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Abstract 

Ancient Chinese murals are true portrayals of ancient Chinese life, but well-preserved murals are rare. Therefore, 
ancient mural preservation and repair are critical. To address the poor superresolution reconstruction of mural images 
with unclear textures and fuzzy details, we developed an improved generative adversarial network (GAN) algorithm 
based on asymmetric pyramid modules for ancient mural superresolution reconstruction. Asymmetric pyramid 
modules, which are composed of a series of dense compression units, were used to learn image features. To analyze 
the reconstructed image features, a perceptual loss function was integrated to optimize the model performance. The 
use of the improved algorithm for low-resolution mural images increased the image resolution while preserving their 
original feature details and textures, and the improvement effect was visually observed in terms of indices such as the 
peak signal-to-noise ratio and structural similarity. Compared with other superresolution-related algorithms, the pro-
posed model increased the peak signal-to-noise ratio by 0.20–6.66 dB. The GAN-based mural superresolution recon-
struction algorithm proposed in this study effectively improved the performance of reconstructed high-resolution 
mural images, which increases the significance of the reconstructed image for future research.
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Introduction
Ancient Chinese cultural relics have a long history and, to 
some extent, reflect the pursuits and longings of people 
during certain periods. However, intact murals are rare; 
therefore, mural restoration and protection should be 
prioritized.

Mural restoration work includes mural surface clean-
ing, pasting loose and falling objects onto the mural sur-
face, and strengthening the mural surface with appropriate 
materials. Although these processes can delay the decay 
of a mural, they cannot fundamentally restore its original 

appearance. With the development of computers, a num-
ber of algorithms can be used to “restore” mural images, 
including mural image superresolution reconstruction.

Since the beginning of the 21st century, as scholars 
and researchers have focused increasingly on deep learn-
ing algorithms, deep learning-based algorithms have 
emerged. Image superresolution reconstruction has also 
developed from traditional learning algorithms to deep 
learning algorithms. However, different deep learning 
algorithms have advantages and disadvantages in vari-
ous scenarios, and therefore, there is no algorithm that is 
truly competent for all scenarios.

Currently, the main problems faced by mural image 
superresolution algorithms are as follows. (1) Mural 
image features are complex and clearly different from 
those of traditional images, which increases the difficulty 
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of feature extraction. (2) Deep learning-based super-
resolution algorithms require satisfactory datasets for 
training, and there are currently no datasets that can 
satisfactorily meet the requirements. (3) When ordinary 
high-definition image datasets are used for model train-
ing, the reconstructed mural image exhibits poor feature 
restoration and texture detail performance.

Glasner [1] combined image self-similarity at the same 
scale and across scales and gradually enlarged images by 
searching and pasting. However, the reconstructed image 
was not ideal in terms of texture details. Since the begin-
ning of the 21st century, superresolution methods based 
on deep learning have continuously emerged. By refer-
encing the idea of image superresolution (SR) based on 
sparse coding, the triple convolution network superreso-
lution convolutional neural network (SRCNN) [2] applied 
deep learning to image SR for the first time. This network 
performs image block extraction, nonlinear feature map-
ping and reconstruction through convolution operations. 
This method outperforms traditional algorithms to some 
extent. Because the SRCNN algorithm fails to fully uti-
lize prior knowledge in the related field, some improved 
algorithms have emerged. The sparse coding-based net-
work (SCN) [3] realizes image SR based on sparse cod-
ing through a neural network. The SCN uses the learned 
iterative shrinkage and thresholding algorithm (LISTA) 
to incorporate the sparse representation, mapping and 
reconstruction modules in the SR method based on coef-
ficient representations and can enlarge an image to any 
scale with cascaded SCNs. To improve the reconstruc-
tion speed for high-resolution images, an efficient sub-
pixel convolutional neural network (ESPCNN) [4] uses 
a convolutional neural network to improve image fea-
ture extraction by stacking multiple convolution kernels; 
however, the weight of the network is not ideal.

