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Abstract: For the existing deep learning image restoration methods, the joint guidance of structure and texture information is not
considered, which leads to structural disorder and texture blur in the restoration results. A generative adversarial mural inpainting algorithm
based on structural and texture hybrid enhancement was proposed. Firstly, the structure guidance branch composed of dynamic convolution
cascade was constructed to improve the expression ability of structure features, and the structure information was used to guide the encoder
coding to enhance the edge contour information of the coding feature map. Then, the multi-granularity feature extraction module was
designed to obtain the texture features of texture guided branches, and the multi-scale texture information was used to guide the decoder to
reconstruct and repair, so as to improve the texture consistency of murals. Finally, skip connection was used to promote the feature sharing
of structure and texture features, and the spectral-normalized PatchGAN discriminator was used to complete the mural restoration. The
digital restoration experiment results of real Dunhuang murals showed that the proposed method was better than the comparison algorithms
in both subjective and objective evaluation, and the restoration results were clearer and more natural.
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With the advantages of deep learning in image feature

0 Introduction learning, deep learning-based image restoration has

Dunhuang Mogao Grottoes is a splendid treasure of gradually become the main research trend in the field of

. - [5] _
world culture and art. Its murals are world-famous and have image restoration. Quan et al. “'proposed a novel three

high research value. However, due to factors such as harsh stage inpainting framework with local and global

natural environment, man-made damage , and the fragility refinement. It improves the local and global consistency

. : . - - (6] -
of painting materials, the murals have various degrees of ~ ©f the repair results. Lahiri et al. ™ proposed a prior

guided GAN based semantic inpainting model. It used

peeling, cracks, molds, and other diseases. The

application of digital restoration technology to the
restoration and protection of ancient murals has become a
current research hotspot™,

Image restoration is a computer technology that uses the
prior information of the image and the prior information of
the existing intact area to estimate and fill the damaged
area, so that the restoration results can meet the human
visual perception. Image inpainting methods can be divided
into two groups: traditional methods and deep learning
based approaches. Traditional image restoration methods
use pixel diffusion, sample patch matching, and sparse
representation reconstruction, which can complete the

repair of small damaged images" ™.

data-driven noise prior learning to improve the image
repair efficiency. Wang et al. ' proposed a dynamic
selection network for image inpainting. It makes full use
of the information in the known region and achieves good

restoration results. Li et al.™”

proposed a recurrent feature
reasoning for image inpainting, which was mainly
constructed by a recurrent feature reasoning module and
a knowledge consistent attention (KCA) module,
enhancing the semantic information of the repair results.
However, these deep learning image inpainting
algorithms do not consider the prior information such as
structure and texture,, which often leads to problems such

as structural disorder and loss of texture details. Therefore,
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enhancing the ability to perceptualize the features of the
structure and texture is of great significance for the results
of image restoration. Li et al."” proposed a progressive
image reconstruction method based on visual structure. It
integrates the information about the structure information
into the features of the image. However, the information

I proposed

about the texture is not constrained. Liao et al.!
an image inpainting algorithm guided by coherence priors of
semantics and textures. It introduces semantic and texture
to complete image restoration, but the structural
information is not considered, resulting in the structural

disorder of the repair results. Nazeri et al."""

proposed the
EdgeConnect image restoration model, which used edge
images to guide the restoration and achieved good
restoration results. However, the method ignores the
importance of texture information, resulting in texture blur

in the restoration results. Liu et al.!"?

proposed an image
inpainting method via a mutual encoder-decoder with
feature equalizations. The joint constraint of structure
texture is not considered in the repair process, and the repair
results are prone to be inconsistent as a whole. Yang et al."
used image structure knowledge to repair, but did not pay
attention to texture information. Kim et al."* applied two
discriminators work in a complementary manner to learn
both facial features and texture details. However, the
attention to structural information is ignored.

To sum up, the existing deep learning image
restoration methods lack the joint constraint guidance of
the prior information of structure and texture on the
restoration process when repairing murals, which leads
to problems such as structural disorder and texture blur
in the restoration results of murals. A deep learning

model for mural restoration was proposed based on

structure texture hybrid enhancement. Firstly, the

T x

Real data

Random noise !

structure feature was extracted by dynamic convolution,
and the structure guided branch was used to guide the
encoder to encode the mural image, so as to obtain rich
edge contour information. Then, a multi-granularity
feature extraction module was designed to obtain the
multi-scale features of the texture image, which could be
used as the guide information of the decoder to guide the
generation of mural images, and improved the structural
consistency and texture rationality of the repair results.
Finally, skip connection was used to promote the feature
fusion and sharing between encoder and decoder, and
the damaged murals were repaired by spectral-
normalized PatchGAN (SN-PatchGAN) discriminator.
The restoration experiments of the real damaged
Dunhuang murals showed that the proposed algorithm
was superior to the comparison algorithms in both

subjective and objective evaluation.

