Computer Science and Application +EIR} 5 R, 2022, 12(1), 83-94 Hans Y
Published Online January 2022 in Hans. http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.121010

4
d
w

HEF S Transformer I E{RIEE

BF, TEA
KR, LB

o

ks HiH: 20214F12421H; FHHEM: 20224F1H18H; KA HM: 20224F1H25H

B

A HZE TR 2 S B BB E D 45358 F SR R R P DU BUILEC ) 77 o8 S iF X 85 B E R 2 RpE
S XBRRAEE XBHISCERAT . AT, A KR Il E B R R RIS T kD XHE
XHEBAUZTFESFHBE —EEYAHURBHER. ATHRIX—HE, RCRH—FMETHD
transformerf] B4 1EEMN%E, Z#EEtransformerfiH A T A K transformer 2 X B ERIERH
s 1) BRI E 4 8 3 XA TR X 342 H RS B LB B EAHE B KA 52
XA AR UE; 2) R B AENAALEREEMNBE R BB E X BERERGEERE . 5£E4H
ERIVUSHIAL, ZETFtransformerfI LB E AR R FIRABE LSRR .

KA
WY, B AHE, Transformer, BHIE, HULEERE

An Image in Painting Model Based on
Mask Transformer

Yanting Kang, Zhijie Wang
Donghua University, Shanghai

Received: Dec. 21%, 2021; accepted: Jan. 18", 2022; published: Jan. 25", 2022

Abstract

Existing deep learning-based image repair networks usually use an attention mechanism to fill
intact area information into the area to be repaired in a similar matching manner to improve the
texture details of the area to be repaired. However, the existing measurement method of attention
mechanism only considers the feature texture and lacks the understanding of semantics, so that it
will use the information of some semantically dissimilar regions. In order to solve this problem,
this paper proposes an image restoration network based on mask transformer. The difference

WEGH: BES, FEA. ETHW Transformer [EGEEMZD]. HEHIRE SN, 2022, 12(1): 83-94.
DOI: 10.12677/csa.2022.121010


http://www.hanspub.org/journal/csa
https://doi.org/10.12677/csa.2022.121010
https://doi.org/10.12677/csa.2022.121010
http://www.hanspub.org

)%ﬁ%"’

ESNERS

between the masked transformer module and the basic transformer layer mainly includes two
parts: 1) The feature map is divided into valid regions and invalid regions by mask, and the mask
attention mechanism is proposed to effectively model the similarity between the regions to be re-
paired and the intact regions; 2) A method of weighted fusion of query set and similarity matrix is
proposed to accurately fill in information for the region to be repaired. Compared with the tradi-
tional attention mechanism, the transformer-based method can effectively improve the texture
effect of repair.
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H R transformer 8 4338 ik B A BRI R UL AIE SRS R F 42 Rl SOME A 38E B . AR SR
et transformer B SEHERHEEID) 0 e T RSN, I BARYEHERS R A A e ir R is S 8. Hoog
UF PRI T A il — AN B AR, SEUF BRI A5 5T ST i Ik 26 1 35 R I 4 i 2 i (Token) R IR A BB B . 4
FHIE I AR SR A RS B UL SIS R LS SE b A A AUES B I IS AR S A softmax BB
G JE AR SR BEFE R, 5 fe F A AL FE R B 5 B SR A il & FEIE R BN LA B S AL . A A SO 1T 1)
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Figure 1. The structure of masked transformer module
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Figure 2. Mask attention module
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Figure 3. Image in painting network framework diagram based on mask transformer
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Pluralistic-inpainting (P1) [20]: it 1 —Fh-FAT X5 S IR 2R 27 SI R Y, HE 4 2 SOSR BB 2R X 3 1) e
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SHRAE TR 256 x 256 K/,

