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Voice Activity Detection Based on SVM Classifier
Using Likelihood Ratio Feature Vector

HOoO 1

EEE T RS - hed I B
{QrHaing Jo*, Joon-Hyuk Chang®, Sangki Kang**)
*QlSICHEt MARHZ |SEHT, M AETA HYEAIEY S4TA
(M2X: 20079 78 5 SRR 2007A 8 22 AEEJUXL: 2007A 9 20Y)

¥ ERAAL 7R $AE sl 94 22719 M5 YS Slel ol BRel $5 support voctor

A

machine (SVM}Z e UFte), 7|70 SAA w0 ]9k S 719 45 34de] S RA did 71dRe
7hzte) 2A1H pdg A9 el dlojeto) ofs) Ay 7k Tk Add 958 (likelibood ratio)S 3] 7|5}
Bad Hoto) T HE, {4 4E ofiE gdach AdEl F4 3571 7kl Z)et Bl ol 2%

4 YAste) 7 27 BEol HASHLE 2 i AN SN SVMY] §4 AR 4R At
SVM ik} GAA B &4 ALyl 7129 LRTE ol 2740 4%7) 2 SvM 7Y 274 857155 nlast
of Thokgt 35 B4 T A5 S el

Aol 24 AZV|, Support vector machine, A 2dl 2%u)

Fageh A 2ok (2.4)

In this paper. we apply a support vector machine (SVM) that incorporates an optimized nenlincar decision
rule over different sets of fealure vectors o improve the performance of statistical modcl-based voice
activity detection (VAD). Conventional method petforms VAD through selling up statistical modcls for each
case of speech absence and presence assurmption and comparing the geometric mean of the likelihood ratio
(LR for the individual frequency band extracted from input signal with the given threshold. We propose a
novel VAD technique based on SVM by treating the LRs computed in cach frequency bin as the clements of
feature vector Lo minmimize classificalion error probability instead of the conventional decision rule using
geometric mean. As a result of experiments, the performance of SVM-based VAD wsing the proposed featwne
has shown better results compared with those of reported VADSs in various noise environments,
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