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Abstract 

Shenzhen is a modern metropolis, but it hides a variety of valuable cultural heritage, such as ancient murals. How 
to effectively preserve and repair the murals is a worthy of discussion question. Here, we propose a generation-dis-
criminator network model based on artificial intelligence algorithms to perform digital image restoration of ancient 
damaged murals. In adversarial learning, this study optimizes the discriminative network model. First, the real mural 
images and damaged images are spliced together as input to the discriminator network. The network uses a 5-layer 
encoder unit to down-sample the 1024 × 1024 × 3 image to 32 × 32 × 256. Then, we connect a layer of ZeroPad-
ding2D to expand the image to 34 × 34 × 256, and pass the Conv2D layer, down-sample to 31 × 31 × 256, perform 
batch normalization, and repeat the above steps to get a 30 × 30 × 1 matrix. Finally, this part of the loss is emphasized 
in the loss function as needed to improve the texture detail information of the image generated by the Generator. The 
experimental results show that compared with the traditional algorithm, the PSNR value of the algorithm proposed in 
this paper can be increased by 5.86 db at most. The SSIM value increased by 0.13. Judging from subjective vision. The 
proposed algorithm can effectively repair damaged murals with dot-like damage and complex texture structures. The 
algorithm we proposed may be helpful for the digital restoration of ancient murals, and may also provide reference 
for mural restoration workers.
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Introduction
According to archaeological materials, Bao’an District 
has a history of more than 7000  years of human activ-
ity and a history of more than 1600 years of county con-
struction. According to incomplete statistics, more than 
1000 architectural murals are well preserved in Bao’an. 
These murals can be divided into four categories accord-
ing to the painting’s theme: landscape, character stories, 
flowers, birds, or animals, and calligraphy. They play an 
indispensable role in the study of Lingnan culture and 
have important cultural and artistic value. Many ancient 
murals have been damaged to varying degrees due to the 

natural environment and man-made damage. Although 
some scholars have put forward some suggestions on the 
preservation and restoration of murals [1, 2], the restora-
tion of murals is still urgent.

At present, the murals inpainting mainly relies on the 
good painting techniques and rich experience of scien-
tific researchers, which takes a long time and produces 
uneven effects. Due to the complex composition, trace 
amount and degradation, the difficulty of mural inpaint-
ing is greatly increased. Ma et  al. attempted to analyze 
mural samples by Fourier Transform Infrared Spectros-
copy (FTIR) and Gas Chromatography (GC) to under-
stand the consistency of the material [3]. Rezida et  al. 
used portable X-ray fluorescence spectrometer (pXRF) 
to analyze the composition spectrum of mural pigments, 
and used an optical microscope and a scanning elec-
tron microscope (OM-SEM) to analyze the structure of 
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the murals [4]. Liang et al. proposed the idea of making 
specific color charts for various artworks to improve the 
color and spectral accuracy of digital imaging of cultural 
artworks. Taking the ancient Chinese Dunhuang murals 
as the research object, the pigment prototype color map 
of the Dunhuang murals was drawn [5].

In the field of digital image inpainting, Bertalmio et al. 
proposed a computer image inpainting algorithm based 
on PDE (Partial Differential Equation) [6]. The algorithm 
is developed to repair the missing areas by diffusing the 
defect areas from the outside along the isophote and 
using the complete pixel information around the defect 
areas. Image inpainting based on PDE including the 
methods of Mumford-Shah [7, 8] and Total Variation [9]. 
In addition, there have traditional image inpainting meth-
ods based on texture synthesis such as the restoration of 
Dunhuang murals through sparse modeling of texture 
similarity and structural continuity [10, 11], image resto-
ration proposed by the principle of self-similarity which 
is based on the block-based [12], an exemplar-based 
image inpainting approach [13], combine inconsistent 
images using a block-based composition approach [14], 
and calculates priority the priority-based texture synthe-
sis inpainting algorithm that determines the filling order 
[15], etc.