1 Generative adversarial networks

The generated adversarial networks (GAN) is shown in
Fig. 1. Tt is mainly composed of a generator and a
discriminator. The input of the generator is random noise,
which is mainly used to generate data. The discriminator
mainly discriminates between the generated data and the
real data, and feeds back the judgment results to the
generator. In image restoration, through the game between
the generator and the discriminator, the ability of the
generator to learn the distribution of real image samples and
generate image samples is continuously improved, so as to
achieve the purpose of learning image restoration. When the
discriminator cannot distinguish between the real sample
and the generated sample, that is, when the generator and
the discriminator reach the game equilibrium, the image
restoration task is completed.

D

Fig. 1 Basic structural framework of GAN

The adversarial training process of GAN is expressed as
min max V (G,D)= El~~1>m<1->[ log< D( l‘)):| +
G D

E;NP:(:){lOg<1 — D(G(z)))] (1)

where z is random noise; x 1s the real samples; E is the
expected value of the distribution function; Py, (& ) is the
real data distribution; P,(z) is the random noise
distribution. The networks

generative adversarial
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maximizes log ( D(z) ) training  discriminator and
minimizes [log ( 1—D(G(2)) ) } training generator, so

that they can carry out the maximum and minimum
iterative adversarial game until the generator and

discriminator reach equilibrium.
2 Proposed method

2.1 Overall network architecture

The overall network architecture is shown in Fig. 2.
The network model is based on the generative
adversarial networks and consists of generator and
discriminator. The generator includes: 1) encoder and
structure guided branch; 2) decoder and texture guided
branch. The
normalized PatchGAN model.

discriminator adopts the spectral-

When the model works, firstly, the mural image is
encoded by the encoder, and the information of the
structure map is extracted by the dynamic convolution
cascade method to improve the expression ability of the
structure features. The structure features are used as the
guide information for the encoder to enhance the structure
outline information of the encoded feature map. Then, the
multi-granularity feature extraction module is designed to
obtain the texture feature map, which is used as the guide
information for the reconstruction of the decoder to improve
the reconstruction accuracy of the repair results. At the
same time, a jump connection is used between the encoder
and the decoder to promote the consistency of the structure
and texture of the repair results. Finally, the spectral-
normalized PatchGAN discriminant model is used to judge
whether the output image and the ground truth image are
real or fake, so as to complete the restoration of the mural.

Generalor

|
: Decoder
|

Skip connection

e R e R T 1

Discriminator

R Real
Y =
@ N fake

Ground truth

Loss

@ Encoder (© Channel concat

@ Decoder

,,,,, Skip connectionﬁ Dynamic convolution

[Men]Multi-granularity feature extraction

Fig. 2 Overall network architecture of proposed method

2.2 Generator

Due to the lack of prior information about the structure
and texture of the damaged murals, the restoration
results are prone to the problems of blurred boundaries or
broken lines. In the image restoration process, it can
obtain better restoration performance by using prior
information such as structure or texture to guide image

B0 Therefore, in order to enhance the

restoration
guiding role of structure and texture information in
restoration, it was proposed to use structure guidance
branch and texture guidance branch to guide the mural
features to be encoded and decoded in the generator.
2.2.1 Encoder and structure guided branch

The encoder mainly extracts the basic feature

information of mural image through multi-layer

convolution operation, which is expressed as

Fi=H,(c(WixF ')+ bh), )
where F}. is the extracted feature map of the jth layer of
murals; H,(+) is the 2X down sampling operation; * is
the convolution operation; o(s) is the RelLU activation
function; W{ and b} are the weights and bias of
convolution, respectively.

In order to better extract the structural information of
mural images, we use dynamic convolution to replace
ordinary convolution in the structure guidance branch,
and set multiple parallel convolution kernels into a
dynamic kernel to improve the expression ability of
features, realize the extraction of network depth
features, and avoid the incomplete expression of single
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feature information"”. The structural diagram of
dynamic convolution is shown in Fig. 3, which mainly
includes attention weight calculation and dynamic weight
fusion.

