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Abstract: Accurate and effective Voice Activity Detection (VAD) is a fundamental step for robust speech and 
speaker recognition. In this study, we propose a robust VAD algorithm based on Modified Wiener Filtering and 
Harmonic Structure Information. Effectiveness of the proposed algorithm is evaluated by using some well-
known databases. Experimental results show that the proposed method performs well under a variety of noisy 
conditions. Copyright © 2014 IFSA Publishing, S. L. 
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1. Introduction 
 

Voice activity detection (VAD), which is a 
strategy to automatically identify the presence of 
speech frames in a given signal, is a fundamental step 
in speech processing applications. Voice activity 
detection has been widely studied since 1970’s 
because of its consequence in many difference 
applications, such as speech query and speaker 
recognition. The main objective of a VAD system is 
to correctly separate voice and non-voice patterns in 
an audio signal. Accurate VAD can compensate for 
the harmful effect and improve the performance of 
speech recognition in real or noisy environment. 

In the past decade, plentiful VAD techniques have 
been developed to achieve better performance in real 
or noisy environments. In addition, some surveys of 

the existing algorithms are also available in this 
domain. In their work, M. Sahidullah et al [1] 
systematically reviewed some popular VAD 
techniques and their applications on NIST speech 
corpora. J. Han et al [2] investigated the effect of 
VAD on noise reduction performance by applying 
current VAD algorithms that have shown remarkable 
performance in single microphone noise reduction. 

Generally, VAD scheme could be divided into 
three broad categories, namely, time-domain, 
frequency-domain and statistical approaches [3]. 
Many of the time-domain and frequency-domain 
approaches are based on heuristic rules which reflect 
the production characteristics on several parameters, 
such as linear predictive coding (LPC), short-time 
energy, zero crossing rate (ZCR), Mel-frequency 
cepstral coefficients (MFCC), spectral entropy, and 
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periodicity measures. N. Cho [4] proposed an 
enhanced-voice activity detection algorithm by using 
some perceptual features and MFCC. Performances 
were compared with state-of-the-art techniques in 
real-world environment. K. Ishizuka [5] proposed a 
noise robust voice activity detection technique called 
PARADE (PAR based Activity DEtection) that 
employs the periodic component to aperiodic 
component ratio (PAR). Comparisons of the 
performance for noisy speech show that the proposed 
approach achieved significantly higher word 
accuracies than those achieved by MFCC  
(Mel-frequency Cepstral Coefficient) based feature 
extraction methods. S. Sadjadi [6] proposed a robust 
and unsupervised VAD solution that leverages four 
different perceptual spectral flux features. 
Experimental results indicate that the proposed 
scheme provides superior and consistent performance 
across various noise types and distortion levels. 

Recently, the statistical model based VAD 
approaches, such as Hidden Markov Models (HMM), 
Gaussian Mixture Models (GMM), Support Vector 
Machine (SVM) and Likelihood Ratio Test (LRT) are 
considered as attractive approaches for noisy speech. 
These methods do not depend critically on threshold 
setting, but require training data for different types of 
background noises. Performance of these approaches 
depends on the choice of the probability distributions, 
and the ability to estimate the parameters of the noise 
distribution [3]. D. K. Kim [7] proposes a statistical 
VAD method in a high-dimensional kernel feature 
space by a nonlinear mapping. A Gaussian density 
model is presented using kernel principal component 
analysis to represent the nonlinear characteristics of 
the speech signal. J. M. Górriz [8] presented a novel 
VAD based on a Multivariate Complex Gaussian 
(MCG) observation model and defines an optimal 
likelihood ratio test (LRT) involving multiple and 
correlated observations. J. Wu [9] proposed a 
Multiple Kernel Support Vector Machine (MK-SVM) 
method for multiple feature based VAD. X. Bao [10] 
combined harmonic structure information and the 
high order statistical (HOS) with Gaussian Mixture 
Model based Hidden Markov Model (HMM/GMM) 
for efficient speech/non-speech segments. 

