Sparsity Based Noise Robust Speaker Identification Using a Discriminative Dictionary Learning Approach

FORTH

JInstitute of Computer Science

Department of Computer Science, University of Crete

Institute of Computer Science, Foundation for Research and Technology - Hellas

l 1. Overview ,_ '
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»Possible applications

v'information retrieval from speech databases
veontrol of financial transactions

vspeaker diarization for meetings

Model for each

Identification Phase

Identified
| Speaker

2. SRC for speaker identification... :

belongsto
the i speaker

vi[p -
- - - - . o _ F—BjcR™
_ — D.CMB-= P-{AM(C s fe] =K, vi=l N
X, =€V €V, +---HE Ve, = Ve M B=agmin AP M s fef =K =LY, o o
1 \/ZH J’:B i =argmaxz(i), i=1....8
F 1

I 2. ...SRC for speaker identification | “I 4. Experimental evaluation | .

o GivenV and Yt estimate sparse code C by solving the
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v/ Estimate speaker’s identity using the estimated linear classifier

L) Dataset
* VOICES corpus—> 12 speakers
* Original Fs @ 22kHz~>

U Feature extraction

vspeaker-centric ambient intelligence environments 5 V.S (?) 7] * Analysis window—> 40 msec
f A * Overlapping—> 50%
» Focus on current work %-V.5,(¢) i ) vl * Mel-frequency spectrogram—=> 40 bands
v text-independent V.5, (8) ~ [I =sgminl7, -V -5(F)] , I=1""’SJ A Training data—> 10 sec (multicondition training)
v short training speech data j ? 3 NG 0 Testing data—> 15.6 sec
¥ highly noisy environments %=V '55(6) ) * add noise @ O, 5, 10, 15, 20 dB

o e S * white, speech babble, car engine, factory floor (NOISEX92)
T Wl white speech babble
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