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ABSTRACT 

 

This paper explores the fourth order cumulants (FOC) of
the LPC residual of speech signals and presents a new
algorithm for Voice Activity detection (VAD) based on the
newly established FOC properties. Analytical expressions
for the horizontal slice of the 4th cumulant as well as the
kurtosis of voiced speech are derived based on a reported
sinusoidal model [4]. The derivations demonstrate that the
kurtosis of voiced speech is distinct from that of Gaussian
noise and can be used to aid in detecting voicing. The
proposed VAD combines FOC metrics with SNR measures
to classify speech and noise frames. Its performance is
compared to the ITU-T G.729B VAD [1] in various noise
conditions, and quantified using the probability of correct
and false classifications. The results show the proposed
VAD has overall comparable performance to the G.729B:
Its probability of false classification is lower in low SNR
and Gaussian-like noise, but higher in speech-like noises. 

 

1.  INTRODUCTION

 

Voice activity detection (VAD) is an integral part of a
variety of speech communication systems, such as speech
coding, recognition, and hands-free telephony. In the GSM-
based wireless system, for instance, a VAD module [3] is
used for discontinuous transmission to save battery power.
Similarly, a VAD device is used in any variable bit rate
codec [9] to control the average bit rate and the overall
coding quality of the speech. In wireless systems based on
CDMA, this scheme is important for enhancing the system
capacity by minimizing the interference. 
Higher-order statistics (HOS) have shown promising
potential in a number of signal processing applications, and
are of particular value when dealing with a mixture of
Gaussian and non-Gaussian processes and system nonlin-
earity [6]. The application of HOS to speech processing has
been primarily motivated by their inherent Gaussian sup-
pression and phase preservation properties. While previous
work in the area of voicing detection have attempted to
exploit some of the observed features of the HOS of speech
signals, little has been done in providing an analytical
framework for using these cumulants: In [8], a voiced/
unvoiced detector using the bispectrum is developed based
on the observation that unvoiced phonemes are produced
by a Gaussian-like excitation and result in a small bispec-
trum whereas the same is not true for voiced phonemes. In
[7] a method based on Gaussianity tests for the bispectrum
and the triple correlation is used to discriminate voiced and

unvoiced segments. The method exploits the Gaussian
blindness of HOS but not the peculiarities of the HOS of
voiced speech. In [2], the normalized skewness and kurtosis
of short-term speech segments is used to detect transitional
speech events (termed innovation), based on the observa-
tion that these 2 statistics take on non-zero values at the
boundaries of speech segments.
In [5] we showed that the horizontal slice of the 3rd cumu-
lant of the LPC residual of voiced speech has the same
periodicitiy as the underlying signal; it has zero phase
regardless of the phase of the speech segment and thus may
be used for pitch estimation. In this paper, we extend the
analysis to the 4th cumulant and show that the kurtosis of
voiced speech is non-zero and may be used as a basis for
voice detection. The fact that this metric is immune to
Gaussian noise makes it particularly effective in low SNR
conditions. 
The paper is organized as follows: Section 2 describes the
model used and section 3 details the derivations of the 4th
cumulant slice and the kurtosis. Section 4 describes the
VAD algorithm and section 5 discusses the results. 

 

2.  A SINUSOIDAL MODEL FOR SPEECH

 

The 

 

zero-phase

 

 

 

harmonic

 

 

 

representation

 

 proposed in [4] is
among the simplest sinusoidal models for speech analysis
and synthesis. Its elegance is in the use of the same expres-
sion for both voiced and unvoiced speech and allowing for
a soft decision whereby a frame may contain both types. A
short-term segment of speech is expressed as a sum of sine
waves that are coherent (in-phase) during steady voiced
speech and incoherent during unvoiced speech: 

(1)   

where 

 

n

 

0

 

 is the voice onset time, 

 

M 

 

is the number of

sinusoids, 

 

a

 

m

 

 the amplitude of the 

 

m

 

th

 

 sine wave and 

 

w

 

m

 

 the
excitation frequencies. For a periodic frame, these are har-
monically related, i.e. 