This paper composed of 4 sections. Section 2 
provides a brief introduction of modified Wiener 
filter for speech signal enhancement. Section 3 
introduces the techniques to be used in the paper, the 
energy-based VAD techniques and SVM classifier. 
The experimental results and performance evaluation 
are presented in Section 4. Finally, Section 5 gives a 
summary of the paper. 
 
 

2. Enhancement Using MWF 
 

The well known noise reduction algorithms, such 
as Wiener filtering (WF) algorithms, are widely used 
for robust voice activity detection which is the 
critical step for speech recognition. Currently, most 
of the WF-based algorithms are iterative since the 

estimation of power spectrum of the clean speech is 
required in the formulation. It suffers rapid 
performance degradation when the driving conditions 
get noisier. Recently, a non-iterative WF-based 
algorithm called Modified Wiener filtering (MWF) 
algorithm was proposed by Arslan [11]. The main 
advantage of the proposed method is that it makes 
use of a time-varying signal-to-noise ratio (SNR) 
dependent noise suppression factor. This property 
increases the ability to suppress the parts of the 
degraded signal, where speech is not likely to be 
present and not to suppress, and hence not to distort 
the speech segments as much. The basic idea behind 
modified Wiener filtering is to emphasize the 
frequencies where speech signal is dominant over the 
noise signal, and to attenuate the frequencies where 
the speech signal is weak relative to noise. The 
followed section presents a basic explanation of the 
MWF algorithm. 

Suppose that the noise is additive, the noisy signal 
could be expressed as 

 
 )()()( ndnxny += , (1) 

 
where y(n) is the noisy speech, x(n) is the noise-free 
speech, and d(n) is the additive noise signal. Then, a 
generalized Wiener filter can be formulated as 
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 is the estimation of the clean speech 

power spectrum and )(ωdP  is the noise power 

spectrum. Parameter α  and β  is the noise 

reduction factor and the power of the filter 
respectively. ( 1== βα  in our evaluations). We 

assumed that the speech and the noise signal have the 
same phase, so the filter adjusts the amplitude at each 
frequency and preserves the original phase. Then, the 
Fourier Transform (FT) were taken 
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where )(ωX


 and )(ωY  are the estimation of the 

FT of the clean speech and of the FT of the noisy 

speech. }{1 ⋅−F  is the inverse Fourier transform 

operation. In this formulation, it is assumed that we 
have an estimate of the clean speech power spectrum, 

)(ωxP


. This estimate is calculated from the AR 

smoothed spectrum of the noisy speech, )(ωyP , by 

only a DC gain modification (note that uses original 

shape of )(ωyP  as 
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 and 
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yg  are the DC power of the clean 

speech and of the noisy speech respectively. Assume 
the speech and noise signal are uncorrelated, then  
we have 
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By integrating the both sides of the Equation (4) 

and (5) over ω , we get 
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Then, the above equation can be simplified by 

using Parseval’s relation 
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where nE  and yE  are the energy measurement of 

the noise free speech and the noisy speech. By 

substituting the expression for 
22 / yx gg


 in 

Equation (4) and (7), the clean speech spectrum 
estimate now can be expressed as 
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With the above expression in Equation (2), and 

introducing a time-dependent noise suppression 
factor, and after simplifications we get 
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The result )(ωH  of the above equation is 

always non-negative, whereas in spectral subtraction, 
the equivalent filter may fluctuate between negative 
and positive values. Although the negative values are 
set to zero, there are still some sharp discontinuities 
in frequency domain. To further reduce the 
discontinuities after the clamping, a five-point 
moving-average smoothing is done on )(ωH  [11]. 

3. Enhanced Voice Activity Detection 
Algorithm 

 
3.1. Energy-based VAD 
 

The Energy-based VAD techniques are the most 
popular techniques and are widely used in speech 
recognition application. A variety of algorithms, such 
as Energy-based criteria and Zero-Crossing Rate 
(ZCR), have been proposed for detecting robust voice 
activity in the last decades. With very little 
computational complexity, these techniques have 
good performance for clean speeches or speeches 
with little noise contamination. The implementation 
steps of the Energy-based VAD algorithms are given 
as the follows: 

First, an audio stream was divided into non-
overlapping small segments by using a rectangular 
moving window. The sampling frequency was 
usually set as 8000 Hz. These small segments are so-
called audio segments. And then, the energy level of 
each audio segment is calculated as follows. 
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where N is the size of the audio segment. 

