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Abstract—This paper presents a new method for voice activity
detection (VAD) based on the autoregressive-generalized autoregressive conditional heteroscedasticity (AR-GARCH) model. The
speech signal is modeled as an AR-GARCH process in the time
domain, and the likelihood ratio is computed and compared to a
threshold. The time-varying variance of the speech signal needed
for computing the likelihood function under speech presence
hypothesis, is estimated using the AR-GARCH model. The model
parameters are estimated using a novel technique based on the
recursive maximum likelihood (RML) estimation. The variance
of the additive noise, a critical issue in designing a VAD, is estimated using the improved minima controlled recursive averaging
(IMCRA) method, which is properly modified to be applicable to
noise variance estimation in the time domain. The performances
of the VAD and the parameter estimation method are examined
under several conditions. Experimental results indicate the robustness of the AR-GARCH based VAD both to noise variations
and low signal-to-noise ratio (SNR) conditions.
Index Terms—Autoregressive-generalized autoregressive conditional heteroscedasticity (AR-GARCH), noisy data, nonstationary
noise, parameter estimation, voice activity detector (VAD).

I. INTRODUCTION
OICE activity detection (VAD) is an integral part of
all speech communication systems. Examples of such
systems are audio conferencing, hands-free telephony [1],
and discontinuous speech transmission [2]. During the last
few decades, many researchers have dealt with this issue.
The modern VADs are derived from statistical model-based
algorithms in which the likelihood ratio test (LRT) is applied
to a set of hypotheses. These VADs are developed in [3]–[6].
In all of these methods, the speech signal is transformed to
the short-time Fourier transform (STFT) domain and different
models are applied to the speech data in the STFT domain. For
instance, Sohn et al. [3] and Ramirez et al. [4] assumed that the
spectral coefficients of the noise and speech signal are complex
Gaussian random variables. Chang et al. [5] utilized the complex Laplacian and Gamma probability density functions (pdfs)
to model the distributions of the speech and noise spectra. Shin

V

Manuscript received December 01, 2009; revised May 03, 2010; accepted
August 17, 2010. Date of publication August 30, 2010; date of current version
March 30, 2011. This work was supported by the Israel Science Foundation
under Grant 1085/05. The associate editor coordinating the review of this manuscript and approving it for publication was Dr. Michael Lewis Seltzer.
The authors are with the Department of Electrical Engineering, Technion—Israel Institute of Technology, Technion City, Haifa 32000, Israel.
(e-mail: samanm@tx.technion.ac.il; icohen@ee.technion.ac.il).
Color versions of one or more of the figures in this paper are available online
at http://ieeexplore.ieee.org.
Digital Object Identifier 10.1109/TASL.2010.2070494

et al. [6] applied the generalized gamma distribution to model
the distribution of the clean speech spectrum. Davis et al. [7]
proposed the statistical VAD method that makes no assumption
about the distributions of the speech spectra.
Recently, Cohen [8] modeled the speech signal in the STFT
domain as a complex GARCH process and used this model for
speech enhancement. He showed that the time varying variance
of the speech signal can be estimated using a complex GARCH
model with Gaussian innovations. The well-known decision-directed method of Ephraim and Malah [9] can be derived as a special case using GARCH modeling. Solvang et al. [10] used the
AR-GARCH model for VAD. In their work, they represent the
AR part of the AR-GARCH model with a state-space to obtain
the appropriate linear prediction error series. By applying the
GARCH model to the residuals, they estimate the conditional
variance sequences corresponding to the voice activity parts. To
detect voice activity, they establish an appropriate threshold for
the conditional variance sequences. However, their method is
not computationally efficient and cannot be used in real time
speech signal processing. Furthermore, they assume that the
model is identified from frames with speech being present, but
in the application at hand these frames are unknown to the user
in advance.
In this paper, we present a new VAD using AR-GARCH modeling of the speech signal in the time domain. This model relies
on the fact that speech signals in the time domain can be modeled
as AR processes [11] and also demonstrate both the variability
clustering and the heavy-tail behavior, that are the main properties of GARCH processes. Our VAD is based on the LRT, so we
need to compute the likelihood function of the observations under
the speech presence and absence hypotheses. The time varying
variance of the speech signal needed for computing the likelihood function under speech presence hypothesis is estimated
using the AR-GARCH model. To be able to use this model, one
should know the parameters of the model or estimate them from
the available data. Since the available data is often corrupted by
additive noise, we present a novel technique for parameter estimation of the AR-GARCH model in presence of additive noise.
To compute the likelihood function of the observations under
speech presence and absence hypotheses, we need to know the
variance of the additive noise, which might be time varying. The
improved minima controlled recursive averaging (IMCRA) [12]
method has been modified and utilized for estimating the variance of the corrupting noise in the time domain.
The paper is organized as follows. In Section II, we introduce
the AR-GARCH model and show its applicability to speech signals. In Section III, we introduce our parameter estimation al-
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gorithm. In Section IV, we introduce our VAD, which is based
on the AR-GARCH modeling of the speech signal in the time
domain. Finally in Section V, we examine the performance of
our method using several simulations.
II. AR VERSUS AR-GARCH MODELING OF SPEECH SIGNALS
The GARCH model was first introduced by Bollerslev
[13] as an extension of the ARCH model developed by
Engle [14] in economic data modeling. Since then, many
researchers have tried to expand and use these models in
several applications. AR-GARCH is one of these extensions
[15]. The AR -GARCH(1,1) process is a filtered version of
a GARCH(1,1) process with an all-pole filter. This model is
defined by the following three equations:

