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Speech recognition has been a growing filed of research for quite some time in terms
of its importance as well as the number of active researches. The present research looks into
a particular problem of recognizing Thai connected speech. The framework developed in this
research consists of three parts. The first part called syllable segmentation starts with the
segmentation of an input speech signal into a sequence of syllables at the syllables
boundaries with algorithms based on Fuzzy Inference System (FIS). Then. for each
segmented syllable signal. its phonemes. namely leading consonant. vowel. ending consonant
and tone. are recognized in the second part called syllable recognition using Hidden Markov
Model (HMM) and Artificial Neural Network (ANN). At this point. the input speech signal
has been processed into a sequence of recognized syllables. Subsequently. in the third and
last part called syllable-based word recognition. the sequence of recognized syllables is
segmented into a series of words with respect to a given word domain which is in turn used as
a basis for the development of word models. This is accomplished by means of either a
Genetic Algorithm (GA) based approach or an Ambiguous Probability based approach. In
addition to the segmentation, this third part also attempts to correct any misrecognized
syllables according to the word models developed. The three-part framework described here
is in stark contrast to a mere template matching scheme employed in many commercially
available products. With such a scheme. speech recognition is only limited to a certa'
number of vocabularies that have been trained or memorized. Even though practical. an
application domain of the template matching scheme is rather restricted since speeches
cannot be recognized in general: only pre-memorized vocabularies can subsequently be
recognized. On the other hand. the framework developed in this rescarch is meant tor the
recognition of any spoken Thai speeches. Here. all svllables of Thai language can be
recognized and represented in a standard phonetic representation,  This. therefore. forms a
basis for a future research into natural language understanding of spoken Thai speeches.
Originally. the research started off attempting to solve only the first two parts of the
framework by means of Neurol'uzzy technology. After a couple of years of research and
development eifort. it has been proven that the NeuroFuzzy alone is inadequate in solving
such complex problems: and the Hidden Markov Model had to be included. In addition. it
has also been shown that merely producing a sequence of recognized syllables is not totally
useful for speech understanding applications to be further developed since there are always
some. albeit small. inherent errors in the recognized syllables. Hence. the third part of
syllable-based word recognition had to be developed. As the result, the research with its
widened scope took much longer than originally anticipated. It can be observed that the
problem being tackled here is intrinsically difficult. Spoken speeches do contain uncertainty.
Even when the same word or phrase is spoken by the same person twice, there are always
some subtle differences. Moreover, in addition to typical challenges encountered in a speech
recognition problem. the research also needs to address the peculiarities of Thai speeches
ranging from tone to diphthong.

Key words: Speech Recognition, Signal Processing. Fuzzy I[nference System, Artificial
Neural Network, Hidden Markov Model. Genetic-Algorithm
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HYBRID NEURAL NETWORK AND FUZZY SYSTEM FOR PHONETIC
CLASSIFICATION OF THA! SPEECH

TRAIPONG CHANCHARUNG
traipong(@loxinfo.co.th
Intelligent Systems Laboratory
Faculty of Science and Technology
Assumption University
Bangkok . Thailand

ABSTRACT

Nowadays. the speech recognition is widely
used to interface with computer programs or
electronic devices by human voice. Most of the
speech recognition systems recognize the human
speech by detecting words or syllables previously
learned. Existing methodologies limit the number
of words or syllables to be stored in the system.
Therefore. such methodologies do not provide the
ability to learn words or syllables beyond their
limits. On the other hand, learning phonemes
leads to the ability to learn all syllables. Some
speech  recognition  systems  use  several
mathematical functions to calculate and find out the
result. This approach may take several minutes. In
stead of using mathematical functions, the proposed
real-time system using Fuzzy System and Neural
Network which can provide faster output. Some
existing systems use Neural Network to recognize
phonemes but there is no existing methodology that
can be applied to recognize all the phonemes of the
Thai language. This framework provides a way to
analyze Thai speech by recognizing the syllable
sounds in real-time using Fuzzy System and Neural
Network, One syllable sound is divided into four
phonemes. Five modules of the proposed
framework altogether categorize and recognize the
phonetic constituents of Thai syllable.

Keywards: Thai Speech Recognition, Intelligent
System, Fuzzy system, Neural Network

1. INTRODUCTION

At present, we always use computers in our
daily activities because they can manipulate any
data quickly and correctly. We normally interface
with a computer via a keyboard or a mouse, but
both of their usage always causes some errors and
inefficiency. Many times, mistyping and slow
working are common. To decrease such errors,
interfacing with computers by sound is preferred.

In [1]. a review of the use of Neural Network in
speech recognition is thoroughly documented.
Most of all the existing systems for the speech
recognition recognizes by word or syllable using

PRATIT SANTIPRABHOB
pratit@s-t.au.ac.th
Intelligent Systems Laboratory
Faculty of Science and Technology
Assumption University
Bangkok, Thailand

Neural Network [2,3.4]. According 10 the
recognition of the existing systems, their limitations
are up to the number of word and syltable. Such
limitations cause less than optimal learning. On the
other hand. learning phonemes as discussed in
[5.6.7] is different yet a better approach because the
number of phonemes is fixed. Thus phonemes can
be exhaustively leamed.

This framework proposes a way to recognize
Thai sound by firstly parsing it into syllables and
then classifying them into phonemes. Because
phoneme is the smallest unit of a language, it is
easy to be learned. remembered and applied with
any applications., In the framework, five modules
are used to classify four phonemes of the Tha
syllable.

2. THE STRUCTURE OF THAI
SOUND

The structure of Thai sound can be divided into
4 types of phoneme: leading consonant, vowel, tone
and ending consonant.  There are 32 leading
consonant, 24 vowels. 5 tones and 9 ending
consonant. For vowel. it can be separated into 2
sub groups: 12 short-vowels and 12 long-vowels.
However, there are only 9 main vowel per group
because other 3 vowels of each group are the mix of
main vowel,

Sound - Syllable
—» Parser processing

y

Leading

consonant, Hybrid Neural Network
Vowel, Tone, and Fuzzy System for
Ending < Phonetic  Classification
consonant of Thai Speech

Figure 1: Over all process.



Tone
(Fuzzy Tone Extraction
' Module)
(FTEM)

Vowel

Syllable (Neural Vowel
Sound Extraction Module)
(NVEM)

Short or Long Vowel
(Fuzzy Vowe] Length
Extraction Module)
{(FVLEM)

Leading Consonant

(Neural Leading

Consonant Extraction
4 Phonemes
Module) Leadino
(NLCEM) - Leadng
Consonant
: - Vowel
Ending Consonant -Tone
(Neural Ending -Endine
Consonant Extraction Consonz;nt
Module)
{(NECEM)
Full Vowel

Figure 2: Overall framework

3. FEATURE OF THAI PHONETIC
CLASSIFICATION

The framework is started from parsing human
speech with sampling rate 11025 Hz. on mono
channel {8 bits) into syllable sound with parser
processing.  The amplitude of syllable will be
passed through the system of “Hybrid Neural
Network and Fuzzy System for Phonetic
Classification of Thai Speech™ in order to be
analyzed and clustered into 4 kinds of phoneme
(Leading consonant-Vowel-Tone-Ending
consonant) as shown in Figure i. For "Hybrid
Neural Network and Fuzzy System for Phonetic
Classification of Thai Speech’, it composes of 5
modules as show in Figure 2.

Vi VH

IS 1200 125 130 135 140 )45 130 |53

Figure 3: Fuzzy number of FTEM

3.1 FUZZY TONE EXTRACTION MODULE
(FETM)

There are 5 tones of Thai sound (Low Tone. Mid
Tone. High Tone, Rising Tone and Falling Tone).
To recognize tone. this module has to convert ali

| LO ME HI
0.5
HZ
0 —>

sampling into frequency and then apply the Fuzzy
Logic to recognize it. The frequency will calculate
from the sampling interval. All of frequency w .l
be clustering into 5 groups. The frequency can be
very low (VL) low (LO), medium {ME). high (HI)
and wvery high ({(VH). The Fuzzy number
representation is shown in Figure 3. There are 24
Fuzzy Rules Base for recognize tone and some of
them are show below:

Rule 1:

If (groupt = ME) and (group2 = ME) and (group3
= ME) and (group4 = LO) and (group5 = VL) then
Tone = Mid Tone

Rule 2:

If (groupt = VH) and (group2 = VH) and {group3 =
VH) and (groupd = HI) and (group5 = ME) then
Tone = Falling Tone

Rule 3:

If (group! = VL) and (group2 = VL) and (group3 =
VL) and {(group4 = LO) and (group5 = VH) then
Tone = Rising Tone

Rule 4:

If (groupl = ME) and (group2 = HI} and (group3 =
H1) and (group4 = HI) and (groupS = VH) then
Tone = High Tone

Rule 5:
If (group! = L.O) and (group2 = VL) and (group3 =

VL) and (group4 = VL) and (groups = VL) then
Tone = Low Tone

The defuzzification method of FTEM is MOM
(Mean of Maximum).



3.2 NEURAL VOWEL EXTRACTION
MODULE (NVEM)

This module extract essential information for
further processing. So this module will recognize
only 12 out of 24 vowels of Thai sound. "Back
Propagation” algorithm of Neural Network is
applied here to analyze the amplitude. There is
only one hidden layer. There are 100 input nodes.
15 hidden nodes and 9 output nodes. The leaming
rate is 0.7 and the max acceptable error is 0.005.
Next, the processes of NVEM are setup as
following:

- Selecting one sampling interval from the sound
sample at any point after the 40th percentile where
the shape of the sound wave becomes steady. Then
normalize sample interval to 100 samples
(normalize time) and normalize the amplitude to
maximum value (127) and use Neural Network to
recognize 9 major sounds.

- If the major sound is i” or “u” or " then
check for minor sound.

- For 3 minor sounds. select one sampling
interval from the sound sample at any point afier
the 70th percentile where the shape of the sound
wave becomes steady. Then normalize sample
interval to 100 samples (normalize time) and
normalize the amplitude to maximum value (127)
and then use Neural Network to recognize, If minor
sound is a” then it show that this sound is minor
sound. Otherwise, this sound is major sound.

- Theresult of NVEM is sent to FVLEM.

3.3 FUZZY VOWEL LENGTH EXTRACTION
MODULE (FVLEM)

FVLEM uses fuzzy rules to classify the length
of vowel (Short, Long) according to the number of
sampling interval. All of sampling interval must
also have the maximum amplitude value more than
30. The fuzzy number is shown in Figure 4.

Short Long
U A
1
0.5
Number of
sampling interval
0 15 20 25

Figure 4. Fuzzy number of FVLEM

3.4 NEURAL LEADING CONSONANT
EXTRACTION MODULE (NLCEM)

There are 32 leading consonants of Thai sound.
NLCEM selects one sampling interval from the
beginning of the sampled sound for recognizing of
32 leading consonant. It normalizes sample interval
to 100 samples (normalize time) and normalizes the
amplitude to maximum value (127). Simple “Back
Propagation™ algorithm of Neural Network is used
here to recognize them. Each leading consonant is
up to vowel, which is meant that it uses 9 Neural
Networks to find out the value of consonant in each
vowel. Hence only one hidden layer is used. A
Neural Network contains 100 input nodes, 20
hidden nodes, and 32 output nodes. The learning
rate is 0.7 and the max acceptable error is 0.005.

Because of the length of leading consonant
sample is vary, it is not necessary to be compared
with all Neural Network that gives the fast result.

3.5 NEURAL ENDING CONSONANT
EXTRACTION MODULE (NECEM)

There are 9 ending consonants of Thai sound.
NECEM selects one sampling interval from the
ending of the sampled sound to recognize 9 ending
consonants. Then, it normalizes sample interval to
100 samples (normalize time) and normalizes the
amplitude to maximum value (127). Since each of
ending sound is based on vowel as consonant, it
uses 9 Neural Networks apply Back Propagation
algorithm. A Neural Network contains 100 input
nodes. 15 hidden nodes and 9 output nodes. The
learning rate is 0.7 and the max acceptable error is
0.005.

4. EXPERIMENTAL RESULT

There are 10 people speakers in this experiment.
Each of them speaks 5 times of all of possible data:
5 tones, 9 vowels, 32 leading consonants and 9
ending consonants. After training all of data, there
are other 50 people tests this application. They
speak two times for all of data. The results are
shown in Figure 5-9.

Tone Mid | Low | Falling | High | Rising

Correct | 98% | 85% 90% | 98% | 95%

Incorrect | 2% 15% 10% 2% 5%

Figurc 5: The result of FTEM

Vowel Short Long
Correct 95% 85%
Wrong 5% 15%




Figure 6: The result of FVLEM

Vowel Correct Incorrect

A 99% 1%

I 80% 20%

® 82% 18% |
U 90% 10%

e 98% 2%
ﬁ‘ Y 99% 1%
{ o 95% 5%

[ g 95% 5%
> 93% %
ia 80% 20%
wa 82% 18%
ua 90% 1 10%

Figure 7: The result of NVEM

LC | Corre 1 In- LLC Correct | In- |
ct correct correct
k | 92% 8% I 88% 12%
kh | 95% 5% | w 96% 4%
ng | 92% 18% | s 92% 8% |
c | 8% 15% 2 80% 20%
| ch | 86% 14% |_h 82% 16%
' 91% 9% J kw | 76% 24%
d | 91% 9% K 78% 22%
t | 80% | 20% | | ke | 78% 22%
th | 90% 10% | khw | 82% 8% |
n | 8% | 15% khl | 83% 17% |
b | 83% | 17% khr | 83% 17% |
p | 94% 6% | | phl | 86% 14% |
ph | 95% 5% | hr | 86% 14%
| f | 95% 5% | | pl | 88% 12%
| m | 88% 12% r 82% 18%
L r [ 90% | 10% tr 96% 4% |
Figure 8: The result of NLCEM
(LC = Leading Consonant)
EC Correct Incorrect
n 85% 15%
ng 85% 15%
k 92% 8%
t 90% 10%
ﬁ p_ 95% 5%
m 85% 15%
1 88% 12%
| w 90% 10%
8 95% 5% |

Figure 9: The result of NECEM
(EC = Ending Consonant)

5. CONCLUSION

This paper presents a hybrid Neural Network
and Fuzzy System for Thai phonetic classification.
Each Thai syllable is consisted of a leading
consonant, a vowel, a tone and an ending
consonant. Each of them requires different
classification techniques for which different
modules, namely FTEM, NVEM, FVLEM,
NLCEM and NECEM have been developed. The
results of all modules are combined in order to
represent the Thai syllable from the input speech.
As the result, this proposed framework can
recognize 34,560 syllable sounds (32 x 24 x 5x9)
that are the basis of Thai sound. This system can
be embedded in any applications such as word
processing, games or electronic machine likes robot
that require voice interface in Thai language.

This framework is limited on gender because the
sounds of man and woman have different base
frequencies. Basically, the frequency of women’s
sound is higher than that of men’s about two times.
Hence, the training data must be prepared
separately for each gender. However, for the same
gender, the system is speaker independent. It can
be used with any peopie after it successfully passes
the leaming process.
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ABSTRACT

In speech recognition system, The fundamental
task is to do segmentation the svllable of speech
signals. The efficiency of svliable segmentation
effects the performance of the entire recognition
svstem. This process should be fast and use less time
of computation to make good response time of the
svstem.

This paper proposes a reul-time framework and
algorithm to segment Thui svilables bv Fuzox
Svstem. Four Energy functions will use us parameter
of the speech and rnwo Fuzzyv Inference Svstems (FIS)
are used to determine the sturring and ending point
of the svilable.

Nevwords:  Thai  Speech  Recognition,  Syilable
Segmentation, Endpoint Derection, Signal
Processing, and Fuzzy Syvstem.

1. INTRODUCTION

Most of the errors in the automatic speech
recognition system are the inaccurate detection
of the beginning and ending boundaries of test
and reference patterns [3].

The major usage of the automatic speech
recognition syvstent is in real-time system. so the
speed and response time of the syvstem is
important.

From those reasons. the good svllable
segmentation algorithm should be fast and has a
good accuracy. Nowadays there are several
algorithms proposed to syllable segmentation.
The following are a typical word boundary
detection algorithm [3].

1) Energy based algorithms with automatic

threshold adjustment. They are intuitive
approaches based on energyv levels and

PRATIT SANTIPRABHOB
Intelligent Systems Laboratory
Faculty of Science and Technology
Assumption University
Bangkok, Thailand
Fax: (662) 3198753
Tel: (662) 30045453

duration of silence and  speech.
Sometimes several pairs of boundaries
are vielded in order of their rank of being
correct.

2) Noise adaptive algorithms: use the log of
the RMS signal energy, the zero-crossing
rate. duration information. and a set of
heuristics. The thresholds used for the
energy and the zero-crossings are
adapted automatically from a few frames
provided by the signal environment.

3) Algorithms  using  frequency-based
features. This algornithm performs FFT
transformations and computes the energy
in the frequency-band 250-3500Hz. and
logarithm of the RMS energy.

The Energy and Noise adaptive algorithm
need good decision system to determine the
start and endpoint of syllable. The Frequency-
based algorithm uses much time consuming and
computation overhead. This is not good for
real-time system

This paper proposes the algorithm to segment
the Thai syllables with fast speed and
acceptable accuracy. using energy as the
parameter of the speech and use Fuzzy
[nference System to determine the starting and
ending point of the syllables.



2. DESCRIPTION OF THE 2) Root mean square energy
ALGORITHM

i
- - - ] " . 2
The proposed algorithm consists of five E = _Z‘q_lil (4)
. . i "
steps:  Pre-Processing, En-framing. Energy WD
computation. Energy Graph Smoothing and 3) Square energy

Starting-Ending point detection step. First the

speech signal is Pre-Processing 1o reduce noise L

and normalize the maximum amplitude to 1 . E, = ZS‘;[;’] (
then En-framing these signal and compute the il

energy from each frame. The energy graph have

got from the last step must be smoothed the last 4)  Teagerencrgy

step, use FIS to make decision for ending and

starting point of each syllable in the sentence.

N
"

E[i]=S[i]-Sli+1S[i=1]  (6)

2.1 PRE-PROCESSING ) .

E, =) Eli] (7)
The speech signal will be pre-emphasized =l
with first order low-pass filter as show in

equation 1. The factor of pre-emphasize is 0.95 W here
S = Slil—aSli—1 wis given as the window of  frame
S, = Slil—aS[i—1] (1) 8 indow of  frame
[1]. S {ilis speech sample in frame numb.r n
E[i]is the energy at position i
Where sf1] is a speech signal at position | ] K ) [7
A is the fuctors of pre-emphusize £, is the energy of frame n

Then the maximum amplitude of speech 2.558MOOTHING ENERGY GRAPH

stgnal will be normalized to 1 by the following

Without  smoothing  energy  contour,

S[] = S[1] O MANTS) (2) boundary detection is very difficult because the

contour has a lot of local maximum and

equation minimum encrgy. This process will construct
Where S{I] is a speech signal at position 1 the smoothing energy curve.

