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This paper concerns a robust real-time voice activity 
detection (VAD) approach which is easy to understand and 
implement. The proposed approach employs several short-
term speech/nonspeech discriminating features in a voting 
paradigm to achieve a reliable performance in different 
environments. This paper mainly focuses on the 
performance improvement of a recently proposed approach 
which uses spectral peak valley difference (SPVD) as a 
feature for silence detection. The main issue of this paper is 
to apply a set of features with SPVD to improve the VAD 
robustness. The proposed approach uses a weighted voting 
scheme in order to take the discriminative power of the 
employed feature set into account. The experiments show 
that the proposed approach is more robust than the baseline 
approach from different points of view, including channel 
distortion and threshold selection. The proposed approach is 
also compared with some other VAD techniques for better 
confirmation of its achievements. Using the proposed 
weighted voting approach, the average VAD performance is 
increased to 89.29% for 5 different noise types and 8 SNR 
levels. The resulting performance is 13.79% higher than the 
approach based only on SPVD and even 2.25% higher than 
the not-weighted voting scheme. 
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I. Introduction 

Voice activity detection (VAD) and silence removal are the 
major modules in many speech and audio processing 
applications. The usage of VAD covers widespread domains, 
including speech coding, speech enhancement, speech 
recognition, and speech/audio indexing and retrieval.       
According to [1], the required characteristics for an ideal voice 
activity detector are reliability, robustness, accuracy, adaptation, 
simplicity, real-time processing, and the absence of the need for 
prior knowledge of the noise. The most challenging 
requirements of an ideal VAD algorithm are robustness against 
noisy environments and low computational complexity. The 
problem gets more difficult when we find out that these two 
requirements are usually in trade-off with each other. In high 
signal-to-noise ratio (SNR) conditions, the simplest VAD can 
perform satisfactorily, while the performance of all VAD 
algorithms degrades when SNR decreases. Most of the 
previously proposed methods partially overcome this problem 
but lead to higher computational complexity. 

Many different VAD approaches have been proposed. One 
of the main differences between VAD approaches is the feature 
set they exploit. Various kinds of robust acoustic features have 
been proposed for VAD, such as autocorrelation function-
based features [2], spectrum-based features [2], [3], spectral 
entropy [4], the power in the band-limited regions [5], [6], mel-
frequency cepstral coefficients [2], delta line spectral 
frequencies [6], long-term spectral envelope [7], fundamental 
frequency (F0)-based features [8], cepstrum-based features [9], 
mean crossing ratio, and energy distribution coefficients [10]. 
The authors of [11] propose a noise robust VAD approach 
which employs the periodic to aperiodic component ratio. 
Alternatively, some papers propose fractal dimensions of 
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features as a measure for speech/silence discrimination [12].  
Some methods consider noise spectral characteristics [13] or 

utilize enhanced speech spectra derived from Wiener filtering- 
based estimations [14] of noise statistics for silence removal. 
Also, some proposed VAD approaches are based on higher-
order statistics [15] and volatility obtained from GARCH 
filtering [16]. Such methods, which are based on noise or 
signal estimation and require updating their parameters, are 
computationally inefficient and are not appropriate for real-
time processing. 

II. Background 

This paper mainly focuses on some previously proposed 
approaches and tries to enhance their performance using a new 
decision framework. In [17], a voting paradigm on three 
different short-term features is proposed which has reliable 
performance, although the average performance is far from 
ideal, especially in lower SNRs and in the presence of volvo 
noise. The method proposed in [17] applies features including 
short-term energy, spectral flatness, and the most dominant 
frequency component to decide on the presence of speech. 

An approach in [18] exploits the pattern of spectral peak 
locations of vowel sounds for VAD. This approach uses the 
idea that the positions of spectral peaks are important factors in 
discriminating vowels from other sounds, and the spectral 
peaks of vowel sounds are even robust against noisy 
environments in severe noise conditions. It proposes a measure 
called spectral peak valley difference (PVD) for VAD. 
Experimenting on datasets with several noisy conditions, the 
method achieves a very good performance.  

Inspired by [18], the authors of [19] propose a voting-based 
VAD using the spectral PVD of vowel sounds in addition to 
three features proposed in [17]. Our experiments on these three 
approaches guide us to the following conclusions: 

• The voting approach can satisfy the computational 
requirements with a certain degree of robustness. 

• The performance of the second method is not satisfactory 
in babble noise. The reason seems to be the occurrence of 
vowel-like sounds in babble noise. 

• The approach proposed in [18] has another deficiency. In 
the presence of channel noise, which is inevitable in telephone 
speech, this approach performs poorly. In this condition, the 
preset threshold for the spectral PVD will not be appropriate 
for speech/silence discrimination.       

This paper tries to resolve the weaknesses of these 
approaches using a new decision strategy in a voting 
framework. In this paper, the effect of utilizing some other  
features in parallel with the previously proposed ones is studied 
since the authors believe that the performance of features may 

be different in different conditions. To consider the degree of 
reliability and discriminative power of different features, we 
propose a weighted voting scheme. In this case, every feature 
has its relative importance in the decision process. This paper is 
organized as follows. The proposed set of features is introduced 
in section III. Section IV describes the process of selecting the 
appropriate features based on their discriminative ability. The 
proposed VAD approach is explained in detail in section V. 
Section VI introduces the evaluation datasets and the 
performance measures. The experimental results are explained 
in section VII. Finally, section VIII discusses the conclusions 
and suggests some ideas for future work. 

III. Proposed Feature Set 

We have investigated a wide range of previously proposed 
features, which are listed in Table 1. 
 

