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Abstract ;

paring with classical methods, the histogram equalization can reduce non-linear distortion and improve the robustness of speech recogni-

Noises cause feature distortion of speech and make the performance of speech recognition system seriously poor. Com-

tion system quite well. However in many applications, the feature distribution between training and test speech is usually not identical
because of their difference in phonetics or acoustics, then the validity of HEQ can be weaken. The proposed algorithm in this paper uti-
lizes K-means clustering to classify the pre-equalized noisy features into several classes, then further equalizes the features belong to the
same class. The experiments show the proposed method improves the performance of system with comparison of usual histogram equaliza-
tion.
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Tab.1 Recognition rates for InSideTest in White noise
SNR(db)
7%
0 5 10 15 20

None ( MFCC) 23.94 47.70 64.47 81.39 88.85
0S-HEQ 60.26 81.20 90. 85 95.24 96.78
M=2| 64.88 83.38 92.62 96.75 97.98
FCHEQ y o3| 62,18 | 82.56 | 92.15 | 96.42 | 97.28

No. of
M=4| 61.62 81.59 90.92 96.04 | 96.99

classes
M=5| 60.48 81.42 90.56 95.41 |95.98

#2  OutSideTest {4 White 15 T 18] (195U % ( % )
Tab.2 Recognition rates for OutSideTest in White noise

SNR(db)
Yyl 7y vk
0 5 10 15 20
None ( MFCC) 22.19 46.78 62.84 79.72 | 88.77
0S-HEQ 58. 64 78.52 89.76 94.48 | 95.35
M=2| 63.57 81.37 91.78 95.76 | 96.45
FC-HEQ M=3| 61.92 80.52 91.24 95.08 |95.72
No. of
M=4| 60.56 79.41 90.78 94.52 | 95.45
classes
M=5| 59.74 78.81 89.87 94.48 |95.39

3 InSideTest P4 Babble M7 a1 1% (% )

Tab.3 Recognition rates for InSideTest in Babble noise

SNR(db)
BT
0 5 10 15 20
None ( MFCC) 24.32 48.63 65.52 83.16 | 88.92
0S-HEQ 60.93 82.20 91.16 95.48 |97.12
M=2| 65.12 84.54 92.45 96.65 | 97.88
FC-HEQ M=3| 63.18 83.88 91.57 96.08 | 97.49
No. of
M=4| 62.37 82.52 91.31 95.69 |97.24
classes
M=5| 61.53 82.40 91.18 95.48 |97.15
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Tab.4 Recognition rates for OutSideTest in Babble noise

SNR(db)

By
0 5 10 15 20

None (MFCC) 22.78 47.72 64.35 82.71 87.98

0S-HEQ 59.75 81.06 90.42 93.82 ]96.48

M=2| 64.22 83.45 91.68 95.03 |97.12
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No. of

M=3| 63.02 82.92 90.89 94.72 | 97.02

M=4]| 61.49 81.39 90.57 94.13 | 96.58
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M=5| 6l.11 81.22 90.47 93.91 |95.52
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Fig.2  Average recognition rates for OutSideTest in White

and Babble noise(M=2, FC-HEQ )
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