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Abstract—In this paper, we present an algorithm for Voice
Activity Detection (VAD) in speech signals with very low
SNR. In the proposed algorithm, the short-term energy of
the speech signal is viewed as the positive frequency part of
the magnitude spectrum of a minimum phase signal. The
group delay of this signal is then computed. The speech
regions of the signal are characterized by well-defined peaks
in the group delay spectrum, while the non-speech regions
are identified by well-defined valleys. The proposed method
is compared experimentally with G.729 Annex B in very low
SNR conditions with different types of noises and is found
to perform significantly better.

I. Introduction

The purpose of a Voice Activity Detection (VAD) algo-
rithm is to distinguish between speech and noise regions
in a speech signal. It has applications in speech activity
detection for automatic speech recognition (ASR), speech
absence detection for noise estimation, speech coding and
echo cancellation. In ASR, VAD improves recognition-
accuracy significantly. While in speech coding, it aids
in improving the system resource utilization in conjunc-
tion with comfort noise generator (CNG) during periods
of speech absence by selectively encoding and transmitting
data.

Early approaches to VAD extract features of a speech sig-
nal like short-term energy, pitch, short-term zero-crossing
rate, etc and compare these with a threshold. Though these
methods work well in high SNR environments, they fail in
low SNR (<5dB) environments. Another difficulty with
these thresholding methods is the selection of the thresh-
old, owing to the variation amongst speakers and the pres-
ence of fricatives and nasals.

The G.729-Annex B VAD algorithm is currently recom-
mended by International Telecommunication Union (ITU)
[1]. It uses a piecewise linear discriminant based on line
spectral frequencies, high and low band energies and zero-
crossing rate to make the VAD-decision.

Statistical VAD techniques based on modeling speech
and noise as independent Gaussian random variables were
introduced in [2] and [3]. Modeling speech as a Laplacian
random variable was proposed in [4]. These methods were
reported to show better performance than G.729B. VAD
for handling the non-stationarity of noise, was explored in
[5] using a set of six fuzzy rules. Further methods which

discuss the non-stationarity of noise were explored in [6],
[7], [8].

More recently, some VAD algorithms exploit the fact
that Higher Order Statistics (HOS) show promising results
when dealing with a mixture of Gaussian and non-Gaussian
processes [9], [10]. The application of HOS to speech pro-
cessing has been motivated by the assumption that speech
has certain HOS properties that are distinct from that of
Gaussian noise. However, when noise is not Gaussian, or
because some unvoiced speech behaves like Gaussian noise,
the distinction between speech and noise using this method,
in these cases, is not clear. To mitigate this, HOS combined
with other parameters was proposed in [11].

In this paper, we describe an algorithm for VAD us-
ing the group delay function. Here, the short-term energy
(STE) is treated as a magnitude spectrum of an arbitrary
signal and is then converted to its minimum phase equiv-
alent. The group delay of this equivalent signal is then
obtained. The group delay resolves speech and noise well:
while speech is characterized by peaks, noise is character-
ized by valleys. We demonstrate the robustness of this
VAD algorithm, by applying it to speech with very low
SNR (<5dB).

This paper is organized as follows: Section II reviews
the group delay function. In Section III, the VAD algo-
rithm using the minimum phase group delay function is
presented. Comparison with G.729B in very low SNR con-
ditions is performed in Section IV. Lastly, we draw some
conclusions in Section V.

II. Review of the minimum phase group delay
function

Let xi(n) and Xi(ω) be Fourier transform pairs, and

X3(ω) = X1(ω).X2(ω) (1)

Then,
| X3(ω) |=| X1(ω) | . | X2(ω) | (2)

arg(X3(ω)) = arg(X1(ω)) + arg(X2(ω)) (3)

and
τx3(ω) = τx1(ω) + τx2(ω) (4)

where τx3(ω), τx1(ω) and τx2(ω) correspond to the group
delay function of X3(ω), X1(ω), X2(ω) respectively. From



equations (1)-(3) we see that the multiplication in the spec-
tral domain corresponds to addition in the group delay do-
main. The group delay derived from a minimum phase
signal is called the minimum phase group delay function.
From [12], we observe that the group delay function re-
solves the poles and zeros better than the magnitude and
phase spectra if the signal is minimum phase. Further, it
is also shown in [12] that a non-minimum phase signal can
be converted into a minimum phase signal by taking the
causal portion of the inverse Fourier transform of its mag-
nitude spectrum. This is the feature that is exploited in
next section for generating a minimum phase signal from
the short-term energy function, which, in turn is used to
develop a VAD algorithm.

III. VAD in low SNR using the minimum phase
group delay function

Before describing the procedure for VAD using the min-
imum phase group delay function, the short-term energy
with respect to a given speech signal is defined.

A. Short-term energy

The short-term energy (STE) of each frame of the speech
signal is calculated using the formula given below:

E(m) =
N−1∑

n=0

(w(n)x(m − n))2

where w(n) is a window [13] and N is the frame-size in
samples and m is a multiple of the frame-shift.

