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Jointly Gaussian PDF-Based Likelihood Ratio
Test for Voice Activity Detection

Juan Manuel Górriz, Javier Ramírez, Elmar W. Lang, and Carlos G. Puntonet

Abstract—This paper presents a novel voice activity detector
(VAD) for improving speech detection robustness in noisy envi-
ronments and the performance of speech recognition systems in
real-time applications. The algorithm is based on a generalized
complex Gaussian (GCG) observation model and defines an op-
timal likelihood ratio test (LRT) involving multiple and correlated
observations (MCO) based on jointly Gaussian probability distri-
bution functions (jGpdf). An extensive analysis of the proposed
methodology for a low dimensional observation model demon-
strates 1) the improved robustness of the proposed approach
by means of a clear reduction of the classification error as the
number of observations is increased, and 2) the tradeoff between
the number of observations and the detection performance. The
proposed strategy is also compared to different VAD methods
including the G.729, AMR, and AFE standards, as well as other
recently reported algorithms showing a sustained advantage in
speech/nonspeech detection accuracy and speech recognition
performance.

Index Terms—Generalized complex Gaussian (GCG) prob-
ability distribution function, robust speech recognition, voice
activity detection (VAD).

I. INTRODUCTION

T HE EMERGING applications of wireless speech commu-
nication afford increasing levels of performance in noise

adverse environments together with the design of high response
rate speech processing systems. Examples of such systems are
the new voice services including discontinuous speech trans-
mission [1]–[3] or distributed speech recognition (DSR) over
wireless and IP networks [4]–[8]. These systems often require
a noise reduction scheme working in combination with a pre-
cise voice activity detector (VAD) [9] for estimating the noise
spectrum during nonspeech periods in order to compensate its
harmful effect on the speech signal. The nonspeech detection
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Fig. 1. ETSI standard for DSR. Front-end feature extraction.

algorithm is an important and sensitive part of most of the ex-
isting single-microphone noise reduction schemes indeed.

Well-known noise suppression algorithms [10], [11] such as
Wiener filtering (WF) or spectral subtraction, are widely used
for robust speech recognition which is critical during VAD for
attaining a high level of performance. Noneffective speech/non-
speech detection is an important source of performance degra-
dation in automatic speech recognition (ASR) systems. There
are two main motivations for that af follows.

• Noise parameters such as its spectrum are updated during
nonspeech periods being the speech enhancement system
is strongly influenced by the quality of the noise estimation.

• Frame-dropping (FD), a frequently used technique in
speech recognition to reduce the number of insertion
errors caused by the noise, is based on the VAD decision
and speech classification errors lead to loss of speech, thus
causing irrecoverable deletion errors.

An example of such a system is the ETSI standard for DSR
that incorporates noise suppression methods (see Fig. 1). The
so-called advanced front-end (AFE) [4] considers an energy-
based VAD to estimate the noise spectrum for Wiener filtering
and a different VAD for nonspeech FD. The recognizer is usu-
ally based on hidden Markov models (HMMs), and the task
consists of recognizing connected digits, which are modeled as
whole word HMMs with a number of states per word, Gaussian
mixtures per state, etc. First, an HMM is trained for each vocab-
ulary word using a number of examples of that word. Second,
to recognize some unknown word, the likelihood of each model
generating that word is calculated and the most likely model
identifies the word.
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During the last decade, numerous researchers have studied
different strategies for detecting speech in noise and the influ-
ence of the VAD on the performance of speech processing sys-
tems [9], [12]. As an example, there is an increasing interest of
studying the effect of adverse noise conditions on ASR systems
in vehicle environment [13]. The in-vehicle environment pro-
vides a rich background and the big amount of noise-types sig-
nificantly increase the difficulty of the problem. In this way, sev-
eral techniques have been proposed towards solving the problem
by performing noise tracking, environmental sniffing [14], etc.
Most of the works have focussed on the development of robust
algorithms with special attention on the derivation and study of
noise robust features and decision rules [15]–[18]. The different
approaches include those based on energy thresholds [15], pitch
detection [19], spectrum analysis [17], zero-crossing rate [2],
periodicity measures [20], higher order statistics [21], [22], or
combinations of different features [2], [3], [23]. Sohn et al. [18]
proposed a robust VAD algorithm based on a statistical like-
lihood ratio test (LRT) involving a single observation vector,
and an HMM-based hang-over scheme. Later, Cho et al. [24]
suggested an improvement based on a smoothed LRT. The sta-
tistical model proposed by Sohn was extended to generalized
Gaussian distributions in [25], deriving a complex model that
uses the independence assumption of each part. Most VADs in
use today normally consider hangover algorithms based on em-
pirical models to smooth the VAD decision which yields signif-
icant improvements in word ending accuracy. It has been shown
recently [26]–[29] that incorporating long-term speech informa-
tion to the decision rule results in benefits for speech/pause dis-
crimination in high-noise environments also. However, an in-
herent delay is inevitably included, thus challenging the perfor-
mance of real-time processing systems. Finally, an important
assumption made on the latter works needs revision: the inde-
pendence of adjacent observations. In any speech processing
system, the input signal is usually decomposed into overlapping
frames, thus a clear statistical dependence between adjacent fea-
ture vectors is introduced.

