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Fig. 1 Generative adversarial network structure diagram
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Table 1 Experimental training parameters

Parameter Value

Learning rate TTUR

Optimizer Adam
Base size 64
Epoch 900

23 HiEilgdE
ISE-StyleGAN 53 S8 720
A 2L MR E A RS, DN 3% AR UCE n I 20 BR B m
fort=1tondo
for /=1 to m do
MBI I3 AT Py () P REPLIERE m A EFEAR 2R {2V, 2, e 2}
M%*R%APG(MEPFEM%?‘ AR 2 R {2, 2, e, 2

FEMLE 30 2 = +(1—e)2,e€c[0,1],1<<i<<m
i FH RS BE I T 558 2 Uﬁﬂ’]ﬁﬁl‘@’ﬁ(
I _
Vo> [D(G (=)= D)+ (| VD) | =17 (9)
end for

FENBEHLER A P () HSRAE m A R
1o 6 T W T A % R AR A R
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m
end for
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Fig. 7 Compare of the original images with the generated images

JI2 PR R A 35 0 1 A A PR R 3 R A, AR 30 JiE o Do T F 25 2R

BEFAH TR 256 45 4 R [R) 3 S 06 AT 52 06, B BL 38 48 A [R) 9 5 00 2B AT A G 151 8 i, Sk b TR 08
DCGAN, CycleGAN ,StyleGAN #l ISE-StyleGAN [ SZ 5 25 5 . DCGAN A it G 50 &8 43 7] 5t 5 AR 22
B2 I Ak A o 565 — sk R b B bR ROBE K/NFEAE [, 55 5k G b A7 AE 25 T4 ity , 56 B 47 9K A7 A
YT E BERIYHR IS 5 CycleGAN By A: il GO 8 o't B 541K 1) 5 5738 o0 B A B v A R L 1R
SEARI K EE A K JE S RAFTEEBRRERIF A MBS . StyleGAN B8 A B2 MG T 7
B A SR R AR 43 8] vh e 24 25 — L B I 5 T G RLAGURR AR S A5 19 I B R AE A7 8 XU TR L A 1) R, 1%
SR A 0 B — ke PR v O A o7 AR B DU sk R v A T DR (0 AR A, RMR e = LM
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Fig. 8 Comparison of images generated by different generative adversarial network algorithms
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AR RIR 53) B rp R s 1) A T P 536 T LAY 4 DR 22 JBURe I 25K, 8 B 17 B ] 9, PR SO A 7 B ) I, R
AR B E 53 A1 [) B S PR B Z0 AN BOR AR B F2 3T, AA AR R R 5 B LA R (8 22 1 Wi AT 22001
i A F A AR b R E 27 X LY LA R FE AT A T AT A < P AR SRR T A 21 A IR R SR A i
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715 A B R DL R SO B TS , AE K B A A b 5 SRR R BOM [R] B & R B AR B BEAR L G Ak B
PUA B 32 00340 W, 2B B e 21 H0 s R 3R B 4
2.4.2 BILIEAFFEM

Ry i — 2 B IR S 9 A AR A RO | 38 O %O P BB 4R A5 U8 (EL {5 MR [E (Peak Signal to Noise Ratio,
PSNR) 1 £ )2 9 45 ¥4 AL (Multi-Scale Structural Similarity Index, MS—-SSIM )% A= wig 14 U 17 52 & 43
BT o PSNR 45 b JE T i b PR A 1 AR rhoxh i AR 38 A a8 22 KIS, R 2 4 o A IR Ok AR B2, J3 (BB
L BRRE B, TR E T KGR E T 28, T — D18 45 K H MS-SSIM ., [A] SSIM #2 )7 4
[f] , MS-SSIM & #E 47 J5 4 15 A6 B EIMR  J3 S (52 BE X b BE DA SRR DG 4548 19 LU, 459 310 U 384 B8R I
TR R R EUR BEAT T 2R AR B A8 A2 AR, LAk i AT A 8] IEHRREE 1) 2 SSIML PR o

