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Recognition of Discontinuous Numeric Speech by Nonspecifical Person
Using Support Vector Machines
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Abstract: To distinguish a group of nonspecial discontinuous numeric speech signals(nDNSS) ,a algorithm using Support
Vector Machines(SVM) was proposed. The whole process included two main steps of training and recognition. SVM was
selected in the training by using a preestablished NDNSS database. During recognition process,an eigenvector of a nDNSS
was drawn out primarily using MFFC theory and then taken into the selected SVM to be recognized as input parameters.
Furthermore, an algorithm for end-point detection of speech signal based on short-term-region-energy spectrum (STRES) was
presented for the first time. Experiments show that the proposed algorithm can achieve better performance than the existing
popular method (HMMD) on rapidity ,accuracy and robustness.
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Fig.1 Example of a group of speech signals
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Fig.2 Short-term-region-energy spectrum
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Fig.3 Unitary number speech detected by end-point-
checking way

3.2 MFCC HiES#iiRE

¥ 3.1 IUE G SVE A FESEA THEBUREE
B Z 0, X% A5 5 PR 7 1 A 2 Wi A B, B —Tnd
SEMRKERE R 256 (B 2" BN FT FFT S5
YE). HR4E 2.2 Jrad , A5 21 SOt R 8 REAE ) £ (1 x
24) AT A, B a A B B ) AR R AE S X R
TR (WEL x 24) , 4l 4 fros.

FHAE(E/10°

I R)/10's
B4 HF 1MHEHEEE

Fig.4 Eigenvector corresponding to one number
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Tab.1 Recognition results of different models of C-SVM

LATL S3Hrestal/ ms HERR1%
RBF 1.3 99.135
Gaussian 15 96.176
Polynomial 12 93.152
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Tab.2 Results of recognition using MFCC eigvectors

and HMMD
jrs) W% 3t /ms
SVM HMMD SVM HMMD
1 99.257 95.5 12 52
2 99.155 97.3 12 7.6
3 99.130 93.2 13 6.5
4 99.019 92.3 13 8.3
5 98.992 91.4 12 75
6 98.254 97.5 12 6.5.
7 100 98.9 14 6.4
8 99.8 97.5 13 74
9 99.7 99.1 15 75
10 99.3 93.6 12 8.2
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