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ABSTRACT

The subject of this paper is robust voice activity detec-
tion (VAD) in noisy environments, especially in car en-
vironments. We present a comparison between several
frame based VAD feature extraction algorithms in com-
bination with different classifiers. Experiments are car-
ried out under equal test conditions using clean speech,
clean speech with added car noise and speech recorded
in car environments. The lowest error rate is achieved
applying features based on a likelihood ratio test which
assumes normal distribution of speech and noise and a
perceptron classifier. We propose modifications of this
algorithm which reduce the frame error rate by approxi-
mately 30% relative in our experiments compared to the
original algorithm.

1. INTRODUCTION

A voice activity detector (VAD) is an algorithm which
is able to distinguish between speech (usually distorted
by noise) and noise only. The output from a VAD is a
signal that possesses the information whether the input
signal contains speech (e.g. output value 1 ) or noise
only (e.g. output value 0). In order to make the problem
more tractable we assume that the speech and the noise
signal are stationary within a certain time interval. This
assumption allows to apply conventional techniques of
signal processing to this problem.

The most common features used by VAD algorithms are
related to signal energy. Since the frame energy alone
shows bad performance, a signal-to-noise ratio (SNR) is
introduced that uses an estimation of the noise energy.
Further improvement is achieved if the SNR computa-
tion is done separately for every spectral component and
if probability densities are introduced for the spectral en-
ergy values. Other algorithms use features like the zero
cross rate or the autocorrelation function to find discrim-
inative features in the time domain. The classification is
done by comparing results from the feature extraction
with an adaptive threshold [1] or using classification al-

gorithms from pattern recognition [2]. The algorithms in
[3] and [4] combine several features to detect speech. [5]
post-processes the VAD decision with so-called “hang-
over” methods. These methods use context (i.e. the clas-
sification result of previous frames) in order to achieve
a more reliable results. This paper reviews some VAD
feature extraction algorithms described in the literature
and combines them with classification algorithms com-
monly used in pattern recognition. We propose a modifi-
cation of one of the feature extraction algorithms, which
improved the frame error rate by 30% relative. The pa-
per is organized as follows: Section 2 describes our ba-
sic VAD setup and the most important VAD algorithms
together with modifications, Section 3 summarizes the
used classifiers, Section 4 presents results, and conclu-
sions are given in Section 5.

2. VAD ALGORITHMS

All VAD algorithms considered in this paper are frame
based. The incoming audio signal is sampled, quantized
and divided into overlapping frames, then each frame
is classified as either speech or non-speech. Throughout
our experiments we used a frame length of 32ms and a
frame shift of 16ms which results in an overlap of 50%.
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Fig. 1. Block diagram of a frame-based VAD

The basic structure of a VAD is depicted in Figure 1. The
time samples of the observed signal are input to a fea-
ture extraction module, whose output are feature vectors
which are classified as either speech or non-speech in
the classification module. Context can be added by aug-
menting the feature vector by features of neighboring
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frames. In the literature [1–6] many algorithms for VAD
are presented. In the next section we summarize the ones
which performed best in our experiments and propose
some modifications and extensions. The basic idea of
the presented algorithms is that the speech/non-speech
decision is based on a likelihood ratio between the fea-
ture probability densities of speech and non-speech.

2.1. Likelihood ratio test based on Gaussian distri-
bution of the input signal

In [5] and [6] it is assumed that the distribution of the
time samples of speech and noise is Gaussian with zero
mean. According to the central limit theorem (see [7])
this implies that the spectral coefficients are asymptoti-
cally independent Gaussian random variables. If we fur-
ther assume that the noise is additive, we obtain x(k) =
s(k) + n(k) b r X(k) = S(k) + N(k). The block
length of the Fourier transform is L time domain sam-
ples. Only half of the coefficients are needed in the fre-
quency domain because we consider only real signals.
Two hypotheses are set up:

Hypothesis H0: Only noise is present, the observed time
samples are x(k) = n(k) b r X(k) = N(k). The
probability density function (PDF) of the L
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where �2N (k) is the variance (or power) of the k-th spec-
tral coefficient of the noise signal.