Artificial intelligence technology is currently experienc-
ing tremendous development and innovation. In the field 
of digital image repair, powerful autonomous learning 
and thinking algorithms such as deep learning and neu-
ral networks have been proposed. The application of these 
algorithms can help restoration workers complete the 
restoration of murals and other cultural relics efficiently 
and accurately. For example, Zeng et al. designed a convo-
lutional neural network based on nearest neighbor pixel 
matching for the restoration of ancient murals, it success-
fully predicted the information in the larger missing area 
and obtained good image restoration results [16]. Cao et al. 
proposed the ancient mural classification method based 
on the improved AlexNet network and the adaptive sam-
ple block and local search (ASB-LS) algorithm based on 
the Crimonisi algorithm [17, 18]. Xie et al. proposed using 
Stacked Sparse Denoising Auto-encoders could solve the 
problems of image noise and text superimposed deface-
ment to a certain extent [19]. Zhang et al. proposed using 
the Rectified Linear Units activation function to get better 
repair effects and faster training speed [20]. The use of Gen-
erative Adversarial Network (GAN) for image restoration 
is gaining more and more attention. For example, Cao et al. 
recently proposed an improved GAN method to restore 
ancient murals, which is mainly for murals that are relatively 
well-preserved but have a small part missing [21]. With the 
application of deep learning to image repair, comprehensive 

mural information repair can be realized (the defect of tra-
ditional image repair), and at the same time, more efficient 
and reasonable repair results can be obtained.

Based on this, we take the conservation and restora-
tion of Bao’an District murals as an example and employ 
a generator–discriminator network algorithm (a type of 
neural network algorithm). Using 137 relatively intact 
murals as training models and 22 poorly preserved 
murals as restoration objects, the AI technique was used 
to restore images of ancient Bao’an District murals.

Methods
Generator–discriminator network algorithm
A generator–discriminator network model is used in this 
paper. The generator network is based on the improved 
U-NET model [22]. The generator is essentially an auto-
encoder that is subdivided into an encoder and a decoder. 
The encoder is composed of a multi-layer lower sam-
pler and the decoder of a multi-layer upper sampler. The 
repaired image of the mural is generated by the generator.

Subsequently, the repaired image is sent to the dis-
criminator network. The discriminator network is 
used to determine whether the input image is gener-
ated by the generator. When the discriminator has 
significant difficulty distinguishing between the real 
image and the image generated by the generator net-
work, it can be considered that the image has been 
well repaired by the generator network. For murals 
with non-structural damage, the loss-point distribu-
tion is similar to salt-and-pepper noise (Fig. 1). In this 

Fig. 1  Damaged mural. The authentic damaged murals in Bao’an 
District, Shenzhen. The purple (RGB:255,0,254) marks the damaged 
places. The damage of these authentic murals is similar to salt and 
pepper noise
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paper, pepper and salt-and-pepper noise algorithms 
for removing black spots are adopted to simulate the 
loss of murals (Fig. 2).

The overall repair process is as follows: the damaged 
mural image is put through the generator network to 
obtain the repaired image. After the repaired image and 
the damaged image are stitched together, they are input 
to the discriminator network, which determines whether 
the input image is generated for the model or captured 
for the real image (Fig. 3).

Generator network structure
The generator network is based on a modified version 
of the U-Net model, which consists of an encoder and a 
decoder. The encoder and decoder are connected directly 
through the residual network (Fig. 4).

Encoder
The encoder consists of eight coding units, each of which 
is a Conv →  Batchnorm →  Leaky ReLU structure. The 
fixed stride of each layer of convolutional network is 

Fig. 2  Algorithm to simulate damaged murals

Fig. 3  Overall network structure
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equal to 2, which is used for down-sampled images. The 
input of each layer will be retained for residual connec-
tion to retain more image details. The image array is 
batch_size, 1024, 1024, 3 (Table 1).

Decoder
The decoder consists of 8 decoding units, which can 
be analogized as the reverse process of the encoder. 
Each decoding unit is a TransposedConv  →  Batch-
norm →  ReLU structure and is used for image recon-
struction. By connecting the encoder network with 
residuals as input, a dropout layer is added in the first 
three layers of the decoder to enhance robustness. 
Detailed figures are shown in Table 2.

