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Abstract

The voice activity detectors (VADs) based on statistical models have shown impressive performances especially when
fairly precise statistical models are employed. Moreover, the accuracy of the VAD utilizing statistical models can be sig-
nificantly improved when machine-learning techniques are adopted to provide prior knowledge for speech characteristics.
In the first part of this paper, we introduce a more accurate and flexible statistical model, the generalized gamma distri-
bution (GCD) as a new model in the VAD based on the likelihood ratio test. In practice, parameter estimation algorithm
based on maximum likelihood principle is also presented. Experimental results show that the VAD algorithm implemented
based on GCD outperform those adopting the conventional Laplacian and Gamma distributions. In the second part of this
paper, we introduce machine learning techniques such as a minimum classification error (MCE) and support vector
machine (SVM) to exploit automatically prior knowledge obtained from the speech database, which can enhance the per-
formance of the VAD. Firstly, we present a discriminative weight training method based on the MCE criterion. In this
approach, the VAD decision rule becomes the geometric mean of optimally weighted likelihood ratios. Secondly, the
SVM-based approach is introduced to assist the VAD based on statistical models. In this algorithm, the SVM efficiently
classifies the input signal into two classes which are voice active and voice inactive regions with nonlinear boundary. Exper-
imental results show that these training-based approaches can effectively enhance the performance of the VAD.
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1. Introduction

Nowadays, the voice activity detector (VAD) has become an indispensable component of the variable rate
speech coders as the need for bandwidth efficiency in speech communication system increases (Srinivasant and
Gersho, 1993). For this reason, various VAD algorithms have been developed. Most of the traditional VAD
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algorithms are based on the linear prediction coding (LPC) parameters (Rabiner and Sambur, 1977), energy
levels, formant shape (Hoyt and Wechsler, 1994), zero crossing rate (ZCR) (Juang et al., 1997), cepstral fea-
ture (Haigh and Mason, 1993), adaptive modeling of voice signals (Yoma et al., 1996), and the periodicity
measure (Tucker, 1992). More recently, as an alternative strategy, the VAD based on a pattern recognition
(Beritelli et al., 1998) and higher order cumulants of the LPC residual (Nemer et al., 2001) have been pro-
posed. Specifically, the energy difference, ZCR, and spectral difference have been also applied to the VAD
of the ITU-T G.729 Annex B (ITU-T, 1996). Similar approaches were adopted to the selectable mode vocoder
(SMV) in 3rd Generation Partnership Project2 (3GPP2) (3GPP2, 2001), and European Telecommunications
Standards Institute (ETSI) Adaptive Multi-Rate (AMR) VAD option 2 (ETSI, 1999).

Among the various VAD algorithms, we consider the statistical model-based VAD approach originating
from the work on speech enhancement studied by Ephraim and Malah (Ephraim and Malah, 1984) as a prom-
ising technique. Sohn et al. applied a Gaussian statistical model to the VAD employing the decision-directed
(DD) method-based parameter estimation and reported high detection accuracy (Sohn et al., 1999). The nov-
elty of the statistical model-based VAD has been recognized in many studies, which employ the decision rule
derived from application of the likelihood ratio (LR) test to a set of hypotheses (Cho and Kondoz, 2001;
Chang et al., 2004; Chang et al., 2003; Chang et al., 2006).

Recently, a variety of VAD algorithms which employ the likelihood ratio test (LRT) based on statistical
models have been proposed and shown good performances (Sohn et al., 1999; Chang et al., 2003). In most
of the conventional VAD algorithms adopting statistical models specified in the discrete Fourier transform
(DFT) coefficients domain, the distributions of both the noisy speech and noise spectra are assumed to be
complex Gaussians (Sohn et al., 1999). Chang et al. (Chang et al., 2003) utilized the Laplacian probability den-
sity function (pdf) to model the distributions of noisy speech and noise spectra, which was shown to be a supe-
rior model for the distribution of clean speech (Gazor and Zhang, 2003; Martin, 2002). More recently, it was
also reported that the generalized gamma distribution (GCD) provides a better model of the distribution of
clean speech spectra than the Gaussian, Laplacian or Gamma pdf (Shin et al., 2005).

In this paper, firstly, we present a VAD algorithm where the LRT is established based on the parametric
model represented by the generalized gamma distribution (GCD) (Shin et al., 2007). We modify the on-line
maximum likelihood (ML) parameter estimation algorithm proposed in (Shin et al., 2005) such that it can
be applied to VAD by incorporating the global speech absence probability (GSAP). Experimental results show
that the VAD based on GCD outperforms those which employ other parametric distributions and a number
of standardized VAD algorithms including ETSI AMR VAD option 2 and ITU-T G.729 Annex B VAD.

