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Target detection in SAR images based on joint generative

adversarial network and detection network

HAN Zishuo, WANG Chunping, FU Qiang, ZHAO Bin
( Department of Electronic and Optical Engineering, Shijiazhuang Campus of Army Engineering University, Shijiazhuang 050003, China)

Abstract; Aiming at the problem of difficult and limited sample acquisition in SAR ( synthetic aperture radar) image target detection, a

learning model of joint GAN ( generative adversarial network ) and detection network was proposed. The original training set was used to pretrain the

specially designed faster regional convolutional neural network. The deep convolutional GAN based on attention mechanism was employed to

generate extensive synthetic samples, which were input into the detection network for prediction. The corresponding annotation information of the

new samples was determined by the prediction information and probability equivalent class label allocation strategy, and the annotated new samples

were used to expand the original dataset with a certain proportion. The detection network was retrained with the expanded dataset. Simulation

results show that the proposed framework can improve the detection efficiency and performance of the network effectively.
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Fig.7 SAR image and optical image of
BMP2, BTR70 and T72

FR 1 MSTAR HiR&EiFHAER

Tab.1 Details of MSTAR dataset
K5 BMP2 BTR70 T72
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Tab.3 Performance comparison of three GANs

MSTAR %34
SSDD %4k
ik BMP2 BTR70 T72
FID MMD FID MMD FID MMD FID MMD
SAGAN 2.355 0.568 1.963 0.731 2.077 0.594 2.872 0.737
DCGAN 1.576 0.475 1.850 0.694 1.467 0.528 2.508 0.632
SA-DCGAN 1.434 0.388 1.649 0.412 1.344 0.307 2.156 0.516

(a) HILHIMB
(a) Real images

(b) DCGAN A= i 1%
(b) Images generated by DCGAN

(¢) SAGAN A K%
(¢) Tmages generated by SAGAN

(d) SA-DCGAN A= i [&11%
(d) Images generated by SA-DCGAN

K9 A A ol

Fig.9 Examples of generated images
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Fig. 10 Loss of SA-DCGAN
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Tab.4  Detection results under different proportions of generated images

LA [ 45 MSTAR $i#i4E SSDD H#E 4R

A RS L 151 BMP2 ( AP) BTR70 (AP) T72 (AP) mAP mAP
1:0 0.970 8 0.971 4 0.976 2 0.972 8 0.873 5
2:1 0.996 3 0.999 7 0.999 8 0.998 6 0.899 1
1:1 0.990 9 0.998 7 0.999 9 0.996 5 0.936 8
2:3 0.965 3 0.961 4 0.968 8 0.965 2 0.914 2

3.3 RRKEARE S B KRR 0

AN S AR B 20 T
KT O E AL T s
N AR 4 ST 5 4 1 0
RIUETHR R4 AU I (L. 2 5 9k T

T 488 IR0 268 R R 17 P AS [ 2K S b 2 70 e S i Ak B A
IR AR AR 5 BRI PERER BE. ik
A LAt 0 FHABE S S5 A1 2K 8 s 285 0 PE S s ) 44
ZEAATUAE MSTAR idla il SSDD K dli 4R 1439715
BT RIS R
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Tab.5 Detection results under different generic label assignment strategies
MSTAR %45 £ SSDD %4l 42
PRAE AT
BMP2 (AP) BTR70 (AP) T72 (AP) mAP mAP
KRR B T 0.9915 0.992 7 0.996 7 0.993 6 0.893 2
Briadsab B 0.994 5 0.999 7 0.996 7 0.996 9 0.915 4
BRZEF- TE A B 0.997 2 0.998 0 0.998 5 0.997 9 0.923 6
e M 2B R4 I 0.996 3 0.999 7 0.999 8 0.998 6 0.936 8

3.4 EHMKENEXER

A/INAT G R I 4 P 2% A 5 Light level
CNN'! VEAR 22 &R I #% (single shot multi-box
detector, SSD'*)) Pt it Faster R-CNN'""! 47 1
BRI A R 3R 6 FH T AN ] [ 25 55 71
ARSI 285 SR BT X5 A D0 — g T (OO i A 2
) B I E], & 11 7R T AR SCBRE AR TS 4K
PatE BRI S5 R R ], Light level CNN [ 4514
FHXS 5, A4 2 DNERUR 2 M E 2 4

