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WORD BOUNDARY DETECTION IN STATIONARY
NOISES USING CEPSTRAL MATRICES

Juraj Kačur — Gregor Rozinaj
∗

A new method for word boundary detection in the noisy environment is presented here. It is based on cepstral matrices

constructed from blocks of CLPC vectors using 1-dimensional DCT. Our detection system measures global variations of

CLPC vectors, which is a simple task having cepstral matrices.

An approach utilizing normalized CLPC vectors is very effective in colour noises. For SNR values ranging from 3 to

13 dB a 50% reduction of the detection error was reached comparing to the classical method. For white like noises the

same accuracy is obtained using only plain CLPC vectors. A reliable noise classification algorithm based on CLPC vectors

is proposed, too, which integrates these approaches into a single one.
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1 INTRODUCTION

Accurate word detection is often needed in systems
of speech recognition and in systems managing access to
a shared communication medium. In the noise free en-
vironment (laboratory) this detection is quite easy and
can be done simply by measuring the intensity of a sig-
nal and testing it against some threshold. However, seri-
ous problems in the speech detection have been observed
even in this ideal case, especially when there are unvoiced
fricatives (f, s, . . . ) and unvoiced stops (t, k, . . . ) at
the beginning or at the end of words or in the case of
speaker’s articulation mistakes (expiration, lips clicking,
. . . ). This task is getting extremely difficult when a noise
is present whose characteristics can be almost arbitrary.
For the class of stationary noises, which is the case here,
methods for measuring and testing feature vector proper-
ties can be successfully applied. These are very fast and
simple and usually are referred to as explicit approaches.
In the class of non-stationary noises implicit or hybrid de-
tection methods are needed, which involve certain degree
of cooperation with accompanying recognition system [5].

Articles [1], [3], [4], describing basic construction and
properties of two-dimensional cepstrum and cepstral ma-
trices, exhibit improved results in recognition systems
using these matrices. Furthermore, in [8] these matrices
show equivalent and robust recognition performance to
”tiffing” approach for HMM, but require less parameters
and adjustments. Thus we have decided to use them in
our detection system. This is justifiable since both areas,
ie, recognition and word boundary detection, impose the
same requirements on a feature vector describing a given
speech segment. The decisive advantage of cepstral ma-
trices is their simple static and dynamic speech features
representation. Static characteristics refer to the shape of
the signal spectrum and dynamic characteristics reflect

transition processes of phonemes in words. It is known
that for the efficiency of recognition systems, shapes of
spectral envelopes and their global variations are very
important in the contrary to their detailed spectrum and
energy. This is one of the main reasons why CLPC vectors
are used instead of the classical approach. The normaliza-
tion of CLPC vectors causes the representation of signal’s
frames being energy independent. To assess the nature of
speech transition processes and to construct a cepstral
matrix, the DCT II transform is used over each CLPC
coefficient in the appropriate time duration. Then DCT
coefficients reflecting global variations are extracted and
used to form a decision function aiming to amplify dis-
tinctions between noisy words and noise segments only.

2 CEPSTRAL MATRICES AND THEIR
CONSTRUCTION USING CLPC VECTORS

The classical process of a cepstral matrix construction
usually involves the following steps. Speech signals are
divided into consecutive segments, which are overlapped
by certain part of their length, just to keep the feature
vectors’ behaviour smooth in the time and not to loose
any speech information as well. Each segment is then
windowed and transformed into the frequency domain
by DFT. Finally, a real cepstrum is calculated applying
logarithm on that magnitude spectrum and submitting
it to the inverse DFT. Apparently the result would be
only an aliased version of the real cepstrum. Eliminating
this deficiency, the method of zero padding can be used,
but generally it is not needed. To achieve reduction in
the number of cepstral coefficients and introducing some
kind of needed liftering (spectral envelope extraction by
cepstrum filtering), an evaluation of some frequency char-
acteristics is made in eligible spectral bands. Usually each
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spectral band is then represented by its power, mean
power, etc. After that, the log operation is applied to such
a coefficient in every spectral band and finally the IDFT
is employed to create a modified real cepstrum from a
given signal segment. In the last step 2-dimenzional IDFT
can be applied to successive blocks of log spectral vec-
tors. This process transforms log spectrum vectors into
cepstral vectors and assesses their dynamics in the time
at once. Sometimes a DCT is used instead of the IDFT
to evaluate variations of cepstral coefficients in the time,
which does not involve complex arithmetic and evaluates
changes just as well. This verbally described process can
be mathematically expressed as follows in (1), ie creating
successive vectors of the log magnitude spectrum:

X(f, t) = log
∣

∣

∣

N−1
∑

n=0

x(n+Kt)e
−j2πnf

N

∣

∣

∣

0 ≤ n ≤ N − 1 , 0 ≤ f ≤ N − 1

(1)

Where N is the number of samples in the t -th speech
segment, and K is the number of samples separating
neighbouring segments (if there is no overlap, K = N ).
Then elements of the l -th cepstral matrix can be for
0 ≤ n ≤ N − 1 , 0 ≤ m ≤M − 1, derived by (2):

c(n,m)l =
1

MN

M−1+l
∑

t=l

N−1
∑

f=0

X(f, t)e
j2πtm
M e

j2πfn
N (2)

Where c(n,m)l is the element of l -th cepstral matrix,
ie, the two-dimensional cepstrum used for cepstral ma-
trix computation, starts at the l -th speech segment. M
indicates the number of feature vectors (real cepstrum
vectors) involved in the cepstral matrix construction. N
is the size of a single feature vector (the number of real
cepstrum coefficients in a feature vector). Cepstral ma-
trix coefficients c(n,m) with lower indices of n repre-
sent the spectral envelope of the signal and those with
higher indexes reflect excitation characteristics. M axis
shows the time variation of a given cepstral coefficient.
Those coefficients having lower indices of m represent
global variations and those with higher indices represent
local (short-time) variations. M axis has a frequency di-
mension while n axis is usually referred to as quefrency.
Due to the needs of some recognition and other similar
systems (estimation of global variations of spectral en-
velope) a liftering (cepstrum filtering) is applied to such
matrices. It often consists of simple higher-index elements
elimination in both dimensions in the cepstral matrix.
Using a 2-dimensional DFT-IDFT pair, these properties
and liftering are referred only to the sub matrix sized
(0, N/2) × (0,M/2), which is due to the complex conju-
gated output of the DFT.

The previous description suggests that there are more
variations and ways leading to cepstral matrices construc-
tion. In our work we decided to choose the linear pre-
diction coefficients (LPC) approach. A great advantage
of LP coefficients is their good ability to represent the

spectral envelope, especially when their number is prop-
erly chosen. Usually a good choice for speech is from 8
to 12 coefficients, but the number may vary according
to the sampling frequency, location as well as shapes of
formant frequencies. Unfortunately there is no exact for-
mula for the optimal number of LPC regarding spectral
shape estimation but, of course, there are some heuristic
techniques to do that. An insufficient number of LP coeffi-
cients would not be able to express it accurately and their
redundant number would reflect local spectral properties,
too. It can be shown that with an arbitrary accuracy the
LP coefficients can approximate any zeros of a rational
transfer function, except those lying on or outside the
unit circle |r| < 1, in the “Z ” plane centre, according to
the next equation (3):

1− r ∗ z−1 =
1

1 +
∑∞

k=1 r
kz−k

≈ 1

1 +
∑M

k=1 r
kz−k

(3)

Where r is the zero lying inside the unit circle and M
is the number of expansion terms for a given precision.
Of course, this process is precise and obvious for stable
poles. If we are interested only in the magnitude charac-
teristic, which is the case here, then any zero lying outside
the unit circle can be replaced by the reciprocal zero ly-
ing within the range of the unit circle (the magnitude is

preserved), ie
∣

∣1 − |r|ej arg(r)e−jω
∣

∣ =
∣

∣ejω − |r|ej arg(r)
∣

∣ .
These findings may invoke expectations that this is al-
most an ideal way of expressing the spectral magnitude’s
envelope. However, to obtain LP coefficients efficiently,
the autocorrelation approach is used together with the
Durbin method. LPC, referred here to as ai are estimated
by neglecting excitation term u(n) in equation (4), valid
for the linear prediction model of speech production.

x(n) =

p
∑

i=1

x(n− i)ai +Gu(n) (4)

Both the prediction error e(n) and the formula for LPC
computation, that minimizes the total square error, are
defined in (5).

e(n) = x(n)−
p
∑

i=1

x(n− i)ai

[a1, a2, . . . , ap] = min
(

∑

k

e2k

)

(5)

