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Learning-based texture coherence and continuity for
mural inpainting method

Tang Shancheng Wang Yan Zhou Tong

(College of Communication and Information Technology.Xi'an University of Science and Technology, Xi'an 710600, China)

Abstract: To address the existing issues in image restoration methods when repairing damaged murals, such as
insufficient attention to contextual information, image blurring and texture inconsistency, this paper proposes a
learning based texture coherence and continuity for mural inpainting model (L TCC-MIM). Based on the theory of
masked autoencoders, this paper first employs an image inpainting network with a Transformer architecture to
integrate local features and global contextual information of the image, thereby enhancing the understanding of
interrelationships among various parts of the image as well as its overall structure. Next, a contextual feature
enhancement module (CFEM) is designed to achieve regional joint learning and multi-scale feature aggregation,
strengthening local texture continuity and generating {ine image details to alleviate image blurring. Structural similarity
metrics are incorporated as constraints to prioritize mural-specific texture patterns, thereby harmonizing inconsistencies
and optimizing restoration quality. Experimental results on digital restoration of real murals demonstrate that the
proposed method outperforms comparative methods in both subjective and objective evaluations. Specifically, it
achieves an average improvement of 2~8 dB in peak signal-to-noise ratio (PSNR), 2% ~10% in structural similarity
index (SSIM) and a reduction of 2% ~9% in learned perceptual image patch similarity (LPIPS). Additionally, the
fréchet inception distance (FID) score decreased by an average of 1~5 units.

Keywords: mural inpainting; Transformer;encoder-decoder;contextual feature enhancement module;computer vision
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Fig. 4 Comparison of different models in inpainting of murals with added different proportions of random masks
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Table 1 Comparative evaluation metrics of different models in inpainting of murals with added different proportions of
random masks
PMAERE B [1%.10%)  [10%,200  [20%,30%) [30%,40%) [40%,50%) [50%,60%)  “FI#{H
LAMA 36.157 1 32.805 7 26.842 4 24.093 6 22.7310 16. 858 3 26.581 4
DA-CLIP 36.048 5 36.714 1 23.775 9 22.2105 20.979 7 17.705 4 26.2390
PSNR 4 MISF 39.600 6 33.854 2 31.398 0 28.188 3 29.592 9 25.708 2 31.390 4
RePaint 36.637 1 36.617 5 23.843 6 24.878 7 24.917 9 21.2215 28.019 4
Ours 39.2319 36.693 6 34.714 1 30.408 9 29.897 0 27.904 8 33.1417
LAMA 0.976 6 0.959 3 0.896 9 0.847 3 0.798 6 0.630 7 0.851 6
DA-CLIP 0.971 2 0.960 2 0.892 5 0.823 2 0.813 6 0.696 2 0.859 5
SSIM 4 MISF 0.983 9 0.940 7 0.905 4 0.876 1 0.898 6 0.8550 0.9100
RePaint 0.971 9 0.956 5 0.890 7 0.884 9 0.882 6 0.850 5 0.906 2
Ours 0.986 5 0.964 2 0.943 0 0.920 9 0.912 5 0.903 7 0.938 5
LAMA 0.017 4 0.019 6 0.088 4 0.1329 0.164 5 0.3091 0.122 0
DA-CLIP 0.185 2 0.010 8 0.093 5 0.1331 0.131 2 0.163 4 0.119 5
LPIPS v MISF 0.017 2 0.034 3 0.082 8 0.068 0 0.056 1 0.056 6 0.052 5
RePaint 0.018 5 0.010 9 0.097 2 0.090 6 0.0717 0.079 9 0.061 5
Ours 0.010 7 0.0218 0.037 2 0.040 8 0.051 2 0.034 5 0.032 7
LAMA 3.909 2 6.695 1 8.559 5 13.2350 16.088 8 15.510 2 10. 666 3
DA-CLIP 5.186 7 4.451 9 8.983 9 9.087 6 14. 868 8 9. 806 5 8.7309
FID ¥ MISF 5.212 3 6.882 0 8.084 4 8.770 6 10.035 0 4.922 0 7.317 7
RePaint 5.152 0 4.106 7 7.708 4 8.217 1 12.238 1 7.114 8 7.422 9
Ours 3.696 4 6.013 8 6.993 6 6.792 0 9.785 0 3.731 0 6.168 6
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Fig.5 Comparison of different models in inpainting of murals with added central masks
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Table 2 Comparative evaluation metrics of different models in inpainting of murals with added central masks

RAEELTR LAY Imgl Img2 Img3 Img4 Img5 Img6 SEH{E
LAMA 20.777 8 21.244 2 21.157 6 19. 321 5 18.564 7 22.923 6 20. 664 9

DA-CLIP 21.732 8 25.122 6 23.126 7 23.080 4 21.631 9 26.418 8 23.518 7

PSNR 4 MISF 25.109 1 28.463 0 26.712 7 25.780 0 23.570 1 26.829 2 26.077 4
RePaint 25.466 5 27.419 3 27.214 7 23.082 0 24.728 9 25.289 4 25.533 5

