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Two-stage Method for Restoration of Heritage Images Based on Muti-scale Attention Mechanism

LIU Haowei, YAO Jingchi, LIU Bo,BI Xiuli and XIAO Bin

Chongqing Key Laboratory of Image Cognition, Chongqing 400065, China

Abstract The use of virtual technology is important for the restoration of relics, which are often damaged by improper preserva-
tion or physical restoration methods. Existing traditional image restoration techniques and deep learning-based restoration meth-
ods are mainly suitable for images with simple structural textures,small damaged areas,or natural images with regular damage,
and cannot be directly applied to heritage images. Using landscape painting image restoration as an example,a two-stage method
for restoration of heritage images based on a multi-scale attention mechanism is proposed in this paper to address the problems of
complex structural textures,discreet colouring and small size of existing datasets of heritage images. The method firstly performs
coarse restoration of the overall structure and base tones of the image based on the global attention mechanism, then performs lo-
cal fine restoration of small structures and fine textures of the image using the local attention mechanism and the residual module,
as well as global fine restoration of large structures and textures using the contextual attention mechanism on the result of coarse
restoration to borrow information accurately at a distance. Finally, the local and global fine restoration results are fused to achieve
the restoration of heritage images. The proposed method has the advantage of improving the peak signal-to-noise ratio by 3. 76 dB
and the structural similarity by 0. 034 compared with the comparative methods on average. Both the subjective and objective anal-
ysis of the experimental results show that the method has some advantages in semantic rationality,information accuracy and visu-
al naturalness compared with the existing methods.and has a high potential for application in the field of heritage restoration.

Keywords Heritage image,Image restoration, Deep learning, Two stage model, Muti-scale attention mechanism
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Fig. 3 Flowchart of two-stage method for restoration of heritage images based on muti-scale attention mechanism
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Table 1 Details of coarse restoration network

Output
(128,128,48)
(64,64,48)

Input Operation
(256,256.3) geonv(4,2,48) ,elu
(128,128,48) geonv(4,2,48) ,elu

(64,64,48) geonv(4,2,96) ,elu (32,32,96)
(32,32,96) geonv(4,2,192) ,elu (16,16,192)
(16,16,192) geonv(4,2,192) ,elu (8,8.192)
(8,8,192) geonv(4,2,192) ,elu (4,4,192)
(4.4,192) geonv(4,2,192) ,elu (2,2,192)
(2,2,192) geonv(4,2,192) ,elu (1,1,192)
(1,1,192) gdconv(192) ,elu (2,2,192)
(2.2,384) gdconv(192) ,elu (4,4,192)
(4,4,384) gdconv(192) ,elu (8,8,192)
(8.8,384) gdconv(192) ,elu (16,16,192)
(32,32,384) gdconv(192) ,elu (64,64,192)

(64,64,384)
(128,128,92)

(128,128,48)
(256,256,3)

gdconv(64) ,elu
gdconv(3) ,tanh
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Fig.5 Structure of fine restoration network
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Table 2 Details of local branch of fine restoration network

Input Operation Output
(256,256.3) geonv(7,1,48) ,elu (256,256.48)
(256,256,48) geonv(3,2,96) ,elu (128,128,96)
(128,128,96) geonv(3,2,192) ,elu (64,64,192)
(64,64,192) Residual Block (64,64,192)
(64,64,192) Residual Block (64,64,192)
(64,64,192) Residual Block (64,64,192)
(64,64,192) Residual Block (64,64,192)
(64.,64,192) gdconv(96) (128,128,96)
(128,128,96) gdconv(48) (256,256,48)
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Table 3 Division of dataset

Dataset Trainset Testset Total
DTD 5580 220 5800
TCLPD 1800 100 1900

AR 5 Fh 2 FR 18 B Jr 8 5 A 3007 8 3k 17
X,

(1) Barnes 854 19 J7 i - — R ML Y () L T B DT 4
25, MR 0 X3 48 3%, DG T A AL e, O H &2 ) 3 dple 453
X 45,

(2) Yan R 7 i — R BT U-Net B — Bt &
J7 15 Bl AR AL 3 (shift-connection) ¥ 4 5 )2 B FRF1E 5 B
o AR NLIY G 2 5 | A A 2 [0 B DR N AR R R I 1B 52

220600129-4



XU L 45 T 2 RO B AL B B B sc o R R e 2 5 i

(3) Liu G074 19 ik - — i i A 2018 3 16 R di A
J7 1 U 5 B AL S BB AT O R0 e A R IR

()Y S50 0 7 ik - — A g A A0 B B B I
B J7 5 SR T A 2 B i 8 B 119 T8 =X, 7E 98 43 6 BRI Bk
filt b 52 1 AR 5 P ) OF 7R A0 kL B M g b il R SO R
JIHLH

