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A study on localization of propeller noise source from tip vortex cavitation

using machine learning
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[ ABSTRACT ]

The Cavitation noise generated from propellers is a major cause of underwater radiated noise in ships, and
especially in the case of naval ships, it is closely related to the possibility of detection by submarines.
Therefore, from the design stage, the required performance of the propeller is estimated, and a model
propeller test is performed in a common tunnel.

In the previous study, the location of cavitation was estimated by embedding the sensor in the upper hull of
the propeller and applying the matching field processing technique used for estimating the source localization
in the underwater acoustic field or inverting environmental factors. In order to apply the cavitation
localization technique using the acoustic sensor to real ships, it is necessary to minimize the number of
sensors to be installed on the hull in consideration of the process and cost. Therefore, in this study, the
localization performance is improved by applying the forward neural network learning technique used in
various fields to the cavitation localization technique using three acoustic sensors, which showed low accuracy
in previous studies.
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Table. 1. Test condition and visually obeserved cavitation

ot Cavitation | Water | Propeller| Tunnel Visually
Cond P, | speed, | RPM | pressure observed
o, | /s |/ RPS | (bar)
1 7.75 1.20 No cavity
2 4.78 A 1390 0.75 | No cavity (a)
3 | 412 /232 | 065 Int. (b)
4 3.46 0.55 Developed (c)
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Table. 2. Performance & CPU processing time according
to the optimization algorithm

Optimization Port (MSE) Processing
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Algorithm erformance Time(CPU)
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Bayesian 0.00168 ~ 0.00219 | 290 sec
Regularization
I jugat
Scaled Conjugated | ) o510, 0100224 | 0.1 sec
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