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Computer Recognition of Telugu Vowel Sounds 
D Dutta Majumder The paper presents a method for automatic recognition of vowel speech sounds using 

AK Dutta a three dimensional weighted discriminant function. Experiments were conducted 

SK Pal with Telugu (one of the major Indian languages) speech sounds, both long and short, 

and all the processing of speech data was carried out on an electronic digital lSi, Calcutta 
computer Honeywell 400. Different sets of training samples, \'iz., 5 %, 10 %, 20 %, 
40 %, 60 %, 80 %, and 100 % were randomly drawn from each pattern class with 

which reference events and weighting coefficients corresponding to a training set 

were evaluated. Standard deviation and percentage variation of features are used 

as weighting coefficients. Final assignment of the unknown pattern was done on the 

basis of tbe maximum computed value of the discriminant function. Pattern classes 

with the first two maximum values of discriminant functions were also noted to find 

out the importance of linguistic knowledge in vowel identification. It is also found 

that if the sample size is sufficient to characterize the class, the recognition score 

is not affected by increasing the sample size. The recognition score was found to 

be about 82 % and an increment in recognition by a factor of 15 %is caused by 

incorporating a second choice from the classifier. 

Introduction	 stability (Broad, 1972) and close relation of the formants 
to the phonetic concepts of segmentation and equiva

Tn the field of Communication Science and Computer 
lence, the formants are found to have potential appli

Technology, the general problem of designing an 
cation in speech and speaker recognition. The use of a

automatic machine for pattern recognition in general 
computer in speech recognition was first made by

and speech recognition in particular is one of the 
Forgie et ai, 1959, who recognised ten vowels with 

most fascinating aspects for achieving faster and better 
93% accuracy using a single speaker. Suzuki etal,

communication between man and machine. PaHern 
1967 reported successful recognition score using first 

recognition can· be viewed as a two-fold task consisting 
three formants of Japanese vowels. Tn a recent work ofof the extraction of significant characterising features 
Paliwal et ai, 1976, the machine was found to

which determine the invariant and common properties 
render correct decision in 80 to 93 %English vowels forof a set of samples followed by the classification tech
one speaker, with the first three formants and theirnique based on the measurement of these characteristic 
amplitudes as recognition features. The size of thefeatures. The present paper is a part of the work 
sample space in these experiments was small enoughbeing carried out in the field of Automatic Speech 
containing utterances of isolated vowels. Recognition (ASK) (Dutta Majumder et ai, 1968 (a), 

1968 (b), 1969, 1970, 1975, 1976) by computers a t the 
In the present paper a scheme for recognition of vowelsElectronics and Communication Sciences Laboratory 
in various consonantal contexts and experimentalof the Indian Statistical Institute. 
results for different speakers have been presented. The 

Recognition of speech patterns is a very complex vowel quali ties are considerably influenced in connected 
problem involving multilevel decision processes (Dulley speech by the adjoining consonants. Recognition 
et ai, 1958, Sakai et ai, 1963, and Suzuki et ai, 1967). criteria considered are some interrelated functions of the 
In order to achieve clarity of understanding the whole first three formant frequencies. The data consists of 
problem of recognition has been broken up into various about 900 utterances of 10 Telugu vowels occurring in 
parts, e.g., recognition vowels, consonants, recognition the first nuclear position of a selected commonly used 
of different phonemes in isolation and in connected vocabulary of Telugu words. The spectra for these 
speech. There are several researchers (Reddy 1966, words were made on a Kay Sonagraph Model 7029 A. 
Shaffer et ai, 1970, Broad, 1972, Paliwal et ai, 1976) From these spectrograms the acoustic data were 
dealing with the problem of speech recognition using obtained manually. The formant frequencies for the 
time, frequency or time-frequency (spectograph) domain first nuclear vowels were taken at the central 
analysis. Because of the remarkable inter-repetition position of the steady state. Where the steady state was 

not observable because of the extreme shortness of the
Electronics and Communication Sciences Department, 

vowel, the congruence of the off-glide and on-glide was Indian Staristical Institllte, 203, Barrackpore Trunk Road,
 
Calcutta 700035 taken as the nuclear position of the vowel.
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The discriminant function used for classification is 
Euclidean distance (Sebestyen, 1962) in the measurement 
space from the representative points of each class, the 
weighting coefficients for the coordinates used are 
function of "percentage" and "standard deviations" 
of the corresponding features for two different 
experiments. 

