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ABSTRACT

Described here is an improvement of the linear prediction analysis, introducing a weight
on each predictive equation, according to the amount of prediétion residual of the cor-
responding data sample. The proposed method is a kind of weighted least-squares method
and is called Weighted Linear Prediction (WLP). WLP is a generalization of the Sample-
Selective Linear Prediction (SSLP) analysis method proposed by the authors, and SSLP is
regarded as a special case of WLP with a binary weight O or 1. In the proposed WLP scheme,
the weight is set close to 1 for those predictive equations which yield small prediction
residuals, and close to O for those which yield large residuals, in order that the final estima-
tion may not be seriously affected by the distribution curve outliers that correspond to
source excitation.

In the present paper the WLP is first formulated in matrix form and then a practical
computational procedure is presented, employing the Givens’ reduction. The performance
of the WLP on both synthetic and natural speech is shown compared with that obtained by
the conventional linear prediction method.

1. Introduction

The authors have developed the Sample-Selective Linear Prediction (SSLP) analysis
method() using the arbitrariness in selecting predictive equations to be evaluated in the
least-squares scheme(®). It was an application of the Givens’ reduction®) to linear prediction
analysis, making the most of the row-independency property of the process in obtaining the
least-squares solution. Thus, the SSLP has improved accuracy in estimating the pole
frequencies by removing outliers i.e., improper equations from the least-squares estimation.

Though the actual requirements for analysis accuracy are not clear at this moment,
improvement in analysis accuracy is expected in practical applications. For example,
methods that yield higher phoneme recognition rates are desirable for realizing practical
speech recognition systems. Analysis accuracy can be studied only by using synthetic signals
as test signals. It is uncertain, however, that an analysis method which gives high accuracy
for synthesis signals also has high potential for natural speech, because the test signals might
not adequately simulate the features of natural speech sounds. Practical effectiveness of
a given analysis method can be confirmed by comparing the discrimination results replacing
the analysis methods from one to another.

Described in this paper is a Weighted Linear Prediction (WLP) which is a generalized
version of the SSLP in the sense that a weight is introduced as a function of the prediction
equation in accordance with the corresponding residual value. The WLP would not have
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emerged if the Givens’ reduction had not been introduced to the linear prediction analysis
as a practical means for solving an over-determined set of linear equations. The principal
idea of the WLP is that the preferable solution should be optimal in the least-squares sense,
putting more weight on a large number of representative predictive equations while reducing
the weights on a small number of counterrepresentative equations. Thus the WLP minimizes
the sum of substantially weighted residuals, rather than minimizing the sum of equally
weighted residuals as in the conventional linear prediction analysis method. The most
substantial issue in the WLP is how to determine the weight for each predictive equation as
a function of the residual value. The weight might best be determined from a statistical
point of view, but in this paper its effects are investigated using computer simulation because
the statistical nature of the prediction residual is not well known.

In this study, a matrix representation for the WLP is formulated, and its accuracy is,
then, investigated experimentally, using synthetic vowels, and its effectiveness is
demonstrated by discriminating voiced plosives with WLP as the analysis method in place of
the conventional linear prediction method.

2. Formulation of the Weighted Linear Prediction Analysis

2.1 Linear Prediction by Using the Givens’ Reduction
Linear prediction states that the n-th sample y,, is approximated by a linear combina-
tion of the past p samples, as in eq.(1), where ¢; is the i-th predictive coefficient.

p
El T (1)

Collecting these predictive equations for an appropriate period NV, the analysis scheme is
formulated so as to get the least-squares solution (Iss) for « in eq.(2).
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The Iss & for a is obtained as eq.(3), where Y" is the generalized inverse of Y.

a= (YT Y)Y Y = Yy, 3)
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where T denotes the transpose of a matrix.

The Givens® reduction®) is employed here as a practical procedure for eq.(3). It is
summarized as a triangularization process of ¥ by applying an orthogonal matrix Q to eq.(2)
as follows:

Equaton (4) is then rewritten as eq.(5), where R is an upper triangular matrix of size

pxp, 0 is a (N-p )xp zero matrix, and d and e are column vectors of size p and N-p, respec-

tively.
R| . |d
Bl [4] oo ©

The 1ss for & is obtained as follows:

In the actual computation, the process of applying Q to eq.(2) is decomposed into a
series of operations named plane rotations, applied each time a predictive equation in a form
like that of eq.(1) is transcribed into the working area, as described later.

