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Polarimetric SAR Image Classification Based on Deep Learning and
Hierarchical Semantic Model

SHI Jun-Feil' %3 LIU Fang''® LIN Yao-Hai* 4 LIU Lu?3

Abstract Stacked auto-encoder model can effectively represent the complex terrain structures, such as the urban and
the forest, by automatically learning high-level features. However, it has difficulty in preserving details and edges. In order
to overcome this shortcoming, a new unsupervised polarimetric synthetic aperture radar (PolSAR) classification method
is proposed by combining the deep learning and the polarimetric hierarchical semantic model (PHSM). According to the
PHSM, a PolSAR image is partitioned into aggregated, homogeneous and structural regions. For aggregated regions, a
stacked auto-encoder model is applied to learn high-level features, and further the sparse representation and classification
is constructed by learning a dictionary with high-level features. For homogeneous regions, hierarchical segmentation and
classification is applied. In addition, edges are located and line objects are preserved for structural regions. Experimen-
tal results demonstrate that the proposed method can obtain good performance in both region homogeneity and edge

preservation.
Key words Stacked auto-encoder, polarimetric hierarchical semantic model (PHSM), polarimetric synthetic aperture
radar (SAR) image classification, region partition, hierarchical segmentation
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Fig.1 Network structure of single-level auto-encoder
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Table 1

Classification accuracies for
different algorithms (%)

Wishart  Wishart MRF  SAE A&y
I X 61.33 92.47 96.11 92.94
pisRed 96.05 99.23 93.64 97.09
PR 93.52 58.52 95.79 98.13
SR B 83.63 83.41 95.18 96.05
Kappa &% 78.48 76.75 84.64 94.30
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Fig.7 Classification maps of synthetic PoISAR image
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4b, Kappa 2305k 94.30 %, HH A AE S e
H 15.82%, 17.55 % 1 9.66 %.
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Table 2  Confusion matrix for the proposed method (%)
Ik X 92.94 2.70 4.36
W 0.40 97.09 2.51
FRM 0.32 1.55 98.13
# 3 AFBERIBITIE (s)
Table 3 Running time for different algorithms (s)
Wishart Wishart MRF SAE AT
i [5] 9.79 68.41 109.55 98.82
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Fig.8 Classification maps of the PolSAR image on San Francisco area
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Fig. 11 Effect of block size on classification accuracy
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