Extraction of Features and Recognition Criteria for 

Vowel Identification Scheme 
Pattern Recognition is considered as a process of decision 
making in which a new input is decided to be a mem
ber of a particular group by the comparison of its attri
butes with those of previously known members of that 
class. To obtain knowledge about the features space of 
the Telugu vowel patterns (Jdl, fa: 1,li 1-/,1 i: I ,I u ... I, 
/u:') , Ie l- I, le:/, 10 "i I, and/o:/), they were selected 
'in a CNC (consonant nucleus consonant) combination 
as the vowel qualities are considerably influenced in 
connected speech by the adjoining consonants. All these 
speech samples were recorded by five adult male spea
kers on an AKAI tape recorder. From these five infor
mants three Were chosen on the basis of a listening 
experiment based on the opinion of 10 listeners. The 
frequency analy"is was done on a Kay Sonagraph model 
7029 A. The first three formant frequencies were taken 
at the steady state of the first nuclear vowel position. Out 
Qf 871 samples the third formant for 384 could not be 
clearly obtained. For theSe ,vowels the average value of 
the third formant for that vowel corresponding to the 
particular speaker was injected. Thus all the samples 
with the measured value, of,the three features Flo F 2, and 
F 3 could be thought to constitute a three dimensional 
feature space, each dimension representing a property 
of the event. 

The significant information available about the event 
thus could be expressed as a three-dimensional feature 
vector 

the coordinates of which would have numerical values 
indicatingthe amount of each property of the event. Each 
event with a set of all measured features will therefore, 
correspond to a single point in the feature space OF, 

The ensemble of points, for the purpose of recognition, 
is assumed to be isolated, statistically independent from 
one another and to lie in regions separable by surfaces 
in the feature space 0 F. The points which represent 
a set of non-identical events of a common group are 
also considered to be close to each other, as measured 
by some method of measuring distances. All the features 
of a p:uticular sample point represented by the different 
coordinate directions are not equally significant in defi-
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ning the characteristics of a class to which like events 
belong. it is reasonable to assume that the feature with 
larger variation is less characteristic in nature. Therefore 
in measuring closeness or similarity, lower weight is to 
be given to features having large variations. In the pres
ent experiment, the features with increasing variance have 
been weighted with decreasing values of a "feature weig
hting" coefficient, W , n=I,2,3 and percentage variation n 
and variance of the formants as weighting coefficients 
were studied, 

Of the ten Telugu vowels, long and short categories, 
viz., Ii l-, i:l, lu '"'I, u:/, Ie l-, e:J and /o"i, 0:/ were 
found to differ from one another mainly in duration 
(Dutta Majumder et al., 1974) but phonetically they are 
not distinctively different. With this background, the 
number of pattern classes to be recognised were 
transformed to six namely, Idl,/a:/,/i/,/u/,/e/and 101 
which are phonetically different from one another. 
Therefore, the above designed feature space 0 F. could 
be viewed to be constituted by various pattelO classes 
Cl, Cg, Css and C~l, C 4S and Cu , Col, and C 6S and C S1 

where subscripts sand I stand for shorter and longer cate
gories. Through classification, this 3-dimensional feature 
space is to be divided into such regions which contain 
vowels differing only in phonetic features. Soine of these 
regions would contain t,YO subregions, one for the short 
vowels another for the longer ones. The next task before 
classification is, obviously, the',selection of reference 
vectors or "prototypes"d enoting- the representative po
int of each class. Of the entire events belonging to a 
category one may choose a set of events called a "train
ing set" from which prototype events can be' chosen as 
having the mean value of the feature measurements for 
each coordinate direction. The weighting coefficients for 
the specified class could be developed for these training 
sets. Though longer and shorter types of a particular 
vowel are treated to be in the same group, they are given 
individual reference vectors computed over their respec
tive training sets. 

The last and final task of a pattern recognition system 
is classification by a suitable classifier, whose function is 
to examine a maximum similarity between the reference 
vectors of a class and a new input vector. For the vowel 
classes I ii, I u I, Ie landlol, the •'closeness" is measured 
separately for both the shorter and the longer subgroups, 
and input pattern is assigned to a pattern class which is 
associated with maximum similarity for either of the 
subgroups. A suitable classifier based on a "maximum 
discriminant function" criterion is described in the sub
sequent section. 