2.2 The Weighted Linear Prediction

2.2.1 Weighting Each Predictive Equation

Since each predictive equation expressed as eq.(1) can be manipulated independently in
the Givens’ reduction, a weighted linear prediction analysis is easily realized by putting
weight on each predictive equation before the corresponding plane rotation described in
2.2.2. This type of linear prediction is formulated in matrix form as eq.(7), where W is the
weight matrix defined by eq.(8).

where

The Iss &, for this case is expressed as follows:
G, = (WY ) Wy . (9)

This analysis scheme is called Weighted Linear Prediction (WLP) analysis method
because it is based on weighted predictive equations. Since eq.(7) is a weighted form of an
over-determined set of linear equations, the weighted linear prediction analysis is regarded as
a weighted least-squares estimation. Due to introducing the weight, the residual power (or
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the squared sum of the prediction errors) by this method is somewhat larger than that
obtained by the ordinary least-squares method, or the conventional linear prediction
analysis. This comes from the fact that the proposed method minimizes the squared sum of
the weighted prediction equations rather than that of the raw or equally weighted prediction
equations. An example for this situation will be shown in section 4.1.

2.2.2 Practical Computation

a) Basic Procedure

The practical computation procedure is easily realized by putting a weight w,, on the
data sequence corresponding to the predictive equation for the sample y,, transcribed to the
working matrix, depicted in Fig. 1, in which the Givens’ reduction is performed. If the
weight is 0 or 1, the proposed WLP degenerates to the SSLP, so the WLP can be regarded as a
generalized version of the SSLP. In case the Givens’ reduction is used for the conventional
linear prediction analysis procedure, data transcription for the n-th prediction equation into
the working matrix consists simply of writing the values of data sequence ¥,,.1,¥n-2,....,
Yn-p, ¥n into the bottom row of the working matrix.
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Fig. 1. The working area used in the Givens’ reduction.
The prediction equation for a sampled datum is transcribed onto the bottom row of the work-
ing matrix multiplied with its corresponding weight value. The plane rotation is performed on
the working matrix. After a sequence of the plane rotations, the row vector z in the bottom row
becomes a zero vector and the value e coincides with one element in vector e in eq.(5) in case w,=1.
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For the weighted linear prediction, only the sample values to be transcribed into the
bottom row of the working matrix are to be modified as w,yn.1, Wn¥n-2, - - - -, Wn¥np,
w,Yn, instead of the sequence described above. The rest of the procedure is exactly the
same as that for the conventional linear prediction analysis.

The following procedure, called plane rotation, is repeated for every existing row each
time a new row is transcribed into the bottom row from eq.(7), until all the rows in eq.(7)
are exhausted. The vertical size of matrix Y, or the number of rows in eq.(7) corresponds
to the window length or the length of the analysis frame.

The plane rotation for row addition is represented as

[::]<=[_s° ’ H;] .................................... (10)

where ‘ denotes renewed value, and

c=rii/q
STZilq e (11)
q=(ri +z)'7.

b) Frame Shifting

Frame shifting operation is realized by repeating two types of plane rotations, the
above-mentioned one for row addition and the one described below for row deletion. The
numbers of row addition and row deletion are arbitrary, but for realizing a fixed window-
length frame shifting, they should be same. In order to maintain analysis stability it is
preferable for the working matrix to be cleared every time a silence appears in the input
speech.

The plane rotation for row deletion is represented as

[:’}4:[‘: ” [:J ................................. (12)

u=ri/q’

VE2Z;/q" e (13)
q'= (r,-,~2 _ Zi2)l/2~

where

The actual computation is performed with the Gentleman’s algorithm(4) since it speeds
up the computation process by avoiding square root calculations. Some useful properties of
the Givens’ reduction when it is applied to the linear prediction are discussed in reference

(5).

3. Determining the Weight

Since the performance of the WLP can be controlled by adjusting the weight, the WLP
is more flexible than the conventional linear prediction method and even than the SSLP.
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The main problem here is how to determine the weight on which the performance of the
WLP depends. Unfortunately, no practical way to improve the accuracy of formant
estimation by putting weights on predictive equations has been developed so far. It would
be in principle, reasonable, however, to determine the weight for each predictive equation
according to the prediction error i.e., the prediction residual for the corresponding sample.

