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Abstract
In this paper, we propose two robust voice activity detec-
tion (VAD) methods for adverse environments. A single sub-
band power distance (SPD) feature is estimated from differ-
ent wavelet subbands and further improved to be robust against
noise. The first method is based on a neural network that op-
erates on an input vector which consists of the SPD feature
and its first and second derivatives. The second method is an
adaptive threshold-based algorithm that employs only the single
SPD feature. A statistical percentile filter based on long-term
information is enhanced to estimate the noise threshold more
adaptively. A performance evaluation and comparison is car-
ried out for the proposed and state-of-the-art VAD algorithms
on the TIMIT database which was artificially distorted by differ-
ent additive noise types. The results show that the invented VAD
methods are very robust to environmental noise and mostly out-
perform the standard VADs such as the ETSI AFE ES 202 050
and ITU-T G.729 B.
Index Terms: Voice activity detection, subband power dis-
tance, statistical percentile filter, feedforward neural network,
discrete wavelet transform.

1. Introduction
Voice activity detection (VAD) is still an open research issue
and a most crucial topic in speech processing. Furthermore,
it affects many speech applications such as low-bit-rate speech
coding [1], automatic speech recognition [2], speech enhance-
ment [3], and speaker verification [4]. Speech/non-speech de-
tection is not as easy as it seems to be. Most of the VAD meth-
ods fail under complex and strong background noise. Some
novel approaches have been proposed to deal with this prob-
lem. Sohn et al. [5] applied Markov models on a statistical
likelihood ratio test to build a robust voice activity detector.
Another method using subband order-statistic filters (OSF) pro-
posed in [6] can improve VAD performance in non-stationary
noise conditions. In [7], in addition to the Gaussian model,
the complex Laplacian and Gamma probability density func-
tions were incorporated to the analysis of statistical properties
of speech and noise. By conditioning the probability of the
voice presence on both the observed spectrum and the VAD in
the previous frame, the correlation of voice activity between
frames is better exploited in [8]. Besides, some VAD standards
were recently proposed in the ITU-T G.729B [1] and ETSI AFE
ES 202 050 [2] for applications in telephony and distributed
speech recognition systems.

In this paper, we design a novel VAD algorithm based on
a feedforward neural network (FNN) and develop another VAD
method using a statistical percentile filter (SPF) that was intro-

duced in [4]. In both schemes the input feature is a subband
power distance (SPD) feature. We emphasize here the contri-
butions in enhancing the robustness of the SPD feature as well
as in designing a network classifier and in tracking the noise
threshold adaptively by the improved SPF.

The paper is organized as follows: in Section 2 we present a
detailed procedure for improving the SPD feature. Afterwards,
the processes of training the FNN and optimizing the SPF re-
garding to the VAD performance is described in Section 3. Per-
formance of the proposed VAD algorithms is then evaluated and
the obtained simulation results are fully discussed in Section 4.
The paper ends up with a conclusion and future research.

2. Feature extraction and improvement
The so-called subband power distance (SPD) defined in [4] is
calculated in the time-scale plane as follows:
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where N is the number of samples in one speech frame, Na =
N

2m
andN−Na are the lengths of the sequences of wavelet co-

efficients Xm,i(n) in the approximation subband (AS) and the
detail subband (DS), respectively. They are derived by apply-
ing the DWT at the scale m = 1 for the ith windowed speech
frame xi(n) of 16ms frame length and 8ms frame rate. The
feature was constructed based on a useful observation on the
power distribution of different subbands: Significant power dif-
ferences between the AS and DS are observed for the voiced and
unvoiced speech frames. However, a relatively uniform distri-
bution occurs for the non-speech frames. Thus, the SPD feature
can be used to detect speech frames from non-speech frames.

During the development phase, we experienced that the fea-
ture values derived from Equ. 1 are sometimes very small for
specific voiced/unvoiced sounds (e.g., /f/, /v/, /l/). Thus the fea-
ture is improved by weighting D(i) by its power envelope in
the time domain as:
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After that, as proposed in [4], the feature Dw(i) is further
compressed by the hyperbolic tangent sigmoidal function and
smoothed by a median filter (MF) over 20 frames to balance the
feature values and reduce its small fluctuations:

Ds(i) = medfilt
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In this study, the robustness of the estimated feature is fur-
ther analyzed with a noisy version of the TIMIT training cor-
pus [9] which was built by artificially adding different noise
types at different signal-to-noise ratios (SNRs). We observe
that the SPD feature is impaired in car and factory noise con-
ditions as shown in Fig. 1b. The feature is distorted because
of the appearance of high noise power in the frequency range
below 500 Hz. Thus we pre-filter the noisy signals by a high-
pass biquad filter (HPF) with a selected cutoff frequency at
fc = 70 Hz in order to compress the noise component while
still preserving speech information. Besides, the feature im-
pairment also comes from an over-smoothing of the MF that
negatively suppresses the feature values of weak sounds (as can
be seen for the frames with indexes around 70, 450, and 640
in Fig. 1c). To overcome such problem, the MF is replaced by
a first order all-pole low-pass filter (LPF) with its coefficients
a0 = 1, a1 = 0.65 (which are the empirical coefficients that
showed good classification performance). It is shown in Fig. 1d
that this low-pass filter not only reduces noise fluctuations but
also provides a much better tracking of speech as well as non-
speech parts.
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Figure 1: Signal corrupted by additive car noise at SNR = 5 dB
and a reference VAD (a); The SPD feature with (w.) and with-
out (wo.) using filter enhancement and the estimated percentile
thresholds (b, c, d).

3. Robust voice activity detection methods
3.1. Model-based classifier

A two-layer FNN is initialized with a 3-dimensional input vec-
tor consisting of the estimated SPD feature and its first and sec-
ond derivatives, and a 2-dimensional output vector. While the
first target output is labeled with 0.9 for active speech frames
and -0.9 for inactive speech frames, the labeling process is vice
versa for the second output. A certain frame is classified as
speech if the first output shows greater values than the second
one. The tan-sigmoid transfer functions are applied for all units
in the hidden and output layer. All input feature vectors are
normalized to get zero mean and unity standard deviation for
the training set. The Levenberg-Marquardt (LM) learning algo-
rithm [10] is applied to adjust the network weights and biases,
thereby minimizing mean square error between the network out-

puts and the targets. An early stopping method which is based
on the use of a validation set is employed to avoid overfitting of
the learning algorithm.

In this part of our research, the TIMIT clean training cor-
pus [9] is employed to train the network. Text-dependent SA1
and SA2 sentences were excluded from our experiment. To
speed up the training process, three of five SX files were ran-
domly removed from each speaker. The remaining material
consists of 5 utterances for each of 272 speakers (50%male and
50% female speakers) which leads to a total of 1360 utterances.
Each utterance is then artificially distorted by adding different
noise types such as babble, white, factory, and car noise and at
different SNR levels (30, 25, 20, 15, 10, 5, 0 dB). This set was
randomly split up into 80% for building a training set and 20%
for creating a validation set. Some common parameters of the
learning algorithm were initialized as: the number of iterations
epochs = 1000; The training performance goal = 1e−5. The
number of hidden units nH is varied to search for the optimal
value that leads to the highest F-score [%] which is the weighted
harmonic mean of Recall (RC) [%] and Precision (PR) [%].
These statistic measures are calculated from the number of ob-
servations in the confusion matrix as follows:

RC =
t1

t1 + f0
, PR =

t1
t1 + f1

, F− score =
2 ∗ RC ∗ PR
RC+ PR

,

(4)
where true acceptance t1, false acceptance f1, and false rejec-
tion f0 are sample-wise events. As presented in Fig. 2a, the best
average F-score for all kinds of noise and at different SNRs is
achieved with the configuration of nH = 50 hidden units.
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Figure 2: F-score curves for different number of hidden
units (a); and for different pre-determined thresholds (b).

3.2. Adaptive threshold-based classifier

Besides the model-based approach, the low-complexity VAD
algorithm that is based on a single SPD feature and was in-
troduced in [4] is further developed to be robust against back-
ground noise. The statistical percentile filter is improved to
track the noise level properly for every captured frame.

The principle is based on the fact that speech information
does not always appear in all frequency channels simultane-
ously, even in speech intervals. Therefore the threshold regard-
ing the noise level can be estimated based on a long-term esti-
mation of speech and noise. A window of one second length
consisting of Nf speech frames is constructed and slided over
the whole utterance at a rate of one frame. The percentile noise
threshold is estimated for each frame in the three following
steps:
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• Store the values of the feature Ds(i) derived from Nf

frames in the bth buffer.

• Sort Ds(i) in ascending order over the buffer b to get
Ds(i

′) with i′ = [1 . . . Nf ].

• Determine an adaptive threshold Tq(b)(i) by taking the
q(b)th percentile as: Tq(b)(i) = Ds(i

′) |i′=�q(b)Nf �.

