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Abstract: To address the problem that the existing algorithms for generating infrared images from visible images
cannot perceive the weak texture regions of the images, which leads to the low quality of the generated image details,
this paper proposes an improved Cycle Generation Adversarial Network (CycleGAN) for the image generation task.
structure for image generation tasks. Firstly, the generator network structure of the cycle generation adversarial
network is constructed by using the residual network with stronger feature extraction ability, so that the image features
can be fully extracted and the problem of low image quality caused by insufficient feature extraction can be solved;
secondly, the channel attention mechanism and spatial attention mechanism are introduced in the generator network
structure, and the regions with poor image perception are weighted by the attention mechanism to solve the problem of
loss of image texture details. processing to solve the problem of image texture detail loss. On the OSU dataset, the
proposed method improves the Peak Signal to Noise Ratio (PSNR) and Structural Similarity (SSIM) metrics by 7. 1%
and 10. 9%, respectively, compared with the cyclic generative adversarial network method on the Flir dataset. PSNR
and SSIM improved by 4. 0% and 6. 7% , respectively, on the Flir dataset. The experimental results on several datasets
demonstrate that the improved method in this paper can highlight the detailed feature information in the image
generation task and can eflectively improve the quality ol image generation.
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WE& VR B 2 2 7 & A U T Iz B L 2014 4R
Goodfellow 5" 1B Tligp AR 1 T Al 200 40 0 4%, 3%
TEANTSIRARR Tz . A BA BT M 4% (generative
adversarial networks, GAN) =2 i A= 45 L B 28 2 458
O3 2R 2B AR R R P B A B SR A — R B L T 4
S 5 2 o A S 7 AR B BRSO N B S M AT A . TR
SR A FR D, 3 Ak AR S A T A B A B SR , AR AR
FRAREAE (19 73 76 38 W 18 B R B R A B A
ALk,

3 T L b S B DA AR AR B A R R B S 2
BT T A R4 4R I TR 28 . 2015 4F Radford
Ll P8 T IR B B A A B BT M 4% (deep convolutional
generative adversarial networks, DCGAN) , 7F 4 Ji% %F 7 ™
% RAREBRBZHT FREE A Leaky RelLU 1E ¥
TG BRAR, LA e A0 AR SO BT 4% A Ui 5. 2017 4F Tsola
SRV PR T T B AR ST W R A B pix2pix B KT
3 3 P 4 A B R S VR PR AR B A ek P A5 B
k. B4R pix2pix TE T ERA A, 2 IR B S B Al A
R ER B R TR BOANRT . B pix2pix BEERT K
PRI ] B, Wang -7 U B T pix2pixHD Bk B A
AR R A ST L I 246 o i A AL ISR 75, 7 2 K BB L MR 75 T
RETA BT R B R 38 i X A 8 2T DL AR TR R
BES BB bR R B R, 2017 4 Arjovsky &7 R W T
Wasserstein 5 B 4 % X $1 W 4% (wasserstein generative
adversarial Networks, WGAN) £ 1 J5 48, {5 2 B 45 58 &
PRBY AR ST & 3T 1 A X S ) s A AT A R R B 3l 5 PR
FIB 25 5 B S5 AT REAR T F1 504 B A6 1. 2019 4F
Zhang %" 2017 4F Lin SR H Y B & S A4 B BT
7% ( self-attention
SAGAN) J7 7 F i g 45 B 3 /8% 32 B A9 B 1, 30 2 7 1
AR A A PR EIAT B EZEILE SRR E &R 2/
TEAS B, 3 A3 28 4r 09 H b5 3 A B 5. 2016 4F Liu
S U R 8 MBS PR B % A UK T I 4% (couple generative
adversarial networks, Couple GAN) B 5, WL 7 Sl T
A X E R R AE VRS B AR Uz 1) AR A BT DL
Ty 9 2 23 76 W A AR AT O X 2R T R 2 ) R R G 4 Ae L A
3 W (domain adaption, DA) #1 & 4 % # (image
conversion, IC) J7 15 ] TARIFHIBE . 2017 4 Zhu %Y
BTG H A& WX BE M 4 (cycle generation adversarial
network, CycleGAND SZ I T 5 35 21 B 35 B 44 1) B i) %%
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A58 R 5 B b R AT IR 43 28 1) 00 I 6%, A SO e SR T
ResNet 1E u A4z a5 AW 2% , S G 4 fiF (IR ERBE . AT
1# FR S BARIUE 7843 A 3C7E ResNet 15| A THBER
JIRE YR 23 [V B R, SR R B Y2 O T T 4T b 1 i
FRAE PR BT A A EE AR S o (8 AR AR A B 5 4t 79 A5 B0 4T A9 1R
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B 3% 3 BRI RelL U 3036 ok A0y 1, 38 i % 45 4iE $2 B
VA R0 Ji5 i A B0 58 08 T R AL AR R B AL
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Lossoan(GA_B,Dy,X,Y) = Ey,pdm@)[longy(y)] +
E, », wllogw(l—=Dy(GA_B(x)))] (2)
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WOREA L E. ., F0 A AW o 1% OB A P
BIHR , RECT R y ALY REAS 23 (1) CZLA A 150 ke
Az WY R X AR A ] (Al OB O HiEA , GA_B(2)

