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Table 1. short and long vowels

Short Vowels Long Vowels
Vowel Vowel
Vowel Example Vowel Exam:
sign sign -
@0 a & ka @i oD @ ki
/a/ ka/ lad fka/
eni A & ki i A &) ki
i - i/ il . ki
u ) é) kn [ @O % @b kil
I/ kw/ fud : Jku!
) Odb ke @ e ke
e/ s e/ Te:f w ke:/
Qo o&) ko [ @@ 860 kb
Jo e ’ka/ Jo:/ e ko:/

Table 2. Malayalam vowel phonemes and their positions

Short Long
Front | Central | Back | Front | Central | Back
e ‘ @i Qu | gmMi | ‘ Qoi
v [ At | wl
G0 o Lo ¥
Oy | M/ fa/ ‘

Front- In mouth, the tongue is in front position
Central-The tongue is further back

Back -The tongue is m the back positionHigh -The
tongue is high

Mid -The tongue 1s lower

Low-The tonguc is low position

1L FORMANT FREQUENCY AND ACOUSTIC VOWEL SPACE

The acoustic resonance of the vocal tract refers to the formant frequency in the speech signal. In the power spectrum, the
formant frequencies appear as peaks. Though there are several formants., the first two formant frequencies (F1, F2) are mainly
used to define the quality of vowels, and it depends on the shape of the vocal tract and position of the tongue. It also depends
on the rounding of lips. There is a unique set of tongue position and movement for cach language and cach voiced sound has
a sct of formant frequencics. It has a unique physical property associated with cach vowel. The first formant frequency F1 has
a frequency range of 300-1200Hz. and the sccond formant frequency F2 ranges between 800-3000Hz

The first formant valuc F1 of a vowel is mversely proportional to vowel height or tongue height. The second formant F2 is
associated with frontness or backness of the tonguc body. If FI s high, there is a low vowel height and 1f F2 1s high. the tongue
is in the front position [4]. The formant frequencies are the most common parameters used to characterise the vocal tract in
speech analysis.

Figure 2. An example of Frequency spectrum and formant frequency plot of a Malayalam vowel phoneme
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Acoustic descriptions of speech sounds, especially the formant patterns of vowels give greater accuracy. It can then be used in

various arcas ltke phonetics, speech pathology, speech recognition. ete. [5].

Catford (1988) talks about the concept called “vowel space™ and “vowel limit™. He says that the idea of the Cardinal Vowels
by the renowned phonetician Dansel Jones is based on the concept that the vowels are limited by vowel space or limit. In the
production of a vowel, there is a certain fixed arca or space within oropharyngeal cavity, beyond which the vowel takes space
of an approximate type of sound. Thus, theorcetically speaking, “any vowel of any language must have its tonguc-position cither
on the vowel limit itself, or within the Vowel Space “(Catford. 1988:130) [6][7].

L LPC MODEL

In speech processing, Lincar Predictive Coding (LPC) 1s used to represent the spectral envelope of a speech signal n
compressed form. LPC method is onc of the popular methods in Specch analysis. There are many works available which uses
Linear prediction for speech analysis [8]. LPC can be used to determine the recurrence of the vocal cord vibration, vocal tract
shape. spectral frequencies, and bandwidths [9]. To extract Formant frequencics, the most commonly used technique 1s lincar
predictive analysis because of the ability to provide accurate estimates and relative speed of computation.

The basic steps of LPC process includes the following
Pre-emphasis: The digitized speech signal, s(n), is put through a low order digital system, to spectrally flatten the signal and to
make it less susceptible to finite precision effects later in the ngml processing. The output of the pre-emphasis network, is
related to the input s(n) of the network given by the difference equation:

") = s(n) - "a(n - 1)

Frame Blocking: The output of pre-emphasis step,”§n), is blocked into frames of N samples, with adjacent frames being
scparated by M samples. If x:(n) 1s the #* frame of speech, and there are L frames within the entire speech signal, then

xy(n) ="§Mil+ n)
wheren=0,1, .. N-landl=0,1, .., L-1

Windowing: After frame blocking, the next step is to window cach individual frame so as to minimize the signal discontinuitics
at thc'hcginning and at end of cach frame. If we define the window as win), 0 <n < N — 1. then the result of windowing is the
signal:

x(n) = xi(n)w(n)
where0<n<N-1
A typical window 1s the Hamming window, which has the form

w(n) = 0.54 — 046 cos[_2™ 0<n<N-1
N-1

Autocorrclation Analysis: The next step is to auto correlate cach frame of windowed signal in order to give

N=1-m

ri(m) = 3% J(n)x(n + m) m=01,....p

w=l)
where the highest autocorrelation value p. is the order of the LPC analysis.