MANS) s the maximum amplitude of the
speech signal

2.2 EN-FRAMING

I

SUT=1”J*—'§:SU]

The speech signal will be en-frame with, 256 i AR
samples per frame and the overlapping 50% of Hherq .
each frame were assumed. This overlapping is S is speech signal at position i
essential for a smooth transition feature from Wis size of smoothing window

one frame to another frame.
23 ENERGY COMPUTATION

For computing the energy of each frame,
four following energy functions [1] are used:

1) Absolute energy

E, =2 1S[i (3)



Input: E

Input: DEL

Output: Stant

Input: DER

Mamdani-Type ——» High, Medium.
Inference Low

Output: End

—
/

Input: DELI

Input: DERI

High, Medium,
Low

Figure 1. FIS Model

2.5 STARTING AND ENDING POINT
DETECTION

The Fuzzy Inference System (FIS) 1s used
to make a decision at each point whether: it is
starting point or ending point or neither.

This paper proposes two FIS models for
detection the starting and ending point of
svllables:

2.5.1 FIS1 MODEL

This FIS model is Mamdni-type Inference.
The detuzzitication method of FIS1 is centroid.
FIS1 has 21 rules. 5 inputs and 2 outputs as
show in the Figure 1, Table 1 and 2
respectively.

INPUT FORMULAR

E : Energy Ell]
DEL : Delta E Left Max(I-5.1) -
E[1]
DER: Delta E Right Max(L.1+5) -
E[l]
DELT : Delta E Left 1 Point E[I-1]-E[]]
DERI : Delta E Right 1 Point Efl+1] -E[l]

Tuble I

Where EfI] is the energy at position |
MaxilI-3) is the maxinmum of energy from
position 1o -3

START The values from range 0 to
I.for indicating the starting
point. If 1 this point is the
strongest starting point _ if’
this point is the weakest
starting point

END The value from range 0 to
I. for indicate the ending
point. If | this point is the
strongest ending point | if 0
this point is the weakest
ending point

Table 2.

First. input parameter of every point in energy
graph to FISI and keep out put from FISI for
every point, then do the following steps from
first point to the last point:

1. Find the first Point that has Starting
Chaput from FIST (s High. That point is
the first starting point.
Go to Next Point
If Ending Gupui from FIST is
- Medium

If State is ending

w ta



FIS2-1
> Left FIS2-2
Model
>
FIS2-)
— 3] Model /
Right
Figure 2. FIS2 Model
Input: E
npt —® Mamdani-Type Output:
Inference High ,
Input: DP > ™ Medium .
Low
Input: DE

Figure 3. FIND-1 Muodel

If Lengih from last Siarting Point >
25. Add thix point ax New Ending
Point. Stare is Starting

Else If Length from last Starting
Point  -25. Expand last Ending
Poinit to this Point

- High,

If Length from last Starting Point
<=/
If State is ending.
If Last Starting Point is Medium
QOuiput, Remove Last Starting
Point, Replace last Ending Poini
with this point. State is starting
Else add this point as New Ending
Point
Else Expand Last ending (o this
Point
Else
If State is ending then Add this
point as new Ending point.
State is starting

Else Expand Last Ending Point
to this Point

4. If Starting Output from FIS| is
- Medium

If State is Ending and Length from
last Starting Point > 25, Add this

point as new Siarting Point |
State is Sturting

- Migh

If State is Ending. Add this point as

new  Starting  Poimt,  State s
sturting
5. Goto Step 2
E : Energy E[1] E[l]
DP : Delta Max(I-S1.D) Max(1-S2.I) -
to Peak = E[I E[I]
DE : Delta E | E[l] - E[S1) E[l] - E[S2]

Where each point represents by [S1. 1, S2)

S1 is the previous possible point
[ is current possible point
S2 is the next possible point

Table 3. Input of FIS2-2
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2.5.2 FIS2 MODEL

This FIS model has 2 levels, which are
Mamdni-type Inference FIS2-1 and FIS2-2. The
FIS2 Model has shown in Figure 2. The
Defuzzification method of both FIS2-1 and
FIS2-2 is centroid. FIS2-1 has 25 rules, 3
inputs and 1 output as shown in the Figure 3
and Table 3. And FIS2-1 has 9 rules, 2 inputs
and 1 output as show in Figure 4 and Table 4.

The following algorithm was used to find
all of the possible point to be starting and
ending. Then compute the parameter of each
possible point for input to FIS2. get the output
and make decision that is it should be boundary
point of syllables

Algorithm to find possible point.:

I = first poim, First Possible Point is I
DE = E[I+1] - EfI]

If DE> 0. Goto4

IfDE <0 Goto5

IfDE =0.Goto6

4. Go to Next Point and Compute DE until

o b

DE = 0 then Add I to Possible Point
List. Go to next I, Go to Step 2.
DE < 0 then Go to next I, Go to Step 5
Go to Next Point and Compute DE until
DE >= 0 then Add I to Possible Point
List, Go to next I, Go 1o Step 2.
6. Go to Next Point and Compute DE until
DE! = 0 then Add I to Possible Poit
List. Go to next 1. Go to Step 2.

,u.

3 EXPERIMENTAL RESULTS

There are 5 speakers in this experiment.
Each of them speaks 36 ambiguous Thai
sentences [5]. each sentences contains 5-10
words. Use FIS1 and FIS2 to detect the starting
and ending point of syllables from the four
energy graphs (ABS Energy. Square Energy,
RMS  Energy and Teager Energy) with
smoothing and not smoothing. The ABS Energy
graph produces the best accuracy as show in
Table 9 for accuracy by sentence, in Table 10
for accuracy by syllables.

4 CONCLUSION

Four energy algorithms have been tested
on the proposed detection syllable method.
From the experiment, the results show that ABS

Energy produce the best accuracy. The RMS
Energy produces near accuracy with ABS
Energy but take more time for computing.
Square Energy and Teager Energy produce low
accuracy because of losing syllable problem.

For the Boundary Decision Model. FIS1 with
smoothing window = 2 produce the best
accuracy. For FIS2. it will not work without
smoothing, however FIS2 with smoothing
window = 2. produce the lower accuracy than
FIS!.

Errors of the syllable detection are due to

“Low Volume Syllable™, ~“Too Long Syllable™
and “Too Short Syilable™
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Input: Left o Mamdani-Type Output:
Inference High

» Medium .
J Low

Input: Right

Figure 4. FIS2-2 Model

Left _The value received from the first FIS2-1
" Right | The value received from the second FIS2-2

Table 4. Input of FIS2-2

Porcont

A SNcnom oy oo Deroon C oo !

FIS1 with No 16.11% 83.39%
Smoothing |
FIS| with Smoothing | 180 i 31 | 17.22% 149 82.78%
Window size = 2 | |
F1S2 with Smoothing | 180 | 35 [ 19.44% 145 80.56%

_ Window size =2 | L ;

Table 5. Accuracy by sentence

140 o i [Froure Dore et Dorocm

FIS1 with No 32 2.36% 97.64%
Smoothing
FIS1 with Smoothing 1355 31 229% | 1324 97.71%
Window size = 2
FIS2 with Smoothing 1355 36 2.66% 1319 97.34%
Window size = 2

Table 6. Accuracy by word
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-ABSTRACT

The Thai speech can be recognized by word or
syllable. Most Thai speech recognition systems are
word-based and syllable-based system. And most
systems use several signal-processing functions in
recognition process. These systems have a limit
number of word and syilable that they can
recognize.

This research paper proposed the Thai speech
recognition sysiem that recognizes syllable by its
phoneme representation using Fuzzy and Neural
Network (NN) technique. The proposed system is
designed 10 have desirable properties:

1. The proposed system is not limited to the
number of word or syflable.

2. The proposed system is general enough to be
speaker-independent speech recognition system

3. The proposed system has small computation
time to be able to be real-time system.

4. The proposed system has
recognition error rate.

acceptable

Keywords: Thai Speech Recognition, Fuzzy System,
Neural Network and Signal Processing

1. INTRODUCTION

Speech recognition is an exciting and
challenging technology that changes the way
we interact with computers in the future. This
technology has been under development for
more three decades at university, corporate and
government research labs.

From the review of Thai speech recognition
Systems, most systems recognize Thai speech
by words {1,2,3,4]. Most of them [1,2,4] use
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several signal-processing functions that require
a lot of computation time and power.

In this research, the proposed system
presents a way to recognize Thai syllable sound
by their phonetic representation using Fuzzy
and NN system. This paper is organized as
follows. In Section 2, the structure of Thai
syllable included Thai sound and phonetic
representation of Thai syllable is introduced. In
Section 3, the details of this proposed system
are discussed. In Section 4, The initial
experimental results are discussed. In Section 5,
the conclusion is discussed

2. THE STRUCTURE OF THAI
SYLLABLE AND PHONEME

A Thai syllable can be divided into 4
phonemes: leading consonant, vowel, tone, and
ending consonant.  There are 32 leading
consonants, 24 vowels, 5 tones and 9 ending
consonants in Thai language. Vowels can also
be separated into 2 groups: 12 short-vowels and
12 long-vowels. Each group has only 9 major
vowels (pure vowel) and 3 minor (diphthong or
the combination of 2 pure vowels) vowels.
Both groups of vowel are identical regardless to
length of vowel.

A Thai syllable sound can be divided into
three main parts regarding to redundant pattern
in its amplitudes. Three main parts of a Thai
syllable sound: leading consonant part, vowel
part, and ending consonant part.
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3. PROPOSED SYSTEM

The proposed system recognizes the Thai
syllables by classify them to phonemes. The
system consists of 4 processes. A That syllable
signal sample is passed through all 4 processes
the proposed system in parallel and then
phonetic representation of Thai syllable is
returned as the result. The following are all 4
processes in the proposed system:

3.1 VOWEL RECOGNITON PROCESS
(VRP)

Each Thai syllable contains at least one
major vowel. In Thai syllable signal sample,
Each 9 major vowels has a different period
-sample at the middle (about 25-60%) of the
signal. The main point of this process is to
recognize these 9 period samples. And the rest
of Thai vowel can be derived from these 9
major vowels. VRP is divided into 2 parts. First
part is to acquire a normalized vowel period
sample from the syllable signal sample. The
following steps are applied to acquire a
normalized vowel period:

1. The middle part of the Syllable signal
sample is extracted to be used as the input
of step 2
A period sample is extracted from step 1
output signal sample using Average
Magnitude Difference Function (AMDF)
method [5].

3. The period sample is normalized to have

time length equal to 20
4. All amplitudes of the period sample is

normalized using the following formula:

[ ]

sty = s(i)/ a

where sti) is period sample at time |.
a is the absolute maximum
amplitude of period sample.

The second part is to recognize the vowel
using the result from the first part as the input.
In this research, One-Hidden layer feedforward
neural network (OFNN) is applied to classify 9
vowels. OFNN consists of 20 input nodes, 15
hidden nodes and 9 output nodes. Back-
propagation (gradient descent with variable
learning rate) algorithm is used for OFNN
training. If the output of OFNN is the major
vowel that can be combined with another major

vowel in order to construct diphthong vowel.
The processes in the first and second part of
VRP are repeated again to find out the second
major vowel. But in step 1 of the first part the
different middle part of syllable signal sample
15 extracted at the different position. If second
vowel is the same as first vowel, the vowel of
the input syllable sound is major vowel.
Otherwise, the vowel of the input syllable
sound is minor (diphthong)} vowel.

3.2 TONE RECOGNITION PROCESS
(TRP)

In Thai language. each tone has a different
frequency feature. Fuzzy inference system
(FIS) is used in TRP. The FIS model is
Mamdani-type FIS. FIS has 63 rules. 4 inputs
and 5 outputs. The defuzzification method is
centroid.

All 4 inputs (d1. d2. d3. and d4) of FIS are
gathered using the following steps:

1. The input Syllable signal sample is divided
into 30 windows equally.

2. Apply AMDF algorithm to each window in
order to find 1 period sample.

3. Find the frequency of each window by
using the following formula:

f=s/p

where [fis frequency (Hz)

s is Sampling rate (Hz)

P is a period sample time (sec)
from the step 2

As the results, we got 30 values of
frequency.

4. The frequency values for step 3 are

sequentially grouped into 5 groups

5. The median frequency is used to represent
each group.

6. The input of FIS is finally calculated using
the following formula:

dl =(100/M1) * M2 - 100

d2 =100/ A1) * M3 - 100

d3 =(100/MI} * M4 - 100

d4 =(100/M1) * M3 - 100

where dN is the n-th input of the FIS.
MN is the median of n-th

group.
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The output of FIS is the tone of the input
syllable signal sample

3.3 LEADING CONSONANT
RECOGNITION PROCESS (LRP)

The leading consonants of Thai syllable
sounds are found out in this process. LRP is
also divided into 2 parts as VRP. The first part
is similar to the first part of VRP but the
difference is the beginning part of syllable
signal sample is used instead of the middle part.
The second part is to recognize the leading
consonant using the result from the first part as
the input. In this part. One-Hidden layer
feedforward neural network (OFNN) can be
applied to classify 32 leading consonants.
_OFNN consists of 20 input nodes, 15 hidden
nodes and 32 output nodes. Back-propagation
(gradient descent with variable learning rate)
algorithm 1s used for OFNN training. Fuzzy
Associative Memory. constructed using the
weight of OFNN. can also be used to classify
32 leading consonant to increase the process
speed.

3.4 ENDING CONSONANT
RECOGNITION PROCESS (ERP)

The ending consonants of Thar syllable
sounds are found out in the process. ERP is also
divided into 2 parts as VRP. The first part is
similar to the first part of VRP but the
difference is the ending part of syllable signal
sample is used instead of the middle part. The
second part is to recognize the ending
consonant using the result from the first part as
the input. In this part. One-Hidden layer
feedforward neural network (OFNN) can be
applied to classify 9 ending consonants. OFNN
consists of 20 input nodes, 15 hidden nodes and
9 output nodes. Back-propagation (gradient
descent with variable learning rate) algorithm is
used for OFNN training. Fuzzy Associative
Memory, constructed using the weight of
OFNN. can also be used to classify 9 ending
consonant to increase the process speed.

4. EXPERIMENTAL RESULTS

Two initial experiments were conducted in
VRP and TRP. For both initial experiments, the
syllable sounds recorded at 8 bit, mono and
1 1kHz sampling rate.

In VRP experiment, there are 4 speakers in
the experiment. VRP  experiment was
conducted as the following steps:

1. 154 syllable sound data., which can be

classified into 9 groups by vowel, is

gathered for 2 speakers.

An OFNN was setup and configured as

OFNN in VRP.

3. The OFNN from step 2 is trained with 154
syllable sound data from step 1.

4. 9 syllable sound data, which can be

classified into 9 groups by vowel, is

gathered from each speaker.

Then the trained OFNN from step 3 is

tested with altogether 36 syllable sound

data from step 4. And the results are shown

in Table 1.

[ gS]

N

In TRP. there are 2 speakers in the
experiment.

1. 53 syllable sound data. which can be
classified into 5 groups by tone. is
gathered from the first speaker.

A FIS was setup and configured as the
FIS in TRP.

The FIS from step 2 was tuned with all
svllable sound data from step 1.

4. 62 syllable sound data, which can be
classified into 5 groups by tone. is
gathered from the second speaker.

Then the tuned FIS from step 4 is tested
with altogether 115 syllable sound data
from step 1 and 4. And the results are
shown in Table 2.
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0 0

() [ 0 £ () 0 0 ) % 0
1 4 4 100.00 0 0.00

2 4 4 100.00 0 0.00

3 4 4 100.00 0 0.00

4 4 3 75.00 i 25.00

5 4 4 100.00 0 0.00

6 4 3 75.00 ] 25.00

7 4 3 75.00 I 25.00

8 4 3 75.00 1 25.00

9 4 2 50.00 2 50.00
ot 36 30 83.33 6 16.67

Table 1: VRP Initial Experimental results
- b orre O 20 0 orre ]

! 24 22 91.67 2 8.33

2 1 18 14 77.78 4 22.22

3 24 20 83.33 4 16.67

4 25 24 96.00 i 4.00

5 22 22 100.00 0 0.00

Otz 113 102 89.76 11 10.24

Table 2: TRP Initial Experimenial resulls
5. CONCLUSION Electrical Engineering Conference, 977-

The combination result, from all 4
processes, i1s the phonetic representation of
input syllable sound. The recognition accuracy
is depended on process of gathering a period
signal sample. The system performance can be
improved in 2 aspects: 1) the recognition
accuracy rate and 2) The speed of the system.

The absolute energy function may be using
together with AMDF in VRP to improve the
process of gathering a period signal sample that
represent the vowel in the syllable. And this
would yield the result in increasing the
recognition accuracy rate of the system. The
use of FAM instead of OFNN would increase
the speed of the whole process. Further research
and experiments should be conducted on LRP
and TRP.
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ABSTRACT

Speech recognition is a growing field of
research in terms of both importance and the
number of active researches. There are numerous
.approaches to tackling the problem. Some opt for a
hard and complex computation. On the other hand.
some do incline to soft computing. The results of
those researches range from very basic template
matching systems that can just memorize and
recognize a few vocabularies of a single speaker 10
systems that parse speech inte phonemes or some
basic sound constituents and try to recognize them.
Note that the latter approach is required in order to
fully recognize all syllables of a given language. A
hard and complex computation answer to the
problem normally incurs a lot of overhead and is
very difficult to perform in real-time. In addition,
natural language speeches do contain uncertainties:
even the same word spoken by the very same
person twice do contain some subtle ditferences,
Moreover. different languages do have their own
unique characteristics. For example. Thai language
contains a concept of tone which does not exist in
typical western languages, This paper outlines a
framework with a soft computing approach to Thai
speech recognition.  The proposed framework
utilizes both fuzzy systems and neural networks
with an aim to achieve a system for Thai speech
recognition at phoneme-level.