Further studies have revealed low-frequency simi-
larities between low-resolution (LR) images and recon-
structed high-resolution (HR) images. Based on this 
finding, Kim et al. [5] proposed a very deep CNN for SR 
(VDSR). The VDSR algorithm was the first to incorporate 
a residual structure into SR image reconstruction, which 
greatly reduces the computational burden of the net-
work. Zhang et al. [6] proposed an algorithm for increas-
ing the role of low-frequency information in the learning 
process, and their results show that incorporating the 
channel attention mechanism increases the average 
PSNR of the reconstructed images by 0.4 dB. The con-
tinuous updating of computer hardware has increased 
technical support for constructing deep learning-based 
networks [7–9]. After a development period, genera-
tive adversarial networks (GANs) have been applied in 
a variety of fields, and their excellent performance has 
attracted the attention of scholars and researchers. Ledig 

et al. [10] proposed a superresolution GAN (SRGAN) for 
recovering high-frequency details from 4 upsamplings. 
This model includes a generative network and a discri-
minant network. The generative network is a residual 
network that generates an HR image from the LR image. 
The authenticity of the input image is then judged by the 
discriminant network. When the two networks reach 
a balance, the proposed network can be used for SR. 
However, GANs have some noticeable drawbacks, such 
as instability during training and gradient explosion 
and loss. Considering the drawbacks of GANs, Arjovsky 
et  al. [11] proposed a Wasserstein GAN (WGAN). This 
model replaces the Jensen–Shannon divergence with the 
Wasserstein distance to assess the difference between 
the real and reconstructed images, overcoming the dis-
advantages of GANs. Although this algorithm can satis-
factorily reconstruct superresolution images in ordinary 
scenes, mural images pose a great challenge for the 
model learning capacity, and the training time and net-
work weight must also be considered. In addition, most 
of the currently available deep learned-based image 
superresolution reconstruction algorithms use the mean 
square error loss function as the optimization function 
to optimize the network structure; however, the images 
reconstructed by this method have some problems, such 
as loss of high-frequency information, fuzzy texture, and 
poor subjective evaluation. To overcome these problems, 
Han [12] used the perceptual loss function for model 
optimization. Yang et  al. [13] completed the generator 
module reconstruction task by gradually extracting dif-
ferent image scales; in the discriminator module, they 
introduced microstep convolution and global average 
pooling. Su et al. [14] proposed a single remote sensing 
image superresolution method based on boundary equi-
librium GANs, which improved the quality of the gener-
ated image and the network convergence speed. Mi et al. 
[15] used three convolution kernels to extract image fea-
tures, which improved the overall model performance on 
images with complex features. For the superresolution 
reconstruction of ancient cultural mural images, Wang 
et al. [16] proposed dictionary learning through an MOD 
algorithm, which realized mural repair and impulse noise 
removal. Ma [17] proposed a method for superresolution 
reconstruction of single-color images based on sparse 
representation, which effectively improved the color 
authenticity of the reconstructed color mural image. 
Cao et  al. [18] proposed a superresolution reconstruc-
tion algorithm for a stably enhanced generative confron-
tation network to solve the problems of low resolution 
and unclear texture details in ancient murals. Han et al. 
[19] proposed a method based on fuzzy enhancement for 
wavelet signal denoising, which increased the accuracy 
of the extracted feature information. These endeavors 
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aimed to optimize the network models from different 
perspectives; however, none of them addressed the prob-
lem of the difficulty in training GANs. Furthermore, if the 
speed is increased at the expense of the network depth, 
the final result will be unsatisfactory. Targeting the prob-
lem of the sawtooth effect on the mural edges, Xu et al. 
[20] fused an attention network and a residual network to 
reconstruct murals, which increased the network train-
ing time while improving the texture details of murals, 
and consequently, their method is likely to lead to local 
optimization of the network.

Based on the aforementioned issues, we propose a 
ProGAN algorithm in this work. By gradually increas-
ing the network depth, stacking multiple dense compres-
sion units and removing the model-enhancing aspect of 
the batch normalization layer during training, this model 
fully captures the feature information of mural images, 
indicating the improved generalization ability and 
robustness of the model. By replacing the cross-entropy 
loss with a least square loss, the training process of the 
model is further stabilized. The results of this study may 
provide a method for preserving ancient murals. The pro-
posed model not only introduces new in-depth learning 
technologies but also provides its own contribution to 
the protection of digital cultural heritage.

