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Abstract To solve the problem that it is difficult for military unmanned aerial vehicles to acquire synthetic aperture
radar images of important ships at sea, this paper introduces an unconditional image generation network which can
learn the internal distribution of images from a single image. The network adopts the idea of a pyramid of multi-
scale generative adversarial networks (GAN). In each layer of pyramid, there is a GAN responsible for the
generation and discrimination of image blocks at this scale, and each GAN has a similar structure. The head of
generator contains Inception modules connected with different sizes of convolution kernels to obtain image features at
different scales. In order to make full use of these features, a residual dense block is added. The discriminator uses
the idea of Markov discriminator to capture images distribution at different scales. All the generated images are
made into data sets for training different target detection algorithms, the results show that the average accuracy of
the model is improved to a certain extent, which verifies the effectiveness of the network model.
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Table 1

Parameters of the generator

Block Operation Convolution kernel Input channel Output channel
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Block 2 Conv_block 1X1 192 96
Conv_block 3X3 92 128
Inception Conv_block 1X1 192 16
block Block 3 Conv_block 3X3 16 32
Conv_block 3X3 32 32
Max Pooling
Block 4 Conv_block 1X1 192 32
Connection part Conv_block 3X3 256 C
Conv 3X3 C C
Leaky RelLU
Conv 3X3 256 C
Leaky Rel.LU
Residual dense block Conv 3 581 ¢
Leaky RelLU
Conv 3X3 512 C
Leaky RelLU
Conv 3X3 640 C

Leaky ReLU

Conv_block 3X3 C C
A Conv_block 3X3 C C
tai
Conv 3X3 C 3
tanh
s} js] js] jos]
> o) > 2 > 2 > 2 > <
2z~ gz |~ gz |~ gz = =]
Slm = S|A| =PI oAl Slal =P S >
Sl el F<1 Il IS Ll B4 SlP|E S|®|E S|8
<] Q Q Q
= A A |

Bl 6 L #2544
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Fig. 9 Error detection of training on different data sets. (a) Correct test results; (b) SSDD data set; (c¢) SSDD data
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(c) SSDD data set + generated sample data set
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(c) SSDD data set + generated sample data set

5 4 1w

BT R B 2 2 T B AR AR SO L T SAR
IR RIS A TR ME A 7] R, 5 F GAN & T —Fb
2 o] SR U R A (AR ARG ) 5k . M L DL
(AR AR B ) 5 3 s AR O % 2R AT R AR B50H 38 ) s R L
AR R B bR B B AR B DL ES R R L
ERHEEARBRG ZHEME, BTN Z R E
GAN X 55K B R 3E A7 2% >, 78 28 B 2% 1T o R

Inception #EH A HUHE 2 RUBE B RHAIE , 45 & 5k 25 B4R
BB 78 73 R BB ARAE o o 2R i RS AR TE S AR N
Bols SN2k B ARG I 550k o FH I e A A 28 300 3 ] —
AR 45 3 B 25 R B IR T AR D55 4R L SAR
BB A R . AEAS J7 vk A i L RE DI 2 — 5K IR 4%
FRUCAL B 75—k PR T 2 508 Uk, 38 0m 1 )N ke
AN G A . R, 2Z )5 B BT 5T Pk 5 5 JE RE
i 1o T AR A T A IO R L A i P 5
ATl S DAt 3k PR I ki H

201018-9



Wt 5ot T o R

(1]

(2]

(3]

[4]

(6]

7]

(8]

(9]

[10]

[11]

Z % x Mt

Wang Z W, She Q, Ward T E. Generative
adversarial networks: a survey and taxonomy [ EB/
OL]. [2020-01-317. https: // arxiv. org/abs/1701.
04862.

Yi W, Zeng Y, Yuan Z. Fusion of GF-3 SAR and
optical images based on the nonsubsampled contourlet
transform [J]. Acta Optica Sinica, 2018, 38 (11):
1110002.

Sy 4, BB, JRAE. JE T NSCT 728 #e i & 70 = %
SAR 5t E R REVA [T]. JesEédlt, 2018, 38(11):
1110002.

Balz T, Stlla U. Hybrid GPU-based single-and
SAR [J1. IEEE
Transactions on Geoscience and Remote Sensing,
2009, 47(10): 3519-3529.

Hammer H, Schulz K. Coherent simulation of SAR
Proceedings of SPIE, 2009, 7477:

double-bounce simulation

images [ J].
74771G.
Cubuk E D, Zoph B, Mané D, et al. AutoAugment:
learning augmentation strategies from data[C] /2019
IEEE/CVFE Conference on Computer Vision and
Pattern Recognition (CVPR), June 15-20, 2019,
Long Beach, CA, USA. New York: IEEE, 2019:
113-123.