Secondly, we introduce the VAD decision rule incorporating machine learning techniques such as a mini-
mum classification error (MCE) method and a support vector machine (SVM) scheme. Specifically, we incor-
porate the optimally weighted LRs based on the MCE scheme, an approach that is well known as a
discriminative weighting (Kang et al., 2008). This approach has a desirable originality compared to that of
the conventional approaches (Sohn et al., 1999) in that different weights are assigned to each frequency
bin. On the other hand, we employ the SVM as the decision function for the VAD rather than the conven-
tional scheme using the geometric mean of the LRs (Jo et al., 2008). This is also different from the conven-
tional statistical model-based VAD in that the optimized hyperplane to minimize decision error. The
performance of the proposed machine learning-based VAD approach is compared to the previous approaches,
and shows better performance in various noise environments.

2. Voice activity detection adopting generalized gamma distribution

2.1. Two-sided generalized gamma distribution (GCD)

The two-sided GCD is defined by
fxðxÞ ¼
cbg

2CðgÞ xj jgc�1 exp �b xj jcð Þ ð1Þ
where CðzÞ denotes the gamma function, and g; b and c are positive real valued parameters. GCD covers a
fairly flexible family of distributions which includes a variety of the commonly used distributions for the
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characterization of speech spectra. It can be seen that if c ¼ 2 and g ¼ 0:5, it becomes the Gaussian pdf, and
c ¼ 1 and g ¼ 1 results in the Laplacian pdf. The pdf commonly referred to as just the ‘Gamma pdf’ is a spe-
cial case of the gamma pdf with c ¼ 1 and g ¼ 0:5. GCD and the empirical pdf of the clean speech signal are
plotted in Fig. 1, where the Gaussian, Laplacian and Gamma pdf’s are also presented. The GCD offers the
most precise model to the empirical pdf of speech spectra, and the Gamma pdf appears the second best fit.

The parameters g, b, and c should be estimated in a proper way to deploy the assumed pdf in various appli-
cations. The maximum likelihood estimator (MLE) and the moment estimator (ME) are the most traditional
and widely-used estimators. The ME is relatively simple to derive, but sometimes the estimate variance is
unacceptably large (Cohen and Whitten, 1988). On the other hand, the MLE is usually more efficient, but
is often more difficult to compute. In this section, we introduce the computationally efficient on-line MLE
for the parameters of GCD.

2.2. Maximum likelihood estimator for the parameters of GCD

Given N data x ¼ x1; x2; . . . ; xNf g, with the assumption that the data are mutually independent, the log-like-
lihood function is given as follows:
log fx x; g; b; cð Þ ¼ N log
cbg

2C gð Þ þ gc� 1ð Þ
XN

i¼1

log xij j � b
XN

i¼1

xij jc: ð2Þ
By differentiating the log-likelihood function with respect to g, b and c and setting them to zero, the following
three equations are obtained:
w0 gð Þ ¼ log bþ 1

N

XN

i¼1

log xij jc ð3Þ

b ¼ g
1

1
N

PN
i¼1 xij jc

ð4Þ

1

g
þ w0ðgÞ � log b� b

g
1

N

XN

i¼1

xij jc log xij jc ¼ 0 ð5Þ
where w0ðzÞ is the digamma function, which is defined as the first-order derivative of log CðzÞ. After some
mathematical manipulation, the ML estimate of c can be described by the root of the single nonlinear equation
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Fig. 1. The empirical pdf and statistical models.
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w0

1
N

PN
i¼1 xij jc

1
N2

PN
i¼1

PN
j¼1 xij jc log xij jc

jxjjc

0@ 1Aþ log
1

N 2

XN

i¼1

XN

j¼1

xij jc log
xij jc

jxjjc

 !
� 1

N

XN

i¼1

log xij jc ¼ 0: ð6Þ
Given an estimate of c, it is straightforward to derive the estimates for g and b.
However, it is difficult to solve (6) analytically. To alleviate this difficulty, Shin et al. (Shin et al., 2005)

employ a gradient ascent algorithm to obtain a suboptimal estimate of c, and determine the estimates of g
and b based on the obtained value of c. From now on, let us denote the estimates of c, g and b by ĉ, ĝ
and b̂, respectively. Large sample size and fairly reasonable initial estimates are expected to yield a satisfactory
estimation of the parameters via the gradient ascent algorithm despite the persistent divergence of iterative
numerical methods and the possibility of multiple local optima. Our previous work suggested an on-line algo-
rithm with a forgetting scheme which emphasizes the data incoming recently. To estimate the relevant param-
eters, only three statistics should be computed over the given data, 1

N

PN
i¼1 xij jĉ, 1

N

PN
i¼1 log xij jĉ, and

1
N

PN
i¼1 xij jĉ log xij jĉ. For the implementation of an on-line algorithm, these statistics are modified to incorporate

a forgetting factor k, i.e.,
S1ðnÞ ¼ ð1� kÞS1ðn� 1Þ þ k xnj jĉðnÞ

S2ðnÞ ¼ ð1� kÞS2ðn� 1Þ þ k log xnj jĉðnÞ

S3ðnÞ ¼ ð1� kÞS3ðn� 1Þ þ k xnj jĉðnÞ log xnj jĉðnÞ:

