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Infrared Image Generation Algorithm Based on Conditional Generation
Adversarial Networks

LTI Bing, XIAN Yong, ZHANG Dagiao
(College of War Support, Rocket Force University of Engineering, Xi'an 710025, China)

Abstract: Collecting infrared images from fields is difficult, high—costing and time—consuming. In order to
address this problem, an infrared image generation method based on conditional generative adversarial
networks is proposed. In the proposed method, the D-LinkNet network is utilized to build the generative
model, enabling improved learning of rich image textures and identification of dependencies between
images. Moreover, the PatchGAN architecture is employed to build a discriminant model to process the
high—frequency components of the images effectively and reduce the amount of calculation required. In
addition, batch normalization is used to optimize the training process, and thereby the instability and mode
collapse of the generated adversarial network training can be alleviated. Finally, experimental verification is
conducted on the produced infrared/visible light dataset. The experimental results reveal that high—quality
and reliable infrared data are generated by the proposed algorithm.

Key words: Infrared image generation; Generative adversarial networks; Generative model; Adversarial
model; Image quality assessment
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(c) Infrared-generated images
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Fig. 5 Examples of infrared-generated images of buildings produced on the basis of our method

(a) Visible images
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(b) Real infrared images
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(¢) Infrared-generated images
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Fig. 6 Examples of infrared-generated images of chimneys produced on the basis of our method

(c) Infrared-generated images
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Fig. 7 Examples of infrared—generated images of cooling towers produced on the basis of our method
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R 56 UE 2T A0 G 0 A2 BSR4 515 PL U-net256 . ResNet9 . ResNet34 A& e by Az il 8% 19 Az B0 Bt ) 2% 55
PAEAT I IRXF e o Ho DL U-net256 A58 0 A A5 AY A 56T Bt I 25 Bl Pix2pix 3%, F“Pix2pix " A i ik 5 LA
ResNet9  ResNet34 B e ok Az i 25 59 A= B0 T 9 48 3035 45 9 ] “ Resnet9” F1“Resnet34 " S ffi ik o DU Fpxf H &
NI AR IS

PC T

Sq=

(6)

FSIM =

F1 M GANsHEEHI M HEK
Table 1 The network structure of the four GANs algorithms

Networks
Method Generator Discriminator
U—net256 ResNet9 ResNet34 D—LinkNet PatchGAN
Pix2pix N, N
Resnet9 N/ N
Resnet34 N NG
Our method NG NG

Bt S b 3G 1 374 412 40 /] WG IEIMR L 42 BB 1 070: 304 1Y Ho 5 #4 EE Il SR BE AR S AN AR A4 . 407
MR ZEHE AR T, FE AR (B /NG — 5 AR 5 REAE AR UPE S A5 b S8 AR A K 09— J7 ot o X IG5 Bt 37 48 A 114 55
PR8I0 9 Bt g it , 8 LA R 45 L o AR SCHE T T 33 DU b B3 3 A LAY T A 2181 RS 55 60 I 1 2L
S AN MG Z ) 0 35 7 A R 25 DL BRI AR B i B A, OF 153 45 48 A 1 00 7 2948 (43 5 FH mRMSE il
mFSIM #7R ) UL K 37 18] BGRB8 bR 18 45 L, e b 45 R an 4k 2,

WA 2 2 25 1Y 230 B0 T LAAR

1) AR SCHR B A5 A 5 MR 22 - (mRMSE ) 24 33.82, 78 DU Fh 5325 b de /0N, 38 AR AN AR X e 41 5

2) AR SCRIE S R A R AR AR L B (mFSIM) 2 0737, 76 DU R 583 i e K, 8 AR T A X S A

F2 BEGEEBITEMIERNFHENG/SEEY

Table 2 The average and the superior/inferior sample numbers of the evaluation indexes

The average of the evaluation indexes The superior/inferior sample numbers of the evaluation indexes

Method RMSE Samples FSIM Samples
mRMSE mFSIM
Our'<<Other’ Our’>>Other’ Our™Other’  Our'<<Other’

Pix2pix 35.01 0.721 207 97 220 84
Resnet9 34.42 0.722 180 124 220 84
Resnet34 37.04 0.700 228 76 243 61
Our method 33.82 0.737 \ \ \ \
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Fig. 8 The RMSE results between the real infrared images and the infrared images generated by our method and the Pix2pix
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Fig. 9 The RMSE results between the real infrared images and the infrared images generated by our method and the Resnet9 and

Resnet34
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Fig. 10 The FSIM results between the real infrared images and the infrared images generated by our method and the other three
methods
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T B AR SO AR B 21 A1 BSB89 5T 5 BH A T Resnet9 5035 Fil Resnet34 Bk o

18375 AR 1R 25 e B2 JE I RGO I s K BEAE . B T AT OB R 5 20 A0 52 I RS 2 Ta) A7 A RBE AR 48
WS AL AR A 2R S ARG L T ECUE B R AT AR A TE I 4 L AR 22 , 5 BOUAS 8 55 90 58 4 ORI X6, DT 52
We) T34 07 AR 25 B THEAL AT RE S B0 O AR 2 8 T K 5 R AR AR 2 & Y O T I LR Y 4 R AR BB o A IR
B, 57 G R) e AE 152 22 1 2 e/ .l I 8 IR 10 AT AT A HE T B = A GANs Bk AR SCH IR ek 11y
J7 A 22 (B /N ERAE ML DR K 3F H RMSE 5 FSIM B35 b5 1948 45 L fe KA 43 51 4 3 1 3,98, 2438 K
T L, D0 AT U AR SR A A SRR T Pix2pix B3 DA K 43 i LA ResNet9 Al ResNet34 858 Sy A Bl 19 2 1
PP o L b AR B2 o B R T BT A b Y R PEA 43 A TR AR SRR A R £ A B A 4T
1S P 22 TR A B RS A5, e 0% A5 b S e 3 A (R S0 AR B30k A 21 A0 A BURBUR B4

3 #Hig

ASCER T — ol 3 T 2% 1 A O BT I 4 1 20 AR BUGR A iU o IR TE G D-LinkNet 9 2% 44 2 25 i

I £6% ok 2 > RS 803 I 2% 01 5% 18] 9 A0 O 2, 2R FH PatchG AN A4 385 A0 ARS8 L~ i b Ach 38 P AR ) v

WAy PR S A U it R D S5 A U — AR A Adam PEAR I 2R B ok G2 A I 25 AR R DL B =T

WA AEhIAER LA/ a] WG G K G 4 1 2R AT 07 FURR TEAS Y, AR SO0 AR RG240 Ah IR B0 B, RE 68 L4

b Sz Wt H AR B 2L R S B 21 A GO R A iy, SRk B £ A R A UROCR B4
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