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PoISAR image classification based on object-oriented technology

XIAO Yan", WANG Bin’

(1. College of Exploration and Surveying Engineering, Changchun Institute of Technology, Changchun 130012,
China;
2. Changchun Institute of Surveying and Mapping, Changchun 130021, China)

Abstract: An effective polarimetric synthetic aperture radar (PolSAR) image classification technology
is the basis of the successful application of PoISAR. However, compared with relatively mature Pol-
SAR imaging technology and system design, PolSAR image classification technology lags behind.
Aiming at the main problems existing in the research of object-oriented classification of PoISAR imag-
es, this paper proposed a new object-oriented classification method, which combines multi-target po-
larimetric decomposition, ReliefF-PSO_SVM and ensemble learning. First, polarimetric decomposi-
tion is implemented for PoISAR image using various methods. Polarimetric parameters extracted using
different polarimetric decomposition methods are combined into a multichannel image. Second, the
multichannel image is divided into numerous image objects by implementing multi-resolution segmen-
tation. Third, features are extracted from the multichannel image. Fourth, ReliefF-PSO _SVM algo-
rithm is applied for feature selection, and N feature subsets with the highest fitness are retained for clas-
sification. Each feature subset corresponds to a classification result. Finally, ensemble learning tech-
nology is used to integrate the classification results. The study site is located at the southeastern part of
Changchun City, Jilin Province. A RADARSAT-2 Fine Quad-Pol image was selected as the data
source for this study. The proposed method was applied to land-use classification, and good classifica-
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tion results were obtained. The overall accuracy was 85. 06% and the kappa value was 0. 8006. In ad-
dition, three other classification methods were performed for comparison. The comparison results fur-

ther proved the superiority of the proposed method in PoISAR image classification.

Key words: object-oriented classification,

polarimetric synthetic aperture radar (PolSAR) ,

polarimetric decomposition, feature selection, ensemble learning
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Fig. 1 Location map of study area
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Table 1 Polarimetric decomposition methods and corresponding polarimetric parameters

IX T i WAL S HL
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Krogager Krogager_ KS Krogager_KH Krogager_KD
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Fig. 4 Comparison of accuracies for classifications
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