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Abstract

Image inpainting is a technique that utilizes existing image information to effectively reconstruct
its missing or damaged parts. In light of the issues of structural inconsistency and blurred texture
de-tails present in current image restoration methods, this paper designs a restoration network
based on the principles of visual information processing. In our model, the structural information
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of an image is initially analyzed and transmitted to the processing unit, followed by the supple-
mentation of detailed texture information, thereby gradually building a complete visual percep-
tion of the object. By systematically encoding the structure, texture, and perceptual characteristics
of the image, an image inpainting network with multi-source feature encoding has been developed.
The network employs a concatenation of Vision Transformer (ViT) and Unet networks to progres-
sively process the structure and texture of images at full resolution. The ViT, designed based on
channel and sparse dual self-attention mechanisms, integrates and amplifies features to augment
the global key feature encoding capability, improving the semantic restoration capacity of the en-
coder. The Unet structure enables multiscale fusion of multisource features and further refine-
ment of image inpainting details. Additionally, perceptual style encoding is introduced to heighten
the perceptual similitude of the restoration effect. Qualitative experiments conducted on the
Places-365 and Cele-bA-HQ datasets, along with validation using common evaluation metrics, un-
derscore the superiority of the proposed method.

Keywords

Image Inpainting, Vision Transformer, Unet, Channel Attention, Perceptual Style

Copyright © 2024 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. 51§

BIUG 18 54T 25 B 7RI I e e 75 00 R R R 1) X Sdh A7 e, AEAE SR a1 EUGOR T e il A s
%o HTHTZHMNHAME, BBREEEARCER®AGPEREEN . B, H500ss BRI E
[1][2], ANJGHER BB R3] [4], RN CRIP [SIEREE T — R B R k. VBN —Fh e 21 BUR T
AT, BB BT BN AT S5 T B A R L

HAENAEGEIEEGZMEN . SORFARIEIE . b 5 1 4 W 4 (Convolutional Neural
Network, CNN) & &, JT-UR B2 2] (7 A AE BB E US| 8 i e . X ekl BIR e S
RN AT T2 B MG AR B A, R CNIN O G fA RS s 5 A VR R A A AR, 38 0 KR i 4 3k
TINGR, #2731 B AR R 2] HARIXIR[6] [7]. iXFE, BBEEAMUBES IR E R IE Sy, IEREW IREF
JRUE B R 7 B)— Btk It A ot Btk 2% [8] (Generative Adversarial Network, GAN), PN %ifid#4+H 5.
YER, LB () i 2 B RS, BURIEEAS] 7 BEN K. Rares [9]1f i KM EHE %
S HIRFIE 5> 4, Qin [10]4H CNN TEAE S W28 I fgtd 25 vh, I 22 ROBEE =3 5 & i M A i
B Unet [11]/HEL, UNet SR T 4witas - MERDes 4k, @ik b N RFEERAE T DG R O B8 7 UG 1 %=
[EA5 2, IR BB B IR RS B 5 M SRR IE S B AT Al A . UNet 8575501 Yan [12]%5 A $2
H7E UNet 2544w 5] NS AL IE % (Shift connection, SC)JZ G 1EE Tk, ‘B SC |2 B a2 U
R G 5 XIBAFEAS S, 1% — 0T AT DATE 58 J R B [ pAy 759 380 SE RS Gl i SO AL B A BB R 45 R
Liu [13]7£ UNet &5 i 7 A B sh IS B H I o B4, R RIEEAE A 2UE B A B T B IS H
IAF R, S BN 4 B e 1 25 B TR ME R B B G AR AR . Yu [L4]8 N1 BRRIERIE B XN A
BTG AR FA, DI R R IS B SUE R