3.1 Statistical Considerations

The conventional linear prediction model assumes that the excitation signal to the vocal
tract is either a pulse train or white Gaussian noise. However, this is not true for the real
speech production system, particularly for voiced speech. In fact, according to our offhand
investigation, the gross features of the distribution of prediction residuals are fairly well
approximated by a single normal distribution curve if the input speech is differentiated
with an appropriate pre-emphasis factor. However, the temporal locations of a small number
of outliers on the distribution plot often concentrate around the excitation points. This
indicates the non-Gaussian nature of the excitation signal of the vocal tract, even if its
distribution is not ““heavy-tailed”.

For heavy-tailed distribution or mixed distribution cases a statistical robustness theory
is proposed by Huber(®) and a robust estimation of the system parameters of AR models are
also proposed by Martin(”), where a loss function is designed as the integral of a minimax
type of Huber’s psi-function. Since the present objective, however, is just to reduce ill-
effects of the outliers related to source excitation, a class of empirical weight functions is
discussed in the following section from a practical point of view.

3.2 Empirical Approach
Considering the desirable nature of the weight function, values for w, ought to be a
function of the absolute value of the prediction residual €,, and they should satisfy the
following conditions.
(a) w(—€) = w(e), monotone with w(0) = 1 and w(°) = 0.
(b) Its steepness is controllable by a shaping parameter.
(c) Drastic changes such as threshold characteristics should be avoided on the weight
function in order to keep the analysis not so sensitive to the shaping parameter.
Taking these factors in account, some heuristic functions have been investigated®), and
the normal distribution curve is suggested®) as in eq.(14) as the most proper candidate for
the weight function, where the standard deviation o is assigned as the shaping parameter.

wy, = w(e,) =exp [ ——%— (—65"—)2] ............................. (14)

where €,: prediction residual for sample y,,,

and o0: shaping parameter to control the weight function.

Some examples of the weight functions are depicted in Fig. 2, where the prediction
residual is normalized by its possible maximal value. An appropriate value for o will be
chosen according to simulation results.
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Fig. 2. Examples of the weight function using
the normal distribution curve.

4. Performance of the WLP

4.1 Estimation Accuracy for Synthetic Vowel-like Sounds

Synthetic vowels are used to determine the appropriate value for the shaping parameter
o and to reconfirm the performance of the proposed WLP. Table 1 shows the conditions
for synthesizing test sounds.

The test sounds are analyzed by both the conventional LP method and the proposed
WLP method under the conditions shown in Table 2. In the simulation, pre-emphasis is

Table 1. Synthesis conditions of the test sounds.

Synthesis method LP of order 10

Excitation One pitch residual wave
Pitch 125 and 263 Hz
Spectral envelope 50 patterns

Table 2. Analysis conditions

Analysis order 12
Window length (ms) 20
Pre-emphasis non
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not employed because the excitation wave here is one pitch residual signal, as described in
Table 1, obtained by the LP method with pre-emphasis, while pre-emphasis is needed for
analysis of synthetic sounds excited by the Rosenberg wave or the like.

(a) (b)

3fe S _comtmceNethed
-~ e, < 4 ° o
® ofcovariance method [ .
[<r1.' e o como® ° L<‘1’ 3 T, .«

1t Excitation: One pitch residual Excitation: One pitch residual

Pre-emphasis: non fo =125 Hz 9} Pre-emphasis: non fo =263 Hz
.005 .01 .025 .05 .1 25 5 1 .005 .01 .025 .05 .1 25 5 1
o o

Fig. 3. Average errors of pole frequency estimation by using the WLP with the normal
distribution curves as the weight function. The broken lines indicate the average error by
the conventional covariance method.

(a) Average estimation error for low pitch sounds.
(b) Average estimation error for high pitch sounds.
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Fig. 4. Comparison of the residual signals for a

synthetic vowel.

(a) The synthetic vowel for performance
evaluation,

(b) The excitation wave.

(c) The residual signal obtained by the WLP.

(d) The residual signal obtained by the conven-
tional LP.
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The performance is evaluated by the average errors in estimating the five formant
frequencies normalized by the correct values. Figure 3 shows the results for (a) low pitch
sounds and (b) high pitch sounds, where the broken lines represent the estimation error
by the conventional LP (covariance) method, and the abscissa corresponds to the shaping
parameter 0 normalized by the maximum value of €,.

