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Abstract

In modern times, the speech interface by way of conversion of speech to text
is gaining prominence in Man-Machine interaction. The thesis is aimed at
conversion of speech into text by way of Automatic Speech Recognition
(ASR) system. The ASR design needs three statistical models VIZ., (i)
Acoustic model (AM) for mapping the signal information to symbols using
Hidden Morkov Model (HMM) (ii) Pronunciation model (PM) that maps
word to symbol set and (iii) Language Model (LM) that provides prior
probabilities of word sequence using linguistic knowledge. The PM is an
input, which provides the interface between the outcomes of the statistical
probability estimations (AM, LM). ASR helps to compile final hypothesis as
system generated word sequences. It plays an important role in conversion
of linguistic language to system knowledge by use of computational methods

like HMM, which is core technology to develop ASR system..

Focus of thesis work is in adaptation of PM, also known as lexical model for
Indian Languages. They are transcribed using phonemic symbol sequence
in context of Telugu language phonemes. PM is input to the phonetic en-
gine, to build the HMMs for given speech data by mapping words with
phonetics. Crucial task is to construct sufficient training data for the de-
velopment system by choosing suitable symbols to map the phonemes for
building PM. It is proposed to build phone set of Telugu pronunciation
phone set, say University of Hyderabad (UOH) phone set which is similar
to Carnegie Mellon University (CMU) bench mark phone set for American
ascent (English). It is proposed to create the Telugu language speech bench

mark data set for the purpose..

Most Indian languages are syllable timed languages with one to one mapping

from speech to written form. ASR system performance is complicated due



to variation in speech. In order to improve this, an adaptation is necessary
in various models for standardization. Empirical speech data is recorded
in quite rooms. Then manually transcribe data and compare the results
with well established PM to that of the handcrafted and semi automated
transcribed PM. This is done by iterating (i) training and (ii) testing of ASR
system for the data. This thesis is focused on PM for both data driven and
knowledge driven methods in respect of (i) Speaker Dependent (SD) and
Speaker Independent (SI), (ii) vocabulary (iii) recording environments (iv)

variations in dialects.

Compared with various data sets, it is observed that UOH phone set based
PM, gives better performance, than other bench mark lexicons based on
CMU phone set. For illustration, for isolated words, there is 10 to 25 %
performance improvement in evaluation data set. With the use of UOH
phone set, it is observed that significant improvement in ASR, performance
in terms of Word Accuracy (WA) is achieved by reducing Word Error rate
(WER). Finally, a proto type model of application learning tool for Tel-
ugu language is developed, and is named as INTelligent Telugu Language
Learning (INTTELL)

Keywords: Automatic Speech Recognition system, lexical model, Word Er-
ror Rate and Word Accuracy, Phoneme, Telugu language, Speaker Depen-
dent (SD).
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Chapter 1

Introduction

In this Chapter we introduce the topic and certain background material related to the
thesis topic. Human beings are most comfortable using speech, interfaces in interaction
with modern digital devices. The technology behind ASR (Automatic Speech Recog-
nition) is very complex in contrast to the ease of usage. An ASR system, transforms
a human speech signal into a digital encoded form. Typically the early systems used
to produce a sequence of ASCII strings. It is well known that there is tremendous
linguistic diversity in the world. Not all native speakers know English. There is a
tremendous need to produce ASR systems in Indic languages. Speech Technology and
Language Technology together open a large domain of research challenges using the
complex process of converting spoken language into written text. Systems that do this
transformation are called as Automatic Speech Recognition (ASR). This process is also
called as Speech to Text conversion (STT) system and it utilizes phonetic engines to

implement the process.

1.1 Functional Block Diagram Of ASR System

In quite simple terms ASR is the transformation of spoken term input into feature sets
as vector, and these feature vectors values are transformed as a symbolic representa-
tion of text as model. Here input spoken term is signal space and output text is the
symbol space. Model transforms signal space to symbol space. One such model for
signal a space is called Gaussian Mixer Model (GMM)[GHO12] and for Hidden Markov
Model (HMM) [GAL98] are used for this transformation to the symbol space. The
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basic principle of Speech Recognition is classically the problem of Pattern Recognition
(PR)[DUDO1]. In all PR systems first stage is to build a model using training data. For
this purpose, Baum Walch [BAU96], re-estimation using Maximum Likely hood Lin-
ear Regression (MLLR) [DEM77][LEG95] and Maximum A Posterior MAP[GHO12]
[XUE14] techniques are used. The next stage of recognizing the patterns is to map the
signal to symbol space using a Viterbi search technique. Thereafter, in the application
phase input patterns are recognized so as to generate appropriate symbol sequences in
terms of ASCII Code encoded suitably for a language.

In speech recognition as well as in general two modules viz., Feature Extraction
(FE) and Feature Matching (FM) modules are used. The task of feature extraction
module is to convert the speech [ANJ06] utterance collected from the user into some
type of representation for further analysis and processing. The extracted information
is also called as a Feature Vector. This conversion process is done by signal processing
unit, which is called as Front end module (FEM) [shown in Figure No. 1.1], as Module
I. This module takes as input pre-processed speech signal, also called as a clean speech
sample and the output of the Module-I is a feature vector. This feature vector is Mel
Frequency Cepstral Coefficient (MFCC) [SLET79], which comprises of 39 vector values
details in Chapter 2.

In the second module of feature matching, also called a classifier is to extract feature
vector from unknown voice sample into their acoustic scores against acoustic model
(AM), the model with maximum output score and its corresponding text is consid-
ered as a recognized word. The acoustic model is used to score the unknown voice
sample. The output of front-end is given as input to the acoustic model. Generally ei-
ther VQ (Vector Quantization)-code book or Gaussian Mixture Model (GMM)[KIM11]
[RAB93]is used in the Acoustic model. In this work GMM is used. The Figure 1.1 shows
the modularized Block diagram of ASR system|[LEE94] shown below. The blocks are
numbered based the work of the function. The ‘0’ indicate the corpus collection and
prepare the data set for the system ‘1’ indicate the feature vector computing. These
feature vectors are used to compute the GMM-HMM model during the training pro-
cess. Here the system is learning the mapping the signal information corresponding to
the symbol information. The process is done iteratively to create the patterns for a
given input by user in the supervised learning mode. Here the phonetic symbols are

mapped to the framed signal information. ‘3’ indicate the computing the AM,PM and
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Figure 1.1: Block Diagram of modularized ASR system [RAB10]

LM[RAM16] for a word level patterns. Training process generate the HMM models for
word level, and word network to lexical and language models.4’ indicate the decoding or
testing process working with Viterbi search that searches text corresponding for given
input probabilities. In this block using Viterbi search system compute the hypothesis
text corresponding to given input speech signal in the form of feature vectors to this
block. ‘5’ is evaluates the generate text with the reference text. Reference text is user
transcribed text. In this block using Levenshtein Distance measure algorithm[LIV16]
computes the Word Accuracy (WA) and Word Error Rate (WER)[MOH13] which are
the two measures used in this thesis for result analysis. The data flow in the system
with functional description of input and output of the ASR system described with

different color boxed in Figure 1.1 shown below.

1.2 Aim of thesis

In this thesis the aim is to use an Automatic ASR system for conversion of, input Tel-
ugu Language Speech utterances to output Telugu script with intermediate generation
of ASCII codes, i.e, to build a Telugu Language ASR (TASR) system. The state-of-
Art HMM method is used for transformation of spoken signal term into written form by

using PR Technique. ASR Engine is the tool which is built on the principle of HMM to
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take input as a speech and gives a text output in ASCII codes corresponding to the lan-
guage of the speaker. The review articles of Prof. Raj Reddy [XUE14] and Prof. Janet
M Bakar [JAN09] and team described progress over 4 decades of the ASR problem. In
this thesis speech recognition for utterances in Telugu is chosen as the research problem.
It is clear that a solution to this problem requires linguistic background information of
the Telugu language given more details in chapter 3. Due to lack of resources in this
language domain immense efforts are required to collect data and perform data anno-
tation. The annotated text is mapped as a unit of pronunciation symbol that maps to
the phoneme of a language. In Telugu Akshara [NEGO1] is whole symbol to represent
pronunciation. This symbol is used for building the lexical model or pronunciation
dictionary. Phonological rules used as a make an attempt to incorporate the word pro-
nunciation variations which is linguistic knowledge driven method to analyse pronuncia-
tion variation. With ASR system forced learning an attempt made to incorporate these
variants into the lexical model for robust system as a data driven method [BHA11]. To
strengthen both concepts, existing systems [KUMO04] [AGG11] reviews of author works,
and [SRE04][NAGO5] are my contributions exploring with different input Telugu data
in ASR implementation and their functionality and its transformation followed by use
of Horse shoe model [MIS09][DUGO6] [Detailed in Chap 6]. The whole transformation
from ASR system [SRE04],[NAGO5],[VIV06],[NAGOT7],[NAG16],[NAGO09] to the TASR
system[NAG10a],[NAG10b],[ABH10],[NAG11],[NAG12a],[NAG12b],[NAG13],[SAI15]in
layered structure systematically followed with the principle of Horse shoe model soft-

ware method explain in chapter 6 with Figure .6.1.

1.2.1 Contrast of SR in Human and Machine

The process of understanding speech by humans through recognition needs a large
amount of knowledge in the language. This requires a command on the phonetics,
phonology, lexical, semantic, grammatical and pragmatic layered principles of the lan-
guage. It demands the user knowledge in context of a language must be very good so
as to train the recognition task other wise communication fail. Speech communication
and the components described in Figure 1.2. in layered structure of transformations
from message formulation , Language coding, Neuromuscular actions to produce the
acoustic waves by the articulatory system in the speech generation. Air is media to

carry acoustic wav to auditory system that covert acoustic wav into the reverse process
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Figure 1.2: Speech Communication in Human with Speech Generation & Speech percep-
tion [RAB99].

to message computation that convey the message in the process of speech recognition
modules in human. The role of acoustic module and auditory module are described
in Figure 1.3. In both section important module is language code module that uses
sub components of phoneme sequences, words and prosody to carry actual information.
The two Figures 1.2 and 1.3 gives the importance of signal processing and language
processing in speech technology. The processing in human brain is abstract level is de-
scribed in detail with help of Figure 1.2. Hence the two Figures explain the necessary
concepts need to understand design of ASR system. Figure 1.3 explains the physiolog-
ical components that produce and perceive the signal by human brain numbered 1 and
3. ‘2’ is the auditory system to transform signal into features set with spectral analysis
of acoustic wave. It is an important block in computation technique.

Understanding of speech by a computer system is good, if it has chosen a carefully
sub domain of linguistic information with well designed vocabulary in the context of
command and control mode. This detailed process of Human neuro system, articulatory
system to product acoustic wave, acoustic wave perception with held of auditory system
and human brain is explain abstractly in Figure 1.3.

In context of speech processing Man and machines are different the way they do
process.. The human ability lies in complex cognitive process that is able to map from
acoustic signals to the meaning and purpose of communication. . In system speech is
represented as sequence of digitial values and these values used to map in the system
to make machine to recognize the speech. In this context both man and machines

do the process of search for best match of text that maps to the given input signal.
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Using Machine learning algorithm, ASR technology compute and optimize the search
to get best match|[MAS13].. One of the very successful systems for ASR[XUE14] makes
use of the HMM[RABS89] [JACO8|frame work. For facilitating the same probabilistic
Bayes classifier of ASR system furnishes the approximate word sequence for a given
acoustic signal. The probability estimation and probability distributions represented
through the parametric models are used for the purpose. The N-gram model is used for
estimation of probabilities of word sequences [JEL97][RAB10] as part of the language
grammer and probabilities of speech signal are modelled through HMM technique.

Despite a lot of technical progress human cognitive performance is presently better.

1.3 Problem Statement

In this work a HMM based ASR system is designed for the Telugu language, one of the
most used Dravidian languages. The speech characteristics of previous ASR system
are, built with the English Alphabetic system [BRA83|. They used American accent
(English) sound units. In this work using horse shoe model re-engineering concept
and well established ML algorithms for speech pattern recognition it is attempted to
model the human learning process. The approach proposed here also incorporates

robust adaptation methods for recognition by Speaker Independent mode of speech
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into written form of the Telugu language utterance. The proposed system has an ASR
engine, supervised method of learning, the use of both knowledge base and data driven
procedures for adapting to the speech variations, and construct the lexical model of
the Telugu language ASR system. Precisely the thesis problem states that “design
of an Telugu language ASR system, using phonetic and phonological concepts from
knowledge base, and pronunciation of sounds and their variants’ from data driven
method to produce robust system. Develop a lexical model of Telugu language with text
and speech corpus with speaker variants incorporating their adaptations. Thereafter,

the design is generalized for any human languages”.

1.4 Motivation and Objectives

In this work its aimed design a framework for recognizing the spoken inputs in Tel-
ugu language (by a Speaker Independent model) and to convert this into its written
form representation with fundamental independent sound units. The phonetic En-
gine (Sphinx IIT ASR system)NAGO5] [SREO04], is used in the target language. The
approach is processed from phonemes, sub-word units as syllables, words and simple
sentences which is the traditional way of learning any language. The proposed design
may be useful for making a Speech to Speech interactive system for language learning,
with additionally facilitating to learn an Orthography (of Telugu Akshara) through the
proposed INTTELL approach [NAGO5][NAG10].

1.4.1 Technical Limitation of Thesis

This section is depict constrains on the research problem chosen and description on the

research problem demarcations.

o Adaptations or modeling are different kinds, and are used to improve the perfor-
mance of ASR.

— Specifically modelling pronunciation at the lexical level is about looking the
variations within the word and across the words. The amount of pronunci-
ation variation is limited in isolated words compared to the conversational
speech [KUMO4]|, hence limit to the present dissertation work on isolated

words is more focused. The variation is due to limited speech variants in
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isolated words, as compared to the conversational speech data i.e limited in

phonetic and phonological concepts of linguistic knowledge.

— The problem of pronunciation variation at the lexical level.

e The importance is given to the speaker dependent mode, one of the focused point
in the dissertation task. According to the Charles Darwin [DAR58] the best
adapted individuals, with variability in favorable direction, will tend to propagate
their kind. History says that at the evaluation time the vocal organs of human
are adapted in such way that they are used to produce the speech. Actually their
primary role in human physiology is different. (the functions of vocal cord is
explained in detail in chapter 2, Human physiology section). Human perception,
which is similar to the speech recognition in system also adapted to be able to
process speech sounds. This task is complicated to computer system to date, in
spite of 7 decades of research by many groups success rate is approximately 50%

in real time domain application due the constraints of data set collection.

This work has commenced before the use of deep networks [DEN10], and in era of
much less powerful computational system, the approach therefore is based on upon the

strategies, where lesser computation of storage is used.

1.4.2 Applications

The speech modality can be used with latest trends in use of latest electronic gadgets
like Mobile phones. The use of such miniature gadgets is leading to the health prob-
lems. Speech is the easy and simple system of inputting and out putting from digital
world [HAM10] to communicate, which may help to come out of the drawbacks of
current touch key press modalities. Hence, Human Language Technology, rising with
combination of computer science, Information Technology and Computational Linguis-
tic domain, is no more confined to humanities domain but now also an Engineering
domain.

All these progressive technologies give full opportunity for Human interfacing sys-
tem through speech Technology. This technology includes both ASR and TTS sys-
tem[JACO8]. The problem addressed in this thesis i.e. lexical model for Telugu lan-

guage and its adaptation using speech variant factors is going to be most important
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work in both Telugu states, Telangana & Andhra Pradesh. It also gives scope for com-
mon man who does not have computer literacy, but can be able use the Technology.

E- Governance will reach to every common man in the society in future.

Chapterization in thesis Structure

Chapter 1: In this chapter discussing the problem introduction, an introduction to
speech recognition system, with brief explanation of ASR system functions. A motiva-
tion with social relevance of thesis problem is also presented. Here the assumptions and
technical limitations for implementation are also presented. Design objectives, thesis
statement and finally structure of thesis is presented.

Chapter 2: Investigation of the existing ongoing research work in the field of ASR
system, linguistic aspects in context pronunciation variants that affect the word accu-
racy of ASR system, New language based ASR system building and their approaches
and limitations. The different domains that related to and limiting factors on Recog-
nition accuracy compared to Human Speech Recognition system. Thesis focuses topic
of pronunciation variation and its adaptation techniques followed by other languages.

Chapter 3: In this chapter a discussion about the differences between phonetic
and phonological information in context of ASR system building in presented. Dis-
cussion on Telugu language concepts and an attempt is to made to build a better
system. Also explored ASR system and its application in Education domain and pre-
sented for proposed INTTELL (Intelligent Tutor for Telugu Language Learning) tool
[NAGO5][NAG10]. Existing language education tools using Speech systems are also
part of the chapter description.

Chapter 4: Study of existing literature and research in pronunciation variations
and their modelling in the Telugu lexicon is presented. In this chapter some of the
traditional approaches that deal with pronunciation variation in ASR are discussed.
The aim of this is to establish bench mark experiments in developing a lexicon model
(knowledge base and data driven methods of the system) in spoken languages. The
chapter concludes with directions to understand target language modeling in lexical
model with the context that is suitable for creation of robust lexicon for Telugu ASR

(TASR)[NAG10][NAG11][NAG12).
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Chapter 5: This chapter focuses on empirical analysis of lexical modeling using
ASR system frame wok. Presentation of a novel technique is applied to develop lexicon
for Telugu language and analyzing the pronunciation variant factors that happen in
the developed corpus. Further, the modeling pronunciation variation at the lexicon
level is discussed. The benefits of including a new pronunciation dictionary for differ-
ent source of speech data, in terms of gender, dialectal and language variants, during
training for pronunciation variations at the lexicon level is presented [NAG13]. Suc-
cessful approaches investigated in the current work and attempt is made to improve
Word accuracy in ASR system. The need to develop a speech and text corpus in design
aspects for developing Telugu language ASR system.

Chapter 6: Conclusion of the thesis, summarizing contributions of research carried
out. Future scope for further research directions discussed. The thesis covers both the
theoretical aspects as well as applied aspects of ASR system performance. Scope and
definition of INTTELL system design, methodology and the architecture are carried

out.

1.5 Research Contribution

As part of the PhD research contribution, papers were presented at various National,
International Conferences and Journal Papers, as detail are given in chronological order

at Table No.1 below.

Table 1.1: The cronological order of research contribution in ASR domain

S.No. | Thesis relevant Con- | Tasks focused during | Context of the Task

tributions and refer- | research for research and its
ences mentioned in publication focus
thesis

(i) [NAGO4]  (Nagamani | Speech analysis impor- | Collection of speech
et.al,2004): tant and utilization of | samples in differ-

tools for feature extrac- | ent environment and
tion procedures and ap- | analysing the speech
plication proposal signals using the tools
and programming
scripts.  Speaker De-
pendent and Speaker
Independent system
design for ASR
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1.5 Research Contribution

[SRE04a],(G.Sreenu,
Nagamani et al,2004)
[GIR04] P.N. Girija, M.
Nagamani et al,2004
[SRE04b], (G.Sreenu,
Nagamani et al,2004)

[NAGO5]:(Nagamani et
al.,2005)

Implementation of
ASR system for ap-
plication development
using speech technology
concepts

Speech  sample  col-
lection  for  Telugu
language specific data
design application
with  simple Telugu
sentences(40 Telugu
sentences), Telugu
phonemes and Sim-
ple Isolated Telugu
words with application
proposing for language
learning tool.

(vii)

[VIV06:
al.,2006) |

(Vivek et

[NAGO7]A :(Nagamani
et al.,2007)

coustic signal analysis-
Missing feature
cepts in context of Tel-
ugu phoneme ASR for
Accuracy improvement
procedure exploration
task.  Applications of
ASR system

con-

ASR applications and
Design concepts and
base system under-
standing for TASR

(xii)

[LALO9JA : (R.P.Lal et
al.,2009) and

[NAGO9] : (M. Naga-
mani et al.,2009)

Detailed exploration of
Phonetic Engine Sphinx
IIT in context of HMM,
design and developed
ASR system for Tel-
ugu speech, pronunci-
ation of speech utter-
ances and their varia-
tions in word level con-
text, and their influ-
ence on Word accuracy
of ASR system

Isolated Word corpus
using Telugu language
and implementation
of the ASR
in Command Control
mode for form filling
applications. Also noise
analysis and segmenta-
tion problem pre and
post utterances to deal
with Word Error Rate
in ASR system

system
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(xiii)

[NAG10a]: (M. Naga-
mani et al.,2010a)

[NAG10b]: (M. Naga-
mani et al,2010b)
[NAG10c]: (M. Naga-

mani et al.,2010c)

Pronunciation Model-
ing, supportive tools
for  development  of
TASR  system and
corpus building tools
exploration

Defining Telugu lan-
guage Askhara specific
phonetic symbol, use of
these phonetic notation
to design Telugu lexi-
con. Explore and pro-
pose transliteration tool
for Telugu transcription
and manually written
Lexicon for Telugu data
set used for system de-

velopment

(xvi) | [ABH10]: (Abhijit Deb-
barma et al.,2010)

(xvii) | [NAG11]: (M. Naga-
mani et al.,2011)

(xviii) | [NAG12a]: (M. Naga-
mani et al.,2012a)

(xix) | [NAGI12b]:

(M.Nagamani et
al.,2012b)

(xx) [NAG13]: Error analysis in Telugu | ASR performance
(M.Nagamani, et | phoneme recognition, | improvement by reduc-
al,2013) Speech  enhancement | ing the insertion and

concepts to improve | substitution errors by
accuracy of TASR, ap- | removing the noise in
plications of ASR and | the signal information
Telugu Speech systems | and also developing
an application to com-
mand control based
music player software
through ASR system.
Text to speech for
Telugu language task

(xxi) | [SAI14] Sai Bala
Kishore N, M, Naga-
mani et al.,2014)

(xxii) | [SAIL5):(Sai N B

Kishore et al,2015)
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xxiii

Xxiv

[NAG16]:
(M.Nagamani
al.,2016)
[NAG1S]:
(M.Nagamani
al,2018)

et
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Chapter 2

Literature Review of Lexical
Modelling in HMM based Telugu
language ASR System

2.1 Introduction

In this chapter concepts related to thesis work “Modelling the Lexical model” using
speech variations to develop Robust Telugu language ASR system are reviewed. The
major contribution is an approach to building the lexicon for the TASR (Telugu lan-
guage ASR). This process is used to improve word recognition accuracy by reducing
the confusions causing word error rate. TASR system generates the Telugu phoneme
specific phonetic units as their basic units of sound representation as the text. These
phonemic specific phone set are used in lexical model. The same lexical model is
adopted for generic ASR system that can work for any language. An understanding
of the operation of speech recognizer is required for the purpose. In ASR system, a
waveform of phonetic symbols that are derived from Telugu Aksharas is input to the
recognizer system and the output is generated in terms of ASCII symbols. The entire

process of Pattern Recognition is explored using HMM technique.

2.2 ASR system as a Pattern Recognition (PR) problem:

Human beings possess “capability of learning by experience” [DUDO01]. This is the key

concept taken for the ASR system frame work, which is used to convert a signal into

14



2.2 ASR system as a Pattern Recognition (PR) problem:

its corresponding recognized text. Spoken terms or uttered speech are transformed
into a written script. A set of rules are made by understanding the nature patterns by
the Humans. The major challenge in research is to incorporate this human knowledge
(skill or ability), which is difficult to comprehend, into a process. Human performance of
recognition has so far been superior to that of machine in this context. The underlying
abstract concept is patterns, and these patterns are mapped with some underlying rules
to recognize unknown patterns. Hence the scope opened by pattern recognition domain,
to achieve the goal of Recognition process of “speech” that is a natural information
produced by humans [BIS06]. Through decision capability by machine intelligence
system, Pattern Recognition (PR) is done, through mathematical techniques. The
domain of PR is the design and development of systems for recognizing patterns by
analyzing the data, depicted in Figure 2.1. In most cases, the data is real world data
and are gathered through sensors. Microphone or audio sensors are the data acquisition
devices in this context. From the sensors signals, patterns are extracted. A Microphone
is a transducer which converts acoustic pressure variations. Subsequently in the form
of an electrical signal, which has to be sampled and digitized. Speech wave pressure
sensing is performed by a microphone which captures human voice and converts into
the electrical signal. These electrical signals are converted into pattern representations
using digital signal processing techniques, sampling quantization and filtering methods.
Humans do pattern processing first and then representation of data. The machines are
good at data processing hence reverse process of human, i.e. representation of data and
then pattern processing next [YEG94]. With the help of signal processing, the natural
patterns information of human can be captured. The information is extracted in terms
of data which is useful to represent the machine. Subsequently machines are taught to
learn. They are able to recognize the patterns, with help of human generated rules. The
data from the machines are learned similar to human. The core processing in human and
machine is entirely different. Hence till to date ASR problem is a complex research task.
Human are more comfortable with speech communication and systems are comfortable
with script (written form) communication. To interact with the machine by human is
simple, when speech modality is used with help of speech technology. The process is
tedious and complex task when it is natural language rather programming language. In
the universe there exists about 6700 [OMV05] spoken language. Though some language

looks similar but they always have distinct features. These divergence representation
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2. LITERATURE REVIEW OF LEXICAL MODELLING IN HMM
BASED TELUGU LANGUAGE ASR SYSTEM

Speech Audio Spectral ~ HMM Output(Y)
: features
: — - Pattern Matching
input (X) Spesch capturing signal | Digital Sl;ﬂla] aleorithm procgss Recognized word
P apturing Processing = or subwords into
= ~\ r Device X dule to extract using the
(Microphone and ) oo RIACt | | technique for e a form of
T acsociate s the important ine th hypothesized text (W)
ystem features from the mapping the
to record the captured wave/ MFCC | numberic data as a (symbol
audio file) rocorded andio file [51.- 3] \f'eci[‘s;r t:r t:ud]o seugences)
ional vectoredl—-are €a =W
signdl sequence numbers MFCC vectoredl
[X1...%] numbers
Reference speech
Pattern =[X.Y] signal feature
X: Input signal as a Signal information Space vectors as patterns
Y: Output text as a Symbol information Space
Mapping from input X to the output Y is a Pattern

Figure 2.1: Pattern Recognition problem for ASR using the state of art HMM [DUDO]]
[BIS06].

by the machine is a complicated task. The ASR research dates back to 7 decades. Yet
for any new human being the spoken languages implementation need to cross barriers,
in spite of sufficient available technological facilities.

In the following a review specific to Telugu language ASR development is presented
and finally focus is on to the speech variability and then to variations in modelling in
this system. This is used to show the nuances and complexity related to ASR systems
in general and specific to Telugu in particular.

The literature shows several approaches to the ASR system development. The Hid-
den Markov Model (HMM) , the scope in this work presented. The approach for ASR
System is the HMM. HMM, has rich mathematical solutions for pattern recognition
problems. The generic architecture of an ASR system is described at Figure.2.2 for
Telugu language, using HMM approach for pattern generation and pattern classifi-
cation for a given input speech. signal. The approaches are feature extraction, and
classification.

Language specific building blocks of Figure 2.2 generic representation for any lan-
guage with the following architecture of the ASR system with HMM is shown below
Figure 2.3.

The ASR system researches for the Telugu language during the period from the
year 2004 to 2017 is given in Table 2.1. In this table the research contribution of
authors and the topic of the research is presented. Most of the cases generic ASR

system with the use of HMM model is used to develop language specific ASR system.
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2.2 ASR system as a Pattern Recognition (PR) problem:

lexicon
P25 ATDRAXS
ATDM AXN
speech ;;‘D{E%SEX?\“IDHH e language model
signal o
g . ALFLIXKIASHAKN unigraim and bigiam
) ATEHAXTHYAXLIAMIXTIX
ALV AL SAXR AXILAL
l acoustic model
feature
extraction
W‘ search recognized
— P — ]
algonthm words
t
acoustic vectors HM

Figure 2.2: ASR system block diagram using HMM principle with Telugu Language
Speech data and Lexical model using UOH symbol set.

Speech data Acoustic model’s
collection module training block
Word

= transcription :b Best transcriptions|
Preliminary text creation block selection Mack: iranscriptions
material and words

processing block l

¥ r-gram language
madel creation n-gram Recognition block
|l block language model

Text data Hypothesis of
collection module spoken phrase

Fig. 4. The architecture of soflware complex of conversational Russian speech recognition sysiem.

Sound signal form
a microphone or
from recorded data
base

Dictionary of

Figure 2.3: Generic ASR system architecture for developing language specific with use
using HMM principle for Acoustic Model; Lexical Model; and Language model;[IRI13].
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2. LITERATURE REVIEW OF LEXICAL MODELLING IN HMM
BASED TELUGU LANGUAGE ASR SYSTEM

Hence choice of HMM in this thesis work. Definite model building compare to other
contemporary model during that period. ASR is multi disciplinary system, integrating
all those system development from the scratch is very difficult. This may not a proper
choice as concentration of the task is the language specific system building. Hence
chosen the tool that available with open source.
speech recognition system built with the HMM principle. The training and testing
process of the system explored with the principle of PR and HMM in this system. This

This open source tool Sphinx III

is second reason to be a choice of HMM in this thesis work.

Table 2.1: Review on ASR system for developing of the Telugu language by various

authors in India in chronological order from 2004 to 2017.

S.No. | Conept of Research Article in | Authors Year
Telugu of
Pub-
lica-
tion
1 A Human machine speaker depen- | [GIR04] P.N.Girija, M. | 2004
dent speech interactive system Nagamani, M Narendra
2 Improving reading and writing skills | [NAG05] M. Nagamani, | 2005
with Intelligent Tutor for Telugu | M Narendra Prasad |,
Language Learning (INTTELL) P.N.Girija
3 Statistical analysis for Telugu Text | [BHAOQ7] 2007
Corpus G.Bharadawaja Ku-
mar, Kavi Narayana
Murthy
4 Real time ASR with HMM word | [RAMOS] 2008
models for Telugu A.V.Ramanna,
P.Laxminarayana,
P.Mythilisharan.
5 Intelligent Tutoring System for Tel- | [NAG10] M. Nagamani, | 2010
ugu Language Learning BSR.Krishna
6 On the Design of a Tag set for Dra- | [KAV12] Kavi Narayana | 2012
vidian Languages Murthy, Badugu Srini-
vasu
7 Substitution Error analysis for im- | [NAG12] M. Nagamani, | 2012
proving the word accuracy in Tel- | P.N.Girija
ugu Language in automatic Speech
Recognition System
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coustic features

Kyakala,Rajasree
Nalumanchu, V.k
Mittal

8 Developing efficient speech recog- | [VEN12] Venkatesh- | 2012
nition system for Telugu Letter | warulu R.L.K, Teja
Recognition R.R, Kumari.R.V

9 Text Independent Language Recog- | [SAD12] 2012
niton system using DHM with new | M.Sadanandam,
features V.Kamakshiprasad,

V. Janaki, A.Nagesgh

10 Pronounciation Variant and Substi- | [NAG13]M.Nagamani, | 2013
tutional errors for improving tel- | P.N.Girija
ugu language Lexical Performance
in ASR system accuracy

11 Named Entity recognition for Tel- | [YOH13] Yohan P.M. 2013
ugu using N-grams and Context fea-
tures

12 Deduction of Confusion pairs on dif- | [USH13] N.Usha rani, | 2013
ferent rates of speech in Telugu P.N.Girija

13 Morphology based POS tagging on | [SRI14]Badugu Srinivas | 2014
Telugu

14 Environmental Noise analysis for ro- | [KIS15] Kishone N, Sai | 2015
bust automatic Speech Recognition | Bala, M Rao Venkata,

M. Nagamani

15 Transcription of telugu TV NEWS | [RAM15|M Ram | 2015

using ASR Reddy , P Laxmi-
narayana, A V Ra-
mana, Markandeya J
L

16 Accent detection of telugu speech | [KAS15] Kasi | 2015
using prosodic and format features | Prasad,Mannepalli,P.

Narahari Sastry

17 Dependency parser for Telugu Lan- | [NAG16] Nagaraju G. | 2016

guage N,Mangnathayaru and
B padmaja Rani.

18 Analysis of Source and System fea- | [RAJ16] K.N.R.K Raju | 2016
tures for Speaker recognition in | Alluri, V.V Vidyadhara
Emotional condition Raju, Suryakanth.

19 Study of Telugu Vowels using ac- | [PRU16]Pruthiv. Raj | 2016
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20 Speech Recognition using arith- | [ARC16] Archek | 2016
metic coding and MFCC for Telugu | Praveen Kumar,Neeraj
Language Kumar,Cheruku

Sandesh Kumar,
Ashwani Kumar

21 Implicit Language identification | [MAN17] Manish | 2017
system used on Random Forest and | Gupta, Shambhu
Support Vector Machine for Speech | Shankar Bharti,

Suneeta Agarwal

22 Speech based emotion recogniton in | [REN17] Renjith, K.G. | 2017
Tamil and Telugu using LPCC and | Manju
Hurst parameters -A comparative
study using KNN and ANN classi-
fiers

Actual Research in the area of ASR is around 5 decades.

The following Table

No. 2.2. present various research contribution other than the Telugu language from

the Isolated digit recognition system to spontaneous speech recognition is included.