 

w

 

m

 

 = mw

 

0

 

, with w

 

0

 

 the fundamental
frequency. The first phase term is due to the onset time 

 

n

 

0

 

of the pitch pulse. The second phase component depends on
a frequency cutoff 

 

w

 

c

 

 and a voicing probability, 

 

P

 

v

 

, so that
the higher the voicing probability the more sine waves are
declared voiced with zero phase. Finally, the third phase
component is the system phase 

 

θ

 

m

 

 along frequency track 

 

m,

 

often assumed to be zero or a linear function of frequency. 
The LPC residual signal is the result of filtering the speech

x n( ) ak n n0–( ) wm ψm θm+ +[ ]cos⋅
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signal by the LPC prediction filter. The residual signal has
a flat spectrum, since short-term correlation is removed.
Therefore, in the light of the sinusoidal model, 
• The residual signal of 

 

voiced

 

 speech consists of 

 

M

 

 sinu-
soids with equal amplitudes, i,.e. all the 

 

a

 

k

 

 are equal in

Eq 1. The frequencies of these sinusoids may or may not
be harmonically related, depending on whether speech
is steady or non-stationary. 

• The residual signal of 

 

unvoiced

 

 speech consists of 

 

M

 

sinusoids with random phases. In the more general case,
it is a white, though not necessarily Gaussian, process. 

 

3.  FOURTH STATISTICS OF SPEECH SIGNALS

3.1 Definitions

 

If 

 

x(n)

 

, is a real stationary discrete-

time signal and its moments up to order 

 

p

 

 exist, then its 

 

p

 

th

 

-
order moment function is given by: 

  

and depends only on the time differences  for all 

 

i

 

. Here

E{.} denotes statistical expectation and for a deterministic
signal, it is replaced by a time summation over all time
samples (for energy signals) or time averaging (for power
signals). If in addition the signal has zero mean, then its 2nd
and 4th cumulant functions are given by [6]:

2

 

nd

 

-order cumulant: (2)   

4

 

th

 

-order cumulant: (3)   
  

  

Since the 4

 

th

 

 cumulant is a multi-dimensional function, it is
customary to use only 2D slices of it, by freezing some of
the lags in Eq 3. In this paper, the horizontal slice is used
by setting  and : 

(4)   

The kurtosis is obtained by setting all lags to zero in Eq 3: 

  

When estimating HOS from finite data record, the variance
of the estimators is reduced by normalizing these statistics
by the variance of 

 

x(n)

 

; thus the normalized kurtosis is:

  

  

 

3.2 The 4

 

th

 

 Cumulant of the LPC Residual

 

•

 

Theorem: 

 

According to the sinusoidal model, the hori-

zontal 4

 

th

 

 cumulant slice C

 

4

 

[

 

τ

 

] of the LPC residual of

steady voiced speech that is bandlimited to  con-

sists of (2M-1) harmonics and has the same periodicity
as the underlying signal. The amplitude of each har-
monic may be written in terms of the energy of the sig-
nal and the number of harmonics. Moreover, C

 

4

 

[

 

τ

 

] has

zero phase and maxima at multiples of the pitch lag. 
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• Proof: For a deterministic signal, C4[τ] is given by

(from Eq 4): 

  

(5)   

The Fourier transform may be shown to be: 

  

