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1. Introduction

Over the past years several speech segmentation
methods have been proposed [1]. There are a few
approaches to solving this problem. One of them utilizes
explicit information, known in advance and a speech signal
is then segmented using reference templates corresponding
to the phonetic events. Based on this approach in [2] a
procedure for automatic alignment of phonetic
transcriptions with continuous speech is described. The
procedure uses a standard pattern classification algorithm,
a dynamic programming algorithm and the constraints
imposed by acoustic-phonetic knowledge. A similar
procedure is used in [3], where the dynamic time warping
method, developed for isolated word recognition, is
extended to the problem of time aligning sentence length
utterances. In [4] waveform segmentation and labeling into
broad phonetic classes prior to time alignment is used.

Another approach does not require any explicit
information, but utilizes only the acoustical information
that is contained within the speech signal to be segmented.
This information can be e.g., amount of spectral change
from one speech frame to the next. In [5] a method for
decomposing the speech signals into acoustic units serially
is described. In [6] the frames belonging to a segment are
represented by an average spectrum. This method
minimizes the spectral deviations within a segment from
the corresponding average spectrum but does not require
that the segments be the same as a phonetician might
recognize. In [1] also is assumed that the phonetic
transcription of the utterance is known to the segmentation
algorithm. The speech signal information known to the
segmentation algorithm is a sequence of short-time spectral
information derived using a linear prediction coding (LPC)
front-end analysis.

Statistical approaches for the segmentation of the
speech signals are also discussed in the papers. In [7] the
segmentation is performed on a sample-by-sample basis,
rather than on a block-by-block one. This provides a more
accurate location of the boundaries of the acoustic
segments. Statistically based methods are used to detect
non-stationarities in the speech signal and the nature of the
segmented units is not defined in advance. Three methods:
the generalized likelihood ratio test [8], the divergence test
[9] and the original pulse method (a modified divergence
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test) are investigated in this paper. The speech signal is
assumed to be described by a string of homogeneous units,
each of which is characterized by the autoregressive
statistical model.

Speech signal can be regarded as pseudo-stationary
signal in which pseudo-stationary parts correspond to
phones. Consequently, optimal segmentation methods [10]
can be applied to speech signal segmentation.
Segmentation of a non-stationary process consists in
assuming piecewise stationarity and in detecting the
instants of change. Usually is considered that all the data
are available in the same time and a global segmentation is
performed instead of a sequential procedure. We use a
similar approach [11] in our investigations. Maximum
likelihood (ML) and least mean squared error (LMSE)
methods are used for determination change points of
piecewise pseudo-stationary speech signal. It is assumed
that change points correspond to the boundaries of the
phones contained in speech signal and number of phones is
known in advance. Maximization of the likelihood
function and minimization of prediction error in least mean
squared error approach is based on dynamic programming
[12]. Expectation maximization approach is used to deal
with the problem of unknown phone parameters. It is
assumed that speech signal and background noise are
described by linear prediction coding (LPC) model.

2. Statement of the problem for known LPC model
parameters

We formulate the problem similar to one in [11]. Let
us consider random sequence x={ x(1), x(2),...,x(N)},

which is an output of linear discrete time system with time-
varying parameters. v(n) is input of the system. The

system structure satisfies LPC equation of the form

x(n)=—-aj(n)x(n-1)—a,(n)x(n-2)—...

(M
—a,(m)x(n—p)+b(n)v(n),

where p is an order of autoregressive system;

A'(n)=[ay(n), ay(n),...,a,(n),b(n)] is a vector of time-

varying parameters of the system, at every time instant



satisfying system stability conditions. At this point
parameters A(n) of the system are known a priori and are

changing according to the rule

Al, .,1,2,...,1,{1
Az, I’l:l/l1+1,...,l/12 .
A(n)=1<4;, n=u;_1+1,...,u;, 2)
AM, n=uM71+l,...,uM,
AM+1’ n=uM+1,...,N,...,
where w=[uy,uy,...,uy,] are unknown change points,

satisfying the condition p <u; <u,...<uy, <N and our

problem is to find their maximum likelihood estimates

a=[uy,ly,..., U], when the realization
x={ x(1), x(2),...,x(N)} of the random sequence is
available.

