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Image Inpainting Algorithm Based on Conditional Generative Adversarial
Network with Spectral Normalization
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(1.School of Software, Nanyang Institute of Technology , Nanyang, Henan 473000, China;
2.Chongging Key Laboratory of Computational Intelligence, College of Computer Science and Technology,
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[ Abstract] To solve the problem of large image distortion and uncontrollable discriminative network performance in image
inpainting based on Generative Adversarial Network (GAN), this paper proposes a new image inpainting algorithm based
on conditional generative adversarial network with spectral normalization. Spectral normalization is introduced to constrain
the discriminative performance of discriminative network, and thus bring an improvement to the inpainting network
performance followed by detailed theoretical analysis of spectral normalization in controlling the discriminative network
performance.Category information is used to‘constrain feature generation to ensure that content of the inpainted image is close
to that of the original image.The extended conyolution operator is also introduced to perform pixel-level operation on the to-
be-inpainted image to address the lack of local consistency in image inpainting. On this basis, PSNR, SSIM and other image
evaluation methods, as well as slice Wasserstein distance , Inception score, manifold distance measurement, GAN-train, GAN-
test and other manifold structure similarity evaluation indicators are used to comprehensively evaluate the inpainted image.
Experimental results show that.compared with CE, GL and other algorithms, the proposed algorithm can significantly improve
the subjective and objective evaluation indicators of the inpainted images.

[Key words ] spectral normalization ; conditional Generative Adversarial Network (GAN ) ; image inpainting ; discrimination
performance;image evaluation
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three datasets

N PSNR/dB S By H
CE®i:  GLEIL CABML AXHE®% 1%
StreetView  34.96 39.64 40.44 40.64 8.1
Places2 33.29 36.59 37.02 37.59 6.4
Places2-H  34.00 35.43 37.01 37.07 4.6

®2 AREEEINHBIEE LW SSIME
Table2 SSIM values of different algorithms on

three datasets

. SSIM fii P A
CE®IL GLEW® CA®M A% 1%
StreetView  0.85 0.89 0.92 0.93 4.7
Places2 0.88 0.91 0.96 0.96 45
Places2-H  0.86 0.90 0.94 0.95 5.8

MR LA LUE W 76 B A 0 8Os 45 v, il 0 1 1%
St aRE BB R, ACH LS CAR BB E MK
% PSNR 8 i = . %) [t CE & ¥: , PSNR 18 ¥k i A
9.0%~16.2%, %I tb GL 5 7% , PSNR H ¥ I 4 6.0%~
9.1%, XJF CA %49, PSNR #KIE N 0.1%~2.3%, N
PEAR I 2 R B8 251, B SSIM >k & &2 F1R i
T Rk 2 in . IR 2T LLE A SCHE



236 R - | R B -

202141 H 15H

5 CAR B E M EG SSIMEE . X H CE®
1, SSIM 18 ¥k 1% N 9.40%~10.5%, XJ t GL % ¥ ,
SSIM 1B ik I N 6.04%~9.3% , % [t CA 5% , SSIM H
K R 0.0%~1.0%. B& T | A PSNR 5 SSIM 1 4§
b, DR Bl 12 F 8 25 4 R AL 0 B2 &L B A
SWD IS .FID ,GAN-train fll GAN-test X} & 42 [% 4% ()
&= R UEAT PR . HisP, GAN-train 1 GAN-test /&
£ VGG19 43 A M 28 b dE 17 I 2 3k 45, 45 3 an & 3~
FSHIR .
£3 AEHEELS StreetView HUIBERN R EHTENE
Table 3 Manifold structure evaluation value of

different algorithms and StreetView dataset

BAR4E 58 SWD  FID IS GAN-train/% GAN-test/%

StreetView 13.1 9.9 9.6 94.1 —
CE[1515% 1k 19.3 154 48 88.3 86.5
GL[16]1# 1% 17.6 13.7 6.7 89.7 87.3
CA[17158 1k 18.4 14.1 5.9 89.2 86.9
ARSCHE: 16.8 13.2 7.1 90.4 89.4
PR % 9.8 102 269 1.6 2.9

R4 AEEESPlaces2 IR ER R EHITENE
Table 4 Manifold structureevaluation value of

different algorithms and Places2 dataset

BiidE 5%y SWD  FID IS/ GAN-train/% GAN-test/%

Places2 19.5 12.9 8.8 90.3 —
CE[1515 269 19.8 41 86.7 83.2
GL[1615%:  ~24.6 18.0 5.8 87.9 84.3
CA[1715: 259 19.0 6.1 87.0 83.9

A SCE 23.9 17.1 6.3 88.1 84.6
- Hy 8 1% 7.7 10.5 31.1 0.9 1.0

x5 AEEEE5Places2- HEBENRELEHIENE
Table 5 Manifold structure evaluation value of

different algorithms and Places2-H dataset
B 55T SWD FID IS

GAN-train/% GAN-test/%

Places2-H 18.3 10.0 7.7 91.2 -
CE[1515 7% 25.3 17.6 4.9 87.7 83.9
GL[16]5% 1% 24.3 15.7 6.2 89.0 85.6
CA[171A 8 24.8 14.6 5.9 88.6 84.3
ARSI 23.8 14.6 6.9 89.9 86.0
- H 1% 4.2 6.1 26.1 1.7 6.1