Fig. 1. Spectrum of a typical clean speech signal together with the spectrum of
a synthetic AR-GARCH process.

(1)
(2)
(3)
where is the time index, ’s and in (1) are the parameters and
the order of the AR part, respectively, ’s in (2) are zero-mean
independent identically distributed random variables with unity
variance, ’s in (3) are the parameters of the GARCH (1, 1)
is the one-sample-ahead conditional variance
model, and
of the clean signal. We assume that ’s are Gaussian random
variables because this distribution models the speech data better
than the Laplace or Gamma distributions [8].
We use the AR-GARCH to model the speech signal in the
time domain, because it can model two main characteristics of
the speech signals. Practical evidence shows that the spectrum
of speech signals is very similar to that of AR processes. Since
the spectrum of AR-GARCH processes depends only on the coefficients of the AR part, we can use the AR-GARCH model
to model the spectral characteristics of speech signals. Another
common property of speech signals and AR-GARCH processes
is that they both have heavy tail pdfs. Fig. 1 shows the spectrum of a typical clean speech signal consisting of both male
and female speakers from the TIMIT database [16], together
with the spectrum of a synthetic AR(5)-GARCH(1,1) process.
The spectrums are estimated using the Welch method [17]. The
synthetic AR-GARCH process is simulated using the parameters estimated from the clean speech signal using the RML
method (discussed in the next section). From this figure, it is
obvious that the spectrum of the speech signal is very similar
to that of the synthetic AR-GARCH process. Fig. 2 displays the
quantile-quantile plot (QQ-plot) of the quantiles of the speech
signal versus the quantiles of the synthetic AR-GARCH samples. The purpose of the QQ plot is to determine whether the
samples of two processes come from the same distribution. If
the samples do come from the same distribution (same shape),
even if one distribution is shifted and re-scaled from the other
(different location and scale parameters), the plot will be linear.
A reference line passing through the first and third quartiles is
helpful for judging whether the points are linear. We provide in
Fig. 3 the spectrum of a synthetic AR(5) process with Gaussian
residual samples together with the spectrum of a clean speech
signal. In Fig. 4, we also provide the QQ-plot of the quantiles
of the speech signal versus the quantiles of the synthetic AR(5)

Fig. 2. QQ-plot of the quantiles of speech signal versus the quantiles of a synthetic AR-GARCH process.

