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ABSTRACT

In thiswork, a new method for estimating the time- varying
AR model of speech is presented. Here, the time- varying
parameters are modeled as stationary processes. Both the
time- varying parameters and their corresponding station-
ary process are modeled through a common Gauss- Markov
model whose state- vector can be estimated through the ex-
tended Kalman Filter (EKF) algorithm. The proposed al-
gorithm is different from the earlier methods which use the
EKF algorithm. Simulation studies are carried out for both
voiced and unvoiced speech. It is shown that the proposed
method has less mean-square prediction error than that ob-
tained through the L PC method.

1. INTRODUCTION

Speech is typically a non-stationary signal [1] due to the
change in its statistical characteristics with time. Model
based spe- ech processing methods find extensive use in
speech analysis as well as synthesis. Analysis and syn-
thesis of speech has been a popular topic of research with
many applications such as speech coding, speaker recogni-
tion, text to speech and speech to text conversion etc.

The LPC technique[2, 3] is the most popular technique
used for the analysis and synthesis of speech signals. In
this technique, the speech is windowed. The duration of the
window is small and the windowed speech signal is repre-
sented by an all-pole model. The order of the all-pole model
istypically 10. The LPC techniqueis applied onthe al-pole
model to extract the coefficients of the model. These coeffi-
cients are used to transmit and synthesize the speech.

The LPC technique divides the speech signal in to mul-
tiple frames and assumes quasi-stationary within the frame
interval. But this technique is not useful to track the time-
varying coefficients. The LPC technique smoothens any
variations in the coefficients within the frame. Therefore,
there is a need of a parametric technique which can track
fast varying coefficients.
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TheKamanfilter isefficient intracking thetime-varying
coefficients[4]. It isassumed in the literature that the time-
varying parameter has arandomwalk whichisnot true. The
time-samples of the parameter are correlated and are not
random except for ocassional jumps. Therefore, the param-
eter walk can be modeled as stochastic process.

Earlier we developed a method for modeling and es-
timation of non- stationary signals by time-varying mod-
€ls such as time-varying AR models [5]. The time-varying
coefficients are modeled as stationary AR processes. The
time-varying AR model of the non- stationary signal and
the parameter models are formed in to a Gauss- Markov
model and the unified model is estimated through the ex-
tended Kalman filter (EKF). It is shown that the proposed
method can estimate and track the fast-varying parameters.

Thereexistssimilar worksin theliterature but the present
work is different from the earlier works. In the work of
Iltis [6], though the time-varying parameters are modeled
as stationary processes and the EKF algorithm is used for
estimation, the parameters of those stationary models are
assumed to be known and are not estimated. In the work of
Tsatsanis et.al. [7], the parameters of the stationary models
are estimated through least-squares method and the time-
varying parameters are estimated through Kalman Filter. In
the present work, the proposed method estimates both the
time-varying parameters and their stationary models simul-
taneously using the EKF algorithm.

Inthe present work, speechismodeled asatime-varying
AR process and the time-varying parameters are estimated
through the above proposed method. Simulation results for
both the voiced and unvoiced speech are presented. The
performances of the LPC method and the proposed method
are evaluated by comparing the prediction errors of both the
methods.

1.1. Modeding the Speech

The speech y (k) ismodeled as atime-varying AR model of
order p. The time-varying AR model can be expressed as
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y(k) ==Y 6i(k)y(k — 1) + v(k) @
=1

where 6, (k)’s are the time-varying parameters of the model
and v(k) is the white Gaussian noise with variance o'2.

1.2. Modeling the Parameter Walk

The time-varying parameters can be further modeled as a
stochastic process [5]. The time-variation or the evolution
of the parameters of a physical linear time-varying system
is correlated. The variation may be considered to be largely
deterministic with some random component. Therefore, the
evolution process of the parameters can be modeled by a
time-invariant AR process. Assuming that the parameter
6,(k) of (1) can be modeled as an AR process of order ,
the parameter walk model can be expressed as,

Ou(k) = = aisbi(k — s) +wi (k) @

where a;;'s are the fixed parameters of the stochastic model
correspondingto#; (k) and w; (k) isthewhite Gaussian noise
withthe variance oz, . Thew; (k) is uncorrelated to v (k).

2. THE GAUSS-MARKOV MODEL FORMULATION

In many situations, the stochastic model of the time-varying
coefficients is not available, a priori. The parameters of the
stochastic model has to be estimated simultaneously with
thetime-varying coefficients. Inthiswork, we expressed (1)
and (2) in the Gauss-Markov State-Space model form. This
model will facilitate the estimation of the stochastic model
parameters of the parameter walk and the time-varying coef-
ficients using the EKF. The model formulation, State-Space
model and the partial derivativesfor the EKF agorithm are
given in the following paragraphs.

From (1) and (2), the model of the non-stationary signal
y(t) can be expressed as

O(k+1) = —®3(k)A(k) + W (k) ©)
y(k) = —®1(k)O(k) + v(k) @
where,
Ok) = [61(k)Ba(K) ... 0,(k)]"
o1 (k) 0
By(k) = B2 (k)
0 B, (k)
Pom (k) [0 (k) O (k —1) ... O (k — 7+ 1)]
Ak) = [a1a12 ... arr ... apy)
W(k) = [wi(k)ws(k) ... w.(k)]"
(k) = [y(k—1D)y(k—2)...y(k—p)]

The equations (3)-(4) form the message model and the
©(k) is the time-varying parameter vector. ®,(k) is of
dimension (pxpr) and represents the regression matrix of
O(k). ®y,(k) represents the regression vector of atime
varying parameter 6,,, (k) and A(k) represents the time-var-
ying parameters of the stochastic model of © (k).

