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Abstract

This paper introduces a new method of voice activity 
detection (VAD) using modified Wigner-Ville distribution. 
Modified Wigner-Ville distribution can track the speech 
regions efficiently in noisy environments. Fourier Transform 
(FT) and Discrete Cosine Transform (DCT) variants of 
Wigner-Ville distribution based, voice activity detection 
schemes are presented. The efficient time frequency spectral 
representation of Wigner-Ville is exploited for increasing the 
accuracy of VAD decision. The techniques are tested in three 
different standard noisy conditions (babble, gaussian, vehicle) 
with different levels of degradation. The proposed technique 
significantly outperforms the existing techniques in literature.

Index Terms: voice activity detection, wigner-ville,
discrete cosine transform, fast fourier transform.

1. Introduction
In the present highly mobile wireless age minimizing
bandwidth usage, is of very high priority. Normally in any
voice conversation, more than 50% of the time is silence. 
Hence a great amount of bandwidth and power can be saved 
by encoding and transmitting only when there is speech 
activity [1].
Voice activity detection is a technique which detects speech
activity by separating speech and silence regions. VAD is a 
pivotal component in many of the speech related applications
like mobile telephony and VOIP. VAD plays an integral part 
for speech enhancement methods to develop better statistical 
models to reduce noise. VAD is highly useful in distributed 
speech recognition, speaker verification systems, speaker 
tracking and segmentation systems. Even in the mammoth 
speech archival systems VAD can be used for efficient 
storage.

Over the past fifteen years extensive techniques starting 
from energy and formant based VAD, to techniques using 
liner predictive coding (LPC), zero crossing rate (ZCR), 
statistical measures of different orders, neural networks and 
fuzzy techniques, time frequency techniques, cepstral features, 
adaptive modeling of speech signals, pattern recognition 
principles based systems for VAD have been developed. The 
problem of speech detection is simple when the signal to noise 
ratio (SNR) is high . As the SNR reduces the detection of 
speech regions become harder. The detection accuracies of 
major chunk of algorithms reduce drastically when the SNR is 
below 15dB. Though some methods work better for low range 
of SNR’s, they are either computationally very expensive or 
need some training data or their effectiveness is reduced for 
different noise scenarios. Hence, there is a requirement to 
develop an efficient real time VAD algorithm. Our proposed 
technique addresses these issues.
Our proposed scheme is based on time-frequency 
representation of speech. A wide variety of time-frequency or 
multi-resolutional techniques using cepstrum, spectrogram and 

wavelets exist in literature. We propose to use a new time 
frequency distribution for VAD. The Wigner-Ville distribution 
(WVD) is an elegant time frequency representation technique 
that tracks spectral changes over time efficiently. In our 
research work we have used discrete Wigner-Ville distribution 
(DWVD) [2] and modified versions of DWVD to perform 
VAD. 
Following is the outline of the paper. Section 2 introduces 
WVD and its variants. The relevance of WVD for VAD is 
explained. Section 3 explains the VAD algorithm 
implementation in detail along with database generation and 
comparison with standard VAD techniques for different noise 
conditions. Section 5 is conclusion.

2. Wigner-Ville Distribution
In 1932 Eugene Wigner developed WVD which is a quasi-
probabilistic distribution to replace the wavefunction (a 
function which maps possible states in a particular space of a 
system to complex numbers) in the Schrödinger's equation
with probabilistic distribution in phase space [3]. Later in 1980 
Claasen and Mecklenbräuker published a series of articles 
regarding the elegant time-frequency (TF) representation 
properties of WVD [4]. An important property of WVD is that 
it can represent high-resolution time-frequency representations 
of non-stationary signals. Interestingly in our case, speech is 
either quasi-periodic or non-stationary, which is added to a 
non-stationary noise signal giving rise to a hybrid signal. 
Hence a tool like WVD that can efficiently exploit the above 
characteristic is advantageous. This was the motivation for 
using WVD for VAD. The WVD of a real signal �(�) is,
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Where �(�) is the analytic signal associated with the real 
signal �(�). On observation we can see it is a FT-like 
operation. The above equation is equivalent to taking the 
fourier transform of analytic representation of the hilbert 
transform of the input signal. It has different TF
representation, which we found advantageous for VAD.

