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Abstract In this research, we proposed the active pulse classification algorithm using
multi—label convolutional neural networks for active sonar system. The proposed algorithm has the
advantage of being able to acquire the information of the active pulse at a time, unlike the
existing single label-based algorithm, which has several neural network structures, and also has
an advantage of simplifying the learning process. In order to verify the proposed algorithm, the
neural network was trained using sea experimental data. As a result of the analysis, it was
confirmed that the proposed algorithm converged, and through the analysis of the confusion
matrix, it was confirmed that it has excellent active pulse classification performance.
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Table 1 Convolutional Neural Networks

Architecture
) Kernel Size Output
Operation
/Dropout Rate Shape
Input (112,112,1)
Conv2ZD (3,3) (110,110,32)
MaxPooling2D 2,2) (55,55,32)
Dropout 50% (55,55,32)
ConvZD (3,3) (53,53,64)
MaxPooling2D (2,2) (26,26,64)
Dropout 50% (26,26,64)
Conv2D (3,3) (24,24,64)
MaxPooling2D 2,2) (12,12,64)
Dropout 50% (12,12,64)
Flatten - 9216
Pulse _ 9
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End _
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Freq. 112
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Table 2 Assessments of the Proposed Algorithm

Class Acc, Acc, Acc,

Pulse Type 99.8 - -

Start Time 70.5 98.8 98.9

End Time 55.7 97.1 99.6

Start Freq. 56.3 89.0 92.9

End Freq. 56.9 87.3 90.9
>
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Table 3 Comparison of Single-label and

Multi-label Convolutional Neural Networks
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Parameters (Kim's) (Proposed)
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Number of
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=19,563,330
A Acc, 64.3% 70.5%
ccuracy
for Acq 93.2% 98.8%
Start Time  goe. 96.8% 98.9%
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