ISSN 1004-9037, CODEN SCYCE4 http:// sjcj. nuaa. edu. cn
Journal of Data Acquisition and Processing Vol. 39,No. 4,Jul. 2024, pp. 933—943 E-mail:sjcj@nuaa. edu. cn
DOI:10. 16337/j. 1004-9037. 2024. 04. 013 Tel/Fax: +86-025-84892742

ETRHHEIBFINERZ B AEFMENEGIEE
2 OB, kWA, Tk, KRk, 2hEE

(IR T RFOEHAE B SIFANL TR 2B, 1 200093)

W B EAATREZIMBABRS LA AT S HERORELIT, B THZSHGAEBRE LR T 15
A 4R fiAﬁ A F L F IS, At A, R B4 e s B fan ik me s a
BHE Ak, BEROABAS L BTN S X e B E RS 5. MBI E RS
TR 5 X 4G fF AL 25 3R o PR A A, A ] B ROE 136 2 1) 4% A Ak A At M A R AR A AR AT E A, AR S 4

B RN R, RIS AR IAFEHENEE, R, EF R AR
FE IR > T 5| N T 8] 4 AR R fe e BE 3 | "'N"@?l‘/}%?ﬁ ‘;&«19?]6’]%’4& Bl B A8 4813 B F 5 w9 iZ 3B
BEAAMSET XTI, RB 188 BRI E R AZIAITE RN F%«‘#J % ., 1 CelebA #= Places2 #¢ ¥ &

LA Mg ATAT R EH T 177.7‘%/&4'&&}% % b a4k AR
XEIR . BG4 BAL TR z@ﬁ;%&z@s%méﬁﬁ;%%Mm%m%ﬂzé\
hESES . TP391.41 XERFR AR : A

Image Inpainting Based on Perceptual Inference and External Spatial Prior Features

WU Peng, ZHANG Sunjie, WANG Yongxiong, CHEN Yuanfeng, QIN Haiwang

(School of Optical - Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093,
China)

Abstract: Image inpainting based on deep learning has made a lot of remarkable progress. However, when
there is a large area mask, due to the lack of reasonable prior information guidance, the repair results often
appear artifacts and blurred textures. Therefore, we propose an image inpainting algorithm that combines
prior features with image predictive filtering. It consists of two branches: Image filtering kernel prediction
branch and feature inference and image filtering branch. The features are extracted from the decoder part of
the image filter kernel prediction branch. The multi-scale external spatial feature fusion is used to
reconstruct the mask region features, and the decoding stage is passed to another branch as a prior feature
to provide richer semantic information for image inpainting. Then, a spatial feature-aware inference block 1s
introduced in the feature inference and image filtering branches, which can filter out the distracting features
and capture the informative long-distance image context for inference. Finally, the image prediction filter
kernel is used to filter and eliminate artifacts. Compared with other repair networks on CelebA and Places2
datasets, the superiority of the method in repair quality is proved.
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Fig.1 Overall architecture of the proposed model
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Fig.2 Structure of multi-scale external spatial feature fusion module
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Table 1 Objective performance comparison of different methods on Places2 and CelebA dataset

. B . Places2 § ¥z 42 CelebA %242
WA 8 bR ViRiS
10%~20% 20%~40% 40%~60% 10%~20% 20%~40% 40%~60%
EdgeConnect 29.717 23.251 19.440 32.327 25.421 20.201
AOT-GAN 21.384 20.873 18.474 18.032 17.980 16.263
PSNR 4 CTSDG 30.582 23.361 19.325 32.553 24.782 20.048
JPGNet 29.913 23.166 19.400 35.816 28.217 23.072
AR Tk 30.809 23.762 19.714 36.857 28.790 23.348
EdgeConnect 0.939 2 0.829 6 0.674 2 0.975 4 0.9109 0.775 3
AOT-GAN 0.846 9 0.8335 0.6709 0.746 6 0.739 6 0.6255
SSIM 4 CTSDG 0.942 2 0.826 5 0.6736 0.958 1 0.869 7 0.738 6
JPGNet 0.9399 0.820 6 0.668 6 0.970 8 0.904 3 0.796 4
ARSIy 0.947 5 0.8355 0.685 0 0.975 6 0.9123 0.808 2
EdgeConnect 1.17 3.44 6.83 0.98 2.98 6.15
AOT-GAN 7.51 6.50 9.07 9.78 9.61 11.9
Liv CTSDG 1.52 4.97 8.27 0.97 2.99 7.38
JPGNet 0.85 2.64 5.31 0.40 1.38 3.26