Hypothesis H1: Speech and noise are present, the ob-
served time samples are x(k) = s(k)+n(k) b r X(k) =

S(k) +N(k). The PDF can be written as
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where �2S(k) is the variance (or power) of the k-th spec-
tral coefficient of the speech signal. It remains to esti-
mate the unknown parameters �2N (k) and �2S(k). �

2
S(k)

is estimated from (2) using a maximum likelihood (ML)
estimation. Supposingn observations of the random vari-
able X(k), the ML estimation is
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Since we only have one instantaneous observationX(k)

we approximate the expectation value by (see [5])

�̂2S(k) = jX(k)j2 � �2N (k): (4)

Substituting �̂2S(k) in (2) we can introduce the general-

ized likelihood ratio �g as
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The noise parameter set �2N (k) is estimated by its con-
ditional expectation value
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where � = Pr(H1)

Pr(H0)
is the a-priori probability ratio of the

two hypotheses and
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A very simple estimation of E
�
�2N (k)jH0

�
is the in-

stantaneous observation jX(k)j2. (In the H0 case the
speech signal is absent, hence the spectral noise vari-
ance is equal to the spectral variance of the observed
signal). The term E

�
�2N (k)jH1

�
can approximately be

replaced by the noise variance estimation of the previ-
ous frame. [6] suggests to replace �(k) by �g from eq.
(5) . So, the estimator for �̂2N (k) is
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Based on equations (5) and (7) the following algorithm
can be devised:

1. Set frame numberm := 0 and initialize �̂2N
(m)(k) :=

jX(m)(k)j2 for all k.

2. Evaluate equation (5), frame index m := m+ 1

3. Evaluate eq. (7) for k = 0; : : : ; L
2
� 1 and store

the obtained value of ln(�g) in the feature vector

4. go back to 2

We propose the following modification:
Eq. (7) approximates (6) by replacing the frequency-
dependent likelihood ratio�(k) with the generalized like-
lihood ratio �g that is common for all frequency indices.
We now stick to eq. (6) and compute a generalized log-
likelihood ratio for each frequency index k:

ln �g(k) =
jX(k)j2

�2N (k)
� ln

jX(k)j2

�2N (k)
� 1
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then we obtain a more accurate estimation of �̂ 2N
(m)(k).

The generalized log-likelihood ratio needed for the speech/
non-speech decision can again be computed by sum-
ming up over all frequencies:

ln �g =

L

2
�1X

k=0

ln �g(k) (8)

2.2. The use of a hidden Markov model (HMM)

The speech/silence segmentation of a spoken utterance
is usually characterized by a burst of speech frames fol-
lowed by a burst of silence frames. This behavior can be
taken into account if the feature value developed in the
last section is modified by a first order hidden Markov
model [5] which interprets the densities p( ~XjH0) and
p( ~XjH1) as emission distributions of the state variables.
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Fig. 2. Two state (speech/noise) hidden Markov model

The resulting likelihood ratio for frame m is according
to [5]:

�HMM =
1

�
�(m) (9)

with � = Pr(H1)

Pr(H0)
and �(m) =

a01+a11�(m�1)

a00+a10�(m�1)
� �g(m).

3. CLASSIFIER

The classification of the feature values that are com-
puted by the algorithms discussed in the previous sec-
tion is done by two well known pattern classification al-
gorithms:

� The least-squares classifier (LSC). The disadvan-
tage of the LSC is that the decision boundary is
determined mostly by data points which are far
away from the boundary.

� The perceptron algorithm [8]. Like the simplex al-
gorithm and support vector machines, this algo-
rithm has the property that the decision bound-
ary is determined mostly by data points which are
near the boundary.

