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Abstract

Murals, as invaluable cultural artifacts, face continuous deterioration from environ-
mental factors and human activities. Digital restoration of murals faces unique chal-
lenges due to their complex degradation patterns and the critical need to preserve artistic
authenticity. Existing learning-based methods struggle with maintaining consistent mask
guidance throughout their networks, leading to insufficient focus on damaged regions
and compromised restoration quality. We propose CMAMRNet, a Contextual Mask-
Aware Mural Restoration Network that addresses these limitations through comprehen-
sive mask guidance and multi-scale feature extraction. Our framework introduces two
key components: (1) the Mask-Aware Up/Down-Sampler (MAUDS), which ensures con-
sistent mask sensitivity across resolution scales through dedicated channel-wise feature
selection and mask-guided feature fusion; and (2) the Co-Feature Aggregator (CFA), op-
erating at both the highest and lowest resolutions to extract complementary features for
capturing fine textures and global structures in degraded regions. Experimental results on
benchmark datasets demonstrate that CMAMRNet outperforms state-of-the-art methods,
effectively preserving both structural integrity and artistic details in restored murals. The
code is available at https://github.com/CXH-Research/CMAMRNet.

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

* Corresponging author.


https://github.com/CXH-Research/CMAMRNet

2 LEI ET AL: CMAMRNET

1 Introduction

Murals, as irreplaceable cultural artifacts, face accelerating deterioration due to environ-
mental factors and human activities [18]. While traditional restoration through mechanical
and chemical methods [3] requires extensive expertise, digital restoration has emerged as
a promising alternative [12], offering safe, reversible and efficient solutions that preserve
the authenticity of the mural without physical contact. Among various digital restoration
techniques, image inpainting stands out as a promising approach.

The rapid development of artificial intelligence and deep learning has provided poten-
tial technical solutions for image inpainting [1, 2, 21]. Early CNN-based approaches pio-
neered irregular mask handling through partial convolutions [26] and U-Net fusion [6]. Ad-
vanced techniques introduced Contextual Residual Aggregation [25] and Region Normaliza-
tion [27] for feature refinement. Recent frameworks enhanced performance through multi-
level Siamese filtering (MISF [8]), Fast Fourier Convolutions (LaMa [15]), and attentional
high-resolution processing (CoordFill [9]). Transformer-based methods like T-Former [5]
and SyFormer [20] improved long-range dependency modeling through linear attention and
structural priors, while DWTNet [14] and HINT [4] introduced distance-aware transform-
ers and hierarchical feature interaction for adaptive context modeling. However, applying
these deep learning methods for mural restoration poses unique challenges: (1) murals have
unique artistic styles and complex degradation patterns, such as extensive damage, intricate
cracks, and environmental wear; (2) mural restoration requires precise conservation of artis-
tic and historical elements, exceeding the demands of natural image inpainting; (3) limited
intact mural images restrict available training data, impairing network learning of restoration
patterns. These challenges necessitate specialized inpainting approaches for effective mural
restoration.

Specialized for mural restoration, datasets like MuralDH [23] have enabled significant
advances. Recent methods explored various approaches: multiscale adaptive partial convolu-
tions with stroke-like mask simulation [17], line drawing structural guidance [7], DenseNet-
based color authenticity preservation [22], and edge-guided diffusion techniques for natural
crack repair [24]. However, these methods have notable limitations: earlier approaches [7,
17, 22] struggle with global context and fine-grained preservation, while recent diffusion-
based methods may generate historically inaccurate details and face cross-mural adaptation
challenges due to complex fine-tuning requirements. Moreover, existing methods inade-
quately maintain mask guidance throughout their networks, as mask information weakens
through layers without explicit maintenance mechanisms, resulting in insufficient sensitiv-
ity to degraded regions requiring restoration. This limited mask awareness prevents models
from maintaining a precise focus on the degraded areas that require restoration.