B IR SRR, ESRIE S A BRATUS0A AT I v B I L] Transformer 3 FH 21 T ML 9EAT45
5 CNN AFl, B IR IAE AR N SIS R, aetisid B xCh 5 4 R RFIE RS ., B 4 Hidei 42
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KR B R #i95 R . Dosovitskiy [15]% AF2HL T VIT (Vision Transformer), @i KA @5, AT L%
U Ml AR A NRFAE Z T [ 4 JR 6 2R, AT SE P b se B RSB 5 . B2 VIT I E S RN K —
YA, MNITTBEAS T 3 J 20 R AR AL B B « Dong [16]28 A\t T — /M8 Transformer 45115 5 M
4, B IS R RO B g AL A S AR AN TR RS 1z Ak RE 11, BT R A MR TC AR b S L&
405 . Wan [171H Transformer BHAT4MRE R, F CNN EATSEEAN 7, # CNN 5 Transformer 34
HAT S, EIR 51N T UNet J8 1 BEERR & 1V E ANR 25 B DA SR, 6 R IR B A BRI M RE 2
o Li [1817EULIEEA by I T KU BRI 2%,  Fn N IR 75 ) B AR s BT H T 2% o, I S XU )
S AE J5 4 R 2% th g & FE A 33 . Transformer AT CNN 78 44 A BEATIR & A 05, CNN 1E J& 3R AEFREL
A fa) BRSO DT TR A R, T Transformer 76 4 & @ BORTAL B RO ¢ R 07 T LA R, 4u1J7
AR T84 KA R3S

HAT I EEIE Z AT DORE A = 2K A RE N4 2 A s 9 2 R ik X 4% o LA i Y
#5[19] [20] /2 i it — AN AE s I 2K N\ I 8 BUR B L BB B I BUR , B B > BUR e
KER, HRPNERAENE R RIRE, TERIEEBE SR e 24 s 2R 2 AR s
25[21] [22] [23|3HATBAS TAE, BAMERE 7 S8 E GRS 7. 383l 2 MG 2 K5Ens, % 770] LL
AT AR B R 2 I RBIE AT 55 o itk s 45 [24] [25) 2 —FlZ AL E R 7%, e BGIE B AT
ZNTRNZAN B B BRI E EG A AP 28, WRLREGOR BB HTE W, R EREE
SR . TESATEY B, T = 7 HR BRI S A N 2 S R, il 3 2 78 MG AE S A L A B35 I3
AN G5 A5 22 A s R 0t 0 28 AT B X 4 AT BE AL

BEt BRI R, AR SO SR 25 A2 pla R gt X o 26 ) S AR, T8 Ik 22 A 0 4% 43 S B AN [ Jg P P
fE, $RH T — P T 2 URRHEN 3 A 1 S AE N 4 . ARSI F B DTk T

o DIISERERIREDN R A, ME T NEHELE, KO SRS S BT RS, Jfie I8

18 7F 7% J1(Efficient Channel Attention, ECA)[f) UNet £ X 45Ky, SUBE . BN 4% Z YRR E HEAT R

P
o

o Wit TIBIEAMFGEXEER /1 VIT (Channel Sparse Dual Attention Vision Transformer, CSDA), i
I XUE S IR RS B, S RS B & R ) B B E R /KOS R, M
T 3R 15 S ) 50915 2.

o fE Unet Mg, JEIEARRAREEMA ECA BIEER /1, SEHUN A FEAFE Sk, (M
28RS A SN MR O FR EE R R X ek, AN T M 9 AR AR () R

2. KX &

ARSI R HEZR AN 1 B, P RO AL i S IEIE AR S X0 = LI VIT ik,
B ALY B IE NI S RO B R M RIS AR 2T ECA [26]-UNet (2 PR AERAL S, AENE A
ROt A 4 RAURARE R . BTN T IR RS G AR D s MR IB R 2 Ak