Methodology
Theoretical background
Generative adversarial network (GAN)
GANs have become a popular deep learning model in 
recent years, and they are one of the most promising 
methods for unsupervised learning on complex distribu-
tions. A GAN is composed of two basic networks: gen-
erators (G) and discriminators (D). The G network is an 
image generation network that is responsible for receiv-
ing random noise and generating an image based on 
the noise. The D network is responsible for determining 
whether the input image is authentic. The network has a 
probability interval between 0 and 1, with a higher prob-
ability value indicating that the image is more likely to be 
authentic. In the actual training process, the goal of the G 
network is to generate an image that is as close as possible 
to the real image to deceive the D network, while the goal 
of the D network is to distinguish the image generated by 
the G network from the real image. In this way, a mutual 
game process between G and D networks is formed. The 
basic structure of the GAN is shown in Fig. 1.

Progressive generative adversarial network

(1) Overall design. To better reconstruct high-resolution 
images, we improved the structure of both the gen-
erative network and the discriminant network.

In the generative network design, upsampling low-res-
olution to high-resolution images is divided into several 
decomposition steps by introducing parameters α that 
adjust the rhythm of each network layer during training. 
This design improves the smoothness and stability of the 
training process, thereby reducing the gradient explo-
sion and gradient disappearance problems that GANs 
frequently experience during training. Furthermore, this 
modification can more fully extract the texture features 
and details of the input image, improving the quality of 
the image generated by the subsequent generator.

The discriminant network distinguishes whether the 
input image is the network-generated image or the real 
image. The details of the network model are described as 
follows.

(2) Generative network design. This network is respon-
sible for learning based on the characteristics of the 
input image. In the structure of the generative net-
work, the sampling process on the image is divided 
into several pyramid modules. Each pyramid module 
uses a dense compression unit composed of differ-
ent numbers of residual blocks. The outputs of the 
pyramid modules are then convoluted. To smooth 
the overall model training process, the parameter α is 
added for control, and the output of the residual R in 
the preceding layer network is produced after bilin-
ear interpolation.

The realization of the network is shown in Fig. 2.

(3) Discriminant network design. The network is com-
posed of three asymmetric pyramid modules. In 
each module, a mean pooling module is integrated to 
downsample the input to reduce the spatial dimen-
sions of the input image. Similar to the generative 
network, before the results are input into the asym-
metric pyramid structure, the results first pass 
through image transformation layers with specific 
sizes because the generator outputs are different 
sizes. These image transformation layers are com-

Fig. 1 GAN
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posed of 3 × 3 convolution layers. The final output of 
the asymmetric pyramid module is a feature matrix, 
and the discriminant network determines the true 
or false value of each pixel in the feature matrix. The 
advantage of this design is that the model can focus 
more on the image details. The discriminant network 
structure is shown in Fig. 3.

Asymmetric pyramid network
When extracting features, the traditional pyramid net-
work [20] uses the Laplacian pyramid superresolution 
network to gradually reconstruct high-resolution images. 
In this study, we use an asymmetric pyramid network for 
feature extraction. The pyramid network decomposes 
the input image unit U into a series of simpler functions 
 U0,  U1…Us. The purpose of each function (or level) is to 
refine the extracted features, which are then subjected 
to 2 upsampling steps. Each pyramid layer consists of a 
cascaded dense compression unit and a subpixel convo-
lution layer. Because more detailed feature extraction is 

required in the lower layers, denser compression units 
are added to these layers; thus, the pyramid has an asym-
metric structure, and the lower layers of the pyramid 
have higher computing capacities. This treatment not 
only reduces memory consumption but also expands the 
perception domain relative to the original image. There-
fore, the reconstructed structure outperforms the tra-
ditional symmetrical structure in terms of quality and 
runtime. The diagram of the network structure is shown 
in Fig. 4.

Dense compression unit
The core component of each layer of the pyramid is a 
dense composition unit. Based on recent studies [21–24], 
this unit is composed of a modified dense connection 
block and a 1 × 1 convolution layer. Originally, the dense 
layers are designed to begin with the batch normalization 
layer. In contrast, in this study, we remove the batch nor-
malization layer in the dense compression unit, as well 
as the rectified linear unit function (ReLU) in the first 
layer. In contrast to the dense network, the network in 

Fig. 2 Generative network structure

Fig. 3 Discriminant network structure
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this study employs a 1 × 1 convolution layer as the final 
layer of each dense compression unit to indicate the end 
of the dense connection of each unit. This modification 
effectively reorganizes the information obtained by the 
network layer and increases the number of DCUs; fur-
thermore, it greatly reduces the parameters of the model 
and provides relevant data in subsequent comparative 
experiments without affecting the peak signal-to-noise 
ratio (PSNR). The structure diagram of the dense com-
pression unit used in this study is shown in Fig. 5.

