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Speech enhancement method based on feature compensation
gain for effective speech recognition in noisy environments
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ABSTRACT: This paper proposes a speech enhancement method utilizing the feature compensation gain for
robust speech recognition performances in noisy environments. In this paper we propose a speech enhancement
method utilizing the feature compensation gain which is obtained from the PCGMM (Parallel Combined Gaussian
Mixture Model)-based feature compensation method employing variational model composition. The experimental
results show that the proposed method significantly outperforms the conventional front-end algorithms and our
previous research over various background noise types and SNR (Signal to Noise Ratio) conditions in mismatched ASR
(Automatic Speech Recognition) system condition. The computation complexity is significantly reduced by
employing the noise model selection technique with maintaining the speech recognition performance at a similar level.
Keywords: Speech enhancement, Feature compensation gain, Variational model composition, Speech recognition,
Noisy environment
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Fig. 1. Block diagram of the VMC-PCGMM-based feature
compensation scheme.
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Fig. 2. Block diagram of the proposed speech enhance-
ment scheme employing the VMC-PCGMM-based
feature compensation method.
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Table 1. Speech recognition performance with the
matched ASR system condition (WER, %).

Subway| Car | Babble | Music | Avg.
No processing | 31.23 | 35.65 | 46.98 | 34.22 | 37.02
SS+CMN 13.82 | 1541 | 20.18 | 24.62 | 1851
VTS 14.15 | 1493 | 21.10 | 25.73 | 18.98
ETSI-AFE 7.70 | 7.18 | 1636 | 21.14 | 13.10
PCGMM 858 | 7.97 | 1823 | 1517 | 12.49
VMC-PCGMM | 7.34 | 726 | 1344 | 14.12 | 10.54
SE-PCGMM | 924 | 887 | 19.97 | 1598 | 13.51
SE-VMC 9.27 | 7.00 | 14.66 | 14.56 | 10.87
SE-VMC-Top5 | 7.45 | 7.11 | 1429 | 15.05 | 10.98

The Journal of the Acoustical Society of Korea Vol.38, No.1 (2019)



54 otal,

21.5

WER (%)

Fig. 3. Recognition performance for music noise in
5 dB SNR as change of the number of selected noise
models (WER, %).
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Table 2. Speech recognition performance with the mis-
matched ASR system condition (WER, %).

Subway| Car | Babble | Music | Avg.
No processing | 28.12 | 31.50 | 4033 | 40.58 | 35.13
SS+HCMN 20.09 | 2234 | 29.27 | 41.25 | 28.24
VTS 19.06 | 18.47 | 31.67 | 45.31 | 28.63
PCGMM 1427 | 1518 | 2697 | 31.11 | 21.88
VMC-PCGMM | 13.53 | 13.56 | 23.09 | 30.47 | 20.16
SE-PCGMM | 11.05 | 11.70 | 27.49 | 1696 | 16.80
SE-VMC 7.06 6.38 | 16.48 | 14.65 | 11.14
SE-VMC-Top5 | 7.22 648 | 1623 | 14.81 | 11.18
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