K 1A 1 28 B R AASE DL R AZ O B R AR . FERX AN, BN B |y A RS, IRl —
NI MRERR BT IIEE M Z BT AL, S ZHERENREG)E, RAGIBREE. B4k, W
A=A HRSHEIR Iv IMER, H x W x 3), Hrt H x W RRRHIE K R AS 8 70 95, AT 3 x 3 B
R RS AL B EAT T R I RIS JE 21— S e R AR S 18] AR, RRIE R - - R i
THI VIT Block, 4/ Block H1HIZ A CSDA 4L, &2 4t 25 19 2% #05 F A AN ] (1 1838 20 43 e
T SIS ZR AR E T, S0 1 BRERE SR 5 O S (R [BIRFAE . D 1 REAN 7 2 B 2545 21 1R R AL ik
ITHE RS, ASCRH 2 REEBHAHERE, B8RRI “5+5” Unet Jufidas - DS 4Lk, B g
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M8 B R A5 BB RGN, FHAEE BZBZINE, Emidaih 51N ECA BATREIZH RN &, XA )77 30T A
A EGEA R RERRIEEE, g A B BRSO A 4 .
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Figure 1. The framework of multi-source features encoding network
B 1. iR iR AR M 4R HE S
» + N =i -
2.1, BIEHHEIGEEN Transformer &R
l’ [
| |
> 4 |
| §|2§ R—® IIIIIII X D> | @ Adition
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: A | @ Multiply
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Figure 2. Channel sparse dual attention vision Transformer module attention
B 2. BEFHHIEE S Transformer #RIRAEE IS

STESEFF G A R A S S g inae 1, I T —FhilE FER X A e ], DL R ViT
i B2 Sk FVE B PR s 2 BR, 1Z0d PR Se R 1 x 1 SR EE R bR ST S,
i 3 x 3 REEHAUAE AT I(Q). BE(K)FIME (V). X— BRI Q 5 K X IR T 2%t vk 2 /114
P, I Rt 7 UGS 5 i s i A1 0%

QK"
= 1
7a 1)
o, d=C/k ARERN, kKBS S . R EEZ T, X P AT T /N1 BT A 28 HE i 6 5
M SEIEFE top-k, Xt —AT AL EERE REREAT 4007 3TN TRIE M AT E, F 0 Biell. Xx—5n
PABE— B i s 2 (S L, RN g AR

P

DOI: 10.12677/m0s.2024.132111 1186 e RSE TR


https://doi.org/10.12677/mos.2024.132111

FHRAO %%

(P ) P, P >HIMHE )
(Pk)i =10 P, <BIfE

b, BE RTINS kK MR K. B, 4 Channel Attention #1 Sparse Attention FRIIIAL IR FETRLLV 75
FI| CSDA ¥ 2t -

Attention = Softmax (P )+ softmax(M (P, k)) )]

FEREAS CSDA Y, S5 5EfE S (K — 1B X o AL ARAE, CSDA (g% id 7l BLan 22 X (4) (5)
X, = X, ; +CSDA(LN (X, ,)) (4)

X, = X; +FN(LN(X{)) (5)

o, X| Mt x, #ox CSDA FIRT 3 M 4% (Feed forward Network, FN)f4H, LN ZHEEERIH—1k. 755
fi CSDA A i EmAS J5, 44 JRRrfiE s AN KUK I8 Z U IE R S St T 2 B & R BIE B 45 R .

2.2. ECA-UNet ZiR4FER &R

Figure 3. ECA feature fusion module
3. ECA $F{ERt & 151R

NT IRHE AT 5 G0, FEGmtdas TPoInN TRFERLARLE, $EIEIS CSDA R i R R B X
HRIBIFEI By s Br Bor Py (LB D)IBREEBAFFEM L . HARHEREBEP 5N T ECA, nls
3FR, KN RHIE il 7 1 (Average Pooling) 313 & RFHE[C,11], Z Rl SAT HBRUZ KN
k [ —4EEFUR A BUBTE R E, A PCE R T J5RFE R . Hod ks imiE 4 C L B 1& N
A(6)FTR:

(logC +1)

2

k= (6)

odd

k ZREBEAD, CRREIER, odd Fom k RAEHTT . FERl & IR T 51 NFER ML AT DAE fR
FERLE (VT SRR [R]A  AE 52 I 41X 3 i N AR (1 2 035 S AT 7 Bk i o o 3L 2 2 BRI R
TIRCE A, PR BERS ISR R FR 2B R XK, e miE R A RIGHERPEM T &

2.3. BRI REDIER
JEHI RS D iR B 10 Z SR, Wi 4 Fios, 1ZAHeH 3 2 FoRFE. 3 EBRL 2 4~ AdalN [27]
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BiE, 2/~ FC 2 4 AR R, H A TE FC Z 911 Instance Norm 4HH A&7 2 AMal2E ) 244, Shift fl
Scale. 1] AdalN Ht 2 iEX A2 2 SHUN W B4 2EEE BT E ok, BN Shift, Scale 2
SN A BRI R, T SE IR FRRFIEAS S 25 18] . [y WS BEMLAE B, BT DA IR PR PR R AR AR 45
REWS S BE E IR 2 FEE .

