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Adversarial generative network based on
auditory masking for monaural speech enhancement
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[ Abstract] To improve the accuracy of speech recognition system in the complex acoustic scene, monaural speech enhancement
method is involved into the robust automatic speech recognition ( ASR) system as a front—end processing. Although monaural speech
enhancement has improved the recognition performance under the reverberant conditions, it failed to improve the accuracy of
speeches interrupted by the wide —band non - stationary noises. To overcome this problem, the paper proposes the adversarial
generative network based on auditory masking for monaural speech enhancement. Through the adversarial process between a
discriminator and a masking—based enhancement model, the proposed method can make the enhanced speech features follow the
distribution of target speeches. Experimental results show that, the proposed method outperforms current enhancement method in
terms of recognition accuracy. It achieves 19.50% relative word error rate ( WER) reduction for a robust ASR system, which
indicates that the proposed method can further improve the noise robustness.
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Fig. 1 The schematic diagram of GANAM-based enhancement
method
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Fig. 2 The comparison of acoustic features enhanced by

different models
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