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Abstract: Given the problems that the amount of supervised information in the Polarimetric Synthetic
Aperture Radar (PolSAR) image is low and the speckle noise is difficult to eliminate, in this study, a robust
classification algorithm for PolSAR image based on Pinball loss Support Vector Machine (Pin-SVM) is
proposed from the perspective of robust statistical learning. On the basis of the scattering characteristics of
PolSAR images and the texture characteristics of surface features, the proposed algorithm determines the
optimal decision hyperplane by solving the maximum quantile distance between the samples of two classes,
which can provide more robust results without iteration. Compared with the traditional PolSAR image
classification algorithms that solve the maximum margin, on one hand, the proposed algorithm is robust to the
noise contained in the features extracted from PolSAR images. On the other hand, the proposed algorithm is
insensitive to the sampling range of training samples, which means that it has better robustness to resampling.
The experimental results of EMISAR-Foulum PolSAR data prove the validity of the proposed algorithm

through comparative tests in a variety of situations.
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Tab. 1 Classification accuracy comparison of different classifiers

My
e - - TN
HEAR) AR Mt MR i 154
Pin-SVM 94.3 90.7 95.1 82.3 94.1 91.3
C-SVM 91.0 80.6 92.3 80.1 89.7 86.7
Wishart 85.4 71.2 93.7 84.2 85.6 84.0
LSSVM 86.2 80.2 89.3 78.8 88.2 84.5

OPTELM 86.5 82.3 92.1 75.1 83.8 84.0
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Tab. 2 Experimental results of the resampling

FRFE
Pt
300K 501K 1007 1501%

Pin-SVM w 8.96 + 1.11 8.69 & 0.99 8.57 4+ 0.96 8.63 + 0.95
=1.0 b —5.91+£0.62 —5.95 4 0.61 —~5.9340.59 —5.93 + 0.44
Pin-SVM w 9.43 +1.23 9.54 + 1.20 9.42 + 1.15 9.68 4+ 1.13
=05 b —6.93+0.75 —7.0240.71 —6.91 4+ 0.67 —6.85 4 0.59
Pin-SVM w 11.43 +1.63 11.22 +1.47 11.09 + 1.46 11.314+1.44
™= 0.2 b —8.53 + 0.84 —~8.5340.78 —8.4140.75 —8.39 4+ 0.73
Pin-SVM w 12.30 4+ 1.84 12124+ 1.74 12.23 +1.61 12.09 4 1.59
=0.1 b —9.57£1.02 —9.88 4 0.99 —9.50 + 0.97 —9.62 + 0.92
C-SVM w 13.29 + 1.96 12.98 + 1.87 13.42 +1.73 13.12 4 1.69

b —16.15 + 3.04 —15.81 +2.74 —15.92 £2.45 —15.48 £2.28
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