Down Conv

Down Conv

Down Conv
Conv

oc-> Wosmmmmsmmnmssnnneeeet @ Addition

Figure 4. Perceptual style encoding module

4. REANARSRAD IR IR

W B 4 Fos, T SEAERHIE 2 A O BB T AR RFAE W BEAT St K5 P MRFEIE N AdalN
JZ, AdalN JZARF B Fr R AL A ELAN 5 2245 R XURS AR AR AT PR~ I AN 7 22500 5%, 728 H AR E S
t, AXERN:

t=AdaIN(f(c), f(s)) @)
FEAE ¢ 78 2% 23 ) i) A, B 4459 BRI ASAE 3, Herh AdalIN A (R
AdalN (x, y):a(y)[%x()x)}a(y) (8)

Pl BN x AREE N y, JFfT S 55 x R IE B AT 22 PAULRS y HISE AT %2 . AdalN i
HALBRF LG &, R R E BTS2, AR S A) R 3E AT UM A% 8

2.4, K EE

AR R =304k 1) SHPudisk; 2) ERPL[28]: 3) BN [29], FAKK) H bRk %L
A PARIN N
L=L +w1Lper +(02 Lrec (9)

adv

ARSI T IR e T PR LA PRS2 10 ONINRFIE 24052 3, 5 68 4777 15 2k
BRI L, T e S R R MR, B A 6 AR B R R AE . 4 KR RBURM%, C,
FRMBIOHE R CHW, RRH | RN, 53U

1

Lo :W||¢j (v)-2,(V); (10)

Zel gt BRI 2 8 0, =1, @, =1000 1, BRSSO Btk
3. LW
ARSCAE PN SIS E A SLHER4E: Places-365 [301 A E G HHR4E, HAfaKkH 365 M7t

FEAHT 180 Jisk Mg, ASCRIGIgRER 177 Jisk, MRESR 3 Jijk; CelebA-HQ [31] N AEEHEE,
¥larilgegess 2.7 JiskiE, MREEH 3000 5K .

DOI: 10.12677/m0s.2024.132111 1188 e RSE TR


https://doi.org/10.12677/mos.2024.132111

FHRAO %%

ASCHEH 2% 3T pytorch 1.9 HEAESEEL,  YIZRFII R 442K Nvidia GeForce GTX 3090Ti 24G
GPU. iZM 2 ffi ] 256 x 256 BG4 1Z%, 16/ Adam 4k 5% [32] 0B R BEAT A4k . BRI B 2R s A2
N 10 BTG, SBURRF PRI S R FF) 107°, HEA RIS BJE R, W
BN SR AR PG AT IR

R LTI EC[25] Deepfill [14] CTSDG [22] ZITS [23] MAT [18] A ik

Figure 5. Comparison of irregular mask inpainting in Places-365 dataset
5. Places-365 Z{IBEMNNERBIEELLE

J LD EC [25] Deepfill [14] CTSDG [22] MAT[18] AICJ7¥:

Figure 6. Comparison of irregular mask inpainting in CelebaA-HQ dataset

[# 6. CelebaA-HQ EIEE A NIERDIE S EL i

JF LIV CTSDG [22]  ZITS[23] MAT[18] A7k JRERIRECA

Figure 7. Comparison of mask inpainting details for Places-365 dataset
[ 7. Places-365 iR EMNIIBILIE S MTILLER
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Table 1. Comparison of irregular mask inpainting on the Places-365 dataset
2 1. £ Places-365 ##E S _E R ANERL & S FTLL