In this paper, we propose a hybrid VAD that combines the use
of a hang-over mechanism and contextual information defined
on the previous observations, thus avoiding the inclusion of any
processing delay. In addition, the dependence between observa-
tions is also addressed by using a complex Gaussian model and
the following assumption: the observations are jointly Gaussian
distributed with nonzero correlations. Important issues that
also need to be discussed are 1) the increased computational
complexity mainly due to the definition of the decision rule
over large data sets, and 2) the optimal criterion for the decision
rule. This work represents considerable progress in the field
by defining a decision rule based on an optimal statistical
LRT which involves multiple and correlated observations. The
paper is organized as follows. Section II reviews the theoretical
background on the LRT statistical decision theory and proposes
a generalized complex Gaussian observation model. Section III
considers its application to the problem of detecting speech
in a noisy signal and addresses the computation of the novel
MCO-LRT for VAD. Sections IV and V analyze the proposed
method for just two and three consecutively correlated speech

Fig. 2. Example of processing windows of an utterance in the Aurora 3 data-
base (T = 1=8000 s). Note how the overlap between frames affects the sta-
tistical independence assumption.

observations, respectively, using the AURORA 3 Spanish
SpeechDat-Car (SDC) database [30]. Section VII describes
the experimental framework considered for the evaluation
of the proposed endpoint detection, and finally, Section VIII
summarizes the conclusions of this work.

II. MULTIPLE OBSERVATION LIKELIHOOD RATIO TEST

Under a two hypotheses test, the optimal decision rule that
minimizes the error probability is the Bayes classifier. Given an
observation vector to be classified, the problem is reduced to
selecting the class ( or with the largest posterior proba-
bility . From the Bayes rule

(1)

where denotes the likelihood of each hypothesis, and
is the conditional probability of the observation given the oc-
currence of for . In the LRT, only a single obser-
vation is considered and represented by a vector . The per-
formance of the decision procedure can be improved by incor-
porating more observations into the statistical test. When
measurements , are available in a two-class clas-
sification problem, a multiple observation likelihood ratio test
(MO-LRT) [26] can be defined by

(2)
This test involves the evaluation of an th order LRT for

which a computationally efficient method is available when the
individual measurements are independent. However, if they
are not, as for example in the VAD problem where the frames
used in the computation of the observation vectors are usually
overlapping in order to obtain a soft decision rule (see Fig. 2), a
more appropriate model must be considered.
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In this paper, a complex generalized Gaussian (CGG) model
is proposed for the set of observation vectors which are assumed
to be independently distributed in their components [18] and in
their real and imaginary parts [25]. Thus, the MO-LRT in (2)
can be rewritten as

(3)
where is the vector ob-
tained by joining the “ ” part of the component of each ob-
servation vector in the MO window, and the probability law
is given by the jointly Gaussian probability density function
(jGpdf)1

(4)
for , where ,

is the th-order covariance matrix of the observation
vector under hypothesis , and denotes the determinant
of a matrix. As follows from (4), this novel LRT includes the
dependence between adjacent observations in the covariance
matrix (using the Mahalanobis distance [31]); hence, we name
it MCO-LRT.

The observation model is completely defined by selecting
the set of observation vectors . The model selected for the
observation vector is similar to that used by Sohn et al. [18],
consisting of the discrete Fourier transform (DFT) coefficients
of the clean speech and the additive noise . In
the latter work, they are assumed to be asymptotically indepen-
dent Gaussian random variables. Thus, the binary hypothesis is
rewritten in terms of each observation vector as

under

under (5)

where and
are, respectively, the th noise

and clean signal DFT observation vector. However, in the
previous works [18], [26], the covariance matrix given in (4) is
either not considered at all (single observation) or assumed to
be diagonal (statistical independence). Thus, we may expect ob-
taining a better characterization of the problem by introducing
this statistical dependence. The use of the multivariate model is
perfectly motivated in terms of the Mahalanobis distance [31]
when the set of observations are correlated.

