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Abstract

In order to solve the problems of unreasonable structure, artifact and distortion of inpainting re-
sults in the case of irregular images and large-area missing, a dense residual image inpainting al-
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gorithm based on efficient attention is proposed. Firstly, the damaged image is downsampled to
gradually reveal the detailed information of the image features, which is then passed to the dense
residual network containing the dilated convolution to increase the information receptive field
and captures more detailed texture information. At the same time, an efficient attention mechan-
ism is added, and the weighted aggregation of feature maps is used to generate a global context
vector, which is used to reflect the global description of the input features. Furthermore, a hyper-
graph convolution module is introduced to capture global information and enhance the inpainting
fine-grainedness. Thereafter, upsampling is performed to restore the structural texture informa-
tion of the image. Finally, the generated image is fed into the SN-Patch GAN discriminator for dis-
criminant optimization to further improve the repaired effect. Training and testing are carried out
on public datasets. The experimental results show that the proposed algorithm can achieve large-
area missing image inpainting and effectively capture the global context information and enhance
the fine-grained inpainting, which the inpainting results have smooth boundaries and clear details,
satisfing visual coherence and authenticity, and are superior over the state of the art in terms of
visual effects, peak signal-to-noise ratio, structural similarity and average error.

Keywords

Image Inpainting, Efficient Attention, Hypergraph Convolution, Dense Residual Network

Copyright © 2023 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 5|15

BUGAE 52 FR A B S UG I 52 750 o0 5 MG R R AS BAT L, (B2 R S SR ik UG LA AR AS
I — AR . AW EBIEE TR EAEWE: G EMIETIRES W ITE. Ba)rikd, T
st 73 TR AR I B 22 vh R BOTRE( 1] [2] [3], 8K XA AR5 BAR IR RIS R X I, %38
JiEXT AN A BT B E AR, B2 KRB RS8R E . YRGB KERGEEEARN, 2R
TEEERIMEE I E4] [5] [6], @G BHEHABIX S8, A RS BB s X k. ey
EARHREGIIE X GERE, 53BEGE ER.

RVRFMEG TTERIA R, B FCE AT — PR R B T IR FE 5 2] () 5% . Pathak %[ 7]42H Context Encoder
W2k, TERMBL “Wie” MM S pisise, MaE s EIGRA GBEN, MXEENEE 4
FAEAER RO RN R B . v FIR AR, Li Z5[817E MLIERY E3m 7 — g ot bk, HissE
DX 3R 4 1) S P WA AME R MR I B, GRAIEAE i) 9 2 SN & B R B, 4 RRID AR R AE N
Stk (E AR N RS AL FR T S T B R B o BE S S Yu ZE[O188 HE 3 T P 2 IR RZ A RS A R R 4%
KGR BB B RS E I B, WA SUE S ORI E e, wT DA il O BRI 4 AR, (RAE
G BEHLFLIRE, = Bk 5 R E B s 8. A BB EREHLAS RN X 3K, Liu 251014 H
& BRRE T @SR IEE L, FRAA B ER AR SR LHHER S R XN, GeALBEE
SefRT L BEALASEU R /N AR RO X3, (BB LI AR R 1) X d8h, i8R R K. L5, Nazeri
S T —/NMESEL LA as A G AN X2 1 B B AR oG e 4, 100 4 A i TOU) A= i 2% »
P T 2 A S S B0 S E e R DX 3, 12 P 4 A T S T FRL R T4 20E A A S, (HOBVEE K
TSIk 2% MR - Zheng 25 [ 12142 H—Fh 2 Jo MRS B HIE(PIC), R H B B/ AT 5 A BB AR TFAT I 45544,

DOI: 10.12677/csa.2023.135112 1149 H LR 15


https://doi.org/10.12677/csa.2023.135112
http://creativecommons.org/licenses/by/4.0/

R E

A E BT AR, (HiZEIEE SR 5T 2 M AT H OB AR . MBS 5
SRR IR G R X 3K, Peng [13])554& 3L T 70 2 2 B E X (VQ-VAE), iz F 4 B B JH /2% Fi
SERE R A B S 2 AR S AR, (HER XS AR KR 30% K UL B, ZEIEREE
S5 RS QRN R BN R A . Jam [14]5548 H = M HFERD 2% (R-MNet), ¥ Wasserstein GAN 5 —Ff
B AR S ARG S, TSR A A T A R FOE B SE TR R, (REBE T SRR ik
X3k 30% K DL s ARy, AR AR GO RO, A E N IE. tbJS, Suvorov FE[15 ] PRI (AT
RN B 4 JR S S SRR AT S 0, 42 MR v S 2 B LUK I G AR 45 ), 2 H ki
KIEARBEAUBAR B, H 3 LI SOHARAE, iR KE MG R, DI AR IR S5 M 4010k . 5
I FEAIR HAR IS AL 5 R 5

g LRk, A BB B FIEAE AL RN A AR S SR S B KT AR AN R US55 5 DX A, X DL
LA B R 5 ) 1) 5 2 P RN SR A R 0T 2, A U BB AEE S AN B B, TAG AR, 7 R IS 1
e AT RIEERRE, ASCAE AR EUE, $e i — R T s m s SR E BB EEE,
FOPH RAET 1) N RS AR DB AT R E, R AL 3 20 TR AR ) B R E N 4, 1
KAG B BZBF R R, 3R 2 B8R 5 5, &7 1T/E S A R IAR XS ok ik sk R BB 223
o 2) BINT EROEE N, B (Key, Query, Value)f] = e 44 Rah#E 45 B F X5 8., K il iE 245
TEEIIACR & A2 B R0 m &, fREA R 2RRHE, JFRREE SR AR, G TSR
TR ENE ERBE M. 3) SINBEGREH, HTHELRSEWNER, SEEBRMEHLEE

S|

e
H /o

2. ETSHERNNEEREEHEGREE

Dilated Convolution Efficient attention Hypergraphs Convolutic

Figure 1. The proposed algorithm model
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Figure 2. The comparison experiment 1 of CelebA-HQ
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Figure 3. The comparison experiment 2 of CelebA-HQ
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