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WE  FEERTTMNE (generative adversarial network, GAN) E4 B~ T v £ @G B EHE 5+
B E AT RE KRB ERAEEXERNES, BIA T EE Rk KB HEX —FEFRE
EEW, A ARRERFENRBEANTR, BIEE —MET £ REREH GAN WEKE EHEA.
G R B R TR T U-Net B4R &, K82 75 T8\ B Bk BR % 8 oF DUE 70 90 75 28 0 AE B o 19 61
KRB, RETHRARBWE —BEMFEESYE, AR SREBGUTEZ I MNRERETH
THEAGAX B FEERNEE, FEKREREENERETHER DL —WAERE, 1L A g 4% R Ao
FERENEXGE EARFMEAG RS HEE LW EZREREH, ZHEAGK THONE LEGSB
Xiim EG®RBE, ERATHE (GAN), BEY, £ REmA, REF

it

1 3

A A5 PR SO 2R o (1 Se 56 15 S IRFE BB 1R R h R G B H AN B2 B (image
inpainting), 5 7E & NGRS T SR AETHR TR TRe 5 IR & — 2. BSCB A2 U il 4 Biig &
1% (CDD i) B R Az /B 5% (TV KA 1B HOAR I PRG3R ) AROAR ST P A AR ALt AT
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SLEHAS R P R b (T8 U S, FEAHE R RS XN S e SCBRAE 21T S R 00 T REHRAS
AT AR IE RACR, (AR DR SRR XK L 454 S SR R AR IR DU, Eh Tk 2 i e Pl 45 i
HEMEET), BREAREE T BEREGRNE S LRSS KPR X K& B R RA—E R EWE, Li
S5 B SR FH AR O R AR RN BTS2 R, Singh 55 6 32 1 Cloud-GAN k22 2 mE&
AT = BB Z 1A A WS SIS 25 J2 0 2 . I KT AR SRR DO MR B 2 B — E S5 .
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EUGAE S P AE T 4] i ok X33 G it o 5 HE SCE I R, X Rm 5 BB+ 2 aig
RIXEIAE H B L —FUE.

Context Encoders "l F 2016 51 KA BT BT ES (generative adversarial network, GAN) 8] [
HT RGBS, AERAE R EUER B SCH R, i X R SR 2k X i & BRAR 1, S8 17 78 AR ks 48
LTI R IAE. e A Z GAN SRR H N A TRBEBE, ZETERAERBITTREZ 5N
U-Net 9 2844, {5 FH Bk k% f2 (skip connections) ¥ g #% 55 M AG #% X0 B [P RRE BB _EPrReR A
MIMREE T 3 2 4085 B IR GAN HRE K R 15 KB IE SRR IS TR eE, — ek
FE Bugth T RGBS E B To ki BUGE SCRAN L, SEBIL T AR B 2R XK B I 0 T 56 i BHE B 1E
ARG NS LR

IoJE, RN HESATT N GAN JE47 ek AR BURIE S B RCR. &3 i % GAN )31
B TCHEAT Sk T AI R T AR BB TG AR PR AR B RE ), Tizuka 55 10 7£ Context Encoders HJJ&Afi - F
BN AN 5T, A 4 J ) B o A = 380 ) B e 3[R 2 S Pk — BB AR, (Hi2 &
L5 M HE R CRAIE R ST 5 DN X IR B — S, K2 H e @i o GAN B4 s oA T
SO AT B R T AR RO AR IR 7, AR H e A it 1) 7 LI BB B &, Zhang 55 M i 2
AR U-Net 19 g5 K S B0t ER R UE 55 Lin 46 02 AT PI DM ANF ) U-Net 519 SBLRLIZ S
FIREE E IR BUB Y K 58 ot BUR B, A FEASIE B B o TG S 7, TRl 25 Rk ok
DX A 8 280 DX 3 ] PR AR AR DG P A R 5 2K [X el P BB HFAEAR ZR TR A S . 550k [12] ARARL, #8708 5%
HOER I 5INEE AL S BUR B, Yu &5 B8] AR R SOB G E I U X I R Sk X
b B AL R AE SR I SR IS VT AT, H1Z% 077 208 1 R Bk DX N SRR AR 3R TR A 551, 3
BT B E R BB SRR IR A TE SUANE ST, Zeng 45 M4 $R I G785 B R SCmA s HI T2 1 BHRAE UE
B b 1) 5k 1) 22 RO i 2 $ A A G A 48 AR ZURFAE I R F 280K Zhao 55 D61 5
NAE B ST, R IX 3805 O 0 DX 3 [A) 1)K PR B A O R PE M 45 R st i T4y
A BRI B S A TG Z, RS ARI 2 RS AR R 5 OB R, BRI 738 5
PR AT St M S THEREAE S 0O ROR, Liu 55 170 3l i 58 5 — 2 DO 5 F HE I =3 0 5
R AR AL, $& H A B2 A (partial convolution, PConv) A8 kS A DA i b i 25 AR 78 TH )
ASF G DX I UGB 25 R nT RE 2 IO 52« 22 . BRI SE ) Xie %5 18] £1X PConv H11H
T RRAE VI — A A0 255 R T A% 7 P st 2 DX 35 ST PR R A I i A S0, 8 H DA o 3813 P 7 X5 20 e
TEARAEAC AN ARG TE T, BE A 28 3 I A KU 5k 2 DX S PR T ) A s 455 190 i 3 S e iR U-Net
IR EG AR, T A USRS R XS0 SUE B A B840 W 7038 AR A BEX GAN #EAT eleadh s
DEBIESE, Yan 55 201 7E U-Net FIFFIGES RN T — MERIIBALERE, A8 6 7T H TRAR
P S BRI A W 2% (1 )7 125 Xu 55 12U R H UG % 58 iU IE 2, XA S8 B IEUR (10 gk 47 3
5, M A ZA %L EGEE. £REEE S, i R#E K2 RET i BB E 4 R
i, WA E 7R EUGAS SR F B A (AR SR 5 o5 Bk AT ek, BEAE 22 R M A B R E
RN T B Ar S AR, AT E CRAUE BB i S AT T, FRARAS 2R ) 4 2 b [1) 5 B¢
J8 i Y5 Shin 45 231 $& A AT B LB N %S, FEARKIZ B BI85 10 BOS R I T 5 555

