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1. Introduction

Intangible cultural heritage (ICH), such as traditional fine arts,
craftsmanship, dance, and music, is an important manifestation of
the world ’ s cultural diversity [1]. Digital technology has also been
increasingly widely applied in ICH protection [2]. The Internet, as a
communication and dissemination platform, provides a guarantee for
the digital protection of ICH [3]. Technologies such as virtual reality,
artificial intelligence (AI), and augmented reality are increasingly
common in the digital protection of heritage [4]. Gu [5] studied how
South Korea used virtual reality, 3D scanning, and geographic
information systems to protect tangible and intangible cultural assets.
Song et al. [6] explored the digital modeling methods of urban
cultural spaces based on geographic information systems and 3D
laser scanning technology, and conducted case analysis to propose
an integration path for digital modeling and cultural heritage
protection. Shen et al. [7] studied the application of computer
technology in the digital protection of Bashu’s ICH and established a
digital protection model, providing useful references for global ICH
protection. Wu et al. [8] applied 3D digital programming and virtual
reality to the protection and inheritance of Dongyang bamboo
weaving craftsmanship, providing references for the digital protection
and inheritance of ICH. Thangka, as an embodiment of Tibetan
culture, is a typical representative of ICH [9]. The images of Thangka
embody the ideas, culture, and religious sentiments of the Tibetan
people, with rich variations in color and texture, diverse content, and
high ornamental value. However, many Thangka images have been
damaged in the process of being passed down due to age and
improper preservation, and need to be restored. Traditional manual
restoration methods have very high demands on the technical skills
of restorers and are less efficient. Image restoration methods that
rely on digital technology are now widely used in fields such as
medicine and culture [10]. Dalal et al. [11] put forward a convolutional

Received September 10, 2026; accepted October 10, 2026
* ⁎ Corresponding author.
E-mail address: sunqiongbuu@163.com

https://doi.org/10.68791/acdm2026002
Print ISSN: 3135-8381 | Online ISSN: 3135-839X

neural network (CNN)-Di strategy bobcat optimization algorithm.
It achieved a PSNR of 56.76 dB On the Set12 and Berkeley
segmentation dataset 68, demonstrating efficient image
restoration. Sirikongtham et al. [12] introduced a generative
adversarial network (GAN)-based model enhanced with spectral
normalization to restore QR codes. The model achieved an
average peak signal-to-noise ratio (PSNR) of 28.5 dB and a
structural similarity index (SSIM) of 0.91, providing a viable
approach for QR code restoration. Abtahi et al. [13] compared the
restoration effects of the real-enhanced super-resolution GAN
and the Swin Transformer-based image restoration network
(SwinIR) for tooth bite wing X-ray films. They found through
experiments on 4,004 bitewing X-ray films that SwinIR performed
better, with a PSNR of 35.56 dB and a SSIM of 0.9287. Han et al.
[14] proposed a dynamic hybrid Transformer-CNN model to
restore remote sensing images: DHTCformer. A large number of
experimental outcomes showed that this method outperformed
current leading techniques. This paper designed a GAN-based
restoration model for the digital restoration of Thangka images
and verified its usability on a Thangka image dataset, providing a
reference method for the digital protection of Thangka and some
references for the image restoration of similar cultural relics.

2. Deep Learning Methods for Digital Restoration

In deep learning, digital restoration methods based on a GAN
have been widely applied in image restoration. The principle of
GAN is the adversarial game between the generative model (G)
and the discriminative model (D). The objective function can be
written as:

min
G

max
D
V D,G =Ex~Pdata x logD x +Ez−Pz z log 1−D x ,

where x stands for a real sample, Pdata x stands for true
sample distribution, z is the random noise, and Pz z is the
distribution of noise vector data.
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In the training process, G should produce data as similar as
possible to the real sample, and D should strive to enhance its ability
to distinguish between real and fake data. Through mutual game, D
is difficult to distinguish between the output of G and real samples
ultimately. However, in the actual training process, GANs have
problems such as vanishing gradients and pattern crashes, and as a
result, innovative methods such as conditional generative adversarial
networks (CGAN) and BigGAN [15] have emerged.