Table 1. Various features used in proposed framework. 

Category Features 

Short-term energy 

Maximum autocorrelation peak 
Time 

domain 
features 

Autocorrelation-
based features Autocorrelation peak count 

Fundamental frequency 

Spectral autocorrelation peak valley ratio

Spectral entropy 

Spectral flatness 
Spectrum-based 

features 

Spectral peak valley difference 

Frequency 
domain 
features 

Maximum cepstral peak 

 

 
1. Energy and Fundamental Frequency  

Short-term energy (E). Energy is the most commonly used 
feature for speech/silence detection. However, it loses its 
efficiency in noisy conditions, especially in lower SNRs. 

Fundamental frequency (F0). This feature can be a good 
measure in voiced/unvoiced detection. Although the speech 
segments are not totally voiced, a voiced segment mostly 
corresponds to speech parts, and it is supposed that the F0 
value for the silence parts is zero. However, the pitch 
estimation approaches are not ideally robust in noisy conditions. 

2. Spectrum-Based Features 

Spectral flatness (SF). This feature is a measure of noisiness 
of spectrum and is a good feature in voiced/unvoiced/silence 
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detection. This feature is calculated as 

db 1010 log ( / ),SFM G A=          (1) 

where A and G are arithmetic and geometric means of speech 
spectrum, respectively. 

Spectral entropy (SE). Due to the harmonic structure of 
voiced speech, it is expected that the entropy of voiced speech 
is low while background noise is expected to have high entropy. 
Various noise signals, such as alarms, are also expected to have 
low entropy. 

Spectral autocorrelation peak valley ratio (SAPVR). This 
measure is introduced for usable speech detection [3]. The 
spectrum of voiced sounds have regularly spaced harmonic 
peaks. For other sounds, this structure will be distorted. To 
calculate the SAPVR, we need to take the autocorrelation of 
the magnitude spectrum to detect the harmonic regularity. After 
this operation, the ratio of the sum of all the peaks in 
autocorrelation domain over the value of the first valley is 
considered as SAPVR. 

Maximum cepstral peak (MCP). Some previous works 
have successfully applied the peak value of the cepstral 
coefficients for pitch estimation and VAD [2].  

3. Autocorrelation-Based Features 

The periodic characteristic of voiced speech can be captured 
using an autocorrelation function. Of course, autocorrelation 
would capture any repetitive signal which may include noise. 
The normalized autocorrelation of the j-th frame is as follows. 
In the equation below, k is the lag count: 

1 1
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(2) 
Maximum autocorrelation peak (MAP). This feature is 

the magnitude of the maximum peak within the range of lags 
that correspond to the range of fundamental frequencies of 
male or female voices [2].  

Autocorrelation peak count (APC). This feature is the 
number of peaks in the autocorrelation sequence. Since the 
voice speech frames have a periodic structure, the number of 
peaks in the autocorrelation sequence of a voiced speech is 
relatively lower than this value for unvoiced or silence speech. 

4. Spectral Peak Valley Difference 

As mentioned previously, [18] proposes to use the pattern of 
peak locations of vowel frames for speech detection in various 
noisy conditions. In this approach, a great number of patterns 
of the locations of spectral peaks of vowel sounds are extracted 

from a set of training data. In the test stage, for every incoming 
audio frame s, the relevance of the frame to the vowel family V 
is calculated using the following measure which is called the 
spectral PVD: 
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where S is the spectrum of the input frame, and X is a pattern of 
peak locations of the vowel spectra. X vectors are extracted on 
a set of vowel sounds. To extract the pattern of peak locations, 
we need to employ a simple peak detection algorithm on the 
spectrum of the vowels and mark the peak locations as 1. The 
remaining parts of the spectrum are considered valleys and are 
marked as zeros. The PVD measure will be higher for vowel- 
like sounds.  

IV. Feature Selection 

Not all the features have equal discriminative powers. Many 
features may contain overlapped information and could be 
pruned with a minimal loss of information. The discriminative 
power of features can be measured by the 1D Fisher 
discriminant analysis. For this purpose, the Rayleigh equation 
can be used. The Fisher discriminant ratio (FDR) for every 
feature is 

FDR / ,B W=                     (5) 

where B is the between class scatter matrix for that feature and 
is given as 
 

 

Fig. 1. Distribution of selected features in clean speech: speech 
(red) and silence (blue). 
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Fig. 2. Distribution of selected features versus noise type: (a) white, (b) factory, (c) volvo, and (d) babble. SNR in all examples is above
5 dB: speech (red) and silence (blue). 