RAE IR RZ R T U-Net 5 BN HIAT 1 8 B B RCR, (BAE KRB E U, oA N
BAEXIBARHERE EME, X TR KR S0, BRREENRMA LT RE, AR SEE Bk
HEIfL S, FEUS RIS R A SO SR BN, WE R THKRE, /&R X ey iRk
B4 R vE S — B AN R SRR SR M I LK, B 2K TR R DX T S — B AR A, 38R
B RAEGRRIIRIE L EIEAET. RN, BREGERAE U-Net H{GER Y 85 -5 MEAD IR I B Z, 1X
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[ amid

pyr:
— — — —Pyramid loss — — — Pﬁ

o ,‘_ Real or fake

B 1 MSSF-GAN H1EEILH
Figure 1 Block diagram structure of the MSSF-GAN

FRHIEFE 18 8 R FEUR EFFHE (high-level features) A RETE FAREFFE (low-level features) HIAERL, M
T DR 1 ST B A I A o A% 3 AT N 528,

DR L 2 T R 55 5 R X3P ¥ SC— SR PEARFAE I S DL B iy J2 08 SCRFAIE 2 H AT BB =TT 11 5%
S ] e ) PR AE A () 3 AT AN N TR AR AR AR E ), UG SO MR R T 254 S LR TR A R R
SO EAERIAR B S5 2R, PRI ANAR 2 3 BA AR B, AT DLod e i N7 A g I i 7y e B g R b sk 2k X
BREE R AP ARSI U-Net FEEA RS, KA E S5 7 oI NBIBRTOER S, £ — R EORIE T
SRS IX IR S BUE AR IEE S, A 2 KRR & THROZ D N 22 faoe 1 51 7R R X I
RHE IR, TROAFE 2N RUZE B Rl & T 228 N5 (R R8OR,, 15 R e 2 18 SR e B 2t 12
AR OREE. BRI, Seilid £20E 1 S BT A A RUBE ) 23 5% 2 4 A1 1 mh R Bk X, A e b ek
AT 136 AR 8 AR AL 1 o B SR XA P A T, T AR AL PR 2 ROBE R ik 2k
DX 35k L2 R T ) vt J2 R I AT RE (08 3080 AU Z R Rl 5, (A BRER I AL I R IE R B AR R
KE T BRRIE IR, LR ZRAAE RENS AN o Z R AE AT SR S RIS A FRURE PR AP AT 25 e P&1 0
HXE N RPE B R IR, FT T TR LUZ D 58 3 Rk RBER SRR DO IR TS, XMt T2 R
FEFEIAR] GAN (multi-scale stable-field generative adversarial network, MSSF-GAN) AJ LLi& T %
Tz 5 BB 12 AL 55

2 EZREREH GAN (MSSF-GAN)

T GAN WEBEE, AR ITEICT A §UR X R E -G s, A K&
AT o, SRR XA R XK A A 2 R AR e, (H A SRR X IR B2 R, IR & B 45
SR e N PR 2500 XA A AR s 2k DI 15 211,

Wk 1 P7s, MSSF-GAN B AEE s MUA A T, B ¢ Ron B ot, D R AR, 1,
TR EIREIR, Lnpu R SR DRI AR, I, BB Lopw BIA G a0 ZE BB, Lyamia
e AN TR RURE A R 5 5 1 At P A B R R ) < 7 B BB AL, M RO HE R (SIE 38 b DA IR R 4
W B A B R X, MR T K/NAHTRL, MAost RO XSRS E A0 1, HRON 0), Tinpainting 2
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RIRARMER R, il I, SR XKIBEERAEM I, ORI A BRH SRS, ik GAN 1
BEEATH BRIk, 3k (1) Fron:

Iinpainting :Ig®M+IO®(1—M), (1)

Hrp o FoREREZTTERAMR.

W 1R, G AR Lupue TEHIN, B0 I A1 Logramia 20 90A0 I, TR A BURAN & 7 04
Bk, PN TLB RS R G R R EIRIL HIAEAR. D I Lupainting M Lo LAEET] EARAN
THEXT PR, XMPUBURH ) D R AT RE% 0] H HSEREARE R AR, #h ¢ RATReECEmER . &
HPBRELER. G 5 D MEXNPLBMAA R Es R, B G Rt Eid 3 kA F I f8 T A,

2.1 ERET

MSSF-GAN HJZERTT G Hgmisas . I . I BIBEER R P Ra e I H T 2 ROERE &4
J5, B 2 Fros. XM TR T U-Net ZERIROHE G, A A BRERTE 0K g 5 2 H RORFE (5SS 1% 32 210
S PR AR, SEBLAE AR S RS L T L I T R, S AR A P SR TSR] DU P e A 85 14 SR
9M5 2. (HIXHI T U-Net, X EIBIEE EOVEEK R, RBEZR T REDT TN, Rk
SRAE T3 PP AT IR AN AR TR I AN, 22 RUBEE R & IROIN A G B 45 SR AT 010 1 J= 1 SRR AR
FRBVA B MIOREE, AT 250 i R DXk R T8 SOANEE B AN MR Sl R v sk = v 2 R AR A5 B D 10 AL