The percentile factor q(b) is selected adaptively for each buffer
b by doing the following test:

q(b) = i′, if Ds(i
′)−Ds(i

′ − 4) > ε. (5)

The test is performed from the beginning of the buffer and is
stopped when the difference is larger than a pre-determined
threshold ε. Under the assumption that the noise cannot change
faster than speech over time, the estimated percentile threshold
is smoothed by applying a simple first-order recursive model
with the forgetting factor α set to 0.975:

Tq(b)(i) = αTq(b−1)(i− 1) + (1− α)Tq(b)(i). (6)

With this SPF technique, only the parameter ε is varied to search
for the best classification performance. With ε = 0.015, the
highest average F-score is obtained for the same noisy train-
ing corpus as shown in Fig. 2b. The tracking of the percentile
threshold is demonstrated in Fig. 1.

3.3. Hang-over scheme

The sequence of speech/non-speech labels obtained at the out-
put of the classifiers is further smoothed by applying a hangover
scheme that bridges short voice activity regions, preserving only
candidates with a minimal duration of 100 ms, and being not
more than 200 ms apart from each other. In other words, talk-
spurts shorter than 100 ms will be excluded and pauses smaller
than 200 ms will be relabeled as speech.

4. Evaluation and discussion
4.1. Setup

To assess the proposed VAD algorithms, we use the TIMIT
test corpus [9] containing a total of 1680 utterances sampled at
Fs = 16 kHz and spoken by 168 speakers. The speech samples
are distorted in the same way that was applied for the training
corpus. This leads to a total of more than 42 hours of labeled
speech data. Performance of the FNN VAD method and the
SPF VAD algorithm is compared with the state-of-the-art VAD
methods such as the ITU-T G.729B VAD [1], the ETSI AFE
ES 202 050 VADNest [2], and the OSF VAD algorithm recently
proposed in [6] and implemented at our laboratory.

4.2. Classification performance

The performance in terms of RC and PR of the examined VAD
methods, as derived from the clean and noisy conditions (dif-
ferent noise types and various SNRs), is presented in Tab. 1 and
in Fig. 3, respectively. The following observations are derived
from the complete analysis:

G.729 ETSI OSF FNN SPF
RC 96.61 99.96 99.96 98.37 97.26
PR 91.75 90.85 89.64 96.73 97.90

Table 1: VAD performance in clean condition.

• The ITU-T G.729B VAD produces good performance in
clean condition but its working points are shifted to the bot-
tom left corner of the Recall-Precision (RP) space when SNR
is decreased. The RC drops even dramatically.

• The ETSI AFE VADNest yields consistent PR in most cases
while the RC decreases rapidly at lower SNR levels with the
exception of car noise.

• The OSF VAD provides highRC but low PR in clean and car
noise condition (upper left corner of the RP space). However,
the RC is reduced significantly with other noise types. It
presents a similar performance tendency to the VADNest.

• In comparison with these reference VADs, the FNNVAD and
SPF VAD methods show a very good preservation of the RC
while the PR is decreased for all noise types and different
SNRs. However, the PR’s variation range of the proposed
VADs is much narrower (10%) than theRC’s variation range
(30%) of other VADs. This leads to a lower F-score for the
reference VADs as shown in Fig. 4.

• The SPF VAD achieves a better balance of RC and PR in
clean and high SNR conditions than the FNN VAD. At lower
SNRs, the RC increases at the cost of lower PR. It is inter-
esting to see that the obtained performance for car noise is
quite stable for various SNRs. We assume this mainly due to
the impact of the proposed pre-filtering process.

We also examine the F-score which is a combined param-
eter to qualify performance of tested VAD methods. As shown
in Fig. 4, while the proposed FNN and SPF VADs show lower
F-score values in white noise, they do outperform other VAD
methods in all cases of real-world noise.

5. Conclusions
In this study, two reliable voice activity detection algorithms
are developed and evaluated. A subband power distance fea-
ture is weighted by its power envelope and further enhanced by
the pre-filtering and low-pass smoothing processes to become
robust against background noise. The first VAD method is de-
signed based on a feedforward neural network with the input
consisting of the SPD feature and its first and second deriva-
tives. It was trained with the noisy data and showed good de-
tection rates in most conditions. We attribute these attractive
results to the robustness of the SPD feature and the optimal
learning algorithm. The second VAD method exhibits a very
low-complexity as the classifier uses only a single SPD feature
while it produces high classification performance. We assume
this is due to the contribution of the adaptive percentile filtration
which leads to a proper estimate of non-stationary and com-
plicated noise. In general, performance of the proposed VAD
methods is mostly superior to the reference VAD algorithms.

For future work more tests with other standard VAD meth-
ods will be carried out on different noisy databases to further ex-
amine the robustness of the invented algorithms. In addition, the
proposed VAD methods will be integrated into front-end units
of the speech recognition systems and optimized regarding to
an improvement of word recognition accuracy.
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Figure 3: The Recall-Precision curves of all VAD algorithms tested with different noise types and at different SNRs.
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