For the digital restoration of Thangka images, this paper makes
improvements based on the GAN architecture to enhance the image
restoration effect. The model architecture is shown in Figure 1.

Figure 1. Thangka image restoration model

According to Figure 1, in the generative model part, the U-Net
structure is used, and skip connections and attention mechanisms
are introduced to extract the context and semantic information of the
image more deeply. In the discriminative model part, the PatchGAN
structure [16] is used, and spectral normalized convolution is used
instead of traditional convolution to enhance the texture quality of the
image. The design is as follows.

(1) Generative model

The advantage of U-Net is its ability to capture deep semantic
information, which is beneficial for generating fine details for
Thangka images and enhancing the consistency between the
restored and original images. Based on the original U-Net structure,
four layers of dilated convolution are added to expand the range of
the perceptual field. Dilation achieves the expansion of the
convolution kernel by inserting spaces between the elements of the
convolution kernel, thereby increasing the receptive field
exponentially. For a standard 3×3 convolution, the kernel size is 3×3,
the step size is 1, and the receptive field is 3. The core parameter of
dilation is the expansion rate ( d ). When it takes 1, it is normal
convolution; if d> 1, for example, d=2 , at this time, the convolution
kernel no longer acts on adjacent pixels but takes a point every one
pixel for operation, then the effective receptive field becomes:
k+ k−1 × d−1 =3+ 3−1 × 2−1 =5 , the covering range is 5×5=25 pixel
regions, but the parameter quantity remains to be 9.

After extracting deep features through dilated convolution, the self
-attention mechanism is introduced. For an input feature map

x∈ℝC×H×W , where C is the number of channels, the query matrix
(Q), key matrix (K), and value matrix (V) are generated through
convolution. The attention score is calculated based on the
similarity between features:

Attention(Q,K,V)=Softmax( Q
TK
d
)V,

where d is the feature dimension. The feature map finally
output is:

xout=x+γ⋅ Attention(Q,K,V),

where γ is the learnable parameter.

For the selection of activation functions, Conv1-Conv5 uses
rectified linear unit (ReLU) to reduce computational complexity,
Conv6-Conv8 uses Leaky-ReLU to avoid gradient loss, and
Conv9-Conv10 uses Tanh to accelerate convergence. The
formulas for each loss function are as follows.

① ReLU

ReLU(x)=max 0,x

② Leaky-ReLU

LeakyReLU(x)= x,x>0
αx,x≤0

where α takes a value of 0.2 in case the gradient disappears.

③ Tanh

Tanh(x)=
ex−e−x

ex+e−x

Table 1 shows the structure of the generative model.

Table 1. Generative model structure
Layer Kernel Step Output

Conv1 5 × 5 1 × 1 64
Conv2 3 × 3 2 × 2 128
Conv3 3 × 3 1 × 1 128
Conv4 3 × 3 2 × 2 256
Conv5 3 × 3 2 × 2 256
Dilated1 3 × 3 1 × 1 256
Dilated2 3 × 3 1 × 1 256
Dilated3 3 × 3 1 × 1 256
Dilated4 3 × 3 1 × 1 256
Conv6 3 × 3 1 × 1 256
Conv7 3 × 3 2 × 2 256
Deconv1 2 × 2 2 × 2 128
Conv8 3 × 3 1 × 1 128
Deconv2 2 × 2 2 × 2 64
Conv9 3 × 3 1 × 1 32
Conv10 3 × 3 1 × 1 3

(2) Discriminative model

The principle of PatchGAN is to divide an image into N blocks
of the same size, determine the authenticity of each block
individually, and then take the average as the score of the entire
image. Compared with global discrimination, PatchGAN pays
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more attention to local details and reduces computational overhead.
Based on PatchGAN, spectral normalization convolutional layers are
used. Spectral normalization constrains the Lipschitz constant of the
discriminative network to 1 to enhance the training stability of the
GAN.

The definition of the Lipschitz constraint [17] is as follows. For a
function f:ℝm→ℝn, if there exists a constant K≥0 such that for any two
inputs x1 and x2 within the domain both satisfy f x1 −f x2 ≤K∙ x1−x2 ,
then f is said to satisfy the Lipschitz constraint and K is the Lipschitz
constant.