Wk 2 R, S dEa 6 2 N REGHE, BRESHUE 1 Prr, KE Kernel size HERZ
KA Stride NP A&, BIEARAZ AR RAERFAE B b K105 18] B BT 17 2P 3K s Padding 35S, R
FERFAE B BRI A IMAAT SN B H . B T BURE TR BRI AR NRAE K, i 7
BN RERN, RIREA it RE 0 TR, RHIEEIN 128 x 128 FLE 4 x 4, T 7 HU7RoRiEilE
e, R EIEEOE N, JOBHA )T, RAEBEERE LG R, ML SR R 6 REH, IR 7 Bl gty
s PR AR E R T N2 RIS G %155 2, 1By Bl il — RRF LA oRFEA 2, R
FER PR L SRAE AN AR T AR e LA AR LA S A 25 HAie A 2411 ) By AR A 1 A ) S A
FRMILG 25 R BRER T IR AR ESE 7, EMAZZREE S XI5 S B Rk X
IR, O MRERE R B S R R XIS R IR T S A 2 S BU R 1B R 45 Rk UAIE T A,
SREMH TR )R SRR B E R 2 REZR G THE, GEU8 % 2 Ml o A R0t M FH 2
P28 2 R RFAE, [FIHBAEAS BB 1 e 2 08 SCRFIEAE B R IR i 45 2 OR

2.1.1 ETRESEFHIPERERR

U-Net FBbERE R R SR Xl B AN 25, i T i X I O 2 B E N BEHLE,
BAFEEE O R R, EEUIR T RHERESAE, 1515 TR E DT, KR T 52k X I
FIAE HOME, ST REORFRIRFIC ISR, SE 71 B0, W AR Ras B RIS o B IB R RRE. 1X R H]
SCHR [24]) B0 B R AR E I ST 4 R R DXCIRIBUE, 12 30RO BB SO R VAR SR T 5 S LT &S AN
RGO AR AR RE SR, AT DLIE R A e A 7 R R W R B A s 2k X3S R A5 R L, AR
DA P R R X3 L) SR R RO R R AR B R MR AN R T AN R AL IR A I LR R R
st (2) Prs:

LG (r,r;) = f, (2)

Horp L SN EAT, r AREBER A, v NERBER R, G (r,r:) 2 OV BB ER R R
RIS B 2, DR AR IX I BRI e B 1) LR DX dslo SOMIZIRL . AR AE T 57 vl AFE 73 Ok B R oy
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Multi-scale fusion

D

Element-wise sum

YVvY
YVYY

e

E 2 MSSF-GAN B4 ET
Figure 2 Generator of the MSSF-GAN

®1 ERBETEREY

Table 1 Parameters of the convolution in the generator

Kernel size Stride Padding Others
Down-sampling in the encoder 3 2 1 -
Up-sampling in the decoder 3 1 1 Scale factor is 2
Up-sampling in the multi-scale fusion 3 1 1 Scale factor is 2
Decoder outputs Ijyramid 1 1 0 -

AEIESEE, T AR ZHACT, R E S BMRIERC R, e T BRAERIHIT.
MR SCHR [24]) 5E X, Hd FIG S BRE T (r) N

1) =3 G i) Iy (). 3)
i=1

Horp Io (ri) 9 v AR IRSRERIE AR, 30 (3) WM T SRR R BB T DARR ot HAT S (¥ e
AHBGER G RESE RO AN, HA KA R R B SRR R S ZE IR E R R A,
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r8 r‘? rIO
r1 r r, r r,
r T r 14 15
r 7 7 7 r

3 RESEFERARIXEHREE
Figure 3 Missing regions filled by the stable field operator

FR B BOL A AR R O SR AR IR R0 AR AN T 2 AN T RIVERE 3 550 R) P R X3 T 2
B FOFBRIAZZR (MR LA R AN R (KB 3EAT 7.

Bl 3 DARE TRt 2k X 38 9 481 3 B A ST MISSF-GAN 8 58 3 55 3 70 m A 25 R A1E 1 o (1 sk
DRI R, Qi s R, AT 5 RE XSO SRR X8, AR oy S X R T2 Rk B A (AT 2
BEMBRXIEP G R » PATHR, BRI CHEER A v BB ER S r BUEE, v X r [
SEMARERER AR, BRIEAEXS » BEAT TSI R 25 FE L ) 20 > monf B smi. fELbflh vy ~ roo S2RE
Xt PAEARCEIN 20 DAL H 1y~ e RSRKXIT EREER, I RBER ry ~ g X e it
TR,

SRJE I3 T B A P RE SCRRAN )3y X BIREIAIR T g (r, ), WK (4) Pl

Lo (r) = Io () \? IV Io(r)| x cost x |\
g(r,n)\/1<° Io(m‘;) > \/1< 0 o) 2 > (4)

b d,, N 5 e ZIERE, VI (r) Fom rg RBRIIBEEL, 0 ABESE Vo (r;) AR rr; (1926,
e BIWERIZN TR B4 0. B EEPTA RiB B 11— it 5, A

N g(rm)a(r)
G = s i mya(m)’ )

St oy = 0TS RRBEL o e
1, r; ¢ BRIR X,

FIFISR (3) 5ERt r BOMEFE S IR X BRI FO A AR 26 4T 75, (ELIEI ¢ 028 R AR 36 A
AT R 3, DT 5 B e [X 8 4 R 26 A5 B 7.

T TR TE R KRR BT, 295787 1 A A1 2 045 S 3, TR LA A 5 T %1%
25 HL R B A9 2 2 D3 SURISEME, 248 3 15 LR B 2 2 I A 2 SR S iy, T S 4200, RN,
S0 R RN B DX RINT, 22X 38 L 2 S 76 O 26 0 0 X SR A R A 1R R LRI 2 5t
75 AT R R AR A S — B IR I SUE — SRR b 435222 1 S,
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(d) ()

4 RESHEFRENER. (2) RE; (b) REMFFEE; (c) RARERER; (d) 2HKXiEEGAEHER;
(e) BRARXIFBEIGIIFHIESRERE FERNER

Figure 4 Results of the assignment of the stable field operator. (a) Original image; (b) feature map of the original image;
(c) image with missing regions; (d) feature map of the image with missing regions; (e) feature map of the image filled by
the stable field operator

Bl 4 ol T R E A T gD 2R B R XS S e 5 R, o 4(a) AR EL B 4(b) MR
B0 B AFAE B ] 4(c) it A sk KR E G, B 4(d) MR EE BB RGeS HE
T AL PR REAE B, R AR DX S 4 9 FAH, AR AR P I BRI A i AR A, AEARAD IS AR
W B DX S R ZAE RN RUE ATV 5, S BURRS TS 2 B 45 R A SRR . 850 R BN 2
Bl 4(e) NEFE S HE T I G FIRHE B, FEE I XS B T 7 AR TS I HIME, 1X SR AE B
22 RJERE, 0N RE R RSS2 5840 5 1506 B 0%, 78— SR E L IS R 45 14
SUHRAR S50 2R FUM Y 25 10 i) /B, A R ORAE 115 SO TR 1.