To address these limitations, we propose Contextual Mask-Aware Mural Restoration
Network (CMAMRNet), a novel framework that maintains comprehensive mask guidance
throughout its processing pipeline while capturing rich contextual information at multiple
scales. Our architecture leverages Transformer modules for effective long-range dependency
modeling, crucial for preserving global structural coherence in mural restoration. The frame-
work introduces two key components: (1) the Mask-Aware Up/Down-Sampler (MAUDS)
module that ensures consistent mask sensitivity across resolution scales through dedicated
channel-wise feature selection and mask-guided feature fusion, and (2) the Co-Feature Ag-
gregator (CFA) that operates at both highest and lowest resolutions, utilizing parallel Chan-
nel Feature Focusing Blocks (CFFB) and Spatial Feature Focusing Blocks (SFFB) to extract
complementary features for fine textures and global structures in degraded regions. This


Citation
Citation
{Wang and Wu} 2023

Citation
Citation
{Bomin, Huabing, Binjian, Deqiang, Rui, and Xiang} 2018

Citation
Citation
{Mol and Maheswari} 2021

Citation
Citation
{Bai, Yin, He, Li, and Zhang} 2024

Citation
Citation
{Bai, Yin, Dong, Zhang, Pun, and Chen} 2025

Citation
Citation
{Xia, Bai, and Dong} 2025

Citation
Citation
{Yu, Lin, Yang, Shen, Lu, and Huang} 2019{}

Citation
Citation
{Hong, Xiong, Ji, and Fan} 2019

Citation
Citation
{Yi, Tang, Azizi, Jang, and Xu} 2020

Citation
Citation
{Yu, Guo, Jin, Wu, Chen, Li, Zhang, and Liu} 2020

Citation
Citation
{Li, Guo, Lin, Li, Feng, and Wang} 2022{}

Citation
Citation
{Suvorov, Logacheva, Mashikhin, Remizova, Ashukha, Silvestrov, Kong, Goka, Park, and Lempitsky} 2022

Citation
Citation
{Liu, Cun, Pun, Xia, Zhang, and Wang} 2023

Citation
Citation
{Deng, Hui, Zhou, Meng, and Wang} 2022

Citation
Citation
{Wu, Feng, Xu, Zhu, and Zheng} 2024

Citation
Citation
{Shamsolmoali, Zareapoor, Zhou, Li, and Lu} 2024

Citation
Citation
{Chen, Atapour-Abarghouei, and Shum} 2024

Citation
Citation
{Xu, Yang, Fang, Chen, Xu, Liu, and Wang} 2024{}

Citation
Citation
{Wang, Wang, Hu, Fenster, and Li} 2021

Citation
Citation
{Li, Zou, Zhang, Yu, Chen, Song, Huang, and Wang} 2022{}

Citation
Citation
{Xu and Fu} 2023

Citation
Citation
{Xu, Zhang, Chen, Liu, Xu, and Wang} 2024{}

Citation
Citation
{Li, Zou, Zhang, Yu, Chen, Song, Huang, and Wang} 2022{}

Citation
Citation
{Wang, Wang, Hu, Fenster, and Li} 2021

Citation
Citation
{Xu and Fu} 2023


LEI ET AL: CMAMRNET 3

Mask-half

- & Mask-quarter
"l

H W H w
HXWxC l 5 X5 x2C l ek

Degraded
Mural +

|
|

H W H W
Mural HxWxC HxWxC Ex;xzc ZXTX4C
”
d
* .& Mask-bottom

» Mask-quarter
Mask-half

Mask

i

H H
i (O Element-wise Multiplication © Concatenation — Data Flow Element-wise Addition é
i H

Figure 1: Architecture overview of the proposed CMAMRNet. The framework is built upon
a U-shaped backbone with Transformer-based encoders and decoders for hierarchical fea-
ture extraction. It introduces two key innovations: (1) Mask-Aware Up/Down-Sampler
(MAUDS) modules that preserve mask information across resolution changes via selec-
tive channel processing and mask-guided feature integration, and (2) Co-Feature Aggregator
(CFA) modules operating at both highest and lowest resolutions to capture comprehensive
features of fine details and global structures for holistic restoration quality.

dual-module design enables CMAMRNet to maintain precise mask guidance while achiev-
ing comprehensive feature representation for accurate mural restoration. The main contribu-
tions of this work can be summarized as follows.