3. Maximization of the likelihood function

The maximum likelihood estimator @ of change
points u is
u=argmax p(u|x).
u
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The likelihood function can be expressed as (for
details see [11])

x(p))x (2)"N=P)2
. x b(M +1)" N7

plx[w) = p(x(1),x(2),...,
x b(l)_(ul_p) x b(Z)_(u2_u1)

X exp

2
Z {Za (Dx(n— J)}
2b(1) n=p+1| j=0

2
L ¥ {Za @)x(n - 1)}
2b(2) n=uj+1| j=0

1 N
— X
2b(M +1) n=uyr+1

2
Za (M +1)x(n— 1)} , (4

j=0

i=1L2,....M+1.

Instead of using likelihood function in implementation
it is more convenient to use logarithmic likelihood function
log p(x|u). It helps us to avoid exceeding dynamic range

where we assume a, (i) =1,

of the computer and reduces computation score. Taking
log p(x|u) we can write (3) and (4) as
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u =arg max p(x|u)=arg max log p(x|u)
u u
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Maximization of (6) is impossible due to very large
amount of computations. For the given realization of the
random sequence instead of maximizing (6) we can
maximize objective function ®(u|x), which differs from

(6) by an additive constant not depending on u, i.e.,

u = arg max log p(x|u) =arg max O(u|x),
u u

0

where

Ou|x)=Ly(uy | x)+Ly(uy [X)+...+ Ly (upy | %) . (8)

Each of functions L (u;|x), i=L2,...

only on one unknown change point u;

,M depends
and can be
expressed as

L, (k| x)=—(k — p)log b(i) — (N — k) log b(i + 1) —
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or can be calculated recursively

L;(k|x)=L;(k—-1|x)—logb(i) +log b(i +1) -
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2b? @+ j=0
i=12,....M; k=p+12,...,N (10)
with the initial conditions L, (p|x)=0, i=12,...,M.
Since the function ®(u|x) consists of the sum of
i=12,...,M and each of
these partial functions depends only on one variable, we
can use the dynamic programming method to determine
place of the global maximum of this function.

According to the dynamic programming method [12]

let us define the Bellman functions

partial functions L;(u; | x),



gi(uy |x)= max L;(u, |x),uy, =p+2,.,N (11)
p<ull<uz
g (uy | x) = max [L,(u, [ x)+ g (u, [ X)], (12)
p-¢-1<u2u<zu3
u, =p+3,...,N.
and for i =3,...,M we have
g, |x)= m?"x [L(u | x)+ g (u, [x)], (13)

i
pHi=1<u;<u;

u,,=p+i+l,...,N.

For further reduction of computation amount, we can
compute the  functions gy |x), i=L...,.M
recursively

g (u, [x) =max [g,(u, —1|x),L,(u, =1[x)], (14)
u,=p+3,....N

with the initial condition g,(p+2|x)=L,(p+1]x).
Andfor i=2,.... M

g, (u,, |x)=max{g,(u,, —1|x),[g,, u,, —1]x)+
+L,(u,, -1 )]},

U, =p+i+2,...,N

with the initial conditions

(15)

g(p+i+l|x)=L(p+ilx)+g, ,(p+ilx), (16)

i=2,...,M.
Now the maximum likelihood estimator
a =[u,U,,...,u,, ]| of the change points u is obtained in

the following way

iy, = min [arg g(n] 0], a7

max
n
p+k<n<iy

k=M,M~1,...,2,],

where, for convenience, we made a notation #,,,;, = N .

Finally we obtained maximum likelihood estimator of
change points @ =[t;,t,,...,1,].

4. Maximization of the likelihood function when the
LPC model parameters are unknown

For the maximization of the likelihood function when
parameters are unknown we used generalized expectation
maximization (GEM) approach [13]. It is assumed that
number of change points M (phone boundaries) is known
in advance. Also is assumed that we have some initial
information about unknown LPC parameters A4,...,4,,,; -

Then using equations (10), (14) — (17) and initial values of

13

unknown parameters we estimated change-points
(endpoints) and applied them to get improved estimates of
the parameters. Calculations continue iteratively until
change-point estimates do not change and these final
estimates are regarded as phone boundaries in speech
signal.