0.4
0.3
0.2
0.1

0
–0.5 0 0.5 1.0 1.5 

Pr
ob

ab
ili

ty
  

Energy  

0.10

0.05

0

Pr
ob

ab
ili

ty
  

0.4
0.3
0.2
0.1

0

Pr
ob

ab
ili

ty
  

–0.5 0 0.5 1.0 1.5 

–0.5 0 0.5 1.0 1.5 

0
–0.5 0 0.5 1.0 1.5 

Spectral flatness 
0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5

Spectral entropy 

APC MCP Spectral PVD 

Pitch  MAP SAPVR 

Normalized value Normalized value Normalized value 

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5 –0.5 0 0.5 1.0 1.5

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5 

0.20
0.15

0.10
0.05

0
–0.5 0 0.5 1.0 1.5

0.20
0.15
0.10
0.05

0.20
0.15
0.10
0.05

0

–0.5 0 0.5 1.0 1.5

Pr
ob

ab
ili

ty
  

Energy 

Pr
ob

ab
ili

ty
  

0.4
0.3
0.2
0.1

0

Pr
ob

ab
ili

ty
  

–0.5 0 0.5 1.0 1.5

–0.5 0 0.5 1.0 1.5

–0.5 0 0.5 1.0 1.5 

Spectral flatness 

–0.5 0 0.5 1.0 1.5

Spectral entropy 

APC MCP Spectral PVD 

Pitch MAP SAPVR 

Normalized value Normalized value Normalized value 

0.06

0.04

0.02

0
–0.5 0 0.5 1.0 1.5 –0.5 0 0.5 1.0 1.5

0.04
0.03
0.02
0.01

0
–0.5 0 0.5 1.0 1.5 

0.20
0.15

0.10
0.05

0
–0.5 0 0.5 1.0 1.5

0

0

0.20
0.15
0.10
0.05

0.08
0.06
0.04
0.02

0

0.08
0.06
0.04
0.02

0

0.06

0.04

0.02

0.06

0.04

0.02

0

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5 

Pr
ob

ab
ili

ty
  

Energy  

0.10

0.05

0

Pr
ob

ab
ili

ty
  

0.20
0.15
0.10
0.05

0

Pr
ob

ab
ili

ty
  

–0.5 0 0.5 1.0 1.5 

–0.5 0 0.5 1.0 1.5 

0
–0.5 0 0.5 1.0 1.5 

Spectral flatness 
0.04
0.03
0.02
0.04

0
–0.5 0 0.5 1.0 1.5

Spectral entropy 

APC MCP Spectral PVD 

Pitch  MAP SAPVR 

Normalized value Normalized value Normalized value 

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5 –0.5 0 0.5 1.0 1.5

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5 

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5

0.20
0.15
0.10
0.05

0.08
0.06
0.04
0.02

0

–0.5 0 0.5 1.0 1.5

Pr
ob

ab
ili

ty
  

Energy 
Pr

ob
ab

ili
ty

  

0.4
0.3
0.2
0.1

0

Pr
ob

ab
ili

ty
  

–0.5 0 0.5 1.0 1.5

–0.5 0 0.5 1.0 1.5

–0.5 0 0.5 1.0 1.5 

Spectral flatness 

–0.5 0 0.5 1.0 1.5

Spectral entropy 

APC MCP Spectral PVD 

Pitch MAP SAPVR 

Normalized value Normalized value Normalized value 

0.06

0.04

0.02

0
–0.5 0 0.5 1.0 1.5 –0.5 0 0.5 1.0 1.5

0
–0.5 0 0.5 1.0 1.5 

0.20
0.15
0.10
0.05

0
–0.5 0 0.5 1.0 1.5

0

0

0.10

0.05

0.10

0.05

0

0.06

0.04

0.02

0

0.04
0.03
0.02

0

0.06

0.04

0.02

0.01

0.04
0.03
0.02
0.01

(a) (b) 

(c) (d) 

1ˆ(B μ= 2ˆ )μ− 1ˆ(μ − 2ˆ ) ,Tμ            (6) 

where ˆiμ  is the mean of the feature samples in class i. Also, 
W matrix, which is the sum of scatter matrices for two classes, 
is given as 

1 2 ,
ˆ( )

k i

i k i
x C

W W W
W x

ω
μ

= +

= −∑ ˆ( ) .T
k ix μ−           

(7) 

The higher the FDR is, the better the features are for the 
given classification problem. Figure 1 shows the distribution of 
the mentioned features in speech and silence classes for a finite 
set of development samples. For better demonstration, the 
feature values are normalized in the range of [0, 1]. This figure  
shows that SAPVR presents a huge region of overlap between 
speech and silence, while the other features have good 
discriminating power. It should be considered that the plotted 

distributions for speech frames are for both voiced and 
unvoiced frames, and hence all features present overlapping 
regions in their distributions for speech and silence frames. 
This fact is easily observable in the distribution of pitch value. 
Although the silence frames are mostly considered to be 
unvoiced in a noise free environment, and hence the 
corresponding F0 values are zero, there also exists some 
unvoiced frames in the speech parts which have zero F0 value. 

The distributions of these features in different noises are also 
illustrated in Fig. 2. This figure shows that all features except 
SAPVR maintain their discriminative ability in white noise. In 
factory noise, energy and fundamental frequency are robust, 
and the other features greatly degrade. For volvo noise, the 
fundamental frequency is not a reliable feature, but features 
such as energy and APC are some good choices. The issue of 
the feature fusion approach arises in the babble noise in which, 
as illustrated in Fig. 2(d), only the short-term energy and APC 
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have maintained their discriminating capacity, and the 
probability distributions of other features are highly overlapped. 

Figure 2 demonstrates that some silent parts are considered 
to be voiced in volvo noise, and hence they are assigned 
nonzero pitch values. Also, in babble noise, the speech-like 
additive noise has caused some silence frames to take nonzero 
F0 values. 

V. Proposed Framework 

The proposed VAD approach includes two stages. Although 
this approach does not take advantage of previously labelled 
speech/nonspeech samples, a set of labelled vowel segments 
for peak pattern extraction is required. Also, the proposed 
approach has several parameters which are estimated on a set 
of development speech data. These operations can be 
considered as the training stage of the proposed approach. The 
next stage is to apply the spectral pattern of vowel sounds in 
association with the features described in section III to perform 
VAD on the incoming signal. 

1. Training Stage 

This stage includes two main tasks. The primary task is to 
extract the spectral signatures of vowel sounds, V, from a set of 
training data [18]. This task is summarized in algorithm 1. 