Discriminator network structure
The discriminator network is also an image convolution 
network. The network structure is similar to the classic 

Fig. 4  Generator network structure

Table 1  Encoder structure Conv2D

Input matrix (,1024,1024,3)

Layer Filters Size Strides Output

1 64 4 2 (,512,512,64)

2 128 4 2 (,256,256,128)

3 256 4 2 (,128,128,256)

4 512 4 2 (,64,64,512)

5 512 4 2 (,32,32,512)

6 512 4 2 (,16,16,512)

7 512 4 2 (,8,8,512)

8 512 4 2 (,4,4,512)

Table 2  Decoder structure Conv2DTranspose

Layer Filters Size Strides Output Input

1 512 4 2 (,8,8,1024) Encoder residual connection + Upper output

2 512 4 2 (,16,16,1024) Encoder residual connection + Upper output

3 512 4 2 (,32,32,1024) Encoder residual connection + Upper output

4 512 4 2 (,64,64,1024) Encoder residual connection + Upper output

5 256 4 2 (,128,128,512) Encoder residual connection + Upper output

6 128 4 2 (,256,256,256) Encoder residual connection + Upper output

7 64 4 2 (,512,512,128) Encoder residual connection + Upper output

8 3 4 2 (,1024,1024,3) Full connection
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image classification network [23]. The difference is that 
the input of the classical image classification network is a 
picture while the output is a classification of the picture. 
In this paper, the discriminator network input is com-
posed of two pictures, and the output is a 30 × 30 matrix. 
Each element represents the classification result (0 or 1) 
of its region. For the scenario in this article, 0 indicates 
that the discriminator network considers this region to 
be a restored mural picture generated by the machine 
learning model, and 1 represents that the discriminator 
network considers this region to be a real mural picture. 
By subdividing the spliced image into areas of 30 × 30 
and highlighting these losses as needed in the loss func-
tion, we can improve the degree of detail in the images 
generated by the generator and achieve more satisfactory 
results (Fig. 5).

In terms of specific structure, the network first uses a 
5-layer encoder unit to down-sample the 1024 × 1024 × 3 
image to 32 × 32 × 256. Then, we connect a layer of Zero-
Padding2D to expand the image to 34 × 34 × 256, and 
pass the Conv2D layer, down-sample to 31 × 31 × 256, 
perform batch normalization, and repeat all of the above 
steps. Finally, we obtain a 30 × 30 × 1 matrix.

Loss function
Generator network loss function
The following two indices can be used to measure the 
effect of the generator network: (1) the spoofing effect of 
the generator network for the discriminator network, and 

(2) the difference between the repaired image and the 
real image.

For (1), Log Loss is used in this paper to calculate the 
loss between the discriminator network’s output and the 
30 × 30 all-1 matrix.

Here, ones comprise a 30 × 30 matrix (all of the ele-
ments are 1), and discriminator_gen_output is the output 
of the repaired image that is generated by the generator 
network inputted to the discriminator network.

For (2), this paper first calculates the absolute value 
of the difference between the real image matrix and the 
generated image matrix, takes the average value of the 
row to obtain a 30 × 1 matrix, and then takes the average 
value of all columns (namely the reduce_mean algorithm, 
which is the three-step process just described). The final 
output is used as the loss function.

Here, real_image is the matrix of the real shooting 
image, and gen_ouput is the matrix of the repaired image 
generated by the generator network.

The total generator network loss function can be 
expressed as follows:

LGen = LGen1 + �LGen2.

In order to keep the ratio of LGen1 to LGen2 in a reason-
able range, the article adds � as an adjustment. Hence, � 

LGen1 = logloss(ones, discriminator_gen_output)

LGen2 = reduce_mean(
∣

∣real_image − gen_ouput
∣

∣)

Fig. 5  Overview of the discriminator network process
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controls the effect of the discriminator network on the 
generator network. The value of � is 90.

