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Source range estimation method of vertical array under strong

interference based on GRNN
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Abstract: The sample covariance matrix of sound pressure field is made as the feature. The research on
underwater sound source ranging under strong interference based on generalized regression neural network
(GRNN), which has only one network parameter, extension factor. It proposes a method of optimizing the
extension factor to improve the estimation performance of neural network. The research uses the vector line
array (VLA) data from event S59 of the SWellEx-96 experiment, comparing the range estimation performance
of underwater targets under strong interference of model-driven traditional matched field processing, data-
driven convolutional neural networks (CNN) and GRNN. The results show that GRNN based on the optimized
extension factor can effectively realize the estimation of range under strong interference.
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