£60% F2H8/2023F 1 B/HMretEBFEHE

It Bl St FFIHE

PR B T5 k27 ik

ok | UL 2 ML IE
2% IRE, BHR
U RFEHEA TSR, ) T 530004
o [E Bl g B A AR REALMOE ST BT, B AR 230031

SE (0 SRS T BB R B9 44 2 — kR B D R o 4 549 M i
Ho S DB 5 A B BRI PR SR, 36 TV 27 3 B 9 2 H AR Bk P R A T T 12
A AT P B AT B G0 DT R 0 R RO R T A 0 RO L 0 86 b i
5 I L, 120 A7 20507 R 2

SR QI VIR BRI AT s XL

mESES 0436 XHARER A DOI: 10.3788/LOP212680

Review of Image Inpainting Methods
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Abstract Image inpainting is a hot topic in the field of computer vision. It is a process that enables filling in damaged
regions with alternative contents by estimating the relevant information either from surrounding areas or external data.
With the advent of big data, image inpainting methods based on deep learning have attracted significant attention in image
processing because of their excellent performance. This paper presents a brief review of existing image inpainting

approaches and discusses the network structure and performance of each algorithm, along with a comparison of widely used

datasets. In view of the existing challenges in this field, this paper proposes potential research directions and

developmental trends in image inpainting.
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Table 1 Summary of traditional methods on image inpainting

Category Method Year/Source Contribution
Efros et al' 1999/1CCV Nonparametric texture synthesis
Wei et al"” 2000/ACM Gaussian pyramid model based on Markov Random Field
Exemplar- Efros et al'” 2001/ACM Simple and efficient image quilting technology
based texture Ballester et al""! 2001/1EEE Trans Matching local features by calculating image gradients
synthesis Drori et al''" 2003/ACM Computing confidence for each patch
Hays et al'"”! 2007/ACM Searching patchs within external databases
He et al'"” 2014/IEEE Trans Matching local features by using the statistics of similar patches
Bertalmio et al"”’ 2000/ACM Using Partial Differential Equation to generate linear structural patches
Criminisi et al"" 2004/IEEE Texture and structure information can be transmitted simultaneously
Chen et al™ 2020/ Laser &. Improved the priority calculation formula'“with the method of
Optoelectronics Progress refining data items
Wang™" ZOZO/Léser &. Optimized the priority calculation formula'wby introducing the
Optoelectronics Progress local color variance
Exemplar- . o 2020/ Laser &. Optimized the priority calculation formula“"“by introducing the
based Struc'ture Chenetal Optoelectronics Progress  information entropy of measuring the complexity of the pixel block
synthesis Cheng et al""’ 2005/IEEE Optimized the priority function in Criminisi-
Kwatra et al™*"’ 2005/ACM TOG Using planar exemplar guidance
Simakov et al'™" 2008/IEEE A mathematical model for local restoration of untextured images
Barnes et al"”" 2009/ACM Fast stochastic calculation based on NNF
Ruzi¢ et al'”” 2014/IEEE Global repair algorithm combined with Markov Random Field
Huang et al'™”’ 2014/ACM TOG Using planar structure guidance
Bertalmio et al"”’ 2000/ACM Diffusion method based on isophote lines
Diffusion-based (o) Combined total variation denoising model with Partial
techniques Shenetal 2002/SIAM Differential Equation
Telea et al™™” 2004/JGT Fast Marching Method
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o BARTEAHWERE R EBE8CRRME T,
{H R % A B AR AR 2R Xl A oy B 55 2 N T 100, A AR
X BRAG 2R A3 B AS 27, 48] o P 45 v o 0 it 45 4 (A
AR 25 48 ) BF L 3207 TR S B2 RO AN R AR AR . B X
B — ] {1, Xie 57 7E 2019 47 42t — Fp wf 2 2 (1) 3L 1)
T T W S A e, CHE D 38 v 1) X4 20 SRR AR O X
AT B A TR, BE A RGE N AR ZR o A AN B 0 E O, ] il
& 52 25 S T s B LA & bR