The contributions are in development of algorithm, systems, books and concept. The

technology progress in chronological order presented.

Table 2.2: Research work (Non-Indian Language) carried out by various groups and

researches from 1963 to 2017, few milestones in ASR with their authors and contribution

years.

S.No. | Year | Authors Concepet & Language

1 1963 | [INAG63] K.Nagata;Y.Kato;S.Chiba | spoken digits;japanese

2 1978 | [SAKT78] H;Sakoe; S.Chiba SpokenWord

3 1989 | [RAB89]L.R.Rabiner HMM-Review

4 1994 | [MOO94| Travel;R.K moore speech resarch and important
points related to speech

5 1996 | [RED96] D R Reddy Technical Report on computer
speech recognition

6 1996 | [GAL96] M J F Gales;S J yong Speech recognition using par-
allel model combination

7 1997 | [JEL97] F Jelinek Statistical method of speech
recognition

8 1997 [VAP97] V vapnick;S Golowish;A | Signal processing regression

Smola estimation
9 1998 | [BUR98] Burges C Book on ASR
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10 1999 | [RAN99] Lawrence Rabbiner;Biing | SVM kernel based learning
Hwang Juuang method book
11 2000 | [NELOO] Nello Christian,John | Natural human machine com-
Shawe-taylor munication with ASR book
12 2000 | [JUAOO] B.H Juang and S.furi Language independent and
language adaptiveacoustic
modelling
13 2001 | [SEHO1] T.Sehultz Named entity recognition us-
ing character level features
evaluation
14 2003 [WHI03] Whitelaw;Casey and john | review article on corpus based
pattrick spontaneous speech recogni-
tion
15 2005 | [FUROb5a] S Furui Statistical method for recog-
nition and speech understand-
ing
16 2005 | [RABO5] L Rabiner and B Juang Ubiquitous speech
recognition-cluster-based
modeling
17 2005 | [FURO5Db] sadoki furukijthomohisa | Language survey:slavic lan-
Ichiba guages speech protection
knowledge in  automatic
speech recognition
18 2006 | [SUS06] R Sussex and P Cubberley | Multilingual speech process-
ing
19 2006 | [SPE06] Spector; Simon King;Joe | deep mnetwork with local
Frankel denosing critirea-stacked
denosing auto encoders
20 2006 | [SCHO6b] Schultz, T Kirchhoff k A review on speech recogni-
tion technique
21 2010 | [VIN10]  P.Vincent;H.Larochelle;I | Convolution bottleneck net-
lagole work fetures for LVCSR
22 2010 | [SAN10]  Santosh K,  Gaik- | Sub Guassian moxture models
wad;Bharti W for cross lingual
23 2011 | [VES11] K. Vesel; M.Karafit and | Sinhala speech recognition
F.Grzl
24 2011 | [GHO11] Lu L;Ghoshal A Renals MLP training using multilin-
gual data and their
25 2011 [NAD11] Nadungodage | Unsupervised cross lingual

T,Weerasinghe R

knowledge transfer in DNN
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26 2012 | [BREE12] Unsupervised cross lingual
N.T.V.U.W Breiter;F.Metze knowledge transfer in DNN-
based LVCSR
27 2012 | [GHO12] P.Swietojanski; A.Ghoshal | Deep and wide:  Multiple
and S Layer in ASR
28 2012 | [SW112] P.Swietojanski;A.Ghoshal | Maximum A Posterior adap-
and S Renals tion of subspace Gaussian
mixture models for cross -
lingual speech recognition
29 2012 | [NEL12] Nelson Morgon isolated word ASR pasto
30 2012 | [GHO12b] Lu L;Ghoshal A Renal Multilingual training of deep
neural network
31 2012 | [AHM12] Ahmed Irfan;nasir Ah- | DNN accoustic modeling
mad;Hazrat Ali with modular multi-lingual
features
32 2013 | [GHO013]J.Gehing;Q.B.Nguyen;F.Metzd[ultilingual accoustic models
using Distributed deep neural
network
33 2013 | [HE113]|G.Heiigold;Vanhoucke Multi-lingual hierarchical
RASTA features for ASR
34 2013 | [TUS13] Z.Tuske;R.Schluter and | Database of speech recogni-
H.Ney tion for comparative analysis
of multi language
35 2013 | [MAS13] speaker independent connect
M.Masior;M.Igras;M.Zioalko speech recognition fifth gener-
ation computer
36 2013 | [FGC13] FGC article not known indonesian  isolated  digit
speech recognition
37 2013 | [DEW13] Dewilka Novita;Fahri | online adaption technique for
Firdausilla spoken query system
38 2013 | [SHA14] Shahnawazuddin S;Sinha | Deep Speech:scaling up end to
R end speech recognition
39 2014 | [HAN14] A Hannun;C.Case | state of art in statistical
;J.Casper method for language
40 2014 | [HAN14] A .Hannun;C.Case | Deep convolution neutral net-
;J.Casper work with layer wise context
explanation
41 2016 | [BEL16] J.R.BelleGrada  and | state of art in statistical
C.Monz method for language
42 2016 [YU__18] D.Yu;W.Xiong;J.Droppo Deep convolution neutral net-

work with layer wise context
explanation
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43 2017 | [LAZ17]  Lazar;Jonathan;Jinjuan | research methods in human
Heidi Feng and Harry computer interaction
44 2017 | [XIO17] Xion;Wayne Microsoft 2016  Conversa-
tional speech  recognition
system

The main approached followed in this thesis are discussed briefly to understand
structural content in the thesis. There are various approaches based on the context of
data and knowledge bases and classification of the methods. The following paragraph

reviews on ASR approaches.

2.3 ASR approaches

There are different approaches to the implementation ASR system following sections
describes the required knowledge that used in the current thesis implementation pro-

cess.

2.3.1 Knowledge based approach

The study of the Telugu language that a speaker desire to intends to express, and entail
an analysis is a Linguistic context approach. The clear inclusion of expert’s speech,
referred as linguistic background is involved in directly to the design, in terms of the
rule based system. Here the knowledge source is designed by theoretical or language
parameters considered framing the knowledge base of ASR then train, and testing the
system with the collected speech data to design. The knowledge based ASR system is
given in Figure. 2.4.

The properties of acoustic-phonetic speech signal, is the knowledge source, this is
derived though spectrogram based analysis to extract the phonetic sound units [BHA1].
The spectrogram is a 3-D ie., time, frequency, strength of a given acoustic signal. This
gives connected temporal and spectral characteristics of speech signal. The spectrogram
based speech utterance is shown in Figure 2.5.

The Telugu transcription of “axthxaxdu raamuxduh” (e&d& o°50&) in spectrogram,
indicates (i) the dark areas (for more strengthened), (ii) the horizontal shady bands
[for the peaks created (F1,F2, F3,F4 and F5)] and (iii) red coloured (for the vocal

tract resonances) [FAN74]. This visual description helps to analyze the spectrogram,
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BASED TELUGU LANGUAGE ASR SYSTEM

Speech Audio Spectral ~ HMM Output(Y)
: features
: . B Pattern Matchin;
ot Speech capturing signal | Digital Sign al algorithm/ pracfss Recognized word
= Device x | Processing using the or subwords into
. module to extract techmique f a form of
(Mlcr.aphone and — the important »| tecl _quethor — hypothesized et (W)
associate system features from the mappm.g e
to record the captured wave/ MFCC | numberic datalas a (symbol
audio file) recorded audio file | %1 }iecttlzl; t;;)r ':udlo seugences)
iomal vectored %4 4 =W
S seduence fumbers MFCC  vectored!
[x1...5y] numbers
Reference speech
Pattern =[X,Y] signal feature
X: Input signal as a Signal information Space vectors as patterns
Y: Output text as a Symbol information Space
Mapping from input X to the output Y is a Pattern

Figure 2.4: Knowledge based ASR system schematic diagram [SAKO09]

Figure 2.5: Time series speech signal represented with its spectrogram for simple Telugu
sentence.
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2.3 ASR approaches

Statistical modeling

Utterences+
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speech wave form

Figure 2.6: Data driven statistical ASR system approach [ SAK09]

and human experts can perceive the phonetic speech signal in a language. The expert
knowledge is from different subjects that include articulatory movements, phonotactics,
acoustic phonetics, and linguistics [RAS16]. The knowledge sources of this kind helps
to handle small vocabularies and isolated words for example: application forms, digits,
phonemes etc. but it is difficult to handle the situation with LVCSR applications
[ARAO1]. The processing of such LVCDR data requires expensive computations, yet
relatively poor system capability performance is obtained. Frequently the knowledge
based approaches encounter following key obstacles:

In view of the requirement of interpretation of spectrograms by human experts,
there is an uncontrolled loss of generality. Hand crafted system rules are limited due to
to limitation defining knowledge for every transcribed data..Increased number of rules
can lead to increased inconsistencies For SI system each speakers variation incorporation
is difficult and requires huge set of phonemes for different speaker pronunciation. This

knowledge base building, requires a huge amount of time[MOHO05], [XIN13] [STES86].

2.3.2 Data driven Approaches

Speech and text corpus collected for the development of the system is used to deried
the rules for adaptation which is shown in Figure below in Data-Driven(DD) wherein
manual entering the experts’ knowledge is required.

Pattern Recognition problem, is solved by using statistical approaches explain in
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Figure No. and with Duda and Heart text book concepts of mathematical exploration
gives sufficient knowledge for this method. herefore, the common core of the statis-
tical classification perspective [SEH96] is “learning by examples” from a collection of
data. The data driven approach shows better compared to the knowledge-based(KB)
approach. In reviews [PAL03], [JUAO05], [TOLO1].

An HMM represents an extension of a Markov model, where each Markov state
corresponds to a non-deterministic event with an associated observation probability and
where the generating state sequence becomes unobserved or hidden [SAK09] [HUAO01].

HMM is a double stochastic process. It is changing its state continuously with
respect to time according to a set of state transition probabilities. After each transition,
the process produces a symbol of the state according to an observation probability
[RAB93].

Generally, the elements of an HMM are

e A set of a finite number of states Q2 = 1,2,...N; In this work the each state is a
phonemes or sub word unit or a word. ‘N’ is the total number of states, and a

state sequence of time length ‘T’is denoted as
Q=q,q...qr (2.1)
where @Q; is the state at time.

o A set of distinct observation symbols for every state that correspond to the phys-
ical output of the system in this work are represented by signal parameters which

are modelled according to the state probabilities and state transition probabilities.
0o=12,...,M,; (2.2)

"M’=total number of symbols, and the observed output sequence of time length

is denoted as
X =x1,29,...74 (2.3)

where x; = the observed output at time t .

in this present work there are sequence of observation on signal feature set.
o The transition probabilities from state i to the state j
A = ajjwherea;; = P(qi—j|qi—1 = 1) (2.4)

The above explanation mapping to the speech processing the section.
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Figure 2.7: Audio data to feature extraction using DSP modules Mel-filter and deltas

to space reduction in storing features set as MFCC vector of speech signal in ASR system
[SLE99] [KSA98].

2.4 Speech Signal processing for pre-processing in ASR

system

In this section first module of an ASR system is presented. The first module of an ASR
system is the Signal processing module. The various functions that are necessary to

understand the system are shown in the following sub sections.

2.4.1 Speech Signal

The observation probabilities are on signal features that produces the sounds with the
movement of articulators. The position of each articular in the sound is not visible and
they are observed in terms of signal parameters. The hidden parameters are indirectly
observed in the observation probabilities hence the name Hidden in HMM. Extraction
process of observation probabilities start with Utterance recording from a microphone
and the captured signal is processed using a speech analysis tool Praat [NAGO04], Audac-
ity[ADA10] and Matlab [SID14] and shell scripts. Features are extracted with Digital
Signal Processing (DSP) module of an ASR system. Components of DSP module shown
in Figure. 2.7 The module gives the extraction of process from the given audio file as

input speech in the form of wave file vector from given time domain input signal.

2.4.2 Speech utterance

The time domain speech signal represent in time verses signal strength given below.
The signal is represented with n frames as shown below Figure. 2.8. X(n) represents
the input utterance in terms of frames. Each frame is extracted by choosing a window

and sliding it over the time period. Generally Window size is 25 ms and sliding with
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Figure 2.8: Speech signal representation in time domain with N frame length and n is

time and is signal representation with ‘n’ no.of samples with window size of 2 seconds |
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Figure 2.9: Speech utterance representation in terms of frame, ‘n’ represent the number
of frame with frame length of 10 ms duration [RAB10].

15ms will give the total frame size as ‘10ms’. Hence for 1second duration signal there

count for 100 frames with frame numbers 0 to 99.

2.4.3 Preprocessing

The sequence of preprocessing involves (i) reading utterance as time varying continuous
speech signal, (ii) Windowing to convert the continuous signal into quasi stationary
signal for short time period (iii) Transform the time domain into frequency into signal
domain and (iv) to extract the different frequency component values as a vector for
further processing, given below as MFCC.

The input signal for utterance representation in time domain is shown as a contin-

uous signal as in fig.2.10:

2.4.3.1 Windowing

The windowing is a function in the signal processing block to make the continuous time
varying signal into the quasi stationary signal for analysis and extract the feature of
these quasi stationary signal in a short time period, as discrete values. [RAB93].

Hamming window

Mel (f) = 2595lo0g1¢ <1 + 7{;()) (2.5)

Where is the physical frequency, in Hz and Mel is the perceived frequency in Mels.
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Figure 2.10: Input signal for utterance to the Front End processing unit.
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Figure 2.11: Transformation of Time domain signal into Frequency domain signal i.e
transformation of DFT into FFT [GUA04].
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Figure 2.12: Mel Frequency response in Window function [CHEOQT].
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Figure 2.13: Front end processing of ASR system to extract the MFCC[SLE99].

Mel filter bank response for the word AXMKIXTHXAXMU /eoc8&50/ With frame
value of 25.499349884507428 value: 12 rows and 314 columns.

2.4.4 Extraction of Feature vector of Signal

The entire process of feature extraction in modular form is expressed in Figure No.
2.13

The block diagram in Figure of Front End processing of ASR theoretical and math-
ematical study for this thesis work is explored from the Rabiner and Sletzer articles
and Rabiner Text book for Speech Recognition. From the extracted MFCC feature
the acoustic scores are computed using GMM which is shown in the Figure below. 39
coefficients of MFCC are computed using statistical method and using delta and dou-
ble delta coefficients for information about the speech. The computed feature vectors
are again used in statistical method of extracting mean and variance these mean and
variance values are represented as the acoustic score by Gaussian which are observation
probabilities of articulatory moments and their features in terms of speech signal as
frequency component is the main gist of concept in HMM-GMM.

Extracted GMM from the signal information is mapped to the state sequence of
the HMMs during training process. Here Baum Walch re-estimation algorithm is used

to compute the HMM in context Independent and Context Dependent for computing
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Figure 2.14: Modularised Speech signal feature extraction in terms of GMM.

the models for speech utterances. The mathematical study is from lectures of Prof
Yegnanarayana and Rabiner text book gives complete mathematical explanation that

required to understand the method followed in this thesis work.

2.4.5 7; initialize the initial state distribution vector, using the left-
to-right model

The initial state distribution vector is initialized with the probability, to be in state

one at the beginning. This is assumed in speech recognition theory [RABS89]. It is also

/"‘\- — .-
3 P x
@ _-,@ -;@ HMM state

>

-+

Discrete Vector Vﬁ

»
» v
v p v y
»
||‘ | l |"

Figure 2.15: Left to right model state diagram to initialize 7[RAB99]
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assumed that i is equal to five states in this case.

m=[1 00 0 0 (2.6)

,1 < i < numberofstates, incasei = 5.

Hidden Markov Model based ASR:

HMM have become the well known and widely used statistical approach to char-
acterizing the spectral properties of frames of speech. HMM as a stochastic modeling
tool have an advantage of providing the high reliable and natural way of recognizing
the speech in variety of speech based applications. HMM integrates into the systems
involving information related to acoustics and syntax, currently it is predominant ap-
proach for the ASR. HMMs provide a method of directly estimating the conditional
probability of an observation sequence given a hypothesized identity for the sequence.
An HMM is trained using example sequences and can be thought of as the extension
of the Gaussian model into the temporal dimension HMMs consists of two processes
namely Hidden and the Observed process, that level aliasing noise will happen. For

example Signal X is sampling at 10KHZ, for, m = N — 1 are calculating the frequency.

2.5 Markov Process

A Markov process is a stochastic process with Markov property. The Markov property
states that conditional probability[KUM13] of appearance of future state of a process,
given the present and all the past states only depends on the present state and not on
any of the past states. In other words, the future state is independent of the path of
the process (past states of the process). If X1, X5, X3, ... Xy are the random variables

which represents the occurrence of states si, s9, s3,...Sy then

P(X; | XY =P(X | Xi1) =P(X; =8, | Xii1=54) (2.7)

the occurrence of state s, and s; where p,q € [1; M ] respectively. The probability
P(X; = s, = X;_1 = sq) is called the transition probability between the states p and
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Figure 2.16: Phonetic Engine sphinx HMM for phoneme models [ NAG10]

q and is represented by a,, The other properties associated with Markov process are

M
=1

for all i and a;; > 0

Y P(Xy=s;) =1 (2.9)

Both equations represent basic principles of probability theory, that the sum of the
transition probabilities from one state to all of its possible next state is one and the
sum of the probabilities of the initial state being in any one of the M states is also one
[RABO09].

HMM for build of ASR system in training process to generate the triphone models
in acoustic model. The phone indendetly as Isolated phone and Phone in context with
left and right phone constitute the phone network in word using context dependent
model.

In addition, the speech feature vectors are closely approximated by Gaussian distri-
butions|[NAG10]. If we assume that bw b, (i, 2) is the output probability distribution
of the iy, state of recognition class w (which could be a word, syllable, or phoneme),

then we can represent by, (i, x) as GMM to map the HMM state sequences.
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Figure 2.17: HMM phoneme model using triphone where phoneme position initial, final

and middle context consider in the model building.[Nagamani, 2010]

2.5.1 Hidden Markov Models (HMM)

The state sequence of the left and right context of HMM state sequence with the obser-
vation probabilities to compute HMM-GMM is shown in Figure below and exploring
the concepts from Rabiner Text book.

Nodes denoted as circles are states. O1 to O5 are observations. Observation O1
takes us to states S1. aij defines the transition probability between s; and S; . It can be
observed that the states also have self transitions. If we are at state S1 and observation

02 is observed, we can either decide to go to state S2 or stay in state S1.

2.5.2 A hidden Markov model is defined by specifying five things:

1.
A set of states s : s ={s1,59,...5n} (2.10)

where N:number of states in the model where states, and state at time t, ¢z € S

v = {Ul,vg,...VM} (2.11)

where M:number of observation symbols at time t, oy € v
e State transition probability distribution :
A= aij (212)

ai; = Pgr1 =585 |t =si),1 <4,j <N (2.13)
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Figure 2.18: HMM-GMM state transition probabilities estimation to compute tri-phone

model.

« Observation symbol probability distribution: B = b;(k)

Discrete observations from V are
bj(k) = P(uyatt | ¢s =5j),1 <j<N,1<k<M

Continuous observation:

o€ R¢

Gaussian:
b;(0) = N#H2©)

Mixture of Gaussian:

k
k=1

o Initial state distribution
m={m}:m=Plgi=5),1<i<N
Thus the HMM model is defined as :

A={S,V,A,B,w}or{A, B, 7}
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2.5.3 HMMs and their three problems [SAKO09]

The Evaluation Problem (Scoring): Given an observation sequence O ={o01, 02,...0;}
and a model A = {A, B, 7} how do we compute P(O | \), the probability of the obser-
vation sequence 7

Solution: The forward-backward algorithm is used for the finding the probability
that the model generated the observations for a given model and a sequence of obser-
vations.

The Decoding Problem (Matching): Given an observation sequence O ={01,02,...,07}
how do we choose a state sequence @ ={q1, g2, . . ., ¢} which is optimum in some sense?
Solution: The Viterbi algorithm[RAB89] can be found the most likely state se-
quence in the model that produced the observation for a given model and the sequence

of observations.

The Learning Problem (Training)[RABS89]: how do we choose a state sequence

A ={A, B, 7} to maximize P(o | \)

Solution: The Baum-Welch algorithm[BAU66][RAB89] (or the forward-
backward algorithm) which can find the model’s parameters so that the maximum
probability of generating the observations for a given model and a sequence of obser-
vations [BAUG6.

2.5.4 Algorithms involved in making HMMs work.

1. For a given input speech signal estimate the conditional probabilities by using

probability calculation.

2. Finding the path for a given input sequence that is closely matching with input
vector to assign a state in HMM for training and then find the best path through
the designed model

3. To train a model, first estimates the Gaussian parameters with statistical means

and co variances and transition probabilities of a given data set for the best model.
(a)

Input: O sequence of indexes{l... M}

of spectral vectors from a code book. (2.20)
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(b) model: each word W in the vocabulary modeled through a N— state
HMM : \(W)

(c) Training: VIV a training sequence O,, consisting of a number of repetitions
of pronunciations of W, possibly uttered by different speakers, is employed

to estimate such that:
Aw = argy (O | A) (2.21)

(d) Model Design: Each training sequence O_w for W is segmented into
states; in this way an understanding of the physical meaning of the model

states is possible = refine the model.

(e) Recognition: given a test observation sequence O, each model is scored

and the winner determines the most likelihood word hypothesis.
W = arg,, max P(O | A\y) (2.22)

The development of an ASR system consists of four essential steps the are explain

in the following section

2.5.5 Acoustic Modelling:

In this stage an acoustic model is created for each recognition unit (also known as sub-
word units, e.g., phones). In most current state-of-the-art ASR systems, the acoustic
models are based on the Hidden Markov Model (HMM) paradigm [RAB09]. HMMs
model the expected variation in the signal statistically. Probability density functions
for each sub-word HMM are estimated over all acoustic tokens of the recognition unit
in the training material. Each basic sound in the recognizer is modelled by a HMM as
shown in the beneath Figure.2.20

The stochastic models can be used to represent the words to be recognized. The
word sequence Wx that has the highest posterior probability P(W | Y) among all

possible word sequences is given by,
W* = argmax P(W | A) (2.23)
w

where P represents the Probability. This problem can be significantly simplified by

applying the Bayesian approach to find w_ *

(AW)P(W)

S (2.24)

W* = arg max
w
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Figure 2.19: sound in the recognizer is modelled by a HMM.
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Figure 2.20: Acoustic Model with Model Initialization, definition and Training[NAG10].
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Since P(A) is the probability of the acoustic vectors which remains the same for all the

possible sequences it can be omitted. The equation reduces to
W* = argmax P(A | W)P(W) (2.25)
w

2.5.6 Language Modelling:

An N-gram language model is used to in the work. Most cases Isolated word unigram,
bi-gram and tri-gram is comuted for the input collected for the thesis work. Language
model is not the much scope of the thesis most cases Isolated word and with in word
variation of speech studied in the current work. For understanding of the ASR system

simple information presented [SAMO0] as

q
pN(W) = p(wi,wa, ..., wy) = Hp(wi | Wi—N+1) (2.26)

i—1
Where F(wi,ws,ws) is the frequency of occurrence of the trigram model and
F (w1, w9) is the frequency of occurrence of the bigram model.

P(wl, wa, W3, . . ) == P(wl)P(wg ’ wl)P(wg | PQ) (227)

The value of N determines the number of probabilities to be estimated.

2.5.7 Search:

In ASR system HMM method using Bayes’ Rule[RAB93] extracting the text for a given
input speech signal. The speech the parameters extracted by FEP module as MFCC
feature vector. This given feature vector ASR decoder do the search to best suitable
text corresponding to the input. The knowledge source from AM,PM and LM used to

map the correct word sequences using Viterbi search technique.

2.6 ASR System Design Issues:

The design issues in ASR system[LEE96] are described as

1. Speech recording and Speech enhancement: All ASR systems rely on capturing
the speech signal through a microphone. A wide variety of microphones, ranging

from high quality fixed-mount microphones to low cost telephone handsets, have
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been used for signal capture. Speaker phones and wireless handsets are also
becoming popular. The direction of the incoming speech signal and the distance
between the sound source and the microphone determine the quality of the signal
captured. For a real-world application, there is also a possible mismatch between
the type of microphone used for training and testing. It is important to make
the transducer part of the recognition system design. Hands-free signal capturing
devices, such as a microphone array, have been used to track talkers and to

enhance the signal to noise ratio in experimental recognition systems.

. Recording environment and its Robustness : ASR System performance robust-
ness is a major problem that prevents widespread deployment of ASR systems
today. The pattern matching paradigm requires the training data to cover all
possible acoustic variability in the operating environment. When acoustic dis-
agreement between training and testing conditions occurs, the performance of a
speech recognizer is degraded. Although there exists many techniques for deal-
ing with some of the robustness problems, new algorithms must be developed
to handle the variability caused by talkers, speaking environments, transducers,

channels, speaking style, context and dialect, etc.

It is believed that no single robust feature set will solve the robustness problems.
Compensation techniques for the existing features and models are now beginning
to emerge. . Alternatively, these parameters can be estimated based on blind
equalization (e.g. the popular cepstral mean substration algorithm), or based on
model-based equalization in which the compensation is treated as a nuisance pa-
rameter and the estimated together with the recognized string during recognition
[DEN13].. In some cases, the compensation can also be introduced in the stochas-
tic models used for recognition. Again, this compensation can be done without
assuming any knowledge about possible mismatches between training and testing
(e.g. minimax classification algorithm [ANUO09]. We expect more algorithms to be
developed in combination with adaptation techniques to improve the robustness

of ASR systems.

. Corpus building limitation: Speaker availability, application specific text corpus
building, environment condition are the time consuming and human intervention

tasks hence it is expensive. Speech variant condition recording is also another
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challenging task.. Both acoustic and language model adaptation can also be

studied by collecting a small number of application specific examples.

. Static versus Dynamic System Design: Initial design suits for static design strat-
egy in that all the knowledge sources needed in a system are acquired at the
design phase and remain the same during use[LEE99]. Since the samples used in
the design are often limited, these results in some mismatch problems. A bet-
ter way is to acquire the knowledge dynamically. New information is constantly
collected during development and is incorporated into the system using adaptive

learning algorithms.

Spontaneous Speech and Keyword Spotting: Spontaneous speech is different from
read speech in that extraneous speech events are contained in addition to the
message that is intended. False starts, disfluency, um’s and ah’s lip smacks and
out-of-vocabulary words are a few of the examples of difficulties to be expected
in spontaneous speech. The ASR system is expected to recognize the meaning-
ful keywords embedded in fluent speech and ignore all the other speech events.
High performance keyword spotting has been achieved in a ASR system used
in telecommunications based on a five-word keyword recognition task [SADO5].
However, for spotting 20 keywords in fluent speech, the performance is not nearly
as good. Keyword spotting in large vocabulary, continuous ASR is therefore an
important research area. Accurate rejection of extraneous speech events is an
important research topic and is needed to enhance our capability in dealing with
spontaneous speech. Accurate detection of incorrectly recognized and partially
recognized utterances (often referred to as utterance verification is also a new
research area for designing more flexible and intelligent user interfaces for spoken

dialogue systems.

. Human Factors Issues: In addition to improving the quality of the ASR System
technology, good GUI, intelligent command and control, speech enhancement and
recovery improve the performance.. Spoken dialogue coupled with utterance con-
fidence measures can help solve some of the problems. Research in human factors
issues will help bridge the gap between the performance that can be achieved in

the laboratory and what is achieved in a field application.
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The speech signal is highly variable. Some of these variations are speaker-
dependent and others are not. Generally, any kind of variations decreases the
performance of ASR system, if they not treated carefully, a way for compensat-
ing for some of these variations through creating pronunciation variants of the
words involved in an ASR system lexicon. This is done by employing a hybrid
word pronunciation variation generator scheme which considers some of the pho-
netic deviations that occur because of intra-speaker variations. This phenomenon
is a result of differences between speakers in respect to their voice quality, speak-
ing style, dialect, etc. These factors cause partial deviations of acoustic features.
These partial deviations cause systematic errors in the phone recognizer mod-
ule and as a consequence, phonetic deviations occur in the recognized strings
of phones. Phonetic variations occurring because of speaker varieties are a well
known phenomenon arising due to different mental and physical specifications of
the speakers that affect their speech generation. In ASR systems, to resolve the
problem by incorporating phonetic realization in lexical model. In the literature,
this method is referred to as explicit phonetic variation modelling. A distinc-
tion should be made between techniques that model pronunciation, in the sense
that words may be pronounced with various allowed phonetic forms, and those
that model phone recognizer errors resulting from partial pronunciation varia-
tion in acoustic features. Fig.1 shows the two mechanisms which cause phonetic

deviations arising from speaker pronunciation.

2.7 Causes for speech variations

2.7.1 Intrinsic Speech Variations in ASR System

At present most important growth, in the ASR system and spoken language system
are captured using technology [SAI15]. The other reason may be the feeble grammat-
ical and semantic acquaintance. This thesis is also emphasized the shortcomings of
original speech intrinsic variations. Precise feature of the speech signal of the definite
population such as foreign dialect is excluded so also a few applications, pin point on
the core recognition technology such as directory assistance for the reason of vivacious
vocabulary. The understanding of speech is dependent on other features like (i) Geo-

graphical Area wise (ii) social and economic background and their spoken language (iii)
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Figure 2.21: Anatomy of Vocal track length with speech and speaker variability [MENO1]

Surroundings of living (iv) speaker himself. The listed factors generate vast differences:
(a) speaker, (b) Gender (male, female) (c) Rate at which the verbal communication is

made (d) vocal effort, (e) local dialects (f) speaking method, (g) Resident, non (native).

2.7.2 Variation in Speech

Speaker length influence on speech variability with speaker specific parameters is ex-
plained in this section with analysis with physiological background shown above Figure
2.21. the involvement of glottal fold, and vocal tract factor to the speech yield. Sagittal
cross section of the head and neck of human being is shown in the part A of the figure.
The extent of the vocal tract is represented in blue lines and the glottal folds in green
lines. The vocal tract extends is shown from the glottal folds to that of tip of nose and
lip. B, the three different sound plots are representing in the part B of the figure as
by glottal fold parameters. The vibration caused in the glottal folds due to lower voice
speech (120 Hz GPR, top) or higher voices (200 Hz GPR, middle) is represented. The
tiny glottal folds create whispered speech (0 Hz GPR, bottom). Amplitude peaks can
be noticed with frequencies is presented if part C figure. The sound waves originating

from the glottal folds is filtered at vocal tract and is indicated “formants”, in blue lines.
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It is pertinent to mention here that the formant position is not effected by the dissimilar
glottal fold parameters, but the corresponding speech and speaker vocal tract factor
have impact on formants, which is represented in part D of the figure. The part D of
the figure, the shorter and longer extent of vocal tract formant shifts connected with

the speech sounds /u/ and /a; and, an /a/ is presented.

2.7.3 Speaker characteristics

The speech signal is related to the parameters such as the sex, age, brought up, na-
tivity, language dialect, and physical condition influence the linguistic information so
also the speaker traits, information. The speaker distinctiveness domino effect is from
the multifaceted amalgamation of physiological and cultural plane [MOO94|[JEL76].
Physiological divergence is for Gender and culture is for the accents respectively are
significant prime factors. The physiological factors are presented in this chapter. The
vocal organs versatile shapes of the speaker decide unique “timbre”. The pitch and es-
sential speaker information due to the vocal card size specific to speaker which is explain
with vocal card tube experiment in [SHA05]. Where are the language specific units are
independent of the pitch only depends on the articulatory system generated secondary
harmonics generally called as formats. With formats the phonetic feature extraction
and their variation due to the articulatory production is another dimension look into
language specific variability in speech. The comparative position of the formant fre-
quencies is constant for the specific sound of various speakers, and as a result, absolute
formant positions are speaker-specific. These notes are agree with the acoustic theory
be relevant to the tube resonator model, of the vocal tract. This affirms that location
of the resonant frequencies is inversely proportional to the length of the vocal tract.
Different techniques are developed with this principle to enhance the toughness of ASR
System, to inter-speaker variability. The hold of lesser frequencies for carrying the lin-
guistic information evaluates both by perceptual and acoustical analysis substantiates
the accomplishment of the non-linear frequency scales such as Mel, Bark, Erb. Rest of
other approach intend at construct acoustic features invariant to the frequency warp-
ing. Different vocal tract length normalization (VTLN)[JOS11] techniques are leading
on direct application of the tube resonator model [HIS77] (i) speaker-dependent for-
mant mapping (ii) transformation of the LPC pole modelling (iii) frequency warping,

either linear or non-linear, all consists in transform the position of the formants to get
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nearer to an “average” canonical speaker. The speaker specificities are diminish in the
general adaptation techniques and have a tendency to lessen the breach among speaker-
dependent and speaker-independent ASR system, by adapting the acoustic models to
a particular speaker [SHIO1]

2.7.4 Foreign and regional accents [BENO6]

The accent is one of the important constituent of inter-speaker variability [HAM12].
The performance will be diminishing in identifying the accented speech and further di-
minish for non native ASR when compared to native ASR [KSA98][NAG10]. The shift
is extremely changeable for the foreign accents. This is prone by the dweller language.
It also depends on the intensity of the voice of speaker. Improved modelling adopted
to speaker specific parameters incorporateded in lexical model. [SHR13] [DEN08|] and
the study is explored in the review of Ramya Rasipuram works. [RAS16]. Addition
of so many systematic pronunciation variants will be harmful [SHR13]. Irrespective
of the dialect data, the Non-native ASR model is unable to tackle by native speech
models [HAM12]. Speakers who doesn’t know the language can restore an unusual
phoneme in the object language, and difficult to create phoneme inventory in native
language. [BAS11|[WEI89]. It is not possible to handle triphone based modelling
for the alterations made with respect to the sounds restored by other sounds modeled
[PRAOS]. For handling the phoneme of non-native speakers multiple phonetic transcrip-
tions is adopted [SIM06]. Multilingual phone models are explored in the anticipation of
achieving language independent units. Accent categorization is learned for many years
[DAV09]. The ASR technology is also applied in foreign language learning for ranking

the excellence of the pronunciations.