ð7Þ
In our experiments, the initial value for ĉ is set to 1, which specifies the Laplacian or Gamma pdf, for both the
noisy speech and the noise. Once ĉ is given, we can obtain ĝ and b̂ from (3) and (4) such that
w0ðĝðnÞÞ � log ĝðnÞ ¼ S2ðnÞ � log S1ðnÞ ð8Þ

b̂ðnÞ ¼ ĝðnÞ
S1ðnÞ

ð9Þ
by taking the forgetting scheme into consideration. Since w0ðzÞ � log z is a monotonically increasing function
of z, the value of ĝ can be uniquely determined if there exists a solution. The value of ĉ is updated every time a
new sample comes in based on the gradient ascent approach given as follows:
ĉðnþ 1Þ ¼ ĉðnÞ þ l/ ĉðnÞ; ĝðnÞ; xð Þ ð10Þ

where l is a learning rate and /ðĉðnÞ; ĝðnÞ; xÞ is an on-line version of the gradient of the ‘average’ log-likeli-
hood function with respect to c. The ‘average’ log-likelihood function is given as (2) divided by N, and its gra-
dient with respect to c equals to the left-hand side of (5). Using (3)–(5) and (7), the on-line version of the
gradient is given by
/ ĉðnÞ; ĝðnÞ; xð Þ ¼ 1

ĝðnÞ þ S2ðnÞ �
S3ðnÞ
S1ðnÞ

: ð11Þ
As we can see, the estimation procedure is not computationally expensive if we store the values of the function
w0ðzÞ � log z or the inverse of it on a table (Shin et al., 2005).

2.3. Decision rule based on likelihood ratio test

In our previous paper (Shin et al., 2005), we have shown that GCD provides a fairly precise model for
speech spectra through a number of goodness-of-fit tests. Here, we introduce a VAD algorithm based on
the LRT, which utilizes GCD with a maximum likelihood parameter estimation procedure (Shin et al., 2007).

The VAD can be considered as a binary hypothesis test where one hypothesis (H 0) states that the input
signal consists of only a pure noise and the other (H 1) indicates that the input signal is a mixture of both
the active speech and noise. The distributions for the noise and noisy speech spectra are modeled by separate
GCD’s, and LRT is performed for each frame of the input signal.

In our approach, what is distinguished from the other conventional VAD algorithms is that the distribution
for the noisy speech spectra accounts for not only the active speech regions but also the time intervals when
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speech is absent. Even though this approach may cause a biased estimate of the likelihood ratio value, we have
found that it enables a more robust parameter estimation in noisy environments. We assume that the real and
imaginary parts of the DFT coefficient are statistically independent (Chang et al., 2003) and distributed
according to the same GCD for both noise and noisy speech. Let X k ¼ ðX k;R;X k;IÞ be the DFT coefficient com-
puted in the k-th frequency bin with X k;R and X k;I being the corresponding real and imaginary parts, respec-
tively. Then
p X kð Þ ¼ c2b2g

4CðgÞ2
X k;RX k;Ij jgc�1 exp �b X k;Rj jc � b X k;Ij jcð Þ: ð12Þ
This is equivalent to the assumption that both the real and imaginary parts are independent realizations of the
same random variable distributed according to the given GCD, i.e., the data set x ¼ fx1; x2; . . . ; xNg can be
substituted with fX k;Rð1Þ;X k;Ið1Þ;X k;Rð2Þ;X k;Ið2Þ; � � � ;X k;R

N
2

� �
;X k;I

N
2

� �
g.

Given the parameters of GCD, the likelihood ratio for the kth DFT coefficient can be computed as
Kk ¼
pðX kjH 1Þ
pðX kjH 0Þ

¼ ĉ2
Sb̂

2ĝS
S CðĝN Þ2

ĉ2
N b̂2ĝN

N CðĝSÞ2
X RX Ij jĝS ĉS�ĝN ĉN e �b̂S jX RjĉSþjX I jĉSð Þþb̂N jX RjĉN þjX I jĉNð Þð Þ ð13Þ
where the subscript N indicates parameters related to the pdf of the noise spectra while the subscript S indi-
cates those corresponding to the pdf of the noisy speech spectra. The final decision rule for VAD is given as
follows:
log K ¼
XM�1

k¼0

log Kk

H1
>
<

H0

n ð14Þ
where n is a decision threshold. The decision threshold n as well as l and k which control the rate of parameter
update are determined according to a SNR-based rule which will be described in the next section. To further
enhance the performance of VAD, log K is modified using a hangover scheme proposed in (Sohn et al., 1999),
and it is then smoothed by following a forgetting scheme similar to that in (Cho et al., 2001) as follows:
WðnÞ ¼ ð1� kKÞWðn� 1Þ þ kK log K ð15Þ

where kK is a smoothing factor.

