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ABSTRACT

Speech is the most natural way of human communication. The variability in speech signal
makes automatic speech recognition (ASR) a challenging task. The variability in speech
depends on environmental conditions, speaker attributes such as emotion, age, gender and
many other factors. Speech recognition is one of the most promising fields of current
research due to its versatile applications. Many international organizations as well as research
groups are working in this field. The performance of ASR systems has been improved since
last decade and now it has been used for many practical applications.Even now, there are lot
of possibilities to improve their recognition rate, speed, vocabulary and usefulness for the
end-users.Another issue with ASR system is that it has not been developed for a good
number of languages due to limited data availability and proper statistical framework of
acoustic and language models. Hindi is the national language of India and people in several
other Asian countries can easily understand and speak it. So there is a need to develop an
efficient ASR system for Hindi language.

The main objective of ASR is to build a system that can map the acoustic signal into a
string of words. An ASR system has two main elements,i.e., front-end processor and back-
end classifier. The front-end processor is used to extract speech features or parameters. These
features are processed by a back-end classifier, for speech recognition.

The Artificial neural network (ANN), support vector machine (SVM) and hidden
Markov model (HMM) classifiers have been widely used for speech recognition. An ANN is
inspired by biological neural network and it processes input information using an
interconnected group of artificial neurons and a connectionist approach to computation.
Training of an ANN is a tedious task, because search space is high dimensional and
multimodal. An ANN training needs efficient optimization techniques to search a set of
weights and biases that minimizes the error. The most commonly used training algorithm is

the back-propagation algorithm. It is based on gradient search, and may get trapped in local



optimum solution for non-linearly separable pattern classification problems. Another
promising classifier is support vector machine. It works on the principle of structural risk
minimization. SVM has generated a lot of interest in the pattern recognition community in
recent years; still optimum parameter selection of SVM kernel is a vital issue for it.

In spite of universally acceptance of HMM to recognize speech, one of the main
concerns with HMM s related to training phase. The training of HMM is computationally
expensive and solution usually stagnated at local optimal solution. The Baum-Welch
algorithm is widely used algorithm to train HMM, but it is conventional optimization method
and quality of solution highly depends on initial search point. Normally the solution obtained
from BW algorithm may converge to local optimum solution.

In this thesis work, various aspects of speech recognition system have been explored
and some techniques have been proposed to improve speech recognition rate. The main
contribution of this research work is as follows:

(i) Two databases, namely, Hindi speech words database and Hindi sentences database
have been prepared in this work. The Hindi words database consists of twenty words
with fifty utterances of each word spoken by two male and two female speakers. The
Hindi sentences database consists of sixteen sentences with four utterances of each
sentence spoken by two male and two female speakers. The recording has here been
done in a quiet room environment with sampling frequency of 44.1 kHz.

(if) To search optimum weights and biases of ANN, two optimization techniques have
been proposed. First technique is predator influenced civilized swarm optimization
(PCSO) in which swarm particles are divided into a number of societies and global
best particle of the swarm is chased by predator particle. The predator effect helps to
exploit the search area more effectively. Second technique is based on integration of
global and local search techniques. In this technique, predator prey optimization
(PPO) has been considered as the global search technique and Hooke-Jeeves method
is undertaken as local search technique. In predator prey optimization with Hooke-
Jeeves method (PPO-HJ), initial search is performed by PPO technique and in order
to further enhance the search, global best solution obtained from PPO is given as

input to Hooke-Jeeves method.



(iii)For SVM classifier, the hyper-parameters have been optimized by proposed PPO-HJ
technique.

(iv) A mixed variable PPO (MVPPO) technique has also been proposed in this work. The
mixed variable PPO with Hooke-Jeeves (MVPPO-HJ) method is applied for the
selection of an appropriate feature set and also for the selection of optimized hyper-
parameters.

(v) For training of HMM classifier, PPO and PCSO optimization techniques have been
integrated with BW algorithm.

(vi)For continuous speech recognition, two hybrid classifier models have been proposed.
These are optimized ANN-HMM and optimized SVM-HMM classifiers. In the
optimized ANN-HMM hybrid model, the weights and biases of ANN are optimized
with PPO-HJ technique and output of ANN is used to estimate the posterior
probabilities of HMM. In optimized SVM-HMM hybrid model, SVM hyper-
parameters are optimized with PPO-HJ technique and posterior probabilities of HMM
are computed from SVM.

(vii) An Interface has also been developed for speech recognition system.

The chapter one presents the history of ASR system and detail of ASR system
components. This chapter also enlists the need for study, objectives of the present study, and
outlines the organization of thesis. The chapter two provides brief literature review on
various aspects of ASR system. Besides this, review of Hindi speech recognition and
optimization techniques in the field of pattern recognition has been done in this chapter.The
intent of chapter three is to recognize isolated speech words using ANN classifiers. In this
chapter, two hybrid optimization techniques are proposed to search optimum set of weights
and biases of ANN. The linear predictive coding coefficient (LPCC), Mel-frequency cepstral
coefficient(MFCC) and wavelet packet Mel-frequency cepstral coefficient(WPMFCC)
features are extracted from speech signal to conduct the experiments. In chapter four, SVM
classifier is explored for speech recognition purpose. In this chapter, the effect of dynamic
frame size for feature extraction has been investigated. Other important issues are selection
of appropriate feature set of speech and SVM kernel parameters. So, a hybrid optimization
technique (MVPPO-HJ) is proposed to improve the learning ability of SVM and to select the

most appropriate feature set. The experimental results obtained by proposed technique using



SVM classifier shows satisfactory recognition rate. Further, ROC curve has also been
analyzed to verify sensitivity and specificity of the results obtained by MVVPPO-HJ technique
with SVM.In chapter five, Hindi speech recognition system for isolated words and
continuous speech has been developed using HMM. In this chapter, two global search
techniques have been integrated with BW algorithm to search HMM model parameters,i.e.,
transition and emission probabilities. To evaluate the performance, average log likelihood
values have been computed during training process. The intent of chapter six is to recognize
isolated words and continuous speech using optimized hybrid classifiers. Two optimized
hybrid classifiers, i.e., ANN-HMM, SVM-HMM have been proposed. The PPO-HJ technique
is applied to optimize weights and biases of ANN in ANN-HMM classifier and RBF kernel
parameters in SVM-HMM classifier. Finally, chapter seven presents the inferences drawn
from the results of the various experiments conducted in this thesis. Also, some pointers to
the further research on the topic under consideration in this thesis are discussed briefly in this

chapter.
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Chapter 1

Introduction

Speech is one of the most common sources of communication among human beings (Juang
and Rabiner, 2005). The speech is generated by the vocal tract and is a continuous signal.
The variability in speech signal makes automatic speech recognition (ASR) a challenging
task. The variability in speech depends on environmental conditions, speaker attributes such
as emotion, age, gender and many other factors. The main objective of ASR is to build a
system that can map the acoustic signal into a string of words. An ASR system has two main
elements, i.e., front-end processor and back-end classifier. The front-end processor is used to
extract speech features and these features are processed by a back-end classifier for speech

recognition. Practically, a wide range of applications are possible with the ASR systems.

1.1 HISTORICAL BACKGROUND

Researchers are trying for automatic speech recognition for a very long period. In 1881,
Graham Bell and his team invented a recording device, which responded to sound pressure.
The first patent on automatic speech system has been allotted to Tihamer Nemes but this
transcriber has been turned down in 1930 (Giridhar Rao, 1989). A very significant
methodology shift in the field of ASR system started in the 1980’s. In this technological
shift, template-based pattern recognition strategies were replaced by a more rigorous
statistical modelling framework, namely, Hidden Markov Model (HMM). HMMs are the
most acceptable statistical models for ASR systems these days. The HMMs have extensively
been used over the past two decades for ASR systems, with improvements in the

methodology being made on a continual basis.



Chapter 1 Introduction

Another classification technique, artificial neural networks, was introduced in 1950’s.
It works on the principle of mimicking the human neural processing mechanism and initially
it failed to produce any promising results (McCullough and Pitts, 1943). The artificial neural
networks (ANNS) along with parallel distributed processing (PDP) model, introduced in the
late 1980’s, have produced notable results. The PDP is basically formed by interconnection
of computational elements, and also employs a training method. A multi-layer perceptron is a
particular form of PDP. The ANN is capable to approximate any function to arbitrary
precision. The ANNs do not have any restrictions in the complexity of the processing
configuration. In 1990, ANNs were applied to recognize only few phonemes or a few words
(Lippmann, 1990). The speech recognition systems should be able to handle temporal
variations and ANNs have not proven to be extensible to this task. The researchers have
integrated ANNs with the HMMs to overcome this disadvantage.

A number of inventions have been introduced in the 1990’s, for solving pattern
recognition problems. The support vector machine (SVM) is one of the most promising
pattern recognition techniques. The success some of statistical based methods revived the
interest from DARPA. Some innovative ASR system including the Sphinx system from
CMU (Lee, 1988), the DECIPHER system from SRI (Murveit et al., 1989) and the BYBLOS
system from BBN (Schwartz et al., 1989) have been developed. Sphinx system has
successfully been integrated with HMM, and it has achieved promising results for large-
vocabulary continuous speech recognition.

The major achievements in the field of ASR systems started in 1960’s. In the 1960’s,
it was possible to recognize small vocabularies of isolated words. In the 1970’s ASR systems
had the ability to recognize medium vocabularies tasks using template-based pattern
recognition techniques. In the field of speech recognition, a major achievement started in the
year 1980’s with the addition of HMM technology, which allows recognizing large
vocabulary speech dataset. Recently, researchers have proposed advancement in these
technologies to improve speech recognition rate for practical applications. Some of the
applications such as face recognition, stock trading, ECG analysis, etc. have already been
introduced in commercial space and some new applications will continue to emerge to

improve quality of life.



Chapter 1 Introduction

1.2 COMPONENTS OF ASR SYSTEM

An ASR system consists of four major stages. The first stage of an ASR system is data pre-
processing stage. After data pre-processing, features are extracted from the speech signal at
feature extraction stage. The third and fourth stages of the system are language modelling
stage and classification stage. The block diagram of a speech recognition system is shown in

Figure 1.1 and each stage is explained in further sub-sections.

Speech Signal Language Model

ﬂ |

Data Pre-processing == Feature Extraction ==y Classification —=> Text Output

Figure 1.1: Block diagram of a speech recognition system

1.2.1 Data Pre-processing

The data pre-processing stage is the primary stage of an ASR system and it transforms the
speech signal before passing it to feature extraction stage. The data pre-processing stage
involves pre-emphasis, end point detection, framing and windowing as shown in Figure 1.2,
The process of spectrally flatten the digitized speech signal by passing it through a first order
finite impulse response filter is known as pre-emphasis. In speech processing, it is very
important to detect the voice region. So, end point detection is applied to remove the silence
region before and after the voice region (Shin et al., 2010). For this purpose, energy and zero
crossing rates are calculated (Faycal and Messaoud, 2014). After that, framing is done for
segmenting the speech samples into small frames of approximately 20 to 40 ms. Framing
allows the non-stationary speech samples to be segmented into quasi-stationary frames (Tan
and Lindberg, 2010) and each frame overlaps its previous frame by a predefined size. After
framing, windowing is done to each individual frame so as to minimize the signal
discontinuities at the beginning and end of each frame. Normally, the Hamming window is

used for windowing as it introduces the least amount of distortion.
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.wav file
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Figure 1.2: Block diagram of data pre-processing stage
1.2.2 Feature Extraction

Feature extraction is the process by which the speech signal is converted into a sequence of
acoustic feature vector. The feature vector contains information of utterance which is having
good discrimination property. These spectral feature vectors are used for distinguishing
between the similar utterances. Another advantage of spectral feature vectors is that it is easy
to model statistically, which require small amounts of training data. A number of feature
extraction methods have been proposed by various researchers. The most commonly used
features for ASR systems are Mel frequency cepstral coefficients (MFCCs), linear predictive

coding coefficients (LPCCs), and wavelet based coefficients.

1.2.2.1 Linear predictive coding coefficients

Linear predictive coding (LPC) is a time domain approach in which future values of a digital
signal are estimated as a linear function of previous samples.
s(n)=as(n-1)+a,s(n—2)+..+a,s(n-p) (1.2)
where, n is the index of the current sample, s(n) is the actual sample, p is the degree of the
LPC model, and a;,i=1,2, ..., pis the filter predictor coefficient.

For each sample, a prediction error e(n) is defined as:

e(n) =s(n) —5(n) (1.2)
where, 5(n) is the linearly predictive sample. By minimizing the prediction error,e(n) over a

finite interval, a unique set of linear predictive coding coefficients can be determined.
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1.2.2.2 Mel frequency cepstral coefficients

To extract the MFCCs, discrete Fourier transform (DFT) of the windowed signal is computed
and is given to the Mel frequency warping block. During Mel frequency warping, the width
of the triangular filters varies and also the log of total energy in a critical band around the
center frequency is included. After warping, a numbers of coefficients are obtained. Finally
the inverse DFT is used to compute the cepstral coefficients (Rabiner and Schafer, 1978).
The steps involved in the MFCC feature extraction are shown in Figure 1.3. The first and

second derivatives of MFCCs are termed as delta and acceleration coefficients, respectively.

Speech Framing DFT Mel

signal = and [ 2 frequency
windowing warping

MFCC Mel Inverse Log

feature <: cepstrum K— DFT K—

vector

Figure 1.3: Block diagram of MFCC feature extraction process

1.2.2.3 Wavelet based features

Wavelet transform is a powerful tool for extracting features from a speech signal. It has the
advantage of using variable size time-windows for different frequency bands that results in a
high frequency resolution in low bands and low frequency resolution in high bands. Wavelets
are applied in the forms, such as the discrete wavelet transform (DWT) (Nehe and Holambe,
2012; Patil and Dixit, 2012), and wavelet packet transform (WPT) (Coifman et al., 1990;
Avci and Akpolat, 2006; Wu and Lin, 2009).

DWT is the process of filtering the signal using a low pass filter and a high pass filter.
Thus, first level of DWT decomposition of a signal splits it into two bands giving a low pass
version and a high pass version of the signal (Mallat, 1989). In speech signals, the low pass
filtered signal gives the approximate coefficients of the signal while the high pass filtered
signal gives the details coefficients. The second level of decomposition is performed on the
low pass signal obtained from the first level of decomposition (Figure 1.4). Thus wavelet

decomposition results in a binary tree like structure which is left recursive (Nehe and
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Holambe, 2012). Figure 1.5 (a) shows the three levels of decomposition of signal using
discrete wavelet transform.

Wavelet packet transform, proposed by Coifman et al. (1990), is an extension of the
DWT, in which the whole time-frequency plane is subdivided into different time-frequency
pieces. Wavelet packet decomposition facilitates the partitioning of the higher frequency into
smaller bands, which cannot be achieved by using discrete wavelet transform. Figure 1.5 (b)
shows the three levels of decomposition of signal using wavelet packet transform. The WPT
decomposes the approximate spaces as well as detail spaces. To extract WPMFCCs, first the
wavelet packet transform coefficients of the speech signal are computed and then MFCCs of

these coefficients are calculated as discussed in Section 1.2.2.2.

Approximation  coefficients Approximation
at lower scale coefficients at lowest

scale
Low pass *2 Low pass
filter filter
Detail coefficients at

lowest scale
High pass High pass |
filter filter
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Figure 1.4: Decomposition of signal using discrete wavelet transform
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Figure 1.5: Three level decomposition of a signal using (a) discrete wavelet transform (b) wavelet packet

transform

1.2.3 Language Model

During early phase of speech recognition, it was assumed that only acoustic information is
required to produce a text output. In the last two decades, language models have become
equal partners with acoustic models. The language model refers to the constraints on word
sequences imposed by syntactic, semantic and pragmatic rules of language being spoken
(Shaughnessy, 2003). The language model is required to recognize not only the phonemes

but also words or sentences.

1.2.4 Classification

The classification stage is the decision making stage of an ASR system. It uses the features
extracted and the language model to recognize the speech signal. Classification methods are
divided in two categories. The first is the generative approach and second is the
discriminative approach. In the generative approach, joint probability distribution is
computed over the given observations and the class labels. The resulting joint probability
distribution is then used to predict the output for a new input (Cutajar, 2013). HMMs and
Gaussian mixture models are the most commonly used generative approaches. In
discriminative approach, the conditional distribution is found using a parametric model,
where parameters are computed from a training set consisting of pairs of the input vectors

and their corresponding target vectors. ANNs and SVMs are two well-liked methods based
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on discriminative approach. Currently, researchers are focusing on hybrid models of
generative and discriminative based methods, in order to combine the strengths of both

approaches.

1.2.4.1 Hidden Markov model

HMM is a doubly stochastic process with an underlying stochastic process that is not directly
observable but can be observed through another set of stochastic processes that produces the
sequence of observations. HMM is a widely used statistical method of characterizing the
spectral properties of the frames of a speech signal. HMM provides a natural and highly
reliable way of recognizing speech for a wide range of applications.
HMMs are based on Markov chains that can be used to model a sequence of events.
In the Markov model, each state corresponds to one observable event. But for a large number
of observations the size of the model explodes. So, the hidden Markov concept extends the
model by decoupling the observation sequence and the state sequence. For each state a
probability distribution is defined that specifies how likely every observation symbol is to be
generated in that particular state.
An HMM can be characterized by the following elements:
e The number of states N.
e Astate space Q= {1,2, ..., N}
e The number of observation symbols per state M.
e Anoutput alphabet V = {vi, v, ...,vm}.
e The state transition probability distribution A = {a;;} where
aj =P[O =] |qt=1], 1<i, J<N
wherej is that state in which the model is in at a particular time t
e The observation symbol probability distribution, B = {b;(k)}, in which
bj (k) =Plot=Vk gt =j], 1<k<M
defines the symbol distribution in state j, j=1,2, ..., N.
e The initial state distribution 7z ={ z;} in which
m=P[gi=i], 1<i<N
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To indicate the complete parameter set of the model, the notation 2 = (A, B, x) is used.

1.2.4.2 Artificial neural networks

ANNS are flexible mathematical structure and these are based on the neural structure of the
brain. These networks are inspired by biological neural network systems in which input
information is processed through interconnected group of neurons (Haykin, 1994). The
ANNSs are capable of mapping a nonlinear relation between input and output data sets. It is
one of the effective learning tools to solve modelling, classification and recognition problems
(Mehrotraet al., 1997). A neural network consists of various layers of interconnected
elements called neurons. Each neuron has a weighted sum of its inputs producing an output
that is transformed via the use of a linear or non-linear function. The ANNs can easily be
trained from samples. The other main advantages of ANNs are their good performance with
noisy samples and possibility of parallel implementation.

A single layer feed-forward network consists of input and output layer. The input
layer neurons take the input signals and the output layer neurons receive the output signals.
Each input layer neuron is connected to every output layer neuron through synaptic links
carrying the weights but not vice-versa. Figure 1.6 illustrates a single layer feed-forward

network.

Output
Layer

Input Output
Neurons Neurons

Figure 1.6: Single layer feed-forward network
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A multilayer feed-forward ANN consists of input layer, output layer and one or more
hidden layers (Janos, 2012). The hidden layer performs intermediate computations between
input and output layers. The input-hidden layer weights connect input layer neurons to
hidden layer neurons. The hidden-output layer weights connect hidden layer neurons to
output layer neurons. A multilayer feed-forward network having | input neurons, m neurons
in one hidden layer and n output neurons is termed as I-m-n architecture. Figure 1.7

illustrates a multilayer feed-forward network with this architecture.

N4

Input Hidden Output
Layer Layer

Figure 1.7: Multilayer feed-forward network

The net input at hidden layer is the weighted sum of its input and biases of each neuron and

is defined as:
|

Yi=2 W) +b; (j=L2,...m) (1.3)
i=1

where w;; is the weight representing the connection between j™ neuron of hidden layer and i

neuron of input layer; X, represents the input at neuron i; b, is the bias of neuron j; I and m

i

are the number of neurons in input layer and hidden layer, respectively.

10
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To get the final output, the sum is passed through a transfer function. In this work,
sigmoid transfer function is used between input layer and hidden layer; and linear transfer
function is used between hidden layer and output layer. The output neuron computes the
weighted sum of its inputs as:

Zk = kaj yJ , k:]., 2 ..... n (1.4)
j=0

whereV,; is the weight associated with the connection between hidden neuron j and output
neuron k; m and n are the number of neurons in hidden layer and output layer, respectively.
The training of ANN is normally carried out by applying iterative optimization process to
minimize mean square error (MSE) by updating the weights and biases appropriately (Das et
al., 2014). The MSE is defined as the error between the actual output and the expected output
and is defined as:

N
D (A -E)?
MSE =i:1T (1.5)

where A is actual output and E; is expected output; N is number of training points.
1.2.4.3 Support vector machine

Support vector machine, proposed by Vapnik (1995), is a binary classifier. It works on the
principles of structural risk minimization (SRM) (Burges, 1998). SVMs have been
successfully applied for many classification problems such as face identification,
bioinformatics, database marketing and speech recognition (Bennett and Campbell, 2000). In
support vector machine, the input space is mapped into a higher dimensional feature space. In
higher dimensional feature space, SRM is used to maximize the margin between two classes

and an optimal separating hyper plane is obtained. For a binary classification, the training

dataset is {(x, y;), i=1 2, ..., n}, Where the input space x, € R"and vy, {1 -1} are the labels of
the input space X; and n denotes the number of the data items in the training set. The hyper-

plane is defined asw.x, +b=0, where X; is a point on the separating hyper-plane, w is the

normal vector to hyper-plane and b is bias value.

11
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The optimal hyper-plane to separate the two classes is obtained by minimizing the

regularized training error,
1,2 :
=g+
subject to yi(<W,Xi>+b)21—§i, &20,i=12..n (1.6)

where <> denotes the inner product, & is a slack variable, which defines the permitted

misclassification error, C is the penalty parameter coefficient and it decides the trade-off
between the regularization term and the empirical risk.

The key feature of SVM is the use of kernels (Burges, 1998; Cristianini and Taylor,
2000) that implicitly compute an inner product between the two data vectors in the high
dimensional feature space. Various kernels such as linear, polynomial and radial basis
function (RBF) can be used in SVM (Hwang and Kim, 2012). These kernels are given as:

Linear kernel:

K0, %) = (%, ;) 7
Polynomial kernel:

KO4.x) = (s )+ f L 7 >0 (1.8)
Radial basis function (RBF) kernel:

K(xi,xj):exp(—y"xi—xj||2j 7>0 (1.9)

where y, r and d are kernel parameters.

The selection of a kernel function is an important issue, because kernel function has a bearing
on the results.

There are two methods to solve multi-class problem using SVM. One method is one-
versus-one, which learns to classify one class from another class (Solera-Urefia et al., 2007)
and another is one-versus-all, which learns to classify one class from all other classes
(Manikandan and Venkataramani, 2011; Vapnik, 1995). If the number of classes is N then

N(N —1)/2 one-versus-one classifiers are required as compared to N one-versus-all

classifiers (Allwein et al., 2000; Urena et al., 2012; Weston and Watkins, 1999).

12
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1.3 OPTIMIZATION TECHNIQUES

Optimization techniques are extensively used to solve real world optimization problems.
These techniques are broadly divided into population based techniques and conventional
search techniques. The population based techniques have multi-point search methods and
include randomness to update the solution. One of the main advantages of population based
search techniques is that these can be applied to solve non-differentiable, discontinues
optimization problems and have a potential to search global optimum solutions. In the past
decades, several global search techniques, such as genetic algorithm, differential evolution,
particle swarm optimization, ant colony optimization and gravitational search algorithm have
successfully been applied. Although population based search techniques are able to explore
search area effectively but these techniques are not very efficient for fine tuning of solution.
Particle swarm optimization technique is one of the most commonly used global optimization
techniques. The PSO and its variants have been applied in various fields i.e., to reduce higher
order model of linera-time invariant system (Panda et al., 2009), for optimum power flow
problem (Abido, 2002), for optimal LQR tracking control of helicopter (Kumar et al., 2016)
and many more. The conventional search techniques follow certain mathematical rules to
update the search. These techniques are well suited to exploit the search in nearby search
spaces, but are not suitable to search in wide spaces. Due to their respective strengths and
weaknesses, there is a motivation to integrate population based search technique with
conventional search technique. In the field of pattern recognition, following are the major
areas in which search based optimization techniques have been applied:

e Optimum feature selection

e HMM Classifier training

e Selection of optimum set of weights and biases for ANN classifier

e Optimum SVM hyper-parameters.