2.7.5 Speaking rate and style

The rate of speaking is the number of syllables or sub-words units produced per second.
The sub-ward may be a phoneme or morphonemes. It is crucial factor of intra-speaker
variability. The timing and acoustic rate of the syllables are effected when there is
increase of speaking rate due to automatic articulatory mechanism precincts. For the
most part familiar methods in a sentence depend upon the assessment of the frequency
of language specific unit as syllable or phoneme [BAK95], in the course of a begin-

ning segmentation of the test utterance. In informal situations or duration parameter,
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slurring pronunciations of certain phonemes certainly occur, which build on the speech
redundancy, in addition to physiology. In dissimilarity, speech segment where confus-
ability is high likely to be uttered more cautiously [RAS16] [DAV09]. When there is
a noisy surrounding the speakers unintentionally adjust to increase the voice for clear
communication, which is termed as the ‘Lombard reflex’. The above explained are vital
for speaking manner specificities as well as unprompted speech modelling. The spon-
taneous speech is mainly concentrated on the pronunciation studies and its increase in
the precision. The dependency of pronunciation concerning the structure of the syllable
is focused. [LEEO1] [HUAO1]. As a result, expansion of acoustic modelling reliance to
the phoneme location its co-orticuation effect in sentence is reviewed in [GALO1]. The
scope in this thesis is not reflected the dis-fluencies which are present, like false starts,

recurrence, faltering and filled pauses.

2.7.6 Speaker Age:

The variability and mismatch is relates to the age of a person, which play vital role
in ASR systems for the physiological nature [DENO08]. The vocal tract, vocal folds
may vary from Children to adults, as a consequence elevated place of formants and
fundamental frequency occur. Apparently, juvenile children will not have truthful pro-
nunciation and children utter language in a diverse way. Unprompted speech will have
fewer grammatical than for adults. Efforts have been put on numerous studies to deal
with this predicament with the implementation of acoustic features of children speech
matching to that of acoustic models prepares out of adult speech, such as vocal tract
length normalization (VTLN) is reviewed in[HIS77] as well as spectral normalization
in [YMA16]. Merely training a usual speech recognizer on children speech will not be

adequate to accept high accuracies, Wilpon and Jacobsen [WIL96].

2.7.7 Emotions

Emotional state has substantial influence in the speech spectrum and has impact on the
features take out of the speech, which has direct affect on all ASR systems including the
“stressed” speech signal so also to develop man-machine communication. The intrinsic
variables that relate to kind of stressed speech are (i) loud (ii) soft (iii) Lombard (iv)

fast (v) angry (vi) scared and (vii) noise. Hansen work out for robust recognition
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under three fields in [LEG95] [SIMO06], (i) good training process, (ii) enhanced front-
end processing, and (iii) improved search techniques.. There will be insensitivity and
fallout due to shift from noted data to that of original training data. Then come to
work out feature extraction technique in recognition both stressed and non-stressed
speech so also to develop the robust recognition. Adapting to model structure in the
recognition system is required to cater tom the input signal variability. With space
projection, the drawbacks of the approach can be improved by bringing the training
and test conditions closer.

Techniques like additional acoustic cues, adaptation at knowledge base, compensa-
tion at signal level, fine tuning the models are done to cater to the speech variation
problems. The commoditization of computational resources, would lead to building
better systems for handling increasingly large amounts of training data [GEL76]. This
drives ASR research with multidisciplinary disciplinary angle to improve knowledge
base from linguistic, physiological, Cognitive science and statistical approach to deal

the problems.

2.8 Summary

ASR technology in the language specific directions is the important reviews in this work.
Preliminary study made on significant advances in almost all areas of ASR to choose
the right technology to incorporate the linguistic directions is major contribution. Lan-
guage specific ASR especially in Telugu and its utility in e-learning, web application,
e-governance domain to interact with speech are gaining importance. Not only the fun-
damental issues of ASR, but also variant factor in real and laboratory recorded speech
parameters discussed. The research challenges that are used to bridge the gap between
and a laboratory system and a real world ASR System application are: (a) building
a robust ASR to cater to the speaking conditions in speaker independent system for
with more data (2) Robust utterance verification to extract relevant information in
Isolated speech and read speech conditions (3) Adaptive speedy ASR systems to meet

the requirements of changing tasks, speakers and speaking environments.

Kokosk sk kokosk sk ok kokosk ok
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Chapter 3

Linguistic concepts of ASR

system

3.1 Introduction

In this chapter the importance of study of the language and its parameters like phonetics
and phonology, orthography, region of the people who are using in region and their
socio linguistic influence, with in the language variations, influence of other language
are few notable ones, to enable ASR system in research directions is given. The history
and its classifications of language is made, before analysing the target Indian language
of this thesis work viz., Telugu Language. Research work is more concentration on
linguistic parameters starting from language beginning layer of phonetics of speech, its
main inter-disciplinary domains in computational linguistic and speech technology are
critical areas of research on speech recognition. As India is multi lingual country, the
area of works on signal to symbol transformation on specific languages is still at its
nascent stage.

It is essential to go through the concepts on phonetics, phonology, psychophysiology,
phonemic and phonetic, human physiology related to acoustic phonetics of language
to comprehend the signal to symbol transformation. The focus on Telugu language
Automatic Signal to symbol transformation and its refinement, pronunciation variation
modelling are important subject of study. The present chapter cover the essential
and over view of Telugu language, their phoneme classifications based on physiological

characteristics and acoustic phonetic concepts, which are required for codification of
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ASR system.

3.1.1 Language and its organization in speech context

Language is two direction written and spoken form. Mapping between the written form
to spoken form helps better way of communication. By linguistic research, the map-
ping sound to meaning is done. The sound unit has a distinct acoustic phonetic feature
values that separates it. The sounds are building blocks that correspond to the unit of
written form of the language. Every distinct sound have their acoustic interpretation
as their written form symbol. The speech perceptions is the process of mapping this
distinct features acoustic phonetic values corresponding to the state symbol that rep-
resent to the written form of unit. This make the system to predict the corresponding
state symbol from input features of the sound corresponding feature values. The pho-
netic or phoneme inventory enables to map the sound corresponding symbol. Hence
the Distinctive features enable the phoneme inventory process in all the languages. The
phoneme inventory is process of expecting the acoustic segment featured values that
are distinct to its corresponding distinguishable written symbol in any languages. The
sequences phonemes constitute the word with in the words sequence [BAS11] that for-
mulated in a language to convey the information and perception of meaning is through
this building block of words. Arrangement of segmentations into corresponding speech
units in a language are represented as syllables. This syllables are depends on the struc-
ture of the individual language. Depending upon the language structure the syllable
formation is allowed. For example few languages, syllable types are consonant (C)—
vowel (V), in most of the Dravidian language, however, other languages like English,
have complex syllable structure. Hence syllables specific parsing in a language with
manageable chunks of speech steams for facilitating analysis are explored, reviews on
language specific systems [KAV06][KAL10] language model are discussed. Prelexical
phonological analysis Features is represented segmental part of the syllabic unit. The
sub-unit of syllable is the morphonemes which are interfacing these units into a word.
Hence in word segmentation morphonemes plays major role. As per the Psycholinguis-
tic and neurolinguistic concern that provides empirical evidence that the morphemic
structure in a language has an active role for recognition word. Next level of phonetic
and phonology of the language play a role for extract information with syntactic and

semantics’ of language sentences and further phrases in a language. The major concern
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of the thesis is service of lexical access. [MCC43]. The study of the lexical-level and

prelexical level is more concern of the present chapter.

3.1.2 Artificial Intelligence in the context of Language

Present generation of the system are Al. Here the intelligence is defined” as the ability
to reason and to acquire and apply knowledge as well as the abilities to perceive and
manipulate physical object. These abilities require a variety of methods for represent-
ing and processing information.” Artificial Intelligence seeks to process knowledge as
opposed to information. Traditional computing methods only concern with calculation
and storage of data but the Al emphasis on shifting the use of symbolic representations
of knowledge. Hence to use this knowledge reasoning techniques must be found. Al re-
searchers attempt to formulate this knowledge representation and reasoning techniques

in process of language is the context of the chapter

3.1.3 Study of language in context of ASR System

There are around 6912 spoken languages available in the world for the purpose of com-
munication.[NAG12]. The digitization of these spoken languages supports many human
need domains such as (i)Ubiquitous information access, (ii) phone-based information
access, (iii) cross-cultural human-human interaction, (iv) Human supporting multilin-
gual communities that are in need to communicate with local people in their mother
tongue will specifically demand the regional language specific ASR systems. Developing
such systems which facilitates to interact in Telugu Language is the scope this thesis.
Indian language context according to the professor Kavi Narayana Murthy there are

around 120 spoken languages available which shown in Table 3.1

S.No | LANGUAGE S.No. | LANGUAGE S.No. | LANGUAGE
1 Adi 41 Khasi 81 Munnda

2 Anal 42 Khezha 82 Mundari

3 Angami 43 Kheiemnungan 83 Nahali

4 Ao 44 Khonds/Kondh 84 Nepali

) Assamese 45 Kinnauri 85 Nicobarese

6 Baiga 46 Koch 86 Nissi/Dafla

7 Balti 47 Koda/Kora 87 Nocti

8 Banjara 48 kolami 88 Odia
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9 Bengali 49 Kom 89 Paite

10 Bhili/Bilodi 50 Konda 90 Parji

11 Bhumij 51 Konkani 91 Pawi

12 Bhutia 52 Konyak 92 Phom

13 Bishnupriya 53 Korku 93 Pochuri
14 Bodo 54 korwa 94 Punjabi
15 Chakru/Chokri 55 Koya 95 Rabha

16 Chang 56 Kui 96 Rai

17 Coorgi/Kodava 57 Kurukh/Oraon 97 Rengma
18 Deori 58 Ladakhi 98 Sangtam
19 Dimasa 59 lahnda 99 sanskrit
20 Dogri 60 Lahuli 100 Santali
21 Gadaba 61 Lakher /Mara 101 Savara

22 Gangte 62 Lalung/Tiwa 102 Sema

23 Garo 63 Lepcha 103 Sherpa
24 Gondi 64 liangmiei 104 Shina

25 Gujarathi 65 Limbu 105 Simte

26 Gurung 66 Lotha 106 Sindhi

27 Halam 67 Lushai/Mizo 107 Tamang
28 Halbi 68 Mahal 108 Tamil

29 Hindi 69 Maithili 109 Tangkhul
30 Hmar 70 Malayalam 110 Tangsa
31 Ho 71 Malto 111 Telugu
32 Irula 72 Manipuri 112 Thado

33 Jatapu 73 Mao 113 Tibetan
34 Juang 74 maram 114 Tiripuri/Kokborok
35 Kabui 75 Marathi 115 Tulu

36 kannada 76 Maring 116 Urdu

37 Karbi/Mikir 7 Miri/Mishing 117 Vaiphei
38 Kashmiri 78 mishmi 118 Wancho
39 Khandeshi 79 Mogh 119 Yimchungre
40 Khari 80 Monpa 120 Zemi/Zeme

Table 3.1: Spoken language in India[According to Prof. Kavi Narayana Murthy,UOH].

3.1.4 Language usage in human society and its digitization

In the world Language Families [KAV06], the explanation of the multiplicity of lan-

guages in the world today is the combination of social separations between people and

constant language change, one or many thousands of years.

Languages are always

changing, and populations speaking one language have, at least in the past, repeatedly
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split up, with the result that the separation plus language change is at first dialects,
mutually intelligible varieties of a language. With the passage of time, however, wider
social separation between dialect groups and continued language change results in new
languages, mutually non-intelligible varieties. Table.3.2. gives the Language families

across the world and their classification in context of spoken text

S.no | Family Three languages of family

1 Afroasiatic Arabic ; Hebrew ; Hausa(Nigeria)

2 Amerind Navajo(Arizona); Mayan(Mexico);
Quechua(Bolivia;peru)

3 Altaic Japanese; Turkish; Mongolian

4 Austroasiactic Vietnamese; Thai; Khmer(Cambodian)

5 Austronesian Indonesian/Malay; Hawaiian; Taga-
log(Philippines)

6 Dravidian Tamil(India and Sri Lanka); Malayalam(India);
Telugu(India)

7 Indoeuropean -

&
~—

a.Germanic

Enshish; German; Swedish/Norwegian

(

(b) b.Celtic Irish; Welsh; Breton(France)

(c) c.Italic Spanish; French; Portuguese

(d) d.Slavic Russian; Polish; Czech

(e) e.Indo-Iranian Hindi; Bengali(India; Bangladesh);  Per-

sian/Farsi(Iran)

8 Niger- Swahili; Yoruba(Nigeria); wolog(Sierra Leone)
Khordofanian

9 Sino-Tibetan -

(a) a.Sinitic Mandarin Chinese; Cantonese; Hunanese

(b) b.TibetoBurman | Tibetan; Burmese; Lahu(Thailand)

Table 3.2: World languages in context of grouping in their families according to their
features wikipedia languages.

The highest layer of the language structure is the Pragmatics. This is the relation
between language and its context of use. With the help of Pragmatics it is possible to
understand how a language works and how to convey the meanings by using language
layer structure.

Written form of language is another importance study necessary to facilitate the
ASR system function. The human representation of language in context of writing
is represented using orthography. Based on the type of orthography languages are
classified. There two (i) Deep orthography and (ii) Shallow orthography. The deep
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orthography also called as a defective orthography such as in English, German and
Arabic. In English voiced and voiceless phonemes are Alphonse. Another example for
systematic deficiency in orthographies Arabic and Hebrew scripts which are based on

their orthographic writing systems (they are abdjudic) does not have short vowels.

3.2 Phonetics and phonology in the language

ASR system engineer should have this basic knowledge and the following section ex-
plore the concepts. Speech sounds are represented in the written form as orthography.
Orthography is two types shallow orthography in which every sound has equal ortho-
graphic symbol. Phonetics is dealing with shallow orthography. Deep orthography is
the abstract representation of language sound. Here no equal number of speech sounds
and orthography. Language specific sound is a phoneme. Range of phoneme cover-
age in world language approximately 40 to 60 and orthography coverage are 20 to 60.
Telugu is a shallow orthographic system and English is Deep orthography

3.2.1 Phonetics context of the language

The unit sound of the language and its study is the phonetics. Mapping this pho-
netic unit to the written script is the major concern of the language context in the
ASR system. The study of the phonetic in a language structures in hierarchical frames
the ASR design. Here phonetics is independent of the language. Mapping one to one
for phonetic to orthography simplifies the design. But most of the case in context
of ASR varies due to the pronunciation of sounds in a particular language. Mapping
using phonetic symbol to the orthography need layered understanding of the system
design as well language structure which abstractly maps to the sounds corresponding to
that particular language. Generally, when the phonetic symbols does not match with
corresponding pronunciation, hence addition symbols are used to map the Phoneme-
Grapheme [RAS13] in order to describe correct pronunciation and their correspondence
to text. The language specific phonemes are different based on the language structure
and their pronunciation that varies for each language between 20 and 60 [SAU87]. These
phonemes are mapped to their phonetic symbols for digitization. Mostly phonemes can
are chosen minimal number of phonetic symbols define the word. English is the deep

orthography system, there is need for the exploration of shallow and deep orthography

53



3. LINGUISTIC CONCEPTS OF ASR SYSTEM

in context of ASR system. The language parameters considered in the existing ASR
system not sufficient to the Telugu language context as Telugu is shallow orthogra-
phy language. Language specific rules that are framed to the English can not be fully
modelled in Telugu. Modelling in Telugu language specific rules in lexical model of
ASR system demands the study of language structure and their knowledge, to map
sound unit to the text basic unit. As speech is context its variant factor in mapping
also involves, incorporating this variant factor using layered structure of language and
phonetic representation in the system needs to look into the parameters, speaker and
supra-segmental context in pronunciation of language specific sound unit (phoneme).
In continuous speech, co-articulation effect of phoneme also needs to consider to mod-
elling the variation in pronunciation [WIT82]. In addition speaker characteristics and
emotions includes to describe the variation affected phonemes in their acoustic realiza-
tion. Phonemes are classified in to vowels(V) and consonants ( C). In Vowels, vocal
cord vibrations make them into a voiced sounds and absence or presence of vocal cord
vibration in Consonants make them may be either voiced or unvoiced. Mainly conso-
nant are classified by the manner and the place the restriction of air flow and the way
air release on that position

Pronunciation in a language is made independent of the language with effort of
proposing a universal represent of the phonetic sounds. International Phonetic Al-
phabet (IPA) comprises of large set of symbols for phonemes, supra segmental, tones
/word accent contours, and diacritics to represent world languages. For an example,
the fricative consonants have over twenty symbols [IPA98]. Due to its complexity in use
of Greek symbols makes it difficult to use of IPA alphabet in computers. For the pur-
pose a standard ASCII code for computer and man communication. Another method
is also available using IPA symbols for 7 bit printable ASCII character is called Speech
Assessment Methods - Phonetic Alphabet (SAMPA) phonetic set [ALT96]

3.2.2 English Articulatory Phonetics

English language have 50 phonemes for speech and 26 Alphabets in writing. There
are about the 10 - 15 vowels and about 20-25 consonants in English phonetic symbols.
English is deep orthography category in which abstract level of mapping between pho-
netic symbols to alphabets. Hence confusions in phonetic mapping as allophones are

used to represent similar sound that are distinct in Indic languages [KRI75][BHA11].
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YWhich part of the
tongue is raised

Front Central Back
Close
u
1
&
Half-close How far
the tongue
=) o
- 5 is raised
Half-open
£
DOpen = 4
short 1 pit e pet 2 pat & putt U put
lang 1 key u coo 3 cour o core a car

Figure 3.1: Main vowels classification in English [CAW96]

The classification of the main vowels in English [Figure 3.1], is depended on the

manner of articulation (front-back) and by the shape of the mouth (open - close).

English consonants may be classified by the manner of articulation as plosives (also

known as stop consonants), which is summarized in Figure 3.2.

Finally, consonants are classified based on as voiced and unvoiced.

ma.nnef - fabial lgsfil?a_l dental | alveclar I;l?fl?zer_al palatal | velar | glottal
plosive P b t d I c
fricative fv|q o sz 3 N
nasal ™ n .

liquid r 1

setnivowel w ]

Figure 3.2: English phoneme chart with place and manner of articulation [CAW96]
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3.2.3 Phonetic transcription

Methods for phonetic transcription which is the symbolization of sounds with roman
script symbols corresponding to the universal symbol sequences such as the Interna-
tional Phonetic Alphabet (IPA), aim at standard form of pronunciation.

The advances in algorithms, computational architectures, hardware & software plat-
forms and signal processing has aided automatic signal to symbol transformation. This
was also aided by adoption of a statistical pattern recognition paradigm, the use of
stochastic acoustic and language modelling, data-driven approach with use of a rich set
of speech utterances from a large population of speakers and use of dynamic program-
ming based search methods.

Speech is natural, efficient and flexible for the human-human communication. How-
ever, the Signal to symbol transformation (SR) technology, has opened opportunities for
a universal access for ubiquitous human-computer interactions. Recent studies demon-
strate that machine performance is still quite far from human performance across a
wide variety of effects: size vocabulary, noise environment, bandwidth, habits of speech
technology use, age, social and cultural characteristics of the speaker, speech disorders,
etc.[LIP97] reported that the machine performance was 43% of word error rate vs. 4%
for human performance for switchboard tasks. Communicating linguistic features is
just one part of the story. Faces can express emotion, a powerful and independent
source of information. Eric Haseltine, Chief Scientist of Disney Interactive, has articu-
lated the importance of emotional content in human computer interaction, argues that
human communication has as much to do with speaking to the heart—the emotional

content of a message—as speaking to the brain—the intellectual content[BYRO6].

3.3 Phonetics and phonological concepts of Telugu lan-

guage

Phonetics and phonology of a language are the basic building blocks that are used to
represent in ASR system to learn as a patterns to understand the language structures.
The following sections describe the phonemes of the Telugu language in Vowel and
Consonants categories in detail. Basically Vowels are vocal card vibrating sounds.
Consonants are the sounds produced by restricting the air passage in the articulators

in vocal and nasal cavities.
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Telugu Vowels : /e&s/, [es/, [a], 154, I&], 18, 11,1 3, 121, [2.], 154, [, [eo]

s.No 1 2 3 4 5 6 7
Telugu | o es Q & 6 & 22
script

UOH AX AA IX IY UH U4 RH
RTS a A i I i U R
Telugu | » A o 2 X = 90
script

UOH Al 14 AY o oA AW AM
RTS e E ai 0 o An aM

Figure 3.3: Telugu phonemes Vowel category with their Roman representation in UOH
and RTS forms

3.3.1 Vowels

Telugu Vowels :
Almost, like the five vowels of English, the Telugu has five vowel groups. For each

group of Telugu vowel sounds, there is corresponding English vowel sound , as under:

3.3.2 Consonants

Consonants, the Sanskrit name is “vyaM-ja-na” (manifester). As a consonant cannot
be pronounced without the help of a vowel, the vowel @ (a) is used as the default vowel
that goes with consonants.

Telugu Consonants : The study of phonetics and phonology helps to understand
error in ASR system hence through study on the phonemes and their properties helps
in resolve ASR error hence here included details.

Telugu phoneme chart with script symbols and transcribed with roman script Con-
sonants are now introduced below in phonetic groupings, not in the traditional alpha-

betical order. This study helps to understand the substitution errors in ASR system
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S.No 1 3 5 7
Telugu script | o ] & 2300 N 2,
UOH AX IX UH RH Al 0
RIS a i u R e 0
low- high fron high | Tongue is
mid/mid | unrounded | back | retroflexed
central vowel round | instread of
un firm
rounded contact
expanded | similarto | LABIAL | Retroflex
throat palatal flap
utterence
Corresponding fasyl, I3l
semi vowel [YAX] [VAX]

Figure 3.4: Corresponding English vowel sound to Telugu

The unvoiced unaspirated plosives shown in figure No.: 3.5

The unvoiced aspirated plosives @, , , , (kha, cha, Tha, tha, pha) shown in
figure No.: 3.6

The voiced unaspirated plosives shown in figure No.: 3.7 The voiced aspi-
rated plosives v, &, §, & (gha, Dha, dha, bha)shown in figure No.: 3.8

The nasals M,%, N, &, %shown in figure No.: 3.9

The semi-vowelscd, ya, and $,va ¢»,ya shown in figure No. 3.10

Voiced alveolars ra,d, r”’, oo and la,o &, shown in figure No.: 3.11

The sibilants &, Sa;J, sha;3, sa shown in figure No.: 3.12

Other sounds: $e,ha. shown in figure No.: 3.13

3.3.3 Telugu Articulatory Phonetics or shallow orthography system

Characteristics of Telugu orthography The Andhra Pradesh Official Languages
Commission to say that early forms of the Telugu language and its script indeed existed

2,400 years ago, and in sync with the Archaeological Survey of India (ASI). Telugu
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18/ a1 Y la/ lo/
unvoiced unvoiced unvoiced unvoiced unvoiced
unaspirated | unaspirated unaspirated unaspirated unaspirated
plosives plosives plosives plosives
Velar sound | Pre-palatal Retroflex Dental Bilabiable

affricate

@, &, o, O|tongue tip is |the tongue tip

) retroflexed  so | touches the
& (1, L e. E)| that its underside | teeth, not the
always palatal touches the roof | ridge behind the
of the mouth teeth

Figure 3.5: The unvoiced unaspirated plosives

The unvoiced aspirated plosives @, , , , (kha, cha, Tha, tha, pha)

Fan/ /7 fa/ /s i/
[KHAX] [CHHAX] [TTTAX] [THHAX) [FAX]
unvoiced unvoiced aspirated | unvoiced unvoiced aspirated | unvoiced
aspirated Palatal aspirated dental aspirated labial
plosives retroflex bilabial
| fricative
Figure 3.6: The unvoiced aspirated plosives , , , , (kha, cha, Tha, tha, pha) .
a5/ lal Il Il le/
voiced voiced voiced aspirated | voiced aspirated voiced
unaspirated | aspirated | plosives plosives aspirated
plosives plosives
Velar Palatal Retroflex plosive | Dental plosives Dental
affricate Retroflex plosives
i, [, e E (I, | tongue tip is | the tongue tip
] retroflexed so that its | touches the teeth,
&+, E, ) underside touches the | not the ridge
roof of the mouth behind the teeth

Figure 3.7: The voiced unaspirated plosives
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The voiced aspirated plosivess», &, &, & (gha, Dha, dha, bha)

Figure 3.10: The semi-vowels , a, and , a , ya

[/ lecl Ies | Tesl
voiced unaspirated | voiced voiced aspirated | voiced aspirated
Pplosives aspirated plosives plosives
Velar Palatal affricate | Retroflex plosive | Dental plosives
Retroflex
Figure 3.8: The voiced aspirated plosives(gha, Dha, dha, bha)
The nasals M,s%+, N, &, %
Is/ Is1 1551
voiced unaspirated plosives | voiced aspirated | voiced aspirated plosives
Velar nasal Retroflex nasal | Retroflex plosive Retroflex
Figure 3.9: The nasals M, , N, ,
The semi-vowelsd®, ya, and &,va ,ya
leo] 151
voiced unaspirated plosives | voiced aspirated
Retroflex voiced alveolar Voiced alveolar or post-dental

Voiced alveolars ra,&, r”’, oo and la,o 8, @
I3/ Ial Isl
voiced unaspirated | voiced aspirated voiced aspirated plosives
plosives
Voiced pre-palatal | Palatal Voiceless retroflex | Voiceless alveolar or post-
fricative fricative affricate dental fricative

Figure 3.11: Voiced alveolars ra, , r’’

The sibilants 3, Sa;Q, sha;,

, 77 and la, r

)

/5]
Voiced

Junaspirated plosives
Voiced glottal fricative

sa

Figure 3.12: The sibilants ,Sa; , sha; , sa
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3.3 Phonetics and phonological concepts of Telugu language

Other sounds: $e,ha.

18/ 1 lef Y, T/
unvoiced unvoiced unvoiced unvoiced unvoiced
unaspirated | unaspirated unaspirated unaspirated unaspirated
plosives plosives plosives plosives
Velar sound | Pre-palatal Retroflex Dental Bilabiable
affricate
@, &, o, o |tongue tip is |the tongue tip
retroflexed  so | touches the
& (i. L e. E)| that its underside | teeth, not the
always palatal touches the roof | ridge behind the
of the mouth teeth

Figure 3.13: Other sounds: , ha.

S.no Telugu Name-Place English Name-Place Description/Examples

1 Kanthya Velar Root of the tongue

2 Talavya Palatal Middle of the tongue

3 Mardhanya Retroflex Rounding of tounge

4 Dantya Dental Tip of tongue at dental

5 Oshtya Labial No influence of tongue
position

Table 3.3: Telugu Phoneme classes based on the position and the release of air flow or
restrict place of the air flow and articulatory positions.

language is a shallow orthography system. The phonemic ¢/ /’and phonetic symbols’|
]’ [BSA11] are one to one mapping for sound unit to the written script. It is same for

most of Indian language.

3.3.4 Articulation of consonants

Articulation of consonants will be a logical combination of components in the two
prayatnams. The places of articulation (passive) are classified as five listed in Table
No. 3.3.

Apart from Table No. 3.3, other places are combinations of the five places has been

shown in table no. 3.4
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S.no Telugu Name-Place English Name-Place Description/Examples

1 Dantosthya Labio-dental (E.g: v) teeth touches
lips

2 Kantatalavya E.g: Dipthonge Middle of  tongue
touches palate

3 Kantosthya labial-velar (E.g:Dipthong o) lip

Table 3.4: Telugu Phoneme classes based on the position and the release of air flow or

restrict place of the air flow and articulatory positions.

S.no Telugu Name-Place English Name-Place Description/Examples
1 Jihvamulam tongue root for velar

2 Jihvamadhyam tongue body for palatal

3 Jihvagram tip of tongue for cerebral and dental
4 Adhosta lower lip for labial

Table 3.5: Telugu Phoneme classes based on the position and the release of air flow or

restrict place of the air flow and articulatory positions.

Rounding with velam as the air restrict point, The places of articulation (active)
are classified as three, they are shown in Table No.3.5

The attempt of articulation of consonants(Uccarana Prayatnam) is of two types,
the Place of Articulation (POA) and Manner of Articulation (MOA). Understanding
of theses two method helps in analysis of errors in ASR output. Knowing this two
methods it helps to reduce the substitution errors in TASR system output using Lexical
modelling methods explained in Chapter 4 and executed in Chapter 5.

The air passing through the vocal card and controlled in the articulatory physio-
logical filters defined their structure in the categories of Telugu language specific clas-
sification shown in Figure 3.4 The following structure of physiological picture describe
the defined classification.

The Telugu phoneme pronunciation table with their place and manner of articula-
tion and categorization with appropriate grapheme are shown in figure No. 3.18.

A principle underlying Telugu orthography discussed by Krishnamurti and Gwynn(1985)
that , in complex words involving clusters, the ordering of the secondary form of vowel
and consonant graphemes is not dictated by the way the word is articulated, as is the

case with words with simple syllable structures. For instance, consider a word with
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3.3 Phonetics and phonological concepts of Telugu language

S.no | Category Class in Telugu | English names
name

1 Bahya Prayatnam(External effort) | Sprsta Plosive

2 Bahya Prayatnam(External effort) | Ishat Sprsta Approximant

3 Bahya Prayatnam(External effort) | Ishat Samvrta Fricative

4 Bahya Prayatnam(External effort) | Alpapranam Unaspirated

5 Abhyantara Prayatnam(Internal ef- | Mahapranam Aspirated
fort)

6 Abhyantara Prayatnam(Internal ef- | Svasa Unvoiced
fort)

7 Abhyantara Prayatnam(Internal ef- | Nadam Voiced
fort)

Table 3.6: Telugu Phoneme classes based on the position the release of air flow.

Nasal Cavity
/ Hard Palate

Velum

Tooth-ridge(alveolar):
back part
front-part

Upper Teeth

\\ .
Upper Lip

Nasal Passage

Eoweriip —_— Tongue:
I back
Lower Teeth middle
front
Jaw tip

Vocal Cords __

Figure 3.14: Human articulatory system for classifying phoneme based on place it ar-
ticulated (Classification of Telugu aksharas based on the place of restrictions on the vocal

sound hence the name of the place articulation and their components..
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assmcatian

e 7 50085 5. a5 £2 S0 DD S 35 S5 &

:n:vg.:ss.'mm
Palate
5065 e
Dental
consonant
region \ SIS E§ W
° \/g;sl IR
g : AT
G B EEI R A
4 e % & & gy = 33 g o Lips )
‘ g B % g w @ ¢ oo 5§ Mweo Soft
e B3 g b ¥ o AR palate
o 4 E < ¢ Tongue
] 3% ¢
K$ o g dz e e, 3 Vocal cords
s @y &5 g, F : g L (Larynx) o
: : Z o3 2 o ¢ ~ cavitv
& S ‘FosgMmes
%

Figure 3.15: Classification of Telugu aksharas based on the place of restrictions on the

vocal sound hence the name of the place articulation and their components.

Telugu Phonemes
(Telugu Aksharaalu)

o R

e d%xm sEse  sEssee
9 4 @
= & .
3 o N -
4 & i -
o 9 2
&

Figure 3.16: Telugu Phoneme(Telugu Varnamala) and their classification based on
Vowel(Acchulu) and Consonant(Hallulu) and their categorisation based on the sound pro-
duced manner
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Phoneme classification based on human physiological system

{
Periodic Pufts A (

TANN.
Noise /

T ©

Figure 3.17: Phoneme classification and in human physiological location of speech pro-

aeal Cavity

Nasal
Cavity
Oral
Cavily

Palate
Vocal '
"Tract £ —Oral Cavity

L 9
IMW: _-Pharynx

. Epiglottis

p

{
Modulator |
r Liiryiy

|'l ~ Larynx opening
into pharynx

+Lungs.