B. Algorithm for VAD

In [14], the group delay spectrum was used to extract
syllable boundaries in clean environment, but in this pa-
per, it is used to extract noise and speech regions in the
signal in very low SNR conditions. We take the STE of the
speech signal, view it as a magnitude spectrum, derive its
minimum phase equivalent (c(n)) and finally compute its
group delay function (τ(ω)). Next, for every peak in the
group delay spectrum, the corresponding location of the
valley before the peak and the location of the valley after
the peak are identified. The region between these valleys
correspond to a speech region. A formal description of this
procedure is listed below.
1. Let x(n) be the given speech signal.
2. Compute its STE. Let us denote it by E(m) with 0 ≤
m ≤ K − 1 and K is the length of the STE defined as
K = (length of speech signal in samples)/(frame-shift in
samples).
3. Obtain Ẽ(m) from E(m) by zero padding, making Ẽ(m)
an exact power of two.

Ẽ(m) = E(m) 0 ≤ m ≤ K − 1 (5)
Ẽ(m) = 0 K ≤ m ≤ M − 1 (6)

where M = 2�log2(K)�.
4. Form the symmetric-sequence Es(m)

Es(m) = Ẽ(m) 0 ≤ m ≤ M − 1 (7)
Es(m) = Ẽ(2M − m − 1) M < m ≤ 2M − 1 (8)

where 2M is the DFT order as described next. This new
sequence is considered as a magnitude spectrum of an arbi-
trary signal of 2M points between −π and π and is denoted
as Es(k). Let 2M = N .
5. To reduce the dynamic range, perform the following:

És(k) = Es(k)γ 0 ≤ k ≤ N − 1, 0 < γ ≤ 1

6. Compute the IDFT of the function És(k). The causal
portion of the resulting sequence denoted by e(n) is a min-
imum phase signal [15].
7. Compute the group delay function [12], [16] of e(n)w(n),
where w(n) is a low-pass filter of length Nl. The group
delay is computed as follows:
• Compute the phase spectrum φ(k) of e(n)w(n).
• Compute the forward difference

τ(k) = φ(k) − φ(k − 1) 0 ≤ n ≤ N − 1

where τ(k) is the group delay function.
8. For every peak i in the group delay function(τ(k)), com-
pute the following:
• Identify the valley before the peak i as fb(i).
• Identify the valley after the peak i as fe(i).
• The frames between fb(i) and fe(i) denote speech re-

gions.
9. Output the VAD sequence VGD(n) consisting of -1 and
1, where -1 denotes a noisy frame and 1 denotes a speech
frame.
Window Scale Factor (WSF = N

Nl
) and γ are used to control

the resolution of the group delay. The sequence of steps is
illustrated with an example in Figure 1.

IV. Results and discussion

A. Experimental setup

Experiments were performed on 432 speech files (216 fe-
male, 216 male) obtained by concatenating sets of three in-
dividual speech utterances taken from TIMIT [17]. These
files were low-pass filtered and resampled to 8kHz to con-
form to G.729B. Six different types of noise (babble, HF
channel, factory, volvo, pink and white) from the NOISEX-
92 database were added in the range -15 dB to 15 dB to
these files. Of these, results are tabulated below only for
three types of noise for want of space.

B. The normalized correlation metric

To evaluate the effectiveness of the proposed group delay
VAD algorithm (GD-VAD) and the G.729B VAD algorithm
at various noise levels, we find out the similarity of each to
a corresponding manually marked VAD sequence. To this
end, the normalized cross-correlation at zeroth lag with the
manually marked VAD sequence is used. This value has a
maximum of 1 which indicates a total match of all frames
with the manually marked VAD, and a minimum value of
-1 which indicates a total mismatch. Formally, this is done
as follows:
1. For every noisy speech signal x(n), get the GD-marked,
G.729B-marked and manually-marked VAD sequences,
VGD(n), VG729(n) and VM (n).
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Fig. 1. Figures (a)-(d) describe the steps involved in performing
VAD using group delay on a clean speech signal using WSF=3
,γ = 0.01. (a) Clean speech signal (b) STE (c) Group delay with
STE as magnitude spectrum (d) GD-VAD (e) Manual VAD (f)
G.729B-VAD

2. Compute the zeroth lag RM,GD(0), of the cross-
correlation between VGD(n) and VM (n) and normalize it
with the length of the sequence.
3. Compute the zeroth lag RM,G729(0), of the cross-
correlation between VG729(n) and VM (n) and normalize it
with the length of the sequence.