Loss function design

(1) Least squares loss. The purpose of the loss function 
is to improve the expressiveness of the model dur-
ing the training process. In this study, we use a least 
squares loss function to adjust the parameters of the 
model and ensure that the model fit the datasets as 
well as possible. Each dataset contains n points (com-
posed of data pairs), i.e., (xi, yi), i = 1, 2, …, n, where 
x1 is an independent variable and y1 is a depend-
ent variable. Assume that the model function has 

the form f(x, β), where m adjustable parameters are 
stored in the vector β. The goal of the least squares 
loss function is to find the optimal parameter value 
by minimizing the sum of the squares of the residuals 
(i.e., by continuously optimizing the model).

In the model, the least squares loss function of the 
discriminator can be expressed as follows:

(2) Perceived loss. To ensure that the image produced by 
the generator is as similar to the real image as pos-
sible in terms of features and structure, a perceptual 
loss is introduced into the VGG network to form the 
loss function of the generator. After a high-resolution 
image is reconstructed by the generator, the VGG 
loss calculates the error loss between the recon-
structed and real images. This loss function and the 
least squares loss are combined to form the loss func-
tion of the generative network for model optimiza-
tion. This treatment enables the generated image to 
be closer to the real image. The expression of the loss 
function of the generator is as follows:

where r̂   represents the predicted residual of the gener-
ated image and Φk represents the kth pooling layer of 
VGG16 [25].
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Fig. 4 Asymmetric pyramid network structure diagram

Fig. 5 Dense compression unit structure
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Algorithm flow descriptions
The main idea underlying the proposed ProGAN is a 
progressive training process, which is manifested in the 
design of the network structure. The detailed algorithm 
flow is as follows:

Input: an LR image.
Output: a superresolution reconstruction network 

model.
Step 1. Input an LR image into the generative net-

work G to obtain a high-resolution image  HR0 after 
reconstruction.

Step 2. Input an authentic image (HR) into the gen-
erative network G and calculate the least squares loss 

between HR and  HR0 to update the parameters of the 
generative network.

Step 3. Repeat Steps 1 and 2 m1 times and store the 
results in the posttraining generative model G.

Step 4. Input the LR image into the generative network 
G to generate a high-resolution image,  HR1. Input HR 
and  HR1 into the discriminant network to calculate the 
loss and then update the parameters of the discriminant 
network.

Step 5. Calculate the perceived loss between HR and 
 HR1.

Step 6. Iterate Step 2 to Step 6 m2 times to continuously 
update the generative and discriminant networks.

Fig. 6 ProGAN algorithm flowchart
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The ProGAN algorithm flowchart is shown in Fig. 6.

Experiment
In this study, the hardware parameters were as follows: 
(1) CPU, Intel Core i7-7700 K, (2) memory, 16 GB, and 
(3) graphics card, NVIDIA GeForce GTX 1080Ti. The 
software included CUDA (version 9.1) and the Ubuntu 
operating system. Python 3.6 and the PyTorch framework 
were used to write the test code. The compiling software 
was PyCharm Community Edition 2021.1 × 64.

The quantity and quality of the murals in the dataset 
were not sufficient for training the network. Therefore, 
the dataset used for training was the publicly avail-
able high-resolution training dataset DIV2K. The train-
ing images included 800 high-resolution pictures, and 
the test dataset included 100 high-resolution images. 
The high resolution of the images enabled the network 
model to better learn the details to be retained during 
the process of image reconstruction from low resolution 
to high resolution, and the subsequent reconstruction 
of the mural images also performed well. In this experi-
ment, the initial learning rate was set to 0.0001, the input 
batch_size was 24, and 80 epochs were trained.