III. APPLICATION TO VAD

The use of the MCO-LRT for voice activity detection, is
mainly motivated by two factors: 1) the optimal behavior of the
so defined decision rule, and 2) a multiple observation vector for
classification defines a reduced variance LRT achieving clear
improvements in robustness against the presence of acoustic

1In the following, we assume for simplicity the observation vector y to be
real. The extension of the results to a complex scenario is achieved by applying
the derived expressions to the real and imaginary parts of the vector indepen-
dently, i.e., using (3).

noise in the environment. The second property is also achieved
by the previous MO-LRT [26] when a large window size
is selected which counteracts the nonoptimality of the decision
rule based on the independence assumption. Consequently,
substantial improvements are expected when dealing with a
small multiple and correlated observations (MCO)-window
size . On the other hand, for real-time applications the
model order cannot be as high as is usually selected [26] for
speech recognition systems. Then the proposed approach is
expected to improve the independent MO methodology for
VAD by selecting a low model order.

The proposed MCO-LRT VAD is defined
over the sliding window of observation vectors

. By applying a
log transformation to (3) and using the jGpdf model in (4)
leads to

(6)

where , is the
order of the model, denotes the frame being classified as speech

or nonspeech , and is the previously defined fre-
quency observation vector over the sliding window. The evalu-
ation of the LRT requires the computation of the inverse and the
determinant of a matrix as shown in (6). This is not an imple-
mentation obstacle because of the reduced MCO-window size

and the selected model for the covariance matrix in which
only the dependence between adjacent observations is consid-
ered.

A. Model Selection for the Covariance Matrix

For our purposes,2 the covariance matrix is suitably modeled
as a symmetric tridiagonal matrix, thus considering the corre-
lation function between adjacent observations exclusively, we
express it as

if
if
else

(7)

where and and are the vari-
ance and correlation frequency components of the observation
vector (denoted for clarity , respectively). This approach re-
duces the computational effort of the algorithm with additional
benefits obtained from the properties of symmetric tridiagonal
matrices [32].

B. Effective Computation of the LRT

Since the covariances matrices under and hypotheses
are assumed to be tridiagonal symmetric matrices, the inverse
matrices can be computed as [32]

(8)

2The speech signal sampled at 8 kHz is usually processed on a frame by frame
basis and the feature vectors ŷ are computed using a 25-ms frame-size and a
10-ms frame-shift.
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where is the order of the model and the set of real numbers
, satisfies the three-term recursion relation

for

(9)

with initial values

and

and (10)

In general, this set of coefficients is defined in terms of or-
thogonal complex polynomials which satisfy a Wronsky-like re-
lation [33] and have the continued-fraction representation

(11)

where denotes the continued fraction. This representation is
used to compute the coefficients of the inverse matrices eval-
uated on . Since the decision rule is formulated over a
sliding window consisting of +1 observation vectors, we can
use the following relations to speed up the evaluation (compu-
tation of the inverse matrix) of the future decision windows:

(12)

(13)

where indexes the current sliding window. Using the
Volker–Strassen formula [34] and Woodbury’s identity [35],
it is easy to compute the inverse matrix at frame as (see
Appendix D)

(14)

where is an th-order submatrix of the th-order

inverse matrix at frame (extracting the first row
and column), and and are dimensional vectors de-
fined as and .

The computation of the determinant in the sliding window
can be also computed recursively. After an initialization pe-
riod of two MO windows, the determinant of the th-order
matrix at the observation can be evaluated according to (see
Appendix C)

(15)

where the recursion can be easily proven using

(16)

In Sections IV–VII, we present a new algorithm based on
this methodology for and . In order to obtain
a connection with previous proposals, the assumption of van-
ishing squared correlation functions must be considered. Thus,
we implement a novel robust speech detector with an inherent
small delay that is mainly intended for real-time applications
such as mobile communications. The decision function will be
described in terms of the correlation and variance coefficients
which constitute a correction to the previous LRT method [26]
that assumes uncorrelated observation vectors.

