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Research on Marine Floating Raft Aquaculture SAR Image Target Recognition
Based on Deep Collaborative Sparse Coding Network

GENG Jie' FAN Jian-Chao''? CHU Jia-Lan® WANG Hong-Yu'

Abstract Floating raft aquaculture is widely distributed in the offshore ocean of China. Since raft information cannot
be obtained accurately in the visible remote sensing image, active imaging images acquired from synthetic aperture radar
(SAR) are applied. However, oceanic SAR images are seriously contaminated by speckle noise, and effective features of
SAR images are deficient, which make recognition difficult. In order to overcome these problems, a deep collaborative
sparse coding network (DCSCN) is proposed to extract features and conduct recognition automatically. The proposed
method extracts texture features and contour features from the pre-processed image firstly. Then, it segments the image
into patches and learns features of each patch collaboratively through the DCSCN network. The optimized features
are used for recognition finally. Experiments on the artificial SAR image and the images of Beidaihe demonstrate that
the proposed DCSCN network can accurately obtain the area of floating raft aquaculture. Since the network can learn
discriminative features and integrate the correlated neighbor pixels, the DCSCN network improves the recognition accuracy
and has better performance in overcoming the contamination of speckle noise.
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Table 1 Recognition performance comparison of different algorithms on the artificial SAR image

B OA (%) K TR (s)
SVMI25l 83.574 + 0.132 0.585 + 0.006 166.623 + 1.854
SOMP/2¢] 92.803 + 0.588 0.775 4 0.019 568.204 + 3.376
SAER4 95.261 + 0.375 0.858 £ 0.011 312.044 + 2.975
Lasso-Pooling[”] 97.972 £ 0.183 0.938 £ 0.005 757.605 + 6.334

DCSCN 99.457 + 0.079

0.983 + 0.002 192.630 + 4.481
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Fig.7 Target recognition results of the artificial SAR image
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Fig.8 The original SAR data of Beidaihe area
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Table 2 Recognition performance comparison of different algorithms on the first SAR image

(7S OA (%) K TR (s)
SVM 23] 79.804 + 0.375 0.653 £ 0.004 528.170 + 4.266
SOMP!26] 86.243 £ 0.615 0.708 % 0.007 12411.229 £ 62.799
SAE[4 81.960 =+ 0.392 0.686 4 0.005 7963.060 £ 29.862
Lasso-Pooling[?7] 86.925 £ 0.073 0.692 £ 0.006 15796.110 % 79.618

DCSCN 89.046 + 0.433

0.759 + 0.005 458.050 + 2.145

3 ANAIAAE SAR KR 2 TN SR L

Table 3 Recognition performance comparison of different algorithms on the second SAR image

ik OA (%) . R (s)
SVMI[25] 87.714 + 1.026 0.693 + 0.007 794.139 4+ 7.148
SOMP!26] 93.261 £ 0.068 0.821 + 0.021 6432.545 4+ 39.582
SAE[?4 93.179 + 0.240 0.816 + 0.003 1245.995 + 16.942
Lasso—Pooling[27] 93.614 + 0.175 0.832 + 0.042 8381.801 + 44.702
DCSCN 98.762 £+ 0.172 0.966 + 0.003 268.498 + 1.633
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(a) SVM (b) SOMP (c) SAE (d) Lasso—Pooling (e) DCSCN
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Fig.9 Target recognition results of the first SAR image

(a) SVM (b) SOMP (c) SAE (d) Lasso—-Pooling (e) DCSCN

K10 SAR [ 2 FFAHMEER
Fig.10 Target recognition results of the second SAR image
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