. Esophagus

duction and their signal representation

Telugu Vyanjana Uccharana Pattika (Consonents Pronunciation table

Pravatna Nivamavali Kanthya Talavya Mardhanya| Dantya Ter =t Oshtya
o & (jihvamalam) (jihvamadhyam) (jihvagram) (jihvagram) WA o dhosta)
Sparsa, Svasa, Alpapranam ka (s) ca (o) ta (&) ta (&) — pa ()
Sparsa, Svasa, Mahapranam kha (&) cha () tha (g) tha (g) — pha (o)
Sparsa, Nada, Alpapranam ga (1) ja (=) da (&) da (&) — ba (es)
Sparsa, Nada, Mahapranam gha (7o) jha (dw) dha () dha (&) — bha (=)
Sparsa, Nadam, Alpapranam, . .
Anunasikam, Dravam, Avyahata ) et (ar] DA o) e (s - A
Antastha, Nadam, Alpapranam, . ra (4) la (&) .
Drava, Avyahata ya (o) (Lunthita) | Parsvika) |2 &)
Usman, $vasa, Mahapranam, Avyahata |Visarga sa (¥) sa () sa () — —

Ushman, Nadam, Mahapranam, Avyahata ha (&) = — — — —

Figure 3.18: Telugu vyajana (Consonants) Uccharana Pattika (Pronunciation table) with
their pronunciation in context of manner of articulation and place of articulation.
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a complex structure such as CCVVCCVCVC swaardzitamﬁ‘sdeg “self earned”. The
secondary forms of vowels following the two consonant groups [sw]/ &g /and [rdz] /
are a length marker [aa]/ &/ and secondary form of the vowel [I] /g/.1f we go by the
way the segments are articulated, [w] and [dz] should carry these markers respectively.
However, the conventions of the writing system dictate that these forms be attached
to the primary consonants [s] and [r]. Similarly, words containing anuswara[o] indicat-
ing a nasal before an obstruent take on different valuses depending on the preceding
consonant and yet such phonological information is not encoded by the orthography
Syllabic alphabets and phonological awareness This section is to understand
the phonological structure of the Telugu language taken from linguist works. This work
helps to analysis the TASR output error analysis with comparison of human perception.
The linguistic studies of speech segmentation abilities of illiterate and biliterate Telugu
and English speaking adults[SAI97][SAI98] have shown that illiterates have considerable
difficulty segmenting spoken word into syllables and that orthography strongly affects
analysis of a spoken word in the literate population. The preferred syllable division by
literate subjects, however, violates the sonority sequencing principle which states that
from the syllable peak(vowel) onwards there must be a decline in sonority. The violation
of this principle is evident in VCV/&o&o/ [AMDHAM] syllables getting divided as V-
CV/wo/-/&o/ [AM]-[DAM], VCCV /® g/ as V-CCV/e/-/¢/ and VNCV as VN-CV
in their production. In a later study [SAI99] argued that the reason for this is that
Telugu does not permit consonants in word final position (no coda principle) except for
[m]. When asked to indicate their preferred syllable division among three alternatives
provided by the experimenter (the participants had to judge which division sounded
right as opposed to segmenting the spoken word themselves), biliterate adults showed a
preference for splitting consonants across syllables and thus accepting a coda (e.g. bhak-
ti “devotion” was preferred over bha-kti (¢-8)). However, when there is a homorganic
nasal and obstruent cluster in words, they preferred VN-C over V-NCV and VNC-V
options, probably because Telugu orthography has that rule (that is, the preferred
division for gampa (§o%) “basket” is gam.pa( + ) and not gamp.a or ga.mpa). The
fact that, in Telugu, the word aksharam(e&&o) refers to both spoken as well as written
syllables may have caused some confusion in the above experiments. Discounting that
possibility, it appears from the results of Sailaja’s studies that in Telugu the influence of

orthography over phonology is so strong that sometimes certain phonological principles
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3.3 Phonetics and phonological concepts of Telugu language

of the language are violated in experiments dealing with speech segmentation. For
preliminary evidence on the role of sonority in segmenting Telugu words with clusters
presented in written form by school children in [VASO03]

The section will describe the authors on Telugu words and their phonemic division
to learn. These concepts important in the thesis as part of design of language learning
tool. According to authors yet to be investigated is the effect of literacy instruction
in Telugu on phonological awareness in children. Since the focus of beginning literacy
instruction is on getting children to master the primary graphemes, that is the 56 let-
ters emphasizing all the primary vowels, diphongs and CV syllabograms with only the
inherent[a], children, especially those who have had only one or two years of instruction,
should make more mistakes then more experienced children in spelling the secondary
forms of vowels and of consonants in words containing consonant clusters. The ques-
tion on that the children with less instruction in Telugu orthography rely more on
phonological information than on orthographic properties of words compared to older
children on tasks involving use of phonological information. In short, which processing
strategies — predominantly phonological vs. orthographic — underlie beginning reading
in Telugu is the question mark. These were the questions motivating the authors study.
Fifty pictures of referents of bisyllabic words representing common objects, body-parts,
numbers, and animals were generated from a computer database with the help of a
desktop publishing soft wares for design of Level 2 of INTTELL which is future scope
of the thesis shown in Figure 3.6.4. A Telugu software package enabled us to print
Telugu fonts corresponding either to the initial or the final syllable. The syllable struc-
tures of the target words included VCV /&o&o/ [AMDHAM], VVCV, VCCV, CVCV,
CVVCV, CVCCV, CVC1C2V and CVNCV, where N is a nasal.

Pedagogical implications The study need to develop systematic instructional
materials for the INTTELL [NAGO5] with which can improve phonological and ortho-
graphic awareness of the words in the language in which children receive instruction
during their school years. The efficacy of activity-based phonological awareness training
programs for preschool children with speech interactive facility.

Telugu, one cannot assume a simple one to one correspondence between speech
and orthographic syllables. Systematic activity based lessons should be prepared to
help beginning readers make maximum use of their phonological awareness skills in

accessing meaning. These lessons should capitalize on the orthographic principles as
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Phoneme classification based on human physiological system

asal Cavity

Nazal
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Figure 3.19: Phoneme classification and in human physiological location of speech pro-

duction and their signal representation

well. Since evidence is available to show that orthographic knowledge can in turn help
child grasp phonological principles underlying words, attempts should also be made to
develop orthographic awareness during the primary school years. The main conclusion
from the three experiments of this study is that knowledge about phonological and
orthographic properties of words (at least for the highly frequent, and imageable words
that were used in this study) contributes to acquisition of beginning reading skills
although the strategies children use to access meaning during reading might differ at
different developmental periods. Data based on a larger sample of children learning
Telugu in schools where either Telugu or English is the primary medium of instruction

until the high school level are needed to test the applicability.

3.4 Telugu language dialects

The dialects are the variants of the languages that have different words or word pronun-
ciations in a language. The following figure No. 3.20 list the Telugu language dialect.
Generally consider 7 different slang based on the geographical region that people live
and the near by regional influence on the language. This table gives the future scope

for the enhancement of the current work.
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Dielects of Telugu language their their class based on the regions|

1 1
1 2 3 4 5 6 7 8
Tribal language - Telugu dialects different regions of Telangana and Andra Tribal groups
Komta Kond
Berad Dasari Dommam | Golar Kamathi a- Salewar
® | Reddi

Figure 3.20: Telugu language dialects regional wise and class of languages include tribal

Smof 1pa IPA-ASCID SAMPA DECtalk Example
1 Qi i i iy beet
A 1 I ih bit
kK- E 3 ey bet
4 1= & { ae at
EN @ @ ax about
6 A v W ah but

Figure 3.21: Phonetic notations used to transcribe any language script into the Roman
script (machine understandable form).
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Vocabulary: Utterances are the vocabulary chosen in language and they are tran-
scribed using any of the following standards for transliteration of Telugu script.

MITalk uses a set of almost 60 two-character symbols for describing phonetic seg-
ments in it [ALT95] and it is quite common that synthesis systems use the alphabet of
their own, leading to no unique accepted phonetic alphabet. Hence, system has to be
automated, so as to minimise the human intervention in design and reusable to other
languages. This is one of the greatest challenge in thesis and the following sections
describe to bring the solution in the context of Telugu language, design of ASR is

explored.

3.5 Telugu Language and ASR System

Telugu, a Dravidian language, is one of the oldest languages in the world, is third
most widely spoken language primarily in South India. Native Telugu speakers are in
Andhra Pradesh, with Telugu speakers across the globe. Nature of Telugu language is
Syllabic as similar to the languages of India. Each symbol in Telugu script represents
a complete syllable. In that sense it is a WYSIWYG form of script, and is considered
to be most scientific by the linguists. This syllabic script has been achieved by the use
of a set of basic symbols, a set of modifier symbols and rules for modification.

Need of building lexical model in Telugu: The following analysis gives the important
task of building lexical model for Telugu as on data availability is 2014 at CIL, Mysore
which is centre for Language Data Consortium.

Telugu language has eighteen Vowels, thirty six consonants and three dual symbols,
yet only thirteen vowels, thirty five consonants are in common usage. Telugu script
has the capacity to represent almost the entire phonetic spectrum of all Indian (and
most world) languages. Telugu, has one of the best script in the world, yet maintaining
an extensive sound base.[NAG12] The Telugu basic symbol pronunciation table along
with the Romanization of Telugu sounds i.e RIT (Rich In Transcription) form of Telugu
pronunciation using Telugu Lipi standards[SIR10]. Telugu Vuccharana ( ezySe RIS
Pattika (Pronunciation Table) Telugu phoneme classification: There are Two ways of
classification of Telugu alphabet which also known as Telugu Varnamala. One is the
Manner of Articulation in which each symbol can be pronounced by considering its

duration and their modulation on pronunciation
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Branmee
Script
Northern \Smlthern
Indian ek
Group s
\ Grantha j \\C‘tr 1 Indi
entra ian
KaLi
Guptha aLinga Kaadamba

e

Tamil ppajayaalam

Bmmese Taakrii Devanaagari Proto-bengaali  Tibetan

urmese

Kavi

0Old Kannada
Kaashmiri Nandinaagati
- . Maniipuri
Bengaali Ariva Gujaraati
Modern Kannada
Gurmukhii

Ariva Sinhalese

Figure 3.22: Tree shows the Bramhi script language (for Telugu Language) from the

photo Dravidian languages| ]

Phonemic Phonetic [Phonemid Phonetic Phonemid Phonetic
e UOH » UOH o UOH

SNo | Tehgu WX- | SpHINX | SNo Telugu WX | spamvx | sNo Tehgu WE- | spEmNx

Scripts Repx:ese representat Scripts Rept:esen representat Scripts Repx:esen representati
ntabion i tabhon i} tabhon
ion ion on

1 fea/ [a] [AX] 18 el [ga] [GAX] 33 les! [xa] [DHAX]
2 Jes/ [A] [AA] 19 faod [G] [GHAX]] kX! Jesd [Xa] |[DHHAX]

3 fraf [l [TX] 20 = [fa] |[NYAAX] 35 Jadd [na] [NAX]

4 = M [I¥] 21 el [ca] [CAX] 36 2 [pa] [PAX]

5 = [u] [UH] 22 e [Ca] |[CHHAX] 37 s [Pa] [FAX]

6 =l [u] [UA] 23 = [ia] [JAX] 38 fedl [ba] [BAX]
7 ey [q] [RH] 24 e [Ja] [JTHAX] 39 &y [Ba] [BHAX]

g N [e] [AT] 25 frrd [Fa] |[INYAX] 40 fau/ [ma] [MAX]

9 Bl [eV] [IA] 26 ey [ta] [TAX] 41 lainl [val [TAX]

10 fol [E] [AY] 27 ot [Ta] | [TTTAX] 42 ol [ra] [RAX]

11 foul [o] [0] 28 jezt [da] [DAX] 43 jex [ta] [LAX]

12 &l [0] [OA] 29 i~ [Da] |[DXHAX]| # e [val [VAX]

13 & [oV] [AW] 30 Jeal [Na] | [NHAX] 45 fal [sa] [SAX]
14 /es0! [aM] [AM] il ey [wa] |[THHAX] 46 Ll [5a] | [SSHAX]

15 Voo [aH] [AHA] 32 e/ [Wa] |[THHAX] 47 Y [Ra] [SHAX]

16 jg! [ka] [KAX] 33 jesl [xa] [DHAX] 48 s [hal [HAX]

17 e/ [Ka] | [KHAY] 4 e/ [Xa] |[DHHAX]| 49 = [I¥a] [LHAX]
18 s [ga] [GAX] 35 15 [na] [NAX] 50 £y [kRa] |[KSHAX]
51 lea! [rY] |[[ARWAX]
51 fen! [fY] |[ARWAZX]

Figure 3.23: Thesis proposed UOH symbol set for Telugu grapheme to phoneme conver-
sion and compatible for the SPHINX speech recognition engine compared to CMU symbol

set
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S.no | Languages Hours Minutes Seconds
1 Assamese 105 51 38
2 Bengali 138 18 47
3 Bodo 201 10 48
4 Dogri 111 32 11
5 Gujarathi 156 23 4
6 Hindi 269 9 50
7 Indian English Bengali 34 12 57
8 Indian  English  Guajarati | 21 40 0
(MP3 Format)
9 Indian English Kannada 37 1 33
10 Kannada 198 51
11 Kashmiri 44 59
12 Konkani 195 14 47
13 Maithili 95 59 54
14 Malayalam 265 24 18
15 Manipuri 187 35 13
16 Marathi 168 13 50
17 Nepali 145 4 46
18 Oriya 165 30 5
19 Punjabi 187 53 28
20 Tamil 213 37 27
21 Telugu 50 o1 36
22 Urdu 124 19 58

Table 3.7: Telugu Language Speech Corpus for scheduled languages of India avail-

able(No.21 is Telugu) and presently not freely available from the LDC

2014.
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Figure 3.24: The speech corpus available at LDC-CIL 2014 for different scheduled lan-
guages in terms of its size

S.no | Language Hour Minutes Seconds
1 Assamese 36 31 28
2 Bengali 21 55 46
3 Bodo 50 38 55
4 Gujarati 49 0 0
) Hindi 45 51 32
6 Kannada 32 20 43
7 Konkani 32 29 53
8 Mlayalam 33 3 )
9 Manipuri 49 41 18
10 Nepali 23 23 35
11 Oriya 40 0 33
12 Pujabi 33 30 6
13 Tamil 48 12 10
14 Urdu 34 2 39

Table 3.8: The table and its graphical analysis for around 22 languages in which Telugu
language Lexical model data is not available, as shown in this table :
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Figure 3.25: Graphical shows the language wise (hourly, minute and seconds) size of data

interms its time duration.

The figure 3.31 describes the phonetic symbols used to transcribe the Telugu ut-
terances. As the thesis proposal task for unique acceptable symbol for generic system,
the GUI designed for transcribing the Telugu Utterances as well any spoken term can

be used to transcribe with this tool in Telugu phonemic context.

3.6 Research problem outcome INTTELL

In this section it explains application of the problem statement of the thesis as outcome
proposal for Telugu language learning tool. This proposal is to develop a language
Telugu language learning without help of a human tutor. It also facilitates to assess
proficiency in a language by testing the user pronunciation. To do this ASR module
and its performance accuracy is important which contribution the present thesis work
is. It is an e-learning method using ASR and TTS (Text to Speech System or Speech
synthesis). Present role of Telugu ASR system is to first learn the Telugu specific
pronunciation, then only the system is able to judge the pronunciation of the user. The
entire empirical task of the present work is on this task.

INTtelligent Tutor for Telugu Language Learning (INTTELL) [NAGO5] is based
on cognitive psychology in Human Computer Interaction. This consists of basically

two modules one is Student module which is uses ASR and another is Teacher module
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/Telugn #count in #count it
S.No |Phoneme S.No ' '
) text , text
1 9o 32 23 3 4
2 ) 148 24 e 2
3 e 50 25 % 1
4 2ls) 14 26 D 4
5 2 38 27 o 4
6 & 12 28 F 2
7 o) 22 29 2 1
8 & 26 30 23 4
9 & 14 31 g, 3
10 oo 12 32 %0 11
11 ) 31 33 R 62
12 2 19 34 o 1
13 & 3 35 o5 7
14 g 48 16 ™ 5
15 =xle) 1 37 Hao 3
16 =2 38 38 &5 13
17 =5Te} 27 19 F 1
18 er 21 40 £ 3
19 o 11 41 g 1
20 % 29 ) - 1
21 o 7 43 5_) 1
22 B 1
Figure 3.26: : Text processing and phoneme/morphonemes count in a 10 pages text

extracted for building corpus and lexical model for Telugu sample analysis results and

phoneme/ morphonemes counts.
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Figure 3.27: Graphical analysis for count of Telugu phoneme/morphonemes in a 10pages

text corpus to develop lexical model

Telugu Langnage Grapheme to Phoneme conversion tool used to transcribe the speech utterences
Type Text in English See Results in Telngn
ADHINTARIRY
apany o
n.‘\!é_
aurietyd ed Fored
ard ub sagrpd piy
Vowels | Consonants
eueu@mg‘namem‘g‘l(‘é KH‘;,‘G :»‘Gﬂlény
o“bmam’mOa,""z:"“":s‘c‘vs'“f“‘é“5.»1“‘# P
RH Mot T | T | p DX NH
AW P | e ‘ & ‘ ] ‘ & ‘ l é ‘ ‘ [+
- RO ROEOR
o' 5] m, o]
¢ 0 : 2 ‘5‘1"5 r‘é‘nlé‘aﬁ‘&‘\x
(for 51 gotso)
B A E-a T

Figure 3.28: A GUI for Telugu grapheme to Phoneme mapping tool to transliterate the
Telugu script.
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3.6 Research problem outcome INTTELL

Hand crafted Telugn phoneme specific Lexical model

5.NO|Telugn graphemes Phonetic transcription Lexical Model using Telugu phoneme specific phonetic symbols
1 |eofizroré AXNGIYKAARAANIXKIX AX I[N |G IY K [AAR |AA N IX K X
2 |esotrtd AMTAARUH AM T AA R |UH

3 |evobr? AMTAARUH AM T AA R |UH

4 |esotare AMTUA AM [T UA

5 |eo0fd AMTIA AM T IA

6 |00 AMTHXAX AM |THX |AX

7 |e908h AMTHXAX AM |THX |AX

8 [wostgary AMTHXAXKAXNNAA AM |THX |AX |[K JAX N [N [AA

9 |esoddionTeE AXMTHXAXHPUHRAANIXKIN AM |[THX |AHAP [UHR [AA N X K |IX
10 |esome AMTHXAA AM |THX |AA

11 |esoczosd AXMDHAXMAYNAX AM |DH |AX |M |AY |NAX

12 |e90c38 AMDHAXRIX AM |DH |AX R |IX

13 |esocibd AMDHAXRIXKIY AM DH |AX R I | K |IY

14 |esocitie AMDHAXRUA AM |DH |AX |R |UA

15 |es08) AMDHIX AM |DH |IX

16 |woced AMDHUHKAXNIY AM DH |[UH |[K |AX |N |IY¥

17 |esocog AMDHUHKIA AM |DH |UH |K |IA

18 |eocioeS o) AMDHUHLOANCIX DH |UH |L [OA Cc X

AM M

Figure 3.29: Hand crafted Lexical model for the extract text corpus from the online

chandamama stories september2015

Hand crafted Telugu phoneme specific Lexical model

S No.|Telugu graphemes Phonetic transcription cananical Lexicon Surface Lexicon
1 |eofisroedd AXNGIYKAARAANIXKIX AMGIVEKAARAANIXKIX ANGIVKAARAANIXKIX
1 |eotrdn AMTAARUH AMTAARUH ANTAARUH
3 |esotrrdo? AMTAARUH AMTAARUH ANTAARUH
4 |esotar AMTUA AMTUA ANTUA
5 [e9063 AMTIA AMTIA ANTIA
6 |esodh AMTHXAX AMTHX AX AN THX AX
7 |0 AMTHXAX AMTHX AX AN THX AX
§  |esosSery AMTHXAXKKAXNNAA AMTHN AXK AXNN AA ANTHXAXKAXNNAX
9 |evoghiroTrRd AXMTHXAXHPUHRAANIKIX AMTHX AHAPUHRAANIXKIX ANTHXHPUHRAANIXKIX
10 |esome AMTHXAA AMTHX AA AN THX AA
11 |esocizos AXMDHAXMAYNAX AMDHAXMAYNAX ANDHAXMAY NAX
12 |esocsiB AMDHAXRIX AMDHAXRIX ANDHAXRIX
13 |esocsBd AMDHAXRIXKIY AMDHAXRIXKIY ANDHAXRIXKIY
14 |esosor AMDHAXRUA AMDHAXRUA ANDHAXRUA
15 |esod AMDHIX AMDHIX AN DH IX
16 |woched AMDHUHEKAXNIY AMDHUHK AXNIA ANDHUHEKAXNIA
17 |wocd AMDHUHKIA AMDUHKIA ANDHUHKIA
18 |es0c0S 00 AMDHUHLOANCIX AMDUHLOAMCIX ANDHUHLOAMCIX
19 |esgh s ANKKAXDAX AXKKAXDAX ANKK AXD AX
20 |eag.5 ANKBAXE. AXKBAXE AXEKBAXR

Figure 3.30: Canonical and surface form lexical model for extract Telugu text corpus.
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3. LINGUISTIC CONCEPTS OF ASR SYSTEM

Telugu aksharaalu(alphabets)- Pronunciation Tabable

e |a son ¢ |ka cart o ta Frencht |, |55 |germanrich
e |aa master |, |kha blockhead & tha |thumb g |sha show
a3 i if x |oga goat & da [then 5 |sa [sON
= lia feel & |gha ghost & dha |breathe | |hq |hot

& lu full = |~ma |sing X na |hot & |ra |RetrolL
& |ua fool X lea chain 3 pa pot

= |R Betrri X |ca catch him 3 pha loophole

S le let 23 ja jet & ba ball

5 lae late o jha hedgehog &5 bha |abhor

o lai lie = |~pna |Frenchn | 5 |ma |mother

2. |o rotate »  |Ta ten & |ya yard

5. |oa rote & |Tha [|ant-hill o ra run

Z [ow |now & |da [dog o |la |luck

®0 |am him & |dh'a godhood | x va avert

o 3la @h half s |n'a |under

Figure 3.31: Telugu orthography with their phonetic representation with example word
transliterated in English [NARO7].
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3.6 Research problem outcome INTTELL

which is uses TTS. Main concentration of the work is Student Module which is ASR. It
tests the knowledge of Student and made them to learn how to pronounce the syllable
or words. ASR accuracy is key part which gives intelligent part. But accuracy depend
on many factors in which language dictionary also one. Recognition of system will be
more if the number of words in dictionary is more. To build language model for any
language dictionary plays key role. Previous model of ASR system used for Telugu
language have 39 phone set i.e., pronunciation basic unit sound representations. It is
same as the of CMU phone list. As Telugu is Dravidian language and also syllabic
language and it has total 56 phones including Vowels (16) and Consonants (40) in
Script. Each syllable has distinct sound so 39 phone list is not sufficient to represent
the grapheme in the language. Hence the thesis proposed 51 phonetic symbols that
are mapped to the phonemes of the Telugu is new phone list which are used to create
the pronunciation dictionary for Telugu language. By using the new phone list(which
is proposed and designed as the contribution of the thesis) for Speech tools both ASR
and TTS improve the system performance. Here TTS is teacher model, it helps the
user when they need to learn the pronunciation to be taught. Once the user is learnt
the concepts, testing of user pronunciation by using ASR system. Enhancement in
HCI with system which shows even how to write the syllable with flash multimedia
animated file makes the user to learn better way without the help of external human
teacher basics of the language. In the following figure shows the design and UI for
INTTELL system for Telugu language learning with help of ASR system.

First level learning process of Telugu Akshra| Jaksharas and its writing procedure
while teaching is developed in INTTELL completed with the Net Beans IDE environ-
ment. Integration part of speech technology, script written in design part. ASR and
TTS system working for Telugu language are the back end system for this design. Flash
animation software used by taking the all phoneme images and using Action script of
Flash software used to develop orthography writing procedure demonstration. Each
image and its animated files are the input to the system when the system is in teaching
mode these are displayed presently on click and in future enable with speech modality.

In this chapter focused linguistic requirements to develop ASR system for Telugu
and transforming ASR system to the TASR system. Concepts covered from language
background about spoken and written form to the classification of the language based

on the script. The script of the language help to transcribe the speech correctly hence
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3. LINGUISTIC CONCEPTS OF ASR SYSTEM

INTELLIGENT TUTOR FOR TELUGU LANGUAGE LEARNING

Teacher Mode Learner Mode

Pronunciation
testing by learner
(ASR system)

Tutor

Speech Synthesis
system - Reading
by Tutor

Read next
Displayed
Text

i
/ s
Speech is

Recognized

Figure 3.32: Design - Functional Flow diagram of INTTELL[NAGO05]
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LEVEL OF DESIGN IN
INTTELL
coloured hox are the
main task of the Graphical User Interface |
research problem
4
Student Model Flash Multimedia Teach Model

Prouunclatlon Teaching

Automatic Speech ™ Animated Writing for ™7
L through Speech
Recognition System Telugu AKsharas ‘ Synthesis Svstem
H Lexical Model I .
Acoustic o Language Model
Model (Pronunciation

Dictionary)

DATA BASE

TRANSCRIPTION | [Telugu Script | [FLASH Created
(Phonemic symbols)| (Text corpus) .swf files

SPHINX
Speech Interface | SPEECH filel .., | NSCRIPTION

(Audio data) (Phonetic symbols)

/L INTERFACE DESIGN

[ —
SPEECH SOUND AND TEXT FTLé*zfllnﬂle
SOFTWARE TO GUI TO GUI

Figure 3.33: Modular Design for INTTELL system for Telugu language learning with
help of ASR system.
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3. LINGUISTIC CONCEPTS OF ASR SYSTEM

Figure 3.34: Working model of prototype design of INTTELL, GUI system for Telugu
language learning tool
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Figure 3.35: Working model of prototype design of INTTELL, GUI system for Telugu
language learning tool
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Next level to
choose

Next level is
CONSONANTS

o Teacher Module Teacher Module
Cont!'lbnhon of B with Text to is added with
Thesis TASR Recognition Add.lhona.]].y Speech S_ys_tem writing procedure
.system to results helps to added writing of (TTS) existing for Telugu
interface to _dl_ECk estimate the the Telugu system interfaced Alsharas
the pronunciation learns learning Alksharas(Future which needs to be

capability scope of the enhanced(Future
- thesis) scope of the
current thesis
work

Figure 3.36: Description of Working model of prototype design of INTTELL, GUI system
for Telugu language learning tool in Teacher mode and Learner Mode
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B[EIE
[@- searh (Ctri+) |
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Figure 3.37: INTTELL in Teacher Mode teaching the pronunciation and writing proce-
dure of Telugu Aksharam “AX”

D Appications  Places system (@) () [ [ Wed Apr 26, 1053PM  Dr.M.N.Mani @ /4y @ =2
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Figure 3.38: INTTELL in Teacher Mode teaching the pronunciation and writing proce-
dure of Telugu Aksharam “IX”
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Figure 3.39: INTTELL in Teacher Mode teaching the pronunciation and writing proce-
dure of Telugu consonants (Hallulu)
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Figure 3.40: INTTELL in Teacher Mode teaching the pronunciation and writing proce-
dure of Telugu consonants (Hallulu) and Writing and pronouncing of consonant [KAX]
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LEVEL1

TEACHER LEARMER

= | -

Writing Practice

FAILED!

=

Figure 3.41: Level 1 of INTTELL learning phonemes with visual images to identify

phonemes and check their pronunciation using ASR system proposed given above.
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ILEVEL2

TEACHER LEARMER

Fronaunce

PASSED!

Learn Again Mext Word

Figure 3.42: Level 2 of INTTELL learning words with visual images to identify words
and check their pronunciation using ASR, system proposed.
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linguistic knowledge in the target language of ASR system is necessary to understand
by the speech engineering. That knowledge is major description in this chapter. It also
present the contribution of transcription tools designed with target language and also
thesis outcome proposal of language learning tutor design methodology and preliminary
implementation of INTtelligent Telugu Language Learning(INTTELL) tool and their

required components covered.

kokosk sk ok sk sk ok kokok ok
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Chapter 4

Lexical Modelling in TASR
System

4.1 Introduction

In this chapter gives the process of Lexical model design, in the backdrop of the lin-
guistic knowledge presented in chapter-3. This chapter presents the key challenges of
statistical ASR system. Lexical Model, also known as a Pronunciation Model (PM) is
defined as the interface of the corpus built and statistical and probabilistic estimation
process of ASR system. PM is the input to an ASR system. From the pronunciation
(sound) unit i.e., from the acoustic feature observation, the corresponding text is in-
ferred, as stated in the chapter 3. The hypothesis text generated at the out put of
ASR system, plays a major role in defining the Linguistic context, which is Orthog-
raphy of target language-Telugu language. Linguistic context of sound production are
influenced by many factors [RAS16] as reviewed in chapter 2. For the languages which
do not have standard level of corpus, an attempt is made to develop a lexical model for
languages to bring a standard level and thereafter generalized to any language. The

Lexical model in ASR system, is build into Telugu ASR (TASR) system.

4.1.1 Lexical model or pronunciation model

Recent speech recognition literature aims at addressing the adaptation problem under
lexical modeling. The lexical model affects three modules of ASR system i.e., acoustic

model, lexical or pronunciation model and language model. Further, two methods are
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4.1 Introduction

used in the Lexical model viz., (i) knowledge driven method [HELO1] and (ii) data driven
method[AMDO00]. A lexical Model deals with the pronunciation of a word into elemental
units of sound segments generally called as phonemes of the language. The lexical
model is extremely sensitive to speech variations. is more affected by speech variations.
Modeling of lexical model requires more human intervention and is also time consuming.
In this chapter (i) different research works towards lexical modeling are reviewed (ii)
procedures to implement lexical model in contemporary period (iii) direction towards
the Telugu ASR lexical modeling and (iv) methods followed to build the system. The
results are presented in successive chapter 5 related to design of Telugu Lexical (TelLex)
[NAG10] using UOH phone set for Telugu ASR (TASR)[NAG12] system.

The state-of-art ASR systems knowledge base in linguistic context uses speech sound
segment into their phonetic symbol as a unit of pronunciation. This sound symbol that
is used to produce the unit of sound is a phone set. The hand crafted pronunciation
dictionary is prepared using the phone set and mapped for the word, based on the
linguistic rules (as shown in the figure 4.4). The above pronunciation dictionary can
be used for Text To Speech system (TTS)[NAG14b].

4.1.1.1 Pronunciation variations in speech signal

The human vocal organs adapted to producing speech sounds, as part of the evolution
[BEU98|. As explained in Figure 1.3, the human auditory & perception system evolved
to process speech sounds. Speech sounds varies, based on (i) Utterance of Phoneme,
sub-word, word or sequence of words is pronounced (ii) of utterance in different time
periods and (iii) based on persons (a) the variation within the speaker (Intra speaker)
(b) variation between speakers (Inter speaker). The variation is due to factors like
height of the speaker, age, gender, regional accent, dialect, voice quality factors [FOS99].
Other factors influencing intra speaker variation are (a) speaking style which referred
as stylistic variation, which depends on the read or planned speech or spontaneous
speech. (b) Speaking rate [USH14] (c) co-articulation, i.e., impact of pre and post
sounds pronounced (d) supra segmental features, influencing pronunciation based on
stress of word/ sentence, frequency, word position in sentence, intonation, and location
phonemes contained in syllable [STR99].

The ASR system has limitations in adapting to these variations, however, an at-

tempt is made for processing by adapting to the recognition of humans speech in ASR
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Isolated Speech
Connected Speech
Continuous Speech
Spontaneous Speech
Read Speech

Utterance

Speaker Dependent
Speaker Speaker Indepgndent
Speaker Adaption

ANS

Speech Recognition '7

Microphone
Channel Telephone
Mobile

a0

Noise free
Noisy

Environment

Small

Medium

Vocabulary Large

Very Large

Out of Vocabulary

LT

—

Figure 4.1: Adaptation methods in Speech recognition

system. The types of adaptation in Speech recognition are shown in Figure 4.1. The
adaptions are also called as modelling.

In adaptation process, the acoustic model and language model are outputs lexical
model is an input during the ASR training and decoding process [LIV0O5][LIV16]. The
lexical model in knowledge base of ASR is an interface between text and AM. The
pronunciations in the PM are transcribed sound units. The PM can be modelled
in various methods viz., (i) by learning from the available data which is known as
data driven method of adaptation or (ii) by understanding the language properties
from theoretical knowledge which facilitates the importance of chapter 3 in this thesis
work, using the linguistic knowledge build the lexical model using rules, which are

known as knowledge driven method [DENQ7]. These two are core concepts used in
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4.2 Lexical Modeling Framework

modeling pronunciations and variations of pronunciation that are affecting the ASR
system performance efficiency, measured in terms of WA and WER [RAB10] [NAG10].
Now it is proposed to discuss the factors effecting the efficiency, i.e., error that arise from
pronunciation variations i.e., WER, occurring during training and decoding process of
ASR system. In view of the variability in speech, the accuracy of ASR system is
reduced. To improve the same, decision tree [FOS99] based modeling in lexical model
with alternative word pronunciations from phonemic base forms is generated. These
generated lexical model, is inputted to train the acoustic model, which would get better
the word accuracy hence overall improvement of ASR system work. The above method
in word recognition helps to add additional, pronunciation in phonemic layer, which is
a canonical pronunciation, shown in Figure 4.4. The prediction of choosing alternate
pronunciation is exhibited with GMM — HMM in training process of ASR system. The
alternative pronunciation adding to defined lexical model is more suitable for deep
Orthography based languages and less influence in shallow Orthography languages like
Telugu language. The performance in above process is more suitable for isolated word
recognition, as compared to continuous speech. The process would lead to reduction in
WER [GIA07].

