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Abstract

Abstract: In the research field of radar remote sensing, both the completeness and diversity of radar data
samples cannot meet the requirement of effective training of deep learning models, and the models are
prone to over-fitting, which significantly limits the wide application of deep learning techniques in this
field. Targeting on the needs of intelligent application in radar remote sensing, a microwave imaging radar
suited data augmentation method is proposed to solve the issue of insufficient radar data samples by
leveraging the general framework of generative adversarial network. Aiming at the features of radar
samples being not obvious, the label smoothing regularization technique is utilized to automatically
classify the augmentated radar samples. The augmentated samples together with the real samples are
collaboratively used to implement the robust training of deep learning models. The proposed method is
verified by the experiments based on the extensive open-sourse radar remote sensing data.
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Radar Remote Sensing Data Augmentation Method Based on Generative Adversarial Network
Kang Xu, Zhang Xiaofeng

(Beijing Institute of Remote Sensing Equipment, Beijing 100854, China)

Abstract: In the research field of radar remote sensing, both the completeness and diversity of radar data
samples cannot meet the requirement of effective training of deep learning models, and the models are
prone to over-fitting, which significantly limits the wide application of deep learning techniques in this
field. Targeting on the needs of intelligent application in radar remote sensing, a microwave imaging
radar suited data augmentation method is proposed to solve the issue of insufficient radar data samples
by leveraging the general framework of generative adversarial network. Aiming at the features of radar
samples being not obvious, the label smoothing regularization technique is utilized to automatically
classify the augmentated radar samples. The augmentated samples together with the real samples are
collaboratively used to implement the robust training of deep learning models. The proposed method is
verified by the experiments based on the extensive open-sourse radar remote sensing data.
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Fig. 2 Framework of proposed data augmentation method
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MSTAR s 46, 72 HH 3 [ [ 85 38 v ik e 1t
KRS 23 TR AT ) B I8 38 BRI B s 4R o 12 B 4
05 10 AT 7RI ZE 5 H AR 20 IS RS B .
LB 1 O TAEAE X B i) e 70 9 3R SR AR U B
fL4% 5 15 (synthetic aperture radar, SAR), 73 #FR N
FE90.3 mx0.3 mo i % MSTAR ¥ k47 40 3,
A5 3 % R H AR A mAE R IIREAO £ 1500
17° N SAR B &, BRI 128 R 128 &
R, SRHEBEMOFEABE A, WR 1R,

1 MSTARHiferh 2% 2K HArFEA KR
Table 1 Sample numbers of different targets in MSTAR dataset

gyl WA £f 150 A fa 17°
BMP2 196 233
BTR70 196 233
T72 196 232
BRT60 195 256
281 274 299
BRDM2 274 298
D7 274 299
T62 273 299
ZIL131 274 299
7ZSU23/4 274 299
ail 2426 2747
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Fig. 4 SAR images and corresponding optical images of dif-
ferent targets in MSTAR dataset
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R BETE 1%~4% 1], Hirt A FCN AR g T+ 2R
ROVUIE, FATNNIRE BT FOCNARRCR A 14
HARGEN, SHONBPTER, FE/INR ) 17#)1 254k
EWR G ARG LIS IREW], BT T7
A BT AR T ML IR B RBOR
UE T BEIG ) 75k B R DL A R A B2 AL
BEZJ,  [RJIS L AN T IE B 5 BSR4 5 B SERE AR
A RHAAFAE,  Hods i B
B2 RBUBLE 1SEIRIE LA

Table 2 Classification accuracy of different models on 15#
testing dataset %

HAREE  Boost SVM FCN LeNet DCNN
17# 92.8 93.1 924 95.5 96.1
17#Ex 93.3 95.2 96.2 96.7 97.2

(2) FEAIG LSBT o XT38 2 ST AL
5, BREURFEART RS, ISR A 5
Wi LAY PR N SR RCR o« AR5 47 1T 1) 75 3 B AR 23 2R AT
%, GBI RIS o FBAAEA R FEAIG | R 2%
PR R UER R 1k, AR R A3 T R0,
THLES 2 I B (1) 50

H S IR B ) 8 BRAS B SR i 1K G I 2%
BAY, HTAMEREBIRFEAR, JERE SRR
R g 1T B4 SR RUBE 1Y) 0.5~2.5 % . Bl
BIX LA RG> A 5 1 TR SRIR A, TR
JTEARAE, FOCHSTS “17HEX0.5~17#EX2.5” &
ANIX SRR AR . PR BT AR B 5 RS 4y 2K
BORL, 43 S H T 17480 SR S5 10 T B SR kAT 4>
KNGk, FEAE 1S#HEEREE BT 20 M, A7y
(1) 5> SR U R a0 R 3 FroR o JE I o b 4 R AR A,
KL By RAETILE “1THEX0.5~1 THEX1.0” 3] %
WAL B T B IR acR, MR R HE R
e IXRM, BERIIGRCR S EARG T A
[FFIE R MR R, 25 NG REFEFEA,
VAT 3G T B R P I RE A AR SR NS
BEHE , T A BRURE AR RRAEAS T B Jo PR 42T T 3L 5K
FEAS, TSI T 7 RAER 21 T %
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(3) HEAIIE " BE S35 M. A T IS IE Radar-GAN
BB 0 T SAR BMEI T (R 5 @ i ik, AR
4 Radar-GAN 535 4 H 1R AR RO T w448 I 245 482
7 wGAN-cp”. wGAN-gp'”. LSGAN™ i 47 %
b, E LA A A R R E B T AR 4R B2
BEJIRIAEAL, DAL AT B (3 g
H3 B IR R SE AR 1 o) S 2

Table 3 Classification accuracy of different models under
different data augmentation scale %

¥fi%s  Boost SVM  FCN  LeNet DCNN
17# 92.8 93.1 92.4 95.5 96.1
174#Ex0.5  94.5 94.3 932 95.8 96.5
17#Ex1.0 933 95.2 96.2 96.7 97.2
17#Ex1.5  92.7 946 952 96.1 97.3
17#Ex2.0  93.1 95.0 949 95.6 95.9
17THEX2.5  92.2 93.1 93.5 94.6 943
53 ) % F Radar-GAN. wGAN-cp. wGAN-

gp~ LSGAN &84 7E 1745504 45 b AT X 9l 45
I 1 TR SRS DB AS 1 B S, KRB
1O = it IS 7 DA Z I R DI - Eith ok <iop:
Bl 5 EEAT 7 2RISR, IRAE IS#HER 4R b LBy
RKe K. WNMEK 47, 1ERadar-GAN 15 4L 1)l
SRR, AT T IR AL o R 4h
R4 BHWBBAERE Hola e B0 E
HAF AR % 25 K A 2

Table 4 Classification accuracy of each classification model
after training on different augmented training sets %

fieit) Boost SVM  FCN  LeNet DCNN
wGAN-cp  89.5 887 893 911 91.1
wGAN-gp 912 905 902 948 952
LSGAN 929 933 947 954 956
Radar-GAN 933 952 962 967 972

(4) B HAEARE . N T B Radar-GAN
BRI SAR B A piie 77, G EL T Builll ZRid 7%
rh g RS > A RORE AR AR Rl SRR T
Radar-GAN 7£ £ 34 100, 1 000, 10 000 3% AR
2k J5 6 ) SAR BB FEA . ISR AT LR &
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