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Table 1 Generative networks structure parameter

Layers name Output size Networks layers
Downl 64 X 64 4 X 4Conv2d, 96, Stride=4
Stages1 64X 64 [7 <7 96} X 3

7X7,96

Down2 32X32 2X2Conv2d, 192, Stride=2
Stages?2 32X 32 T A9z X 3

|7 X7,192]
Down3 16 X 16 2X 2Conv2d, 384, Stride=2
Stages3 16X 16 T asd X9

|7 X 7,384 ]
Down4 8X 8 2X 2Conv2d, 768, Stride=2
Stagesd 8§X8 77768 X3

|7 X 7,768 ]

1 X 1,768, Convad

Dconvl 16X 16 3 X 3, 384, ConvTranspose2d

1 X1, 384, Conv2d
12X 1,768, Conv2d
Dconv2 32X 32 3 X 3,192, ConvTranspose2d
1 X 1,192, Convad
1 X1, 384, Convad
Dconv3 64 X 64 3 X 3,96, ConvTranspose2d
1 X1, 96, Conv2d
11,192, Conv2d
Dconv4 128X 128 3 X 3,48, ConvTranspose2d
L 11,48, Convad ]
4 % 4, 24, CoanransposeZd_

Final Dconv 256 X 256 3 X 3,12, Conv2d
3 X 3,3, Conv2d

IZ 4 BN 28 T S B o FEER BB TX TR ERZ, P K A 1 HF N 3, 84 Stages 1945 13
T8 B0 5 % Tranformer A9 2256, U ConvNext_tiny [ 38 18 £ 43 5158 4 96,192,384 F1 768, H. &1~ Stages 1 3t &
B FRE Z oy 3:3: 9030 TEMEASHR 43, 2R TN BAT AR R 2544 B R B H G P LX 1 BB I 5
A —3X3EMEMRER., HhEHRELH T REREGRFTHE, R EREZHTY REREGHR
L AN B 22 % A3 N ST G 5 S B A AR R RN B A RS A5 SR AT o

L 2(b) s 1 B BB HCR H] T ConvNext H I 45 BB H 5 11, SCHR [ 10 J3IE B 7 X R 8 e 9 8 31 7 1 7
A3 28 RN AR A B T A AR . Ak, SR 12 ] R B ConvNext AT DR Y i 5 56 i 19 Transformer — 4
BRI BTN AE . UNet 28 K AR PR 32 22 5G9 T 4 B 38 43 R i B 38 4 =2 ) A 8k B8R 32 4, 1 o %
PGS 2 R A 18 1) 7 aife 20 36 BER TR 2 R AR 1 v o (&1 2 () I s 14 b SR FE A Bl 2o 58 2 3% 422 n 3 1 %o 44
&R R R R R A . BAR G B = (1) frs o b, R G T 46 BB e rh — S0 £5 10 1%
L, R HE AR — 462, 2 13— fk (Layer Normalization, LN) & R4t & 4 — fk (Batch Normalization,
BN) 2415

U(F)=C(D(C(Fyu )+ Fey)) T D(C(Fyep )+ Fuoy )= C(F )+ F, (1)
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FRAE . 2 LRSI S G 38 0 09I 2 R AR AT P42 AT T — 200 LR M. AE UM 48 — L7 T
S5 RHFE i — IR ERAESR L 2(d) Ir 7 19 b SRR R, 328 3 [ A0 45 FHU A 3 18 45, 7 1 b A= 1A
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Table 2 Adversarial networks structure parameter

Layers name Output size Networks layers
Down 256X256,128X 128,64 X 64 2 X 2AvgPool, Stride = 2
Convl 128X128,64 X 64,32X 32 4 X 4Conv2d, 64, Stride = 2
Conv?2 64X64,32X32,16X16 4 X 4Conv2d, 128, Stride = 2
Conv3 32X32,16X16,8X8 4 X 4Conv2d, 256, Stride =2
Conv4 32X32,16X16,8X8 1 X 1Conv2d, 512, Stride =1
Convb 32X32,16X16,8X8 1 X 1Conv2d, 1024, Stride =1

