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Randomly weighting of monogenic signal for target recognition of SAR images
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Abstract ; This article proposed a synthetic aperture radar (SAR) target recognition method by decision level fusion of monogenic signal
using random weighting. The sparse representation-based classification ( SRC) was employed to classify the multi-scale and multi-
component monogenic representations. For erro vectors, the random weight matrix was designed to perform the fusion, which includes a
large volume of random weight vectors. The statistics of the fused reconstruction errors were analyzed to form the decision values, which
reflect the correlations between the test sample and different classes. Finally,the target label was decided by comparison of the decision
values. Extensive experiments were conducted on the MSTAR dataset to evaluate the proposed method, which was compared with some
existing SAR target recognition methods. The results showed that the proposed method could effectively improve the overall performance.
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Fig. 1 Illustration of SAR image decomposition

using monogenic signal
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Fig. 2 Procedure of SAR target recognition based on decision fusion of monogenic signal features using randomly weighting

(f) BTR60 (8) ZSU23/4 (i) ZIL131 () 281

K3 +HRHEREE

Fig.3 Images of the ten targets

3.2 BRESW F1 REREESERNIIZGERNKE

1) FRUERRAE S0 Table 1 Training and test sets for SOC

TERRUERRAE SR R AT AR, 1 S TR T H 7 U it
MSTAR Ui 4550 5 i) — R SO BRE B . 10 25 1 LA S At
FRtR B2 BMP2 1 T72 BOMHAREACTE2E 20 250 oAk e o
J\NZE BARIIINAFEA SN REA 2k | [ — 85 It o1 106
A NSRS AN F AR AR RN 22 5 e Sk A F— 3 106
17°F1 15° [ 4 i S/ 51 F A SO 4y 2510 i s 19
FERE b A28 5 RS B U5 I R X R TR . 7 132 o~ 37 191
FAAAERITR R 5 22 5 BMP2 Hl T72 B3R AR AR X 45 812 195
1%, A58 35 51 96% L b, FHoAx B bR B3R5 1 & T T62 299 273
98% ., &2 HLXT4 ik iR B A SO ka5 e dw BRDM2 298 274
WIHAEAR RS T AR, RSB R M A M4 A BTR60 256 195
FARRA S IEPERE (AR | BE IR I REEAAT 5 78U23/4 299 274
RS S SECORMERE TR, 5 I T A D7 299 274
SR AR SO R RE B, R IAAR SO 4y Z1L131 299 274
AW AT LATE Ay 7843 bl R B A5 SRR A 2 51 0, 251 299 274

MTIERA XA, £k n] DU A SCT5 i T DL



B S REHLINACREE 8 SAR FG BRI ST % - 185

BMP2 KRFE 0‘(|)02 0,(’)09 O<(I)05 0.(l)00 O<603 0‘(|)05 0.(’)02 O‘(I)OO 0.(l)00'
BTR70 r0.000Kut} 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000
T72 £0.007 0.000 ey 0.002 0.000 0.003 0.002 0.000 0.003 0.003q
T62 0.004 0.000 0.000 KB%3 0.000 0.007 0.000 0.000 0.000 0.004
BDRM2 0.000 0.004 0.000 0.000 feRERY 0.000 0.000 0.000 0.004 0.000
BTR60 F0.000 0.000 0.000 0.000 0.000 gHYYY 0.000 0.000 0.000 0.000
ZSU23/4 £0.000 0.004 0.000 0.007 0.004 0.000 gIE%:¥4 0.000 0.004 0.0004

D7 0.000 0.000 0.004 0.000 0.007 0.000 0.000 EURX3Y 0.000

ZIL131 [0.004 0.004 0.000 0.000 0.000 0.007 0.000 0.000 EUECERY 0.0001

28

F0.004 0.004 0.000 0.000 0.011 0.000 0.000 0.000 0.000
1 1 1 L

N Db @S D o
QY& O & O
Q’Q @& Q,QQ’ ‘i’g (\3}3 ‘\)\\’

Kl 4 ARSOTIEAEARHERRAE A 0E T AR B A

Fig. 4 Confusion matrix of the proposed method under SOC

R2 HRAEREEGTEREFEHIRGIE
Table 2 Average recognition rates of different
methods under SOC

WaRie b IR/ %
ARy 98. 47
SRC 95. 64
A-ConvNets 97. 88
HEfES k1 98. 06
HUEES ik 2 98. 14

PREBRAE A T ORI B AR, BV TS5 22 R BT —
E MRS

2) P fish 25+

B IR AR 55 I RS A £ 22 5 A K, P PR AR
o BB AL, NI, BOR A IFAN £ 22 5 T & A
— Ry AR AR, 2 3 R B BN SRR A AT
K F1TOUEM A, J5 53X R 30° 1 45 HI A1, A7 5L
REZES . I AEPA A AT X 45 2805 L b A7 I,
MR ENRFEPUNIRME 4 Fros, XA, AR307
LA A T BB T e o g A, S e o 5 A
Ve, ZRa %5 5 KUk, T EUE S kIR R
FEOGH B RGP AT A5 5 R AT T LA B i 3R R £
ZESE AT BRI ERFIE . R HE 3 Pk T A3 A5 5 1)
D7 ARSI EAG T B B R R 73 285K
W R LS DAy 700 A P B SRR