IV. ANALYSIS OF jGpdf VAD FOR

The improvement provided by the proposed methodology is
evaluated in this section by studying the case (see
Appendix A). In this low-dimensional problem, explicit expres-
sions for the evaluation of the second-order MCO-LRT can be
obtained and a connection with previous proposals [29] can be
shown. In this case, since the covariance matrix is

(17)

and assuming vanishing squared correlations under and ,
the LRT can be evaluated according to

(18)

where and

are the correlation coefficients of the observations under
, respectively, ,

are the a priori and a posteriori SNRs, and
indexes the second observation. Finally, assuming that the cor-
relation coefficients are negligible under (noise correlation
coefficients) we can obtain the decision rule with the previous
MO-LRT [26] as follows:

(19)

where for
, are the independent LRT of the observations ,

which are corrected with the term depending on . At this
point, ergodicity of the process in frequency space must be as-
sumed to estimate the new model parameter . This means
that the correlation coefficients are constant in frequency (wide
sense stationary) and thus, an ensemble average can be com-
puted using the sample mean correlation of the observations
and included in the sliding window. Fig. 3 clarifies the moti-
vations for using the correlation correction as shown in (19). We
show the evaluation of the proposed VAD on an utterance of the
AURORA 3 Spanish SpeechDat-Car database [30]. As it is in-
dicated by black arrows, the span of the decision function over
voice periods is increased significantly as the span over noise
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Fig. 3. Comparison between MO-LRT and MCO-LRT on an utterance of Au-
rora 3 database. Note how the correlation correction term provides an almost bi-
nary decision rule, decreasing the decision span in noise periods and increasing
in speech ones.

periods is decreased radically. On the other hand, the decision
rule of the previous MO-LRT VAD is nonstationary and noisy
for a small number of observations as shown in Fig. 3.

V. ANALYSIS OF jGpdf VAD FOR OBSERVATIONS

The improvement provided by the proposed methodology is
evaluated in this section by studying the case and then
generalizing it to any number of observations. In this case,
the properties of a symmetric and tridiagonal matrix come into
play

(20)

The likelihood ratio can be expressed as (see Appendix B)

(21)

where for and are defined in Sections II and
III, respectively. Assuming that squared correlation coefficients
vanish under and , the log-LRT can be evaluated as fol-
lows (for clarity we have omitted the frequency dependence of
the parameters):

(22)

Fig. 4. Comparison among MO-LRT and second- and third-order MCO-LRTs
on an utterance of Aurora 3 database. Using the same amount of information
for the three algorithms, the third-order approach provides an unbiased decision
which is more robust than the second approach for word ending detection.

Again, the correlation coefficients under can be neglected,
thus obtaining

(23)

A generalization of the result for observations, assuming an
th-order tridiagonal matrix , is given by

(24)

which can be recursively computed as

(25)

where

(26)

The accuracy of the th-order MCO-LRT will be similar to
the previous MO-LRT [26] since the increasing model order
smooths the VAD decision. However, in a real-time scenario,
the end-point detection accuracy will be increased for low orders
due to the correlation correction, as shown in Fig. 4. In the latter
figure, a comparison among the second- and third-order jGpdf
VAD and the MO-LRT is given for an utterance of the AURORA
3 database [30]. Again, the VAD decision rule of the MO-LRT
is noisy and nonstationary unlike the VAD decision rule of the
proposed approach. Note how the word-ending detection rate



1570 IEEE TRANSACTIONS ON AUDIO, SPEECH, AND LANGUAGE PROCESSING, VOL. 16, NO. 8, NOVEMBER 2008

Fig. 5. Comparison among MO-LRT and second-order MCO-LRTs including
the HO scheme on an utterance of Aurora 3 database. Using the same amount of
information for the three algorithms, the second-order approach using a hang-
over scheme provides an unbiased decision rule which is more robust than the
single second-order approach for word ending detection.

of the third-order jGpdf VAD slightly outperforms the second-
order approach using the same amount of data.

VI. HANG-OVER MECHANISM FOR ROBUST DECISION

Several hang-over schemes (HO) have been proposed in order
to increase the word-ending detection rate in single observation
VADs [18], [25]. In this paper, we implement a very simple
hang-over mechanism based on contextual information of the
previous frames (if available), thus no disadvantageous delay is
added to the algorithm. A smoothed LRT is defined as

(27)

where the parameters , , and are experimentally selected,
i.e., , , . Thus, we consider the same
weight for both current and past decisions. This automatically
improves the word ending detection since the binary nature of
the decision function in the proposed approach. Using (27) leads
to significant improvement in speech/nonspeech detection rate
(see Fig. 5) when dealing with an almost binary and precise de-
cision rule such as the MCO-LRT. This kind of improvement
cannot be applied to the previous MO-LRT for low orders be-
cause of the changing bias of the noise periods, as shown in the
same figure. Fig. 5 analyzes the effect of the hang-over scheme
( , ) on the decision function. It is clearly shown
that the continuous nature of voice periods is taken into account,
and again, an improvement in the detection of word endings is
achieved.