FID| SSIM?t PSNR?T

EFETERE 20%~30% 30%~40% 40%~50% 20%~30% 30%-~40% 40%-~50% 20%~30% 30%~40% 40%~50%

CA [6] 18.57 31.12 45.72 0.86 0.81 0.71 25.02 23.20 21.45
EC [25] 15.22 21.13 37.61 0.86 0.82 0.76 27.21 24.26 21.43
Deep Fill [14] 11.32 19.56 24.56 0.89 0.85 0.77 29.71 25.33 23.79
CTSDG [22] 9.47 17.65 22.61 0.89 0.83 0.76 27.79 24.76 21.03
ZITS [23] 10.21 17.94 19.52 0.92 0.87 0.85 29.53 27.48 24.54
MAT [18] 9.20 15.01 17.39 0.93 0.88 0.82 33.74 28.42 25.78
A3 8.90 14.51 16.92 0.93 0.90 0.85 35.24 29.13 26.21

Table 2. Comparison of irregular mask inpainting on the CelebA-HQ dataset
= 2. 1E CelebA-HQ #iEsE AN HEMBIZE xSt

FID | SSIM1 PSNR?
RN 20%~30% 30%-~40% 40%-~50% 20%-~30% 30%~40% 40%-~50% 20%~30% 30%~40% 40%~50%

CA [6] 10.45 15.42 20.74 0.86 0.84 0.81 27.76 25.59 23.56
EC [25] 8.65 13.56 19.17 0.86 0.85 0.81 28.45 25.98 2331
Deep Fill [14]  4.53 7.32 10.32 0.91 0.86 0.83 30.19 28.71 25.54
CTSDG [22] 4.32 6.56 10.02 0.93 0.91 0.85 31.19 29.93 25.78
MAT [18] 2.43 4.03 4.63 0.95 0.91 0.90 35.54 32.03 28.56
A3 2.01 3.45 4.76 0.94 0.93 0.88 37.03 34.92 29.65

3.1 EMRE

NTBMEIUE S S5 R, A SCAEXS 7 kI A A AR 5] i A #dfs - 141 5 g7 1 iiid EC [25]. DeepFill
[14]. CTSDG [22]. ZITS [23]. MAT [18] LA S ASTHR H (1) 7772 4E Places365 454 kA7 AN FL NI HE i 12
HEER, &6 R T BRBREETEWBEER ZITS AN JTIETE CelebA-HQ iii4E EBRLR, &
7 BT o JT IR RS S HOR

w5 fs, EC il L & (5 Bokdn BRI, X BAMBIN 0BG A R s 5 45 Rt
FAT G BRIE SLEE R, (B R AR RERT R UG AT A B S K G 1B . Deepfill FIH W] UL # Mask (1)
MEGREATRERIUEE, HHETHZARSGEWEESEETBEFE TR ETENBESR.
CTSDG | HZ i MG AR B S HIMEE 7%, TUEREF CEIE T+ EN80E R, HE0E kR
REGTBRAMAD, S5MIBERITHP A T —EHE . ZITS. MAT HIMEE 45 BARHE G807 k45 M N 5 3,
BAEZ A R E FIHER A FAEAR L, S-Sl B GE KRG . A5/ Places-365
HARE FRUFIISE R T SRS B R, MR EARM AR IASHEE S . oh, A NGEEE
£ CelebA-HQ KB E B T RIFHIERDL, 1355 T CSDA ML IITERAE B G i, B/ A
EE X3, HAeE e B IR R IE UE BT B E . 5HAMEEIEMLL, A SR I 5L 4
TEEHR.

AICET Ik T CTSDG. ZITS. MAT (SEMr il 3 Fgik) T, HRR TR
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0. ME 7 FRIRIATUCE H, AR INIEE RS A SO RS E BAEMEE, BmTE 7
BB B A SUE B O S e pER, MBS SRR EE MR, BEARBEER
EUE A=A s iR g M, HizBEIEM G EERREINGH, A2 EIRNEE ERIH TR 1Ee.
3.2. EEMN

