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ABSTRACT

This paper presents Thai monophthongs recognition. The
monophthongs were qualitatively recognized by the 3-state left-
to-right continuous density hidden Markov model. The LPC
cepstral coefficients were used as feature which represented
specch signal. The temporal cepstral derivative was additionally
utilized in order to compare efficiency of the additional feature
with that of the single LPC cepstral coefficients. The number of
coefficient orders was varied in order to determine an
appropriate order. Thai single, double, and triple polysyllabic
words were used in this research. The 18 monophthongs from
the polysyllabic words were qualitatively recognized as 9
different vowels. The highest recognition rate of the single
feature obtained from 18-order LPC cepstral coefficient is
86.983 percent, while the recognition rate of the 16-order LPC
cepstral coefficient accompanied by temporal derivative is
94.580 percent. The misclassification is examined and
concluded that this resulted from excessively overlapped
distributions of vowels in low and in back vowel group
respectively.

1. INTRODUCTION

Researches in Thai speech recognition have been rapidly
developed for a decade. Various techniques such as dynamic
time warping, hidden Markov model, and neural network were
applied in the recognition process. Initially, Thai speech
recognition systems implemented with these techniques were
based on word model which have many limitations and
disadvantages [1]-[3]. Many ambiguities occurring among the
similar sounds resulted in incorrect classification. Although
many techniques were applied to rectify the recognition rate, the
efficiency of speech recognition system using word model is
still unsatisfactory. Neural network incorporating fuzzy
technique was proposed to mitigate the erroneous classification
[4]. The LP coefficient vectors are converted into fuzzy
membership vector through the modified trapezoidal fuzzy
membership function. The recognition accuracy of this

technique was slightly improved, while it spend much more
calculation time and consume a lot of resources to convert
conventional data to fuzzy data. Therefore, the subword model
has been alternatively exploited to overcome the disadvantages
obtained form word model.

In order to change the acoustic unit which was employed Thai
speech recognition system from word-based to phone-based
model, the acoustic properties of phones are essentially studied.
Many basic researches on acoustic analysis must provide the
elementary information for speech recognition development.
The monophthongs have been inceptively considered over their
steady portion which is easy to classify. So, this research was
focused on the recognition of monophthongs only while
diphthongs which have the transitional section were not
involved in this research.

The phonemic distinctive feature technique has been applied to
analyze and distinguish Thai consonants, vowels, and tones [5].
The first formant (F1) the second formant (F2), and vowel
duration were utilized as feature for vowel recognition. The
classification result of six monophthongs is considerably high
because training data and testing data are the same set.

The MLP neural network was used to classify these
monophtpongs in the previous research [6]. The recognition
accuracy of features, linear prediction coefficient and the LPC
cepstral coefficient, were compared to obtain the suitable
feature. The experimental result showed that the recognition
accuracy of LPC cepstral coefficient is better than that of linear
prediction coefficient. Although the neural network has a
powerful capability of pattern classification, the recognition
accuracy of neural network is lower than that of hidden Markov
model [7]. Thus, the hidden Markov model is appropriately
utilized for speech recognition system.

This paper is organized as follows. First, the detail of Thai
monophthongs is introduced in Thai sound system section.
Second, the signal processing and system configuration is
explained in this section. Third, the experimental result on the
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recognition accuracy of Thai monophthongs is discussed and
analyzed. Finally, the conclusion of this research is described.

2. THAI SOUND SYSTEM

In this section, the concise details of Thai sound system are
described to provide a basic knowledge of Thai language. The
Thai syllables are composed of three different sound systems as
follows [8]

1. The system of consonants consists of 33
consonantal units, 21 consonants and 12
consonant clusters.

2. The system of Thai vowels consists of 18
monophthongs and 6 diphthongs. The
monophthongs are qualitatively 9 different
vowels, each of which has two members, short
and long. Each of three different diphthongs
also has 2 quantitatively different members.

3. The system of tones consists of 5 tones. There
are 3 kinetic or relatively leveled tones, the
high, the mid, and the low, and 2 dynamic or
contour tones, the fall and the rise.

The smallest construction of sounds or syllables in Thai is
composed of one vowel unit or one diphthong, one, two, or
three consonants, and a tone. The construction can be
represented with the structure as illustrated in Figure 1,

Figure 1: Thai Syllable Structure

Where iC is initial consonant, fC is final consonant, V is
vowel, and T is tone respectively.