P 2R 3G T A AR A XS 25 R S RUEE Y £1 A A SR AR B0 W A8 AR PE AN 45 AL, FT LA B ISE-
StyleGAN ) PSNR{H DA S MS—-SSIM {H 7E 45 Fh 28 AU Y B b5 T #02 fe e L D8 AR SCHE H3 0% ele ik 5806 A E JL A
28 AR SO L 00 45 5125 A ) £ 1 AU VT 45 S A0 I, e B[R] TSE-StyleG AN AR 14 A 48 57
FAR ] B an A AR AL, PR, AT RLHEWT HS ISE-StyleG AN A= B4 A8 A A% 455 10E [] D s PRI 4 i S AR AL o

F2 EBANTMEEE PSNRIEIRE R

Table 2 PSNR index results of generative adversarial network model

. PSNR/dB
Algorithm - - — -
Single scale Multiscale Small target Cloud and mist interference Night target
DCGAN 13.254 7.363 6.784 10.436 9.473
CycleGAN 9.792 8.187 6.349 8.342 9.754
StyleGAN 8.835 7.829 4.382 4.993 8.438
ISE-StyleGAN 21.853 19.341 13.740 11.284 15.584
F3 EMAXMEZEE MS-SSIM 54745 R
Table 3 MS-SSIM index results of generative adversarial network model
_ MS-SSIM/ %
Algorithm - ; . .
) Single scale Multiscale Small target Cloud and mist interference Night target
DCGAN 91.6 85.7 83.4 90.2 93.6
CycleGAN 83.8 88.1 84.7 79.0 89.2
StyleGAN 82.3 87.2 81.9 73.3 86.4
ISE-StyleGAN 97.9 94.5 89.3 92.7 98.5

2.4.3 B ARA W S % w9
A LT AN G B A S P B T 20 A B BN R R e b R DRG BE  Ie) R T DL, AT DA s A R
Pt 5 07 FH 2 PO G T AT 55 ok it — 2B B0 0IE A= A MR AT 80P o B0 I A AR SR AN [R) % £5 0 4R L 6 3 TR A 21 A
W BOPE A JEAA KO 4R ) H HL T A BOE 4 A KU 45, DCGAN  CycleGAN , StyleGAN | ISE-StyleGAN /=
I RG24 o0 AT AR A D D1 2, B B LR T 3R A PR o R RIS T AR RO B AR e BE AL
T4 EAR TN R E R

