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‘lOICi~ CHANNEL OBJECTIVE EVALUATION
USING T.INEA~ PREDICTIVE CODIN (

W~J. Hartman* and S.F. Bo1l**

‘~~~ preser’.t results of a feasibility study
on the use of linear predictive coding

~LPC) techniques• for deriving an objectivenicasure of intelligibility over voice communi-
cation channels. Background material is
given and sever’l potentially useful measures
tire identified . The limitations of the
pLc~ent study are detailed and methods ofovercoTning thes~: limitations in future work
are outlined . In spite of these limi tations ,
the study strongly supports the suitability
of LPC techniques for the objective measure-
ment of intelligibility .

Key words : Intelligibility testing,
linear predictive coding .

I .  INTRODUCTION

A common procedure for determining the intelligibility of

voice channels is to use a predetermined vocabulary with selected

speakers and a listener panel to subjectively grade the intel-

ligibility after the spoken words have passed through some

voice channel. A variety of such tes ting schemes has been
devised . Most of these schemes have the desirable property

of producing repeatable results which can be interpreted

in terms of user requirements. However , the requirement for
listener panels greatly restricts the utility of these testing

methods, ~nd a long-sought goal has been to replace these

*The author is with the Institute for Telecommunication
Sciences, Office of Telecommunications , U.S. Department of
Commerce , Boulder , Colorado 80302.

**The author is with the University of Utah and Software
Sciences Corporation , Salt Lake City , Utah .



listener panels with hardware . The work reported here covers

one step in the direction of reaching that goal. This study

uses a 50-word phonetically balanced word list played t~’rough

five different voice systems with a range of articulation
scores from 64.7% to 95% as a data base. A mathematical

technique called Linear Predictive Coding (LPC) which was

originally applied to the analysis and synthesis of voice

is used to derive a distance measure for each word between

the original undistorted words and the words after passing

through a voice channel. This measure is compared with the

subjective scoring for each word . For those words with a

range of subjective scores (% correct) the distance measure
is a decreasing function of the subjective scores . These
results strongly support the suitability of using measures

derived from the LPC methodology for an objective measurement

of in te l l ig ib i l i ty.

I I .  DESCRIPTION OF THF VOICE TAPES USED

The word group chosen for the analysis was the phonetically

balanced 50-word list (word group 284) shown in table 1.

This word group had previously been used by the Army Electronic
Proving around Electromagnetic Environment Test Facility ,

at Ft. Huachuca , Arizona, for systems evaluations work, and
several tapes with a range of articulation scores were available.

The articulation score is defined here as the percent ci’

correct responses by the listener panel. The master tape

was made using three male and two female speakers.

The decision to use the prerecorded prescored tapes was made

so that a ranqe of articulation scores would be available .

2



Table 1

PB Word Group 284

1 JELL 21 BIND 41 FOOD
2 SPICE 22 LICK 42 PINT
3 COt) 23 CALF 43 ROT
4 CHEW 24 CATCH 44 RHYME
5 THREAD 25 DUMB 45 FLIP
6 SHACK 26 US 46 WHEEZE
7 BOLT 27 FORTH 47 GUESS
8 LOOK 28 YEAST 48 ASK
9 LEFT 29 FROCK 49 FAD

10 DEUCE 30 EACH 50 ROPE
11 BID 31 NIGHT
12 KILL 32 WIG
13 CRACK 33 QUEEN
14 DAY 34 FRONT
15 TILL 35 ROD
16 SLIDE 36 EASE
17 CLOD 37 FREAK
18 THIS 38 HUM
19 BORED 39 PEST
20 CHANT 40 ROLL

3
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The scores chosen were 64.7% , 73% , 78.5%, 87.3% , and 95%.
For each tape , information was available for each word on

the number of correct responses , the actual responses made,
and other pertinent information on the scorinq. However.
information was not obtained on the specific system which

produced the distortion (noise) on the tapes, except to assure

that at least some of the distorted tapes came from dig ital

systems . Table 2 lists the word by word scores for each

of the tapes, givina the number and percentage of correct

responses.

Although the motivation for choosing the tapes was sound ,

the choice caused problems in aligning words. These problems

are discussed in Section III and one solution to this problem

is discussed in Section vi.

III. DATA PROCESSING

The analog signals were first processed through an AGC and

low pass filtered to 3.2 kHz. This signal was then sampled

at a rate’ of 8 kHz arid quantized to 8 bits . The quantized

samples were blocked into records 160 samples long and

the mean and standard deviation (SD) was calculated for

each record . The SD was used as an energy criteria to

determine the endpoints of the woids , and the word “midpoints .

The “midpoint’ for a word was def ined  ~o be the beqinn ing of the

160-point record which was centered in those records with the

largest standard deviations for that word. It was defined in thi3
way so that the correlations described in the next ~nragraph

were meaningful. This midpoint was usually close to the

point midway between the endpoints.

For the tapes with distortion , the energy criteria were used

to first define the midpoint of the 1st and 50th words .

4
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Tabh k’ . Numbek o ,~ ~O/ ~ke.c; t  ‘te6pon 4 e,4 and p vtcent
(~~ t plk~~P t . )  C O k h Q ~~.t ~~t~~p On 4 Q,. 4.

Tape 2 Tape 3 Tape 4 Ta~~c S Tape 6
• 6 4 . 7  7 3 . 0  78 .5  8 7 . 3  95

Percent Percent Percent Percent Percent
Word 6 listeners 8 listeners 8 listeners 6 listeners 8 listeners