KEYWORDS: Speech recognition, Fuzzy
system, Neural network. Soft computing

1 INTRODUCTION

One important aspect in making computer more
intelligent and easier to use by general public is to
make the wuser interface friendlier. Speech

recognition will undoubtedly provides users with the
long-awaited and real-friendly user interface.
However, in order to make the speech recognition
useful in general. a template matching approach that
memorizes and retrieves only limited set of
vocabularies is inadequate. There have been a
number of researches that try to improve upon the
basic template matching approach by
recognizing’leaming syllables or even words by
means of neural networks. Examples may be found
in [l. 2. 3]. The latter even though is an
improvement upon the tormer, it is still limited in
the domain of application since the number of
syllables or words to be leamed must be bounded to
a certain subset of those exist in a given language.
To provide a universally deplovable system. a more
zeneral approach that attempts to recognize sound
constituents or phenemes and assembtle them into
syllables is required. This is because the number of
sound constituents or phonemes in any given
language is finite and fixed. Exhaustive learning
can be achieved with a right architecture. Examples
of such an approach are given in [4. 5. 6].

As for Thai speeches. there have been attempts
as reported in [7. 8, 9] to recognize Thai words.
However, the approach taken is to utilize a
combination fuzzy system and neural network or
some other techniques to recognize only a set of
pre-trained vocabularies. On the other hand. this
paper proposes a more general framework for Thai
speech recognition at phoneme-level. The proposed
framework takes an approach to recognizing Thai
speeches by recognizing sound constituents or
phonemes and assembling the recognized sound
constituents into syllable representation.  Both
neural networks and fuzzy systems are used at
different parts of the framework. Section 2 starts
with the discussion of the scope of the framework
followed by a brief explanation of Thai sound
structure in Section 3. Then, techniques used in

*
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syllable segmentation and phonetic classification of
Thai sounds are discussed in Sections 4 and 3,
respectively. Early experimental results are
reported in Section 6. Finally, a conclusion is then
given in Section 7.

2 SCOPE OF THE FRAMEWORK

The proposed framework takes a stream of
digitized Thai sound, i.e. a spoken word or phrase.
The input sound is sampled at the rate of 11.025 Hz
and represented using 8 bits per sample. The input
is recorded through a regular microphone coming
with a PC-based standard multimedia set. Then,
two main processing steps are performed on the
sound.

s  First, the sound is broken into syllables by
means of syllable segmentation. This s
quite a crucial step since the effectiveness
and the accuracy of the second step depends
on the correctness of this syllable
segmentation.

e  Secondly, each identitied syllable is further
analyzed and recognized in terms of a group
of four sound constituents, namely vowel,
leading consonant. ending consonant. and
tone. This step may be called phonetic
classification.

The recognized sound constituents are then
represented  for each syllable in a computer
interpretable format. This representation can then
be wused as input into a natural language
understanding system which could try to group
syllables into words, and eventually determine their
meanings. A schematic diagram of the overall
framework is shown in Figure I.

L Sound

Svllable
Segmentation

Svllable

Phonetic
Classification

i Four basic sound
constituents

Figure 1: Overview of the framework

3 THAI SOUND STRUCTURE

Each syllable of Thai sound can be divided into
four sound constituents: vowels, leading consonants.
ending consonants and tones. Note that not every
svllable has all the four sound constituents, e.g.
ending consonant sound may not present. However.
every single svliable must have a vowel sound and a
tone.

e  There are 24 vowels which ¢an be further
divided into 12 short vowels and 12 long
vowels.  Each short vowel has its long
vowel counterpart. and vice versa. Of the
12 vowels in each group, there are only 9
main vowels (pure vowels). Each of the
remaining three is a mixture of some of the
main vowels. Each has a major vowel and a
minor vowel to be detected separately.

» There are 38 different leading consonant
sounds. 33 of them are from authentic Thai
vocabularies. and the other five are from the
vocabularies  imported from  English
language. Among the 33 Thai leading
consonants, 21 of them are individual
consenants and the remaining 12 are
clustered consonants.

*  On the other hand. only 9 ending consonant
sounds are used in Thai speech,

e A distinctive feature of Thai sound is the
present of five different tones. The exactly
same basic sound. i.e. same vowel, leading
and ending consonants. pronounced with
different tones result in different words with
different meanings.

Vowels play an important role in the phonetic
classification process. Since the patterns of both the
leading and ending consonant sounds are embedded
in the pattern of the vowel of the syllable. vowels
must be identified first.

4 SYLLABLE SEGMENTATION

Syllable segmentation refers to a process of
identifying the starting and ending boundaries of
syllables in a given sound stream. This is the very
crucial beginning of speech recognition. Inaccurate
detection of syllable boundaries almost certainly
leads 1o a failure in phonetic classification [10]. For
any practical system. not only the accuracy but also
the speed of computation is essential. In order to
Keep the computational overhead to the minimal. the
proposed framework only utilizes the absolute
energy.  The input sound signal must be pre-
processed by means of pre-emphasizing. amplitude
normalization and en-framing before the absolute
energy can be computed,



Pre-emphasizing is performed first to increase
signal-to-noise ratio of the input signal. This is
accomplished by passing the input signal through a
first-order filter specified in (1).

Sii]=S[i] - aS[i - 1] (1
where
S[ilis a speech signal at time i

a is the pre - emphasized factor

Then, the pre-emphasized stgnal is normalized
amplitude-wise according to (2) in order to re-scale
the amplitudes to the maximum of 1. This would let
us apply the same set of fuzzy rules regardless of
how loud a particular speaker speaks.

$'[i]= S{i]/ max(S) (2)
where

max(S ) is the largest applitude

of the input steam

Then. the speech signal needs to be en-framed
with appropriate overlapping between consecutive
frames for a smooth transition between frames. The
parameters used here are 256 samples per frame and
the overlapping of 50%. The absolute energy (of
each frame) can then be computed as specified in

(3)

’ - ~y
E"=Z|S"[i]‘ (3
i=1
where
S [ilis a normalized speech sumple in
Jrame number n

w is the number of samples per frame

Other energy computations including root mean
square energy, square energy and Teager energy
have also been tried out. The outcomes show that
the absolute energy produces a very satisfactory
result with the least computational overhead. Thus,
the absolute energy is adopted in our framework.

The next step is to smooth out the energy graph
in order to reduce local bumps and drops (max’s
and min’s). This would help us reduce ambiguity
level when we try to identify the starting and ending
points of each syllable. In our framework, (4) is
used to smooth out the energy graph.

] H+y

> E, (4)

IS

El =

T

2v+]
where

vis the size of the smoothing window
ie. the number of the energy
measurments to the left and right of

this n measurement

Once the smoothed energy graph is obtained, it
is subtracted by the silent energy level, ie. the
energy level generated during a silent period by the
microphone system used. Finally, this adjusted
smoothed energy graph is then used as input into a
fuzzy rule-based system that determines the starting
and ending points of each syllable in the speech
signal. This fuzzy rule-based system basically tries
to detect the changes in the energy graph. When a
syllable ends, energy level drops. On the other
hand. energy level rises when a new syllable begins.
There are five input variables for this fuzzy rule-
based system.

E: which is the current energy measurement E'

DELmax: which is max(£’ ;. E"J y— E_‘f
DERmax: which is max(E'.E’ [)- E'
DEL!: whichis E/ | ~ E;
DERI: whichis E' - E’

There are rwo output variables,

START: which is the (truth) degree of the frame
J being a starting point of a syllable.

END: which is the (truth) degree of the frame /
being an ending point of a syllable.

The input variable E is defined in terms of four
fuzzy sets: P'ery Low, Low. Medium, High. Note
that here we want to identify the very low or low
energy spot. The input variable DELmax is also
defined in terms of four fuzzy sets: I'en Low, Low,
Medium, High. High value of this signifying the
downward slope of energy graph which leads to an
ending point of a syllable. The input variable
DERmax is similarly defined in terms of the four
fuzzy sets: Very Low, Low, Medium, High.
However. the membership functions of these fuzzy
sets are slightly different from those of the fuzzy
sets defined for DELmax since the upward slope is
normally steeper than the downward one. High
value of DERmax signifies the upward slope
leaving from a starting point of a syllable. The
DEL1 and DERI are used only to confirm the sign
of the slope into and out of the point of concem.
Here we only need to identify whether it is positive
value or not, therefore. only one fuzzy set is defined
for each input. ie. Positive. In our rules either

[
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Positive or the negation of it is used. The fuzzy sets
of E are defined on [0, 256], while the other fuzzy
sets are defined on [-256, 256].

On the other hand, each of the two output
variables has the fuzzy terms of Low, Medium, and
High defined on the truth values between 0 and I.
The basic mav-min inference method is used
together with the centroid defuzzification method.
The output values for both output variables are then
computed for every frame.

Examples of the fuzzy rules used in the syllable
segmentation step are shown below.

Rule 1:

If (E = LY and (DELmax = None) and (DERmax =
M) and (DELI = None) and (DER! = P) then
(START = H) and (END = None)

Rule 2:

If (E = VL) and (DELmax = not VL) and (DERmax
= None) and (DEL1 = P) and (DER1 = None) then
{START = None) and (END = H)

For the output values at each frame. the post-
processing is performed in order 10 determine the
starting and ending points of each syllable. This
also involves memorizing the current state of the
boundary point detected.  The post-processing
algorithm is as follows,

b. 5et stare to Ending. Find the first frame

that has a resulting high degree of START.

This is marked as the first starting frame of

the first syllable in the signal steam. Set
state Starting.
Search for a frame that has a medium or
high degree of END or a medium or high
degree of START.
~ if the END degree is high. then
if the state 1s Starting, then
case of the length from the starting
frame is
>= the minimum medium-syliable
size;
mark this frame an ending
frame, and set stare Ending
< the minimum short syllable size:
if the last START degree is
medium, then
remove the last starting
frame and replace the
last ending frame with
this frame, and set stare
Ending
else do nothing
others;
if the last START degree is
medium and the length of

]

previous syllable < minimum
long-syllable size, then
remove the last starting
frame and replace the
last ending frame with
this frame, and set state
Ending
else mark this frame an ending
frame, and set stare Ending
end case
else replace the last ending frame with
this frame
= if the END degree is medium, then
if the state is Starting, then
if the length from the last
starting frame >= the minimum
long-syllable size, then
mark this frame an
ending frame, and set
state Ending
else do nothing
else replace the last ending frame with
this frame
= ifthe START degree is high, then
if the stare is Ending. then
mark this frame a starting
frame, and set stare Starting
else do nothing
= if the START degree is medium. then
tf the stare is Ending then
if the length from the last
starting frame >= the minimum
long-syllable size, then
mark this frame a
starting frame, and set
state Starting
else do nothing
else do nothing
3. Ifitis not the end of the speech signal
stream, go back to 2.

As a result of the post-processing algorithm,
starting and ending frames that demarcate syllables
are located. The digitized sound sample at the
middle of the frame. i.e. sample number 128 of the
frame, is used as a demarcating sample. The
identified syllables are then used as input into the
second step of phonetic classification.

5 PHONETIC CLASSIFICATION

The architecture of the proposed phonetic
classification part for this Thai speech recognition
framework is shown in Figure 2. This part of the
framework is divided into five different modules. It
is assumed that the syllable’s starting and ending
points have been correctly detected by the syllable
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Figure 2: Subsystem of phonetic classification part

segmentation part. The phonetic classification part
processes one syllable at a time. One major task in
this part is to identify a sample cycle at different
intervals of the input signal. This is used to

" calculate fundamental frequency for the purpose of
tone detection, and also used to extract an input
signal of one cycle for the vowel and consonant
detection. In our framework., the Average
Magnitude Difference Function (AMDF) is used to
identify sample cycles.

A pre-pracessing step starts by dividing a given
syllable into 30 equal intervals. Then, a sample
cycle of each interval is extracted by means of
AMDEF. Here, we have both the shape and the size
(in terms of number of samples) of each cycle
extracted. These 30 sample cvcles are later used as
input to different detection modules. This pre-
processing step is performed in the Cycle Extraction
Module (CEM)

The Tone Detection Module (TDM) uses the
sample cycle of each interval to determine the
interval’s fundamental frequency by means of (5).

5

f=— (3)
r

where

S is frequecy (Hz)
s is sampling rate (samples | sec)

p is period size (samples / cvele)

Then, the 30 intervals are grouped into five
groups of six intervals each. The median frequency
among those of the six intervals is used to represent
each group.

Before applying fuzzy rules, a pre-processing is
needed to normalize the resulting fundamental
frequencies. This  reduces the frequency
discrepancies between male’s and female’s voice.

In our framework. the frequencies of a given
syllable are normalized with respect to the
representative frequency of the first group of the
syllable, Since each tone in Thai language has a
different movement pattern of frequencies with
respect to time, the differences between the
representative frequency of each group and that of
the first group are used as input into our fuzzy rule-
based system. Hence, four input variables are used
in our system. each is calculated by (6).

df, ='700- - 100 6)

Each of the four input variables has the same set
of seven fuzzyv sets namely. Negative Big, Negative
Medium. Negutive Small, Zero, Positive Small,
Positive Medium, Positive Big defined on [-50.50].
While, the output comprises five variables — one for
each tone.  There are three fuzzy sets: Low.
Medium, High for each output variable. They are
defined on the truth values between 0 and I.
Examples of the fuzzy rules employed in TDM are
shown below.

Rule 1:

If (dft = NS) and (df2 = NS) and (df3 = NS) and
(df4 = NB) then (T1 = L) and (T2 = H) and (T3 =
M)and (T4=L)and (T5=1L)

Rule 2:

If (df1 = ZE) and (df2 = ZE) and (df3 = NS) and
(dfd = NM) then (T = H) and (T2 = L) and (T3 =
Lyand (T4 = L)and (TS = L)

As for the different neural network based
detection modules, the sample cycles extracted from
each syllable necd to be normalized by both time
and amplitude before being used as their input.
Each sample cycle is re-sampled into 100 sample

points which correspond to input nodes of the neural
networks.



The Vowel Detection Module (VDM) requires
the use of back-propagation neural networks for
training on sample data. This is since there is no
structure knowledge that can easily be captured into
fuzzy rules in this case unlike the TDM. The neural
network used has 100 input nodes. one hidden layer
with 15 nodes. and 9 output nodes corresponding to
the number of different major vowel types. Note.
however. that the resulting neural network can later
be mapped onto fuzzy associative memory (FAM)
which can basically be used as a fuzzy rule-based
system. This VDM needs to detect both the major
and minor parts of a vowel it that vowe! is of the
mixture type. The very same neural network is used
for the detection of both vowel partis. The only
difference is on the interval from where the input
sample cycle is extracted.

After the vowel is detected. another two separate
-sets of neural networks can be trained to detect the
leading consonant — l.eading Consonant Detection
Module (LCDM) and the ending consonant -
Ending Consenant Detection Module (ECDM). The
consonant detection must be done after the vowel is
detected since the pattern of the consonants is
embedded in and depended upen the vowel of the
syllable. The LCDM contains 9 neural networks:
one for each main vowel type. Each neural network
has 100 input nodes. one hidden layer with 15
nodes, and 38 output nodes corresponding to 38
possible leading consonant sounds. Similarly. the
ECDM also has 9 neural networks corresponding 1o
the 9 main vowels. Each neural network has 100
input nodes, one hidden laver with |5 nodes. but
only 9 output nodes representing 9 different ending
consonant sounds. Likewise, these neural networks
can also be mapped onto FAM tor a more efficient
operation after the training is completed.

Note that in addition to VDM, a vowel length
detection module (VLLDM) is also required to
classify the recognized vowel whether it is a long or
a short vowel. This module simply calculates the
time span of the svllable’s vowel by looking at how
many intervals the vowel sound occupies. Then. the
fundamental frequency catculated for each of those
occupied intervals is used to calculate approximate
time period of the interval. The total ime span is
then compared to a threshold to determine the vowel
length.

All these five detection modules together
analvze ¢ach input svilable and result in the four
basic sound constituents of Thai syllable. namels
vowel, leading consonant. ending consonant. and
tone.

6 EXPERIMENTAL RESULTS

The proposed tramework is being constructed
piece-wise using MATLAB'. Testing has only
been performed on individual parts.  Multiple
speakers both males and females are enlisted to
provide sample data for system training as well as to
provide test data for the system. The initial results
are quite promising. The syllable sezmentation par
vields an accuracy of over 95%s. The tone detection
module vields an accuracy level of about 90%a.
while the wvowel detection module achieves an
accuracy level of over 80%. Early triais on both
leading and ending consonant detection modules
also show quite satistactory results. The system
developed is in the process of integration and
tuning. It is expected that the overall accuracy level
of the integrated system would reach the level of at
least 80°0 when tested with life data.

7 CONCLUSION

The proposed framework is an attempt to
provide a syvstem that could be used to recognize
Thai speech in general, It first segments a given
sound stream into syllables. Then. each syllable 1s
analyzed in terms of its four basic constituents. In
order to reduce computational overhead of
traditional hard computing. neural network and
fuzzy rule-based system technologies are emploved
in different parts of the framework,  Neural
networks are required in the training phase of
certain detection modules. and would be mapped
onto fuzzy rule-based systems (in terms of tuzzy
associative memory) for the operational phase. This
would result in a syvstem that can cope with
ambiguity inherently presenting in human speech,
vet can achieve an etficient computation due to the
use of fuzzy rule-based svstem.

8 REFERENCES

{1] L. Bottou., F.Fogelman Soulié¢. P.Blanchet. and
J.S.Liénard. Speaker-Independent  lsolated
Digit Recognition: Multilaver Perceptron vs.
Dynamic Time Warping. Newral Nenvorks, 3,
1990, pp. 453-465.

{2] Cheng-Yuan Liou and Chwan-Yi Shiah.
Perception of Speech Signals Using Self-
Organization on  Linear Neuron Array,
International  Joint Conference on Newral
Nenvorks, 1, 1993, pp. 251-253.

[3] L. Fissore. P. Laface. and F. Ravera. Using
Word Temporal Structure in HMM Speech
Recognition. Proc. EEE  International



{4]

(5]

(6]

(8]

[9]

(10]

Conference on Acoustics, Speech. und Signal
Processing, 1997, pp. 975-978.

X.D.Huang. Phoneme Classification Using
Semicontinuous Hidden Makov Models, /EEE
Trans. Signal Processing, 40(5), 1992, pp.
1062-1067

David J. Pepper and Mark A. Clement
Phonetic Recognition Using a Large Hidden
Markov  Model. [EEE  Trans.  Signal
Processing, 4(6), 1992, pp. 1390-1595.

Age ). Eide and Terje Lindén. Recognizing
Norwegian Vowels using Neural Network.
frternational Neural Nepvork Society, 1994,
pp. 324-537.

C.  Wutiwiwatchai, S,  Jitapankul. V.
Ahkuputra, E. Maneenoi, S. Luksaneeyanawin.
Thai Polysyllabic Word Recognition using
Fuzzy-Neural Newrwork. Proc. Duernational
Conference on Spoken Language Processing.
Sydney, Australia, 1998.