Fig. 3. Spectrum of a typical clean a speech signal together with the spectrum
of a synthetic AR process.

process with Gaussian residual samples. From Figs. 1–4, we see
that although both AR and AR-GARCH models can model the
spectral properties of speech signals very well, the QQ-plot of
the quantiles of the speech signal versus the quantiles of the
AR-GARCH process is linear in a wider range when comparing
the quantiles of the speech signal versus the quantiles of the AR
process. This means that an AR-GARCH model can model the
speech signal in the time domain much better than the widely
used AR model.
III. AR-GARCH PARAMETER ESTIMATION
In this section, we introduce a computationally efficient
method for estimating the parameters of the AR-GARCH
model from noisy observations. This method is then used in the
next section for obtaining the proposed VAD.
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the noise in the STFT domain in the th time frame and the th
sample
frequency bin. Thus, the estimate of the noise for a
time frame is as follows:
(7)

Fig. 4. QQ-plot of the quantiles of a speech signal versus the quantiles of a
synthetic AR process with Gaussian residual.

Let be a corrupted version of an AR-GARCH process with
additive white Gaussian noise, i.e.,
(4)
where is the number of available data and is the sequence
with unof additive white Gaussian noise independent of
known variance, i.e.,
(5)
Our purpose is to estimate the hidden states ( ’s) and the pausing
rameters of the model
the available noisy data
.
The first step in obtaining the states and the parameter estimators is to estimate the variance of the corrupting noise (i.e.,
). Although most of the authors assume that the variance
of the additive noise is known, in the current application (i.e.,
VAD) this assumption is not reasonable. The statistical properties of the noise are estimated from the speech-free frames and
in this application these frames are unknown to the user in advance. Furthermore, the variance of the additive noise can be
time varying. Hence, we need a method for estimating it adaptively. The IMCRA method is used for estimating the statistical
properties of the additive noise (i.e., its variance). Note that the
IMCRA method estimates the variance of the noise in the frequency domain (the STFT domain) while we need the variance
of the noise in the time domain. In order to estimate the variance
of the noise in the time domain using the estimates of the variance of the noise in the STFT domain, we use the well-known
Parseval’s relation. Suppose that the th frame consists of
samples of noisy speech signal and assume that the noise is stationary in this frame. Using Parseval’s relation, we have

where
is the estimate of the variance of the noise in the
STFT domain in the th time frame and the th frequency bin
obtained by the IMCRA method.
Using this estimate of the noise variance, we now introduce
our state smoothing and parameter estimation method. The optimal estimator in the MMSE sense is the conditional mean, i.e.,
(8)
where
is the set of observations up
to time . Let
and
be the set of clean samples (hidden states) and their
estimates up to time , respectively. Furthermore, as in [8], we
assume that past estimates of the one-sample-ahead conditional
variance and past estimates of the clean signal are sufficient
statistics for one-sample-ahead conditional variance and clean
signal estimation, i.e.,

(9)

(10)
To estimate the clean signal, note that

(11)
and
(12)
Using (4), (9), (11), (12) and the well-known estimate of
Gaussian signals in Gaussian noise [18], we get

(13)
Substituting (3) into (10) we get

(6)
where
number

is the STFT coefficient of the noise in time frame
and in the th frequency bin.
is the variance of

(14)
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The last step to complete the formulation of the MMSE estimaas follows:
tion of the clean signal is to compute

(15)
The last expectation in (15) can be easily computed using
posterior pdf of the Bayesian general linear model [18, eqs.
(10.28)–(10.29)] as follows:
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the parameters. The maximization problem described in (17)
has no closed form solution, so it must be solved by numerical
methods such as the steepest decent [19]. The main drawback
of the steepest decent method is its high computational load
making it inapplicable in real-time applications such as speech
enhancement. In order to overcome this problem, a procedure
like the one presented in [20] can be used to estimate the parameters together with the clean signal adaptively. The idea behind
this method is to update the gradient of the likelihood function
each time we receive new data. Next, the algorithm uses this
estimate of the gradient vector to update the estimate of the parameter vector in the same way as the steepest decent method.
Under suitable regularity conditions described in [21] it can
be shown that the average log-likelihood converges to the following limit
(19)
It can also be shown that
admits
as a global maximum
where is the global maximum of the log-likelihood function
, one can use a stochastic approxin (17) [22]. To maximize
imation (SA) algorithm to update the parameter estimate at time
using the following recursion formula:
(20)
where

is the parameter estimate at time
, and
is computed in the Appendix. This method
is called recursive maximum-likelihood (RML), and the algorithm for this method is summarized in Table I. In this table, the
step size, is a positive non-increasing sequence, such that
(21)
(16)
So far, we have assumed that the parameters are known and
we have found the MMSE estimate of the clean signal and the
one-sample-ahead conditional variance. In real applications,
this assumption is often not true, and we have to estimate the
parameters of the model from the noisy observations. The ML
estimate of the parameters is obtained by solving the following
nonlinear optimization problem

