Fal FEIM

Vol. 41 No. 3
Mar 2014

T - S

Computer Science

2014 4£ 3 H

—HFNETRIRERSMNENRHERNTT X
EEEEMIRA PR

FEW HRE F —
(RFLEFRE 6230037 (AFHARALZUEERALKRE £ 230037
W B ABATAF A% MFCCHAE D TEHE T OB ERR, REDLHRE 5k, LRREARE,
FIAF, B W48 4 A 49 SDC HAERBS R AR S AE LB EAARZ, ZH M T RIS RO RAZME, 425 LR R
ROHRAE T H E I ARIERRZ ¥ 3k T A TAAR A AR S HIERR S %, R & NIST2007 S48 4 k
SEEV-D PNV ERE V-8 E R ELE NI N S LN SR SR AR T 3 T
HABIALHORANE,
KGR B RA IR, R R S
HEESEE TM34.1 XWARIRE A

New Feature Extraction Method Based on Bottleneck Deep Belief Networks and
its Application in Language Recognition
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Abstract In language recognition, due to the insufficiency of information in each frame, traditional MFCC feature ex-
traction is easily suffered from noise pollution. Meanwhile, the general method of SDC feature extraction depends on ar-
tificially setting in parameter selection which increases the uncertainty of recognition performance. In order to overcome
these drawbacks, the deep learning method was introduced and a novel feature extraction approach named BN-DBN
which is based on deep learning was proposed. Finally, the relevant comparative experiments for the bottleneck layer
size, the number of hidden layers and the position of the bottleneck layer were carried out in NIST2007 database., Exper-
imental results show that extraction method of the bottleneck features based on deep belief networks are more effective

in language recognition, compared with traditional methods.
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#1 ETFAF BN Z# BN-DBN #:88H % (EER%)

BAE 30s 10s
BN-DBN20 1.91%  6.62%
BN-DBN25 1.86%  6.42%
BN-DBN30 1.86%  6.41%
BN-DBN35 1.85%  6.39%
BN-DBN39 1.82%  6.34%
BN-DBN50 1.87%  6.47%
BN-DBN60 1.94%  6.61%
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