C.  Wutiwiwatchai, S, Jitapankul. V.
Ahkuputra, E. Maneenoi. S. Luksaneeyanawin,
A New Strategy of Fuzzy-Neural Network for
Thai Numeral Speech Recognition. Proc.
International Conference on Spoken Language
Processing. Sydney. Australia. 1998.

V. Ahkuputra. 8. Jitapunkul. N. Jittiwarangkul.
E. Maneenoi, S. Karuriva, A Comparison of
Thai Speech Recognition Systems using
Hidden Markov Model, Neural Nerwork. and
Fuzzy-Neural Network, Proc. [International
Conference on Spoken Lunguage Processing.
Sydney. Australia, 1998.

Viying Zhang, Xiaoyan Zhu, Yu Hao. A
Robust and Fast Endpoint Detection Algorithm
for lsolated Word Recognition. Proc. /EEE
International  Conference on  Intelligent
Processing Svsrems, Beijing, China, 1997.

26



Fuzzy-based Thai Syllable Segmentation for Connected Speech using
Energy and Different Ceptral

Jirawat Chaiareerat' and Pratit Santiprabhob’
Intelligent System Laboratory
Department of Computer Science
Faculty of Science and Technology
Assumption University
Bangkok, 10240, Thailand
Email: jirawat', pratit’@s-t.au.ac.th

Abstract:

In speech recognition system, the fundamental task is to perform

syllable segmentation of speech signals. The efficiency of the syllable segmentation
affects the performance of the entire recognition system. This process should be fast
and use little computational power to make good response time of the system.

This paper proposes a framework with an algorithm to segment Thai syllables by
means of Fuzzy System. Four features of a given speech (High Amplitude Rate,
Absolute Energy, Zero Crossing Rate and Different Ceptral) are used as parameters
in the proposed framework. A Fuzzy Inference Systems (FIS) is constructed to
determine the starting and ending point of the syllables using those features.
Keywords: Thai Speech Recognition, Syllable Segmentation. Endpoint Detection,

Signal Processing, and Fuzzy System.

1. Introduction

Most of the errors in the automatic speech
recognition system are the inaccurate detection of
the beginning and ending boundaries of test and
reference patterns [4].

The major usage of the automatic speech
recognition system is in real-time system. so the
speed and response time of the system is important.

From those reasons, the pood syllable
segmentation algorithm should be fast and has a
good accuracy. Nowadays there are several
algorithms proposed for syllable segmentation.

The followings are typical word boundary
detection algorithms.

1) Energy based algorithms with automatic
threshold adjustment [2][3]: They are intuitive
approaches based on energy levels and duration of
silence and speech. Sometimes several pairs of
boundaries are yielded in the order of their ranks of
being correct.

2) Noise adaptive algorithms [3]: They use
the logarithm of the RMS signal energy, the zero-
crossing rate, duration information, and a set of
heuristics. The thresholds used for the energy and
the zero-crossings are adapted automatically
according to a few sample frames provided by the
environment signal.

3)  Algorithims using frequency-based
features [4]: These algorithms perform FFT
transformations, and compute the energy in the

This research is supported in part by The Thailand Research Fund.

frequency-band 250-3500Hz and logarithm of the
RMS energy.

4) Algorithm using Energy and Fuzzy
System [1]: These algorithms are the same as
Energy based algorithm but instead of using
threshold. they used Fuzzy System to determine the
starting and ending point.

The first three algorithms are based on threshold,
which is not flexible enough. The fourth algorithm
is better but using only energy cannot archive a
good accuracy when working with a spontaneous
speech.

This paper proposes an algorithm to segment
Thai syllables using High Amplitude Rate (HAR),
Absolute Energy (ABS Energy). Zero Crossing
Rate (ZCR) and Different Ceptral (DC) of a given
speech as parameter to the system. Finally, Fuzzy
Inference System is used to determine the starting
and ending points of syllables.

Obtaining DC requires a lot of computational
overhead but the computed DC can also be used as
speech features of syllable recognition system.
Therefore, we do not consider about DC
computation time as it can make the system slow.

The main framework is designed to be a part of
the Connected Speech Recognition System
consisting  of three  sub-systems: Syllable
Segmentation, Syllable Recognition and Word
Associative system as shown in figure 1.
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Figure 1: The Connected Speech Recognition
System.

2. Description of algorithm

The proposed algorithm consists of three steps:
Parameters computation, Threshold based
Segmentation and Fuzzy based Segmentation.
First, the speech signal is pre-processed. And then
the parameters are calculated. Some parameters are
used to segment the speech signal. Finally, the FIS
is used to identify the ending point and starting
point of each syllable in each speech segment.

2.1. Parameters Computation

First, the speech signal is pre-emphasized with
first order low-pass fiiter. The factor of pre-
emphasize is 0.95 [3][7].

The pre-emphasized speech signal is then en-
framed with, 30 ms long for each frame and the
overlapping factor of 20 ms; this overlapping is
essential for a smooth transition from one frame to
another frame [3].

For each frame, the following four parameters
are calculated:

1. High Amplitude Rate (HAR): HAR is the

number of sampling that have the amplitude
greater than the threshold.
Absolute Energy (ABS Energy) ABS
Energy is sum of the absolute value of the
amplitude in the frame [1][2][3].

3. Zero Crossing Rate (ZCR): ZCR is the rate
of the signal crossing at zero level [7].

4. Different Ceptral (DC): DC is the different
of ceptral [7] between the frame /-7 and i+/
when i is the current frame.

Finally, the contours of above four parameters

are then smooth by Moving Average Smoothing

[2].

i

2.2. Threshold based Segmentation

In this step, we eliminate the silent speech by
using the threshold to segment the speech signal
into the group of syllables (speech segment).

The speech signal is searched from the first
frame to find the pairs of starting frames and
ending frames as shown in the figure 2. We use the
following rules to determine whether frame 7 is
starting frame or ending frame or neither.

I Energyfi]=£ thl or HAR[i]>HAR_thl then

Jrame f is staring frame.

If Energy{i]~E_th?  or  ZCR[i]=0  or
HAR[iI]J<HAR_th2 then frame [ is ending frame.

Where.
Energyfi] is the ABS Energy at frame |
HAR([i] is the HAR at frame i
ZCR is the ZCR at frame i
E_thl and E_th2 are Energy thresholds
calculated from the background noise at
the beginning of the speech signal.
HAR th!  and HAR_th? agre HAR
thresholds calculated  from the
background noise at the beginning of the
speech signal.

The result from this step is the speech segments,
which will be segmented again in next step.

X

—= 1< total speech frame? =
Yes e
Y 4

frame[)] =
starting frame 7_

Ne

= frame[i] is
No . ending frame ?

Yes
|

=

Store the speech
segment to be process
in the next step

¥ .
Finished

Figure 2: The algorithm to detect the starting
and ending frames.

2.3. Fuzzy based Segmentation

Each speech segments from 2.2 is segmented
again in this step. There are four steps in
segmentation. First. PeakE frames are examined
from the speech segment. Then. Emin frames are
identified. For each Emin frames, five fuzzy input
variables are calculated. Finally, Fuzzy Inference



System is used to determine the frame whether 1t 1s
boundary frame or not from those four variabies

2.3.1. ldentifying PeakE frames

Each frame of the speech segment is determined
whether it is PeakE frame or not. The frame will be
PcakE frame if it agrees the following condition.

IfEfi] ~ MAXCE[1-3.1+3]) or MAXCE[i-3 1+ 3])-
MAXIMINCEfi-3:i)). AHINTi 1+ 3))  then  frame s
PeakE frame.

Where:

Efi} is the ABS Energy at frame |

Efi:f] is the arrav of ABS Encrgy from
Jrame [ to frame j

MAXN(A) is the maximum value of all
elements in array A.

MAX(a b) ix the maximum value from a
and b

MIN(A} is the minimum value of ull
elements in array A.

2.3.2. Identifving Emin frames

Between two PeakE frames, the minimum
energy frame will be searched and identified as
Emin frame.

2.3.3.  Fuzzy Input calculation

For cach Emin frame, we calculate the following
five Fuzzy input variables.

I. EM: the ABS energy of the current Emin
frame,

2. ZM: the minimum ZCR between the previous
Peakl frame and the next PeakE frame.

3. DEL: the difference of the EM and the ABS
Energy of the previous PeakE frame.

4. DER: the difference of the EM and the ABS
Energy of the next Peaki frame.

5. DCMAX: the maximum DC between the
previous PeakE frame and the next PeakE frame.

2.3.4.  Fuzzy Inference

Five fuzzy input variables from 2 3 3 are sent 1o
the Fuzry Inference System (FIS) [6][8] o
determine whether the current Emin frame is the
Boundany frame or not. The Boundary frame is the
ending frame of syllable and the beginning of the
nexl! svllable. Therefore, cach syllable in the speech
segment can be identified by the locations of
Boundary frames. Afler the Boundary frames are
located, the center specch signal samples of these
frames are determined as the Boundany point of the
syllables.

The proposed FIS model s Mamdni-type
Inference engine using centroid  defuzzification
method [8) The model has seven rules. five inputs
and one cutput. The fuzzy sets of each variable are
shown in table 1.

E M Low Medum High

ZM Low. Medwm High

DEL Very Low Low Medwm High

DER Low Medwm High
DCMAX Low Medmum, Hgh
QUYPUT Low Medium, High

Table I: The Fuzzy Set of each variable.

The proposed FIS basically tny 1o detect the
changes in the contours of energy and DC. At the
Boundary frame, the ABS Energy 1t low, the
different of the ABS Energy with the previous
PeakE frame and the next Peakt frame is high and
the DCMAX is also high.

The followings are the rules of the proposed FIS.

I f (EM s Low) and (DEL is High) and tDER is
Highi then (XUTPUT s High

J i (EM s Lowy and (DUMAN s Highl then
QUTPLT 15 High

3 if 128 s Lowy and (DOCMAN s Highl then
OUTPLUT ix High

4 i (DEL ix High) and (DER s Highi and
(DCMAX o5 Highy then OLTPUT is High

5 o IDEL ix Very Lows and (DER 15 High) and
(DOMAN 13 Lowi then OULTPUT 15 Low

& it (EAM s Mediumy and (DEL s Mediumy and
tDER 15 not Lowy and (DOMAN iy Highi then
OUTPUT 15 High

o (EM o Medium) and (DEL 15 High) and
(DER v ot Lovws and (DOMAN o~ Highi then
OUTPET iv High

3. Experimental Resuit

Ihere are four speakers in this experiment. Each
of them speaks two sets of sentences 36
ambiguous Thai sentences [3] {Set A) and 83 Thai
general spontancous speaking sentences randomly
selected from conversations and books (Set B).
Generally, cach sentence in Set B is longer and
spoken faster than Set B. The average syllables per
sentences of set A and set B are 78 and 103
respectively.

Fach sentence is  recorded using  16-bit
quantization level. and sampling rate a1 11028
KHz The results are shown in the tables 2 and 3.

From experimental result. there are three kinds
of incorrect segmentation

I. Merge two syllables are merged into a
syllable
Location wrong location of the syilables or
ane syllables is spliced into two syllables

3 Lost asyllsble is bost '

The sccuracy of the sentences set A and B s
93 08% and 92 964 respectively

2
-
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Speakers| Total Correct Incorrect
Syllables | - Meorge Location Lost
Syllables | Percent | Syllables | Percent | Syllables | Percent | Syllables | Percent
A 271 258 95.20 8 2.95 5 1.85 0 0.00
B8 271 251 92.62 6 2.21 12 4.43 2 0.74
C 271 249 91.88 9 3.32 13 4.80 0 D0.00
D 271 251 92.62 8 2.95 12 4.43 0 0.00
Total 1084 1009 93.08 31 2.86 42 3.87 2 0.18
Table 2: The results of the sentences set A.
Speakers Total Correct Incorrect
Syllables Merge Location Lost
| Syllables | Percent | Syllables | Percent | Syllables | Percent | Syllables | Percent
A 537 506 94 23 18 3 35 13 242 0 000
B 555 522 94 05 18 3.24 11 198 4 072
C 557 516 g2 64 30 5.39 11 197 0 0 Q0
D 552 502 90 54 36 6 52 14 2 54 0 0 00
Total 2201 2046 92.96 102 4.63 49 2.23 4 018

4. Conclusion
The proposed system is an attempt to provide a

Thai

Syllables

segmentation

Table 3: The results of the sentences set B.

system

to  be

integrated with the Thai Syliables Recognition
system and Thai Syllable-based word recognition
in order to become a complete Thai Speech
Recognition System.

Four features have been used and incorporated
with FIS in the proposed svllable segmentation

algorithms.

From

the experimental

result,

the

accuracy of the system is acceptable and the
difference of the accuracy between set A and set B
is only 0.01%.

In the sentences set A, most of the errors are
Laocation Errors. but in set B they are Merge Erors.
The reason is that most of the sentences in set B are
longer and spoken faster than the sentences in set

A.

From the experiment, the causes of each the
error type is identified as the followings.
I. Merge:

- Too fast speaking.

- "Open Syllable™ which the successive

syllable

can be

spoken

continuously

without a drop of energy (ex. /ma/lee/).

_t».)

Location:

- Too slow speaking (Some syllables can
be considered as either two syllables or
one syllable when they are very slowly
spoken. For example, the syllable
can be recognized as “/tu/ua’).

-
2.

Lost:

- Too low volume speaking.
The system is being fine-tuned to reduce such
errors to the minimal.

5. Further Research

Using the automatic learning FIS system such as
Adaptive-Network-based Fuzzy Inference Systems

“ftua”

f6]1 will be helpful to optimize the FIS in the
proposed system.

More research works on this topic can be done
on the training-based system with a large Thai
speech corpus [5].
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Abstract: Thai speech can be recognized at syllable-level. Most Thai speech
recognition systems use the word-based approach. This approach has a limit number
of words and syllables that they can recognize. This paper proposes a phoneme-
based recognition subsystem for Thai connected speech recognition system, which
recognizes syllable sounds from their phonemes using soft computing: Neural
Network (NN} and Hidden Markov Model (HMM). In the proposed system. a Thai
syllable sound is recognized as a sequence of four phonemes. Namely, they are
leading consonant, vowel, ending consonant and tone. The proposed system is also
designed to have a capability to recognize all Thai syllable sounds and take the

advantages of NN and HMM technologies.

Keywords: Speech recognition, Hidden Markov Maodel. and Neural Network.

I. Introduction

Speech is used as a primary media for human
beings to communicate to each other. For a waord
“speech™ here, we mean a group of syllables.
words, phrases, or sentences. People can
understand speech because they can recognize it
In the present, computers have become a part of our
day life. Speech recognition is an exciting and
challenging technology that changes the way we
interact with computers in the future,

Based on our view, the connected speech
recognition system consists of three parts as shown
in figure 1. 1In this system, the speech 1o be
recognized is segmented into syllables first. Next.
each syllable is recognized. Finally, a sequence of
recognized syllables is decoded to a sequence of
recognized words. This paper proposes a phoneme-
based syllable recognition system, which is a
mapping between syllables and their phonetic
representations. This system is designed to be a
part of our conceptual Thai connected speech
recognition system

In our reviews, five successful Thai speech
recognition  systems have been reviewed.
Conclusively, the techniques used in these systems
are Dynamic Time Wrapping [6]. Conventional
Neural Network [7]. Modified Back Propagation
Neural Network [5]. Neural Network with Fuzzy
MF Preprocessor [11]. and Hidden Markov Models
[2]. From [1][3]. the conclusion on recognition
performance of Thai numerals using all of the

above techniques has been made. The HMM

technique [2] vields the best recognition rate.

From our review of these techniques, the
following disadvantages have been discovered.
1y All of the above systems use the word-based

speech recognition approach. They can
recognize only the small vocabulary such as
numbers<. names and commands.

2} Feor [2]. the system cannot be applied with the
connected word. Because it has to detect
number of svllable before it can perform
recognition.

3y All of the above approaches are not suitable for
large vocabulary recognition because they
require a lot of computation.

To overcome the above approaches, our
approach is designed to be general speech
recognition system. Instead of recognizing the
whole word. our approach is to segment the word
or speech into syllable units and perform the
recognition on them.

* This research is supported in part by The Thailand Research Fund.
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Figure 1; Qur Conceptual Connected Speech
Recognition System.

2. Thai syllable structure

In Thai language. a syllable consists of a set of
phonemes. Each Thai syllable sound is comprised
of four phonemes: leading consonant, vowel,
ending consonant, and tone,

There are 38 different leading consonants.
Actually. 33 of them are from Thai vocabularies,
and the other five are borrowed trom English
vocabularies. These 38 leading consonants can also
be classified into two groups: non-cluster and
cluster, There are 21 non-clusters and 17 clusters,
The cluster is the combination of two ditferent
leading consonants.

There are 24 vowels, which can be divided into
two groups regarding to the length of vowel sound:
12 short-vowels and 12 long-vowels. Each group
can be subdivided into nine major vowels (pure
vowel) and three minor vowels (diphthong or the
combination of two different major vowels),

There are only nine ending consonants in Thai
phonemes. Not all ending consonants can occur
with all vowel phonemes. Some syllables may not
have ending consonant. Null ending consonant is
also counted as one ending consonant class.

Only five tones are present in Thai syllable
sounds.

3. Thai syllable analysis

The syllable sounds that consist of different
phoneme classes are recorded using [6-bit
quantization level, and sampling rate at §1.025
KHz. These syllable signals are then analyzed. By
conducting this analysis on these syllable signals.
we observed that each of three phoneme classes
that constitute the syllable have the distinct signal
sound pattermns. These phoneme classes are leading
consonant, vowel and ending consonant. From our
analysis, the sound patterns of leading consonant,
vowel and ending consonant can be located at the
beginning, middle and ending parts of syllable
signal respectively. It is difficult to locate the sound
patterns of pure leading consonant and ending
consonant in the syllable signal. But it is easy to
locate the sound pattern of leading consonant in
combination with vowel, and ending consonant in
combination with vowel. When each of these

sound patterns is played. we heard its sound like a
single-syllabled word. And there is limited number
of these sound patterns.  From these reasons, we
decided to treat them. as they are isolated words.
Hence, the HMM technique. which gives the best
recognition rate for isolated word recognition from
our reviews, is used for recognizing these
phonemes.

For tone phonemes, we can distinguish them
using the fundamental frequency contours of the
syllables. The fundamental frequency contours of
all five Thai tone phonemes from [4] are given in
tigure 2. Therefore, we decided to use the Neural
Network technique in recognizing tone phonemes.