M 4(d) F1 (e) BILLERT DUE Hh, B 51 I N B BR T 45 ] DL ASE A% 326 22 g ) 25 (10 AR A P v
S IX 358 P 1 2R AR I T 5 EARRAE B A AU, i T RS SR R BT, A R
S DX ISR 0 DX SRR I 2 T80 (1 338 SR S DA R 2K DX 3 P 38 (403 S — BIUCPEAS iy AR AE AN 8211
JF 2.

2.1.2 ZREME

SCHR (12,14, 18~20,22] HIBkERIZE AR RO it 8% -5 R0 2% 106 B2, 0K 52 IO 4 i 28 REAE(S
BB E MG ER T, 5 8RB RHETC L BN i E R UE R, BHAS T8 2 s L)
3%, SEUEE X EE AR ESEANE UARET . MSSF-GAN FJ £ R ER&HEIZ S R4 ke )
LT T TR B DX R AE P (A 328, 25 2 A 2% B AT O R FH w28 25 2R AIE, ) e 2 S
fiE, CASGE B S 45 B 2 2 REAE A B )

W 2 fizR, 2 R RhA KB X8 O 2 4 78 1 = 2 R AIE DAt 00 T 208 28 IR 2 RHAE i
PR BN 2 A AE R 0 2 = R R IR 2. 58 XONE 2 BUIRZ R E B 73718 EFy, EF, EFs, . . .,
grenE TR ERERERN SFF, (L=1,2,3,...), A

SFF, = SF (EFy), (6)
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Multi-scale fusion

EF, || Stable field SFF, R
YD operator (DF ) l »  Decoder
Up-sample
, o 1
- » Stable field > SFF, > — Decoder
EF, |y operator DF,

Stable field Decoder

operator

B 5 ZREM&TERNREE

Figure 5 Multi-scale fusion

Hrp SF () NRRERFE T, W2 REMETHE KSR

DFl - SFFla
DF, = SFF, @ Up (DFy),

ey

DF; = SFF;_1 @ Up(DF_,),

K DFy (L =1,2,3,...) AEEEEEIHARIEE, Up () N ERFEHE (2 RER S THREEREFK
ERFEM DS E ERFEMEREARE R EEH, ZHWE 1 Pr).

K5 L L =3 ABIFFEGRESE T 2 UL G TR IR, EF) 2 4h0as 1 s = 5
ERE, %R 2 i gmit 2 AR R RBE R /N 8 x 8, EF, Ml EF; & %40 EF, 5 P EAFME B, 1K
S REE 2 FERZR KRR MMNR, 2 Aais @i ek X513 2] SFF,, SFF, Ml SFF3.
BLJE, K SFF, A% 65 & 10 RN X Hoab AT _ERAE, 4% DF, ERAEE S SFF, LUZTTa KA IE
G, IR DFy JEA%is B MRS 4%, RN BT ERFEH T 5 )5 S IE R & X PR IRIE A%
B RFEAS BB A2 ROk B T8 — 4RI, SeBl 7 iR R AR e 2R UE S, JFLLZ R
Rl BN 7 AAERR I s AL S5

2.2 FIR|ET

X AR TRk O DX, Tizuka, S5 1O $ig AT —NEIA IR R 840 51 B ek ESCE B L ACR, Bk
Prfs B 2 B AL B AL BT e 2 MEETR ISR DX, RSN ) J5 #8405 B oe I ANE ;)
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Real or fake

Real or fake

6 MSSF-GAN HKIFI5I8 T
Figure 6 Discriminator of the MSSF-GAN

*2 FIHBETERERESY

Table 2 Parameters of the convolution in the discriminator

Layer Kernel size Stride Padding Input size Output size Input channel Output channel Receptive field

1 5 2 1 256 127 3 64 5
2 5 2 1 127 63 64 128 13
3 5 2 1 63 31 128 256 29
4 5 1 1 31 29 256 512 61
5 5 1 1 29 27 512 1 93

B GAN )3 B 70 S M AFE AR B B— M T 0~ Z TR INEZRAA, X0 B 5k R TR, FEA
EA UG X R E SR S R AT, T PatchGAN [R5 K NFEASL T WA RS X, FRE R A4S
TEER X (i, 7) #ARER T 0 O A A H 1 — B DX 0 0 A A4 400 B e el RO B R
075,

A AR SCH MSSF-GAN [5G LA PatchGAN SAFEREE T T —A 5 2B RUZ 0GR ML, W
6 Fr7n. FN RIS AR I, BUEBIBEE LR Lupainting TENHIN, I —ANRIERE FE, 56 FE
HH R AR BT S N BEGAN [R5 B FIAS [R5 SR BSZ B RN XA RPN, & 2GR E B AR
SR B K /NINER 2 o, KA Input size 1 Output size 73 B3R~ E B AZ B 50 N R4 H 4r
AE R R RN, Input channel A1 Output channel 437 37~ 6 87 2 A4 A F 4 H B TE L Receptive
field 7R IESZ BT RN, BV 2= 4 HARFAE B i) RZE S N BRI A DX RIS, i R AR RE B b i A7
B B2 B AT DAZE 25 B N R, DR AN P 75 4 R 40l 5 .

