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Noise Robust Speech Recognition Based on Noisy Speech Acoustic Model Adaptation
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ABSTRACT

In the Vector Taylor Series (VTS)-based noisy speech recognition methods, Hidden Markov Models (HMM) are usually
trained with clean speech. However, better performance is expected by training the HMM with noisy speech. In a previous
study, we could find that Minimum Mean Square Error (MMSE) estimation of the training noisy speech in the log-spectrum

domain produce improved recognition results, but since the proposed algorithm was done in the log-spectrum domain, it could
not be used for the HMM adaptation. In this paper, we modify the previous algorithm to derive a novel mathematical relation

between test and training noisy speech in the cepstrum domain and the mean and covariance of the Multi-condition TRaining

(MTR) trained noisy speech HMM are adapted. In the noisy speech recognition experiments on the Aurora 2 database, the
proposed method produced 10.6% of relative improvement in Word Error Rates (WERs) over the MTR method while the
previous MMSE estimation of the training noisy speech produced 4.3% of relative improvement, which shows the superiority

of the proposed method.
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Table 1. Comparison in word error rates (%) of the proposed
MTR+Model Adaptation method with the Baseline, MTR and
MTR+Feature Compensation methods (SBE script)

Set A Set B Set C Bt

Baseline 12.25 12.90 14.56 12.97

MTR 8.20 8.88 9.42 8.72
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Figure 1. Relative improvement in word error rates
(%) over the MTR method of the proposed model
adaptation method and the conventional feature
compensation method(SBE script).
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Table 1. Comparison in word error rates (%) of the
proposed MTR+Model Adaptation method with the Baseline,
MTR and MTR+Feature Compensation methods (CBE script)

Set A Set B Set C B
Baseline 11.58 12.10 13.68 12.20
MTR 6.31 7.0 7.31 6.79
MTR+
=40 6.47 6.41 6.75 6.5
MTR+
mEH 6.0 6.26 5.81 6.07
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Figure 2. Relative improvement in word error rates
(%) over the MTR method of the proposed model
adaptation method and the conventional feature
compensation method(CBE script).
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