150
1845
iRy
TEQ
5
143 Mig

Faung Rang

rugh

N
120
o Low

Fraapency (Hz

P WM 0% 0% a0, S0% B0 TO% 80%  S0%  130%
Curavon 1%

Figure 2: Fundamental Frequency Contours of
All Five Tones.

4. Proposed system

Each Thai syllable sound comprises four different
types of phoneme. namely leading consonant,
vowel. ending consonant. and tone. Actually, there
are approximately several thousands of Thai
svllable. It 1s not practical to recognize them all.
In  the other hand, there are altogether
approximately 76 phonemes in Thai language.
Therefore. the components of a syllable should be
recognized instead.

The overall system comprises five processes
namely leading consonant. vowel, and ending
consonant (LVET) feature extraction process,
leading consonant recognition process {LRP).
vowel recognition process (VRP), ending
consonant recognition process (ERP) and tone
recognition process (TRP). A block diagram of the
overall system is given in figure 3. The details of
five processes are described in the following
subsections,

The speech feature extraction process has a duty
to extract the needed speech features for all four
recognition processes. Note that each recognition
process requires its own set of speech features in
order to function. And each recognition process is
responsible for recognizing each phoneme part of
the syllable as corresponding to its name. For
example, the leading consonant recognition process
is responsible for recognizing leading consonant
phonemes.

For each unknown syllable signal s, which is to
be recognized, the processing in figure 3 must be

carried out. The steps in the processing are as
follows:
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I} The LVET feature extraction process extracts
four different sets of speech features from the
speech signal for leading consonant. vowel,
ending consonant and tone recognition process.

2) The specch features for vowel and tone
recognition processes are then processed by
vowel recognition and tone recognition
processes simultaneously. The indices of both
recognized corc-vowel ¢v and vowel v are
generated as the output of vowel recognition.
Then the core-vowel index cv is passed to
leading and ending consonant recognition
process. The tone recognilion process
generates the index of recognized tone 7 as its
output.

3) The leading and ending consonant speech
features and an index of recognized core-vowel
cv are then passed to leading consonant and
ending  consonant  recognilion  process
simultancously. The output of leading
consonant and ending consonant recognition
are the indices of recognized leading consonant
fc and ending consonant ec respectively.

4) Finally, all indices of recognized leading
consonant /e, vowel v, ending consonant ec,
and tone ¢ altogether presenl a recognized
syllable rs.

Note that leading and ending consonant
recognition process depends on the core-vowel
recognition from the vowel recognition process
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Figure 3: A Block Diagram of the Proposed
System.

4.1. LVET feature extraction process

This process is responsible for cxtracting sl
features needed for the four recognition processes
(LRP, VRP, ERP, and TRP) This process is
scparated into two parts leading consonant, vowel
and ending consonant features extraction and tone

feature extracion. [L.RP. VRP. and ERP all use the
same feature type but TRP use the different one

4.1.1. Leading consonant, vowel, and ending
consonant feature extraction

The following steps are carmied out in order o

extract features for leading consonant, vowel and

ending consonant recognition.

LPC analvsis and energy measwrement. A block
diagram of this step 1s given m figure 4. LPC
analysis and energy measurement are performed on
the syllable signal. The details of LPC analysis and
energy measurement are described in [8]]9]. The
result from LPC analysis and energy measurement
is &8 sequence of cepstral coefTicients and energy
veclors representing each signal frame. We call
them together as cep ¢

CEP TR

AL L COEFFCENTE
Bk L ) vl
A, TR
W B

WE A BT WENT

Figure 4: A Block Diagram of LPC Analysis and
Energy measurement.

Vowel location detection. The feature vector
cep e is used in determining the vowel location of
the syllable signal.  The vowel location vl
contains two values. They are the starting and
ending frame numbers of vowel location in a given
syllable signal. In order 10 determine the vowel
location, the following steps are performed.

1} First step s to determine the Euchdean
distance between cepsiral  fealure  vector
frames.  Then a series of difference cepstral
values 1s generated,

2} The next one is 1o find the starting frame of
vowel  Two thresholds are used. namely
cepstral and energy threshold (the average
encrgy of the syllable signal). The starting
frame of vowel is the first frame in a sequence
that fies between two frames. which have
difference cepsiral value higher than the
cepstral  threshold Morcover, the signal
energy of the searched frame must higher than
the energy threshold. Searching of this frame
number must be done in forward direction
starting from the first frame in the sequence to
the last one

3) To determine the ending of the frame. same
step in 2) s processed, bul, this time, opposite
direction starting from the last frame 10 the
first one

LVE Feature Segmemtation After the vowel
location wloc has been determined  The cop ¢
feature vector is segmented imto three parts based
on vowel location. These three parts are [ofea,
cvfea, and ecfea. They are used as the festure
vectors of LRP. VRP, and ERP respectively. A

13



block diagram of this segmentation is given in

figure 5. The following cases are applied in

segmentation.

e For leading consonant feature /cfea, all feature
frames between its first frame of cep_e and the
starting frame number of vowel location, are
segmented and used as /cfea for LRP.

e For core-vowel feature cvfea. all feature
frames between the starting and the ending
frame numbers of wvowel location, are
segmented and used as cvfea for VRP,

e For ending consonant feature ecfea, all feature
frames between the ending frame number of
vowel location and the last frame of cep_e
feature vector, are segmented and used as ecfea
for ERP.
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Figure 5: A Block Diagram of LVE Feature
Segmentation.

4.1.2. Tone feature extraction

A tone feature vector ffea is computed over a

syllable signal. The extraction steps are as follows.

1) Cepstral Pitch Detection: A fundamental
frequency contour y is computed over a

syllable signal using the cepstral piich
detection method. The method has already
been described in [10].

2) Tone Feature Normalization: The fundamental
frequency contour f, is normalized to have the

same fundamental frequency contour [evel
(reference point} and a specific number of
elements as required in the TRP. That is
because male and female have different
fundamental frequency contour level and also
the number of element in tone feature vector is
depended on the iength of the syllable sound.
In order to normalize fundamental frequency
contour to have N values, the following steps
are carried out.
a) Block the fundamental frequency contour
values into M+1 frames with 50% overlap.
b) Compute the mean value of each frame.
These values are the elements of a new
fundamental frequency.
¢} Normalize the new fundamental frequency
contour values to have the same reference
point that is the first value. The following
formula is vsed.

)
VANRD]

where 7 (4, Is the n" value of new

-

n=23_..N+I

fom)

fundamental frequency contour and r is
any positive integer number.

d) Remove the first value of normalized
fundamental frequency contour out. The
rest values are altogether a tone feature
vector Hea.

4.2. Tone recognition process (TRP)

In this process, tone phoneme is recognized. A

neural network is employed as recognition engine.

A block diagram of this process is given in figure

6. A tone feature vector tfea from the LVET

feature extraction process is processed. Finally, an

index of recognized tone ¢ is returned. [n order to
do tone recognition, the following steps are
performed.

1) A neural network is configured and it is trained
to classify all five tones.

2) For each unknown tone ¢, 15 tone feature
vector ffea is used as the input of the neural
network from a previous step.

We call the neural network used in TRP as Tone
Neural Network (TONENN). The TONENN is a
three layers feed forward neural network consisting
of input, hidden, and output layer. There are
requirements that input layer must have the same
size as a tone feature vector ffea. the hidden layer
must have a sufficient number of nodes for the
network to perform tone classification and the
output layer must have five nodes in the output
taver corresponding to five tone phonemes. Each
output node produces the value berween 0 and 1.
In this context. each output node value represenis
the probability for each tone phoneme class. The
TONENN is supposed to be trained with a
sufficient number of sample data. For each
unknown tone to be recognized. its tone feature
vector (fea is given to TONENN. After a tone
feature vector tfea is passed to the TONENN, the
network will generate five values as the number of
output nodes. Each value implicitly represents a
probability for one tone phoneme class. The index
of the output node that gives the maximum value
will be selected as the index of recognized tone 1.

TONE
NEURAL NETWORK

\ INDEX OF
.7 . RECOGNIZED
- TONE

& C——

TIGMENN
Figure 6: A Block Diagram of TRP.

4.3. Vowel recognition process (VRP)
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In this process, vowel phonemes are recognized. 12 2) For each unknown core-vowel, which is to be

different vowel phonemes are called core-vowel in recognized, its core-vowel feature vectors
this process. We can recognize vowel by cvfea are used as the observation sequence in
recognizing core-vowel and its length. A block the computation of model probabilities for all
diagram of this process is given in figure 7. possible CDHMM models p{o 4~ ). Finally,
To recognize an unknown vowel, first its core- the index of CDHMM model, which has the
vowel feature vectors from LVET feature highest probability, is selected as the index of
extraction process are processed by core-vowel recognized core-vowel cv.
recognition and an index of recognized core-vowel Vowel length determination: The vowel location
is returned. Next, its vowel location vioc is vloc contains the frame numbers of the starting and
determined whether it is short or long vowel in the ending points of vowel in a syllable signal. The
vowel length determination step. Finally, ‘these two vowe] length is computed by subtracting the ending
results are used to determine an index of frame number with the starting frame number and
recognized vowel out of 24 vowel indices. The then adding one to the result of subtraction because
details of core-vowel recognition and vowel length we want to include the starting and the ending
determination are described as the followings. frames. A simple threshold method is then used to
determine whether the vowel is short or long. If the
CORE-VOWEL INDEX OF vowel length exceeds the threshold, it is long
FEATURE RECOGNIZED . .o
VECTORS ___  __ CORE-VOWEL vowel. Otherwise. it is short vowel.
fea CORE-VOWEL
RECOGNITION INDEX OF.
- \ _. _ . BRECOGNIZED 4.4. Leading consonant recognition process
VOWEL v (LRP)
DETER - . .
oeation & DETERMINATION In this process, leading consonant feature vectors
e VOWEL LENGTH *_(shor ~ iong ) from LVET feature extraction process and an index

DETERMINATION .
Rl of recognized core-vowel for VRP are processed.

Finally, the index of recognized leading consonant
is returned as the output. This means that the
recognition of leading consonant is based on the
recognition of core-vowel in VRP. A block
diagram of LRP is given in figure 9.

For unknown leading consonant, which is to be
recognized, the following steps are performed.

Figure 7: A Block Diagram of VRP.

Core-vowel recognition. A Hidden Markov
Model (HMM) is used to represent each core-
vowel class. Hence, 12 HMMs are required. A
block diagram of core-vowel recognition is given

in figure 8. The type of HMM used in this process 1) The index recognized core-vowel from VRP is
1s Continuous Density Hidden Markov Model used to select the leading consonant HMM
(CDHMM). The details of CDHMM are described bank.
in [8][9]. 2) Leading consonant feature vectors are used as
- the input of the selected LCHMM bank from
1' CORE-VOWEL 1 the previous step. LCHMM bank processes
PROBABILITIY pis 41, the leading consonant feature vectors and
[ COMPUTATY . . ’

MPLTATIO retuns the index of recognized leading

iz COmMmecR consonant as its output. .

CORE-vOWEL 4 INDEX OF The details of the LCHMM bank are described

FEATURE PROBABILTY po) 47y RECOGNIZED .

VECTORS . COMMAHON—L.' - = CORE-VOWEL as the fo]lowmg.

nfra - o sarcsendper A
—_— SELECT [ 4

= MAXIMUM
L] . LEADING CONSONANT INDEX OF
. HWM BANK FOR RECOQGNIZED
. INDEX OF COREWOWEL1 LEADING CONSONANT
T, COHMMFOR Congwows, [T lcwmBacy
A7 CORE.VOWEL 1 ~LlSe 512
b M BANK FOR | RECOMZED
L& ggmm e Wy iORE-VCN!ELZ . LEADIMNG CONSONANT
e LEADING CONSONANT . | l' LormmBaNK 2 >
Figure 8: A Block Diagram of Core-Vowel o VECTORS - sauger
Recognition bt - v
,-’_ -

In grder to do core-vowel recognition, the LEADING CONSONANT INOEX OF
following steps are performed. _COREWOWEL 12 LEADING CONSONANT
1) For each core-vowel class cv, a CDHMM T LB

is built. And then the parameter set of each Figure 9: A Block Diagram of LRP.

CDHMM is estimated in order to optimize the
likelihood of the training set observation
sequences.
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LCHMM bank: Figure 10 shows a block diagram
of a LCHMM bank. Each LCHMM bank is
designed to cover all 38 leading consonant classes.
Each LCHMM consists of up to 38 HMMs. This
means that for each leading consonant class, there
is a HMM cormresponding to it. Each HMM in
LCHMM bank is a CDHMM. In order to do
leading consonant recognition, the following steps
are performed.

1) For each leading consonant class /c of core-
vowel cv class, a CDHMM ;¢ is built. And

then the parameter set of each HMM is
estimated in order to optimize the likelihood of
the training set observation sequences.

2) For each unknown leading consonant and
known core-vowel c¢v, which is to be
recognized, its leading consonant feature
vectors Icfea are used as the observation
sequence in the computation of model
probabilities for all possible HMM models
p(o| i ) Finally, the index of HMM model,

which has the highest probability, is selected as
the index of recognized leading consonant /c.

COHMM FOR,
jL LEADING
CONSONANT 1
[
[ COMPUTATION
- COHMM FOR
Ar ConaonANT 2
LEADING I DEX OF
—= H a2 —— NG
VECTORS _COMPUTATION S CONSORANT
iefes . seLEcT K
" o MAIMUM
M ‘
-
REMARK
# = INDEX OF CORE- O e
! 3ee <12 T  CONSONANT 34
k= rwo 340 )
L , PROBABILITIY | po 4%

' COMPUTATION———————
Figure 10: A Block Diagram of a LCHMM Bank.

4.5. Ending consonant recognition process
(ERP)

In this process, the ending consonant feature
vectors and an index of recognized core-vowel
from VRP are processed. Finally, the index of
recognized ending consonant is returned as the
output. This means the recognition of ending
consonant is based on the recognition of core-
vowel in VRP. A block diagram of ERP is given in
figure 11.

ENDING CONSONANT  INDEX OF
HM BANK FOR
INDEX OF CORE-VOWEL 1

RECOGNIZED
ENDING CONSONANT
RECOGNRZED MBANKY L
cort-voweL | T ECHMMBANKI
ENDING CONSONANT INDEX OF
HMM BANK FOR RECOGNZED
CORE-VOWEL 2 ENDING CONSONANT

; ANKZ L=
ENDING GONSONANT, - | SERMBANGZ |
FEATURE VECTORS | gpipcr o
ecfea ENDING |, a
HMM BANK | * .
- .

L e
Figure 11: A Block Diagram of ERP.

For unknown ending consonant, which is to be
recognized, the following steps are performed.

1) The index recognized core-vowel is used to
select the ending consonant HMM (ECHMM)
bank. There are 12 ECHMM banks as the
number of core-vowels. Each ECHMM bank
has the different number of ending consonant
classes to be recognized. That is because not all
ending consonant can occur with all core-
vowels. The details of each ECHMM are
described in the next section.

2) Ending consonant feature vectors are used as
the input of the selected ECHMM bank from
the previous step. The selected ECHMM bank
processes the ending consonant feature vectors
and returns the index of recognized ending
consonant as its output.

ECHMM bank: each ECHMM bank consists of
at most 9 HMMs because not all ending consonant
can occur with all core-vowels. This means that for
cach ending consonant class, there is a HMM
representing it. Each HMM in ECHMM bank is a
CDHMM. A block diagram of an ECHMM bank is
given in figure 12. In order to do ending consonant
recognition, the following steps are performed.

1) For each ending consonant class ec having

core-vowel class cv, a CDHMM ;= is built.

And then the parameter set of each HMM is
estimated in order to optimize the likelihood of
the training set observation sequences.

2) For each unknown ending consonant having
core-vowel cv, which is to be recognized, its
ending consonant feature vectors ecfea are
used as the observation sequence in the
computation of model probabilities for all
possible HMM models p{o| 7). Finally, the

index of HMM model, which has the highest
probability, is selected as the index of
recognized ending consonant ec.
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COHMR FTR

END#
COMBTIANT |
L
PRODABLITY & 1
—* COMPUTATON

Figure 12: A Block Diagram of an ECHMM
Bank.

5. Experimental results

There are three sets of syllables. They are all
possible combinations of 38 leading consonants
and 24 vowels used in LRP and VRP experiments,
all possible combinations of 12 vowels and 9
ending consonants for ERP experiment. and
randomly selected syllables comprises all five tone
phonemes for TRP and VRP core-length
determination experiments. All syllable sounds are
gathered for two male and two female speakers.
Each speaker spoke each syllable of all syllable sets
10 times. The syllable sounds were recorded using
16-bit quantization level. and sampling rate at
11.025 KHz. Four sets of experiments were
conducted for TRP, VRP. LRP. and ERP
respectively.

For TRP, there are two experiments conducted.
The TONENNs for both experiments are
configured to have 9 input nodes, 60 hidden nodes,
and § output nodes according to 5 tone phonemes.
The training algorithm is gradient descent with
variable learning rate. Goal and maximum number
of training epochs are set to 0.005 and 1000
respectively. The first TONENN is trained using
20% of data and the second one is trained using
50% of data. The recognition result of TRP is
shown in table 1.

For VRP, two sets ot experiments are conducted.
The first set is for core-vowel recognition and the
second set is for vowel length determination.

Two experiments are conducted for VRP core-
vowel recognition, LRP, and ERP. Both
experiment are almost the same except the number
of training data. The number of training data for
both experiments is 20% and 50% of data
respectively.

For core-vowel recognition. LRP. and ERP
experiments, the same parameters are used to
extract the cep o features. They are 30ms frame
size, 10ms frame rate, 14 LPC orders, and 12
cepstral coefficients orders. Each CDHMM used in
these experiments is configured to have 3 states and
3 mixtures. Their experimental results are shown
in table 2, 3, and 4 respectively.

For vowel length determination experiments. the
data are divided into two sets: 20 % tuning set and
80% testing set. The vowel length threshold is
determined from the tuning set.  Finally. the
experimental result of vowel length determination
is shown in table 5.

Tone Train 20% Train S0%

No. | A (6] Teat (761 | Train (%%)] Veut (%)
1.{MId] 1420 89 5% 85,54 RO JH 9129
2.[Low] 1800 91 3y U3 8% 91 84 a4 67
3.[Falling] 1120 38 54 5728 4% g9 90 Y
4.[High] i 5h00 94 23 31 59 92 82 94 10
5.[Rising] BOO 100 00 LT 100.00 99.73

Total 7200 92.08 .61 2133 93.78

Table 1: TRP Experimental Result.