VII. EXPERIMENTAL FRAMEWORK

Several experiments are commonly conducted in order to
evaluate the performance of VAD algorithms. The analysis is
mainly focused on the determination of the error probabilities
or classification errors at different signal-to-noise (SNR) levels
[17] and the influence of the VAD decision on the performance

Fig. 6. ROC curves obtained in high noise conditions (5 dB) using the AU-
RORA subset of the original Spanish SpeechDat-Car database [30].

of speech processing systems [36]. Subjective performance
tests have also been considered for the evaluation of VADs
working in combination with speech coders [1]. This section
describes the experimental framework and the objective perfor-
mance tests conducted in this paper to evaluate the proposed
algorithms in the field of speech recognition.

A. Receiver Operating Characteristics (ROC) Curves

The ROC curves are frequently used to completely describe
the VAD error rate. They show the tradeoff between speech
and nonspeech detection accuracy as the decision threshold
varies [37]. The AURORA subset of the original Spanish
SpeechDat-Car database [30] (51.09% silence frames) was
used in this analysis. This database contains 4914 recordings
using close-talking and distant microphones from more than
160 speakers. The phonetic transcription of an utterance of
this database is: ’tres, ’nwe e, ’ ero, ’sjete, ’ inko, ’dos, ’uno,
’ot o, ’sejs, ’kwatro.

The files are categorized into three noise conditions: quiet,
low noise, and high noise conditions, which represent different
driving conditions with average SNR values between 25 and
5 dB. The nonspeech hit rate (HR0) and the false alarm rate

were determined for each noise con-
dition being the actual speech frames and actual speech pauses
determined by hand-labeling the database on the close-talking
microphone.

Fig. 6 compares the results of jGpdf-VAD for with
Sohn’s VAD [18] under the same conditions (high noise con-
dition 5 dB), i.e., using the same amount of data and a similar
hang-over scheme. Note that, the ROC curve of the proposed
VAD is shifted up and to the left in the ROC space. Thus, an
improvement in end-point detection accuracy is achieved using
a single observation, and the influence of adjacent and over-
lapping windows on the accuracy of the LRT based-VADs is
proven. Fig. 7 shows how increasing the hang-over parameter

in the jGpdf-LRT VAD for leads to a shift-up and to
the left of the ROC curve in the ROC space. This result is consis-
tent with the analysis conducted in Fig. 5 for a single utterance
of the AURORA subset of the original Spanish SpeechDat-Car
database [30]. Similar results are obtained for different model
orders of the jGpdf-LRT VAD that exhibits a shift of the ROC
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Fig. 7. Influence of the parameter l in the VAD detection accuracy in high
noise conditions (5 dB) using the AURORA subset of the original Spanish
SpeechDat-Car database [30].

curve when the hang-over parameter increases. Finally, the
benefits of contextual information (and an inherent delay) can
be incorporated into our algorithm just averaging the decision
rule over a set of th-order joint observations, i.e., ,
so that, the contextual decision function is computed as

(28)

Figs. 9 and 8 show the ROC curves of the proposed VADs for
different conditions (quiet, low, and high) and other frequently
referred and standard algorithms [2], [3], [15]–[18] for record-
ings from the distant microphone. The working points of the
G.729, AMR and AFE VADs are also included. A typical value
of yields the best discrimination accuracy as shown
in the ROC curve in Fig. 9. It is interesting to point out that
1) the proposed VAD using contextual information yields the
best results over the standard and recently reported VADs, 2)
the accuracy of the contextual VAD for is almost inde-
pendent of the model order as shown in Fig. 9 and equivalent to
the previous MO-LRT [26] (not shown for clarity), and 3) for
a single observation the proposed VAD provides higher HR0
for a given false alarm FAR0 in the speech recognition working
area than Sohn’s VAD, which is equivalent to the MO-LRT for a
single observation, and the other referred VADs, excluding Li’s
algorithm [16]. The latter algorithm [16] shows higher HR0 at
the same FAR0 than the single observation-based approaches
since it uses a prefiltering stage and contextual information. It is
also shown in the ROC curve that the use of a third-order model
provides better discrimination results than the second-order ap-
proach for single observation.

Thus, among all the VAD schemes examined, our VAD
yields the lowest false alarm rate for a fixed nonspeech hit
rate, and also the highest nonspeech hit rate for a given false
alarm rate. The benefits are especially important over G.729,
which is used along with a speech codec for discontinuous
transmission, and over the Li’s algorithm [16], that is based
on an optimum linear filter for edge detection. The proposed
VAD also improves Marzinzik VAD [17] that tracks the power
spectral envelopes, and the Sohn VAD [18] that formulates

Fig. 8. ROC curves for standard and recently reported VADs obtained using the
AURORA subset of the original Spanish SpeechDat-Car database (a) in quiet
noise condition (25 dB) and (b) in low noise condition (15 dB).

the decision rule by means of a statistical likelihood ratio test
defined on the power spectrum of the noisy signal.