Algorithm 1. Algorithm for extraction of spectral signatures of 
vowel sounds (first task in training phase of proposed approach). 

1. Vowel segments are extracted from labeled training data. 
a. Each segment is divided into 200 ms length frames, s, at 

50 ms frame rate.  
b. The spectral amplitude of frame s, S, is extracted. 
c. The average spectral amplitude of each segment is 

calculated. 
2. The average spectra of vowel sounds are grouped in 100 clusters 

using k-means algorithm. 
3. The centroids of the resulted clusters are extracted as the spectral 

patterns of vowel sounds. 
4. The peaks of the above patterns are extracted using a simple peak-

picking algorithm. 
5. The locations of peaks in each pattern vector are marked as 1 

while the rest of the vector elements are set to 0. 
6. The above vectors are stored as the peak pattern of vowel sound 

spectrum. 

The output of the first task in the training phase is a set of 
binary vectors associating with the spectral peak patterns of 
training vowel sounds. These vectors are extracted once and 
stored for future reference. 

Since the proposed approach is based on thresholding short- 
time features and deciding on the existence of voiced speech, 

the next task is to find the decision threshold values and other 
VAD parameters. In this operation, the proper values for 
decision thresholds and weight values are found on a set of 
development data using a search strategy. The goal of this 
search is to maximize the VAD accuracy on the development 
dataset. Many different search strategies can be applied 
including linear search and simulated annealing. In this paper, 
we have applied a genetic algorithm (GA) for this purpose. To 
have a more reliable estimation of the final performance, we 
have run the GA 10 times on the development dataset and 
averaged the resulted values. 

2. Weighted Voting Voice Activity Detection 

The proposed algorithm starts with framing the audio signals. 
A hamming window is applied on every frame. First N frames 
are considered to be silence and are used for threshold 
initialization. For each incoming speech frame, all seven features 
are computed. Each feature value is compared with its 
corresponding threshold. If any feature exceeds its threshold, its 
weighted vote is added to an accumulator. The audio frame is 
marked as speech if it has earned enough votes. The complete 
procedure of the proposed method is described in algorithm 2. 

Algorithm 2. Proposed approach for voice activity detection. 
1. Divide the input signal to 200 ms frames with 150 ms overlap. 

Compute the number of frames, nbFrames. 
2. For i from 1 to nbFrames 

a. Compute the feature set, 
 0{ , , , , , , ,...}Feature E SF SE APC MCP PVD F∈ . 

b. Supposing that the first N = 20 frames are non-speech, find the 
minimum values for every feature, FeatureMin. 

c. Set WeightedVote=0. 
d. For every feature, Feature, if Feature(i)–FeatureMin> FeatureThresh, 

then WeightedVote+=FeatureWeight, 
e. If WeightedVote>TotalThresh, then mark the current frame as 

voiced speech. 
f. If the current frame is marked as voiced, a hangover is 

employed on the current frame to include the unvoiced frames. 
3. Ignore silence-run less than 5 successive frames. 
4. Ignore speech-run less than 5 successive frames. 

As mentioned before, the optimal values for thresholds and 
weights can be found on a set of development speech datasets 
using a search strategy so that the total performance of the 
algorithm maximizes. 

VI. Experimental Setup 

1. Datasets 

To evaluate the proposed method, four different speech 
corpora are used. The first one is the TIMIT acoustic-phonetic 
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Table 2. Specifications of evaluation databases. 

Database 
No. of 

utterances 
Mean 

duration (s) Description 

TIMIT 1,680   3.95  

TPersianDat 13,800 8.5 
120 speakers, 5 recording sessions, 
23 utterances per session 

Farsdat 300 28 
300 speakers,  
1 utterance per speaker 

Aurora2 21,000 1.5 
3 noise types, 7 SNR levels, 
1,000 utterances per SNR 

 

continuous speech corpus [20], which is regularly used for 
evaluation of speech recognition systems and contains only 
clean speech data. TIMIT contains broadband recordings of 
630 speakers of eight major dialects of American English, each 
reading ten phonetically rich sentences. 

The second corpus is a Farsi telephony speech corpus named 
TPersianDat collected in the Laboratory of Intelligent Signal 
and Speech Processing in Computer Engineering Department 
of Amirkabir University of Technology. This corpus was 
recorded for telephony speech and speaker recognition. This 
corpus was gathered in real world conditions, and the speech 
files include background noise. Using this corpus is helpful 
since the VAD algorithm will be evaluated in a different 
recording condition. Besides, the language of the evaluation 
dataset is different from the language from which the vowel 
spectral patterns are extracted (Farsi against English). 

The third dataset is a Farsi microphone speech corpus known 
as Farsdat, which contains speech data of more than 300 native 
speakers [21]. The forth dataset, which is commonly used for 
evaluating VAD algorithms, is the Aurora2 Speech Corpus [22]. 
The Aurora2 Speech corpus includes clean speech data as well 
as noisy speech. To show the robustness of the proposed 
approach against noisy environments, five different noises 
from the NOISEX 92 dataset [23] are added to the clean 
speech signals with different SNRs. 

The training set of the TIMIT data is used for both vowel 
sound extraction and parameter estimation of the proposed 
approach. From this set, 2,474 utterance are used for extracting 
5,000 vowel segments. The remaining, which includes 2,146 
utterances, is employed as the development set for parameter 
estimation. The testing set of the TIMIT database and the other 
three databases are used for the evaluations. The number of test 
utterances and the average length of utterances in each database 
are mentioned in Table 2. 

