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Improved Generative Adversarial Network for Image Scene Transformation

XIAO Jin-Sheng®, ZHOU lJing-Long®, LEIJun-Feng®, LI Liang!, DING Ling?>, DU Zhi-Yi!

!(Electronic Information School, Wuhan University, Wuhan 430072, China)
%(College of Computer, Hubei University of Education, Wuhan 430205, China)

Abstract: This study designs a new generator network, a new discriminator network, and a new loss function for image scene
conversion. First, the generator network uses a deep convolutional neural network with a skip connection structure, in which multi-skip
connection is used to share the structure information of the image. For the discriminator network, it uses a multi-scale global
convolutional network which can distinguish between real and generated images of different sizes. At the same time, the new loss function
is a combination of four loss functions referring to other algorithms, including GAN loss, L; loss, VGG loss, and feature matching loss.
Moreover, the validity of the new loss function is demonstrated through experimental comparisons. The experimental results show that the
proposed algorithm can achieve multi-image transformations, and the details of generated images are preserved completely, the generated
image is more realistic, and the block effect is obviously eliminated.
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Fig.2 Generator network structure
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Fig.3 Comparison of different generator structures
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Fig.4 Discriminator network structure
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Fig.5 Comparison of different number of discriminators
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Fig.6 Comparison of different loss function
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Fig.7 Comparison of SAR image synthesis results
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Fig.8 Comparison of imagehazing results
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Fig.9 Comparison of map synthesis results
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Fig.10 Comparison of night image synthesis results
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33 BB
331 KEMgmZEEMIe R
¥ %%, Choi 25 ANBOS |41 22 vk BE I T 443 FADE(fog aware density evaluator), F) F 1% 5075 %1 45 3 40 5K 42
I3 ISR S IR FEFR bR Sr R LSS I LR LA bn il vi W S5 ik BEBR THRL T 40 SR IENW I R 38 J5 72 95/ e
T %K% . CycleGAN. Pix2pix. DRPAN F1# {1 25 55 5.
Table 1 Comparison of FADE indicators
# 1 FADE fgksxtLt

S LZEE B CycleGAN Pix2pix DRPAN A% AL
FA RN 0.23040.116  0.73640.431  0.689+0.348  0.459+0.250  0.670+0.412  0.634+0.410

3R 1 Al WL AEFIH Pix2pix. CycleGAN. DRPAN. #AF IS5 FIASC S VLA ] 5 14 1) fog density $8 4%
W12 B JH ARG DRPAN Jin2s 72 R 1%, CycleGAN F2 B 5 =i Pix2pix FHAS S 50325 DL KA 0 25 1 0 5 2 RS AT
R WAL AAR L CycleGAN 2 it DU I b5 B i, 02 i1 T R BR300 8 4 [EG 60 R D i 4 £

AR PSNR AT SSIMBH o 347 110 52 B 4% 5 1 06F EE 43 41 PNSR ARk v, 1 A 24 7k 161 45 5 Jit Pl
AEABL, e FL A /D 2 SSIM (B BEHI 1 B, D) A= il P 45 5 D I £ 25 Ay R A 0, 3 W 4 ol PR A sk R A % L 45 R L3R
2,55 I 1 PG AR HE IR 48, 3 TR AR SRR N 35 45 R N AR SC B4 B n 25 S R H DCP S:45 31 6 25 IR
sk PSNR H1 SSIM #5645 763 2 w1 4] 40 K 313X & 1) PSNR F1 SSIM BEAT St v, - (8 R34 07 22 45 Ban K

Table 2 Comparison of PSNR and SSIM indicators
% 2 PSNR Ml SSIM $845 %) H

K% DCP £% CycleGAN Pix2pix DRPAN AN A
PSNR  19.23142.157 12.703+1.708 13.830+0.690 17.211+2.541 13.611+1.147  14.760+0.733
SSIM  0.789+0.052  0.349+0.084  0.752+0.074  0.809+0.082  0.782+0.075  0.725+0.062

H# 2 43 8T PSNR Fl SSIM. T 46, A SCELVE AR HEAT 2 %5 J5 /U5 1) PSNR (W] & b, Hvp 2060 A S0 n 2
S 5 VR B8 N AR U IR 5 REAT 25 555 BRSO R I A SCBRE FI AT i 25 BA B Pix2pix  SHVETE XS Gk
1725 )5 BB K PSNR A1 R A 4 F7 71— 72 ¥ Fl A 9 30 80/, T DRPAN H1 CycleGAN 5 #K, WHIE B] DRPAN
FI CycleGAN B2 155 R AR AL 22 3K — U M 32U 80 Hh A A8 B AT CycleGAN 7 JLAN % &% PSNR
A B A%, 2 E T2 SV 2R 3 1 B 45 9 25 HE LR 25 e 210 DRPAN (1) PSNR i 48 8 fi v, 1 A 1% 5074 1)
TIN5 R AT T A E W 12 505 5 5 T %5 LR 3 A BN 55 B8R AN I &