1.3 K mEE
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G* = arg min; maxp leean( G, D)+ A0y, (2)
leaan (G, D)= El_‘,wm[log D(x,y ):| —+ El.:m‘[log (1—D(x,G(x,2)) )} (3)
&&ZE[H;}*G(I,Z)M (4)
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TR G (2, 2 ) s Az e AR 3 P05 P 15 oo (AT DL 1 80 A iy H AR B 1R = (L0 AR BB, D (2, G (2, 2)
7 F ) g PN A OBUIE G (2, 2) 2 5 EL LR

0410003-4



TG G A« T R A S50 2R 100 B0 190 265 14 AT DL D' 21 4k P A5 B J5 B vk

2 SCIGIGIE

21 HiE&E

S99 B 34N [ g s 48 (VEDAL Dataset ', OSU Color-Thermal Dataset " #l KAIST Dataset' ') ,
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B i€, e 245 3] 640 X512 ROST B G 6F o 92 56 vb ik 352 KATST #4 4 vb 1 K40 18 19 AR, JF 94 i
256 X 256 RUSF LU I 9 4 1 A o 28 3k R Ak B el /0 K B AR A RO, B 2,5 008 X 25, 1 239 X
FH
2.2 iFHIEFR

6 4~ WA 16 br F T 3P4l Az IS0 &, A0 435 U4 1 1% 2 L (Peak Signal-to-Noise Ratio, PSNR)"" £}
Fg AL (SSIM) | 22 R 45 ¥4 A1 4L 1 (Multi-scale Structural Similarity Index Measure, MS-SSIM )", 2% >J
JEHT P A% B A UL (Learned Perceptual Image Patch Similarity, LPIPS)"" | Fréhet Inception i & (Fréchet
Inception Distance, FID )" FI K B AHBIPE . PSNR Fl SSIM i % — & FH T 1Ak BRI i o 22 ROBE 25 44 A 1L
PESR AN T 25 4 AR AL A R 22 ROBE A B AR AL o LPIPS ) 195 A~ &1 45 45 AF 1o 1t 22 [ 4 i L L 75 B
R T IFEAE AR, B FRAE 2 N TE ImageNet b #l Il 2k 19 JE F 45 B 48 W 4% (Convolutional Neural Network,
CNN) ) F= 3RS A (S2 86 sp i T AlexNet FZEHERY) o FID J& B4 EG B0 55 2 IR0 A DL A9 B o, FE AR
SCHEH T VAR A 2T A1 RS A R L S2 21 A1 BRGS0 AR (UM |, & B E BH 55 N 28 40058 o 2 1 140 DB A AR 47 1) AH
KM IF HH F T VPAR Az O B I 28 AR 1 T d o UK R R D M SR SR FH I B A DG DG JE v 8 FH A A — AR BRUAH G
Bk W — 4k M P (Normalized Cross Correlation, NCC)AE R ¥EH 845 o SCHk[ 211 s 3E W 1 204 AR (4 R
JERRAE 50 A A 2w VIR 56 F , DRI IR B AR DG M D ¢ 35 B T LA AE — S AR B L 3 IR 40 A M S
23 IGET

B A SE 36 278 Intel (R) Core (TM) i9-10980XE CPU 3GHz #il— 3 NVIDIA RTX 3090 GPU [-iz47,
R TR B 2 S HEHRJZ: Pytorch, 4 M 1 35 1 0 19 45 14 A 00T 470 I 45 1) 20 A0 A B3 T Adam i1k
i, o B AR, 4 I B 0.5 F10.999, W48 I 2R 2 5 200 58N 25, DUBA PR RU IS S5, b, A= o 9 25 i
100 % YN 25 1Y 2% 3 S8 2 7E 0.000 2, 2R )5 76 T 43 19 100 %5 Y1 25 v 2R 1 T R3] 0, % 4T M9 48 i 100 %6 11 25 1) 2
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TEAR SCE B L1 2 A GAN 5 25 % 046 1 )1 ot 25 0 VR, 508 AR o L1 48 2k 9 A 22 B0
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&5 G L1428 85038 L1406 52 8 2k /0 F S 3500 2 0k LAY 25 0 1] 4 R >4 A B0 100 i, SSIM M S-
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TEGETTXF BT 28 (SPatchGAN) G W F 5% 22 7% 32 19 bR AEREHL (Upsamplingl) AN 27 2 Fiik 22 1 B2 09 L oRFE
R (Upsampling2) AL 55 1 Fh 5% 22 3 42 (19 [ R BE L (Upsampling3) A B F 4% 25 3% 1 19 TR AR 45
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Fig.5 The subjective comparison results of ablation experiment
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Table 3 The objective comparison results of ablation experiment