Discriminator network loss function
The following two indicators can be used to measure the 
effect of the discriminator network: (1) the identification 
effect of the discriminator network on the real shooting 
mural image, (2) the identification effect of the discrimi-
nator network on the repaired image generated by the 
generator network.

For (1), this paper uses Log Loss to calculate the loss 
between the output of the discriminator network and the 
30 × 30 all-1 matrix when the input is a real mural image.

Here, ones comprise a 30 × 30 matrix (all of the ele-
ments are 1), and discriminator_real_output is the output 
that is input to the discriminator network after stitching 
together the real mural images and damaged images.

For (2), Log Loss is used in this paper to calculate the 
loss between the output of the discriminator network and 
the 30 × 30 all-0 matrix when the input is used to gener-
ate images for the model.

Here, zeros comprise a 30 × 30 matrix (all the elements 
are 0), and discriminator_real_output is the output that 
is input to the discriminator network after stitching 
together the mural repaired images and damaged images 
generated by the generator network.

The total discriminator network loss function can be 
expressed as follows:

LDis = LDis1 + LDis2.

Results and discussion
Experiment environment
The hardware environment is mainly composed of 
Intel(R) Xeon(R) Gold 5118 CPU @ 2.30  GHz and 
64  GB memory and two Nvidia Tesla V100 16  GB 
graphics cards. The software environment includes 
the Tensorflow 2.0 deep learning framework running 
on the Ubuntu18 system. The software is written in 
Python language, and 137 image-enhanced mural pic-
tures has been used to train the model for 150 rounds 
to get the results.

Experiment data source
The 137 murals used as training models and the 22 
murals utilized as restoration objects are typical repre-
sentatives of the murals in Bao’an District, and the study 
on mural restoration using them as basic image data is 
representative to a certain level (Fig. 6).

LDis1 = logloss(ones, discriminator_real_output)

LDis2 = logloss(zeros, discriminator_gen_output)

From the perspective of regional distribution, 159 
murals used in the experiment came from 15 ancient vil-
lages in 7 subdistricts of Bao’an District. As can be seen 
from Table  1, the specific distribution covers most of 
Bao’an (Fig. 7) and is widely distributed, representing the 
overall appearance of the murals in the district.

In terms of architectural type, there are 32 murals in 
watchtowers, accounting for 20.13%, 9 murals in old-style 
private schools (5.66%), 21 murals in residences (13.21%), 
6 murals in study rooms (3.77%), 35 murals in temples 
(22.01%), and 56 murals in ancestral halls (35.22%).

Judging by the dates inscribed on the murals, most of 
the buildings were built in the Ming and Qing dynas-
ties up to the Republic of China. Note that the painting 
date of 7 murals is to be determined. According to the 
inscribed dates, 38 murals were produced before 1840, 
and 114 were produced between 1840 and 1949. Regard-
ing the content of murals, there are 107 murals of flowers, 
birds and animals, accounting for 67.30% of all murals, 27 
murals of character stories, accounting for 16.98%, and 
25 murals of landscapes, accounting for 15.72%.

Influence of discriminator network resolution 
on inpainting effect
We use 1024 × 1024 images as input, and a matrix with 
a discriminator network output resolution of 30 × 30. 
In order to explore the impact of the discriminator net-
work resolution on the quality of the repaired image, this 
paper selected several different resolutions for experi-
ments. The following results are the outputs of the model 
after 150 rounds of training. From left to right in Fig. 8, 
the final output formats of the discriminator network are 
2 × 2, 6 × 6, 30 × 30, 126 × 126.

We select two groups of pictures from the 2 × 2 image 
group and the 126 × 126 image group for comparison 
(Fig. 9). It can be seen that due to the higher resolution 
of the 126 × 126 group, more details are restored on 
the face of the person. Also, we can see that the edges 
of the branches are sharper. However, at the same time, 
if we compare the leaves, it can be seen that the black 
noise generated by the 126 × 126 group is significantly 
more than that of the 2 × 2 group. This is in line with 
expectations.