To perform the voice activity detection, the parameters for the distribution of the noisy speech spectra as
well as those for the distribution of the noise should be specified. For the distribution of noisy speech spectra,
the parameter estimation procedure is the same as described above. On the other hand, for the distribution of
noise spectra, we need to decide on whether the input of the current frame contains active speech, or how large
portion of the given input signal contributes to noise estimation. Previous studies (Sohn et al., 1999; Chang
et al., 2003) compute variously defined signal-to-noise ratios (SNR’s) and use them to estimate the noise power
from the noisy speech spectra. The procedure is considered rather simple since only the variances are required
to be estimated. In contrast, we need to estimate all the three statistics, S1, S2, S3 in (7), and we can not solely
rely on SNR. Here, we introduce the GSAP as a measure of speech inactivity, and incorporate it into the for-
getting scheme. The GSAP is given by (Chang and Kim, 2001)
P ðH 0jXÞ ¼
pðXjH 0ÞP ðH 0Þ

pðXÞ ¼ pðXjH 0ÞP ðH 0Þ
pðXjH 0ÞPðH 0Þ þ pðXjH 1ÞP ðH 1Þ

¼ 1

1þ P ðH1Þ
P ðH0Þ

QM
k¼1Kk

ð16Þ
where X ¼ X 1;X 2; � � �X M½ � denotes a spectrum with M indicating the total number of spectral bins and
P ðH 0Þð¼ 1� P ðH 1ÞÞ represents the a priori probability of speech absence (Chang and Kim, 2001).

Given the GSAP, the update of statistics in (7) is modified to incorporate a measure of speech activity under
the forgetting scheme such that
S1ðnÞ ¼ ð1� kP ÞS1ðn� 1Þ þ kP xnj jĉðnÞ

S2ðnÞ ¼ ð1� kP ÞS2ðn� 1Þ þ kP log xnj jĉðnÞ

S3ðnÞ ¼ ð1� kP ÞS3ðn� 1Þ þ kP xnj jĉðnÞ log xnj jĉðnÞ
ð17Þ
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where P represents the computed GSAP and k is a forgetting factor (Shin et al., 2007). Once we obtain the
estimated statistics S1, S2, S3 through (17), we can estimate g, b, c by means of ()()()(8)–(10) and (11) for both
the noisy speech and noise. In our approach, (17) is applied to estimate the GCD parameters only for the noise
spectrum while the GSAP is set to 1 to update the statistics needed for the distribution of the noisy speech
spectra. Consequently, for active speech periods where GSAP shows a small value near to zero, the statistics,
S1, S2, S3 are updated very slowly for the noise spectra distribution while the estimate for the parameters of the
noisy speech distribution evolves rather rapidly.

2.4. Experimental results

To compare the performance of the proposed algorithm with those of the Laplacian and Gamma model-
based methods, we evaluated speech detection error probability (P e), where both the false alarms and miss-
ing errors are considered. In our experiments, speech data from the NTT database consisting of a number
of speech materials spoken by 4 male and 4 female Korean speakers were sampled at 8000 Hz (Chang et al.,
2006). The total length of the speech material was 456s. To obtain P e, we made reference decisions on a
clean speech material by labeling manually at every 10 ms frame. The percentage of the hand-marked active
speech frames was 58.2% which consisted of 44.8% voiced sounds and 13.4% unvoiced sounds frames. In
order to make noisy environments, we added the vehicular and office noises to the clean speech data by
varying SNR.

The threshold, n as well as the smoothing parameter of test statistic, kK, the forgetting factor of statistics
in (17) for noisy speech, k, the learning rate of c for noisy speech, l, the ratio of k for noisy speech to that
for noise, Rk, and the ratio of l for noisy speech to that for noise, Rl were empirically determined to min-
imize P e. The forgetting factor k adopted to update the noise spectra distribution was set to be higher than
that for the noisy speech distribution to make the effective averaging interval lengths equal. The learning
rate l for the noise spectra was chosen smaller than that of the noisy speech spectra motivated by the
assumption that the background noise characteristic evolves more slowly. These factors are adaptively
determined according to the estimated SNR. kK should be increased as the SNR becomes higher since
for low SNR, more smoothing is needed. On the other hand, k and l should be set higher when the
SNR is low to enable a fast update of the statistics. Rk should be decreased as the SNR gets lower because
adaptability becomes more important not only for noise but also for noisy speech in a low SNR environ-
ment. In contrast, n should be larger in high SNR conditions since the estimates for the noise spectra dis-
tribution are unreliable. Factor values used in the experiment were kK 2 ½0:04; 0:2�, k 2 ½0:022; 0:028�,
l 2 ½0:006; 0:0085�, Rk 2 ½1:05; 1:45� and Rl ¼ 0:7.

A typical test statistic and the corresponding speech waveform with manual classification results are shown
in Fig. 2. The detection results are summarized in Table 1. From the experimental results, it is evident that not
only does the proposed VAD algorithm based on GCD outperform other statistical approaches, but it also
shows better performance than the standard VAD algorithms such as ITU-T G.729 Annex B VAD (ITU-
T, 1996) and ETSI AMR VAD option 2 (ETSI, 1999) in most of the environmental conditions.

3. Voice activity detection adopting machine learning approaches

Just as the note in the previous section, the novelty of the statistical model-based VAD has been recognized
in many studies, which employ the decision rule derived from application of the LRT to a set of hypotheses. In
this section, the novel techniques based on the machine learning are proposed so as to improve the perfor-
mance of the statistical model-based VAD. At first, we introduce the MCE scheme for the optimally weighted
LRs which are incorporated in the geometric mean-based decision rule for VAD (Kang et al., 2008). Also, we
change the decision rule from the geometric mean to the support vector machine (Jo et al., 2008).

