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Abstract: A synthetic aperture radar (SAR) target recognition was proposed using multi-layer projection feature
based on 2D compressive sensing. 2D compressive sensing projection was employed as the basic feature
extraction algorithm, which had the advantages of low dependency on the training samples, high efficiency, etc.
Several projection matrices of 2D compressive sensing were constructed to extracted the multi-layer feature from
original SAR images. The feature from different projection matrices had divergency, which reflected the gray
distribution characteristics of SAR image from different aspect. Meanwhile, these feature came from the same
input image, so they shared some inner correlation. Hence, the joint sparse representation was employed to
classify the multi-layer feature, which could exploit their inner correlation to enhance the precision of each sparse
representation problem. Finally, based on the solved sparse coefficients, the feature of the test sample
was reconstructed on different training classes to obtain the reconstruction error. Based on the principle of the
minimum reconstruction error, the target label of the test sample could be decided. The proposed method
combined characteristics extraction of the multi-layer 2D compressive sensing and joint sparse representation
classificaton to enhance the overall performance of SAR target recognition. The multi-class SAR images in the
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MSTAR dataset were used to test and validate the proposed method. The results confirm its reliable recognition

performance under the standard operating condition(SOC) and extended operating conditions(EOC).
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(€, norm of each column of X) < spark(A)/2 (1)
(¢o norm of each row of X) < spark(B)/2
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Fig.1 Recognition method of joint sparse representation based on multi-layer 2D compressive sensing features
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Fig.2 Illustration of MSTAR targets
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Tab.1 Describtion of SOC

Target class

Training set (17°)

Test set (15°)

Configuration Number of samples Configuration Number of samples
9563 195
BMP2 9563 233 9566 196
c21 196
BTR70 c71 233 c71 196
132 196
T72 132 232 812 195
s7 191
T62 A51 299 A51 273
BRDM2 E-71 298 E-71 274
BTR60 7532 256 7532 195
ZSU23/4 dog 299 dog 274
D7 13015 299 13015 274
ZIL131 E12 299 E12 274
2S1 BO1 299 BO1 274

BMP2
BTR70
T72

T62
BDRM2
BTR60
ZSU23/4
D7
ZI1L131
251

<b

(U238 0.002 0.005 0.002 0.005 0.000 0.000 0.003 0.002 0.000

[0.000 @REVH 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000

[0.007 0.000 EUEEEY 0.002 0.005 0.000 0.000 0.000 0.000 0.002

[0.004 0.000 0.000 QUEEER 0.000 0.000 0.004 0.000 0.000 0.000

[0.000 0.007 0.000 0.000 KA 0.000 0.000 0.000 0.004 0.000

[0.000 0.000 0.010 0.000 0.000 KR 0.000 0.000 0.000 0.000

[0.000 0.000 0.004 0.004 0.000 0.000 EEREY 0.000 0.000 0.000

[0.004 0.000 0.004 0.000 0.000 0.000 0.000 KUEEEY 0.000 0.000

0.000 0.000 0.000 0.000 0.004 0.000 0.000 0.000 QALY

[0.004 0.000 0.000 0.004 0.004 0.000 0.000 0.000 0.000 KVEZY

DA G S N Q‘\ )
SRR SR >
Qé‘ @ﬁéﬁb &

P 3 BRIEHRAE AT TR 7 0 25 SR S5 2

Fig.3 Recognition results of each class by the proposed method under

SocC
R 2 MRAEREFHTHE RS
Tab.2 Results under SOC

Method Recognition accuracy Recognition efficiency/ms
Proposed 99.04% 76.2
2DPCA 96.12% 96.4

Mono 97.83% 102.9

2DCS 95.84% 64.3

CNN 98.12% 136.5

SR [12, 24-25] (A SCWF5E 3R I, JRAEIR 5 W i 3R
AN HE 5 A Bk, AR R AR SR L 0 HAT 55
b L3 22 I AR SRR B R . CNN 7 i FE bR 44
FAFT A TEON PR RE ALK T3 g T ik, X SR WITE I 25
FEAFE R MIE LT, HEA 10 R R E 27 2] T4 251
e LA U B AROCR I HL A, BT 7 iR e i 45
VESAE T 1 SR ERE L T 4 P LU T 15
322 1R AER

