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Abstract Presently, image inpainting in the inheritance and protection of Chinese traditional embroidery often depend on
human labor, with considerable work force and material resources. Furthermore, with the rapid development of deep learning,
generative adversarial networks can be applied to repair damaged embroidery relics. An embroidery image restoration method
based on improved deep convolutional generative adversarial network (DCGAN) is proposed to solve the above problems. In
the generator part, dilated convolution is introduced to expand receptive fields; the addition of the convolution attention-
mechanism module enhances the guiding role of significant features in two dimensions of channel and space. In the discriminator
part, the number of full connection layers are increased to improve the ability of the network to solve nonlinear problems. In the
loss function part, the mean square error loss and confrontation loss are combined to realize embroidery image inpainting through
the game process of network training. The experimental results show that the dilated convolution and convolution attention
mechanism module improves the network performance and repair effect, and the structural similarity of the repaired image is as
high as 0. 955. This method enables obtaining a more natural embroidery image-restoration effect, which can provide experts
with information such as texture and color as a reference to assist subsequent repair.
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Fig.9 Comparison chart of repair effect of each method
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Table 2 Objective evaluation scores of different algorithms for

repairing regular rectangular defect areas

Parameter

. PSNR / . FLOPs /
Algorithm SSIM  quantity / )
dB GB
MB

CE 19.3027 0.7187 68. 35 16. 69
GL 19.8657 0.7436 66.07 53.11
GConv 21.0095 0.7806 100. 33 63.59
EdgeConnect 20.8723 0.7859 103.75 91.03
DCGAN 20.2844 0.6883 88. 67 28.74

Proposed method 21.3007 0. 7863 96. 55 34.40

et B R, AR N 25 B i B T e 23 1S R N AE R R
A TR P W) 46 Ak 1 B TA], PR 7R EdgeConnect 5 748 3C
LB E RN PSNR 5 SSIM #H 2 R KM fs i F
% 18 S U F SisFit A RPN E %,

4.2.2 CBAM 5 %R % RBA ok

h W 3iE 23 T 4 2 5 CBAM X485 (1 52 i |, 3F —
HAE [ A AR B S R AT H S e H R B
Az & B2 S CBAM, 5] A 25 i 4% B2 K51 A
CBAM .5l A% W & U2 5 CBAM X 3 B3k 78 R 1R
P % HL AT BE HLAEE £ 18 B A9 06 &2 85 0L, Bl AL 3 24 i £
i MR B AL 1096, 25 SR an 15 10 fF s o

[ 10 BT AT, 55 4 8 S R il 25 R B B2 R
CBAM Fy R T 25 4 (0165 52 485 % | o 45 4 4 4% =X 1 g 4
PRIy SN 3R O SRS TR AL L3 SN N W s
R E TR C—8M 58 585 M5 A 42 HEFZE
K AFFH CBAM 2544 1 16 52 45 5, ml LA WLgE 3 46 42 1 ok
1) R BE % 32 38 R ER 43 1 R U5 B B A @
TN T B 0] L5 565 6 B A AR SO iR B S 45 5, CBAM
XF DCN $2 B B9 7 2 FRAE , DA 5 28 (0] 2 44 B I
it > A R AE 5 R B A ER , n B L RRAE 9 OC 1 AR
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Fig. 10 Comparison chart of repair effect before and after algorithm improvement
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Table 3 Objective evaluation score of random defect area before and after algorithm improvement

Algorithm PSNR /dB SSIM Parameter quantity /MB FLOPs /GB
No improvement measures 20. 55680 0.87229 96. 55 34.40
Dilated convolution 22.70757 0. 92859 98. 23 52.27
Dilated convolution+CBMA 24.18276 0.95521 98.75 52.89

e 3TN, BAR A A Y S 8 LA VR N s B
BRI, {H PSNR 5 SSIM A 271, 51 A %3 i
HME CBAM Z )5, L 2. 28 % Y 2 K& 2 71 5k i
17.64% B PSNR #2745 9.51% A9 SSIM #£ Ft , ¥ —
HAE 5] A CBAM A LA XS & & (1) R AF 4 HOR 21 45
SHEM LI A S ERUZ 5 CBAM 1] U gi A 5l 25 1
FEAE SR AR ), £ = A7 0 M B I F 2 T BB IE =R .

Sk T 0 R M 156 BH 5 LA R 0 AL R e ) 4 A

input image  no improvement measu
y E1 5
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embroidery
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AT R W 5 D i A AR B T 3o R T UL e O ¢
FAEAEZS E] B A R AR AR WL BT 4 5K 55
PG W REAS B4 1 2 5K U D R 15 2 5K B i Tk H)
G EUE I Hx 4 5K 55 B 18 03 0 s T A 8 26501, 7%
2 A AR K B N B AT TR AL 1T TR
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Fig. 11 heat map matrix and heat map before and after algorithm improvement
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