3.1. Discriminative weight training for a statistical model-based voice activity detection

From an investigation of the VAD schemes, however, it is observed that the LRs do not contain weights in
all frequency components without taking full consideration of the spectral characteristics of the speech signal,
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Fig. 2. The test statistic of proposed algorithm and the corresponding manual classification.

Table 1
P e of the GCD-, Laplacian-, Gamma-based, AMR VAD option 2 and G.729 Annex B VAD’s for the various environmental conditions.

Noise Vehicle (%) Office (%)

SNR(dB) 5 10 15 5 10 15

G.729B 27.49 23.45 19.76 26.43 22.72 19.26
AMR 2 8.09 6.91 6.29 16.24 14.77 15.43
Laplacian 11.48 8.60 6.91 18.43 16.45 17.25
Gamma 11.84 9.24 7.49 23.54 21.01 18.96
GCD 6.41 5.85 5.38 18.34 14.60 13.47
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and using the geometric mean of the LRs for the final VAD decision (Sohn et al., 1999). For this reason, a
novel VAD technique is proposed to incorporate optimally weighted LRs based on a minimum error classi-
fication (MCE) scheme (Kang et al., 2008). Accordingly, we propose a technique to adopt various weights for
the LRs such as wk log Kk, as we incorporate the different contributions of the LRs will improve the perfor-
mance of the VAD. The weights fwkg should have the following constraint:
XM

k¼1

wk ¼ 1; ð18Þ

wk P 0: ð19Þ
At first, we let Kw ¼ fw1 log K1;w2 log K2; � � � ;wM log KMg representing the optimally weighted LR vector and
Kw be 1

M

PM
k¼1wk log Kk. Following this, two discriminant functions of speech ðgsÞ and noise ðgnÞ are given to

decide whether each frame is classified into speech or noise as follows:
gs Kwð Þ ¼ Kw � h; ð20Þ
gn Kwð Þ ¼ h� Kw ð21Þ
where h denotes a threshold value of the combined score. If the discriminative function of gsðKwÞ is great-
er than that of gnðKwÞ, each frame of Kw is classified into the speech frame. Actually, this judgement can
be made simply by comparing Kw and h. However, since the MCE training requires a discriminative func-
tion for each cluster, the two functions are prepared. In our approach, estimation of the weights is per-
formed under the discriminative training framework in which generalized probabilistic descent (GPD)
technique is applied (Kida and Kawahara, 2005). Let D denote the misclassification measure of training
data KwðnÞ. Then
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DðKwðnÞÞ ¼

�gsðKwðnÞÞ þ gnðKwðnÞÞ
if CmðYðnÞÞ ¼ H 1

�gnðKwðnÞÞ þ gsðKwðnÞÞ
if CmðYðnÞÞ ¼ H 0

8>>><>>>: ð22Þ
where Cmð�Þ denotes a VAD decision and is obtained by manual labeling every frame. When (22) is negative,
the classification is considered to be correct. The GPD approach approximates the empirical classification er-
ror by a smooth objective function, which is the 0–1 step loss function defined by
LðnÞ ¼ 1

1þ exp �cDðKwðnÞÞð Þ ; c > 0 ð23Þ
where c denotes the gradient of the sigmoid function. Once the parameter c is specified, the weights are trained
such that
ŵkf g ¼ arg minfwkgL ð24Þ
It is considered that the steepest descent method is the easiest way to optimize the weights according to the
above criterion.

On the other hand, direct adoption of the steepest descent technique is found to be difficult due to the con-
straints on the weights as given by (19). We therefore adopt the following parameter transformation.
~wk ¼ log wk k ¼ 1; . . . ;Mð Þ: ð25Þ
Let f~wkðnÞg denote the set of estimates for the transformed weights at time n. Then, it is updated based on the
steepest descent algorithms as follows:
~wkðnþ 1Þ ¼ ~wkðnÞ � �
oLðnÞ
o~wk

����
~wk¼~wkðnÞ

ð26Þ
where �ð> 0Þ is a step size. The gradient of (26) is obtained as follows (Kida and Kawahara, 2005):
oLðnÞ
o~wk

¼ oLðnÞ
oD KwðnÞð Þ

oD KwðnÞð Þ
og

og
o~wk

ð27Þ
where
oLðnÞ
oDðKwðnÞÞ

¼ c � LðtÞ 1� LðnÞð Þ; ð28Þ

oDðKwðnÞÞ
og

¼
�1 if D < 0

1 if D > 0

�
; ð29Þ

og
o~wk
¼ wk log KkðnÞ: ð30Þ
After ~wk is updated, ~wk is inversely transformed to wk using the following rule:
wk ¼
expð~wkÞPM
i¼1 expð~wiÞ