GAN IRt R A2 A B o AN ) ) SR T 2R A I AR, PR 5 0 7E 4R 2R B B LU U ME, BRAER
AN E LB QA 31, H SR B MR RE SR I AR (W 2R e TT) Db B A4 2R T g 2> it
FCIREZR I o — AR (Wl o) BRI TS, Rk GAN MillZhid f2 A Fa e, BERAILs. H2
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PIFEAE R R EOA B T A, (P A AN W AR X T B D AR 2 A I B — AN R
RPRES. 17 WGAN RO A28 GAN VISR 0] 4% e Ay SR AR S5 A0 1RO R A5 O 48 (Lipschitz continuity)
BRI R, SN-GAN P71 38 5 0 ) 28 S 8047 1% 5 — 4K (spectral normalization) 77 Tf5 ) £ 3 2
MR A5 POIE LI AT, WIS BIAGE I ZR AN S H . BRItk MSSF-GAN 3] 31 5 ocid i 51
SN-GAN 4 H (3 )3 — I S T 4 BB E R — P Aa e B I 2Rl 72

2.3 IRKERH

PR BRSNS R i A R S Sl (AR B9 2&EE, e S T — 2 rilgk
B 2 R IER R 7 1R EAT, 3R BRBUE X T R DT 0, SRR 25 0 A i Ja 1 25 SRS DA 6.
BT MSSF-GAN ¥ f2 7 5 1 5] NBRERERIE HLAE Bh 2 REERG 015 2 5 A0 SRR 1 2L F1E SR
FF, RIS & 2 AR RS 88 ()RR AIE B o B ROBE R e 51 MR DU SRR IR 4%, Mk 1 48 i 1A
BE GAN BIZhte), RILA LR 7 SRR, B0 e L TR R £ kA4 MSSF-GAN Il 2k
R, =k (8) Fiw:

L = AaavLadv + Apyramid Lpyramid + Lrec, (8)

H, Loay WXHIRK, Lopramia HETFIEBER, Lree B EEMARE, Aaay > 0 F1 Apyramia > 0 H
RIS R R . 7T A MR 0 5 0 AR AT BE R TR, %5 B 5P (R 142
SR AT 5 R — 5, TR R TR Looe £ T UM (G BRI B, (R Lo, 1
Lpyrania WRIEANT Luce, B0 < Laaw, Lpyramia < 1. LUFAAI 6.

2.3.1 Xk

SR Sk 58 SR ST R R IR 5k, o0 ST 1 I PR X 20 N A A SR A I A 2 PR AR,
R 30 22453 2 R 5 A 753 0 SRR AR 2 R A PR B B R TT R K. BT LAY hinge BRI E X MSSF-
GAN | B TERIR LB, Wk (9) A (10) Fios:

£adv = 7]ElinpaintingNPdata(Iinpainting) [D (Iinpainting) ] ’ (9)

Lp = EIDNPdata(IO) {ReLU(l -D (IO) )} + ElinpaintmgNPdaca(Iinpamting) [RGLU(l +D (Iinpainting) )} ) (10)

Hrh D AFIRETG, Paata (I) HFSEFEARI, Paata (linpainting) NEZEBHEARDN A, I, ~ Paata (L)
%ZE I, Eq: Piata (IO)7 Iinpainting ~ Pata (Iinpainting) EEE7 Lp %%U%U%‘ﬁﬁﬁjﬁ%, ‘[ﬂj"j%”%lj$‘7—naq
ISEEES

MF D MiE, AA D (L) <1 WFEAM D (lnpainting) > —1 FIFEA (RIRBEEFLX N FFEA) 4
AR A REI, R hinge 102K R ORI DARE I 2R BEINRRE, RIS H 58 BRI 8.

2.3.2 BEEWIMK

H1F MSSF-GAN B I4 45 T 1% 325 A RFAIE 1 P Ak X IAN PR BE LB B A R AE, TR A2 e 7
Sy TSR 2 SN R AR OIS [R5 R 28 A s o o e 0 A i B = RN B AN BB Tipue 1
R I DSR2 RN DXl DRI MRE AR R A BUR Lree 20 AR ICEMR BRI X IR B R AR Liole A ERIX
SRR EAR Loana. Lnole HARZTE T HR R XAy 1 AETE X EERGR RIS, Loana HARZ A
JSCER e AR AR BB AE CURN XA 2 RKOR TR AE, a0 (1) P

Lrec = AnoleLhole + Avalid Lvalid, (11)
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Table 3 Training and test datasets

Dataset Training samples Test samples Total samples
CelebA-HQ [28] 29000 1000 30000
Facade [29] 506 100 606
Place2 [30] 1803460 36500 1839960

Hr, Anote > 0 AT Avania > 0 JXTNEFIALEAR. 25 58 RIS XIHE R 9B P wa 1O A2, DR L
AL Anole > Avalid- Lhote M Lyaia #AKM Ly KR 1, M 1, £ERZEIIZESTE, 25E LN

ﬁhole - ||Ig © M — Io © MHl - HIinpainting - IO||17 (12)
Lyaia = [Ig © (1= M) = Lo © (1= M) ||y = Iy © (1 = M) = Linput[1- (13)
2.3.3 SFEMK

MSSF-GAN I 2 RER G TH5IZ 2 a8 18 R RIRHIE B &5, JFR 5% 2 6 2R 41 1A
W~ RERE ERSEWER 1 Por) AR REREERGS B EARTHE L #8k, Wi
Blg P BERUR, WTRLIZ D 58 8 R RO SRk DGR T, sk (14) Poms:

ﬁpyramid = Z ||I(l) - Ié)yramid”l? (14)
l

Hrb, I amia 2 Tpyramia PRISDNREREGBRER, 1L 1 I, PRHEES 1,00 BAHRRE
KRB Tygramia LI T 2 REZREE HIREAR MEAE, U1 ARAD 5% 1D R0 % SE HR ™ A ROR.

3 SLWERSHDHR

2% UGS E 0 B0 — M PEVPA, X L [ERE R VPN A e B VPN K5 A ST $2 () MSSF-
GAN [IPERE, Heah, i3I I b Sz a6 I, MSSF-GAN (AN [E 3845 % T8 5 1 FE B2 m . S206 K F A
TN B CelebA-HQ 28], BHAIMEHIEE Facade 29 Al HIRI7 = A Place2 PO, F R
SRFEAFIN AR AR S IR 3 Frow, IGRFEARFIMNRFE A 3 #r 3 K/NHN 256 x 256.