(1) We propose CMAMRNet, a novel mask-aware framework for mural restoration that
maintains comprehensive mask guidance throughout the processing pipeline while effec-
tively capturing multiscale contextual features through transformer architectures.

(2) We propose MAUDS that integrates mask information through dedicated channel
operations, ensuring consistent mask sensitivity across resolution scales and preventing di-
minishing mask influence in deep networks.

(3) We introduce CFA operating at highest and lowest resolutions, employing parallel
CFFB and SFFB modules to extract complementary features that capture both fine-grained
textures and global structures in degraded regions.

2 Methodology

2.1 Network Backbone Design

As illustrated in Fig. 1, our network backbone adopts a U-shaped hierarchical architecture
that systematically integrates Restormer [29] blocks for multi-scale feature representation.
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In the encoder path, the features are progressively processed through three distinct resc
tion stages. Each stage employs Restormer encoder blocks that integrate Multi-Head Se
Attention (MHSA) and Feed-Forward Network (FFN) layers. The core operations within a
Restormer encoder block can be formulated as:

X= X+ MHSA(LN(X));

y= X+ FFN(LN(X));
wherex denotes the input features, LN represents Layer Normalizationy &nthe output
features. The MHSA operation can be further decomposed as:

(1)

head = Attention(xW<; xW<; xW"); @)
whereW®, WK WV are learnable projection matrices for query, key, and value respectively.
andW® is the output projection matrix. In the decoder path, our network employs symmetric
Restormer blocks to progressively reconstruct high-quality features through skip connectiol
with the encoder.

A distinctive feature of our architecture is its comprehensive incorporation of mask infor-
mation on multiple scales, ensuring effective degradation guidance throughout the restor
tion process. To maintain mask guidance, we propose the Mask-Aware Up/Down-Sampl
(MAUDS) module at resolution transitions that ensures consistent mask sensitivity throug
dedicated channel operations. Furthermore, we introduce the Co-Feature Aggregator (CF
module operating at both the highest and lowest resolutions, which extracts complementa
features to capture ne-grained textures and global structures in degraded regions.

2.2 Mask-Aware Up/Down-Sampler (MAUDS)

MAUDS consists of Mask-Aware Up-Sampler (MAUS) and Mask-Aware Down-Sampler
(MADS) to maintain mask-guided feature transitions across different resolution scales. A
shown in Fig. 2 (a), the Sampling Block serves as a fundamental component for both sar
plers, where up/down sampling operations rst adjust the spatial resolution, followed by
channel shuf e operations to enhance information ow across channels. While the Sam
pling Block processes the mural image featuigsg), the mask undergoes a separate but
parallel path through pixel shuf e/unshuf e operations. This parallel processing ensures the
both the image features and the mask information are properly aligned and scaled, enabli
effective mask-guided restoration at different resolution levels.

For the MAUS module, leFimg 2 R" W € denote the input feature maps akti2
R W 1 denote the binary mask, whe@eis the number of channels amttW are spatial
dimensions. As illustrated in Fig. 2 (b), the upsampling process can be formulated as:

Fimg = fup(Fimg) 2 R 2%

MUP= x,p(w(M)) 2 R 2V C=2,

®3)

wheref () denotes the feature upsampling operatiog,) represents the convolution op-
eration, andkyp( ) is the pixel shuf e operation.
The channel selection and feature fusion process can be expressed as:
Fing""= fFimgili = 1,3::0g 2 R 2V €%,
Rig = O(Fimg"™'+ MUP) 2 R2 2V €2

(4)
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Figure 2: Overview of Mask-Aware Up/Down-Sampler (MAUDS): (a) Sampling Block, (b
Mask-Aware Down-Sampler (MADS), and (c) Mask-Aware Up-Sampler (MAUS) for mask
guided feature transitions across different resolution scales.

whereg( ) represents the depth-wise convolution operation for feature re nement. This f
mulation demonstrates how mask information is integrated with the selected feature chan
to guide the upsampling process while maintaining spatial consistency.
Similarly, the MADS module performs downsampling operations while maintaining ma
awareness. As depicted in Fig. 2 (c), the downsampling process can be formulated as:
Fl%ogwn: fdown(Flmg) 2 RH=2 w=2 ZC,

