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Meshless localization and quantization of sound source
based on deep learning

Wang Yanbin Mao Fuzhe
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Xu Changqiu

Abstract: Beamforming is a particular method for sound source localization. However, in most of the relating
researches, the intensity of the source is often ignored. Therefore, this research proposes a method of sound source
localization and intensity estimation based on the residual network based on the conventional beamforming map, aiming
to accurately predict the position and intensity of the point sound source. Acoular software is adopted to simulate time
signals, the ncural nctwork is trained by the simulated signals, and the prediction model can be obtained then, It is
verilied by computer simulation whether the deep neural network can obtain an accurate description ol a single point
source [rom the microphonc array data. The results show that the proposed method predicts the location and the
intensity of the sound source [ast and cllcctively with distance error ey, /Az 0. 15 and level error 2, &= 0. 002 dB.

Morcover, the proposed mcthod behaves better prediction cllect [or higher [requencices,
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