B4 S0 B 1 B )2 (contextual attention
layer) " M % $2 J2 45 0 i) o SR J2E B4
7345 FUZ (partial convolutional layer)"” v it i 4S5 |
AL G, Liu 254 2019 4R #2187 — Fh 3% T A1
T S & AL 2 (CSA layer) il W 25 45 4 . %5
R F AT = IR Bk X 1 18 52, 3¢ HoaJ LA
0 DX Jl 5 i 2R DR TR )2 AR AR A N TR IE &R . it
AR T RS R R B T IR THE B T
38 2oF — BPE 5 2% (consistency loss ) BREE I/ 18
SCVE T AL 5 T AL B R s RRAE 2 ) A iR
2, JF FOHL HE AR b T % G 8% (feature patch
discriminators) F#h T % ] #% (patch discriminator) ™ 4
FHE R S5 R0 o B, LA B A AR 4 n 1k e
PR AR M R W 2% R R IR B A R G RE S K
AEEELR IFREUSRE R .

M TR amE R NG5, T A i
&2 25 RAE EAEAE BRI X 3, X P LR e 4505 B =
B X A A G BE XX — a5, Nazeri 5 I T
— AT AP B P 5 e A Y ) RSB B T i . i
FY — > 300 5% A A R — 1> [EIAG b 4 T 4% 20 B, LA i
T 3G A LA X G ) R R DX s ORI ) S FE )
A G K (edge map) , B RM 42 45 751 FH 31 2 I
TEAE Ry Se (5 B sl 2k KO T 78 . i IR RAN T
EGAE & i b B R & N4 50 % 6 M 45 45 61
2R, I BLAE A R S5 A5 B s L HUS T B Rk,
{2 X Ak JRy 0 235 /) 1) Ak BRI A BT R R R K —
A]E, L1555 HE 2019 4F 42 ) T ML 3 45 44 1 J (PRV'S)
W 25, 2 ) 245 T 2 A 3 5 B2 0 1 S0 1 I 450 1Y)
LAl LA T A 25 H )R (VSR layer) . BLSE4S
o A )R v A B G A A A R ARRAE 2R RS AT
Az B A AR i 1R B 521X ) i AR R TR 2R Y L R
IR Az 8t PR T 05 i 10 ke 2 DX IR i 5 5 AR A 1
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BRRAE 33— 06 e i | fl PO ) o i B B R
i AR S TR T LA G M 5 A R ik X sk ) 18 R AT
55 IFRE T B EL RN AN, BRI R
PO 2 R A% A e b g ke K T AR 2 11 TR AE A )
B G AR B S 7R $R UL 215 B Rt Bk TR 4
HAMERER A5 SRBE X5 R EFER KT
gEFME 2 S PR IX — B, Ren Z5 R H T —Fh 4
T B PR B I 48 1% I 4% El — A &5 b R B A — AN AL
A AR A . R TR R R B A A R TR R
55 1 B B ol P R s 8- i 1 R R s R b 5
W 4 SR S R dE R T GO TR H Y e 2 B A
SCHAE R I TR R B AR B At S RN 5 4 £ R
55 2 Wy B, AR g b IR B R e i ST Bk X B S
R i 2k X ek 2 18] A BB 2R, DL SR 2R R A5 A R IR X
(R SR ZEH

HBARA RS 2% REAT H A AS AR RE NS B s b
P PR % v B 8 G SCRRAE  {H 2 3k 26 T 325 H1 48 22 W
TR SSRGS (SCEAN ) [ A 25 A AR L
7S S5ORE R0 75 235 b 3 Bk R0 B0 B — B0k b R R AE
T X — 5, Zeng EHE 2019 F I T £ FH ETF X
2 1 7% 9 2% (PEN-Net) , i W 4% DL 435 20 4
PR SE A, B0 Ry 3B, 400k 4 K BT S0
T2 22 N 10 g1 0 66 T X U 4 2 ol B B0 DI b ke
e R Gl it 4 BN SC YR R 4R O VAR R AE
I3 o 1 2T R 4% (ATN) AR AR 2 B 2805 4K ) 38
o b R 2 RO E R R R0 TR AR AR O A% R 4 e
PR VEAT RS B 2R 8 T o L1458 4% e B R0 X B A
PREIE L 28, BARIZ N RE i 15 B 25 #5236 ATy
KA E s R MREERSFFRERFNBESR
FHMIRRAE . 2020 4F , Y1 22 %ot 25 40 9 R /{4 48

