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Unsupervised Infrared Image Generation Method Based on Dual Semantic Contrastive Learning
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1 School of Cyber Science and Engineering, Wuhan University, Wuhan 430072, China
2 Key Laboratory of Aerospace Information Security and Trusted Computing, Ministry of Education, Wuhan University, Wuhan 430072, China

3 School of Computer Science, Wuhan University, Wuhan 430079, China

Abstract Infrared images are widely used in computer vision,but high-quality infrared image datasets are limited in scale due to
restricted acquisition conditions. To address this problem,converting visible datasets to infrared datasets has become an effective
way. Existing generation methods generally rely on supervised learning, which requires a large amount of paired data that is ex-
tremely difficult to obtain in practical applications. This paper proposes an unsupervised infrared image generation method named
DSCGAN. This method adopts a bidirectional transformation architecture and introduces semantic contrast learning to enhance
the ability to preserve image content and learn discriminative infrared features. The geometric consistency loss is introduced to
preserve the original structure and details of visible images effectively. Meanwhile,a multi-scale PatchGAN discriminator is con-
structed to improve discriminative capability and enhance the realism of generated images. Experimental results on the AVIID-1,
AVIID-2,and Day-DroneVehicle datasets show that DSCGAN outperforms the comparison methods in several metrics,and the
generated infrared images exhibit a more reasonable thermal radiation distribution and better visual quality. In the AVIID-1 data-
set,the SSIM value increases to 0. 8144 ,and the FID score decreases to 0. 1456. In the Day-DroneVehicle dataset,the PSNR value
improves to 18. 14, while the LPIPS value drops to 0. 2949. This study provides a new idea for unsupervised infrared image gene-
ration, with potential applications in infrared target detection,infrared scene segmentation,and other downstream tasks.

Keywords Image-to-image translation, Semantic contrastive learning. Infrared image generation, Multi-scale discriminator, Geo-
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T 7 R AR R B B g 5
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BEE g 434 X434, FENE G 5 AR E B RE .
INSEBE AR 245

AVIID-2 438 1090 % 1 18] 5K £ 1y 7] UL OG-0 A I 42 %
PR 434X 434, ZBIEEEMOC I E T R % TRE
W) EMGFEAE R 22 e, H AR s 2 BRSO RRAE , O AT IR B 21
HNEUR L ARAT 55 R T Hh K .

2) Day-DroneVehicle % ¥l . 1% %% 4% % 5k A DR-
AVITY!, fy 28 FF B0 4R WA T ok A & T AMLE AR 10 R
[Fi) e J3E RN £ BE AR Y 7 660 X T D -2 A BG4 BE R Ny
640X 512, FrHsfE i T I B B RIX Tk K AE 4
LAY, A EREINOFRE RE REARLE
MIHAL A 5 25, AR RA T ZME EMMAE, RoEAT
Yrsc iy Z R 0E  E A B T AT B O ki Ak h . (AR
TR B X 8 — 28 A A 4R it TS 0 i i 4%
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TERE 3 HAS (AT F 77 5 B0 21 4 P 45 e 464 55 B 6 3
R T F T WAL 55 B9 PERRPEAL

4,2 TEfEIERR
Jy T 4TI 5200 45 S R (5 2L 1 H5 AR AR R 8 6Ok
PEAG LI 45 5 .

S5 A6 A AL 1 8 B (SSIMD %48 A FH F 17 A% A2 L R 5 B
SE MG AR AR L AR R (B Ch [0, 1] (8 B 5 3% W 9 1 Y
Shp— B

W {75 18 bE (PSNRD < i 4 B 2k 134 U7 18 22 1 3k 072
JE 8 8 g 2R B IRTAR R FUBRAIG

Fréchet Inception 7 2 (FID) : i% 48 #5 i i Inception-v3
H TR 4 B IRIMRRHAIE 3 B 2 R 5 AR R 0 R AE 43 A 25
S (8 TR 2R B T & AR 0 A B

1% Inception M B (KID) : i 48 b5 3 T 7 7 fe KM 2 5=
(MMD) i 8 RRAE 53 A 22 55, 76 /N B 42 3 5t v o HL 8 B
{EBR AR 3% B P e AL

2 3] B R B MU BE (LPIPS) « i 4 A i 5t % BE 45 B
22 ) 4 42 B RMGREAE I 3T S NAL L2 BE 8. LPIPS %)

