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Source ranging based on deep learning and multi-domain feature extraction:

synthetic results
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Abstract: Ranging of underwater acoustic sources is an important task in many practical applications. Deep
neural networks (DNNs) have shown outstanding performance on illustrating complex nonlinear relationships.
In terms of localization, DNNs were demonstrated to have low range estimation error under low SNR conditions.
In this study, source localization is achieved by a deep learning method based on a set of multi-domain features
extracted from sound signals. In this study, a comprehensive set of acoustic parameters are extracted from
sound signals. The waveform, energy envelope, short-term Fourier transform are first estimated from the
sound signals, based on which, the acoustic parameters are computed and used as the training data set for the
estimation of source in a DNN. Training the deep architecture is achieved by Adam optimizer and dropout for
parameter regularization with mean squared error (MSE) loss functions.
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