$£605 F2H/2023F 1 H/HAESBFFHE

LR T BRSO ERA MY (CRA) , Z N4
T ok A 2% i A R S A R R KRR R T
=8 AN B SCERAE B, DT S B R A HE R R
AhEE 4% A A B ARG R EE iz
A7 N AE AR R B3 s i) Sk 2 R

ORI R R BB T — R 2 A 1 X
ML BR T AE I G A AR T IR AN by — Rl R R
LA A 0 0 X A o 2 3ot Pl R i AT B R . LIS R T
X — JEAR R TR PR AR B (RFR) M 4%, i N 2% &
B 0 PR AE B A B 5 (KCA) B
Fa I o 12 P 45 A 401 g i N I e e ) gt 1) JEVARL, LA T
T LIRB R R e S R R TR B 8 R X, B e O RFR
BB 17 A2 9 W B 2 X 8k i) i A L AR T ST
) BT £ JELAE R 80 A 1 15 8. A ke Bl B ik DR B 1 2
M IX IR RERABLH TR 7 28 b 132 28 i 1 % ke 2k
X3 Hp s ) 28 R T A AT X8 A 45 R R B 3 A AR
B A T RELL RER 76 FRAF B b 4l 35 40 B 4 3 19 5
Bt — & T KCABH, KCA Hh g EE 1 dLi
53 B R e BEAE 2 SR A A R Y, BRI AT DA AR
MG R X AN ESL IS

ZE LTI BT A dn i g 10 B R A8 Ry iR AT AR
MHT A8 I A A, AR TR MR T AR
G207 ] LAAE A8 &2 XS FE &2 45 R 1 A R A 8
W AH KB4 36T A i i 09 B R 18 2 1k 02 o 21 35
)25 B S BOX R A T R R PEAR 22 . Bb Ak, Bl
BRI S 5 B B AR R i
T BARAI 5 — A ),
3.3 ETERMEMNEHFTE

GAN H Goodfellow 25 7F 2014 AE 45 Hy | H W) 2% 4%
Myt & 5 s o

real samples

Z G ________H_____,___: ____________ J,
propagation
random generator generated
noise samples

E5 GANRZE/HE
Fig. 5 Structure diagram of GAN

G T R PR S  —A H AR (D), H
T X B REAR S A BREAS 5 5 — D N AR (G) ,
T A B AS R T P A o AR VISR AR P 2R AR
o M I D P A AR A PR R T A ) g U 2R R A
B R X — AT gR B AR B AR 22 O X M)
% o BB H SRR A R zp,, A2 IR BEAS 20 A
2~py, TR GAN (45 2% e £k

min maX{Ez,pr log[ D(z) HE._, log{I*D[G(Z)] } },

(1)

K E R4 A eREC A .
I A BT N 45 0 IR R 1B 2 BRI B R
3 o I AR 2 > D P A S 56 43 A, T ek 2 0 4 R
A AR IR S R OR ik B R A R . 2015 4, A7 |
Goodfellow 25" 1y i3 % , Radford 2 '4& 11 T CNN 5 ¢
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WS 2 o A2 A 0 TR B 4 LR BT M 45 (DCG ANs)
Z M 45K 2 ) B AR AR G2 T B R B AR o . e B3
fiff b, Tsola 71 2017 4F 48 i — Fh 4 g PatchGAN 1)
BRI 2 AR R 25 1 X T A Bl I 4% (CG ANs) g F
11652 803 . 1% W 45 110 A 2 DA TR S B I 26 o 3
fitlh, AT Bk R Bk AR B 2 R A {5 8, Al
A BN T TN FE il . A IE MR T T 4N
PatchG AN A9 % 5l 2% , 122 56 ) 1 38 13 G 72 B A A i o 4
P A Bk F B AN T B BBl , IF428 T L1402k sR B0k 1tk
B LS RIS MG B . m TR T
W) A BB AN T AR 2 S s P A DR K AR T T
B R IE AT I8 T8N

