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ABSTRACT

Recently, deep learning algorithms have good performance in various fields, but they are not actively applied to
sonar systems. In this study, we carried out experiments to classify active sonar returns into a metal object such as a
mine and a rock using a convolutional neural network which is one of the deep learning algorithms. Data augmentation
is applied on this paper to avoid overfitting and increase performance. And we analyzed performance variation
depending on hyperparameter value and change of the number of training data through data augmentation. The
experiments are performed with two training data; an aspect-angle independent and an aspect-angle dependent. As a
result, the performances are 88.9% and 94.9% in aspect-angle independent and dependent, respectively. These are up
to 4.5% point higher than the performance obtained by applying artificial neural network and support vector machine
algorithm in the previous study.
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Fig. 1 Structure of convolutional neural network used in the experiment
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Table. 1 The range of hyperparameter value

pa?a):rr]):{e;r Min Max Default
Weight decay 0 0.1 0.001
Hidden unit 2 512 256

Batch size 1 5000 50
Learning rate 107(-6) 1 0.0001
Drop out ratio 0 50 30
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Fig. 2 Performance depending on learning rate. The
plot uses 10 logarithmic scale for x-axis
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Table. 2 Summary of the performance and standard
deviation in parenthesis
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