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Semantic Segmentation of Polarimetric Synthetic Aperture Radar Images
Based on Multi-Layer Deep Feature Fusion

Hu Tao”, Li Weithua™, Qin Xianxiang ™"
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Abstract Aiming at the problem that the traditional feature representation ability is weak, we propose a polarization
synthetic aperture radar image semantic segmentation method based on the multi-layer deep feature fusion. The pre-
trained VGG-Net-16 model is used to extract multi-layer image features with strong representation ability, and then
deep features of each layer are used to train the corresponding conditional random field model. The output results of
multiple conditional random field models are finally merged to realize the final semantic segmentation of the images.

The results show that compared with the methods based on classical features, the proposed method achieves the

highest overall accuracy, indicating that the fusion features used by the proposed method have stronger

representation ability than traditional features.
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Table 2 Performance comparison of different methods under Flevoland data

Classification

Classification Classification Classification Classification
accuracy for the
Class accuracy for accuracy for accuracy for accuracy for
proposed method
method 1 /% method 2 /% method 3 /% method 4 /% i ]

in this paper /%
Beans 97.12 83.33 96.70 89.84 87.84
Forest 75.91 94.02 73.33 92.22 89.22
Potato 68.77 84.08 82.14 95.55 87.13
Alfalfa 60.99 89.22 71.92 95.15 96.51
Wheat 93.40 88.15 0.864 92.95 98.94
Bare land 51.42 87.13 90.38 99.89 91.26
Beet 91.34 90.34 89.55 90.56 84.84
Rapeseed 57.23 78.29 62.70 93.29 91.40
Pea 58.91 82.14 82.00 98.79 95.59
Grass 96.28 77.43 83.89 83.20 94.26
Water 72.14 97.04 52.63 94.90 99.41
OA /% 75.15 87.04 77.87 93.38 92.22
Training time /s 579 565 632 2851 1266
Test time /s 3.20 3.00 3.40 13.20 8.50
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Table 3 Performance comparison of different methods under Oberpfaffenhofen data

Classification
Classification Classification Classification Classification
accuracy for the
Class accuracy for accuracy for accuracy for accuracy for
proposed method
method 1 /% method 2 /% method 3 /% method 4 /%
in this paper /%
Building area 69.65 64.52 71.25 85.60 92.22
Woodland 89.54 89.60 70.00 93.13 83.94
Open area 62.23 84.32 87.41 95.42 94.86
OA /% 69.15 80.41 80.00 92.61 89.10
Training time /s 684 659 779 3398 1476
Test time /s 3.40 3.30 3.80 16.90 9.70
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Fig. 3 Comparison of Oberpfaffenhofen data classification results. (a) Ground truth®”; (b) method 1;

(c) method 2; (d) method 3; (e) method 4; (f) proposed method in this paper
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