1.4 NEED FOR STUDY

Automatic speech recognition systems are now commercially available to recognize isolated

words and sentences with high recognition rate for English, Arab and Chinese languages. A

13
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few research papers are available to recognize Hindi words. Researchers have not explored
ASR systems for the recognition of Hindi sentences. There is a possibility to explore hybrid
features and to develop a speech recognition system for Hindi sentences with the help of
existing techniques. The reason for choosing Hindi language is that it is widely spoken in
various parts of India. The alphabets of Hindi language are very well categorized on the basis
of similarities in articulation methods of its letters. This property of Hindi makes it free of
homonyms thus reducing the complexity of handling them in design of speech recognition
systems.

In recent years, optimization techniques are explored in the field of pattern
recognition to improve recognition rate and to decrease computational time. Still, very few
researchers have applied search based optimization techniques for ASR systems. The present
work is an attempt towards the development of ASR system for Hindi speech. This work also

involves few integrated optimization search techniques to improve speech recognition rate.

1.5 OBJECTIVES OF THIS RESEARCH

The objectives of the proposed study are outlined as follows:

e To explore existing features and their hybrid approach for Hindi speech word
recognition.

e To recognize words with the help of existing techniques such as ANN, HMM, SVM
and to propose an efficient recognition method based on the hybrid approach of these
methods.

e To propose and implement a model for the recognition of speaker dependent simple
Hindi sentences using small vocabulary language model and to develop an interface

for the same.

1.6 ORGANIZATION OF THESIS

Rest of this thesis is organized as follows. In Chapter 2, review of literature has been
presented. The review is organized according to various stages of speech recognition system,
i.e., feature extraction, feature selection, classification techniques and language model.

14
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Besides this, review of Hindi speech recognition has been done in this chapter. The review
related to optimization techniques in the field of feature selection, and classification
techniques has also been presented. In Chapter 3, ANN is applied to recognize isolated
words. To train the ANN, two hybrid optimization algorithms have been proposed. In
Chapter 4, SVM classifier is used for recognition of isolated words. In this chapter, an
optimization algorithm is applied to search optimal RBF kernel parameters and speech
feature set. Chapter 5 presents HMM based speech recognition system for isolated and
continuous Hindi speech. For training of HMM, global search technique along with Baum-
Welch algorithm has been applied. Chapter 6 presents optimized hybrid classifiers for
continuous speech recognition. Finally, in Chapter 7, thesis is concluded with a summary and
discussion on further research work. Figure 1.8 contains a flowchart indicating the use of
proposed techniques in variouschapters of this thesis.
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Fig 1.8: Flowchart showing various proposed techniques in different chapters
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Review of Literature

2.1 INTRODUCTION

Speech is the most natural way of human communication. For an efficient human-computer
interaction, recognition system must be able to recognize the speech accurately. The
performance of automatic speech recognition (ASR) systems has been improved during last
decade and now it has been used for many practical applications. Even now, there are lot of
possibilities to improve their recognition rate, speed, vocabulary and usefulness for the end-
users. Another issue with ASR system is that it has not been developed for a good number of
languages due to limited data availability and proper statistical framework of acoustic and
language models. Hindi is the national language of India and people in several other Asian
countries can easily understand and speak it. So there is a need to develop an efficient ASR
system for Hindi language. Speech recognition comes under the category of pattern
recognition and carries a considerable development prospect and practical value. A lot of
research has been done on speech recognition in last sixty five years. Researchers have
published many survey papers on the speech recognition. Shaughnessy (2008) has presented
a tutorial regarding speech recognition problem. In this tutorial, he has discussed challenges
in the field of speech recognition, successes and failures. Another review paper (Gaikwad et
al., 2010) presented an overview of main scientific perspectives and appreciations of the
significant progress in the field of ASR system. A report is presented by Anusuya and Katti
(2011) about various aspects of front end analysis of speech recognition. Vimala and Radha
(2012) have presented some of the major challenges in the field of automatic speech
recognition and also discussed regarding speech features and classification techniques. A
recent review (Cutajar et al., 2013) presented a comparative study on different classification
approaches like HMMs, ANNs and SVMs for the task of ASR. Sanchez-Cortina et al. (2016)

have shown that a word-dependent naive Bayes classifier outperforms the conventional word
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posterior probability as a confidence measure. Kim and Park (2016) have proposed an
efficient emotion recognition approach that utilizes voice data accumulated on personal
devices. Agarwalla and Sarma (2016) have reported certain approaches based on machine
learning used for extraction of relevant samples from big data and apply them for ASR using
certain soft computing for Assamese speech dialectal variations. Karpagavalli and Chandra
(2015) have developed speaker independent isolated-phoneme and word recognition systems
for the Indian regional language Tamil.An automatic speech recognition system mainly
consists of four stages: pre-processing stage, feature extraction stage, classification stage and
a language modelling stage.

The pre-processing stage is required before extracting any information from the
speech signal. The pre-processing steps include filtering, sampling, quantization, and
endpoint detection (Nouza et al., 2010; Mporas et al., 2007; Liu et al., 2005). The literature
regarding feature extraction, classification and language modelling has been reviewed in

further sections.

2.2 FEATURE EXTRACTION

The feature extraction provides the acoustic feature vectors used to characterize the spectral
properties of time varying speech signal. After pre-processing, characteristics parameters, i.e.,
short time energy, short-term zero-crossing rate, and short-time autocorrelation coefficient
are extracted from speech signal. Two most commonly used feature parameters are LPCC
and MFCC.

The LPCCs were developed in 1960s and are widely used till today because LPCC
features are accurate, computationally fast and easy to implement in hardware (Atal, 2006).
But LPCC shows degraded performance in noisy conditions and its robustness, recognition
rate and other aspects are less efficient for practical applications. The MFCCs are most
commonly used speech features and have successfully been used in speech recognition from
a long time (Chapaneri, 2012; Muda et al., 2010; Wang et al., 2010; Kopparapu and
Laxminarayana, 2010; Milner and Darch, 2011; Milner et al., 2009). The MFCCs are
Cepstral based features that are compact and easily discriminable. The MFCC also has high
noise immunity and the robustness (Xin Xing and Xu, 2012). Polur and Miller (2005) have
extracted Fast Fourier transform (FFT), LPC, and MFCC features for speech recognition
using HMM. They have found that a MFCC based model outperformed a FFT and linear
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prediction based model. Aida-Zade et al. (2006) have explored combined use of MFCC and
LPC features for ASR. The training and testing are performed for both MFCC and LPC based
subsystems and the decision is based on the results obtained by these subsystems. Kopparapu
and Bhuvanagiri (2013) have proposed a modified Mel filter bank that is based on a
relationship between the MFCC features of original sampled speech and re sampled speech.
Valentini-Botinhao et al. (2014) have presented a method for modifying the MFCC generated
by statistical parametric models trained on plain speech.Jo et al. (2016) have presented an
energy-efficient architecture to extract MFCC for real-time speech recognition systems.

The MFCC features are obtained by short term Fourier transforms (STFT) (Wu and
Lin, 2009). The STFT uses fixed window length and because of that it is not able to detect
sudden changes and transient parts of signal properly (Yang and Zhang, 2008; Farooq and
Datta, 2001). To overcome this disadvantage, the wavelet transform (WT) is used in speech
processing (Favero, 1994). The WT has the advantage of alterable window in time domain
(Xueying and Zhiping, 2004). In the field of speech recognition, researchers have conducted
various studies to integrate WT with auditory-model-based scales. The main advantage of
discrete wavelet transform (DWT) features is that it shows high frequency resolution
capability in low frequency range of signal while carrying time resolution in high frequency
parts of speech signals (Xueying and Zhiping, 2004). Tufekci et al. (2006) have explored an
idea in which they have placed DWT in MFCC features instead of cosine transform. Chang et
al. (1998) have described adaptive wavelet feature for speech recognition. Farooq and Datta
(2003) have proposed the use of DWT for the extraction of features from phonemes. Datta
and Farooq (2001) have suggested that corresponding energies of the wave coefficients can
be used as features. They have used the logarithm of output filter-bank energies as parameters
representation. The wavelet packet transform (WPT) has been proposed for the feature
extraction (Long and Datta, 1996; Long and Datta, 1998; Chang et al., 1998). The only
difference between WPT and DWT s that approximation and detail coefficients are further
decomposed (Krishnan and Anto, 2009). In WPT, the problem of shift variance was present
in the extracted features. Farooq and Datta (2001) have explored WPTs multi resolution
capabilities to derive new set of features for speech recognition. To improve speech
recognition rate for noisy speech, Farooq and Datta (2001) have explored a six-band filter
structure by using permissible wavelet packet. Avci and Akpolat (2006) have developed a
model based on integration of adaptive wavelet packet network with fuzzy inference system.
Krishnan and Anto (2009) have used DWT and wavelet packet decomposition features for
Malayalam language spoken words. Pavez and Silva (2012) have proposed wavelet-packet
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cepstral coefficients for filter-bank energy based feature extraction technique. In recent years,
researchers have explored some of the hybrid/modified feature extraction techniques. Pujol et
al. (2005) have applied the relative spectral perceptual linear prediction (Rasta-PLP) features
for recognition of clean and noisy speech. In Rasta-PLP, multi-layer perceptron and
HMM/Gaussian mixer models have been integrated.
Tufekci and Gowdy (2000) have proposed a feature vector consisting of Mel-frequency
discrete wavelet coefficients (MFDWC) by applying the DWT to the mel-scaled log filter-
bank energies of a speech frame. Ricotti (2005) has introduced speech parameterization
scheme and a modification of the MFCC processing scheme based on wavelets. Tohidypour
et al. (2012) have proposed a speech representation based on redundant wavelet filter-banks
(RWFB). They have shown that RWFB parameters are much less shift sensitive than those of
DWT in speech recognition task. Debyeche et al. (2007) have presented modified vector
quantization (VQ) approach for discrete HMM. The modified VQ codebook performs an
optimal distribution of VQ codebook components on HMM states. The proposed technique is
applied to recognize Arabic constants.Nguyen et al. (2016) have proposed a spectro-temporal
transform for feature adaption as well as a minimum KL divergence based criterion for
estimating the transform parameters. The feature adaption technique makes use of both
spectral and temporal information which is suitable for dealing with both spectral variability
and temporal variability. Kim et al. (2016) have presented a new feature extraction algorithm
called power normalized cepstral coefficients (PNCCs). The PNCCs are motivated by
auditory processing which includes the use of power-law nonlinearity.

The choice of a particular feature for ASR system depends on a number of criteria
such as, clean or noisy environmental condition, temporal and frequency information of
speech signals, memory storage size available and robustness (Cutajar et al., 2013). The

advantages and disadvantages of some of the commonly used features are listed in Table 2.1.

Table 2.1: Advantages and disadvantages of feature extraction techniques

Feature Advantages Disadvantages
extraction
technique
MFCC (i) Perception based method (Anusuya | (i) Computationally expensive (Anusuya and
and Katti, 2011). Katti, 2011).
(i) Good discrimination and small | (ii) Not suitable in noisy environment
correlation  between  components (Anusuya and Katti, 2011).
(Anusuya and Katti, 2011). (iii) Limitation in speech signal representation
(iii) Mimic some of the human processing since only the power spectrum is
of the signal (Anusuya and Katti, considered, ignoring the phase spectrum
2011). of speech signals (Cutajar et al., 2013).
LPC (i) It is a production based model | (i) The speech representation is not possible
(Anusuya and Katti, 2011). with linear scales (Shaughnessy, 2003).
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(i) Provides linear characteristics | (ii)) LPC is highly correlated (Anusuya and
(Anusuya and Katti, 2011). Katti, 2011).
(iii) Provides a reasonable source-vocal | (iii) Priori information cannot be included
tract separation (Anusuya and Katti, during test (Anusuya and Katti, 2011).
2011).
LPCC (i) The feature  components are | (i) The speech representation is not possible
decorrelated (Cutajar et al., 2013). with linear scales (Shaughnessy, 2003).
(ii) Better robustness as compared to LPC | (ii) Priori information cannot be included
(Anusuya and Katti, 2011). during test (Anusuya and Katti, 2011).
DWT (i) Temporal information also consider | (i) The same wavelet is used for all speech
along with frequency information signals so it is not flexible (Anusuya and
(Muller et al., 2006). Katti, 2011).
(i) Efficient time and frequency
localisations are possible (Walker &
Foo, 2003).
(iii) De-noising tasks (Walker and Foo,
2003).
(iv) Can compress a signal without major
degradation (Anusuya and Katti,
2011).
WPT (i) Same as DWT, but WPT shows also | (i) The same wavelet is used for all speech
further detail present in the high signals so it is not flexible (Anusuya and
frequency bands (Vimal Krishnan and Katti, 2011).
Babu Anto, 2009).
PLP (i) Based on short term spectrum of the | (i) Analysis depends of the result on the
speech (Anusuya and Katti, 2011). overall spectral balance on formant
(i) Computationally efficient and it yields amplitudes (Anusuya and Katti, 2011).
a low-dimensional representation of | (ii) The spectral balance is easily affected by
the speech (Anusuya and Katti, 2011). recording equipment, the communication
(iii) Can mimic some of the human channel and additive noise (Anusuya and
processing of the signal (Anusuya and Katti, 2011).
Katti, 2011).
RASTA-PLP | (i) More robust as compared to PLP | (i) Poor performance under clean speech
(Anusuya and Katti, 2011). environments (Anusuya and Katti, 2011).
(if) Efficient in dealing with convolution
noise (Anusuya and Katti, 2011).
(iii) Can suppress the spectral components
which change quickly or slowly than
the range of change of speech
(Anusuya and Katti, 2011).
VQ (i) Reduced storage for spectral analysis | (i) Temporal information is not considered
information (Anusuya and Katti, (Krishnan et al., 1994).
2011). (i) Quantization error in the discrete
(i) Less computation is  required representation  of  speech  signals
(Anusuya and Katti, 2011). (Krishnan et al., 1994).
(iif) Fast training speed (Krishnan et al.,

1994)

2.2.1 Feature Selection

In the field of pattern recognition, selection of relevant features is one of the most important

issues (Uncu and Tirksen, 2007). The application of feature selection techniques can

considerably reduce the number of features for ASR system without compromising

recognition rate (Inza, 2001). To search optimal features, Kohavi and John (1997) have

proposed wrapper method for a specific problem. They have also proposed some modified
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versions of wrapper method. Wrapper method cannot be applied for a problem having a very
large number of predictive attributes (Bermejo et al., 2011). Uncu and Tiirksen (2007) have
proposed a feature selection algorithm for identification of important input variables. In the
proposed feature selection algorithm, wrapper and filter methods have been combined.
Maldonado and Weber (2009) have introduced a modified wrapper algorithm for feature
selection, using SVMs with kernel functions. Kabir et al. (2010) have presented a modified
feature selection algorithm based on wrapper approach using neural networks. One of the
main advantages of this algorithm is the determination of neural network architectures during
the feed forward process. Hsu et al. (2011) have introduced a hybrid feature selection method
by combining filters and wrappers methods. Candidate features are first selected from the
original feature set via computationally efficient filters and are further refined by more
accurate wrappers. Bermejo et al. (2012) have proposed an iterative method that alternately
shifts between filer ranking construction and wrapper method. Foithong et al. (2012) have
proposed a hybrid model for feature selection. In the hybrid model, filter and wrapper
methods have been integrated that uses the mutual information criterion without requiring a
user-defined parameter for the selection of the candidate feature set.

2.3 CLASSIFICATION TECHNIQUES

Various researches have been carried out in order to find ideal classifier to recognize speech
segments correctly. Three most widely used classifiers are HMMs, ANNs and SVMs. In this
section, the literature on these three classifiers is presented with a focus on their

implementations for ASR.
2.3.1 Hidden Markov Models

Hidden Markov model is a robust statistical method for ASR system. HMM has been
successfully applied for a wide variety of applications. The utterances of speech is described
by HMM model parameters (Kwong and Chau, 1997). Rabiner (1989) has presented the
theoretical aspect of HMM. He has also illustrated the application of HMM for machine
recognition of speech. In 1994, Renals et al. (1994) have reviewed the basis of HMM speech
recognition and showed the benefits of incorporating connectionist network into a HMM
network. In 1996, Ostendorf et al. (1996) have discussed a stochastic model that covers

models presented in the literature, compare similarities of the models. Juang and Rabiner
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(1991) have addressed the role of HMM in speech recognition and discussed a wide range of
theoretical and practical issues of their importance. Wilpon et al. (1990) have suggested some
modifications in a connected word speech recognition algorithm based on HMM. They have
created statistical models of both the actual vocabulary words and the extraneous speech and
background.

Pisarn and Theeramunkong (2007) have presented an approach to construct
recognizer for the three commonly used Thai spelling methods based on HMMs. Saharia et
al. (2009) have presented a work on part of speech tagging for Assmese language using
HMM model. Latorre and Furui (2006) have presented a method for synthesizing multiple
languages with the same voices, using HMM-based speech synthesis. In this approach, they
have created a speaker-and language-independent acoustic model by mixing speech data from
several speakers in different languages. Zeng and Liu (2006) have presented an extension of
HMMs based on type-2 fuzzy set referred to T2FHMMs to recognize phonemes from TIMIT
speech database. Membership functions of type-2 fuzzy set are three dimensional that offers
additional degree of freedom to evaluate the HMMs fuzziness. Yao et al. (2005) have
presented a generative factor analyzed HMM (GFA-HMM) for automatic speech recognition.
In spite of HMM offering number of advantages, it has few shortcomings. To improve the
capability of HMM, researchers have suggested various modifications (Trentin and Gori,
2006).

For real-world applications, robust acoustic model is required. Unfortunately, the
HMMs are not noise tolerant. Ephraim (1992) has developed gain-adapted training and
recognition algorithms for HMMs to recognize clean and noisy speech signals. Trentin and
Gori (2006) have proposed an unsupervised maximum-likelihood gradient-ascent training
algorithm for a neural feature adaption module, combined with a hybrid connectionisttHMM
speech recognizer. For clean and noisy speech recognition, Chi et al. (2013) have explored
Markov modeling of stereo speech features.

One of the main reasons for the inaccuracy of HMM-based automatic segmentation is the
HMM training criterion and duration control. The discriminative training methods have
achieved tremendous progress in automatic speech recognition (Jiang, 2010). Jiang (2010)
has presented a reviewed report on discriminative training methods in speech recognition
from both theoretical and practical perspectives. McDermott et al. (2007) have reported that
discriminative training based on minimum classification error training applied to HMM,
produces significant gains in recognition performance and model compactness. Wu et al.
(2005) have proposed minimum segmentation error criteria and applied it along with
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discriminative training method. In the proposed approach, a loss function is directly related to
the segmentation error and parameter optimization is done by the generalized probabilistic
descent algorithm. Champion and Houghton (2016) have described an optimal algorithm
using continuous state HMM.Hoesen et al. (2016) have structured an Indonesian speech
recognizer to handle both spontaneous and dictated speech. They have build recognizer based
on Gaussian and HMMs.In spite of HMMs have been proved worthy for ASR system. Still,
ASR is a challenging task under real world environment conditions (Trentin and Gori, 2001).
To overcome some of the limitations of HMM, ANN has been explored from last two
decades for ASR.

2.3.2 Artificial Neural Networks

Acrtificial neural networks have the potential to resolve pattern classification problems and
also have the capability to extract useful information from data (Khan et al., 2013). One of
the main feature of ANN is its adaptability, so it is capable to classify new data effectively
(Krishnan and Anto, 2009; Zhou, 2009). Some of the widely used neural network
architectures are radial basis functions (RBF), multilayer perceptrons (MLP), self-organizing
maps and recurrent neural networks. A historical survey on ANNSs is presented by
Schmidhuber (2015). He has reviewed deep supervised learning; unsupervised learning;
reinforcement learning and evolutionary computation; and indirect search for short programs
encoding deep and large networks. The researchers have extensively used ANN for
classification purposes in various fields i.e. vowel classification, image processing, stock
trading, face recognition, ECG analysis, market forcasting, etc. (Hagan et al., 1996). (Bhatt et
al. (2014) have developed ANN-based apple classification. Bhatt and pant (2009) have
presented a method to forecast the stock price using neural networks. Yilmaz et al. (2016)
have described a code-switching ASR system built for the Frisian language. They have
designed a bilingual deep NN based ASR system and investigated the impact of bilingual
DNN training in the context of code-switching speech.

For automatic speech recognition, ANN is second most widely used classifier after
HMM. Lippmann (1989) has presented a review of the application of ANN to ASR. ANNs
are used either independently or as a combination with HMMs in order to get the advantages
of both ANNs and HMMs (Hennebert et al., 1994; Shaughnessy, 2003; Zhou, 2009). The
major issue of designing an ANN for speech recognition is to deal with the dynamic

properties of the speech signal. An ANN model with time-delayed neural network (TDNN)
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has been proposed to process the dynamic information of speech (Waibel et al., 1989). In
TDNN, short-time delays are included in the input and hidden layers of a MLP in such a way
that node responses over several time intervals are collectively fed forward to the neurons in
the upper layer. The use of recurrent Boltzmann machines for speech recognition is explored
by Prager et al. (1986). The networks with recurrent connections from output nodes to input
nodes are studied by Robinson et al. (1988) and Anderson et al. (1988). Watrous and Shastri
(1987) have proposed networks with recurrent self-looping connections on hidden and output
nodes for speech recognition. Tebelskis and Waibel (1990) have proposed the ANN as a
nonlinear pattern predictor rather than a discriminator for speech frames. Wu and Chan
(1993) have presented an MLP network for speaker-independent isolated word speech
recognition. The network has architecture of three subnets and associated adaptive learning
algorithm is derived. Yu and Oh (2000) have introduced acoustic sub-word units to ANNs for
speaker independent continuous speech recognition. They have separated segmentation and
recognition and both are implemented by networks and spectral transition measure has been
applied to decide unit boundaries. Ting et al. (2013) have presented a self-adjusted ANN to
enable the network to adjust itself according to different data input sizes. They have applied
proposed method to recognize Malay vowels and TIMIT isolated words. Dede and Sazli
(2010) have applied ANNs to accomplish isolated speech recognition. The recognition is
done in two parts, in first part pre-processing part is done with digital signal processing
techniques and then post-processing part is done with ANN. They have designed three
different neural network models; multi-layer back propagation, EIman neural network, and
probabilistic neural networks. Ahad et al. (2002) have used MLP to recognize Urdu digits
from a mono speaker database. The Persian digits were recognized by utilizing MLP by Pour
et al. (2009).

Sivaram and Hermansky (2012) have introduced sparse MLP network. The sparse
MLP network is similar to MLP network except that the outputs of one of the hidden layer
are forced to be spare. The sparse MLP based system is applied on individual speech
recognition feature streams. Fuzzy neural network (FNN) is applied by Zhou et al. (2009) for
speech recognition. The FNN converges at optimal solution during training process since
sounds in speech signal do not have clear boundaries. Adaptive neuro fuzzy inference system
(ANFIS) has been implemented for recognition of isolated Persian words (Helmi and Helmi,
2008). Sabah and Aino (2009) have applied ANFIS for classification of speaker-independent
isolated Malay digit speech signals. Graves and Schmidhuber (2005) have proposed long
short term memory (LSTM) networks, and full gradient version of the LSTM learning
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algorithm. To check the credibility of LSTM algorithm, it has been tested for frame wise
phoneme classification. Siniscalchi et al. (2013) have applied deep neural networks to
improve recognition rate of basic speech units. This network has higher flexibility and able to
integrate both top-down and bottom-up knowledge into speech framework. Ganchev et al.
(2007) have introduced generalize local recurrent probabilistic neural network (GLR PNN)
by including a fully connected recurrent layer between the pattern and output
layers.Ozyildirim and Avci (2013) have proposed modified radial basis function (RBF) based
neural networks having five layers: input, pattern, summation, normalization and output
layers. The network has gradient descent based optimization for smoothing parameters and
diverge effect for calculation improvements.

In spite of several advantages of ANN, the main drawback of ANN is their inability in
representing the time variability present in speech signal. HMMs have been proven
successful for acoustic modeling in state-of-the-art speech recognition systems and for
computation of acoustic parameters, ANNs have been found more suitable (Trentin and Gori,
2003). So, there is a need to hybridize ANN and HMM for ASR. Morgan and Bourlard
(1995) have given a brief overview of ASR and statistical pattern recognition. They have
reviewed HMMs and then described the use of ANNSs as statistical estimators. The basic
principles of HMM/ANN hybrid approach is also reviewed. Bengio et al. (1992) have
integrated multilayered and recurrent ANNs with HMMs. In the integrated technique, ANN
output constitute the sequence of observation vectors for the HMM. Rigoll (1994) has
proposed a hybrid connectionist-HMM speech recognition system based on the use of a
neural network as vector quantizer. Chen et al. (1996) have proposed a MLP based speech
recognition system. In this method, the dynamic time warping capability of HMM is directly
combined with the discriminant based learning of MLP to generate a sequence of MLPs as a
word recognizer.