Thai monophthongs appear in the pair of short and long vowels.
Both short and long vowels have the same spectral
characteristics; on the contrary, they have a different duration as
depicted in Figure 2.

Figure 2: Spectrographic diagram of short and long vowels.

This research was focused on qualitative recognition of the
monophthongs which means that short and long vowel pairs
were categorized in the same model. The relationship between
tongue position and formant frequency of the monophthongs is
exhibited in Table 1.

3. SIGNAL PROCESSING AND
SYSTEM CONFIGURATION

Thai polysyllabic words used in this experiment were composed
of single, double, and triple words. The 18 monophthongs
obtained from this vocabulary set are categorized as 9 different
models. To classify these vowels, the 3-state left-to-right
continuous density hidden Markov model was employed. The
database consists of 2100 training phonemes from 30 speakers
and 1378 testing phonemes from a different group of 20
speakers respectively.

The speech is recorded at 11025 Hz sampling frequency and 16-
bit quantization level. The speech samples are passed through
signal preprocessing routine which consists of signal
preemphasis and smoothing window. In the signal preemphasis
step, the first-order FIR filter is used for flattening spectrum.
The 512-point Hamming window was applied every 10 ms in
order to divide the speech signal into frame.

In the linear prediction analysis, the p-order of LP coefficient is
computed from recursive procedure called Levinson – Durbin
algorithm. This recursive algorithm is applied to convert each
frame of p + 1 autocorrelations into an LPC parameter set. The
cepstral coefficients are directly derived from LPC coefficients
by recursive computation .The dynamic feature, temporal
cepstral derivative, contributes significantly to improvement of
recognition performance. So, the LPC cepstral coefficients were
applied and the temporal cepstral derivative was additionally
utilized in order to compare efficiency of the additional feature
with the single LPC cepstral coefficients. To minimize the
sensitivity of low-order cepstral coefficients to overall spectral
slope and the sensitivity of high-order cepstral coefficients to
noise, LPC cepstral parameters were weighted by the bandpass
lifter [9]. The number of coefficient orders was varied from 12
to 18 in order to acquire an appropriate order.

4. RECOGNITION RESULTS

From the classification results shown in Figure 3, the highest
recognition rate of the single feature obtained from 18-order
LPC cepstral coefficients is 86.983 percent, while the
recognition rate of the 16-order LPC cepstral coefficients
accompanied by temporal derivative is 94.580 percent. The
results indicate that all of LPC cepstral coefficients associated
with temporal derivative have better recognition accuracy than
those of LPC cepstral coefficients. It is concluded that the
additional temporal derivative can improve recognition rate.

The misclassification of vowels from these two features is
discussed as follows. From the confusion matrix indicated in
Table 2, many of /x:/ vowels were recognized as /a:/ and many
of /@:/ vowels were recognized as /o:/. According to the F1 and
F2 diagram illustrated in Figure 4, the distributed region of low
vowels is smaller than those of high and mid vowels. So this



leads to the highly overlapped region between /x:/ and /a:/.
Furthermore, the distributed region of /@:/ is also greatly
overlapped in /o:/ region. Consequently, the indiscrimination
between /x:/ and /a:/ and the indistinguishability between /@:/
and /o:/ resulting from the vast overlaps lead to the deterioration
of recognition accuracy.

Table 1: The relationship between tongue position and formant
frequency of Thai monophthongs.

5. CONCLUSIONS

This paper presents Thai monophthongs recognition using the
continuous density hidden Markov model. All eighteen
monophthongs from the polysyllabic words were qualitatively
categorized as nine different models. The LPC cepstral
coefficient and the additional temporal derivative were applied
and compared the efficiency of these features. All LPC cepstral
coefficients including their temporal derivative have superior
recognition accuracy than those of the single LPC cepstral
coefficients. The highest recognition rate is obtained from the
16-order LPC cepstral coefficient accompanied by temporal
derivative. The misclassification is analyzed and summarized
that it resulted from highly overlapped distributions of vowels in
low and in back vowel group respectively. An analysis from the
experimental result contributes to rectification of Thai vowel
recognition in further research.

Figure 3: The recognition rate of Thai monophthongs with two
features which are LPC cepstral coefficients and LPC cepstral
coefficients together with their temporal derivative.
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Table2: Confusion matrix of recognition rate of the 16-order LPC cepstral coefficient plus their temporal derivative.

Figure 4: F1 and F2 Distribution Diagram of Thai monophthongs