In Telugu language the process is simple in adding canonical layer with Akshara
(Grapheme) to phoneme mapping, as shown in Figure 4.4. This alternative pronunci-

ation used in the data and its recognition improvement, shown in the Chapter 5.

4.2 Lexical Modeling Framework

The steps in Telugu pronunciation model leading to TASR are as under:

1. Extraction of canonical (phonemic) transcription : from word and Ortho-
graphic layer. A standard Telugu lexical model (TelLex) [NAG10] is a Telugu
phoneme specific unit, used for defining a lexical model. Base form of this is a
manually written lexicon based on the phonemes of Telugu language. This was

derived after much research, which is shown in Figure 4.2 below.

2. Extraction of surface-form (phonetic) transcription : The Orthographic
text (hand labeled) spoken by language speaker has been transliterated for facil-

itating the lexical modeling, using Transliteration tool detailed in Chapter 3 for
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4. LEXICAL MODELLING IN TASR SYSTEM

Hand crafted Telugu phoneme spec%c Lexical model
5.NO |Telugu graphemes Phonetic transcription Lexical Model using Telugu phoneme specific phonetic symbols
1|esofizrordd 17 AXNGIYKAARAANIXKIX AX [N |G IY K [AA R |AA N IX K |IX
2|0t AMTAARUH AM [T AA R |UH
3 |evotcnd? AMTAARUH AM [T AA R |UH
4|esotar AMTUA AM [T UA
5|es083 AMTIA AM [T IA
6|es0eh AMTHXAX AM |THX |AX
7 |es0ed AMTHXAX AM |THX |AX
8|esoessiy AMTHXAXKAXNNAA AM |THX AX K [AX [N [N |AA
9|es0e8:20TPRE AXMTHXAXHPUHRAANIXKEY (AM [THX [AHA P [UHIR AA N X K IX
10|e90m AMTHXAA AM |THX |AA
11]es06520: AXMDHAXMAYNAX AM |DH |AX |[M |AY |NAX
12|e90030 AMDHAXRIX AM |DH |AX R |IX
13 |es0c368 AMDHAXRIXKIY AM DH |AX R |IX K |IY
14 |[es0cs6 AMDHAXRUA AM |DH |AX |R [UA
15|e908 AMDHIX AM |DH |IX
16|e906085 AMDHUHEAXNIY AM DH |[UH [K |AX [N |IY
17|e90c008 AMDHUHKIA AM |DH |[UH |[K |IA
18|es0ci o AMDHUHLOANCIX AM DH |[UH |[L [OA M |C [IX
19]esch &< AXKKAXDAX AX K K AX D |AX
20 @Qaﬁ AXKBAXR AX K B AX R

Figure 4.2: Telugu Phoneme based Lexicon with handcrafted for Telugu graphemes

Hand crafted Telugu phoneme specific Lexical model
5.NO |Telugu graphemes Phonetic transcription cananical Lexicon Surface Lexicon
1|ev0fiseorRd 7 [ANGIYEAARAANINKIX AMGIYKAARAANIKIX ANGIYKAARAANIXKIX
2|es0tco AMTAARUH AMTAARUH ANTAARUH
3 [ev0tran? AMTAARUH AMTAARUH ANTAARUH
4|es08ar AMTUA AMTUA ANTUA
5|ev0e3 AMTIA AMTIA ANTIA
6|es0s AMTHIAX AM THX AX AN THX AX

Figure 4.3: Surface form representation for Telugu phoneme specific Lexical model using

Telugu graphemic sequences

the Telugu UOH corpus. The variants of pronunciation added as second label of

the same word, given in Figure 4.3.

3. Alignment of canonical to surface level transcriptions : For the align-
ment of transcription in training process, a dynamic programming is used with
phonetic feature distance measures in GMM-HMM modeling. Most of the cases,
where allophones (variation in phones) and in phoneme transformation this as-
pect is important. In Telugu Phonemes to phone mapping is one to one mapping.
Hence, this problem is less significant in Telugu, as compared to English lan-
guage. Phonetic representation is given in thesis by using “[ |” and phonemic

representation by “/ /” following approach as presented by prof. Peri Basker Rao
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Surface Lexicon — | AN KIX THXAX MUH
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Rule Based Laxicon
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Canonical Represantation AX M K IX THX AX M UH
Laxicon
Orthogrephy Layer
(Syllabification Process) Ba § & 500

Word Layer — e08¢8:500

Figure 4.4: Surface form representation for Telugu phoneme specific Lexical model using
Telugu Orthograph with a layered structure

in his article [BAS11][LIVO07].

4. Alignment of canonical to surface level transcriptions : In this process,
predicting the probability estimation of phonetic unit and applying the decision
conditions using speech signal features. For a given word, segmented phonetic
unit probabilities comparison constitute the Decision tree. Analysis on error

word substitution (“Ala”) in place of actual word “Alaka” is depicted as below.

5. Alignment of canonical to surface level transcriptions : In lexical model
the dictionary-based phoneme-level recognition network is used to transform a
network of surface-forms. The phoneme-level network may either be derived from
linguistic knowledge driven method or from a word-lattice generated by a data

driven method of recognition process.

Modelling of ASR system in the backdrop of development of speech recognition is
gaining importance in real world environment. The orthography of words which
are correlated from the glossary of pronunciation vocabulary, onto a chain of sub-
units called phonemes necessitate human expert knowledge is expensive and time
consuming task. The automation also requires hand labeled material as back
up. For this purpose in-house built Telugu phoneme specific mapped units are

used. To enable the same we have developed recognition systems at our lab using
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Alag
<-0.1854
Alal
<6241
Alag >= 0.003 and
< 0.097
— — Alal
>= 6,241
———— -
Alal
<6241
Alag >= -0.1854 and
< -0.0912
Alal
>= 6,241
Alal0 >= -0.0742222222 and
< 0.007
——— —
Alag >= -0.0912 and Alald
< 0.003 = < -0.0742222222
Alag \ Alald
>= 0.097 >= 0.007

Figure 4.5: Decision tree based analysis of data (ala vs alaka) [NAG13]

Telugu phonemes as sub-units. This is simple in shallow orthography based lan-
guages. Telugu language is shallow orthography mapping in the dictionary is not
difficult as each word made into syllables and alphabetic script with a rather near
grapheme-to- phoneme association. With the same experiment carried out to map
the Telugu unit for mapping sounds of other language and found better results
in recognition. In this work, my research results into form a grapheme based Tel-
ugu recognizer trained on UOH phonelist [NAG12] with specific pronunciations.
The ensuing system accomplishment was evaluated against phoneme based iden-
tification system, which was taught in CMU specific phonemic representations
[SINOO][ST04]. There will be dissimilar assessment for the two context reliance

models.

Phonological pronunciation variations by lexical modelling are the most popular
method. Phonetic segmentations pronunciation modelling is done by the acoustic
models using iterative training for given input speech. Speaker dependent param-
eters are better handled in lexical modeling with insertions, deletions and varia-
tion in dialects or speaking style, this model also accommodates longer contexts

than acoustic modeling, permitting modeling of linguistic structure in hierarchy.
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The subsequent sections deal with lexical model adaptation for pronunciation
variations. The acoustic models used in recognizer not in abstract linguistic units
instead pronunciation of a language [BAL99] in signal context. The mismatches
in the recognized output dealt using the lexical model. The importance of lexical
model in ASR knowledge demands the modelling in [ING02] by the process of
changing the baseforms in to surface form based on speech variability. The newly
defied lexical model is used to train the system to estimate acoustic log likelihoods
which are used to prune the pronunciation variants and their framed rules are

adapted.

Maximum likelihood pronunciation modeling is rule probability estimation from
the point of view of automatic transcription. As per the authors [HOL99e] the fre-
quency counts from a maximum likelihood transcription is termed as “maximum
likelihood” for the adaptation in acoustic model with log likelihood estimations
for given pronunciation. The thesis is the utility of decision theory to get used
to the intonation disparity and pertain to implement in reduction in ambiguity/
confusability at the output of ASR system by dealing at acoustic model level
[NAV14].

Pronunciation modeling using Decision theory: Applying decision theory based
modeling in which ASR is working as a ‘classifier is the recognizer’ which is the AM, PM,
LM [SAKO09]. We can get classes of words from the utterance, sentence, or meaning.

The three modules of ASR are best possible discriminated. The pronunciation in
lexical modelling is foremost concern to the research work and the decision theory in
particular. The notations tag on as common decision theory metaphors:

The classification system for the described notation:

Classifier

c() (4.1)

M dissimilar word sets or Classes
Wj S [Wl Wy ... WM] (4.2)
A set of baseforms [B;-d} for every word (Identity=id)

(4.3)
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Initial Lexicon creation
with limited training
data

Train new grapheme to
phoneme models

Update the Lexical
model

f

select the new
pronunciations for
words

|[Use the models to generate
pronunciation to train and
test the TASR svstem

Is

Acoustic
Models

BW-training(force
align) for data using new
models

Use the models
to generate

Use best pick reliable pron Train new G-P __| Pronunciations
models ——1{ unciations and up-{—™] model to test TASR
to decode icti - system

Figure 4.6: Lexical learning process through HMM training and testing for TASR system
defined phone set
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A group’K’ training samples

o%) ¢ [0 o) . oF)] (4.4)

k)= an array of feature vectors in prop up of an acoustic segment of word.

where, of

The baseforms Bj is used to indicate the different forms as a subscript. The Pro-
nouncing modelling consists of two different methods with dissimilar problems. The
Figure 4.9 follows the following given steps to design the lexicon for target language as

per the below steps

1. Knowledge based pronunciation modeling[RIL99]

In the knowledge-based method, extracting knowledge from linguistic context is
done mostly by hand-crafted lexical modeling or linguistic literature. Linguistic
knowledge plays major role in deriving the pronunciation. Present thesis work
in Telugu language context, the structure of the phoneme arrangement is taken
to formulate rules. For the consonant, rules will be based on the context which
can be applicable baseline lexicon words. The consequential variant is absolutely
supplemented to the lexicon. Figure No. 4.7 Phonological rules with application
perspective are given in Telugu explored with the observation of data and lan-
guage background. Further 5 phonological rules can be had from [KES99] and the
reference to the usage. Substitution of every consonant ([K][AX]/&/, [C][AX]//,
[TAX]/&/,[THX][AX]/&/, PAX/%/) followed by oral sound of [AM] sound should
be replaced with [AN]

2. Knowledge based pronunciation modeling[RIL99]

a. In turn, each of the above models comprises of (i) Direct driven (ii)

Indirect driven

The new Lexica are created with the utilization of two knowledge-based and data-
derived approaches to pronunciation modelling and in addition pronunciation

variants are included to the baseline lexicon.
b. Step-by-step rule derivation process is as under

i) Reference and alternative transcription
ii) Alignment

iii) Rule derivation
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4. LEXICAL MODELLING IN TASR SYSTEM

Grapheme Phoneme
s e KAX AN
= e CAX AN
® ° TAX AN
® o THX AN
* o AX AN

Figure 4.7: Example of Telugu transcription for Grapheme to phoneme mapping in

canonical and surface level lexical model

Telugu phonemic transcription

Simple Grapheme to Phoneme Grapheme to phoneme map using
map(Canonical) phonological rules(Surface
e90 § Q & || & | eo § Q & || &
AM K | IX | THX|M | UH| AN K | X |THX | M | UH
go D e go Y 1}
KAM| C | AX KAN| C | AX
@0 ) (D) @0 ) (3]
AM | THX | AX AN | THX | AX
90 5} e @0 | e

Figure 4.8: Example of Telugu transcription for Grapheme to Phoneme in canonical and

surface level lexical model
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4.2 Lexical Modeling Framework

iv) Rule assessment and Pruning

c. Pronunciation variant generation assessment and pruning

With the various factors that influence for speech variability knowledge incorpo-
rate the variations and make the system to learn these variations. This may be

text specific or speech specific variations.
d. Retranscription

With the ASR result analysis separate the error file and retranscribe for better

performance.
e. Confusability reduction

Phonetics and phonology specific knowledge is used to reduce the phoneme level
confusion in lexical model adaptation, the most used technique generic mod-
elling technique.. Segmental variation, such as allophonic variation is modeled in
acoustic model using iteratively training. With the help of inclusion, removal and
disparity existing in the group of speakers the supplementary variation will be
tackled at lexical point i.e, dialects, or distinctive native way of speaking. Lexical
modeling deals with syllable, words and phrases where acoustic modelling only
phonetic level. Pronunciation variation modeling by lexicon adaptation is pre-
sented in this thesis. Pronunciation disparity can be found in two key guiding

principles, with diverse problems.

4.2.1 Based on Knowledge methods

Here best pronunciation rules are applied based on linguistic knowledge as well as
phonetic. The main problem occurs if the knowledge uncovers the disparity in the
model. There may be too many or too low disparity, and there is no assurance of
frequent occurrence of these variations. For example: There are not many variations
in Telugu language, due to scope for one to one mapping between orthography and

phonemes i.e it is the shallow orthography.
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4. LEXICAL MODELLING IN TASR SYSTEM

4.2.2 Knowledge based pronunciation modelling

The author explored the decision trees for linguistic specific phonological rules and
their use is enumerated in substitute pronunciations, Finke and Waibel [FIN97]. Here
author is worked on Switch board database to classify the speaker specific character
using the forced alignment to frame the rule based on the training corpus. Learning
the knowledge with data driven and using decision to frame the linguistic rules is main
task. The modelling based on neighborhood phonetic context and their influence, type
of word used, style that which speaker followed, the rate at which speaker producing
the utterances, in a word duration of the phone normally that decided at which speed
utterance produced, influence of intonations using vowel stress, pitch, and computed
probabilities are the parameters they studies. The decision tree is modeled with the
analysis of data-verified rules and is predictable based on use of relative frequency.
The ensuing change rules are understood based on speaking mode. The lexicon was
extended by means of baseforms originate by forced alignment, i.e., direct modelling
using intermediary step of indirect modelling. The variants originate by means of the
derived rules is not augmenting the accomplishment even after picking the variants of
the baseline dictionary. Other reviewer worked on the hand-labeled data to derive the
knowledge based on the phonological rules [BYR9S8][RIL99].

Though it is the knowledge based method in the hand-labeled data, the pronuncia-
tions found employed in re-transcriptions lead to less precise in the categorizing which
was illustrated [BYR98] [RIL99]. According to two reviews, the hand-labeled way of
modelling lexical is the state-of-Art system. The hand-labeled models are less precise
than the pronunciation model techniques with the automatic labeled data techniques
in Telugu language. Some of experimental proofs are presented in Chapter 5. The vari-
ants are created using rules for unseen words with indirect pronunciation modelling.
For each word the minute network of possible alternate transcription from the decision
tree will be prepared. The achievement is diminished with the mentioned substitute
pronunciations for recognition [FIN97] and necessity other remedy in selecting pronun-
ciations which agree to the lexicon. In order to re-transcribe the corpus, the other
substitute pronunciations from the decision trees are subsequently utilized for forced
alignment. It is elucidated that there is an appreciable enhancement of the perfor-

mance in use of new decision trees which are relied on the automatic transcription.
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4.2 Lexical Modeling Framework

The understanding of disparity involving transcription by human perception and ma-
chine perception is noticed and found the hand crafted is costlier due to the human
effort compared to automated system. The utility of explicit dictionary expansion, the
weights having relatively less frequency can be placed in lexical with the Pronunciations
based on the choice of handcrafted or automated.. Which implies that smaller quantity
dissimilarity for the recognizer, there will be enhanced accomplishment as anticipated.
Co-articulation effects connecting few words will be modeled in Multi-words. It was
inferred that the cross-word context is nonessential but for few words. There is percep-
tible improvement in the operation with the use of defined initial decision tree based
lexical modeling and with iterative training and testing improve the process.

According to Kessens and Wester [KES00] [ELDA02] (removal and one inclusion
rule) studied 5 identified pronunciation rules for Dutch and there is progress in including
them. Retranscribe the training data using the variants with the modification in the
acoustic models proved the perceptible growth so also the Language model modification
with the inclusion of pronunciation probabilities.

The comparison between the DD approach and KB was made by kessen [KES00] in
his work. . The proper delete phones in the acoustic models are allowed for deletions
with the adoption of deletion rules in an alternative transcription. Though the outcome
of the data driven approach is lexicon, both KB approach and the DD approach provide
similar results cover transcriptions to the extent of 96%. The frequency counts handle
the data-driven rule source, with the basically occurring inequality are sustained. The
data driven rule perspective is phone identify and that of knowledge rule perspective
is restricted phone clustuers. . Even in the similar transformation KB rules. These
studies help to incorporate based on the target language (Telugu language) data to

bring the system performance by improving the lexicon.

4.2.3 Data-driven methods

In this approach the speech corpus source to learn the variations of speech that present
in it and this knowledge is used to modelling. The limitation is that the disparity found
in the given data results more exact for the same database. One of the advantages is that
probability computation for the variants build in contrast of knowledge based methods.
Depends on the knowledge derived from the data either directly or indirectly, the data

driven method is categorized as direct or indirect method. Sufficient knowledge in the
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4. LEXICAL MODELLING IN TASR SYSTEM

language for a given word is required to modelled through Data-driven direct modeling,
while in indirect modelling specific care must be taken to derive both direct and indirect
knowledge driven method by observing word formation rule in the language specific
variations. For instance “amkai- @08 with standard manifestation [ax m k ai] and
the alternative baseform [an k ai] as the nasal sound before velar [/&/,o [KAX],/9/,
[KHAX], /8/, [GAX],/%0/, [gha], palatal (/5/, [CAX]. /$/, [CHHAX],/e&/, [JAX],8»,
[JHAX],) and dental [/&/,[TAX], /8/,[TTTAX]./&/,[DAX],/&/, [DXHAX] consonant
pronounced as nasal sound with oral sound stopping with tongue closing at hard palatal
place.

The rationality in Indirect DD modelling approach:

e Here the rule derived for the use of vocabulary data is unlike of test data. Rules
assist in simplify the disparity observed in the adaptation data to words which

are absent (“un seen words”).
e The Rules repeatedly occur and depend on lesser segments than words.
e The A feasible expansion to cross-word rules would be simple.

o Little pronunciation disparity will be there in a across word boundaries [GRE99].

The different methods used for modelling pronunciation variations, is focused in the
present thesis work. As different complexity, languages, and corpus are used, com-
parison of the performances of the different methods is difficult. The performance is

assessed based on the Improvements in error rate as compared with a baseline system

4.2.4 DD Direct method of Lexical modelling

This method defining baseforms of pronunciation is important, which are chosen by
either knowledge base or source of data. Most ASR lexical model are presently lin-
guistic knowledge specific system rather optimized with ASR performance.

The lexicon is based on the adaptation data and the acoustic models, which are
knowledge driven method. The DD based lexical modelling in ASR system shown in
Figure 4.7. Data driven method of Telugu ASR system with TelLex (Telugu Lexical
Model)[NAG12] [INGOO]

Modelling pronunciations are in two ways:
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Acoustic (GMNM-HMM)

models Input Speech
signal
Training
speech
Test
Reference speech
lexicon
Adaptatio Hecogmzer
speech Ie)ucon
Recognlzed
strmg
Training| |
text E‘@@ Output
Text

Language model
N-gram model

ASR system with Lexical modeling using HVMM based classifer

Figure 4.9: Data driven method of Telugu ASR system with TelLex (Telugu Lexical
Model)[NAG12] [INGOO]

1. Finding variantions in pronunciation and dealt with lexical model.

2. According to Holter and Svendsen truly DD method used with optional baseforms
[HOL97a],[HOLI97b] and modelled. In these experiments, only a baseline recog-
nizer was used without rules or hand-crafted data. According to Fosler-Lussier
in [FOS99a] in DD method and [FOS99b]. training set was retranscribe with fre-
quently occurring words were added to the lexicon. The rules are derived using

decision trees.,

4.2.5 Indirect DD Lexical modeling

The rules for capturing the variation between the reference pronunciation and actual
pronunciation of a word are automatically derived from data. This is similar to the di-
rect DD with the variant generation of [GIL75] and [WOLO1], and also used handcrafted
transcription [RIL99]. The experiments were done in indirect modelling, deriving pro-
nunciation rules from data, was conducted by Humphries and Woodland [HUM96], the

method is an entirely data-driven approach without use of hand-labelled transcription.
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4. LEXICAL MODELLING IN TASR SYSTEM

As may be observed from the chapter, the research describes the procedure to
explore the different methods followed in review works mainly, on French and Dutch
language researchers and their works. The works carried with existing system and build
their language specific systems, on one hand examining their linguistic properties and
on the other hand, the data is used to build the better lexical model design. Any ASR
system main core knowledge source which needs human knowledge and their expertise
to develop is the lexical model. Variations in speech signal according to the changes in
the written script are possible only with help of lexical model. Hence, lexical modeling
main core knowledge base is required for development of new language ASR system,
which is the significance of this thesis. Significance in the research in lexical model
is explored and evidences presented with the empirical process by presenting relevant

results in chapter 5.

Kook ok ok ok R kR sk ko kok
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Chapter 5

Lexical Modelling of TASR —

Empirical analysis

5.1 Introduction

This Chapter presents the lexical modelling for system development from ASR system
to TASR through empirical process and results analysis. The results were analyzed,
based on the traditional performance measures used for ASR system, viz., (i) the recog-
nising words with context of phonetic level mapping and their accuracy in terms of WA
and (ii) words that are not matched with the phonetic level mapping is WER [RAB89].
Mis-match in word due to phonetic unit that constitute as word. Mis match in words
causing error are classified into three types (i) Insertion (ii) Deletion and (iii) Substi-
tution. Word Error Rate is another parameter for result analysis used in this thesis.
The word errors like Insertion and deletion are due to the split (breaking up of words)
and merging of words in a test data set, while the substitution errors are due to errors

in lexical matching.

5.2 Speech and Text corpus for Lexical Modelling

The initial procedure in TASR is building the isolated speech recognition system for
Telugu language. Towards building the corpus (Speech and Text) of sentences and
words, the isolated words like names of persons, places, numeric values, phonemes,
morphonemes, Telugu words and defined command list are developed for use. The

speech corpus is build from speakers’ data, which would vary depending upon the age

107



5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

group (child, young, elders), gender (male and female) voices list and the ecology of
the utterance of words. The corpus details presented in figure 5.3, Table 5.8 and in
Section 5.2 The speech data was recorded using microphone mounted on head or on
the desktop. The Graphical User Interface (GUI) [Praat speech tool], Command User
Interface (Linux commands), and voice recorded (on windows recorder or on mobile
phones or specific voice recording device) were used in the research. In above said
situations, the characteristic of speech data utilized is of mono channel, 16bit, 16kHz
sampling frequency (with standard duration of one second or variable duration) as
shown Figure 5.1.1. The primary level Telugu learning list (speech and text) comprises
of phonemes, morphonemes, phonemic rich words, from regular usage, Telugu website
etc obtained. In my research application, the names of locations, railway stations bus
stations of Hyderabad, and names of persons, as a different data sets were developed
for the speech interactive systems. Next the simple sentences corpus is built with av-
erage length of about 4 to 5 words. Further, the speakers’ variation (both in native
and non native language, gender), names, numbers words and sentences are covered.
The speech corpus varies with number of utterances in application. All these collected
speech samples are carefully listened and transcribed using Telugu Lipi[SIR10] notation
and also new notations defined for UOH lexicon[NAG10]. Few words are covered with
standard duration of 1 second for recording and others are based on the uttering the
word. Most of the recordings are of male, few females and children. Average age group
for recording the samples is 25, with the age ranging from 7 years to about 54 years.
Some recordings were from the students of DCIS department with age range from 19
to 25 years. Various data sets were collected and collated in this work [NAG09]. The
data set characteristics for building Speech Recognition system for Telugu language
are “Clean speech Data samples”, “Transcription”, “Phone set”, “Lexical model or
pronunciation dictionary”, “Sentence or utterances”, “Filler dictionary or non speech
dictionary”. In addition to this human knowledge or human intervention is required
to prepare input data. Thesis focused on the topic “lexical model or pronunciation
model” and data prepared mostly with physically developed. The design of the lexical
model is tested with the phonetic engine to generate the learned knowledge from this
in-house developed data. The experiments are carried out on different type of data
sets with Speaker Dependent system and Speaker Independent. Based on the utter-

ance demarcation ASR is an Isolated word Recognition (IWR) or a Continuous Word
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5.2 Speech and Text corpus for Lexical Modelling

Praatspeehtool(win) arec(linux) Recoder(winP
: [Speech tool with
analysis) (Command promt) (defauItOSAbase(El tool)
Recording with Recording with Recording W!th
16Khz, 16bit, mono PCM 16Khz,16bit, mono 16Khz,16bit,
coded wav PCM coded wav mono PCM coded wav

converting wav into

raw Acousticdata
(wav2raw script) or preparation block
SOX command Outside Sphinx

[ Creating raw control
file
(list of wav files for
which we need to

|___extractfeatures |
(Sphinx tool based Script)
run a script to compute _@
Melfrequency Cepstral
Coefficient(39 feature for Acoustic Feature Vector for training

each frame)

Figure 5.1: Flow diagram for speech corpus acquisition and preprocessing to generate
feature vectors [NAG12]

Recognition (CWR). The performance of ASR were verified with standard parameters
as WA and WER. The training process validates the data that prepared in house and
testing process validate the lexical modelling task. The hypothesis generated by the
phonetic engine, is compared with the physical lexical model, for checking the devi-
ation, called as the WER. the mis-match between the reference text and hypothesis
text is mainly due to three parameters viz., 1. Insertion error, 2. Deletion error and
3. Substitution error. The first two parameters are resolved by signal analysis and en-
hancement and third parameter can be reduced by analysis text corresponding speech
signal with linguistic knowledge.

The speech corpus acquisition method in different working environment and the
tools and methods followed explain above Figure 5.1. The command prompt based script
for automated process of recording speech utterance and store into the specified location
and also helps to make any automated system for speech interactive mode. The script
written for command prompt interface enable user to capture the speech with different
duration time based on the application defined. The Figure No. 5.2 gives the detailed
description of the command prompt interface script for speech corpus collecting process.

The record command will vary depend on the type of operating system used. The
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$ arecord -f s16_LE —d 2 -r 16000 /home/mani/TUTORIAL/wav/00001.wav
The command description and its function

Command Description of the Function
Start the recording speech data through head phone or
arecord ;
S microphone
-fs16 LE File format of 16 bit and MONO format
-d2 The speech file can recorded maximum time is 2 seconds
-f 16000 Bit rate
/home/maniTUTORIAL/wayv/ | Path, where to store the recording file
/maniD00001 File Name( scope for covering 1lakh utterance)
wav File type (speech or audio for research analysis)

it is optional and it depends upon the how much data we need to record. The duration time
setting in program is for system control on recording. If we don’t use the duration time then
there is no maximum recording time in this case we need to use the command 'Cul+Z' to
stop the recording i.e, user control online.

Figure 5.2: Linux command for speech utterance recording and storing in specified di-
rectory and command description [NAG09] [CMU sphinx documentation)]

Linux operating systems was used for my research, and above audio recording com-

mands were used for the corpus collection.

The clean speech data samples were collected is described in figure No. 5.3 The
clean speech is devoid of the disturbance signals in manual segmentation. Further,
few experiments were carried for automatic segmentation of speech and noise [SAI09]
[SAI14]. The thesis is aimed more at concentration to develop speech corpus and
then build Telugu ASR system for the purpose of building Language learning tool.
Accordingly, the work was concentrated on collection of the speech sample, transcribing
the collected sample using the phonetic form (in the Romanized script) that used for the
Telugu language. In this work both existing Rich Transcription of Speech (RTS) form
of Telugu Lipi [SIR10] forms are used to write the transcription, along with the phonetic
form. The address of the utterance is added by using speech demarcation symbols to
denote the speech information. This transcription formats are defined already for the
sphinx ASR system. Same format is followed to write the transcription of all collected
speech samples. The Figure 5.7 shows the Training and decoding process of the ASR

system.
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THAKEL AUATAAS LANIAL AP SR LAAELE, TEALIL CpSULIINLL LU LI LA B G LR s

Read Speech corpus Information UOH  |CMU
speaker class
data set No. jo.of word). of speak{  Type data Male | Female | Child |speaker'stype| age
1 54 31 |Isolatedwords] 29 . 7  |UOHstudenter 25-50 Vv /
2 50 50 |lsolated words - - - UOHStudents | 22-25 J
3 2890 1 |lsolated words| - - - |Student 24 {
4 665 1 Isolated words - 1 - UOH researche| 34 i{ J
5 566 1 Isolzted words| 1- Non Emp-Software | 27 J
& 100 1 |lIsolated words UOH student | /
7 100 1 |lsolated words Student i J
8 100 1 |lsolated words Student i {
9 100 1 |lIsolated words 1 |Student 26 | J
10 663 1 lsolated words 1 1 Researcher 24,35 ¥ J
1 15 5 lsolated words| 5 student 22-35 i J
12 466 - Phonemes 2 |Mixed 20-25 { J
13 100 4 |Isolated words student i J
14 25 1 |lsolsted words| 4 1 student { /
15 684 1 lsolasted words| 1 J
16 1509 27 |lsolated words| 22 5 JOHstudent,emp J
17 1509 7 |lsolated words| 5 2 students J
18 10 30 |lsolzted words UCH student J
19 40 50 Sentences 4 1 MCAstudent { /
20 481 50 |lsolated words| 37 15 MCA,students| 20-34 J J

Figure 5.3: Speech corpus used for empirical process and details of annotation of the
utterance with CMU and UOH along with speaker and duration information.
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Training Training
Laxicon spffh//

[ Text Normalization ]

Training

Phone Set

| Word list training | |Word list transcription]|
v \ 4 v

[Pronounciation Generati on]

| Word list/Transcription |

h 4

Languagg Model Acoustic Model
Training Training

L

‘ Recognized Laxicon ‘ I Acoustic Model

II Language Model

Recognizer Lexicon Decoding
Language Model Acoustic Models
l Y y

Speech Input = { Decoder } =P Text Output

Figure 5.4: Training and decoding(Testing) process and corresponding modules and its
input and output flow in ASR system interns of HMM building in acoustic and Language

models.[RAB89|[SLE99]
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5.2.1 Training Procedure

The data set are trained with the system. The training process helps to qualify the data
and make the system to learn the knowledge to pronunciation of the words with given
knowledge source. Then the same data set is used to test the learned knowledge to
execute the phonetic engine, which produces the hypothesized text output for a given
input speech data. The reference is written annotation from the speech corpus. The
reference recognizer training procedure uses Sphinx III single machine tool for phonetic
engine. Three phases in this system (i) data preparation in which data is validated,
pronunciations transcribed verified, poor quality speech and noisy speech removal and
speech parameter extraction from audio files. These data in terms of text and audio
feature file form are the input to the next training phase (i) In training phase, the
data is prepared, by removing noise, the cut audio, fail to pronounce correctly, non
clear speech, phonetic letter pronunciations and characteristic files creation [VACO01].
The input to the system is wave file with format of PCM encoded. ASR System for
Telugu utterances as isolated words, sentences as an input speech sample files with 16-
bit, 16 kHz and mono format audio files. These audio files features are extracted using
linearly, logarithmically spaced Mel filter Bank used for cepstral coefficients (MFCC)
[SLE99][NAG10] as a feature set. And the size is 13 cepstral coefficients with derivative
and double derivative of total 39 feature vectors along with energy coefficients. The
lexical model preparation is the final step in data preparation. From the lexical model,
the phonetic symbols are extracted. The lexical model is physically defined with the
UOH phones and CMU phones with automated online tool “Ilmtool” written with perl
script [ABH10]. With these inputs HMMs are built for a given context of utterance
using training process. HMMs are triphone in left-to-right model, which is shown in
Figure.5.20

The phone corresponding signal information are mapped by using Diagonal covari-
ance Gaussians that are generated during the training process from the input speech
signal interms of the MFCC . Initially, for the Training flat start prototype is generated.
Here global mean and variance are used for boot-strap training. The phonemically rich
and balanced corpus is used in boot-strapping. While training context Independent
model are reestimated using Baum-Welch algorithm [BAU69] [RABO09], then demar-

cations of background noise and silence are taken care with SIL phone, in the tied

113



5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Figure 5.5: Left to Right triphone model generated in Training process of HMM

base It it pattrbtmat . state ids ... [fbase it t palinbimal ... state ids ... EEL] p atnb tma o e s
A - -~ pa 00 1 2 N AM DHSILe nfa 1 54 55 86 M|AXSIL Lb nfa 3 108 109 110 |
AM - -- nfa 1 3 4 5 M ANSIL DHb nfa 2 &7 58 59 N|AXSL Mb nfa 3 111 112 113
AWM - -- na 2 6 T & N AX C Ti nfa 3 60 B1 62 M |AXSIL Rb nfa 3 114 115 116 1
A - -- nfa 3 3 10 11 N AX DSILe nfa 3 63 64 65 M |AXSILTHXDL nfa 3 117 118 118
C - -- nfa 4 12 13 14 N AXDH Ri nfa 3 66 67T 68 MW |AX TSILe nfa 3 120 121 122
D --- nfa 5 15 16 17 N AX K Di mfa 3 69 70 ™1 M |AXTHXSILe nla 3 123 124 125
OH - -- nfa 6 18 19 20 N AY KSILe nfa 3 72 73 74 M JC AL Ci nfa 4 126 127 128 Ny
£ - -- nla T 21 22 23 N AX L Ki nlfa 3 76 76 77 M C CAli na 4129 130 131 N}
K - -- nfa B 24 25 268 N AX L Ri nfa 3 T8 79 80 M C C AN nfa 4 132 133 134 NJf
L - -- nfa 9 27 28 29 N AX LSILe nfa 3 81 82 83 N |C CUHi nfa 4 135 136 137
M - -- nfa 10 30 31 32 N AX M Di onfa 3 B4 8 86 N | D AX AXI nfa 5 138 139 140 |
R - -- nfa 11 33 34 3 N AN M Mi nfa 3 87 80 83 N | D AX UHIi nfa 5 141 142 143 1
SIL - --filler 12 36 37 38 M AX MSILe nfa 3 90 91 92 N |DH AN AMI nfa 6 144 145 146
T - -- nfa 13 39 40 41 N AX R Ki mfa 3 93 94 95 M JDH AN A nfa 6 147 148 148
THEX - -- nfa 14 42 43 44 N AX RSILe nfa 3 96 97 98 N |DH AX IXi nfa 6 150 151 152
UH - -- nfa 15 45 46 47 N AXEIL Cb nfa 3 99 100 101 N|IX DHEILe nfa 7 153 154 155 I
W - -- nfa 16 48 49 &40 N AVSIL DHb nia 3 102 103 14 HIX RSlLe nfa 7 166 157 168 M|
M C Ri nfa 0 61 52 63 N AXSIL Kb nfa 3 105 106 107 M| K A% AXi nfa 8 159 160 161 |

Figure 5.6: Left to Right triphone model generated in Training process of HMM for UOH
Phone (Telugu Phonemes specific phones) set for given input data
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models. In forced alignment training the training set is refined by removing the failed
corpusBuilding the initialized single-mixture mono phone models, then context depend

(CD) models for all tri-phones. These tri-phones context is from the training set.