(22)
It can be shown that
will converge to the set of (global or
[22]. It is worth mentioning that
local) maxima of
the RML method can also be used for adaptive parameter estimation (varying parameters). In this case, the choice of will
be a tradeoff between tracking capability (large ) and low estimation noise around the parameter (small ).
A. Considering the Stationarity Conditions

(17)
where

(18)
and
are, respectively, the likelihood function
and
given the parameters and the maximum-likelihood estimate of

Often in signal processing applications, it is needed that
the estimated model be stationary. Hence, we must maximize the log-likelihood function under stationarity conditions.
The AR-GARCH process is strictly stationary with finite
second-order moment if and only if the following conditions
hold [15]:
and
.
1)
2)
.
must be inside the unit
3) All the roots of
circle.
It is obvious that the third condition is highly nonlinear and
cannot be easily applied to nonlinear optimization [19].
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decrease computational complexity. In order to use these numerical methods, we must compute the gradient of the log-likelihood function of the current observation conditioned on past
observations with respect to the recently defined vector of pa. The first three elements of the gradient vector are
rameters
computed in the Appendix ((37)–(41)), and the other elements
can be computed using the following equations:

TABLE I
RECURSIVE ML ALGORITHM FOR ESTIMATING THE PARAMETERS
OF A NOISY AR-GARCH PROCESS

(25)

To overcome this problem, we use an alternative condition for the stationarity of AR processes that the roots of
are inside the unit circle (so that the AR
,
process is stationary) if, and only if,
where ’s are the reflection coefficients of the AR model
[17]. The reflection coefficients of the AR model can be
computed uniquely from the AR coefficients recursively
using the Levinson–Durbin recursion algorithm as follows
[17]:

where the partial derivative of the log-likelihood
function with respect to the AR parameters (i.e.,
) is computed in the
with respect
Appendix (41), and the partial derivative of
to
(i.e.,
) can be obtained recursively from the
following equations [23]:
if
if

if
if

and
(26)

(23)
Therefore, it can be concluded that the AR-GARCH
process is strictly stationary with finite second-order moment if, and only if, 1), 2), and the following conditions
hold:
.
4)
Obviously, three inequality constraints (i.e., 1), 2), and 4))
are linear, and the ML estimate of the parameters can be
found by solving the following optimization problem:

s.t.
and
(24)
is the vector of
where
parameters consisting of the parameters of the GARCH
part and reflection coefficients of the AR part.
It is clear that the maximization problem described in (24)
has no closed form solution and must be solved using numerical methods such as the gradient projection method [19]. As
previously stated, this optimization problem has a high computational load; therefore, we use the RML method in order to

In the next section, we use the stationarity conditions along with
the RML parameter estimation method in order to propose a new
VAD.
IV. VAD BASED ON AR-GARCH MODELING OF SPEECH
SIGNALS IN TIME DOMAIN
In this section, we introduce our VAD, which is based on
an AR-GARCH model. We assume that the speech signal in
the time domain can be modeled by an AR-GARCH process.
be the noisy samples of the speech signal in the time
Let
domain divided by the noise variance, . The noise variance
is estimated by the IMCRA method and (6)–(7). This makes the
proposed VAD a constant false alarm rate (CFAR) VAD, without
affecting the overall performance of the algorithm. Suppose that
we have a time frame and we want to decide whether it consists
be the number
of speech or not. Let be the frame index,
be the overlap factor
of samples in each frame, and
between adjacent frames. The likelihood ratio (LR) for the th
, can be written as
sample, given the observations up to
follows:
(27)
and
are the speech presence and absence hywhere
potheses, respectively. The decision rule for the th time frame

