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Abstract

deep learning technology has promoted the significant improvement in the performance of image inpainting, which makes image

Image inpainting is a challenging research topic in the field of computer vision. In recent years, the development of

inpainting a traditional subject attracting extensive attention from scholars once again. This paper is dedicated to review the key
technologies of image inpainting research. Due to the important role and far-reaching impact of deep learning technology in solving
“large-area missing image inpainting”, this paper briefly introduces traditional image inpainting methods firstly, then focuses on
inpainting models based on deep learning, mainly including model classification, comparison of advantages and disadvantages,
scope of application and performance comparison on commonly used datasets,etc. Finally,the potential research directions and de-

velopment trends of image inpainting are analyzed and prospected.

Keywords Image inpainting.Deep learning . Convolutional neural network, Generative adversarial network., Auto encoder network
. Z AR N —FE Y AR B AR 0 RUER D 0 A8 R X i 2k i R4S
A

S p L SRALALAE AR N AR 35 SR % 45 1)

1% 1552 (Tmage Inpainting) & — AR 8 R C NN & %
W I8 52 Hh B 40 B dske G DX 8 PN 2 L A8 A2 IRBUR T RE T AL
N B BN 5 SR A BR T B, X T T AR s SO R T A i
A BEEMINEENALEBRMEFTNERLF TERMEHRNE
R EIR . B TR AL B AR 5 Ak B R AN B & R B
FEMGEE B 4 NI F AL SE (Computer Vision) Fl it &
HLEJE 2% (Computer Graphics) 40 3 A9 — I & 2 4F 58 N & .
ARG AT T R Z AR Z T30 AT 2
B 465 SR, AN A7 SO A s 7 AR AP L EUS Gn E CAn AR B B (3%
PR 5 A 4 I — B PR B A G R M 2 —

A& 58 10 AR A8 A B AR P 28 AR ULk A s B — B L R
JH T B0 R B R Y T 1% 38 gk A vy LA R R s SR T L
A R 7 2Ok 58 /N IR B KRB . (Bl Tt AL

FH H1:2021-01-06 RBEHM . 2021-01-26
HEWH . ERHRBEE S E S H (61932009

VEAESR , LUR 22 ] R AR I BL AR 2 S FOR IS T
T TR ER  IFTE Ak £ OF 5% B AR AT T — FR A B R
Hodr, B U 22 W 2% (Convolutional Neural Networks, CNN)
B Ay — P i 45t 28 0 TR 8 Y 45, 7E RMRURF AR 2% ) R 35 05 T B A
KB RE T 78 R R A B Tt B R B, 5
—J7 1 » tH Goodfellow %557 $ Ay A= 5 %) T K 4% ( Generative
Adversarial Networks, GANs) , K B4 15 Wb 44 1 2% XF 1 2% >
B R G B 43 A 1 B RV g, FE 3 AL AL e 450 Ja 45 5]
Tz AR . 3K B SE R R AR R KRN TSR BE AT 5 R
1R G877 WA ARG SRR T A R, — R F Rk T &
G 2 AR 5 755 2 08 SCZ IR B 3 SO 3 A5 VR B A S HER
B G LIS SR B BTV, b R PR ST
R AE SRR T — BRBF 5 P, JF RS T A B R .

This work was supported by the Key Program of the National Natural Science Foundation of China(61932009).

WG VEF L (sammiling315@gmail. com)



A5 R L4 RR I AT ST R Lk

15

ASCH 2 W BENR TG RGBT, EE A
TY B R TR 5 3 WHENAT R TR
JEE 27 o 1 ARG 52 05 10 v i T B0 R EE < > B R G il 3
54 ERIE 5 4F SR BT AU B 2 TR 22 S B R R E 2 5
BT T M AL AR ET A mIS R RGBSk T
A AR A T A 52 T 1 FIRE T IR 4% 45 4 #) TR A 52 T 155
55 WA T BRI BB K 5 kb R Y PR B 4R DL G
WG 25 6 W XTEE 4 O B 5y G A 5 7 1 T R 4R
LA S AT I S5 R AT T He AT s B R N R B A2 AR
A7 7 EES I X R BEFETT ] FUR JE S A8 64T T o i IR 2

2 fEZBEKEERE

1L g8 PGS 52 J5 1 2 SR AR PG AR 3R [ 1 R OGP T 2%
AR RIS HE AT HE MG 52 AR 4R A8 52 Joe D0 AR 1 DU B9 R ) AR T
SCEAT Ay B TR v R TR AR
2.1 BTy #AE