Here P represents the number of LPC, u(n) is the
unitary excitation of LP speech production model and G
stands for the gain. Using this formula it can be shown
[2] that a good estimate is only made if the excitation of
such a model is orthogonal, ie, white noise, provided that
the number of LPC is properly chosen. Although LPC
have theoretical ability to represent spectral magnitude
of any rational transfer function, practical results are not
as brilliant as it might be expected. LPC modelling ap-
proach usually fails in the representation of zeros. This is
caused by methods commonly used for LPC calculation.
MSE minimization of the prediction error leads to the
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emphasis of spectral peaks while shapes of spectral vales
are neglected because of their small energy. Summary and
details of LPC computing methods can be found in any
signal processing literature, eg [2]. Usually it is advan-
tageous to transform these LPC to cepstral LPC coeffi-
cients, which are then referred to as CLPC. By doing so
we can then very easily express speech frame’s spectral
(log) magnitude, to use various filtering (liftering) meth-
ods to reduce the LPC’s deficiency in zeros modelling, and
furthermore to use a very simple and justifiable cepstral
distance measure when it is needed for further process-
ing. CLPC can be calculated by applying logarithm to the
transfer function, which is expressed by LP coefficients. If
all poles are inside the unit circle and the term a0 stand-
ing by z−0 in the denominator of the transfer function
equals 1, we can use Taylor’s series expansion as shown
in (6).

log
( G

1 +
∑P

i=1 aiz
−i

)

= log
( G
∑P

i=0 aiz
−i

)

=
∞
∑

k=0

c(k)z−k

(6)
Here c(k) ’s are CLP coefficients. These coefficients can
be derived from (6) applying differentiation and after
comparing coefficients of polynomials on both sides of
that equation we obtain the following recursive formula
(7), transforming LPC to cepstral LPC.

c0 = log(G), c1 = −a1

c(k) =

{

−ak −
∑k−1

i=1

(

i
k

)

c(i)ak−1 2 ≤ k ≤ Q

−
∑Q

i=1

(

k−i
k

)

c(k − i)ai Q < k

(7)

Here ak is the k -th LP coefficient, c(k) is the k -th CLP
coefficient and Q is the number of LP coefficients. The
number of CLP coefficients Q′ should be greater than Q
so that a satisfactory spectral approximation is reached
by CLP coefficients. The finite number of CLPC only ap-
proximates the LPC log magnitude spectrum and usually
an inequality: Q′ ≥ Q∗3/2 is met. As it can be seen from
(7), the term c0 is closely related to the gain and thus
carries no information about the shape of the magnitude’s
envelope and therefore it is usually processed separately
from other CLPCs (we will not include it into our CLPC
vector). Actually, energy parameters, if not processed sep-
arately, can even deteriorate the detection process in the
cases of small SNR.

CLP coefficients are extracted from all speech seg-
ments using (5) and (7) like in the classical approach the
real cepstrum is. Then these vectors are used to form the
two-dimensional cepstrum that spans a proper time dura-
tion over which variations are assessed by DCT or DFT.
This final operation is the same for both approaches and
results in creation of a cepstral matrix.

3 DECISION FUNCTION (white-like noises)

Before deriving our algorithm, let us make some nec-
essary preconditions laid on the class of present noise. It

is normal because different noises require different and
sometimes quite opposing approaches. We expect wide
sense stationary noises, ie, their mean values and auto-
correlation functions are independent of the time. This
means that their power spectra are stationary but practi-
cally speaking we must allow noises whose spectra change
to some extent. Spectral fluctuations can be caused either
by slight digression from the WSS assumption or simply
by dispersions of the estimation methods, which are al-
ways present when working with real signals. Incidentally,
WSS noises are the basic condition for most of explicit de-
tection algorithms. Next we assume white-like noises, ie,
noises whose spectrum is flat. Naturally, other noises are
dealt with in the next paragraph.
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Fig. 1. a) The block of 20 CLPC vectors taken from a word,

deteriorated by white noise and SNR = 3 dB. b) The absolute

value of the cepstral matrix constructed for case a).