1 6 (100.0) 7 ( 87.5) 6 ( 75.0) 6 (100.0) 8 (100.0)
2 0 ( ).0) 3 ( 37 .5) 3 ( 37.5) 4 ( 66.6) 8 (100.0)
3 t (100.0) 8 (100.0) 8 (100.0) 5 ( 83.3) 8 (100.0)
4 5 ( 8 3 . 3 )  5 C 62.5) 8 (100.0) 6 (100.0) 8 (100.0)
5 3 ( 50.0) 6 ( 75.0) 7 ( 87.5) 6 (100.0) 8 (100.0)
6 3 ( 50.0) 8 (100.0) 4 ( 50.0) 5 ( 83.3) 7 ( 87.5)
7 2 ( 33.3) 7 ( 87.5) 4 ( 50.0) 6 (100.0) 8 (100.0)
8 6 (100.0) 6 C 75.0) 8 (100.0) 6 (100.0) 8 (100.0)
9 1 ( 16.6) 1 ( 12.5) 1 C 12.5) 5 ( 83.3) 8 (100.0)
10 6 (100.0) 8 (100.0) 7 ( 87.5) 6 (100.0) 8 (100.0)
11 2 ( 33.3) 1 C 12.5) 6 ( 75.0) 5 ( 83.3) 7 C 87.5)
12 ~ (100.0) 7 ( 87 .5) 8 (100.0) 5 C 83.3) 8 (100.0)
13 6 (100.0) 8 (100.0) 7 C 87.5) 6 (100.0) 8 (100.0)
14 4 ( 66.6) 7 C 87.5) 7 ( 87.5) 4 C 66.6) 8 (100.0)
15 5 ( 83.3) 5 ( 62.5) 8 (100.0) 4 ( 66.6) 8 (100.0)
16 3 ( 50.0) 4 C 50.0) 8 (100.0) 6 (100.0) 7 ( 87.5)
17 6 (100.0) 7 ( 87.5) 7 87.5) 4 C 66.6) 7 ( 87.5)
18 3 ( 50.0) 4 C 50.0) 5 ( 62.5) 3 ( 50.0) 8 (100.0)
19 4 ( 66.6) 7 C 87.5) 6 ( 75.0) 5 C 83.3) 8 (100.0)
20 1 ( 16.6) 5 ( 62.5) 4 ( 50.0) 5 C 83.3) 7 ( 87.5)
21 2 ( 3 3 . 3 )  4 C 50.0) 1 ( ‘2.5) 2 C 33.3) 8 (100.0)
22 1 ( 16.6) 3 ( 37 .5) 3 ( 37.5) 3 ( 50.0) 4 ( 50.0)
23 5 ( 83.3) 5 ( 62.5) 7 ( 87.5) 5 C 83.3) 8 (100.0)
24 1 ( 16.6) 4 ( 50.0) 5 ( 62.5) 5 ( 83.3) 8 (100.0)
25 1 ( 16.6) 5 C 62.5) 4 ( 50.~~) 6 (100.0) 8 (100.0)
26 0 ( 0.0) 0 ( 0.0) 3 ( 37.5) 4 ( 66.6) 4 ( 50.0)
27 5 ( ~~~~ 8 (100.0) 8 (100.0) 6 (100.0) 8 (100.0)
28 4 ( (6.6) 5 ( 62.5) 5 ( 62.5) 6 (100.0) 8 (100.0)
29 5 C 83.3) 8 (100.0) 8 (100.0) 6 (100.0) 8 (100.0)
33 5 C 83. 3) 8 (100.0) 7 ( 87.5) 6 (100.0) 8 (100.0)
31 6 (100.0) 8 (100.0) 8 (100.0) 5 C 83.3) 8 (100.0)
12 0 C 0.0) 7 C 87 .5) 7 ( 87.5) 5 C 83.3) 8 (100.0)
33 6 (100.0) 8 (100.0) 8 (100.0) 6 (100.0) 8 (100.0)
34 3 C 50.0) 6 C 75.0) 6 ( 75.0) 6 (100.0) 8 (100.0)
35 6 ( 1 0 0 . 0 )  7 ( 87.5) 8 (100.0) 6 (100.0) 8 (100.0)
36 2 C 3 3 . 3 )  6 C 75.0) 4 C 50.0) 3 1 50.0) 8 (100.0)
37 5 ( 83.3) 4 C 50.0) 5 C 62.5) 5 1 83.3) 6 1 75.0)
38 1 C 16.6) 2 ( 25.0) 7 C 87.5) 4 ( 66.6) 6 C 75.0)
39 4 C 66.6) 6 75.0) 7 1 87.5) 6 (100.0) 7 C 87.5)
40 6 (100.0) 8 (100.0) 8 (100.0) 6 (100.0) 8 ~100.0)41 5 ( 83.3) 6 C 75.0) 7 1 87.5) 6 (100.0) 8 (100.0)
42 6 (100.0) 8 (100.0) 8 (100.0) 6 (100.0) 8 (100.0)
43 4 C 66.6) 3 ( 37 .5) 3 ( 37.5) 6 (100.0) 7 ( 87.5)
44 6 (1~~o.0) 8 (100.0) 8 (100.0) 5 C 83.3) 8 (100.0)
45 1 ( 16~~ ) 5 1 62.5) 8 (100.0) 6 (100.0) 8 (100.0)
46 6 (100.0) 8 (100.0) 8 (100.0) 6 (101 .0) 8 (100.0)
47 5 C 83.3) 8 (100.0) 7 C 8 7 . 5 )  6 ( 1 0 0 . 0)  8 ( 1 0 0 . 0 )
48 6 (100.0) 8 (100.0) 8 (100.0) 6 (100.0) 8 (100.0)
49 6 (100.0) 6 C 75.0) 8 (100.0) 6 (100.0) 8 (100.0)
50 3 1 5 0 . 0 )  6 ( 7 5 . 0 )  8 (10 0 .0 )  6 ( 1 0 0 . 0 )  7 1 87 .5)

5



Various length intervals about the midpoint of word 1 were

then used to obtain the cross correlation aqainst similar

intervals from the master word 1, adjustinq the midpoint

for the distorted word to agree with the point of n ax i~nur r
correlation . Using the midpoints from words 1 and 50 , a

linear function was determined to relate the distances ~~tween

midpoints from the master words to those for the distorted

words. The correlation process was then repeated for e~ ch

word . Although no problems were encountered in aligninq

many of the words , some of the words presented special difficul-

ties which were never fully resolved . The procedures given
j~ C~~ C~~~jQ fl VI describe a method for obtaining synchronization .

Figures 1 through 5 show the difference between the midpoint of the

distorted word and the midpoint of the master word for each of five

systems . The linear trend is to be expected due to normal speed
differences of the 1/4-inch voice recorders used . The variation

about this line was not anticipated . A possible explanation

is that these tapes had been rerecorded , and the cumulative

tape stretchinq , wow and flutter all contributed to the

differences.

Following the alignment procedure , the data were blocked

into frames consisting of 256 points. These frames were

windowed with a Hamming window of the form

1.08 Tw 
(0.54 + 0.46 cos ) for ~t f  <

W
H

( t )  =

0 elsewhere

where T
~ 

is the width of the window . This was used to insure

the s t a b i l i t y  of the LPC ana lys i s .  These windows were then

6
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processed using the autocorrelation method (Appendix A)*

to obtain the following T.PC parameters:

Correlation coefficients R0 
-

Predictor coeff ic ients a1 
- a10 (see A , 1-66)

Peflection coefficients K1 
- (Atal and Hanauer 1971)

Frror energy (see A , 3-20)

Pitch (Boll 1973)

The analyses were done using 16-bit double precision floating

point arithm etic.

The decision on the sampling rate , number of coefficients ,

and frame length was based on the availability of hardware

using these numbers and a software simulation of this hardware .

This choice probably reduces the resolution of the derived

distortion measures, al though in this study the data sample
analyzed is probably too small to discern fine grain resolution .

In any case , it appears that increasing the sampling rate

to 10 kHz and the number of coefficients from 10 to 12 will

not significantly increase the complexity of the equipment

and should give better resolution.

IV. DISTORTION MEASURES

The method for determining distortion which was used in this
study was to compare the predictor coefficients for correspond-

ing frames of the master tape and the distorted tapes. This

comparison can be done in numerous ways , each with potential

advantages . This technique is examined for speaker verification

by Atal (1974] and Rosenberg and Sambur (1975] where the

*(A,3_l) ~“i11 be used to denote equation 3-1 , Appendix A.

12



comparison is directly between the coefficients . A different

approach has been developed by Makhoul (197 3] in the area
of variable frame rate transmission and by Itakura [1975]

in the area of isolated word recognition . These methods examine
how “close ” one set of predictor coefficients is to another
set by comparing the linear prediction residual resulting

from each set. This latter technique proved to be best for

the purposes of this study .

