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Analysis and Implementation of Speech/Music Classification for

3GPP2 SMV Codec Employing SVM Based on Discriminative
Weight Training
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(Sang~Kyun Kim*, Joon—Hyuk Chang*, Ki Ho Cho**, Nam Soo Kim**)
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In this paper, we apply a discriminalive weight training to a support vector machine (SVM) based speech/music
classification for the selectable mode vocoder (SMV) of 3GPP2. In our approach, the speech/music decision rule is
expressed as the SVM discriminant function by incorporating optimally weighted features of the SMV based on a
minimum classitication error {MCE) method which is different from the previous work in that different weights arc
assigned to cach the fealure of SMV, The performance of the proposed approach is evaluated under various conditions
and yields better results comparcd with the convenlional scheme in the SVM,
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Table 2. Comparison of speech/music detection pro-—
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TEST | Method | Music(z) [Spesch(P)|  »
SMY 0.22 0.91 0.65
Metal | swM 0.90 0.92 010
Proposed |  0.90 0.95 009
SV 0.15 0.90 070
Blues | SVM 0.90 0.90 0.10
Proposed | 0.84 095 | 013
SMV 0.28 0.90 0.60
Hiphop | SVM 0.66 0.90 0.29
Proposed | 084 0.92 0.14
SMV 0.27 0.92 060
Jazz | swm 035 090 0.54
Proposed |  0.75 0.88 0.22
o SV 050 0.90 042
Olassic | SVM 081 0.91 017
Proposed | 088 0.92 011
SMV 0.21 0.93 065
Mixed | SVM 0.72 090 0.24
Proposed 0.85 095 0.3
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