ð31Þ
where (31) includes normalization of the weights to satisfy the constraint in (18). Comparing Kw and a given
threshold value finally reveals the proposed VAD method which is the optimally weighted LR-based test as
follows:
KwðnÞ ¼
1

M

XM

k¼1

wk log KkðnÞ
H1
>
<

H0

g ð32Þ
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3.2. A support vector machine-based voice activity detection

As stated in (14) and (32), we can see that the statistical model-based VADs basically adopt the geometric
mean for the decision rule based on the LR test. For a successful VAD operation, effective decision function as
well as the relevant input feature are significantly required. For this, the SVM was originally incorporated in
the VAD based on the ITU-T G.729B VAD parameters and gave a good performance (Enqing et al., 2002).
This is attributed to the fact that the SVM-based VAD provides an effective generalization performance on
classification problems based on the machine learning. Recently, in the method of Ramirez et al. the SVM-
based VAD was further improved incorporating two kinds of features such as subband SNR and long-term
SNR (Ramirez et al., 2006).

In this regards, we present the SVM-based VAD employing effective feature vectors (Jo et al., 2008). Actu-
ally, we consider a posteriori SNR, a priori SNR and predicted SNR as principal parameters of the SVM. The
rest of this section is organized as following. First subsection describes the feature extraction process which is
considered to be the input vector of the SVM. In next subsection, the SVM-based VAD is given in detail.

3.2.1. Feature vector extraction

Again, we assume that a noise signal d is added to a speech signal s, with their sum being denoted by x. By
taking the discrete Fourier transform (DFT), we then have the noise spectra D, the clean speech spectra S and
the noisy speech spectra X such that
X kðnÞ ¼ SkðnÞ þ DkðnÞ ð33Þ

where k is the frequency-bin index (k ¼ 0; 1; � � � ;M � 1) and n is the frame index (n ¼ 0; 1; � � �). Assuming that
speech is degraded by uncorrelated additive noise, two hypotheses that the VAD should consider for each
frame are
H 0 : speech absent : XðnÞ ¼ DðnÞ ð34Þ
H 1 : speech present : XðnÞ ¼ SðnÞ þDðnÞ ð35Þ
in which XðnÞ, DðnÞ, and SðnÞ denote the DFT coefficients at the nth frame of the noisy speech, noise, and
clean speech, respectively. With the complex Gaussian probability density functions (pdf’s) assumption, the
distributions of the noisy spectral components conditioned on both hypotheses are given by
pðX kjH 0Þ ¼
1

pkd;k
exp � jX kj2

kd;k

( )
ð36Þ

pðX kjH 1Þ ¼
1

pðkd;k þ ks;kÞ
exp � jX kj2

kd;k þ ks;k

( )
ð37Þ
where ks;k and kd;k denote the variances of Sk and Dk, respectively. The a posteriori SNR and a priori SNR, to
be used as parameters, are then defined by
ckðnÞ �
X kðnÞj j2

kd;kðnÞ
ð38Þ

gkðnÞ �
ks;kðnÞ
kd;kðnÞ

: ð39Þ
First, we consider the a posteriori SNR ckðnÞ as the first feature vector, which is derived by the ratio of the
input signal X kðnÞ and the variance kd;kðnÞ of the noise signal DkðnÞ updated in the periods of speech absence.
The second feature vector is the a priori SNR gkðnÞ based on the well-known DD approach as follows
(Ephraim and Malah, 1984):
ĝkðnÞ � a
bSkðn� 1Þ
��� ���2
kd;kðn� 1Þ þ 1� að ÞP ckðnÞ � 1½ �; 0 6 a 6 1 ð40Þ
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where a(=0.99) is the experimentally optimized smoothing parameter, and jbS kðn� 1Þj is the amplitude estima-
tor of the kth signal spectral component in the ðn� 1Þth analysis frame. P ½�� is an operator that P ½x� ¼ x if
x P 0 and P ½x� ¼ 0 otherwise.

The third feature vector is the predicted SNR, which is estimated by the long-term smoothed power spectra
of the background noise and speech (Chang et al., 2006). Assuming that kd;kðnÞ and ks;kðnÞ denote the power
spectra at the nth analysis frame of noise and clean speech, respectively. The estimated noise and speech power
for the predicted SNR estimation method are then given by
k̂d;kðnþ 1Þ ¼ fd k̂d;kðnÞ þ 1� fdð ÞE DkðnÞj j2 X kðnÞj
h i

k̂s;kðnþ 1Þ ¼ fsk̂s;kðnÞ þ 1� fsð ÞE SkðnÞj j2 X kðnÞj
h i ð41Þ
where k̂d;kðnÞ and k̂s;kðnÞ are the estimates for kd;kðnÞ and ks;kðnÞ. Also, fdð¼ 0:98Þ and fsð¼ 0:98Þ are the exper-
imental chosen parameter values for smoothing under a general stationarity assumption on DkðnÞ and SkðnÞ.
Based on (41) and statistical assumptions made on DkðnÞ and SkðnÞ, we obtain
E DkðnÞj j2 X kðnÞj
h i

