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ABSTRACT

Several approaches based on a spectral suppression

(SS) method have been proposed for noise cancellers

used in mobile phones. In the SS method, noise spec-

tral estimation is very important. For this purpose,

Fourier transform of noisy speech is divided into the

speech frame and the non-speech frame by using Voice

Activity Detector (VAD). The noise spectrum is esti-

mated in the speech and the non-speech frames in dif-

ferent ways. The conventional VAD employs the en-

tropy of the noisy speech spectrum. In this paper, we

introduce the variance of the noisy speech spectrum.

The noisy speech spectrum is classified into the speech,

the quasi-speech and the non-speech frames on the 2-

dimensional space spanned by the entropy and the vari-

ance. Straight lines with some angles are used for the

decision boundaries. A method, automatically control

the straight lines, is proposed. Simulation results, using

three kinds of noises, white, bubble and car, demonstrate

the speech, the quasi-speech and the non-speech frames

are well descriminated and the segmental SNR is also

improved .
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H(l)

H(l) = −

2M
∑

k=1

Pr(l k) · log(Pr(l k)) (11)

Pr(l k) =
|X(l k)|2 + C

∑2M

k=1
|X(l k)|2 + C

(12)

2M

250Hz 4000Hz
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D̄(l k) = |X(l k)|2 (14)
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z(l k) = W (l k) · |X(l k)|2 (15)
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T 2 VAD [13]

Th Tv

Th(l) = c1E[H(l)] (16)

Tv(l) = c2

max(V (l)) + median(V (l))

2
(17)

V (l) = log |V AR(X(l k))| (18)

E[H(l)] 5

max(V (l)) median(V (l))

5

Th(l) Tv(l)

5
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V (l) < c3Tv(l−1) V (l) > median(V (l))

Tv(l) c1 c2

c3 0.98 1.1 1.02

4 T

3 H(l) > Th

H(l) ≤ Th(l)

V (l) < Tv(l)

H(l) ≤ Th(l) V (l) ≥ Tv(l)
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LSD =
1

L

L
∑

l=1





1

2M

2M
∑

k=1

(

log
|S(l k)| + δ
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SNRseg (22) LSD
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SNR 6dB 2dB

SNRseg 1 Babble 3dB

Car 3,9dB 2 Babble Car Babble

Babble Babble Car

LSD 2 3 Babble Car

ε̄

SNRseg

1:

[13]

ε̄ SNRseg LSD

SNR 3 9 3 9 3 9

White -3.84 -2.69 7.36 11.9 0.422 0.355

Babble -2.17 -1.67 6.59 12.2 0.313 0.224

Car -3.25 -1.84 9.71 14.1 0.271 0.208

White -3.87 -2.95 7.32 11.9 0.431 0.359

Babble -2.59 -1.52 7.19 12.2 0.315 0.244

Car -2.82 -2.11 11.12 14.56 0.237 0.201

2:

[13]

ε̄ SNRseg LSD

Babble White -2.97 9.01 0.341

Babble Babble -1.98 8.47 0.297

Babble Car -2.43 9.56 0.280

Babble White -2.96 8.97 0.346

Babble Babble -1.73 8.55 0.289

Babble Car -1.83 9.89 0.266

3:

[13]

ε̄ SNRseg LSD

Babble White -2.83 9.01 0.336

Babble Babble -1.84 8.33 0.291

Babble Car -2.46 9.48 0.281

Babble White -2.91 8.99 0.343

Babble Babble -2.38 8.78 0.287

Babble Car -1.94 9.77 0.267
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