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Feature—level Collaborative Classification of Multi—spectral and PolSAR Images

Based on Multi—view Learning
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Abstract: Most of the existing researches on feature-level collaborative classification of multi-spectral and PolSAR images ignore the
complementarity between features of different data sources. In order to solve this problem, we proposed a new feature-level collaborative classification
method of multi-spectral and PolSAR images by introducing multi-view learning technology. In this method, multi-spectral image features and
PoISAR image features were regarded as two different views, and the features of two views were fused by canonical correlation analysis algorithm
at first. Then, the fusion features, multi-spectral image features and PolSAR image features were combined into a feature set. Finally, feature
selection and classification were performed. Taking the southeastern part of Changchun City, Jilin Province as the research area, Landsat8 and
RadarSat-2 images as the data source, we used the proposed method to conduct land-use classification, and obtained good classification results.
The overall accuracy was 91.80% and the Kappa value was 0.89. In addition, we further proved the effectiveness of this method by comparison.
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