Attention

—>{ Global average pooling |
Tully connected

Conv, Conv, Conv,,

Tl comeced] N, W WA

Softmax

Inpul feature F}
Fig.3 Dynamic convolution

Firstly, global average pooling (GAP) is used to obtain
the global information of the structural feature map, so as
to overcome the problem that the ordinary convolution only
works on the local receptive field and cannot use the global
information of the feature. Then, two fully connected (FC)
and Rel.U activation functions are used for feature
mapping, and the weight of each convolution kernel is
dynamically adjusted according to the input information.
Finally, the attention weights are obtained by Softmax
normalization operation and are assigned to K convolution
cores in this layer. The weights of each convolution core are
linearly weighted and fused to obtain dynamic convolution.
Dynamic convolution changes from a fixed convolution
kernel to a convolution kernel dynamically adjusted
according to the input, which significantly improves the
ability of feature expression.

Feature extraction of structure image through dynamic

convolution can be expressed by

FI' = o(W (FL)FL+ b(FL)), (3)
W(FD=> p(FOW,, @)
BFD=> pi(FL)b,, (5)

where F{ is the jth layer of the structure feature map;
F{is the (j+1)th layer of the structure feature map;
W (FL) and b(F.) are the weights and bias of the
dynamic convolution, respectively; p, is the weight of
the 4th convolution kernel, which satisfies the constraint
K
condition of 0<Cp,(F{)<<1land > p,(F{)=1.
k=1
After obtaining the mural feature map Ff and the
structural feature map F} of the ith layer, they are fused

through channel concat, and the structural information is

used to guide the mural features for coding, which is
expressed as
F{s= Concat( F{,Fi), (6)
where Fis 1s the jth layer coding feature map after fusion;
Concat(+)is the channel concat operation.
2.2.2 Decoder and texture guided branch
After the structure guided branch guides the mural image
to complete encoding, the encoded feature map is then input
into the decoder. When designing the decoder, the structure
and texture information of the image are interrelated to form
the content of the image. If joint constraint guidance of the
outline of the structure and the details of the texture of the
image is not taken into account, the repair results are
susceptible to problems such as content blur and structure

distortion™?

. Therefore, in order to improve the accuracy
and overall consistency of the restoration results, we
propose a texture guided branch to guide the decoder to
reconstruct and restore the image.

Input the coding feature map into the decoder, and
obtain the decoding feature through the 2X up sampling

operation. The calculation is expressed as

Fi=H'(a(WixFj, ")+ b},), (7)
where F}, is the ith decoding feature map; H'(+) is the
2X up sampling operation; o () is the RelLU activation
function; W), and bj, are the weights and bias of
convolution, respectively.

Texture image contains rich texture details. In order to
obtain more fine-grained features of texture image and
increase the range of receptive fields of each network layer,
we used the Res2Net multi-granularity feature extraction
module to group the feature channels, so as to achieve the
purpose of feature extraction for different scales and
different granularity of texture image. At the same time, the
residual mapping was realized by introducing skip
connection to promote the back propagation of gradient"".
Res2Net multi-granularity feature extraction module is
shown in Fig.4.

Firstly, the input feature map is divided into four
subsets by the number of channels using the convolution
operation of 1 X1, and each feature has the same scale.
Then, the corresponding output is obtained through the
convolution kernel of size 3X 3. The process of obtaining

y,1s expressed as

X =1,
i=2, ®)
i=3.,4,

y.=1Convy.; (),
Convy.s (2, +y, 1),

where Convs.s(+) is the convolution operation with
convolution kernel size of 3 X 3.
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Skip connection

Input feature

Max pooling Output feature

Fig.4 multi-granularity feature extraction

Finally, the convolution operation of 1X1 is used to
reduce the channel dimension of channel cascade y,, and the
extracted texture feature map is obtained by 2X down
sampling through max pooling operation, which is
expressed as

Fi=H,(Conv,.(Concat(y,))), )

where F is the extracted feature map of the ith layer of
texture image; Conv,.,(s) is the convolution operation
with convolution kernel size of 1X1; Concat(s) is the
is the 2X down
sampling through max pooling operation.

channel concat operation; H,(+)

After obtaining the decoding feature map F{, and the
texture feature map F’ of the ith layer, they are fused
through channel concat, and the texture information is used
to guide the mural reconstruction, which is expressed as

Fir= Concat( F},,F% ), (10)
where Fi; is the ith layer decoded feature map after
fusion; Concat(s) is the channel concat operation.