The occurrence of a speech signal, which is charac-
terized by its high dynamics with a certain time struc-
ture, tends to increase overall global variations of the
feature vector. On the other hand, static noises cause
the amount of spectral fluctuations to decline rapidly.
In Fig. 1 there are shown typical shapes and the time
behaviour of CLPC vectors (two dimensional cepstrum)
taken from a noisy word followed by an accompanying
cepstral matrix (DCT II applied to CLPC vectors in the
time). Based on such observations and assumptions a de-
cision function operating on cepstral matrices was con-
structed in order to separate voice active parts from noise
only segments by a value. This function calculates the
mean absolute value from a particular cepstral matrix
area, which would represent global (low frequency) vari-
ations of CLPC vectors in the time. By taking only these
“low frequency” coefficients, we tend to model speech dy-
namic in the time (rate of phonemes in speech). Other
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components are regarded as being noise related and there-
fore discarded. Absolute values of these coefficients are
important because we like to detect whether those de-
sired changes occurred in an existing cepstral matrix and
in general we are not interested in their exact shapes and
locations in the cepstral matrix. The mean value of these
elements is calculated to increase the robustness of pro-
posed method, ie, to suppress accidental local peaks and
falls. Except these low “frequency” coefficients unidirec-
tional elements were also taken in account whose values
rise in speech too. This property is very significant when
the present noise has a flat spectrum. Then the Euclidean
norm of CLPC vectors taken from the noise is very small
compared to the voiced parts of speech. This is obvious
because a flat spectrum is mainly described by the c0
coefficient which reflects the gain of the LP model (7).
Others cepstral coefficients directly model the shape of
the envelope (except the unidirectional part) of the log
magnitude spectrum, which is in this case flat (almost a
line) and thus well modelled by the gain only. Then such
a verbally described decision function can be defined as
in (8):

f(n) =
2

MN

N/2
∑

i=0

M
∑

j=1

|CMn(i, j)| (8)

Here N is the number of CLPC vectors used in the cep-
stral matrix construction, M is the number of CLPC co-
efficients (there is no c0 coefficient) in the feature vector
and CMn is the n -th cepstral matrix defined, according
to (9), for 0 ≤ i < N and 0 < j ≤M

CMn(i, j) =
2yk
N

N−1
∑

k=0

CLPCn+k(j) cos
(2k + 1)iπ

2N

y0 =
1√
2
and yk = 1 for k = 1, 2, . . . , N − 1

(9)

This formula only describes how DCT II is being applied
to the block of successive CLPC vectors starting at the
n -th and ending at the n+N − 1 vector.

In this place we should mention some real values of free
parameters. Of course, their exact values would depend
on the chosen segmentation, which was done here into
20 ms frames. Neighbouring segments overlapped with
each other in the time of 10 ms, which should be enough
to keep the behaviour of feature vectors smooth. Each seg-
ment was described by 8 LP coefficients, which were then
converted into the set of 12 CLP coefficients (without c0 ).
These values should keep the amount of processed data
low while maintaining good description ability of the log
spectrum’s envelope, which is essential here. We set up
the cepstral matrices to contain 20 CLPC vectors, which
means that each matrix spanned 210 ms of the signal.
That length was chosen to be reasonable enough for de-
tecting transition processes in every cepstral matrix while
being in a word, ie, we implicitly assumed any phoneme to
last shorter than that time. This parameter was a com-
promise between the accuracy of detection (in general,
the bigger the matrix is the more inaccurate detection

can be expected) and the amount of certainty of detect-
ing transition between phonemes in a word. The number
of “frequency” coefficients that were incorporated in the
calculation of the decision function was first set up by ac-
cepting those spectral changes lasting longer than 30 ms
approximately or considering up to N/2 coefficients, ie,
the first 10 DCT coefficients of each cepstral matrix. This
is said only very roughly because of using DCT II instead
of DFT. By further experiments aimed to adjust the eli-
gible range of DCT coefficients, their number, as was set
up originally, was proofed to be optimal. Their number
was chosen to minimize the mean detection error. An ex-
ample of such a decision function taken from a noisy word
is in Fig. 2. What we can see is a good separation of the
noise simply by its value and that this decision function
does not suffer from severe accidental peaks or falls.
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Fig. 2. Decision function constructed for the Slovak word “nábor”.
A white noise is present and SNR = 3 dB. The solid vertical lines

mark the real word boundaries and the dashed vertical lines rep-
resent the detected positions. The solid horizontal line marks the

value of threshold.

4 DECISION FUNCTION (colour noises)

By testing the previous method in colour noises we
have observed a rapid deterioration of the decision func-
tion’s properties. Inspecting this case further we have
found that this is mainly due to accidental changes in the
norm of CLPC vectors. It is interesting to note that the
courses of these vectors were almost the same. This would
prompt that there are either sudden spectral changes
or the LPC model could be responsible for it (the way
we calculate it, segmentation, etc). Another aspect of
colour noises is their wavy spectral envelope, which in-
evitably leads to significantly a higher Euclidean norm
of CLPC vectors than those for white-like noises. It was
found that this norm was comparable with the CLPC
norm taken from vowels. Thus, we cannot yield so much
from the overall norm of CLPC vectors as we success-
fully did in white-like noises. Actually, the combination
of some colour noises and certain consonants like s, f, etc

even cause the norm to decrease rapidly within speech
segments. This has an indirect adverse effect on the be-
haviour of our decision function: its sharp falls within
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Fig. 3. a) The block of CLPC vectors taken from the static noise
with a wavy spectral envelope. b) The block of normalized CLPC

vectors from case a. The time smoothing effect can be well observed
in b) case.