12 90 E 55 N A B A e — B 1 R I 2 W U T R A
4.3 RWGHER

DSCGAN F 5256 2% FH LR B8 OB SR 42 4 421 X140
YIRS AR 4R L IR A Al il % B s B i AT U 2k U 4o
R K TR A BRI RN R 256 X 256, it i R/
BN VPR EST R R 1X10 L H Adam 4L 8317 3 5K
FH . YRR AL 400 F, HoP AT 200 48 PR R AE E 2 3D R
0.0001, 5 200 %88 2 3 ok % > 5% LA i e A B e &5, fn A 52
B /e R & T INVIDA 3090 B4R 45 2% b S23,
4.3.1 REHR

R PG TR A b A DR B SR LA 5 R &
15855 e 7 1 (pix2pixt™, CycleGAN!2!, GeGANI!, cUTH
M DCLGANM ), — Fl B F 7 i A2 AL (4 B R B 4 7 1%
(BBDM™™) , L) B i B 55 357 114 F 5 R 00 O 310 20 41 AR 1) 2 J6e
71 (AR-GANI HI DR-AVITEY) B A7 %) b 5236 ¥ 38 T T8
FRAS S HE L A% G DR AR 16 SO S BIC E . R R 7 Tk 7R SR
PR 45 R AR 1 R 2 P g, oL Ok AR 4
BT RIG w4

F 1 AFEIFEAE AVIID-1 F1 AVIID-2 | #5E i 45 51
Table 1 Quantitative results of different methods on AVIID-1 and AVIID-2
Method AVIID-1 AVIID-2
SSIM4  PSNR* FIDy KIDY LPIPSy SSIMA PSNR* FID vy KIDY  LPIPSy
pix2pix11] 0.7299 25.50 71.75 0.0733  0.2572  0.6915 23.32 69.05 0.0666  0.2763
CycleGANL12) 0.5183 21.57 63.57 0.0534 0.2968 0.5505 20.19 64.58 0.0552 0.3022
GeGANLI 0.4975 21.39 51.46 0.0373  0.2556  0.5798 20. 66 53.11 0.0408  0.2718
cuTLte] 0.7372 24.73 32.68 0.0111  0.1972 0.6504 19. 63 48.42 0.0307 0.2519
DCLGANC16] 0.7481 25.11 33.54  0.0121  0,1889  0.7456  24.86 43.49  0.0226  0.2195
DR-AVITLY 0.5272 21.12 76.47 0.0657  0.3406  0.5909 20. 47 73.52 0.0575  0.2964
IR-GANL7] 0.8123 25. 86 35.76 0.0178  0.1628  0.7594 24. 28 14.50 0.0338  0.2217
BBDM(17] 0.6912 24. 90 46.23 0.0329  0.2476  0.6617 23.91 65.09 0.0471  0.2842
DSCGAN 0.8144 27.22 28.47 0.0111  0.1456  0.7683 25. 64 40. 64 0.0212  0.1954
# 2 A EAE Day-DroneVehicle | Ay & & 45 KID #8450 b R B H L AH 3% 7 32 A Y G 7 40 715 R 235 4 £
Table 2 Quantitative results of different methods on B T ARAEAS JE L X DL e B Sz ar o G i i i 28 sk . (E A
Day-DroneVehicle — Y2, BBDM ESK7E PSNR 547 I £ W B 4f, {5 H SSIM
Method  SSIM' PSNRY FIDY  KIDV LPIPS| LA T 24 30 0 G 1 3 T GAN 19 P65 M Jy o, 3k 26y o
S 1 R P10 R P B A — i 0 R
DCLGAND) 0.4752 16. 18 88.33 0.0420  0.3821 T DSCGAN JRBLHI 5 65 S (LA AT2R
DR-AVIT2Z)  0.2303  10.91 45.08  0.0142  0.3007 4.3.2 EMEAER
IR-GANIS]  0.4540  15.75 116.17  0.0696  0.3520 B 4 AR 5 20 SRR T ARR J7F g 7E AVIID-1 fil AVIID-2
BBDML!7] 0.4273 17.02 110.05  0.0651  0.4204 B RSS2 . A E Al L2235, DSCGAN 5@
DSCGAN 0.5371 18. 14 65. 64 0.0289  0.2949