2.3 Discriminator

When designing the discriminator, in order to enhance
the local semantic consistency and structural continuity of
mural restoration results, spectral-normalized PatchGAN
(SN-PatchGAN) discriminator was adopted"”"'*.

The SN-PatchGAN discriminator is shown in Fig.5.
The PatchGAN discriminator is composed of 6 convolution
kernels with the size of 5X 5 and the step size of 2. The
feature of the input image is extracted through multi-level
down sampling, and then the discriminator is used to judge
whether each image block is real or fake. The output result
is a two-dimensional matrix, in which each lattice point of
the matrix corresponds to the receptive field of the image
block in the original image, and the response mean value of
all lattice points is taken as the real or fake probability of the
generated image.

Since the SN-PatchGAN discriminator is used to extract
features and judge whether each image block is real or fake,
it can enhance the local texture details of the image and
better distinguish the features of the generated image at

different positions and semantic contents. At the same
time, normalizing the weight gradient spectrum of
PatchGAN discriminator can avoid the problem of
overfitting in the network and make the training of the

network more stable.

Real
or

fake

vy

!
/
y

Fig. 5 SN-PatchGAN discriminator

2.4 Loss function

The joint loss of reconstruction loss, adversarial loss,
and perceptual loss were used to train the model, so as to
generate mural images with coherent structure and
reasonable semantics'.

Reconstruction loss L, is used to measure the pixel
difference between the generated mural image and the

ground truth image, expressed as

Le=|1"—1¢

(1n

where I is the generated mural image; I* is the ground

N

truth image; 1 is the /,-norm.

Adversarial loss L, 1s used to make the generated image
more realistic and natural. Hinge loss is used for network

optimization adversarial training, which is expressed as

(12)
where D™ 1s the SN-PatchGAN discriminator; I"™ is the
input image with holes; o(s) is the ReLLU activation
function.

Perceptual loss is used to further improve the structural
consistency of the generated image, which can be expressed

as

LPWC—E{quI(Im) @(@)\J, (13)
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where ¢, (+) denotes the activation map of the ith pooling
layer from VGG-16 given the input image I™.
In summary, the joint loss can be written as

L= Awelree T Aaav L T Apree L s (14)

where A, A, and A, are the corresponding weights of

reconstruction loss, adversarial loss, and perceptual

loss, respectively.

3 Experiments

In order to verily the effectiveness of the proposed
method based on the self-made Dunhuang mural data set,
the restoration experiments of Dunhuang murals with
random damage, damage central in large area, and real
damage were carried out and compared with other methods.
The experimental hardware was configured with Intel (R)
Core 17-10700k CPU, 32GB RAM and NVIDIA GeForce
RTX 2060 SUPER. The comparison experimental

environment was the same. Peak signal to noise ratio

'\“?e",

™,

Ak

'\Q.“-éé [

b
P

(b) Mask images

(a) Damaged murals

(PSNR) and structural similarity index measurement

(SSIM) were used for quantitative comparison.

3.1 Experimental results of artificial addition
of randomly damaged murals

Five Dunhuang murals were selected for the
restoration experiment by adding random damage
artificially. The results are shown in Fig. 6. Fig. 6(c)
shows that the repair results of Ref.[8] have structural
disorder and block effect, such as the structural disorder
of the first mural and the fifth mural, the incomplete
repair of facial features of the second and third murals,
and the block effect of the fourth mural. Fig.6(d) shows
that the repair results of Ref. [12] have obvious repair
traces and broken lines. Fig. 6(e) shows the repair
results of the proposed algorithm. Compared with the
comparison methods, the proposed algorithm has the
best repair results, with a higher degree of line fitting and

clearer and natural texture details.

(c) Method in Ref.[8] (d) Method in Ref[12] (e) Proposed method

Fig. 6 Comparison of restoration results of artificially added random damaged murals

In order to further evaluate the repair results in Fig.6,
PSNR and ssim objective quantitative indicators are
used to compare the repair results® . The larger the
PSNR value, the smaller the distortion of the repair
results. The larger the SSIM value, the more consistent

the restoration result with the original mural structure.
The comparison results are shown in Table 1. It can be
found that the PSNR and SSIM of the proposed
algorithm are higher than those of the comparison
algorithms, which indicates that the proposed algorithm
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has better repair performance.