2. Evaluation Metrics 

Two common metrics known as silence hit rate (HR0) and 

speech hit rate (HR1) are used to evaluate the VAD 
performance.  

Number of nonspeech frames classfied as nonspeechHR0= ,
Total number of nonspeech frames

Number of speech frames classfied as speechHR1= .
Total number of speech frames

(8) 
There is always a trade-off between these two metrics. For 
better performance comparison, the final performance metric 
(T) is defined as the mean of HR0 and HR1.  

VII. Experiments 

The first step in the proposed approach is to find the best set 
of features using the criterion mentioned in section IV. To 
determine the FDR of different features, the development 
dataset which is introduced in the previous section is divided 
into speech and silence classes. Since the primary goal was to 
compute the general discriminating power of the features, the 
FDR values are computed without any additive noise. Table 3 
shows the FDR of nine described features. 

The above results are the same as our expectations. In this 
table, the FDR of MAP and SAPVR has the least value 
compared to the other features. It means that these features 
have the least discriminating power. Therefore, we excluded 
these features from our experiments. 

To show the robustness of the selected features in the 
presence of noise, the FDR of the selected features for 
voiced/silence classification in various noises with 5 dB SNR is 
depicted in Fig. 3. It should be considered that the mentioned 
features are basically good to discriminate voiced/unvoiced 
speech and therefore have higher FDR as shown in Fig. 3. 

As it can be seen, the APC feature is the most discriminative 
feature in the presence of various noises except for the pink. On 
the other hand, the most robust feature in pink noise is MCP, 
while it is the least discriminative feature in clean speech. Also, 
spectral entropy is the best feature in clean speech, while it 
loses its efficiency in noisy conditions. On the other hand, 
short-term energy is a relatively good feature for voiced/ 
unvoiced-silence discrimination. 

To obtain a better viewpoint of the performance of the 
 

Table 3. FDR for different features for speech/silence discrimination 
in clean speech. 

Feature E F0 SF SE APC MCP PVD MAP SAPVR

FDR 2.32 0.72 2.59 2.06 3.18 2.47 1.12 0.22 0.12
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Fig. 3. FDR for different features in various noise conditions for
voiced/silence discrimination. SNR level is 5 dB. 
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Table 4. Optimal parameter values in the proposed weighted voting
approach for weights and thresholds. 

Parameter 
Optimal 

value Parameter 
Optimal 

value Parameter
Optimal 

value 
TotalThresh 1.85 MCPThresh 0.44 APCWeight 0.79 

EThresh 0.13 PVDThresh 0.26 MCPWeight 0.69 

SFThresh 0.14 EWeight 0.5 PVDThresh 0.35 

SEThresh 0.81 SFWeight 0.83 PitchThresh 0.74 

APCThresh 0.62 SEWeight 0.13   

 

proposed approach, it is compared with other VAD algorithms 
in the following experiments. The first one, proposed in [24], 
tries to find an estimation of noise using minimum mean-
squared error (MMSE) and is proposed for VAD in the 
presence of high variance vehicular noise. The other evaluated 
approaches, which are mostly used as reference methods in 
evaluation of VAD algorithms, are the ITU G.728 Annex B 
standard [5], European Telecommunications Standards Institute 
(ETSI) adaptive multi-rate (AMR) VAD option 1 (AMR1) and 
option 2 (AMR2) [25], and the VAD module of the ETSI 
advanced front-end feature extraction (AFE) [26]. Also, we 
evaluated the following approaches in our experiments: 

• Voting approach proposed in [17]. 
• PVD approach proposed in [18]. 
• The combinational approach proposed in [19]. 
• The proposed approach (weighted). 
•The proposed approach in which the corresponding weights 
of features are equal to 1 (not-weighted). 

•The proposed approach in which the FDR value of each 
feature is selected as its weight (FDR weighted). 

In all the above approaches, the optimum values for 
unavailable parameters are extracted according to section V. 
Table 4 depicts the optimum values of the parameters for the 

proposed approach. To limit the search space, the feature 
values are primarily mapped to the range of [0, 1], and the 
maximum values for weights are bounded to 1. Also, the 
maximum value of TotalThresh is limited to 7 because we 
exploited seven features. As mentioned in section V, the 
following values are averaged on 10 runs of a GA search 
algorithm. 

The results of the evaluations are depicted in Tables 5 and 6 
for various noises and different SNRs, respectively. The 
evaluation results of the proposed weighted approach are 
mentioned in the last column of Tables 5 and 6.  

Tables 5 and 6 show that the proposed method considerably 
outperforms the other approaches. This is almost true for every 
noise and SNR. Even for babble noise, which is the weakness 
of the PVD approach, the proposed approach has maintained 
its robustness. Also, for volvo noise, which was the weakness 
of voting approaches and the potency of MMSE method, the 
proposed approach outperforms the other evaluated methods. 

In the 10th group of experiments, when the weights of the 
features are set according to their FDR value, and hence the 
number of parameters is decreased to 8, the total performance 
degrades considerably. This degradation is due to our 
prejudgment on the discrimination power of the features when 
we have yet to encountered the noisy conditions. 

On the other hand, it seems that the not-weighted voting 
approach shows comparable performance with that of the 
weighted approach. Since including weights increases the 
degree of freedom and the parameter estimation may become 
costly, one can apply the former approach for silence detection 
with approximately the same outcome. 

It is also worth mentioning that the VAD algorithm of G.729 
standard favors speech detection, thus giving a low silence hit 
rate (HR0) in general and resulting in unexpected lower 
performance at high SNR.  