The peak signal-to-noise ratio (PSNR) is a com-
mon objective index for measuring the image quality of 
lossy transformations (such as image compression and 
image restoration). For superresolution reconstruction, 
the PSNR was defined by the maximum pixel value L 
between images and the mean square error MSE between 
images, where n was the number of bits in each sam-
pling value. The PSNR is inversely proportional to the 
logarithm of the mean square error of the real high-res-
olution image and the generated image. The PSNR is cal-
culated as follows:

The structural similarity index method (SSIM) was 
used to measure the structural similarity between images 
based on the brightness, contrast and structure. Assume 
that the pixels of the high-resolution image are repre-
sented by I and the pixels in the reconstructed images 
are represented by N; then, the SSIM formula can be 
expressed as a weighted product of the comparisons of 
the brightness, contrast and structure. The SSIM is calcu-
lated as follows:

(3)PSNR = 10 · log10

[

(2n − 1)2

MSE

]

(4)
SSIM

(
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)

=
[

Cl

(
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)]α[
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(
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)]β[
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(
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)]γ

where Cl, Cc and Cs represent the comparison values of 
the two images in terms of brightness, contrast and struc-
ture, and α, β and γ represent the three weight values.

The final evaluation index is the random scores of the 
population. Five volunteers with normal vision were ran-
domly selected to provide different scores for the recon-
structed images. The scores were divided into several 
different grades: 1.0, 2.0, 3.0, 4.0 and 5.0. A higher score 
indicated that the reconstructed image better matched 
the real image.

Results and discussion
Model training loss and analysis
The loss function is a useful tool for network structure 
assessment. During the training with the ProGAN algo-
rithm in this study, gradient optimization was realized 
by continuously updating each of the parameters. After 
training for 80 epochs, the parameters achieved an opti-
mal state, which resulted in the maximization of the loss 
function. The variations in the loss and PSNR values 
according to epoch training are shown in Fig. 7.

According to the variations in the loss and PSNR val-
ues, the loss function stabilized near 6.2, and the PSNR 
value no longer showed an increasing tendency after 

Fig. 7 PNSR and loss during network training. a PSNR change during 
network training. b Loss change during network training
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increasing to approximately 29.85. At this moment, the 
network achieved a satisfactory convergence effect.

Influence of the dense compression unit composition 
on the network performance
In this study, the dense compression unit (DCU), which 
is the core component of the pyramid structure, was 
designed by referencing the residual network [26]. In our 
study, a 1 × 1 convolution compression layer was used as 
the final layer of each dense compression unit. This treat-
ment increased the number of dense compression units 
but did not affect the PSNR performance, and the num-
ber of model parameters was successfully reduced. The 
comparison results are summarized in Table 1.

The results provided in Table 1 were based on compari-
sons of the Set14 dataset. During operation, we tested the 
reconstruction effect of the two structures at 4×  super-
resolution. Although the number of DCUs was increased 
in our study, this increase did not affect the PSNR value 
of the reconstructed images. Furthermore, the number 

of parameters was greatly reduced. The adoption of such 
a structure during training resulted in a network model 
that consumes less time but is more lightweight with bet-
ter performance.

Superresolution reconstruction effect
To test the expressiveness of the algorithm for mural 
image reconstruction, several representative murals 
with different styles were selected for 4×  superresolu-
tion processing. The results are shown in Fig.  8. The 
reconstructed high-resolution images retained some of 
the texture details of the original images, and the clarity 
was also satisfactory. The PSNR and SSIM values of the 
reconstructed image are summarized in Table  2. Based 
on the numerical values, the reconstructed image had 
satisfactory visual expressiveness.

Furthermore, from the mural images of different styles, 
we randomly selected a total of 40 images (5 for each 
style), and then noise was added. After superresolution 
reconstruction with the proposed model, the measured 
average PSNR and SSIM values were 21.22 and 0.37, 
respectively. The reconstructed images are shown in 
Fig. 9, where images with more added noise (Fig. 9a and 
c) and those with less added noise (Fig.  9b and d) were 
selected for effect displays. The PSNR and SSIM values 
are summarized in Table 3.

As shown in Fig. 9; Table 3, for images with more added 
noise, the noise was also proportionally amplified after 

Table 1 Comparison of the composition effects of different DCU 
structures

Structure PSNR Number of 
parameters (M)

Runtime (s)

Dense block ×1 28.31 8.22 0.19

DCUs ×4 28.32 1.79 0.10

Fig. 8 Reconstruction of different styles of murals

Table 2 PSNR and SSIM of the mural after reconstruction

Image (a) (b) (c) (d) (e) (f) (g) (h)

PSNR 28.02 29.17 27.88 25.97 29.87 30.94 25.68 26.75

SSIM 0.76 0.75 0.71 0.66 0.84 0.77 0.58 0.78
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superresolution handling, as a consequence of which the 
images remained indistinct (also attested to by the PSNR 
value). In contrast, the images with less added noise dis-
played more distinct images as well as noise after super-
resolution handling.

