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SAR target feature extraction and recognition based on L1-norm B2DPCA
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Abstract: The Minimum Mean-Square based methods like Principal Component Analysis(PCA) are
widely used in Synthetic Aperture Radar(SAR) target recognition. However the L2-norm based criteria is
prone to be affected by the outliers, which is not good for the target feature extraction in SAR imagery. To
solve this problem, a L1-norm based bilateral two Dimension Principal Component Analysis(B2DPCA-L1)
is proposed. The L1-norm version of B2ZDPCA is robust to outliers, and reduces the dimension of feature
matrix and improves the target recognition rate as well. Experiments show that the proposed method has a
higher target recognition rate in SAR imagery compared with the traditional L2-norm based feature
extraction methods.
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Fig.1 Targets’ recognition rate of the proposed method
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Fig.2 Target recognition of B2DPCA, G2DPCA,B2DPCA-L1
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Fig.3 Target recognition of PCA, PCA-L1, B2DPCA-L1
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Table2 Target recognition effect with different train numbers

method BRDM2 BTR70 D7 T72 ZSU234 average recognition rate
PCA 79.55 87.99 93.16 92.54 88.97 88.40
PCA-L1 81.58 90.99 93.32 92.84 91.65 90.08
G2DPCA 83.93 91.42 94.99 91.40 91.65 90.68
B2DPCA 83.27 93.14 93.99 92.69 91.13 90.88
B2DPCA-L1 83.58 93.14 94.66 97.00 95.33 92.74
2) AR H IR IR I X 2% B ) R
DT AN [ AR 2 S 3 X B A M, AR % 3 WHEXS H BRI A R
TN BE AL = W40 A 00 55 I8 S SR o B, i o R SRR Table3 Effects of outliers on target recognition rate
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RTINS0 2 AT B R, PR FOO 0 BB A £ 4 e PCA ZDPCA___GZDPC
TEFEHURN 43 2P0 . % 3 451 T G2DPCA,B2DPCA FlI7k no adding outliers 93.27 86.73 87.86
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Fig.4 Time costs of different feature extraction methods
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