Since Aurora2 is the conventional dataset for VAD 
evaluation and includes more diverse noise conditions, some of 
the mentioned approaches are also evaluated separately on this 
dataset. The results of these evaluations are shown in Table 7.  

The similar average performance of the proposed approach 
on the Aurora2 database proves its robustness against different 
noisy conditions. In section VI, we briefly introduced 
TPersianDat dataset. This dataset was the main source of 
performance degradation in our previous experiments, 
especially for the PVD approach. This may be due to the 
telephone channel distortion. The weighted voting approach is 
proposed to solve this problem. In our experiments, the 
proposed approach is also evaluated on TPersianDat separately. 
Tables 8 and 9 depict the results of these evaluations. 

Table 9 shows that the performance of the PVD approach is 
low even at 25 dB SNR, which confirms that this approach 
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Table 5. Performance of various VAD approaches on TIMIT, TPersianDat, and Farsdat evaluation databases in different noise conditions.

Noise G.729 
[5] AMR1 AMR2 AFE MMSE 

[24] 
Voting 

[17] 
PVD 
[18] 

PVD + 
voting [19]

Proposed 
approach  

(not-weighted) 

Proposed 
approach  

(FDR weighted)

Proposed 
approach 

(weighted)

Clean 74.96 85.01 81.74 86.66 87.03 77.20 76.79 92.15 90.21 86.37 93.18 

White 59.03 60.46 80.05 74.39 75.42 89.36 87.82 79.07 91.40 90.58 91.67 

Babble 59.56 63.73 68.21 70.36 77.20 87.50 59.27 76.72 81.92 80.94 81.79 

Pink 60.27 62.67 78.90 75.59 73.51 83.92 70.74 79.22 90.28 85.23 90.65 

Factory 60.67 62.04 69.93 65.7 72.46 80.82 82.68 75.52 91.30 89.16 91.28 

Volvo 66.65 78.07 80.83 69.21 84.89 76.90 77.03 66.10 80.34 77.58 91.05 

Average 63.52 68.66 76.61 73.65 78.41 82.61 75.72 78.13 87.57 84.97 89.93 

Table 6. Performance of various VAD approaches on TIMIT, TPersianDat, and Farsdat evaluation databases in different SNRs. 

SNR 
(dB) 

G.729 
[5] AMR1 AMR2 AFE MMSE 

[24] 
Voting 

[17] 
PVD 
[18] 

PVD + 
voting [19]

Proposed 
approach 

(not-weighted) 

Proposed 
approach 

(FDR weighted)

Proposed 
approach 

(weighted)

25 68.49 79.11 77.35 77.62 84.59 74.38 76.74 84.88 91.88 87.27 93.32 

20 65.02 74.04 77.12 76.20 83.17 79.75 75.59 82.96 90.88 87.36 92.92 

15 62.64 69.70 77.68 73.36 80.79 77.23 76.49 78.68 87.20 84.70 90.74 

10 60.90 65.71 74.91 71.12 77.90 66.40 76.11 75.50 86.16 84.47 88.60 

5 58.85 60.43 71.22 70.15 74.47 77.20 76.19 71.50 85.90 84.31 87.93 

0 57.03 54.98 69.31 66.47 70.44 74.38 74.96 70.46 86.16 83.67 89.17 

–5 55.72 52.33 68.08 63.06 65.12 79.75 72.45 65.61 81.16 81.11 82.36 

Average 61.23 65.18 73.66 71.14 76.64 75.58 75.50 75.65 87.04 84.69 89.29 
 

Table 7. Performance of selected VAD approaches on Aurora2
dataset for three different noises. 

Method Subway noise Babble noise Car noise

G.729B 58.1 59.42 64.3 

AMR1 79.1 65.3 71.8 

AMR2 78.2 70.1 80.0 

AFE 75.9 75.8 80.5 

PVD [18] 74.76 79.54 74.37 
Proposed approach 

(not-weighted) 
87.07 88.03 85.41 

Proposed approach 
(FDR weighted) 

86.09 88.23 84.70 

Proposed approach 
(weighted) 88.91 89.17 86.46 

 

encounters severe degradation in the presence of channel effect, 
even in high SNR. On the other hand, the proposed approach 
maintains its total average performance. 

The next envisaged question in our experiments is the 
stability of the proposed approach against wrong estimation of 

Table 8. Performance of proposed method and method proposed in 
[18] on TPersianDat for different noises. 

Noise White Babble Factory Volvo Pink Average

PVD [18] 81.31 50.72 65.77 75.14 60.45 66.67

Proposed 
approach 92.74 78.27 91.91 92.60 92.53 89.61

Table 9. Performance of proposed method and method proposed in 
[18] on TPersianDat for different SNRs. 

SNR (dB) 25 20 15 10 5 0 –5 Average

PVD [18] 68.44 67.43 68.64 67.92 67.48 65.08 61.74 66.67
Proposed 
approach 98.84 97.99 93.77 89.31 86.95 85.88 74.52 89.60

 

the parameters. For this purpose, we chose different sets of 
parameters and changed their values by an amount 
proportionate to their optimal values. The results of these 
experiments are illustrated in Fig. 4. These experiments are 
performed on the TIMIT database. The changes in parameter 
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Fig. 4. Stability of the proposed approach against parameter
estimation. These experiments are only performed on
TIMIT database. 
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Table 10. Performance mean and variance of proposed approach
when optimum values of parameters are changed. 