SEIGAE E BT B MSSF-GAN 4355 GL 19, CA (3] PConv '7), LBAM 8], PEN-Net [14 Al
E21 P FEAS KU HE AN 4837 e B RS b, 5 CA 181 CSA 1121 Shift-Net [2°), PEN-Net 1],
UCTGAN U6 f1 PEPST++ 231 75 J& s JEHE ISR I 200 4R % 00 T %o bl B0 5] & Rk, ik
b7 V2R A 2 S ) BB B 5 iR B B S dE I T 325, G PCony A LBAM XA KLU 4 FEE et 585 77 2
HEAT Rt B2 764 F AN FE R B Se b CA 1 VORI B HLEI SN BI BB E F; UCTGAN
1 PEPSI++ TEAS F J AR A Iy B et . 5 Bt L7 V347 4 LU B BB AR I MSSF-GAN 1)
PR, S8 DLA T IAS KU HE R 4 V7] R rp R FE R (i 0 v 0 8 BLSREAR IR 1/2, FERSTHI
U LG 25%) Skeds B EHE A i 2k XN AR BN Tinpue:

Iinput - Io © (1 - M) (15)

FENZLFET batch size WEA 16, TR REAWHBE A Naav = 0.1, Apyramia = 0.5,
Mhole = 6, Mvatia = 1. SZEGRH Pytorch HEZEYIZEAIMRFE AL s2ib~F S ECE N XEON 5112 CPU,
NVIDIA GeForce RTX 2080Ti GPU.
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Figure 7 Some inpainting results of the MSSF-GAN. Each subfigure represents a set of results, in which the first row is
an original image, the second row is the image with missing regions, and the third row is the inpainting result. (a-d) Face
image inpainting results for images with a centered rectangular mask; (e-h) face image inpainting results for images with

an irregular mask; (i, g) scene inpainting results for images with an irregular mask; (k, 1) inpainting results for images with
a centered rectangular mask

3.1 EMEMN

FEMEVEA DA R E, MBS R AR, B 7 B8 T MSSF-GAN 7EE#E4E CelebA-HQ,
Facade Al Place2 LRI MEE 455

K 7(a)~(d) A KRR T R HERAIE ok X E T CelebA-HQ LRMBELER, BT
Bym e NGB b0 Ab T A ] AL B, DRI DB 70 TS e A 0 R 4 S wh i PR S M 78 o o 25 2%, (H
MSSF-GAN tHRE1F 34 R g5 i An 5 SO G BB R 45 R, HE 7(a)~(d) B1EE 45 RH 5 i EAHL,
Bl 7(c) MMEE SRS JE A ZBOR, (HW5 2 N B TR, B 7(e)~(h) PUZHEZIR T BEALI
ASFNHE AR AR X IEAE T CelebA-HQ B SE T, SR A ASHEIFE I K S8 2 A2 A5 58 0 AN
RFAIE, BRI AT DU 20 REAE 25 18 SR XIR BB B, 13 BB 5 245 3R L& TR TR AR i ok [X 35
ISR T IR . TR R BRI, NI 145 15 R B AR ARG, (EL R SCA B A W e 1) 2%
S, TEK R R R TR GBI, JRRTE T, B 3 57 ) P % [X a8 L AR R A A . B e ok
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%R 4 BPIERHEEE CelebA-HQ LRSS MREXTEL

Table 4 Comparison of inpainting performance of centered rectangular masks on CelebA-HQ®

CA[B]  CSA[2]  Shift-Net 20 PEN-Net['4  UCTGANI[6  PEPSI++ (23] MSSF-GAN

PSNR (dB) 24.2377 26.1920 26.0732 25.2693 26.3833 25.5000 26.7276
SSIM 0.8671 0.9021 0.8671 0.8958 0.8862 0.8980 0.9051
Ly (%) 2.35 1.68 1.81 1.79 1.51 - 1.54

a) Bold means the best.

#z 5 TEBEAENTHNEIEAE Place2 LRSS MREXTLL

Table 5 Comparison of inpainting performance of irregular masks of different missing rates on Place2?)

Mask GLIO  CA[3]  PConv[("  LBAMI[S  PEN-Net[!4]  E21[21  MSSF-GAN

(0.1, 0.2] 23.83 26.27 28.32 28.51 26.55 28.42 28.43

(0.2, 0.3] 20.73 24.21 25.25 25.59 24.05 25.16 25.34

PSNR (dB) (0.3, 0.4] 18.61 21.95 22.89 23.31 22.47 22.93 23.38
(0.4, 0.5] 17.38 20.02 21.38 21.66 21.48 21.39 22.22

(0.5, 0.6] 16.37 - 19.04 - 17.83 18.36 19.51

(0.1, 0.2] 0.829 0.876 0.870 0.872 0.884 0.887 0.896

(0.2, 0.3] 0.721 0.763 0.779 0.785 0.799 0.806 0.815

SSIM (0.3, 0.4] 0.627 0.657 0.689 0.708 0.721 0.728 0.744
(0.4, 0.5] 0.533 0.572 0.595 0.602 0.604 0.614 0.633

(0.5, 0.6] 0.440 - 0.484 - 0.542 0.544 0.564

(0.1, 0.2] 3.22 1.43 1.09 1.12 1.14 1.02 0.86

(0.2, 0.3] 5.00 2.38 1.88 1.93 2.11 1.84 1.75

Ly (%) (0.3, 0.4] 6.77 3.59 2.84 2.55 3.09 2.78 2.60
(0.4, 0.5] 8.20 5.22 3.85 3.67 3.85 3.83 3.55

(0.5, 0.6] 9.78 - 5.72 - 6.42 6.18 5.22

a) Bold means the best.