SET YR T 2 BB THB B /D RO G W, an 8y
HRNIR . XEITEN R RSO RSB EINT T
B PG Y i B, MR i o A8 A DX B0 30 2% A5 8, SR —F el AL
FIRG 10 77 1 ok Ak 1 45 BB LR 1 5 ) L O SR TR AL R ALK T A
5 BT A Xk R B E . XKk F R
JEF I 13 43 (Partial Differential Equation, PDE) By 1& & & R
HEE T LA BMEAR R i A2 - B E 8 R . T PDE ¥ Bl & &
SBORF Py B2 v f BT BT AR R 8 52 IR L 4R
BAEREFME S X B, SRy B L4 Bertalmio 45742 1 1
= A B8 53 D5 A DR AL T 9 4% i 3o 72 19 BSCB (Bertalmio-Sa-
piro-Caselles-Ballester) % I F1 Chan 2515 42 Hi 5 F 71 i R 4~
B9 B 1) CDD(Curvature-Driven-Diffusions) B8 | & F 75 43
209 B AE 5 T AR 38 ok 37 PRI Y 2 06 4SS 280 1 A 4 A L, )
FREC: (72 B R4 AR 43 SR B R 8 & TR A Ry — A
12 PRSR AR 1Y A 43 [A) . 3K 28 Bk B ALEE 42 A 43 (Total
Variation, TV) #& B Euler’ s elastica & #1  Mumford-
Shah AN Mumford-Shah-Euler #5£1012) 25

R A 4 T AR A A 1 RT DA e AR 4 i AR AR A
HET 0, PRt SRR T HORY 77 vk SOR] BR Sy B TR 4 PDE fY K
BB D . RIS T A 3/ RUOBE 450 PR 9 ROR #8247
B4 5l S DX I A R e 2 X I R G ) PRI S0 3R A2 2R ) 48 B2 S0
TR R R A D IR B R AE AR 43 A5 I X R AT
L, B AL G S 43 BV U 00 2R B BE AR 45 4 3% 2 (H R 4055 4T
B BCRLAE R 5 2) I AR AR BT 12 pl 5t DX 3300 5% 1) P AR 4
GRS R, — BB E KA R g & el s e s
2.2 ETFEAXBRAZE

ST REARY J5 B B RB B 2k DX AT DLSE 2 © HTRE A Sk
FIR TR TR X R 0948 & T LR B 1 1
SR BT DR 50 AT R ORI Bl 2% X sl 8 T DA 5 i 4
T SOy . XA Ty ik FE AR T SO E R R B
0 B % R A K 2 1) G A SR B 0

T BUHE  EARAE 5 A — T R R R0 A
B K B S AN SCHLER S L S5 4 4y F Ak T2 4> PDE By J5 ¥k
&5, BOFRHR 43 0 FH 203 A By vk ok i, Sy — A R
P B — A PR EC IS L 4 R 48 R S G S DX Sl AR AL B e

i Y AR ok SR B DR i 4 Criminisi 551 4
T F T SO R T TR RIE A PR IER Y.
ZEEEEWEEE LT 3 BB D T BT X
BRI 2O R SR RS R B s DI B R, Mk
A 518 & 5409, Criminisi 80961 78 9058 28 A R K
P Tt AHBE A ST I AR Y AT L B AR R (R E R R R L
iR N N E T INTTRC 2 €2 SR/ g i A TR AT =2
B, R T HRANX — AR A, Cheng Z522 1 1T — Bl s & 20 4
FERRR Bk B Criminisi B8, RIS T E 4B L ROR

IR 2 T O A IR A RZ R —Fae R B R r
T2k T HRAR LB, 25 Bk S DX g B SR ELSCHR S5 R B AL R
HA 5 P R DEBL T EL & FE 2 R mp ], (R P
175 3 M) FH 280 ¢ S 30 5 40 2 2 0 4% LKA B 3l i 5 o2
I AR B T SRCSE R R DX L 3 2 T v R O e T R
YR IR A 5 J7 kY . Hod, Hays 8859 BOE iy R 3¢
L TR A9 DX 3R AT R A AR B Y PN 2 48 A8 S I R I Th 4 R
5158 52 TR BAT R 5 L 50 AR L A e AR TR T 5 ok
SR DX R E T 5 AR S AE 52 o B L 2 A1 950 4 2 R 2% b 3
A5 R AR L B B SR Jx 28 5 12 4 i B A
RAE I 1 B0 HLAE 2 AR A T RO

1 e W B A6 52 J5 1 7 1 18 52 TR B i 2k X3 T AR /DN L &
i B S PRA S T BRI DL R L REIUIB AR GF OB R BOCR . HZ,
TE TR A 53 o 5 4% 14 TR B 2 AT 55 I ol Tk 2 ) TR 1 )2
T SCHY B g AR BRI TG EE O Bk IKRIH FE TR L — S B A
B NA . ST I MOk 2 i BT T AR 8 Bt R
5o R AE T 5T 25 T 2 T TR B 27 0 1 O 16 R 3R BUE
Fuht m 2 45 R,

3 REFIMEXEMMIA

3.1 BHEMBIF|RLE

A 4% 4% (Auto Encoder, AE) () &% it /. i Rumelhart
T 1986 AFAR . AMIBEE— T HBAAR R EM
B ) R PR 2 I 2% S T T M B 2 2T e ) B T
FRAEIM BB R 4. B g A8 BT AL I &l 1 fr s, ) 45 o
AR X Ak g a B X RS A S TR A S
T E Y A 4 s 7 25 (8] R AE 5 8 g g A ) i X
M JE R A X B TR B AR — A i AR, H 2 AR B
RS [ RIE A

!
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
\

B1 g e I 2% 2 4

Fig. 1 Structure diagram of deep auto-encoder network
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based on deep learning
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Table 4 Summary of image inpainting algorithms based on

generative model
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Table 5 Quantitative evaluation results of algorithms on common datasets
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