Comparative experiment of the reconstructed mural 
images of different types
To test the applicability of the proposed model for vari-
ous mural styles, we selected eight types of mural images: 
animal, building, cloud, disciple, fo, people, plant and 
pusa with 851, 647, 732, 640, 484, 819, 588 and 610 
images, respectively, for a total of 5371 images.

First, the ProGAN superresolution reconstruction 
model was used for 4× superresolution reconstruction 
of the above 5371 images. The reconstructed images are 
shown in Fig.  10. The average PSNR was 27.15 dB, and 
the average SSIM was 0.68.

Then, for comparison purposes, we selected three 
classical superresolution methods, i.e., bicubic inter-
polation (BI) superresolution reconstruction, SRGAN 
superresolution reconstruction, and enhanced deep 
residual networks, for single image superresolution 
(EDSR) superresolution reconstruction, as well as 
two other superresolution methods already applied to 
mural images in the literature [17] and [20]. To better 

reflect the performance of the algorithms on mural 
images of different styles, the 5371 images were divided 
based on their style. Six different algorithms were used 
for 4× superresolution reconstruction, and then the 
reconstruction effects were compared (Fig. 11).

As shown in Fig.  11, the performance effect of the 
traditional superresolution reconstruction method BI 
was not satisfactory when dealing with certain types of 
images, i.e., murals. The reconstructed images exhib-
ited obvious blurs and unclear textures, as well as con-
siderable feature loss. In addition, the reconstructed 
images contained artifacts and noise that did not 
exist in the original images. In the literature [17], the 
mural image superresolution reconstruction method 
is based on a traditional algorithm (not one based on 
deep learning). This method can achieve a satisfac-
tory effect when applied to mural images with simple 
textures. In regard to the mural images with complex 
textures involved in this study, however, it created arti-
facts in the reconstructed image, similar to the BI algo-
rithm, resulting in an unsatisfactory overall effect. The 
method used in the literature [20] improved to some 
extent the texture blurring effect and margin zigzagging 
that CNNs encounter when dealing with mural images, 
which can be reflected by an improved image structure 
after reconstruction compared with that after BI recon-
struction. However, when applied to images of the “fo”, 
“disciple”, “people” and “pusa” classes, it failed to handle 
the detailed features, ultimately leading to unsatisfac-
tory effects. Compared with the traditional BI algo-
rithm, the deep learning-based SRGAN algorithm had a 
noticeably better performance due to the GAN method 
applied for superresolution reconstruction. The recon-
structed image displayed a satisfactory reduction in 
texture detail while retaining the color and features of 
the original images. Compared with the BI algorithm, 

Fig. 9 Superresolution of noise murals. a and c Images with more 
added noise. b and d Images with less added noise

Table 3 PSNR and SSIM of the noise image after reconstruction

(a) and (c), images that with more added noise; (b) and (d), those with less added 
noise

Image (a) (b) (c) (d)

PSNR 17.31 24.75 22.03 26.94

SSIM 0.23 0.47 0.43 0.48

Fig. 10 Different reconstructed mural styles
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the image reconstructed by this algorithm did not 
have obvious colors that were too bright or dark, and 
the original image contrast was essentially maintained. 
However, this algorithm showed varying performance 
for the details of images with different styles.

After reconstructing images in the disciple, fo, people 
and pusa categories, this algorithm increased the num-
ber of artifacts in the faces of the reconstructed images, 
while for the other image categories, such as nature and 
building, this method did not satisfactorily preserve the 
detailed features. EDSR is a superresolution reconstruc-
tion network model that relies on an exploration period. 
This method showed satisfactory performance in terms 
of retaining texture details and colors. Compared with 
the original HD image and the images reconstructed by 
the two previous methods, the images reconstructed by 
this algorithm were the most similar to the real image 

and had a satisfactory performance for different styles 
of mural images. The network model proposed in this 
study further improved the expressiveness of the recon-
structed images. It not only retained the color of the 
original background of the image but also considered the 
texture details and features of the image. Compared with 
the other algorithms, the proposed algorithm exhibited 
clear advantages. The following table summarizes the 
PSNR and SSIM values for the different style images after 
reconstruction.

