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Challenges and prospects of underwater acoustic passive target recognition

technology
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Abstract With the development of low frequency underwater acoustic detection and the technology of ship
vibration and noise reduction, the performance of traditional underwater acoustic target recognition technology
is gradually declining. This paper analyses the challenges brought by sonar bandwidth, detection frequency,
ship vibration and noise reduction to identification technology. Aiming at the recognition of low frequency line
spectrum widely used in low frequency sonar, the recognition ability of low frequency line spectrum is studied.
Aiming at the development of intelligent recognition technology, the application of deep learning technology in
the recognition of ship radiated noise is studied, and the data test results are given. Finally, the contents and
directions of the research on underwater acoustic passive target recognition technology are pointed out.
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Fig. 1 Modulation spectrum of ship radiated noises of general propeller and side-inclined propeller
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