(3) Loss function

The loss function optimizes the model by quantifying the deviation
between the predicted and true values of the model. The loss
functions used in this paper are as follows.

① Reconstruction loss: It measures the difference between the
image generated by the model and the real image. The formula is:

Lmse=
1
M m=1

M Pdata(Ym)−pz(ym) 2� ,

where M is the training image set, Pdata(Ym) is the input image, and
pz(ym) is the output image.

② Perceptual loss: Through a fixed network, such as VGG16 [18],
real images and model-generated images are used as inputs
respectively, and then the loss is constructed using the
corresponding output features:

Lperc=E n ϕn(Iout)−ϕn(Igt)� ,

where ϕn denotes the activation map obtained by applying the
input image to the n-th pooling layer of VGG16.

③ Adversarial loss:

LAdvSR = n=1
N −� logDθD GθG(I

LR) ,

where DθD is the probability that the generated image is true and
GθG(I

LR) is the generated image.

3. Results and Analysis

3.1 Experimental Configuration

The programming environment was Ubuntu and Python 3.6, and
the model was trained and tested on the PyTorch framework. The
hardware configurations were an NVIDIA RTX 3090 graphics
processor, an Intel Core i9-10900K central processing unit (CPU),
and 32GB memory. The model was optimized using the Adam
optimizer. The batch size was set to 8. In the initial stage of training,
the learning rate of the generative model was set to 10-4, and the
learning rate of the discriminative model was set to 10-5. The
learning rate of the generative model was reduced to 10-5 after it
stabilized. The training consisted of 100 epochs.

3.2 Dataset

The Thangka images were collected through the online platforms,
including publicly available digital cultural relic resources from the
Tibet Museum (https://www.tibetmuseum.com.cn/) and digital display
resources of Thangka published by China ICH Network
(https://www.ihchina.cn/) and the Beijing Palace Museum

(https://www.dpm.org.cn/). Totally 2,600 original images were
collected, and 2,000 valid samples were retained after excluding
images that met any of the following criteria: pixel dimensions
below 512×512, blurriness, severely fading, heavy watermarking,
or duplication. The image processing library PIL of Python was
used to unify the size of the collected images to 512×512. Then,
data augmentation was performed: random horizontal flip: The
flipping probability was 0.5; random scaling: the scaling ratio
range was 0.8-1.2, and after scaling, it was re-cropped to 512×
512; random rotation: the rotation angle range was -5 ° to 5 ° .
Finally, 10,000 images were finally obtained as the experimental
dataset. It was segmented into a training set, a test set, and a
validation set in an 8:1:1 ratio. The mask images used the
irregular mask dataset made public by Liu et al. [19]. Some of the
images are shown in Figures 2 and 3.

Figure 2. Examples of Thangka images

Figure 3. Mask images

3.3 Evaluation Indicators

(1) PSNR

It represents the error of the restored image I� and the original
image Igt at the pixel level (unit: dB). The formula is:

MSE= 1
H×W i=1

H
j=1
W (Igt(i,j)−I�(i,j))2�� ,

PSNR=10 log10
MAX2

MSE
,

where H×W is the image size and MAX is the maximum pixel
value of the image.

(2) SSIM

SSIM can evaluate the similarity of an image in terms of
brightness, contrast, and structural information:

https://doi.org/10.1016/j.sasc.2024.200143
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SSIM(Igt,I�)=
(2μIgtμI�+C1)(2σIgtI�+C2)

(μIgt
2 +μI�

2+C1)(σIgt
2 +σI�

2+C2)
,

where μIgt and μI� are the mean pixel of an image, σIgt and σI� are the
standard deviations of an image, σIgtI� is the covariance of an image,
and C1 and C2 are constants that avoid the denominator to be zero.

(3) Learned perceptual image patch similarity (LPIPS)

LPIPS compares the depth features extracted by the pre-trained
network (VGG16), and its formula is:

LPIPS = �=1
� 1

����
� ℎ,� ��� ��(�gt)ℎ, � − ��(��)ℎ, �

2

2,

where �� is the normalized feature of the output of the n-th layer
of the network and Wn is the weight parameter obtained through
network training.