X3 RHIEE B, JE456 GAN SRIERON SR XM 5, 2k XK, A28 3 57 7T R sk
S DX 358 L R RFAE A SR D ) B X G SR I R ok, BT B B R A R —
SEFERE F A s R B (R AKEE GAN I ZRas RARIR T DUAE AR A A S, B (1) A () PR
R T BEATL AT AS A U448 A Ay 2k XA T Place2 ERIMIEEEZER. W 7(k) A1 (1) PR ER T JEF
FEHE AR R X S8AE FH T Facade LB R LR, S22, MSSF-GAN 7 ik 3 ME&EH s =
S RABEARONIE B HAHE L.
3.2 EEFMN

R T EMIF MSSF-GAN W EIRE B AR, ASCERUE hHTEHERAEH T CelebA-HQ HAIAF
MFE LA F T Place2 L RIB /NSRG4 Bk T e kiR, IR A EUE S o S R Es L, B
P E(EAE L (peak signal to noise ratio, PSNR) FIZEMIAHALEE (structural similarity, SSTM) 31 Sfefff
& MSSF-GAN B E KGR E. L, M PSNR i UG 2 (B M5 K 2 7, SSIM Eu 4 G 2 [/ 521
X EEEEREE R 25 . Ly BN ROR BB 12 S i, PSNR A1 SSIM 4B K R BB 12
SRR, 2 4 F1 5 0 T R R ERARIEH T CelebA-HQ B VAL 45 R FIA R h2k %
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(B AR BB S B R A ARG R A B E ) A RUUHERSAE T Place2 b RIMEE VAN
gER. Hoh 3% 4 CA, CSA, Shift-Net Al UCTGAN i FLBEAY (K508 eI T S0k [16], PEPSI4++ X
FOABE TR FF H s >RV T STk [23]; % 5 H A BRI DA & GL A PConv X UL ZY (1) 5004 SR 5 T
SCHER [17], CA A1 LBAM X FUASE R (R 80408 K5 T SCik [18]. MSSF-GAN 7E3R 4 F1 5 tf 8 (e i 5 Xt Lk
Y A [7) 50 S RAH S5 250 (1 HRRE AR A5 31, 405008 1000 5K A1 500 5K IIHRRE AEUI (A 15 3.

JE AR IEVE ] T CelebA-HQ I MSSF-GAN ] PSNR Al SSIM 8l $48 T Ffdxe} b AR 3L,
BYE Ly FEEMEUE EIE UCTGAN & 0.03%. AIREJEFCN Ly BH S HA 2 BUR IR MAZ 2 A2 (8]
IR AR 22 5, FEARVE BUR AR S5 M B0E UZ TG B, T BUREEIN S, BRI 25 FE X
SR NEE

ANFRHEEAE T Place2 B FEERRZER 10%~30% HIVE I MSSF-GAN [ PSNR #({H 3K T
LBAM, [FIBf7EGRRZR 30%~40% BTG Ly FEES A AUE IS = T LBAM. SR 2 1) KN 5 PPl
FabR B EE A IR R, FR A FALE [ AN KU R 2 DI BB B R 45 R 2 I — @ It . (2
BRI . F F ZE AR AR DA B Pl ML I8 B, i3G5 45 TR 1 i 22 — 7 T P SRR T [R) — S ok
SRX (A P i 2R SR B BERLPE, 53— 5 T AT BB T MSSF-CAN SR T hrilEGH, 76 B R EE
HRGEFNBE BT —E R AR, 1 LBAM > B — e R ks 1 O S AR R
RPN T AT RE S8 T AEE Ay 1R AR . MSSF-GAN B&{X T LBAM. {H#4A& F MSSF-GAN KR8 T
LBAM AU AR EE A AL

3.3 ET CelebA-HQ HIEERHRISEIE

R TR E S E T 2 REERG A &K s B A R, ASCE el irta e B2 R
FERD A IEAE CelebA-HQ EHEAT & AR AT 20%~30% ASKI U445 FEE (10 4 Fib Sz 56, 48 52 P14k 45 SR 2n
K 6 Fim; B AR BRI R R AL £ T I R IEAE CelebA-HQ 3T JE A FEHERE AT 20%~30%
AN DU 1) Y Rk S, B RVTAL A SR AngR 7 A 8 s RS A R B R L HHAE CelebA-HQ
AT TR AR TR U Bk s B, BRI, FEREAE A Lagv = 0.1, Lopyramia = 0.5, Liole = 6
Loatia = 1 3R B, 230 HLai R Loaw FIRLEENCN 0.05 F1 1 BE TR Loyramia T
BN 0.1 F1 1 FERR XS R EHR Lhoe MBERBSCN 3 1 8; # O AN X R R EHHL
Loatia WIBEESCN 0.5 F1 3, R PEAS R 10K 9 Fros. SEIEHEIIN 1000 7K AR B E 15 3.

MF 6 TTLUE H, Fa e BT M2 KRG Re 0 E 52 45 5= A A RIRE B2 AR sz ), b 2 R
FE R G RHE 5 45 = A AR e e BE K, FERSBR %5 J5 PSNR, SSIM Ml Ly #EES 3 M abn B oie
BK; FEHE T IMEE 45 B A ARG AR L2 RUE RS/, (B B 48 S 8CR N & A R
KIEFRTE. Fag R A AR R XIS 225 FE Bk RAR R B A RUE R, 1A RUE 2 B4 2 50 X e
WG Z A CAGIA R ERRAL R, B R BRI ST O AR R R R 2R, TS
BT RRE S E A B S5 R A B R AR PN 23 K. AR 7 F 8 W LUE Y, & A 4 R A
Re X E 5 2 S = AR AN [RIRE B AR e, oA R R B AR R Lree BISEMA R K, T4 AR 25 B A A 25 1)
PIEBI Lhote M Lyatia ', Lhole FMET 4R B K. 53 EAHUKR T8 548 R oA U 45
S R B S, ISR R A R AR, A ek 218 T H A g R, HELASR. R
TR Laqy BRI REM BIRAS B FH AR 74 2%, (BP0 2k B AR BB a5 00 B o6 2 1) %
PrigEr= AR, v Lk — D 4a AR R e AR R 4 R T LS, FER BRI R JE, AR R T L E T AR
2 RS R 2 TR AEAR 2R 2 T AR AARR B2, T AN DRV AR Bl S BEAR s SO BT, BT s Hh A T
R RS B DU 2R Ly Eb MSSF-GAN % 0.01%, {E4& 82 45 78 G AL 5 2 1 A5 S MSSF-GAN,
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Table 6 Ablation study of the stable field operator and multi-scale fusion®

Centered rectangular mask Irregular mask of a 20%~30% missing rate

Without sfo Without msf MSSF-GAN Without sfo Without msf MSSF-GAN

PSNR (dB) 25.3992 25.2589 26.7276 27.8512 27.1589 28.8666
SSIM 0.8998 0.8962 0.9051 0.9136 0.9073 0.9270
Ly (%) 1.73 1.79 1.54 1.22 1.34 1.03

a) “sfo” means stable field operator; “msf” means multi-scale fusion; bold means the best.