It is worthwhile mentioning that the experiments described
above yields a first measure of the performance of the VAD.
Other measures of VAD performance that have been reported
are the clipping errors [1]. These measures provide valuable in-
formation about the performance of the VAD and can be used for
optimizing its operation. Our analysis does not consider or ana-
lyze the position of the frames within the word and assesses the
hit-rates and false alarm rates for a first performance evaluation
of the proposed VAD. On the other hand, the speech recognition
experiments conducted later on the AURORA databases will be
a direct measure of the quality of the VAD and the application
it was designed for. Clipping errors are indirectly evaluated by
the speech recognition system since there is a high probability
of a deletion error to occur when part of the word is lost after
frame-dropping.

B. Speech Recognition Experiments

Although the ROC curves are effective for VAD evaluation,
the influence of the VAD in a speech recognition system was
also studied. Many authors claim that VADs are well compared
by evaluating speech recognition performance [15] since non-
efficient speech/nonspeech classification is an important source
of performance degradation for speech recognition systems
working in noisy environments [38]. This section evaluates the
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Fig. 9. ROC curves for standard and recently reported VADs obtained in high noise condition (5 dB) using the AURORA subset of the original Spanish
SpeechDat-Car database [30].

VAD according to the objective it was developed for, that is,
by assessing the influence of the VAD in a speech recognition
system.

Fig. 1 shows a block diagram of the speech recognition ex-
periments conducted to evaluate the proposed VAD. The refer-
ence framework (base) considered for these experiments is the
ETSI AURORA project for distributed speech recognition [39].
An enhanced feature extraction scheme incorporating a noise
reduction algorithm and nonspeech frame-dropping (FD) was
built on the base system [39]. The noise reduction algorithm has
been implemented as a single Wiener filtering (WF) stage as de-
scribed in the AFE standard [4] but without Mel-scale warping.
No other mismatch reduction techniques already present in the
AFE standard have been considered since they are not affected
by the VAD decision and can mask the impact of the VAD pre-
cision on the overall system performance.

The recognizer is based on the HTK (Hidden Markov Model
Toolkit) software package [40]. The task consists of recog-
nizing connected digits which are modeled as whole word
HMMs with 16 states per word, simple left-to-right models,
and three Gaussian mixtures per state (diagonal covariance
matrix). Speech pause models consist of three states with a
mixture of six Gaussians per state. The 39-parameter fea-
ture vector consists of 12 cepstral coefficients (without the
zero-order coefficient), the logarithmic frame energy plus the
corresponding delta and acceleration coefficients. In speech
recognition experiments, the selection of the VAD threshold is
based on the results obtained in detection experiments (working
points in ROCs for all conditions). The working point (selected
threshold) should correspond with the best tradeoff between
the hit rate and false alarm rate, then the threshold is adaptively
chosen depending on the noisy condition. The algorithm for
fixing the threshold is similar to that used in the AMR1 stan-
dard [3] and other previous works [28], [41]. It is assumed that
the system will work at different noisy conditions and that an

optimal threshold can be determined for the system working in
the cleanest and noisiest conditions [27], [41].

Finally, recognition performance is assessed in terms of the
word accuracy (WAcc) which takes into account the number of
substitution errors , deletion errors , and insertion errors

WAcc (29)

where is the total number of words in the testing database.
1) Results for the Aurora 3 Database: For the AURORA-3

SpeechDat-Car databases, the so called well-matched (WM),
medium-mismatch (MM), and high-mismatch (HM) condi-
tions are used. These databases contain recordings from the
close-talking and distant microphones. In WM condition, both
close-talking and hands-free microphones are used for training
and testing. In MM condition, both training and testing are
performed using the hands-free microphone recordings. In the
HM condition, training is done using close-talking microphone
recordings from all the driving conditions while testing is done
using the hands-free microphone at low- and high-noise driving
conditions.

Table I shows the recognition performance for the Spanish
SpeechDat-Car database when WF and FD are performed on
the base system [39]. Again, the jGpdf-VAD outperforms all the
algorithms used for reference yielding relevant improvements
in speech recognition as the MO-LRT algorithm [26]. In addi-
tion, not only the delayed LRT version averaging over MCO for

and obtains the best recognition results, but
the single observation vector clearly improves the recognition
word accuracy of the previous LRT by Sohn (or MO-LRT for
single observation) [18] and other standardized VADs used in
the WF and FD stages. Note how significant the improvement
is on Li’s VAD since the working point of the latter algorithm
causes the insertion of many pause frames in the recognition
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TABLE I
AVERAGE WORD ACCURACY (%) FOR THE SPANISH SDC DATABASES. (�: N = 3, m = 1; ��: N = 3, m = 8).

