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A Novel Weighted Mel-Filter Bank in Wireless Sensor Networks’

ZHAO Junyu, WEI Jianming, PAN Qiang, LI1U Haitao
[ Key L aboratory of Wireless Sensor Network and Communication, Shanghai Institute of Microsystem and Inf ormation Technology]

The Chinese Academy of Sciences, Shanghai 200050, China

Abstract : This paper develops a novel Weighted Mel-filter Bank (WM FB) used in acoustic feature extrac-
tion for vehicle classfication. This novel filter bank emphasizes the frequency spectrum where the vehicles
are more distinct while attenuates the frequency spectrum where the vehicles are less distinct by placing
different weights on separated frequency. The discriminating ability of weighted Mel-filter bank obvioudy
increases compared with conventional Mel-filter bank. Smulated and experimental results both show that
WM FB not only shows more eff ectivenessin extracting distinct features between different typesof vehicles
than two frequently used feature extraction methods and achieves higher correct recognition ratio , but al o
reduces the complexity of computation.

Key words:wireless sensor network ; feature extraction; Weighted Mel-filter Bank (WMFB) ; correct rec-
ognition ratio ; complexity of computation
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