3.4 Result Analysis

According to Table 2, the performance of Thangka image
restoration decreased as the mask ratio increased. Specifically, when
the mask ratio was 1-10%, the PSNR obtained by this method was
33.21 dB, the SSIM was 0.9825, and the LPIPS was 0.0187. At this
point, for minor defects in the image, this method can achieve a
relatively high-quality restoration. When the mask ratio was 50%-
60%, the PSNR was 18.57 dB, the SSIM was 0.6426, and the LPIPS
was 0.2662. At this point, the quality of the restored image showed a
significant decline. The results indicate that as the defect area
expands, the difficulty of restoring Thangka images increases and
the effect of restoration declines.

Table 2. Restoration performance at different mask ratios
PSNR/dB↑ SSIM↑ LPIPS↓

1%-10% 33.21 0.9825 0.0187
10%-20% 29.14 0.9567 0.0456
20%-30% 25.46 0.9034 0.0835
30%-40% 22.78 0.8485 0.1374
40%-50% 20.46 0.7451 0.1933
50%-60% 18.57 0.6426 0.2662

Note: ↑ indicates that the larger the value, the better; ↓ indicates that
the smaller the value, the better.

To verify the advantages of the proposed method in Thangka
image restoration, it was compared with some current methods.

Table 3. Comparison results with other methods
EdgeC
onnect
(EC)
[20]

Progres
sive
reconst
ruction
of
visual
structur
e
(PRVS)
network
[21]

End-to
-end
casca
ded
refine
ment
with
mask
aware
ness
[22]

Aggregat
ed
contextu
al-
transform
ation
GAN
(AOT-
GAN)
[23]

The
prop
osed
mod
el

PSNR/
dB↑

1% -
10% 25.57 31.12 31.85 32.57 33.2

1
10%
- 21.62 27.09 27.83 28.51 29.1

4

20%
20%
-
30%

18.15 23.41 24.12 24.83
25.4
6

30%
-
40%

15.82 20.72 21.43 22.15
22.7
8

40%
-
50%

13.79 18.39 19.12 19.84
20.4
6

50%
-
60%

12.11 16.51 17.23 17.92
18.5
7

SSIM↑ 1% -
10% 0.8253 0.9621 0.9694 0.9763 0.98

25
10%
-
20%

0.7992 0.9328 0.9415 0.9492
0.95
67

20%
-
30%

0.7528 0.8773 0.8861 0.8954
0.90
34

30%
-
40%

0.7005 0.8192 0.8295 0.8391
0.84
85

40%
-
50%

0.6102 0.7128 0.7241 0.7356
0.74
51

50%
-
60%

0.5227 0.6079 0.6203 0.6318
0.64
26

LPIPS↓ 1% -
10% 0.0873 0.0332 0.0281 0.0234 0.01

87
10%
-
20%

0.1921 0.0665 0.0593 0.0521
0.04
56

20%
-
30%

0.3266 0.1104 0.1012 0.0923
0.08
35

30%
-
40%

0.5062 0.1705 0.1593 0.1482
0.13
74

40%
-
50%

0.6834 0.2351 0.2214 0.2076
0.19
33

50%
-
60%

0.8884 0.3147 0.2985 0.2821
0.26
62

According to Table 3, first of all, in the comparison of PSNR,
taking the mask ratio of 1%-10% as an example, the proposed
method (33.21 dB) was 0.64 dB higher than the AOT-GAN
method (32.57 dB), which performed the best, and 7.64 dB higher
than the EC method (25.57 dB), indicating that even in the case
of a relatively small degree of damage, the proposed method also
showed certain advantages. In terms of SSIM comparison, the
proposed method maintained an SSIM of more than 0.90 under
1%-30% mask ratio. In the face of large area defects in Thangka
images (50%-60% mask ratio), the SSIM (0.6426) of the
proposed model was 0.0108 higher than that of the AOT-GAN
method (0.6318) and 0.1199 higher than the EC method (0.5227),
demonstrating the superiority of this method in maintaining
structural consistency. In terms of LPIPS comparison, the LPIPS
of the proposed model was 0.2662 when the mask ratio was 50%
-60%, while the LPIPS of the EC method was 0.8884, indicating
poor perceptual quality. This result indicates that in the face of
large areas of image defect, the proposed model can make
relatively reasonable inferences about the occluded semantic
information and obtain higher-quality restored images.
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To verify the contributions of different components in the model,
an ablation experiment was conducted, and the results are presented
in Table 4.