5. Minimization of prediction error in least mean
squared error approach

Instead of squared prediction error minimization we
will maximize its negative value. Under assumption (2)
negative least mean squared error can be defined as

» 2
> a;(x(n —j)} -

=0

Exlw= - 3 {

n=p+1

up P :
- { aj(2)x(n—j)} -
n=uj+1| j=0

N p 2
2 {Z%(MH)X(”—])} - (18)
n=upr+1| j=0

We can rewrite (18) in the form
E(x|u)=8,(u | x)+S,(uy | x)+...+ S8y, (uy, | x)+ D, (19)

where D is a constant, not depending on u and the partial

functions  S;(k|x),i=12,..,M can be calculated

recursively

S,-(k|x)=s,-<k—1|x>{ia,-(i)x(k—j)} .

2
P
{Za S+ Dx(k - j)} , (20)
=0
i=1L2,....M; k=p+12,....N
with the initial conditions S;(p|x)=0, i=12,...,M.
The Bellman functions (14), (15) in this case are
8 (u, | x) =max[g,(u, —1[x),S,(u, —1[x)], (21

u,=p+3,...,N
with the initial condition g;(p+2|x)=L(p+1|x). And
fori=2,.... M

g, | x)=max {g,;(u,, —1]x),[g,,(u,, —1]x)+
+8,(u,, -1 0]},

u,=p+i+2,...,N

with the initial conditions

(22)

g(p+i+tllx)=L(p+i|x)+g, (p+ilx),
i=2,..., M.



Now  the least mean  square  estimator
a=[u,u,,...,u, ] of the change points u is obtained
using (17).

6. Illustrative examples

The word segmentation software was developed.
Speech patterns are segmented using above formulated
maximum likelihood and least mean squared error
approaches. The first step after speech input is selection of
frames for initial estimation of parameters values. These
frames have been selected by user and marked (Fig. 1).
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Fig. 1. Diagram of word “bﬁtl Wlth marked selected frames.

After selection of the frames calculations are started.
Iterative calculations are repeated until change points stop
changing. Segmentation results are given in Fig. 2. Here
we can see detected phones boundaries (vertical lines),
partial likelihood (gray curves under utterance diagram)
and Bellman functions (rising black curves). Control of
segmentation parameters is implemented. User can switch
between maximum likelihood and least mean squared error
segmentation criterion, change preemphasis ratio, analysis
frame length and shift values, maximum allowed number
of iterations. Besides there is possibility to control very
short segment length (segment can be appended to the next
or left with fixed boundaries).
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Flg 2. Word segmentation results Vertical lines indicate phones
boundaries.  Partial likelihood and Bellman functions
corresponding to each detected phone are shown in lower part of
the diagram. Above the diagram user defined labels are shown.
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After segmentation each phone can be labeled
manually. Text labels are shown above speech utterance
diagram. Detected boundaries and labels can be saved into
file, which can be used for word segmentation into phones
preview.

7. Conclusions

Statistical speech segmentation into phones method is
proposed.

1. Maximization of the objective function problem is
solved using dynamic programming method.

2. Problem of unknown LPC model parameters is
solved using generalized expectation
maximization approach.

3. Segmentation software is developed and
illustrative segmentation examples are given.

Future work should be concentrated on performance
evaluation and optimization of analysis parameters.
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A. Lipeika, G. Tamulevitius. ZodZiy segmentavimas j garsus // Elektronika ir elektrotechnika. — Kaunas: Technologija, 2006. —
Nr.1(65).—P.11-15.

Darbe nagrin¢jama zodziy segmentavimo { garsus galimybé. [Starimy garsy riboms nustatyti taikomas atsitiktiniy seky pasikeitimo
momenty aptikimo metodas. Daroma prielaida, kad garsai yra stacionarios signalo atkarpos, o signalo parametry pasikeitimo momentai
atitinka garsy ribas. Parametry pasikeitimo momentai aptinkami maksimizuojant jy tikétinumo funkcija arba minimizuojant viduting
kvadrating prognozés klaida (pasirinktinai). Remiantis sudaryta metodika, sukurta iStarimy segmentavimo programiné jranga. Tikslo
funkcijoms optimizuoti panaudotas dinaminio programavimo metodas. Nezinomiems garsy parametrams jvertinti pritaikytas
apibendrintasis matematinés vilties maksimizavimo metodas. Programinéje jrangoje numatyta galimybé keisti jvairius signalo
apdorojimo parametrus, pasirinkti viena i§ dviejy segmentavimo optimalumo kriterijy. Segmentams gali biiti suteikiamos teksto Zymés,
o0 ju ribos ir Zymés iSsaugojamos failuose, kurie véliau gali biiti panaudoti segmentavimo rezultaty perzitrai. II. 2, bibl. 13 (angly kalba;
santraukos lietuviy, angly ir rusy k.).