ASCAEMRGE RS BUR T T AR RS IHRIR X3, BIAS [A] Le A RS TR, R T /S FiA
F R EBEETTIEUSBE R . N T B BRI 2R L EE AR, ARBFTERA T PSNR (WE{HEAS
W L) VE AR TN T 82 R aG EUE 5182 45 R 2 M ARRLE, SR T SSIM (Z5F A 20)
BEAh, ST IR0 R 5 XRS5 R AE X 28 Hh 1 B B, AR SR FID [33] (R B 8GR 25 ) SR PP A U = SRR AiE
Z IR BIARBARE o X =M P bR, AR RAMNAE B R Z T EVPl TR B R ROR, AR JZ 1T
AT T 256V . PSNR F1 SSIM B R B BEAER EURZ E 4R 11 FID BRAR R s U AE =1 24
fE_ERIARALE S . sk LR 2 BT RO, SRAIXEEPEMNFRbR, A SCHEH MBI /E Place365 5 4%
KGERE L =AE BRI T AL, R HAE CelebaA-HQ #iafk LRI A, X —45 Ik
B T A 90 5 VA B AR EGAE B2 TEAH LU T 24 1T = 30 2 A A DX 4% R e e e

3.3. jHmhsCIE

Table 3. Comparison of multiple attention evaluations of self-attention in Transformer

5% 3. Transformer AERZ M B EE IHITEMNIEFRITEE

it Params (M) FID| SSIM1
MTA + FN 55.31 21.56 0.84
MDTA + FN 57.31 21.34 0.84
MDTA + GDFN 58.16 21.45 0.85
CSDA + GDFN 60.12 20.78 0.89
CSDA +FN 58.20 20.71 0.89

Table 4. Comparison of evaluations for different modules
= 4. NEHER T BTN e frxtEL

it FID| SSIM? PSNR?T

Unet 21.43 0.85 25.98

Unet + CSDA 15.78 0.86 27.39
ECA-Unet + CSDA 14.98 0.88 29.01
A5 14.51 0.90 29.13

N T UEB A CSDA BEHUHME R 45 B2, A% CSDA BEAYHEAT T IHRhSLEs, XF AL ER)
PLRAB4KR[34]: 1) MTA (Muti-Head Attention), FN; 2) MDTA (Multi-Dconv Head Transposed Attention),
GDFN (Gated-Dconv Feed-Forward Network, il it 4, #0|/ME B & HFFE); 3) CSDA, GDFN.
1t Places-365 £ 4E Lk 1 60 JIkfE NI, 3 kB AMREINS, & 3 FIH TR EEF . &
ST A L AR R C B R A B A, X R R R 1A SR A X 1 R S A AR R )

N TIRNR ZIRRHE GRS A e, A0t UL R SRLS: BB 7 w4 /R 45 CSDA;
LS 7 UNet FHIERA I FE R I ECA Bid; 5 fa UL T 5 BRIE T 2 AR B WS B H 5 IR .l
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Figure 8. Ablation experiment of perceptual style module
Bl 8. RAHINARSRAD IR I HRL LI X EERUR

RIS W E, K 4 PRBERE R TR REN R AR, ATIIRAIE 1A P 4 & 2 IRRHIE
A ENE. X — ffE VIT 1 UNet BJERIBRHLEI PR IUCII R . tEAh, FEERIERFI XS g e, Mk a R
FEFTA PO FE AR L8 RoRvERE R I, JUILRAE FID M1 PSNR #5845 . X—BIREYRIGLERAIEZ I A
JITAK  RN AR G B FE R (R S Bt T S TR R W B 8 o T LA AL R B, Herp AL
B 7= B AR B KUk g i, 10 C. D W o 1A FUNE Rt R . 2T, ARSOHEAMY
FEAGEROR B i, BRI 7 A 2.

4, &5ig

SCIGHIT FE 285 BRI 1 AR SCHR U K 22 JRURFAE 1Y 2 50 £ 1548 2 0 5% 7 52 4 R AB 52 ST R A 75 1
Ao EAREBEF U S EENSEE ., SHANE R SRR, ASCHE R - SRR LS AN, A
R T A RAREE R, A5 T2 R AE ). ASCLE Place365 Al CelebA-HQ P K LT 1k
B, KRB ) BB VE R ML 51N Transformer e 58 I b XCIE 25 0015 8., 768 SR E M s
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