Goodfellow 1 J, Pouget-Abadie J, Mirza M, et al.
Generative adversarial nets[EB/OL]. [2020-01-27].
https: //arxiv. org/abs/1406.2661.

Arjovsky M, Bottou L. Towards principled methods
for training generative adversarial networks [ EB/
OL]. [2020-02-057. https: // arxiv. org/abs/1701.
04862.

Mirza M, Osindero S.
adversarial nets [EB/OL]. [2020-01-30]. https: /
arxiv.org/abs/1411.1784.

Chen X, Duan Y, Houthooft R, et al.

Conditional generative

InfoGAN:
interpretable representation learning by information
maximizing generative adversarial nets [ EB/OL].
[2020-02-03] . https: /arxiv.org/abs/1606.03657.
Isola P, ZhuJ Y, Zhou T H, et al. Image-to-image
translation with conditional adversarial
networks[C]//2017 1IEEE Conference on Computer
Vision and Pattern Recognition (CVPR), July 21-26,
2017, Honolulu, HI, USA. New York: IEEE,
2017: 5967-5976.

Zhu ] Y, Park T, Isola P, et al. Unpaired image-to-

image translation using cycle-consistent adversarial

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

201018-10

networks[C] /2017 IEEE International Conference on
Computer Vision (ICCV), October 22-29, 2017,
Venice, Italy. New York: IEEE, 2017: 2242-2251.
Choi Y, Choi M, Kim M, et al. StarGAN: unified
generative adversarial networks for multi-domain
image-to-image translation [C] // 2018 IEEE/CVF
Computer Vision and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: IEEE, 2018: 8789-8797.

Ajocsky M, Chintala S, Bottou L. Wasserstein GAN
[EB/OL]. [2020-02-047. https: // arxiv. org/abs/

1701.07875.

Conference on

Gulrajanil I, Ahmed F, Arjovsky M, et al. Improved
training of Wasserstein GAN [EB/OL]. [2020-01-
27]. https://arxiv.org/abs/1704.00028.

Cui Z Y, Zhang M R, Cao Z J, et al. Image data
augmentation for SAR
adversarial nets[J]. IEEE Access, 2019, 7: 42255-
42268.
Shaham T R,

sensor via generative

Dekel T, Michaeli T. SinGAN:
learning a generative model from a single natural
image[C] /2019 IEEE/CVF International Conference
on Computer Vision (ICCV), October 27-November
2, 2019, Seoul, Korea (South). New York: IEEE,
2019: 4569-4579.

Szegedy C, Vanhoucke V, loffe S, et al. Rethinking
the inception architecture for computer vision [C] //
2016 IEEE Conference on Computer Vision and
Pattern Recognition (CVPR), June 27-30, 2016, Las
Vegas, NV, USA. New York: IEEE, 2016: 2818-
2826.

Wang X T, Yu K, Wu S X, et al. ESRGAN:
enhanced super-resolution generative adversarial
networks [ M] // Leal-Taixé L, Roth S, et al.

Computer Vision - ECCV 2018. Lecture Notes in
Computer Science. Cham: Springer, 2018, 11133:
63-79.

Huang G, Liu Z, van der Maaten L, et al. Densely
connected convolutional networks [C] /2017 1IEEE
Conference on Vision and Pattern
Recognition (CVPR), July 21-26, 2017, Honolulu,
HI, USA. New York: IEEE, 2017: 2261-2269.

Lim B, Son S, Kim H, et al. Enhanced deep residual

Computer

networks for single image super-resolution[[C] /2017
IEEE Conference on Computer Vision and Pattern
(CVPRW), July 21-26,
USA. New York: IEEE,

Recognition Workshops
2017, Honolulu, HI,
2017: 1132-1140.



MOOb 5 %o T R

[21]

[22]

Szegedy C, loffe S, Vanhoucke V, et al. Inception-
v4, inception-ResNet and the impact of residual
connections on learning [ EB/OL]. [2020-01-30].
https: //arxiv.org/abs/1602.07261.

LiJ] W, QuC W, Peng SJ, et al. Ship detection in

SAR images based on generative adversarial network

201018-11

and online hard examples mining [J]. Journal of
Electronics & Information Technology, 2019, 41
(1): 143-149.

BAlAh, M 3C, AR, 5. TR BN TR 2%
2 L MEFIIZ 0 1 SAR EHMGAR B bRk (1], ¥
S5 B, 2019, 41(1): 143-149.