2.1. Discrete Wigner-Ville Distribution
In windowed digital speech processing a discrete time 
equivalent is used, which is given by [2],

��(�; �, �) =  2� � �(� + �
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Where t is the time sample and � is the frequency with a 
window width of 2N.
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2.2. DCT based Discrete Wigner-Ville Distribution
The equation (2) can be reduced to its Discrete Cosine 
Transform (DCT) and Discrete Sine Transform (DST) variant 
given by [2],

��(�) =  4 � �(�)cos(2���/�)
�=�

2 −1

�= 0

+  4 � �(�)sin(2���/�)
�=�

2 −1

�= 0
              (3)

Where the first part of (3) is DCT and last part is DST. �(�)
and �(�) are the real and imaginary parts of the analytic signal 
of s(n) respectively. As speech is a real signal we are 
considering real part of the analytic signal. Hence by above 
equations we can generate DCT-DWVD. 

3. Voice Activity Detection 
Our VAD scheme is a 3 step procedure. The incoming noisy 
speech is windowed. Then time-frequency distribution is 
extracted using DWVD or DCT-DWVD. Decision rule is 
applied on the spectra to determine silence or speech. A 
Hangover scheme is applied to ensure that end of speech 
segments is not decided as noise. This is explained in detail 
below.

3.1. Windowing
The entire experiment is carried out with the speech sampling 
frequency of 8000Hz with a quantization of 16 bits. The 
speech signal is windowed by 20msec hanning window with 
50% overlap, which denotes that in every update there is 
10msec of new speech information.

3.2. DWVD TF-spectrum extraction
For each window of speech, DWVD is computed using (2).
For generating the DWVD the window length and time
resolutions has to be chosen in a manner which maximizes the 
difference in representation of speech and non-speech 
regions. Optimum set of time-frequency parameters are fixed 
and the distribution is generated. In the TF representation the 
number of coefficients on frequency axis is equal to the
window length and hence the frequency dimension is fixed. 
The time resolution parameter is a variable, which when 
chosen experimentally gives the desired advantageous effect 
for VAD on the DWVD. From experiments, it is seen that the 
time resolution if matched with the average speech pitch 
range, gives desired results . From experiments it was seen 
that with the time resolution of 10 samples resulting in 8 bands 
gives the best results. Below are the example 3D surface plots 
of TF distribution for only speech and only silence frames
with frequency, time and magnitude as the parameters.
From figure 1 it is evident that speech is concentrated in the 
first few rows of coefficients of the distribution and the rest of 

Figure 1: DWVD of a speech frame affected by 10 dB 
Gaussian white noise.

Figure 2: DWVD of a silence frame affected by 10 dB
Gaussian white noise
the coefficients are negligible. Carefully observing both the 
figures, the DWVD magnitudes in speech frame is enormously 
large when compared to noise frame. Hence the noise and 
speech can be easily be segregated by applying an appropriate 
decision rule.

3.3. DCT-DWVD TF-spectrum extraction
The DCT-DWVD can be generated by applying DCT instead 
of FFT in the process of generating DWVD as explained in 
section 2. The advantage of using DCT-DWVD is that the 
coefficients are more distributed in all time-frequency points 
for noisy silence regions however the spread in speech frames 
very similar to that obtained using FFT for DWVD. Figure 3 
shows the coefficients distribution of a DCT-DWVD of the
same silence frame used for generating fig 2. Comparing
figure 2 and 3 it is evident that the coefficients in fig 3 are 
distributed in large range when compared to coefficients of fig 
2. This proves to be very advantageous in finding the 
difference between speech and silence regions. Thus we use 
DCT-DWVD for our experiments.
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Figure 3: DCT-DWVD of a silence frame affected by 10 dB 
Gaussian white noise.