LPC Analysis: The next processing step is the LPC analysis, which converts cach frame of p+1 autocorrelations into LPC
parameter sct by using Durbin’s method. This can formally be given as the following algorithm:

Em = r(0)
r(l)X‘" ‘r(ll -ib
&= E" lsisp
a =k,
a9 = g™ ka("') 1<j<i-1
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Ew = (l - &I)En-l
Recursively fori= 1.2, ..., p. the LPC cocfficient, a., . is given as

)

Am = dp

LPC Parameter Conversion to Cepstral Cocfficients: LPC cepstral cocfficients, 1s a very important LPC parameter set, which
can be derived directly from the LPC cocfficient sct. The recursion used is
-1

cm=am+2(m)-fram-k l<=m<p
k=1
=1
Cm= 2 (_.) e A~ m>p
Awm=p
The LPC cepstral cocfficients are the features that are extracted from voice signal and these cocfficients are used as the input
data of Artificial Neural Network. In this system, voice signal is sampled using sampling frequency of 8 kHz and the signal is

sampled within 0.5 seconds, therefore, the sampling process results 4000 sampled data. Because we choose LPC parameter N
=240, m = 80, and LPC order = 12 then there arc 576 data of LPC cepstral cocfficients. These 576 data arc used as the input

of artifictal neural network [10] [11].
Iv. METHODS AND MATERIALS

This study deals with 40 native normal adults (20 males and 20 females) in the age group of 18-45 years. Malayalam consists
of 36 consonants and 15 vowel symbols. Though there are 15 vowel svmbols in the Malayalam script. only ten vowel phonemes
were sclected. The vowel phonemes are fal, /a2, A% i/, W/, fucl, Ie/, Je2/, Jol. and /oo

In the analysis, vowel utterances were recorded by usmg speech samplmg ata samp[mg rate of 16KHz Noisc was filtered
in the pre-processing step. The microphone was kept at a distance of 10cm away from the speaker. The analysis was performed
by using LPC mcthod to give the values of formant frequencics.

V. RESULTS

The mean value of F1 and F2 were computed for cach vowel, and for cach speaker. Table 3 shows the average values of F1
and F2 for different Malayalam vowel phonemes.

Table 3. Average Formant Frequencics of Malayalam Vowel Phonemes For Male and Female

Formants F1 F2
Vowels\Gender M F M F

a 730 848 1226 1336
a: 725 813 1220 1320

340 368 2345 2822
[B 282 290 2025 2328
u 326 355 862 892
u: 317 323 750 806
[ 458 404 2010 2774
e 439 475 2108 2631
o 457 476 808 983
0 441 457 798 927

The table shows the comparison of formant frequencies for males and females. In the comparison, it is understood that the
formant frequencics of females were comparatively higher than males. and also the short vowel formants have a slightly higher
value than long vowels.

Acoustic vowel space is a tool that explains how the formant froquencies help accurately to determine the vowel space in a
language. It is also uscful for distinguishing individual speakers. The area of the acoustic vowel space was plotted using
SigmaPlot software. Figure 3 shows the acoustic vowel space companson for male and female in Malayalam.
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Figure 3. Male and Female acoustic vowel space in Malayalam

It is also showing the vowel space representation of the resultant formant table. Points in the plot indicates the Malayalam
vowel phoneme formants for males and females, From Table 3 and Figure 3. it is noted that the formant frequencies F1 and F2
are higher in females. which is attributed to the fact that the vocal tract of females is comparatively smaller than males.

VI.  CONCLUSION

From the examination of formant frequencies of various Malayalam vowel phonemes, it 1s found that there is a definite
vanation m F1 and F2 for cach vowel utterance. Results show that F1 and F2 arc greater in short vowels than long vowels.
There is no relation between FI and F2 for a particular vowel phoneme. From the comparnison of formant frequencies, it is
found that, the formant values of female vowel utterances are comparatively greater than that of a male speaker. It also shows
that, the third formant frequency F3 and forth formant frequency F4 do not play a pivotal role in determining the quality of
vowels. The acoustic vowel space has an upward shift of F1 and F2 in female utterances compared to male.
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