Comparison test of different methods for mural restoration 
with artificial salt and pepper noise
In this part, the proposed method is compared with the 
other three competing methods. The result is six simu-
lated damage mural images as shown in the Fig. 10. Three 
algorithms, Criminisi [15], Darabi [14], and Wang [13], 
have been described in introduction section. The pro-
posed algorithm and the three methods are run on the 
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Fig. 6  Location of Bao’an District in Shenzhen and quantity distribution of murals used in the experiment

same set of mural images in order to observe the pros 
and cons of their repairing effects. First, we artificially 
added pepper and salt noise to damage the well-pre-
served mural. Then, we randomly selected the area on 
each image with a pixel size of 512*512. The inpainting 
effects of damaged murals based on different methods 
are shown in Fig. 10.

In Fig.  10, in general, all algorithms have achieved 
good results in color restoration、texture similarity 
and structure continuity of artificially noise. Since the 

noise is not a large area damage, there are fewer restric-
tions on the search and texture diffusion in matching 
blocks. However, when the noise is added to the entire 
image, the processed textures become more compli-
cated. The textures generated by these three algorithms 
still shows some blurry, which fail to reflect the original 
textures and structures of the image. Criminisi’s method 
appears unwanted textures and incompleteness struc-
tures. Wang’s algorithm has made slight progress in fill-
ing textures, but it can still be seen that many structures 
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and textures are incoherence and incompleteness. 
Darabi’s method is better than the previous two algo-
rithms whether the restoration of color, structures and 
textures. In contrast, the proposed algorithm spliced 
the damaged pictures and repaired pictures into input, 
which enhanced the consistency of the overall restora-
tion of the mural image. Therefore, in theory, it can have 
good inpainting effects on mural images with complex 
information.

After completing the above-mentioned mural inpaint-
ing with artificial salt and pepper noise, we calculated and 
compared the average of the peak signal-to-noise ratio 
(PSNR) values and structural similarity index (SSIM) 
values (Fig. 11). PSNR usually reflects the image quality 
of the restored image compared with the original image. 
The higher the value of PSNR, the better the quality of 
the inpainted image (Fig.  11a). It can be seen that the 
average PSNR of our proposed algorithm is 34.36 ± 0.99, 
which is significantly higher than both Criminisi and 
Wang (**P < 0.01), and also higher than the Darabi’s 
method. SSIM is an index to measure the similarity of 
two images. The closer SSIM is to 1, the more similar two 
images are (Fig. 11b). It can be seen that the SSIM values 
of the proposed algorithm is as high as 0.91 ± 0.2, which 
is also significantly higher than the methods of Criminisi 
and Wang (**P < 0.01), and also higher than the SSIM val-
ues obtained by the Darabi’s method.

Restoration effect of the discriminator network used 
for real mural images
In order to test the restoration effect of the algorithm pro-
posed in this paper on real, non-simulated loss murals, 
we selected 22 mural images with which to observe the 
restoration effect of the real mural after model training. 
The 22 mural images are disperse and dot-like, and simi-
lar to simulated damaged murals for repairing experi-
ments. Performance comparisons are made on one of the 
three real damage murals. The inpainting effects of the 
four algorithms are shown in Fig. 12.

Although the four methods for repairing simulated 
damaged murals can work well, there are still obvi-
ous differences between four methods for real dam-
aged. The missing regions of real damaged murals are 
very complicated. Due to the limitations of traditional 
algorithms, when repairing murals with complex dam-
aged structures, traditional methods have poor results, 
with blurry information and texture fragmentation, and 
even many areas to be repaired are not inpainted at all, 
it fails to reflect the textures and structures of the origi-
nal mural image. Our algorithm has better performance 
than other methods. The proposed algorithm not only 
has a more satisfactory effect than traditional methods 
in inpainting areas with missing textures and structures, 
but also performs better color restoration and strong 
visual consistency (Fig. 12).

In order to ensure a more convincing evaluation result, 
a subjective evaluation method similar to that of Cao [21] 
and [18] was adopted. We invited two ancient mural res-
toration experts to score the murals of structure conti-
nuity and textures consistency before and after the four 
algorithms. The scoring system is divided into 10 levels, 
with 10 points being the highest and 1 point being the 
lowest. The results are shown in Fig. 13. Compared with 
the traditional algorithms, two experts believe that the 
proposed algorithm has a significant inpainting effects in 
terms of structures continuity and textures consistency 
(**P < 0.01). This indicates that based on subjective eval-
uation, our proposed algorithm is superior to the other 
three methods.