5. R 51
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o, FID AT RAK S WAz 52 G AN iR 46 UG FE AR AE 2 T AR ALLEE . PSNR AT SSIM AT DK 35 s S Y %
MG AN GG B 45 W 15 B AR A RE 77« P38 L1 332 T LUK SUR A& 5 A% 2504 TR 46 P45 P9 2% X0 AR A
o X JURPPPAN 4R bR B RO AN R 7 T PPN RS2 (1 4 306

1 gy AR SO 5 A R AR ) e o B A . GBI RAR T LR, AR I IR ALY = A
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g FARTE an Ay, ARG SRS IRTT 6% A, ERGEHIEE LIRTE 2% 445 . SSIM fEARTE A
M En g AT 2.4% 4, TR R RARAE FIRTT 3.6% A4, TEXGEMESE IRT 1.5% A 4. TS
HoAh F AR L, ASORITE B R bR BIA it AR TARER S, DR SR E &
BEZAME B, X AN E A A S R B AR T RO B o IX B EGUE 1 AR SO AL 4865 transformer
SE R LU AR G (13 = TR RE 8 TEINAE R R A R ARBME B .

Table 1. Quantitative comparisons on CelebA, Paris Street View and Place2
5% 1. CelebA. Paris Street View FA Place2 #1R& FHIE S xttl

Hmse CelebA Paris Street View Place2

DR 10%~20% 30%~40% 50%~60% 10%~20% 30%~40% 50%~60% 10%~20% 30%~40% 50%~60%

EdgeConnect 17.6 33.37 65.38 32.54 66.61 117.53 55.53 83.23 130.9
Deepfillv2 19.61 41.26 74.64 39.2 85.53 145.97 54.54 89.22 136.28

AP Pl 32.83 65.88 99.52 41.43 96.24 143.32 67.11 128.86  181.27
Our 14.58 29.63 56.39 21.24 51.75 101.48 457 73.59 109.54
EdgeConnect  31.35 25.94 20.97 29.83 25.46 21.54 29.86 26.44 22.76
Deepfillv2 30.85 2541 20.67 29.45 24.94 21.28 29.49 26.82 2251

PONR Pl 28.13 22.81 18.55 26.11 21.75 18.11 27.69 23.13 18.27
Our 31.89 26.55 21.82 31.53 26.59 22.14 30.48 27.3 22.97
EdgeConnect  0.883 0.744 0.566 0.8658 0.7163 0.5362 0.8445 0.7003  0.5398
Deepfillv2 0.8859  0.7532 05732 0.8757 0.7242 0.5435  0.8423 0.714 0.5391

SSIM Pl 0.8624 0.7034 0.5264 0.8414 0.6608 0.4738 0.8307  0.6447 0.463
Our 0.905 0.776 0.6121  0.8965 0.758 0.5654 0.8605 0.7213  0.5491

EdgeConnect 0.0088  0.0213  0.0449 0.0114 0.0251 0.0468 0.0112  0.0211 0.038
Deepfillv2 0.009 0.0216  0.0459 0.011 0.0257 0.0475 0.0103 0.0206  0.0362

Mean I1
Pl 0.0124 0.033 0.0661 0.0164 0.0388 0.0734 0.0134 0.038 0.0814

Our 0.007 0.018 0.0376  0.0082  0.0202 0.0416  0.0079 0.018 0.0432

DOI: 10.12677/csa.2022.121010 90 LR 5 5


https://doi.org/10.12677/csa.2022.121010

g, EEN

5.1.2. EMELE

T 4 BT ECy GCy Pl FIARSTIIE Y AR BRI S . 7E =AM EE T, AU R IFTH
fhsE B, Hrh EC MRS E 10 FAE U E 2R Xk DU BOE RiE SCA R, S8E s 8 -G N5
BB o A5 58— 47 A HR B o7 5 0 DA AR A R A MR BR DX 3, T %o 0 S 7 R ) R ik s 74 ok
BONRIFHMBEBR . G105 =47 PR s 707 BARR T A B s B 5. it | GC AR, e
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Figure 4. Results on different data sets
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