Evaluation indexes SSIM 4 MS-SSIM 4 PSNR+*  LPIPSY FID ¥ NCC A
Pix2Pix 0.910 3 0.799 4 26.9799 0.085 6 51.2311 0.9311
Baseline+SPatchGAN 0.918 9 0.834 6 27.247 8 0.0770 48.790 9 0.9370
Baseline+ Upsampling1 0.920 2 0.853 4 30.086 3 0.057 9 43.034 6 0.9414
Baseline+ Upsampling2 0.928 0 0.8550 29.937 5 0.055 3 42.220 2 0.942 9
Baseline+ Upsampling3 0.943 9 0.859 5 30.580 4 0.050 7 38.969 9 0.948 9
Baseline+Upsampling4 0.945 4 0.856 6 30.620 7 0.050 3 38.895 5 0.948 7

WLEZ ] 5 0 A s SR iT DA & B, R AR SR B4 B8 T AR AE X T 9 486 A 1 21 A1 MR AR BRHR B K BE AR B
PR R A (B S5(d) 20 EAE BT 7R ) |, T B TR T A4 SO E I 2% v R T X R o 224 b Ge i i, B (E A B T4
S R AR Bk R v B BE AR R B PR AR A o 25 A B T R AR i B b S5 R B DR . X TESCER [ 22 ] e AR 3 T
WEAT . B 5(e) ~(h) L @AESS R BoR 1A SCHE Y F R FEBEHO T 20 Ah R A il 72 v iy I B B S
R B

e 3 A BCE X EE BT DL & B, SPatchG AN X MS-SSIM Y42 7145 K, 3% = 276 T HAH H PatchGAN 42
BT A R G 22 ROBERRAE , AN TR) RUEE 9 1 B2 43 S 29 3R T R B AR B o AR 3T 80 A 4T 258 747 8098 L
ZERT LA B, B B LA b SR AR BEH T 58 An i 42 XA B B, N4 B B ORAERL S 0 X e R DR OB R
FEAR B b o5 — Rk 22 4 432 09 85O BN 2 2 (Upsampling3 A9 25 5 AH F Upsampling2 A9 45 SR A5 AR 42 T A ),
O — Pk 25 3 0 2 R G B 40 0 R R R A A S A T 4, U5 B s k2 R0 £ 2 A S 43 i B IRTAR TR R R
E B A A B T et 2B al R 9 o =
2.5 fEERI

R T B EAS SCOT R AR R 3N EE AR L EAT TSI I I K AR SO 5 T A A O B R 4% 1
21 A B % A 3 Pix2Pix . Thermal GAN . I-GANs  InfraGAN ¥EA7 X F 525 . Thermal GAN i Ji T 0] 0Lk
I AGCRT R BE R i AR S B A, T X A A F, S5 B Thermal GAN XUl T AT WL % BHRAE A .
InfraGAN B4 A S 512X 512 K/ S, % InfraG AN #4717 8 Bl DL I 256 X 256 K/NER B A . 1516
J7R TSR B N g R, R AR T IR A R .

P 6 H 3~ B 4 0 21 A G 09 Az B 4G SR R OR 5 R B FE VEDATEUE 5 b 0 A48 sUR ¥ 5ty 5 Fh
BORVAE VEDATEUHE A T 09 A2 iU 25 2R 2R BLAE RS 00 R BE A B 22000 b ISR & 25 B v DL th AR SO i A=
B T A0 GO FE A B BN HEf . OSU B8 4R 5 S 3 B — AR SCHL I OSU BUHE 4 X F Uik
WA A BOOR AR BN Ay B o AR SO IR AE KATST 086 45 AR o HoAth 4 AR, 21 A A B 1% i 9
RS, AR R EEE .

AR R YIRS ETE 3D A B F A B RAFrY R, JUHAE & 70 #R 0) VEDATE R % o
XA SRR M ESR r BER A B, SRR e B T R B O AR T — SR b TR g . 2R A B
FNE WX P45 3 AR SCOR 3 1 21 Ah Az i G o £ D0 1 HG A 530 1 2B s 2R .