The ANN is frequently used to compute the posterior probabilities to improve the
recognition rate obtained from HMMs. For ASR, Kim and Un (1995) have discussed various
methods for estimating a probability distribution based on discrete HMM. Trentin and Gori
(2001) have reviewed a number of significant hybrid ANN/HMM models for ASR. They
have focused on ANNSs to estimate posterior probabilities to the states of an HMM and on
global optimization. Trentin and Gori (2003) have proposed hybrid ANN/HMM system, in
which ANN is trained with gradient-ascent technique and is used to estimate emission
probabilities for the HMM. Sivaram and Hermansky (2011) have applied hybrid HMM-
SMLP for phoneme recognition where the posterior probabilities depend on the sparse hidden
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features. The hybrid model based on RBF and HMM is applied for word recognition in a
continuous speech environment (Umarani et al., 2009). In this model, an HMM is constructed
for each word in the database and a target value is associated with each HMM. Mohamed and
Nair (2012) have combined HMM and ANN classifiers for the development of Malayalam

speech recognition system.

2.3.3 Support Vector Machine

For pattern classification problems, support vector machine is one of the most popular
approaches. Support vector machine has sound mathematical background and extraordinary
performance (Doumpos et al., 2007). SVM maps different objects into a high-dimensional
space and then separates the classes with a hyperplane. The main motive of SVM framework
is to maximize the separating margin between objects belonging in different classes. The
most important aspect of SVM is the design of the inner product, the kernel, induced by the
high dimensional mapping (Campbell et al., 2006). Initially, SVM was designed for binary
classification. There are two types of approaches used for multiclass SVM, one-against-all
method and one-against-one method. In one-against-all method, the multiclass problem is
divided into a number of binary SVM classifiers and each classifier builds a hyperplane
between its own class and for remaining classes. In one-against-one method, classes are
separated from each other by constructing hyperplane for each possible pair of classes. For
both these methods, output class is decided by a majority voting scheme (Duan and Keerthi,
2005). Hsu and Lin (2002) have compared the different methods for multiclass SVMs. For
multi-classification problems, SVMs are usually converted into binary ones, where
unclassified regions may exist. To overcome this drawback, Liu et al. (2005) have presented
nesting SVMs for multi-classification. An empirical study of multiclass SVM is presented by
Duan and Keerthi (2005).

SVMs have extensively been used for pattern classification from last two decades. A
tutorial on SVMs for pattern recognition is presented by Burges (1998). He has described
practical implementation of SVM and discussed the kernel mapping technique to construct
SVM solutions. Researchers have explored SVMs for ASR either independently or as a
hybrid model with HMM. Ganapathiraju et al. (2004) have applied SVM for static pattern
classification task based on the Deterding vowel data and achieved significant improvement.
Gangashetty et al. (2004) have studied the SVM performance for recognition of context
dependent subword units of speech in multiple languages. Khoo et al. (2005) have
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investigated the performance of SVM for phoneme recognition with additive noise. Campbell
et al. (2006) have examined the idea of using the GMM supervector in a SVM classifier and
investigated the performance of classifier on NIST speaker recognition task. Campbell et al.
(2006) have considered the applications of SVMs to speaker and language recognition. They
have proposed sequence kernel based on generalized linear discriminants. To search endpoint
detection of speech, Ramirez et al. (2006) have applied SVM-based technique. To improve
the performance of speech recognition system, Ramirez et al. (2006) have presented a speech
discrimination method to work in noisy conditions. They have applied their proposed method
to train SVM that defines an optimized non-linear decision rule over different sets of speech
features. Truong et al. (2007) have presented a multi-speaker segmentation technique by
using wavelets features along with SVM classifier. Gales and Flego (2010) have described a
scheme for overcoming the problem of mismatching between the training and test data. They
have applied this scheme for speech recognition in noise by adapting the kernel rather than
the SVM decision boundary. Manikandan and Venkataramani (2011) have proposed Texas
Instruments DSP real-time speech recognition system using modified one-against-all SVM
classifier. Zhang et al. (2013) have presented optimal relaxation factor (ORF) SVM kernel
function for speech recognition. They have shown the effectiveness of ORF kernel functions
on mapping trend, bi-spiral, and speech recognition problems. Sonkamble and Doye (2008)
have provided an overview of speech recognition systems using SVMs.

The SVM is also hybridized with HMM for ASR applications, because of inability of
SVM to deal with variable input vectors and high dimensionality of the sequences of speech
feature vectors (Fernandez-Lorenzana et al., 2003). There are two approaches that have been
used for hybridization of HMM and SVM. In one of the approaches, the distance measure of
the separation between classified data points is used to generate posterior probabilities. These
emission probabilities are used in HMM instead of GMMs. Sloin and Burshtein (2008) have
applied SVM to improve classification of discrete and continuous output probability of
HMMs. They have used HMM as a baseline system, and SVM is used to rescore the results
obtained by HMMs. Ganapathiraju et al. (2004) have presented SVM with HMM to
recognize large vocabulary speech. Liu et al. (2007) have proposed a hybrid SVM and
duration distributed based HMM decision fusion model (DDBHMM) for robust continuous
digital speech recognition. They have investigated the probable combinations of SVM and
GMM in pattern recognition, and embed the fusion probability into the phone state level
decision space of DDBHMM. Solera-Urena et al. (2007) have compared hybrid HMM-SVM
and dynamic time alignment (DTA) kernel approaches in noisy environments for robust ASR
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and concluded that DTA kernel provides important advantages over the baseline HMM.
Clarkson and Moreno (1999) have applied hybrid combination of SVM and HMM for
phonetic classification.

SVM is also hybridized with ANN for ASR. For pattern classification and regression,
Xia et al. (2004) have used a one-layer recurrent neural network for SVM learning. Bresolin
et al. (2008) have used WPT and neural classifier SVM to recognize spoken digits from zero

to nine in Brazilian Portuguese.

24 LANGUAGE MODEL

In order to produce a meaningful representation of speech signal, knowledge of spoken
language is necessary (Liddy, 2001). In 1960s and 1970s, it was assumed that the acoustic
information of speech is needed to produce a text output. Speech recognition community has
not explored the fact that most spoken utterances follow certain rules of grammar and
semantics (Shaughnessy, 2003). In the last two decades, to implement these rules, researchers
have suggested that, there is a need to incorporate language model (LM) in ASR systems
along with acoustic models. The language model refers to a set of constraints on the words
available in the vocabulary set and their corresponding sequences. The performance of an
ASR system is significantly affected by the choice and scope of the LM (Deshmukh and
Picone, 1995). It plays an important role to decide the search space, so there is a need of
appropriate search strategy for the ASR process. For real speech, the formal grammar rules
are not adequate because it can involve awkward phrasing and abbreviated word-forms. The
LM should be able to incorporate such topical dependencies, grammatical constraints, etc. So,
a good LM should not only be able to consider all these possibilities but also needs to be
compact enough, for efficient real-time implementations (Forsberg, 1995; Deshmukh and
Picone, 1995). In order to choose the optimal LM, a set of criteria, i.e., perplexity, average
log likelihood, cross entropy and resultant accuracy (Deshmukh and Picone, 1995; Rosenfeld,
2000) are explored.

The LMs are divided into static and dynamic LMs. A widely renowned static
language technique is the N-gram model. In N-gram model, the probability of occurrence of
the current word is computed by information obtained by N-1 immediately preceding words
(Bahl Lalit, 1983). For bigram model, N is set to 2 and for trigram model, N is set to 3. A
trigram model is more popular than the bigram model, both in terms of accuracy and
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perplexity (Deshmukh and Picone, 1995). The main limitation of static models is that these
are incapable to adapt in diverse domains. To overcome this limitation, dynamic models need
to be explored. In dynamic models, word probabilities are estimated on the part of document
observed so far. So, it is capable to adapt in new speech domains. Some of the commonly
used dynamic language models are long-distance N-grams, trigger-pairs, cache models and
tree-based models (Deshmukh and Picone, 1995). After deciding the language model, a
decoding search technique is required to select best hypothesis based on a specific criteria.
The pruning algorithm is applied to prune the lowest score hypotheses (Deshmukh and
Picone, 1995; Illina and Gong, 1996). The Viterbi search and N-best search are widely used
algorithms. In Viterbi algorithm (David, 1973), all hypotheses correspond to the same portion
of speech and hence these can be directly compared with each other. The N-best search
algorithm considered as an extension of the Viterbi algorithm. The main difference between
these two algorithms is that N-best search algorithm considers the n-best hypotheses instead
of best hypothesis as in case of Viterbi algorithm.One of the main concerns of using N-best
search algorithm is that there is a higher chance of choosing short hypotheses as compared to
longer hypotheses because longer sentences will have more errors, thus resulting into lower
scores. To improve the performance of N-best search algorithm, Deshmukh and Picone
(1995) have suggested some modifications in the search algorithm and Illina and Gong

(1996) have proposed modifications in pruning method.

2.5 OPTIMIZATION TECHNIQUES

The optimization techniques can be applied to search optimum solution for almost all
practical applications. The ultimate aim to apply the optimization technique is to minimize
the effort required or to maximize the desired benefits. The optimization techniques broadly
divided into global and conventional search techniques. The global search techniques are
population based technique and search here is performed by applying heuristics. Global
search techniques are applied as a tool to solve complex optimization problems because of
their exclusive advantages like global search capability, robust and reliable performance, and
no requirement of differentiable and continuous objective function. In the past decades,
several global search techniques, such as genetic algorithm (GA), differential evolution (DE),
particle swarm optimization (PSO), ant colony optimization (ACO) and gravitational search
algorithm have been proven to be efficient to solve complex optimization problems.
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Conventional search techniques are further classified as gradient search techniques and direct
search techniques. Gradient search techniques follow some specific mathematical rule to
search optimal solution. These techniques use the gradient information of the function to get
the promising search direction. Some of the common gradient search techniques include
steepest descent, Newton’s and quasi-Newton methods. Direct search techniques perform the
search in favour of exploratory search direction and pattern search direction. These
techniques do not require any information from derivative of objective function or
constraints, so these techniques can be applied to solve non-differential problems. Powell’s
pattern search and Hooke-Jeeves methods are commonly used direct search techniques.The
optimization techniques are extensively used in the field of pattern recognition. Major areas
in which optimization techniques have been applied are: feature selection, HMM classifier
training, selection of weights and biases for ANN classifier, and to choose SVM kernel

parameters.

2.5.1 Optimization Techniques for Feature Selection

For feature selection, wrapper and filter methods are normally used as discussed in sub-
section 2.2.1. The wrapper method generally achieves better recognition rate as compared to
filter method because wrapper method utilizes the actual target learning algorithm and on the
other side, filter method applies intrinsic data to select features while ignoring the target
learning algorithm. But these methods are computationally impractical because of high
computational time and memory requirement. To overcome these disadvantages of wrapper
and filter methods, global search techniques are applied to select most relevant feature set.
Vignolo et al. (2013) presented a multi-objective wrapper method based on GA to select the
most relevant set of features. Rodrigues et al. (2014) have presented a wrapper feature
selection approach based on bat algorithm and optimum-pat forest. Hua-chao et al. (2007)
have proposed a feature selection and classification method for hyper-spectral images by
integrating PSO algorithm with SVM. Liu et al. (2011) have designed a modified multi-
swarm PSO for feature selection. To improve classification accuracy in binary problems,
Sarafrazi and Nezamabadi-pour (2013) have proposed a hybrid system consisting of
gravitational search algorithm with SVM. An ant colony optimization method with SVM has
been applied to improve the classification accuracy with appropriate feature subset by Huang
(2009). Hu et al.(2015) have applied firefly algorithm (FFA) to select proper input features
for midterm interval load forecasting. Sivagaminathan and Ramakrishan (2007) have
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presented a hybrid method based on ant colony optimization and ANN to address feature
selection. Huang (2009) has proposed a hybrid ACO based classifier model to select
appropriate feature set. In proposed hybrid model, ACO and SVM are integrated to improve
classification accuracy. Bermejo et al. (2011) have proposed a stochastic algorithm based on
the greedy randomized adaptive search procedure meta-heuristic to speed-up the feature
subset selection process. Al-Ani et al. (2013) have proposed a feature selection method that
utilizes DE to identify relevant feature subsets. Han et al. (2014) have presented modified
gravitational search algorithm for feature subset selection. Kashef and Nezamabadi-pour
(2015) have proposed a feature selection algorithm based on ant colony optimization. Yu and
Cho (2006) have proposed an ensemble creation method based on GA wrapper feature
selection. Santana and Canuto (2014) have proposed the application of PSO, ACO and GA to
choose subsets of features for the individual components of ensembles.

2.5.2 Optimization Techniques for HMM Classifier

HMM is currently the most popular approach to speech recognition (Yang and Zhang, 2008).
In recent years, various researchers have explored different search techniques for optimized
model parameters. The Baum-Welch (BW) algorithm is one of the most common parameter
estimation methods. The main advantages of BW algorithm are its reliability and efficiency.
The BW algorithm is a conventional search method and it can easily trapped in local
optimum solution. Kwong and Chau (1997) have presented GA for HMM training. Yang and
Zhang (2008) have proposed an algorithm based on PSO and BW to train the continuous
HMM in continuous speech recognition. To search an optimum number of states in HMM
and its parameters, Kwong et al. (2001) have proposed an optimization method based on GA
and BW algorithm. Rasmussen and Krink (2003) have applied a hybrid algorithm combining
PSO with evolutionary algorithms to train HMMs for the alignment of protein sequences.
Hassan et al. (2012) have introduced a hybrid of HMM, fuzzy logic and multi-objective
evolutionary algorithm for building a fuzzy model to predict non-linear time series data. Sun
et al. (2012) have proposed quantum-behaved PSO to train HMMs for multiple sequence
alignment (Najkar et al., 2010). The Viterbi algorithm is the main core for HMM based
speech recognition system and dynamic programming (DP) is used to search the best
alignment between the input speech and a given speech model. Najkar et al. (2010) have

replaced DP with PSO algorithm to find out the best alignment between the input speech and
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a given speech model. This idea is tested on an isolated word recognition and phone

classification tasks.

2.5.3 Optimization Techniques for ANN Classifier

The ANN classifier takes a considerable time to choose the set of parameters that affects the
final performance. The trail-and-error manual process is normally done to select number of
hidden layers and nodes, transfer functions, parameters of training algorithm in order to find
the best possible set of neural network parameters for a specific problem (Leandro and
Teresa, 2010). The selection of weights usually involves a non-linear optimization problem
that cannot be solved analytically (Romero and Alquézar, 2007). Most models of ANN
choose the weights in the first layer that correspond to hidden nodes in such a way that its
associated output vector matches the previous residue as best as possible. For training of
ANN, conventional search techniques such as back-propagation (BP) technique and the
recursive least squares (RLS) learning algorithm are commonly used (Bilski and Rutkowski,
1998). The BP is a gradient based method having slow convergence characteristics and may
be trapped at local optimum solution (Zhang et al., 2012). The RLS algorithm is very fast as
compared to BP technique, but it requires more complicated mathematical operations (Al-
Batah, et al., 2010). The gradient descent (GD) algorithm is normally preferred to optimize
the parameters of feed-forward neural network (FNN). The GD algorithm shows higher
precision and fast convergence speed around the global optimum solution. But it can easily
trap to local optimum solution for the non-linear pattern classification problems (Gori and
Tesi, 1992).

Researchers have suggested various approaches to optimize parameters of ANN.
Wang et al. (2014) have applied teaching-learning based optimization algorithm with
neighbourhood search to optimize weights and biases of ANN. Janos (2012) has applied
global optimization framework for parameterization of ANNSs. Das et al. (2014) have applied
ANN trained with PSO for the problem of channel equalization. For an ASR system, Almeida
and Ludermir (2010) have applied evolution strategies to search optimum parameters of
neural network. Zhang et al. (2007) have proposed integrated optimization technique based
on PSO and BP to train the weights of FNN. Song et al. (2007) have presented tent mapping
chaotic PSO to improve the performance of neural network for predictive control. The hybrid
method based on fuzzy set theory, PSO and BP algorithm is applied to search the weights of
the FNNs (Yuan et al., 2011). Zhao et al. (2015) have trained the weights of neural network
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ensemble (NNE) with the help of a combination of multi-population co-evolution PSO,
artificial bee colony, and DE chaotic searching algorithms. Pauplin and Jiang (2012) have
presented a Dynamic Bayesian Network (DBN) model for classification of hand written
digits. They have applied a fixed DBN structure and evolutionary algorithm for selection and
layout of the observations for each digit.

It has been observed from the literature that recurrent neural networks have not been
used that extensively when compared with FNN for ASR. The training of recurrent neural
network is a tedious task when error gradient based algorithms are used, as these are very
unstable in their search and also require high computational time when the number of neurons
is large (Blanco et al., 2001). To overcome these deficiencies, Blanco et al. (2001) have
presented real-coded GA to train recurrent neural network. Chalup and Blair (2003) have
presented a hybrid technique based on integration of evolutionary hill climbing with
incremental learning to train recurrent neural network for context-free and mildly context-
sensitive languages. Rivero et al. (2010) have presented genetic programming for ANNS,
with a few number of neurons and connections. Khan et al. (2013) have proposed a fast
learning neuro-evolutionary algorithm for both feed-forward and recurrent networks. Their

method is inspired by Cartesian genetic programming technique.

2.5.4 Optimization Techniques for SVM Classifier

A well-known problem in SVM is to choose the specific parameters for a kernel, since it has
a high impact on the classification accuracy. Inappropriate parameter settings lead to poor
classification results (Zhao et al., 2011). To overcome this problem, parameters of SVM
should be optimized. Guo et al. (2008) have proposed a hyper-parameter selection method for
least-squares SVM based on PSO technique. Lin et al. (2008) have developed PSO based
approach for parameter determination of the SVM. Ilhan and Tezel (2013) have developed a
GA-SVM with parameter optimization. Huang and Dun (2008) have combined the discrete
PSO with the continuous-value PSO to optimize the SVM kernel parameters. Vieira et al.
(2013) have proposed a modified binary PSO method for optimization of SVM parameters.
Xiang et al. (2006) have optimized SVM parameters by integration of PSO with simulated
annealing algorithm. Yan-bin et al. (2009) have proposed modified PSO, by incorporating
chaotic search to improve the performance of PSO. They have applied modified PSO to
search optimum parameters of SVM. Wang et al. (2011) have presented modified SVM by
combining principal component analysis and PSO to improve the detection rate of an
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intrusion detection system. Huang and Wang (2006) have presented a GA based approach to
optimize the parameters of SVM for pattern classification. Bao et al. (2013) have optimized
SVM parameters by applying memetic algorithm based on PSO and pattern search. HE et al.
(2012) have developed a method for classifying electronic nose data in rats wound infection
detection based on SVM and wavelet analysis. They have applied PSO-SVM classifier for
pattern recognition. Wei et al. (2011) have presented a method based on SVM and PSO for
face recognition. Hsieh and Hu (2014) have presented an evolutionary technique to modify
the SVM algorithm from a single objective optimization problem to a multi-objective
optimization problem. The proposed technique is applied to classify fingerprint classification.
Hu et al. (2013) have proposed a FFA based memetic algorithm to select the parameters of
support vector regression forecasting model.

To improve the speech recognition rate, proper choice of SVM model parameters and
most relevant feature subsets of speech is required (Zhao et al., 2011). Shih-Wei et al. (2008)
have developed PSO based approach for parameters determination of SVM along with
feature selection. A combination of discrete and continuous PSO (Huang and Dun, 2008) is
applied to select the most relevant feature subset and to search SVM kernel parameters.
Huang and Wang (2006) have presented a GA based approach to simultaneously optimize the

parameters of SVM and feature subset for pattern classification.

2.6 HINDI SPEECH RECOGNITION

Udhyakumar et al. (2004) have analyzed various issues in building a HMM based
multilingual speech recognizer for Indian Languages. Malhotra and Khosla (2008) have
presented an approach to identify gender and accent of a speaker using Gaussian Mixture
Modeling technique. They have tested this approach to identify accent among four regional
Indian accents in spoken Hindi and also identified the gender. Chourasia et al. (2005) have
presented a report on methodology used in the generation of a phonetically rich Hindi text
corpus. They have discussed the design, structure and phonetic analysis of text corpus for
Hindi. Gupta and Sivakumar (2011) have created a basic building block of speech recognition
software for Hindi speech recognition. Bansal et al. (2008) have proposed an optimum
speaker-independent, isolated word HMM recognizer for Hindi language. Dutta et al. (2010)
have presented the use of probabilistic neural networks to the classification scheme of

demonstrative pronouns for indirect anaphora in Hindi corpus. Saha et al. (2012) have
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presented a study on different dimensionality reduction approaches applied to the named
entity recognition task and they have undertaken Hindi and Bengali languages to compare the
performance of various approaches. Neti et al. (2004) have presented the work on building
the acoustic and language models for Hindi language. Ranjan (2010) has proposed the
application of discrete wavelet transform coefficients for recognition of isolated words in
Hindi language speech. Biswas et al. (2014) have proposed a filter structure using admissible
wavelet packet analysis for Hindi phoneme recognition. Anumanchipalli et al. (2005) have
developed Tamil, Telugu and Marathi language speech databases to build large vocabulary
speech recognition systems. Samudravijaya et al. (2000) have presented the design and
development of an annotated and time-aligned speech database for Hindi language. Sarma et
al. (2011) have developed Assamese speech corpus. They have mainly focused on some
important issues and challenges in Assames language.Saharia et al. (2010) have presented a
suffix based noun and verb classifier for Assmese language.Sharma et al. (2008) have
discussed salient issues in Assamese morphology. Saharia et al. (2014) have discussed the
problem of stemming several resource-poor languages from Eastern India, viz, Assamese,
Bengali, Bishnupriya Manipuri and Bodo. Kishore et al. (2003) have presented a brief
overview of unit selection speech synthesis and discussed the issues relevant to the

development of voices for Indian languages.
2.7 COMPARISON OF SPEECH RECOGNITION RATES

It is a known fact that speech recognition rate depends on number of issues. The choice of a
particular feature set depends on external conditions and many other factors. Selection of a
classifier is also an important issue in ASR system. Each classifier has its own limitations

and capabilities. The recognition rate also depends a lot on speech dataset size. This section

presents some of the selected speech recognition rates from literature as listed in Table 2.2.

