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UNESCO Representative List of the Intangible Cultural Heritage of Humanity. Thangka, as one of the most important forms
of Regong art, embodies the rich historical and cultural heritage of the Tibetan region, holding substantial historical, cul-
tural, and artistic value. During the field collection process, many Thangka works displayed issues such as cracks, tears,
water stains, and mold spots due to poor preservation conditions. However, traditional restoration methods are not only
inefficient but also risk causing further damage, making them unsuitable for the proper conservation and development of
Regong art. Consequently, conducting research on the restoration of damaged Thangka images is urgently needed. How-
ever, attempts to restore Thangka images using current enhancement and restoration algorithms have encountered several
issues, such as blurred texture lines and misaligned repairs. These issues arise because the complexity and diversity of
Thangka images make it difficult for existing models to capture their unique structural and textural characteristics. Method
Therefore, an interactive Thangka image restoration network , LSFNet, guided by line draft repair, is proposed to address
the aforementioned challenges. This method comprises three parts. First, the interactive line restoration involves collabora-
tion with Thangka artists to guide the restoration of the line structure, ensuring that the restored lines closely resemble those
in real Thangka images. Second, the style and texture restoration phase is where an overall style and texture module is con-
structed to learn the unique characteristics of Thangka images. By integrating channel attention mechanisms and fully con-
nected layers, the module captures global information and synthesizes it into preliminary restoration features. Finally, the
refinement restoration phase introduces a linear attention module during the downsampling process. This module captures
local and global dependencies, allowing the model to extract features of different scales, further refining the restoration,
eliminating restoration traces, and enhancing the overall image quality. PatchGAN is also adopted as the discriminator,
dividing the input image into multiple receptive fields and conducting independent binary classification for each receptive
field to assess whether it matches the texture characteristics of the target image. This approach effectively enables pixel-
level supervision, enhancing the overall image restoration quality. Result This paper created a Thangka restoration dataset
comprising a total of 25 000 images, collected through field research and data gathering. The Canny algorithm was
employed to extract edge line art, resulting in a line art dataset. Additionally, Photoshop tools were used to simulate dam-
age to the Thangka images, generating 5 000 mask maps. Another 1 000 mask maps were sourced from public datasets to
enhance restoration performance under various damage conditions, combining them into a final dataset containing 6 000
mask maps. All datasets have a resolution of 256 X 256 pixels. The proposed method in this paper was trained, tested, and
compared with other restoration methods, including DeepFillv2, EdgeConnect, DFNet, HiFill, and T-Former, using the
dataset created in this study. Results indicate that the proposed method exhibits strong repair performance, with superior
metrics in peak signal-to-noise ratio (PSNR) , structural similarity (SSIM), and learned perceptual image patch similarity
(LPIPS) on the Tangka dataset compared to other methods. Specifically, compared to the second-best performing model
the proposed method achieved a 10. 55% increase in PSNR, a 1. 8% increase in SSIM, and a 57. 98% reduction in LPIPS.
Experimental results demonstrate that the proposed interactive Thangka image restoration method , based on line art repair,
can effectively restore damaged Thangka images, producing results that are closer to authentic Thangka images. Conclu-
sion This article proposes an interactive line drawing repair method, guided by Thangka artists, to repair damaged areas of
the line drawing. Subsequently, a style and texture restoration phase is employed to learn the distinctive style features of
Thangka images. Finally, a fine-tuning repair process further optimizes the restoration results. Experimental results dem-
onstrate that this method effectively repairs damaged Thangka images, producing restoration outcomes that conform to the
style and content of Thangka art.

