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Applying feature normalization based on pole filtering to
short-utterance speech recognition using deep neural network
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ABSTRACT: In a conventional speech recognition system using Gaussian Mixture Model-Hidden Markov
Model (GMM-HMM), the cepstral feature normalization method based on pole filtering was effective in
improving the performance of recognition of short utterances in noisy environments. In this paper, the usefulness
of'this method for the state-of-the-art speech recognition system using Deep Neural Network (DNN) is examined.
Experimental results on AURORA 2 DB show that the cepstral mean and variance normalization based on pole
filtering improves the recognition performance of very short utterances compared to that without pole filtering,
especially when there is a large mismatch between the training and test conditions.

Keywords: Speech recognition, Deep neural network, Feature normalization, Pole filtering
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Table 1. Word accuracy (%) according to test sets.

(a) Clean-condition training

Algorithm () Set A Set B SetC | Average
Baseline 54.36 50.35 57.11 53.31
CMVN 83.82 84.98 83.69 84.26

PFCMVN (0.80) | 84.54 85.36 82.35 84.43
PFCMVN (0.85) | 85.22 86.23 83.24 85.23
PFCMVN (0.90) | 85.49 86.46 84.06 85.60
PFCMVN (0.95) | 85.16 86.26 84.73 85.51
(b) Multi-condition training

Algorithm () Set A Set B SetC | Average
Baseline 94.41 86.23 85.82 89.42
CMVN 94.95 92.51 93.69 93.72

PFCMVN (0.80) | 95.02 92.40 93.30 93.63
PFCMVN (0.85) | 95.08 92.51 93.55 93.74
PFCMVN (0.90) | 95.09 92.49 93.82 93.80
PFCMVN (0.95) | 95.00 92.60 93.87 93.81

Table 2. Word accuracy (%) according to the length

of utterances.

(a) Clean-condition training

Algorithm () Short | Medium | Long | Average
Baseline 25.70 55.87 60.82 5331
CMVN 82.80 84.90 84.40 84.26

PFCMVN (0.90) | 85.98 86.06 85.21 85.60
(b) Multi-condition training

Algorithm () Short | Medium | Long | Average
Baseline 87.37 89.62 89.97 89.42
CMVN 92.18 94.07 94.02 93.72

PFCMVN (0.90) | 92.50 94.13 94.02 93.80
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Table 3. Error rate reduction (%) of PFCMVN (v = 0.90)
over CMVN according to the length of utterances.

Training condition | Short | Medium | Long | Average

Clean-condition 18.5 7.7 5.2 8.5
Multi-condition 4.1 1.1 0.1 12
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Fig. 1. (Color online) Effect of cepstral feature nor—
malization methods on LMFE spectrogram of very
short utterance (English single digit “oh”). (a) No
processing (b) CMVN, (c) PFCMVN with v =0.90.
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