Parameters 
Mean  

performance 
Performance  

variance 
All 92.16 0.0737 

All weights 92.19 0.4649 

All thresholds 91.84 0.6719 

TotalThresh 92.19 0.4649 

PVDThresh 92.46 0.0093 

PVDWeight 92.54 0.0000 

SEThresh+ EThresh 92.41 0.0078 

PVDThresh +EThresh 92.33 0.0205 

PVDThresh+TotalWeight 92.15 0.3270 

 

values are in the range of –20% to 20% of the optimal values.  
As illustrated in Fig. 4, even in considerable misestimation of 

the parameters, the proposed approach performs satisfactorily. 
Also, the lowest performance is shown to be due to incorrect 
estimation of all the threshold values, which seems to be very 
improbable. Among the parameters, TotalThresh is the most 
critical one. While a considerable change in other parameters 
imposes little degradation on the performance, setting 
TotalThresh with a value far from its optimal value will cause a 
significant decay in performance. 

Table 10 depicts the mean and variance of the performance 
measure in these experiments for each parameter set. This table 
shows the parameter estimation robustness of the proposed 
approach in terms of the mean and variance of its performance. 
Again, Table 10 confirms that the proposed approach is mostly 
prone to performance degradation when the optimum value of 
TotalThresh is wrongly estimated. The other parameters are 

Table 11. Real-time factor (xRT) of different VAD approaches. 

VAD 
approach

G. 
729

AMR
1 

AMR
2 AFE MMSE 

Voting 
[17] 

PVD 
[18]

Proposed 
approach

xRT 0.03 0.017 0.036 0.030 0.197 0.012 0.027 0.032 

 

considerably robust against misestimation. 
To compare the VAD methods studied in this paper from the 

computational time point of view, a new experiment was 
conducted. In this experiment, the VAD of some speech files 
was done using different methods, and the real-time factor 
(xRT) for each method was computed. This experiment was 
performed on an AMD Athlon Dual-Core processor with   
2.7 GHz clock rate and 3 GB of RAM. Table 11 shows the 
real-time factor of the proposed method and the reference 
approaches.  

Table 11 shows that the proposed approach has a relatively 
higher real-time factor compared to similar approaches 
previously proposed in [17], [18]. However, the real-time 
factor of the proposed approach is comparable with the 
reference VAD methods. Therefore, it can be concluded that 
the processing time of the proposed approach is comparable 
with the processing time of the reference VAD approaches, 
such as AMR and AFE, while its accuracy is significantly 
higher. 

VIII. Conclusion 

This paper proposed a simple train-free real-time voice 
activity detection approach which is robust against 
environmental noises and is computationally efficient. The 
proposed approach is evaluated on a diverse set of speech 
databases. The evaluations included different aspects of VAD 
performance including robustness against changes in noise 
type and SNR values, channel variations, and parameter 
estimation. We observed that the proposed approach can cover 
many of the weaknesses of other similar approaches and 
guarantee a satisfying performance in many noisy conditions. 
Also, the evaluations showed that despite the amount of 
parameters needed for the proposed approach, it is relatively 
robust against misestimation of the parameters. However, the 
proposed approach is vulnerable against babble noise.     

However, there are still some remaining issues for future 
work. As mentioned in this paper, while some features are 
more appropriate for a specific noisy condition, they may have 
destructive effects in other environments. One idea to improve 
VAD performance is to have different sets of weights or 
threshold parameters for different noisy conditions, and then 
while traversing an input audio for silence segments, the VAD 
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approach observes the noise characteristics and selects the 
corresponding parameters. 

Another idea for future work is to include long-term features 
in the proposed framework. In some previous works [7], [12], 
long-term features showed satisfactory performance. If long-
term features are used, the VAD decision should be made on 
segments instead of frames in the proposed framework. 

References 

[1] M.H. Savoji, “A Robust Algorithm for Accurate End Pointing of 
Speech,” Speech Commun., 1989, vol. 8, no. 1, pp. 45-60. 

[2] T. Kristjansson, S. Deligne, and P. Olsen, “Voicing Features for 
Robust Speech Detection,” Interspeech, 2005, pp. 369-372. 

[3] R.E. Yantorno, K.L. Krishnamachari, and J.M. Lovekin, “The 
Spectral Autocorrelation Peak Valley Ratio (SAPVR): A Usable 
Speech Measure Employed as a Co-channel Detection System,” 
IEEE Int. Workshop Intell. Signal Process., 2001, pp. 193-197. 

[4] J.L. Shen, J.W. Hung, and L.S. Lee, “Robust Entropy Based 
Endpoint Detection for Speech Recognition in Noisy 
Environments,” ICSP, 1998, pp. 232-235. 

[5] A. Benyassine et al., “ITU-T Recommendation G.729 Annex B: 
A Silence Compression Scheme for Use with G.729 Optimized 
for V.70 Digital Simultaneous Voice and Data Applications,” 
IEEE Commun. Mag., vol. 35, 1997, pp. 64-73. 

[6] M. Marzinzik and B. Kollmeier, “Speech Pause Detection for 
Noise Spectrum Estimation by Tracking Power Envelope 
Dynamics,” IEEE Trans. Speech Audio Process., vol. 10, 2002, 
pp. 109-118. 

[7] J. Ram irez et al., “Efficient Voice Activity Detection Algorithms 
Using Long-Term Speech Information,” Speech Commun., 2004, 
vol. 42, pp. 271-287. 