Vowel Train 28% 0%
N | A e s e
1.0 R 1680 9583 9178 9702 9532
2.fwii B 1680 92.56] 8720 8381 8In
3 [u{ 1680 9137 8643 90.52] 9008
4.[lel (d 8] 1680 95 83] 924y 9595] 9631
5[5, (18] 1680 o3 05[ B8 32 a9l 31| 9048
6.[/o/.(3 O] 1630 8839  B6.24 8917  BBAS
7 [fael{4i O] 1680 97 ez 9420 9667 9524
8103 ) 1680 95 %3] 91 89 94 20] 9452
9.frar{l B] 1680 95 34] 9457 95.60] 9476
10.[fa/,(3 B8] 1680 G5 83] 9360 9524] 9595
11.[twal,(d k) 1680 93 15] 9405 9186 9452
12 ffual{l EB)] 1680 9643 9055 9476 9607
Totsl 20160 94.39]  91.06 93.07]  92.98

Table 2: VRP Core-Vowel Experimental Result.

Leading [, Train20% |  Trsin S0%

No. Train (%) Test (%)) Train Temt
1.[fph/ (%)) 1) 9948 7031 91.88] 895
2.[(th (- )] Sreit vk 44| 7357 91| 9313
3.[xhi L (a)] el axue] 7740 9583  9unl
4.pp! (> i 95U  57.08 91 67| 8688
5. ()] Sl 9702 6823 9646 9104
6.[/k ()] Hall 98 96 o1 06 94 17 .00
7.07 1)) i) 9% 44| 6250 g2 92 8729
8.[bf {*)] 960 98 96] 7188 9542 9375
9.fal {7 )] Girld 9g 44 6412 9375 887

1001 (A)] 960 9% 44| 6927 9458 G104
11.[isf {E)] 960 106000 7891 97.71[ 54.38
12.[/h1 (E)] 960 96.35] 5964 90.83[ 8438
13.[ehd (" )] 960 10000 85.81 9708 9667
14.rct ()] 960 9844] 7930 9688 9542
15.[im 1A 260 5948] 8339 96 67|  94.58
16.[ind (" )] 960 9740 7799 9604 927
17.[injl ,(§)] i 9834  80.60 9Tos 9792
18.[A7 _{A)] 960 9948  73.57 954 58] 9104
19.03 L(A)] 960 9948 8750 98.03] 983
20. [l (Q] 960 96 35]  79.56 9583 9032
21.[iv ,(A) 960 9896  ala7 85.631 7125
22 [lphli, (%A)] 960 9583 6570 83.75] 82171
23.[Iphrl. (%) 960 9088 5951 9021 8521
24 [thri (- &) 960 9740 6962 gy 48| R729
25.[/hl,{s A)] 960 9531 6510 %) 83 8917
26.[fkhwi (o D60 98 44 77.08 9T 11 90 2}
27.[khri,{a ] 960 9792 67158 89.17]  868%
28.[/pl (> A 460 96.88) 5352 8458 %146
29 [fpri ,(-ﬁ]l 960 9479] 3208 28479 7313
30.[Mr! L (p A ksl 9792 5247 85 83 0.0
31l L { A} ol 9740] 4753 R
32.{ewd {j G bl 9792 7448 R T
33.[fkef ] A)) Y 9792 &0 ss s 303
34.frded (T A [ 95 44]  SGS] 8708] 8167
35.[mu 0z A Gy G0 k8| 6618 26250 902
36.[Hr L A ot 100 (W) TS5 90.42 48733
37 [y ,° Aj) [y 9844 6419 B 25| &6 04
38.[fort ° K] Goial) 94 T9 84%a Boa| 770

Tetal 36480 98.01 6821 91.69] &8.00
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Table 3: LRP Experimental Result.

Eading A . Train 20% Train 50%

No. Train (%} Test (%)] Teaio (%)] Test (%)
1.[ph(° )] 480 100 00 79 69 99 58 95 83
2.0 480 10000 783y 10000 9583
N 480 Lo oo) 6953 98 75] 9500
4.[/74,(8)] 480 100 00 B3 07 on ool 9708
5.fimt.(A}] 480 10000 9635 99 58 97 92
6.[ni{"}] 180 1000l 9401 100 130 98 33
7.{nji.{§)) 180 100 oo 8516 10000] 9792
8.[j AN 280 woon| 9777 10 00] 100 00
9.fwi Q] 200 10000] 9563 100 00 100 00

Total 3840 100.00]  85.38 99.74] 9724

Table 4: ERP Experimental Result,

Vowe! Amount Tuning 20%
Length Tuning(%) |Testing{%
1.|Short 2680 6 08 G501
2[Long|| 3520 %6 U6 86 56
Total 1200 89,79 §9.70

Table 5: Vowel Length Experimental Result.

6. Conclusion

This paper has presented the phoneme-based Thai
syllable recognition system using Continuous
Density Hidden Markov Mode! (CDHMM) and
Neural Network (NN) techniques. The system
consists of five processes. The first process is
responsible for doing feature extraction. The rest
four processes are responsible for doing phoneme
recognition. As a syllable consists of four
phonemes: leading consonant, vowel. ending
consonant and tone. They are namely as leading
consonant tecognition process (LRP).  vowel
recognition process (VRP), ending consonant
recognition process {ERP) and tone recognition
process (TRP). Cepstral coefticients and signal
energy frames extracted from a syllable signal are
the base feature for LRP. VRP, and ERP. The
vowel location is detected using the differences of
cepstral coefficients frame and energy and then
used to partition the base feature into three parts for
LRP, VRP. and ERP respectively. The
fundamental frequency contour extracted using
cepstral pitch detection techniques is used as
feature for TRP. The CDHMM technique is
applied as the recognition engine in LRP. VRP, and
ERP. The NN technique is applied as the
recognition engine of TRP,

The best recognition rates of the leading
consonant, core-vowels, and ending consonants
phonemes are 88.00%, 92.98%, and 97.24%
respectively. Note that in order to get these
recognition rates, 50% of data are required as the
training set of each CDHMM. The recognition rate
of vowel length is 89.70%. From our experimental
results, the correctness of syllable segmentation,
the correctness of vowel location detection, the size
of training set, and the quality of training set play

the important role. For tone phonemes, the best
average recognition rate is 93.75%. Note that 50%
of data are required as the training set of NN. The
NN used in TRP has 9 input nodes, 60 hidden
nodes. and 5 output nodes according to 5 tone
phonemes.  The training algorithm is gradient
descent with variable learning rate. Goal and
maximum number of training epochs are set to
0.005 and 1000 respectively.

7. Future researches

In the future. there are three challenging works for
us. The first one is to find the ways to improve the
recognition results of our system. The higher
recognition result can be achieved by adding more
HMM models to each phoneme class. This causes
increasing of the recognition time. Second, this
system should be integrated with syllable
segmentation system. Finally, the syllable-based
word recognition system is the next challenging
step to fulfill our conceptual Thai connected speech
recognition.
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Abstract: The basic syllable rules for Thai language can be defined by use a phoneme encoding
method. Thai characters can be classified into the following sets: leading consonant, vowel
symbols. Ending consonant and tone makers. Based on this character set and their appearances, the
rule of syllabic boundary and ambiguous phonetic sound can be formulated to created Thai
Ambiguous Phonetic Dictionary. Word Segmentation algorithm used for separating connected
syllables in Thai Speech Recognition to be the possible word segmentation. Some of each word
segment will be know or unknown in Thai meaning. Average Likelihood gives the correction
unknown Thai words to be Thai word meaning system.

Key words: Thal Phonetic Rule Base, Thai Phoneme Ambiguous Dictionary, Word

Segment Algorithm, and Average Likelihood Thai word correction.

1. Introduction

Thai syllabic correction has become one of the most
essential things for integrating with the empirical
result of Phoneme-base Thai speech recognition
system [1]. From the empirical result of Phoneme-
base Thai Speech recognition system [1]
representation Thai phonetic: Leading Consonant.
Vowel, Ending Consonant and Tone, All four pars
represent to a syllable.

From the review of Thai Word decoding or
Thai Word Segmentation approaches. Thai Word
decoding [5,6.9.11] almost approaches use for text
retrieved to find the unknown word meaning to
word correction. Word Segmentation approaches
[7.8.10] are importanmt for separating syllables
connected from Thai speech recognition to be each
word segments. A detail survey of this technique
almost found with Word Segmentation from Thai
text sentence. Ancther approach is important for
Thai word properties are Thai Rule-Base System
[3.4] use for created Thai Regular Grammar to
apply with Thai Syllable Speech Recognition error.

In this research. the proposed system presents a
way to correction Thai syliabic connected speech
recognition using Word Segmentation algorithm
search in Thai Ambiguous Phonetic Dictionary and
correction a word with Average Likelihood. This
paper is organized as follows: In Section 2, the
detail of Thai ambiguous Phonetic Word Model
Section 3 and 4, the detail of propose system show
the algorithm of Word Segment Algorithm and
Average Likelihood Algorithm to find the
correction word in Thai word system.

2. Proposed system

The propose system Thai Syllabic Correction by
classifying them to correction with Thai Rule base
system. The system consists of three processing

Thai Ambiguous Phonetic Word Model, Word
Segment Algorithm and Average Likelihood
Algorithm.

A Thai syllable format can be divided to 4
parts. Those are leading consonant, vowel, ending
consonant and Tone. A Thai syllable format using
properties of each leading consonant. vowel and
ending conscnant. And alse properties of Thai
ambiguous sound modify with Phoneme-Base Thai
Speech recognition system using Fuzzy system and
Neural Network to create the probability of Thai
Syllabic model.

2.1 Thai phoneme word dictionary

The format of Thai syllables properties and the
properties of ambiguous phonetic sound can be
generated to be Thai Phoneme Word Dictionary.
The basic Thai Syllable Format Rules can define to
be Thai Rule base Regular Grammar. The syllables
building in Thai phonetic system consists of
Leading Consonant. Vowel, and Ending Consonant.
Thai Phoneme Words have to verify with Thai Rule
base Regular Grammar. Thai Phoneme Word
Dictionary keeps the words that can possible to
occurred ertor phoneme from Phoneme-base Thai
speech recognition system [1].

2.1.1 Modify leading, vowel marker properties

There are many approaches to derive vowel

properties. Some approaches consider only the

appearance of each vowel symbol. The following

rules are used to determine their segmentation.

¢ The vowels, ‘-z ja/, - fua/, 1 -z o/, w -
/@l /)0 -2 /el always require at least
one leading consonant and no final consonant
follows.

* The vowel all form *¢ -z /e/, w-= /2/. 1 -2 fo/,
¢ -1 2 /)" always has a leading consonant.
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e The vowels 1 -fee/, u -/=®/ always precedes
consonants.

2.1.2 Modify Final Consonant Properties
The following letters are never used as final
consonants o /kh/.@ /7,2 /ch/ a/n/,dl /1.0 /ph/

2.1.3 Rule-based Method
Although Thai grammar has many exceptions, the
majority of syllable usage still follows these rules.

_Characters Meaning
| Matches either the preceding or
the following regular expression.
| C,V Consonant, Vowel

Tablel: Character Meaning

Thai characters set symbols

C = {Cii1<="I<= 44 set of Thai Leading
Consonants}

Ce= { ¢; | ¢; = letters which consider as a Final
Consonant, except

fkh/, @ /t/, /eh/ oaind |l /7 W /ph/}

V = { vilv; = vowels which always place after
consonant }

Table2: Thai Characters set symbals

In summary the basic regular expressions were
compiled and emphasized to the consonant rules.

2.1.4 Thai ambiguous phonetic system

From the empirical result of syllable recognition of
Phoneme Base speech recognition [1] can classified
the groups of leading consonant ambiguous
phonetic sound base on vowel phoneme. The results
of Phoneme base speech recognition can analyst by
percent of sound matching show in Table 4.

Regular Vowel Example
Expression Patterns
R1 | CV(TEN TE e
R2 Cc (T)“(Cf) T &Y R
R3 C (TM)aCf=w) 1 &
C (The: oz
R4 C 1 (M) ({Cf=») 5 t
C o=(T) {Cf=4) § #u
C ¢ L (35
Tc {TCf o e
R5 1cM: fx
RE V| C(T) (Ct=y) 1 i
1 C (M) (Cf=y) 1 s
WC (VUTICD u e urmz unh:
R7 oS (VYT ugs wr
«C{TCH - W
1 C(TiCF=) “ v
C (T)'t](cf) 8 L
R8 C(M: “E it
C M= - @
CMV)(MEu(CT):) B s e
\CM(T)!‘JIJ (Cﬂ:) B i 3 Fen
}ig C (MyCt ) s

Table3: Thai Regular Expression

/th/ (M) KW (9) h ()
_W "}_ 1 0.8421 0.1052 0.0526 0.0001
- P -
Ab () /ph/ (w) ch/ (1) M (v
0.6176 (.2941 0.0882 (.0001
0.8235 0.0882 0.0882 0.0001
fwd (a) A/ () WV (m}
A 0.3637 0.3181 0.3181 0.0001
W () s/ (6) il i) N/ (s)
0.5 02812 (2187 0.0001
& (m) fkhf(“:’) "'lh/(‘_’\) M {n)
0.8285 0.0857 0.0857 0.0001
1 (s) M (w) mjf (<) ks (n)
0.4285 0.3809 0.1905 0.0001
M ) fd/ (») hwl (n) m/ (1)
0 6486 0,2702 0.0811 0.0001
1/ () n/ (u) b/ (u) 19.[4/ ()]
0.5 04117 0.0882 (.0001
18 @) /s/ (#) fth/ (n) foh/ (1)
0 8055 0.1389 0.0555 0.6001
/s (8) /ch/ (1) Y () fef (=)
0.3749 03125 03125 0.0001
M () /th/ (n) /Kh/ (91) RS {n)
0.3448 0.3448 0.3103 0.0001
Jech/ () fef (=) s/ (&) Kb/ (@)
0.6857 0.1714 0.1428 0.0001
It () feh/ (9) 3/ (&) /thy (n)
0.5588 0.3529 0.0882 0.0001
I'I'W'{H} /an-(:) nf (u) wf (1)
0.4394 0.4324 0.1081 0.0001
I () Id/ (=) mj/ (5) m/ (u)
_ 0.4324 0.3243 0.2432 $.0001
ﬁ!i:‘ld . /n{ (u) mv (u) A ()
0.5526 0.3947 0.0526 0.0001
W () el (%) ’sf (&) fd/ (#)
0.7386 0.1379 0.1034 0.0001
/("
il ) {mn) U/ (s) id/ (»)
0.5 0.3461 0.1538 0.0001
twi (3) /() m/ () B/ (u)
0.5312 0.3125 0.1562 0.0001
I/ (,) Vi s/ (ﬂ) A/ (n)
0.4166 0.3333 0.25 0.0001

Table4: Thai Ambiguous Phoneme Matching
Values with Vowel /i/5 and /ii/ s

From the empirical result of syllable recognition

process [1], the system has leading consonants
training 100 times.

Let S = Time of second match
T = Time of third match
F = Time of fourth match
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Percent of First match {1st) = /.0

I

Percent of Second maich (2nd) I
> {s.7.F}

T

> {S.T.F}
F’
S {s.T.F}

Percent of other match = 1-(%2nd+%3rd+%4th)

Percent of Third match (3rd)

Percent of Forth match (4th) =

2.1.5 Create Thai ambiguous phonetic dictionary
(AMPD)

From the result of Thai Ambiguous Phonetic
System can generate the words into Thai
ambiguous phonetic dictionary. The groups of word
mode! have to separate to 4 groups.

e  First Group for monosyllable

e Second group for two syllables

e  Third group for three syllables

e  Fourth group for four syllables

Example of word model in third group:

Sentence: nin
Phonetic: A ‘ u

3
EA =T

| 7

From this word, generate to
B =

I8/ () fef (<) HY (W) feh/ (1)
0.5151 0.303 0.1818 0.0001
wia =
i o Y ) K ()
i i 0.4736 0.3684 0.1579 0.0001
A=
' /(&) B/ (v) A/ (u)
S 0.5 0.4117 0.0882 0.0001

The word model of ««7 is metric of [n, 4], where
n is number of syllables.

1 2 3 ]
I AT wia i
Il b 1 1 1
i - - -
"i'll b 4 R u
1 0.5151 | 0.4736 0.5
| bt e e U
| 0303 | 03684 04117
¢ 7= fim 5]
1 0.1818 | 0.1579 | 0.0882

Table 5: Word Model Matrix

3. Word Segmentation Algorithm
Word segmentation algorithm use for separating
words from connected speech in a sentence. Word
segmentation algorithm is searching by the group of
word model. Let

N = # of word model.

T a given sentence to be word segmented.

Tij a word of T starting at first position of

word to end position of word.
PD = a word model in Thai Ambiguous
Phonetic Dictionary (AMPD)
G = syllable group (length of syllables)

The algorithm consists of three steps as
follows:

1. ifGnotin I"group.
For G = 4 to 2, searching from four
syllables to two syllables
For each Ti, i=1,..., n, find a word, in
G group of PD satisfying the
following conditions:
s  Si syllables matches found. Let 1’
= i-l+length of Si. Therefore
Wi=Si,i’
e Wi is not a word in PD. Go to
next Ti
If G equal 1 syllable, separate all syllables
segment by don’t search in PD.

For example,

Phonetic speech recognition error:

112134151617

T | uUn F un [ mw | eou | R

Generate Word Segment {o:

N | G | Word |Wi=Si,i’| AWN

1 3 | walnd S1.3 0.1567

2 | 2 | 9w 54,5 ]

3 2 Ao 56,7 0.2948

4 1 % S1,1 0.1818

5 1 Se S22 0.3684
6 1 i 83,3 1
r gl 1 i 54,4 ]

8 1 Fuu 85,5 i
9 |1 Apu 56,6 0.1785
10 | 1 B $7.7 !