After the energy of all the speech frames were 
computed, an empirical pre-defined threshold th is 
selected from the frame energies. Finally, audio 
segments whose energy is larger than th are sent to 
the feature extraction step for classification and the 
others are dropped for saving processing resources. 
 
 

3.2. Harmonic Structure Information 
 

Mel-Frequency Cepstral Coefficient (MFCC) 
features were one of the most popular used features 
in speech/speaker recognition applications. Mel scale 
takes the mechanism of the auditory nonlinear 
frequency resolution into consideration, which was 
believed to provide pertinent cues for phonetic 
classification in speech recognition. However, static 
features such as MFCC does not have sufficient 
information to distinguish speech from noise frames 
because a static MFCC sequence often has similar 
feature vectors for speech and non-speech [10]. 
Recently, many advanced techniques were proposed 
to eliminate the limitation of MFCC. The harmonic-
structure-related information is robust to high-pitched 
sounds and seems to be a promising cue to increase 
robustness of the noise, especially in low SNR 
conditions. Fukuda et al. [12] replaced the traditional 
Mel-frequency Cepstral Coefficients (MFCC) by the 
harmonic structure information and made a 
significant improvement of recognition rate. Thus, in 
this article, features extracted from the harmonic 
structure information are introduced as an alternative 
to MFCC. The outline of the harmonic structure-
related features is shown as follows. 
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First, calculate the power spectrum )( jxt  and 

convert it into log power spectrum )( jyt  for each 

speech segment. And after that, convert )( jyt  into 

the cepstrum )( jpt  by using the discrete cosine 

transform (DCT). 
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where ),( jiM a  is the matrix of DCT, i and j 

indicates the bin index of the cepstral coefficients, t is 
the frame number. 

Then, the harmonic structure information )(iqt  

is obtained by lifting out the lower and higher cepstra 
because the medium cepstra captures the harmonic 
structure information. 
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where λ  is the small constant. LD  and HD  

correspond to the bin index of the 0F  range. 

After lifting out the lower and upper cepstra, 

)(iqt  is converted back to log power spectrum 

domain 
t

jω̂ ( )  by inverse DCT (IDCT) and 

exponential transform. 
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Finally, convert )(kbt  into the harmonic 

structure-based coefficients )(nct  by using the 

KN ×  size DCT matrix )(kbt . 

 
 
3.3. Classification 
 

Support Vector Machine (SVM) is an effective 
binary classification technique on the foundation of 
statistical learning theory. In the SVM method, a 
unique principal called structural risk minimization 
(SRM) principle is used to minimize an upper bound 
of the generalization error. For the non-linear case, 
SVM maps the training data into a higher 
dimensional feature space (maybe infinite) to make 
the input data linear separable. Hence, we can find 
the hyperplane that optimally separates the dataset in 
the higher dimensional feature space. According to 
functional theory, three types of kernel functions, 
named Polynomial kernel function, Radial basis 
function (RBF), and Sigmoid function, are usually 
used. In our experiment, we chose RBF as kernel 

functions because it always yields better 
classification results. The formula for computing 
RBF is list below. 

 
 ( )2||||exp),( babaK −−= γ  (15) 

 
 
4. Experiment and Results 
 

In this section, the performance of the proposed 
voice activity detection algorithm is evaluated on the 
experiment data. The experiment data come from two 
well-known database, TIMIT database and  
NOISEX-92 database. TIMIT corpus consists of 
1680 utterances from 168 individual speakers. A 
subset of the TIMIT database, five short sentences 
each comes from six speakers, is used for our 
experiments. Four typical types of noises, namely 
white noise, F16 cockpit noise, babble noises and 
factory noise, from the NOISEX-92 database are 
artificially added to the test dataset at different  
SNR conditions. 