SWD F1 FID 53 48 b5 3 22 F R PEAN Bicdis 42 =2
6] B 9 T 45 ¥ AL , SWD L FID 3 # i 8 /)N | FeR
B 48 5 2Z 0] 1 Ik 45 #4 B AH B0, 1 IS . GAN-train £
GAN-test P (H B K, 26 78 B8 42 22 (8] 19 i TP 45 14
FEAHL . M 3~F ST LAE X H 3 R 57k, A S
SR AR AT 0 TR T 25 A6 AH AL B PE A SR, Ul B IR Bk
WP PR T B S EMSR BOE AE 5 i LR R s AR

T S5 R AR

gih LR E IR SR AR, 7T AR A SCROE A
68 52 AR ol 2 AT B3 A 1) R 2% 4 R 47 ) L B DR A D
U B4 B 15 18 52 0HE AR 22 ) 0 U T 2 A 5 T, 24 B
FHEHF B A5 2R

G A VR E R AR B B B0 I B
S B R EAT T IEHr L 45 SR A0 181 5 R .

100
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Real images CEf%y%k  GLEEJE  CASLE AU
Bs5 BEERGBRETHRER

Fig.5 Naturalness evaluation result of inpainted image

ML S AT LLE A8 SO B A7 1 KR g 3R
R EMR AR M HCE Bk (GLH L Fl CA
VLY BIRES T /19.2% .6.4% F1 1.6%.

45 EHEHW

5 CE ..GLAF CAGE P AE £ V& W PEHr 7 1Y 27
B XF H 2 SR I AR SRR AR TR A5 A8 PR RE H )
2 Pk re A )y B A LB o A X AR AR Y
A AR Y EAT WF 5, B A 2 B 0k v A O A R 43 1
YER . BRSP4 46 - R 1T pMSE 461 2% i) 28 {K 55
PUSNLCGAN-P, oK ffi Fil TV $ 2 #9725 & 54 1 SN-
CGAN-T, A i FI 90 52 J&& A1 81 2% 1 A8 {4 550 7% SN-
CGAN-V , KAl 45 2 {55 18 19 22 /R 5. SN-CGAN-L
Ko A AH T3 5 — 4k /9 28 {K 55 1 SN-CGAN-S, 7E
StreetView 348 4 |- i & 45 #4 #H 1L & . PSNR FI SSIM
AP A R anR 6 R TR

6 THRHEHEAREEMRBFTEINEGR
Table 6 Manifold structure preservation evaluation

results of variant algorithm

GAN- GAN-

RN RS SWD  FID IS i/ test
SN-CGAN-P & 1 18.1 15.9 5.6 86.8 86.0
SN-CGAN-T % 17.2 153 5.8 89.7 87.9
SN-CGAN-V#&7:  18.6 16.8 5.0 87.2 86.6
SN-CGAN-L %74 18.0 16.3 5.4 86.8 85.6
SN-CGAN-S &1 19.7 17.6 8.3 84.3 80.7
SN-CGAN 51k 16.8 13.2 7.1 90.4 89.4

SRR % 9.0 241 216 4.0 4.8
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Table 7 PSNR and SSIM evaluation results of

variant algorithms

AN PSNR/dB SSIM {if
SN-CGAN-P 34.88 0.91
SN-CGAN-T 36.73 0.90
SN-CGAN-V 38.87 0.91
SN-CGAN-L 39.88 0.93
SN-CGAN-S 33.10 0.89

SN-CGAN 40.64 0.93
S-S5 3G % 11.20 2.40

A SRR 2R FH R R B R A 1) R B SR L
F2 UL F U R0 R L BT ) A . PR, 3R 6 Hh i i
4 2 XoF T 4 b AR R B VE A . pMISE #52k
K M BG5S IR s EHR Z [ R I, TV ik e
Pl BB B RS . NR TR LE
H, R 51 A pMSE #6512 #1 TV i 2% i}, PSNR #il SSIM
[ERSREN TN

S5 A A OG0 ) 45 1 R A o B | A RO R 2 R
i B AR TR T A SO 51 A bR 28 R 24 o) [ &
FEAE AR B, DT PR R A& 52 9 25 5 T G Rz Tl (9 7Y
FOREE . LA, BTG 0 — 1k 24 B 45 11 1] 1)
Pege , i — P E TR AR R R T R X
J) 5] X 2% v 2 B0 Lipschitz/[ 8BS 007, I 45 &
KI5 FNER 6.3 7 AT LU H L a4k xoF 48 il 0 531 1) 2%
) 0 3 1 R L TRD 2 B v A8 A I 4 0 1B e O D) B IR
R 2 G ER R N R IE 45t A B AR A .

5 HFRIE

I T AR M P 4 RN SCER G N AL R BB 1B B
BICE AR BR . h, AR SCHR H—Fh
Fe T I — Ak 45 2B B BT I 2% A RS 18 R A
T Az BN O 25 48 5 S0 1 i R ) ) 4% P e S T
5 DA R il 2 3R B 2 R LR BB & A i 2 )R
BB — O ), SCIR 2 R R B % 0 T AR T WK
Z M E WM E AT SN-CGAN-P, SN-CGAN=T %
X AR B S T 4R R S R R R = 1A
AR . T — iz T ER AR EH &R
U 2F S BB MR S B S R Z TR OC R
DL S B iz Bl AR B AR AR R 1 e
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