3) WAL

M P e ] R Ak B AT Y T R — | R A
FAEMAE SAR &R B PUNITERE, Jdh MSTAR %L
P A5 M L (SNR) B2 i, X DL U0 S AR IR e L 2%
PFRBITERE, Wit , AR SCHERR 1 ISR RE b A7 g
SR LRI o 20T e ORI A AR

x3 MMAERFEHETHINGEEMNKE
Table 3 Training and test sets under

depression angle variance

Wi/ H bR 5
°) 251 BDRM2 7SU23/4
ViE=S 17 299 298 299
30 288 287 288
Mk 4E
A% 45 303 303 303

x4 HMBESTEAEFHIRANE
Table 4 Average recognition rates ofdifferent methods

under depression angle variance

S [l FR PR %

ipie sy 200 5
AT 97. 12 73. 68
SRC 94. 12 66. 04
A-ConvNets 95.75 67. 82
STk 96. 04 71.56
HAR STk 2 96. 37 72.07

BOE (MR LE 1] J5UhG SAR PRGN N s M 75, 45 210 AN ]
MR RREAS i o U 4 IR 8 5E 1 LU B A I R
SAR EHRH HYFER M BB BN R R ik, 1B 5 6 R
TP R A R IEAE PRI RS LA ROTEREI 2, A
SCTTIEAEPRRPZEAE T B DR A e 045 2R | S e B it 1) A A
P, B IE S INEE M A TR 250 T AR IR B B 4
AP RE , 2 I BT 5 5 R0 AR X T MR 7S T P HAT B 58 A9 AR,
fl Pk, X L P e A 3, BEALIE S R IR AR R AR, =
L SR s RHIE R AR AR S BT BAR A R K A3 A
VAR JRstE i Ae fb . [RRE A S5 10 0 0 28 SR 1
kRt — AR T AR SRR FARRBIPERE

100

90 |
x
5 80T
=
0
§ 70
——SRC
60 | —< - A-ConvNets
PSS
oo LT B 2 . ‘
10 5 0 -5 -10
b e TR S £ R L /dB

5 TR A R AT ik B R TR fE
Fig.5 Performance of different methdos under corruption

of additve Gaissuan nosie



- 186 - LSRR R e o

5 34

100
f
907F
o 80
*
&® 70t
v
B
60
—+—SRC :
50l — - A-ConvNets O~ ~.
HRES
4o LZE R 2 . .
10 20 30 40 50
B 75 7K T /%

Ko FEALEES T T 407 2 U PEfE
Fig. 6 Performance of different methdos under

corruption of random nosie

ARSCHT HEAE 50T SAR H AR RSN 5 2, it
X2 R 22 103 1) B 5 s I T g 4 LA IR 22
PEATBERLANAL B T R SR A8 | S B IR A 1 H AR iR
o, FAE AR RN RGO D IE B SR AL T e
SERIE B KA REHUBUE S A Rl 5 A & Ge 3t
ST AT A U W AR AR 5 25 SIS £ PN A ST, T 4
USRI T EEME . BT MSTAR B S TR S2 8, 73 i 7E
BRUESRAE AT A Ffy 2 53 LA B A T30 0 2% 4R 1 X 7
TEVEAT TR LA RO Fe ok B, S5 SRR, AR SO i T A
AT SAR HARPUN B AR PERE
5%k
[ 1] EL-DARYMLI K, GILL E W, MCGUIRE P, et al.
Automatic target recognition in synthetic aperture radar
imagery: A state-of-the-art review [ J]. IEEE Access,
2016(4) :6014-6058.

PEdE, Xtg. —Fhsctt i3 TR R K SAR K&
Bl 5 (1], BN IR, 2019,38(8)
12-18.

PANG Y, LIU C. Modified sea-land segmentation
method based on super-pixel for SAR images [ J].
2019,

(2]

Foreign Electronic Measurement Technology,
38(8): 12-18.

ANAGNOSTOPOULOS G C.  SVM-based

[3] target
recognition from synthetic aperture radar images using
target region outline descriptors [ J]. Nonlinear Analysis,
2009, 71(2) :2934-2939.

(4] B2, HEL BT EAMRIEZ R UK R G  SAR H

[5]

[6]

(7]

(8]

(9]

[10]

[11]

(12]

[13]

PRI L[], OS], 2018, 5(10) :28-32.
ZHAO P J,GAN K. SAR target recognition based on
hierarchical decision fusion of complementary features [J].
Electronics Optics & Control,, 2018, 25(10) :28-32.
i, skt SAR EURZJZUOE AR5 K AE H ARl
SRR LT ] H I S {2, 2018, 32(9)
157-162.