Fig. 7  The number of murals taken from each subdistrict

Fig. 8  Effects of various discriminator network resolutions
(See figure on next page.)
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Discussion
In recent years, many scholars have paid attention to 
the use of some technical methods for the protection 
and restoration of murals. Using technology to study the 
influence of Streptomyces on the color of ancient Egyp-
tian tomb murals, some solutions have been presented 
[24]. The digital simulation restoration of ancient Chi-
nese murals has mostly involved the study of Dunhuang 

murals [25], and there are few studies on the restoration 
of precious murals in other places, such as the ancient 
murals in Shenzhen. For example, a digital image restora-
tion technique with a macro perspective was constructed 
for the Dunhuang mural protection and restoration sys-
tem architecture. There are some other improved image 
decomposition techniques, such as the Criminisi algo-
rithm and Markov algorithm for the digital inpainting of 
Dunhuang murals [26, 27]. Some algorithms are digital 
restoration methods based on the classification of mural 
destruction patterns or plaque characteristics. For exam-
ple, morphological component analysis (MCA) has been 
used to decompose a mural into two parts, the struc-
ture and texture, to repair cracks and mud spots in the 
mural, respectively [28, 29]. Some studies have pointed 
out a mural restoration method based on sample block 
priority can accurately calibrate the mud spot disease in 
Tibetan digital murals and perform simulated restora-
tion [30]. The intelligent restoration of ancient murals 
described above has achieved certain results. Neverthe-
less, mural restoration using artificial intelligence is still 
in its infancy.

Generally, traditional image inpainting methods accord-
ing to the repaired areas are divided into (1) small damaged 
areas that are transferred to known areas for repairing [18, 
31–33], and (2) large damaged areas that are synthesized 
and matched for repairing [34, 35]. In practical application, 
the calculation is very large and time-consuming. Moreo-
ver, in the field of mural image restoration, due to the small 
number of preserved complete murals, the traditional 
method uses some ordinary pictures as training input [34]. 

Fig. 9  Comparison group of repair effects
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Although the problem of sample size is compensated for, 
the trained model is often not effective for real damaged 
because the artistic style is not considered in the process of 
transfer learning [36]. In this paper, 137 murals were used 
for training and learning how to inpaint the murals, not 
for restoring the real ones directly. Through the generator 
and discriminator network proposed in this paper, the use 
of the 137 murals as training models can result in better 
inpainting of the real murals.

Fig. 10  Comparison group of repair effects
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Fig. 12  Comparison of the restoration effects on authentic damaged murals of Shenzhen produced by different methods
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Conclusion
We propose a generative adversarial network. The net-
work uses image stitching input and the output is a 
30 × 30 matrix. After the model has been trained for 
150, it tries to repair severely worn mural images with-
out structures. The results show that, compared with the 
traditional algorithms, our algorithm can significantly 
improve the subjective ornamental values or PSNR values 
and SSIM values of damaged frescoes, indicating that the 
proposed algorithm has better restoration effect in terms 
of the color restoration, texture similarity and structure 
continuity of the damaged frescoes.

However, some limitations still exist. First of all, this 
study only simulated salt and pepper noise defects and 
lacked exploration of large-scale defects. Secondly, the 
color of the mural after restoration needs to be further 
considered and optimized. Third, as the resolution of 
the discriminator network improves, the image gener-
ated by the model obtains more details, and some noise 
is also introduced. In the actual use process, it is nec-
essary to select an appropriate value to achieve a bal-
ance between detail and noise. This method can also 
be used to try to repair large missing damaged murals. 
Finally, it is possible to introduce transfer learning 
algorithms or increase the sample size of high-quality 
ancient mural training data sets from other regions, 
so as to achieve high-quality restoration of large-scale 
defects.
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