FOWIRIR T SR EIE AR S5 48, A SO A T L1 3 2% A G AN 483 2 %o A= ol o) 4% 47 48 2, 13 LA
TR AN G A RO . R BT B A P R S B RN I ZRFE AT (Y R R — 2 A 4% e i b A
U/ ) 268 I AR I 5 T AR AT A
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Table 4 The objective experiment results comparison of different algorithms

VEDAI SSIM 4 MS-SSIM 4 PSNR 4 LPIPS v FID y NCC 4
Pix2Pix 0.910 3 0.799 4 26.979 9 0.085 6 51.2311 0.9311
ThermalGAN 0.946 6 0.853 9 30.048 9 0.052 5 39.967 8 0.947 3
I-GANs 0.814 6 0.744 2 27.2877 0.158 1 119.674 3 0.893 5
InfraGAN 0.948 7 0.858 5 29.9877 0.0511 39.796 1 0.948 0
Ours 0.9551 0.881 6 31.329 4 0.042 3 33.954 0 0.960 4
Ours(512X512) 0.950 8 0.854 7 31.2237 0.059 7 37.853 0 0.960 1
Ours(1024X1024) 0.9555 0.848 1 31.864 9 0.0856 53.6157 0.9510
Oosu SSIM 4 MS-SSIM 4 PSNR 4 LPIPS v FID y NCC A
Pix2Pix 0.901 5 0.885 4 24.187 6 0.118 8 84.363 2 0.9756
Thermal GAN 0.904 3 0.906 1 29.239 8 0.132 2 78.079 8 0.974 5
I-GANs 0.881 2 0.867 7 27.7670 0.160 3 107.761 4 0.964 3
InfraGAN 0.905 1 0.904 6 29.0255 0.137 4 89.047 5 0.9731
Ours 0.923 4 0.936 8 31.3312 0.064 5 57.973 5 0.983 9
KAIST SSIM 4 MS-SSIM 4 PSNR 4 LPIPS v FID y NCC 4
Pix2Pix 0.827 7 0.593 1 22.732 8 0.201 7 77.878 9 0.922 6
Thermal GAN 0.854 1 0.613 8 23.550 4 0.2831 112.654 8 0.937 1
I-GANs 0.844 1 0.5720 22.950 3 0.3618 156.585 2 0.9279
InfraGAN 0.844 5 0.608 2 23.0214 0.1810 63.930 8 0.929 5
Ours 0.869 2 0.700 8 24.452 4 0.112 3 27.533 1 0.948 3
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Table 5 Network structure of different algorithms

Method Generator Discriminator Loss
L1 loss SSIM loss
Pix2Pix ResNet9block PatchGAN N/
ThermalGAN UNet PatchGAN NG
I-GANs D-Linket34 PatchGAN NG
InfraGAN UNet UNetGAN NG N,
Ours UConvNext SPatchGAN N
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Fig.7 Performance of six matching algorithms in heterogeneous matching
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Fig.8 Performance of six matching algorithms in infrared image matching

R6 OMIMEXMTRERIRE
Table 6 EPE of six matching algorithms

EPE
VEDAI SIFT SURF ORB D2-Net SuperGlue LoFTR
RGB 0.1317 2.334 4 8.151 8 0.767 3 0.334 8 0.136 5
Pix2Pix 0.3116 0.245 3 0.660 1 0.387 1 0.477 0 0.052 6
Thermal GAN 0.118 0 0.170 6 0.196 7 0.284 3 0.302 3 0.027 2
I-GANs 0.6310 0.795 4 1.029 8 0.542 0 0.433 1 0.070 4
InfraGAN 0.109 6 0.166 2 0.287 3 0.2659 0.314 5 0.021 6
Ours 0.0818 0.154 7 0.106 5 0.238 3 0.257 1 0.017 8

EPE
OSU SIFT SURF ORB D2-Net SuperGlue LoFTR
RGB 52.614 8 28.740 6 38.851 5 1.6956 0.877 6 2.5334
Pix2Pix 0.105 3 0.099 9 0.1255 0.218 2 0.178 0 0.043 3
ThermalGAN 0.126 1 0.105 0 0.138 0 0.233 4 0.173 5 0.0427
I-GANs 0.147 1 0.117 4 0.154 0 0.259 3 0.212 5 0.058 7
InfraGAN 0.122 7 0.105 6 0.140 0 0.224 6 0.163 8 0.040 0
Ours 0.080 8 0.078 9 0.088 8 0.167 1 0.1456 0.0349