4. RESULTS

The evaluation of the VAD algorithms consists of two
steps: The first step is to estimate the classifier coef-
ficients based on a segmented training set. In the sec-
ond step the frame error rate of the VAD is evaluated
on a disjoint test set with a given segmentation. The
databases used in the evaluation are the TIMIT corpus
(speaker-independent, hand-segmented speech recorded
in offices (high SNR)) and the CSDC-database (speaker-
independent, segmented by a speech recognizer, spoken
single digits or digit chains recorded in cars (low SNR),
see [9]). A third database called cTIMIT was created by
adding car noise at 6 dB SNR to the TIMIT database.

Table 1 presents frame error rates obtained without con-
text information. The investigated algorithms are

� (A) simple frame energy - the frame energy is
computed according to Eframe =

PL�1

k=0 x
2(k),

where x is the observed time signal

� (B) spectral entropy (fullband, upper and lower
halfband) - this algorithm is described in [3]

� (C) zero-crossing rate
zcr = 1

L

PL�1
k=1

��sign (x(k))� sign (x(k � 1))
��

� (D) log likelihood - see eq. (5)

� (E) modified log likelihood - see eq. (8)

� (F) log likelihood with HMM - see eq. (9)

Table 2 includes context: 4 frames in the past, 4 frames
in the future and the current frame. Future frames are
introduced by a time delay of the computation. Since
the features of all frames are combined in one large fea-
ture vector the dimension of this feature vector is in-
creased by a factor of 9 compared to the vector in Ta-
ble 1. The results based on the TIMIT and cTIMIT cor-
pus are not comparable with results based on the CSDC
corpus because of a different ratio of speech and noise
frames (CSDC: approx. 43% speech frames, TIMIT: ap-
prox. 77% speech frames). The reduction of the frame
error rate due to the proposed modification of the VAD
algorithm is more than 30% relative (standard log like-
lihood ratio compared to modified log likelihood ratio,
both with perceptron classifier) on tests with the CSDC
and with the TIMIT corpus. The introduction of context
to the VAD again reduces the frame error rate by about
30% relative (regarding the best results on the CSDC
corpus, this reduction is independent of the algorithm).
The perceptron classifier clearly outperforms the LSC in
all tests.
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algorithms dim err corpus class.

A 1 41.7 CSDC LSC
D 1 41.3 CSDC LSC
B 3 24.5 CSDC LSC
E and F 2 19.9 CSDC LSC
C 1 32.3 CSDC Perc
D 1 22.2 CSDC Perc
E 1 15.0 CSDC Perc
E and F 2 13.7 CSDC Perc
E and F 2 13.0 cTIMIT Perc
D 2 13.0 TIMIT Perc
E 2 8.5 TIMIT Perc

Table 1. VAD frame error rates without context (abbre-
viations: dim - number of components in the feature vec-
tor; err - frame error rate in %; LSC - least squares clas-
sifier; Perc - perceptron classifier)

algorithms dim err corpus class.

B 27 20.2 CSDC LSC
E and F 18 15.2 CSDC LSC
C 1 29.7 CSDC Perc
D 9 14.5 CSDC Perc
E 9 9.8 CSDC Perc
E and F 18 9.6 CSDC Perc
E and F 18 9.9 cTIMIT Perc
D 9 12.6 TIMIT Perc
E 9 5.8 TIMIT Perc

Table 2. VAD frame error rates with context (abbrevia-
tions: dim - number of components in the feature vector;
err - frame error rate in %; LSC - least squares classifier;
Perc - perceptron classifier)

5. CONCLUSION

In this paper we compared several algorithms for voice
activity detection (VAD). The performance of the algo-
rithms was evaluated on the CSDC corpus (spoken dig-
its with car noise), the TIMIT corpus (phonetically rich
sentences in the office environment) and the cTIMIT
corpus (TIMIT data with added car noise). Each algo-
rithm was tested under the same conditions using frame
based signal processing.

We investigated several feature extraction algorithms for
VAD and combined them to generate larger feature vec-
tors which were subjected to a perceptron and a least
squares classifier. Context modeling was accomplished
by a two state HMM.

We proposed a modification of a likelihood ratio based
feature extraction algorithm, which reduced the frame
error rate by over 30% relative compared to the original
algorithm in our experiments.
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