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Research on crack image inpainting method based on progressive
feature reasoning

LI Liangfu” , LI Guangyao, WANG Nan, ZHANG Xi
(College of Computer and Science, Shaanxi Normal University, Xi'an,Shaanxi 710000, China)

Abstract ; Image inpainting is one of an activate research topic in the domain of computer vision and com-
puter graphics. Aiming at the problem that the traditional crack image restoration method using one-time
completion restoration method does not have the ability to understand semantics,and the repair effect is
not good when the semantic scene is more complex and the image defect is large,a crack image restora-
tion based on progressive feature reasoning is proposed. This method gradually restores the image from
the hole edge and strengthens the constraint on the hole center. At first, partial convolution is used to
update the mask,and the update ratio is determined by calculating the mask proportion. Then, use the
VGG-16 network for feature extraction, semantic attention mechanism is used to generate high-quality
image features,and use the jump connection method to enhance the gradient correlation of remote dis-
tances,so as to provide multi-scale and multilevel feature information for subsequent image restoration.
Finally,the recursive feature map is fused and decoded to generate a repair image. The experimental re-
sults show that the proposed method,compared with traditional image inpainting methods,can improved
the peak signal-to-noise ratio of the crack image repaired for 0. 5 dB—1. 2 dB and produce semantic clear
inpainting results.
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Fig. 1 The network structure of CI-Net
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Tab.1 Network structure of fracture feature reasoning module

M_name Input In_Size K_Size S_size C_Num O_Size BN Act_Func
PConv2 PConvl Ori/2 7 1 64 Ori/2 T Relu
PConv3 FPConv2 Ori/2 5 1 64 Ori/2 T Relu
Convl FPConv3 Ori/2 3 2 128 Ori/4 T Relu
Conv2 FConvl Ori/4 3 2 256 Ori/8 T Relu
Conv3 FConv2 Ori/8 3 2 512 Ori/16 T Relu
Conv4 FConv3 Ori/16 3 2 512 Ori/16 T Relu
Convb FConv4 Ori/32 3 1 512 Ori/32 T Relu
Conv6 FConvb Ori/32 3 1 512 Ori/32 T Relu
Conv7 FConv6 Ori/32 3 1 512 Ori/32 T Relu
Conv8 Cat(FConv7,FConv6) Ori/32 3 1 512 Ori/32 T Leaky_Relu
Conv9 Cat(FConv8,FConv5) Ori/32 3 1 512 Ori/32 T Leaky_Relu

Attention FConv9 Ori/32 Ori/32 None

DeConvl Cat( Attention, FConv4) Ori/32 4 2 512 Ori/32 T Leaky Relu

DeConv2 Cat(FDeconvl,FConv3) Ori/16 4 2 256 Ori/16 T Leaky_Relu

DeConv3 Cat(FDeconv2,FConv2) Ori/8 4 2 128 Ori/8 T Leaky_Relu

DeConv4 Cat(FDeconv3,FConvl) Ori/4 4 2 64 Ori/4 T Leaky_Relu
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(a) Ground truth (b) Mask image

(c) Pconv (d) CI-Net

B2 G 10%—30%EE %R RGIE
Fig.2 Example image of inpainting result with mask ratio of 10%—30%

(a) Ground truth

(b) Mask image

(c) Pconv (d) CI-Net

B3 EHEEG 30%—50%EE L RRGIE
Fig.3 Example image of inpainting result with mask ratio of 30%—50%
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(a) Ground truth ~ (b) Mask image (c) Patch-Match (d) Pconv (e) Edge-Connect (f) CI-Net

B4 FEEEESHRTGE
Fig. 4 Example image of inpainting effects with different algorithms
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Tab. 2 Evaluation of inpaint effects of different algorithms

Mask ratio Algorithm L1 loss PSNR SSIM
Patch-Match 11. 356 26.997 0.908
Pconv 9. 257 31. 864 0.932

10%—30%
Edge-Connect 8.658 31.913 0.936
CI-Net 8. 468 32.536 0.949
Patch-Match 13. 588 23.291 0. 786
Pconv 10. 783 27.824 0.912

30%—50%
Edge-Connect 10.621 27.836 0.921
CI-Net 9.842 29.453 0.932

(a) Ground truth (b) Add obstacle (c) Mask image (d) CI-Net
BS5 EHERYEERRRGE

Fig. 5 Example image of the inpainting effect with obstructed obstacles
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CI-Net 4 K14 .
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Tab.3 Evaluation of the repair effect of obstructed obstacles

Image L1 loss PSNR SSIM
Image 1 7.294 34.543 0.974
Image 2 7.963 34.198 0.963
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Tab.4 Comparison of inpaint effects

of different downsampling times

Down sampling quantity L1 loss PSNR SSIM
1 8.425 32.214 0.951
2 8. 468 32.168 0.948
3 8.471 32.128 0.939
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— B0 X RS A 30 %650 Y0 1 4 4% ER BE AT 15 A
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K%

(a) Ground truth

(b) Add obstacle

(c) Edge-Connect  (d) Edge-Connect+CFR

B 6 Fin CFREREE &R RGIE
Fig. 6 Example image of adding CFR module repair results

WIm CFR A Hu B E R X e anse 5 frm . Hi&

R 5 HhCFREREEHRIE
Tab.5 Add CFR module repair effect comparison

Module L1 loss PSNR SSIM
Edge-Connect 10. 621 27.836 0.921
Edge-Connect+CFR 10. 583 27.861 0.923
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HET 0.025 F10.002,. 6L e 2 T F. U0
T CFR M By st .

5 &
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