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Research on the Synthetic Aperture Rader Target Recognition Based
on KPCA and Sparse Representation

HAN Ping WANG Huan
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Abstract:  SAR(Synthetic Aperture Rader) target recognition method based on KPCA and sparse representation is pro-
posed. First, KPCA ( Kernel Principal Component Analysis) feature extraction is used to get the feature of the samples.
Then a sparse representation model is built in the feature space. The sparse coefficient is obtained by GPSR ( Gradient Pro-
jection for Sparse Reconstruction). Finally, the recognition is achieved by computing the energy of the sparse coefficient.
Experimental results with MSTAR ( Moving and Stationary Target Acquisition and Recognition) SAR data sets show that the

average recognition rate with the proposed method is up to 96.78% without knowing the target azimuth which can improve

the target recognition result. And the proposed method is a effective method for SAR target recognition.
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Fig. 1 Flowchart of SAR target recognition
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(a) T72sn_132  (b) BMP2sn_c21 (c) BTR70sn_c71

K2 =2R%E HFRR SAR &R
Fig.2 The SAR image of three military targets

(a) T72sn_132 (b) BMP2sn_c21 (c) BTR70sn_c71
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Fig.3 The optical image of three military targets
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Tab.1 The training and testing samples in experiments

B | B S5RS | HAML | FEARE

T72(sn_132) 232

YIZEEA | BMP2(sn_c21) 233 698
BTR70(sn_c71) 233
T72(sn_132) 196
T72(sn_812) 195
T72(sn_s7) 191

MEAEEA | BMP2(sn_c21) 196 1365
BMP2(sn_c9563 ) 195
BMP2 (sn_c9563) 195
BTR70(sn_c71) 196
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Fig.4 Sparse coefficient distribution of three types of test samples
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Tab.2 The recognition rate of different samples

PCA+SRC KPCA+SRC
T72(sn_132) 100% 100%
T72(sn_812) 86.15% 94.87%

T72(sn_s7) 97.38% 97.38%
BMP2 (sn_c21) 98.98% 99.49%
BMP2 (sn_c9563) 94.36% 96.92%
BMP2 ( sn_c9566) 81.12% 88.78%
BTR70(sn_c71) 100% 100%
SRR % 94.00% 96.78%

3 WIS PR T i R U 4 2R
Tab.3  The recognition results of two methods with

the reduction of training samples

PSRBT 1
PCA | KPCA
B +SRC | +SRC

WIZRFEAANEL

108 (AE2SEHRR 10°BEALEH 1 AMFEA) |86.88% |89.15%

216 (HE2EEHRG 10°BEALEHL 2 AR ) [91.74% |93.31%

324 (FFJSERR 10°FEHLIER 3 MEEA) [93.36% [95.37%

432 (452450 30°BEHLIEH 12 REA) [93.71% [95.95%

486 (FF2E4EFME 40° FEMLIEHL 18 /MEEAN) |93.87% |96.21%

540 (HE2EEERR 60° FEALLEHL 30 MFEAS) |94.02% |96.34%
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