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Abstract: The baseline system of an automatic speech recognition normally uses Mel-
Frequency Cepstral Coefficients (MFCC) as feature vectors. However, for tonal
language like Thai, tone information is one of the important features which can be used
to improve the accuracy of recognition. This paper proposes a method for building an
acoustic model for Thai-ASR using a combination of MFCC and tone information as an
input feature vector. In addition, we apply Artificial Neural Network (ANN) multilayer
perceptrons to estimate the posterior probabilities of a class model given a sequence of
observation input. The performance of the ANN approach is compared with the
Gaussian Mixture Model (GMM) used in the Hidden Markov Model Toolkit (HTK).
The experiments were carried out with 2-grams and 3-grams of language model. The
training and test data sets were prepared from reading speech of ten Aesop’s stories
from 5 male and 5 female speakers. The results showed that the proposed method can be
used to improve the performance of Thai-ASR in term of reducing word error rate.
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1 Introduction

The challenge in Automatic speech Recognition (ASR) is how to improve the accuracy
of speech recognition in term of performance of the algorithm. There are three main
parts of ASR, the first one is feature extraction that extracts distinguished feature of
speech utterance, the second is training model which is typically based on the Hidden
Markov Model (HMM) framework and the third is decoder which finds the best
probabilistic match between speech utterance and text transcription. For tonal language
like Mandarin or Thai in which tone is important for specifying the meaning of speech
utterance, therefore, tone information could be considered in the system in order to
improve the accuracy of speech recognition. There have been some researches proposing
tone recognition or classification [SM1999, SY1995, NB2002] for improving the
accuracy of speech recognition [CT2006]. Although well-known Mel-frequency cepstral
coefficients (MFCC) features and HMM are widely used as feature vectors, there are
some concern about testing, combining and adapting them to improve the accuracy or
performance of the system which may not depend on speakers or languages [XM2006,
PA2008].

The HMM is a very powerful statistical method for characterizing the observed data
samples of a discrete time series. In HMM, the states are not directly visible, but
variables influenced by the state are visible. Each state has a probability distribution over
the possible output observation. The state transitions are also probabilistic in nature. The
complete HMM model is denoted as A = (A,B,n ). The HMM training procedure tries to
estimate the value of state transition probability distribution (A), observation symbol
probability density or emission probability (B), and initial state distribution (7). The
emission probability distribution function (PDF) estimates the probability with which a
given observation has been generated. However, the standard HMM based on maximum
likelihood criteria (ML) has some weakness caused by several assumptions which reduce
discriminative power in classification. PDF is mostly computed by gaussian mixture
distribution function as baseline system in order to reduce the number of trainable
parameters and lower the computational costs [DA1994]. However, neural network
based on the conventional forward-backward algorithm has also been used to estimate
the posterior probability of the state distribution given an observation sequence of speech
utterance [YM1997].

Recently, Reynolds and Antoniou [TC2003] investigated the use of a layered
modular/ensemble neural network architecture for acoustic modeling. This architecture
decomposes the task of acoustic modeling by phone. Pavelka and Ekstein [TK2009] used
the hybrid of neural network (NN) to estimate the state emission probabilities which
reduce word error rate compared with GMM/HMM. These probabilities are used as the
HMM state emission probabilities to perform the Viterbi decoding to find the result path
of word which the system can be recognized.
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Accoding to the advantage of tone information and the HMM framework which used
extensively in speech recognition to model the temporal information in speech and
neural network which more powerful tool for a clssification tasks due to their
discriminant nature of speech manner [AT1989]. In this paper, the combination of tone
and MFCC was used as input of acoustic model. The neural network multilayer
perceptron is used to estimate the state emission probabilities for all classes which
corresponding to phonetic units.

The remaining of this paper is organized as follows. The feature extractions will be
introduced in Section 2. In Section 3, an acoustic model will be described with two
methods of GMM/HMM and ANN/HMM. The experimental results and conclusion
were summarized in Section 4 and Section 5, respectively.

2 Features Extraction

The objective of features extraction is to extract characteristics from the speech signal
that are unique to each word which will be used to differentiate between a wide set of
distinct words. In this paper, the combination of MFCC and tone features was used as an
input of acoustic model.

2.1 MFCC Features

Mel-frequency cepstral coefficients (MFCC) is considered as the standard method for
feature extraction in speech recognition systems. The MFCC computational starts with
pre-emphasis. Then the continuous time signal (speech) is sampled at discrete time
points to form a sample data signal representing the continuous time signal. The samples
are quantized to produce a digital signal. Next step is framing using hamming window.
In this paper, the input speech signal is segmented into frames of 25 ms of frame size
with optional overlap of 10 ms. Each frame has to be multiplied with a hamming
window in order to keep the continuity of the first and the last points in the frame. The
discrete Fourier transform (DFT) is normally computed via the fast fourier transform
(FFT) algorithm to evaluate the frequency spectrum of speech. FFT converts each frame
of N samples from the time domain into the frequency domain and obtain the magnitude
frequency response of each frame. Then the magnitude coefficients of the fourier
transform for the speech segment is binned by correlating it with each triangular filter in
the filterbank. In this paper, 24 filterbanks are used. The logarithm state simply converts
the multiplication of the magnitude of the fourier transform into addition such as log
energy within a frame. The final procedure for the mel frequency cepstral coefficients
computation consists of performing the inverse of DFT on the logarithm of the
magnitude of the mel filterbank output referred to as signal’s mel cepstrum. In our
experiments, 13 MFCC features plus deltas and double-deltas parameters are extracted
using HTK.
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2.2 Tone Features