Mdown: XdOWﬂ(M) 2 RH:2 W=2 4;

®)

wheref gowr( ) represents the feature downsampling operation through the Sampling Blo
andxgowr( ) denotes pixel unshuf e operation.
The feature interleaving and fusion process can be expressed as:

Finter = | (E%%Wn;Mdown) 2 RH=2 W=2 4(;; ®)
where the interleaving operatior{ ) is de ned as:
Finterzi 1= f Fingi'1i = 1,215, 2Cg; 7)
Finter,2i = fM?OW'-jj =imod4i= 1 2;:::;2(:9:

The nal output is obtained through:

E%ugtz 0(Finter) 2 RH= W=2 2, (8)
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whereg( ) denotes the depth-wise convolution that processes the interleaved features to pi
duce the nal result. This design ensures effective integration of mask information during
the downsampling process while maintaining feature coherence.

Figure 3: Architecture of: (a) the Channel Feature Focusing Block (CFFB), (b) the Spatis
Feature Focusing Block (SFFB), and (c) the Co-Feature Aggregator (CFA) structure wit
integrated focusing blocks.

2.3 Co-Feature Aggregator (CFA)

The Co-Feature Aggregator (CFA), shown in Fig. 3, employs parallel Channel Feature Fc
cusing Blocks (CFFB) and Spatial Feature Focusing Blocks (SFFB) to extract complemer
tary features. It combines ne-grained textures and global structures while preserving orig
inal feature information through adaptive feature modulation and residual connections. F
input feature map&img2 R" W © and maskv 2 R W 1, the feature extraction process
can be formulated as:

F1 = MaxViT(ConcafFimg; M]);

F, = MaxViT(Fy);

where MaxViT [16] blocks process the concatenated features and intermediate features |
spectively.
The CFA performs multi-level feature aggregation through feature focusing blocks:

(9)

Feat rgb = ConcalFy; F2; Fimgl;
Feat mask= ConcalfFs; F; MI:

Each concatenated feature undergoes sequential channel and spatial attention re neme

(10)

Fmid = Fin  CFFB(Fin);

(11)
Fout= Fmid SFFBFmid);

where denotes element-wise multiplication. The features are then followed by dimen:
sion reduction through 1x1 convolution to obt#ig, andFyaskrespectively. As illustrated
in Fig. 3 (a) and (b), in both CFFB and SFFB, Fast Fourier Transform (FFT) operations hel
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capture frequency patterns of image textures and mask degradation distributions, ena
comprehensive feature extraction in both spatial and frequency domains.
The nal CFA output is obtained via adaptive feature modulation:

Feta= Figp S (FmasW+ Fimgs (12)

wheres () is the sigmoid activation function, and the residual connection preserves 1
original feature information.

2.4 Loss Function

Our restoration framework combines two complementary objectives: Mean Square E
(MSE) for pixel-level accuracy and Structural Similarity Index Measure (SSIM) [19] fo
structural delity. The MSE loss performs pixel-wise comparison between the restored ¢
ground truth images:
1) )
Luse= ca (i %)% (13)
NiZ3
wherex; andx denote the pixel values of ground truth and restored images respectively,
N is the total number of pixels.
To better preserve structural information and perceptual quality, we incorporate the S¢
loss:
(2mmx+ C1) (25, + C)
(Mg+ g+ Ci)(s2+sf+Cp)’
whereny, nx are meanssf, s;(2 are variancessyz is covariance, an@;, C, are stability

constants.
The total loss function combines both terms with a weighting factor

Lssim=1 (14)

Liotal = Lmse* | Lssim (15)

where we empirically sét = 0:4 to balance pixel-accurate restoration and structural consi
tency.

3 Experiment

3.1 Dataset and Evaluation Metrics

To evaluate our model and compare it with other methods, we conduct experiments on
following datasets: (1MuralDH: A Dunhuang mural collection with 961 high-resolution
images (760 for training, 201 for testing) containing pixel-level damage annotations &
deterioration masks. (Z)unhuang: The Dunhuang Grottoes dataset consists of 600 mur:
images (500 for training, 100 for testing) with corresponding deterioration masks.

