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ABSTRACT - An autoregressive and moving-average (ARMA) model of
speech production process is proposed. The orders of the model are
determined from the generalized partial autocorrelation {(GPAC)
pattern. Based on the maximum likelihood estimation, parameters of
the model are estimated via the Marquardt algorithm. Experiments
show that the fricatives can be better modeled as an ARMA process.
The autocorrelation of the residuals can be used for pitch detection

and volced/unvoiced speech recognition.
INTRODUCTION

In speech signal processing and recognition, the production process of speech
signals has been one of the most important topies. Since once we know the
mechanism with which speech signals are produced, we can extract the
parameters which characterize this process. These parameters not only can be
used as features for speech recognition, but also can be used to synthesize
speech signals of good quality.

In the past years, autoregressive (AR) model has been widely used to
characterize the speech production process. Making use of this model, the
linear prediction coding (LPC) has been very successful. A comprehensive
survey of this topic can be found in [1].

However, some speech signals such as the nasals and fricatives can hardly be
modeled as AR processes. Based on state-space representation, an ARMA model
was put forward in [2]. In that paper, the order of AR(p) was found by
maximizing the observed signal to innovation ratio (OIR)

OIR = 10 loglo(ro/eo) (1)

where r, and ¢, are the variances of the observed signal and innovation
sequence respectively. The innovation is defined as the difference between
the observed value and the predicted value. This method, though works for AR
model, fails to consider the effect of the MA part on the AR behaviour when
the ARMA model is concerned.

In this paper, the generalized partial autocorrelation (GPAC) is applied to
determine how well the ARMA model fits the speech signal, and from the pattern
of GPAC's the AR order p and MA order q can be found. Based on maximum
likelihood method, the parameters can be found be using the Marquardt
algorithm.

Applications of this ARMA model include discriminating volced speech signals
from the unvoiced counterparts and estimating the pitch periods. This can be
done by observing the autocorrelation of the ARMA residuals. Experiments have
shown that this method has significantly reduced the effect of the vocal tract
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resonances on the input signal which carries information of whether the speech
is voiced or unvoiced and the information of pitch period in the voiced case.

THE GENERALIZED PARTIAL AUTOCORRELATION

An ARMA process is defined as

Y(£)-oqy(t-1)- ... ~¢py(t-p)=a(t)-oalt-1)- ... -84a(t-q) (2)
where y{(t) are measurements and a(t) are white noise. It can be shown [3]
that the generalized partial autocorrelation of an ARMA process has the

following pattern

AR order variable

1 ... P p+1 p+2
MA 0 9, ... 2 9 2
order ) 11 pp p+ip+1 p+2p+2
variable
_ -1 g-1 g-1
q-1 ¢?1 “‘¢pp ¢p+1p+1 ¢p+2p+2
q ofy e 0 0 0
+1 e ol
q+1 ¢?1 PN ¢p ° °

As can be seen, the GPAC array has a clear pattern which indicates the orders
of the ARMA process p and q.

ESTIMATION OF THE PARAMETERS

Define the likelihood function of the ARMA process as

102
f ~ exp (- —5 I a’{t)) (3)
y 20_° t=1
a
and 81=¢1, - 1 , " -e Based on maximum likelihood
estimation, the pagamgterg : B 8) are estimated by minimizing
-
s(g) = & a“(t) (1)
t=1

which can be done by Marquardt algorithm described as follows [4]:

__alt)

n Xi,f/ = Bj_
A=XTx
g:XTao
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d;=/R;

a, is the initial condition of a=[a; a, ... a

o]
(2) By %= y/d;d;

Aii*:1+n

gi*=g;/d;
solve A*Q*zg* for g* by inversion of A*.
P-4 v* x
hJ hJ /dJ
8(new)=g(old)+h
(3) IF s(B(new)) < s(g(old)) THEN

TF |h;| < e THEN
g(new) contains the parameters
2 1
a =

a n-p-q
cov(g) = ogA"1

s(g(new))

B(old)=p(new)
ﬂ:ﬂ/Fz (F2>?)
ENDIF
ELSE
m=F,¥%n
g(o%d):g(new)
IF % > mp, . THEN
error
STOP
ENDIF
IF # of iterations > maximum # of iterations THEN
error
STOP
ENDIF
GOTO (2)
ENDIF
GOTO (1)

EXPERTMENTS

Many experiments on both unvoiced and voiced speech signals have been
conducted. It has been shown that for unvoiced speech signal, the
autocorrelation of the residual decays very rapidly, opposed to the clear
periodic pattern of the voiced case. This fact suggests that the residual
autocorrelation can be used as a feature for voiced/unvoiced speech
recognition. Furthermore, the pitch period can be detected from the residual
autocorrelation,
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The procedure of developing the ARMA model are as follows
GPAC of speech signal
L

Orders of ARMA model

¥
Refine Estimate parameters
the +
orders Calculate residuals
of the v
original GPAC of residuals
model +

Clear pattern?

Yes No
¥
Calculate the sample
correlation coefficients
R.(k) of residuals

¢
Are most R.(k) less

No Yes

Figure 1 is the unvoiced fricative speech signal /f/. Figure 2 is the
autocorrelation of this signal. Figure 3 is the autocorrelation of the ARMA
(11,6) residual. As we can see, the autocorrelation of the residual decays
very rapidly abd no any periodic pattern can be seen, which suggests that this
is an unvoiced signal.

CONCLUSIONS

In this paper, an ARMA model of speech signal is developed. The methods of
estimating orders and parameters are described, and some simple applications
are discussed.

Some further applications of the ARMA model can be explored. A distance
measure between two AR process has been proposed [5]. But most unvoiced
speech signals cannot be modeled as AR processes. A similar measurement could
be developed for ARMA model and used to discriminate two unvoiced speech
signals in speech recognition.

The main problem of the algorithm used in this paper is the off-line nature.
Based on lattice structure, some adaptive approaches of ARMA modeling have
been proposed {6]1{7}. An adaptive algorithm for ARMA signal with some special
properties has been developed in [8].
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