[8] B.F. Wu and K.C. Wang, “Robust Endpoint Detection Algorithm 
Based on the Adaptive Band Partitioning Spectral Entropy in 
Adverse Environments,” IEEE Trans. Speech Audio Process., vol. 
13, 2005, pp. 762-775. 

[9] S. Ahmadi and A.S. Spanias, “Cepstrum-Based Pitch Detection 
Using a New Statistical V/UV Classification Algorithm,” IEEE 
Trans. Speech Audio Process., vol. 7, 1999, pp. 333-338. 

[10] Y. Tian, Z. Wang, and D. Lu, “Non-Speech Segment Rejection 
Based on Prosodic Information for Robust Speech Recognition,” 
IEEE Signal Process. Lett., vol. 9, no. 11, 2002, pp. 364-367. 

[11] K. Ishizuka et al., “Noise Robust Voice Activity Detection Based 
on Periodic to Aperiodic Component Ratio,” Speech Commun., 
vol. 52, 2010, pp. 41-60. 

[12] S. Shafiee et al., “A Two-Stage Speech Activity Detection System 
Considering Fractal Aspects of Prosody,” Pattern Recog. Lett., 
2010. 

[13] M. Fujimoto and K. Ishizuka, “Noise Robust Voice Activity 
Detection Based on Switching Kalman Filter,” IEICE Trans. Inf. 

Syst., 2008, E91-D, pp. 467-477. 
[14] A. Agarwal and Y.M. Cheng, “Two-Stage Mel-Warped Wiener  

Filter for Robust Speech Recognition,” IEEE Workshop Auto. 
Speech Recog. Understanding, 1999, pp. 67-70. 

[15] D. Cournapeau and T. Kawahara, “Evaluation of Real-Time 
Voice Activity Detection Based on High Order Statistics,” 
Interspeech, 2007, pp. 2945-2949. 

[16] H. Kato Solvang, K. Ishizuka, and M. Fujimoto, “Voice Activity 
detection Based on Adjustable Linear Prediction and GARCH 
Models,” Speech Commun., 2008, vol. 50, pp. 476-486.  

[17] M.H. Moattar and M.M. Homayounpour, “A Simple but Efficient 
Real-Time Voice Activity Detection Algorithm,” Eusipco, 2009, 
pp. 2549-2553. 

[18] I.C. Yoo and D. Yook, “Robust Voice Activity Detection Using 
the Spectral Peaks of Vowel Sounds,” ETRI J., vol. 31, no. 4, 
2009, pp. 451-453. 

[19] M.H. Moattar, M.M. Homayounpour, and N.K. Kalantari, “A 
New Approach for Robust Realtime Voice Activity Detection 
Using Spectral Pattern,” ICASSP, 2010, pp. 4478-4481.  

[20] J.S. Garofalo et al., DARPA TIMIT Acoustic-Phonetic Continuous 
Speech Corpus CDROM, Linguistic Data Consortium, 1993. 

[21] M. Bijankhan and M.J. Sheikhzadegan, “FARSDAT- the Farsi 
Spoken Language Database,” 5th Australian Int. Conf. Speech 
Sci. Technol., 1994, vol. 2, pp. 826-829.  

[22] H.G. Hirsch and D. Pearce, “The AURORA Experimental 
Framework for the Performance Evaluation of Speech 
Recognition Systems under Noise Conditions,” ISCA ITRW, 
2000, pp. 181-188. 

[23] A.P. Varga et al., “The NOISEX-92 Study on the Effect of 
Additive Noise on Automatic Speech Recognition,” Technical 
report, DRA Speech Research Unit, 1992. 

[24] B. Lee and M. Hasegawa-Johnson, “Minimum Mean Squared 
Error A Posteriori Estimation of High Variance Vehicular 
Noise,” Biennial DSP In-Vehicle Mobile Syst., 2007. 

[25] ETSI, Digital Cellular Telecommunications Systems (Phase 2+); 
Voice Activity Detector (VAD) for Adaptive Multi-Rate (AMR) 
Speech Traffic Channels, GSM 06.94, version 7.1.1, EN 301 708, 
1999. 

[26] ETSI, Speech Processing, Transmission, and Quality Aspects 
(STQ), Distributed Speech Recognition, Advanced Front-End 
Feature Extraction Algorithm, Compression Algorithms, version 
1.1.1, ES 202 050, 2001. 

 
 
 
 
 
 
 
 



ETRI Journal, Volume 33, Number 1, February 2011 M.H. Moattar and M.M. Homayounpour   109 

Mohammad Hossein Moattar received the 
BSc in computer engineering from Azad 
University of Mashhad, Mashhad, Iran, in 2003, 
and the MSc in computer engineering from 
Amirkabir University of Technology (Tehran 
Polytechnic), Tehran, Iran, in 2005. He is now a 
PhD candidate with the Department of 

Computer Engineering and Information Technology, Amirkabir 
University of Technology, Tehran, Iran. His current research interests 
include speech and signal processing and audio indexing and retrieval.  
 

Mohammad Mehdi Homayounpour 
received the BSc  in electronics engineering 
from Amirkabir University of Technology in 
1986 and the MSc in telecommunications from 
Khajeh Nasireddin Toosi University, Tehran, 
Iran, in 1989. He received his PhD in electrical 
engineering from University of Paris 11 (Orsay), 

Paris, France, in 1995. He has been an associate professor of the 
Department of Computer Engineering and Information Technology, 
Amirkabir University of Technology, Iran, since 1995. His current 
research interests are natural language processing, speech and signal 
processing, and audio indexing. He is a member of the Computer, 
Information and Telecommunication, and Cryptology Societies of Iran. 

 
 
 