SSIM $a¥s RAef 2% N h %5 R IE AR LI e K%, BATM £ % FE s 2 50 #0455 15k
B BN, . RFARREEG A SCHIE N4 RAEdHT 2% 2 J5,SSIM #5456 it EJt.CycleGAN
LV SSIM F5 b5 I 40K, 1 IR 2E 72 BEAG 1  25045 0 N RG22 0 380 R L 4 4 A T Y TR N 25 280 SR8 D) 6 A o 7
A —AN K A2, DRPAN [ SSIM {8 % 757, B8k 3 L5 N\ BELR ARE
3.3.2 SAR EMGRE K MR R34

7 Pix2pixtMEE i b it A% e I 2 1 10 PR A% RN by 384T WS VP4 1) 125 1 28 5 SO0 SAR P {4 5 4
LA Bt P16 0 330 AT R A il 2 VA 2, X6 22 PR R AT X6 L, o G  BL SRR FE VR 4 (R 5 SRR, M A R
GO LS BLARMEHE VT 43 BR v e B 43, e B AE BN T BRI 21 4 B VE 4y G vk g5 R LR 3.

Table 3 Comparison of SAR image conversion scores
F 3 SAR EBIFE AT R

5k CycleGAN MUNIT Pix2pix K
494y 2.96441.142 1.205+0.462  3.181+0.926  4.193+0.634

HI 45 2R A ILMUNIT 1573 B IR, 32 202 ol 1 L R K30 AL A HAE L3 9%, CycleGAN 1573 X EL Pix2pix
%, J5L RIE T CycleGAN REfs O B 5 DA I A AE A 1) P (50 2, P 5 AR B S B 1 %2 (B T SAR B
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S 0 10 A B YA 5 10 AR SRR 3 W e SR DRAE T AN IR (R 30 1 % AR SCEE R 8 8, B Hos
(1 H B
3.3.3  HuEIEE KU SRR A AT

[FIFE R I SAR FEIAG G 46— FF 1 ) 5 1 0, 0 20 43 [nTe 25 SR EAT 20 BT ——F (8 S 35 07 22 45 R L3R 4.

Table 4 Comparison of map conversion scores
x4 MG
5k Pix2pix CycleGAN DRPAN A
PR35y 2.672+40.908  2.475+0.977  3.754+0.888  3.984+1.041

B B 1915 43 7] W, Pix2pix T CycleGAN 4545 AHIT, 35) Jhy v & 43 450, RG0SR v Bl mT et 3 B8 et S
e A R 5 h HER AR SCALVE A DRPAN 1393 AHIT HLIE =7, DRPAN ¥ € R 4, B 43 ) 58 B 28 4% Tt 1T AR SV
ER A Pt R (ER o iy TEAEN
3.3.4 AR M e % WLAR Bs 23 #

[FFERE SAR BB i — R I R A, % T 21 3 Bl 4 REAT 20 i ——F 48 X 305 22, 45 R W3 5.

Table 5 Comparison of day-night conversion scores
R5  HREWEE AT
ik Pix2pix CycleGAN DRPAN A KL
¥4y 3.572+0.858  3.268+0.624  3.682+0.988  3.768+0.909

HH EHZ 45 25 7] L :Pix2pix, DRPAN  FIAS SCEEV:A5F 73 AH AT, HL I 5 ¥ ] 4500k, 1R J1 A6 450 20 R vl e vl o
Pix2pix 1 DRPAN 7r & 5 1 il i 5 TH 8045 B8 4, AR SC 5503k T 7 80 3 &85 ) DA % P14 2k By THIAUAS B0 4 5
CycleGAN BVELE X — #4041 5% ERINIR 2, (4% BI IR, BUR I ar i gl it K 2 & k.

4 Z i

AL AT TR OGS BT IR 2% 1) PR 3 S5 e i Sk K B AR 9 8 I 0 A A T SR O B 2 D A Al X 4%
Bk 2 BRI W8 Vvt DU R BB BT 4 P25 336 0 I 2 ARk RREAT 43 BT, D SJ2 60 i W A S Bk
BOUF & BVE BN SR 6« SEPFEEAE, 22 5 20 0 I BOR AN 2 AR B BEAT 70 M AL ERCR |73
AT T A SRR A T 2 RO 47 100 5% P P e 80 SRV 0] T 3 5 e e R R B4 25 5 07 S e e L SAR BRIR e
e A3 Hb PR B 80 DA% R SR AR B AR AR b A SCSR R AR BB I SR
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