3.4. Decision Rule and Hangover scheme
As mentioned earlier, the window length is 20msec with an
overlapping of 50%. Hence in real-time operation a decision in 
every 10 msec would be beneficial. The first step is to obtain 
the distribution coefficients of windowed data. An important 
point that has to be mentioned is that the distribution has both 
positive and negative values. All the decision is made on the 
sum of the magnitudes of the distribution. But a decision 
scheme is developed which decides if we have to add only 
positive values over 25% of the range of TF spectrum or the 
entire spectrum.
The first five frames are considered silence using which a 
preliminary threshold is calculated. The mean of the absolute 
maximum values of the first five frames is the initial 
threshold. If the absolute maximum of a new frame is ≤
(�ℎ���ℎ��� + �ℎ���ℎ���  ���!��), then sum of positive 
magnitudes over 25% of TF range is performed. If the 
absolute maximum of a new frame is > (�ℎ���ℎ��� +
�ℎ���ℎ���  ���!��) then sum of the magnitudes of the entire 
TF values are performed. For a given frame, if magnitude sum 
is not 25% greater than the previous sum, than that frame is 
decided as silence and the silence flag is set. Else if for a given 
frame if magnitude sum is 25% greater than the previous sum 
(reference value) then the system does not decide that the 
present frame is silence or speech. If the next 3 consecutive 
magnitude sums (whose duration equal to 30 msec of speech) 
are greater than the reference value, the system sets the speech 
flag and enters to speech region. The speech flag is set and 
frames are decided as speech till the magnitude sums go less 
than the thresholds. If the magnitude sum goes less than the 
threshold when the speech flag is set it enters the hangover 
scheme. In the hangover scheme it allows the next 10 frames 
as speech if the magnitude sum is below thresholds. If before 
the 10 frames the magnitude sum goes higher than the 
thresholds then it exits from the hangover scheme allowing the 
speech availability decision with speech flag being on. Even 
after 10 frames if the magnitude sum is less than the 
thresholds than it enters to silence region by setting silence 
flag on. The decision of the frames is continued in real-time.

The beauty of this method is in its perfection. It is highly 
probable that some very low energy fricatives and voice-bar of 
stops go unnoticed in almost all the available techniques, but 
in our technique they does not. For such sounds the magnitude 

sum is obviously will be less than threshold. The detection of 
such sounds is achieved by the intelligent summation of only 
positive magnitudes in the 25% of the TF distribution. This is 
done because though voice-bars and fricatives are low energy 
it is observed that they have more positive values than that of 
the noise hence when added gets a boost in the amplitude 
which a noise frame does not even if only the positive values 
are added. This proves that the comprehensive decision rule 
adopted is unique and very important for perfect functioning 
of our algorithm.

4. Voice Activity Detector Evaluation

4.1. Database generation and Noise addition
One of the most important aspects in evaluating a VAD 
algorithm is that it has to be tested with right databases [5]. 
The accuracy of the technique has to be tested over a large 
variety of speakers and speech. It is simple to tweak some 
parameters and make it work for small set of data. The real 
challenge is to make it work for huge dataset. We have 
considered 40 speakers from the TIMIT corpus. Four 
sentences are concatenated in sets to form a single file while 
inserting silence in-between sentences. This includes pauses 
and silences inherent in TIMIT sentences. The average silence 
regions in the sentence were maintained to be 50% of the total 
speech length. The total length of the database is 
approximately 45 minutes [6].
For the database generated above, noise was added using noise 
database files from Noisex-92 where three important types of 
noises are considered. The noises considered are White 
gaussian, Babble, and Vehicle noise.