words, in spite that we based it on the estimation of global
variations, not the norm explicitly. As a consequence of
this discussion, there are at least two quite strong reasons
to trim the Euclidean norm of CLPC vectors in order to
eliminate its abovementioned weaknesses. Based on these
arguments we simple decided to remove, the “problem-
atic” norm out of every CLPC vector, ie, we normalized
all vectors to the unity Euclidean norm (10):

CLPCn(k)
′ =

CLPCn(k)

|CLPCn|
=

CLPCn(k)
√

∑M
i=1

(

CLPCn(i)
)2

(10)
Here CLPCn(k)

′ is the k -th CLPC coefficient in the n -
th CLPC vector, which is assigned the unity norm. The
whole situation is shown in Fig. 3. There is a typical two-
dimensional cepstrum shown in Fig. 3a. As it can be seen,
the shapes of CLPC vectors are almost the same while
their norms vary. In Fig. 3b, there can be seen an ex-
cellent smoothing effect of the proposed normalization.
Fig. 3b shows the same CLPC vectors as Fig. 3a does,
except the normalization. This gentle modification led to
a dramatic improvement of the decision function quality,
which is based on measuring variations of CLPC vectors.
It should be noted that this modest operation removes all
drawbacks of the previously suggested method for white-
like noises applied to the colour noise environment. Thus
its modification can be used here just as well, consist-
ing of normalization only. The idea of normalizing CLPC
vectors came first to flatten their course in WSS colour
noises. Now that the practical reason for doing so is obvi-
ous and well documented in Fig. 3 and Fig. 4 (the course

of the decision function with and without normalization,
constructed for the colour noise case), let us have a closer
look at its theoretical meaning.

An envelope estimation of log LPC spectra can be
expressed by (11), using equations (6) and (7), where cl
represents l -th cepstral LP coefficient.

X(ω) = log
1

1 +
∑N

k=1 ake
−jωk

≈
M
∑

l=1

cle
−jωl (11)

Furthermore, the magnitude of log spectra, which is of
our prime interest, is contained in the real part of X(ω)
and it can be approximated using only a finite number of
cepstral coefficients (12):

re
(

X(ω)
)

= log
∣

∣

∣

1

1 +
∑N

k=1 ake
−jωk

∣

∣

∣
≈

M
∑

l=1

cl cos(lω)

(12)
Now it is obvious that the normalization of a given vector
containing cepstral coefficients, ie, multiplication by a
constant, linearly shrinks or spreads the log spectra in
the value (rescale). Of course, it affects both the energy
as well as the spectra of an existing frame. The energy of
the log spectra can be inferred by the following equations
(13).

∫ 2π

0

log
∣

∣

∣

1

1 +
∑N

k=1 a
′
ke

−jωk

∣

∣

∣

2

dω

≈
∫ 2π

0

(

M
∑

l=1

c′l cos(lω)
)2

dω =

∫ 2π

0

M
∑

l=1

(

cl cos(lω
)2
dω

+

∫ 2π

0

M
∑

l=1

M
∑

k=1
k 6=l

c′lc
′
k cos(lω) cos(kω)dω

=

M
∑

l=1

c′2l

∫ 2π

0

(

cos lω
)2
dω

=

M
∑

l=1

c′2l π =

∑M
l=1 c

2
l

∑M
l=1 c

2
l

π = π (13)

where

c′l =
cl

√

∑M
l=1 c

2
l

l = 1, . . . ,M

Here a′k are prediction coefficients related to the normal-
ized version of CLPC vectors and they can be estimated
from these normalized CLP coefficients using (7). The
main consequence of (13) is that all CLPC vectors after
being submitted to this normalization will not carry any
discriminative energy information while still describing
courses of log magnitude envelopes. All speech feature
vectors are therefore assigned constant energy — π . It
should be stressed that this conclusion of constant “en-
ergy” is valid only in the log frequency domain, ie, in
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Fig. 4. Decision functions constructed over the noisy Slovak word

“škriekavý” with the presence of colour noise and SNR = 10 dB.

Graph A) is built from normalized CLPC vectors while graph B) is
without their normalization. Dashed vertical lines represent word

boundaries.

the frequency or time domain it does not hold. An im-
plication in equation (14) is not valid in general and this
finding can be easily tested using a simple example.