MOUSAZADEH AND COHEN: AR-GARCH IN PRESENCE OF NOISE: PARAMETER ESTIMATION AND ITS APPLICATION TO VAD

is established from the geometric mean of the likelihood ratios
for the individual time sample [3], which is given by
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TABLE II
PROPOSED VAD ALGORITHM USING AR-GARCH MODELING

(28)
and
. Suppose
where
that the estimate of the model parameters
, the one-sampleahead conditional variance of the speech signal
, and the
are obtained using the RML
estimate of the clean signal
procedure. The numerators of the terms in the right side of (37)
can be computed using (37). Assuming that the noise is white
Gaussian with known variance, the denominators of the terms
in the right side of (27) can be computed by

(29)
Another issue that must be taken into account is the correlation between consecutive samples of the speech signal. The sequence of speech activity states can be modeled as a first-order
Markov process which may help to prevent clipping of weak
speech [3]. Based on the total probability theorem and Bayes’
rule, we can easily derive the soft VAD rule as follows [24]:
(30)
where is the index of a time frame consisting of samples,
is the likelihood ratio of the th frame, which can be com, and
are the soft decision rule
puted by (27), and
with and without using the information provided by the th
and
frame data, respectively. The relationship between
is similar to the relationship between the current state
and the previous state in the Markov model and is given by [24]

TABLE III
MSE IN PARAMETER ESTIMATION AND MSE IN ESTIMATION OF

FOR DIFFERENT SNR LEVELS

(31)
and
denote the probabiliwhere
ties of speech activity in the current frame when there is silence
or speech in the previous frame, respectively. The issue of seand
is a tradeoff between the problecting the values of
ability of false alarm
and the probability of missed detec. This means that a smaller value of
results in
tion
less noise detected as signal (smaller probability of false alarm)
at the expense of more front-end speech being detected as noise
and that a greater value of
cause less middle
(greater
speech clipping at the expense of more front-end speech being
detected as noise.
Our final voice activity detector is obtained by comparing
to a predetermined threshold, i.e.,
if
otherwise

(32)

determines the trade-off between the probability of
where
and the probability of detection
. The profalse alarm
posed VAD algorithm is summarized in Table II. In this table,
is the th element of the vector . As stated in Table II, the VAD
algorithm first utilizes the IMCRA method to estimate the noise
is then defined by
variance. A new observation sequence
dividing the noisy speech sequence by the estimated noise variance obtained by the IMCRA method. Then, the RML method
is used to estimate the parameters of the AR-GARCH model together with the hidden states and the one-sample-ahead variance
of the speech signal. Finally the likelihood ratio is computed
using the estimated one-sample-ahead variance of the speech
signal and is compared to a threshold.
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V. PERFORMANCE EVALUATION
In this section, we evaluate the performance of the proposed
parameter estimation method and VAD under several conditions. In the first experiment, we compare the performance of
the constrained ML parameter estimation method (i.e., optimization problem in (24) solved using gradient the projection
method [19]) with those of two different ML methods. The first
method, denoted by MLClean, employs clean data (unavailable
in practical situations) for estimating the parameter. The second
method, denoted by MLNoisy, utilizes the noisy data for estimating the parameter but falsely handles the data as clean.
In this experiment, we use ten different AR(2)-GARCH(1, 1),
processes corrupted with zero-mean complex Gaussian white
noise with two different SNR levels. The number of available
is set to 1024. The process is a zero-mean Gaussian
data
white process with unity variance. The reflection coefficients
of the AR part are chosen randomly and uniformly from the
, and the parameters of the GARCH(1, 1) are
interval
chosen randomly and uniformly from the interval (0,1) such
that the processes will be stationary. In this experiment, the
additive corrupting noise variance is assumed to be known.
For evaluating the performance of the proposed method we
use mean square errors (MSE) in estimation of the parameters
(which were estimated using 1000 realizations) and MSE for
, which are given by
the estimate of

MSE

TABLE IV
PARAMETER VALUES USED FOR THE PROPOSED VAD

Fig. 5. Clean speech signal together with hand-marked VAD.