5.2.2 Empirical process in Lexical Modelling for TASR

The following data sets are used in the empirical process of modelling Telugu language
ASR system. Each class of data set and its description given bellow.

Data set 1:I-test: Isolated digits recognition, Names, date and months name. and
digits from (0-9) are manually designed data set for ASR system.

Data set II(a):S-test: Application specific simple sentence (40 Telugu sentences and
40 UIS sentences). The vocabulary contains 126, 135 words coverage in the two sets of
sentences corpus. , They are small phrases which are used to represent Telugu language
and polyglottal words. Both CMU and UOH specific lexical model used for the training
and testing of the data set. Speaker variant observation done in these.

Data set II(b):H-test: TASR system for generalization using Hindi Isolated words
and Names data are used. The size is 63 words and 100 words of Hindi using UOH
phone set based Lexical model which in-house handcrafted is used for training and
testing of the system.

Data set III:N- test: 461 utterances collected from the 20 speakers data. Tested in
Speaker Dependent mode in TASR system and result presented. With handcrafted
lexical model and transcription using UOH phone set. The train and test data set is
same i.e individual speakers recognition is performed.

Data set V: P-test: Persian Isolated words of 42 utterances by the male speaker data
.The test data used with application to build translation system and input is speech.
Hence building ASR system for Persian language is part of the task. 42 Utterances
recorded in the room environment with clean speech is used as the data set. With ASR
using CMU lexicon tested the system. The same also test with TASR system.

Data set VI:S-test. MMTS and Bus STATATION NAME this data set contains the
Hyderabad MMTS train station name recorded with 5 speaker data for building ASR
system.

Data set VII:W-test: (Whole Phoneme coverage in the list of words) phonetically rich
in Telugu words of 665 and 2890 words. The data set is used evolution, development

and testing.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

SENTENCE RECOGNITION FERFORMANCE.
sentences 15
cotract 04 7% ( T1)
with error(z) 33%( 4D
with substitution(s) 3.3%( 4)
with inzartion(z) 0.0%( 0)
with deletion(s) 0.0%( 0)

WOERD RECOGNITION PERFCORMANCE:

Correct =04 7%( 1)
Substimstions = 33%( 4)
Delstions = 00%( O
Insertions = 0.0%( 0)
Errors =33%( 49
Bef.words = 73
Hypwords = 73
Aligned words = 73
Splits = 0

Split candidates= 0
Merpes = 0

Merpe candidates= 0

WORD ACCURACY= 94.667% ( 71/ 73)
ERRORS=3333%( 4 713

Figure 5.7: Generic ASR system with isolated word recognition system with its output

as Sentence Recognition and Word Recognition with their error data analysis.

5.2.3 Empirical data analysis from the outputs of ASR and TASR

In this section recorded training and testing outcomes of ASR and TASR system and
compared the results. The measures are Word Error Rates (WER) and Word Accuracy.
Summaries of our test results are shown together with results reported for this thesis
work in the following Figure No. 5.2 and Figures 5.1 to Figure 5.70 and Figure 5.68
that are carried and consider for the research work. Different data set described in the
thesis is use as evaluation in house builds data sets and Test data set category. The
following Figure. 5.7 Present the results of the ASR system with Hyderabad MMTS
train station names of 15 no. of with 5 speakers data. This Speaker Independent (SI)
mode with Isolated Word Recognition (IWR) as a system building with existing tools
and methods. The results are taken by speech enhancement i.e., removing silence and
noise used for train and test. In the present system both train and test data is same.
Data set 1Representation of existing Lexical model with handcrafting for Telugu
language pronunciation model using US phone set for Unit of sound (Phoneme). Here

mapped the Telugu phonemes directly to phone set used for American Pronunciations
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5.2 Speech and Text corpus for Lexical Modelling

54 utterences including
Data:z digits
S.MNo. |[SpakerliD Sender WS O WVAWER
T - wword T .Errorvword
Recognize {MNot
=] Recognized
A spkl male <47 =
=2 spk>2 rrmaale™ 52 <3
= spk= rmiale 52 =
<1 spk<a rmale A6 =5
= spksS male™ a9 1=
=] spka male = =]
r spk7F male <31 11
= spks rmiale SO =
b= spko rmaale =2 <3
A spkl10O rmyale a7 7
AL skl fermale A= =
12 spkl>2 female = =

Figure 5.8: Railway reservation form filling application data set with 12 speakers with

gender variation with same age group of 54 utterances and their performance with ASR

system

WordError Rate(WA) and Word Error Rate(WER) of 12 speakers data ASR output
60 5152 4951 5052
50 8
40
30
20 13
8 9 5 7
10 3 4
0
T.Word Recognized T.ErrorWord(Not Recognized
correctly)
WA WER
54 utterences including digits
Emale BEmale* Emale HEmale BEmale* Emale
Emale BEmale Smale BEmale Sfemale™female

Figure 5.9: raphical comparison view of Railway reservation form filling application data

set with 12 speakers with gender variation with same age group of 54 utterances and their

performance with ASR system
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ASR output interms Recognised and Error
words
14 53
L /M 52\ L3 A 52 | 52
5 1 - 51
q 10 ) 5 - 50
-g 8 S ) L\ \‘/_'./15\ S [ 49
s 4 | pwmas | a3
s © 17 TN 7
Z 4
3 45
2 W 2 - 44
0 43
o} 5 10 15
No. of Speakers

L 47  —=—FError Words

- 46 —m—Recognized words

Figure 5.10: Graph on the same scale Recognized word and error words list of Data set

1-54 utterances performance with the speaker Independent Mode.

S.no Types of Error Words Error word Count Total #of errors
words

1 CONFUSION PAIRS 122 174

2 INSERTED WORDS 14 55

3 DELETED WORDS 0 0

4 MISRECOGNIZED WORDS | 49 174

5 SUBSTITUTED WORDS 39 174

6 OCCURENCES OF SPLITS | 0 0

7 OCCURENCES OF SPLIT | 38 38
CANDIDATES

8 OCCURENCES OF | 0 0
MERGES

9 OCCURRENCE OF MERGE | 0 0
CANDIDATES

Table 5.1: Railway reservation form filling application data set with 12 speakers with

gender variation with same age group of 54 utterances and their performance with ASR

system.
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5.2 Speech and Text corpus for Lexical Modelling

Error words list with their total count in Railway Researvation Form filling
application using ASR system

174 174

5 200 174

B

5 140 122

P Lo

i %Q 55 4 39 38 38

i ‘2‘§ l“. 00 00 0 00

=
count

»
: . _°
H
3
: z ) a) a a 0 %) ] 0
’ o ) w2 u g u 0 w, 9 W o Wow 0
B9 =0 =2 N Sn O F (S = ouw [SRvE=
[+4 R w = fal zZ 5 =z =0 Zx <
o E ] 50 %) E <
o< n O o [Ofal cx w g w e 5 o Wy 8
g" z= chs S8 29 5o SP5 54 E=g
= ] ) oW 052 [v] ouw <
© 2= 7 oo oC= Q& 00 g
) ] o © o] ]
=

Error words type

‘ @ Type of error words m Total number in the error words

Figure 5.11: Data set VIII results in Speaker Independent mode for form filling applica-
tion and their ASR output in terms of various error words types.

to build ASR system for the Telugu pronunciation.Speakers are of University of Hy-
derabad.

5.2.4 Continuous ASR system with Sentence Recognition Analysis:

The ASR system is trained with simple sentences covering an average no.of words in
the sentence are 4 to 5 words. 40 sentences recorded in lab environment is used for
ASR system and TASR system development.. The bare system with lexical model
and acoustic model building using SI mode used to test the performance as far as
word Accuracy (WA) and Word Error Rate (WER). WER causes analyzed using this
experiment. The figure No. 5.8. Shows the 23 speakers spoken 40 sentence and their
recognition performance. The three types of error counts are presented in Figure No.
5.9.

The data set No.II Telugu sentences of 40 numbers each with total of 23 speakers
utterance and their ASR output performance, with existing bench mark phone set and
Lexical model

The data set No.Il Telugu sentences of 40 Utterances with total of 23 speakers
utterance and their ASR output performance in Word recognition and their percentage

in terms of total words (40 x 23) data set size.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Telugu sentences about the University Information System (UPE project 2004)

Data set size with speakers and Utterances

S.No utterance | Speakers | Total Utterances Total Words
1 40 13 520 2392
2 40 10 400 1320

Figure 5.12: 40 simple sentence (a) University Information System (b) Telugu sentences

data set information

40 Sentences(UIS and Telugu statements)

3000 -
2392
2500 A
2000 -
1500 -

1000 -

Fuu vouIng

520 400

500 -
40 40 13 10 l—-
0

Total No.of Sentences

Speakers Total Utterence in Sl mode Total Words

Contents of Utterence

||:| 40 UIS sentences B 40 Telugu sentences |

Figure 5.13: 40 simple sentence (a) University Information System (b) Telugu sentences
data set information

Telugu sentences about the University Information System (UPE project 2004)

Data set size with speakers and Utterances

S.Na utterance | Speakers | Total Utterances Total Words
1 40 13 520 2392
2 40 10 400 1320

Figure 5.14: 40 simple sentence (a) University Information System (b) Telugu sentences

data set information

120



5.2 Speech and Text corpus for Lexical Modelling

Number of sentences with WA and | type of words % of occurrence
WER of single speaker data set

correct 241 46.3

error(s) 279 53.7
substitution(s) 270 51.9
insertion(s) 41 7.9

deletion(s) 114 21.9

Table 5.2: ASR performance for SI data set with total words, correctly recognized, error
words , Insertion, Deletion and sub situation Errors and over all performance of the WA

and WER for 40 sentences with 23 speakers utterances

520 utterences (40 x13 speakers)

40 sentenceUIS output performance of base line ASR system

/‘“\\270

250 I

200 \

150 \

100 \ A 114
50 | e——ll- 510 \ /

300

#ofwords and% of words ofASR output

Va1
218
a
bstituti
correct error{s) su SIS]L‘ ion( insertion(s) deletioniz)
——type of words 241 279 270 41 114
——3% of occurence 46.3 33.7 518 79 218

Figure 5.15: Type of words i.e Recognized and errors words distribution in ASR output
for the speaker Independent speech data set —II analysis graph
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

520 utterences (40 x13 speakers)
40 sentenceUIS output performance of base line ASR system
1800 ——H0r Worgs
% —— % ot Warrc
5 1600 .\1559
; 1400
T von \
m \
& 1000
£ soo \ 2 B85
E 500 e 652 /
2 a0 \ /
S o0 \\. o /
E ol mesa g et 2o 37
E correct erroriz) subctitution(s) incertion(c) deletion(c)
=
5
,E g Type of words
[-]
*

Figure 5.16: The data set No.II Telugu sentences of 40 Utterances with total of 23 speak-
ers utterance and their ASR output performance in Word recognition and their percentage

in terms of total words(40 x 23) data set size — the words recognized to the errors.

ASR output for 520 sentences
different types of word occerences

392

2500

2000 7

1500 A

1000 A

500

amgsse "No. of word occurence
ds | N, 2263
i S | ——
\o
} 60
o
Merge candidate s r 168

B " " B Word Occerence
w - n o
oE 5 © o
E ﬁ, = = wn = "]
= = w1 = = 2 1]
EF @® = B &
=2 = c A o o
[ ] = =] = E
bl o o =

[ o - i
55 = = i
o -
=
=2
o = g Tyre of words
[0
-y

Figure 5.17: The data set No.Il Telugu sentences of 40 Utterances with total of 23
speakers utterance and their ASR output performance in context of the occurrence of

words.
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5.2 Speech and Text corpus for Lexical Modelling

Confusion Pairsin 520 utterences

= ° LENIVERSITY
.g UNIVERSITYLO,| 8
g ® ‘\
5
[¥] 7 -
= 2 MANAGE-
; 5 :E}T—"q ANIEATAA - &
=]
= -
[ ¥] 5 5
=] {YEMEIVE
= YEMTEK, 5
2 4
[=]
=
-
1<) 3
E TPROJECTS, gppag! GALA

5 PALLE VUNDA: CALA 2

MAA, 3 S
1 9SPOARTS FORM
FORML, 1
]
a 2 4 6 B8 10
EgEee i no. of words
—&#— Confusion Pairs in 520 utterences

Figure 5.18: Graphical view of the data set No.IT Telugu sentences of 40 Utterances with
total of 23 speaker’s utterance and their ASR output performance in Word recognition

output in context of confusion pairs.

S.no Type data Word Accuracy
1 Vowel 99
2 Phonemes(CV) 99
3 Word_ 2 syllables 97
4 Word__3 syllables 92
5 Word_ 4 syllables 90
6 Word_ 5 syllables 89
7 Word__aboveb syllables | 90
8 Sentences 85

Table 5.3: INTTELL Data set peformance with the ASR system with iteratively learning
with refining data set and tested
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Confusion pair and no.of time it is occuring causing the errors in ASR outpu

]

g 8 8

|4

<]

E 7

8

F 6 & 6

£ -

g 3 [ 5

L=

c

.; 4 4

=3

3

‘5

® 1 T’J‘_

a

ﬁ Q E < —4#—0cc-urence
=z & = 2 < <
= = e T £ o =
& , = = &£ £ & =
s £ 0§ 8 8 2> g
z = = W
= z = = o =
= = == -3 <
= 5 2 B 9 o
= = = . 2= 2 =
= S = =
= -z
z n

PROJECT

> Confusion pair words in ASR

Figure 5.19: Confusion pair words in the UIS data set with 40 Polyglot Telugu sentence

listing words and their count in graphical view.
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5.2 Speech and Text corpus for Lexical Modelling

Transcriptin

T @D ioa> o

Wavio raw
h,

compute
mfce

\7

files e:

01,02,03

,02,03,04,05
xecufion complete|

created for 5 file

Logfiles

Yes

Performance

satisfactory

ASR system ASR system
mic | Training Decoding
Model parameter WA WER
and model architectures
e build l

Make insertion and deletion

ermors equal to zero

Figure 5.20: Training and Testing procedure in HMM based ASR system and thresholds

to refine the data set and recognition process

@ [ F) 3 & & 2o N [3) o % £ = @0 © s

Vowels | JAX/ | [aaf | fIX/ | fiv/ | JuH/ | JuA/ | [RHY | [ANf | f1Af | JAYS | Jof | JoA[ | JAW/ | JAM/ | JAHA,
e | [ax/ 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
ez | JAAS 0.2 0.8 0 0 0 0 0 0 0 0 0 0 0 0 0
2 X/ 0 0 1 0 0 0 0 0 0 0 0 0 0 0 0
= n/ 0 0 0 0.9 0 0 0 0.1 0.1 0 0 0 0 0 0
& | JuH/ 0 0 0 0 0.8 | 01 0 0 0 0 0 0.1 0 0 0
& | fua/ 0 0 0 0 0 1 0 0 0 0 0 0 0 0 0
@n| [RH/ 0 0 0 0 0 0 0.8 0 0.1 0 0 0 0 0 0
2 /a1/ 0 0 0 0 0 0 0.1 0.8 0 0.3 0 0 0 0 0
D Na/ 0 0 0 0 0.1 0 0.1 0 09 | o1z 0 0 0 0 0
= | /AY/ 0 0 0 0 0 0 0 0.1 0 0.8 | o1 0 0 0 0
% J/o/ 0 0 0 0 0.1 0 0 0 0 0 0.6 | 04 0 0 0
& | foaf 0 0 0 0 0 0 0 0 0 0 0 0 0 0
| /Aaw/ 0 0 0 0 0.1 0 0 0 0 0 0 0 1 0 0
o | [AM/ 0 0 0 0 0 0 0 0 0 0 0 0 0 0.9 0
e 3| [AHA/ 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1

Figure 5.21: Confusion matrix for the phoneme (Vowel sounds) confusion in 665 words

data set using UOH lexical model
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Phoneme Substitutions in place Vowels in ASR decoding process

e/

lesl 1al 1&] 1&el I 1] fe [0

lesl = ool [af 1&/ 18] [o] &) [eof

Ial = lel &l [/

5l = les] [5] l&] [l

&l = el les] ] 8l leaol [ed [8.]

&l = Je&l

1D = leof [&al

I = lesl I3f I3l l&] 18] leoof

I=l = 12/

[&°] = leol lesl l&] lesof

[eol = /gl [&f

Confused phonemes in 665 words data set using UOH phoneset and lexical

Figure 5.22
model

o

ENERERENERENE

o| 09| 02|

o

o| o8] 02

0.1]

0.3

0.1]

/K/ | /KH/| /G/ | /GH/| /NYA| /C/| /CHH| /3/ | /3H/| /INY/| /T/ | /TTT/ /D/ | [DXH| /NH/| /THX) /TTH/ /DH/| /DHH /N/ | [P/ | [F/ | /B/ | /BH] /M| /¥/ | IR/ | /L | [N/ | [SSH [S] | [sH) I8/ | /] [k | /arw)
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0|
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0|
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0|

0|

0|

0|
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0|
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/aH/
Inva/

JchH/
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m/

/INY/

/OXH/
/NH/
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/oH/
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84/
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/ssH/

/sH/

/uH/
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/ARW|
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s
=

5

s
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&

s

B

3

s

Confusion matrix for the phoneme (consonant with implicit vowel) confusion

Figure 5.23

in 665 words data set using UOH lexical model
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5.2 Speech and Text corpus for Lexical Modelling

Phoneme Substitutions in place Consonents in ASR decoding proces:

1l = sl 1] fosf lof 151 135/

Inl = [5] [o]

Il = 1%l Il les] 1 131121 lof
1l =1/

151 = [l el

leal = [x] [ss] [es] fas]

Il = [es]

leof = [es] [ 5]

lesl = feof [es] [es] sl ol [3]

les] = 1&l Il Tesh Ies] [sf Ts] sl 1s] T3] 131
1l = 15[ lesl Ies] [s] [s] Ts] 151 [of
131 = leaf s8] [es] [ x] [s1] 1o 1351
feol = 5] [s] 1] (5] 131

les] = Mles] [ ] [s1

T3 =Tl ] 1l Ts] st [s]1s] 1] lel 1311351
fesl = 1/ 1ssf 15118115/

151 = 15] laf el 6] 1351 [os] [of

lol = Ig] Ixl ksl sl [s] 1351 [x1 [s]
13l = 1l lss] 1] 151131 las] o]
15l =13/13/

131 = Iesf s3] [ 1 [51

Lol = 15 I/

Figure 5.24: Confused phonemes (Consonants) in 665 words data set using UOH phoneset
and lexical model
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

SENTENCE RECOGNITION FERFORMANCE:

sentences 18
cofrect 35.6%( 100
with error(z) 448%( 8

with substifution(s) 22.2%( 4)
with insertion(s)  222% ( 4)
with delstion(s)  0.0%( 0)

WORD RECOGNITION PERFORMANCE:

Correct =718%( 14)
Substitutions = 222%( 4)
Delstions = 0000 0
Insertions = 27.8%( 3)
Errors =5300%( 9
Ref worde = 18

Hyp words = 13
Algned words = 23
Splits = 0

Split candidates= 0
Mierges =

1]
Merge candidates= 0

WORD ACCURACYT= 77.778% ( 14/ 18)
ERRORS=350000%( % 18)

Figure 5.25: Confused phonemes(Consonants) in 18words data set using UOH phoneset
and lexical model

SD system Tested with 5 speaker -
Vowel Recognition

Training with one speaker and tested with different speakers
S.No |Utteranc|Speaker | Speaker | Speaker | Speaker | Speaker Y%recog
e 1 2 3 4 5 nition
1 AX th th th ai d 0 0
2 AA th th AA ay ay 1 20
3 IX iy chh ai lh iy 0 0
4 IY IY rh 1Y ai ai 2 40
5 UH th iy iy aa aa 0 0
6 UA th th 0 aha aha 0 0
7 RH RH iy RH RH iy 3 60
8 Al ay iy n th chh 0 0
9 IA iy aha iy aha th 0 0
10 AY iy iy th AY th 1 20
11 o] o] o] o [¢] ¢} 5 100
12 0OA 00 iy d ai th 0 0
13 AW th 0 aa ay ay 0 0
14 AM aa th 0a th th 0 0
15 AHA AHA aa chh th th 1 20

Figure 5.26: Speaker Dependent Test output for Telugu phonemes recognition accuracy

with Train and test mis-match and phoneme wise 5 speaker
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5.2 Speech and Text corpus for Lexical Modelling

Vowel_Recognition with 5 speg}l&ers

100 A
80

60 l \
&0 T

R . A — . -

A¥X AA X Y UH UA RH AL 1A AY O OA AW AM AHA

—#—Vowel_Rec

Figure 5.27: Phoneme wise only vowel sound recognition accuracy of 5 speaker’s data

with graphical representation

duration Consonents in ASR experiement —&—duration in mSec

v A

20 / \ /\ A 21 AL,
)"”*{15\ /18\M18A17 .t .(’18\1 As

0—:"‘1‘?""‘-10-;@-{13 13 ¥ \/12\-1‘&.1;/”\ / W1

Lenth in mSec
=
o

t—@\g&@@v&v Cd VR Ng oge ’\@QQQ\@ TUE N Qw’:"h\f

ConsonentsTitle

Figure 5.28: 100% recognized accuracy of Telugu phoneme in consonants and their ut-

terence duration time in msec.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Common Substituted Phones in Speaker Dependent ASKR system -
2 3

[=e] - [==]
(fes}-[es] | [S]-[£]

(£1[€]

[S][5]
[SH

B
B

[S][5]
(5151
(515

Figure 5.29: Common phones in the confusion pairs causing substitution error in TASR

data set -665 words with position of phonemes in the word
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5.2 Speech and Text corpus for Lexical Modelling

HMNM states - FST of HMM with context phones in Telugu UOH phones
# Columns definitions
SNo #base 1t Rt |p| attrib tmat state id's
1 Al - - -| n/a 0 0 1 2 N
2 AM - - - n/a 1 3 4 5 N
3 AN - - -| wna 2 6 7 8 N
4 AX - - -1 wn/a 3 9 10 11 N
5 C - - -| n/a 4 12 13 14 N
6 D - - - n/a 5 15 16 17 N
7 DH - - -| n/a 6 18 19 20 N
8 IX - - -| n/a 7 21 22 23 N
9 K - - -| n/a 8 24 25 26 N
10 L - - -| n/a 9 27 28 29 N
11 M - - -1 n/a 10 30 31 32 N
12 R - - - n/a 11 33 34 35 N
13 SIL - - - | filler 12 36 37 38 N
14 T - - -| wn/a 13 39 40 41 N
15 THX - - -1 n/a 14 42 43 44 N
16 UH - - -| n/a 15 45 46 47 N
17 A% - - - n/a 16 48 49 50 N
18 Al C R i| n/a 0 51 52 53 N

Figure 5.30: TASR system HMM state —FST triphone states of UOH phones.

# of words

TASR output performance in Terms of Word

error, substitions, deletions and Insertions)

Recognized and Errors(Total

700
600 -
W 576
500 N
400
300 393\%53 '
200 24 224
100 \ { \_\ // —#— 300 utterences
0 M— —f— 576 utterences
o & o s o &
& & e o & S
& @ "~ o & &
& & 9 &
N R
2 5
<9

Type of words in TASR output

Figure 5.31:

Graphical analysis of TASR system performance based on their totoal

utterence, recognized word and different error words in their output.
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TASR sentence Recognition performance in
terms totoal sentence(utterence), recognized
correctly with
errors(Total, substition, insertions and
deletion)
700
] 576
o 600
R
: 500 \
E 400 a0 286 285 —0—300uttgrencgs—Te\ugu
c 300 Phonetically rich words
T 00 300 — —— 576utterences
2 100 \V/zzq 224N\ 12 0
:o; o L b \ . Type of words
é\&s d‘&e’ éo"\é\ _éo“@ _\0':\\8 ‘_&\Oo\‘ﬂ
(’,25\‘ < & Qe)&,} \(\,’éL &}z
B

Figure 5.32: Graphical analysis of TASR system performance based on their totoal

utterence, recognized word and different error words in their output.
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5.2 Speech and Text corpus for Lexical Modelling

Word Recognition Performance for 300 Telugu words

Total No.of words

300

°

WORD RECOGNITION

PERFORMANCE:

Correct

25.30%

Substitutions

74.70%

Deletions

0.00%

Insertions

0.00%

l.J’i-l:-'..nJl-Jp—nlz

Errors

74.70%

Ref words

300

Hyp. words

300

Align. words

300

Indicates No del
and Insertion
erTors

Splits

split candidates

Merges

O L | s | | |

Merge candidates

Indicates the
speech utterence
are clean and
perfectly
segmented for
utterences

WORD ACCURACY=

76/300

Figure 5.33:

WER

ERRORS=

TASR system performance on 300 phonemic sequence Telugu words from
18Kwords list with its Recognized words, Error words and their types and the % of WA &
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. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

300 phonemic sequence word list from 18k Telugu words for
TASR performance

250 1
200 -
150 -

100 -

50 - ‘ 1
0 T T T

ords and %WA and
%WER

Correct
Errors
Insertions

Deletion
bstitutions

=
Recoghized and Error word types in TASR output

Figure 5.34: Graphical analysis of TASR system performance on 300 phonemic sequence

words from 18Kwords list with recognized, error and their types words.
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5.2 Speech and Text corpus for Lexical Modelling

TASR out put performance on 300 words from 18k Telugu
phonemic sequence words list data set

350 -
300 -

250 -
200 -
150 -
100 -

Figure 5.35: Graphical analysis of TASR system performance on 300 phonemic sequence
words from 18Kwords list with its of Recognized words, Error words and their types.

INTTELL data with ASR word Accuracy

5.n0

Type data

Word Accuracy

Vowel

99

Phonemes(CV)

99

word 2Syllables

97

Word 3syllables

92

Word 4syllables

90

Word Ssyllables

39

Word above5 syllables

90

Sentences

85

Figure 5.36: INTTELL Data set peformance with the ASR system with iteratively learn-
ing with refining data set and tested
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Table 5.4: Comparison of Hypothesis words with Reference words of 100 Hindi words

data set with their utterance names that are correctly recognized

S.No | Reference (Transcribed | Correctly Recog- | Speech utterance file

speech  using UOH | nized words (System | name

phones) generated Text cor-

responding to input
speech.wav)

1 aagxnaakaarix aagxnaakaarix aagnakaari.wav
2 axsvaxshaxn axsvaxshaxn aashvaasan
3 axksh Axksh aksh.wav
4 axnjaxn Axnjaxn anjan.wav
5 axnkuhr Axnkuhr ankur.wav
6 axnuhcixthx axnuhcixthx anuchith.wav
7 axsaamaanyax axsaamaanyax asaamanya.wav
8 axthxaarix axthxaarix athaari.wav
9 axvyaxvaxsaayix axvyaxvaxsaayix avyavasaayi.wav
10 baans Baans baans.wav
11 baxccaa Baxccaa bachha.wav
12 baxcpaxn Baxcpaxn bachpan
13 baxgaavaxtth baxgaavaxtth bagaavath.wav
14 baxndhaxr baxndhaxr bandhar.wav
15 biyjgaxnhixthx biyjgaxnhixthx beejganith.wav
16 baithxuhkax baithxuhkax bethukaa.wav
17 bhaxyaxbhiythx bhaxyaxbhiythx bhayabheeth.wav
18 bixsthxaxr bixsthxaxr bisthar.wav
19 caap Caap chaap.wav
20 caathxaa Caathxaa chaatha.wav
21 caxkaxndhhaxr caxkaxndhhaxr chakandhar.wav
22 caxkixthx Caxkixthx chakith.wav
23 caxshmaa Caxshmaa, chasma.wav
24 dhhaamaxr dhhaamaxr dhaamar.wav
25 dhhaxmaxniy dhhaxmaxniy dhamanee.wav
26 dhhaxnuhrdhhaarix dhhaxnuhrdhhaarix dhanurdhaari.wav
27 dhhaxnvaan dhhaxnvaan dhanvaan.wav
28 dhroah Dhroah dhroh.wav
29 dhuhraa Dhuhraa dhuraa.wav
30 dhuhrgaxtaxnax dhuhrgaxtaxnax durghatna.wav
31 faxrixsthxaa, faxrixsthxaa faristha.wav
32 gaxdhhaa Gaxdhhaa gadhaa.wav
33 gaxlixyaaraa gaxlixyaaraa galiyaara.wav
34 gaxpshaxp gaxpshaxp gapshap.wav
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35 guhbbaaraa guhbbaaraa gubbaara.wav

36 haalcaal haalcaal haalchaal. wav
37 haxsthxaakruhthxiy haxsthxaakruhthxiy hasthaakruthi.wav
38 haxsthxaakruhthxiy haxsthxaakruhthxiy hasthaakruthi.wav
39 haxsthxiyng haxsthxiyng hastheeng.wav
40 jaanvaxr jaanvaxr jaanvar.wav

41 jaxgaanaa jaxgaanaa jagaana.wav

42 jaxhaxr jaxhaxr jahar.wav

43 kaaryax kaaryax kaarya.wav

44 kaxlaabaxj kaxlaabaxj kalaabaj.wav

45 kaxvaxc kaxvaxc kavach.wav

46 kuhmaanix kuhmaanix khumaanee.wav
47 kowshaxl kowshaxl koushal.wav

48 krhuhshix krhuhshix krushi.wav

49 kuhnvaaraa kuhnvaaraa kunvaara

50 kuhthxaar kuhthxaar kuthaar.wav

51 laalixthxyax laalixthxyax laalithya.wav

52 laxngaxr Laxngaxr langar.wav

53 liakhaxkh liakhaxkh lekhak.wav

54 maanlianax maanlianax maanlena.wav
55 maannaa Maannaa maanna.wav

56 maxrhaxm maxrhaxm marham.wav

57 maihaxraab maihaxraab meharaab.wav
58 niylaamix niylaamix neelaamee.wav
59 uapaxr uapaxr oopar.wav

60 owsaxthx owsaxthx ousath.wav

61 paxriashaaniy paxriashaaniy pareshaani.wav
62 paxrixdhhaan paxrixdhhaan paridhaan

63 paxrixyaapthx paxrixyaapthx paryaapth.wav
64 paxthxaa Paxthxaa pathaa.wav

65 paxtth Paxtth path.wav

66 powdhhaa powdhhaa poudhaa.wav

67 praxthxiykshaa praxthxiykshaa pratheeksha.wav
68 praxthxixkual praxthxixkual prathikool.wav
69 praxthxixshoadh praxthxixshoadh prathishodh.wav
70 puhraalaik puhraalaik puraalekh.wav
71 saxhaxmaxthx saxhaxmaxthx sahamath.wav
72 saxmbhamdhhiy saxmbhamdhhiy sambandhee.wav
73 saxmpaathx saxmpaathx sampaath.wav
74 saxamthxuhsht saxamthxuhsht santushth.wav
75 saxthxaxrk saxthxaxrk satharkh.wav
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76 shaxraxdh shaxraxdh sharadh.wav

7 shixlpkaar shixlpkaar shilpkaar.wav

78 sothxax Sothxax sotha.wav

79 thxaanaashax thxaanaashax taanaashaah.wav
80 tiajaab tiajaab tejaab.wav

81 thxiajoarix thxiajoarix tejori.wav

82 thxamgaa thxamgaa thamgaa.wav

83 thxuhthxuhlaanaa thxuhthxuhlaanaa thuthlaana.wav
84 toalix toalix toli.wav

85 uhdhaasiyn uhdhaasiyn udhaaseen.wav
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5.No ] Insertion Error Words
Reference Hypothesis with insertion Utterance name
errors
AANKAXNAX KUHMAANIX Aankana.wav
2 AXDDHIXVAXKTHXAX SAXTHXAXREK Adhivaktha.wav
3 Kahaabath.wav
KAXHAABAATHX KUHMAANIX

Figure 5.37: Error words due to the Insertions in TASR system recognizer out with 100

Isolated Hindi Speaker Dependent words.