¼ E DkðnÞj j2 X kðnÞ;H 0j
h i

pðH 0jX kðnÞÞ þ E DkðnÞj j2 X kðnÞ;H 1j
h i

pðH 1jX kðnÞÞ ð42Þ

E SkðnÞj j2 X kðnÞj
h i

¼ E SkðnÞj j2 X kðnÞ;H 0j
h i

p H 0jX kðnÞð Þ þ E SkðnÞj j2 X kðnÞ;H 1j
h i

p H 1jX kðnÞð Þ ð43Þ
where
E DkðnÞj j2 X kðnÞ;H 0j
h i

¼ X kðnÞj j2 ð44Þ

E SkðnÞj j2 X kðnÞ;H 0j
h i

¼ 0 ð45Þ

E DkðnÞj j2 X kðnÞ;H 1j
h i

¼ n̂kðnÞ
1þ n̂kðnÞ

 !
k̂d;kðnÞ þ

1

1þ n̂kðnÞ

 !2

X kðnÞj j2 ð46Þ

E SkðnÞj j2 X kðnÞ;H 1j
h i

¼ 1

1þ n̂kðnÞ

 !
k̂s;kðnÞ þ

n̂kðnÞ
1þ n̂kðnÞ

 !2

X kðnÞj j2 ð47Þ
with
n̂kðnÞ �
k̂s;kðnÞ
k̂d;kðnÞ

ð48Þ
where p H 0 j X kðnÞð Þð¼ 1� p H 1 j X kðnÞð ÞÞ is the speech absence probability for each frame (Chang et al.,
2006). Finally, the estimate of the predicted SNR n̂kðnÞ at the nth computed frame is based on the equations
given in (41) and (48).

3.3. VAD based on SVM

The SVM makes it possible to build an optimal hyperplane that is separated without error where the dis-
tance between the closest vectors and the hyperplane becomes maximal. Given training data consisting of N-
dimensional patterns xi and the corresponding class labels zi, ðx1; z1Þ; . . . ; ðxl; zlÞ; x 2 RN ; z 2 fþ1;�1g, the
equation for the hyperplane is given by hw; xi þ b ¼ 0 where w is the weighted vector, b is the bias and
hv; ui represents the inner product between the two vectors v and u. The SVM inherently offers support vectors
x�i ði ¼ 1; . . . ;KÞ and optimized bias b� from the training data, and then output function of the linear SVM for
an input vector x is obtained as
f ðxÞ ¼ w�; xh i þ b� ¼
XM

i¼1

a�i zi x�i ; x
� �

þ b� ð49Þ
where a�i is the solution of the quadratic programming problem (Vapnik, 1999).
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On the other hand, various kernel functions are introduced rather than the linear kernel in order to consider
nonlinear input space (Vapnik, 1999). The output function of the nonlinear SVM applied to the kernel func-
tion is given by
f ðxÞ ¼
XM

i¼1

a�i ziQ x�i ; x
� �

þ b� ð50Þ
where Q denotes the applied kernel function. The output function of the SVM, f ðxÞ can be viewed as the
weighted and corrected distance from the input data x to the support vectors

3.4. Experiments and results

3.4.1. Experimental results for MCE–VAD
Performance of the proposed algorithm was evaluated on the NTT database that consists of a number of

speech materials (Chang et al., 2006). All the training data used for the MCE technique were recorded from 4
male speakers and 4 female speakers.

For training, we made reference decisions on the clean speech material of 230 s long by manually labeling
the active and inactive regions of the speech signal every 10 ms frame. The percentage of the hand-marked
active speech frames was 57.1%, which consisted of 44.0% voiced sounds and 13.1% unvoiced sounds frame.
In order to create noisy environments, we added the car and street noises to the clean speech data at 5 and
15 dB SNR. The parameters used for defining the objective function L were selected such that c ¼ 1 and
the step size for parameter update was set to � ¼ 1� t

40000
. In practice, a threshold value of the combined score

was set to 0 as the experimentally chosen boundary in the middle of Kw involving speech and Kw involving
noise. Subsequently, the weights were obtained from optimization on the separate training set in all the train-
ing conditions. We can observe that the loss function monotonically and quickly converses to the global min-
imum (less than 700 frames). Indeed, among the different sets of the weights, we selected only a single set of the
weights as a representative case which is obtained based on an observation that the weights under each train-
ing condition seem to be quite similar.

For testing, we used different speech material (220 s in duration) from the NTT database. From this, it can
be considered that the proposed scheme can be generalized also on other databases. Note that these prior
knowledges were extracted from the NTT database which may be considered to be sufficiently large to repre-
sent the characteristics of the speech signal. More accurate prior knowledges can be obtained through the
same methodology if the larger database is used.

For evaluation purposes, we manually labeled the test material using 10 ms frames. To simulate noisy con-
ditions, car and street noises are again added to the clean speech data at 5 and 15 dB SNR. The receiver oper-
ating characteristics (ROCs), showing the trade-off between P d and P f of clean, car and street noise
environments are shown in Figs. 3–7. In addition, the performance improvement was investigated for voiced
sounds and unvoiced sounds, respectively. While the performance improvement is not observed in the clean
speech condition as shown in Fig. 3, the proposed algorithm performs better than the conventional VAD
(Sohn et al., 1999) in all noisy conditions as illustrated in Figs. 4–7. The test results confirm that the proposed
MCE method effectively enhance the performance of the statistical model-based VAD. In particular, it is obvi-
ous form the results that the detection accuracy with the proposed scheme is considerably improved for
unvoiced sounds while preserving performance for voiced sounds.

