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Three-Stage Image Inpainting Algorithm by Edge Generation

Based on Contextual Feature Extraction
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(College of Physics and Electronic Engineering, Shanxi University, Taiyuan 030006, China)

Abstract: For an image of large irregular missing regions, recent deep learning-based image inpainting
approaches often generate content with blurred textures and distorted structures. To solve these problems,
a three-stage model that separates the painting problem into contextual feature-based structure prediction
and image completion is proposed. In the first stage, our model utilizes surrounding image features to pre-
dict missing regions during a dilated convolutional encoder-decoder network training. In the second stage,
an encoder-decoder network based on the self-attention mechanism takes edge features extracted from the
first stage predictions as inputs and recovers the texture structure of the missing regions. In the third
stage, the outputs of the first two stages are passed to a refined inpainting network using the improved U-
net architecture to guide the repair process. The proposed algorithm is compared with the existing classic
algorithm on the public datasets. Experiments show that our method outperforms existing methods in
terms of subjective vision and objective evaluation.
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Fig. 1 Structure diagram of three-stage inpainting algorithm
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Tab.1 Coarse inpainting network structure

BEZ AR LTIPN i1y ESL N ZINAN PN 23l =% TR R
Conv_1 256%256*4 256*256*64 5 1 1 Elu
Down_Conv_2 256%256*64 128*128*128 3 2 1 Elu
Conv_3 128%128*128 128%128*128 3 1 1 Elu
Down_Conv_4 128*128*128 64*64%256 3 2 1 Elu
Conv_5 64*64*256 64*64*256 3 1 1 Elu
Conv_6 64*64*256 64*64*256 3 1 1 Elu
Dilated_Conv_1 64*64*256 64*64*256 3 1 2 Elu
Dilated_Conv_2 64*64%256 64*64%256 3 1 4 Elu
Dilated_Conv_3 64%64*256 64*%64*256 3 1 8 Elu
Dilated_Conv_4 64*64*256 64*64*256 3 1 16 Elu
Conv_7 64*64*256 64*64*256 3 1 1 Elu
Conv_8 64*64*256 64*64*256 3 1 1 Elu
DeConv_9 64*64%256 128+128*128 4 1/2 1 Elu
Conv_10 128+128%128 128+128%128 3 1 1 Elu
DeConv_11 128*128*128 256*256*64 4 1/2 1 Elu
Conv_12 256%256*64 256*256*32 3 1 1 Elu

Conv_13 256*256*32 256%256*3 3 1 1 Tanh

1.2 BB EEME
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Tab.2 Edge inpainting network structure

JrARITRZ RUERHIE, a5 R RIS/

HE, RAREY RS RN, A8

PP s UG s i A TR BLAE S 8 0

F BRI S PRI AR A TR A SRR 2

IR, DURIERTSAITS S — Stk s s

WL S5H L3 2 T

Uk 3L YR THBUEE STRIIELE SN

Bye= G By M ), ¢)

T2 A fa AN BK RS UG BR AR
Conv_1 256%256%2 256%256%64 5 1 1 Elu
Down_Conv_2 256%256%64 128*128*128 3 2 1 Elu
Conv_3 128*128*128 128*128*128 3 1 1 Elu
Down_Conv_4 128%128+128 64+64*%256 3 2 1 Elu
Conv_5 64+64*256 64+64%256 3 1 1 Elu
Conv_6 64*64*256 64*64*%256 3 1 1 Elu
Res2net _1 64*64*256 64*64*256
Res2net_2 64*64*256 64*64%256
Res2net_3 64*%64*256 64*64*%256
Res2net_4 64*64*256 64*64*%256
Conv_7 64*64*256 64*64*%256 3 1 1 Elu
Self_attention_1 64%64*256 64*64*256
Conv_8 64*%64*256 64*64*%256 3 1 1 Elu
Self_attention_2 64*64*256 64*%64*256
DeConv_9 64*64*256 128*128*128 3 1/2 1 Elu
Self_attention_3 128*128*128 128*128*128
Conv_10 128*128*128 128*128*128 3 1 1 Elu
Self_attention_4 128*128*128 128*128*128
DeConv_11 128*128*128 256%256%64 3 1/2 1 Elu
Conv_12 256%256%64 256%256*32 3 1 1 Elu
Conv_13 256%256*32 256%256*1 3 1 1 Tanh
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Tab.3 Refinement inpainting network structure

BE AR i A i 14 ESU NN PR 25 % UG BRAR
Conv_1 256%256*5 256%256*64 5 1 1 Elu
Down_Conv_2 256*256*64 128+128*128 3 2 1 Elu
Conv_3 128*128*128 128*128*128 3 1 1 Elu
Down_Conv_4 128*128*128 64*64*256 3 2 1 Elu
Conv_5 64*+64+128 64*64*256 3 1 1 Elu
Conv_6 64%64%256 64+64*256 3 1 1 Elu
ResZnet _1 64*+64*256 64*64*256
ResZnet _2 64*64*256 64*64*256
Res2net 3 64*64*256 64*64*256
Res2net_4 64*+64*256 64*64*256
Conv_7 64%64%256 64+64*256 3 1 1 Elu
(Conv_5-+Conv_7) 64*64*512
Self attention 1 64*64*512 64*64*512
Conv_8 64*+64*512 64*64*256 3 1 1 Elu
(Conv_4-+Conv_8) 64*64*512
Self_attention_2 64*64*512 64*64*512
DeConv_9 64*64*512 128*128*128 3 1/2 1 Elu
(Conv_3+Conv_9) 128*128%256
Self_attention_3 128%128*256 128+%128*256
Conv_10 128*128%256 128*128*128 3 1 1 Elu
Self_attention_4 128%128*128 128+128*128
DeConv_11 128*128*128 256%256*64 3 1/2 1 Elu
Conv_12 256*256*64 256%256*32 3 1 1 Elu
Conv_13 256*256*32 256%256*3 3 1 1 Tanh
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Fig.2 Celeba-HQ test set experimental results
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Tab.4 Celeba-HQ test set indicators of every algorithm

AR/ Y S
PatchMatch5£3%  Deepfill-v1 $5#%  Edge-Connect 5.3 CTSDG Hi% AR
[10,20) 0.865 0.901 0.935 0.939 0.940
[20,30) 0.801 0.845 0.893 0.904 0.915
[30,40) 0.766 0.811 0.858 0.877 0.903
[40,50) 0.741 0.744 0.820 0.827 0.836
PSNR/ %
AR/ Y - - - - - -
PatchMatch®3%  Deepfill-v14#  Edge-Connect 8% CTSDG ##: ASCHTHE R
[10,20) 26.53 28.31 29.72 30.55 30.65
[20,30) 23.78 26.43 29.30 29.45 29.48
[30,40) 22.93 23.02 26.72 26.61 27.34
[40,50) 22.57 22.44 24.59 25.14 25.20
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Fig.3 Subjective results of ablation experiments
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Tab.5 Ablation experiment objective index comparison table

Res2net N X N/
ERES-wILiINi X N N/
PSNR/ % 24.48 24.39 25.20
SSIM 0.816 0.821 0.836
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