Let
WM = value of each syllable from

word model matrixes (table 4)
AWM = Average Word Model
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AWM = 27M.,
G

2. From the example in step 1, we ¢an construct
the corresponding overlapping graph as shown
in Figurel.

4 -| i3 Hi " e -I--‘“ -

Figurel: Word Segment Overlapping Graph

3. For each component of the graph, find the
average value for all paths in graph.

I ozUAR | dndus rswds 3 0.701983333
2 ToUp A | DT Jnou | 8 4 0.6292

3 2zmd I Feupoud 4 0.7764875
4 AzURR |, Gy ieeu 5 0.70336

5 ot el B v mouda 5 0.51789

6 sz 7 | Onihou ey |0 6 0.50005

7| wm# v o e 6 |0.598241667
8 | weomaimn dupmeusds 7 0.571471429

Table6: Average values of Word Segment

Let NWS = Number of word segment

ZAWM

Average Word Model (AWS) = LX¥S
NWS

4. Averages likelihood
From the word segmentation algorithm can
obtained a set of words that know and unknown
meaning. So Average Likelihood give the solution
for correction unknown word meaning to be the real
word in Thai meaning system.

if G not in 1* group
for each Word Segmented (Table6) in path
ifAWM =1
* Give word correction value
(WCV)tobe |
Else
Fori=1to 4
» Change wrong syllable to be
syllable of [1,i] in word
model matrixes
*  Get the correction syllable
Give word correction value
(WCV) to be |
Next

Next

Else

If AWM =1,
e Give word correction value
(WCV)tobe |
Else
Fori=1to 4
if [i,1] = syllable value of [1,1] with a
syllable word mode! matrixes
e Give word correction value
{(WCV) to be AWM of [i,1]
»  QGet the correction syllable
Else not exist in [i, 1]

e Give the word correction value
(WCV) to be 0.0001 for
unknown word meaning

Next

Average Word Correction (AWC) = J_WCV

NWS

Average Max Likelihood (AML) = Max(AWC * AWS)

So AML gives a Maximum value of Word

Segmentation path that the syllables have to
correction unknown word to be the know word in
Thai meaning system.

5. Experimental Result

The experimental result is mean by using word
segmentation accuracy rate (WSAR), Thai word
correction accuracy rate (WCAR) and correction
rate (CR) is shown the value of performance
system.

The initial experiment is base on the following

condition:

500 Thai word model in Thai word meaning
system

1,500 ((500*4)-500) for Thai Phoneme word
model

4 maximum syllables for each word
4 groups of word model
9 rules of Thai Rule Base System.

The experiment was conducted according to the
following steps:

1. Maximum 15 Syllables for each
sentence. :

2. Thai Ambiguous Phonetic Dictionary
was setup the word matrixes model in the
discussion of AMPD in section 2.1.5.

3. The Word Segment Algorithm was
applied for separating all syllables to be
segment of words and created likelihood
word segment overlap graph.

4. User Average Likelihood Algorithm to
correction unknown Thai words meaning
to be know Thai word meaning.



5. The experimental result is shown in

Table 7.
sylapies| Word | Segment | WSARCS)| WCAR(A) |CR(%)

15 9 8 88.89 60 100
10 LG 10 100 80 90
10 § 4 80 60 100
6 2 2 100 50| 100

3 2 66 67 66.7 100

| 2 so_ | 3334 | 100

6.

Table7: The Experimental Result

Conclusion

The proposed system is an attempt to provide Thai
Svllabic Connected to integrated with the empirical
result of syllable recognition process error.

to

The system was corrected unknown Thai word
be Thai word meaning by Thai Ambiguous

Phonetic word model and get the maximum value
of Average Likelihood to separated the connected
Thai syllables to be segments of a word.

The correction rate is dependent upon the

process of determining appropriate sample cycles,
which plays the most important role in this system.

Applying Thai

Rule-Base System with Thai

Ambiguous Phonetic System to create the matrixes
of word model, can give the knowledge base of

unknown word model

in each matrixes. Word

Segment algorithm and Average Likelihood is also
important to cutoff the connected syllable in Thai

speech recognition to be segment of Thai word
meaning.

All the processes are being tested with data

representing subtle features of Thai word. Once the
system is accomplished, the overall accuracy of
approximately 90% is expected.

7.
(1

4]
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Abstract: Word decoding plays an important role in connected speech recognition.
There are many decoding techniques based on a language model. This paper
proposes to use an alternative technique that does not require a {anguage model. The
authors employ genetic algorithm as decoding technique to identify the most likely
word sequence from the Thai syllable sequence input. The fitness function used in
this genetic algorithm is based on the Thai language rule on ambiguous phonetic and
empirical result of syliable recognition process.

Key words: Thai Word, Decoding, Genetic Algorithm

1. Introduction

In the field of speech recognition, the decoder is a
core of recogpition and it is time consuming
process. There are many techniques of decoding
algorithm develop in the connected speech
recognition system.

From the review of decoding technique, many
researchers used language model as a knowledge
resource Input into the decoder. Syllable network
and word search tree are used in [2..3]. N-Gram
base language model is use in [1.2.3]. The viterbi-
decoding algorithm [1,2.3] and network search
algorithm [1,2,3] are used as a search algorithm.

This paper proposes a new framework of
decoding technique base on genetic algorithm [5]
that does not require a language model. The
propose decoding technique finds the most likely
word sequence from an input syllable sequence that
is a result of syllable recognition process. The
process generates a set of candidate word sequence
to be a solution by picks up a sequence of random
word that satisfies the initial population condition.
A selection and crossover operation are applied to
create @ new candidate word sequence in a next
generation. The evaluation function for the
candidate is fitness function. Fitness function is
calculated as by using matrix base on ambiguous
degree and Thai language rule.

2. Thai word domain

The proposed algorithm in this research is applied
within the boundary of Thai word domain. Word
domain composes of words in Thai dictionary and
word pronunciation. Each word has 4 maximum
syllables. An ID is assigned to each word in order
to make it easy to reference form decoding
algorithm. An example of Thai words is shown in
table 1.

Thai syllable composes of 4 phonemes:

e Leading (L): there are 38 different Thai
leading consonants

e  Vowel (V): there are 24 different Thal vowel

¢ Ending (E): there are 9 different Thai ending
consonants

e Tone (T): there are 5 different Thai tone

Id Word Pronounce (LVET)
7 N '“"‘l" ) 6951:1897 1
.am -la n
8 el 951189711498 1
{kam -1z r-cai)
1] i 6412
{kep) -
61 (mﬂT:) 5942,182022
ta-1 )t
62 (tmlmt) 5942:182122
a-la:
158 ‘T;E”:_t) 111622:2942:6122
sel-tna-xKl
63| ussu 119421691 211942516
(sa-nap-sa-nun) 365
A
187 e 121622:1665
(he:t-phon)

Table 1: Example of Thai Word Domain.

3. Ambiguous matrix

Thai Ambiguous matrix is base on the Thai
language rule on ambiguous phonetic and empirical
result of syllable recognition process [6]. There are
4 groups of Thai ambiguous phonetic: ambiguous
leading (ALM), Ambiguous vowel (AVM),

ambiguous ending (AEM) and ambiguous tone
(ATM)
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In this research. there are 16 ambiguous
leading matrix based on a couple of vowels and the
other 3 matrixes for ambiguous vowel, ambiguous
ending and ambiguous tone.

[ ekt (w) | /kh/ () | 7R/ (0)
Iph/(n) | 32 5 | 2

Table 2: Value of Ambiguous Leading /ph/(w).

[ 1phs (w) [ /KN (a)] /K () | /b7 (w) | b/ () |
ithi {w} 25 5 2 | 3 10

Table 3: Value of Ambiguous Leading /th/ (v).

The partial results of ambiguous leading /ph/
{(») and /th/ (») with vowel /i/ (8) and /i:/ (§) from

syllable recognition process [6] with 40 number of

- test set are shown in table 2 and table 3 respectably.
The row in the table is vaiue of ambiguous leading
corresponding 1o the leading in the lefimost
column. From talble 2, there are 40 number of test
set of recognition the leading “/ph/ (»)" 32 of 40
recognize as /th/ (v} and 4 of 40 recognize as /p/
().

Base on the empirical result of ambiguous
leading consonant in table 2 and 3, the ambiguous

degree {AD) of each phoneme is calculated by
using equation ().

AD < Value of ambiguous phoneme.

(H

total number of test set

From the equation (1), AD | is set to | for an
ambiguous degree of phoneme itself.

The ambiguous degree is a value between 0
and 1. The partial ambiguous matrix for leading
consonant /ph/ (») and /th/ (») with vowel /i/ (8) and
i/ (8) 18 shown in table 4.

Iph/{w) | /th/(n) | /Kh/ (») | /k/(n) | Thi{w) | /ch/(z)

fphi(m)| | 0.8 | 0.125 [0.025]0.05 0

|

fthi(n)| 0,625 1 0.125 | 0.05 |0.075| 0.25

8 i 1

Table 4: The partial Ambiguous Matrix for
Leading Consonant.

4. Word decoding

The authors propose the decoding technique based
on genetic algorithm (GA) to find the most likely
Thai word sequence given the Thai syllable
sequence. Thai syllable sequence from the syllable
recognition process is a string of syltable consists

of phonemes number. There are
characteristics of GA used in this research.

many

4.1. Decoding process

The decoding process is started with a set of word
sequences to be solution by initial population (refer
10 sub-section 4.3). The number of generation and
acceptable fitness value are set as a condition to
stop a decoding process. The fitness value (refer o
sub-section 4.4) is caiculated for each waord
sequence in the population. If fitness value of the
current word sequence is not good to be a solution
then the new generations of word sequences is
generated from selecting two parents (refer to sub-
section 4.5) and apply ¢rossover operation (refer to
sub-section 4.6).

There are 2 steps of stopping decoding
process in this research.

First step is assumed that the input syllable
from the syllable recognition process has a 100%
recognition rate. The acceptable fitness value is set
to |. The fitness function is using the normal
degree as a degree of fitness. The process s
stopped when there is a fitness value of word
sequence (result) equal to the acceptable fitness
value. If more than 80% of word sequence in the
current population has the same fitness value then
assume that the input syllable from the syllable
recognition process has a recognition rate less than
100% so the decoding process is restart and second
step is applied

For second step, the fitness function is using
the ambiguous degree as a degree of fitness.
Second step is stopped when more than 80%0 of
word sequence in the current generation has the
same fitness value., Word sequence that has a
maximum fitness value is picking up as a result.

4.2. Encoding of word sequence

The authors used permutation encoding as a
encoding method to represent each word sequence
by a string of word ID. A variable-length encoding
scheme is applied because the number of word in
word sequence is varying according to the number
of syllable of input syllable. An example of
encoding of word sequence is shown in figure 1.

Word sequence A gt S omne 6 b AL wedog
(luk-ca:n mi: he:t-phen thi: maj hen dua:j kap nazj-ca:n)

T e

130 188 84 4| 90

-
187 | 78
|

Word sequence B: -bideu cie S Fen 30 acsm
{roin-ra‘n pha-in nak-ria:n thi: mi- khun-na-phap)

144 | &4 128 | 187 | 78 130 | 188 | &4 4 *)o'

Figure 1: Encoding of Word Sequence.
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4.3. Initial population
Initial population generates a set of candidate word
sequence. Word sequence is created by pick up a
random word that satisfy the initial population
condition and add that word to the end of current
word sequence then pick up the next word and
repeat random process until the length of syllable in
word sequence is equal to the length of input
syllable.
The initial population conditions are
e The random word has either vowel or tone that
equal 1o vowel or tone on the same position of
input syllable.
e Length of the word sequence must be equal to
the length of input syilable.

4.4. Fitness function

FN = \EV g: aDegree j NS (2)
i=1{_j=1
where w = # of word in chromosome
n = # ofsyllable in each word

NS = # of syllable in chromosome

ambiguous degree
aDegree, = {

normal degree

The fitness function is calculated by using equation
(2).

From the equation (2), the ambiguous degree
of each phoneme can be obtained from ambiguous
matrix as describe in section 3. The normal degree
is the set to | if syllable at j is equal to syllable at
the same position of input syilable, otherwise it is
set 1o 0. The ambiguous degree is used to measure
the similarity of the input syllable and candidate
word sequence.

4.5. Selection and crossover point

Two word sequences (father. mother) are random
selected from the population by using roulette
wheel as a selection method. The random mother is
not accepted as a new mother until it is verified as a
good mother.

Mother is verified by choosing the crossover
points of mother and father that preserve the
syllable length of the new word sequences
(offspring) as mention in the initial popuiation
condition and apply crossover operation (refer to
sub-section 4.6) 10 produce the new word
sequences. The fitness function is applied to new
word sequences. The mother is good if any of the
new word sequence has a better fitness value
compare with the parent. A flowchan of selection
is shown in figure 2.

4.6. Cromsover

Swapping words between two word sequences at
the crossover points performs the crossover
operation. New word sequences from crossover
operation are applicd with fitness function. The
new word sequence with the better fithess value is
put in a new population. An example of crossover
is shown in figure 3.

BTARTY
Random sedec) hther
B Randorn pekicl Mothe

Vertly & good mother

Figure 2: Selection Flowchart.

Father Mother
Trethiu wnfed dnFou Ty Fuu e wun

(ro.n-ria:n phon-lap nak- {rrm ria:n pha-lit pha

rna.nd na:t)
36 (122|108 17 el
-6 Syllables —| — 6 Syllables —
L ‘ * |
Child] Child2

S Fou uednd wun
rmm ria:n phon-lap pha-

Yrutou whe oy
{ro:n-na:n pha-lit nak-

na:n) nx:t)
36 [tz {108 1718 [122] 101
i~ 6 Syllables — - 6 Syliables —!

Figure 3: An Example of Crossover Operstion.

5. Experimental result
The experimental result is measurc by using
decoding accuracy rate (DAR) and correction rate
(CR). The number of word that the system decodes
correctly measures DAR. Correction rate (CR) is
number of word that the system makes it commect
from the error of input.

The initial experiment is based on the
following condition:
e 220 Thai words in Thai word domain.



¢ 4 maximum syllables for each word.
e 4 group of ambiguous matrix base on [6].

The authors perform 2 expeniments from the
above conditions.

First experiment is using 200 input syllables
with 100% recognition rate from syllable
recognition process [6]. The example graph display
fitness value for each generation is shown in figure
4. Table 5 is shown the DAR of the experiment.

f—— ——

[ Initial Condition | DAR |
400 initial population size, 12 generations. | 100% |

+

200 initial population size, 12 generations. 7%

200 initial population size, 5 generations. 80% |

Table 5: Accuracy Rate of Experiment 1.

Figure 4: Fitness Value of Experiment 1.

Second experiment is using the different 200
input syllable sequences with a recognition rate
from syllable recognition process [6] less than
100%. From the experiment, 83% ol word
sequence in the 6th-generation has the same fimess
value as shown in figure 5. The system recognizes
that there is some error with input syllable so the
second step of decoding process is used. DAR is
95% and CR is 85%.

Figure 5: Fitness Value of Experiment 2.

6. Conclusion
This paper proposed the aliernative decoding
technique that does not require a language model

by using empincal result of syllable recognition
process.

From the decoding technique being test, the
population size, number of generation and
recognition rate of the input syllable are factors thai
effect to the accuracy rate. The population size
should be set according 1o the number of word in
word domain. A small number of generations cause
the low accuracy rate because in some case the
solution is found in the next generation from the
maximum genecration. The accuracy rate is
decrease when an input syliable from a syllable
recognition process has recognition rate less than
75% per syllable.

The decoding technique used in this paper is a
time-consuming process. Further rescarch should
be focus on this problem by applied the mutation
operator and considering the condition of selecting
a candidate solution in the initial population.
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Abstract: Connected speech recognition problem for Thai language. tike the similar
problem in other languages. involves three sub-problems: 1) syllable segmentation,
2) syllable recognition and 3) syllable-based word recognition. This paper presents a
framework upon which a speech recognition system can be built. The approach
taken in our framework difters from a so-called word-based approach in which
whole words are trained to be later recognized. Our approach attempts to recognize
syllables based on their constituent phonemes: the recognized syllables are then
grouped into words within a given context of discourse. The four constituent
phonemes of Thai syllables are leading consonant. vowel. ending consonant and
tone. The proposed framework utilizes several soft computing techniques in
different parts. As for the signal processing portion of the framework. Fuzzy System
(FS) is used in the syllable segmentation part while the Neural Network (NN) and
Hidden Markov Model (HMM} are used in the syvllable recognition part. On the
other hand. Genetic Algorithm (GA) and rule-based svstem techniques are used to
develop alternative methods to recognizing words from given set of syllables

Keywords: Speech Recognition. Hidden Markov Model, Neural Network, Fuzzy

System, Genetic Algorithm. Rule-Based System

1. Introduction

Speech is a primary means of human
communications. It is the most nawral way for
humans to convey ideas. to exchange information.
to give instruction. etc. A speech is an intelligible
group of words. Thus, the foundation for the
understanding of human speech is the
understanding of spoken words which in turn
requires the recognition of spoken words to first be
achieved.  Our proposed framework outlines
methods that can be used to solve this spoken
words (or speech) recognition problem. This is
indeed an exciting yet challenging research area.
Speech is seen as the way humans will interact with
computers in the future. In general, humans can
speak about two times faster than a proficient typist
can type. In addition, this mode of man-machine
interaction allows for hand-free operation such as
giving on-board computer an instruction while
driving a car,

*
This research is suppotted in part by the
Thailand Research Fund

Techniques for recognizing words as trained are
widely commercially available. These words are
not connected, individual words that can be
encoded as templates. On the other hand,
recognizing connected speech is a totally different
problem with a magnitude of difficulty. Our
proposed framework is conceptually depicted in
Figure 1. [n the first step. the given speech is
segmented into syllables. Then. in the second step,
each syllable is attempted a recognition from its
constituent phonemes. Eventually, in the third step.
the recognized syllables are decoded into words
within a given context of discourse.

Various researchers have developed different
alternatives to the problem of Thai speech
recognition. Different techniques are used such as
Dynamic Time Wrapping [1], Conventiona! Neural
Network [2], Modified Back Propagation Neural
Network [3], Neural Network with Fuzzy MF
Preprocessor [4] and Hidden Markov Model [5].
From the studies in [6] and [7]. the Hidden Markov
Model (HMM) as used in [5] is identified as the
technique that yields the best recognition rate.

However, there are a number of limitations
observed with regard to the research works cited.
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13 All of the research works utilizes the word-
based speech recognition approach. The whole
words are trained/encoded. Hence, the
approaches can recognize only a small set of
vocabularies such as numbers, names and
commands.

2} The approach outlined in [5] is not readily
applicable to the connected speech recognition
problem in general since the number of
syllables has to be determined before the
recognition can be undertaken.

3) In all of the approaches. computational
requirement grows in proportion to the number
of vocabularies they are trained/encoded to
recognize.

In order to overcome the limitations discussed
above, our proposed framework aitempts to
recognize connected speech in terms of syllabic
units.  This requires that words in a given
connected speech be segmented into syllables
before recognition can be achieved.

SPEECH SIGNAL

'

SYLLABLE SEGMENTATIOM

!

SYLLABLE RECCOGNITION

SYLLABLE-BASED WORD
RECOGMITION

'

RECOGNIZED WORDS

Figure 1: Conceptual Framework for Connected
Speech Recognition

2. Framework Architecture

The proposed framework consists of three parts:
firstly, syllable segmentation which is described in
Section 2.1, secondly, syllable recognition which is
outlined in Section 2.2, and thirdly. syllable-based
word recognition whose two alternatives are
discussed in Section 2.3.

