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Valued Convolutional Denoising Autoencoder Denoising
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Abstract: To address the existing shortcomings of the real valued convolutional neural network based esti-
mation of vector hydrophone direction of arrival(DOA) that does not adequately extract the phase features
of the signals received by the array, a vector hydrophone DOA estimation method (CV-CDAE-CNN)
based on combination of complex-valued convolutional denoising autoencoder (CV-CDAE) and complex-
valued convolutional neural network (CV-CNN) is proposed. The complex-valued covariance matrix of
the received signals from the vector hydrophone are firstly input into the CV-CDAE module to remove the
noise, and then the denoised samples are input into the CV-CNN for classification. The double-scale dila-

tion convolution is used to increase the receptive field of the feature map of CV-CNN before down-
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sampling and to mitigate the information loss caused by down-sampling. Angle classification is realized
by CV-CDAE denoising and CV-CNN's unique way of dealing with complex values, and then DOA esti-

mates are obtained. Simulation results show that the proposed method in this paper has stronger general-

ization ability, higher DOA estimation accuracy and higher estimation accuracy compared with the existing

CV-CNN at low signal-to-noise ratio or limited number of snapshots.

Key words: direction-of-arrival estimation; complex-valued convolutional denoising autoencoder; convolu-

tional neural network; double-scale dilation convolution; vector hydrophone
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