Table 2.2: Comparison of speech recognition rates

Feature A Speech
Research - Classification .
Reference Year Language extraction : recognition rate
work ; Technique
Technique (%)
Isolated . LPC model-79.5,
G(;r;fjadzgg‘;) 2005 word Dé’sgggf Ic FFJ’FEZC’ HMM FFT model-89.0,
' recognition P MFCC model-92.0
LPC, MFCC,
(Aida-Zade et Isolated Azerbaijan Combined use MFCC-87.5,
2006 word ANN LPC-91.6,
al., 2006) S Speech of LPC and ;
recognition MECC Combined-84.6
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Isolated .
(Chang et al., 1998 word Ko_rgan Adaptive HMM 817
1998) recognition Digits wavelet
(Avci et al Isolated . .
wor urkis aptive .
2006) N 2006 d Turkish WP Ad NN 92.0
recognition
Krigm;&'aﬂ y Isolated DWT-89.0
Babu Aﬁto 2009 word Malayalam DWT, WPT ANN Wavelet packet-
2009) recognition 61.0
. Isolated
(Pujol et al., 2005 word Numbers95 MECC HMM/GMM | HMM/GMM-91.6
2005) recognition database HMM/MLP HMM/MLP-91.7
Database is
(Chen et al Isolated provided by | Energy spectra
andarin elecommuni and Delta .
1996) " 1996 Mandari Tel i d Del MLP/HMM 98.5
digits cation energy spectra
Laboratories
(Sloinand Isolated SVM/2-
Burshtein, 2008 noisy digit TIDIGITS MFCC 93.4
" HMM
2008) recognition
(de Andrade D'gét)siﬁo 10
Bresolin, et 2008 Brazilian Self recorded WPT SVM 97.7
al., 2008) Portuguese
Isolated . i
(Debyeche et Arabic Discrete
al., 2007) 2007 recg\gonri(:ion Constants VQ HMM 910
(Pisarn and Isolated Thai
Theeramunko | 2007 word spellinas PLP HMM 93.0
ng, 2007) recognition P g
. Isolated
(Wilpon etal., |1 gq, word 5 word LPC HMM 99.3
1990) recognition vocabulary
Isolated
(Kwong, TIMIT i
2001) 2001 rec;\gor:iotlion Database MFCC GA-HMM 93.1
Isolated TIMIT
(Yuzgg((j))Oh, 2000 word Database MFCC ANN 75.1
recognition (520 words)
. Isolated TIMIT
(Tlggleé)al., 2013 word Database MFCC SelfngLli:atEd 92,5
recognition (520 words)
(Farooq and TIMIT
Datta, 2003) 2003 Phonemes database DWT MLP 83.5
Mel Filter-
(Faroog and TIMIT Like
Datta, 2001) 2001 Phonemes database Admissible ND 86.0
WP Structure
Mel-
. Frequency
(Tufekciand 1 5qq | Phoneme TIMIT Discrete HMM 615
Gowdy, 2000) recognition database
Wavelet
Coefficients
(Prina Phoneme APASCI Modified
Ricotti, 2005) 2005 recognition database MFCC HMM 826
(Zeng and Phoneme TIMIT Type-2 fuzzy
Liu, 2006) 2006 recognition Database MFCC HMM 66.6
(Najkar, 2010 Phoneme TIMIT MFCC PSO-HMM 70.8
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2010) recognition Database
(Sivaram and
Hermansky, | 2012 | "honeme TIMIT PLP+FDLP+ SMLP 81.4
recognition Database MLDA
2012)
(Graves and Bidirectional
Schmidhuber, | 2005 | "honeme TIMIT MFCC long short 78.6
recognition Database term memory
2005)
networks
(Siniscalchi et Phoneme TIMIT
al., 2013) 2013 recognition Database MFCC Deep NN 86.6
Phoneme
(Khoo et al., recognition TIMIT PLP, PLP with
2005) 2005 under noisy Database RASTA SVM 68.0
environment
Fourier
transform and
- the .
(Truongetal., | 54y, | Tldigits Aurora-2 Daubechies | SVM With 85.9
2007) database Wavelets
length-8
orthogonal
wavelet
Optimal
relaxation
(Zhang et al., 2013 Vovye] UCl MFCC factor kernel 70.3
2013) recognition benchmark £ .
unction
SVM
(Trentin and Continuous
Gori, 2006) 2006 speech SPK Dataset MFCC HMM/ANN 68.6
' recognition
(de Andrade
Bresolin, et | 2008 | _ocntence | Self recorded MFCC HMM 62.2
Recognition sentences
al., 2008)
Continuous
. speech
(Trentin, and . SPK
Gori, 2003) 2003 recogmt_lon Database MFCC HMM/ANN 68.6
over ltalian-
digit string
(Mohamed
and 2012 Continuous | Self recorded MECC MLP/HMM 86.6
Ramachandra Malayalam speech
n Nair, 2012)
. Continuous
(Ganapathiraj | 50, |5 opagigic | Seifrecorded | e SVM/HMM 92.4
u et al., 2004) task speech
. Continuous FSVM/durati
(LIZL:)S;?I" 2007 mandarin re l(')J;:tlor MFCC on distributed 91.7
digit speech P Y based HMM

2.8 CONCLUSIONS

Speech recognition is one of the most complex pattern recognition problems due to variations
in spoken speech. There is a very less work reported in literature for Hindi speech recognition
in spite of the fact that of world population uses this language. In this chapter, contributions

of various researchers related to feature extraction and feature selection have briefly been
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reviewed. The work related to different classification techniques, i.e., HMM, ANN, SVM has
also been reviewed in this chapter. The review on Hindi speech recognition and language
models has also further been included in this chapter. The chapter also reviews optimization
techniques used in feature selection and classification processes of speech recognition.
Finally, a brief survey is presented to compare the recognition rates reported by various

researchers for speech recognition in different domains.
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Recognition of Isolated Words using
Optimized ANN Classifier

Automatic speech recognition (ASR) is a challenging and difficult task. A lot of efforts have
been made in the past to improve the recognition rate of ASR systems. In this chapter, we
have explored ANN models to recognize isolated words. An ANN is a flexible mathematical
structure and it is inspired by biological neural network. The ANN processes input
information using an interconnected group of artificial neurons. It is able to handle complex
nonlinear relations between input and output data sets. The main applications of ANN are in
the field of classification, control systems and pattern recognition. Training of an ANN is a
tedious task, because search space is high dimensional and multimodal. An ANN training
needs efficient optimization techniques to search a set of weights and biases that minimizes
the error. For training of ANN, back-propagation (BP) algorithm is the most commonly used
algorithm. The BP algorithm is based on gradient search and may get trapped in local
optimum solution for multimodal problem. To overcome thes problems of BP algorithm, two
hybrid optimization techniques, predator influenced civilized swarm optimization
(Technique-I); and predator prey optimization with Hooke-Jeeves method (Technique-I11) are
proposed in this chapter. The experiments have been carried out by taking conventional BP
algorithm, proposed Technique-I and proposed Technique-1l to train the ANN model
parameters, namely, weights and biases for the development of isolated words recognition
system. A benchmark database TI1-46 has been used for experimentation. Experiments have

also been conducted on a primary database consisting of isolated Hindi words.

3.1 EXPERIMENT 1: ANN TRAINED USING BP ALGORITHM

Artificial neural networks are inspired by biological neural network systems in which input
information is processed through interconnected group of neurons (Haykin, 1994). ANN is
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one of the effective learning tools to solve modelling, classification and recognition problems
(Mehrotra et al., 1997). A feed-forward ANN is illustrated in Figure 3.1, in which input
layer, intermediate or hidden layer and output layer is connected in a systematic manner
(Janos, 2012). The net input is the summation of weighted sum of its input and biases of each

neuron and is defined as:

n
i=0

where X; represents the input at neuron i, w; is the weight associated between input layer

neuron i and hidden layer neuron j; n and m are the number of neurons in input layer and
hidden layer, respectively.

Xo represents the bias and its value is always 1. w,, is the weight associated with the bias Xo

and is updated like all other weights according to the BP algorithm.

Input Hidden

Figure 3.1: ANN articuture

The output of ANN model depends on the choice of transfer function between its layers as it

affects the learning rate and performance of the model. Among all the transfer functions
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tested in this work, the combination of hyperbolic tangent sigmoid function for hidden layer
and linear transfer function for output layer resulted in better performance. At the hidden
node, the hyperbolic tangent sigmoid function has been applied to the weighted sum of the
inputs to the hidden node, so the output of hidden node is given as:

~ exp(Y;) —exp(-Y;)

Y; = tansig(Y;) = :

; = tansig(Y;) xp(Y;) + ep(Y,) (3.2)
The output neuron computes the weighted sum of its inputs as:
Zy=>Vgyj » k=L2..p (3.3)

j=0
whereV,; is the weight associated between hidden layer neuron j and output layer neuron k; m
and pare the number of neurons in hidden layer and output layer, respectively. yorepresents
the bias and its value is always 1. Vo is the weight associated with the bias y, and is updated
like all other weights according to the BP algorithm. For one output unit, so (3.3) can be

written as:
m
j=0

At the output node, linear transfer function has been applied to get the final output and is
given as:

purelin(z)=Z (3.5
The training of ANN is carried out by applying iterative optimization process to minimize
mean square error (MSE) by updating the weights and biases appropriately (Das et al., 2014).
The MSE is defined as:

_15 2
MSE = WE(A -E) (3.6)

where A is actual output and E; is expected output; N is number of training patterns.

3.1.1 Databases Used

In this work, as mentioned earlier, a benchmark database TI-46 (NIST Speech DB, 1991)
under clean and noisy conditions and a self recorded isolated Hindi words database have been
considered. The TI-46 database has two subsets, TI-20 and TI-ALPHA. The TI-20 database

consists of ten English Digits “zero” to “nine” and ten control words “yes”, “no”, “erase”,
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“rubout”, “repeat”, “go”, “enter”, “help”, “stop”, and “start”. The TI-ALPHA database
consists of English alphabets “a” through “z”. Both databases are speaker dependent and have
sampling frequency of 12.5 kHz. The third database consists of self created Hindi numerals
“shoonya”, “ek”, “do”, “teen”, “chaar”, “paanch”, “cheh”, “saat”, “aath” and “nau” recorded
in a quiet room environment with sampling frequency of 44.1 kHz. For each database, the

vocabulary size, number of instances and number of speakers are given in Table 3.1.

Table 3.1: Description of databases
No. of speakers
Database Vocabulary size No. of instances
Male Female
TI-20 20 26 8 8
TI-ALPHA 26 26 8 8
Hindi digits 10 20 2 2

3.1.2 Implementation

Implementation of the speech recognition system using ANN trained with BP algorithm has
been discussed in this section. The first stage of an ASR system is pre-processing. In pre-
processing stage, the digitized speech signal is passed through a FIR filter to spectrally flatten
the signal. Silence removal and end-point detection of speech signal have also been done in
this stage. After pre-processing, to extract LPCC and MFCC features, the speech signal is
divided into a fixed number of 40 frames each of 25ms with 50% superposition. After
framing, the Hamming window is used for windowing. For each of the 40 frames, 13" order
LPCC features are extracted for all speech utterances, resulting into a feature vector of 520
dimensions for each utterance. For MFCC feature extraction, 20 triangular Mel filters are
used. MFCC feature vector consists of 13 coefficients for each frame, resulting into a feature
vector of 520 dimensions for each utterance. For WPMFCC features, initially the signal is
decomposed into sub-bands using the WPT. Each speech sample has been decomposed into
2-level WPT. After decomposition, the speech signal is divided into sub-bands. It is further
fed to the MFCC analysis block and 13 MFCC coefficients from each of the bands are
extracted, obtaining a feature vector of 52 WPMFCCs for each utterance. The Daubechies 4
wavelet is used for the purpose of decomposition of the speech signal. These extracted
acoustic features are given as input to ANN and BP algorithm is applied to optimize the
weights and biases of ANN to recognize a given word.
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Selection of optimum number of neurons in the hidden layer is a critical issue in
creating an ANN model. In this work, to select the optimum number of neurons in the hidden
layer, several experiments have been conducted using BP algorithm to train the ANN model.
In these experiments, the number of neurons in the hidden layer has been varied from five to
thirty with all other parameters fixed. The MSE with different number of hidden neurons for
Hindi database with LPCC, MFCC and WPMFCC features is depicted in Figure 3.2.
Minimum MSE has been found with 15 neurons in hidden layer for MFCC features, so
network with 15 neurons in the hidden layer has been chosen as the best architecture for the
MFCC features. For LPCC features, 20 neurons and for WPMFCC features, 10 neurons, in
the hidden layer have been found giving minimum MSE. Similar experiments have been
carried out for TI-20 and TI-ALPHA databases to find the suitable number of neurons in the
hidden layer. For TI-20 database, the minimum MSE has been found with 24 neurons in
hidden layer with MFCC features, 27 neurons with LPCC features, and 18 neurons with
WPMFCC features (Figure 3.3). For TI-ALPHA database, MFCC features result into
minimum MSE when 28 neurons are used in hidden layer; LPCC features result into
minimum MSE when 25 neurons are used in hidden layer; and WPMFCC features result into
minimum MSE when 22 neurons are used in hidden layer (Figure 3.4). The network is
trained by using 10-fold cross validation approach, i.e., the database is divided into ten equal

parts, out of which nine parts are used for training and one part is reserved for testing of the

model.
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Figure 3.2: Variation in MSE with different number of neurons in the hidden layer for Hindi database

43



Chapter 3

Recognition of Isolated Words using Optimized ANN Classifier

0.7

0.65

—&—MFCC

—&—LPCC

0.6

L
£ 0.55

0.45

-t g
s
T

|z

0.4

\
~/

5 6 7 8 9 1011 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30

Number of neurons

Figure 3.3: Variation in MSE with different number of neurons in the hidden layer for T1-20 database
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Figure 3.4: Variation in MSE with different number of neurons in the hidden layer for TI-ALPHA database

3.1.3 Results

The correlation coefficient (R ) and MSE are two performance criteria that have been used to

evaluate the performance of BP algorithm. The correlation coefficient measures the linear

relation between expected output E; and actual output A, while MSE measures the average

squared error between the expected output and actual output. The MSE is computed using

(3.6) and correlation coefficient is computed using:
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N [e— p—
> (Ei~EXA - A)
R=— 12 3.7)

N ~ N _
szi B a - Ay
i=1 i=1

where E and A are average values of expected output and actual output, respectively.
The correlation coefficients and MSEs are computed for three databases considered in this
work for LPCC, MFCC and WPMFCC features and are given in Table 3.2.

Table 3.2: The MSEs and correlation coefficients using ANN trained with BP algorithm

Database Features MSE Correlation Coefficient
LPCC 0.512 0.65
TI-20 MFCC 0.456 0.79
WPMFCC 0.438 0.84
LPCC 0.523 0.72
TI-ALPHA MFCC 0.467 0.77
WPMFCC 0.439 0.79
LPCC 0.632 0.59
Hindi digits MFCC 0.578 0.78
WPMFCC 0.557 0.80

It is evident from Table 3.2 that for Hindi database, minimum MSE is 0.557 and the highest
correlation coefficient is 0.80, obtained with WPMFCC features. For TI-20 database,
minimum MSE achieved is 0.438 and the highest correlation coefficient is 0.84, obtained
with WPMFCC features; and for TI-ALPHA database, minimum MSE and the highest
correlation coefficient are 0.439 and 0.79, respectively, obtained with WPMFCC features.

3.2 EXPERIMENT 2: ANN TRAINED USING PROPOSED TECHNIQUE-I

This section presents the implementation of proposed Technique-lI to optimize the weights
and biases of ANN for speech recognition. The proposed Technique-I is a predator influenced
civilized swarm optimization technique, formed by integrating civilized swarm optimization
(CSO) and predator prey optimization (PPO) techniques. In this technique, predator always
tries to chase the best solution in a controlled manner that maintains diversity in the
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population and avoids local optimum solutions. The proposed Technique-l has been

implemented on the speech databases used in Section 3.1.
3.2.1 Predator Influenced Civilized Swarm Optimization Technique

The predator influenced civilized swarm optimization (PCSO) is an integrating technique of
CSO and PPO. The CSO is one of the potential global search techniques and is applied to
solve various complex optimization problems (Selvakumar and Thanushkodi, 2009). The
CSO is basically an integrated technique of society civilization algorithm (SCA) (Ray and
Liew, 2003) and PSO (Kennedy and Eberhart, 1995).

In SCA, swarm is divided into civilized societies and every society has its own leader,
society leader (SL). The SL is the best performing particle of the society and others particles
are society members (SMs). The best performing SL is treated as civilization leader (CL).
The SMs belonging to a particular society depend on their Euclidean distance in the
parametric space and are computed as:

D, :(i(sgs -SM;)HY2 s=1,2,...,Ng, r=1,2,...,N, (3.8)
i=1

The society member SM,is assigned to society‘s’, if it is closer to SLs. Here Ns and N,

represent number of societies and society members, respectively and N represents the number

of dimension.

In the proposed PCSO algorithm, predator particle is incorporated with civilized
swarm. The predator always tries to chase CL, and it is difficult for SMs and CL to remain
their favoured positions. The predator searches around CL in a concentrated manner, whereas
swarm particles explore the search space escaping from predator. The effect of predator is
managed through probability fear. The steps for PCSO procedure are as follows:

Step 1: The predator velocity Vy; (k) and position X, (k) at k™ iteration are updated as:

Vpi (k+1) =C,(CLi(K)— X (K)), 1=1,2,...,N (3.9)
Xpi (k+1) = Xp; (K) +Vp; (k +2), i =1 2, ...,N (3.10)
whereC, is uniform random number over (0, 1) and it decides how quickly predator particle
can attack the CL; CL;(k) is civilization leader position at k™ iteration.

Step 2: The societies which do not have CL, update the velocity of society leaders Vv t(k) by

following CL and information acquired from their best positions as:
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VSE (k+1) = WS (k) + Cg o1 (Pbest 2 (k) — SLi (k) + Cgy 1> (CL (k) = SLi (K)), i=1, 2, ...,N, s=1,2,...,N,

where w is inertia weight and its value decreases from 0.9 to 0.4 with iteration; Cgiiand Cs 2
are acceleration coefficients, which accelerate the SL towards its own best position and CL,

respectively; r; and r, are uniformly distributed random numbers over (0,1); Pbest3" is
personal best position of s" SL; SLi (k) IS s SL position at k™ iteration.

The velocity of society members V.M (k) is updated by following corresponding SL and
information acquire from their own best positions as:

VieM (k +2) = wWVie™ (k) + Cpar (Pbeste™ (k) — SMy, (K)) +Caf (SLis (K) = SM; (K)), i=1, 2, ...,N, r=12, ...,N,
(3.12)

where Cguv1 and Cgyz are acceleration coefficients, which accelerate the SM towards its own
best position and SL, respectively; rz and r4 are uniformly distributed random numbers over
(0, 1); Pbest™ is personal best position of ™ SM; sm, (k) is r'™" SM position at k™ iteration.
Step 3: The society which contain CL particle, updates the velocity of civilized leader v, -(k)
and society member V>M (k) as:

For civilized leader:

WV, (k) + C 415 (PbestS- (k) — CL, (k) pf < pf max

cL _
Vit (k+1) = oL oL
wV;~~ (k) + C 115 (Pbest;"~ (k) — CL; (k)) + C| »a; exp(—b;d) pf > pf max

}, i=1,2,..,N, r=12,...,N,

(3.13)
where Pbest®(k) is personal best position of CL at k™ iteration; C.; is acceleration

coefficients, which accelerates the CL towards its own best position; Cy» is uniform random

number over (0, 2), and it controls the predator influence on prey; a; provides the maximum

amplitude of the predator effect over SMs, and b; controls the effect of the predator; d is the

Euclidean distance between the predator and SMs; pfynax and pf are maximum probability fear

and probability fear, respectively; pf is uniformly distributed random number over (0, 1); rsis

uniformly distributed random number over (0, 1).

For society members:

WVM (K) + Cgpals (PbestsM (k) — SM, (k) + CspaFa (SLir (K) — SM;, (K)); pf < pf max

WV™ (K) + Cgpals (Pbests™ (k) — SMy; (k) + Cspata (SLigr (K) — SM i, (K)) + Copad; exp(—b;d); pf > pf max
i=12 ..,N, r=12,..,N, (3.14)

VM (k +1) ={

Step 4: The personal best positions (Pbest) of CL, SLs and SMs are updated based on objective

function evaluation and given as:
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(3.15)

Pbest (k +1) = {X (k) +V (k +1); p(Pbest (k +1)) < p(X (k))}

Pbest (k); otherwise
where (X (k) is objective function, evaluated at X(k) position for k™ iteration; X(k) and V(k)

are society particles position and velocity at k™ iteration, respectively.
Step 5: Formation of new swarm: Initially, swarm is taken as an empty set after that position
of CL, SLs and SMs are updated and included to the new swarm. The positions are updated

as:

CL (k) =CL (K)+V,* (k+1), i=12,...,N (3.16)
SLis (k) = SLig (K) +ViSt(k +1), i=12,...,N, s=12,...,Ng (3.17)
SM;, (k) = SM;, (K) +VieM (k +2), i=1,2,...,N, r=12,..,N, (3.18)

3.2.2 Implementation

Initially, pre-processing of speech signal is required as discussed in sub-section 3.1.2. The
acoustic features of speech signal are acquired by feature extraction technique as discussed in
sub-section 3.1.2. The weights and biases of ANN are optimized by proposed Technique-I to
minimize MSE and hence improving the speech recognition rate. Figure 3.5 shows the speech
signal, silence removed signal and MFCC features extracted from that speech signal for Hindi
word “Paanch”. The extracted features are further given as input to ANN. The weights and
biases of ANN are optimized using proposed Technique-I in order to minimize the MSE

(Figure 3.6). The network is trained by using 10-fold cross validation approach.

Original Signal of word "Paanch” silence removed signal MFCC features for word "Paanch”

Amplitude
Amplitude
Amplitude

a 0z 04 0B 0.8 1 o 0.1 0z 0.3 04 0.5 0B 0.7
Time [sec] Time [sec]

(@) (b) (©)

Figure 3.5: Speech signal for Hindi word “Paanch”
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Extracted Features from
the speech signal

I

[l

Minimum MSE

Weights and biases of ANN optimized
using proposed Technique-I

Figure 3.6: Speech recognition system using ANN trained with proposed Technique-I

A three layer ANN architecture having n input neurons, m hidden neurons and 1 output
neuron has been undertaken in this experiment. For this model, the number of decision
variables is computed as:

L=(n+D)m+(m+1) (3.19)
nxm weights are used to connect input layer and hidden layer and m biases are used for
hidden layer neurons. In the similar way, mx1 weights are used to connect hidden layer and
output layer; and 1 bias is used for output layer neuron. All decision variables are set in the
range (-1, 1).

The swarm having society particles and single predator is represented as:

Swarm=[[S*] [S°] ... [S™] ... [SNPT[PST]

where the matrix [S™] represents the m™ particle of the swarm and it is defined as: S™ =[W™];

where W™ represent weights and biases;[PS] represents predator particle having same
dimensions; NP represents number of society particles in a swarm.

The step-wise procedure for Technique-1 based speech recognition system is described in
Algorithm 3.1.

Algorithm 3.1: Proposed Technique-I for speech recognition

1. Read training data, expected outputs, parameters of algorithm, and set maximum
number of iterations k™ .

Randomly initialize ANN weights and biases as society and predator positions.
Initialize society and predator velocity randomly.

Initialize iteration index k = 1.

Compute net input as given by (3.4).

Compute the output by passing net input through the transfer function.

Compare the obtained and desired result; compute MSE by (3.6).

Arrange society particles on the basis of MSE, and best performing particle is selected
as SL and remaining particles are treated as SMs.

NG REWD
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9. The Euclidean distance between SMs and SL are computed by (3.8) and SMs are
selected for a particular society.

10. Select CL among SLs on the basis of MSE.

11. Randomly generate probability fear.

12. Update predator velocity and position as given by (3.9) and (3.10), respectively.

13. For societies which do not have CL, update SL and SMs velocity by applying (3.11)
and (3.12), respectively and their positions are updated by applying (3.16) and (3.18),
respectively.

14. For society which has CL, update CL and SMs velocity by applying (3.13) and (3.14),
respectively and their positions are updated by applying (3.16) and (3.18),
respectively.

15. Update personal best positions as given by (3.15).

16. Repeat steps 4 to 15 until all training points are finished.

17.k=k+1

18. IF (k <k™)THEN

Select first training point and GOTO step 5

ENDIF
19. STOP

3.2.2.1 Parameter setting for proposed Technique-I

In order to obtain more efficient results, parameters of a global search technigue need to be
adjusted. As such, for setting the parameter values of proposed Technique-I, 30 trials have
been performed. In each trial run, the population size is set to 20 and one predator particle is
undertaken. Parameters have been varied between minimum set values to maximum set
values with a certain step size. Minimum and maximum values, step size and parameter

values are given in Table 3.3. For each trial, maximum number of iterations is set to 100.

Table 3.3: Parameters range, step size and optimal value of parameters for proposed Technique-I

Parameter Minimum value | Maximum value | Step size Optimal value
N, 2 10 1 4
(Cs11,Cs12,Csm1>Csm2.Cra) 0.25 2.0 0.25 (0.5, 0.5, 0.25, 0.75, 2.0)
C., 0.0 2.0
3, 0.25 1.0 0.25 0.5
b; 0.25 1.0 0.25 1.0
Pf rax 0.50 1.0 0.05 0.95
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3.2.3 Results and Discussion

To select the optimum number of neurons in the hidden layer, several experiments have been
conducted using proposed Technique-I to train the ANN model. The number of neurons at
which the MSE has been found minimum for three databases with LPCC, MFCC and
WPMFCC features is given in Table 3.4. The variations in MSE with iterations for ANN
trained with proposed Technique-1 is shown in Figure 3.7. The MSEs and correlation
coefficients obtained using ANN trained with proposed Technique-1 are given in Table 3.5.
Figures 3.8-3.10 present the regression analysis between expected value (T) and actual value
(Y) of output. Actual value of output has been obtained from ANN trained by proposed
Technique-1 for three databases using WPMFCC features. It is evident from Figures 3.8-3.10
that there are very small deviations between training, testing and validation performances.
The correlation coefficients R for T1-20, TI-ALPHA and Hindi databases are 0.97, 0.94 and
0.91 respectively.

Table 3.4: Number of neurons in hidden layer for three databases with LPCC, MFCC and WPMFCC features

Number of neurons in hidden layer
Database
LPCC MFCC WPMFCC

Hindi digits 25 20 15

TI-20 15 15 25

TI-ALPHA 25 30 25

Best Training Performance is 0.2140 at epoch 74
3':' T T T T T T T T T

Train

2
o Nk i
[ak}
T
=
fa
Lix]
m 10t -
[ak}
=
0 ! L ! ! . ' ' '
0 10 20 a0 40 A0 B0 70 g0 S0 100
lterations

Figure 3.7: Variation in MSE with iterations obtained using ANN trained with proposed Technique-I

51




Chapter 3

Recognition of Isolated Words using Optimized ANN Classifier

Table 3.5: The MSEs and correlation coefficients obtained by ANN trained with proposed Technique-I

Database Features MSE Correlation Coefficient
LPCC 0.256 0.92
TI-20 MFCC 0.174 0.96
WPMFCC 0.125 0.97
LPCC 0.236 0.89
TI-ALPHA MFCC 0.178 0.91
WPMFCC 0.246 0.95
LPCC 0.432 0.79
Hindi digits MFCC 0.416 0.91
WPMFCC 0.347 0.92

To evaluate the robustness of the proposed Technique-l, a number of experiments
have been conducted on noisy test samples. To obtain noisy test samples, artificially white
noise is added, with a wide range of signal to noise ratio (SNR) from 0 to 40 dB in a step of 5
dB into the test samples of all the three databases. Figure 3.11 shows the variations in MSE
with different SNRs using ANN trained with different algorithms for three databases with
WPMFCC features.