COMPARISON TO: (a) STANDARD VADS AND (b) RECENTLY PUBLISHED VAD METHODS

TABLE II
# INSERTIONS, DELETIONS, AND SUBSTITUTIONS FOR THE PROPOSED MO-JGPDF VAD IN WF AND WF + FD OPERATION

TABLE III
AVERAGE WORD ACCURACY FOR CLEAN AND MULTICONDITION AURORA-2 TRAINING/TESTING EXPERIMENTS.

COMPARISON TO: (a) STANDARD VADS AND (b) RECENTLY PUBLISHED VAD METHODS

training. Thus, the jGpdf VAD for and is the
choice to be taken when dealing with real-time application since
it provides the best tradeoff between computational delay and
speech recognition and detection rate.

Note that these particular databases used in the AURORA 3
experiments have prolonged nonspeech periods unlike the AU-
RORA 2 database [42], and then the effectiveness of the VAD
results turn even more important for the speech recognition
system. This fact can be clearly shown when comparing the
performance of the proposed VAD to Marzinzik VAD [17]. The
word accuracy of both VADs is quite similar for the AURORA
2 task (see Table I in Section VIII). However, the proposed VAD
yields a significant performance improvement over Marzinzik
VAD [17] for the AURORA 3 database as shown in Table I.

The number of deletions, substitutions, and insertions for AU-
RORA 3 when the proposed MO-jGpdf VAD is used within the
speech recognition system for noise filtering, and optionally, for
frame dropping is shown in Table II. We clearly observe the
reduction on the number of substitutions and insertions in the
WF-FD operation.

2) Results for the Aurora 2 Database: The original AU-
RORA-2 database [42] consists of sequences of up to seven
connected digits spoken by American English talkers which
used as source speech (clean TIdigits database with 43.72%

silence frames), and a selection of eight different real-world
noises which are artificially added at SNRs from 20 to 5 dB.
These noisy signals represent the most probable application sce-
narios for telecommunication terminals (suburban train, babble,
car, exhibition hall, restaurant, street, airport, and train station).
Two training modes are defined for the experiments conducted
on the AURORA-2 database: 1) training on clean data only
(Clean Training), and 2) training on clean and noisy data (Mul-
ticondition Training).

Table III shows the recognition performance achieved by
the different VADs that were compared. These results are
averaged over the three test sets of the AURORA-2 recognition
experiments and SNRs between 20 and 0 dBs. Note that, for
the recognition experiments based on the AFE VADs, the same
configuration of the standard [4], which considers different
VADs for WF and FD, was used. The proposed VAD, using
contextual information, yields the same recognition accuracy
than the previous version [26], and outperforms the standard
G.729, AMR1, AMR2, and AFE VADs in both clean and
multicondition training/testing experiments. When compared
to recently reported VAD algorithms, the proposed one yields
better results being the one that is closer to the “ideal” hand-la-
beled speech recognition performance. The improvements
shown in Tables I and III are mainly due to:
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• a reduction of the number of substitution errors when the
VAD is only used for WF-based speech enhancement;

• a significant reduction of the number of insertion errors (es-
pecially when the HMM models are trained using clean
speech) when the VAD is additionally used for non-speech
frame-dropping (this reduction is just slightly prejudiced
by a corresponding increase in the number of deletions
so that the overall ASR performance is significantly im-
proved).

VIII. CONCLUSION

This paper presented a novel VAD for improving speech de-
tection robustness in noisy environments. The proposed method
is developed on the basis of previous proposals which incorpo-
rate long-term speech information into the decision rule. How-
ever, the assumption of independence between observations was
alleviated since this hypothesis is not realistic at all. The pro-
posed algorithm defined an optimal likelihood ratio test based
on multiple and correlated observation vectors, which avoids the
need of smoothing the VAD decision, in order to offer significant
benefits for speech/pause detection in noisy environments. The
algorithm had an optional inherent delay when the average of
the decision function over MO-windows was considered but for
several applications, including robust speech recognition, does
not represent a serious implementation obstacle. However, for
real-time applications this computational delay poses a major
problem since the reduction of the number of observations leads
to a significant degradation in the accuracy of speech processing
systems. To avoid this deficiency a more suitable model for this
scenario was introduced and its computational burden was also
discussed. Several experiments were conducted to evaluate this
approach for and . An analysis based on the
ROC curves revealed a clear reduction of the classification error
for two observations and also when the number of observations
is increased as expected. In this way, the proposed jGpdf-VAD
outperformed, under the same conditions, Sohn’s VAD which
assumes a single observation in the decision rule and uses a
HMM-based hangover, but also other methods including the
standardized G.729, AMR, and AFE VADs, and other recently
reported VAD methods in both speech/nonspeech detection per-
formance.