We employ multiple complementary metrics for comprehensive performance asse
ment: Peak Signal-to-Noise Ratio (PSNR) for overall image quality, Structural Similari
Index (SSIM) [19] for structural delity, Mean Absolute Error (MAE) for pixel-level accu-
racy, and Learned Perceptual Image Patch Similarity (LPIPS) [30] for perceptual qual
Superior performance is indicated by higher PSNR/SSIM values and lower MAE/LPI
scores.
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Table 1: Quantitative results of comparative experiments with state-of-the-art methods. Tt
best results are shown bold and the second best results are underlined

Method | MuralDH [23] | Dunhuang [28]
‘ PSNR" SSIM" MAE# LPIPS# ‘ PSNR" SSIM" MAE# LPIPS#
RN [27] 14.3577 0.2712 42.0932 0.9877 17.9298 0.5401 23.9331 0.7688
DeepFillv2 [26] | 14.4970 0.2734 415719 1.013116.2900 0.5002 30.8472 0.8756
HFill [25] 145221 0.2741 41.5619 1.023217.0136 0.5058 26.3423 0.9000

CoordFill [9] 23.6762 0.5706 12.2239 0.316020.4858 0.4134 16.1557 0.5367
SyFormer [20] | 24.5005 0.6328 11.3667 0.610226.0647 0.7156 8.8938  0.4659
LaMa [15] 28.4603 0.9195 6.6463 0.086]1 29.5888 0.8346 5.8470  0.1067
EdgeConnect [13] 29.9298 0.9427 5.4444  0.0788 30.7807 0.8519 4.9383  0.1045
T-Former [5] 30.9527 0.9564 4.5003 0.072931.5000 0.8608 4.6571  0.0854
DWTNet [14] 31.0443 0.9565 4.4492 0.0726 31.5097 0.8609 4.6609  0.0855

Misf [8] 34.1878 0.9635 1.8124  0.055532.1570 0.8701 4.4660 0.0691
DFNet [6] 34.6129 0.9641 1.3644 0.057731.0897 0.8549 4.7918 0.0936
HINT [4] 35.4833 0.9663 1.2337 0.0542 | 32.2421 0.8695 _4.3776 0.0706

Ours ‘ 36.2565 0.9683 1.1454 0.0497 ‘ 33.0738 0.8944 3.9708 0.0598

3.2 Implementation Details

We implement our model in PyTorch and train it on 2 NVIDIA A800 GPUs. The training
process uses 256256 input images over 200 epochs with batch size 4, employing Adamw
optimizer [11] (initial learning rate 2 10 4) and Cosine Annealing scheduler [10]. To en-
hance model robustness, we apply standard data augmentation techniques including ranc
cropping, ipping, rotation, and mix-up. For testing, images are processed at 512
resolution.

3.3 Comparisons with State-of-the-arts

We evaluate our proposed CMAMRNet against twelve state-of-the-art methods on both Mt
ralDH and Dunhuang datasets from quantitative and qualitative perspectives.

Quantitative Analysis: As shown in Table 1, our CMAMRNet signi cantly surpasses
existing approaches. Compared to the previous state-of-the-art HINT [4], our method achie
2.18% and 0.21% improvements in PSNR and SSIM on MuralDH dataset, while showin
even larger gains of 2.58% and 2.86% on Dunhuang dataset, demonstrating superior ca
bility in both pixel-level accuracy and structural preservation. The consistent performanc
improvement across different evaluation metrics highlights the effectiveness of our comnr
prehensive mask guidance approach, particularly in preserving ne artistic details that ar
critical for cultural heritage conservation.

Qualitative Analysis: Visual comparisons in Fig. 4 further validate our method's effec-
tiveness. While perfect ground truth restoration of degraded murals remains challengin
CMAMRNet demonstrates stronger ability in preserving authentic textures and structure
details. Compared to existing approaches that often produce blurry or inconsistent resul
our method generates restorations that better maintain the original mural characteristics a
integrity. Speci cally, our approach handles intricate crack patterns and complex degrads
tions more effectively, producing more visually coherent and historically authentic restora
tions where other methods struggle with maintaining color delity or structural continuity at
damage boundaries.