Figure 3 says that the proposed WLP shows higher accuracy than the conventional
LP method in estimating the pole frequencies of synthetic stationary vowel-like sounds,
especially for high pitch sounds. The results state that the appropriate value for o is 0.3~0.6
for low-pitch voices and 0.15~0.3 for high-pitch voices. The value 0.5 will be employed as
the default value for o hereafter.

The performance of the WLP is shown in Fig. 4 from a different point of view. A
synthetic vowel (a), excited by the Rosenberg wave (b), is used as a test signal here. The
corresponding residual signals estimated by the WLP and the conventional LP are compared
in (c) and (d), respectively, where the ordinate is normalized by the maximal value of each
sequence. From Fig. 4 it can be clearly recognized that the amplitude of the glottal closure
duration in the residual signal obtained by the WLP is smaller than that obtained by the
conventional LP method. Of course, the residual power is larger for (c) than for (d), since
the WLP employs weights to reduce the residual power of the closure period rather than
the excitation period.

4.2 Effects on Discrimination of Voiced Plosives

Since analysis accuracy for natural speech cannot be evaluated directly, a phoneme
discrimination test was employed to confirm the effectiveness of the proposed WLP.
The test adopted here is the discrimination of three Japanese voiced plosive sounds in
isolated CV syllables composed of a voiced plosive (/b/, /d/ or [g/) followed by one of
the five Japanese vowels. Speech samples uttered by 38 male adults were recorded on
magnetic tape with an electret condenser microphone in an anechoic chamber and were
sampled at the rate of 10 kilo samples/sec with 12 bit accuracy after low-pass filtering
(-260 dB/oct).

The discrimination process is depicted in Fig. 5. First, the burst point is detected using
the spectral difference between a pair of unequal-length frames whose starting points
coincide. Then, based on the detected burst point, the following vowel is identified using
decision by majorities in five-nearest neighbors (5-NN) in the four-dimensional Fisher space.
The phoneme discrimination of the preceding plosives is performed as decision by majorities
in three-nearest neighbors (3-NN) in the two-dimensional Fisher space obtained from the
temporal values and the gradients of acoustic parameters. Short-term power and LPC
cepstrum coefficients are employed here as the acoustic parameters. The window length
and the frame shifting interval for a series of analyses are determined according to the
identification results of the following vowel. The phoneme templates were prepared for
each following vowel. Figure 6 shows an example of the phoneme templates in the two-
dimensional Fisher space, where the ordinate and the abscissa correspond to the first and
the second axes in the multi-dimensional Fisher space.

In order to obtain an open discrimination score for speakers, a single discrimination
test was repeated 38 times, assuming one set of samples uttered by a speaker as the test
sample and the rest as training samples.
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Fig. 5. The schematic flow for discriminating voiced plosives.
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Fig. 6. An example of the phoneme
templates in the Fisher space for
discrimination of voiced plosives
followed by vowel /u/. The ordinate
and the abscissa correspond to the
most and the second significant axes,
respectively, in the Fisher space.
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Table 3 shows the comparison of the discrimination score by the WLP and the
conventional LP (covariance) method for voiced plosives /b/, /d/ and [g/. The figures show
the remarkable effects of introducing both the dynamics of the feature parameters and
following-vowel dependency into the system, while they show only small improvement with
the WLP. The final score for the WLP is expected to improve a little bit more because the
total analysis period was optimally adjusted for the conventional LP method, but it was
fixed for the WLP in the present experiment. It becomes harder to improve the discrimina-
tion score as the results approach a perfect score which is unrealizable unless semantics
is employed. Though the score improvement by introducing the WLP is small, it will help
somewhat to reduce the ambiguity among phoneme candidates.

Table 3. The comparison of the discrimination score among /b/, /d/ and /g/ uttered by 38 male adults in
isolated CV context.
(* indicates employment of the corresponding feature)

Discrimination Score (%)
Following Vowel
Dynamics Vowel-dependency Analysis a e i o u Average
- - LP 87 62 70 75 69 72.6
- - WLP 82 65 76 83 75 76.1
- * LP 90 75 90 84 76 83.0
* - LP 85 80 84 84 88 84.2
* * LP 95 89 89 95 90 91.6
* * WLP 95 91 93 95 92 93.2

5. Further Applications

Some further applications of the weighted linear prediction are discussed in this section,
namely introducing the weight to a non-stationary linear prediction model, to the ARMA
model and to pitch synchronous analysis.

