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Abstract: Crop type classification is one of the most important applications of polarimetric synthetic aperture radar
(PolSAR) images. However, an increasing number of SAR systems with dual-polarization modes have been
launched, owing to the cost and system constraints. Because of the limitation of the dual-polarization mode, dual-
PolSAR data sets have serious discount characteristics, which makes it difficult to obtain satisfactory classification
accuracy for dual-PolSAR images. Therefore, it is necessary to extract scattering characteristics more suitable for dual-
PolSAR data sets. In this paper, a new parameter is introduced based on the basic theory of H/a decomposition to
measure the differential scattering characteristics of agricultural crops, and a differential scattering feature driven
convolutional neural network (CNN) is proposed for dual-PolSAR images. The test results show that the CNN
classification methods proposed in this paper achieves the highest classification accuracy. Compared with the inputs of
different feature combinations, the new parameter proposed in this paper can steadily improve the classification
performance of the classifier, and the combination of H, a, ¢, and intensity features can also achieve the best
classification performance.
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Fig. 1 Division of the H-a plane for dual-PolSAR data
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Fig.2 Changes of H-a distribution zone during the growing period
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