Table 1
by different algorithms

Analysis results of artificial random damage added

Method in Ref.[8] Method in Ref.[12]  Proposed method

Image
PSNR/dB SSIM PSNR/dB SSIM PSNR/dB SSIM

21.1415 0.8077 22.1534 0.8181 25.5565 0.8744
234017 0.8046 239361 0.8113 27.8983 0.8939
18.1696 0.7497 18.708 3 0.7373 25.3503 0.8721
20.7449 0.8272 21.3274 0.8172 26.3974 0.900 8
20.4245 0.7702 20.6678 0.7756 26.3165 0.889 3

[

3.2 Experimental results of repairing central

damaged murals in large area

In order to further verify the repair effect of large-area
damaged murals, five Dunhuang murals were selected

for repair experiments. The results are shown in Fig.7.

() Damaged mural (

Fig.7 (c) shows that the repair results of Ref.[8] have a
repair block effect, and the main objects of the mural
images have not been repaired. Fig.7 (d) shows that the
repair results in Ref.[12] have serious repair traces and
ambiguous contents, and it is impossible to complete the
repair of a large area of damaged murals in the center.
Fig. 7 (e) shows that the repair results of the proposed
method are better and more complete than those of the
comparison algorithms.

In addition, the repair results in Fig. 7 are also
evaluated objectively and quantitatively, as shown in
Table 2. It can be found that the PSNR and SSIM of the
proposed algorithm are higher than those of the
comparison algorithms, that is, the proposed method
can complete the repair of damaged murals in large areas
and achieve good repair performance.

Fig. 7 Comparison of restoration results of damaged murals in center of artificially added areas

Table 2

center damage by different algorithms

Analysis results of artificially added large area

Method in Ref.[8]  Method in Ref.[12]  Proposed method

i PSNR/dB  SSIM PSNR/dB SSIM PSNR/dB SSIM
1 18.0707 0.7824 215933 0.8091 33.4661 0.9618
2 20.0921 0.7716 21.4175 0.7960 27.2335 0.9244
3 19.3501  0.7791 20.3805 0.7968 26.7620 0.9149
4 20.5785  0.7945 235701 0.8094 28.9851 0.8891
5 224722 0.8125 19.3478 0.7846 27.9082 0.9111

3.3 Experimental results of real damaged

murals

In order to further illustrate the effectiveness of the
proposed algorithm, five real damaged murals are used for
repair experiments, as shown in Fig.8. As for the repair
results of the first mural, it can be seen that there are repair
errors in Ref.[8], and there are a large number of repair
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residues in Ref.[12], and the line fitting of the proposed
algorithm is harmonious and natural. The repair results of
the second mural can be seen that the repair results of
Refs.[8] and [12] have structural disorder, and the texture
consistency of the proposed algorithm is good, which
makes the repair results more consistent with the human
visual effect. From the repair results of the third mural, it
can be seen that the headdress areas in Ref. [8] and Ref.[12]
have structural repair discontinuities, and the repair results

of the proposed algorithm have good structural continuity.
From the repair results of the fourth mural, it can be seen
that neither Ref.[8] nor Ref.[12] has completed the repair of
the damaged area, and the proposed algorithm has achieved
good structural texture consistency. From the restoration
results of the fifth mural, it can be seen that Ref.[8] and
Ref.[12] have obvious traces of restoration, and the lines
have not been fitted, but the proposed algorithm fits the

texture information well.

A S GHEE / poti
(a) Damaged murals  (b) Mask images

(¢) Method in Ref[8] (d) Method in Ref[12] (e) Proposed method

Fig. 8 Comparison of restoration results of real damaged murals

4 Conclusions

A mural inpainting generative adversarial networks
model based on structural and texture hybrid enhancement
was proposed. In the structure guided branch, the structure
features were extracted by cascading dynamic convolution
to guide coding, so as to improve the structure profile
information in the coded feature map. Then a multi-
granularity feature extraction module was designed to
obtain the texture features of texture guided branches, guide
the decoder to better complete the generation and
reconstruction of murals, and use skip connection to
enhance the sharing and complementarity of structure and

texture information, so as to promote the structure and

texture of mural images to be more consistent. The
experimental results of Dunhuang murals showed that the
proposed method had completed the repair of damaged
murals well, and it was superior to the comparison
algorithms in both subjective and objective evaluation.
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