5.No| Reference Word Substituted Speech file Common Distinct Phones
words Phones
1 DHOBAARAX | KUHNVAARAA | (dhobaara) AAR D.K,UH,0.B,V.N
2 HAXIJAAM: AXNIAXN (hajjam) AXJ HAAN,
3 MAY THXRIY VAXKIYL (mythree) Y M,AY,THX,R.V,L
4 | PRAXSHAXMSAA | SAXMPAATHX | (prasamsaa) [AX P,S M AA RSH THX
5 TOAKAXRIX TOALIX (tokhar)) | T,04,IX KR, AX
6 VAAYUH VIXLOAM (vaayu) A" AA TXUH,0A4 M
7 | VYAATHXAA | AXTHXAARIX | (vyathaa | AA, THX | V,Y,RILAX
8 |YOAGYAXTHXAX DHUHRAA (yogyatha Nil AX,UH,
OA,G,THX,
DH,Y,R

Figure 5.38: Hindi IWR system performance using TASR and Phoneme recognition with

confusion pair analysis.

5.2.5 45 different data set comparison using ASR Result using per-

formance measures

Table 5.5: ASR Decoding result of 45 experiments

s.No

Type of Ut-
terence

No.of
Spkrs

Utterencdotal
count

Recognjidedror
No.ofUtteraudse

words

Substitutaderte
words | words

il Deleted
words

Music 5
player

(command
and

trol)

con-

7 35 35

0

0 0

0

|
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2 MMTS 5 15 75 71 4 4 0 0
train  sta-
tion names
for form
filling
application

3 Vowel 1 5 5 4 1 1 0 0
sounds

4 Kok-borak | 2 10 20 20 0 0 0 0

words

5 Kok-borak 1 21 21 20 1 1 0 1
numbers

kok-borak 23 23 20

kok-borok

1
11 11 10 1 1 0
0

kok-borok 21 21 7 14 14

Ne) No ol BN | Ne))
== =] =
ENf el T

Telugu 665 665 496 169 162 13
wors  with
telangana

speaker

10 Telugu 1 665 665 380 285 285 32 0
words
-Female

11 Telugu 1 665 665 561 1434 108 0 1326
andra male
voice

12 Speaker 1 665 665 561 104 101 7 3
Depen-

dent Male
voice with
Andra re-
gion(Guntur)

13 Speaker 1 665 665 548 117 106 0 1
Depen-
dent(SD)
Male voice
with  An-
dra re-
gion(Guntur)

14 SD Male | 1 665 665 428 237 236 5) 1
voice with
Andra re-
gion(Guntur)

140




5.2 Speech and Text corpus for Lexical Modelling

15

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

529

146

135

10

16

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

576

94

85

17

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

227

438

437

99

18

SD Male
voice with
Andra re-
gion(Guntur)

665

665

230

456

435

21

19

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

186

479

468

19

10

20

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

186

479

468

19

10

21

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

359

306

305

29

22

SD Female-
Rayalaseema
re-
gion(Anantaj

ur)

665

665

359

306

305

29

23

SD Male
voice with
Andra re-
gion(Guntur)

665

665

664

661

24

SD Male
voice with
Andra re-
gion(Guntur)

665

665

671

671
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25

SD Male
voice with
Andra re-
gion(Guntur)

465

465

380

85

84

28

26

SD Male
voice with
Andra re-
gion(Guntur)

465

465

338

127

126

20

27

SD Male
voice with
Andra re-
gion(Guntur)

465

465

338

127

126

20

28

Speaker
Indepen-
dent(Female
Ray-
alaseema,
Male Telan-
gana  and
Female
Telangana

100

300

76

224

224

29

SD-Male-
Non-native

speaker(Hindi

mother
tongue)

665

665

403

262

261

16

30

SD-Male-

Non-native

speaker(Hindi

mother
tongue)

665

665

533

132

132

31

SD-Male-

Non-native

speaker(Hindi

mother
tongue)

665

665

403

262

261

16

32

SD Male
voice with
Andra re-
gion(Guntur)

200

200

187

13
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33

SD Male
voice with
Andra re-
gion(Guntur)

200

200 165

35

29

34

SD-Telugu
Phonemes-
Female

51

o1 0

o1

23

28

35

SD-Telugu
Phonemes( Vi
sounds  of
16no.s-
Female

wel

16

16 0

16

13

36

SD-Telugu
Phonemes( Vi
sounds  of
16no.s-

Female-
TASR

wel

16

16 0

16

13

37

SD-Telugu
Phonemes(Vq
only)-
Female-
TASR

wels

15

15 13

38

SD-Telugu
Phonemes(Vq
sounds  of
16no.s-
Female

1
wel

16

16 16

39

SD-Telugu
Phonemes(C
only)-
Female-
TASR

1

nsonent

36

36 31

40

SD-Telugu
Phonemes(Vq
sounds  of
ono.s-

Female-
TASR

wel
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41 SD-Telugu | 1 5 5 0 5 4 0
Phonemes(Vowel
sounds  of
9N0.5-
Female-

TASR

42 SD-Telugu | 1 51 51 48 3 3 0
Phonemes(51))-

Female-
TASR

43 SD-Telugu | 1 51 51 48 3 3 0
Phonemes(51))-
Female-
TASR

44 Telugu 1 51 51 51 0 0 0
Phoneme
for TASR
System

45 SD-Telugu 1 51 51 51 0 0 0
Phonemes-
Female
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TASR for Hindi words and their confusion paid word analysis used Phonemic Units and comparing the confusion words

with their common and distinct phoneme unit and position of the unit sounds

WORD Phonetic Symbols for Lexicon WORD Phonetic Symbols for Lexicon
$No - - 123 ]4] 6]
1 |AANKAXNAX s kunaanx | K |UH N |
2 |AXDHIXVAXKTHYAX S [SAXTHXAXRK | § R | K
3 [BAXRMAX ianmm".w.m N
4 |DHOBAARAX £ EKUHNVAARAA | K [UH R
5 [maxmaam & Elaovaxy N N
6 |KAXHAABAATHX Z SkumaaNx | K U N &
7 _|MAYTHXRIY  SIVAXKIYL v
§ [PRAXSHAXMSAA § SsaxwvpaaTHX |8
9 |TOAKAXRIX % TOALIX
10 |[VAAYUH = |[VIXLOAM v | X
11 [VYAATHYAA 2 [AXTHXAARIX IX
12 [YOAGYAXTHXAX S [DHUHRAA UH

Figure 5.39: Hindi IWR system performance using TASR and Phoneme recognition with
confusion pair analysis.

beginfigure

WORD RECOGNITION PERFORMANCE:
% H
77.80% 14
22.20%

4
0.00% 0
5
9

Correct
Substitutions
Deletions
Insertions

27.80%
50.00%

Errors

Figure 5.40: Data set no. Having 18 Telugu words with starting with vowel sound”AX
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I} Comparison of 665 Telugu I'W dain set with ASR and TASH system in conbext of LCKH
amd CMU lexicon Fenale speaker Phonetially rich words

Data set: Evaluation Data 1-665

Figure 5.2.2.1 (a): Dataset 665 Telugu words

1-665 Utterances - Speaker Depende nt
MName of the file. Sentence Recognition. Word recognition.
Sulb Ins | Del Ermr | Sub | Ins | Del Emr
HaH 84 7 2 a6 | 2a | 3 0 28
MU 189 | 24| 1 192 | 189 | 24 | 192
UOH CMU
Descriptian Ref words: 665 Ref words: 666
Hyp. wands: 6710 Hyp. worls: 689
Align wornds: 672 Align wornds: 691
Split camdidste: 7 Split candidae: 22

1500 Famoale mp siosr SRR aarkd TASR oo mparision it h dhedr vwiond recognison
mared] o veored TypEE
r— =
L= 1=

a0 — Heo [T A e
; 150 1 — e WS Py Py
i am{ ™ o Lo
i =04 = T M g 210 1 = & o

o m— o —
i | - =] 4
Typen ol vaore] s oogn i as] ared Brror veords )

Figure 5.2 2_1{h):Graphical view of comparison UaoH and CMU —Ermror words

B T T
ol
e SI=T]
‘HH mEFAL
T
g
k

et Ty e of sseordda

EEE L LR EPEE ERTP ]
B i e

Figure Mo. 522 1{c).: Graphical view of comparison — Different wonrds - Remgnition output

Figure 5.41: Data set_ 1:Analysis
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II) Comparison of 1-100 chunk of Telugu I'W data set with ASR and TASR system in
context of UOH and CMU lexicon Female speaker Fhonetically rich words
Diata Set: Female speaker- 1-1080 Utteran ces with 5T

Figum 5.2.22 (a): Dataset - 1-100 Utterances - Speaker Dependent

Mame of the file. Sentence Recognition. Word  recognition.
Sub | Ins | Del | Emr | Sub | Ins | Dal Em
LoH o 0 1 L] 5 1] 1 L]
CMLT 21 0 1 | 21 1] 1 LE
Description UOH CMLU
Ref words: 100 Ref words: 100
Hyp. wonds: 59 Hyp. wornds: 59
Align words: 100 Alipn words: G50
Split candidate: 0 Split candidate: 22

1-i¥] famala spankar dma st wekh Facegnirden nd Brars in Sansanca and 'Werd mval
pFaricmmanca
=3 ZL ZL = 2=l
! A 4 WS e
i E = W CRALHSa rtem
- 1a . . = S ol SRL ]
| E - -T=LTR
= oo oo o L L 1 1
l a = - . T .
L 2 a 4
Faczgnikicn snd Drar eppas Moo sanmncas md wards

Figure. 5.2.2.2(b): Graphical view of comparison UsH and CMU-Emor words

1-1I umeeress with Fermls TR sy on agae

23 ' 100 0

= [ 101 | 0
Type of veords at the Feoogn Bon outm

Table .22 .2c).: Graphical view of comparison — Diferent wonds - Recognition output

Figure 5.42: Data set_ 2:Analysis
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L) Comparison of 101-200 chunk of Telugu I'W data set with ASR and TASR system in
context of UOH and CMU lexicon Female speaker Phonetically rich words
Data Set: Female speaker - 101-200 Utteran ces with 5D

Figurwe 5.22.3.(a): 10]-20 Utterances - Speaker Dependent

MName of the file. Sentence Recog nition. Word  recognition.
Subs Ins | Dl Em | Sub | Ins Dial Em
LiOH 11 1] LI 11 11 LI LI 11
CMU 45 1] 0 45 45 0 0 45
Description TOH CMU

Roef wonds: 100 Ref wonds: 100

Hyp. words: 10 Hyp. wonds: 100

Align words: 10 Align wonds: 100

Split candi date: 0 Split candidate: 0

H B & H

111-23] Umamanca 530 Famal - Racognidon cumpun

Typa of Error Worda

|luuH WU ELH ICI'-'l-Il

Figure %.2.2 3{b).: Graphical view of comparison UoH and CMU— E mor words

10 1-200 Uterence S0 female - Fecognition metpat

iLLi}
10a 1494 10ad 1aa 10a 1434
taa B UOH
- B ThU
a a
a
Ford e s Hyp.woms A lgn werds Spdt canddamr
HLEH 1] 1] 1l
L I= 1) Ll Ll a0
Type of wonls

Figure 5.22 3c).: Graphical view of comparison — Different words - Becognition output

Figure 5.43: Data set_ 3:Analysis
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IV) Comparison of 301400 chunk of Telugu I'W data set with ASR and TASR system in
context of UOH and CMU lexicon Female speaker Phonetically ridh words
Data Set: Female speaker- 301-400 Utteran ces

Figure, 5.2.2.4 (a):30 140 Utterances - Speaker Dependent

MName of the file. Sentence Recognition Word recognition.
Sub | Ins | Del | Em | Sub | Ins | Dl Err
LioH 30 3 1] 40 35 3 1] 42
CMU | 0 1] 5 S| D i |
Dhesription LOH CMU
Ref words: 100 Ref words: 100
Hyp. wonds: 103 Hyp. wonds: 100
Align wornds: 103 Align womds: 100
Split can didate: 2 Split candidate: 0

IO1-400 Lhterence 5D Female - Recognbion output
54 &

1]

o EHH&AEHBR

Typa of Brror Words

|-"..-l'rul.-5r|n2 o S bl @ S e |

Figure 5.2 2 4{b): Graphical view of com parison UsH and CMU- Emor wonds

A01 -4 Uirrenae S0 f¢male - B eongedich mn oy

ILLi}

13 14K 103 100 103 100

q

H Sanaxl
T i i

B Sl

(Bl

Ty ol wanls

Figure 5.2 2. 4c): Graphical view of comparison — Different words - Recognition owtput

Figure 5.44: Data set_ 4:Analysis
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¥) Comparison of $01-500 chunk of Telugu I'W data set with ASE and TASH system in
context of UOH and CMU lexicon Female speaker Phonetically ridh words
Data Set: Female speaker - 401-500 Utteran ces

Figure 5.2.2.5 (a): 401-300 Utterances - Speaker Dependent

Mame of the fila. Sentence Reco gnition. Wornd  recopnition.
Sub | Ins | Dl Er | Sub | Ins | Dl Err
LoH 5 0 | Li] 5 0 | Li]
CMU E. i 2 | 37 £ i] 2 | 35
Diescription LUOH CMU
Ref wonds: 100 Ref words: 100
Hyp. wonds: 59 Hyp. wonds: 101
Align words: 100 Align words; 102
Split candi date: 0 Split candidate: 2
AXL-500 Utterence S0 Female - Recognition output
} = »
a
[ o 2 0 2 1 1 1 1 & I 3 I
1 o —_—— :
Ins Dd Em
[mUcH mCMU mUcH @CMU | Type of Error Words
Figure. 5.2.2.5.(b): Graphical view of com parison UoH and CMU- Emor wonds
S0 1-500 Ubberence 51 female - Fecognition mapat
=00
; . 100 100 ¥ 101 100 10 pp——
i a 1 2 3 4
...'ﬁl:lhl | 16 | i \an I o
W Sorim2 100 (1)1 10z 2
Type of vonls

Figure. 5.2.25.{c): Graphical view of comparison— Different wonds - Recognition output

Figure 5.45: Data set_ 5:Analysis
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V1) Comparison of 501-600 chunk of Telugn IW data set with ASE and TASE system in
context of UOH and CMU lexicon Female speaker Phonetically ridh words
Data Set: Female speaker- S01-600 Utteran ces

Figum 5.2.26 (a): Dataset - 301-600 Utterances - Speaker Dep endent

Mame of the file. Sentence Recognition. Word  recognition.
Sub | Ims | Del | Em | Sub | Ins | Del ErT
LioH 7 l 0 i i l 1] 8
CMU 15 LI} 0 15 1% | O 1] 15
Diescription UOH CMLU
Ref wonds: 100 Ref words: 100
Hyp. wonds: 101 Hyp. wonds: 100
Align words: 101 Align waornds: 100
Split candidate: 1 Split candidate: 0
S01-600 Utterence SO Female - Recoqnition output
; 0 15 15 15 15
P 13
i 10 4 T 7 8 i
E 34 1 Q | i o 0 o 0
i o _— = : .
Sagh Ins Dl Em
|-L|nH ECMU mUoH mCmU | Type of Error Words

Figure. 5.2.26({a).: Graphical view of comparison UoH and CMU- Emor wonds

S0 1-600 Ube rence S female - Becognition owtpuod

i i 00 100 01 160 01 160
; 10 { i a ]
- N N N - -
: . =nd M et Aign s Spll corefda e

o 100 11 01 1

o | 100 [ 100 [ T o

Type of womk

Figure. 5.2.2.6.(b): Graphical view of comparison — O flerent wonds - Recopnition owtput

Figure 5.46: Data set_ 6:Analysis
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VII) Comp arison of 601-665 chunk of Telugu I'W data set with ASR and TASR system in
context of UOH and CMU lexicon Female speaker Phonetically rich words
Data Set: Female speaker- 601-665 Utteran ces

Figure 5.2.2.7 [a): 601-665 Utterances - Speaker Dependent
Mame of the fils. Sentence Recopnition. Word _recognition.
Sub | Ins | Dhel Em Sub | Ins | Del Em
LoH 2 0 | 3 2 0 1 3
CMU (1] 0 0 (1] 1] 1] 0 10
LOH CMU

Ref wonds: 65 Ref wonds: 65

Do soripitiom Hyp. words: 64 Hyp. words: 65

Align words: 65 Align wornds: 65

Split candidate: 0 Split candidate: 0

601-665 Utterence S0 Female - Recognition output

3
! 10 10
: 3 3
E 0 g o 0 L gl oa
Ins Del Em

|l|_|uH ECMU DUoH ECMU | Type of Errorwords

Figure. 5.2.27.(b): Graphical view of comparison UoH and CMU- Emor wornds

60 1-665 Uterence 510 femaale - Recognition ougut
] i o= e o s e e
i o] L
5 1 Rt et Fhy p. e Align wwth Splt carslida s
| =] ™ (=] L]
-.l::“'_l | (=] 1 (] (=] L]
Typee of wonds

Figure. 5.2.27.(c): Graphical view of comparison — Different words - Reco gnition output

Figure 5.47: Data set_ 7:Analysis
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Vi

arizon of #65 Tel I'W data set with ASH and TASHE system in context of
UOH and CMU lexicon Female speaker F accent) Phonetically rch words

Data =et: Evalnation Data 1-665

Figum 5.22.8. (a): 1-565 Utteran ces- Speaker Dep endent
Mame of the file. | Sentence Recognition Word recognition.
Sub | Ins | Oal | Em | Sub | Ins | Dhal Em
LioH 11 5 3 04 | 101 5 E] LG
CML 236 7 3B | 3_ | T 2 245
Description UOH CMU

Ref wonds: 665 Ref wonds: 665

Hyp. wonds: 667 Hyp. wonds: 670

Align words: 670 Align words: 672

Split candidate; 5 Split candidate: 7

-

1-665 Ut rence S0 Female - Recognition output
236 2% 23 6

10 101 1K
5 7 5 7 3 2 31 2

- B8 8

Sab Ins Del Err
|-|_|m-| ECMU EUoH lcr..-||_|| Type of Emorwords

Figure. 5.2.2 8.(b): Graphical view of comparison UoH and CMU- Emor wonds

1-665 Thierence S0 femmle - Be cogmitionoutpat

[ B = =T =T 1] [=T,L R = 5]
=a | OH
(= 0]
’ e Hhy Align ek =i carelichie
...II:I:I [ ] T n 5
| [t L] ara ror] =
Type of womk

Figure. 5.2. 2 8c).: Graphical view of comparison — Different words - Reco gnition output

Figure 5.48: Data set_ 8:Analysis
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

IX) Comparison of 1-100 chunk of Telugu I'W data set with ASR and TASR system in
context of UOH and CMU lexicon with male Speaker data set

Figum 5.2.3.L (a): 1-100 Utterances-Male -Speaker Dependent
Mame of the fila. Sentence Recognition. Word mecognition.
Sub [ Ins | Dl [ Er | Sub [ Ins | Del [ Em
LoH l 1] 0 | | 0 0 |
CMU 1] 1] ] ] I | D 4] ]
Deescription LUOH CMU
Ref words: 100 Ref wornds: 100
Hyp. wonds: 100 Hyp. wonds: 52
Align words: 100 Align words: 100
Split candidate: 0 Split candidate; 0
1-100 LUiterenos S0 Male - Recogniion outpast
0 - B I
E 1
10
TR = g B8
| =4
J;I SYTEn A B |
|:| 1 T T T
Exin s Dl Err
[muaH momu Buos U | Type of Emor Words

Figure. 5.2.3 1.(b): Graphical view of com parison UsH and CMU- Emor wonds

1-100 Utterence 51 Made- Recogniton satpul
1 = 00 100 0 g 0 10
;™ B
: 1 ot etk Hhpuetk Al Ak ik carslchin
| (L] [ ([11] [ ([11] [ o
m A (i1 m 1 1]
Tyvpe of vands

Figure. 5.2.3 1{c).: Graphical view of comparison — Different words - Recognition output

Figure 5.49: Data set_ 9:Analysis
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5.2 Speech and Text corpus for Lexical Modelling

X): Comparison of 101-200 chunk of Telugn I'W data set with ASRE and TASR system in
context of UOH and CMU lexicon with male 5D data set

Figanre 5.2.3.2(a): Data set- 100-200 Utterances — Male - Speaker Dep endent

Split candidate; 0

Split candidate; 0

Mame of the fila. Sentence Recopnition. ‘Wond  recog nition
Sub | Ins | Del | Em | Sub | Ins | Dal Em
LioH 3 0 LI 3 3 LI 0
4] 12 0 4 16 12 1] 4 16
D escription UOH CMU
Ref words: 100 Ref words: 100
Hyp. words: 100 Hyp wonds: 56
Align words: 100 Alipn words: 10D

20

L3+

10 -

A 1 s TR

-

o

S

LO1-200 Utterence 5D Male - Recognition output

18 14
8 8
o 0 0 0 nlul 1 .
s D=l Emr

|- LicH BCK B LoH --.:r.-'l_l|

Type of Ermor Words

| Fipure. 5.2.3.2.(b): Graphical view of com parison UoH and CMU- Emor words

1=

101-200 Utbe remce S0 Male- e cognition owipart

; 10D 10 100 o 10D 10

= 1

[

- =0

E (=] L=}

=]
Har! vk Hiyp war e fAilgn Tl condisle o
m LN L] L] L] i
L=t |5} L] 82 L] i
Type of words

[=T=]T]
[~ = X200

Figure. 5.2.3.2.(c): Graphical view of comparision — Different wonds - Recognition output

Figure 5.50: Data set_ 10:Analysis
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

X1} Comparison of 201-300 chunk of Telugu I'W data set with ASR and TASE system in
context of LOH and CMU lexicon with male 5D data set

Figum 52.3.3(a): Data set : 201-300- Male- Utterances - Speaker Dependent
Name of the file. Sentence Recog nition. Wond recognition.
Sub | Ins | Dl | Em Sub | Ins | Dal Em
LioH l 0 (1] l | 0 1] |
CMLU 18 0 l 19 18 0 | ]
- UOH MU
Desori ption R of words: 100 Ref words: 100
Hyp. wonds: 104 Hyp. wonds: 59
Align words: 100 Align words: 100
Split candid ate: 0 Split candid ate; 0

201-300 Utterence S0 Male - Re cognition output
] 20 1B 14 19 19
i 15+
W
1 1 2 ! 0O og 0@ o 1 g 1 1 1
. (I T i — =

Sub Ins Del Em
[mucH mcvu HuoH Bcw | Type of Emor Words

| Fipure 5.23.3b} Graphical view of com parision UoH and CMU-—Emor words

20 1-300 Utbe remece S Male- FeoogmniGon owipart

150
100 100 00 o 100 100

10 mLUOH

o mCa

u} o

L=}

Sl comdidbr o

[ v L L L0 [
|!-:.1-||.' L ag L0 [
Type of words

Figure 5.2.3.3(c);: Graphical view of comparison — Different wonds - Recognition output

Figure 5.51: Data set_ 11:Analysis
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5.2 Speech and Text corpus for Lexical Modelling

XI) Comparison of 301400 chunk of Telugu I'W dataset with ASRE and TASR system in
context of UOH and CMU lexicon with male SI) data set

Figure 5.2.3.4 (a): Data set- 301400 Utterances- Male- Speaker Dependent
MName of the file. Sentence Hecopnition. Word  recog nition.
Sub | Ins | Del | Em | Sub | Ins | Del Em
UOH 3 1] 1] 3 3 1] 0 3
CML 14 1] l 15 14 1] l 15
De=cription LiOH CAL
Ref words: 100 Ref words: 100
Hyp. words: 100 Hyp. words: 59
Align words: 100 Align words: 100
Split candidate: 0 Split candidate; 0

F01-400 Utterence S50 Male - Recognition output
o=y 15 15
i Llm- 1 14
] 10
H 3 & 3 3
i ;' o Qg O @ o 1 o 1

=11 ] {111 ml_ | Err
|-|_H::-H HCKL @ uoH --::m_l| Type of Ermor Words

| Figure 5.23.4(b} Graphical view of comparison UoH and CMU-E mor wonds

A0 1-400 Utterence S Male- Feoogmition owipast
iku 1]
! 100 100 10 = 100 100
: 1o guoH
: = =]
H [x] (]
1 x]
Farl razihe Hyp. varde SAlgn e Sl caniche o
|. - T T T i
|..;_~.-||_- T g4 T P
Type of words

Figure. 5.2. 3. 4{c).: Graphical view of comparison — Ditberent wonds - Recognition owtput

Figure 5.52: Data set_ 12:Analysis
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

XII) Comparison of 401-5M chunk of Telugu I'W data set with ASR and TAS R system in
context of UOH and CMU lexicon on male SD data set

Figum 5.2.3.5(a): Data set - 401-500 Utterances- Male Speaker Dependent
Mame of the file. Sentence Fecognition. Word recognition.
Sub | Ins | Del | Em | Sub | Ins | Del Em
OH 2 1] [1] 2 2 [1] 1] 2
CMU i 1] 1] L i 2 |0 0 26
Description UOH CMLU
Roef wonds: 100 Ref wonds: 100
Hyp. words: 100 Hyp. words 100
Align wornds: 100 Align words: L)
Split candi date: 0 Split candid ate: 0

A401-300 Utterence S0 Male - Recognitlon output
1 30, 26 X 26 25
§
B 20 -
i
r 10 -
! 2 2 o Q 0 0O o Qg 0 @ 2 2
o = T
Sub Ines D Emr
[muoH MMy BuoH Bomu | Type of Emor Woras

Figure. 5.2.35.(b): Graphical view of comparison UoH and CMU- Emmor wonds

40 1-5300 Utberence S0 Male- Re oo gnition owtpart

§ ™ X  1x 1m 1 m 1o
i “ ==
i a
i Har! azrnhs Hiyp e Sl ek Tl el o

B LiaH Ll Ll Ll

L=t L0 Ll LW

Type of words

Figure. 5.2 3.5.{c): Graphical view of comparison — Different wonds - Recognition output

Figure 5.53: Data set_ 13:Analysis
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5.2 Speech and Text corpus for Lexical Modelling

XIV) Compa rison of 501-600 chunk of Telugn I'W dataset with ASKE and TASR system in
context of UOH and CMU lexicon with male SI) data set

Figum 5.2.3.6.(a): Data set S01-600 - Utterances - Speaker Dep endent
MName of the file. Sentence Recog nifion. Word recognition.
Sub | Ins | Del | Em | Sub | Ins | Dl Err
LoH 2 1] 0 2 2 0 1] 2
CMU 15 1] l L] 15 | O | L]
o LOH CMU
Deescription R ef words: 100 Ref words: 100
Hyp. words: 100 Hyp. wonds: 59
Align words: 100 Align womds: 100
Split candid ate: 0 Split c andidate: 0
501 - 600 Utterence SD Male - Recognition output
I 15 15 TR
i 15
i 10
g %1 2 . o g 0 a o 1 g ! - .
. 0O+ T T — |
Sashy Ins Dl Em
[mucH mcwU BUCH ECVU|  Type of Error Words

Figure. 5.2.36.(b): Graphical view of comparison UoH and CMU- Emor wonds

301 - 600 Ubterence 500 Male- Recognition owbpaet
] F 1y b Ta T T ] b Te = T b Te T T o]
i K § =[]
i

E Flar! wnreks Hyp - werhe Silpn wrde Tz ir con iy

|. LM Linl L L

|.-:.'-'||.'_ L | aa L

Type of words

| Figure. 5.2.36.(c): Graphical view of comparision — Different wonds - Recognition output

Figure 5.54: Data set_ 14:Analysis
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

XV) Comp arison of 601-665 chunk of Telugn I'W dataset with ASH and TASR system in
context of LOH and CMU lexicon with male SI¥ data set

S5.2.3.7.(a): Data set - B01-665 - Male - Spealker Dependent

Mame of the fila.

Sentence Recopnition.

Word recog nition.

Sub | Ins | Del | Em Sub | Ins | Dal Em
UOH 2 0 0 2 2 0 0 2
CMLY 7 0 0 7 7 0 0 7
o LOH CMLY
Description Raf wonds: 65 Raf words: 65
Hyp. words: 65 Hyp. words: 65
Align words: 65 Align words: 65
Split candidate: 0 Split candidate; 0

o A W N W

601-666 Utterence S0 Male - Recognition output

@ Qg 0 @

o p 0 0

Ins

B ucH Bcau MuoH Bc |

Dl
Type of Ermor Words

Figure. 5.2.37.(b): Graphical view of com parision UoH and CMU- Emor words

e T

KKl

601 - 665 Uhiterence S0 Male - Becognition outpat

[} [} = =] =
mELOH
k1]
a
Farl razihe Hyp. wxrde Al wrd Sk condidk
|l L a3 a3 a3 il
[m a3 a3 a3 il
Twpe of words

| Figure. 5.2.37.(c): Graphical view of comparision — Different words - Recopnition owtput

Figure 5.55: Data set_ 15:Analysis
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5.2 Speech and Text corpus for Lexical Modelling

XVI) Comparison of 1-665 chunk of Telugu I'W data set with ASH and TASR system in
context of LWOH and CMU lexicon with male SI data set

Figum, 5.2.318.(a): Data Set - 1-665 : Male Speaker Diependent

MName of the file. Sentence Recognition. Word  recognition.
Sub | Ins [ Del | Em | Sub | Ins | Del Emr
LOH a&r T 1] a&r a&r T 1] S
CMU 232 (1 | 33 232 |1 | 244
Diesription OH CMU
Ref words: 666 Ref words: 665
Hyp. words: 672 Hyp. wonds: 675
Align words: 672 Align words: 676
Split candidate: 7 Split candid ate: 11

ep. 232

LT TP

1-665 Utterence SD Male - Recognition output
233
™ |
TI11 7 ¢ 0100 7
Ins Del Em
RUOH mCM) BUCH mCWU Type of Emor Words

Figure. 5.23.8.(b): Graphical view of comparision UoH and CMU- Emor wonds

hFFI
i

1 N N -

1 - 665 Utterence S Male- Recognition owtput

L= - T L= S =T -]

Har! razrnhs Hiyp ke Sl werthe T el o
[ L am am am
|.|;;\.l||_' m [ T, am
Type of words

Figure. 5.2 3.8.{c): Graphical view of comparison — Different wonds - Recognition output

Figure 5.56: Data set_ 16:Analysis
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

AVID) Persian data set: ASH system for Persian language and their recognition output
performance in terms of Sentence Recognition and Word Recognition.

42 Persian speaker data recopnition acouracy with CMU lexicon, whersin 38 wonds are
recopnized in word recognition and 41 are recopnized in sentence. The speech is the Persian
male voice to develop and test with same data set

Figume 5.23.9(a): Data set - 42 Utterances in Persian Language— Male- Speaker Dependent

MName of the file. Sentence Recognition. Wond mecopnition.
Sub | Ins | Del | Err | Sub | Ins | Del Err
CMLI | 3 0 5 | 3 0 4
Description CMU
Refwords: 42
Hyp. words: 46
Align wonds: 46
Smnlit ranefidate: {1
43-Lhterences af Persian lingua ge in 50 with Male- Recognition autpu
G 7 3
4
4 1 3 3
E - I I .
N . 0
Sath I =1 Emr
[mcvu m momu| Type af Erar Wards

Figure. 5.2.39b) : Graphical view of comparison UoH and CMU- Emor wornds

42-Inerences of Persian language in S0 with Male- Recognition outpan

i & 4z EL 45
i ":' =L
- -0 -0 N .. k=
E ! Far! vk Hyp wxrde SN wrd Sk comdida o

|. LCIH i [ [ i

[m e 42 an T 0

Type of words

| Figure. 5.2.39 (c) : Graphical view of comparison — Di fferent wonds - Recopnition owtput

Figure 5.57: Data set_ 17:Analysis
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5.2 Speech and Text corpus for Lexical Modelling

Error analysis of Telugu word data set with CMU and UOH
phoneset and liexcal models
300
250
] 2 ——UoH
3200 5 —=-CMW
SR /A /i
- 150
% \ /. \ / o
< 100 — == UoH
LN AN [/ Leew
50
0 T
Sub Ins Del Errors  Sub Ins Del Errors
No.of Error and their types

Figure 5.58: Error analysis and comparison of Recognition output in terms of sentence

and word recognition for Telugu evaluation data set.

