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Abstract: In view of the shortcomings of existing image inpainting methods in handling complex
damage and relying on paired training samples, an end-to-end dual-stage self-supervised image
inpainting method was proposed. The method included degradation simulation, edge restoration,
and color reconstruction; synergistic restoration of structure and color was achieved through
cooperative optimization. Experiments were conducted on a historical image dataset from archives,
and evaluation was performed using four metrics: peak signal-to-noise ratio (PSNR) , learned
perceptual image patch similarity(LPIPS), Fréchet inception distarce(FID)and Colorfulness Scare.
Experimental results demonstrate that the proposed method outperforms existing mainstream
methods in terms of image restoration accuracy, perceptual quality, and color performance,
exhibiting good practical value and robustness.
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Fig. 1 Dual-stage self-supervised framework for historical image restoration and colorization
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Table 1 Image restoration dataset information
statistics
e WAL IR DA /it
A 963 148 141 1252
IR 983 131 129 1243
AT 1 946 279 270 2495
2.3 ZHRIW
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A5 5 T A SR A Dy sk AR 2 00 2 AT
S5 BUARAEIEA TR ERE VA W 55 A\ S AR
HHRIZ R S F PSNR, LPIPS, FID & Colorfulness
Score 25 4 T 32 i s AR b , 4 T A PR T R
R ENG B BB A oy A LS S
W B P X H A 5 CyeleGAN'  DeOldify
Lj Restormer S0 M5 AW h5H , PSNR
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Table 2 Performance of previous algorithms on
image datasets

" Colorfulness
s PSNR  LPIPS  FID
Score
CycleGAN 18.1 0.36 62.3 31.9
DeOldify 18.9 0.29 56. 1 36.3
Restormer 18.7 0.23 48.0 38.3
DSS-HIRC 19.8 0.21 43.5 39.9

£ : PSNR 5 Colorfulness Score 3 {E #& K #l: , LPIPS 5 FID
AR /INER AL

ME A RKTE , A A% DSS-HIRC 1%
R RE S 3 S UR BRI AL . AR H AR i
Hi, PSNR ik #] 19.8, % DeOldify #2 T+ 4.8%, &
Restormer £ 7+ 5.9%; LPIPS {H 2 0.21, B IR AL A
#I Restormer (0.23) [4 1k 8.7%; FID & 43.5, %
Restormer 23 I & 3k 9.4% ; Colorfulness Score ik
# 39.9, # Restormer £t 4.2%. 7E AW 5 F
PSNR 5 FID 43 %11/ 20.5 5 41.3, 4 T Restormer
(20.3 Fi1 42.9) ; Colorfulness Score & 41.7, &= T
Restormer(41.1) , I LAY RN 5 A i . 78
HES R R AL TE PSNR(18.5) (FID(45.7)
F1 Colorfulness Score(38.2) I 4140 5E, 73 5L F
Restormer £ 8.2%, 13.9% 1 7.9%, .43 45 UE H.7E
SER T SN 515 AR T R AR
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Table 3 Performance of previous algorithms on
independent scene datasets

Colorfulness
Y % PSNR LPIPS FID
Score
A¥ 18.5 0.42 61.2 32.1
CycleGAN
yee W®H 17.6  0.29 63.4 31.6
19.6 0.33 55.3 36. 6
DeOldify )\?ﬂ
I 18.2  0.25 56.9 35.9
AP 20.3  0.17 42.9 41.1
Restormer e
#;K O17.1 0.29 53.1 35.4
) 20.5 0.17 41.3 41.7
DSS-HIRC Nf/i
W 18.5  0.23 45.7 38.2
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Fig. 4 Model output samples
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Table 4 Comparison of model performance for different model settings

Jrik PSNR LPIPS FID Y2k K /h
7o A IEHR b 17.3 0.36 58.8 18.3
i VAT -AF 18.3 0.25 45.2 19.1
i il ResNet—50 43 iE 17.9 0.22 47.3 18.6
SR AR ST I 2 18.9 0.22 45. 4 25.2
DSS-HIRC 19.8 0.21 43.5 20.0

e 5 s, K/l 8x8 1 PSNR 4y 18.9,
T 16x16 119 19.3. PSNR i 115 25 2% 1) 1) T 1 vf
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Bt s e R EGY, SRR R B EM T TR,
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16 14 0.23. LPIPS {5 1 A HR 20 A9 32 00 AH oL
LPIPS 4340 Tt 12 5 B 8x8 A il i UG AE L3 - 5
T PR A 22 5 K L ok ] g P AR R 5 O
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Table 5 Performance under different network-related hyperparameter settings

S AN AYERE LB PSNR LPIPS FID PRI /h
8x8 256 3x3 18.9 0.24 46.7 19.3
16x16 256 3x3 19.3 0.23 45.1 19.8
16x16 256 5%5 19.6 0.22 44.3 20.2
16x16 512 3x3 19.7 0.21 43.9 20.5
16x16 512 5x5 19. 8 0.21 45.4 20.0

RS EOL B, A B T 2R
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Y FE AR [ 4t Uk ) 96 2 B S 5 sk R Atk R/ (i
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HRE L R BT A BE ) 2 B ], T 2
SRR A R SR A R W, R R E
N X107, BERSA RO AR )12 AL RE ST 5 AR I
JivhE  RUEE A3 N [ IRFEE .

*6 AEESHIZE THREEREITL
Table 6 Comparison of model performance under different hyperparameter settings

SR PSNR LPIPS FID Y2 /h
2p ] F=5e-4 18.5 0.28 50. 6 17.8
2f ] R=5¢-5 19. 8 0.21 43.5 20.0
AR h=8%8 19.0 0.22 47.3 20.4
HAR/h=16x16 19.6 0.21 43.6 20. 1
HAR/N=32x32 18. 8 0.22 44.0 19.2
T =0 19.1 0.24 47.9 19.6
A =1e—4 19.8 0.21 43.5 20.0
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