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Abstract

Voice activity detection (VAD) is widely used for various
speech-based systems which is an important pre-processing
step. This paper proposes a robust voice activity detection
algorithm. In the proposed algorithm, the sub-band temporal
envelope and the sub-band long-term signal variability are
considered to distinguish the speech from all kinds of
non-speech which include stationary noise and non-stationary
noise. The two features are combined to make a robust VAD
decision according to the fusion decision. The proposed
algorithm also is an unsupervised low-complexity algorithm
and can operate without pre-train models. The experiments
results show that the proposed algorithm is prior to the
different baseline algorithms and can handle a variety of noise
environments over a wide range of signal-to-noise ratios. The
proposed algorithm could apply to speech-based systems.

Index Terms: voice activity detection, sub-band temporal
envelope, sub-band long-term signal variability, fusion
decision

1. Introduction

Voice activity detection (VAD) is a significant technology for
distinguishes speech from non-speech in audio streams
automatically. VAD is widely used for various speech-based
systems such as speech enhancement, language identification,
speaker recognition, speech coding and automatic speech
recognition. Accurate VAD greatly reduces error rates and
overall computation time for speech recognition [1] and
speaker recognition [2]. Noise robust speech detection in the
audio signals is an important pre-processing step because it
can significantly improve performance. Practical VAD must
be able to accurately and robustly detect speech periods and
non-speech periods from observed signals in real
environments in which complex background noise are existed.
However, developing a VAD for noisy environments with low
signal-to-noise ratios (SNR) or for any non-stationary noise is
still very challenging.

Many methods have been proposed for speech detection.
Early VAD approaches were based on simple energy
thresholds, pitch and zero-crossing rate rules [3]. More recent
approaches consider more advanced parameters such as Mel
frequency cepstral coefficients (MFCC), wavelet-based
features [4], correlation coefficients [5] and spectrogram
entropy [6, 7]. These approaches perform well in where there
is little or no background noise. However, the performance
will degrade seriously when the SNR decreases [8]. To solve
this problem, other VAD have been developed and require
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noise estimation. The posteriori SNR and the priori SNR are
calculated in [9]. Noise estimation and adaptation techniques

were considered to improve its robustness under
non-stationary noise environments but it has high
computational complexity [10]. The most promising

approaches are data-driven methods, which a classifier is
trained to predict speech and non-speech according to acoustic
features [11] such as support vector machines (SVM) [12],
Gaussian mixture models (GMM) [13], artificial neural
network (ANN) [14] , hidden markov models (HMM) [15]
and conditional random fields (CRF) [16]. However, the
performance of these techniques may be much lower when the
acoustic characteristics of the real environment mismatch the
training data. The recent studies show that the long-span
features could effectively improves the robustness in complex
noise environment because the decision for each frame can be
performed in the context of the adjacent frames [17]. In
addition, speech signal could be detected according to the
temporal envelopes within different frequency bands [18]. In
recently, there has been interest in developing the VAD
systems which can operate without training data and robust in
a variety of noise environments over a wide range of
signal-to-noise ratios. Earlier VAD systems, such as G.729B
[19] and AMR [20], followed a rule-based approach and
required no training data. These speech coding standards
specifies a VAD which is often used in VAD performance
evaluations.

In this study, we propose a robust and practical VAD
system in real environments even where strong stationary or
non-stationary noise exists. We analyze the temporal envelope
for different frequency bands and compute their statistical
characteristics. We also consider the long time information
and the long-term signal variability feature will be extracted
for the particular frequency bands which reflect the formant
characteristic. The VAD’s decision is made after multiple
observations. Sub-band temporal envelope feature and
sub-band long-term signal variability will be combined to
detect the speech in different environments. The proposed
VAD does not need training data and any pre-trained models.

The remainder of this paper is structured as follows.
Section 2 introduces the proposed VAD algorithm. The
performance comparisons are demonstrated and evaluated in
section 3. The conclusions and future work are shown in
section 4.

2. Proposed VAD algorithm

In this section, we firstly introduce the framework of the
proposed VAD system. Subsequently, the detail is presented.



There are total five parts in the proposed algorithm which
includes preprocessing, sub-band temporal envelope analysis,
sub-band long-term signal variability analysis, fusion decision
and post-processing. In the preprocessing stage, different
sub-bands signal are extracted. The statistical assessment of the
sub-band temporal envelope and the sub-band long-term signal
variability analysis for each frame will be implemented after
preprocessing respectively. The two parameters mentioned
above are fused to make the decision. The length of speech
segment is extended in the post-processing stage. The flowchart
of proposed algorithm is shown in Fig. 1. The envelope 1
represents the temporal envelope in the second sub-band. The
envelope 2 represents the temporal envelope in the fifth
sub-band. The entropy includes the second sub-band and the
third sub-band.
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Figure 1: the flowchart of proposed algorithm

2.1. Preprocessing

The entire signal is first divided into frames with a Hamming
window. The length of each frame is 32 ms where the sampling
of the speech signal is 8 kHz.

