain the weights
of the RESTORE neural network. Subsequently, we apply the
RESTORE neural network directly to process the LSBG images
captured by the SDSS project in the r band. Fig. 8 exhibits both
the original images and the images restored by our neural network.
Additionally, we also employ the RL deconvolution algorithm (Fish
et al. 1995) and select PSF references according to Infante-Sainz,
Trujillo & Romén (2020) to restore these images for comparison.
Furthermore, we present the LSBG images acquired by the DESI
Legacy Imaging Surveys (Dey et al. 2019) in this figure to provide
a reliable reference. Since larger telescopes are used to execute the
DESI Legacy Imaging Surveys, the data obtained from them can
improve our evaluation of the effectiveness of our method.

Firstly, as demonstrated in the upper left corner of each figure, our
framework can efficiently improve the PSNR of LSBGs in less time
(around 10 times faster than the RL method with appropriate prior
PSFs). Next, we examine the restored images in detail. Although the
RL method could provide effective results, thanks to the accurate
PSF model, images restored by the RL method are still affected by
strong noise. Our framework effectively restores fine structures of
these galaxies, such as spirals, discs, and filaments, and also reduces
effects brought by noise. When comparing the restored images with
those obtained by the DESI Legacy Imaging Surveys, we find that
structures restored by our framework are true. It is worth noting
that our framework builds PSFs and the deconvolution procedures
for image restoration, so in principle it does not generate artificial
features. Moreover, our framework can effectively suppress noise
in these images, resulting in some images with even better quality
than those obtained by the DESI Legacy Imaging Surveys. Overall,
our framework can assist scientists in studying the properties and
morphological structures of LSBGs in greater detail.

In our further investigation, our primary focus was on evaluating
the algorithm’s performance concerning the enhancement of pho-
tometry accuracy and detection efficiency. To do this, we randomly
select SDSS R-band images, each with dimensions of 1024 x 1024
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Figure 8. This figure shows original images obtained by the SDSS project in the r band, images restored by the RL method, with references of PSFs provided
by Infante-Sainz, Trujillo & Roman (2020), images restored by our framework, and images of the same LSBG obtained by the DESI Legacy Imaging Surveys.
In the upper left corner of each figure, we show the PSNR of restored images and calculation speed of different methods in restoration of different images. As

shown in this figure, our framework could restore blurred images effectively.

pixels. Subsequently, we apply both our image restoration algorithm
and the RL algorithm to restore these images. Following restoration,
we utilize SEXTRACTOR for detection and photometry (Bertin &
Arnouts 1996). The results of this study are presented visually in

MNRAS 527, 6581-6590 (2024)

Fig. 9. We conduct this analysis for each magnitude, considering
a dataset of 2000 images for evaluation. Subsequently, we assess
these results through a rigorous statistical analysis. Our findings
indicate that the processed data, particularly the data treated with
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Figure 9. Comparison of photometry and detection results for stars with different magnitudes. MagErr: the average percentage error between photometric
measurements and true values. P—R curve: the precision-recall (P—R) curve is a graphical representation of the trade-off between precision and recall for a
binary classification model. Precision is the ratio of true positive predictions to the total number of positive predictions, while recall is the ratio of true positive

predictions to the total number of actual positive instances.

our algorithm, show a higher recall rate and precision rate. This
outcome demonstrates that our algorithm significantly improves
the efficiency of celestial object detection, especially for stars
with low signal-to-noise ratio. Moreover, our method has proven
effective in enhancing photometry accuracy, as vividly depicted
in the top panel of Fig. 9. These results provide strong support
for the practical applicability of our algorithm in the field of
astronomy.

4 CONCLUSIONS AND FUTURE WORK

We have introduced a novel framework in this article for restoring
blurred astronomical images by merging deep learning techniques
with simulation algorithms. Our framework actively trains the
restoration neural network using a simulation algorithm that rep-
resents a specific telescope. Once trained, the restoration neural
network can produce restored images more efficiently compared
with the traditional RL deconvolution algorithm. We have tested
our method on both simulated and real observational data and
have found that it effectively minimizes the impact of noise

and PSFs, making previously unseen fine structures of galaxies
visible.

We have also identified two areas for future improvement. Firstly,
we have shown that the physical parameters and prior model used
to represent the image degradation process are crucial for our
framework. To extend our approach to data from different sky survey
projects, we need to develop an adequate parametric PSF model
and an adequate telescope simulator. Therefore, we will introduce
physics-informed machine learning algorithms as necessary tools
to build PSF models. Meanwhile, the digital twin technology is
a promising method for generating simulation data according to
telemetry data and high-fidelity simulators, and we are currently
developing a digital twin as a telescope simulator (Jia et al. 2022;
Zhan et al. 2022). Secondly, we use the L, norm and FFL to train our
restoration neural network, and we could investigate further new reg-
ularization methods based on human attention and big data obtained
from previous sky survey projects to improve the performance of our
framework.

Overall, our proposed framework is suitable for restoring images
obtained from future sky survey projects, such as the LSST, Euclid,
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and the CSST. Our framework could help scientists to recognize
the morphology of galaxies better, which could increase outcomes
from citizen science platforms. Also, our framework could increase
the accuracy of shape measurements for galaxies with low signal-
to-noise ratio. We are now using our framework to process data
obtained by Dark Energy Camera Legacy Survey (DECaLS) Dark
Energy Camera Legacy Survey. (Dark Energy Survey Collabora-
tion et al. 2016) for further scientific research. We will deploy
our method for data obtained by the CSST and Euclid in the
future.
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