*® 7 RARHAUHMSE (EREPEMERE)

Table 7 Ablation study of the loss function (for images with a centered rectangular mask) a)

Without Laqy ~ Without Lpyramia ~ Without Lree  Without Ly Without Lyaia MSSF-GAN

PSNR (dB) 26.3919 25.3811 20.4093 22.4963 25.8945 26.7276
SSIM 0.8653 0.9011 0.7930 0.8057 0.8453 0.9051
L1 (%) 1.53 1.74 3.32 2.64 1.66 1.54

a) Bold means the best.

k8 MKEBWAVHAKE (EA 20%~30% SRARFERTHNELR)

Table 8 Ablation study of the loss function (for images with an irregular mask of a 20%~30% missing rate)a>

Without L4y  Without Lyyramia Without Lrec  Without Lyge  Without Lya5q MSSF-GAN

PSNR (dB) 27.7276 27.5728 23.1117 23.5892 27.7522 28.8666
SSIM 0.8734 0.9106 0.8294 0.8340 0.8686 0.9270
Ly (%) 1.26 1.26 2.04 1.96 1.23 1.03

a) Bold means the best.

* 9 MARKHONEREMIN (ERBEDELEE)

Table 9 Ablation study of weights of the loss function (for images with a centered rectangular mask)a)

Ladv Lpyramid Lhole Lyalia Optimal weight
0.05 1 0.1 1 3 8 0.5 3
PSNR (dB) 26.0053 23.1636  25.7851  25.7647 25.7614 25.8856  25.8293  25.6728 26.7276
SSIM 0.8498 0.8131 0.8451 0.8442 0.8475 0.8466 0.8463 0.8423 0.9051
Ly (%) 1.64 2.39 1.68 1.68 1.67 1.65 1.67 1.71 1.54

a) Bold means the best.

IXAE PSNR A1 SSIM 10 bt b thAg P fAail. MR 0 T DAFE H, &40 S i K B /s RO ASL B 40 2 f
BRI, &2 KN RIBCE A RE B B ACRIA B A, B3 S B AL A 24 T e A B AU A 1
IR A 245 7 AL, AR R A AR /R 2 AR B TR R R T A A R B Al R i
A, AN IIEAR BRE R BERIE SGETIVE. 534b, th T8 A s T AR N AR IE e A 2%, DA A
AHEFERE T B R A5 R RIL TR K, IXAER 6~8 FP3EIATL.
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AR T AT 2 RIERESN GAN [EBB R AR, JE A e AL RN B BRER I 12
H, M) P R R DX L ) 0 X3S ) AR A JE SR S i 8 RS AR PRI R K DX, PRAIE 1 R 2K XSk 1
S BUEMRHIEE SR ME, 208 T BB R 45 R ERR DX skif SO E BT A 3 F il 2 ROE R & 5
BT INGERFAE B A 38, A AR A5 A B 0 IR0 i JR AR AR O3 U5 S, 3R i s g i 4 o 45 JZ AR AR
FIRIFI 2, TS TH R BRI SRR d5 J 4 A AL 4 o £ 25 J A A0 P 5 x2S TR AT B
TR, WITZEL 8 B RE AL BT, SeieaR W], ASCHREE AR R . B RS- G
IEHEF R LA REIRAS & BEE UE BB R AR, (8RR BN, A2 557 0 4 A 2% 45 1L 14
IR ZE I R, HAREE SRR DR O iR ZEBOK, 80 1 R AE I (3 FE 45 R 5 i P (R ALE AT —
SEZESE, (RS BRI BB IB R A5 R, S oh, ASTRAYEAE 256 x 256 70 #F R & 12kt _E BEAT 12
&, IR PR BB SRR KB OLT, 38 510 T o X8 N AR 3 B Tl % 22
e DRI, X R B AIE R4 R0 23 O L AN, AR AT SR AR e 3 551 34T ot
PRI ] T R B R R
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Image inpainting based on multi-scale stable-field GAN
Xueyi YE*, Maosheng ZENG", Weijie SUN, Lingyu WANG & Zhijin ZHAO

School of Communication Engineering, Hangzhou Dianzi University, Hangzhou 310018, China
* Corresponding author. E-mail: xueyiye@hdu.edu.cn, zms_0310@163.com

Abstract Generative adversarial networks (GANs) have shown their potential to inpaint large missing regions
and generate plausible semantic results in image-inpainting tasks. However, GAN-based methods often ignore the
semantic consistency and feature continuity of missing regions, and lack the perceptibility of features at multiple
scales. To address these issues, we propose an image-inpainting model based on GAN with a multi-scale stable
field. Motivated by the U-Net architecture, its generator embeds the stable field operator into skip connections to
fill the missing region in the feature map of the encoder and thus maintain the semantic consistency and feature
continuity of the missing region. Further, as the benefit is gradually enhanced by multi-scale fusions, the feature
information transferred by the skip connections is not obtained from only a single feature map. The model is
generally enabled to perceive the semantic information of the high-level features of an image. The experimental
results show that the proposed model outperforms other classical image-inpainting methods in the face and natural
scene datasets.

Keywords image inpainting, generative adversarial network (GAN), stable field, multi-scale fusion, deep
learning
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