B K T AU G T R R A8 B Tn) R, Yeh 2V FE
2017 4R 42 T IR BE AR LAY (DGMs) |, Z A AL X 5 A
FEEXEBEMZHRE A AR mEERCE, Bl
DA AT 7 S 00 A K T R e O XSkl A B A IR AR
DA 2Z 458 X3 JE B B R AE Ry 2 2 7 3 SRR A T 41 1 1Y)
TRAE 2 ) R T S R BOR I 56 451 2K R B0k 1
K5 52 30 DI AR LY g 15 15 B, B R DCGAN #5
T Sy PR A B R A 0 X SR AT AN 4 AN T
A i R v R S B0 R PR IEAS ELSE AN T . H
FAREAERI PSR BESRE —EBE Ll
MT ETNER RIS, BN GANs Il 2k & &%
IR 25 Ay TR M 12 A5 0 7 3k 1) i BR324 4 4
Tt o3 A (0 BE 1 B 25, DR I A A 1 O — A Bl B 2 T ik
XoF % 45 1 B HiE A R o BER R AT IB &

JRUE DCGAN BLRL G A il HLAT 1 0l i 5 HLA
A B SCHE RN T H B AR X A A S 5 e I
5 25 [A] WP A0S0 AR S, 4 S OB AR 2 S5 R BE S 2 1)
B, RN IX — A 8, Arjovsky S5UFE 2017 A 42— Fh
%4 K Wasserstein GAN (WGAN) B 4557 W 4% 25 44, I
FERHAE T T T2 (EM) B2 A9 4125 2R
QR O\ NP Y NRERS [ /B Py 2 W o R
G3 AT B B AR DR TS M R A0 A [ 22 5 AR X AR
PR )R, B2 P A 4 A AN T B ml R AR A B
GAN# IR AT B B 25 . PRt , WGAN N B3
A A% 5 5 00 25 0 SO A R R 8 8 B SR AR 1 18
B, AN, WGAN 5| A7 H A #AE T ol LA
i B2 I B A R A5 B 2 I 2 R s i 3 EM
BB 1M EM R B 5 008K 2 (B A T i DA G, Ir LA
254 EM I S (1427 20 il 26 00 T8 2 5ORE 2 50d
RIAT B RBMAEN . 2T WGAN B A, Lou 25
T 2018 4F- LAIE I & F B L I ok ) 4 T 4K
Modified GAN 9 [ 2% 1% M 48 76 W GAN /9 JE filf 1
A T RMSProp i fb 55 2% , (5 45 2450 A 72 4 7 ) 8 1 Ah
RECRFF R AR MEBE . (R 4 (0] 55 5 1k 9 A7 7 I
TG 3E N 5 2 26 W K R b AT B