2π
∫

0

log(|X1(ω)|)2dω = const =

2π
∫

0

log(|X2(ω)|)2dω 6=>

2π
∫

0

|X1(ω)|2dω =

2π
∫

0

|X2(ω)|2dω (14)

Further, as it can be seen from (15), this normalization
affects the spectra in a non-linear manner; let f(ω) de-
note the original spectra and f ′(ω) be the modified one
by cepstral normalization. Spectral peaks and valleys em-
phasized or suppressed by different factors in the follow-
ing way. If the tested vector is of rather flat spectra, ie, its
Euclidean norm is small (less than 1), then the modified
spectrum tends to increase fluctuations of its spectra, ie,
possible peaks are stressed by a power of 1/norm. It is
in the contrary to wavy envelope when the norm can be
expected well above 1, which results in disproportional
suppression of high peaks to the local values. In this case
the differences in the spectra are diminished similarly as
the whole dynamic.

Re
{

M
∑

i=1

cie
−jnω

}

= log |f(ω)|

= Re
{

norm

M
∑

i=1

c′ie
−jnω

}

= norm∗ log |f ′(ω)|

|f(ω)| = |f ′(ω)|norm where norm =

√

√

√

√

M
∑

l=1

c2l

(15)

Concluding this paragraph let us give some possible ex-

planations for the aforementioned variable behaviour of

CLPC vectors. First, the tested noises were not strictly

WSS, ie, their magnitude spectrum varied. Taking into

account their large norm (colour noises), we can expect

their increased influence on the decision function in com-

parison with the case of white-like noises. On the other

hand, LPC model may have an insufficient number of

prediction coefficients to model the noise spectrum and

the driving of the noise model need not to be orthogonal,

which violates the condition for exact (good) determina-

tions of LPC [2]. The number of LPC was set to 8 that

is proper for vocal tract modelling, which of course need

not be the case for some present noise. Finally, we cannot

omit some natural feature estimation dispersion caused

by using only a limited length of data [7].
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speech/noise
Detection

Feature
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Normalization
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white/colour

cepstral
matrices

Fig. 5. The block diagram of the proposed voice activity detection
system for WSS noises, using cepstral matrices.

5 DETECTION ALGORITHM FOR

WHITE–LIKE AND COLOUR NOISES

As it can be seen from the previous paragraphs, we

have derived two almost identical methods working prop-

erly in two disjoint sets of noises which fortunately cover

the complete set of WSS noises, ie, the complete class

we are focused on. Therefore it would be advantageous

to get them working together and designing a universal

speech detection algorithm for WSS noises. The way of

treating colour noises using the original form of the deci-

sion function is of great help just because of their simple

unification. In Fig. 5 a scheme of our detection system’s

final structure is described. The aim and the exact op-

eration of noise classification and detection boxes from

that scheme, which were not explicitly described so far,

are then introduced.

The only problem of joining these two methods to-

gether is to find a proper and reliable noise classification

technique (white-like/colour). Of course, there are some,
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but we have designed one which uses only CLPC vectors
and thus no other speech feature extraction is needed.
This method is utilizing the aforesaid fact that white-like
noises have a flat spectrum and this is mainly expressed
by c0 coefficient, while others are negligibly small. On the
other hand, colour noises with wavy spectral envelopes
affect other cepstral coefficients just as well. So we sim-
ply measured the mean Euclidean norm of several (10)
CLPC vectors excluding c0 . These were taken from the
noise, presumably preceding every word occurrence. The
mean value makes the classification process less sensitive
to sudden changes and variations. By several experiments
we were able to set up a robust threshold value for making
reliable decision between these two classes.

Another aspect of the detection process is to deter-
mine accurate locations of word (speech) boundaries, us-
ing output values of the decision function. To do this, we
have introduced a detection algorithm solely operating on
the output of our decision function. These decision tak-
ing algorithms usually try to overcome some deficiencies
of decision functions and can be of various levels of “in-
telligence”. Thanks to the proposed algorithm generating
our decision function, there are no complex requirements
laid on this detection block. Although we tried more ap-
proaches including testing relative rise or decline and gra-
dients of the decision function, rule based detection and
so on, we realized, that a simple threshold method is just
as well accurate and more effective. First we applied a
short smoothing linear FIR filter to the course of our de-
cision function for security reasons. The cut off frequency
was around Ω/3 and its phase shift was incorporated into
the detection process. The beginning of the word was de-
termined if at least 3 consecutive values of the decision
function were found to be above the threshold. The end
of the word was stated when the decision function fell be-
low the threshold and at least next 15 samples were also
below it. Before any detection a new threshold value was
calculated (isolated word detection) according to (16), as-
suming noise only interval at the beginning of each test
signal.

