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Application of deep belief network in polarimetric SAR image classification

Deng Lei, Fu Shanshan, Zhang Ruxia

College of Resource Environment and Tourism , Capital Normal University, Betjing 100048, China

Abstract: Objective Several problems exist in polarimetric synthetic aperture radar (SAR) image classification, such as
feature selection subjectivity and low utilization efficiency of massive features. Deep belief network ( DBN) has a significant
advantage in feature learning, which can be used in learning and extracting effective features from massive original features.
Based on this observation, a polarimetric SAR image classification method based on DBN is proposed. Method The pro-
posed method is capable of level-by-level learning and abstracting for the mass original polarimetric features. First, the o-
riginal polarimetric feature sets are extracted from polarimetric SAR images. Second, 20 000 samples are selected, and fea-
ture vectors are constructed. Each pixel contains 267 original polarimetric features and class labels. Thus, a pixel is a sam-
ple, namely, a feature vector. The feature vector is used as input in the DBN model. Then, the DBN model is built to ex-
tract abstract features, namely, effective features. These features are achieved through level-by-level learning. Finally, the
logistic regression, a classifier at the top of the DBN model, is applied to classify the entire polarimetric SAR image.
Result Considering AIRSAR data as an example, the overall classification accuracy can reach a high accuracy of 91. 06% .

The DBN method shows outstanding advantage in feature learning. Simulation experiments show that compared with the tra-
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ditional Wishart supervised classification algorithm, the DBN algorithm performs much better in classification. Simultane-

ously, the necessity of the DBN model has been proven by comparing with the logistic regression classification. The logistic

regression classification classifies the polarimetric image using the original polarimetric features without any deep learning

and extraction. In brief, the effectiveness of the DBN model has been validated through analysis and comparison. Conclu-

sion In this study, a novel polarimetric SAR image classification method is proposed. Mass polarimetric features of the po-

larimetric SAR image are utilized for the first time through the DBN. The advantages and applicability of the proposed meth-

od are analyzed. Overall, a novel method is proposed for polarimetric SAR image classification, which paves the way for

further research and offer beneficial attempts for the utilization of DBN in polarimetric SAR image processing.

Key words: polarimetric SAR; deep belief network ; image classification; deep learning; remote sensing; feature learning
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Table 3 Space information
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Fig. 5 San Francisco AIRSAR c-band Pauli images
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Table 4 Sample data
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Fig. 6 Classificationresult on San Francisco

( (a) Wishart classification; (b) proposed DBN classification)
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Table 5 Classification accuracy of logistic regression

25 FO WT = GS NB OB RO UA/%

FO 980 1 60 111 4 54 81

WT 1 3990 63 0 0 97 96

GS 33 124 668 0 1 158 68

NB 100 0 0 862 39 40 83

0B 4 0 0 65 728 6 91

RO 46 137 112 57 3 1480 81
PA/% 84 94 74 79 94 81

OA/% 86.87 Kappa 0. 825
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Table 6 Classification Accuracy of DBN-LR

25 FO WT GS NB OB RO UA/%

FO 1055 2 32 116 1 50 84

WT 1 4100 94 0 0 69 96

GS 66 11 758 3 0 148 71

NB 50 0 0 838 24 41 88

OB 2 0 0 17 772 5 97

RO 17 30 87 27 1 1583 91
PA/% 89 99 78 84 97 83

OA/% 91.06 Kappa 0. 881
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Fig. 7 Useraccuracy of different features combinations
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Fig. 8 Classification details of different features
combinations ( (a)Pol-GS; (b)Pol&Rad-GS;
(¢)Pol&Rad&TF-GS; (d)all-GS; (e)Pol-RO;
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