Ja 3 4 B A5 A AR 1T DA e 4 5 i o 3 30
TR T A7 18 22 A0 R A3 0% 3R I 0] 8, {HJ2: 7 )Ry 38 4

F£60% F2H/2023F 1 B/BAEXBFFHE
BUh T4 2 2% 2K, RV AR B o8 0 T 5
Ji — 2 B REAE B T 7 SR A BB AL o ) B — 2 R
TIE 1L ) 4 RS 25 200 2 X 4 A5 3R a5 0 o7 A B LA
B, AT S 50 A6 TG 3k 0 2 1 AR R SR TE 2 0 X
PN IR T A2 0 X Sk A, i 5 i AE R AR . A R X —
), Yu B HE 2019 4R T — R LTI BB
GAN M 4% (SN-PatchGAN) , iZ% W £ J& — 4~ = B Bt ¥4
g BRI b — B BE R 45 B i AT S B A
o P R, H Y R A RO R A 18 R A5 R B BEIN
2% R I 4 SCHE R T2 RN ¥ 48 LA XGE GE 1 G
T 28 2R, AR 8 5 a5 R AR AL 12 B s = B BE
26 h HLE U R O U — 1k B R AT R S 51 R (SN-
Patch GAN) M AL . 14246 B ] U4 4t — A~ 2l A R AiE
1) 16 BRCAIL ), T DA A BB 27 2T S AH AR 3R i 1) 4%
R B A5 8, NI A E A o6 R 45 5 i 2 B,
PIg /D R Z 0 T4 . BAR A R 7E 6 R AR
AR T RFEMRE,HERTIIESRAREAE I E
TRAT RURRAE 22 8] A DG 2R RE X R A RS B
BEATRE & SR E 25 BB iR 2% . B XX — ) 8,
Wang 557 FE 2021 454 T 8h 7 3 8 W 45 (DSNet) ,
Z W 2 1 BB 22 A A TR T A AR 1Y Bl A R R
B, o0 B & R R AT A B AL (VMC) 85 8 A IX 3 2
A IH— 1L (RCN) B . 5 [ @ Wk 15 B L,
VMC B AT LR B G oA 3405 800 43 A1 S5 B 7 4
R PR AT DL A A% e e TG R fE B . 1 RCN
43 AR T LAAE Bl A — Ak i Oy =X, S AR EdE o A
X RCN 5 i 60 3 1 3R 3 — (b r ik it sh &AL &
AT X K508 S A B A K R U — AR B A o 1% N 4% TS
FILA T E R B9 %0E B ol B BE T R4S 5 m i
iy A& 52 45 3 T
o B i #s (VAE) &2 —Fh 2R F & 48 A gn i
o0 R B A RS |l Kingma 257 7E 2013 4E $2 1
AR 5 I TR R AR S A ge i g i AR W] Z A 7R
L3 2 2 2T A A R 43 A R S B RS T
P2 38 2o B SRR AR 1) 58 56 43 AT R W55 1 A 4[] 23 FR
HE L2 R0 ZREME B XX — A, Zheng 557 7E 2019
SRR T — B oal DL AR 2 R B A5 R 1 GAN(PIC
NET) , % M 2 19 81 5t Z A 7E T8 VAE 5 GAN #E 17
ghf R BV R W A T R R AT B A
o 145 AR08 3 15 G i VAE R 4R Bl gk X 4 S
Je oA RO E AR AR 2 AR Rk A B — 4%
PRAT 0 S0 20 A A VEA BEATHBA , FR0E — 25 %I 5 ok
FEE PR A A2 . AN IZ AT — il 458
B H AL BRI MK LT SUE R
o 1 A AR S8 A A UL — B0 | 78RR R B L a2 A AR 1Y
B2 BORIET B GAN BB R, 24t 2R
i %, Zhao % 7E 2020 4 T 0 Wi B s 18] B R AR
WX PL 25 (UCTGAN) 12 W 4% 3 B i 4% 1 2 i 2 45
e WY SR RN A e B S A R . A A A RIE
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PR AN A R B, iT LR S5 48] 1] 45 2 18] 70 5% A b
4 [R5 2 ) 5 5 03 1 099 A0 4 A 2 (8] o, O DL — i
TC W B 1 5 3 S WA 2 ] Y PR WA 56 &%, TR
R¥dwm TR ZHENE. JEA, O T 5 4 3t PR A
JRAE R EM R G AT —FoE i 28 SO SO )
BLEZ 0 2 80 X R 248 5 DXl =22 ] K 300 44K ot
KA R w4 R E A S I — E k.

GAN LU 0 i 22 e PR 52 25 21 il L RTFA T
PRA, (E 2 R T A7 A A R0 2 ORI B2 3 2k i i o0, 3
Grid e F B R BN W ok X AT e it

Hh BT HE I 2R 2 B IR S 8 & 0 KA, GAN
V85 0 VK 0 i B5CHE 43 A B I 10 3 AR R T Ak
PR oy HER 1 Fr o

ZE TR B R A 2] 1 EMRAE B 5 I A
RPN B TG R B 5 ik I TIRE =)
1R A8 52 ik e B R AR IE 2% ) L % %R
W%, I HAE KRR R A8 5 AT 55 b SO 4 i 9 LY
155 - R IARAR 0, BE 0% A7 A0k o 45 44 1B 25 R SR
MG o AH L T TR B 2% 20 1 RSB &2 5 s KR 2 DA
ity 58] ity P9 A 2 A ), T A R IR A 2

