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Abstract: To address the difficulties in constructing an infrared image dataset from measurements and the
high cost of testing and production, this study proposes a generation countermeasure VTIGAN for un-
paired training samples to achieve high-quality image conversion from visible-to-infrared in different scenar-
10s. VTIGAN introduces a new generator inspired by the transformer module to learn the mapping rela-
tionship of image content, whereby image style conversion is realized by reorganizing the characteristics of
the target style. PathGAN is used as a discriminator to strengthen the image detail information generation
ability of the model. Finally, four loss functions, namely, resistance, multi-layer contrast, style similari-
ty, and identity losses are combined to constrain the model training process. VTIGAN was compared with
other mainstream algorithms in a wide range of experiments on visible infrared datasets. Three evaluation
indicators, namely, peak signal-to-noise ratio (PSNR), structural similarity (SSIM ), and Fréchet incep-
tion distance (FID), were used for quantitative and subjective qualitative evaluation. The experimental re-
sults show that VTIGAN improves PSNR, SSIM, and FID by 3.1%, 2.8%, and 11.3%, respective-
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ly, compared with the suboptimal UGATIT algorithm, which effectively realizes image conversion from

visible light to infrared under the condition of unpaired training samples, demonstrating stronger anti-inter-

ference ability for complex scenes. The generated infrared images have high definition, complete details,

and strong realism.

Key words: image processing; infrared image simulation; image style transfer; generative adversarial net-

work; transformer
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Fig.1 Comparison of image effects generated by two infrared simulation algorithms
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Tab.3 Setting of experimental parameters

Batch Learning
Parameter Epoch

. GAN /1.\/1(‘ ASS AII)T
si1ze rate

Value 300 1 0.000 2 1 2 10 1

BT RAT 55 BRI R PERE A SO 5 HoAl B
TR RIE VAT T X LS5 0 B o 2 XS L ) 2%
1% CycleGAN,DSMAP (Domain-Specific Map-
pings)'"", UGATIT (Unsupervised Generative At-
tentional networks)™’, GLANet(Global and Local
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Tab.4 Comparison of image evaluation indexes

Architectural scene

Traffic scene

Method Pub’ Year
PSNR/dB SSIM FID PSNR/dB SSIM FID
GLANet 2021 12.720 0.631 75.39 13.823 0.680 68. 27
CuUT ECCV’2020 12. 895 0.634 71.25 13.995 0.675 62.21
CycleGAN ICCV’2017 13. 138 0. 646 66.52 14.779 0.766 50. 11
DSMAP ECCV’2020 14. 351 0.738 50. 38 15. 364 0.780 42.88
UGATIT ICLR’2019 15. 210 0.765 46.92 16. 641 0. 805 38. 57
VTIGAN Our 15. 850 0.796 39. 36 16. 750 0.818 36.48

AN TR 7k 1 SE 3 25 3Rk B/ VTIGAN AE =
T8 A5 0 F A 45 S B R B T 548, M H T Cycle-
GAN 7E PSNR, SSIM Al FID =/~ 48 #5 L 43 51 $2
T+ T 16.8%,14.3% M 35.0% , Ml b FHE4 4 —
#J5 % UGATIT 7E PSNR . SSIM Il FID =4~ 4§
B B BT T 3.1%,2.8% A1 11.3% . M
ZH R[] 37 5% 52 06 10 P &5 SR T LSRR, i T Al
Gy 55M L T 2 S0 5 52 A A FE WA, DRt 7 A8
st L EMR A a8 R TR G 5. 1Y

S B2 Ak B AN [R] i (4 5 i R R OR AR TR, AR
4 TR T T LA, VTIGAN M 323 3 5 5|
Y o = R R T 48 bR T R I R 4 N
5.3%,2.7% F17.9% 48 bR T B R B SR /b o M
CycleGAN ) 32 B 22 Yy 5 52 24 i 1 5% i) e K, 7
PSNR, SSIM #1 FID =4~ 3§ 5 b 4% % F f% T
11.1%,15.7% M132. 7% . M & &2 ¥F #r 45 3 ok
B AR SCHE A VTIGAN £F 5 n] WL B % ) 21 41
RUG M EB IS TR RN, Bz kA
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Fig.5 Example of experimental results

P 5 HER — ) Sk R i A AR AT L R
55 8 R BSOS B RS S TR 1
SR TR 7 2 i R o DA T S B 1 A sk
Rk F ,GLANet, CUT, CycleGAN = Ff J7 ¥ XF
F 5 FE B B L1 MR AE A B A B A R L
K e g ) 45 X CycleGAN K 68 IE fff
" BBk P B 4T ANERAE , GLANet AT CUT X F %2
WO 2L A B A RS 1R o T DSMAP,
UGATIT, VTIGAN = Ffi J7 ¥ X} F 41 51 ¢ 1iE 1
RE A 1 A 8, 15 DA LA A i e R D 3 BT 32 ok
F VTIGAN L T DSMAP M UGATIT, %47
X T LA EME A B A —E /YN e E A
FAAE — SRR RGN, L S v iT DUE 22 3l 4
WA LLAN AR P A AT B B P AR 4 BT B AR
AN ISR B R TE AR AR L LD RRAE L B E
e TR R . B N FEWE M 1ok

F A SCIR B VTIGAN M e T HoAth 7 3 42 i
PR B 21 AR AE RS 1 EL 37 AT 132 R e 8 SO
3.3 jHmhII

A SCHE G X P R L2 R X AR G AU A
LR % | TR] — P 4 2k O A A 2k o 50T ) 245 55 7
BEAT YNGR o o 30 UE 45 AN 5 2K eRBC A Ak AR
SR BT il S 56 1 O vk DR 22 2 6 E AR AR L XU A
LPER 2R (TR — P41 26 X B PR AR 2 e . 25
SRR 5 PR FEA S50 TP AR IR 3Bk 2 2 X 1
Pk RURS AR UM A5 % TR — PR O R B LA
P22 RBAS AR | DS 50 25 TR AT 25 R AT 7 — T
KRB FEORE RN TR, b, ZEX
5 R R IRURS AR AL A 26 A Sy PG 78 ok AR v i 2
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Tab.5 Results of ablation experiments
Loss function
_ A — . PSNR/dB  SSIM FID
Adversarial loss ~ Multi-layer contrast loss ~ Style similarity loss  Identity loss
N ~ ~ 15.182 0.721 45.84
N ~ N 10. 146 0.513 96. 47
N N N 9.851 0.494 98.18
~ N N N 15. 850 0.796 39. 36
4 2 P O PR {2 5 5 A He VTIG AN 70 7% W5 5 40 7

AL UL G AT B8 A 41 Ah IR B F S
PRI O 58 2 SCRNSE B i A o AR SCEE X R B
X HHE A5 TT A WO R T 8 AR AL A R
1155 R AR I T — Tl B 0 21 A R A B
VTIGAN. VTIGAN DL FEAF 3 BURE 77 58 K 1)
transformer 4244 Jhy J fith 44 & T — FlOBT B9 42 B A
fdt F PathG AN AE Sy 40 531 5 % 2 i AR 2 A7 BOKS
Y1k B 2200, IR BRSSP R (2 EXT R R
&AL i 2 | [) — P 43 % D] o 43 2R s 500 455 Y
B I 25 DA 24 R, 0 20 O TR o o o 4 2 A
TE A WOt -20 A i 4 AT 5280, 5 B £l
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