Training: R=0.99 Yalidation: R=0.92
C Data < Data ,
g Fit a g Fit 9 g4
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Figure 3.8: Regression plots for TI-20 database using Technique-I
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Figure 3.9: Regression plots for TI-ALPHA database using Technique-I

Figure 3.10: Regression plots for Hindi database using Technique-I
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Figure 3.11: MSE versus SNR for three databases using ANN trained with proposed Technique-I

3.3 EXPERIMENT 3: ANN TRAINED USING PROPOSED TECHNIQUE-II

In this section, the results of the experiments that have been conducted for ANN training
using Technique-1l are presented. As mentioned earlier, Technique-1l is an integration of
PPO and Hooke-Jeeves method. Here, initial search is performed by global search PPO
algorithm and after a set number of iterations; local search Hooke-Jeeves method is applied to
avoid possible stagnation. The proposed Technique-Il used for ANN training is tested on the
speech databases as used in section 3.1. In the next sub-sections, a brief description of PPO
technique and Hooke-Jeeves method is presented. The usage of these techniques in our work
is reported in section 3.3.3.

3.3.1 Predator-Prey Optimization Technique

In the recent years, PSO has been successfully applied to solve various complex optimization
problems. The PSO offered numerous advantages as compared to other global search
techniques. In brief, the advantages of PSO are its easy implementation, better convergence
characteristics as compared to other global search techniques. Still there are some unresolved
issues of PSO are: parameter dependency, quality of solution depends on initial solutions,
large computational times. One of the main problems is the diversity of particles. During the
search process, particles may struck in to a local optimal solution for multimodal problems.
The PSO researchers have proposed various modifications in basic PSO i.e. neighborhood

topologies, parameter adaptation mechanism. In one of the attempt, Silva et al.(2002) have
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proposed a model called predator prey model. In PPO model, search is performed by
experience of prey particles along with consideration of predator particles. The predator
chases the global best prey particle and global best particle searches another position to
escape from predator. Prey particles search the optimum solution by sharing local and global
best solution information and update their positions accordingly. In this process, prey
particles efficiently explore the search area. The predator particle searches around global best
prey particle and that helps to improve exploitation capability of search algorithm. To check
the credibility of PPO, Silva et al. (2002) have tested it on multimodal functions. They have
compared the obtained results with basic PSO and its other variants and concluded that PPO
outperforms other algorithms in terms of solution quality and convergence characteristics.
Recently, it has been used to solve various optimization problems (Narang et al., 2012;

2014). The predator velocity Vg, and position X}, are updated as:

Vit =, (ebest! x4 ), i=1, 2,....n (3.20)
X5t = X5 +VE ,i=12,...,n (3.21)
where‘n’ represents number of dimensions; Cy4 is uniform random number over (0, 1) and it

controls the velocity of predator; Ghest! is global best prey position for i dimension, at t"

iteration.

The probability fear controls the effect of predator on prey particles. The velocity V,; and

position X, of prey particles are updated as:

e wxV,l +Cl(LbestitI - X3 )>< re +C2(Gbestit - X4 )x r pf < pf max
! WV, +C1(LbestitI - X4 )x rs +C2(Gbestit —- X4 )x r; +Cya; exp(—b,d) pf > pf max
1=12,...,.NP,i=1, 2, ...,n (3.22)
XF=XE+vi 1=, 2, ...NP, i=12,...,n (3.23)

where NP denotes number of swarm prey particles; constant ‘@;’ represents predator
maximum amplitude effect over prey; and ‘b;’ represents effect of predator over prey; C;and

C.are the acceleration constant; Cs is uniform random number over (0, 1) and it controls the
predator effect on prey; parameter w is inertia weight; Lbest} is local best prey position for i
dimension of 1" particle at t™ iteration; Gbest;' is global best prey position for i" dimension, at
t™ iteration; pf max is maximum probability fear; d is Euclidean distance between predator

and prey; rg and r7 are uniformly distributed random number over (0, 1).
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3.3.2 Hooke-Jeeves Method

Hooke-Jeeves method (Rao, 1996) is a pattern search method and it does not require any

information on derivative of fitness function and constraints. In this method, initial search is
performed by exploratory move in which trail solution x is perturbed in both directions and

maximum fitness function is computed as:

F(X0 Xp0 o Xy e Xp)
froax = Maxs £7(x, Xp, .0 Xj + A, .0, Xg) (3.24)
fo(x, Xo, o X5 — A Xp)

If the trail solution is updated then exploratory move is executed successfully. For the next
cycle of optimization, the decision variable is updated by pattern move. The pattern search
direction S is computed by using two successive points obtained from exploratory move and

the decision variable is updated as:

Xik+1=Xik+77><S (3.25)
and
S=xf—x<?t (3.26)

wherek is the index of pattern search direction and 7 is the scaling factor.

The procedure continues until the termination criterion is met. The stepwise procedure of
Hooke-Jeeves method is given in Algorithm 3.2.

Algorithm 3.2: Hooke-Jeeves method

1. Setstep sizeA=1, scaling factor « =1 and tolerance band ¢=0.2.
Set decision variable counter j=1.
Set pattern search counterk =1.
Start with decision variable x{ =x‘* and compute fitness f , f<!=f.
A=Al
Compute the maximum value of fitness function fX, as given by (3.24).
IF (f%, > £ THEN
Update fitness function .1 = £ and decision variable x‘*.
ENDIF
8. j=j+1
9. IF (j<n)THEN

GOTO step 4
ENDIF

Nou o

10. IF (x* = x*Y) THEN
GOTO step 12.
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ENDIF
11. IF (A>¢) THEN
a=2a
GOTO step 2.
ELSE
STOP
ENDIF

12. Set £k, =1

13. The pattern search direction is computed as given by (3.26).
14. Update the decision variable as given by (3.25).

15. Compute the fitness function Xt

16. IF (£t > £5 ) THEN

Update decision variable.
k=k+1
GOTO step 12.

ELSE

k-1 _ Kk

GOTO step 11.
ENDIF

3.3.3 Implementation

The extracted acoustic features are given as input to the ANN classification module. A feed-
forward ANN model consisting of input layer, one hidden layer and output layer, has been
undertaken. The network is trained by using 10-fold cross validation approach. The
implementation of Technique-11 to minimize MSE is explained as under.

The swarm having prey particles and single predator is represented as:

Swarm=[[P'] [P?] ...[P™] ... [PNP1[PS]]

where the matrix [P™] represents the m™ prey particle of the swarm and it is defined as:
P™=[W™]; where W™ represents weights and biases;[PS] represents predator particle

having same dimensions; NP represents number of prey particles in a swarm.
The optimization process continues till the termination criterion is fulfilled. The stepwise

procedure to implement Technique-II is given in Algorithm 3.3.

Algorithm 3.3: Proposed Technique-I1 for speech recognition

1. Read training data, expected outputs and parameters of algorithm.

2. Randomly initialize ANN weights and biases as prey position population and predator
position.

3. Randomly initialize prey and predator velocity.

k=1

Compute net input as given by (3.4).

o~
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o

10.
11.
12.
13.

14.
15.
16.
17.

18.

Compute the output by passing net input through the transfer function.

Compare the actual output with the expected output and compute MSE as given by
(3.6).

Select local and global best prey positions on the basis of MSE.

Randomly generate probability fear ( pf ).

Update predator velocity and position as given by (3.20) and (3.21), respectively.
Update prey velocity and position as given by (3.22) and (3.23), respectively.
Update local prey positions.
IF {MOD (k, 10) =0} THEN
Apply Hooke-Jeeves method to modify local best prey positions.
If modified local best position improves the solution then update local best
positions.
ENDIF
Update global best position.
Repeat steps 5 to 14 until all training points are finished.
k=k+1
IF (k<k™)THEN
Select first training point and GOTO step 5.
ENDIF

STOP

3.3.3.1 Parameter setting for proposed Technique-I1

A number of trials have been executed to set various parameter values to obtain optimum

value of MSE. In each trial, the prey population size is set to 20 and one predator is

undertaken. Parameters have been varied between minimum set values to maximum set

values

with a certain step size. Maximum number of iterations is set to 200. Minimum values,

maximum values and step size of these parameters are given in Table 3.6. Another parameter

inertia weight w of PPO has been linearly decreasing with iterations from 0.9 to 0.4.

Table 3.6: Parameter range, step size and optimal value for proposed Technique-II

Parameter Minimum Value Maximum Value Step Size Optimal Value
C, 1.0 2.5 0.50 2
c, 1.0 25 0.50 2
a 0.05 0.2 0.05 0.1
b; 0.50 2.0 0.50 1
Pfrex 0.10 0.95 0.05 0.95

The results achieved by ANN with Technique-Il are compared with results obtained by ANN
trained with BP, PSO, PPO, CSO, PSO with Hooke-Jeeves and Technique-l. To set the
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optimum parameters of these techniques, the procedure as applied with Technique-Il is
considered. The optimum parameters for proposed technique-l are given in sub-section
3.2.2.1.
The optimum parameters of other algorithms are:

e PSO: acceleration constants C,= 1.5, and C; = 2;

e PPO: C;=1.5, C, =2, maximum value of C3=2.0, a; =0.25, b;=0.75, and pfnax =0.95;

e (CSO: N; =5, Cg 1= 0.25, Cg2 =0.5, Csm1= 0.25, Csmz =0.75, and Cy 1= 1.75.

3.3.4 Results and Discussion

In this work, to select the optimum number of neurons in the hidden layer, several
experiments have been conducted using Technique-II to train the ANN model. The number of
neurons at which the MSE has been found minimum for three databases with LPCC, MFCC
and WPMFCC features is given in Table 3.7.

Table 3.7: Number of neurons in hidden layer for three databases with LPCC, MFCC and WPMFCC features

Number of neurons in hidden layer
Database
LPCC MFCC WPMFCC
Hindi digits 20 10 5
TI-20 30 25 20
TI-ALPHA 25 25 15

To compare the performance of ANN trained with proposed techniques and ANN
trained with other optimization algorithms, MSEs and correlation coefficients are evaluated
and are presented in Table 3.8 and Table 3.11, respectively. It is evident from Table 3.8 that
MSE obtained using ANN trained with Technique-I1 is less than MSE obtained using ANN
trained with BP, PSO, PPO, PSO with Hooke-Jeeves and CSO algorithms for all databases
considered in this work and when LPCC, MFCC and WPMFCC features are used. The MSE
obtained using ANN trained with Technique-l1 outperforms the results obtained by
Technique-11 in some cases. Another important observation is that ANN trained with PSO
and Hooke-Jeeves method has produced a satisfactorily result and sometimes better than

Technique-I. It is due to excellent search capability of local search Hooke-Jeeves method.
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Table 3.8: Comparison of MSEs obtained by different training algorithms for ANN

MSE
Database | Features PSO and Proposed Proposed
BP PSO PPO Hooke- CsO Technique- | Technique-
Jeeves | I
LPCC 0.512 0.322 0.302 0.277 0.289 0.256 0.242
TI-20 MFCC 0.456 0.316 0.286 0.218 0.275 0.174 0.186
WPMFCC 0.438 0.236 0.183 0.122 0.168 0.125 0.097
LPCC 0.523 0.376 0.317 0.281 0.312 0.236 0.240
TI-
MFCC 0.467 0.312 0.293 0.254 0.284 0.178 0.192
ALPHA
WPMFCC 0.439 0.310 0.279 0.232 0.267 0.246 0.112
LPCC 0.632 0.557 0.511 0.467 0.510 0.432 0.347
Hindi
diait MFCC 0.578 0.518 0.431 0.401 0.427 0.416 0.386
igits
WPMFCC 0.557 0.493 0.412 0.389 0.404 0.347 0.235

Statistical tests have been proposed by researchers to compare the performance of two
algorithms. Pair-wise comparison tests are generally performed to verify an experimental
study. Sometimes, the observations from an experimental study are not normally distributed.
To deal with such observations, non-parametric tests are performed. One of the promising
nonparametric test is Wilcoxon signed rank test (Deibold and Mariano, 1995; Demsar, 2006;
Garca and Herrera, 2009). It is a simple, yet safe and robust test (Derrac et al., 2011). By
performing, the Wilcoxon signed rank test, one can judge whether two samples belong two
different populations or not. The Wilcoxon signed rank test helps to detect significant
differences between two samples means.

In this work, to detect the differences between two samples means for considered
optimization techniques, Wilcoxon signed rank test has been performed. Each algorithm is
run thirty times. In Table 3.9, performance of proposed Technique-I is compared with PSO
with Hooke-Jeeves method, CSO, PPO and PSO techniques for TI-20 database by
considering WPMFCC features at the level of significance a= 0.01. From Table 3.9, it can be
observed that there is no significant difference between the results obtained by proposed
Technique-1 when compared with, PSO with Hooke-Jeeves method, while proposed
Technique-1 is significantly better than CSO, PPO and PSO techniques. In Table 3.10, the
performance of proposed Technique-1l is compared with proposed Technique-I, CSO, PSO
with Hooke-Jeeves method and PPO techniques for T1-20 database by considering WPMFCC
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features at a level of significance 0=0.01. It is evident from this table that proposed

Technique-11 is significantly better than other considered techniques.

Table 3.9: p-values for Wilcoxon signed rank test when applied to Proposed Technique-1; PSO with Hooke-
Jeeves method; CSO; PPO and PSO

Proposed Technique-I
versus PSO with HJ
method

Proposed Technique-I
versus CSO

Proposed Technique-I
versus PPO

Proposed Technique-I
versus PSO

p-value

0.881060

0.000130

0.000088

0.000087

Table 3.10: p-values for Wilcoxon signed rank test when applied toProposed Technique-Il; Proposed
Technique-1; PSO with Hooke-Jeeves method; CSO; PPO and PSO

Proposed
Proposed Technique-II
Technique-11 versus PSO . Prt?p_osed | . Prr(])p_osed | . Prr(])p_osed |
Versus : _ echnique- echnique- echnique-
Proposed with Hooke versus CSO versus PPO versus PSO
Technique -I Jeeves
method
p-value 0.004840 0.003170 0.000088 0.000088 0.000088

The comparison of correlation coefficients is presented in Table 3.11 and it is
observed that R obtained by ANN with Technique-Il is better than R obtained by ANN
trained with BP, PSO, PPO, CSO, PSO with Hooke-Jeeves method, and proposed Technique-
| for the databases considered in this work and when LPCC, MFCC and WPMFCC features
are used.The regression analysis for three databases with WPMFCC features obtained from
ANN trained with Technique-I1 is presented in Figures 3.12-3.14. It can be observed from
these figures that training, testing and validation performances have very small deviations.
The best values of correlation coefficients for TI1-20, TI-ALPHA and Hindi databases are
0.97, 0.96 and 0.95, respectively when Technique-1l is used for ANN training with
WPMFCC features.

To further establish the robustness of Technique-I1l, a series of experiments have been
conducted by considering noisy speech test samples. The SNR has been varied from 0 to 40
dB in step of 5 dB into the test samples of all three databases. The MSEs are presented in
Figures 3.15-3.17 for different values of SNR obtained by ANN optimized with various
techniques with WPMFCC features. It has been observed from these figures that MSEs
obtained using ANN trained with Technique-I1 is less than the MSEs obtained using ANN

trained with other algorithms for all the three databases considered in this work.

61



Chapter 3

Recognition of Isolated Words using Optimized ANN Classifier

Table 3.11: Comparison of correlation coefficients obtained using ANN trained with different algorithms

Correlation Coefficient (R)

Database | Features PSO with Proposed Proposed
BP PSO PPO Hooke- CsO Technique- | Technique-
Jeeves | I
LPCC 0.65 0.82 0.86 0.87 0.90 0.92 0.93
TI-20 MFCC 0.79 0.86 0.89 0.92 0.92 0.96 0.96
WPMFCC 0.84 0.91 0.94 0.93 0.95 0.97 0.97
LPCC 0.72 0.80 0.82 0.86 0.84 0.89 0.91
TI-
MFCC 0.77 0.83 0.85 0.89 0.88 0.91 0.93
ALPHA
WPMFCC 0.79 0.87 0.91 0.92 0.93 0.95 0.96
LPCC 0.59 0.63 0.68 0.74 0.77 0.79 0.83
Hindi
o MFCC 0.78 0.81 0.86 0.88 0.89 0.91 0.92
digits
WPMFCC 0.80 0.85 0.88 0.89 0.91 0.92 0.95
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Figure 3.12: Regression plots for TI-20 database using Technique-II
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Figure 3.13: Regression plots for TI-ALPHA database using Technique-I1
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3.4  CONCLUSIONS

In this chapter, two optimization techniques have been proposed to train weights and biases
of ANN. The ANN trained by these techniques is applied to improve the speech recognition
rate. The proposed Technique-I is based on integration of CSO and PPO techniques. In this
technique, predator particle chases the CL that includes an additional capability to escape
from local optimum solution. The predator exploits the search around CL, whereas the
society particles explore the solution space escaping from predator, so society particles play
the role of diversification and predator particle exploits the search space. The proposed
Technique-I1 is based on integration of PPO and Hooke-Jeeves method. In PPO algorithm,
interaction between predator and prey particles improves the exploration and exploitation
capability of search algorithm. The local best solutions obtained from PPO technique are
further exploited by applying Hooke-Jeeves method to improve the search capability of
proposed Technique-1l. The experiments have been implemented on TI-20, TI-ALPHA clean
speech word databases, and Hindi numerals database. For these speech databases, LPCC,
MFCC and WPMFCC features have been explored. Two performance criteria MSE and
correlation coefficient have been employed to test the validity of proposed techniques. After
comparing the MSEs and correlation coefficients, it has been found that results obtained by
ANN trained with proposed techniques outperforms the results obtained by ANN trained with
PSO, PPO, CSO and BP algorithms. It has also been observed that proposed Technique-II
achieves better results than proposed Technique-I in most of the cases because of excellent
exploitation capability of Hooke-Jeeves method used in this technique. To further evaluate
the robustness of proposed techniques, a white noise is added under a wide range of SNR in
the test samples and MSE is computed. Finally, it has been concluded that MSEs obtained
using ANN trained with Technique-11 is less than the MSEs obtained using ANN trained with

other algorithms for all the three databases considered in this work.
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Recognition of Isolated Words using
Optimized SVM Classifier

Support vector machine (SVM) has been proved very promising learning machine for pattern
recognition problems. This method has successfully been applied by several researchers in
various fields like detection, verification, and recognition of faces, objects, handwritten
characters, speech, etc. In this chapter, SVM classifier has been explored for speech
recognition purpose. Three experiments have been covered in this chapter. In the first
experiment, speaker-dependent, isolated words recognition system using one-vs-all SVM
classifier has been developed. The linear, polynomial and RBF kernels with default values of
their parameters are used for the construction of SVM for speech recognition. The effect of
dynamic frame size for feature extraction has also been exploited for the three SVM kernels.
In the second experiment, the emphasis is given to the application of optimization technique
with SVM classifier for speech recognition. SVM has a good application prospects for speech
recognition problems; still optimum parameter selection of SVM kernels is a vital issue for it.
In this chapter, SVM hyper-parameters (RBF kernel parameter and penalty parameter) are
searched by applying PPO with Hooke-Jeeves method. In speech recognition system, size of
the speech feature set is an important aspect as it affects recognition accuracy, computational
time, memory requirement and thus complexity of the model, so there is a need to choose an
appropriate speech feature set. The third experiment has been conducted to select most
appropriate speech feature set and appropriate SVM hyper-parameters. The selection of
speech feature set is binary in nature and hyper-parameters are continuous in nature. So, an
optimization technique is needed to deal with these two types of decision variables. In this
chapter, a binary PPO technique is proposed and integrated with Hooke-Jeeves method. This
technique along with technique proposed in Section 3.3 has been used to deal with these
mixed type of variables. This proposed technique, mixed-variable PPO with Hooke-Jeeves
method (MVVPPO-HJ), along with RBF kernel is applied to recognize TI-46 standard speech

database and Hindi words database. The experimental results obtained using SVM with
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MVPPO-HJ confirm improved recognition rate. Further, ROC curve is analyzed to verify

sensitivity and specificity of the results obtained by SVM with MVPPO-HJ technique.

4.1 EXPERIMENT 1: SPEECH RECOGNITION USING SVM

The implementation of a speech recognition system using SVM is presented in this section.
SVM is a binary classifier, in which input space is mapped into a higher dimensional feature
space. In SVM, structural risk minimization is used to construct an optimal separating hyper
plane to maximize the margin between two classes. The optimal hyper plane is constructed

by minimizing regularized training error as:
1,2 C
L RDX
subject to yi(<W, xi>+b)21—§i, £2>0,i=12..,n (4.2)

where <> denotes the inner product, & is a slack variable, which defines the permitted

misclassification error, C is the penalty coefficient and it defines the trade-off between the
empirical risk and the regularization term.

Three SVM Kkernels, i.e., linear, polynomial and RBF, have been undertaken for this
work and these are given as (Hwang and Kim, 2012):

Linear kernel:

KOG, %;) = (%, ;) (4.2)
Polynomial kernel:

KO = (xxg ) +rf >0 (4.3)
Radial basis function (RBF) kernel:

Kxx) =op( - =[] 70 (4.4)

wherey, r and d are kernel parameters.

The detail discussion related to SVM is given in Section 1.2.4.3. The highlight of this
experiment is to explore the effect of dynamic size frame on speech recognition rate. The
speech databases used for experimentation, the implementation details and the results

obtained are discussed in further sub-sections.
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4.1.1 Speech Database

In this work, as mentioned earlier, a benchmark database T1-46 (NIST Speech DB, 1991) and
a self recorded isolated Hindi words database have been considered. The details of T1-46 (TI-
20 and TI-ALPHA subsets) database have been discussed in Section 3.1.1 of Chapter 3. The
Hindi database consists of 20 words with 50 utterances of each word spoken by a single
female speaker. The vocabulary of Hindi database is given in Table 4.1. The database was
recorded at 44.1 KHz in room conditions.

Table 4.1: Vocabulary used for Hindi database

S. No. Word S.No. Word S.No. Word S.No. Word
(i) shoonya (vi) Paanch (xi) gaana (xvi) paani
(i) ek (vii) Cheh (xii) dekho (xvii) kaam
(iii) do (viii) Saat (xiii) baitho (xviii) anek
(iv) teen (ix) Aath (xiv) khaao (xix) achaar
(v) chaar x) Nau (xv) raam (xx) jagat

4.1.2 Fitness Function

Normally, classification problems have positive and negative classes (Bao et al., 2013). The
confusion matrix usually divides the classification points into four categories i.e. true
positives (TP), false positives (FP), true negatives (TN) and false negatives (FN). Table 4.2
represents the confusion matrix that illustrates relationship among these indices. The
performance of a classifier is evaluated by its accuracy, which is defined on the basis of four

categories of the confusion matrix as:

TP+TN
Accuracy = i (4.5)
TP+TN +FP +FN

Table 4.2: Confusion matrix
P N

P | True Positive | False Positive

N | False Negative | True Negative
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4.1.3 Implementation

Initially, the pre-processing of speech signal has been done as discussed in Section 3.2.1.
After pre-processing, LPCC, MFCC and WPMFCC features have been extracted. To obtain
the LPCC and MFCC features, speech signal is divided into frames with 50% superposition.
In this work, following Cerf and Compernolle (1994); and Tan and Lindberg (2010), dynamic
size frames have been used to overcome the disadvantage with fixed size frames. To observe
the influence of the choice of number of frames on the recognition rate, a study has been
carried out with different values of frames while keeping other parameters fixed. The speech
signal is divided into varying number of frames starting from 25 up to 50 in a step of 5. Here,
13 coefficients per frame are extracted, resulting into 325, 390, 455, 520, 585 and 650
features for the number of frames, respectively. The feature extraction procedure, as given in
Section 3.2.2, has been used in this study. The WPMFCC features have also been extracted as
discussed in Section 3.2.2.

The extracted features are given as input to the SVM. One-versus-all SVM (Figure
4.1) with linear, polynomial and RBF kernels is used for classification. The number of one-
versus-all SVM classifiers used for Hindi, T1-20 and TI-APLHA databases are 20, 20 and 26,
respectively. Each SVM classifier is separately trained by using LPCCs, MFCCs and
WPMFCCs. In each case, the SVMs are trained by 10-fold cross validation approach (Stone,
1974).