Classificatory Method Used 

Let us consider an N-dimensional feature vector space 0 I" 

in which C], C g,. ",Cj> ""Cm are the m possible pattern 
classes to be recognised with their corresponding m re
ference vectors R j , Rg, .. "Ri, .. "Rm and 



16 Journal of tile CSI, 7, 1, December 1976 

let 

F~ 

F =	 ( 1) 

be designated as the feature vector, the numerical 
value of F n representing the nth property of the 
event. Then the problem of classification is to assign 
each point in the vector space represented by F to a 
proper class-a mapping from feature space to 
decision space. 

If the feature vector F representing an input is a 
member of the class Ck, denoted as F E Ck, the 
"Discriminant function", Dk: (F), associated with the 
class Ci:, k = 1, 2, ... , m, must then possess the 
largest value (Fu, 1968). That is, a classificatory deci
sion would be as follows : 

Decide F E ClI:, if Dk (F) > Di (F) (2) 

in which k and j may have any integer value 1,2,... , 
ill and k ,,& j. Then obviot>sly, the decision boundary in 
the N-dimensional feature space OF' between regions 
associated with classes ClI: and Cj respectively would 
be governed by the expression 

Dk (F)	 - Dj (F) = 0 (3) 

with k~j, k,j = 1,2"", m. 

Let the reference vector in Ri associated with pattern 
class Cj be denoted as 

(I) 
Rj E Rj , I = 1,2, ''', Pj' (4) 

where Pi is the number of reference vectors in the 
set Rj. In the present case, Pj = 2 (shorter and 
longer subgroups) for the vowel classes / i / , / u /,/ e / 
and /0/ and Pj = 1 for the vowel c1asses/ d / and/ a : }. 

Defining the distance between an input pattern F and 
a prototype point Rj as the smallest of the distances 

(1) . . 
between F and each reference vector Rj m Rj, It 
can be expressed as, 

(I) 
d(F,Rj) = Min IF-Rj /,j = 1,2, ... ,m. (5)

1= 1,2, ... ,Pj
 

or
 

-!
 
d(F R)= Min [ (I) ]
 

, ) 1=1,2, ""Pj ~(F-Rjn)2 ,
 
n 

j = 1,2, "', m, (6) 

Where subscript n indicates the component value of 
the vector along the nth co-ordinate direction. Intro

(I) (I) 
dueing the "weighting coefficients" WI , W~ 

(I) (I) (\) . . 
... , Wj	 , ... , Wm in which Wj' is assocIated wIth 

(1)	 ,
reference vector R j ,equation (6) can be rewrItten as 

d(F,R) = Min [~{W~) 
I = 1,2'''',Pj . ) 

.	 ro ro,
where	 J = I, 2, ''', m, Win = P/(Tjn , P IS an 

(1) (I) . 
arbitrary constant and I Wjn I < 1. (Tin bemg 
considered to be either "standard deviation" or 
"coefficient of variation" of the measured features 

.	 . R (I) Id becorrespondmg to prototype pomt in COU 

computed over the members of any size sample of a 
(I)	 . 

pattern class. (Tjn when defined as standard deVIa
tion of the features along the nth coordinate direction 
. (I) (1)
In class C j , Win can have the form 

M (1) (I) 
ij ~ (Fiin - R jn )2 

i=l 

for p = 1 

or, [Win(I)] 2 
M (1) (1) (8)

1 ~ [ ] 2 [ J2!Vi i = 1 F jin - Rin 

If, instead of standard deviation coefficient of varia
tion is used, then, 

(I)
(I) R.In 

Win = (9) 
(I) (I) 

(Fin	 ) (Fin ) . 
max mm 

(I) 1 M (I).
where Rin = M. ~ Fjin , J = 1,2, ... , m, (10) 

1=1 
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(I) (I)
and (F jn ) and (F jll ) denote the maximum 

max min 
and minimum value respect iveiy for nth co-ordinate 

in class Cj(l) and M is the total number of features 

F jjn (I), representing nth components of a specific set of 

. . I . d . h I C (1)tra lIltng sa mp es associate Wit pattern c ass j • 

Thus the corresponding weighted discriminant function 
D j (F) with respect to class C j is essentially 

1 N ( (I) 
D j (F) = Max [, ~ ~ Win . 

d(F,R) 1=1, ... ,Pj n=lL 
") 2 -t 

(I) ~ }
(Fn - R jn )) 

where j = 1,2, ... , m. The classification model for the 
pattern classes of Telugu vowels could be described 
as : 

Decide the input F in jth class, i. e., F E C j if, 

N ( (1) ( (I) } J t 
> . Max [~~ Wkll Fn - Rkn ) ] 

I ~ I, 2, ... , Pk n = J L
 
(11) 

for k, j = 1,2, ... , ill and k.;;c j. 