(33)

(34)
where is the iteration index, is the index for different paramis the th element of the vector of parameters of
eters set,
is the estimate of
in th iteration,
the th process,
is computed as follows:
and

(35)
The results are given in Table III. It is obvious that the proposed
method yields better performance over the MLNoisy method
often used in real world problems. An important point to be
emphasized here is that all of these methods (i.e., constrained
ML, MLNoisy, MlNoisy) have the similar computational loads.
This makes these methods unsuitable for real-time applications.
We give these results for the sake of comparison.
In the second experiment, we compare the performance of the
proposed VAD with those of four commonly used VADs (i.e.,
Sohn et al. [3], Ramirez et al. [4], Chang et al. [5], and Shin et
al. [6]). The speech signal used in our evaluation is taken from
the TIMIT database [16]. We use a speech signal of 12-s-long
consisting of different English sentences from both male and
female speakers sampled at 16 kHz. The speech signal is corrupted by a computer generated white Gaussian noise, and the
overall SNR is set to 5 dB. The parameters of the proposed VAD

Fig. 6. Comparison of ROC curves of the proposed method with those of reference methods for Gaussian noise and SNR
dB.

=5

are given in Table IV. These parameters are chosen experimentally to achieve the highest performance.
The results of the simulations are depicted in Figs. 5 and
6. The clean speech signal together with a hand-marked
VAD is depicted in Fig. 1. The hand-marked VAD is
th time frame, we asobtained as follows. In the
sume that the speech is present whenever
and the speech is absent whenever
, where

No decision is made in other frames. We chose these handmarked VAD thresholds experimentally by two qualitative criteria. The speech presence threshold ( 22 in this case) is chosen
such that the listeners do not sense any essential difference between the original clean signal and the speech signal passed
through the hand-marked VAD. The speech absence threshold
( 23 in this case) is chosen such that the listeners do not sense
any speech signal component in that part of speech which is labeled as silence.
In this experiment, the unknown variance of the additive
noise is estimated using IMCRA for all of the reference
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TABLE V
PROBABILITY OF DETECTION VERSUS PROBABILITY OF FALSE ALARM FOR DIFFERENT SNR LEVELS AND DIFFERENT METHODS (WHITE NOISE)

TABLE VI
PROBABILITY OF DETECTION VERSUS PROBABILITY OF FALSE ALARM FOR DIFFERENT SNR LEVELS AND DIFFERENT METHODS (FACTORY NOISE)

methods. Fig. 6 shows the receiver operating characteristic
(ROC) of the four mentioned methods together with that of the
proposed method. The ROCs show the probability of detection
versus the probability of false alarms
, where
is
the probability that a signal frame is classified as
and
is the probability that a noise frame is classified as
. These
ROCs are obtained by 100 repetitions of the experiment with
the same speech signal and different white Gaussian noise.
From these curves, it is obvious that our method outperforms
the VADs proposed in [3] and [4] for all values of probability
of false alarm. Fig. 6 also shows that although the performance
of the method proposed in [5] and [6] is a little bit better than
that of the proposed method for low probability of false alarm,
the performance of the proposed method is much better than
that of the method proposed in [5] and [6] for high probability
of false alarm. In Table V, we also provide the probability
of detection for different values of probability of false alarm
and different SNR levels for the above-mentioned methods. In
Table V, the best performance in each column (i.e., different
SNRs) is indicated by bold numbers. As can be seen from the
data in this table, the performance of the proposed method is
higher than that of other methods except for low probability
of false alarm in high SNRs, as mentioned before. As can be
seen from the first column of Table V, the proposed VAD also
outperforms the reference VADs even in low probability of
false alarm in low SNRs.
In the third experiment, the effect of the order of the autoregressive part on the performance of the VAD is investigated. The
ROC curves for different values of are depicted in Fig. 9. These
curves are obtained by the same setup explained in the second
dB and the
experiment (i.e., white Gaussian noise and SNR
same set of parameters for the proposed VAD) but a different
speech signal is used. The speech signals were again chosen
from the TIMIT database, half from male and half from female
speakers with total length of 20 s. As can be seen from this
figure, the performances of the different AR-GARCH models
and get worse for a
are approximately the same for
higher order. This is because increasing the order (increasing the
number of parameters) makes the estimation of the parameters
more difficult, and larger error in estimation of the parameters

Fig. 7. Comparison of ROC curves of the proposed method with those of reference methods for factory noise and SNR
dB.