A 4

SVM 1 (“ek” vs all)

A 4

SVM 2 (“do” vs all)

SVM 3 (“teen” vs all)

A 4

SVM 4 (“chaar” vs all)

A 4

SVM 5 (“paanch” vs all)

v

Speech signal > Feature
vector

1
Trained
1 Model

\4

SVM 6 (“cheh” vs all)

> SVM 7 (“saat” vs all)

> SVM 8 (“aath” vs all)

SVM 9 (“nau” vs all)

RARRRARERRRREARARRE

SVM10 (“shoonya” vs all)

Figure 4.1: Training strategy of one-versus-all SVM
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4.1.4 Results and Discussion

Recognition of Isolated Words using Optimized SVM classifier

The effect of number of frames on the recognition rate for three considered databases with
LPCC, MFCC and WPMFCC features is depicted in Figures 4.2-4.10. It has been observed

from Figures 4.2-4.4 that for Hindi database, the highest recognition rate with linear,

polynomial and RBF kernels is achieved with 30, 45 and 40 frames, respectively. The highest

speech recognition rates achieved with linear, polynomial and RBF kernels are 66.2%, 58.0%
and 64.0%, respectively for Hindi database with WPMFCC features.
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From Figures 4.5-4.7, it has been observed that for TI-20 database, the highest
recognition rate with linear, polynomial and RBF kernels is achieved with 35, 35 and 40
frames, respectively. The highest speech recognition rates achieved with these kernels are
86.0%, 74.6% and 82.6%, respectively for T1-20 database with WPMFCC features.

It has also been observed from Figures 4.8-4.10 that for TI-ALPHA database, the
highest recognition rate with linear, polynomial and RBF kernels is achieved with 30, 40 and
40 frames, respectively. The highest speech recognition rates achieved with linear,
polynomial and RBF kernels are 85.0%, 78.2% and 81.6%, respectively for this database with
WPMFCC features.

It has been observed that selection of appropriate value of frame is very important for
better performance. It has also been observed that for LPCC, MFCC and WPMFCC features,
the best recognition rate is achieved with linear kernel for all three considered databases. The
SVM performance is highly affected by kernel parameters. In the case of polynomial or RBF

kernel, kernel-parameters (», r, d) need to be adjusted to get the reasonably good

performance. The advantage of linear kernel is that no kernel parameter is required to set. So
sometimes, linear kernel outperforms other kernel performances.

It has been observed, as mentioned above that WPMFCC features outperform other
features considered in this study. WPMFCC features are a combination of WPT and MFCC
features, as illustrated in Section 3.1.2. This has further been observed that the results
obtained using MFCC features are consistently better than the results obtained with LPCC
features. This performance can be attributed to the fact that MFCCs are calculated using the
concept of logarithmically spaced filter banks, clubbed with the concept human auditory

system.

42 EXPERIMENT 2: SPEECH RECOGNITION USING SVM WITH
OPTIMIZED PARAMETERS USING PPO AND HOOKE-JEEVES METHOD

SVM has good application prospects for speech recognition problems. However, selection of
optimal values of parameters is an important issue in its implementation. To improve the
learning ability of SVM, there is a need to apply effective optimization techniques to search
optimal SVM hyper-parameters. In Chapter-3, two optimization techniques, i.e., predator
prey optimization with Hooke-Jeeves method (PPO-HJ) and predator influenced civilized

swarm optimization (PCSO), have been proposed and tested on ANN based speech
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recognition system. It has been concluded in Chapter-3, that PPO-HJ method outperforms the
results obtained by PCSO technique. So, in this chapter PPO-HJ method is undertaken as an
optimization technique to search SVM hyper-parameters. The PPO and Hooke-Jeeves
method are discussed in Section 3.3.1 and 3.3.2, respectively. In this experiment, same

speech databases have been undertaken as used in Experiment 1.

4.2.1 Implementation

Initially, pre-processing of speech signal is performed. The acoustic features of speech signal
are acquired by feature extraction technique as discussed in Section 3.1.2. In this work, PPO-
HJ method is applied to optimize the SVM hyper-parameters, i.e., error penalty parameter C
and kernel parameter y. Optimization process is carried out in two phases. During the first
phase, PPO technique is applied for a fixed number of iterations and then local best positions
obtained by PPO technique are further improved by applying Hooke-Jeeves method. This
proposed technique is described, in detail, in following sub-sections.

4.2.1.1 Swarm initialization and upgradation

In a global search technique, like PPO, each particle represents a probable solution to the
optimization problem. In this experiment, SVM parameters (C and y) represent dimensions of
each particle. The PPO optimization technique has prey and predator particles. The role of
predator particle is to influence the prey particle in effective manner so that prey can achieve
best solution. The status of particles is characterized according to its position and velocity.

The prey population is randomly initialized within their respective limits as:

X9 = X (x ™ - x ) i=12 1=12..,NP (4.6)
VO =V (v ey min ) (4.7)
where NP is number of prey particles; r,and r, are uniformly distributed random numbers over
(0, 12).

Single predator position and velocity is randomly initialized within their respective limits as:
X8 = X 4y (X ™ - x " ) (4.8)
VO =V, (e _ymin ) (4.9)

wherer;and r, are again uniformly distributed random numbers over (0, 1).
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The particles velocities and positions are updated as discussed in Section 3.3.1. The
stepwise procedure to implement the PPO with Hooke-Jeeves method is elaborated in

algorithm 4.1.

Algorithm 4.1: PPO with Hooke-Jeeves method

Step 1: Randomly generate position and velocity of swarm within predefined limits as given
by (4.6) to (4.9).

Step 2: Initialize the iteration counter for proposed technique as t = 1.

Step 3: Train SVMs with prey positions.

Step 4: Compute the accuracy as given by (4.5) of each individual prey in the population.

Step 5: Update the Pbest position of every prey particle.

Step 6: IF{(tMOD TT) =0} apply Hooke-Jeeves method to improve Pbest location (Index TT is

set to 10).

Step 7: Update the Gbest prey position.

Step 8: Update the predator velocity and position.

Step 9: Update the prey velocity and position. If updated velocity and position violate the
limits then set these to its corresponding limits.

Step 10: Sett=t+1

Step 11: Go to step 3 until the algorithm is evaluated for a given maximum number of
iterations.

Step 12: STOP

4.2.1.2 Parameter setting

To obtain maximum speech recognition rate, it is necessary to set proper values of different
parameters of PPO with Hooke-Jeeves method. A number of trials has been given to get
optimum values of parameters. Parameters have been varied between minimum set values to
maximum set values with a certain step size. Maximum number of iterations is set to 200.
Minimum values, maximum values, step size and optimum value of these parameters are
given in Table 4.3. Another parameter inertia weight Wof PPO is linearly decreasing with
iterations from 0.9 to 0.4.

In a population based search technique, population size is an important parameter that

influences the results in terms of solution quality and simulation time. One has to choose the
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value of population size with care as a large value or a small value of this parameter may not
give desired accuracy. In this work, we have performed experimentation taking five values of
this parameter (10, 15, 20, 25 and 30). For each value, 20 trials have been carried out in order
to find the efficient population size. Out of the five population sizes considered in the
experiments, we achieved the highest accuracy when the population size was taken as 20. The

results reported in the next section have been obtained taking a population size of 20.

Table 4.3: Range, step size and optimal value of parameters for PPO-HJ technique

Parameter Minimum Value Maximum Value Step Size Optimal Value
o 1.0 25 0.5 2.0
C, 1.0 25 0.5 2.0
a; 0.05 0.2 0.05 0.1
b; 0.50 2.0 0.5 15
Pfirax 0.10 0.95 0.05 0.90

4.2.2 Results and Discussion

The extracted features from speech signal have been given as input to SVM for recognition.
The hyper-parameters of are optimized using SVM with PSO (SVM-PSO), SVM with PPO
(SVM-PPOQO), and SVM with PPO-HJ (SVM-PPO-HJ) techniques to improve the speech
recognition rate. The network is trained by using 10-fold cross validation approach. The
results achieved by SVM with values of parameters optimized using PPO-HJ technique are
compared with results obtained by SVM with default values of parameters and SVM with
values of parameters optimized using PSO and PPO and are presented in Table 4.4. The
default value of hyper-parameters are given in math library (MATLAB and Bioinformatics
toolbox, 2009) and for RBF kernel, parameters are C = 1, ¢ = 1. In the experiments, the
highest recognition rates of 92.2%, 90.3% and 81.5% have been achieved for TI-20, TI-
ALPHA and Hindi speech databases, respectively using SVM-PPO-HJ technique with
WPMFCC features.

To assess the effect of noise on recognition rate, experiments have also been carried
out on noisy test samples. In the experimental work, artificial white noise is added to samples
of all three databases to get wide range of SNR (0, 10, 20, 30 and 40 dB). For different SNR,
the recognition rates obtained by SVM with various techniques for three databases using

WPMFCC features are presented in Figures 4.11-4.13. It can be observed from Figures 4.11-
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4.13, that recognition rate decreases with increasing value of noise and for each value of

SNR, PPO-HJ technique outperforms other techniques.

Table 4.4: Recognition rates using default and optimized values of hyper-parameters

Recognition Rate (%)
Database Features SVM with
SVM-PSO SVM-PPO SVM-PPO-HJ
default values
MFCC 71.1 75.4 78.6 81.3
DWT 74.7 77.9 81.8 87.5
TI-20
WPT 78.0 81.7 84.3 89.7
WPMFCC 82.6 86.7 90.4 92.2
MFCC 72.3 78.7 79.8 82.7
DWT 68.4 75.4 78.2 84.6
TI-ALPHA
WPT 79.3 81.8 82.5 86.1
WPMFCC 81.6 83.2 86.7 90.3
MFCC 61.2 66.7 73.8 75.3
DWT 58.8 63.5 70.9 72.4
Hindi Speech
WPT 62.6 65.1 72.9 77.9
WPMFCC 64.0 69.7 77.1 815
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4.3

EXPERIMENT 3: SPEECH RECOGNITION USING SVM WITH MIXED-

VARIABLE PPO AND HOOKE-JEEVES METHOD

In this section, experiments have been conducted to recognize isolated words using SVM

classifier. The parameters of SVM have been optimized using mixed-variable PPO and

Hooke-Jeeves method. This is an established fact that recognition rate and computation time

are affected by the choice of feature set. So, feature selection algorithm has also been used in

this section to select most significant features. As the parameters of ANN are weights and

biases that have big dimension as compared to SVM that have only two parameters to be

optimize. So, optimizing parameters and features simultaneously will become a very high
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dimension and complex problem.In this section, an optimization technique is proposed to
search the most relevant feature set of speech, and, optimal hyper-parameters of SVM. The
proposed hybrid optimization technique is an integration of mixed-variable PPO technique
and Hooke-Jeeves method (MVPPO-HJ). The SVM with MVPPO-HJ technique is

implemented on the word databases as considered in Section 4.1.
4.3.1 Fitness Function

Two objectives behind proposing a fitness function are increased classification accuracy and
reduced feature set. As such, there is a trade-off between these two objectives. Sarafrazi and
Nezamabadi-pour (2013) have combined these two objectives to achieve high accuracy with
less number of features as:

f =W, xF +W, xF, (4.10)
where f is fitness function; w; represents the weight for recognition accuracy function F, and
W, is the weight for feature set function F,. The values of w; and w, are setto 1.

The recognition accuracy function F; is defined as:

CR

SR 100 (4.11)
CR+IR

1

Here, CRrepresents the number of correct recognitions and IR represents the number of
incorrect recognitions. The accuracy function can also be defined as discussed in Section
4.1.2.

The function F, represents feature set and is defined as

Ne

.t
F,= 1——";]1F (4.12)

whereNg is number of features and f, is the value of feature mask defined as:

k :{1 if featureisselected (4.13)

0 otherwise

For binary classifier, other performance measures are sensitivity and specificity. The
sensitivity and specificity evaluate the discrimination capacity of classifier to classify

between positive class and negative class. The sensitivity and specificity are measured by true
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positive rate (TPR) and false positive rate (FPR), respectively. The TPR and FPR are
computed as:

TPR=10: Fpr=F" (4.14)
P N

whereP=TP+FN and N=FP+TN
4.3.2 Mixed-Variable PPO

The discussion related to continuous PPO is given in Section 3.3.1. In binary PSO, velocity is
a probability vector and it computes the likelihood of the binary variables having a value of
one (Bao et al., 2014b). In binary PPO, predator and prey velocity is updated as for
continuous PPO, but particles are restricted in the search area between zero and one, so the
velocities of predator and prey particles are updated by sigmoid limiting transformation as:

. 1
S(Velocity) = 1+ exp(~Velocity) (4.15)

The predator position is updated as:
X, :{1 rs <S(Vpi)

0 otherwise ' 1=12...n (4.16)

The prey positions are updated as:

{1 rs <S(Vi)

0 otherwise

, 1=14,2,...,NP;i=12..,n (4.17)

wherer, and ry are uniformly distributed random numbers over (0, 1); nrepresents number of

dimensions; NPis number of prey particles.

4.3.3 Implementation

The aim of this research work is to improve the speech recognition rate by optimizing SVM
hyper-parameters along with selection of most relevant feature subset. The experiments have
been conducted by extracting MFCC features for each utterance as discussed in Section 3.1.2.
The SVM technique with RBF kernel is implemented for classification. One-versus-all
approach is used to construct the SVM classifier. The feature set and SVM hyper-parameters
are randomly initialized as PPO particles. The SVM hyper-parameters (C, ) are continuous in
nature and feature mask is of a binary nature. The particles are divided in two parts; first part

consists of feature mask and the second part contains RBF hyper-parameters. The feature
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mask is either 0 or 1; if the mask is O, then corresponding feature will not be selected and if it
is 1, then corresponding feature will be selected (Bao et al., 2014a; Xiong et al., 2015). Table
4.5 shows the representation of particle | with a dimension of Ng +2.

The initial prey and predator position and velocity representing feature mask are
randomly generated as follows:

Prey particles:

1 if =05
X0 = ! i=1,2,..,Nc:1=12, .., NP 4.18
i {O otherwise ' 1=5 2 Ng3 1=1,2,..., ( )

o [1if 205 L
i _{0 otherwise i=12,..,Ng;1=12..,NP (4.19)
where NPis number of prey particles; r,and ryare uniformly distributed random numbers
over (0, 1).

Predator particles:

1 if =05
0 9
— ,i=12 ..., N 4.20
P {0 otherwise ' ' F (4.20)
1 if r,,>05
0 10 R
= =12, ..., N 4.21
i {O otherwise ' o NF (421)

where ry and r,,are again uniformly distributed random numbers over (0, 1).

Table 4.5: 1" prey particle representation

Input feature mask C 4

Discrete Continuous

X1 -- -- XNg, 1 XN+ 1 Xng+2,1

where Ng represents number of features of speech; X, represents 1% dimension of I prey

particle.

The prey and predator position and velocity representing SVM hyper-parameters (C and y)
are randomly initialized as:

Prey particles:

X =X +r11(xirmx —Ximin), i=Ng+L N +2 1=1,2,..,NP (4.22)
Vi =V 4,V V™) NG 4L Np 42 1212, NP (4.23)
Predator particles:

X = X[ (X~ X[™), i = Np +1, Np +2 (4.24)
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VO =V V™ v )2 Ng 1 Ng +2 (4.25)

where r,,, r,, rnzand r,are uniformly distributed random numbers over (0, 1).

Prey particles are evaluated on the basis of fitness function as given in (4.10) and
local and global best solutions are updated. To further improve the quality of solution, local
best solutions are optimized by Hooke-Jeeves method. The Hooke-Jeeves method is
discussed in Section 3.3.2. The flow chart of Hooke-Jeeves method to deal with mixed
variable is shown in Figure 4.14. The flow chart of MVPPO-HJ technique for speech

recognition is presented in Figure 4.15.
4.3.4 Results and Discussion

In order to test the performance of MVPPO-HJ technique, results achieved by SVM along
with MVVPPO-HJ method is compared with the results obtained by SVM along with mixed-
variable PSO (MVPSO), mixed-variable PSO and Hooke-Jeeves method (MVPSO-HJ),
mixed-variable PPO (MVPPO) and also with SVM having default values ofhyper-
parameters. The recognition rates obtained by these approaches are given in Table 4.6. The
experimental results indicate that recognition rate achieved by SVM along with MVPPO-HJ
is better than the recognition rates obtained by other considered techniques.

For establishing that differences between two sample means is statistically significant
for SVM-PPO-HJ techniqgue when compared with SVM-PPO, SVM-PSO and SVM,
Wilcoxon signed rank test has been performed. Each algorithm is run thirty times for TI1-20
database considering WPMFCC features. The test is performed by taking the level of
significance a as 0.01. It is observed fromp-value reported in Table 4.7, that SVM-PPO-HJ

technique is significantly better than other considered techniques.

Table 4.6: Comparison of recognition rates (%)

Applied Technique SVM with SVM with SVM with SVM with SVM with

Database default values MVPSO MVPSO-HJ MVPPO MVPPO-HJ
TI-20 91.6 94.7 97.3 96.5 98.8
TI-ALPHA 86.2 90.1 94.0 91.7 96.6
Hindi database 83.7 89.2 91.1 90.0 934

Table 4.7: p-values for Wilcoxon signed rank test when appliedto SVM-PPO-HJ technique; SVM-PPO; SVM-

PSO and SVM techniques

SVM-PPO

SVM-PSO

SVM with default values

p-value

0.00008770

0.00008708

0.00008671
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Start with decision variable
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Figure 4.14: Flow chart of Hooke-Jeeves method for mixed type of decision variable
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Figure 4.15: Flowchart for MVPPO-HJ technique for speech recognition
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To check the validity of MVPPO-HJ technique, ROC curves have also been
implemented. The ROC is a graphical plot between TPR and FPR that illustrates the
performance of binary classifier. The TPR represents ‘sensitivity’ and FPR represents ‘1 -
specificity’. Figures 4.16-4.18 show the ROC curves plotted for various techniques for three
databases. For Hindi database, 400 test samples and ten classes gives a total of 400 positive
samples and 3600 negative samples. For TI-20 database, 8320 samples give a total of 832
positive samples and 7488 negative samples. For TI-ALPHA database, 10816 samples give a
total of 1082 positive samples and 9734 negative samples. Based on these statistics, the ROC
curves have been drawn by varying the threshold level for the techniques under consideration
and the area under the curves(AUC) has also been computed and is given in Table 4.7 for
Hindi, TI-20 and TI-ALPHA databases. It can be observed that AUC of SVM with MVPPO-
HJ technique is larger than the AUC for other techniques. So, the performance of MVPPO-HJ

technique is better than other techniques considered in this work.

Table 4.8: Area under the ROC curve using SVM with different techniques for three databases

Area under the curve
Technique

Hindi TI-ALPHA TI-20
SVM with default parameters 0.8090 0.8096 0.8161
SVM with MVVPSO 0.8715 0.8759 0.8891
SVM with MVPSO-HJ 0.9303 0.9045 0.9438
SVM with MVVPPO 0.9236 0.9166 0.9287
SVM with MVPPO-HJ 0. 9527 0.9539 0.9544

ROC for classification

08¢

08r

=
~d

0B

True positive rate
—
[ay]

=
w
T
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02k — %M with MVPE0
— %M with MVYPS0-HJ
0.1 — %M with MWVPPO
— %M with MVPPO-HJ
T T T T

| | | | T
1} 0.1 0z 03 04 05 0B 07 08 09 1
False positive rate

Figure 4.16: ROC curves for different techniques for Hindi database
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Figure 4.17: ROC curves for different techniques for T1-20 database
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Figure 4.18: ROC curves for different techniques for TI-ALPHA database

To evaluate the robustness of MVVPPO-HJ technique, experiments have also been
carried out with noisy samples. Noisy samples have been obtained by artificially adding
white noise with different SNR (0 to 40 dB) to all three databases. Figures 4.19-4.21
represent the recognition rates for different SNR achieved by various applied techniques with
SVM model for the three databases. It has been observed that recognition rate achieved by
SVM with MVPPO-HJ technique is higher than other techniques.
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Figure 4.19: Recognition rate obtained with various techniques under noisy conditions for T1-20 database

100

~N © ©
o O o
' '

o o

w b~ 0O O
o o

~—

Recognition Rate (%)

N
o

=
o

o

clean

40 30

—— SVM with default parameters

—#&— SVM with MVPSO-HJ
—¥—SVM with MVPPO-HJ

20 10 0
SNR in dB

—&— SVM with MVPSO
—*—SVM with MVPPO

Figure 4.20: Recognition rate obtained with various techniques under noisy conditions for TI-ALPHA database
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Figure 4.21: Recognition rate obtained with various techniques under noisy conditions for Hindi database
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44  CONCLUSIONS

In this chapter, three experiments have been conducted for speech recognition with SVM
classifier. The effect of changing the number of frames on recognition rate has been
examined in first experiment. In this work, three SVM kernels, i.e., linear, polynomial, and
RBF; and LPCC, MFCC and WPMFCC speech features have been considered. The
experiment has been conducted on Hindi, TI-20 and TI-ALPHA databases. For all these
databases, the highest recognition rate is achieved with linear kernel along with WPMFCC
features. The highest recognition rates for Hindi, T1-20 and TI-ALPHA databases are 66.2%,
86.0% and 85.0%, respectively. The number of frames that helped achieving these
recognition rates is 30, 35 and 35, for Hindi, T1-20 and TI-ALPHA databases, respectively. In
the first experiment, it has also been observed that, SVM hyper-parameters significantly
influence the recognition rate. So, in second experiment, SVMhyper-parameters have been
optimized by applying PPO-HJ method. The speech recognition rate obtained by SVM with
PPO-HJ method is compared with recognition rates achieved by SVM-PSO, SVM-PPO and
SVM with default values of hyper-parameters. The highest recognition rates of 81.5%, 92.2%
and 90.3% have been achieved for Hindi, TI1-20 and TI-ALPHA speech databases,
respectively under clean environment by applying PPO-HJ method using WPMFCC features.
In third experiment, another important issue, i.e., selection of relevant speech features along
with optimal hyper-parameters of SVM has been undertaken. The selection of speech features
is binary in nature and hyper-parameters are continuous. In this research work, binary PPO is
proposed and integrated with continuous PPO to deal with mix type of variables. The mixed-
variable PPO with Hooke jeeves method is applied for aforementioned work. The recognition
rate achieved by proposed technique with SVM model is compared with the results obtained
by SVM model along with MVPSO, MVVPSO-HJ, MVPPO, and with default values of SVM
hyper-parameters. It has been observed that SVM with MVVPPO-HJ technique gives higher
accuracy for all the databases used in this work.The statistical test, ROC has also been
implemented and it has been seen that AUC for MVVPPO-HJ technique is better than that of

other techniques.
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Chapter 5

Recognition of Hindi Speech Using
Optimized HMM Classifier

In this chapter, Hindi speech recognition system for isolated words and continuous speech
has been developed using HMM. HMM has been used to train and recognize the Hindi
speech that uses MFCCs and their first and second derivatives as features extracted from the
speech utterances. To carry out this, Hidden Markov Model Toolkit(HTK) designed for
speech recognition is used.In spite of universally acceptance of HMM to recognize speech,
one of the main concerns with HMM s related to training phase. The training of HMM is
computationally expensive and solution usually stagnated at local optimal solution. The
Baum-Welch (BW) algorithm is widely used algorithm to train HMM, but it is a conventional
optimization method and quality of solution highly depends on initial search point. Normally,
the solution obtained from BW algorithm may converge to local optimum solution. In this
chapter, two global search techniques, i.e., predator-prey optimization (PPO) and predator
influenced civilized swarm optimization (PCSO) have been integrated with BW algorithm to

search HMM model parameters, i.e., transition and emission probabilities.

5.1 ISSUES IN HINDI LANGUAGE

Hindi language is originated from Sanskrit and belongs to the Indo-European family.
Devanagari script is used to write the Hindi language (Shaughnessy, 2008). The Hindi
language alphabets are divided into two groups: vowels and consonants. The Hindi language
contains 12 vowels and these have two forms, the dependent form and the independent form.
The independent form vowels are standalone, which means the vowels are used when
pronunciation is unattached, isolated and not associated with any other consonant. When the

vowels are attached to any consonants, then these vowels are in dependent
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form(Shaughnessy, 2008). The Hindi language has 36 consonants. A list of vowels and

consonants is given in Figure 5.1.