Al LUF H - DSCGAN T [ 2K 1 B3 5 o 25 337 557t v B L
BTEENER, ERKG ST &R R R,
DSCGAN FEHL M 75 7 i B AT — 5 1 B AR FE . DA 5 ok R
KA, BT R A= 3 O B B R R % g7 k. a0 CUT,
DCLGAN Pl J DSCGAN, #B 7 B Fa4n L R HF . XH
F1 HUE A T % b 2 30 AL AR 2 20 SRR AR S O T B E R AR
. H Day-DroneVehicle £UH £ b 1) 55 55 45 J w] H1, AHEL T
Y 5, 4% 7 TR TE S e P R B R AUR A R TR R B
TR, H,DR-AVIT B & £ B AL 09 5% 3 XUA% . 72 FID Al

BN — B8 26 A RUR R T B BR P A TE B e il 72 o
B JLART TR R %) et 2 o AT 5kl S 1 TG W PRI 8 e v o DL 1Y
SUIRG L) AR, AR RAS A R T LY Bk i 45 28 W
TR Y, 8 A T BT M (L BR M T B AL 03 S . 5 HHh TR W O
P G, DSCGAN R 19 #0843 A 58 g 45 3 5 B 05 M iff A5
PR 4 5 L) KA G R 50 M i AR IE . R T,
DSCGAN A Y i 1 45 0 A5 00 75, 42 10 (B 2 AT, 05 B v Wi b
B A S PR D RO RR 0 21 A0 R R O, BT R G A S
BWRIEF B IR, AT HAJ7 %, DSCGAN 7 4E i 21 41
G0 FLSSHE RN A R B BE ) TR R B A
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pix2pix IR-GAN

DR-AVIT DSCGAN Real IR

B4 ARFEIFETE AVIID-1 B4 b i e v 45 R
Fig. 4 Qualitative results of different methods on the AVIID-1 dataset

pix2pix IR-GAN

DR-AVIT DSCGAN Real IR

B 5 AR AVIID-2 $0ii4E oy g R
Fig. 5 Qualitative results of different methods on the AVIID-2 dataset
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83 e T Tk BOORAE PR A T & O TR B R 47, B A% AIGRE
G RO LG (B TE N A DR 47 R ) 05 T A 78 B A 2 (8 — 40
FEA TR 2250 B 1) JLARP IR AZ [R] D) o 3 A I 7T e U T He

VIS CycleGAN

DCLGAN pix2pix

IR-GAN

WA RHLBIA R T GAN B =4, L)y
2 B LT A SRR B 1 R L AR A R L R R
P W B 42, X — 25 00 T XA S 9 B . DSC-
GAN R B AR R A ERE . LASE DU REA Ry 1), 7 AT 00 e
GAAERG LA T A G LT AL DSCGAN HESf B 1% 1T %
KT B4 T DR A0 % TR 1) 5 Sk TRD B AR R T R S O e

! {
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Fig. 6 Qualitative results of different methods on the Day-DroneVehicle dataset
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JEIF 0 4t 458 2 R 400 32 f6 450 O AR O 48 Ok R R, T I B2
TR EM YT CycleGAN, £ 3 B o) B 8 oK% . 18 X
X 2% 2] (SCL) B B Ji& Bt fic 3% A9 2 57 B HF RE O, SR %
T J % WUPF A 16 4n 29 4045 B2 4R T L X W 1 IR R B TE AT
UL St B 41 0 e AT 55 wb A D0 PR AE . B R BRI S L ]
— B g CGCL) I A A B2 T i 52 A0 A7 B, (5 2 41 5 (il

FHE SCxE L 2% 3 F0 L] — B 128 (Model-4) i, 458 7 7
W lE) 35 TSR T 0. 7410 9 SSIM 18 , . 2 48 T 500 £ AL
o B (RO L R T K SRS LA A HAEAE R
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Table 3 Ablation experiment results
AVIID-1 AVIID-2
Method SCL GCL MSD
SSIM PSNR FID KID LPIPS SSIM PSNR FID KID LPIPS
baseline 0.5183 21.57 63.57 0.0534 0.2968 0.5505 20.19 64.58 0.0552 0.3022
Model-1 N4 0.7213 25.21 35.95 0.0195 0.1886 0.7222 23.26 47.92 0.0265 0.2284
Model-2 N/ 0.5575 23.39 42,64 0.0267 0.2157 0.5828 21.76 53.79 0.0394 0.2735
Model-3 N/ 0.6780 24.24 40.75 0.0217 0.2074 0.6858 23.01 50.95 0.2736 0.2318
Model-4 N N 0.7278 24.81 30. 25 0.0097 0.1764 0.7410 23.78 42.57 0.0229 0.2153
DSCGAN NG N J 0.8144 27.22 28.47 0.0111 0.1456  0.7683 25.64 40. 64 0.0212  0.1954
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