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Small underwater objects classification in multi-view sonar
images using the deep neural network
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on Advanced Underwater Acoustic Signal Processing, Chinese Academy of Sciences, Beijing 100190, China;
3. University of Chinese Academy of Sciences, Beijing 100049, China)

Abstract: To solve the problem of small underwater objects classification based on multi-view sonar images, a deep neural network
classification method with multi-view is proposed. Firstly, the shadow area of underwater objects in sonar images is extracted. The main
axis slope of shadow area is calculated, which is used to match sonar images to the corresponding simulated dataset. The convolutional
neural network trained by this simulated dataset is applied to extract deep neural network features from multi-view sonar images. The
achieved feature vectors from sonar images of different views are combined as a feature vector of underwater object and predicted from
support vector machine. The classifier is utilized to classify multi-view sonar images collected from lake and sea trials. The average
classification accuracy can reach 93.33%. The performance is improved compared with the single—view classification method using
convolutional neural network and support vector machine.
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Fig.1 Structure diagram of the classification system
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Fig.2 Schematic of the simulation scenario
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Table 1 Simulated image grazing angle mapping table

IR KFE IR KE FH IR KFE FHIP KFE
o g | T wm| T g
B AHE T T T T FE O mE A
6/(°) 6/(°) 6/(°) 0/(°)
h/m l/m h/m l/m h/m l/m h/m I/m
1 120 14.0 1 120 16.3 1 120 18.4 1 120 20.6
2 130 13.0 2 130 15.1 2 130 17.1 2 130 19.1
3 140 12. 1 3 140 14.0 3 140 15.9 3 140 17.8
4 30 150 11.3 4 35 150 13.1 4 40 150 14.9 4 45 150 16.7
5 160 10.6 5 160 12.3 5 160 14.0 5 160 15.7
6 170 10.0 6 170 11.6 6 170 13.2 6 170 14.8
7 180 9.5 7 180 11.0 7 180 12.5 7 180 14.0
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Fig.3 Schematic of squint angle
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Table 2 View interval partition

MAXETFS  FHLMAEE(°) || M XEFS RHRAEEL(°)
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Fig.5 Sparse connectivity in convolutional neural networks
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Fig.6  Connectivity in traditional neural networks
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Fig.7 Parameter sharing in convolutional neural networks
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Fig.9 Schematic of convolutional neural network
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Table 3 Structure parameter of convolution layer

LBRZE  BREEE BERERA P2 fa s ) 2K
1 24 5%5 1x1 60x60x24
2 32 3x3 1x1 28x28x32
3 48 3x3 1x1 12x12x48
x4 BUBEMSH
Table 4 Structure parameter of pooling layer
WAk Z WAk 0 R PR i 1 1) B X
1 2x2 1x1 30x30x24
2 2x2 1x1 14Xx14x32
3 2x2 1x1 6x6Xx48
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Fig.10 The training process of classifier
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Fig.12  Simulated image of underwater object
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Fig.13  Slopes of different grazing angles and squint angles
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