In the Appendix A, complete recursion for the computation
of a jGpdf over a sliding MO window is derived. This recursion
is based on the recursive computation of the inverse and deter-
minant of any symmetric tridiagonal matrix which has many ad-
vantages in real-time applications.

APPENDIX

Computation of the LRT for : In this section, a
complete derivation of the MCO-LRT is derived from the GCG
observation model for . From (4) and considering the
statistical dependence between adjacent observations, we have
that the MCO-LRT can be expressed as

(30)

where (for clarity we have omitted the frequency dependence of
the parameters)

(31)

and is defined as in (20). If we assume that the voice signal
is observed in independent additive noise, that is, for each ob-
servation

(32)

then, the second term in (6) can be expressed as

(33)

where is the correlation coefficient

under , and is the a priori SNR.
On the other hand, the inverse of the covariance matrix is ex-

pressed in terms of the orthogonal complex polynomials ,
as

(34)
where , , , and

under hypothesis . Thus, the second term
of (30) can be expressed as

(35)
where

and

Finally, if we define the a posteriori SNR
and neglect the squared correlation functions

under both hypotheses, (18) is obtained.
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A. Computation of the LRT for

It is easy to prove (22) just following the methodology pro-
posed in the previous section for . We note that in this
case

(36)

and is computed using the following expression under hy-
potheses :

(37)

The selection of a tridiagonal symmetric covariance matrix pro-
vides the generalization for the th order. In this case, we have
to include all the cross-correlation terms of the observations as
in (22), which provides additional benefits in the observation
model. However, the improvement on the old MO-LRT [26] for
higher order is minor due to the reduced variance in the decision
rule of both approaches.

B. Proof for the Recursive Computation of the Determinant

Given an th-order symmetric tridiagonal matrix

...

(38)

its determinant function satisfies (16). Equivalently

(39)

where denotes the determinant of the matrix that consist of
high-index elements. Let us consider three consecutive MCO-
windows and denote by for their deter-
minant functions (see Fig. 10). They satisfy the following rela-
tions:

(40)

where the relations and
must be considered. Thus, introducing the second and

Fig. 10. Connection among the determinants of adjacent symmetric tridiagonal
matrices.

third relation in the expression for we derive the recursive
relation for the computation of the determinant function at cur-
rent frame in terms of frames l-1 and l-2 as shown in (15).

C. Recursive Computation of the Inverse of a Symmetric
Tridiagonal Matrix

In the computation of the (8), the term which requires the
most computational effort is the polynomial fraction [32]. Thus
our discussion is mainly focussed on deriving a recursive imple-
mentation for this fraction of orthogonal polynomials. Given an

th-order tridiagonal symmetric matrix at time

...

(41)

and its inverse (that is the fractions , for
are already known) we have to derive in terms

of the previous state . Let denotes the transpose matrix with
respect the main inverse diagonal, that is

...

(42)

The inverse matrix of is also known since

. From this new defined matrix, it is easy to compute

using the following expression (Method 2):

(43)
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Fig. 11. Computational complexity reduction in the computation of the inverse
matrix. (a) Number of multiplications needed in the Direct method and methods
1 and 2. (b) Number of additions needed in the Direct method and methods 1
and 2.

(or using the original matrix and the recursive relations for the
polynomials and given in Section III, Method 1), where
the polynomial fractions , are
already computed at frame using (9) with initial values

and

and (44)

Once the inverse of the matrix for the th order at frame
is obtained, the computation of the th order ma-

trix at frame is straight forward. Since the

previous matrix (equivalently ) is related to
(resp. to ) as

...

...

(45)

If we define the -dimensional vector , we
can use the Volker–Strassen formula [34] to connect the inverse
of the matrices as

(46)

where . Finally, we define
and use the Woodbury’s identity [35] to

establish

(47)

Using this methodology, we reduce the number of multiplica-
tions needed to compute the inverse of a symmetric tridiag-
onal matrix unlike the number of additions as shown in Fig. 11.
Anyway, this procedure means a clear reduction in computa-
tional complexity and a novel methodology for continuous real-
time matrix inversion.
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