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Abstract

Feature normalization is a method to reduce the effect of environmental mismatch between the training and test conditions
through the normalization of statistical characteristics of acoustic feature parameters. It demonstrates excellent
performance improvement in the traditional Gaussian mixture model-hidden Markov model (GMM-HMM)-based speech
recognition system. However, in a deep neural network (DNN)-based speech recognition system, minimizing the effects of
environmental mismatch does not necessarily lead to the best performance improvement. In this paper, we attribute the
cause of this phenomenon to information loss due to excessive feature normalization. We investigate whether there is a
feature normalization method that maximizes the speech recognition performance by properly reducing the impact of
environmental mismatch, while preserving useful information for training acoustic models. To this end, we introduce the
mean and exponentiated variance normalization (MEVN), which is a compromise between the mean normalization (MN)
and the mean and variance normalization (MVN), and compare the performance of DNN-based speech recognition system
in noisy and reverberant environments according to the degree of variance normalization. Experimental results reveal that a
slight performance improvement is obtained with the MEVN over the MN and the MVN, depending on the degree of
variance normalization.
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Figure 1. An example of LMFE sequence according to applying feature normalization in noisy environments

(a) Not applying feature normalization, (b) applying MN, (c) applying MVN
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Figure 2. An example of LMFE sequence according to applying feature normalization in reverberant environments

(a) Not applying feature normalization, (b) applying MN, (c) applying MVN
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Table 1. Word error rate according to the feature normalization methods
in matched noise condition (%)

E2 A3t W2 (a) | SetA | SetB | SetC | SetD | Ht
N/A 237 | 524 | 564 | 1480 | 9.16
MN 275 | 5.19 | 488 | 13.85 | 8.71
MEVN (0.1) 291 | 520 | 5.14 | 1434 | 895
MEVN (0.2) 2.86 | 533 | 523 | 14.07 | 8.89
MEVN (0.3) 250 | 5.17 | 465 | 1412 | 8.78
MEVN (0.4) 275 | 521 | 454 | 1425 | 8.6
MEVN (0.5) 258 | 5.09 | 503 | 1425 8.83
MEVN (0.6) 280 | 5.05 | 448 | 1425 | 8.79
MEVN (0.7) 273 | 498 | 478 | 1428 | 8.79
MEVN (0.8) 260 | 501 | 475 | 14.17 | 8.74
MEVN (0.9) 247 | 534 | 4.26 | 1435 | 892

MVN 293 | 530 | 545 | 1460 | 9.13

N/A, not applicable; MN, mean normalization; MEVN, mean and
exponentiated variance normalization; MVN, mean and variance
normalization.
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Table 2. Word error rate according to the feature normalization methods
in unseen noise condition (%)

=4 A3+3} W2l («) | Type | | Type2 | Type 3 | Type 4 | 1
N/A 5.08 448 7.88 6.24 5.92
MN 3.96 4.45 7.77 5.49 5.42

MEVN (0.1) 4.52 4.56 8.05 5.62 5.69
MEVN (0.2) 4.80 4.63 7.77 5.92 5.78
MEVN (0.3) 4.25 4.39 7.83 5.38 5.46
MEVN (0.4) 3.98 4.17 7.42 5.49 5.27
MEVN (0.5) 4.39 4.61 7.96 5.36 5.58
MEVN (0.6) 4.63 4.78 8.63 5.25 5.82
MEVN (0.7) 4.76 4.30 8.67 5.59 5.83
MEVN (0.8) 4.35 4.26 8.85 5.90 5.84
MEVN (0.9) 4.56 4.71 8.26 5.60 5.78

MVN 4.82 4.46 8.07 5.45 5.70
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Table 3. Word error rate according to the feature normalization
methods in reverberant environments (%)

= A3 () SimData RealData

N/A 7.58 48.22
MN 6.34 18.90
MEVN (0.1) 6.19 1832
MEVN (0.2) 6.26 18.47
MEVN (0.3) 6.13 17.94
MEVN (0.4) 6.25 17.76
MEVN (0.5) 6.27 17.51
MEVN (0.6) 6.23 18.14
MEVN (0.7) 6.44 17.84
MEVN (0.8) 6.36 18.19
MEVN (0.9) 6.42 17.82
MVN 6.53 18.46
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Table 4. Word error rate according to the feature normalization methods
in reverberant and noisy environments (%)

EA A3t () SimData RealData

N/A 13.02 67.29

MN 10.10 28.82

MEVN (0.1) 10.19 2991

MEVN (0.2) 9.95 28.62

MEVN (0.3) 10.05 28.93

MEVN (0.4) 10.19 28.16

MEVN (0.5) 10.19 28.17

MEVN (0.6) 10.16 2767

MEVN (0.7) 10.19 2845

MEVN (0.8) 10.36 28.09

MEVN (0.9) 10.61 28.28

MVN 10.73 28.41
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Table 5. Word error rate according to the feature normalization methods
for several recognition environments (%)

SR AT RN [ AF1 [ 4”2 | 483 [ A4
MN 8.71 5.42 18.90 28.82
MEVN (0.4) 8.86 5.27 17.76 28.16
MVN 9.13 5.70 18.46 28.41
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