thershold =
1

N

N
∑

n=1

[

k
∣

∣

∣
f(n)− 1

N

N
∑

i=1

f(i)
∣

∣

∣
+ f(n)

]

(16)

Constant values of N and k were determined based on
the results of several experiments and set to these num-
bers: N = 14 and k = 4. N should be kept as small
as possible because it indicates the minimal number of
CLPC vectors preceding each detection process contain-
ing only noise, which is usually limited. The values of
the decision function f(n) used for threshold calculation
must be taken from noise only section, otherwise the de-
tection accuracy deteriorates. Finally, it is important to
stress that all constants in the detection process must be
set ahead according to the application environment and
requirements in order to reduce the mean detection error.

6 EXPERIMENTS AND RESULTS

All experiments were executed on a set of 36 Slovak
specially chosen words, where each word existed in several
utterances (male, female). There were alternated all most
important Slovak phonemes at the beginning and at the
end of words in this set, and therefore this should have
given as objective evaluation of our system as possible.
We tested these words in the white noise and three WSS
colour noises, which sounded differently (a hair dryer, a
TV set and a mixer). These words were artificially noised
with aforementioned noises in the following SNR rates: 3,
7, 10, 13 and 20 dB. We had to keep in mind, that the
average SNR value of “clean” sounds was about 30 dB,
so noising them further to higher SNR values would be
of little use. From such organization of tests it is obvious
that we used a lot of samples (more than 15 hundred)
in our experiments. Each word was located in a separate
wav file which had at least 400 ms interval of silence or
noise before and after utterance.
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Fig. 6. The upper graph shows the digitized noisy Slovak word

“žart”, where SNR = 3 dB and the noise is colour one (hair drier).
The lower graph depicts the course of the decision function in that

word. The vertical lines mark the real word boundaries, while those
dashed are detected.

Figure 6 depicts the noisy signal of the Slovak word
“žart” with the presence of a mixer like noise and SNR =
3 dB (upper graph) and the decision function constructed
for this word with detected boundaries marked by dashed
lines (lower graph). Real end points are marked in both
graphs by solid vertical lines. Statistical properties of the
proposed detection system were compared with the clas-
sical detection method based on measuring the intensity
and zero crossing of the signal. This method was chosen
not only for being the basic one and widely used, but
also for not imposing special preconditions on the signal
and still providing reliable results. Some newer algorithms
use various and sometimes quite different approaches as



76 J. Kačur — G. Rozinaj: WORD BOUNDARY DETECTION IN STATIONARY NOISES USING CEPSTRAL MATRICES

0 0.2 0.4 0.6 0.8 1.0 1.2 1.4 1.6 1.8 2.0

Normalized histogram values

Values of the decision function

In noises only

Threshold

In noisy
words

Overlapped
values

0.8

0.2

0.4

0.6

0.7

0.5

0.3

0.1

Fig. 7. Explanation of the notion of overlapped values by normalized

histograms of the decision function once taken from noise only and

once from noisy words.

SNR (dB)

18

14

16

12

8

10

6

0

2

4

20131073

% of overlapped samples

Reference method

Proposed method

Fig. 8. Percentage of overlapped values for both decision functions,

ie, the rate of mismatch signal frames if only single values of decision

functions were taken into the decision process.
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Fig. 10. The mean word-end detection error stated in the number
of CLPC vectors.

for example in [6] and thus are based on miscellaneous
speech, noise and environment properties, which results
in making the comparison between various detection sys-
tems very difficult. Unfortunately, there has not been pro-
posed a universal algorithm taking in account all possi-
ble noises, environments, speakers’ attributes, etc. while
keeping the same accuracy, which would then be per-
fectly fitted for a proper reference method. A very impor-
tant attribute of quality assessment for different decision
functions is the ratio of their overlapped values in his-
tograms constructed for both noisy words and noises only.
An explanatory graph showing this situation is depicted
in Fig. 7 and another serious implication follows. In the
speech detection process some values of the decision func-
tion within the word may be actually lower than the safe
threshold. On the other hand, in the noise-only-intervals
several values of the decision function may be higher than
the above mentioned threshold value. For this reason we
need a more “intelligent” detection algorithm. The higher
the ratio of overlapped values, the more sophisticated de-
tection algorithm must be employed to the decision func-
tion output to keep the detection error low. This measure
is shown in Fig. 8 for the proposed and reference method

as a function of SNR. Average values were taken from all
words and noises for both methods. Statistics, which aims
to assess the effectiveness of the detection system objec-
tively as a whole, takes into account the overall detection
error. This attribute is examined in Fig. 9, again in com-
parison with the reference method. This figure shows the
mean detection error for both speech end points together
and is listed in the number of speech segments.