To extract the sub-band temporal envelope feature, the
speech signal analysis begins by filtering the input speech signal
into five frequency bands. These filters are 6th order Butterworth,
with pass bands of 0-500, 500-1000, 1000-2000, 2000-3000, and
3000-4000 Hz according to the MELP standard [21]. The FFT is
implemented and particular frequency bands reflected formant
characteristics are selected in order to measure the long-term
signal variability.

The sub-band below 2000Hz could represent obvious
formant characteristics even in the low SNR environment for the
voiced speech which is significant for speech intelligibility.
However, the first sub-band possible overlaps some
non-stationary noise such as the volvo noise and the gun
machine noise. The sub-band above 3000Hz includes abundant
noise composition and the energy of speech composition in this
frequency band is less than the low frequency bands. Therefore,
the proposed algorithm considers three sub-bands, namely the
second sub-band  (500-1000Hz), the third sub-band
(1000-2000Hz) and the fifth sub-band (3000-4000Hz).
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2.2. Sub-band temporal envelope analysis

The temporal envelope will be analyzed in the second sub-band
and the fifth sub-band. For each frame, the temporal envelope of
the relevant frequency band is extracted using the Hilbert
Transform. Envelope extraction using the Hilbert transform
involves the calculation of the analytic signal [22], as illustrated
in Eq.1 and Eq.2.

E(t)=+/x,()’ +%.(t)’ )]
% () = x (1) *— @
Tt

where E,(1) is the Hilbert envelope of X,(f), i represents i-th

sub-band signal and X,(#) represents the Hilbert Transform of

x,(7).

The Inter-Quartile Range (IQR) which is shown in Eq. 3 is
calculated within the temporal envelopes of the second
frequency band by using the difference between the third
quartile (the value below which 75% of the values in the
distribution, Q3) and the first quartile (the value above which 25%
of the values in the distribution, Q1) [18].

IOR =Q3-01 ®)

The speech signal could be detected according to the
sub-band temporal envelope feature. We define VAD,,,,,. as
the detection result for each frame and then this parameter could
be shown in Eq. 4.

AD :{IOgm(IQR_(:Uz ) TOR— (1, —p15) >1
o I0R—(th = pt) <=1

where 44, and M represent the mean of temporal envelope

4)

for the second frequency band and the fifth frequency band
respectively.

Fig. 2 illustrates an example of the VAD,,.,, for one
segment speech signal produced by a male speaker. The pink
noise and the gun noise are added with 0 dB SNR respectively.
As shown in Fig. 2, the VA4D,,,,,. of the speech is higher than
that of the gun noise which is one of a typical non-stationary
noise even in low SNR environment. However, it is not efficient
to detect the speech signal from the pink noise.
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Figure 2: the example of sub-band temporal envelope
analysis

2.3. Sub-band long-term signal variability analysis

The long-term signal variability measure is calculated to make
use of the adjacent frames which may be relevant to the current
frame. Both the second sub-band and the third sub-band are
considered to analyze the long-term signal variability in the
proposed algorithm. We define S.(n,@,) as the short time
amplitude spectrum at @, . The entropy on the normalized
short-time spectrum is computed at each frequency point. We
define the entropy at k-th frequency point for the m-th frame as
[17]
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where ¢g*(m) represents the entropy which is calculated over R
consecutive frames. The R is set to six because it is difficult to
apply for real communication system while the delay is too long.
The mean and variance of &;(m) for the frequency points
within the second sub-band and the third sub-band are computed.
2 &(m)
fend - fbegin k:fbegin
1 Jend —_—,
{my=———"— D (g(m-&m) (1)

.f;nd - -f;?egin K= fregin

& (m)= (6)

where % and ¢ .(m) represent the mean and variance for
the frequency points within the second sub-band and the third
sub-band; /.. represents the start frequency point in the
second sub-band and f,, represents the last frequency point in
the third sub-band. The speech signal could be detected
according to ¢ (m).

Fig. 3 illustrates an example of the ¢ (m) for the same
segment speech signal analyzed in Fig. 2. As shown in Fig. 3,
the ¢ (m) of the speech is higher than that of the pink noise

which is one of a typical stationary noise even in low SNR
environment; however, it is not robust to distinguish the speech
signal from the gun noise.

5000 o 5000
E
% 0

5000 2 5o

Ampitute
=

VAD LTSV
f RS o

VAD LTSV
D f 4 o

Time(s) Time(s)

Figure 3:  the example of sub-band long-term

signal variability analysis
2.4. Fusion Decision

The VAD,, . and the ¢ (m) are combine to make a more
robust VAD decision in a variety of noise environment. The
fusion decision is defined asVAD,, .., then

VAD =a*VAD,,,,.. +(1=a)log, (S (m)) (8)

where ¢ control the trade-off between the sub-band temporal

decision

envelope and the sub-band long-term signal variability.
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Figure 4: the example of fusion decision

Fig. 4 illustrates an example of the fusion decision for the
same segment speech signal analyzed in Fig. 2 (the ( is set to

0.5). As is shown in Fig. 4, the VAD,,,, of speech is higher

than that of the noise signal even in low SNR environment for
both the gun noise and the pink noise.