A. Lipeika, G. Tamulevicius. Segmentation of Words Into Phones // Electronics and Electrical Engineering. — Kaunas:
Technologija, 2006. — No. 1 (65). — P. 11 — 15.

Word segmentation into phones is studied in this paper. The method of change point detection in random sequences is used for
phone boundaries detection in a word. It is assumed that phones are stationary signal segments and changes of signal parameters are the
boundaries of these phones. Change moments are detected maximizing change points likelihood function or minimizing prediction least
mean squared error. On the ground of formulated methodology word segmentation software was developed. Dynamic programming was
used for object function optimization and for unknown parameters estimation generalized expectation maximization algorithm was used.
Developed software allows to control speech signal processing parameters, to choose segmentation optimality criterion. Detected
segments can be labeled, and these segments labels and boundaries can be saved into files for later segmentation results preview. Ill. 2,
bibl. 13 (in English; summaries in Lithuanian, English and Russian).

A. JInneiika, I'. TamyasiBuutoc. CerMeHTalMsl CJI0B HAa 3BYKH // DJIeKTPOHHKA U J1eKkTpoTexHuka. — Kaynac: Texnomnorus, 2006.
- Ne. 1(65).—C.11-15.

B crartbe paccmaTpuBaeTcs BO3MOXKHOCTb CEMEHTHPOBAHHMS CJIOB Ha 3BYKH. Jljisi ompeneneHus TpaHull 3BYKOB B CJIOBE
HPUMEHAETCS. METOJ] ONPEEICHHS MOMEHTOB U3MEHEHHMS CITy4aifHbIX OCIeA0BaTeNbHOCTEH. [Ipeanonaraercs, 4To 3ByKHU CI0Ba — 3TO
CTallMOHAPHBIE CEIrMEHTHl CHI'HAJlA, 3 MOMEHTHI W3MEHEHMs MapaMeTpoB CHUTHaja COOTBETCTBYIOT IpaHMIaM 3ByKoB. OOHapyxeHue
MOMCHTOB H3MEHEHHS OCHOBaHA HA MAaKCHMHU3AIMH (YHKIMH HPAaBRONONOOHMS MOMEHTOB M3MEHCHUS WIM MUHUMH3ALUH OIIMOKU
nporuo3sa. [To chopMynupoBaHHO# MeTOANKE CO3AAHO MPOrpaMMHOEe 00OPYyJOBaHHME JUISi CErMEHTUPOBAHUs CJIOB. [ onTHMH3ALUH
1esneBoil (DYHKLUM MCIIOJIb30BaH METOJ JAMHAMHUYECKOrO HPOrPaMMHUPOBAHUS, HEM3BECTHBIC MApaMETpPhbl OLIEHUBAIOTCS METOJO0M
MaKCHMHU3aIM¥ MAaTEMaTHYEeCKOro OXHAaHWA. B co3qaHOH IporpaMMme CErMEHTAIMH HPEXyCMOTPEHA BO3MOXKHOCTH YIIPaBIATH
napamerpaMu 00pabOTKH PEueBOro CUrHaja ¥ BHIOOP MEXKIY ABYMsI KPUTEPUSIMH ONTHMAIbHOCTU CErMEHTALMU. BblieneHbIM 3ByKaM
CIIOBa MOTYT OBITh IIPHCBOCHBI TEKCTOBBIC METKH. I paHMIBI U METKH 3BYKOB MOTYT OBITh COXPAaHECHBI B BHAE (ailIoB I mepecMoTpa
pe3ynbTaroB cermeHTanuu. V. 2, 6ubmn. 13 (Ha aHTIHIACKOM si3bIKe; pedepaThl Ha TUTOBCKOM, aHTJIMIICKOM M PYCCKOM $3.).
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