3 3T 3 g 3 >
T 4 3T 3t 3 3
(@) Vowels
) EC) a1 13) ]
T 3 ST Ell
< S E [ or
a ) g e T
g o) g o "
£2) I o )
a7 q ) g
&1 El &)

(b) Consonants

Figure 5.1: Hindi vowels and consonants
5.2 EXPERIMENT 1: ISOLATED WORD RECOGNITION USING HMM

Hidden Markov model is a doubly stochastic process in which one process is not directly
observable (Rabiner, 1989). This hidden stochastic process can be observed only through
another set of stochastic processes that can produce the observation sequence. HMMs are
widely used acoustic models for speech recognition systems because of their better
performance than other methods. HMM consists of nodes that represent hidden states and the
nodes are interconnected by links which describe conditional transition probabilities between
the states. Each hidden state has an associated set of probabilities of emitting particular
visible states. An HMM model with q states is given in Figure 5.2.

States are connected to each other by transition probability a; where

20 ; (I<i<gl<j<q) (5.1)

D a;=1(1<i<q) (5.2)

j=1
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A match or insert state emits an observation from an output alphabet with a probabilities

b; (k) where

b; (k)20 (1< j<gl<k<m) (5.3)
M

D b (k)=1 (5.4)
k=1

hereM is number of observations.

;= 1.0
m,= 0.0
n; = 0.0
m,= 0.0

Figure 5.2: A left-to-right HMM topology

The block diagram of an isolated word recognizer using HMM is shown in Figure
5.3(Rabiner and Juang, 1993). For a vocabulary size of V, an HMM A" is build for each word
v in the vocabulary that estimate the model parameters (A, B, ) such as the likelihood of the
training set observation vector is optimized for the v*" word. For a word to be recognized, the
observation sequence O is measured using feature set of the corresponding word. The
observation sequence is given to each HMM model to calculate model likelihoods P(O|4"), 1

<v <V, and the word is selected whose model likelihood is highest.
5.2.1 Database Used

A speech recognition system needs a collection of utterances for training and testing. In this
work, a self-recorded isolated Hindi words database has been considered for experimentation.
The database consists of 20 Hindi words, as given in Table 4.1, with 50 utterances each,
spoken by two male and two female speakers. The data is recorded in a quiet room

environment at a sampling rate of 44.1 kHz.
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5.2.2 Fitness Function

An HMM must be trained to describe the observational sequence of the word accurately.

One of the most commonly used criteria for ASR is to maximize the probability P[O]|4] of the

observation sequence O, generated by the given HMM 4 . However, the dynamic range of the

P[Oj2]is normally very small and to improve the precision range, the logarithm of the

likelihood is used instead. The average likelihood probability of the HMM solution A that

generates the training observation sequences O;, 0,, ...,0,, IS given as:

1 M
|P=M[§|og(P(q|z)]

SPEECH
SIGNAL S

—p

5.2.3

OBSERVATION
SEQUENCE O

FEATURE
ANALYSIS

HMM FOR
WORD 1

P(OAY)
PROBABILITY

COMPUTATION

v

HMM FOR
WORD 2

v

SELECT
POpY) MAXIMUM

A 4

COMPUTATION

HMM FOR
WORD v

PROBABILITY
»| COMPUTATION

P(O[2%)

Figure 5.3: Block diagram of an isolated word recognizer

Implementation

(5.5)

INDEX OF
RECOGNIZED
WORD

v*=argmax [P(O[AY)]
1 <<V

PROBABILITY —

In this section, the implementation of Hindi speech recognition system has been presented.

Hindi speech recognition system is developed using HTK toolkit v3.4. Firstly, the HTK
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training tools are used to estimate the parameters of a set of HMMs using training utterances
and their associated transcriptions. Secondly, unknown utterances are transcribed using the
HTK recognition tools. System is trained for 20 Hindi words. Word model has been used to
recognize the speech.

To recognize a word using HTK requires that a task grammar and a dictionary must
be created. The task grammar consists of a set of variable definitions followed by a regular
expression describing the words to recognize. The snapshot of task grammar for Hindi words
is shown in Figure 5.4, where the vertical bars denote alternatives and the angle braces denote
one or more repetitions. The representation of a task grammar shown in Figure 5.4 is for user
convenience. The HTK recognizer actually requires a word network in which each word
instance and each word-to-word transition is listed. This word network (wdnet) can be
created (Figure 5.5) automatically from the grammar using the HParse tool.

B taskgrammerhindi - Notepad

File Edit Format ‘iew Help

$digit = EK | DO | TEEN | CHAAR | PAANCH | CHEH | SAAT | AATH | MAU | SHOONYA;
(SENT-5TART (<digits) SENT-EMD]

fword = GAANA | DEKHO | BAITHO | KHAAD | RAAM | PAANI | KAAM | AMEK | ACHAAR | JAGAT;
(SENT-START (<words) SENT-EMD)

Figure 5.4: Task grammar for Hindi words

Grammar
(gramhindi)

HParse

A 4

Word Net
(wdnet)

Figure 5.5: Steps to create word network

After creating the word network, the next step is to construct a pronunciation
dictionary. The pronunciation dictionary defines which combination of phones gives valid
words for the recognition. It contains information about different pronunciation variants of
the same word. Figure 5.6 shows the snapshot of an extract of the dictionary. The words in

the left column are related to their pronunciation in the right column. The dictionary itself can
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be built using HDMan tool of HTK. The training and test data is recorded using the HTK tool
HSLab. The input speech sample is processed at 10 ms frame rate with a Hamming window
of 25ms. After that the speech signal is parameterized into a sequence of features. MFCCs
have been used to parameterize the speech signal. The acoustic feature vector consists of 39
coefficients in which 13 MFCCs; and their first and second order derivatives have been used.

For this purpose, HTK tool HCopy is used.

File Edit Wiew Debug Tools ‘Window  Community  Help
- =1 N A @ sl MRSl iR
b ax | = 5= O RN
beep.0
MNEE ey n k
BARZO hrso
EEEJAL b iy j a=a
BEHTEY h eh t ey
CHAAEEE ch aa b iy
CHLACHLR ch aa ch aa
CHLAND ch aa n d
CHALANDEE ch aa n d iy
CHALAR ch aa r
CHAARL ch aa r aa
CHOR ch o ¥
DEMA d ey n aa
DIN d iy n
o da
EE ey k
HAI h ey
JAA J a=
KABHI kb iy
KEE k iy
KEHTE keh t iy
KHLAL kh a=a
KHAANAL kh aa n aa
KHALTRLA kh aa t aa
EHLATEE kh aa t iy
EHEER kh iy ¢
KHEERLL kh iy r aa
EHELTI kh ey 1 © iy
NADEE nd iy
NAHT nahiy
PAAN p | n
PAANCH p aa n ch
FPAANEE p aa n iy
FEE p iv
PEEJAL p iv j a=a
RARTAR r as j aa
RAaiM r aam

Figure 5.6: Dictionary for Hindi words

For training the HMM, a prototype HMM model is created, which is then re-estimated
using the data from the speech files.There are several methods to decide the number of states
in the HMM of each word. Levinson et al. (2001) have recommend that the number of states
in the HMM model should be nearly same as number of sound units in the word. Bakis et al.
(2001) have suggested that number of states is decided according to the average number of
observations in spoken word. Rabiner and Juang (2001) have suggested that utterance of the
same word varied from occurrence to occurrence so optimal number of states can only be
found by refining the model after each HMM training.For prototype model, a 5-state HMM in
which the first and last states are non-emitting states having left-to-right topology with no

skips has been used.
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The snapshot of the prototype model is shown in Figure 5.7. Apart from the models of
vocabulary words, model for silence (Figure 5.8) is also included. The prototype models are
initialized using the HTK tool HCompV which scan a set of data files, compute the global
mean and variance and set all of the Gaussians in a given HMM to have the same mean and
variance. Then HERest is used to re-estimate the parameters of the HMM model using BW
algorithm based on the other samples in the training set and final set of monophones has been

stored. Figure 5.9 shows a snapshot of monophones created.

File Edit Wiew Debug Tools ‘Window Community Help
- Sl &= i sl 2| AR R
ki = (d 9| 4 5
proto
~o <Vecdize» 38 <NFCC 0 D A»
~h "proto"
<BeginHMM>
<MumStates> &
<frate> 2
<Mean> 39
0.000000000000.00.00.00.00.00.00.0000.00.0000.00.00.,00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0
<Variance> 39
i01010101010104t021010101.01,01.0101.0101.01.,01,01.,01.01021.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0 1.0
<State> 3
<Mean> 39
0.0 0.0 0.0 0.0 0.0 O.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0
<Variance» 39
i.010101.01.01.01.01.0¢.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0 1.0
<Stater 4
<Mean> 39
0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.00.0
<Variance> 39
t.0101p0101010101.01.01.0101.01t010101010101.01.0101.01.011.01.01.01.01.01.01.01.01.01.01.01.01.01.01.0 1.0
<TransF> 5
0.000e+0 1.000e+0 0.000e+0 0.000e+0 0.000e+0
0.000e+0 6.000e-1 4.000e-1 0.000e+0 0.000e+0
0.000e+0 0.000e+0 6.000e-1 4.000e-1 0.000e+0
0.000e+0 0.000e+0 0.000e+0 7.000e-1 3.000e-1
0.000e+0 0.000e+0 0.000e+0 0.000e+0 0.000e+0
<EnclHNH>

Figure 5.7: A prototype model

Figure 5.8: Silence model
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Figure 5.9: Snapshot of monophones

The dictionary contains multiple pronunciations of some words. So, the phone models
can be used to realign the training data and create new transcriptions. For this purpose the
HTK tool HVite is used. This command used the re-estimated hmmdefs and macros files
(Figure 5.10) to transform the word level transcriptions to phone level transcriptions (Figure
5.11). Once the new alignments are created, two passes of HERest have been applied to

estimate the HMM set parameters.

Macros hmmdefs
~0 ~h "aa"
<VecSize= 39 <BeginHMM= ...
<MFCC 0 D A> <EndHMM>
~v "varFloorl" ~h "eh"
<Variance> 39 <BeginHMM= ...
0.0012 0.0003 ... <EndHMM =
. etc

Figure 5.10: Form of master macro file
The final stage of building the model is to create context-dependent triphone HMMs.
Triphone models have been created by converting the monophone transcriptions into triphone
transcriptions and similar acoustic states of these triphones are tied to estimate all state

distributions. After creating the context-dependent triphone HMMs, the new triphone set has
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been re-estimated using HERest by replacing the monophone list with triphone list and
monophone transcriptions with triphone transcriptions. Now the performance of the
recognizer has been evaluated using the test data. The results of HTK recognizer have been
analyzed using HResults tool.

[ Monophones 1

[ Word Level w

Transcriptions J

Macros
hmmdefs

A 4

Transcriptions

4{

Training data in ‘]

Phone Level }

script file

|

Figure 5.11: Creation of phone level transcriptions using HVite tool

5.2.4 Results and Discussion

In this work, three set of features have been undertaken, i.e., MFCCs, MFCCs and their first
derivative (Delta), and, MFCCs and their first and second derivative (Double Delta). The BW
algorithm has been applied to search optimum model parameters. The results have been
obtained using the HTK toolkit. Tables 5.1-5.3 show the average log likelihood values for
twenty words of Hindi database using MFCC features, MFCC and Delta features, and,
MFCC, Delta and Double Delta features, respectively. It has been observed from results that
average log likelihood values using MFCC, Delta and Double Delta features is better than its

counterparts for every considered word.

Table 5.1: Average value of log likelihood using BW algorithm with MFCC features

Word IP Word IP Word IP Word IP
shoonya -292.37 paanch -278.12 gaana -296.23 paani -345.86
ek -303.45 cheh -265.67 dekho -296.89 kaam -313.52
do -267.54 saat -325.78 baitho -287.47 anek -294.65
teen -322.86 aath -213.27 khaao -324.68 achaar -315.86
chaar -284.67 nau -323.83 raam -317.92 jagat -313.42
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Table 5.2: Average value of log likelihood using BW algorithm with MFCC and Delta features
Word IP Word IP Word IP Word IP
shoonya -251.12 paanch -269.25 gaana -282.24 paani -319.35
ek -271.45 cheh -261.64 dekho -275.06 kaam -305.77
do -265.25 saat -301.40 baitho -267.93 anek -281.57
teen -318.07 aath -196.24 khaao -314.56 achaar -287.33
chaar -271.44 nau -312.24 raam -276.75 jagat -291.37

Table 5.3: Average value of log likelihood using BW algorithm with MFCC, Delta and Double Delta features

Word IP Word IP Word IP Word IP
shoonya -230.31 paanch -262.47 gaana -275.37 paani -311.73
ek -267.37 cheh -259.37 dekho -271.26 kaam -297.68
do -264.64 saat -298.65 baitho -258.68 anek -274.58
teen -307.84 aath -192.62 khaao -306.85 achaar -279.89
chaar -263.89 nau 301.84 raam -247.74 jagat -284.48

5.3 EXPERIMENT 2: ISOLATED WORD RECOGNITION USING OPTIMIZED
HMM

HMM is an effective tool for speech recognition. In speech recognition by HMM, two
modules are mainly involved in the experiment, i.e., training and recognition. Initially, HMM
model is trained with training set and then test data is recognized by the trained model. So,
the performance of training process is very important to improve the speech recognition rate.
For speech recognition, each Hindi word has been uttered 50 times by two male and two
female speakers. Three sets of features have been extracted, i.e., MFCCs; MFCCs and Delta;
MFCCs, Delta and Double Delta, separately. The model parameters of HMM consists of two
matrices, transition probability matrix A and observational symbol probability matrix B. The
size of matrix A is ‘number of states-by-number of states’ and size of matrix B is ‘number of
states-by-number of observations’.

The optimum model parameters can accurately represent the training utterances.
Various researchers (Baum and Egon, 1967; Baum et al., 1970; Baum, 1972) have applied
BW algorithm to set model parameters. But, BW algorithm is a local search method so

optimum solution is highly dependent on initial estimates of the model parameters. BW
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algorithm can search global optimum solution if initial model parameters are near to global
optimum solution. Rabiner and Juang (1993) have suggested segmental K-means
segmentation to avoid this problem, but this procedure is computationally intensive. The
application of global search optimization technique with BW algorithm can be one of the
effective methods to search optimum model parameters. In this section, two global search
techniques, i.e., PPO and PCSO are integrated with BW algorithm to search optimum model

parameters.

5.3.1 Particle Representation

The transition and emission probabilities are randomly initialized as global search algorithm
particles. Table 5.4 shows the representation of particle I. The particle has two parts; the first
part of particle represents transition probabilities and second part represents emission

probabilities.

Table 5.4: 1" particle representation
Transition probabilities Emission probabilities

ap; E Ay by - buw

a a b

a ag o Dgwm

where q represents number of states and M represents number of observations.

5.3.2 Implementation of Optimized HMM With PPO

In this experiment, left-to-right HMM model has been undertaken. The model parameters
(transition and emission probabilities) have been searched with hybrid optimization technique
based on integration of PPO and BW algorithm. The particle representation for hybrid
optimization technique is given in Table 5.4. The detail discussion regarding PPO is given in
Section 3.3.1. Initial search is performed by PPO algorithm and global best solution obtained
from PPO is given as input to BW algorithm for further improvement. The training of HMM
is done with each prey particle and fitness function (5.5) is evaluated. Based on fitness
function evaluation, global best and local best positions are selected. The position and
velocity of prey and predator particles are updated as per PPO algorithm. During each

iteration, the constraints on the transition and emission probabilities ((5.2) and (5.4)) are
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satisfied. After updating the model parameters from PPO algorithm, BW algorithm is applied
to updated global best solution obtained from PPO. The hybrid algorithm based on PPO and
BW techniques to search optimum model parameters is given in Algorithm 5.1.

Algorithm 5.1: HMM trained by PPO with BW method
Step 1: Randomly generate position and velocity of swarm.
Step 2: Initialize the iteration counter as k = 1.
Step 3: Compute fitness function as given by (5.5) for each prey position.
Step 4: Update the predator velocity and position.
Step 5: Update the prey velocity and position.
Step 6: Setk =k +1
Step 7: IF (k < k™) THEN
GOTO step 3.
ENDIF
Step 8: Input the global best position of parameters to BW algorithm for further
improvement.
Step 9: STOP

5.3.2.1 Parameter setting of PPO algorithm
To set parameters of PPO technique, the approach given in Section 3.3.3.1 has been used.
The minimum and maximum values, step size and optimal value of parameters are given in

Table 5.5. For each trial, maximum number of iterations is set to 50.

Table 5.5: Parameter range, step size and optimal value for PPO technique

Parameter Minimum Value Maximum Value Step Size Optimal Value
C, 1.0 25 0.50 2.0
C, 1.0 25 0.50 2.0
a; 0.05 0.2 0.05 0.1
b; 0.50 2.0 0.50 1.0
Pf e 0.10 0.95 0.05 0.85
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5.3.2.2 Results and discussion

In this experiment, three sets of features as discussed in sub-section 5.2.4have been
considered. Tables 5.6-5.8 have presented the average log likelihood values for twenty words
of Hindi database using MFCC; MFCC and Delta; MFCC, Delta and Double Delta features,
respectively. After comparing the results given in Tables 5.6-5.8, it has been observed that
average log likelihood values using MFCC, Delta and Double Delta features is better than its
counterpart. A drawback of this approach is that it requires more training time as compared to
BW algorithm. However, it is worth mentioning that training of ASR system is performed

offline.

Table 5.6: Average value of log likelihood using PPO and BW algorithm with MFCC features

Word IP Word IP Word IP Word IP
shoonya -228.79 paanch -264.36 gaana -274.68 paani -314.57
ek -265.65 cheh -258.84 dekho -274.72 kaam -294.63
do -261.73 saat -293.78 baitho -263.75 anek -279.47
teen -314.83 aath -202.87 khaao -311.38 achaar -281.68
chaar -262.56 nau -306.48 raam -303.48 jagat -287.52

Table 5.7: Average value of log likelihood using PPO and BW algorithm with MFCC and Delta features

Word IP Word IP Word IP Word IP
shoonya -225.64 paanch -261.72 gaana -272.37 paani -304.57
ek -263.48 cheh -255.58 dekho -268.94 kaam -292.83
do -258.33 saat -286.79 baitho -257.83 anek -273.48
teen -302.34 aath -199.69 khaao -302.55 achaar -275.85
chaar -257.68 nau -298.38 raam -287.85 jagat -281.29

Table 5.8: Average value of log likelihood using PPO and BW algorithm with MFCC, Delta and Double Delta

features
Word IP Word IP Word IP Word IP
shoonya -220.25 paanch -256.67 gaana -268.43 paani -301.73
ek -258.26 cheh -245.82 dekho -264.47 kaam -283.32
do -252.63 saat -278.67 baitho -252.68 anek -267.48
teen -292.43 aath -196.96 khaao -297.65 achaar -265.85
chaar -253.48 nau -287.43 raam -284.56 jagat -278.12
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5.3.3 Implementation of Optimized HMM With PCSO

In this experiment, PCSO and BW algorithms are integrated to search optimum model
parameters. As discussed in Chapter 3, PCSO is a global search technique and it helps to
explore the search area effectively. The initial search is performed by PCSO and after that, to
fine tune the optimum parameters, BW algorithm is applied. The BW is a local search
technique based on strong mathematical foundation. It requires few iteration to search nearby
optimum solution. While implementing the integrated approach, the transition and emission
probabilities have been taken as society particles. The representation of society particles is
given in Table 5.4. The training of HMM is done with each society particle position and each
particle position is updated based on evaluation of fitness function as given in (5.5). During
each iteration, the constraints on the transition and emission probabilities ((5.2) and (5.4)) are
satisfied. After training of HMM with PCSO, the civilized leader of the society represents the
optimized parameters of the HMM, i.e., transition and emission probabilities. These optimum
parameters are further optimized by BW algorithm. The procedure to select number of states
in HMM model is same as discussed in Section 5.2.3. The hybrid algorithm based on PCSO

and BW techniques to search optimum model parameters is given in Algorithm 5.2.

Algorithm 5.2: HMM trained by PCSO with BW algorithm
1. Read training data, expected outputs, parameters of algorithm, and set maximum
number of iterations k™ .
2. Randomly initialize transition and emission probabilities as society and predator
positions.
Initialize society and predator velocity randomly.
Initialize iteration index k = 1.

Compute fitness function as given in (5.5) for each society particle position.

o o~ w

Arrange society particles on the basis of fitness function, and best performing particle

is selected as society leader and remaining particles are treated as society members.

7. Compute the Euclidean distance between society members and society leader; and
select society members for a particular society.

8. Select civilized leader among society leaders on the basis of fitness function.

9. Randomly generate probability fear.

10. Update predator particle velocity and position.
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11. Update society leader and society member’s velocity and positions.

12. Update civilized leader velocity and position.

13. Update personal best positions.
14. Setk=k +1
15. IF (k <k™) THEN

GOTO step 5.

ENDIF

16. The civilized leader position represents global best optimum solution.

17. Input the civilized leader position to BW algorithm for further improvement.

18. STOP

5.3.3.1 Parameter setting for PCSO algorithm

To set the parameters of PCSO technique, the approach given in Section 3.2.2.1 has been

used. The minimum and maximum values, step size and optimal values of parameters are

given in Table 5.9. For each trial, maximum number of iterations is set to 50.

Table 5.9: Parameter range, step size and optimal value for PCSO algorithm

Parameter Minimum Maximum Step size Optimal value
value value
N, 2 10 1 4
(Cs11:C512:Csm1,Csm2.Cra) 0.25 2.0 0.25 (0.5, 0.5, 0.25, 0.50, 2.0)
Cp, 0.0 2.0
a; 0.25 1.0 0.25 0.25
b; 0.25 1.0 0.25 0.50
Pf e 0.50 1.0 0.05 0.95

5.3.3.2 Results and discussion

The HMM is trained using PCSO with BW algorithm using MFCC; MFCC and Delta;
MFCC, Delta and Double Delta features, respectively. The average log likelihood has been

computed and given in Tables 5.10-5.12 for the database as used in sub-section 5.2.1. It is

evident from all the experiments that set of MFCC, Delta and Double Delta features produce

better results. It is also evident from the results given in Tables 5.1, 5.6 and 5.10 that HMM

102




Chapter 5 Recognition of Hindi Speech using Optimized HMM Classifier

model gives good results when trained with PCSO and BW algorithm for MFCC features.
The same observations have been found after comparing the results given in Tables 5.2, 5.7
and 5.11; and Tables 5.3, 5.8 and 5.12 for MFCC and Delta; MFCC, Delta and Double Delta
features, respectively.

Table 5.10: Average value of log likelihood using PCSO and BW algorithm with MFCC features

Word IP Word IP Word IP Word IP
shoonya -223.45 paanch -254.35 gaana -271.24 paani -299.36
ek -259.68 cheh -247.67 dekho -266.74 kaam -284.57
do -257.83 saat -281.23 baitho -257.67 anek -266.37
teen -297.45 aath -198.78 khaao -296.75 achaar -267.83
chaar -256.84 nau -289.73 raam -284.64 jagat -277.63
Table 5.11: Average value of log likelihood using PCSO and BW algorithm with MFCC and Delta features

Word IP Word P Word IP Word IP
shoonya -218.36 paanch -246.68 gaana -263.26 paani -284.48
ek -255.67 cheh -242.58 dekho -261.29 kaam -275.26
do -251.28 saat -274.27 baitho -243.42 anek -258.73
teen -288.79 aath -188.46 khaao -284.68 achaar -261.89
chaar -246.96 nau -279.49 raam -276.49 jagat -272.84

Table 5.12: Average value of log likelihood using PCSO and BW algorithm with MFCC, Delta and Double
Delta features

Word IP Word IP Word IP Word IP
shoonya -212.28 paanch -242.47 gaana -257.68 paani -282.24
ek -248.26 cheh -239.39 dekho -254.28 kaam -270.17
do -247.85 saat -268.83 baitho -238.74 anek -249.90
teen -280.93 aath -185.57 khaao -276.89 achaar -255.69
chaar -241.57 nau -273.35 raam -272.38 jagat -263.45

To compare the performance of BW algorithm with hybrid techniques, i.e., PPO with
BW algorithm, PCSO with BW algorithm, 100 utterances have been randomly chosen from
Hindi database and speech recognition rate is compared. The speech recognition rate obtained

by HMM trained with hybrid techniques and BW algorithm for all considered features are
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given in Table 5.13. The highest recognition rate of 96.3% has been obtained, when MFCC

and its first and second derivatives are considered as feature vector. So, it is concluded that a

better speech recognition rate can be obtained with this feature set.

Table 5.13: Recognition rates using HMM with different features for isolated Hindi words

Recognition rates (%)
Features
BW algorithm PPO and BW algorithm | PCSO and BW algorithm
MFCC 82.4 92.3 94.2
MFCC and Delta 85.8 93.7 94.9
MFCC, Delta andDouble
86.6 94.8 96.3
Delta

5.4 EXPERIMENT 3: RECOGNITION OF HINDI SENTENCES

In this section, Hindi sentences have been recognized using HMM trained with three
techniques, namely, BW algorithm, PPO with BW algorithm, and PCSO with BW algorithm.
The database used for experimentation, implementation details and results and discussion

have been discussed in further sub-sections.

