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ABSTRACT: In this paper, we propose an effective method of applying multichannel-audio feature values to
GRNNs (Gated Recurrent Neural Networks) in polyphonic sound event detection. Real life sounds are often
overlapped with each other, so that it is difficult to distinguish them by using a mono-channel audio features. In
the proposed method, we tried to improve the performance of polyphonic sound event detection by using
multi-channel audio features. In addition, we also tried to improve the performance of polyphonic sound event
detection by applying a gated recurrent neural network which is simpler than LSTM (Long Short Term Memory),
which shows the highest performance among the current recurrent neural networks. The experimental results show
that the proposed method achieves better sound event detection performance than other existing methods.
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Fig. 1. Framework of the training and testing procedure for the proposed system.
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Fig. 3. Gated recurrent unit.
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