2.1. Syllable Segmentation

The segmentation algorithm used in our framework
is based on the concepts of energy and Different
Ceptral as explained in [8]. The segmentation
algorithm consists of three steps: parameters
computation, threshold based segmentation and
fuzzy based segmentation. First, the speech signal
is pre-processed to enhance the signal quality.
Then, necessary parameters are calculated. These
parameters are used in segmenting the speech
signal. Finally, a fuzzy inference system is used to
identify the ending point and starting point of each
syliable in each resulting segment.

2.1.1. Parameters Computation

First, the speech signal is pre-processed by means
of signal pre-emphasizing technique as described in
[9]. The signal is then en-framed into 30
milliseconds long frames with 20 millisecond
overlapping factor between frames. For each
frame, fours parameters are computed: High
Amplitude Rate (HAR), Absolute Energy, Zero
Crossing Rate (ZCR). and Different Ceptral (DC).
Detailed descriptions of these parameters can be
found in [8]. A graph representing each of the four
parameters is respectively constructed. Finally, the
contours of each graph are then smoothed
according to the Moving Average Smoothing
algorithm [10].

2.1.2. Threshold based Segmentation

In this step. the threshold-based segmentation
algorithm eliminates the silent portions of a given
speech using a set of threshold values calculated
from the beginning part of the speech. Here, the
original speech signal is segmented into groups of
syllables called speech segments.

The algorithm works as follows. The speech signal
is searched from the first frame to find the pairs of
starting frames and ending frames. The following
rules are then applied to determine whether a frame
{ is starting frame or ending frame or neither.

If Eneren[i]=E thi or HAR[i]>HAR _thl then
Jrame [ is staring firame.

{f Energnfi]<E_th? or ZCR[i]=0 or
HAR[I]<HAR th? then frame [ is ending frame.

Where:

Energy[i] is the ABS Energy at frame i
HAR[i] is the HAR at frame i

ZCR is the ZCR at frame i

E_rthl and E_th2? are Energy thresholds
calculated from the background noise at
the beginning of the speech signal.
HAR_thl and HAR th2 are HAR
thresholds calculated from the
background noise at the beginning of the
speech signal.

The algorithm is depicted in Figure 2. The results
obtained in this step are the speech segments,
which will further be segmented into syllables in
next step.

2.1.3.  Fuzzy based Segmentation

Each speech segments resulted from the threshold-
based segmentation algorithm is once again
segmented in ihis step. The ultimate results are
syllables to be recognized. There are four steps in
segmentation. First, local peak energy frames. so-
called PeakE frames are identified in each speech
segment.  Then, local minimum energy frames



between two PeakE Frames, so-called Emin frames
are also identified. The identification rules for
these frames are given in {8].

For each Emin frame, five fuzzy input variables are
defined, namely 1) the absolute energy of the
current Emin frame — EM, 2) the minimum ZCR
between the two swrrounding PeakE frames, 3) the
difference between the EM and the absolute energy
of the preceding PeakE frame ~ DEL, 4) the
difference between the EM and the absolute energy
of the following PeakE frame — DER, and .5) the
maximum DC between the two surrounding PeakE
frames — DCMAX. Finally, a Fuzzy Inference
System (FIS) is constructed to determine the frame
whether it is a boundary frame or not based on
these five input variables. Fuzzy terms for each of
the parameters and the fuzzy rules are defined in
[8]. Here, Mamdani-type FIS with centroid
defuzzification method [11] is employed.

After the boundary frames are located, the center
speech signal sample of each frame is used as a
boundary point to demarcate the boundary between
syllables.

Yes
v

I | Store the speech
| segment to be process
in the next step

e = @ =
_
I

Finished
—

Figure 2: The algorithm to detect the starting
and ending frames.

2.2. Syllable Recognition

Each Thai syllable sound comprises four different
types of phoneme, namely leading consonant,
vowel, ending consonant, and tone. In order to
recognize a Thai syllable, all these four constituents
of that syllable must be recognized.

The proposed syllable recognition system
comprises five processes namely 1) leading
consonant, vowel, ending consonant and tone
(LVET) feature extraction process, 2) leading
consonant recognition process (LRP), 3) vowel
recognition process (VRP), 4) ending consonant
recognition process (ERP) and 4} tone recognition
process (TRP). A block diagram of the overall
recognition system which is described in detail in
[12] is given in Figure 3.
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SIGNAL
x
LVET FEATURE EXTRACTION T
PROCESS
Aot .«ﬁ-.-} l e ecfia Lgm
| VOWEL TONE
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IVRS) (TR#)
LeADmG ENDING
CONSONANT CONSONANT
RECOGHMITION RECOGMNITION
FI SS PROCESS
ERP)
'
SYLLABL,
Afvo LEADING CONSONANT FEATURE £
s CORE-VOWEL FEATURE thewvoer 1)
vee WOWEL LOCATID
- dei ENDOG CONSONANT FEATURE RECOGNIZED
ifen TONE FEATURE SYLLABLE
.r:
W INDEX OF RECOGNJIED LEADING CONSONANT
+ INDEX OF RECOGNIZEDQ CORE-VOWEL

v 'NDEX OF RECCGRIZED VOWEL
¢« INDEX OF RECOGMZED ENDING CONSONANT
« WNDEX OF RECOGNIZED TONE

Figure 3: A block diagram of the syliable
recognition system.

2.2.1. LVET Feature Extraction Process

This process is responsible for extracting all the
features needed from each segmented syllable
signal for the four following recognition processes,
i.e. LRP, VRP, ERP, and TRP,

The Linear Predictor Coefficient (LPC) analysis as
defined in [9] and [13] is conducted to determine
the Ceptral Coefficient and energy feature vector,
so-called CEP_E feature vector. In addition,
fundamental frequency contour [14] is extracted
from each segmented syllable signal.

Then, vowel location is detected based on the
differences berween CEP_E feature vectors of the
frames of that syllable. Ceptral and energy
thresholds are used to determine the beginning and
ending frames of the vowel part. Details of this
vowel location detection algorithm is given in [12]
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Subsequently, the CEP_E feature vector is
segmented into three feature vectors, /cfea, cvfea
and ecfea, according to the vowel location. These
three feature vectors are to be used as the inputs of
LRP, VRP, and ERP, respectively. A Block
diagram of this particular process, so-called LVE
feature segmentation, is given in Figure 4.

hotea

cep e
LVE afea
FEATURE
i SEGMENTATIGN
—_— erles

cep _ ¢ CEPSTRAL COEFFICIENTS AND ENERGY
wac VOWEL LOCATION
fifen LEADING CONSONANT FEATURE
wrine CORE-VOWEL FEATURE
cciva ENDING CONSONANT FEATURE

Figure 4: A block diagram of LVE feature
segmentation.

On the other hand, the fundamental frequency
contour is used to construct a tone feature vector,
tfea which becomes an input into TRP.

2.2.2. Tone Recognition Process (TRP)

In this process, the tone phoneme is recognized. A
neural nerwork is employed as the recognition
engine. A block diagram of this process is given in
Figure 5. The tone feature vector, {fea from the
LVET feature extraction process is processed. Asa
result of the recogmtion for each syllable. an index
of a recognized tone 1 is returned.

TONE
NEURAL NETWCRK

TONE A INDEX OF
FEATURE L RECOGNIZED
VECTOR ey 4 TONE
Ifea jﬁ ::_ . i
- _
G, Ty
?' AN

TONENN

Figure 5: A block diagram of TRP.

2.2.3. Vowel Recognition Process (VRP)

In this process, vowel phonemes are recognized. In
order to recognize vowels two elements must be
determined, type of vowel and vowel length. There
are 12 different types of vowel, so-called core
vowels and two vowel lengths, short and long, in
Thai language. A block diagram of this VRP is
given in Figure 6. The process is divided into the
core vowel recognition part and the vowel length

determination part, which are further discussed
below.
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FEATURE RECOGNIZED

VECTORS CORE-VOWEL
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VOWEL v

VOWEL VOWEL OETERMINATION *

LOCATION LENGTH

vlor VOWEL LENGTS | e - ey

DETERMINATION

Figure 6: A block diagram of VRP.

Core-vowel recognition: A Hidden Markov Model
(HMM) 1s used to represent each core-vowel class.
Hence, 12 HMMs are included. A block diagram
of core-vowel recognition is given in Figure 7. The
type of HMM used in this process is Continuous
Density Hidden Markov Mode! (CDHMM) whose
details are described in [9][13].
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VECTORS 7% COMPUT aTIge — CORE-VOWEL

=— o bt P
. SELECT [F
- 1 . . MAKMUM
. —

COHMM FOR

S core.voweL b

PROBABILI T ;
TR COMELTATIONT
Figure 7: A block diagram of core-vowel
recognition

Vowel length determination: The vowel location
has been identified with the frame numbers of the
starting and the ending points of the vowel with
respect to each segmented syllable signal. The
vowel length can easily computed in terms of
number of frames from these starting and ending
points. A simple threshold method is then used to
determine whether the vowel is short or long. If the
vowe! length exceeds the threshold, it is long
vowel. Otherwise, it is short vowel.

2.24. Leading Consonant

Process (LRP)
Here. leading consonant feature vectors, /cfea from
LVET feature extraction process and the index of
recognized core-vowe! from VRP are processed.
As a result of this LRP process, an index of
recognized leading consonant is returned. This
means that the recognition of leading consonant
depends on the recognized core-vowel type from
the VRP. A block diagram of LRP is given in
Figure 8.

Recognition
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Figure 8: A block diagram of LRP.

For each core-vowel type, there is an LCHMM
bank. Each LCHMM bank is designed to cover all
possible 38 leading consonant classes of Thai
language. Each LCHMM consists of 38 HMMs.
This means that for each leading consonant class.
there is a HMM corresponding to it. Each HMM in
LCHMM bank is also a CDHMM. Figure 9 shows
a block diagram of an LCHMM bank.
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Figure 9: A block diagram of an LCHMM bank.

2.2.5. Ending Consonant Recognition Process
(ERP)

In this process, the ending consonant feature
vectors, ecfea and the index of recognized core-
vowel from VRP are similarly processed. An index
of recognized ending consonant is returned as the
output. Observe that the recognition of ending
consonant is also based on the core-vowel
recognized in VRP. A block diagram of this ERP
is shown in Figure 10.

Like in the case of the leading consonant, there is a
corresponding ECHMM bank for each core-vowel.
Each ECHMM bank consists of at most 9 HMMs
because not all ending consonants can be
associated with every core-vowel. An HMM in
each ECHMM bank represents an ending
consonant class associated with the corresponding
core-vowel. Each HMM in ECHMM bank is also a

CDHMM. A block diagram of an ECHMM bank is
depicted in Figure i1,
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Figure 10: A block diagram of ERP.
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Figure 11: A block diagram of an ECHMM bank.

2.3. Syllable-Based Word Recogrition

After the syllables are recognized, one more
difficult task awaits us. This is the grouping of the
recognized syllables into meaningful words. We
propose two approaches to accomplish this
particular task. They are Rule-based Word
Recognition, and Genetic Decoding Algorithm as
outlined in Sections 2.3.1 and 2.3.2, respectively.
Both of these approaches require the context of
discourse in order to associate syllables into
appropriate vocabularies. Note that the syllable
recognition as described in Section 2.2 does not
always produce perfect results. These two word
recognition  approaches attempt to  make
appropriate corrections while trying to recognize
the words.

2.3.1. Rule-based Word Recognition

In this first alternative, an ambiguous phonetic
dictionary of Thai language is constructed for
words within the context of discourse. Words are
considered according to the number of syllables
contained.

For each word, a word model matrix is constructed.

This matrix contains potential variations to the
pronunciation of the word as possibly recognized
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by the processes

described

in  Section 2.2,

Probabilities of the alternative variations to the
pronunciation are calculated for each syllable of the

correct word.

called second, third, forth and other matches.

These alternative variations are

The

recognition probabilities of the variations for each
An example of a table
showing potential alternative variations to different
leading consonants of a vowel /a/ is shown in

syllable are summed to 1.

Figure 12.
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Figure 12: An example of potential alternative
pronunciation variations

Using data from appropriate tables, a word model
matrix for any give word in the context of
discourse can be constructed. An example of such
a matrix is given in Figure 13.
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Figure 13: An example of word matrix

Utilizing the word matrices. each given sentence is
run  through an  algorithm called Word
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Segmentation. This algorithm separates words

contained in a sentence of a connected speech.

Details of this algorithm are described in [15]. It

can be summarized in three steps as follows.

1) Determine all possible word models of
different lengths, say one syllable to four
syllables, according to the recognized syllables
of a sentence. Calculate the recognition
probability of each word model based on the
probabilities of its syllables.

2) Construct a graph containing all possible
combinations of word models in the given
sentence. An example of such a graph is
shown in Figure 14.

3) For each path (combination) of word models in
the graph, calculate the average recognition
probability of the path.

Figure 14: An example of a graph containing all
possible combinations of word models

Among the resulting paths (combinations) of word
models, the one with the highest average
recognition probability is chosen as a candidate.
This candidate is then subject to another aigorithm
called Averages Likelihood which attempts to
correct errors left over from the syllable
recognition process. Details of this algorithm are
also given in [15]. In essence, this algorithm
basically loocks at each word model in that
candidate sentence, for any word model with a
recognition probability lower than 1, an attempt is
made to change its syllable(s) whose recognition
probability is lower than | to the corresponding
syllable(s) of the correct word for the model. Note
that this correction can only be done for words
defined in the context of discourse, i.e. the words
need to be included in the dictionary of the system.

2.3.2. Genetic Decoding Algorithm

Unlike the very structured rule-based algorithm
described in the previous section, the decoding
process presented in this section is based on the
concept of Genetic Algorithms (GA) {16].

First of all, appropriate ambiguous matrices need to
be constructed for the four types of phoneme, i.e.
leading consonant, vowel, ending consonant and
tone. Each of these matrices contains possible
variations of incorrect recognition of concemed
phonetic value, e.g. a given leading consonant
together with comresponding ambiguous degrees.
Each ambiguous degree is basically a probability of

that particular incorrect recognition among all the
incorrect recognitions. A partial ambiguous matnx
for two leading consonants is shown in Figure 15.

fph/(w) | /th/(n) | /kh/ (n) | /K/(n) | Thi(w) | /chi(n)

fphi(m)| 1 08 | 0.125 | 0.025| 005 ©

fthi{w) | 0.625 1 0.125 | 0.05 |0.075| 0.25

Figure 15: A partial ambiguous matrix for
leading consonants

The decoding process then starts with a set of

potential word sequences as the initial population.

These word sequences for the initial population are

selected with the following two conditions.

»  Words are randomly selected in such a way
that they have the same vowel or tone to those
in the same positions in the input word
sequence,

¢ The number of syllables in a word sequence is
equal to the number of syllables in the input
word sequence.

The fitness wvalue is calculated for each word
sequence according to the fitness function below

FN = g[gaDegTeej]/NS
i=14_j=1

where w = # of words in chromosome
n = #ofsyllables in each word
NS = # of syllables in chromosome

ambiguous degree
aDegree, = {

normal degree

If the fitness value of the current word sequence is
not good encugh to be a solution then a new
generation of word sequences is generated by
selecting two parents and applying the crossover
operation. An example showing the crossover
operation is given in Figure 16.

The number of generations and acceptable fitness
value are set as a condition to stop the decoding
process. There are two alternatives to stopping the
decoding process.

In the first alternative, it is assumed that the input
syllable from the syllable recognition process has a
100% recognition rate. The acceptable fitness
value is then set to 1. The fitness function uses the
normal degree as a degree of fitness. The process
is stopped when there is a fitness value of a word
sequence equal to the acceptable fithess value. If,
however, more than 80% of word sequences in the
current population have the same fitness value then
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it can be concluded that the input syllable from the
syllable recognition process has a recognition rate
less than 100%. i.e. there are some errors. In such
a case, the decoding process is restarted with the
second alternative.

For second alternative, the fitness function uses the
ambiguous degree from a  corresponding
ambiguous matrix as a degree of fitness. This
alternative is stopped when more than 80% of word
sequences in the current generation have the same
fitness wvalue. The word sequence that has a
maximum fitness value is picking up as the result
of this decoding process. The details of this genetic
word decoding algorithm can be found in [17].

Father Mother
Tsaf0u uadng UnTuu T SN LAR wtn

(ro:n~ria:n phon-lap nak- (rrm ria:n pha-lit pha

ria:n} nz:t)

36 |122]108 1718|123 | 111
|--6 Syllables --| |---- 6 Syllables ---
1 r ‘ |

Childi Child2

{rafuu wdm dnuu G Guu wadnd anun

{ro:n-ria:n pha-lit nak- rrm ria:n phon-fap pha-

rany na:t}
36| 123|108 1718 (122 ] 111
[-- 6 Syllables --! j---- 6 Sy lables ---

Figure 16: An example of the crossover
operation

3. Conclusion

This paper presents an overall framework upon
which a connected speech recognition system for
That language can be built. This speech
recognition problem is divided into three research
problems, namely syllable segmentation probiem,
syllable recognition problem and syllable-based
word recognition problem.

The first two problems tackle the signal processing
portion. As for the syllable segmentation process.
it needs to be tuned to fit the speaking style of
representative speakers.  The one used in our
experiments is tuned for moderate speaking speed
with typical loudness. 1t has also been observed
that the quality of syllable recognition depends on
the quality of the training set. The system tends to
perform better when recognizing speeches of
speakers whose sample words are included in the
training set. In addition. even though we attempt to
recognize syllables based on their phonemes. words
that are included in the training set tend to be
recognized better thap those that are not. An

important factor here is on the varving pattern of
the speech signal when two syllables are connected.
The syllables are recognized better when the
training set contains their connecting pattern.

It should clearly be seen that the signal processing
portion alene cannot achieve a high recognition
rate in most cases. Two techniques to improve the
recognition rate by means of associating recognized
svllables with words from a given context of
discourse are proposed. The rule-based word
recognition approach is quite traditional and ven
well-structured. while the genetic word decoding
algorithm follows a soft computing paradigm.
Both show promising results. However. it should
be observed that both techniques rely on the
empirical result concerning the probability of
incorrect recognition with respect to each phonetic
value.

With the current stage of advancement in
computing platform. it can be concluded that the
connected speech recognition can still only be
practically achieved within a given comtext of
discourse. Enough words from the context need to
be included in the training set for the syllable
recognition process as well as in the dictionary for
the syllable-based word recognition process in
order to obtain reasonably high recognition rate.
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