For Thai language, the syllable consists of three parts: initial consonant, vowel and final
consonant respectively. Each syllable has its tone. The fundamental frequency (Fy) or
pitch can be extracted from voiced part of the time unit in the utterance. Normally, in
vowel position of syllable. Therefore, the F, needs to be interpolated in unvoiced
regions to avoid variance problems in recognition using a smoothed log-pitch estimate
and its two temporal derivatives [XM2006]. In this paper, FO is extracted and smoothed ,
then combined to the standard MFCC to be used as an input of acoustic model. The
average magnitude difference function is used instread of autocorrelation function to
extract pitch period. It computes the difference between the signal and time shifted
version of itself. The average magnitude difference function [MH1974] is defined as :

N-1-t

AMDF(t) = % Z [x(n) —x(n —1)| @))

n=0

Where x(n) are the samples of analyzed speech frame
x(n+t) are the samples time shifted r seconds and N is the frame size.
The smoothing using the moving average smoothing is used as the following equation.

n+N/2
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where F; is the order i of F, F;l is the smoothed F of frame n, and N is the frame size.
In order to solve the end-effect problem, a simple first order differences at the start and

end of the speech was used as following

%, 6<n<N—6
delta, =9 f. ., — f,, n<g 3)
f;’l_fn—lt nZN—H

where delta, is a delta coefficient at time n, 6 is the internal distanace between two F,
fn is a smoothed F, value at time frame n and N is to total frame. The total of tone
feature equal 3 feature vectors.

3 Acoustic Models

Acoustic modeling plays a critical role in improving accuracy of any speech recognition
system. For the given acoustic observation O = 01,0:...0» the goal of speech recognition
is to find out the corresponding word sequence that has the maximum posterior
probability P(WI0) as expressed by Eq. (4).
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P(W)P(OIW)

W = argmax, P(W|0) = argmax,, O]

4

Since the maximization of Eq. (4) is carried out with the observation O fixed, the above
maximization is equivalent to maximization of the following equation:

W = argmax,, P(W)P(O|W) 5)

where P(Ol W) is acoustic models and P(W) is language models, that can truly reflect
the spoken language to be recognized. In this paper, an acoustic model is considered to
improve the accuracy of speech recognition using neural network multilayer perceptron.
The combination of MFCC standard feature vectors and tone features are given as input
to ANN which will be described. To measures speech recognition error and evaluate the
performance of the system. The word recognition error rate is widely used as one of the
most important measures. The Word Error Rate is defined as:

N-S—D-1I
WER = —————— x 100% (6)

where N is the total number of words. S, D and I are number of word substitutions,
deletions and insertions respectively.

3.1 GMM/HMM

A gaussian mixture model (GMM) which parameterized by a mean and a variance often
modeled to estimate the emission probability density of an HMM framework. In the
hidden markov toolkit (HTK), the parameter estimation was done by a flat start
embedded training which required the phonetic transcriptions of training utterances to be
available. HTK allows each observation vector at time ¢ to be split into a number of S
independent data streams osr. The formula for computing bj(or) is then defined as

Ys

s Mg
bj(ot) = 1_[ Z bjm (Ost;.u'jmtzjm) ™

s=1 m=1

where Ms is the number of mixture components in stream s, c,, is the weight of the m’th
component and N(o; u, ) is a multivariate Gaussian with mean vector g and covariance
matrix 2, that is

N(o;u,2) = ;e—%(o—m’z*l(o—m ®)

v (@m)t (2]

where 7 is the dimensionality of 0. The exponent y; is a stream weight. It can be used to
give a particular stream more emphasis.

251



3.2 ANN/HMM

There are two basic approaches to speech classification using neural networks: static and
dynamic. In static classification, the neural network sees all of the input speech at once,
and makes a single decision. By contrast, in dynamic classification which we used in this
paper, the neural network sees only a small window of the speech, and this window
slides over the input speech while the network makes a series of local decisions, which
have to be integrated into a global decision at a later time [AT1989]. The neural network
computes the weighted sum of its input and the passed this sum to a nonlinear function,
most commonly a threshold or sigmoid function [RP1987]. The advantages of using
neural network in HMM are the ability for discriminative training, no strong
assumptions about the statistical distribution of the acoustic space, beter robustness to
insufficient training data and ability to model acoustic correlation. It has been applied
successfully to perform static pattern recognition or speech recognition [TK2009]. The
neural network in our system is used as state emission probability estimator for HMM
from a posterior probabilities.