XIE Q, ZHANG H. Multi-level SAR image enhancement
based on

regularization with application to target

recognition [ J]. Journal of Electronic Measurement and
Instrumentation, 2018, 32(9) . 157-162.

MISHRA K. Validation of PCA and LDA for SAR ATR[C].
IEEE TENCON, 2008 1-6.

CUl Z Y, CAO Z J, YANG J Y,
recognition in synthetic aperture radar via non-negative
[J]. IET Radar,
Navigation, 2015, 9(9) . 1376-1385.
B, EAR. HiA KPCA FIFG B/ 19 SAR HAR U]
JrEREEE[J] A S AL B, 2013, 29(13) :1696-1701.
HAN P, WANG H. Research on the synthetic aperture

radar target recognition based on KPCA and sparse

et al. Target

matrix factorization Sonar and

representation [ J]. Journal of Signal Processing, 2013,
29(13) :1696-1701.

FFTME, CdtfE. ST/ R B R B SAR I&]
BHARRBIL)]. FBFHEESEOR, 2014(1) :44-50.
TIAN L L, WANG ] G. Target recognition of SAR
images based on of wavelet

sparse representation

dictionary [ J]. Radar Science and Technology,
2014(1) :44-50.

DONG G G, KUANG G Y. C(lassification on the
monogenic scale space: application to target recognition
in SAR image [ J].
Processing, 2015, 24(8) ;:2527-2539.

DONG G G, KUANG G Y, WANG N, et al. SAR target
recognition via joint sparse representation of monogenic
signal [ J]. IEEE Journal of Selected Topics Applied
Earth Observation and Remote Sensing, 2015, 8 (7).
3316-3328.

TR, SCTTR AN A5 TR PO o DT RS K H
£ SAR H A5 U3 B B2 AT [ 7). w05 5+ 4i, 2017,
6(2) :157-166.

DING B Y, WEN G J, YU L S, et al. Matching of

attributed scattering center and its application to synthetic

IEEE Transactions on Image

aperture radar automatic target recognition [ J]. Journal
of Radar, 2017, 6(2) :157-166.

DING B Y, WEN G J, ZHONG J R, et al. A robust
similarity measure for attributed scattering center sets

with application to SAR ATR [J]. Neurocomputing,



59 1

AR S RIS 89 SAR P& FAR U7 i - 187 -

[14]

[15]

[16]

[17]

[18]

2017, 219:130-143.
LIU H C, LI S T

representation and support vector machine for SAR image

Decision fusion of sparse
target recognition [ J]. Neurocomputing, 2013, 113, 97-
104.

CHEN S Z, WANG H P, XU F,

classification using the deep convolutional networks for

et al. Target
SAR images [ J]. IEEE Transactions on Geoscience and
Remote Sensing, 2016, 54(8) . 4806-4817.

KA, XUSCHE. BT ER LM SAR E& BRI
SRR ()], & R, 2018, 41 (14) .
92-96.

ZHANG X, LIU W B. Research on SAR
recognition based on convolutional neural networks [ J].
Electronic Measurement Technology, 2018, 41 (14).
92-96.

S, Tz, SR, BT B AR 28 I 2% 1) DU S B
PRICRRIR S [J]. AR, 2019,40(8) .
191-200.

TAO C, SHI'Y, ZHANG Y Y. Detection and recognition

of Chinese character coded marks based on convolutional

target

neural network [ J]. Chinese Journal of Scientific

Instrument, 22019,40(8) : 191-200.

R, B2, BT, 55 MG 280 uR
TR R R 50 5 vk [T ], TH & PR A 58, 2014,
31(4): 1246-1251.

LI KM, WANG L, YAN H T, et al. Face recognition
algorithm using multi-model monogenic features [ J].
Application Research of Computers, 2014, 31 (4).
1246-1251.

[19] WRIGHT J, YANG A Y, GANESH A, et al. Robust
face recognition via sparse representation [ J]. IEEE
Transactions on Pattern  Analysis and Machine
Intelligence, 2009, 31(2); 210-227.

[20] THIAGARAIANM J, RAMAMURTHY K, KNEE P P, et
al. Sparse  representations for automatic  target
classification in SAR images [ C]. 4th Communications,
Control and Signal Processing, 2010. 1-4.

[21] DING B Y and WEN G J. Exploiting multi-view SAR
images for robust target recognition[ J]. Remote Sensing,
2017, 9(11) . 1150.

EEE N

B %, 73 B 7E 2007 4RI 2009 4R TAEAL
IR L 2 B R AT 2 A A AR L 2o, 3
S FRIM TR 2 BE DI, BRI 5 0 S e
Pt AT R RE L I R
E-mail ; summerday_sh@ 163. com

Shen Wei received B. Sc. and M. Sc.

from North China College of Water Resources and Electric Power

in 2007 and 2009, respectively. Now he is a lecturer at Zheng

Zhou Technology and Business University. His main research

interests include intelligent control, pattern recognition, smart

grid and control.