(5) Zeng S $ Y T vk - — i BT 2% 20 0 451 % R 8K
AR B T L Y P B BRI A BT B SCE AR R R
IR 09 AR B AS L AR 2% 2 BN T80 K8 AR AE HEAT I8 B 11
e,
3.3 EMIERR
XF T AR R IE . T JC ST A A 2 WA 48 B
A e B B A Y DA A 45 W LB %) (Peak Signal to Noise Rati-
o, PSNR) F1 4% # #1 L #:5* ( Structural Similarity Index,
SSIMD VR A A SCT7 1 e W) W J7 848 52 45 3R 0 % WLITF AN 46 4re

B B 0 I8 R R A R A X I 3Rk SN R

PSNR=20 - log, (Mj €))
~MSE
) gty +CD G0 +C)
SSIMG 30 = e v, oo Y
1 H W L ’
MSE= 20 DI — Iy)? 10

HXW. = =
Hh ,MSE B¥JIriR 2  MAX, &4 A BRI i RG]
B8 25554 Rom BUR IR R BIMH 50, Rl o, 43 5 3R7R T 2 F
WIF2;:C f1 C, IERH W 2 52 &R 5 S,
3.4 HEX

SR B UE 22 RUBE VE B ) AL A A 80 s AR B S g
43 S0 565 SRR B T | 200 R B TN 4% Jy 3 43 S 4 Jmy 43 3L B4
Jr VE B I L R R B AL A R S R AL e B
PR .

£

(a) Input (b C (c)C+FL

(D CH+FG (e)C+FG+FL (HGT

T8 C MR BB S [ 45 FL A FG 3531 378 4L JE 16 52 190 24% 14 Jay 3 A0 42 )y 73 52

& 6

22 ROJBE T T 1 AL 1 Rl S 50 45 R X LL A

Fig. 6 Comparison of results of multi-scale attention mechanism ablation experiments
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Table 4 Objective evaluation value of ablation experiment

Index PSNR* SSIM*
Mask M1 M2 M3 M4 M5 Avg M1 M2 M3 M4 M5 Avg
C 35.22  35.69 38.82 36.30 36.35 37.08 0.907 0.898 0.941  0.927 0.959  0.926
C+FL 37.59 38.64 41.75 38.85 41.45 39.66  0.942 0.943 0.969 0.954 0.971  0.956
C+FG 36.78 37.70  40.74  37.90 40.75 38.78 0.929 0.938 0.958 0.942 0.967  0.945
C+FL+FG  37.74 38.79 41.52 39.05 41.67 39.75 0.938 0.943 0.964 0.952  0.971  0.954
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Fig. 7 Comparison of image restoration results for small irregularly broken heritage images
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Table 5  Objective evaluation value of small and irregular area broken

Index PSNR* SSImM*
Mask M1 M2 M3 M4 M5 Avg M1 M;2 M3 M4 M5 Avg
Barnes %[3] 36. 64 37. 80 40.76 37.59 40. 54 38.67 0.935 0.946 0.972 0. 950 0.969 0. 954
Yan % [8] 34.33 33.15 31.77 34.35 35.69 33.86 0.877 0.852 0.842 0.891 0.920 0.876
Liu %[9] 30.41 28.02 32.47 32.78 34.78 31.69 0. 859 0.814 0. 899 0.898 0.938 0. 882
Yul14] 37.28 38. 36 41.01 38.27 40. 94 39.17 0.937 0.946 0. 966 0.949 0.969 0.953
Zengl19] 34.72 35.69 38. 44 35.65 38.37 36.58 0.909 0.915 0.946 0.927 0.958 0.931
Ours 37.74 38.79 41.52 39.05 41.67 39.75 0.938 0.943 0. 964 0.952 0.971 0.953
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Fig. 8 Comparison of image restoration results for large irregularly broken heritage image
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Table 6 Objective evaluation value of large and irregular area broken

Index PSNR* SSIM *
Mask M1 M2 M3 Avg M1 M2 M3 Avg
Barnes % (3] 30.03 29.75 29. 23 29.67 0.735 0.765 0. 747 0.749
Yan %1081 30. 38 29. 40 29. 60 29.79 0.750 0.710 0.745 0.735
Liu 209 27.87 26.95 26.51 27.11 0.724 0.751 0.736 0.737
Yu %14 30. 89 30. 38 30.07 30. 45 0.769 0. 780 0.773 0.774
Zeng %[19] 27.89 28.09 27.64 27.87 0.726 0.759 0. 744 0.743
Ours 30. 88 30.29 29. 84 30. 34 0.781 0.799 0.781 0.787
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Fig. 9 Comparison of image restoration results of rectangular broken

heritage images
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