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Maximum Likelihood Classifier Using Detection of Amplitude Modulation
Frequency due to Propulsion of Underwater Vehicle
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In order to classify the underwater vehicles due to propeller propulsion, maximum likelihood classifier was developed.
Propeller produces the cavitation and noise during its work. Cavitation-bubble makes the nonlinear' medium in the water.
The nonlinearity of cavitation leads to the generation of a complete spectrum of combination harmonics of the tonals of
noise, and modulation of cavitation noise with propeller shafi-rates and blade-rates. The optimal cstimator was derived
mathematically and its capabilities were proven by simulation and teal test.
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