2.5. Post-processing

The fusion decision in proposed algorithm can effectively detect
voiced frame. However, it may perform poorly in detecting short
unvoiced frames surrounding a voiced segment because the
unvoiced signal is similar to random white noise. To solve this
problem, the boundaries of each detected speech segment are
extended by 96ms (three frames).

3. Experiments and results evaluation

3.1. Data and Analysis Methodology

We conducted a series of experiments to evaluate the proposed
VAD. The speech data is taken from the TIMIT corpus [23]. We
selected 4977 sentences spoken by different speakers from eight
different American dialect regions as experiments data. To
evaluate the proposed method, we conduct VAD experiments
under various noise environments with different SNRs; the noise
data is taken from the NOISEX-92 corpus for various noise
signals (babble, hf, tank, factory, car, buccaneer, gun, pink and
white noise) [24]. We then generated a synthetic data set using
speech from held out speakers in the TIMIT database, mixed
with a variety of stationary and non-stationary noise samples
from the NOISEX-92 database at three SNR levels (10 dB, 5 dB
and 0 dB). All the examples are 8 kHz sampling rate and 16 bits
PCM quantization.

To optimize the algorithm parameter, the 3000 sentences
are selected randomly from the 4977 sentences and mixed with
five noise signal (car, buccaneer, gun, pink and white noise) at
three SNR levels (10dB, 5dB and 0dB). The rest of data which
mixed with four noise signal (babble, hf, tank and factory noise)
at three SNR levels (10dB, 5dB and 0dB) is applied to evaluate
the proposed algorithm.

We compare the proposed method to two existing methods
[17, 18]. Both are natural candidates for comparison to our
method because they don’t require training data from the user
and is an unsupervised algorithm. In [17], the temporal envelope
is selected as the features of VAD. In [18], the long-term signal
variability is applied to VAD.

The trade-off between True Positive Rate (TPR) and False
Positive Rate (FPR) is a key concern in designing robust VAD.
For the different threshold, we compare TPR and FPR. To obtain
Receiver Operating Characteristics (ROC) curves, we vary the
decision threshold for the proposed method and the baseline
methods. To plot the ROC curve, we disabled adaptive threshold
schemes in the baseline method [18]. Fig. 5 shows the ROC
curve between TPR and FPR for the different noisy speech and
different SNR levels.

3.2. Parameter Determination

In this section, we describe the experiments we performed to
choose the optimal parameter for the proposed algorithm. To
select the optimal parameter, we will search over a range of

parameters. To calculate the VAD,, ., we analyzed the

assessment of temporal envelope for different sub-bands. The
second sub-band is selected after searching from the first
sub-band to the third sub-band (their combination is also
considered). The fifth sub-band is confirmed after searching the
fourth sub-band, the fifth sub-band and their combination. We
also optimize the R and R = [2, 4, 6] is considered (the delay is
not long due to it is difficult to apply for the real communication
system). All the possible sub-band combinations are considered
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to optimize the ¢.(m) and the & (m). We optimize the ¢
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Figure 5: the ROC curve for different VAD algorithms

3.3. Results and discussion

We evaluate the TPR firstly. We find that the proposed VAD has
higher TPR as compared to both the baseline algorithms. And
the proposed algorithm has lower FPR as compared to both the
baseline algorithms. The areas of ROC are larger for the
proposed algorithm. The proposed algorithm has advantage
especially for speech-like sound such as babble noise. The ROC
curves indicate that proposed algorithm significantly
outperforms the baseline algorithms in a variety of noise
environments.

As shown in this subsection, the proposed method
outperforms both the baselines. The proposed algorithm analyzes
the sub-band which could represent obvious formant
characteristics and has the advantages of both the sub-band
temporal envelope and the sub-band long-term signal variability
through proper fusion decision. Therefore, it is robust to detect
the speech signal from all kinds of stationary noise and
non-stationary noise even in low SNR. These results confirmed
that the VAD we propose was able to operate accurately and
could apply to speech-based systems.

4. Conclusion and future work

This paper presented a noise robust voice activity detection
approach. In the proposed method, the sub-band temporal
envelope feature and the sub-band long-term signal variability
are combined to distinguish the speech from all kinds of
non-speech which include stationary noise and non-stationary
noise. The proposed VAD was compared to two existing VAD
algorithms using NOISEX-92 signals at various SNR and our
experiments results show that the proposed approach
significantly outperforms the baseline approaches. The results
revealed that the proposed approach could accurately detect
speech periods and non-speech periods in the low SNR
conditions. In addition, it does not require training data and
pre-trained models. It doesn’t make assume that the beginning of

the signal contains non-speech. The delay for proposed method
is below 150ms and could meet the requirement of cellular
communications and underwater acoustic communication. It is
directly applicable to these systems.

In future, we plan to optimum the fusion decision; the noise
environment could be detected automatically and the VAD
decision would be adjusted adaptively through different
environment. We would improve speech detection performance
for unvoiced frame. In addition, we will extend our method into
wideband speech signal.
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