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SAR Distorted Object Recognition Algorithm Based on Compressed Sensing and Support
Vector Machine Fusion
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(1. Fundamental Science on Communication Information Transmission and Fusion Technology Laboratory, Hangzhou Dianzi Uni-
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Abstract: To reduce the influence of aspect angle to synthetic aperture radar (SAR) object recognition
and improve recognition rate of SAR distorted object, the algorithm of compressed sensing (CS) and sup-
port vector machine (SVM) decision fusion for SAR object recognition is proposed. SAR object recogni-
tion is described as a sparse signal recovery problem in CS based on sparse representation theory, and an
object classification result and an aspect angle are obtained through sparse coefficient separately. The
classification results are obtained by SVM classifier using rectified and original samples after rectifying
the pose of test sample. The final recognition result is obtained through fusion of the three above results
based on majority vote. Experimental results demonstrate that, the algorithm of object aspect angle esti-
mation based on compressed sensing result is effective, and the proposed decision fusion algorithm im-
proves deformable object recognition rate significantly as the sample number increases.

Key words: synthetic aperture radar (SAR) ; distorted object recognition; compressed sensing; support

vector machine; decision fusion
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Fig. 1 SAR object recognition algorithm based on compressed sensing and support vector machine decision fusion
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Fig. 2 SAR distorted object image and corresponding visible image



758 HERE LS L Journal of Data Acquisition and Processing Vol. 31,No. 4, 2016

AR CELE L Matlab 2011a S 325 335 . ff B 9 PC 2 %08 RAM 2. 00 GB F1 Pentium (R) /2. 60
GHz, SCHHT . 5 e X I Zete A b i R T AR T7 A0 A T T0ARIC T7 7 A 30 SR 12 F A A5 4 1 7 37 £
(90 Z H] F) e Sy » 3 2 55 AR AR 51 IR SN OC & o FEREAT H AR 20 28 T X 332 B Pl 1 ik A7 09
o 5 R T 6363 I PR X3 . i T SAR IEI5 2 AT Bt 0 A T BEGR75 L AR SR AT 49 L 208 0 e 141 £ ik
il Mk T CS Y SAR ER H AR FUN R 09— A SC 8 1] AU 7 it A i 4y H Al 3 204 2% T
GRREAS Y 5 1 B T RENLEC R M 7k N T s ] B U k. SR AT TS R WL U GRRE A R L
HeoR AL TN GRREA 19 07 35 RE G 3R AT Fe 0 0 RUMBOR 2 IR AN B2 22 Ik R 7 il = o) 530 325 e 108 e oot
P RPN 3 B8 79 7 TG A 8 SR o AR SOR Tl I R BE AR B M) 3 7 i A PR 07 3 R T el 48 5 vk AT
FAR 50 5 1% 05 #5908 9 CSHNN. SVM IR 73 3 2R T A% R B8 128 1] FE A% PR A R (xs ) = exp(—
x—x, | ) AESTN 7 C RIS Hy th 38 SRR M A 2 805000 ik 645 21 S b il C=32.y=2.

PEAT 73 Je AR VN ZR I o 1 SE R RS 10 B 07 67 FA £5 JEO DI e AR 9 A O 67 A R OE 8 05 kA7 B B )1 2
3 A R T SCHIRL 19 D9 303 g 5 () R AT 010 A Jh A 7 B0 A0 2 A% o, » il X O 753 3 H AR 28001 AR 4 X
A THINKFEA A9 T7 A2 . 32 H] CS+NNLSVMI R IE 25 /) fl SVM2 (B IE %485 /1) 13 81 3 F
AR ARG AR SO HEFTELS .

H T IR A 1 55 H 22 B2 00 73 9 i 1R U5 25l 3 S 30 U T REAR B 60 1 180 I 455334 9 H A
PR AN 2 F 3 Fron . N3 2.3 Hal LU H L Bl U ZRRE AR JOR 38 in w3 T CS+NIN I 32 19 38U
BRA T WER S CHEX TR — RIEHAR R 180 MHEA R 60 MEAF-R &l T 13 I~ E 2
S AT YRR AR, 3 T CS+ NN R0 45 2R 5 28 T SVM2 9 U0 25 1 R E0m 24 . (B3 i T 2 F
SVMI (475 ¥ » 3% — 757 187 15t B A SCH 1) 58 T 1 40 SRR 118 3R] 245 2 b 0 oA AR kA D 37 A B IE Wl AT S
— 775 THI A 356 W1 T Hs 246 SR ) 753k B8 A A A s 0 Ik A1 R 88 A5 396 5 0 TR 45 R L DR TR 3 283 51
iR AT RS R 2 8 R SAR 2B H AR BB R

2R AR SCHR 1 D SR Gl 5 D vk L 2 Bl A S R RS B R R T S MRS R 3 R ik
2R A 23 B s I A TR PR RE A 25 BRI L 2 B S B — 228 H AR BRI PR RE RS — i B AR
WEEA K 60 00 T 2R 1 2 HARMY 23 2845 R . SVM2 J5 35 U A deg s IR IR & 7 5 Iz . SVMIL JF
H e . WRE—FEHARPURR AT LLE L S FEA R 60, 045 2,36 38 H bn il 15 07 ik i U R A7 $
s AEARRCN 180, 5 I8 H b i U R A SCHE A9 R 3 R & 59005 foe i o K U WD B 3 R AR Y
G 2 2 5 R B0 4% B TR B A I IR AR SR A 2R SR % A TRUA R T RE T P AR

2 T G UNGRFEA N 60 F 4 B 7 5 #9 1 2UR  ) L 6 R A IE B R A SVM 2r e bl i T
CS WL T L1 32 BOR i f i R 80 52 SR BE S . RSO kEE & T2 T CS Al SVMOGHE T4 IE K14
JE ey P50 B PR 245 2R S U N i e I

F2 YIGEREREA 60 ERIRRE

Tab.2 Target recognition rate with 60 training samples

PR R

CS+NN 0.6051 0.7959 0.6939 0.9796 0.9031 0.8372 0.8168 0.8116 1.656 9

sy%#yE SN 9563 SN 9566 SN C21 SN C71 SN 132 SN 812 SN S7

SVM1 0.507 7 0.7806 0.7296 0.9847 0.9286 0.8410 0.7644 0.7909 0.1253
SVM2 0.676 9 0.7398 0.7755 0.9490 0.8827 0.815 0.8429 0.8183 1.716 8
ARIXHEY 0.6154 0.8418 0.7908 0.9745 0.9031 0.8872 0.8168 0.8328 1.727 9
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Tab.3 Target recognition rate with 180 training samples

SyREPE SN 9563 SN 9566 SN C21 SN C71 SN 132 SN 812 SN_S7 1@:’%
2 “

CS+NN 0.7487 0.8929 0.8418 1.0000 0.9235 0.9846 0.8953 0.8981
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Tab.4 T72 target recognition rate with 60 training samples
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CS+NN 0.8027 0.8930 0.7425 0.9324 0.8893 0.9298 0.8495 0.9365 0.8719
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k@4 0.8027 0.8930 0.7726 0.9358 0.9161 0.8896 0.8495 0.9130 0.8715
A SO 0.8194 0.9064 0.7993 0.9324 0.8725 0.9264 0.8361 0.9298 0.8778
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