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A Review of Ship Target Recognition and Classification Methods Based on
Radiated Noise Features
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Abstract Using ship radiated noise for target identification and classification is an important research topic in
the field of underwater acoustics. This article provides a comprehensive overview of data acquisition methods and
feature extraction techniques for ship radiated noise as well as target recognition methods. Firstly the article
introduces four databases with abundant data types of radiated noise. Secondly it presents feature extraction
techniques for radiated noise including line spectrum recognition wavelet analysis and sub-linear features. Finally
the article discusses target recognition and classification techniques in the field of radiated noise covering traditional
methods such as support vector machines and deep learning approaches. This article systematically summarizes
classification techniques based on ship radiated noise offering valuable insights for research on ship target

classification and identification.
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Fig. 1 Photos of some ship types in the
ShipsEar database
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Table 1 Summary of ShipsEar database
AR AR E RAEM K /s
FZ Ve 5 262
A 4 510
FEHT i 13 1008
SR 5 726
EE/378:3 12 1134
PUREEIR i 7 938
Eeit] 30 4256
S 2 138
TR 5 1512
IR 4 404
Hi o0 3t iy 1 162
i AR 2 206
Bt 90 11256
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Fig. 2 Water depth distribution and placement of
hydrophone in survey area
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Table 2 Placement depth of each hydrophone

Gy 24 Bk AT L /m
MS1 Aqua-Alta 16
MS2 Azalea 20
MS3 Ancona 15
MS4 Paloma 25
MS5 Susak 55
MS6 Losinj 35
MS7 Zirje 53
MS8 Split 42
MS9 Ivana 35
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Fig. 3 Relative position of each sound source
and hydrophone
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Fig. 4 Geographic distribution of collection locations in
Watkins acoustic database
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Table 3 Links and access methods to various database websites

B e o8 3 A BT
ShipsEar http://atlanttic.uvigo.es/underwaternoise/ L) P EST PN
Soundscape https://zenodo.org/record/6653258#.ZEPEdvxByUl 35 EL Bz T 3
Noise Egg https://datadryad.org/stash/dataset/doi:10.5061/dryad.sfOnn 13l BB T 2

Watkins http://www.whoi.edu/watkinssounds 13l BB T 2
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