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MATHEMATICAL ASPECTS OF THE CLASSIF1CATION OF BASIC PITCH PATTERNS 

G.Surmanowicz-Demenko* 

ABSTRACT 

A method o:E describing, analyzing and classi:Eying :fundamental 
:Erequency courses in speech is presented. For the analysis of variability 
of the Fo parameter, the Karhunen - Loeve transformation was used. 
In order to study the differences between the curves, a discriminant 
analysis was employed. The resul ts of an a u toma tic analysis demonstra ted 
the possibili ty of describing time-variable Fo as representing the 
following typical intonations: Low Rise, High Rise, Full Rise, Low Fall, 
Full Fall, Level, Low Rise-Fall and Full Rise-Fall in a system of 3 Co­
ordinates. A deterministic classification algorithm was developed. The 
training set incl uded F o curves which had been judged to be correct 
imitations of prototype intonations in perceptual tests. The test set 
consisted of 360 imi ta tions randomly selected from a collection of 1200 
and 80/. correct classification was obtained. 

PREPARATION OF THE SIGNAL FOR THE ANALYSIS 

The choice of a method for measuring fundamental frequency in speech, 
processing the resul ts and correcting them depends hea vily on the aim of 
the analysis. · Accepting tha t the rela tion 

1 

To 
Fo = (1) 

always holds however T0 is defined, we can describe the Fo 
parameter in different ways. In a short-term representation To is 
definied as the average length of several successive periods. The manner 
of a veraging depends on the particular method (ref 1). In the final 
stage of processing the resul ts of the measurements, i t is desirable 
to have procedures which permit a definition of the minimum of 
points representing a gi ven curve. The cri terion which defines the 
appropriate nurober of data may be formulated as follows (ref 2). 

2 

t\ 

> [R (t2is t2i) -R (t2i, t2i-1) -R (t2i-1, t2i) +R (t2H, t2i-1)] 
~-----------------------------------------f= [R (t2i, t2i) +R (t2i-1, t2H)] 

~0 

where Rt1 is the a u tocorrela tion function. 

(2) 

If Jn<< 1 for the gi ven n umber n of samples, i t can be assumed 
tha t a sui table represen ta tion of the curve has been obtained. In the 
case of an analysis of F 0 , i t can be shown tha t using this cri terion 
leads to substantial initial data reduction. The Fo courses may dif­
fer wi thin in tervals where they can be assumed to be a con tin uous time 
function by their duration and the incidence of interruptions, their 
location relative to time and frequency, as wen as the rate and di­
rection of change of the instantaneous values. When normalizing frequen­
cy a log scale should be used, bu t the deba table poin t is the reference 
value, which may be, for instance, the minimum, the mean, the middle of 
the range, or alternatively, a unit variance may be imposed. 

* Acoustic Phonetics Research Uni t, Institute of Fundamental Techno­
logical Research, Polish Academy of Sciences, Poznan. 
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Also time normaliza tion is a complex problem. One method of ma tching 
two Signals which differ in duration is time warping. After such fre­
quency and time normaliza tion, the distance bet ween the curves should 
be minimum on the adopted criterion. 

SELECTION OF FEATURES CHARACTERIZING THE Fo CURVES 

For any recognition procedure, the selection of features is critical. 
The Karhunen - Loeve method (ref 3) is optimal with respect to the de­
scription of data because the mean square error of the approximation is 
less than in other transformations. The co-ordinate system is described 
by the eigenvectors and the eigenvalues of the covariance matrix: 

(3) 

where D,>.. is the diagonal ma trix of eigenvalues, and the trans­
formation matrix + is a column matrix of orthogonal eigenvectors. The 
eigenvalues of the matrix R form a non-increasing sequence and the 
eigenvectors are arranged similarly. The product of the eigenvectors 
t of a real symmetric matrix R wi th the vector of the object Xi 
gi ves the vector Cj such tha t 

(4) 

whose co-ordina tes are uncorrela ted and arranged according to decreasing 
variance. But the result obtained with the K-L method is not optimal with 
respect to i ts discriminan t properties. 
In order to find spaces that are optimal with respect to i ts discrimi­
nant properties, the Fisher criterion (ref 4) is used : 

F = _l~_ILl_ 
1, w 1 (5) 

where 1 is the discriminant vector we seek. The optimization of the 
transformation reduces to the solution of the eigenvector problern 

(B-AW) 1 = 0 (6) 

The matrix B is the between-classes covariance matrix and W is 
the wi thin-class covariance matrix. If the parameters of the random 
variable X observed in the population 1Ti(i,j=L.K) are known, 
we can define the matrices B and W 

k k 
B = N-tL: J.:N·N·<x·-x·) cx·-x·)' (7) 

'-" • A 1. J 1. J 1 J 
k Nt."~·· J~·· 

w = L" L:"cx .1._ xi) cxJ·i-xi)' (8) .... _" J 
1."-"1 ;-· 

The linear combina tions 

' Ui = 1i X 

are termed discriminant variables. 

