29 9 Vol.29 No.9
2013 9 JOURNAL OF SIGNAL PROCESSING Sep. 2013

SAR

( 430072)
( Synthetic Aperture Rader SAR) o
SAR o
(SLE) SAR \ SAR
SAR
SAR K ( K nearest neighbor KNN) ( Support Vector
Machine SVM) o SAR o
: TN911.73 DA : 1003-0530(2013) 09-1163-06

SAR image spherical local embedding modeling
and classification method

ZHOU Leyi YU Wen-tao CHEN Jia-yu SUN Hong
( School of Electronic Information Wuhan University Wuhan Hubei 430072)

Abstract:  Modeling for SAR target is one of key technologies for SAR image interpretation and application. Recently
modeling based on manifold learning develops so that it is applicable to model for SAR image which is based on the imaging
mechanism of microwave scattering. In this paper SLE method was used to model for SAR image. In essential this meth—
od did nonlinear dimensionality reduction on high dimensional SAR image data capturing the corresponding low—
dimensional manifold structure indicating intrinsic features. It could be used to represent and interpret objects more precise—
ly due to weakening the redundant information of original high-dimensional data. Additionally the reduction of dimension—
ality greatly reduced the computational complexity. To verify its effectiveness this paper applied it on SAR image scene
classification using KNN classifier and SVM classifier. The experiment results demonstrated that our method was effective
and had a good prospect.
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1 Spherical Local Embedding
Tab.1 Spherical Local Embedding algorithm
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Tab.2 KNN classification accuracy
1 TerraSAR
Fig.1 Image of Guangdong area from TerraSAR
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Fig.3  Flow Diagram of Experiment
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Tab.4 The average classification accuracy
KNN( %) 92.67 86.67 90. 00 92.33 90. 67 91.67 89.33 91.33 92.33 93.00
SVM( %) 93.67 94.33 90. 67 92.00 89.33 91.67 88.33 90. 00 88.67 90. 67
5 Kappa
Tab.5 Kappa coefficient
KNN 0.890 0. 800 0.850 0.885 0. 860 0.875 0.840 0.870 0.885 0.895
SVM 0.905 0.915 0. 860 0.880 0. 840 0.875 0.825 0.850 0.830 0.860
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