As shown in Table  4, the ProGAN algorithm noticea-
bly outperformed the other algorithms in reconstructing 
different styles of mural images. Compared with the BI 
algorithm, which had the worst performance among the 
considered algorithms, the ProGAN algorithm increased 
the average PSNR value by 6.66 dB. Although the EDSR 
algorithm showed a satisfactory reconstruction effect, 

Fig. 11 Different mural reconstruction algorithms
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the proposed algorithm increased the PSNR value by 0.2 
dB. In summary, the ProGAN algorithm was more suit-
able for mural superresolution reconstruction.

Comparative experiment of the reconstructed murals
Because reconstructing mural images has high require-
ments for local details, for the comparative experimen-
tal analysis, we selected 6 high-resolution mural images 
(Fig. 12) and reconstructed the image details with super-
resolution. Then, the reconstructed images were com-
pared. The results are shown in Fig. 13.

As shown in Fig.  13, the traditional BI algorithm 
showed poor performance in superresolution recon-
struction. The superresolution image reconstructed by 
this algorithm had clear distortions in color and bright-
ness. These distortions did not occur when the method 
in the literature [17] was used for images with sim-
ple texture (Fig.  12b and f ), and a satisfactory effect 
was achieved. Despite the achieved improvement, the 
method in the literature [17] did not achieve a satisfac-
tory effect when applied to images with complex textures 

(e.g., the maid’s belt in Fig. 12d). Compared with the BI 
algorithm, the SRGAN algorithm showed a better per-
formance. The reconstructed image did not have clear 
texture issues; however, the performance in the details of 
the reconstructed images was not satisfactory, especially 
for images with more texture details, such as the images 
in Fig.  12c and d. Although the method used in the lit-
erature [20] performed quite well in resolving the margin 
zigzagging problem and the reconstructed image exhib-
ited clear contour detail, there was still much room to 
improve the color. The EDSR algorithm performed well 
in reconstructing the details of the images and therefore 
outperformed the first two algorithms for images with 
many details (Fig.  12c and d) or images with dull back-
grounds (Fig. 12b, e and f ). However, the reconstructed 
images did not perform well in terms of brightness, and 
the performance of the image features needed to be 
improved.

In summary, the BI algorithm, as an early classical 
superresolution method, did not satisfactorily recon-
struct image features and texture details; therefore, the 
reconstructed images with this method were the worst. 
As the first superresolution GAN algorithm, the SRGAN 
showed performance improvement. However, the recon-
structed images had an edge sawtooth. The EDSR algo-
rithm restored some of the high-frequency details of the 
image, but the reconstructed image exhibited too much 
noise. In contrast, the reconstructed image with the algo-
rithm proposed in this study had an improved texture, 
clarity and overall image performance.

Table 5 shows the PSNR and SSIM indices of the images 
reconstructed by the above four algorithms. As shown in 
this table, the algorithm proposed in this study had bet-
ter evaluation indices than the previous algorithms. This 
finding indicated that this algorithm improved the mural 
representation effect to some extent and, therefore, might 
be helpful in improving the value of mural research.

Table 4 PSNR and SSIM after reconstruction of various murals with different algorithms

Image type Index BI Literature [17] Literature [20] SRGAN EDSR ProGAN

Animals PSNR/SSIM 20.92/0.44 27.36/0.63 27.81/0.64 28.05/0.66 28.44/0.68 28.56/0.68

Builds PSNR/SSIM 19.89/0.44 24.21/0.57 25.15/0.62 25.41/0.63 25.62/0.64 25.85/0.65

Cloud PSNR/SSIM 19.84/0.48 24.40/0.62 25.40/0.66 25.62/0.67 25.87/0.69 26.18/0.70

Disciple PSNR/SSIM 20.21/0.46 25.88/0.62 26.70/0.62 26.81/0.66 27.15/0.68 27.35/0.69

Fo PSNR/SSIM 20.06/0.45 24.05/0.56 24.88/0.58 25.06/0.61 25.23/0.62 25.49/0.63

People PSNR/SSIM 20.23/0.43 26.92/0.64 27.50/0.63 27.75/0.67 28.12/0.69 28.28/0.70

Plant PSNR/SSIM 21.20/0.50 26.75/0.66 27.44/0.65 27.60/0.70 28.05/0.72 28.21/0.72

Pusa PSNR/SSIM 20.49/0.44 24.99/0.58 25.83/0.61 25.91/0.62 2 6.11/0.64 26.27/0.65

Fig. 12 Different mural styles
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Superresolution reconstruction experiment for general 
images
Alongside the superresolution reconstruction experi-
ment for mural images, we also tested the performance of 
the proposed algorithm on general image datasets, which 

included BSD100, URBAN100 and Set14. The results are 
summarized in Table 6.

