34 B 1 FTEMERAZZR Vol. 34 No. 1
201741 H Journal of University of Chinese Academy of Sciences January 2017

X EHRS :2095-6134(2017)01-0099-07

—MEBENZ RE®BERT SAR BRiRATE

1,2 el 14 1 3 1
WIS ERAE VR B, AR EAH
(1 RIS L B S 5 h ERR 7 B s BB I B R T 90505, L3 1000045 2 FR[ERREBE A, JL3T 100049)
(2016 424 1 22 HUiCH; 2016 45 J3 11 Hleissehs)

Xiang W L, Li X H, Zhou Y S, et al. A robust SAR target recognition method based on multi-scale feature and sparse
representation J|. Journal of University of Chinese Academy of Sciences, 2017 ,34(1) :99-105.

 E R —-HET L RE Gabor JR I HAER B Bk & B SAR E& B A7 R A F %
Yo,k BEAT o El th A b, A B Gabor & % % 2t SAR B AR B4 A T B 7 M 34T IR K, R
EARE R AL R e RER R K THEA, LI GRARENE TR T A ARRKEHL
HEHRBRRNETEASRK TN REARE, AT LR T FRFEREE L SEH A BN
REAR, LRERDIETZEFNAEREEEBN,

E§EE SAR; EARRA; kR FRE

i [E 452K S . TP391 NERFRAERD A doi;10. 7523/j. issn. 2095-6134. 2017. 01. 013

A robust SAR target recognition method based on
multi-scale feature and sparse representation

XIANG Weili"?, LI Xiaohui', ZHOU Yongsheng', LI Chuanrong', TANG Lingli'
(1 Key Laboratory of Quantitative Remote Sensing Information Technology, Academy of Opto-Electronics, Chinese Academy of
Sciences, Beyjing 100094, China; 2 University of Chinese Academy of Sciences, Betjing 100049 , China)

Abstract A robust synthetic aperture radar (SAR) target recognition method based on multi-scale
Gabor feature extraction and sparse representation is proposed. Firstly, SAR images are segmented
and filtered in different directions by using multi-scale Gabor filter to enhance the local features.
Then, based on sparse representation model, the sparse dictionary is constructed by using the
training samples as atoms. By using the sparse solving algorithms, the testing samples are
represented by selecting the optimal atom set. Finally, the testing samples are recognized according
to the [, norm of non-negative sparse representation coefficient. Experimental results show the
effectiveness and robustness of the proposed method.
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