A vocabulary consisting of Telugu words was selected so 
as to encompass as many CN and NC combinations as 
possible with an emphasis on the use of commonly used 
words. These were recorded by five adult male speakers 
on an AKAI tape recorder inside a big auditorium. On 
the basis of a listening experiment by 10 listeners, only 
871 samples of three speakers were selected. The Spect
rographic analyses of these utterances were done on a Kay 
Sanagraph Model 7029A. The analyses were carried out 
in the normal mode and the band 80Hz to 8kHz with 
wide band filters having bandwidth 300Hz was chosen. 

Formant frequencies F h F 2 , and F 3 were obtained man_ 
ually at the steady state of the vowels. Wherever, due to 
the extreme shortness of the vowels, steady states were 
not observed, the measurements were made at the point 
of congruence of the off-glide and on-glide. The samples 
which did not depict a prominent third formant were 
allowed to have an injected average third formant 
(F3)av. computed over all members of that class of 
vowels for the particular speaker. The number of sam
ples which fall in this category is 384. 
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In the third step, different sets of training samples, viz., 
5 %,10 %,15 %,20%,40%,60 %, 80% and 100% were 
randomly drawn from each pattern class wi th which re
ference events Rj;; (equation 10) and Weighting coeffici
ents W;~(equation 8) corresponding to a training set were 
evaluated. Since a set of 5% events in a class encompas
ses only 4 to 6 samples, training sets lower than it were 
not taken. The purpose of selecting various sample sizes 
was to study the effect of the size of training set on over
all recognition score. In a few cases, where the standard 
deviation of the magnitudes of a coordinate in a training 
set was zero, the corresponding weighting coefficient 
W;~ was set at unity. Though it does not satisfy equation 
(7), it is still logical in the sense that, an attribute occu
rring with identical magnitude in all members of a 
training set is an "all important" feature of the set and 
hence its contribution in the discriminant function need 
not be reduced. 

Finally, all the ten Telugu vowels havingphoneticsymbol 
/d/,/a:/,/i "/,/i/,/i:/,/u "'/./u:/.!e .. /,/e:/,/o "'/and/o:/, for 
the purpose of classification,were reduced to the six clas
ses which are phonetically quite different from one an
other. Longer and shorter vowels were grouped together 
as they differ significantly only in duration. To assign a 
proper class to an unknown, its discriminant function 
Dj(F) using formula (ll), corresponding to all the classes 
were measured. It was then decided to belong to a class 
associated with maximum value of Dj (F). It is alsoreaso· 
nable to note the pattern classes associated with the first 
two maximum values from which a correction can be 
attempted whenever a supervisory programme indicates 
a wrong classification. The function of the supervisory 
scheme may be such that the correctness of a class cor
responding to first choice was first examined on the 
basis of syntactic or semantic knowledge of the CNC 
word. If jt did agree, the selection would correspond 
to first choice, otherWise, the second choice of the 
classifier was taken to be final. 

In the second experiment, the percentage variation of the 
features were measured and corresponding weighting 
coefficients (equation 9) were used to compute Dj (F). 
The third and last experiment encompassed the meas-ur
ment of Dj (F) wi thout deforming the feature space 
(with Wjn(l)l=l) and classification scores obtained 
from these various approaches are described in the 
next section. 