The first attempt to identify a distortion measure was based

on a metric of the form
p

E ‘2w. (a -a .)
1. 1 1

i= 1

where the w~ represent weights and the a1 were either the
predictor coefficients or the reflection coef ficients and the
unprimed and primed quantities refer to the master and distorted

signal parameters respectively as it will throughout the remainder

of this report. No distortion measure of this form could

be found to relate to the subjective scores. Some discussion

of the failure of this form of measure in a different context

is given by Itakura [1975].

The linear prediction residual is defined for a sampled signal

I ~~~ (n=0,1,2. . .N) and any set of predictor coefficients

(k=l, 2...p) as

± C e ) 2 = ( 1)

n*0

13 
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where

= s~ — a}.s k

k= 1

For this analysis N=256 and p=lO , and the limits of summation
will be omitted since no misunderstanding is involved .

If the predictor coeff icients  are the least squares solut ion

for the signal 1s1.11 then (A, ~~~

= E,

where E is the minimum residual. It follows that P1 > E

for any set of predictor coefficients.

The distor tion measure D1, can he interpreted as a measure
of how close the coefficients derived from the distorted data
predict the original data. Similarly, one could define a dis-

tortion measure , D2, which measures how closely the coefficients

derived from the master data lak} predict the distorted data, Is’}.

Several other distortion measures are also possible , and

can be easily summarized by the introduction of the following
notation.

I~et aT=u, -a1, ...—a10) be the transpose of a, and R = j R . 1 1 ~
be the matrix of unriormalized correlation values (A, 3-l~ ).

Then we have
TE = a R a

E ’ = a f Tp a i

L 1= a~
Tp a ’

D2= aTRI a.

14



it is not difficult to relate each of these to the appropriate

power spectra estimates (P.,4-7) . Let

P(w)=jE W(nT)e
_J
~~~T I

be the podr: S~~ eCt~Th..T of the windowed data where W(nT) W
H
(nT)S(nT)

and let

A 2
P(w)

Il —E a k e~~~~
T

1
2

be the linear prediction spectrum where A is an appropriate

constant (A, 4-6a). Then, using the same convention for primed and

unprimed quantities , as before , it can be shown that (A, 4-16)

E =~~~! ~~~~~~~~~~~~~~~~
2 fl i- HIT ~‘ ( w )

and similarly,

A ’2 T 

J

I VT 
~~~~~~~~~~~ dw2 -li/ T P’(w)

It can also be shown that

D = 
A ’2 T (

fl/T 
~~~~~~~~ -~---- dw

1 211 
i-fl/T “ ‘~~~~~

and similarly,
li/T

A 2 T I P ’ ( w )
D2~~~~~—11 ~ 

-
~~ dw.

~-Jl/T P ( w )

We also have
fl/T

D 1 T A ’ 2  
d~E 211 A fl/T P’~w)

and
D ,11/T ~2 

- 
T A 2 I 

_____

2ff A I2J d~
-fl/T ‘~~~

15

_ _ _ _ _- -—

.~~~~~~~ . AL~~~_ -— _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _



Of all the measures which were extensively tested , the measure
ASI defined by

ASI = 10 log [D1/E]

appears to give the best correlation with the subjective scores.

After the completion of most of the work , the measure

5 log D1/E + 5 log D2/E’ was tested for a limited sample and
appears to he superior to ASI. This measure and related

measures are discussed in Gray and Markel [1976) where the

asymmetry in ASI is shown .

V. PESULTS

For each word, the distortion measures (ASfl between the
master and each distorted tape were computed for 24 analysis

frames , twelve preceding and twelve following the word

midpoint . An average of ASI over t’~e twenty-four frames
was formed , and this was compared to the subjective scoring
for that word . Figures 6(a), (b), and (c) show plots
of ASI vs percent correct responses for three words. For

those words which had a range of correct responses these

figures are typical. Of course, a range of distortion

measures is possible for completely understood words, and this

range is word dependent (i.e., different words can have

different amounts of distortion before intelligibility is

affected).

Ideally , the points in figure 6 would lie on a straight line ,

and a detailed study was made on these three words to explain

the deviations. The first factor considered was the midpoint

and frame alignment. ASI was computed for the analysis frames

of the distorted words shifted from the oriqinal alignment by

+128 points and +256 points and the average compared to the

16
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s u b j e c t i v e  scores (step 1) .  Imp rovement in c o r r e l a t i o n  waF
noted for  words 5 and 6 w i t h  d i f f e r e n t  a l i q nm e n t s .  T l Sj f l ( T  a

s imple  energy c r i t e r i a  (see Section I I I )  to de te r rn~~rie t h e

beg inn ing  and ending of the word on the mas te r  tap e ’ , t h e
A ST averaged between those po in t s  was computed , aga in  u s i n g
the s h i f t i n g  of step 1, and compared to the sub j ec t i ve  sc o r i nq .
Considerable improvement in the correlat ion for  word 2 ~‘~ iF

noted wi th  no improvement for ~:ords 5 and f~. F i n a l l y , the

measure described in the last paragraph of Section IV was
computed , again for the step 1 shifts , and both with and

wi thou t  the inc lus ion  of the quie t  periods (described above)

in the average . The best correlation was obtained usin ’ t h i s
measure wi thout  quiet periods . Calculat ions of t h i s  type
were not done for additional words because of the c omp u t i n q

time involved .

The average over all f i f t y  words of the ASI for each d is torted
tape inc lud ing  any quiet  periods is shown plotted vs a r t i c u l a t i o n

score in figure 7. It appears that using the steps discussed

above would appreciably improve this correlation .

VI. SYNCHRONIZATION

Because of the frame alignment problem discussed above several

techniques for reducinq the problem were investigated . First ,

an ins t rumenta t ion  tape recorder w i t h  a phase lock caps tan

control was used to record a b i n a r y  pseudo noise ( P N )  s i . ;n a l

of length 127 a t  a 1 k f l z  bit rate. This was re—recorded on a

second recorder (with phase lock control). The two PP signals

were then digitized at a 10 kHz sampling rate and cross

correlated . Aside from a linear shift due to slightly

differing local oscillator frequencies , the two sequences

18
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differed by less than  one sample in 1O 7 s a mp l e s .  Th i s  i n d i c a t e s
tha t  the d i g i t i zed words f rom a m a s t e r  and distorted tape can

he ali aned  to within one samp le .

The PN sequence described above could not be transmitted over

a voice channel. Thus , an r’SK modem was used to transmit the

PN signal. Preliminary results indicate that a length 127 PN

signal at 635 bits/second driving an FSK modem and band l imited

to 2500 kHz can be used to align words within 3 (10 kI!z) samples ,

even after the signal has been severely distorted .

VII. CONCLUSIONS

Because of the time and expense involved in making subjective

measurements over voice channels , an objective measurement

technique is desired . Such a technique should relate to

the subjective scoring . This study has examined the feasibility

of using an analysis of the same data used for subjective scoring.

The results , although hampered by a small data base with some

inherent inaccuracies , indicate that the objective measure developed

here can be used as a predictor of subjective scores .

Methods for eliminating the major problems encountered ~.~ith

the data have been tested and found adequate .

Several refinements of the basic measure were tested and were

fou nd to gi ve bet ter  p red ic t ions . A d d i t i o n a l  r e f i n e m e n t s  appear
to be poss ib le  for  a s m a l l  increase  in  the c o m p l e x i ty  of

computa t ions  once the accura te  f r ame  a l i gnmen t  is achieved .

20
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APPENDIX A

This appendix is reproduced from Makhoul , J.L., and J.J. Wolf

(1972), Linear prediction and the spectral ana lys is  of speech ,

Bolt Berariek and Newman , I n c . ,  Cambridge , MA with permission
of the authors . Dots indicate where material of the origianl

report has been omitted . However, the original chapter and
equation numbering is retained .

The marginal notes indicate points particularly pertinent to

the present study.
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I NT SODUCT I ON

1.1 HiS torical Overview

One of the moat tel portent wt.thod. of .p..ch analys i s has

been the use of th, short—ti,’~, .p.ctriin. This has been accor’-

pitched in different ways end to different ends during the past

25 years. Th. firs t major breakthrough was the invention of the

Sound spec trograph (J~oeniq, Dunn and Lacey , 1946) which is still

used ea tensively for the spectral analysis of speech. In 196(i.

C. Fa~t published the clasiic Acoustic Theory of Speech Prouu ct tor i

which laid the foundation s for i~any of the different r’et i~ oo, of

speech anal ysi , tha t followed . Ac a direct result of tn. signifi-

C’in t advances that occurred in under standing the acoustics of

speech produc tion , •nd with the aid of high—speed dig i ta l compu-

ters , the method of analysi s-by-synth esis was given new Lr ’.tus

at M .I.T. (~ .ll, Fujisaki. Hein2 , Stevens and House , 19 6 1) .  .

bank of 36 bend—pas s filters was used in their analysis. nother

landmark we. the pitch-synchronou . analysi, of voiced source as

reported by t:athews , Ihiller and David (1961) at Dell Labs. They

actually used anal ysis— by— synthesis on the epectrws of a single

pi tch period obtained by a rourier analysis of the sarp lsi waVe—

form . In 1964, A .M. 14011 introduced the c.pstrw, for the our~oee

of pitch •atrlction . The cepstrwn was later used as t~e bas is for

• torrent tracking syst.m (Schaf.r end Ubiner, 1970). Th is Very

br ief rev iew ‘)ives a representet ivo sample of tne iduae an~ rietbo—

uoloqics th~it have had a defin ite effect on the type s of speech

anal, sis that nany speech researchers have chosen to pursue. 1~
r~c,ra complete review can be found in Flanagan (1972)

1.2 LInear Prediction

The past two years have witnessed a surge of interest on th*

part of the sI’cech comunity in a setho n of ana lys is known alter-

nately as predictive eodtnq, linear prediction , Prony s ze tnod ,

Inverse fil terin g fon ”ulat ion etc. This surg e of interest hac
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beer als o accor~panied by an air of confusion . ~~o v air reasons

for this confusion are

U) P lack of exposition on the sL ,ilarttie . ou. differen-

ces b,twc,n different formulation ,.

(2) A resurfacing of cone of t ie prot.lei a (e.g. i. indowinq ,

pre.r phasis, etc.) asrociatei. ‘.it~ . acco ptw . et  c~a f o r

com( utatjon of short—tine erectra .

e shall attempt , in this report , to deal with t:~es. prob—

Lasi s by relatino a few of these fon~iulations to each ot..er .

Let us first discuss whet these fon iulat ions have ir. c~~~w o n .

As far a, we can ascertain , all tho ,ct hoós ~o h ave A ,soecteu havo

exac tly one thing in c~~sions they all ass~~s that at a particular

instant in t i .~~, a speech sai p lc s(nl ) can be app roxirater~ .~~~ a

linearly wu ighted sirination of the past p samplec , where p is

s~~e int.qer.

s(nT) C 
~~~

