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Active Sonar Target/Non-target Classification using
Convolutional Neural Networks

Dongwook Knni Jongwon Seok”,

ABSTRACT

it
Keunsung Bae

Conventional active sonar technology has relied heavily on the hearing of sonar operator, but recently,
many techniques for automatic detection and classification have been studied. In this paper, we extract
the image data from the spectrogram of the active sonar signal and classify the extracted data using
CNN(convolutional neural networks), which has recently presented excellent performance improvement
in the field of pattern recognition. First, we divided entire data set into eight classes depending on the
ratio containing the target. Then, experiments were conducted to classify the eight classes data using
proposed CNN structure, and the results were analyzed.
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Fig. 1. CNN architecture for active sonar classification,
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Fig. 2. Example of a spectrogram image of a target.
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Fig. 3. Examples of target images extracted using win—
dows, (a) Full target (b) Front part of target (c)
Back part of target
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Fig. 4. Examples of non—target images extracted using
windows, (a) Noise (b) Clutter (c) Clutter
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Fig. 5. Endpoint of the target.
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Fig. 6. Line segment to represent the percentage of the
target in the window,

Table 1. Rate of target by class

Class Rate of target

C1 X=100%

c2 5% < X <100%, Front parts
C3 50% < X <75%, Front parts
C4 25% < X <50%, Front parts
C5 5% < X <100%, Back parts
C6 50% < X <75%, Back parts
C7 25% < X <50%, Back parts
C8 X=0%, Non target
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Fig. 7. Error rate of data sets for training epoch,
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Table 2. Results of classification (%)
C1 Cc2 C3 C4 C5 C6 Cc7 C8
C1 62.78 14.89 1.29 0 20.04 0 0 1.01
c2 4.30 7151 23.50 0.07 0.38 0 0 0.23
C3 0.66 5.38 71.74 21.56 0.54 0.06 0 0.06
C4 0 0 3.68 96.05 0 0.07 0.07 0.14
C5 8.58 0.69 0.23 0 7341 16.93 0 0.15
C6 0 0 0 0 6.82 75.21 17.42 0.55
C7 0 0 0 0 0 4.09 95.54 0.37
C8 1.32 0 0.25 0 1.56 0.25 0 96.63
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Table 3. Classification rates of target and nontarget da—

ta (%)
Target Non-target
Target 99.67 0.33
Non-target 3.37 96.63
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