(6)   
Where X(w) is the transform of x(n) and P(w) is the power
spectrum of x(n). Since the signal x(n) consists of M har-
monics, its spectrum consists of M delta functions on each
of the positive and negative frequencies; moreover, the flat
spectrum of the LPC residual implies equal magnitude

i mpu l s e s .  T h e re fo r e ,   f o r
 and k is a constant that

depends on the onset time and the system delay. The auto-
convolution of X(w) is non-zero only at multiples of the
fundamental frequency w0. It is assumed that the signal is

bandlimited to  or  ( : sampling freq. = 8kHz)

and as a result, there are only 2M positive and 2M negative
lags that lead to non-zero values of the autoconvolution

 as  wel l  as  the  autoconvolut ion
. Therefore, FC4(w) has 2M non-zero val-

ues on each side of the spectrum, and only at multiples of
w0. Clearly, the phase of FC4(w) is zero for all frequencies
w since each term in Eq 6 has zero phase. Table 1 shows the
various values of FC4(w) for all positive values of the lag
w. Due to spectral symmetry, the values are the same for
the negative lags. 

Since the signal energy is: , it

follows that the magnitudes at the various harmonics may
be expressed in terms of Es

2. As seen from Table 1, there
are 2M-1 non-zero values (due to the zero value at the next

Table 1: FC4(w) at all positive lags

Lag |X(w) * X(w)|2 FC4(w)

0 2Ma2/4 -Ma4/4

w0 [(M -1) + (M - 1)]2. a4/ 16 
phase: ejkw0

[(2M - 2)(2M-
4)] a4/16

2w0 [(M -2) + (M - 1)]2. a4/16 
phase: e j2kw0

[(2M - 3)(2M-
5)] a4/16

3w0 [(M -3) + (M - 1)]2.a4 / 16 
phase: ej3kw0

[(2M - 4)(2M-
6)] a4/16

(M-1)w0 [1 + (M - 1)]2.a4 / 16
phase: ej(N-1)kw0

M(M-2) a4/16

(2M-1)w0  4a4 / 16 0

2M w0  a4 / 16
phase: ejNkw0

- a4/16
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to last lag).
• Corollary: The kurtosis of the LPC residual of steady

voiced speech may be expressed in terms of speech
energy and the number of harmonics. The normalized
kurtosis is function of the number of harmonics only and
is greater than zero for any practical value of the pitch,
namely: 

The kurtosis: (7)   

The normalized kurtosis: (8)   

• Proof: The value of the 4th moment may be determined
in the frequency domain by summing the coefficients of

the Fourier transform of . The

value at τ = 0 is: 

The value of the Fourier coefficients  is
given in the first column of Table 1. Due to spectral sym-
metry, the value of the sum over all frequency lags is simply
twice the value over the positive lags plus the value at lag
zero. Using the algebraic identities for the sum of integers
and their squares, this sum may be shown to be: 

(9)   

The kurtosis is determined by first setting τ = 0 in Eq 5: 

(10)   

Noting that the value of the second moment (signal energy)

is: , and using Eq 9, the expression for Eq 10

may be shown to be the one given in Eq 8. 

3.3 Results with Speech SIgnals

Simulations using actual speech signals demonstrated the
derivations and the underlying model are valid for voiced
speech, but that sustained unvoiced speech has a Gaussian-
like nature unlike the prediction of the sinusoidal model.
However, since unvoiced segments are short and occur at
speech boundaries, their kurtosis is generally non-zero.

4.  FOC-BASED VAD ALGORITHM

4.1 Soft Detection of Noise Frames

The kurtosis of Gaussian noise is zero only in a statistical
average sense. Since in practice finite length frames are
used, the decision that a given frame is noise can only be
made in a probabilistic sense with a confidence level that
takes into account the variance and distribution of the
estimator of the kurtosis. It is possible to show that in the
case of a white Gaussian process g(n), the bias and variance
of this estimate can be quantified in terms of the process
variance and the frame length N. A new unbiased esti-

mator is thus used and defined as: 
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(11)   

where  and  denote the computed 2nd and 4th

moments. The distribution of this estimator is not straight-
forward, since it consists of the difference of 2 variables,
one Gaussian and one Chi-square. However, an approxima-
tion is used here and the estimator assumed normally dis-
tributed. A unit-variance version of this zero-mean variable
is defined as: 

(12)   

