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Abstract:

ods try to use the information compressed in the encoding stage to restore an original image in the decoding stage. While, it

Current image inpainting methods mainly rely on automatic encoding and decoding networks. These meth-

is difficult to reconstruct detailed inpainting results by using only compressed information. Due to the loss of information
during compression, there are visual artifacts in the results, such as blurring and obvious edge response around the recon-
structed area. Aimed at the problem of incomplete utilization of image information, this manuscript proposed a multi-stage
decoding network (MSDN). The MSDN decodes and aggregates features of each layer in the encoder by multiple decoders
successively, which can increase utilization of features from different layers in the encoding stage and obtain better feature

maps to reflect the defected area. The experiment results, which are conducted on internationally recognized datasets, show

that visual effects of images generated by MSDN have been improved.
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R e 2 a4 A ), R LR BRI T R 4
T MSDN & 52 (1) A G 1B T8 W, (0 — S et
S 3k AR 0 0 LA 3 D R A8 2 T TS
4.2.2 TEEFMH

XFF IR A th B — K A AT B T R/ADA
[vi] () 483 DX 35, BAN ] L 3] Py s 0 i L, Ol = bR
] ) G AE 52 7 v A B B B 25 R . o T At
RIMERE, 280t T AR 7 k18 2w G 09 & 0
VR 4316, 43 590458 FH #s o B 1 36 A% PSNR, SSIM, FID,
L, _loss KIS I 0 MG 5 T 1] 22 ] 0 AR AL B 22
SRR S, A S 9 MSDN 7E PUAS EE R 8 h5 | 1

(@) HA (b) Pen-Net (c) MSDN (d) A
& 11 Pen-Net(b)}2 MSDN(c)7E Celeba-HQ ¥4 | i1 T A AR &

T CA™ ' HI GMCNN2, %45 545 ] MSDN 4% F &=
LI Gt AT I 245, 18 R AR AT B R 42 T, U R A ARG
B4 155 3 & B R MSDN I T %2544k 13 B
4.2.3 BAPR#HR

X B AE RO VA — M LA =00k 32, R A
SCHEAT T P RS DL A E R . Fe AT MR I
LEREHLIEEICE 100 5K E&, 2EA RS BBl A A 31045 =
Tl J5 ¥ (CA™™', GMCNN') MDSN) i 15 52 45 3 . # 1R
FERS /N 900 5K A% 43 = 3t S 7R 45 5236 /N2 v g 24
A CA 104 03 N FH MG T RIS, 14 A G 42
fied ), R AR =k el AN TR D A5 0 A0 I T L 1 %]
15, A6 AS BRI s 1) ) 2 31343 B3 %k LR 4T 4
S3HEEF 0~10.

B Atk s 24 AN PE S RS R D 1k rAs U AT
Sy REIAE , I3 H R 12 BR B s E SR . f e,
FEAS[R] FL B (R e AR T, AR SCH HE Y MSDN Jir A5 21
FHP AT BE
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CA GMCNN MSDN
TR
CelebA-HQ/Facade/Places2 CelebA-HQ/Facade/Places2 CelebA-HQ/Facade/Places2
10~20% 25.585/24.151/22.492 29.729/27.431/27.318 31.076/27.887/27.559
30~40% 22.948/23.151/18.502 26.651/24.934/22.725 28.375/25.362/23.316
PSNR'
50~60% 21.337/21.536/17.553 24.785/23.318/21.417 26.545/23.819/22.202
YE 23.29/22.946/19.516 27.055/25.227/23.82 28.665/25.689/24.359
10~20% 0.9239/0.9230/0.9025 0.9486/0.9398/0.9336 0.9578/0.9443/0.9330
30~40% 0.8786/0.8762/0.7896 0.9152/0.9020/0.8510 0.9322/0.9087/0.8528
ssim
50~60% 0.8406/0.8328/0.7477 0.8875/0.8669/0.8170 0.9110/0.8767/0.8216
H{E 0.8810/0.8773/0.8132 0.9171/0.9029/0.8672 0.9336/0.9099/0.8691
10~20% 34.036/16.880/30.179 14.594/11.055/15.841 10.057/11.137/15.582
30~40% 53.223/27.261/50.728 27.849/17.323/27.026 16.974/17.366/24.963
FID'
50~60% 73.466/37.111/66.768 37.526/22.782/38.028 21.841/22.313/34.569
¥iE 53.575/27.084/49.225 26.656/17.053/26.965 16.290/16.938/25.038
10~20% 0.0406/0.0399/0.0594 0.0228/0.0291/0.0307 0.0196/0.0280/0.0299
30~40% 0.0669/0.0647/0.1313 0.0382/0.0475/0.0711 0.0319/0.0459/0.0671
L, Loss”

50~60% 0.0901/0.0883/0.1589 0.0522/0.0645/0.0889 0.0434/0.0623/0.0823
IH 0.0658/0.0634/0.1165 0.0377/0.047/0.0635 0.0316/0.0454/0.0576

T FORBRMLS , | FRBU NG B S B BT A R AR AP R i

10%~20%

8 8
6 6
4 4
2 2
0 0
CelebA-HQ Facade Place2 CelebA-HQ

ECA EGMCNN ®BMSDN(Ours)

30%~40%

I I 0 I I

Facade Place2
mCA ®mGMCNN = MSDN(Ours)

50%~60%

'S

ro

CelebA-HQ Facade Place2
mCA ®WGMCNN ®MSDN(Ours)

P12 o as kgt K

4.3 HELXTLE LG

J T B2 UL IR AT B ATN B9 A b, 2 i 4l
VSIS B AIE 25 B ATN DL K H3 A7 34 45 ATN B A9 18 5 4L
H IS AR SO AT 3 SRS EE R AT X L,
E13 s . Hop B 13 (a) M AR B Z ER, 513
(b)~(d) 5 B3 /RJC ATN B (18 B 45 5 I sp AT R4 3%
P ATN G B R 253 e 5 R GG % . B 13(b) 7]
1, JG ATN B 1852 45 5 B8 9K L 45 S5 0 1 P9 A — 00k

BT gt 7™ B ) [X el 2 BRSO B 42, P 13 (b)) 1
B E 45 TR WA B ZR0t, BRI E
AR Mg, nlE 13 (6) T BB R 45
HATEERE ATN G, W28 38 AP BE AT — E $2 T, (HRTRI A
45 LR G ) B AR AT BB e, an & 13 (e) fiis
ATN 19 I 3¢ 7 23 2o HIG T — 0 43 DE e ) i A R M5 .
F R YT JC ATN e SR BB ATN B 390 A9 48 421Xl A
B VC LA AR [, Qi 13(d) s
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(a) Input () JGATN

(¢) HAEKATN (d) FFHEATN (e) Ground Truth
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5 %#ig

ARSCHR M T — T Z2 Gfif % [ 245 MSDN, H &l i i
Xt 2 B B B A% RUBE AR BEAT A, BRAT AN ) RUBE f) 4
RN PR LR A 2= et , JL A8 5 T —ZURHiE
A . A A SCLOF I 7 2O TE B LR S IA
iRt A , S SRS O AL SERCR AR TN AR .
R R SR UE W], MSDN Al A &4 A2 A 19 F & A S
PV LE L FA SE R RS
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