ak e (nT-kl)

or an C )
~ 

a.~ n—k • (1-1)

where 1 is the sampling interval , n is the samp le nuober , and

l~k~p , are the wei ghts. Equivalently , given p samples of a speech

si gnal , the following sample can be predicted appr oxiri ately by a

linear s wmn at ion of the p known s amples. hence the term ~linear

predtction . Henceforth we shall use the te rm linear pred icts o n

as a generic name for any method that wakes an assuoption equiva-

lent to that in (1—1).

The problem a t hand , as put forth by linear prediction , Is

to compute a set of predictor coefficients •k such tha t (1-1)

holds optimally over a specified pcr~od of time. It is in compu-

ting the set of coefficients ak that different formulation . of

linear predic tion have •volved .

The asaim ption in (1—1) could be made for any signal , be it

apeech or not . The reason that this eas~rpt ion w or ks well for

speech is that i t is based or a model of speech production which

has been shown to work quite well in analys is—synthesis sy .t ems

(?ant , 1960). Pa.icall y, the model aea~~~. an al l—pole transfer

fun ction of the comb ined effects of the glottal source , the

A- 3
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vocal trac t and radi ation. These poles can be computed by

solving .i polyrior i .il in z with coefficjcnts a . . A fore deta iled

dc~ cr i p tioi t.f thi s model is given in Chapter II.

Theoret ically there exi st an unlim ite~ n~miber of ways in

which to compu te the coeff icients a). however , we shall initially

u n it our discu siiu r to t~ rec fo rm u lat ions w hich we feel to be

repre scn tativ ~ of the poss~ blo niethods of analys is , and which

raise sore i:~tcres ting issues. i: shall describe briefly each of

t.~e forr~u 1atxons and g ive renresent at iv e references on each wst~-

Out attempt ing to give a c~~p1cte bib liography . The thr ee method s

will be given snomonic nai cs for case of reference .

. .\ W t. ~~~~~~~~

.~~~~ :~~.t.,o.. a~~s~~~.c~ s t ut . :

(a )  The s i j r a l  i~ ~~~ f i n c e  for  c .ac tly 2 p consecutive values.

(b) A speech sar.pla can be predicted cxact1~ from the past

p s am ples . arc t iat

(C)  This holds for the trailing p consecutive samp les.

The~ c as~ uoptions are represented by the following Set of equations :

5
r. — .s 

5
n ’ n—O ,l p— A . (1— 2)

Tho s e arc p equations in p unknowns wh ich in general can bo

s olved for the coeff ic ients a~~, l1k~~p .

C o var i an c e  9~ethod

This n~ thoci assures that:

(a) ‘Iho signal is defined for p+N consecutive values ,

where N a sonic intogcr .

(b) A speech sample car be approximately predicte d fror.

the past p samples , and tha t

Cc ) ThiS holds for t ie t ra~ li rg i consecutive sa mples.

C d) Tic total—squared error between the real signal and

it. predicte d value is minimized over the N consecu-

tive sarip~es. (Some prefer to use the eeen— souareo

error ins tead of total—squared error. i h e  differe n ce

in this case is a division by a constant 1 which does

not affect the results of minimization. )

The min intiz ation of error results in the following set of equa-

tions (detailed der ivation is sho wn in Section 3.1)
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Zh 1  ik — •iO’ ial ,2....,p (1—3)
k—i

where ik • 

~~
:‘

~
—
~ 

n’-k • (1-4)

Again we have p equations in p unk nowns which can b. solved to

obtain the coefficien ts •k’ l!k~p. ~& ho coefficients form a

covariance matrix , hence the n ame Covariance :lethod . - Equa-

tions such as (1—3 ) are known in least—squares terminology as the

normal equations of the proc ess (Hildebrand , 1956 , p. 260) .  In

this case we shall call (1—3) the ~~variance normal equations,

or alternately the covariance normal matrix uquation.