5.1 Application of the WLP to Non-stationary LP Model

Several non-stationary analysis models(10-12) have been proposed so far in order to
correctly represent the nonstationary nature of natural speech. The introduction of the
weight to a non-stationary linear prediction model proposed by Grenier(12) which
approximates the time variations of the AR parameters within the analysis frame by means
of an expansion of the AR parameters with an orthogonal set of functions.

5.1.1 The Grenier’s Model(2)
The time varying AR model proposed by Grenier is summarized in the following
expression for the time-varying AR parameters.

ai(n) = ]Eo a,-i};-(n), ....................................... (15)
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where m represents the expansion order and { f;(n)} is a set of orthogonal functions which
satisfies the following orthogonality condition:

=11, 7k
Jrimisic(nyan -{ O jhic ST (16)
The linear prediction equations is then expressed as
p m .
Z 2 i (Mni S Vns e an
i=1 j=0
and is rewritten as
YTy e YT, 10=0, e (18)
where
Yo=[fomyn s fmmyn 1 . . (19)
(m+1)x1
and
[/} =[a0 " aimaz0 "m0 " Gm] . ... ... (20)
p(m+1)x1
Collecting these predictive equations forn=n, nt+1,..... , ntN-1, a matrix representation
is obtained as follows:
Y 0 T (21)
Nxp(m+1) p(m+1)x1 Nx1
where
fo(-Pyn.p b fm("‘P))’n-p fo("’P*‘)}'n-pﬂ e fm("'p+l)}‘n-p+l oo fO(”'l)Yn~l"'fm("'l)}’n-l
v= . . . . . . (22)
Solmp-N+1)ypp.Ne1** fnp-N+ 1)y pp.N41 fot-D-N+Dypp.n+2** i (D-N+2)yp . N 42 - SN+ Lrn (N
Nxp(m+1)
Then the Yule-Walker equation for this case is expressed as
Yive=YTy . (23)

However, as the structure of this equation is similar to the ordinary Yule-Walker
equation, the same computational procedure described in the previous section can be
employed again. The number of columns in this extended Yule-Walker equation is (m+1)
times larger than that of the conventional one.
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5.1.2 Formulation of the Weighted Time-varying LP Model or the Non-stationary WLP
Weight is easily introduced to the type of prediction expressed in eq.(21) as

WY O S Wy o e (24)
and the weighted extended Yule-Walker equation is expressed as follows:
(wY) T (wy d=(wYy) Ty (25)

The computational procedure is realized as a two-stage analysis depicted in Fig. 7.
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Fig. 7. The schematic flow of the non-stationary WLP analysis method.

Choose a set of orthogonal functions and decide the expansion order m.

2. Calculate the coefficient matrix Y based on the set of orthogonal functions.

3. Get the preliminary least-squares solution 6 for the expansion coefficient vector @ by
solving the extended Yule-Walker equation.

4. Get the preliminary estimate for the AR parameter vector a(¢) as a function of time.
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Calculate the prediction residual by inverse filtering.

Calculate the weight for each extended prediction equation.

Set up the weighted extended Yule-Walker equation.

Get the least-squares solution for @ by solving the weighted extended Yule-Walker
equation.

Get the final estimate for a(¢) as a function of time.

5.1.3 Performance of the Non-stationary WLP

In order to investigate the performance of the non-stationary WLP, time varying

synthetic sounds are used. An example of the test sounds is depicted in Fig. 8, which is a
connected sequence of three vowels. The time-varying part of the test sound is analyzed by
the conventional LP with frame shifting, non-stationary LP and the proposed non-stationary
WLP, according to the analysis conditions shown in Table 4.

e

2...
N
T
< F
N

—.

0 I L

N 40 ms

Fig. 8. Formant trajectories of the synthetic sound
for performance evaluation of the proposed non-
stationary WLP method.

Table 4. Analysis conditions for the time-varying sound.