Key words: Regong Thangka; image inpainting; interactive image restoration; style texture restoration; two stage interac-
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Fig. 1 Damaged and contaminated Thangka images
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Table 1 The PSNR, SSIM, and LPIPS values of
different methods on the Thangka dataset

7k PSNR/dB SSIM LPIPS
DeepFillv2 30.480 1 0.943 4 0.043 6
EdgeConnect 30.604 5 0.946 7 0.0399
DFNet 30.362 0 0.9417 0.053 0
HiFill 27.401 2 09125 0.065 6
T-Former 314755 0.9513 0.037 6
LSFNet(4<30) 34.796 7 0.968 5 0.0158
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Table 2 The PSNR, SSIM, and LPIPS values of different
methods on the CelebA-Dialog dataset

Jii: PSNR/dB SSIM LPIPS
DeepFillv2 31.278 6 0.946 5 0.046 2
EdgeConnect 30.918 0 0.9377 0.056 6
DFNet 31.563 6 0.942 6 0.0579
HiFill 27.641 3 09135 0.070 1
T-Former 30.820 2 0.944 7 0.0422
LSFNet(430) 34.117 4 0.966 1 0.015 4
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Fig. 6 The visualization comparison result graphs of the Thangka dataset
((a)input; (b)ground truth; (¢)DeepFillv2; (d)EdgeConnect; (e) DFNet; (f)HiFill; (g) T-Former; (h) LSFNet(ours) )

(a) FiN

(b) HIEIE

(138 FH 2 WLAR AR PRI 0 5 A ROCR I AN R . AR SC
W TSRl 3 SE 8, IR 0E T 3 AN F R
WS 5HWATIES, B S N, LR AL 1 R A% i
HEREGRNS5E, LR AN HERA—E T
253, CRHA3IMHER TN LR, XHEE
Ja a5 RT3 5 ATV IR BCAE 1) 8
BT 2) RS A2 A5 5088 5 3) AR E 3k
o VLSO Moy i F A R T 345 5015 2 A2
g0 BIEN G IR WK 3 iR, o Bo m AR AE
AR I AR AR SO R R A
Yl R AR Z AL At R lE R,
AR AR SR R AE Z 45 RAE SO S5 e B
WA T HoAt 5
2.6 HERSKIG

J T B R BN B RS XU BB SO

(d) EdgeConnect

(e) DFNet (f) HiFill (g) T-Former

(h) LSFNet(Z<37)

&5 3 A MEH YA B0 A SCGHIEA T T Al S 58, 43l 7E
FBRAC B AR RAB RS K bR AUkg SO A8 B Bk
B2 3PP OLUEAT S50 o T Ml S 50 7 [R) — S8 i
PERVR A 25 T 647

F AN E LI E R AR, BN T3S T
FE R B4 I 1Y PSNR .SSIM F1 LPIPS 45 5, Wnse
TR FEE T, PSNR F1SSIM 4354271 2. 548 2 dB
F10. 013, LPIPS F# A% 50%; ¥ Jin X is S ¥ E & I
PSNR Fil SSIM 43 1] # F+ 0.917 3 dB 1 0. 004 1,
LPIPS [ 1% 23. 8% ; TR IIKE & & J5 , PSNR i SSIM 43
ML TF4.925 4 dB F10. 021, LPIPS [ 66. 7%, M
SCIRZE AT LUE B sg B R R B A XU S0
BE kKB E 2 &S A G A U R
2Tt

K8~ T ARFEUAAMBESRE. LA

1385



1386

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 30,No. 5,May 2025

() FA (b) FEEEIR

(c) DeepFillv2  (d) EdgeConnect

3

(e) DFNet (f) HiFill (g) T-Former  (h) LSFNet(Z<30)

7 CelebA-Dialog £l 4 AT # AKX L 45 S
Fig. 7 The visualization comparison result graphs of the CelebA-Dialog dataset
((a)input; (b)groud truth; (¢)DeepFillv2; (d)EdgeConnect; (e) DFNet; (f)HiFill; (g) T-Former; (h) LSFNet(ours) )

F3 ERFMER

Table 3 Subjective evaluation results

R4 HEIHREBHLER

Table 4 Quantitative results of ablation experiments

7k T 1 SCERZH 2 SEERH 3 ECT
DeepFillv2 3.20 3.15 3.00 3.065
EdgeConnect 3.40 3.40 3.25 3.310
DFNet 3.15 3.20 3.05 3.105
HiFill 3.10 3.00 2.85 2.920
T-Former 3.60 3.65 3.55 3.585
LSFNet(A4<30) 3.95 3.80 3.85 3.845
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Fig. 8 Visualization results of ablation experiments

((a) input; (b) ground truth; (¢) experiment 1; (d) experiment 2; (e) experiment 3; (f) experiment 4)
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