Autocorrelation Method

The esawaption e made in this nothod arc :

Ca) The signal is defined for all tine such that it it

identically zero outside a portion of the signal II

sample. lonq, w here N is some intoijor. This is

equiva lent to multiplyin g the speech signal by a

f init e window of leng th U.

(b) Each sample can be approx imately predicted fro m the

pest p samples , end th at

Ce) This is true for all tine.

(d) th, total—squared error between the actual signal

and its predicted va lue is minimized for all time.

The min imi zation of error results in the following set of e ’ua—

tions (the derivation is given in Sectio n 3.11

~~i—k~ ~~~ 
, 1l , 2 p ( 1—5 )

il— i— ‘ ii
where s, It+ILI. (1-6)

maO

Again (1—5) forms p equations with p unknowms to be solv ed for

the coeff icient s 1I

The are autoo erralaeion coefficien ts of the signal. Th.

coefficients 
~~~~~~ 

form a spocial matrix whic h we shall cal l the

autocorrelstion matrix (a. opposed to the eovarianco matrix in

the Covariance method) • Also , we shall call equations ( 1—5 ) the

Autocorrelatton normal equat ions or alternate ly the ?uto cor rela-
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tion nornal matrix equation .

As we shall see in Chapter IV , there are other nossible for-

mulations for the Covariance and Autocor re lation method s . c

ass um ptions made above do not all apply in the other formulations.

However , all Covs r lanc e— type formulations have ( 1— 3 )  in cor ron ,

and all pu tocorreletion—type formulations have (1— 5) in co’v’on,

but (1—4) and (1—6) will not necessarily app ly.

This concludes our brief description of each of three fo rm u-

lations for linear prediction . Nov. we shall relste the work of

som e researchers to these three methods . The so-called Prony ’ s

method (Hildebrand , 1956 , p. 37$ ) or the expon emt isl approx im at ion

method is equivalent to the tzact method for N - p and to the

Covaris nce method for N~p. A paper by Ata l and Isn acer (1971) ,

For the purp oses of odell ng speech production, we approxi-

mate the continuously-varying vocal tract shape by a discretely-

vary ihg vocal tract shape . i.e. a vocal tract whose shape changes

at discrete time intervals. Such a time interval shall be called

a frare . Within a frame, the vocal tract shap. is considered

to be f i x e d  ~nd can be modeled by a linear time -invariant filter.

This model of soeech production has been used effectively in

speech synthesis syste ms . In linear prediction the linear filter

is res t r ic ted to be all—p ole.

Thus, the mode l of speech production used in linear predic-

tion consist. of the follow ing three aesumptio na:

U) Within a short interva l of t im, (on the order of

10—2 5 ‘see) the huma n vocal tract is assured to be fixed in shape .

We shall refer to such an interval as a frare .

(2) W i t h i n  any fra me , we assume that the transfer function

of the co ,bincd e f fec ts  of the glottal flow , the vocal tract (includ-

ing th . ora l and nasal c av i t i es ) and t ie rad iation characteristic .
can Lie nodd ed by a linear tire—in varian t all—pole filter with

either a sequence of impu lses or white noise (or a com bination

of both) a. input (see Fig. 2-1).
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VOICED

t f t  A AI S(z)s
u(nT) —‘j -k * s(nT)

~—2. 0h 1

~ir1~wt 
_ _ _ _ _ _

FRICAT ED

(a) FREOUENCY-DOMA IN MODEL

A

u (nT) a ms (nT)

p

~~~
LINEAR PREDICTOR

OF ORDER p

(b) TIME-DOMA IN MODEL

Pig. 2-1. Discrete mode l of speech production as a.pioyed
in linear prediction methods.

(3) The speech signal can be considered as the outpu t of

such an all-pole fitter whose coefficients change at discrete in-

tervals of t i me (on the order of 10 macc).

Below we shall focus our attention on a single frame where

the all—p ole filter is assumed to be time—invariant. Fig. 2—la

shows a schematic Of the model in the frequency domain. The comp-

plex variab le z is defined by:

a — e~
T a e

(
~
4j4

~~
T

where a — c+j . .  is the Laplace operator .

w - 2sf is the radian frequency in rad/sec,

a is the damping fac tor  in red/see,

T - is the sampling in terval in seconds ,

and f~ is the sampl ing frequency in HI .

e e

Figure 2 — l a  is interpreted as fo l lows: Speech is eithe r voiced ,

frica ted , or both. (Throughout this report we shall assume that

aspiration is a kind of fricat ion.) Voiced speech is produced

by appl yi ng a sequence of in—ulses , spaced at the pitch period ,

to a d igi ta l f i l ter of the form :

A- 7
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i( s) • • * (2-2)

s k

where ak 1.k5p are the filter coefficient.,

A is a multiplicative gain factor that controls the signal

amplitude.

and liii) — 1— ak s~~ ( 2—3)

is the inveree filter.

The output of the filter S Cs I is e (n?). the speech samples. Fri—

cated speech i, produced by applyin g a sequence of wh ite noise

s ples , spaced P seconds apart , to a filter of the form ~~ (,).

Voiced fricatives are produced by a combination of voicing and

frication. The fil ter 5(a )  represents the combined transfer func-

t ion of the glottal flow , the vocal trac t and radiation . The poles

of the fitter ~(z) can be determ ined by solving for the roots of

the polynomial in a in the deno minator of 5 (5 ) .

A-U

Is



CHAPTES III

&.INF.AJ P~ EDICT 1ON ANALYSIS

In this chapter we shall derive in the time—domain the Cover—

iance and Autoc orrelation normal equations (1-3) snd (1-5) and

suggest algorithma for c~~~~uting the predicto r parameters. Given

the normal equations, the minim mi squared error is defined. The

atabili ty of the linear predictor, an important issue for speech

synthes is, wi l l  then be examined for the three formulations of

linear prediction. We then tak e a look at some auto co rrelation—

donain properties of linear prediction. A method for the computa-

tion of the gain factor A in ~(z) will be specified.

3.1 berivati on of Cov ariance and Autocorre lation Normal Equation.

Following the linear predict ion speech production model des-

cribed in Section 2.1 and represented by (2— 6) , we shall assue

that a sampled speech signal s( nT ) at time t•nT can be approx i-

ate ly predicted by a linear weighted su meation of the past p

sa mples. Let this approximation to sCsi?) be i(nT) . We have t

— ‘n—k ‘ 
13—i )

where ak, l ’k ’p , is a set of reel congtants representing the pre-

dic tor coefficients, and p is so.. integer whose va lue is deter-

mined as described in Sections 2.4 and 5.6.

Let the error between the actua l valu , and the predicted value

be given by 
~n’ 

vhar.i

e~ — - 
~~

p
~ — ak n—k • ( 3 —2 )

k—i

The proble, is to find 1k l’k!p, such that the error ‘n is mini—

aised in some sense over the desired range of signal samples.