5.4.1 Database Used

In this work, self-recorded Hindi sentences database has been considered for
experimentation. The database consists of 16 Hindi sentences with 4 utterances each, spoken
by two male and two female speakers. The data is recorded in a quiet room environment at a

sampling rate of 44.1 kHz. The snapshot of Hindi sentences is given in Figure 5.12.

5.4.2 Implementation

In this section, implementation of speech recognition system for Hindi sentences has been
presented. The recognition system has been developed using HTK toolkit v3.4. Firstly, the
HTK training tools are used to estimate the parameters of a set of HMMs using training
utterances and their associated transcriptions. Secondly, unknown utterances are transcribed
using the HTK recognition tools. System is trained for 16 Hindi sentences. For recognition

purpose, a sentence is to be modeled in a sequence of sub-word units, such as, words or
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phonemes. In this work, word model is used and each word is represented by a continuous
density HMM with transition and emission probabilities. A left-to-right topology has been
used and the BW algorithm is used for computing the transition and emission probabilities of
HMM. In decoding, the Viterbi algorithm is used to find the sequence of words having the
highest probability. In the second technique the transition probability and emission
probability of HMM have been optimized using PPO technique. These optimized
probabilities are given to HMM. In the third technique the transition probability and emission
probability of HMM have been optimized using PCSO technique. These optimized
probabilities are given to HMM. Remaining implementation details are same as discussed in
Section 5.2.3.

B prompts - Notepad

Fle Edit Formab ‘Wiew Help

lsL RAAM JAA RAHAA HAI

s2 RAAJAA JAA RAHAA HAI

s3 RAANEE JAA RAHEE HAI

s4 RAAM KHAANAA KHAA RAHAA HAI
s5 RAAJAA PAAN KHAA RAHAA HAI
s6 RAANEE KHEER KHAA RAHEE HAI
s7 RAAM SO RAHAA HAI

s8 RAAJAA SO RAHAA HAI

s9 RAANEE SO RAHEE HAI

s10 RAAM PAANEE PEE RAHAA HAI
s1l RAAJAA PAANEE PEE RAHAA HAI
s12 REEMAA PAANEE PEE RAHEE HAI
s13 SONI SOTI HAI

s14 SONIAA SOCH RAHEE HAI

s15 RAINEE KHELTI NAHI

s16 SEEMAA KHEERAA KHAATEE HAI

Figure 5.12: Snapshot of Hindi sentences
5.4.3 Results and Discussion

Three sets of features have been undertaken in this work, i.e., MFCCs; MFCCs and Delta;
and MFCCs, Delta and Double Delta. The BW algorithm has been applied to search optimum
model parameters. The results obtained from BW algorithm, PPO with BW algorithm and
PCSO with BW algorithm are given in Tables 5.14-5.16.1t has been observed from Table
5.14 that a recognition rate of 89.4% for words and 34.7% for sentences has been obtained
using BW algorithm with MFCC, Delta and Double Delta features. Table 5.15 shows that a
recognition rate of 91.4% for words and 48.4% for sentences has been achieved using PPO

and BW algorithm with MFCC, Delta and Double Delta features. One can also observe from
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Table 5.16 that a recognition rate of 95.8% for words and 54.7% for sentences has been
achieved using PCSO and BW algorithm with MFCC, Delta and Double Delta features.

Table 5.14: Recognition rates for different features with BW algorithm

Features Word recognition rate (%) Sentence recognition rate (%)
MFCC 82.4 23.6
MFCC and Delta 86.2 26.2
MFCC, Delta and Double Delta 89.4 34.7

Table 5.15: Recognition rates for different features with PPO and BW algorithm

Features Word recognition rate (%) Sentence recognition rate (%)
MFCC 85.3 43.1
MFCC and Delta 90.8 44.2
MFCC, Delta and Double Delta 914 48.4

Table 5.16: Recognition rates for different features with PCSO and BW algorithm

Features Word recognition rate (%) Sentence recognition rate (%)
MFCC 87.4 45.6
MFCC and Delta 92.6 49.2
MFCC, Delta and Double Delta 95.8 54.7

To detect the significant differences between two samples means for PCSO with BW
technique along with PPO with BW and BW techniques, Wilcoxon signed rank test has been
performed. Each algorithm is run thirty times for Hindi database considering MFCC, Delta
and Double Delta features to recognize word. The test is performed by taking a level of
significance 0=0.01. It is observed from p-value reported in Table 5.17, that PCSO with BW
technique is significantly better than PPO with BW and BW technique.

Table 5.17: Wilcoxon signed rank test results. PCSO with BW technique versus PPO with BW and BW
technique

PPO with BW BW

p-value 0.0000875 0.0000875
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5.5 CONCLUSIONS

In this chapter, Hindi speech recognition system for isolated words and continuous speech
with limited vocabulary has been developed using HMM. To carry out this, Hidden Markov
Model toolkit (HTK) designed for speech recognition is used. The task grammar and
pronunciation dictionary for Hindi language has been build for this purpose. For speech
recognition, three sets of acoustic features, MFCCs; MFCCs and Delta; and MFCCs, Delta
and Double Delta, have been considered which consists of 13, 26 and 39 coefficients,
respectively. In this work, three experiments have been conducted. In first experiment,
HMMs have been trained with BW algorithm. To improve the performance of BW algorithm
during training process of HMM, the BW algorithm is integrated with global optimization
technique. In second experiment, PPO and PCSO techniques have been integrated with BW
algorithm. These integrated techniques have been applied to search HMM model parameters,
i.e., transition and emission probabilities. These experiments have been tested on isolated
Hindi words and continuous Hindi speech. To evaluate the performance, average log
likelihood values have been computed during training process. It is concluded from results
that HMM model gives better results when trained with PCSO and BW algorithm with
MFCC and its first and second derivatives as feature vector. For testing purpose, 100
utterances of isolated words have been randomly chosen from Hindi database and speech
recognition rate is compared. The highest recognition rate of 96.3% has been obtained, when
MFCC and its first and second derivatives are considered as feature vector. So, it is
concluded that a better speech recognition rate is possible with a proper training. In
Experiment 3, Hindi sentences have been recognized. It has been found that highest
recognition rate of 95.8% for words and 54.7% for sentences have been achieved using PCSO
and BW algorithm with MFCC, Delta and Double Delta features.
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Optimized Hybrid Classification Models
for Speech Recognition

In this chapter, optimized hybrid classification models have been explored for Hindi speech
recognition. The credibility of ANN and SVM classifiers has already been proved for pattern
classification. Both the classifiers have sound theoretical foundations and use a discriminative
approach for classification. In the field of speech recognition, the application of ANN and
SVM classifiers is mainly limited to recognition of isolated words. The ANNs are not found
suitable to cover dynamic aspects of speech recognition and one of the main limitations of
SVM in the field of speech recognition is its ability to classify only fixed length data
vectors.To overcome the limitations of ANN and SVM classifiers, HMM classifier has been
integrated with these classifiers in this research work.The HMM classifier has a great
capability of dealing with the variability in speech signal. As such, it has emerged as an
efficient tool for continuous speech recognition.

In the optimized hybrid model of ANN with HMM classifier, the ANN is trained to
estimate the posterior probabilities of HMM states so as to optimize the posterior
probabilities of a Markov model. For training of ANN, hybrid optimization technique based
on integration of predator prey optimization (PPO) with Hooke-Jeeves method is applied. In
optimized hybrid SVM-HMM model, posterior probabilities of HMM are computed from
SVM. The RBF kernel has been undertaken and its parameters are optimized using PPO with
Hooke-Jeeves optimization technique. The performance of hybrid models have been tested on

isolated Hindi words and Hindi sentences.

6.1 HYBRID ANN-HMM SYSTEM

The main objective of a continuous speech recognition system is to arrange the words
according to the spoken utterances. Recognition of continuous speech is a complex task,

because word boundaries in continuous speech are not clear. Another important issue with
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continuous speech is dominance of co-articulatory effects (Mohamed and Nair, 2012). In last
decade, researchers have explored the ANN to develop automatic speech recognition (ASR)
systems and it has been found that ANN techniques are suitable where the variety and
separability of the speech patterns are important. However, ANNs by themselves are not
found very suitable for large scale recognition of continuous speech. The Hidden Markov
Model is an efficient tool for continuous speech recognition which can deal with the
variability in speech signal. One of the important features of HMM is its capability to model
any speech units, such that each parameter of it can be estimated based on training data (Bahl
et al., 1983; Rabiner and Juang, 1986). However, discriminative learning algorithm of HMM
makes it suitable only for small problems.

Considering these facts, Bengio et al. (1992) suggested that a combination of ANN and
HMM classifiers can improve speech recognition rate. In Hybrid ANN-HMM system,
emission probabilities for HMM are generated by ANN, instead of Gaussian Mixtures. The
benefit of this combination is two fold: (i) the combination of HMM with ANN will add
some dynamic features to the ANN so that it is capable of handling static pattern recognition
problems as well as dynamic speech recognition problems with the same accuracy and (ii) the
combination will help HMM to get better preprocessing capabilities so that it is more capable

of transforming an acoustic speech pattern.
6.1.1 Estimation of Posterior Probabilities from ANN

The ANN is trained to estimate the posterior probabilities of HMM states so as to maximize
the posterior probability of a left-to-right Markov model 1', given an acoustic observation

sequence O. For a speech recognition problem, the maximum posterior criterion has been
adopted to find the sequence of words W which maximizes the quantity Pw |0), where O is
the sequence of input observation features. The quantity P |O)is factorized using Bayes’
theorem, as:

P(O|W)P(W) 6.0)

PWI0) ===

where P(W) is prior probability and P(O|W) are the likelihoods estimated by the HMM:s.
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6.1.2 Implementation of Optimized ANN-HMM Hybrid System

The implementation of an optimized ANN-HMM hybrid speech recognition system is
presented in this section. The block diagram of a speech recognition system using optimized
ANN-HMM hybrid model is shown in Figure 6.1.Initially, the pre-processing of speech
signal has been done as discussed in Section 3.2.1. The extracted acoustic features are given
as input to the ANN classification module.The PPO with Hooke-Jeeves method has been
applied to search optimum weights and biases of ANN, the details have been discussed in
Section 3.3. The emission probabilities are computed from optimized ANN. The outputs of
ANN have been interpreted as estimates of posterior probabilities of output classes
conditioned on the input. In the hybrid model, the posterior probabilities are used to estimate
the state emission probabilities of HMM by applying Bayes’ theorem, i.e., by dividing the
posterior estimates from the ANN outputs by estimates of class priors. Training of other
probabilistic quantities in the HMM, the initial and transition probabilities, has been done
using BW algorithm. The Viterbi algorithm is applied to obtain final recognition rate as
discussed in Section 5.2.3.

Extracted Features from
the speech signal

AV4
Weights and biases of ANN optimized
using PPO with Hooke-Jeeves method [——— ANN Model
Observations
\V4
HMM

Figure 6.1: Block diagram of optimized ANN-HMM hybrid model for speech recognition

In this work, two databases, a self-recorded isolated Hindi words database and a self-
recorded Hindi sentences database, have been considered for experimentation. The isolated
Hindi words database consists of 20 Hindi words, as given in Table 4.1, with 50 utterances
each, spoken by two male and two female speakers. The self-recorded Hindi sentences
database consists of 16 Hindi sentences with 4 utterances each, spoken by two male and two
female speakers.

The performance of the system has been obtained by computing the word error rate (WER).

The WER can be computed as:
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WER = % (6.2)

whereS is the number of substitutions, D is the number of the deletions, I is the number of the
insertions and N is the number of words in the reference. The word recognition rate (WRR) is
given by @-weRr). The sentence recognition rate (SRR) is defined as total number of
sentences correctly identified by the recognizer and is computed by dividing the number of

sentences recognized correctly by the total number of sentences in the test set.
6.1.3 Results and Discussion

In this experiment, MFCC, Delta and Double Delta features as discussed in Section 5.2.4
have been considered. During training phase, average log likelihood values are computed as
given in Section 5.2.2.Table 6.1 presents the average log likelihood values for isolated twenty
words of Hindi database using optimized ANN-HMM classifier.

Table 6.1: Average values of log likelihood for isolated Hindi words database using optimized ANN-HMM

classifier
Word IP Word P Word IP Word IP
shoonya -221.53 Paanch -258.36 gaana -257.85 paani -307.27
ek -225.32 Cheh -243.92 dekho -258.38 kaam -284.57
Do -246.78 Saat -274.42 baitho -254.49 anek -263.56
Teen -287.27 Aath -211.01 khaao -294.48 achaar -264.23
Chaar -255.37 Nau -263.27 raam -273.24 jagat -276.56

To compute the speech recognition rate, 100 utterances have been randomly chosen from
isolated Hindi words database. The recognition rate has been computed using HMM, ANN-
HMM and optimized ANN-HMM classifier. Table 6.2 shows the recognition rates for
isolated Hindi words database and Hindi sentences database. A recognition rate of 96.0% has
been obtained for isolated words with optimized ANN-HMM hybrid system. For the Hindi
sentences database, 50 utterances have been taken for testing and recognition rate of 92.6%
for words and 48.6% for sentences has been achieved by optimized ANN-HMM classifier.
Wilcoxon signed rank test has also been applied to establish the differences between
samples means for optimized ANN-HMM technique, with ANN-HMM and HMM
techniques. Each algorithm is run thirty times to recognize Hindi words. The test is

performed by taking the level of significance o as 0.01. It is observed from p-values reported
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in Table 6.3 that optimized ANN-HMM technique is significantly better than ANN-HMM
and HMM techniques.

Table 6.2: Hindi words and sentences recognition rates using different classifiers

HMM classifier ANN-HMM classifier Opt'm'i?gs';‘;\ile’\:'HMM
Database
WRR (%) SRR (%) WRR (%) SRR (%) WRR (%) SRR (%)
Isolated Hindi words 86.6 - 89.0 - 96.0
Hindi Sentences 89.4 34.7 90.6 37.8 92.6 48.6

Table 6.3: p-values for Wilcoxon signed rank test results.Optimized ANN-HMM versus ANN-HMM and HMM
technique

ANN-HMM HMM

p-value 0.00008745 0.00008609

6.2 HYBRID SVM-HMM SYSTEM

Support vector machine is one of the most popular approaches that use a discriminative
approach. It has sound theoretical foundation and high generalizing performance (Doumpos
et al., 2007). One of the main limitations of SVM is its ability to classify only fixed length
data vectors so it cannot model the temporal structure of speech effectively. To overcome the
limitations of SVM, a hybrid SVM-HMM classifier has been proposed. The motive behind
the hybrid SVM-HMM approach is to enhance the discrimination abilities of HMM to
improve speech recognition rate. The posterior probabilities of HMM have been computed
from output of SVM. The details regarding computation of posterior probabilities from SVM

is discussed in next sub-section.

6.2.1 Estimation of Posterior Probabilities from SVM

In SVM, there is a no clear relationship given between distance from the margin and the
posterior class probability. Researchers have proposed various approaches to compute
posterior probabilities from SVM, i.e., Gaussian fits and histogram approaches. But these
methods are not Bayesian in nature so they do not represent the variability in the estimates of
the SVM parameters (Tipping, 2000). Kwok (1999) and Platt (1999) have extensively studied
the use of moderated SVM outputs as estimates of the posterior probability. In this work,
SVM classifier is used to generate posterior probabilities during training phase. A sigmoid
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function is used to transform the distance into condition probability P(j|x) and then Bayes’

theorem is applied to get HMM emission probability P(x| j) as:

. 1
P(J|X)=m (6.3)

where P(j) is the probability of the class j and f;is the function that identifies the class j from

the others and that returns the distance from the margin.

6.2.2 Implementation of Optimized SVM-HMM Hybrid System

Implementation of the optimized SVM-HMM hybrid speech recognition system is presented
in this section. The block diagram of a speech recognition system using optimized SVM-
HMM hybrid model is shown in Figure 6.2. Initially, the pre-processing of speech signal has
been done as discussed in Section 3.2.1. After pre-processing, speech features have been
extracted. The extracted features have been given as input to SVM classifier. In this work,
RBF kernel has been undertaken and SVM hyper-parameters, i.e., penalty parameter C and
kernel parameter y, are searched by applying PPO with Hooke-Jeeves method. The detailed

discussion regarding this is given in Section 4.2.

Extracted Features from
the speech signal

\/
Parameters of SVM optimized using
PPO with Hooke-Jeeves method ——> SVM
Observations
Vv
HMM

Figure 6.2: Block diagram of optimized SVM-HMM hybrid model for speech recognition

In the optimized SVM-HMM hybrid system, SVM estimates the emission probabilities of
HMM. Training of other probabilistic quantities in the HMM, the initial and transition
probabilities, has been done using BW algorithm. The Viterbi algorithm is applied to get final

recognition rates as discussed in Section 5.2.3.
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6.2.3 Results and Discussion

The two databases, a self-recorded isolated Hindi words database and a self recorded Hindi
sentences database, have been considered for experimentation. The details regarding these
In this experiment, MFCC, Delta and Double Delta

features of speech signal, as discussed in Section 5.2.4, have been considered. Table 6.3

databases are given in Section 6.1.2.

presents the average log likelihood values for twenty isolated words of Hindi database using
optimized SVM-HMM classifier.

Table 6.4: Average values of log likelihood for isolated words Hindi database using optimized SVM-HMM

classifier
Word IP Word IP Word IP Word IP
shoonya -220.27 paanch -254.83 gaana -253.27 paani -298.12
ek -221.58 cheh -242.67 dekho -247.19 kaam -282.26
do -242.63 saat -273.15 baitho -253.37 anek -260.38
teen -277.16 aath -206.33 khaao -266.83 achaar -255.51
chaar -246.94 nau -261.44 raam -248.35 jagat -268.16

To compute speech recognition rates, 100 utterances have randomly been chosen from Hindi
database. The recognition rate is computed by using HMM, SVM-HMM and optimized
SVM-HMM classifiers. The recognition rate of 98.0% has been obtained with optimized
SVM-HMM hybrid system. For Hindi sentences database, 50 utterances have been taken for
testing and a recognition rate of 93.8% for words and 54.2% for sentences have been
achieved with optimized SVM-HMM classifier as presented in Table 6.4.

Table 6.5: Hindi words and sentences recognition rates using different classifiers

HMM classifier SVM-HMM classifier OptimiiT;jSSSj}/ilg/rl-HMM
patabase WRR (%) | SRR (%) WRR (%) SRR (%) WRR (%) | SRR (%)
Isolated Hindi words 86.6 - 95.0 - 98.0 -
Hindi Sentences 89.4 34.7 93.0 47.3 93.8 54.2

6.3 ASRSYSTEM INTERFACE

In this work, an interface has also been developed for speech recognition system using

MATLAB tool. The snapshot of this interface is shown in Figure 6.3. This interface window
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is having a “record” button, to record a speech signal; a “save” button, to save the recorded
signal; a “play” button, to play a recorded speech; a “load” button, to load a already saved
speech signal; a “predict” button, to recognize a speech signal. The interface window also
shows the waveform of speecg signal and its spectrogram. The interface window also consists
of a length bar to display the length of the speech signal. A text box is also there in the

window to display the predicted result.
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Figure 6.3: ASR system interface

6.4 CONCLUSIONS

In this chapter, two hybrid classifiers, i.e., optimized ANN-HMM and optimized SVM-HMM
have been explored for recognition of isolated Hindi words and Hindi sentences. To improve
the performance of ANN-HMM and SVM-HMM models, PPO with Hooke-Jeeves method
has been applied to search optimum weights and biases of ANN and optimum value of hyper-
parameters of SVM, respectively. In hybrid classifiers, ANN and SVM classifier are used to
estimate the posterior probabilities of HMM states. The MFCC, Delta and Double Delta

speech features have been used. The recognition rates achieved for isolated Hindi words by
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optimized ANN-HMM classifier and optimized SVM-HMM classifiers are 96.0% and
98.0%, respectively. For Hindi sentences database, recognition rates achieved by optimized
ANN-HMM classifier are 92.6% for words and 48.6% for sentences. The optimized SVM-
HMM classifier proposed in this work has produced an accuracy of 93.8% for words and

54.2% for sentences.
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Conclusions and Future Scope

This chapter presents salient and significant contributions of the work carried out in this
thesis as well as a brief statement including recommendations for further research.In this
thesis, an attempt has been made to improve the efficiency of speech recognition systems.For
this purpose, optimization techniques have been explored to improve the performance of
various classifiers. In this work, optimization techniques have also beenexplored to select
most appropriate speech feature set. Proposed methodologies have been implemented to
recognize isolated Hindi words database, TI-46 database and Hindi sentences database.
Section 7.1 contains a brief illustration on the contributions of the work and Section 7.2 lists

some directions for the further research on this topic.

7.1  SIGNIFICANT CONTRIBUTIONS

This thesis has made the following contributions in the field of Hindi speech recognition:

(viii) Two databases, namely, Hindi speech words databaseand Hindi sentences
database have been prepared in this work. The Hindi words database consists
of twenty words with fifty utterances of each word spoken bytwo male and
two female speakers. The Hindi sentences database consists of sixteen
sentences with four utterances of each sentence spoken bytwo male and two
female speakers. The recording has here been done in a quiet room
environment with sampling frequency of 44.1 kHz for both the databases.

(ix)  To search optimum weights and biases of ANN, two optimization techniques
have been proposed. Firsttechnique is predator influenced civilized swarm
optimization (PCSO) in which swarm particles are divided into a number of
societies and global best particle of the swarm is chased by predator particle.

The predator effect helps to exploit the search area more effectively. Second
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(x)

(xi)

(xii)

(xiii)

Conclusions and Future Scope

technique is based on integration of global and local search techniques. In this
technique,predator prey optimization (PPO) has been considered as the global
search technique and Hooke-Jeeves method is undertaken as local search
technique. In predator prey optimization with Hooke-Jeeves method (PPO-
HJ),initial search is performed by PPO technique and in order to further
enhance the search, global best solution obtained from PPO is given as input
to Hooke-Jeeves method.

For SVM classifier, the hyper-parametershave been optimized by proposed
PPO-HJ technique.The recognition rates of 81.5%, 92.2% and 90.3% have
been achieved for Hindi, T1-20 and TI-ALPHA speech databases, respectively
under clean environment by applying PPO-HJ method.

A mixed variable PPO (MVPPO) technique has also been proposed in this
work. The mixed variable PPO with Hooke-Jeeves (MVPPO-HJ) method is
applied for the selection of an appropriate feature set and also for the selction
of optimized hyper-parameters. The recognition rates of 93.4%, 98.8% and
96.6% have been achieved for Hindi, T1-20 and TI-ALPHA speech databases,
respectively under clean environment.

For training of HMM classifier, PPO and PCSO optimization techniques have
been integrated with BW algorithm.We are able to achieve a recognition rate
of 95.8% for words and 54.7% for sentences employing PCSO and BW
algorithm with MFCC, Delta and Double Delta features.

For continuous speech recognition, two hybrid classifier models have been
proposed. These areoptimized ANN-HMM and optimized SVM-HMM
classifiers. In the optimized ANN-HMM hybrid model, the weights and biases
of ANN are optimized with PPO-HJ technique and output of ANN is used to
estimate the posterior probabilities of HMM. In optimized SVM-HMM hybrid
model, SVM hyper-parameters are optimized with PPO-HJ technique and
posterior probabilities of HMM are computed from SVM.The recognition
rates achieved for isolated Hindi words by optimized ANN-HMM classifier
and optimized SVM-HMM classifiers are 96.0% and 98.0%, respectively. For
Hindi sentences database, recognition rates achieved by optimized ANN-
HMM classifier are 92.6% for words and 48.6% for sentences, respectively.
The optimized SVM-HMM classifier proposed in this work has produced an
accuracy of 93.8% for words and 54.2% for sentences.

118



Chapter 7

(xiv)

Conclusions and Future Scope

In this work, an Interface has also been developed for speech recognition
system using MATLAB tool.

7.2 FUTURE SCOPE

No work is complete in itself. We have realized that attempts can be made in the following

directions to improve the work presented in this thesis.

(i)

(ii)

(iii)

(iv)

Enhancement of database: The current work can be expanded in future by
increasing the vocabulary of Hindi words and as well as Hindi sentences.
Enhancing number of speakers: we have included four speakers in creating
Hindi words and sentences database. One canextend this work by including
more number of speakers.

Speaker independent system:The recognition rates reported in this work are
based on the four speakers who contributed in the creation of databases. One
can extend this work by including a larges number of speakers and then
obtaining the speaker independent recognition results.

Hybridization of other techniques: In order to increase the accuracy of ASR
system, integration of global optimization techniques can also be explored to
optimize the parameters of different classifiers. Fuzzy logic based techniques to
optimize the parameters of different classifiers can be explored to improve the

efficiency of ASR systems.
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