C. Results

The normalized correlation of GD-VAD and G.729B
VAD with the manual VAD for all the 432 speech files
at a given SNR is computed as described in the previous
subsection. It was observed that the average of the nor-
malized correlation is significantly higher for the proposed
method compared to G.729B at low SNR values. Figures
2, 3, 4 show plots of the normalized correlation values of
GD-VAD and G.729B VAD for all the 432 speech signals
corrupted with babble, white and pink noise respectively.
From these figures it can be seen that the average nor-
malized correlation of GD-VAD is much higher than that
of G.729B VAD. This indicates a better frame-by-frame
match with the manual VAD.

Also, Figure 5 shows a noisy speech signal at -15 dB
corrupted by white noise with the corresponding manual
VAD, G.729B VAD and GD-VAD. From this figure it can
be seen that even at a very low SNR values, GD-VAD iden-
tifies speech and non-speech much better. The results given
in Tables I, II, III further illustrate this.

It can be observed that the performance of G.729B VAD
degrades as the SNR decreases. However, the performance
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Fig. 2. GD-VAD and G.729B VAD correlation plots for 432 speech
signals corrupted with babble noise at various SNR levels (dB):
(a) -15, (b) -10, (c) -5, (d) 0, (e) 5, (f) 10, (g) 15

of GD-VAD remains almost constant. This can be at-
tributed to the fact that the expected energy is higher in
high SNR regions for any noise level. Therefore, the STE
of the signal, when viewed as a magnitude spectrum, in-
dicates the presence of poles in these regions. Since the
equivalent minimum phase group delay function resolves
these poles much better than the magnitude spectrum [12],
the high SNR regions in a signal are always resolved well
at any noise level, indicating the robustness of group delay
for VAD.

SNR(dB) WSF γ RM,GD(0) RM,G729(0)
-15 9 0.1 0.6675 -0.0769
-10 8 0.1 0.6677 -0.0123
-5 9 0.1 0.6627 0.0911
0 7 0.1 0.6647 0.2132
5 8 0.1 0.6703 0.3435
10 4 0.14 0.6907 0.4676
15 3 0.1 0.7340 0.5689

TABLE I

Normalized correlation values of GD-VAD and G.729B VAD

for 432 speech signals corrupted with babble noise at

various SNR levels

D. Effect of WSF and γ

Experiments were conducted for different values of the
parameters, WSF and γ. It was found that γ does not
make a significant difference in performance. However, as
can be observed from Tables I, II, III, higher values of
WSF yield better performance for noisier speech signals.
This is due to WSF being inversely related to the cut-off
frequency of the low-pass filter and hence eliminates the
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Fig. 3. GD-VAD and G.729B VAD correlation plots for 432 speech
signals corrupted with white noise at various SNR levels (dB):
(a) -15, (b) -10, (c) -5, (d) 0, (e) 5, (f) 10, (g) 15

SNR(dB) WSF γ RM,GD(0) RM,G729(0)
-15 9 0.1 0.7036 -0.5697
-10 8 0.1 0.6628 -0.5326
-5 9 0.1 0.6516 -0.4001
0 9 0.1 0.6635 -0.1578
5 8 0.1 0.6750 0.1289
10 3 0.1 0.6931 0.3238
15 3 0.1 0.7404 0.5178

TABLE II

Normalized correlation values of GD-VAD and G.729B VAD

for 432 speech signals corrupted with white noise at various

SNR levels

noise which contributes to the high frequency variations in
the STE.

V. Conclusion

In this paper, a novel method for VAD in very low SNR
is proposed. This method employs the group delay func-
tion to process the short-term energy of the speech sig-
nal. Experiments were performed with six different types
of noise in a range of SNR values from -15 dB to 15 dB
and the proposed method was compared with ITU’s G.729
Annex B VAD algorithm. Zeroth lag of the normalized
cross-correlation with manually marked VAD was used as
a measure of performance of the algorithms. The proposed
method performs significantly better than G.729 Annex B
VAD algorithm for all the different types of noise at low
SNR.

On the other hand, the proposed method needs to ad-
dress the following issue: The G.729 Annex B algorithm
makes VAD decisions frame by frame, whereas the pro-
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Fig. 4. GD-VAD and G.729B VAD correlation plots for 432 speech
signals corrupted with pink noise at various SNR levels (dB):
(a) -15, (b) -10, (c) -5, (d) 0, (e) 5, (f) 10, (g) 15

SNR(dB) WSF γ RM,GD(0) RM,G729(0)
-15 9 0.2 0.7017 -0.5595
-10 8 0.1 0.6925 -0.4781
-5 8 0.1 0.6692 -0.2859
0 8 0.1 0.6663 0.0392
5 8 0.1 0.6797 0.2816
10 3 0.1 0.6946 0.4314
15 3 0.1 0.7424 0.6082

TABLE III

Normalized correlation values of GD-VAD and G.729B VAD

for 432 speech signals corrupted with pink noise at various

SNR levels

posed method makes VAD decisions per frame after pro-
cessing the entire signal. Future work will investigate over-
coming this. This however, is not a serious problem for
many applications of VAD which process multiple frames
(for eg., speech activity detection in ASR).
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