Both the Covarienca and Autocorrelatton methods employ a least—

square. •inimisa tion procedure s inc e it leads to a mathematica lly

attractive solu tion. Denote the total-squared error by £ , de-

fined as,

— e1~ — Is ,, - 

~n~
2
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The range over which the e~~~at1on in (3-3) app lies end the defi-

nition of in that rang e is of importance. Indeed , this is ex-

actly where the difference between the Covariance and Autocorrala-

tion methoda lies . However , let us first minim ize £ without

epecificat ion of the range of the s~~~mtiom. Substituting (3-1)

i~~ (3—3) we obtain.

— 
~)‘m 

— 

~~ ak n—k 1 (3—4)

The problem reduces to finding th. condition th et min im izes the

total—sq uared erro r B wi th resp ect to ak l!k!p . This condition

is obtained by setti ng to acre the part ial derivative c~f S wi th

respect to each ~~

— 
~~~ 

2
~~n — n—k s (

~ sn-~ ) • 0, U~~

or , 
~~ ‘n” n—i Z~~ak n—k ‘n—i • ~ lSi!p . (3—6)

Rearranging terms and interchanging st sations we obtain ,

n—k ‘n—i — ‘n ‘n—i’ lSi!p. (3—7)

Equations (3-7) are k nown as the normal equations. For any defi-

nition of the signal 5n ’ ~~~~ form s a set of p equations with p

unknowns which can be solved for the predictor coefficients

Now, we shall derive the Covarianc. and Autocor relation normal

equations from (3-7).

Covariance Normal Equations

Referri ng back to the assumption. of the Covari .nce method

in Section 1.2 , the p iamua tion over n in (3—3) and hence in (3—7)

must go over N consecutive signal samples . Without loss of

generality, we let the rang, of s, ation over n be~ n O ,l N—i.

We can now write (3 7) as :

~~ 
a i—l ,2,... ,p (3—B )

where •ik — 5 n—i ‘n—k (3— 9 )

A- 10
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Note that (3—S) and (3—9) are identical to (1—3) and (1-4) • and NOTES
the derivat ion of the Covariance normal equations is complete .

Pro, (3-I) and (3-9) we not. tha t  values of s,~ 
for ov —p -1 ,

0,1,... ,N — 1 , must be known. Therefore the signal s~ rust be de-

fined for peN consecutive values , as Stated in Section 1.2.

Autocor ralat ion Normal Equations

Prom the asst~ ptions in Section 1.2 we can define the signal
This is th

a. follows, method used in
1s0r.e sampled signal , n O ,l,. .. ,N l , the present

(3-10) Stud y. (See

~O. otherwise. Sec . I I I )
The windowed signal a is defined for all a, —~~n,.. Equation

(3—7) beco..si

5
k ~~~~ n— k n—i — 

~~~~~n ‘n— i • l~ i•p (3—111

Subs ti tu t i~q a — n—i in (3—il) we obtain.

~~ 
~~~~ ~~~~~~~~~~~ 

— 

.~ :— ~ 
, lSi!p. (3— 12 )

By definition , the autooorre lst ion function of the signal a,,
is given by 

—

• 
~~~~ n n,~ii (3-13)

and — Rj • (3—14 )

Therefore , (3—12) reduce, to,

Eak ~Ii .k T — R1, i•l ,2 , . ..,p . (3— 15)

Now , since a~, is defined in (3—10) to be identically zero for

nco and nAN, (3— 13) reduces to,

N — l — P i I
— 5 sn+ I i l . (3— 16)

Equations (3—15) and (3—1 6) ar. identical to (1— 5) and (1— 6) ,

and the derivation of the Autocorrelation normal equations is

complete.

A- il
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3 . 2  Computat ion of Predictor Parameters

In each of the three formulations of linear predictio n pre-

sented i n  Section 1. 2 (eqs. 1—2 , 3—I , 3— 15) , the predictor coe f-

ficients ak, l~ k~ p, can be computed by so lving a set of p equa-

tion. with p unknowns. There exist severa l standard methods fo r

performing the necessary computations . e.g.  the Gau ss reduction

or el im ination method and the Crou t reduct ion method (Hildebra nd ,

1956 , pp. 425—434 ) . These methods are general and can be used

w ith the Exact , Covarianc. and Autocorrelation for mulation s . How-

eve r , we note from the Covariance and Autocorrelation normal equa-

tions (3-8) and (3—15) that the matr ix of coefficients in each

cas e is a covar iance matr ix.  The coefficient. in ( 3— B ) fo rm

a typical covsr iance matrix and the coeff ic ients in ( 3 — 1 5 )

for m a special typ e of coverian ce ma t r ix  known as an eutocorre l a—

tio n m a t r i x . A covariance matrix is syiiv~etric end in general

positive sesidef inite , but in practice these Covari4nce natrices

are usually positive definite. Therefore , (3—I) and (3— 15 ) cai.

be solved nore e f f i c ien tly by the square—root method (Xun z. 1957 ,

pp. 222—225) . Thi , me th od also requires about half the storag e

of the general methods. A similar method that does not emp loy

the square root operation his been reported by Wi lkinson and

Rein.c h (1971 , pp. 9—30). Further reduction in storage and com-

putation time is possible in solvin g the Autocorrelati on normal

equations becaus e of their special form.

S

.

.

3.3 Hlniaue Total-Squared Error

The predicto r coef f icients are determined such that the

total-squared err or S in ( 3 — 4 )  is minimized . After computation

of the coe f f i c ien ts  ak usi ng one of the method s men tioned in

Section 3 .2 , one should be able to compute the m i n i m um  tota l-

squared error £~ by substituti ng for the computed coeff ic ient.

ak in ~~—4) . (Note that there is no error criterion assoc iate d

Wi th the Cx act method.) Thus ,



£ -E (e . ~~ak

— L [‘~ 
- 

a—k 
+ 

~~~~~

— ~~~~ - 2~~~~ 

~~~~~~~~~~~~~ 
k C ak~~~

ai ~~
‘n—k•,i— t

Subet.ttutinq (3—7) , the condition for the minimization of B , and

collecting terms , we obtain the minimue total—squared error

5~ ~~~~~~~~ — 

~~~~~~~~~~~~~ 

‘n-k ( 3—l i )

In part icular, for the Cova riance method, n ranges from 0 to u— I.

Thus , subst ituting ( 3 —9 )  in (3—18 )  we obtain the minim ,,, total-

squared error in the Coverian~ e method:

E
)) 

— •0~ 
— 

~i a ~ •ok 
. (Covariance It.thod) (3—19)

In the A uto co rrelstio n method n ranges from -— to a— . Substitut-

ing ( 3 — 1 3 )  in ( 3 — 15 )  we have :

a - R,. . (Autocorrelation Method) (3-20)

We shal l have the chance in Chapter V to discuss the be-

havior of this minimum error in the Autocor relation method as a

function of p and the autocorr,~la tion function. In particular .

we aha ll be interested in the normalized error V
P 
defined by:

• ~~ p_ _ en. 
~~~~~~~~~~~~~~~~~~ e r r o r  sae’~les

p energy rn tcc spc ’ecc ~[j ~~ ( 3 — 2 1 )

V — 1 — 

k—I 

a~ f
, . (3— 22 a )

here r k — 
~ j~~

_— . f o r  a ll k U— 22 b)

and the samples ‘k w i l l  be known as the normalized autocurretation

function. (L.vin son (1947) uses the notation V . Mar kel (SCRL lion.,

1971 ) uses n , and Atal and lianaucr (1971) use t for the norwalti ed

A-13
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error. We have chosen the lett .r V beceuse of Ut. possi bl. us e-

fulness of the normalized error in the indication of voicinq.)