Results 

Recognition scores for the individual vowel classes are 
shown in Tables r and II in which the" Weighting coeffi
cient" is the reciprocal of the standard deviation of fea
tures calculated over the entire set of samples. The 
performance of the machine in recognising vowels is 
explained through confusion matrices for different weigh
ting coefficients. A numeral in a cell denotes the number 
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of instances for which same decision was made by the 
classifier and diagonal elements thus represent the num
ber of utterances correctly recognised. The recognition 
score with the reciprocal of standard deviation as the 
weighting coefficient (Tables I and 1I) was found to be 
maximum (=82%). The scores for different classes were 
also found to be larger (with the exception of only one 
vowel class fa:/) with this coefficient than those without 
any weighting coefficient (Table IV). This is expected as 
the fixation of proper weights ensures correct represen
tation of the importance of different features in classifi
cation. Interestingly, the weights based on percentage 
variation were found to decrease the recognition score 
(Table III). It was revealed on investigation that these 
weights tended to attach more importance to the second 
formant frequency whereas the weights based on 
standard deviation attached importance in the order of 
1st, 2nd and 3rd formant frequencies. The significant 
decrease (about 10% on overall score) tends to indicate 
that for vowel classification the Ist formant is more 
important than the 2nd formant. 

Tables I and II reveal that the recognition score for the 
set having an injected average 3rd formant frequency is 

TAIL!: I 
CONfUSiO" MATRIX fOR VOWEL RECOGNmON WHEN 
STANDAAO I>F.VI·\T10N Of' FOkMA!'lT'S IS CONSIDEREa 

AS WEJGI(fINc; <.:O[FFICtENT 

ACTUAL CL\:-.\ 

J 0 

,.I')Z 
, . 

IS 

16 1 I 
42 

• ~ 
II 10 J 1~ 

2 !~ 
1 2 1 .~ 1 

10 

I ~ ~ 
TAHL£ ru 

CONfUSION MATRJX FOR VOWEL RECOGNITION WilEN
 
PERCENTAGE VARIATION OF fORMANTs IS CONSIDERED
 

AS WEIGHll NG COEfl'lCIENT
 

ACTUAL CLASS 

," 41 

105 )" 5 

1) 16 5 

I ) )2 

I I 5) S" 
) 2 I II 10 

somewhat larger than that for the set having actual 3rd 
formants. It has been generally accepted that the 3rd 
formant frequency is not a very important cue for recog
nition. The individual variation of the 3rd formant for 
the the second set probably created some confusion thus 
lowering the total recognition score. 

Investigation of the scope of correction of errors by 
providing a second choice has been carried out. Lower 
numerals in diagonal cells of Tables I and II represent 
the number of errors corrected. Jt is seen that the system 
can provide an improvement of recognition by 15% by 
incorporating second choice under the control of a su
pervisory scheme using extra acoustical features as dis
cussed earlier. 

Results of the investigation on the optimum size 
of training set of samples is graphed in Fig. I, 
where the percenlage of classification is seen to be 
almost constant from and above 15 % of training 
samples. Such a set contains about 12 to 16 samples 
for each class. Therefore, it could be stated that the 
variation of recognition rate with the training set of 
events becomes insignificant after a size sufficiently 

TABLE II 

CONFUSION MATI"'" FOil. VOWEL RECOGNITION WHEN STAND. 
ARD DEVIATION OF FORMANTS IS CONSIOI!JlED AS WElC;HT. 

INC; COEFFICIEtfT~SAMl'LES WITH INJEt;TED If,) •• I 

ACTUA4, CLAsS 

u
d .' 

. 
'~ 

I 1 
0~ 

,4 " 4':Z 
I> ~ 

S I S~
 
2' ~ 

TABLE tV 

CONfUSION MATJ\IX fOR VOWEL RECOGHITIO/ol
 
WITHOUT WEICHTING COEFFICIENT
 

Af'TUAl. CLASS 

93 4<j 

10 91 J I 

2' J 
" 

,2 I 40 , 

, ( oj• 

1 21 $] 

4 
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large to provide a good representative and weighting 
c:>efficients which characterise the classes. 

------" 
C' .----0 

7 

'"O~-~2:-:-0--4..LO,....---:t>"::o,....---:a-:-o~o 

rR"t1t(1N6 SET(tJ.)

Fig. 1. Effect of training sample size on 
recognition score 

Conclusion 

The classification technique described here, is more 
general and simpler in comparison to the earlier experi
ments (Suzuki et aI, 1967, Dutta Majumder et al 1975, 
1976, Paliwdl etal, 1976) comprising straightforward 
distance measurements of a point in a 3-dimensional 
feature vector space from a reference point with a 
suitable "weighting coefficient." Recognition score 
(<::: 82 %) of Telugn vowels could be thought to be 
invariant with any training set, containing enough 
sample points to describe the properties of a pattern 
class. Confusion in machine recognition of a vowel is 
seen to be limited only to neighbouring classes consti
tuting a vowel triangle. This is in agreement with that 
of the other experiments (Dutta Majumder et 01, 1975, 
Paliwal ef aI, 1976). Again, it could be concluded that, 
the formant frequencies (FJ,F2, and F 3) of a vowel are 
not the only characterising features besides, a linguistic 
knowledge of vowels, to have correct classification, 
has been taken into account. 