Ours 27.8857 30.180 0 28.177 7 26.850 0 25.387 5 28.064 2 27.757 5

LAMA 0.814 3 0.816 0 0.816 7 0.796 4 0.795 6 0.810 3 0.808 2

DA-CLIP 0.876 5 0.873 7 0.871 3 0.868 9 0. 865 6 0.876 4 0.872 1

SSIM 4 MISF 0.874 2 0. 881 4 0. 864 6 0.876 1 0.875 8 0.849 8 0.870 3
RePaint 0.893 8 0.897 6 0.883 7 0. 881 8 0.875 3 0.869 1 0.883 6

Ours 0.924 2 0.911 0 0.907 2 0.904 5 0.898 3 0.880 6 0.904 3

LAMA 0.143 3 0.2227 0.148 3 0.176 7 0.144 6 0.155 2 0.165 1

DA-CLIP 0.074 7 0.108 6 0.093 8 0. 087 3 0.073 5 0.072 3 0. 085 0

LPIPS ¥ MISF 0.093 3 0.152 3 0.1255 0.129 2 0.074 9 0.130 7 0.117 7
RePaint 0.064 8 0.199 2 0.090 7 0.087 9 0.065 5 0.081 5 0.098 3

Ours 0.047 7 0.114 7 0.072 6 0.0817 0.057 5 0.083 8 0.076 3

LAMA 13.223 1 15.073 9 8.302 1 13.167 3 11.223 5 12.126 4 12.186 1

DA-CLIP 6.251 7 12.208 8 6.201 1 10. 456 3 6.037 7 8.594 3 8.2917

FID v MISF 8.235 8 11.765 7 7.542 2 11.768 2 8.822 9 9.168 5 9.550 6
RePaint 6.326 4 11.839 9 7.149 3 10. 653 0 8.243 2 8.829 7 8.840 3

Ours 5.672 8 9.669 3 5.379 0 9.799 7 7.579 8 8.009 8 7.685 1
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Fig. 6 Comparison of results of inpainting of real damaged mural
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Fig. 7 Ablation study results for mural inpainting
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Table 3 Comparison of evaluation metrics in ablation experiments

T 46 b A Imgl Img2 Img3
Baseline 29.199 8 26.898 5 25.743 4
PSNR 4 Baseline+CFEA 30. 803 3 27.930 0 26. 828 7
Baseline+CFEA+ SSIM 31.059 6 29.594 6 27.477 0
Baseline 0.892 5 0.878 6 0.839 4
SSIM 4 Baseline+CFEA 0.903 7 0.893 3 0. 865 6
Baseline+CFEA + SSIM 0.909 5 0. 903 2 0.879 6
Baseline 0.106 4 0.116 5 0.173 4
LPIPS ¥ Baseline+CFEA 0.093 1 0.110 7 0.156 9
Baseline+CFEA-+SSIM 0. 080 7 0.085 5 0.1459
Baseline 14.124 0 11.407 1 3.429 1
FID y Baseline+CFEA 11.219 6 12.358 9 3.065 7
Baseline+CFEA+SSIM 10.983 9 11.589 0 3.1311

MR RGN ESMA KB LEESHN BN —8  FBREE S RITE 01848 10X L, 3R 4 Bl wT LUAE
PR X PO KRR L T GAN B X BTt & o Al 2 19 H AR o SR AR SCHR R T (MSE A+ SSIMD By 58 8, 78 K 22 %50
e R SR HA R DU AR AR . A BUR B R B U T R B G A A SSIML AT LPIPS i .
XHME R RCR B PE TN 8 B R A 8 (o) S B J5td  JF HAESF Y FID Jp £ BB R T OB 45k pR K, X R
% . 18] 8 () S A58 101 BE i 8 451 11 45 L P81 8 (o) by XA 451 2K B SR FH 9 450 % o B0 AL 5 7 i o 245 R B B I A IR R 22
BEER I S(D A GHM KRB ELR B 8Ce) AP 575 1 B H AL DT 5k 1 B X BE i 48 2 AT 55 19 A
PRBEER 8D AR R R . K4 A Bk,
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Fig. 8 Results of loss function comparison experiment
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Table 4 Evaluation metrics for loss function

comparison experiment

TEM s AR IR PR Imgl Img?2 Img3
Rk 29.2835 28.9136  29.159 8
PSNR A ﬂ@%iﬂﬁﬁe 30.054 8 30.5682 31.152 6
XA 30.5626 31.2536  31.156 9
AL 30.2658 32.1586  32.595 6
KL 0.9052  0.8965  0.901 8
SSIM A WK 0.9089  0.9045  0.9057
ML 0.9106 0.9079  0.914 6
ACHI 0.9356  0.9181  0.9254
kg A 0.1126  0.1069  0.108 5
LPIPS | WK 0.0939  0.0925  0.0956
SR 0.0956  0.0928  0.1005
A& 0.0752  0.0789  0.065 8
MAgg  11.5692 11.236 8  10.4225
FID 4 %L 11.326 9 10.8224  10.265 9
WHRSE 10.7828 10.2397  9.652 3
AR 8.2684  9.2594 6.9126
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