A multilayer perceptron with fully connected neural network was used to model an
output class which corresponding to phonetic unit. These posterior probabilities were
used directly as the HMM state emission probabilities to perform a standard viterbi
decoding which obtained the best phone sequence. Figure 1 shows the framework of
acoustic model using MFCC and tone features as an input vectors. A feed-forward
multilayer perceptron neural network we used is shown in Figure 2. There are 42 feature
vectors per frame for the input layer with one hidden layer and all neurons use the non-
linear sigmoid activation functions. The output of the neural network is a vector of
posterior probabilities, with one class for each phone which is generated from input

feature vectors.
_|MFCC Feature
Extraction
Speech signal

Model

ey ANN/HMM Decoder = _
Recognized word
A
Tone Feature
Extraction Y
HMM ( Language( )

Figure 1. ANN/HMM acoustic training for HMM
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Hidden layer Cutput layer

MFCC+TE Phonetic unit

Figure 2. Neural network multilayer perceptrons

4 Experiment and Results

In this paper, the experiment was conducted using a speech corpus of ten Aesop’s stories
(translated into Thai) recorded from adult speakers. These stories contain all five tone
levels in Thai language. The total number of words is 809 and the total number of
distinct syllables is 2787. The data was collected from 10 native Thai speakers (5 male
speakers and 5 female speakers), with different ages from 24 to 35 years old. The speech
signals were sampled at 22 kHz and digitized with a 16 bit A/D converter. All speech
data was recorded using Audacity program and stored as one sentence per file. We
randomly split 80 percent of data to be used for training the model and 20 percent to be
used for testing. Table 1 and Table 2 show the statistics of syllables and tone levels from
the corpus. A GMM model was trained by using the Hidden Markov Toolkit [YS2002].
The parameter estimation was done by a flat start embedded training which requires the
phonetic transcriptions of the available training utterances, while neural network feed-
forward multilayer perceptrons was trained by Matlab. Both acoustic MFCC and Tone
feature vectors are served as input vectors. The neural networks was trained on the same
training data as the GMM/HMM systems with different input vectors and language model.

Story # Number of syllable Number of unique syllable
1 230 165
2 286 153
3 296 142
4 230 119
5 285 153
6 289 162
7 319 144
8 292 163
9 301 128
10 256 121

Table 1. Number of syllables of Aesop’s stories
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Tone Number of syllable
Mid 687
Low 598
Falling 544
High 583
Rising 372

Table 2. Number of syllables for each tone of Aesop’s stories

Configuration WER (%)
MFCC + GMM + 2-gram 41.46
MFCC + GMM + 3-gram 31.15
MFCC + TF+GMM + 2-gram 26.35
MFCC + TF+GMM + 3-gram 24.76
MEFCC + TF + ANN + 2-gram 25.20
MFCC + TF + ANN + 3-gram 23.35

Table 3. Experiment Results in term of Word Error Rate(%)

The results are summarized in table 3. The word error rates (WER) were reduced from
the baseline HTK for both 2-grams and 3-grams of the language model. For the
configuration of the combination of MFCC and tone features input, word error rates
were reduced when ANN was applied to estimate the state emission probabilities in
acoustic model. As the results, there are two difference things: Firstly, the different input
features of acoustic model which we used pure MFCC and the combination of MFCC
and tone feature vectors. Secondly, the method that uses to estimate the state emission
probabilities. In this experiment, GMM and ANN were applied to estimate the state
emission probabilities. Normally, speech recognition will gives some error especially in
continuous speech because of the difficulty to segment the speech signal and the
speaking speed. It shows more than 30 percent of word error rate for our corpus and
around 20-25 percent for isolated word. When tone features were applied to be an input
features, the recognition performance was improved more than 6% as shown in Table 3.
Also the performance improved when ANN was applied with tone features. According
to training data that we used in the experiments is not big enough, then the error might
be occurred in most past of the adjacent syllable event there were difference tone.
However, the language model is considered to greatly increase the performance of the
continuous speech system as used in this experiment. Although, the different WER
between ANN and GMM is not big enough, at least it showed that the proposed system
can be improved the performance of speech recognition by reducing the word error rate.
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5 Conclusions

In this paper, an approach based on the Artificial Neural Network (ANN) multilayer
perceptrons is proposed to score the state emission probabilities under the HMM
framework. A combination of the Mel-Frequency Cepstral Coefficients (MFCC) and
tone information is used as input feature vectors to train an acoustic model. The total of
42 input vectors were normailzed and classified by multilayer perceptron neural network
with 62 target outputs, each represents the phonetic units. The experiments were carried
out to compare the performance between the ANN approach and the Gaussian Mixture
Model (GMM) used by HTK with different language models. The results showed that
the ANN approach with MFCC with tone features yielded a higher accuracy, i.e., lower
word error rate (WER), for speech recognition compared to the GMM approach.
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