A rechecking on 5% samples revealed that, the error 
in manual extraction of the formant frequencies lies 
within a range of + 20 Hz. The formants were obtained 
at the steady state ofvowel. So far as vowel recognition 
is concerned, this is not supposed to differ much from 
that obtained from dynamic characteristic, via digital 
processing. The prototype points chosen in this method 
are nothing but the average values of the coordinates 
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corresponding to samples in specific training set, and
 
the reference points so obtained are not distributed
 
throughout the class, but rather are close to one an

other and describe properties of only a part of the
 
class. An improved process of evaluating prototyPe
 
events that is expected to ensure better classification
 

(is in progress and will be reported in due course. 

Appendix 

Summary of the paper" Studies on Acoustic Phonetic
 
Features of Telugu Speech Sounds," by Dutta Mujum

der et 01, 1974.
 

The paper deals with the acoustic phonetic features of
 
Telugu speech sounds as obtained from the spectro

graphic analysis of 362 words. Results are summerised
 
below:
 

a) The variation of the first three formant frequen

cies have been statistically tested and found to follow
 
the normal distribution. It was found that the spread
 
of first formant is from 325 Hz for vowel [i:] to
 
710Hz for [a:] and that for second formant is from
 
923 Hz for vowel [u:] to 2260 Hz [i:] and that for
 
third formant is from 2400 Hz for [a:] to 2757 Hz
 
for [i:].
 

b) The shorter vowels have a tendency towards 
centralisation in the high tongue position than their 
corresponding longer counterparts. A comparison of 
these data with the LEA data of Fant (1 %9) indicates 
that the accuracy of positioning of the tongue is the 
main reason for the larger variation of the formant 
frequencies for shorter categories. 

c) For front vowels, low tongue position shows 
clearly larger variation than the high tongue position. 
For back vowels, the tongue position is not discri
minatory in this respect. For high tongue position, 
the short vowels show larger variations in formant 
frequencies for back vowels than front vowels. The 
case is reversed for long low vowels. The high, long, 
and low, short vowels do not show such discrimination 
with respect to variations in formant frequencies for 
the back front portion of the tongue. 

d) The speaker to speaker variation for short 
vowels is significantly larger than those for long vowels. 
For both long and short front vowels, the duration of 
open vowels are somewhat larger than that of close 
vowels. 

e) The velar [h] fricative consonant is characterised 
by two consonantal formants, one in the low region 
300 - 1400 Hz and second in 2200 -4000 Hz range. 

The palatal [f} and dental [s] fricatives represent 

only a single concentration. Concentration for[ f } 
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extends to a much higher frequency than that of 
dental [s]. The dental fricative is very distinct in its 
appearence in the spectrogram, the velar being the 
weakest. 

f) The burst energy spectrum of the voiceless 

unaspirated fricative [t f} bears close resemblance to 

that of the unvoiced dental stops [t]' Voiced afrricates 

[dz] , [t f h} and [dzh] have burst spectrum similar 

to that of voiced velar stops [g], [kh] and [gJ 
respectively and the fricational energy spectrum have 

striking similarity with [s] ,[J] and [fJ respectively. 

g) The concentration of acoustic energy for [r] 
is nearer to [I]. There are two different [I] in Telegu 
language: One is alveolar [1] and the other is 

palatal [1]. Tile formant like energy concentration is 

more prominent and steady for [1] than that of [i.]. 

h) The plosives show an occlusion period ranging 
from 50 msec to 180 msec and a burst period of 3 
msec to 5 msec. For aspirated plosives the period 
of aspiration ranges from 30 msec to 75 msec. The 
velar consonants have the largest period of aspiration 
and the dentals have the lowest a spiration period. The 
total duration of affricates varies from 100 msec to 
175 msec. The fricative consonants have the largest 
duration (120 msec to 152 msec) of energy concentra
tion among all the consonants. The palatal fricatives 
have larger duration .than the dental ones. [1] has 

larger duration than [iJ . 
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