4.2. Parameters evaluated
There are many parameters that can be evaluated while testing 
for VAD. The parameters considered in this present work are;
Correct: Correct decisions made by VAD, Total Errors
(TE): It comprises of mid speech clipping, front end clipping, 
noise detected as speech and overhang. All the files were 
tested against the given noise set and the results and 
tabulations are as follows.

4.3. Results and Tabulations
As the performance of DWVD and DCT-DWVD fall in 
acceptable range over all range of SNRs and different noises 
only DCT-DWVD is used for comparison. Similarly for
tabulation DCT-DWVD is compared with standard techniques 
like AMR VAD Option 2 [1], ITUT-G 729 b VAD [7]. 
Figure 4 shows the performance of the proposed VAD to a 
speech signal affected by white gaussian noise (SNR = 0db). 
The 0db speech signal is plotted in Figure 4a. The magnitude 
of sum of DCT-DWVD coefficients of the 0db speech wave is 
shown in Figure 4b. It can be observed that there is significant 
magnitude only in speech regions. Using the decision scheme 
explained in section 3.4 speech is separated from silence 
regions. The decisions thus obtained from 0db speech wave 
are applied to generate the voice activity detected signal on the 
original clean speech. This is depicted in Figure 4c. In Figure 
4d clean speech has been plotted. Observing Figure 4c and 4d, 
we find that both the plots are almost identical thus proving 
the accuracy of our proposed algorithm even in adverse 
conditions such as a speech signal with 0db SNR.    
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Figure 4: (a) Speech file with 0 db SNR affected with    
Gaussian white noise (b) Magnitudes of the sum of fixed range 
coefficients (c) Voice activity detected output (d) Original 
speech

Table 1: Results for Gaussian Noise
AMR VAD 2 ITUT-G 729 b DCT-DWVD

SNR Correct TE Correct TE Correct TE
0 88.39 11.61 66.66 33.33 96.32 3.78
5 94.6 5.4 73.94 26.06 97.01 2.99
10 96.21 3.79 79.81 20.19 97.55 2.45
15 96.47 3.53 84.53 15.47 97.55 2.45
20 96.35 3.65 87.94 12.06 97.49 2.51
25 96.3 3.7 90.71 9.29 97.6 2.4

Table 2: Results for Babble noise
AMR VAD 2 ITUT-G 729 b DCT-DWVD

SNR Correct TE Correct TE Correct TE
0 66.39 33.61 59.37 40.63 66.13 33.87
5 69.79 30.21 64.4 35.6 68.54 31.46
10 70.93 29.07 69.13 30.87 72.18 27.82
15 72.37 27.63 72.84 27.16 80.11 19.89
20 78.37 21.63 76.12 23.88 86.7 13.3
25 88.03 11.97 80.50 19.5 92.45 7.55

Table 3: Results for Vehicle interior noise (car interior noise)
AMR VAD 2 ITUT-G 729 b DCT-DWVD

SNR Correct TE Correct TE Correct TE
0 94.95 5.05 64.35 35.65 95.23 4.77
5 95.61 4.39 68.14 31.86 95.9 4.1
10 96.08 3.92 71.87 28.13 96.7 3.33
15 96.49 3.51 77.82 22.18 97.2 2.8
20 96.81 3.19 87.65 12.35 97.3 2.7
25 96.92 3.08 94.19 5.81 97.31 2.69

From the above tabulations for the three scenarios considered, 
DCT-DWVD based VAD outperforms all the other techniques 
significantly. Thus DCT-DWVD based VAD proves to be an 
effective real time algorithm with a very good accuracy for 
different noise scenarios.

5. Conclusion
In this paper we have developed a novel VAD algorithm using 
Wigner-Ville distribution. This has proved to be a simple yet 
very powerful VAD algorithm which can cater to a wide 
variety of noise conditions. The proposed VAD algorithm has
an efficient time frequency representation and intuitive 
decision making resulting in a significant increase in 
performance when compared with standard techniques 
existing in literature. The main aspect of the algorithm is its 
robustness for a wide range of noises with a wide range of 
SNRs.
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