3.4.2. Experimental results for SVM–VAD
In the feature vector extraction step for the SVM, speech data spoken by four male and four female speak-

ers were sampled at 8 kHz. We added vehicular and street noises to 226 s of clean speech data by varying SNR
values between 5 and 25 dB. Feature vectors were extracted using (38), (40) and (48) for the training proce-
dure. We organized the 12th feature vector (= 4 a priori SNRs + 4 a posteriori SNRs + 4 predicted SNRs)
from 4 frequency bands considering the frequency subbands correlation and computational efficiency. Actu-
ally, we constructed 4 frequency bands employing the subband combining to cover whole frequency ranges
(�4 kHz) of the narrowband speech signal which is analogous to that of the IS-127 noise suppression
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Fig. 3. ROC curves for clean speech. (a) Overall speech. (b) Voiced sounds. (c) Unvoiced sounds.
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Fig. 4. ROC curves for car noise (SNR = 5 dB). (a) Overall speech. (b) Voiced sounds. (c) Unvoiced sounds.
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algorithm (TIA/EIA/IS-127, 1996). Respective 4 channels have the low ðfLÞ and high ðfH Þ frequencies for the
128 points DFT coefficients as following:
fL ¼ 2; 10; 20; 36f g; f H ¼ 9; 19; 35; 63f g ð51Þ

For the nonlinear classification, a radial basis function (RBF) kernel is chosen for training in our experiments
(Ramirez et al., 2006). To evaluate the performance of the proposed VAD, the receiver operating character-
istics (ROC) were applied to compare its performance with other algorithms presented in (Ramirez et al.,
2006). For the evaluation, we made reference decisions on clean speech material 230 s long by manually label-
ing every 10 ms frame. For a investigation of non-speech hit rate (HR0) and false-alarm rate (FAR0 =
1-HR1), we define HR0 as the ratio of correct non-speech decisions to the hand-marked non-speech frames
and FAR0 as that of false non-speech decisions to the hand-marked speech frames. The percentage of
hand-marked actual speech frames was 57.1% which consisted of 44.0% voiced sound frames and 13.1%
unvoiced sound frames.
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Fig. 5. ROC curves for street noise (SNR = 5 dB). (a) Overall speech. (b) Voiced sounds. (c) Unvoiced sounds.
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Fig. 6. ROC curves for car noise (SNR = 15 dB). (a) Overall speech. (b) Voiced sounds. (c) Unvoiced sounds.
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To simulate noisy environments, we added vehicular and street noises to the clean speech data by 5 dB
SNR and 15 dB SNR. For the real-time processing in (Ramirez et al., 2006), we implemented the SVM–
VAD using the 4 subband SNR feature as specified in Subsection 3.2. Figs. 1–4 show the ROC curves of
the proposed VAD and other recently reported SVM–VADs in noisy environments (Enqing et al., 2002),
(Ramirez et al., 2006). The working points of the ITU-T G.729B VAD are also included. From Fig. 8, it
can be clearly seen that the presented scheme has performance better than or at least comparable to that of
conventional methods in most of the street noisy condition. As the SNR is increased as depicted in Fig. 9,
we can see that our approach produced the best detection performance except for the high false-alarm
operating condition.

On the other hand, according to Figs. 10 and 11, which show the results for the street noise, the proposed
VAD algorithm yielded a performance superior to other approaches at all SNRs. In addition, the presented
technique has been found to improve the detection accuracy of VAD at low SNR (5 dB) compared to that of
relatively high SNR (15 dB). This phenomena are attributable to the superiority of the a priori SNR and the
predicted SNR under the adverse non-stationary noise environments as specified in (Chang et al., 2006).
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Fig. 7. ROC curves for street noise (SNR=15 dB). (a) Overall speech. (b) Voiced sounds. (c) Unvoiced sounds.
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Fig. 8. ROC curves of SVM–VAD under vehicular noise (SNR = 5 dB).
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Fig. 9. ROC curves of SVM–VAD under vehicular noise (SNR = 15 dB).
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Fig. 10. ROC curves of SVM–VAD under street noise (SNR = 5 dB).
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Fig. 11. ROC curves of SVM–VAD under street noise (SNR = 15 dB).
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4. Conclusion

We have employed the complex GCD as a statistical model of spectral distribution for VAD based on LRT.
The parameters of GCD’s were estimated through a gradient ascent algorithm incorporating GSAP as a mea-
sure of speech inactivity. Also, we have proposed the VAD method incorporating machine learning techniques
such as the MCE and SVM scheme as new decision statistics. From the experimental results we have seen that
the VAD algorithms gave a better performance compared to the conventional predominant approaches.
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