Based on the PSNR value obtained in the experiment, 
the proposed model exhibited satisfactory performance 
on the public datasets. Compared with the VDSR, which 
was obtained based on deep convolution training, the 

Fig. 13 Different mural reconstruction algorithms

Table 5 PSNR and SSIM after reconstructing murals with different algorithms

Image Index BI Literature [17] SRGAN Literature [20] EDSR ProGAN

a PSNR/SSIM 19.18/0.43 25.31/0.66 26.46/0.69 26.41/0.67 26.90/0.72 27.11/0.73

b PSNR/SSIM 21.64/0.45 26.20/0.62 27.25/0.67 27.20/0.68 27.40/0.68 27.85/0.70

c PSNR/SSIM 22.57/0.37 27.03/0.52 27.45/0.54 27.49/0.53 27.47/0.55 27.53/0.55

d PSNR/SSIM 22.76/0.40 26.96/0.52 27.57/0.55 27.61/0.53 27.66/0.56 27.72/0.56

e PSNR/SSIM 20.23/0.37 28.91/0.79 29.03/0.79 28.97/0.77 29.23/0.81 29.38/0.81

f PSNR/SSIM 19.62/0.39 25.21/0.63 26.94/0.69 27.08/0.68 27.13/0.71 27.38/0.72

Avg. PSNR/SSIM 21.00/0.40 26.60/0.62 27.45/0.66 27.46/0.64 27.63/0.67 27.83/0.68
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performance of the proposed algorithm was not lower on 
any of the datasets. Compared with the EDSR algorithm, 
it even showed some advantages.

Subjective evaluation
In addition to using the PSNR and SSIM indices to evalu-
ate the experimental results, we also selected 50 vol-
unteers with normal vision to score the reconstructed 
images. The score interval was set from 0 to 5. The sub-
jective evaluation indices included the overall impression 
and texture detail retention of the reconstructed images. 
Averages were obtained, and a high score indicated a bet-
ter superresolution reconstruction effect. The final scores 
are shown in Fig. 14.

Based on the evaluation results and the intuitive feel-
ings of the evaluators, the proposed algorithm out-
performed the remaining algorithms in terms of 
reconstruction, including the overall appearance and tex-
ture detail. In the overall appearance, the images recon-
structed by the proposed algorithm had a satisfactory 
performance in terms of brightness and smoothness. In 
evaluating the effect of fine superresolution handling for 
low-resolution murals, volunteers carefully compared 
the images before and after handling, and they all con-
firmed that the proposed algorithm had more advantages 

in retaining the original texture details of the image and 
had a better overall impression. In general, the algorithm 
proposed in this study successfully restored the texture of 
the original images while preserving the overall perfor-
mance, improving the research value of the related image.

Conclusions
To address the problems of low resolution and ambigu-
ity in ancient mural images, this study proposed a Pro-
GAN algorithm for superresolution reconstruction of 
low-resolution mural images. With a GAN as the basic 
framework, this model integrated asymmetric pyramid 
modules for training, which reduced gradient explosions 
and disappearances during the GAN network training 
process. Furthermore, the perceived loss of the VGG net-
work was introduced to train the discriminant network. 
Our results showed that the proposed algorithm pro-
duced a satisfactory reconstructed image in terms of tex-
ture detail and feature performance.

The proposed algorithm-generated high-resolution 
images of different sizes with low-resolution inputs. 
Although it performed well in terms of the PSNR, the 
structural similarity can still be improved.

Based on the results of this study, the following work 
should be conducted in the future:

(1) Improve the model training to increase the struc-
tural similarity of the generated images to make the 
generated images more meaningful;

(2) In the model construction, be more concise to 
reduce the training time; and

(3) Because the dataset used in this study was a pub-
licly available dataset, the pictures and murals had 
features and textures. Therefore, the performance 
of the network in reconstructing mural images 
was not as good as its performance in reconstruct-
ing ordinary images. In the future, we will consider 
further optimizing the network model to improve 
the ability of the network to learn image features to 
improve the reconstructed mural images.
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