K2 FETREF B INALE

Table 2 Summary of image inpainting methods based on deep learning

Category Method Year/Source Contribution
Richard et al™’ 2001/VIIP Fast image restoration method based on diffusion convolution kernel ( Gaussian )
Pixel-generation- () . . e . (35]
. Hadhoud et al”” 2008/SIP The position of zero weight value of diffusion convolution kernel ™
based techniques -
Jain et al™”! 2008/NIPS A neural network structure for denoising
Xie et al"”’ 2012/NIPS Stacked sparse denoising Auto-encoders
Pathak et al'”’  2016/CVPR Context encoder to capture more semantic information
lizuka et al*'" 2017/ACM Global and local context discriminators added to the auto-encoder
Yu et al'"” 2018/CVPR A parallel encoder model based on attention mechanism
Sagong et al'  2019/CVPR A shared encoding network with two parallel decoding tasks
Shin et al*"” 2020/NNLS Adaptive dilated convolutional layers added to PEPSI™ model
Yang et al"” 2017/CVPR Multi-scale neural patch synthesis approach
Yan et al"”! 2018/ECCV A special shift-connection layer Shift-Net
Liu et al"™" 2018/ECCV A partial convolution structure based on U-Net structure
Auto-encoder- Xie et al"™" 2019/1CCV A learnable bidirectional attention module which can automatically update the mask
based techniques Liu et al™" 2019/1CCV A network architecture based on coherent attention mechanism layer
Nazeri et al'™’ 2019/ Arxiv A two-stage adversarial model EdgeConnect
Lietal™ 2019/1CCV A progressive reconstruction of visual structure network
) . A novel two-stage network which can generate texture structures consistent
Ren et al'” 2019/1CCV . .
with context semantics
(o A pyramid context encoder network combining high-level semantics and texture
Zeng et al ™ 2019/CVPR ) )
information
Yietal™ 2020/CVPR A context residual aggregation network for high resolution image inpainting
. (o) . A cyclic feature inference network for recovering the large missing regions of
Lietal” 2020/CVPR )
damaged images
. i DCGANSs combining Convolutional Neural Network (CNN) and unsupervised
Radford et al'™ 2015/ Arxiv )
learning
Isola et al™” 2017/CVPR PatchGAN based on patch identification
Yeh et al'™! 2017/CVPR DGMs to repair irregular regions and capture richer semantics
(o) RMSProp optimization algorithm is added to WGAN to maintain good
Louetal” 2018/PRRS
GAN-based performance on non-convex problems
techniques o SN-Patch GAN network based on gated convolution to improve the details and
Yuetal” 2019/ICCV ) )
semantic accuracy of repaired results
... The validity transfer convolution and region compound normalization modules
Wang et al ™" 2021/1EEE . ) . L .
to realize the dynamic selection of valid information
Zheng et al ™ 2019/CVPR PIC NET to generate a variety of repair results
Zhao et al ™ 2020/CVPR An unsupervised cross-space translation generative adversarial network
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4 BB S A S B s 4

N T RE U A 3 AT AL o R0 Ak
FIRAE o — SR A8 SR AT 45 A9 PR 8 , il o 200 78 73 7%
AT EMR S h5 % Z A B9 5 &, DR g PR B 4 2 AR 1k
TR 2 2] U AP AN AT st 1) — 3 20 o X T R SR S Y
TRIEE 27 2] KO0 42 10 1k % 2 B E I A Y ) S T 1

F 605 F2H/2023F 1 B/HAEREFEHRE
I 56— S i BOE E EAT T e .
1) Place2 Z4i 4" B 440 & 1000 Z 7 sk AL . A
400 ZA~JURE B9 3 5 28 51, #A 5000~30000 7k 55 F 5%
Yy s — BN SR G 2 B A 3 N T i
HUAT 55, 0 il B CNIN 2 3] 5 3 SHRAE (04T 55
L HAEWE A WE 6 R .