ARSCTT 0.76 2.46 5.12 0.34 1.30 3.14
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Table 2 Objective performance comparison of different methods on real shooting images

S b ik AL
10%~20% 20% ~40% 40%~60%
EdgeConnect 31.642 23.871 19.469
AOT-GAN 21.351 21.671 16.214
PSNR 4 CTSDG 31.560 23.217 19.189
JPGNet 32.084 24.788 20.376
ATy 32.560 24.984 20.611
EdgeConnect 0.953 4 0.846 5 0.677 8
AOT-GAN 0.850 6 0.8339 0.632 8
SSIM 4 CTSDG 0.961 6 0.843 0 0.6817
JPGNet 0.953 3 0.842 1 0.685 2
ATy 0.966 9 0.857 3 0.694 3
EdgeConnect 0.74 2.60 5.40
AOT-GAN 5.84 5.10 10.23
Ly CTSDG 0.57 2.39 5.17
JPGNet 0.51 2.21 4.74
AR5k 0.43 2.01 3.97
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Fig.5 Repair results of different methods on Places2 and CelebA datasets and real shooting images
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Fig.6  Comparison of image inpainting effects of each ablation algorithm on Places2 dataset

(e) Real images
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Table 3 Ablation experiments of each module on Places2 dataset

5% Sk 1 £ 1)
0%~20% 20%~40% 40%~60%
w/0o MESFF 28.862 22.762 18.894
PSNR A w/o SFI 30.149 23.004 19.017
w/o SFI &MESFF 27.489 21.663 17.773
AT 30.809 23.762 19.714
w/o MESFF 0.940 6 0.818 8 0.659 6
SSIM A w/o SFI 0.943 3 0.8213 0.661 3
w/o SFI &MESFF 0.938 0 0.8159 0.5911
AR CT7 0.947 5 0.8355 0.685 0
w/0o MESFF 0.86 2.79 5.73
Ly w/o SFI 0.84 2.72 5.71
- w/o0 SFI1 & MESFF 0.89 2.90 6.04
ATk 0.76 2.46 5.12

F A MESFF A58, B 80 56 5 A J&] Rl A4 18 SC3RA BE 1k 55, 7= A= 7™ B A ASOR 206 21 5 A3 i SFT AR B
2 R A A T SCOME AR SO 4 — B0k, DOTT AR S R B 45 Ry R EC B, g 3 TR, SFLA
MESFF #5564, A B 7E PSNR .SSIM F1 L 13X 34845 b B8 58 451975 43 .

4 LRIE

ARSCIRER T — PO 9 003 3228 53 BB AE S AE S, 20 30 M) i 238 0 46 1 4 ik 51 6 ] 5 3ol g
PR IR G B BN PR ol 22 ROBE S 25 ) R A il 45 5 R R R A7 T S T A W) 20 3058, JFA Oy e
B 2R AR A Lo BRIE AR AR A R PR A58 D 3 SRR 43 51 S [a] A A SR R A BB BE A O g A
O3 BOTE T 0 W R AR () 4 2 45 8 R 0 G B PR R LR SCHEAT B . A LS N BB R
S AE AR R S D AT SE IR, MR TS R A5 A4 52 30 45 2R ORI R D5 ik RE RS A B 18 R IR S
BREGFY UL K A0 25 A SO, 5 BUAT B9 S0 2 A O BT R0 24808 S T IE AR L L A 3N SC Bl I B IR TR
2> AR T A B B R AL
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