Conventional Non-stationary Non-stationary

LP LP WLP
Pre-emphasis factor 0.93 0.93 0.93
Analysis order 12 12 12
Frame length 20 ms 40 ms 40 ms
Frame shifting Every 20 ms - -
Evaluation point Window center Every 20 ms Every 20 ms
o - 0.5 0.5
Orthogonal function - Legendre Legendre
Expansion order - 2 2
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The normalized estimation errors for the first three formants for the middle 40 ms-long
part are shown in Fig. 9, where the weighted version (denoted by O) shows better accuracy
than the non-weighted version (&) and better than the conventional stationary linear

prediction method (x).
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Fig. 9. Normalized estimation errors for the first
three formants.
O: Non-stationary WLP
O: WLP
x: Conventional LP

5.2 Application of the WLP to the ARMA Model

For analysis of nasal sounds and certain other consonants the all-pole model or the AR
model is not sufficient to describe the nature of those sounds. The pole-zero model i.e., the
ARMA model has been developed to meet that demand. Discussed in this section is
introduction of weight into the estimation of the ARMA parameters based on the ARMA

model(13),
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5.2.1 Introduction of Weight to ARMA parameter Estimation

The WLP is expected to reduce the errors in estimating the MA parameters from the
residual signal obtained through the inverse filter corresponding to the AR part. The
analysis scheme is depicted in Fig. 10, where the weighted high-order linear prediction
method is employed to get more accurate estimates for the AR parameters, and the MA
parameters are obtained as the coefficients of the inverse polynomial expression based on
the AR parameters obtained from the residual signal by the conventional LP method. The
pole and zero frequencies are calculated based on the AR and the MA parameters,
respectively.

Input Signal

v
|High-Order LP |

AR parameters
h 4

—__*llnverse Filteringw

Residual Signal
h 4

ICalculate Weightsl

WLP

AR parameters

h 4
‘L———}[Inverse Filterinsl

Residual Signal
h 4

[ir]

AR parameters
h 4

_ [MA (z) = 1/AR (2)]

MA parameters

Fig. 10. The schematic flow of the MA parameter
estimation employing the WLP in the first stage
analysis.

5.2.2 Performance Evaluation

Performance of the proposed method on nasalized vowels is compared with the
Cadzow’s method(3) in Fig, 11, where the rigid line represents the test signal, the dotted
broken line, the estimated spectra by the proposed method, and the broken line, by the
conventional method without weighting. The test sounds are stationary ones synthesized
with an ARMA filter (p = 8, q = 2) excited by the Rosenberg wave. Additional Gaussian
noise is added to the test sounds to show the effectiveness of the proposed method even for
slightly noisy cases. The test sounds are prefiltered by a pre-emphasis factor of 0.93. The
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analysis is carried out by the corresponding methods with p =8, ¢ = 2 through a 20 ms
window. The estimation errors of pole and zero frequencies are compared in Table 5. Table
5 also shows that further improvement was obtained by introducing both the high-order
property* and the over-determination property** together with weight.

The effect of weighting is most evident in estimation of zero frequencies. It is because
the estimation accuracy of zero frequencies depends on the estimation accuracy of the
residual signal waveform which is obtained more precisely by introducing weight in the
first stage analysis.

S/N=24dB

—«—Proposed
——Cadzow
—-60 L L 1 ] )
0 1 2 3 4 5

kHz

Fig. 11. Performance comparison of estimating
frequency spectra by the weighted 2-stage
method and the conventional 2-stage method on
a synthetic sound with poles and zeros.

: test signal
— - —: the proposed weighted 2-stage method
—=-—--: the 2-stage method by Cadzow(13)

D, :analysis order in the first stage analysis

q: assumed order for the MA process

Table 5. Estimation errors (%) for pole and zero frequencies of nasalized
synthetic vowels.

Pole Frequency Zero Frequency

Cadzow’s method 1.4 12.5
Weighted LP 1.5 5.8
Hi-order Over-det. WLP 0.4 2.9

* The high-order property is shifting a definite number of rows (d = 2, here) in the Yule-Walker equa-

tion.
** The over-determination property is adding a definite number of excess equations (e = 8, here) to the

Yule-Walker equation.
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Fig. 12. The schematic flow of the pitch synchronous WLP.