In our implementation, the input speech signals 
were divided into non-overlapping frame segments of 
unit length by using rectangular window of fixed 
height. For the input speech/noise signals sampled at 
8000 Hz, the segments are of 32 ms each. Frame 
segments were marked as silent frames or speech 
frames by using a pre-defined empirical threshold. 
Audio segments whose energy is larger than th are 
sent to the feature extraction step for classification, 
and silent frame segments are automatically removed. 

Fig. 1.a shows a clean speech signal and its 
correspondent results by using ZCR (Zero-Crossing 
Rate) and STE (Short-Time Energy). The test speech 
signal contains 250 frames at the sampling frequency 
of 8 kHz, and is segmented into small segments with 
non-overlap. Each frame is labeled manually as 1 for 
speech segment and 0 for non-speech. Fig. 1.b shows 
a noisy speech signal and its correspondent results by 
using ZCR and STE. The noisy speech signal was 
obtained from the clean speech signal by adding 
white noise at SNR=0 dB. 

Fig. 2 shows the input and output SNR of the 
Wiener filtering and the Modified Wiener Filtering 
(MWF). The degraded speech signals was added by 
white noise which is comes from the NOISEX-92 
database. It is observed that the MWF yields better 
SNR than that of the Wiener filtering technique under 
noisy environments. 

In this study, we perform LIBSVM for multi-class 
classification. The LIBSVM is a library for support 
vector machines which is available in [13]. For the 
implementation of SVM, the radial basis function 
kernel (RBF) was used to map nonlinearly data into a 
higher dimensional feature space. By using the 
LIBSVM, one-against-one algorithm was performed 
to find the best parameters of the support vectors, and 
then the parameters were used to train the whole 
training set. Finally, a cross-validation method was 
utilized to analyze the classification performance. 



Sensors & Transducers, Vol. 166, Issue 3, March 2014, pp. 275-280 

 279

 
 

(a) 
 

 
 

(b) 
 

Fig. 1. Results of VAD of clean/noisy signal by using  
ZCR and STE. 

 
 

 
 

Fig. 2. Results of SNR measures of noisy signals. 
 
 

Table 1 shows the performance of proposed VAD 
algorithm at various SNR levels. Experimental results 
show that the proposed algorithm shows stable 
performance across various noisy conditions. 
Numbers in bold print denote the average results of 
different SNR levels. 

Table 1. Accuracy of the proposed VAD algorithm  
at different SNR levels. 

 
Noise Type 5 dB 10 dB 15 dB 20 dB 

White noise 56.7 % 65.5 % 93.2 % 97.7 % 
F16 cockpit noise 74.2 % 83.6 % 89.8 % 95.3 % 
Babble noises 86.7 % 90.6 % 93.3 % 99.0 % 
Factory noise 65.2 % 79.5 % 95.7 % 97.3 % 
Average 70.7 % 79.8 % 93.0 % 97.3 % 

 
 

From Table 1, we can see that accuracy of the 
proposed VAD algorithm increased from 70.7 % to 
97.3 % when SNR levels increased from 5 db to 
20 db. As can be seen from the results, the proposed 
algorithm based on Modified Wiener Filtering and 
Harmonic Structure Information achieved a good 
performance, even at low SNR levels. 
 
 

5. Conclusion 
 

In this study, an enhanced algorithm based on 
Modified Wiener Filtering and Harmonic Structure 
Information is proposed for Voice Activity Detection. 
Modified Wiener Filtering was used for noise 
estimation and reduction, and has been shown to 
perform better than ordinary Wiener filtering in all 
tested noisy conditions. And then, energy-based 
measure and a well-trained SVM were employed to 
identify the speech or non-speech segments. Finally, 
the proposed method was objectively evaluated in 
4 kinds of noises at various SNR levels. It was shown 
that the proposed algorithm perform well under a 
variety of noisy conditions. 
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