Therefore, given the value of the estimate of the kurtosis of
a given frame and the corresponding scaled value, denoted
by ‘b’, the probability that the frame is noise is:

. (13)   

4.2 Noise Energy and SNR Estimation

The noise power is estimated using frames declared non-
speech. Moreover, it is assumed that the first 3 frames are
non-speech and are used to initialize the noise power esti-
mate. Whenever a frame is declared non-speech, its energy
is used to update the noise energy. An averaging scheme is
used to smooth the estimate with an integration constant
that is function of the noise likelihood of that frame: 

(14)   

where k is the iteration index,  is the frame energy, 

i s  t he  e s t i ma t e  o f  t he  n o i s e  ene rgy,  and
. At every iteration, the current

estimate of the noise energy is used to compute the SNR: 

(15)   

where  for  and 0 otherwise. Since the
residual is low-pass filtered at 2kHz, the above SNR is for
the lower spectrum only. Using a similar reasoning a ‘total
SNR’ metric is computed using the non-filtered residual
and the energy of the full band.

4.3 The Algorithm

The VAD algorithm is implemented as a 2-state machine
(Fig 1) and combines the kurtosis, its normalized version

, and the SNR to classify frames as speech or noise.

Figure 1: HOS-based VAD State Machine
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Figure 2: HOS-based and G.729B VAD in Street Noise Conditions (10 dB)
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5.  EXPERIMENTAL RESULTS

To evaluate the effectiveness of the HOS-based VAD, we
calculated the probability of correct (Pc) and false detection
(Pf) for a number of noisy speech scenarios. To obtain these
two metrics, we made a reference decision for a clean
speech material of 25 seconds containing utterances spoken
by male and female speakers. Noisy speech is produced by
mixing noise files with the clean speech file at various SNR
levels. For each noise type and SNR, the Pc’s and Pf’s of
the proposed VAD are compared to those computed for the
G.729B VAD [1]. The results show that at high SNR, both
algorithms perform roughly the same in Gaussian and fan
noise conditions, with a probability of false detection
around 10%. In office noise where dominant conversations
occur, the HOS-based detector falsely classifies noise seg-
ments as speech. This is due to the fact that the noise in this
case is speech-like and has a non-zero HOS. The G.729B
VAD gives better performance in terms of false classifica-
tion at all SNR levels in this case. In low SNR conditions,
the HOS-based VAD performs overall better in Gaussian,
street and fan noise. The case of street noise at 10 dB is
shown in Fig 2. The difference in classification is particu-
larly noted in the last non-speech segment where the
G.729B has a rather erratic behaviour and results in wrong
oscillations between the states. 

6.  CONCLUSION

This paper explored the characteristics of the 4th cumulant
of the LPC residual of short-term speech and presented a
VAD algorithm based on these newly established proper-
ties. The rationale for considering the LPC residual is the
flat spectral feature of the speech and noise in this domain
which makes the HOC derivations for speech more tracta-
ble and allows quantifying the bias and variance of the HOS
estimators for Gaussian noise. 
The kurtosis of voiced speech was shown to be non-zero
and may be expressed in terms of signal energy and number
of harmonics. This basic finding is the concept on which an
FOC-based VAD algorithm is developed. The variance of
the estimator of the kurtosis is used to quantify the noise
likelihood of a given frame. The resulting algorithm com-
bines these concepts along with a low-band and full-band
SNR measures to classify frames in one of the two states. 
Compared to the G.729B VAD, the proposed algorithm is

based on more analytical ground, is conceptually simpler
and uses a smaller parameter set, therefore it is easier to
tune. The performance in noise shows the HOS-based VAD
has overall comparable performance to the G.729B: Its
probability of false classification is lower in low SNR and
Gaussian-like noise, but higher in speech-like noises and
very high SNR. The fact that a simple HOS VAD based on
a minimum parameter set can match the performance of the
current standard suggests that HOS metrics have promising
potential in yielding VAD algorithms that would surpass the
current state of the art. 
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