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Abstract: Aiming at the problems of inaccurate long range positioning of underwater source and
long positioning time with traditional matched field processing (MFP) method, a long range loca-
tion scheme of underwater source based on multi-layer perceptron (MLP) is proposed. The real
marine environment is simulated by using the profile data measured by the team’s self-developed
“floating star” buoy. Vertical array of hydrophones is arranged in the water to simulate the re-
ceived data generated by a large number of sources with different positions at the hydrophone. The
multi-channel waveform data is directly used as the input to train the multi-layer perceptron, so as
to obtain a high-precision positioning neural network. The simulation results show that compared
with the matched field processing algorithm, the designed perceptron network can effectively
locate the underwater source in a wide range of signal-to-noise ratio environment. The mean rela-

tive errors of location distance and depth reach 1. 94 % and 6. 84 % at 30dB signal-to-noise ratio. In
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addition., compared with the mismatched sound velocity profile, the received data simulated by the

mean sound velocity profile can improve the positioning performance of the network.

Key words: Long range underwater source; Matched field processing; Multi-layer perceptron; Pas-

sive positioning; Mean sound velocity profile
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Fig. 1 Simulation of ocean sound field environment model
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Fig. 6 Underwater acoustic waveform data simulation
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Tab. 2 Quantitative comparison of MLP network errors under

different signal-to-noise ratios and profiles
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