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Abstract: The traditional deep learning-based Polarimetric Synthetic Aperture Radar (PolSAR) feature classification method
extracts image local features by stacking convolutional layers, which makes it difficult to establish long-range dependencies. It is not-
ed that Transformer, a deep learning model based on a self-attention mechanism that captures global pixel-to-pixel correlations, has
achieved success in image classification tasks. Meanwhile, the PoISAR feature classification task has demonstrated better classifica-
tion results in the complex domain compared to the real domain. Therefore, Transformer is introduced into the complex domain, and
a hybrid model of Transformer and Unet based on the complex domain (CT-Unet) is proposed for PoISAR feature classification.
This model combines Transformer with CNN for feature extraction on PoISAR data of complex type. The experimental results of
PoISAR feature classification using the Xi'an dataset and German dataset show that the proposed model can effectively improve the
accuracy of PolSAR feature classification. Transformer is expected to make up for the shortcomings of convolutional neural net-
works in the PoISAR feature classification task.
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Fig. 3 The classification results of the Xi'an dataset
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Table 1 The classification accuracy of the Xi'an dataset

FCN Unet TF-CVFCN TR 1 HRY 2 CT-Unet

L 0.9715 0.984 7 0.989 9 0.969 1 0.984 9 0.991 7

Ik 0.963 9 0.950 1 0.974 2 0.982 2 0.978 3 0.988 9

bapi 0.926 8 0.958 5 0.968 9 0.956 2 0.969 4 0.977 3

OA 0.962 1 0.968 5 0.981 1 0.971 8 0.980 2 0.988 5

MIou 09133 0.932 1 0.956 5 0.940 5 0.956 4 0.972 4

Kappa 0.9310 0.946 6 0.966 4 0.953 8 0.966 3 0.978 9
GFLOPs 0.023 6 0.0327 0.084 0 420.655 1 437.2237 1545.490 7
Params 11 849 740 10 898 480 42 153 928 15400 480 15 505 746 27813 130
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Table 2 The classification accuracy of the Germany dataset.

FCN Unet TF-CVFCN A 1 FELH 2 CT-Unet

HAX 0.906 8 0.923 0 0.9750 09328 0.955 2 0.984 4

HRIX 0.939°8 0.973 7 0.967 7 0.970 4 0.980 9 0.962 9

FEHCX. 0.9814 0.989 0 0.986 0 0.992 5 0.988 1 0.991 2

OA 0.9549 0.969 6 0.979 8 0.973 4 0.978 5 0.984 2

Milou 0.8918 0.926 8 0.953 7 0.9328 0.9509 0.960 1

Kappa 0.9140 0.942 8 0.964 3 0.947 8 0.962 1 0.969 3
GFLOPs 0.033 4 0.045 7 0.090 1 2891.865 6 3005.774 4 25 403.761 3
Params 11 849 740 10 898 480 42153 928 15 400 480 15 505 746 27813 130
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