Note th it dividi ng (3—15) by ~o and using (3-32W we obtain ,

— ri • ll i!p . ( 3—23 )

Equation (3-23) says that the predictor coefficients can also lie

computed using the normal ized autocorr. ist ioi samples Ek. From

(3-22b) and the f ict that is an auto co rralatio n function we

have :

r0 — 1

and Ir kI S 1. for all k. (3—24)

The signal total energy can vary widely for different signals,

which might cauae round—off problems in try ing to solve (3-IS ) in

a digital computer with only inteqer arit hmetic capability .

For such case. it would be useful to normalize the autocorrela-

tion coefficients first by using (3—23b) , and then solve for the

e~~s using (3— 23 ) .

.

.
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CNAPTB~ IV

SPECT*AI, ESTIMATION AND ANALYSIS-nY-SrrrivrsIS

In Qiapter III the Covariance and Autocorr .lation Imthods

of linear prediction were derived from a time -domain for*uiation.

In this chapter we shall show that the same norma l oquattoms can

be derived from a frequency-domain formulation . It will become

clear that linear prediction can be considered equally vali dly

as either a time-domain or a frequency-domain type of analysis.

First, the Autocorrelatio n method is reinterpreted in terms

of an inverse filter formulation . Thi. leads directly to linmar

prediction analysis in the frequency domain. The Autocorrela-

tion method is rederived from the spectral domain by approximating

the signal short-time spectrum P1w ) by en all-pole powe r spectr um

~~(w ) . An error criterion between the two spectra is defined and

m&nimiz.d. The results ar. interpreted in terms of traditional

methods of .pectra l ana lysis-by-synthesis. The Autocor relat ion

method is then refo rin uleted in terms of a direct and en indirect

method by relating to the corresponding methods of estimation of

power spectra. An analogous reformulation of the Cover lance

method is derived from a generalized method of analys is-by-syn-

thesis whers the signal is assume d to be nonstationary and the

two-dimension al short-ti me power spectrum Q(L .w ’) Is to be

approximated by an el i-pole two-dimensional sp ectrum

e C C

4.1 Inverse Filter Formulation

Th. linear prediction error e,, was def ined by (3-2), and

is repeated Piers for conveniences

— a,, a~, 5n k  (3-2)

Since the signal e~ is defined for all time, then e~, is also de-

fin ed for all time. Therefore , we can take th. s.trenaforii of

(3-3) by multiplying both sides of the equatiom by ~~ and sum—

minq over all n . e e

The resu lt is :

A- 15
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F (s) • 8(5) — 

k~~~ 

5
—k

1

— B (s) His), i l_ l I

where F(s) and B (s) Sr. the a-transfor ms of e
~ 

and s~, respec-
tively, end K (s) — 1- ak was already defined im (2— 3 ) as

the inverse filter.

From (4-fl, the error signal e~ can be interpreted as the output

of e filtar H (s) whose input is 5n ’ ~~ shown in Fig. 4— 1.

~~~~~~~~~~~~~~~~~~~~~~~~~~ e,, 
- 

-- 
- -

~~

Fig. 4-1. The error sequence en as th. output of an in-
verse filter Hf: ) .

Therefore, another way to view the error minimization problem in

Section 3.1 is to solve for the parameters 5k of the invers, fil-

ter PU:) which will minimize the enerqy~~e~ in the output error

signal , for a given value of p. Thi s Is whet larke l cells the

inverse filter formulation (?*arkel, 1972).

Cquation (4-11 can be solved for S(z) to obtain:

SI :)  • ~4-~-f 
• . (4—2)

1 —~~~e~ z
k— I

(4-2) is an exact equation. Accordinq to the speech production

model described in Section 2.1, if the signal 5n is the vocal

tract response due to a single pitc h pulse, then the transfer

fun ction SI:) can be approximated by an all-pole filter ‘ ( s I  gi-

ven by (2-2) and shown below:

A A 
______ 

( 7 — 2 )5 ( z )  • 
~
-
~~

-j- - • — — — —j —

r~ -k1 - L5 k ~
k—i

Comparing (2—2) and (4—2) we conclude that PUs) I. approximated

by another function

F(s) — A

which corresponds to a time-domain epproatmation •n given by:

• A ‘nO ‘

A- 16
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where Is the iron.cker delta defined by (3 25).

is just an impulse of magnitude A. P1ev. in order to conserve

energy between 1n and e,~ we must have

- 
~~~~

•n
2 
. 

(4-4 )

After the minimisation of the total-squared error , the right-

hand side of (4-4)  is equal to the •ini~~~ total-squared error

given by (3—20). The left-hand side of (4-I) is determined

easily from (4-3), and we have :

*
2 - t 1, - - a~ K~

The rs.ult La ideneic~ l to (3 -37 )  which was derived by energy

cons.rvetion between the signal s~ and the Impulse respon se of

F( s).

The •bove analysts assumed that the v.cal tract was excited

by a sing le pulse. The same results would be obtained if one

assumed a white noise source excitation .

4 . 2  rrro r Minim is at ion In thcj~~ctral flOma iri

In this section we shall show that the Autocorr elation nor-

mal equation. (3-15) can also be derived co mplete ly in the fre-

quency domain. Before we proceed , we shell define the power spec-

trum of a transfer function Ti:) as the magnitud e squared of Y(z)

evaluated on the uni t circle . i.e. s — e~’~
’. TI:) evaluated at

• jwT will be denoted by Y(w), so that the power soectrum is

given by:

PONer Spectrum — Y ( w )  Y (w) (4-5)

whey, the over-bar denotes complex conjugate.

Let the power spectrum of ~(z) b. denoted by ~ (w ) .  and of B(s ) by

P1 w), then:

2
~ (w) — I~

(w) I2 
— 

A 
• (4 6.)

f ~~~~~~~~~~~

and Ply) — S(u. p ) 1 2 
. 

(4 — S b )

We sh ell call ~~(y) th~ linear orediction or approximate spectrum
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and P (y) the actual or signal speetrl.~~ Method s for computing

p (w) and p (w) are given in Appmi~ ix c. NOTES

Making use of Persevel ’s theore. (see Appendix A), the

total-squared error F can be repr..ented by :

— s/I.

F - ~~~~ - I(w)~ liv

•~ J P (v) dw • (4-7)
-‘ I .

where 5 (w) Lu the error power spectrum.

From linear syste. theory , we have from Fig. I-li

• P1w) jH (w ?~~
2 , f 4 .g)

where P1(v) is equal to H(s )  evaluate d for s — •~~~~.