EPE
RAIST SIFT SURF ORB D2-Net SuperGlue LoFTR
RGB 40.716 0 36.108 2 33.319 1 2.7650 4.3877 10.397 7
Pix2Pix 2.8859 1.744 7 24301 0.8559 1.0452 0.546 8
ThermalGAN 1.498 3 1.533 5 1.0558 0.970 2 0.944 1 0.807 6
I-GANs 2.089 5 2.399 4 1.814 8 1.2012 1.5237 2.574 3
InfraGAN 2.024 1 1.438 6 2.184 2 0.726 6 0.803 6 0.3854
Ours 0.630 3 0.552 1 0.622 2 0.4779 0.495 5 0.1813
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Visible-to—-infrared Image Translation Based on an Improved
Conditional Generative Adversarial Nets

MA Decao', XIAN Yong', SU Juan’, LI Shaopeng', LI Bing'
(1 College of War Support, Rocket Force University of Engineering, Xi'an 710025, China)
(2 College of Nuclear Engineering , Rocket Force University of Engineering , Xi'an 710025, China)

Abstract: Using visible images to obtain corresponding infrared images is an effective approach to address
the lack of infrared images in infrared guidance, infrared countermeasures, and infrared object recognition
tasks. At present, the infrared radiation properties of the target can be efficiently simulated by current
methods that use modeling of infrared properties to obtain infrared simulation images. However, the
simulation process of this method requires tedious operations such as the classification and segmentation of
target materials, and the infrared images obtained by the simulation lack texture information. The infrared
image generation algorithm based on Generative Adversarial Networks (GAN) can effectively alleviate the
problems of cumbersome and labor-intensive infrared image generation. However, some current infrared
image generation algorithms based on GANs are prone to the problems of lack of image detail information
and lack of structural information. This paper proposes a visible-to-infrared image translation algorithm
based on an improved Conditional Generative Adversarial Nets (CGAN). Different from the current UNet
network and its variants which focus on the utilization of the underlying features of the image, the
generative network not only focuses on the utilization of the underlying features of the image, but also
strengthens the utilization of the underlying features of the image. In addition, some network tricks of the
ConvNext network are incorporated. Techniques such as using fewer normalization layers, layer
normalization instead of batch normalization, etc. The adversarial network improves the quality of the
generated images by calculating the first-order feature statistics (mean) and second-order feature statistics
(standard deviation) of the generated images. The mean value contributes to the generation of grayscale
information of infrared images, and the standard deviation contributes to the generation of structural
information of infrared images. The research of the adversarial network focusing on the image receptive
field features is transformed into the research of the image feature statistical information, which reduces the
constraints on the generative network and releases the greater potential of the generative network. In the
experiment, three datasets were used, namely the VEDAI dataset, the OSU dataset and the KAIST
dataset, and six objective evaluation metrics were used to evaluate the quality of the generated images,
including peak signal-to—noise ratio, structural similarity, multi-scale structural similarity, learning
perceptual image patch similarity, Fréchet inception distance and normalized cross correlation. Compared
with existing typical infrared image generation algorithms, the experimental results show that the proposed
method can generate higher quality infrared images and achieve better performance in both subjective visual
description and objective metric evaluation. In the matching application experiment, this paper adopts three
traditional matching algorithms: SIFT algorithm, SURF algorithm and ORB algorithm, and three
matching algorithms based on deep learning: the D2-Net algorithm, SuperGlue algorithm and LoFTR
algorithm. The experimental results show that compared with the use of the visible image for matching, the
image conversion algorithm is used to match the corresponding infrared image converted by the visible
image, which can effectively reduce the matching endpoint error. The experimental results show that
matching end point error is not strictly proportional to the six objective evaluation indexes, but there is a
positive correlation between matching end point error and objective evaluation indexes. In general, the
better the performance of objective evaluation indicators, the smaller the corresponding matching end point
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error. In summary, this paper proposes an improved conditional generative adversarial network for
converting visible images to corresponding infrared images. The proposed method effectively alleviates the
problems of the lack of texture detail information and the lack of structural information in the current
infrared generation algorithm based on conditional generative adversarial network image generation in the
process of image generation. The generated infrared image has good application value in the matching of the
visible image and the infrared image. In addition, this paper provides new ideas for other image translation
tasks.

Key words: Infrared image; Visible image; Generative adversarial networks; Generative networks;
Adversarial networks; Matching application evaluation
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