(9) 

By way of an illustration, Fig.i presents the results of a K-L 
analysis and a discriminant analysis performed on the Fo parameter 
within a fragment of an utterance (the syllable sequence 1 ~emt I 
repeated by 10 speakers (Fig.ia).The plots show interspeaker differences. 
When comparing Figs.ib and ic, i t can be observed tha t both analyses 
result in similar configurations. The discriminant analysis can be seen 
to emphasize the distances between speakers. In order to define (a) the 
difference between various F0 curves and (b) the nurober of features 
necessary for their classification, a discriminant analysis of some 
typical Polish pi tch pa t terns has been performed. 
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The phonetic material incl uded eigh t u t terances realizing the fol­
lowing types of intonation: Low Rise, Full Rise, High Rise, Low Fall 
Full Fall ,Level,. Low Rise-Fall and Full Rise·-Fall, each repeated 10 
times by 15 speakers. For the purposes of the discriminant analysis, the 
materials were selected from recordings of speakers whose performance 
was found, in a formal percept ual test, to be' similar to tha t of a proto­
typical voice. The resul ts of the analysis are shown in Fig.2. The 
analysis leads to the following concl usions: 

- The classes under investigation can :be described in a 2-D space 
with 89/. adequate distances between them and in a 3-D space with 99/. 
adequate distances. --

- All the distances between the classes are statistic~l~Y significant. 
An analysis of the correlation coefficients between the discriminant 
variables and the original variables shows that it is possible to inter­
pret the 1st variable as the ratio of the final to the initial value of 
the curve and the 2nd variable as the initial value alone.- A third va­
riable , which is the derivative in the extremum makes it possible to 
define the convexity or concavity of the curve. 

It is necessary to check whether the three fea t ures act ually permit 
a satisfactory classification of the curves. 

CLASSIFICATION 

One of the basic algori thms employed in the deterministic method of clas­
sification is the "perceptron algori thm". The decision functions are 
genera ted from pa t terns supplied to the compu;ter using an i tera ti ve 
learning algori thm. It is assumed tha t · for M classes w ... wM 
there are M linear discriminant functions. We assume that in the k-th 
iterative step during the learning phase the pattern Yk belong­
ing to class wi is inputted. The decision rule is defined as fol­
low s (ref 2): 

An algori thm for adjusting W then becomes 

1) If 
then 

2) If 
then 

• • wi Y > wj y 

":K" =":K 
I I I t W1Y > Wi Y and WiY > WjY for Yewl. 

W}=W1-cY wi=Wi+cY Wj=W j 

(10) 
j=1,2 ... M jii for Y&W~ 

(11) 
j=1,2 ... M j*i for Y~Wt 

k=1,2 ... M 
("12) 

., .," 

where c is the correction coefficient. Fig.3 shows the resul ts, in the 
form of a printout, of the classification of Fo curves for one 
of the speakers. Fig.LJ:. depicts percent scores for 360 Fo curves 
randomly selected from a collection of 1200 (150 for each of 8 pa t:... 
terns), broken down according to the speaker. The average score was 80/.. 

1. W Hess, Pitch Determination of Speech Signals (Springer) (1975) pll-75 
2. K Fukunaga, Introduction to Statistical Pattern Recognition (Academic 

Press,New York) (1972) p24-4-
3. JT Tou,RC Gonzales, Pattern Recognition Principles (Addison-Wesley 

Publishing Company) (1974-) p271 
4-. PA Lachenbruch, Discriminant Analysis (Hafner Press) (1975) p66. 
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(a) o 
Fig.1. 

·10 -8 

6 

(b) 
Syllables /<temi/: 
(a) Fo curves, (1)} K-L analysls, 

-4 2 

·6. 

4 6 

Ei-genvalues 
(percenO 

A_. ~ 14,11 
).z. ~17,3'1 
>.a = 10,26 
).,.:: 0,55 
>.s=0,08 

-----+-.... FRF )..,=0,02 
\'" >..·o.oz 

\FF 
Fig.2. Mean class vectors in a system of 

the first two discriminant variables. 
'12 sta tistic indica ted bet ween poln ts. 
Cri tical val ue T1-2 =88.35. 

f"=Q05 

Fig. 4. Percent recogni tion scores 
for 15 speakers. 

8 -17 -16 -15 

Jl 
·20 

Jl. /~~ESz BS ·21 

\
/ ~AM 

p \ 
WJ 'o ·2.·2 

HK 
(c) 

(C) Discriminant analvsis. 

L R -0 3722 
FR -2'7993 
HR -1'3097 
L F -17'5289 
F F -41'8311 
L -2:0241 
L R F -19 2799 
FR F -39:5982 
L R 4 9154 

FR 12'6261 
HR 7'5829 
L F -29'8671 
F F -60'4862 
L -1'0669 
L R F -30'0424 
FR F -54:6050 

L R -2,0754 
FR -5 4779 

HA 1 '8 2-4 6 
L F -20'2865 
F F -39'9859 
L -0'8174 
L R F -24'8431 
FR F -43:1219 
L R -17 5544 
FR -45'5636 
HR -24'2459 

L F 11'8221 
F F 11'0089 
L -6'6738 
L R F 11'0922 
FR F 9:2977 
L R -26 0741 
FR -69'3891 
HR -33'5368 
L F 26'7618 

F F 38'870-4 
L -6'4084 
L R F 20'5764 
FR F 24:9763 
L R -6 5231 
FR -17'8822 
HR -7'4551 
L F -8:8912 
F F -23 7482 

-2'8301 
L R F -11'8515 
FR F -25:9052 
L R -14 4399 
FR -35'0491 
HR -20'2047 
L F 4:.3945 
F F 0,5971 
L -7 5413 

L R F 8:9975 
FR F 5,2533 

L R -23,4412 
FR -56 2372 
HR -35'3683 
L F 21.3768 
F F 29:5315 
L -12,2192 
L R F 32 3239 

FR F 39:2629 

Fig. 3. Values of the dis-
criminan t functions. 
Maximum values Crecog-
nition") in bold face. 