=5

Fig. 8. Comparison of ROC curves of the proposed method with those of reference methods for babble noise and SNR
dB.

=5

impairs the performance of the proposed VAD. Thus, we chose
the first order in other simulations because this model is computationally simpler than higher order models.
In the fourth experiment, we investigate the effect of other
kinds of noise on the performance of the proposed VAD. In this
simulation the parameters of the proposed VAD are chosen from
Table II. Two noise types (factory and babble) are employed in
this experiment. These two noise types are generally difficult to
deal with. For all the reference methods, the IMCRA method
is used for estimating the variance of the noise in the STFT
domain. Figs. 7 and 8 show the ROC of the four mentioned
methods together with that of the proposed method for factory
and babble noise, respectively. We also provide in Tables VI
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TABLE VII
PROBABILITY OF DETECTION VERSUS PROBABILITY OF FALSE ALARM FOR DIFFERENT SNR LEVELS AND DIFFERENT METHODS (BABBLE NOISE)

TABLE VIII
PROBABILITY OF DETECTION VERSUS PROBABILITY OF FALSE ALARM FOR DIFFERENT SNR LEVELS
AND DIFFERENT METHODS (60 Hz ADDITIVE SINUSOIDAL COMPONENT)

Fig. 9. ROC curves of the proposed VAD method for different AR orders.

and VII detection probability for different values of probability
of false alarm and for different SNR levels. In these tables, the
best performance in each column (i.e., different SNRs) is indicated by bold numbers. The figures and tables are obtained using
the same method explained in the second experiment. The advantage of the proposed method over the reference methods is
obvious from these results.
In the final experiment, we evaluate the performance of the
proposed VAD in presence of an additive sinusoidal component.
A 20-s-long speech signal is chosen from the TIMIT database
and corrupted by a sinusoidal signal of 60-Hz frequency. The
SNR is set to 5 dB. The ROC curves for the reference methods
are depicted in Fig. 10. For all reference methods, the IMCRA
method is used for estimating the variance of the additive noise.
We also provide in Table VIII detection probability for different
values of probability of false alarm and for different SNR levels.
In this table, the best performance in each column (i.e., different
SNRs) is indicated by bold numbers. It is apparent that the performance of the proposed VAD is substantially higher than that
of the reference VADs.
VI. CONCLUSION
We have presented a new VAD based on AR -GARCH (1,
1) modeling of the speech signal. We also introduced a novel
procedure based on the ML estimation method for parameter

Fig. 10. Comparison of ROC curves of the proposed method with those of
reference methods in presence of a 60-Hz additive sinusoidal component and
dB.
SNR

=5

estimation of the AR -GARCH (1, 1) model in presence of
additive noise. We presented an adaptive version of parameter
estimation method, namely, the RML method. In this method,
upon receiving a new sample, we updated the likelihood function together with its gradient vector and used the steepest descent method to numerically find the maximum of the log-likelihood function. The proposed VAD is obtained by comparing
the likelihood ratio to a threshold. The likelihood ratio of the
observations was computed using the estimated variance of the
speech signal, which was obtained by the RML algorithm. We
used the IMCRA method for estimating the variance of the additive noise, which can be used under nonstationary conditions.
This enabled our VAD to follow variations in the variance of the
additive noise. Simulation results have demonstrated the high
performance of the proposed method and particularly its advantage in nonstationary noise environments.

APPENDIX
COMPUTATION OF THE GRADIENT VECTOR
In this appendix, we compute the gradient of the pdf of the
current observation conditioned on past observations, i.e.,
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. To find the pdf of the current observation condi, note that the setioned on past observations, i.e.,
quence of the clean signal is independent of the noise sequence;
hence, using (11) and (12) we have

(36)
or equivalently

(37)
For ease of notation, we define three intermediate variables as
follows:

(38)

(39)
and

(40)
The gradient of the log-likelihood function of the current observation conditioned on past observations, i.e.,
can be computed as follows:

(41)
where

is the

th element of vector
.

and
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