JHE A GA_B A M ES . Dy () WIRAR A GIE D #H
Wiy BBEERA Y BEARSEHPHRERHER, A —
Dy (G (x))) WFEzR A A D XA 83 GA B A 5l i &l
BAATHIR FIW R B R RGO Y R as ) sh R R
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Losseain (GB_A,D«,X,Y) = E, P oo [log, Dy ()] +
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Loss . (GA_B,GB_A) =
E.r, [IIGB_AGA B(z) —z |1+
E, v, ol | GA_B(GB_A(y)) —y | ] (4
R b o B 4 2K BRI -
Loss(GA_B.GB_A Dy ,Dy) = Losscun(GA_B.Dy . X,Y) +
Lossoan(GB_A,Dx,X,Y) +ALoss...(GA_B,GB_A)
(5)
Horr, A IR — BB R R AL TE BB

3 RERIEFSERSH

BIEESIHTR
ASCHATIRE S I ERI LR AN FEREDNT -
A GeForce RTX 2080Ti, NAF- A 32 GB, Fr#HiHE
B Pytorch, #F Linux £ 4t I {#i F§ python3. 7 & & A #&
T, WS A0 25 S IE Bl L 5 K P AR 7E Windows 10 #
TEZ& S i Matlab R2019a iz 47 H- 45 H 45 58 .

FEI G 31 1, 7R FH 0 B3 4 2 OSU (iUt
HRFE S 3 A Flir R E P R EGR 544 ER 2 A
BHEE. N2 ABIEE T AL T 500 X4 5 E 450 I
JE R Y 50 % 2H i H0E 52 53 AN B 20 AR S T 2 4R R
FARSEE , YZkAY epoch & & 200, batch_size & M 1,
FERAE 1~ 100 4 epoch F 0.000 2, FE 100 ~ 200 4>
epoch B & LM F R Adam 4L 5HE .

3.2 RBHER

T e UE AR SCEARAE BT R A S BTN R A
& AHE {5 8 LE (peak signal to noise ratio, RSNR) F145 #4452
P (structural similarity, SSIMD ™7 3 3 ) & {4 15 W B F0 4¢
HATFEERE. RIS R MR 2 FiRE 2 DEIRE R
AT T SC 5, B0 5 47 PSNR Ml SSIM T 43 5 5% 1
2 X B A Dy T A B SRR AR TR I A AR

3.1

(a) TROLER (b) IS ER
& 7

3.3 HEhx@
AR OSU 6 38 504 e 2E 17 1 3l S8 56, 43 A Btk
M &EMMER. LB 3 2~ 1) CycleGAN +

Spatial : 7EA: iS5 A 25 (8] 3 B A1 WL 5 2) CycleGAN+
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BT WA M. RAT CycleGAN + UNet _ 256,
CycleGAN (ResNet), CUT J ¥ 1 N X} B 52 4,
CycleGAN-+UNet_128 K JE #h 77 i, CycleGAN + ResNet +
attention JgAS SCEE H By 15 ¥k B 7 R0 8 D AR AT A BRI
MRS R, 5 CycleGAN Jrii i W, A CHE ¥ #E OSU
Ffi g g, PSNR F1 SSIM 43+ %327+ 7 7. 1096 F0 10. 90% 5
1€ Flir #3740 ,PSNR F1 SSIM 4RI #H T 4. 00%
6. 7096, ZWIPH 46 br 22 WA SCR A U A0 A R 1Y
FEAE T BERTEW LKA T 48 SC R A S

R2 MEIREWLTENER

. HER OSU /3 3 Flir
DiRiS

TE 48 5 PSNR/dB SSIM PSNR/dB SSIM
CycleGAN+Unet 128  13.62  0.24  15.00 0.41
CycleGAN+Unet 256 13.74  0.26  14.83  0.44
CycleGAN(ResNet) 17. 29 0. 69 14.42  0.43
cuT 13.35  0.32  13.79 0.28
FiNy'a 18.39  0.75  20.45 0.46

M 7 F0 8 T LLE M : CycleGAN A Ji (14 £ 4 B 1% 32
BURRRIE AN 5 T 5% EBAEAE T A 0 2% PO 4% 4R BURRE BE )
i BR, DT 5 A PR 2E O, A R R AC T . [ B R4
XA A5 R A AR B o 5 P 4 O i 3 XIS (K R AE E
TIA AL PR AR, i R A R L0 A B AR T NS 5
CUT A& il T A ™ £ R M. 143
T 5 3 5 A B BURR AR 4 47 AN EE b B R AR A A AR R 4% A
5 T A R A T SR A I TR A T M RE A L IX B SR
MW EE. OSU MBI ETHI LR WE 7 pixs,
Flir B4R 4EXT 45 R E 8 B,

(d) CUTH (e) A&

CycleGAN 537 ¥ 1E OSU @ M E 4 E /R BUSCR X H

Channel : 225 5 25 77 5] A 18 i 2 1 HL#; 3) CycleGAN +
Channel +Spatial Cours) : [F] B % W & i i L | 2 sk, &
HEERME 3 B, R B8 45 PSNR Fil SSIM T 43 Jil
R 2 X AR AR i AR BOUE , BE R ORI B 0 vERR 2k, 1K
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L OSU 73 3
ViR
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CycleGAN 17.03 17. 28 0. 68 0. 69
CycleGAN+ Spatial 17.30  17.49 0. 69 0.70
CycleGAN-+ Channel 17.44  17.73 0. 69 0. 69
A3 18. 24 18. 39 0.75 0.75
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