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Abstract: The traditional fundamental frequency(F0) detection methods not only rely on prior knowledge,
but also are very sensitive to ambient noises. In this paper, a fundamental frequency detection algorithm based

on deep neural network is proposed to improve the stability and accuracy of target recognition. The DEMON
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spectrum matrix, which is composed of spectral vector extracted from each single hydrophone signal, is directly

fed into the cascaded network made up of convolutional neural networks (CNN) and long short-term memory

(LSTM) networks. Then, with the one-hot vector from the final dense layer, the fundamental frequency is

estimated. The following conclusions can be drawn from computer simulation and field experiments: The deep

learning-based method works well when no prior knowledge is assumed or signal to noise ratio varies, having

good generalization performance. LSTM network can effectively extract the statistical characteristics from the

DEMON spectrum sequence and improve the accuracy of the FO estimation. The detection precision depends

on the input signal length, and a better detection result could be obtained when a longer signal is available.

Keywords: Fundamental frequency; Deep learning; Long short-term memory; Convolutional neural networks;

Hydrophone array; Underwater target noises
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Fig. 1 Flowchart of the proposed FO detection

algorithm
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Table 1 Comparison between classic methods and the proposed method
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methods and the proposed method on the
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Fig. 7 A segment of sea trial data with shaft fre-
quency being 8.4 Hz
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results of the signal segment in Fig.7
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