Table 4. Ablation experiment
PSNR/dB↑ SSIM↑ LPIPS↓

Baseline (U-Net+PatchGAN+MSE
loss) 30.12 0.9437 0.0426

Baseline+dilated convolution 31.58 0.9612 0.0315
Baseline+dilated convolution+self-
attention mechanism 32.27 0.9726 0.0258

Baseline+dilated convolution+self-
attention mechanism+spectral
normalization

32.79 0.9774 0.0213

The complete model 33.21 0.9825 0.0187

According to Table 4, compared to the baseline, the dilated
convolution technique resulted in a 1.46B improvement in PSNR,
effectively enhancing the overall structural restoration by expanding
the receptive field; the self-attention mechanism contributed greatly
to the improvement in SSIM, enabling the model to focus more on
key semantic regions in Thangka images, such as faces and
decorative patterns; spectral normalization effectively reduced LPIPS,
decreasing artifacts and blurring and making the generated textures
more natural; finally, the loss function used further reduced LPIPS,
resulting in stronger visual consistency between the restored regions
and the original regions. These results indicate that each component
has a positive effect on the digital restoration of Thangka images.

4. Discussion

Thangka, as one of the forms of ICH art, has certain constraints
on the AI restoration due to its artistic characteristics. The color
scheme of Thangka follows a fixed pattern, and the colors used in AI
restoration must conform to the color logic of Thangka. Thangka
images contain a large number of clothing patterns, auspicious
clouds, and flames, thereby having high requirements for detail
generation. Additionally, handprints and ritual objects in Thangka
may be related to religious constraints, and incorrect restoration may
lose their cultural connotations. Therefore, the AI restoration of
Thangka images has relatively high requirements. This paper
developed a restoration model based on GAN. One of its main
improvement was the introduction of dilated convolution, enabling the
model to expand the receptive field without increasing the parameter
quantity and match the large-scale color blocks and overall
composition of Thangka. Moreover, it combined the self-attention
mechanism to strengthen the feature association with key semantic
regions. For the processing of texture details, a spectral-normalized
PatchGAN discriminator was used to enhance the model’s attention
to fine textures. Finally, a multi-dimensional loss function was used to
consider both objective quality and subjective visual quality,
improving the image restoration effect.

It can be seen from the experimental results that the GAN-based
model achieved high-quality repair (PSNR = 33.21 dB) when the
defect degree was relatively mild. However, as the mask ratio
increased, the repair performance decreased. When the mask ratio
reached 50%-60%, the PSNR was 18.57 dB. However, it can be
found from Table 3 that under the condition of a large defect area,
the repair effect of the GAN-based model was better than that of
methods such as EC and PRVS network. Finally, the ablation
experiment results showed that each component in the GAN-based
model contributed to the improvement of the repair effect, jointly
achieving the enhancement of model performance.

However, this study also has some limitations. The dataset
mainly consisted of Thangkas with mainstream themes of Tibetan
Buddhism, and lacks validation of the restoration performance on
lesser-known themes such as folk Thangkas. In the evaluation
process, only objective image evaluation indicators were used,
without introducing qualitative assessments by Thangka
restoration experts or relevant experts. The cultural legitimacy
and artistic value of the restoration results are still unclear.
Therefore, in future work, methods such as few-sample learning
can be considered to strengthen the model’s capability to restore
rare themes, and the restoration algorithms for high-resolution
(4K and above) Thangka images can further explored. Combined
with the opinions of cultural restoration experts, the integration of
technology and cultural experience can be achieved.

5. Conclusion

This paper designed a GAN-based restoration model for the
digital restoration of Thangka images and tested its restoration
performance on the Thangka image dataset. The results showed
that this model had a PSNR of 33.21 dB, an SSIM of 0.9825, and
an LPIPS of 0.0187 when the mask ratio was 1%-10%. Even in
the case of large area defects (with a mask ratio of 50%-60%), it
still showed better restoration performance than the other
methods, with better pixel accuracy, structural consistency, and
perceptual quality. This paper can support the digital protection
and inheritance of Thangka images.
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