Table 4 Data set composition of object detection test

Number Algorithm Source data Conventionally Algorithmi'c data Total
generated data generation
1 None 1000 0 0 1000
2 Conventional expansion 1 000 2 000 0 3000
3 DCGAN 1000 1 000 1000 3000
4 CycleGAN 1000 1 000 1000 3000
5 StyleGAN 1000 1000 1000 3000
6 ISE-StyleGAN 1000 1 000 1000 3 000
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Fig. 9 mAP value of each dataset by different algorithms
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Table 5 mAP value of target detection in each dataset
Number Algorithm YOLOv3 SSD Faster R-CNN Centernet
1 None 0.679 0.641 0.703 0.727
2 Conventional expansion 0.771 0.733 0.788 0.791
3 DCGAN 0.784 0.712 0.804 0.786
4 CycleGAN 0.788 0.745 0.801 0.787
5 StyleGAN 0.762 0.735 0.797 0.790
6 ISE-StyleGAN 0.833 0.812 0.822 0.817
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Infrared Ship Image Generation Algorithm Based on ISE-StyleGAN
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Abstract: Infrared imaging guidance has a stronger anti-interference ability and a more obvious dynamic
range than traditional infrared guidance, which is one of the main guidance means of current precision
guidance weapons. In recent years, with the continuous development of computer vision, the application of
deep learning to military infrared target detection has attracted more and more attention. Model training has
high requirements on the quantity and quality of data. However, it is difficult to obtain complete infrared
ship images in the complex environment in the military field, which affects the detection accuracy of
infrared ship based on deep learning. Most infrared target detection is achieved through the algorithms of
the visible light field. Therefore, the research of GAN-based image generation by GAN data is still mainly
visible image. The research on infrared image generation is scarce, and the research on ship data generation
under infrared background is even less. In response to these problems, high cost-efficiency ratio, and a
small amount of data in field acquisition of Infrared Ship images, this paper proposes ISE-StyleGAN
(Infrared Ship Enhancement StyleGAN) algorithm for Infrared Ship image generation. By training the
generative adversarial network model, high quality infrared ship image is obtained, which can provide
infrared ship data. In this paper, improvements are made based on the StyleGAN model. Firstly, because
of the size of receptive field in StyleGAN is limited by the convolution kernel. In this paper, self-attention
is introduced into the generator, so that the algorithm can operate in the global domain can learn more
details in the image and long—distance pixel association information. Setting the resolution of the last
module of the generator to 256 X256 can make the generator more suitable for the data requirements
provided in this study. On the premise of ensuring the quality of the generated image, the number of
parameters required by the network and the amount of random noise input can be reduced, and the
computing efficiency of the generator can be improved. As the texture details of infrared ship images are not
as rich as those of visible images, too much noise will introduce more noise points during image generation
according to the original StyleGAN model, which will affect the normalization of adaptive instances, thus
resulting in the degradation of the generated image quality. Therefore, this study only introduces one noise
module into the noise input of each network module of different resolutions of the generator. Secondly, a
Wavelet discriminator is used to extract image features through Wavelet decomposition and combine them
into feature representations derived from higher resolution blocks. In the representation of the
characteristics of the image, the discriminator stratifies the input image to perform a bilinear downsampling
scale reduction, degree processing, and detection of separation at each scale. Then, by scattering wavelet,
the frequency difference between the generated image and the real image is obtained. Such a Wavelet
discriminator is very effective against blocking artifacts. Then, TTUR and Adam are used for optimization.
In the training process, TTUR can make the generator and discriminator automatically set different
learning rates so that the discriminator convergence speed is accelerated and the training speed of the two
can be balanced. Finally, WGAN-gp loss function is introduced to improve convergence efficiency. The
experimental results of the original data, DCGAN, CycleGAN, StyleGAN and ISE-StyleGAN were
compared by visual interpretation in this paper. The infrared images obtained by the algorithm can basically
show the ship contour and texture details, and the gray distribution is relatively uniform. Compared to the
real image, the overall similarity of the two pictures is high. From the objective indicators, PSNR value
and MS-SSIM value are the highest in all types of targets. It shows that the improved algorithm proposed
in this paper has better quality and image phase than several classical generative adversarial network
methods in generating infrared ship images. At the same time, the outline and details of the ship generated
by ISE-StyleGAN are more prominent. Therefore, it can be inferred that the ship image features generated
by ISE-StyleGAN are more similar to the original image features. Finally, the validity of the generated
image is further verified by applying the generated data set to the ship detection task. Different datasets are
used in the verification process, including the original infrared ship dataset, the original dataset and the
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conventional augmented data combination dataset. The combined dataset of images generated by DCGAN,
CycleGAN, StyleGAN and ISE-StyleGAN were used for ship detection training respectively. Then, the
detection algorithm adopted Faster R-CNN, SSD, YOLOv3 and Centernet. Compared with the original
dataset, the average accuracy of the expanded ISE-StyleGAN target detection network is about 15%
higher than that of the original dataset, which verifies the effectiveness and feasibility of generating infrared
ship images based on ISE-StyleGAN.

Key words: Infrared image; Generative adversarial network; Image generation; Self-attention; Wavelet
discriminator
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