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Tonal Extraction Method for Underwater Acoustic Signal
Using a Double-Feedback Neural Network
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ABSTRACT

Using the existing algorithms that estimate the background noise, the detection probability for the week tonals is low and for the even week
tonals, there is a limit not detected. Therefore it is required to algorithms which can improve the performance of the tonal extraction. Recently,
many researches using artificial neural networks in sonar signal processing are performed.

We propose a neural network with double feedback that can remove automatically the background noise and detect the even week tonals
buried in background noise, therefore not detected by growing the week tonals lastingly for a certain time. For the real underwater target,
experiments for the tonal extraction are performed by using the existing algorithms that estimate the background noise and the proposed neurat
network. As a result of the experiment, a method using the proposed neural network showed the better performance of the tonal extraction in
comparison with the existing algorithms.
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Fig. 2. Structure of the conventional neural network
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Fig. 3. Activation function of neurons of neural network
(a) input layer (b} Output layer (c) Feedback layer
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Fig. 4.‘Proposed double-feedback neural network
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Table 1. Experimental environment
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The Output Spectrum for S2PM

The Output Spectrum for Neurat Nstwork With Single Feedback
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Fig. 6. Spectrograms for humpback whale after
background noise removal
(a) S2PM (b) The conventional neural network
{c) The proposed double-feedback neural network
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