1R A R GRS 2Z [R5 K B AR A0 £
22 505, P I H AR EHR R YRR R o0 A ¥ E WA
[F), 5 SR Rt ) e P oo RS, & 3 R 1
A F 22 55 25 1R B DI 2R 45 (L7OIREATR £ ) 0 0 4
(PR F5E, 20 BI%F R 300 45ofF A £ ) o %ok WA~k
REAM #8430 BEAT 23 26 92 5, PO g5 R ge it i 4 B
IRo TARUERAE SR L, 25255 AR 308 (Y 1 ik
TREIFAWI L o X TR A 450l A, B
SELTT DL DO TE A R ) A B R, AR
TR A 22 Tt R 052w . URERE] 4, BT 7 1k
TEPIAN A B 25 PR A PERE 3, /W 707 A
AR, 5 2DCS JrikM b, SCRRA T 2R
Mot Hag TG R 2RoR 43 28 05 s, NI i B B i
XPARFAT £ 22 S 0 B
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Tab.3 Describtion of the depression angle variance

Training set

Test set

Target class
Depression angle/(°)

Number of samples

Depression angle/(°) Number of samples

30 288
251 17 299
45 303
30 287
BDRM2 17 208
45 303
30 288
7SU23/4 17 299
45 303
30°m45° 100%
100% 9736 9545 96.02 9472 96.13 IS

90% I
80% T Ho1.62
70% |
60% |
50% |
40% |
30% I
20% |
10% |
0%

64.12 6i17 6i24 63.56
CNN
Pl 4 fEI 225 T IEs ARG

Proposed 2DPCA  Mono  2DCS
Fig.4 Results under depression angle variances

Average recognition rate

method
Method

323 =%ETH

e R T2 SAR BIMEREH I H WML . BEE
SAR EHR AR L (SNR) FEAR, H FRRAHIE 2 87 17
Mg e DT SR 2R AR B D 5, R T A
ZARINE B . ARHIE 275 TR [6] TP T IR, BT 1
H ) DU R S R 0 AN () 2 R M 75 4 5 S [ (5 e L T
AL o [RIA, SRR 1 R R I ZRRE AR AT 4
KRN Gr. B 52 T ORI 7R SR G R R A
M LA i 2 o R SO Oy AU R R A I R
TR AR, (AP T ILZEST e . B TUIlZhiE A 4
TR A w5 M L 25 (IR R M LE), PR TR 42 T i
i MR A B P RE A M S 1B L . BB R 5 KT 1 4
151, CNN 7 ik il 5 5 10 A B b 2 I 246 %) U000 42k i
W RRBENG . AHELZ T, SCH 7L Fi 2DCS J7 1k i g
PR AT . IR S UE B, B AL 6 ek
MRS TP A — IS . R, 5 2DPCA Flif
TG 5 SRR SR IO T AH E, 4 1 40 B AR A5 1)
TIEELA S5 Y M 7R Ml G 2 R AR B

90%

80%

70% r

—O— Proposed
—%— 2DPCA
60% | Mono
—3-2DCS
—>- CNN

Average recognition rate

50%

10 5 0 -5 -10
SNR/dB

Bl 5 BT SR ST

Fig.5 Results under noise corruption

SCRRE ) o, S — 2D TR TR Y
BEARPUIPERE o

WSSO T — ARl T 4 R R O R R
SAR BARRBI L . ikl H 24 4 1 4 B %
5 PR B IR IR SAR RG22 GURRAE, DT 7843
W B ARERAE . eSS RE R, (I B i R ok %
IEZ2ANRFAE [ 2, AR i T4 15 2 1 s MR A 1) B
BRIEH . %7 R AR A 4 B ALY A RCR &
BEPER AR o S IR P R . TR 7 IEfE MSTAR £
2 AAREE S LT TIRAESE R . FEARMERRAE S0
™, B 7 B E B U 10 28 H AR 97 B e ik
99.04%. XF T4 RERAE S0, SO 5 i i RN 2 i
TR AR FILIA k. JR2E, B T SAR
bR B0 42 19 AN W3 22, Pl 76 57 2 R Bt 4
RS 5 T b A Tt — A 56
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