In the above model formulation, the unknown param-
eters include the fixed A(k) and time-varying ©(k). The
State-Space model form can be obtained by considering the
augmented state-vector which can be expressed as,

]

In view of (3) and (5), the state updating equation can be
obtained as

X(k+1)

X(k+1) = [ _j?,(ffll()k) } +[W®) ]
= ®[X(k), K+ W (k) (6)
The observation model (4) can be written as
y(k) = h[X(k), k] + v(k) @)
where,
hIX (k), k] = =@ (k)O (k) (8)

Equations (6) and (7) constitute the State-Space model
which involves nonlinear functions of the state-vector. With
Gaussian excitation, it becomes the Gauss-Markov model.

3. MODEL ESTIMATION USING EKF

The Gauss-Markov model, formulated in the previous sec-
tion, can be now used for the estimation of parameters thr-
ough EKF. The EKF algorithm invol ves computation of par-
tial derivatives from the Gauss-Markov model. Using the
proposed model, the partial derivatives required in the EKF
algorithm can be obtained . These are given by,

On [X(k +1/k), k+1] Dk + 1)

X (k +1/k) - a{ (ZE:H; } 7
+1
and
0% [X(k/k), k| 6[ (ZEZIB } (10)
oX(b) 5| 383 ]

The partial differentiations that are useful in evaluating
(9) are given below in the scalar form.
9y (k)

20, (1) = —ylk—-1J) (11
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(k) _ 90i(k) .

v, © oy y(k —1) (12

9bi(k) 4 L= 90k —1t)

Ba = —92(19—])—;%TM (13)
(14

Similarly, the partial differentiations that are useful in
(10) are given below.

0 (k +1)

8@1 (k) = —ain (15)

whereay,;; isthe coefficient of time-varying parameter model
6, (k) whose model order is reduced to one. Also,

00 (k +1) _ —Oi(k+1—1)— ialtm (16)

ag; aQ
0 li =1 0 li

By evaluation and substitution of (9) and (10) in the
EKF algorithm, the time-varying coefficients and their sto-
chastic models can be simultaneously estimated. The EKF
algorithm recursions are given by [9],

~

X(k+1/k+1) = X(k/k-1)
Ly [y(k) —h [X(k - l/k),kH

® [X'(k k- 1),k — 1] 17)

_|_

X(k/k—-1)

Thegain L isgiven by,

O =
Ly =

HI'Vx(k/k - 1)Hy + R, (18)
Vx(k/k — 1)HQ, " (19)

where, Vx isthe parameter error covariance, R, is the co-
variance of v(n), and

A

Oh | X (k+1/k),k+1
X (k +1/k)

Hpph = (20)

The updation eguations for the error covarianceis given
by,

Vx (k/k) Vx (k/k —1)
- Vx(k/k—1)HQ, "H Vx(k/k - 1)

Vx(k+1/k) = FVx(k/k)Fl + R, (21
where, R,, isthe covariance of W' and

o® [X(k/k),k]

Fy, = =
0X (k/k)

(22)
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Fig. 1. The actual and the predicted signals (a) actual

voiced speech (b) predicted voiced speech (c) actua un-
voiced speech and (d) predicted unvoiced speech

4. SIMULATION STUDIES

Simulations are carried out to check the performance of the
proposed unified algorithm and to compare with that of the
LPC technique. Both voiced and unvoiced speech samples
are considered for simulations.

A time-varying AR model of the order of 10 is consid-
ered to model the speech samples. Each time-varying pa-
rameter is modeled as a stationary AR process of order 2.
The parametersfor both the time-varying and the stationary
models are estimated through the proposed unified model.
The predicted speech samples are then obtained from the
time-varying parameters.

Fig.1 shows the actual and the predicted speech sam-
ples. Fig. 1(a) shows the voiced speech. Fig.1(b) showsthe
predicted signal for the voiced speech. Fig.1(c) shows the
unvoiced speech sample and Fig.1(d) shows the predicted
speech for the unvoiced speech. It can be observed from the
figures that the predicted speech samples are almost similar
to the actual speech samples.

An AR model of order 10 is considered to estimate the
time-varying parametersusing the L PC technique. Thesame
speech samples are used in the L PC technique. A new set of
LPC parameters are estimated for every 200 samples. The
predicted speech samples are then obtained from the esti-
mated parameters of the AR model.

The prediction error is used to compare the performan-
ces of both the techniques. Mean-squared prediction errors
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are calculated for both the voiced and unvoiced signals and
are shown below.

voiced speech | unvoiced speech
signal power 66.5 826.25
mse of
proposed method 1.056 7.1687
mse of
L PC method 3.83 14.4419

It can be observed from the above that the proposed

EKF

technique hasless prediction error as comparedto LPC

technique. The mean-square error is morein the case of un-
voiced signal because the strength of the unvoiced signal is
more than the voiced signal.

5. CONCLUSIONS

The proposed a gorithm estimates and tracks the time- vary-
ing parameters of speech. The mean-square prediction error
of the proposed technique is less than that of the L PC tech-
nique. Therefore, the proposed technique can be used for
the analysis of speech.
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