5.3 Pitch Synchronous WLP(4)

Described in this section is a means to speed up the computation process of the WLP,
The basic idea is to use the same weight sequence for a series of analysis frames on voiced
i.e., periodic portions of speech. The validity of this idea comes from the fact that the
prediction residual seems to repeat almost the same patterns pitch-synchronously.
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5.3.1 Pitch Synchronous Weighted Linear Prediction

The WLP offers the difficulty that preliminary analysis and inverse filtering are required
before the final analysis for each analysis frame in order to calculate the weight for
prediction equatios in the analysis frame concerned. Most of these preparatory procedures,
however, can be omitted by assuming that the residual signal repeats similar patterns in every
pitch period for a speaker even if its fundamental frequency varies.

If the residual signal can be assumed to repeat the same pattern in every pitch period, a
common weight pattern can be employed for each analysis frame shifted synchronously to
pitch. Therefore, the calculation for determining the weight is required only for the first
analysis frame. Thus the calculation process of the WLP is drastically reduced. This method
is called Pitch Synchronous Weighted Linear Prediction analysis (PSWLP). The window
length for the PSWLP is preferably made one- or integer-pitch period long so that the
analysis is independent of the mutual position to pitch excitation. In the PSWLP the
correspondence between sample points on the speech signal and those on the weight pattern
has great importance, so the shifting interval should be strictly synchronized to the pitch
interval.

The processing scheme of the PSWLP is depicted in Fig. 12. In the present system
pitch synchronization is realized by fundamental frequency extraction based on the auto-
correlation of the residual signal. The shifting interval for analysis of natural speech is
synchronized to local maximal points on voiced portions of the input speech in order to
avoid mis-matching in correspondence between residual values and weight values.

5.3.2 Performance Evaluation

In order to confirm the performance of the PSWLP, accuracy comparison in estimating
formant frequencies was made among the following methods:

COV(N): Covariance method (V: window length).

SSLP(f):  Sample Selective LP, 6: The threshold value for |€,|.

WLP(0): Weighted LP, o: The shaping factor.

PSWLP(g): Pitch Synchronous WLP.

25}
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Fig. 13. Performance comparison among estimation
errors among PSWLP, WLP, SSLP and the
conventional LP on synthetic stationary
sounds.

Broken lines represent the estimation error by
the conventional covariance method of
window length noted in ().
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An all-pole filter of order 10 was employed to synthesize vowel-like test sounds excited
with one-pitch residual sequence of 80 samples long. Fig. 13 shows the results of the
comparison with a common analysis order 12 on a non-pre-emphasized data sequence. The
results are evaluated for 10 different window locations and for five formants over 50
synthetic sounds of different formant patterns. The abscissa represents the shaping
parameter o for the weight function for WLP and PSWLP, and corresponds to the threshold
value 6 for the SSLP. From Fig. 13, it can be seen that the PSWLP retains the same
accuracy as the WLP over a broad range of the shaping parameter, although the window
length is as short as one pitch period.

The processing times required for the above-mentioned methods are compared in
Table 6, where the average times required to process one frame are shown. The processing
time required for PSWLP is reduced to one third of that required for WLP.

Table 6. Comparison of the time required for one frame

analysis on DG MV/8000 II.

Analysis method Time required (sec)
Covariance method(!%) 0.04
Givens’ Reduction® 0.09
wLP®) 1.22
PSWLP(14) 0.36

6. Conclusions

The concept of the weighted linear prediction is described from the view point of
weighted least-squares estimation. The Givens’ reduction with the Gentleman’s algorithm
is employed as a practical computational procedure for solving the weighted least-sqaures
problem concerned.

The weight is introduced to improve estimation accuracy of the linear prediction
method for speech signal analysis. Although the improvement of error in formant frequency
estimation remain only about 30%, the proposed weighting schemes show stable
contribution to error reduction. The effect of improvement of formant frequency
estimation on phoneme discrimination is confirmed by employing the proposed method as
the analysis tool for the plosive sound discrimination system developed by the authors,
resulting in a definite improvement in discrimination rate.

Applications of the proposed method to a non-stationary model and to pitch
synchronous analysis are discussed from the view point of constructing a practical model
and/or seeking computational efficiency with satisfactory results.

A multi-stage WLP, or a multi-stage weighting, is a possible means to refine the analysis
accuracy. It is under investigation as an extension of the WLP, promising higher accuracy in
estimating pole frequencies.

Computational difficulties and practical effects of the proposed method are left for
future investigation.
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