K 6 Place2 B4 ™
Fig. 6 Place2 dataset™

2) Paris Street View Zx #8241 & 14900 5K I 25 Kl
18R 100 5K MK G, i B A2 N 12 Ik R 4R T

[ ZE G A, DL B 2R A e R B4R IX 0 T B s &2,
53 BER R 963X 537, LB AL 1K Fr s Bl 4n 1] 7 Fi s

[#7  Paris Street View i 5"
Fig. 7 Paris Street View dataset”™

3) CelebA a4 — A NI 8 4 1% 800 48
Wk T 202599 5K 44 N By TH AR EE, o 10177 A4
By 5 A bR B BB AR 40 4 ik vk
B, M 2 2015 4F % AR 0 4 B R B R 5T Ok
178 218,

4) CelebA-HQH#i £ J& I\ CelebA Hfif A=t
M) 3 T3 ok g o HE SR N AR, o B R T
1024 <1024, F & J 7w i an 151 8 fir s o

5) ImageNet 4 4 40 & 1400 3k B A, 9F H
W55 T 2 7 A A& e 2 0], R TR B 2 ) R Ak BT
55 v e R Tz BN 4

6) Microsoft COCO val2014 ¥ 47 2 — A3
T or AR TR 5 F A ECE B L A F 328000 7K I L i
LU IR R AR A 250 T AR

7) Nvidia Mask 4 46 2 — AN A B0 00 41 JE 450 41
£ 2B AR AL 55116 5K Il ZRHE B I Fr i 24866 il
T S IR, A3 R g 512 X 512, % B 4E | R o )
WE 9 Frs .

8) Quick Draw Irregular Mask i 8/ J& — > A
FL I R A 2 8Os 1% 50000 5K I 2 4 g K]
Jr R 10000 5K M K HE B 1] R, 43 Bl 512X 512, %8k
P 7w i an 14 10 frs o
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K8 CelebA-HQ#Ha k"
Fig. 8 CelebA-HQ dataset"”

ik

19 Nvidia Mask $# 4
Fig. 9 Nvidia Mask dataset™"

¥ 10  Quick Draw Irregular Mask %4 #
Fig. 10 Quick Draw Irregular Mask dataset”™”

5 PEMOTES K BIEAR R L

I B kg i E A — e e B R 5
SR B HEATXF B, T X AN % B A 2 R 1R 1R TR A B ]
) VF ) 48 b A7 A0 R TR L RR 32 O 0 2 ) 4
PR AT 0 B

)24 % 1% 22 (MAE) |, 3% 48 b 7 B il 2 10 (i
HESEZE AR . MAE B OKRIR 2 8k, MAE #
INZAE R IO P e R Ay . Hat R AR

1 n I~ PR
E\AAF,*;Z,,[\% yils (2)
Aoy, AUy, 8 BLSEAE

2)¥77 % 2 (MSE) o H A5 - 2 4 % 42 22 A [ Y
S XHEE R 1T iE

I ,
EMﬁFZ;;ESPQ(yp—yfTC (3)
3) U4 {H 5 M e (PSNR) L 1% 36 b5 VE B9 J2 Wt 75 5%
Wi 16 5 45 B R JEE . PSNR B, 18 52 45 SR i 3T
W A BB RO . AR bR Y AT E RO 48 AR
Z— it ah
(Viiax, )’
Rpsne = 20 1ogy .
A : Viax, BR BRAR RAH W 5 KAA s Evise BoR 07
R2E
4) S5 A RIPE (SSIM) | i 46 A 7 £ 119 2 W 5K &) R
SER AL . SSIM fH K, 8 & SR My, K B
/N SSTM 3 52 B X Fb B RN 45 48 25 34~ 1 ok X
W P A5 B R AL R AT VAL o 5 BE FH I E R AR, X b
FHARE 22 RAE 4509 U J7 22 R AE , AN

(4)
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PR ot R 22 R PR B AR A, — BT T B GANAL S «