Finally, we successfully tested the proposed noise clas-
sifier, by submitting all noisy words whose beginnings
were noise-only. Totally, there were 7476 noise classifi-
cation samples of which 2136 were taken from the white
noise. The tested classification error was about 0.013%
that shows how efficient this method is. An occurrence
of misclassification would result only in a wrong insertion
or omission of the normalization operation, which would
lead to a less accurate detection process in such a case.

7 CONCLUSIONS

1)The attributes of the decision function and of the whole
detection system, ie, the ratio of overlapped values of
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the decision function (Fig. 8) and the mean detection

error (Fig. 9) as a function of SNR, are not monotoni-

cally declining. There exist global minimum values for

both graphs. It is rather unexpected but it can be ex-

plained in the terms which were presented here and ac-

cording to the properties of source signals involved in

our experiments. High sensitivity of the CLPC feature

vector in combination with speakers’ articulation mis-

takes (lip clicks and expiration) that are more relevant

for higher values of SNR, are responsible for this. Also

the original background noise characterized like noise

with a flat spectrum, which was present in “clear”,

ie, recorded samples, deteriorated the decision func-

tion due to the CLPC normalization in the case of ar-

tificially added colour noise. This is evident for SNR

values higher than 13 dB.

2)An adverse effect of articulation mistakes, especially of

expiration after the utterances, on the detection pro-

cess proposed here can be well observed in Fig. 10,

where the mean end point detection error of the tested

words is depicted. These mistakes are becoming rele-

vant for values of SNR greater than 13 dB. In these

cases it seems to be reasonable to incorporate some en-

ergy information into the detection process that would

suppress the increased detection error as the classical

method of measuring energy and zero crossing does.

Avoiding an additional computation cost and thus de-

creasing system efficiency, we suggest using the log gain

parameter, ie, c(0) of the linear speech production

model (autoregressive model as called in the stochastic

modelling framework) or using the zero lag autocorre-

lation coefficient, ie, Rx(0), that must be known while

being needed in the CLPC calculation.

3)The proposed algorithm is very efficient in both colour

and white like noises and SNR values less than 13 dB.

Then almost a 50% reduction of the mean detection

error is reached, comparing to the reference method.

4)Actually, two algorithms working separately in white-

like and colour noises with the same efficiency have

been proposed. The only difference between them is the

normalization of CLPC vectors. A proper noise classi-

fier assures that the join of these methods spans both

sets of WSS noises. The classification of present noise

can be easily done by measuring the mean Euclidean

norm of the block of CLPC vectors taken from the

noise. This classification method is very reliable and

efficient and the measured classification error is less

than 0.013% for values of SNR lying under 20 dB.
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Juraj Kačur (Ing), born in Bratislava in 1976. Master of
Science degree (MSc) received from the Faculty of Electrical
Engineering and Information Technology of the Slovak Uni-
versity of Technology (FEI STU) Bratislava, in informatics-
telecommunication, in 2000. From 2000 to 2001 he was with
the Slovak Academy of Science, Department of Speech Anal-
ysis and Synthesis, where he participated on several projects.
Since March 2000 he has been a PhD student at the De-
partment of Telecommunication FEI STU, Bratislava. Since
February 2001 he has been Assistant Professor. The field of
his research activities includes digital speech processing, high
order statistic, wavelet transform, ANN and HMM.

Gregor Rozinaj (Doc, Ing, PhD) received MSc and PhD
in telecommunications from the Slovak University of Technol-
ogy, Bratislava, in 1981 and 1990, respectively. He has been
a lecturer at the Department of Telecommunications of the
Slovak University of Technology since 1981. From 1992–1994
he worked on the research project devoted to speech recogni-
tion at Alcatel Research Center in Stuttgart, Germany. From
1994–1996 he was employed as a researcher at the University
of Stuttgart, Germany working on a research project for auto-
matic ship control. Since 1997 he has been a Head of the DSP
group at the Department of Telecommunications of the Slovak
University of Technology, Bratislava. Since 1998 he has been
an Associate Professor at the same department. He is author
of 3 US and European patents on digital speech recognition
and of 1 Czechoslovak patent on fast algorithms for DSP, and
a member of IEE and IEEE Communication Society.