Sthstitutinq (4—B) in (4—7) we have:

E • 
~~ 
j  P1w) H(w ) ~ (w) dv. (4—5)

-l/T

— ~~~
[

P(u)
[

l_ 
~~~~ 

e
~
i
~~1[i_ ~~~~~ 

e~ 1~~
}

dw.

Following the same procedure in Section 3.1, £ is miniMsed by

s.tting .4f e 0, l!i!p

There are

- ~~~~~~~~~~~~~~~~~~~~~~~~~~~~~~ _5iiwr (l~~~~a e
_ikw

.r)]dW..O ::~~ations
of the error
E which are

r p again used in
or 

~~ 
f P(w ) Ic os ( iwT )  _

~~
ap Coe ((i_k)wT)}$v - 0. section VI , with

-.‘~~ I k- modf i c a tj o n s  to
de f ine  measures ,

Interc hang ing Inte g rat ion and su irmation we have : of d i s t o r t i o n.

~~l [ _ L ?  
c o e l ( i_ k )wT )d w j  — Ply ) coa (iw?) dw, isl~p .

(4— 10)

We k~ øw that the aut oc orro lat ion funct ion e lk?) is defined as

t’:e snvnrse rourier tranzform of the power spectrum , I.e.
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! jk *f~— e-~ J P(.i) e .‘~~ . (4—lie
-C,.

or ,~ / P1w) cos(.d?) d~ . (4-llb

(I-llb ) follows from (4-il a) because the power spectrum is a

real  and even function of frequency. Substituting (I-llb) in

(4- 10) and notin’, that 
~~—)i 

— ye have :

p

— , lsi~ p , (4— 12 )
A —

which are the same Autocor r,iat ion normal equations as (3—15 ) .

The minimum total-squared error P~ cam be obtained by using

(1—1 0) and (4-li) in (4 -5 ) .  The answer can be Ihewn to be equal

to

— ~2 • - 
~~ak 5~ (4-13

which is identical to that given in (3-20) and (3-37).

The above derivation shows that , in the Autocorrelation

method, the predictor parameters Ck 
can be determ ined If only

the signal power spectrum Is known. In fact all that is need.d

are tho first p coefficients of the autocorreletlon function ,

which can be computed either from the tire signal (Section 3.1)

or fro. the power sp ectrum as was shown above. Th, latter state-

ment will be the basis for other formulations of the Autocorre-

lstion method which era based on the ide a of ..tt.ettng the first

p values of the eutocorrelation function (see Section 4 .4 ) .

4.3 The Spectral rnvelope end Analysis-b y -Synthesis

We shall now interpret the imin5ieii: ation of erro r in the

Autocorralat ion method in terms of the estimation of the spec-

tral envelope and in terms of analysis-by-sy nthesis.

Prom (2-2), H (s) can be written as:

H ( s ) —
F(s)

end H(w) — _
~~ . (4—14

Sly)
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Substituting (4— 14)  in (4-9) we obtain:
NOT ES

, 1/I’

£ - ‘—
~~~

—
~ 

dv . (4-iS)

IS(w)1 2 is the approximate power spectrum P(w~ as def i ned In

(4-Se) , and (4—15) reduce s to:

‘/1
— ~! J ~~~~~~~ di.’. (4- 16)

-e/T

Therefore, minimizing the total-squared error F. is equivalent

to the minimisation of the integrated ratio of the signal power

spectrum P(w) to its approximation P(w). Another way to look at

t~iis is that if one is interested in aneroxi ,uatlnq a power snec-

trw” P1w ) by an all—po le spectrum P(w) then (4—16) Ia an error

masure that can be used in optimisinq the approximation .

C

C

.

6.21 Mequacy of the All-Pole Plodu l

This issue has already been disc ussed in Section 2.3. We

have argued there that the all-pole nodel seems to be quite ade-

quate for speech synthesis . The question here is the adequacy of

the model for fom ent extraction. For th. purposes of apwech re-

cognition, for example , one would Ideally want to be able to com- This re!~resents

put. the transfer function of the vocal tract . This means that the only po ten tia l

the antiformants as well as the torments may be needed. It is i n su rmoun tab le
l imitation to

reasonab le to assume that the all-pole model would be adequate for the ~~~ of the
formant extraction of vowels. (This assumpt ion is based on another LPC technique

for d e t e r m in ’n q
ass ag’t ion , namely that the glottal spectrum and radiat ion can be

the performanc ’
approximated by poles only.) However, for sounds such as nasal. of a voice channel.

and fricative s, whose spectra are known to have entiforriants , the

el l -p olP  model might not yiel d accurate results for the resonance s

of the vocal tract. Figure 6—3 shows the signet spectrum end the

linear prediction spectrum (p 14) (or th. second (n)  In the word

anyone for a cal. speaker. The probltsi in lookino at a spectrum

A -20



like this is in deciding where the foments end entiformants are.

?here is no good way of makinq this decision in qunerel, unless

one has some knowledge e)jout the syste n that produced the s iqne l

whose spectrum is under analysis. In fact , the spectral fit in

Pig . 6-3 is very adequate, end it is quite reasonable to ass~mu

th et so ne all—p o le syste m has those characteristics. h owever,

from our know ledge of the acoustics o’ the human speech production

syst .c, we know that if the spectr um in Pig. 6—3 is that of the

sound ( n ) ,  i t  mus t have zeros as well as poles. Cut even if  we

knew this , how would the linear predictio n all—pole approximation

help us in determIning the values of the torments arid entifornents?

Some of the poles will correspond approximately to nasal fo ments,

which can be obtained as described earlier in this section , but we

know of no siaçl. manner in which the antiformants cam be determined

from th . poles of the linear prediction spectrum . the prablami is

th.t the s~~~ poles rust epp roximeto the effe ct , of beth the for—

manta and the antiformants.

C

C

.

10

60

50
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~ RE QU F NC V

rig. 4-3. Signal spectrum and linear prediction spectrum
(p.14) for the second (s 3  is the weed amyo.e .
Period of analysis L~ 25 ma.c.
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ChIAP1 L~ VII

CONCLUSIONS NOTES

Linear predict ion is an autocorrelatton-dcsatn analys is.

Therefore , it can be approached either from the time or freq uency
Even tho’iqh the

domain. Although the actual c~~putations are performed in the technique is
ti n, domain , we chose to deri ve the mos t general fo rmulations fo r implemented in

the time domain ,
linear prediction f rom the frequency domain because of the d~~~~i- frequency domain
nance of spectral analysis in speech research. We have shown in te rpre tci t ions
that all least-squares methods of linear prediction can be derived can a lso be

obtained.  How—
from a single general concept, namely that  of generalize d analysis—

ever , it  should
by—synthesis. Here the 2D—apectrum (two dimensional spectrum) of be noted that i t
a nonstationery signal (such as speech ) is to be approximated by is more d i f f i c u l t,

another 20-spectrum , where the error to be ninimized is proportional if not impossible,
to obtain time

to the integral of the ratio of the signal spectrum to tie approxi— domain int e rpr e t~-
mate spectrum. This error criterion was show,~ to be very desirable t ions f rom the
for a good spect ral envelop e f i t .  In the spec ial case when the usual spectr al

analyses t ha tapproximate spectrum consists of poles only, the generalized
form a vast

method reduces to the general Covarisnce method of linear predic— contribution t ,

tion. If , in addition , the signal is assumed to be stat ionary , the speech
researchthe 20— s pectrum is replaced by the ordina ry power spectrum, and
literature.

the Covariasice method reduce, to the Autoc or re lat ion method of

linear prediction .
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