L Y= ph i+ cy ) LG AR T 5 F T Inception I 46 15 H P44 47 AE P 1] )
Cxy ) ZmetCe Gy OEURIDIIT 2K HER A AR B SRR A A
ot ol 4 C, He B 49 A 22 ) (B B/, FID B/ L U B A 43
_ 20m+ G, TR, £ REVE B, B A R
S(X,Y)=———, (7)
oxoy 1+ C; FID(X,Y )= |lux — puyl +

SSIM(X,Y)=L(X,Y)X C(X,Y)XS(X,Y), (8) 1
S Ly TR X Y B 122 4 5 o 1 0y T{Zﬁzyﬂzx ZY)Z}’ ()

BR X FIY R Z AR 2 o R R X MY OB 7 P T R B 3 S, 2 oy 2%
FERoINoR 'To X =" S IR IE M B BR 5 RO B XA ST AR K 1 3

5) Freéchet Inception Distance (FID) f& 3 fir 4E 1%, Sy W HEAT TR REVEE , BRI R 3R
3 ORIFSETE RO 5 ERIPEREXT L

Table 3 Quantitative evaluation results of algorithms on common datasets

) . Mask type
Dataset Method PSNRA  SSIMA FIDy MAEYy MSEV  Size of image . .
(image-to-mask ratio)
, 25.60  0.90 256X 256 Square (25%)
Sagong et al'"™”’
28.60  0.92 256X 256 Irregular
‘ 25.50  0.89 256 X 256 Square(25% )
Shin et al""”’
28.50  0.92 256 X 256 Irregular
34.69  0.98 0.72  0.04 256 256 Irregular (10%-20%)
32.58  0.98 0.94  0.07 256X 256 Irregular (20%-30% )
CelebA-HQ Liu et al”™" 25.32  0.92 2.18  0.37 256X 256 Irregular (30%-40%)
24.14  0.88 2.85  0.44 256X 256 Irregular (40%-50% )
26.54  0.93 1.83  0.27 256X 256 Square (25%)
33.56  0.98 0.007 256X 256 Irregular (10%-20%)
Lietal™ 27.76  0.93 0.02 256X 256 Irregular (30%-40%)
22.88  0.81 0. 047 256 X 256 Irregular (50%-60% )
Zhao et al ™ 26.38  0.88 1.51 256 X 256 Irregular (10%-20% )
Yu et al* 18.91 8. 60 2.10 256X 256 Irregular (10%-20%)
33.75 0.94 0. 49 256X 256 Irregular (1%-10%)
27.71  0.86 1.18 256X 256 Irregular (10%-20%)
g o 24.54  0.77 2.07 256X 256 Irregular (20%-30% )
Jluetal”
22.01  0.68 3.19 256X 256 Irregular (30%-40%)
20.34  0.53 4.37 256X 256 Trregular (40%-50% )
18.21  0.46 6.45 256 X 256 Irregular (50%-60%)
Xie et al™ 25.59  0.78 1.93 256X 256 Irregular (20%-30% )
Liu et al™ 27.75 0.93 0.01 256 X 256 Square (25% )
21.75  0.82 8.16 3. 86 256X 256 Irregular (25%)
Place2 Nazeri et al"™”
24.92  0.86 4.91 2.59 256X 256 Irregular (20%-30% )
27.75 0.93 0.014 256X 256 Irregular (10%-20%)
Lietal™ 22.63 0.81 0.038 256X 256 Irregular (30%-40% )
18.92  0.59 0.076 256X 256 Irregular (50%-60% )
Ren et al'™ 25.22  0.90 7.03 256X 256 Irregular (20%-40%)
Zeng et al" ™’ 0.78 15.19  9.94 256X 256 Square (25%)
4.89 5.43 512X 512 Irregular
4.89 5.43 1024 <1024 Irregular
Yietal™
4.89 5.49 2048X 2048 Irregular
4.89 5. 50 4096 X 4096 Irregular
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. . Mask type
Dataset Method PSNRY SSIM* FIDy MAEY MSE} Size of image ) )

(image-to-mask ratio)

Pathak et al'*”! 17.59 0. 10 0.23 128128 Square (25% )
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22.40 0.68 0. 054 256 X256 Irregular (50%—60% )
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