HEAE)Z  1E MSTAR ¥4l 51 SSDD i 4 H 52 3
Kol 45 5 mAP 43 5155 %] 0.922 9 Fil 0. 826 3,
SSD Sy FL i B o) £ 455 R 38 3xk 7E AN ] ]RUBE B AR
JZ FRE BARSEAT ARG Ok 42 T I 45 P RE , 7R P B
PEEE 1Y mAP 435115551 0. 956 9 F10.870 9, it
it Faster R-CNN F|FH# 15 244 % ResNet101 J&%
5 BY RS 1 RRARFAE , I 1) SR DX T,
DB TV 0 ' ik 11 O = B N R € < o< ]
mAP /35355 0. 984 7 F10.923 0, #iH H A=

F6 TREIMEEE AN ERE

Tab.6 Detection performance of different models

MSTAR $3E 4 SSDD %4444k
o] 245 AR
BMP2 (AP) BTR70 (AP) T72 (AP) mAP it a] /s mAP it ] /s
Light level CNN 0.923 1 0.918 8 0.926 9 0.922 9 0.37 0.826 3 0.56
SSD 0.9515 0.959 4 0.959 8 0.956 9 0.23 0.870 9 0.27
Pk Faster R-CNN 0.982 8 0.985 4 0.986 0 0.984 7 0.81 0.923 0 1.04
PN R, 0.996 3 0.999 7 0.999 8 0.998 6 0.41 0.936 8 0.68

T72: 99%Y

(a) MSTAR Hffn S 25 5
(a) Detection results of MSTAR dataset

(b) SSDD % FE il 25 R
(b) Detection results of SSDD dataset

K11
Fig. 11

ARSI A 4G

Examples of detection results of the proposed algorithm
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PP AR SO TR WA I 25 e Pt o DA% TR 45 A5
RGN — ] 3 [ 45 T 5 - 24 st (] &, SSD i [
PiFER/)N, Light level CNN FIAS SCAA 7 B[] 43 #E
FHIE , T4 Faster R-CNN I [ Fi #E fe Ko 1 LA
AT AT AR AR SCRS IS 7R R AR R B (L
FE GAN (S HERT BT, [RIAE AT LASRAS B 0 A A i)
S5O, FURHI B[R] 453 FE 328 375 /N T 1 8 A I 9 At
iU

4 #hig

FEXT SAR B H ARSI A, A AR £ i R B A
M H A A PR [R)R, AS SCHR S T — PG A2
X D 28 R 00 1R 265 1 TR B 2 >J R, AT AAE A
PR 25 Fog SR FHAG M PR RE . I 2 I 2% AE
B SR P T R LR B TR A R T
P 28 G 1 s oL B BT AR AR AS IR R R E M R R
FRE ST ELRME N BB AE A IR R G, 15
FH—5& el A R Y 7 i i U 2R 5, A A5 d
Ft Faster R-CNN £zl 468, £ 45T MSTAR %%
P AR SSDD H 4 42 1) S0 52 35 K Ak W, i 4
SA-DCGAN #RY A] A= B it 3 5058 BHER 1Y A BUFE
A MR GER MY R . MREFN KR
FREEr BUARWE JC AN TR, B AT A g AR AR A 42
BEERE R R VIZREOR 540w A
BCENG B, DAY SRR AR DI 2R 48, DI e il i
111 Faster R-CNN K illl B 2% . AH%S T Light level
CNN .SSD Flii# Faster R-CNN 57 | 7S 3¢ F 4R A
RURT DAFER DB [ B RE A AT E2 T, & 88058 1 H A
R AT 55 o

JIr 42 M 4 A5 10 B AR IR T 00 S R T 4 2R
H R I LA K 1 I i v A AR SR
AN, SR S8R B A A A T 8 H A9 AR 38 55 2%
JEARZ ST RS, BTSN T RE(E B (HH:
o B S AR I ) 2 B B R AR T e . S A,
BT — DB RN SRR ] AR S A
D), A 0 45 SR 08 AN 2 AR FRAR (4, ff H AIR-
SARShip % ¥ 4 % SSDD | 5 1y 55 7 47 50
Uk, H mAP {Hi55]0.784 2) . N2 TAE, K&
R =TS . — Rk — 2D Rl A AR B 4%
FRLI N 45, R AL VN 2R vE 25 TAF s 2k — PR
FA BRI AR 7k, A HE T 25/ M
ZRRAY s = — 2D W5 0 28 B R T AR (LR A
Z A AT
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