WORD RECOGNITION | PERFORMANCE:
5.No Tvpe of words #of Words
1 Correct 77.80% 14
2 Substitutions 22.20% 4
3 Deletions 0.00% 0
a Insertions 27.80%  |IRNSR
5 Errors 50.00% 9
. ; #of W
5 I'1~.Ic| T}Ezf of w z:ds of l"vgcrrds Hyp.words=
) o WO = _RE;EWDI’ ds+Insertions
". T
PO (18+5=23) and
3 Aligned words 23 :
: Alinged words
4 Splits words 0 .
; ; =Hvp. Words
5 Split candidates 0 ..
means deletions in
6 Merges 0 the recognized
7 Merge candidates 0 eniz
output are zero
WORD ACCURACY 77.78% (14/18)
EERORS 50.00% (9/18)

Figure 5.59: Error analysis and comparison of Recognition output in terms of sentence

and word recognition for Telugu evaluation data set.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

VII) TASR system for 300 Telugu phoneme order word list and their recognition output
performance in terms of Sentence Recognition and Word Recognition using bare system

Table 5.2.2.10 (a): Data set — Male Utterances

Mame of Sentence Recognition. ‘Word recognition.
the file.
Rec Suhb Ins Dl Err Rec Sub Ins | Del Err
UoH 185 108 11 0 108 185 108 11 0 119
k] 63.1 369 | 38 0 36.9 | 63.1 36.9 3B 0 40.6
UOH
Ref words: 293
Drescription Hyp.words: 304
Align words: 304
Split candidate: 11

000 e b=
150 1
100
140
19
120 o= o o]
100
80 3 431
&0
L} L} ] G
40
e %] oo -] oo
o 7
i‘e\:|El.l:hns Dl = i‘ec|El.b|ns|:\el|Err
Senience Recogniion ‘Wiord recogriion

300-Tehgu Phonemic order Utierences of Native SD with Male- Recognition

5 output with TASR
597 08 10s i ws M9

400
L 5.
i =50 1 1 0 o

0 _ [
Sub In= [al Ermr
Type of Emor Words

Figure 5.60: Data set — Male Utterances
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5.2 Speech and Text corpus for Lexical Modelling

SENTENCE RECOGNITION FERFORMANCE: SENTENCE RECOGNITION FERFORMANCE:
sentences 18 enfznces 0170 _1.3,_|1
correct 33.6%( 10) correct J%( 71)
with error(s) 444%( 8) witherror(s)  33%( 4)
with substitution(s) 222%( 4) with substitution(s)  3.3%( 4)
with insertion(s)  22.2%( 4) with insertion(s) ~ 0.0%( 0)
with delefion(s) ~ 0.0%( 0) with deletion(s)  0.0%( 0
WORD RECOGNITION PERFORMANCE: WORD RECOGNITION PERFORMANCE:
Correct = 77.8%( 14) Comect ~ =94.7%( 1)
Substimtions = 222%( 4) Substilntions = 33%( 4)
Deletions = 0.0%( 0) Deletions = 0.0%( 0)
Inserions = 27.8%( 73) Insertions = 0.0%( 0)
Errors =3500%C 9 Errors = 53%( 4
Ref words = 18 Ref words = 7-‘15_
Hyp words = 23 Hyp words = 73
Aligned words = 23 Aligned words = 73
Splits = 0 Splits = 0
Split candidates= 0 Split candidates=
Merges = 0 Merges = 0
Merze candidates= 0 Merge candidates=
: 1777 14 WORD ACCURACY= 94.667% ( 71/ 73)
WORD ACCURACY= 77.778%( 14/ 18) CCURAC 66
ERRORS=30.000%( @ 18) ERRORS= 5333%( 4 73)

Figure 5.61: are Isolated words 18 Telugu akshara sequence ordered word list and proper
names in terms of mmts train station with 5 different speakers of 15 words each as the
test data set to test the TASR system the performance in terms of the Sentence and Word
using WA and WER and different kind error words.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

zefiEnces 40
correct 00% (1D
with error(s) T0.0%( 28)

with substitution(z) 63.0% ( 26)
with insertion(s)  40.0% ( 16)
with deletion(s) 15%0 3

WORD RECOGNITION PERFORDANCE:
Correct =T1.1%( 133)
Substiutions = 27.4%( 32)

Deletions = 16%( 3
Insertions = 16.8%( 3I)
Errors =458%( 8D
Bef words = 190

Hyp words = 219
Aligned words = 222
Splits = 0

Split candidates= 20
Merges = 0

Merge candidates= 4

WORD ACCURACY= 71.053%( 135/ 190)
ERFORS=45780%( 37/ 190)

SENTENCE FECOGNITION PFERFOFRMANCE:

SENTENCE RECOGNITION PERFORMANCE:
senfences 40
correct 55.0%( 22)
with efror(s) 45.0%( 18)
with substitution(s) 42.3%( 17)
with insertion(s) T3%0( 3

%l 30
with deletion(s) 2% (0D

WORD FECOGNITION PERFORMMANCE:

Correct = 85.3%( 162)
Substimtions = 142%( 27)
Deletions =05 I
Inzertionz: = 1.6%( 3)
Errors =163%( 31
Ref words = 190

Hyp. words = 192
Aligned words = 193
Splits = 0

Split candidates = 3
Merges = 0

Merge candidates= 0

WORD ACCURACY= 85263% ( 162/ 190)
ERRORS=16.316%( 31/ 190)

Figure 5.62: TASR system for 40 sentence of University Information system performance

in terms of Sentence with recognized and error word list.
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5.2 Speech and Text corpus for Lexical Modelling

Sentence

UOH | CMU UOH cCMU UOH CMU UOH CMU
Exp No. Sub Ins Del Err
Exp 1 84 189 7 24 2 1 86 192
Exp 2 ] 21 0 0 1 1 6 22
Exp 3 5 19 0 0 3 2 8 21
Exp 4 11 45 0 0 0 0 11 45
Exp 6 30 54 3 0 0 0 40 54
Exp 7 9 36 0 2 1 1 6 37
Exp 8 7 15 1 0 0 0 7 15
Exp9 B 10 0 0 1 0 3 10
Exp 10 101 236 9 7 3 2 104 238
Exp 11 1 10 0 0 0 8 1 18
Exp 12 3 12 0 0 0 4 3 16
Exp 13 1 18 0 0 0 1 1 19
Exp 14 3 14 0 0 0 1 3 15
Exp 15 2 26 0 0 0 0 2 26
Exp 16 2 15 0 0 0 1 2 16
Exp 17 B 7 0 0 0 0 2 7

Word Recognisation
Words UOH CMU UOH cMU UOH CcMU UOH CMU

Exp No. Sub Ins Del Err
Exp1 28 189 3 24 0 1 28 192
Exp 2 2 21 0 0 1 1 6 22
Exp 3 5 19 0 0 3 2 8 21
Exp 4 11 45 0 0 0 0 11 45
Exp 6 39 54 3 0 0 0 42 54
Exp 7 2 36 0 2 1 1 6 39
Exp 8 7 15 1 ] ] 0 8 15
Exp 9 2 10 0 ] 1 0 3 10
Exp 10 101 236 2 7 3 2 109 245
Exp 11 1 10 0 0 0 8 1 18
Exp 12 3 12 0 0 0 4 3 16
Exp 13 1 18 0 0 0 1 1 19
Exp 14 3 14 0 0 0 1 3 15
Exp 15 2 26 0 0 0 0 2 26
Exp 16 2 15 0 0 0 1 2 16
Exp 17 2 7 0 0 0 0 2 7

Figure 5.63: Comparison of Errors and Error types in 17 experiments carried out on
Telugu words Data set with UOH Lexical model based TASR system and CMU Lexical
model based ASR system
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Comparision of UOH andCMU lexical model on Substitution Errors in Sentence level and Word level
250
200
150
100

50

word level category

..,.r.........._..u...u....m
Jbstition with sentence and

Expl Exp2 Exp3 Exp4 Exp6 Exp7 Exp8 Exp9 Exp10 Exp 1l Exp 12 Exp 13 Exp 14 Exp 15 Exp 16 Exp 17

Experiment wise Substitution error in UOH and CMU lexical model influence on Sentence level and word
level

O UOH-Sentence level -substition error 8 UOH-Word level -Substitution error
CMU-Sentence level -Substitution error B CMU-Sentence level-Substitution error

Figure 5.64: Data set of Telugu words and Substitution Errors comparison using UOH
and CMU lexical model

Comparision of UOH andCMU lexical model on Insertion Errors in Sentence level and Word level

30 1
- T 25 1.
;2
H b=
H 5 20 1
3_2 >

o

562 1
;-E £ % 15
0 8%
5 £ 0o 10
32
: 3
H 5
5=
= >

e QI we.. W8 0000000000

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16
Experiment wise Insertion error in UOH and CMU lexical model influence on Sentence level and word level
|I:| UOH-Sentence level-Deletion error @ UOH-Word level-Deletion I CMU-Sentence level-Deletion 8 CMU-Word level-Deletion ‘

Figure 5.65: Data set of Telugu words and Insertions Errors comparison using UOH and
CMU lexical model.
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5.2 Speech and Text corpus for Lexical Modelling

Comparision of UOH andCMU lexical model on Deletion Errors in Sentence level and Word level

eletion with sentence and word
level category
B

. B |

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Experiment wise Deletion error in UOH and CMU lexical model influence on Sentence level and word level

|I:| UOH-Sentence level-Deletion B UOH-Word level-Deletion Errors | CMU-Sentence level-Deletion Error 8 CMU-Word level-Deletion Error |

Figure 5.66: Data set of Telugu words and Deletion Errors comparison using UOH and
CMU lexical model.

Comparision of UOH andCMU lexical model on Errors in Sentence level and Word level

300 4

with sentence and word level
category

1 2 3 4 5 6 7 8 ] 10 11 12 13 14 15 16
Experiment wise Errors in UOH and CMU lexical model influence on Sentence level and word level

‘DUOH-Sentence level -Errors B UOH-Word level-Error I CMU-Sentence level-Errors I CMU-Word level-Errors ‘

Figure 5.67: Data set of Telugu words and Word Errors comparison using UOH and
CMU lexical model.
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Table 5.6: 45 experiments ASR Decoding results Comparing with performance measures.

i.e Accuracy, Error Rate, Recall/Sensitivity /True Positivity etc.

$.N0 Datatypdccuracrror- | Recall/ Specifi¢iBfrecisioi{iaositiawds-0.5 | F1 F2
rate Sen- pre- Cor-
sitiv- dict rela-
ity/ value) | tion
True Co-
Posi- effi-
tivity cient
1 Exp-1 |1 0 1 Infinity 1 Infinity] 1.2 1 1.25
2 Exp-2 | 1 0 1 1 1 1 1.2 1 1.25
3 Exp-3 |1 0 1 1 1 1 1.2 1 1.25
4 Exp-4 |1 0 1 Infinity 1 Infinity] 1.2 1 1.25
5 Exp-5 | 0.95 0.05 1 1 1 0.69 1.2 1 1.25
6 Exp-6 | 0.92 0.08 0.95 0.75 0.95 0.7 1.14 0.95 1.25
7 Exp-7 | 0.92 0.08 1 1 1 0.67 1.2 1 1.25
8 Exp-8 | 1 0 1 1 1 1 1.2 1 1.25
9 Exp-9 | 0.97 0.03 0.97 0.93 0.97 0.92 1.17 0.97 1.25
10 Exp- 0.95 0.05 0.92 0.9 0.92 0.91 1.11 0.92 1.25
10
11 Exp- | 0.34 0.66 1 1 1 0.15 1.2 1 1.25
11
12 Exp- | 0.99 0.01 0.99 0.94 0.99 0.94 1.19 0.99 1.25
12
13 Exp- |1 0 1 1 1 0.99 1.2 1 1.25
13
14 Exp- | 0.99 0.01 0.99 0.98 0.99 0.98 1.19 0.99 1.25
14
15 Exp- | 0.98 0.02 0.98 0.93 0.98 0.95 1.18 0.98 1.25
15
16 Exp- | 0.99 0.01 0.99 0.92 0.99 0.94 1.19 0.99 1.25
16
17 Exp- | 0.92 0.08 0.79 0.88 0.79 0.83 0.95 0.79 1.25
17
18 Exp- | 0.97 0.03 0.92 0.95 0.92 0.93 1.1 0.92 1.25
18
19 Exp- | 0.96 0.04 0.91 0.96 0.91 0.9 1.09 0.91 1.25
19
20 Exp- | 0.96 0.04 0.91 0.96 0.91 0.9 1.09 0.91 1.25
20
21 Exp- 0.96 0.04 0.93 0.91 0.93 0.92 1.11 0.93 1.25
21

170




5.2 Speech and Text corpus for Lexical Modelling

22 Exp- | 0.96 0.04 0.93 0.91 0.93 0.92 1.11 0.93 1.25
22

23 Exp- | 0.99 0.01 0.13 0.99 0.13 0.17 0.15 0.13 1.25
23

24 Exp- |1 0 1 1 1 1 1.2 1 1.25
24

25 Exp- | 0.94 0.06 0.93 0.75 0.93 0.84 1.12 0.93 1.25
25

26 Exp- | 0.95 0.05 0.94 0.86 0.94 0.89 1.13 0.94 1.25
26

27 Exp- | 0.95 0.05 0.94 0.86 0.94 0.89 1.13 0.94 1.25
27

28 Exp- |1 0 1 1 1 1 1.2 1 1.25
28

29 Exp- | 0.98 0.02 0.96 0.94 0.96 0.95 1.15 0.96 1.25
29

30 Exp- | 0.99 0.01 0.99 0.96 0.99 0.98 1.19 0.99 1.25
30

31 Exp- | 0.98 0.02 0.96 0.94 0.96 0.95 1.15 0.96 1.25
31

32 Exp- | 0.98 0.02 1 1 1 0.82 1.2 1 1.25
32

33 Exp- | 0.97 0.03 1 1 1 0.89 1.2 1 1.25
33

34 Exp- | 0.45 0.55 Infinity 1 Infinity Infinity] Infinity Infinity Infinity
34

35 Exp- | 0.81 0.19 Infinity 1 Infinity] Infinity Infinity Infinity] Infinity
35

36 Exp- | 0.81 0.19 Infinity 1 Infinity Infinity Infinity Infinity) Infinity
36

37 Exp- |1 0 1 1 1 1 1.2 1 1.25
37

38 Exp- |1 0 1 Infinity 1 Infinity] 1.2 1 1.25
38

39 Exp- |1 0 1 1 1 1 1.2 1 1.25
39

40 Exp- | 0.8 0.2 Infinity 1 Infinity Infinity] Infinity Infinity Infinity
40

41 Exp- | 0.8 0.2 Infinity 1 Infinity Infinity] Infinity Infinity Infinity
41

42 Exp- |1 0 1 1 1 1 1.2 1 1.25
42
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43 Exp- |1 0 1 1 1 1 1.2 1 1.25
43

44 Exp- |1 0 1 Infinity 1 Infinity] 1.2 1 1.25
44

45 Exp- |1 0 1 Infinity 1 Infinity] 1.2 1 1.25
45
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5.3 Transliteration tool for transcribing the Telugu script

Performance Comparision with Accuracy ,Error rate, Recall, Specificity, Precision, Matthews
Correlation Coefficientand F_measure of (0.5,1 and 2)
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Figure 5.68: Graph of the 45 experiments ASR Decoding results Comparing with per-

formance measures. i.e Accuracy, Error Rate, Recall/Sensitivity/True Positivity etc.

(Recognized + Substituted)

A =

ceuracy (Recognized + Substituted + Deletion + insertion)
(Insertion + Deletion)

E te =

rror Rate (Recognized + Substituted + Deletion + insertion)
- o (Recognized)
Recall /S tivity /T tiveRate =
ecall/Sensitivity /Truepositive Rate (Recognized + Substituted)
(Substituted)

Speci ficity —
pecificity (Substituted + Inserted)

(Recognized)

Precision positive predictive value =
P b (Recognized + Insertion) )

b—1 Del
Matthews Correlation Coef ficient = (Rec x Su ns x Del)

(Precision x Recall)
(0.25 % Precision) + Recall

F Scoregs = 1.25 %

(Precision x Recall)
(Precision + Recall)

Fy — Score; = 2 %

(Precision x Recall)
(4 % Precision) + Recall

Fy — Score =5 %

V/ ((Rec + Ins)(Rec + Del)(Sub + Ins)(Sub + Del))

(5.6)
(5.7)

(5.8)

(5.9)

5.3 Transliteration tool for transcribing the Telugu script

Telugu language transcription for collected speech corpus is the major limitation in

data set preparation for the target language. Design of ASR system includes the data
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Figure 5.69: GUI for Telugu script to Roman script transliteration for Text corpus
generation for building ASR system.

preparation. Transliteration using different coding unit of Akshra available but support
to the system is not available. Using the syllabification and transcribe those with the
Akshara specific roman script representation is the main task of the transliteration tool.
The input to the system is Telugu text. Here experiment purpose large Telugu text
corpus is collected from chandamama online resources. The transliteration done using
simple transliteration and enhanced method done by using the Edit distance method.
Design developed in NetBeans environment using java programming.The input and
output of the system as snap shot shown in Figure 5.68.

Over all experiments are compared with the WA and WER. The following section
is used to verify the system performance using the precision, Recall and F-measure of

statistical analysis.

. Recognized__word
Precision =

5.10
Recognized__word + Insertion__error__word ( )

OR

Recognized__word

Recognized__word + Insertion__error__word + Substitution_ Error__words
(5.11)

Precision =
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5.3 Transliteration tool for transcribing the Telugu script

. 1 2 3 4 5 6 7 8 9

Sr. Total | No of | No of | No of | No of | Words | Words | Words | Words

No. cor- cor- error | error | Accu- | Accu- | Error | Error
rect rect Translit-Translit-racy racy Rate | Rate
Translit-Translit-er- er- With- | With | With- | With-
er- er- ated ated out Edit out out
ated ated words | words | Edit Dis- Edit Edit
words | words | with- | with Dis- tance | Dis- Dis-
with- | with out Edit tance tance | tance
out Edit Edit Dis-
Edit Dis- Dis- tance
Dis- tance | tance
tance

1 141 93 57 48 84 66 41 35 68

2 141 93 57 48 84 66 41 35 68

3 136 89 53 47 83 66 39 35 62

4 205 113 98 92 107 56 48 48 53

5 204 127 98 7 106 63 49 38 52

6 170 98 114 44 56 58 68 26 50

7 119 59 81 60 38 74 69 51 32

8 89 52 38 37 51 74 43 42 58

9 163 52 102 111 61 32 63 69 38

10 175 126 133 46 42 74 76 27 24

Table 5.7: transliteration tool output of 10 Experiments
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Transliteration tool for Romanization of Telugu script

g
E Without and with Edit Distance method
Cd
g 2
k]
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5 = Total no.of words m No of correct Transliterated words without Edit Distance

No of correct Transliterated words with Edit Distance ™ No of error Transliterated words without Edit Distance
B No of error Transliterated words with Edit Distance Wiords Accuracy Without Edit Distance
W Words Accuracy With Edit Distance ‘Words Error Rate Without Edit Distance
m Words Error Rate Without Edit Distance

Figure 5.70: Transliteration of Telugu to English Algorithm

Transliterated output(Telugu-English)-word accuracy

250
2 200 M Total Number of words
=
1
.S 150 m No. Of correct words
E transliterated
c- 100 No.of error words from
Q . .
Z transliteration

50

m word accuracy( No.of
correct words/total
no.of words x 100}

expl exp2

exp3

exp4

Figure 5.71: Comparison of Transliteration of Telugu to English without and with edit
distance for experiments using total words transliterated with their word accuracy and
error words list
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5.3 Transliteration tool for transcribing the Telugu script

SENTENCE RECOGNITION PERFORMANCE: SENTENCE RECOSNITION PERFORMANCE:

sentences 123 sentences 293
correct 92.7% ( 114) correct 93.2% ([ 273)
with error(s) 73%( 9) with EI‘I‘CI‘(S,’! ) 6.B% [ 20)
with substitution(z) 6.3%( %) with subkstitution(s3) 8.1% | g)
with insertion(s) 48%( 6) with insertion(s) 0.3% | 1)
with deletion(s)  0.0%( 0) with deletion(s) 0.38 (1)

WORD RECOGNITICNW PERFORMANCE: WORD RECOGNITICN PERFORMAMCE:

Correct =8335%( 113) Correct = 93.5% ( 274)

Substitutionz = 6.3%( 8) Substitutions = 6.1% | g)

Deletions = 00%( O Deletions = 0.3% ( 1)

Inzertions = 37%( T) Inserticons = 0.3% { 1)

Errors =122%( 13 Errors = 6.8% ( 20)

Ref. words = 123 Bef. words = 2493

Hyp. words = 130 Hyp. words = 293

Aligned words = 130 Aligned words = 294

Splits = 0 Splits = i

Split candidates = 3 Split candidates = 0

Merges = 0 Merges = 0

Merge candidates= 0 Merge candidates = 0

1"0RD_—";CCURA_C?'= 9?.496%[ 115/ 123) WORD RCCURACY= 93.515% ( 274/ 283)
ERRORS=12.195%( 15 123) ERRORS= 6.226% ( 20/ 293)

Figure 5.72: Isolated words of 40 sentence of UIS data set and 293 names of Data set in
alphabetical ordered word list as the test data set to test the TASR system the performance
in terms of the Sentence and Word using WA and WER and different kind error words
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Next
Recognized__word
Recall = — 5.12
cca Recognized__word + Deletion_ Error_word ( )
OR
Recall Recognized__word
ecall =
Recognized__word + Deletion_ Error__words + S ubstitution_Error_(worcgs
5.13
By using Precision and Recall, F-measure is calculated as:
Precisi Recall
F —measure = 2 (Precision * Recall) (5.14)

(Precision + Recall)
Using above statistical measure ASR system output are compared in different con-

dition that is used in this experimental work.
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5.4 Concluding remarks on the empirical studies:

Dataset 4: Female speaker data 1-665 Telugu phonetically rich words by Telugu native with
Rayalasema dialect of Telugu

UOH CMU | UOH | CMU | UOH | CMU UOH CMU | UOH | CMU

TP(total no
of words) 84 55 63 58 63 61 61 59 64 61
FN(Del) 1 0 0 0 0 0 1 0 0 0
FP(Ins) 0 0 0 0 0 0 0 0 0 0
TN(sub) 2 10 2 7 2 4 3 6 1 4
Precision 1 1 1 1 1 1 1 1 1
Recall 0.98824 1 1 1 1 1 0.98387 1 1 1
F-Measure | 0.99408 1 1 1 1 1 0.99187 1 1 1

Figure 5.73: Statistical analysis of TASR and ASR system lexical model performance
comparison using Precision, Recall and F-measures of a SD Female speaker Data set 1-100

Datal-665 Female speaker ASR and TASR comparision with
their word recognition and error word types

. Loos
El 1 - ——— T e Tt

g o005 A\ 4

E 0.99 | \¥/

T 0.985 v =4=precision
E E 098 —l—TRecall
g3 0975

- F-measure
5 P WD R IR

E FHFEFESHFTHMES

S

2 Typeof word and their measures

Figure 5.74: Precision, Recall and F-measure based UOH and CMU lexical model of
TASR and ASR comparisons

5.4 Concluding remarks on the empirical studies:

Inference from the empiric data collected is that the newly transformed TASR is that
the same is comparable with the ASR system in terms of performance. The WA and
WER.

Why variation between Hypothesis and reference: Hypothesis is the system gen-
erated text i.e ASR output. The reference is the user transcribed speech corresponding
text information. Comparison of reference text file with system generated text file is
the performance evaluation in terms of measuring parameters for ASR system. Match-
ing reference file text with system generated file text is considered accuracy and not
matched text is considered error. Measure is taken based on human perception hence
word is the default unit taken. Hence the accuracy is a match word which is generally

‘WA’ and not match text in terms of words is considered as Word Error. The rate at
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5. LEXICAL MODELLING OF TASR — EMPIRICAL ANALYSIS

Dataset No.1-665 Speaker: Female Native(Telugu)
IWR
With substitution
1 Sentence Words calculation)
T.wor CM CcM CM | UO
d UOH | U UOH | U UOH | U H CMU
665 | Error 86| 192 28| 192 86| 192 | 28| 192

TP(total no of
words Recognized) 579 | 473| 637 | 473 579 | 473|637 | 473

FN(Del) 2 1 0 1 2 1| o 1
FP(Ins) 7| 24 3| 24 7| 24| 3 24
TN(sub) 84| 189 28| 189 84| 189 | 28| 189

. 0.9
precision 0.99 | 0.95 1/095| 0.86|0.69 5| 0.69

Recall 0.9
eca 1 1 1/1.00| 0.87|0.71 6| 0.71

F-Measure 0.9
0.99]0.97| 1.00]/0.97| 0.87/0.70]| 6] 0.70

Figure 5.75: Statistical analysis of TASR and ASR system lexical model performance
comparison using Precision, Recall and F-measures of a SD Female speaker Data set 1-665

Datal-665 Female speaker ASR and TASR comparision with
their word recognition and error word types
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Figure 5.76: Precision, Recall and F-measure based UOH and CMU lexical model of
TASR and ASR comparisons
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5.4 Concluding remarks on the empirical studies:

which this word mis-match occurred is the Word Error Rate (WER). Occurrence of
word error is due to the three types of errors which are occurred due to the signal level
and language level.

Advantages: ASR system to TASR transformation enables to use the system for any
Indian language. Telugu language covers all the world language pronunciation with
their phonemic transcription due to its one to one mapping of written form to spoken
form. Generating automation tool to the transcription enable to develop text corpus
corresponding to the online audio data. Present developed TASR system can be used
to command control mode very well. Hence developing online form filling with the
present developed system enable the Interactive tool for visually challenged and phys-
ically challenged people to interact with digital media.

Limitations of the studies: The input variation amongst the different age groups,
gender, dialects and accent has impact on the results. Contribution of speakers in all
these ranges of variation is the major limitation. Accordingly, within the reasonable
limitations, the TASR was able to deliver the expected results in terms of ASR. During
the learning process clean speech improves the system performance. Implementation of
speech analysis and its enhancement in the signal processing, need to explore further
improvement of the system. Few contributions in worked on the present in the thesis
list in chapter 6. It also need correct form of transcption to the speech, which gives
good results in performance of ASR system. Initial stage intervention of human and
use of their linguistic knowledge makes the system robust in writing transcription. Au-
tomating procedure requires to sufficient data set that coverers all the phonemic and
morphonemic with hardware support to the working process of ASR and supporting
IDEs to generate the GUI requires lot of human efforts. Integration of legacy Speech
tools with the current hardware and software system requires lot of human effort to
build any applications. Few tasks explored as part of the research. The entire process
of empirical analysis in context of software engineering methodology explained in next
chapter 6. The results for in-house data build for the research application are presented
for the evidence to the hypothesis of the thesis. The generalization of the TASR also
presented with other language speech data. Over all performance of the TASR com-
pared to ASR in terms of WA and WER are around 15% to 20% improvement proves
that TASR system is the better choice for Indic languages.
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Chapter 6

Summarization and Conclusion

This chapter summarizes the empirical works carried out during the research work.
The re-engineering approach followed to design the system based on demand for ap-
plication prototype, with use of existing phonetic engine system, thereby transforming
it into desired language (Telugu) system. Within the limitations of the research, the
dissertation work was carried out, prototype designs were developed and future plans
were suggested. Research work contributed in developing a phonetic engine, applica-
tion of phonetic engine in interactive mode, language specific derivations for phone set,
developing the lexical model, thus leading to development and utilization of Telugu

ASR system.

6.1 Summarization of the Thesis

The research area of building ASR system for new languages, encourages better user
interface, than any other mode of user interaction. The mother tongue based interac-
tion with the system is now new scope of research for many applications in Information
Technology. Every new language opens scope for research in the field of ASR. Lex-
ical modeling, has local linguistic flavor, and requires human expert knowledge for
development of the model. It requires development of the dataset and to implement
ASR system for any application, with use of handcrafted with use of linguistic human
knowledge.

The generic system development for Telugu language is presented along with entire

working procedure of ASR system is explained in chapter 2. The language learning
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6. SUMMARIZATION AND CONCLUSION

application, developed as part of the research, along with Tools and concepts related to
system design and development are given in chapter 3. The thesis also focused on Telugu
language tutor, based on speech technology (ASR and TTS). As the existing ASR
system is Generic User friendly applications, it is intended to develop the Lexical model,
which is core part of the language model, used to develop ASRs. The Pronunciation
Variants, its effect in speech signal and the variants adaptation techniques applied in
ASR system with knowledge driven and Data driven methods are discussed in Chapter
4. The chapters 3 & 4, enable to drive towards building the speech corpus to justify the
proposed ideas are practicable and improved the existing system. The results based on

the empirical research are presented in the chapter 5.

6.2 Innovation (Novelty) in proposed system

The topic of research work, is more than 5 decades old, with researchers trying to de-
velop the ASR system, to imitate the human speech recognition system, yet it is still
at nascent stage, as regards the Indian language ASR system. As human languages
in the world differ based on the region, socioeconomic culture, physiological structure
and geographical effect on the human articulatory system, etc., these factors influence
the sub-optimal performance of ASR system. In this work, building of ASR system is
attempted, for one of southern India language, i.e Telugu (a Dravidian language). Fur-
ther, its pronunciations and their variant factors, that are influencing the ASR system
with negligible availability of bench mark dataset [SRE04][HUA14], has complicated
the development of such systems. Hence more linguistic aspect, as well as speaker
influence factors is considered to build by use of the existing system and adaptation
techniques are considered for more functional design of the system [NAG12c]. Research
application is to builds a system. This system teaches the language through system
rather than simple human conventional method [NAGO5]. The research out come of
developing the tool to teach the Telugu language for traditional leaner’s as well as
those interested in learning the language. This research also helps to build speech in-
teraction system for various applications [SRI04][VIV06][NAGO9][NAG10b][NAG10c]
and[NAG16]. Phonological ground work is taken to develop the phone set for the ex-
isting system for bringing the natural simple solutions for WER reduction and also

for simple mapping techniques to design the interfacing modules for speech interactive
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6.3 Design methodology

system. This work also attempted to bring the common training data set in Telugu

language for novel users of ASR, system.

6.3 Design methodology

The development of tool requires a systematic approach. There are many software en-
gineering methods in design. The contribution of my thesis in the field of Speech Tech-
nology and Language Technology linking with the programming method is explained
using Horshoe model based reengineering concept for system design. The following
paragraph explain in detail the process of developing Telugu Language ASR system
by designing Indian script (Telugu) based phonetic representation in Lexical model
[NAG10].

6.3.1 The Horseshoe Model concepts:

Adapting the Horseshoe model software engineering concept to design proposed lan-
guage i.e., Telugu language ASR system, requires transformation of algorithms, archi-
tecture and tools designed for basic structure and functionality in respect of existing
generic state of art ASR system. Due to research in last 5 decades, ASR system is de-
veloped in these areas, however, it is lacking mostly in basic linguistic knowledge base,
which in turn depends on social concern domains. To develop any new language ASR,
the research in most native languages is still in infant stage process in the linguistic
and base data set design, as it demands more human intervention rather than system
utility. Other technical concept and system based design can be used by the concept
of reusability and reengineering by choosing existing developed algorithms, scripts and
tools to construct language dependent ASR system. The language dependency factors
are considered in research problem as worldly human languages are categorized based
on their properties, which are explored in chapter 4. The languages spoken by hu-
man are classified based on the rhythm which is depending on many factors [ABEG67].
This is main motto for choosing the pronunciation variation adaptation in ASR sys-
tem. The pronunciation of language is dependent on speaker’s related factors and also
geographical influence and human culture and heritages. Hence, to work in the area
of pronunciation variation adaptation concepts, one should have knowledge on social

sciences, physiology, psychology and cognitive science to some extent to understand
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the reasons for pronunciation variations occurring during speech production process.
These factors influence the making of the system, and its adaptation i.e., the existing
system being restructured for developing new system. Hence, in this work the software
Engineering concept of Horseshoe model is followed to design Telugu language ASR
system. In this, Telugu ASR system instead of utilizing English based phones, Telugu
language Phones, which are mapped to represent Telugu phonemes are used. As the
task is pronunciation variation adaptation, hence lexical model was chosen. The lex-
ical model of ASR system defines the pronunciation of uttered speech sequence. The
module contains the uttered word list and their pronunciation process through phones.
In this work phones are representing the alphabets of system i.e ASCII keys.

Novelty in this work is unique mapping of phonemes to phone hence less confus-
ability and easy adaptation of any language source that can be represented by the
Telugu phonemes. Important point here is almost all worldly languages sounds can be
represented by Telugu phonemes so the transliteration process is easy and translation
through machine learning concept also made easy. Hence the developed system can be
adapted to any language with less tools and system confusability.

The building of TASR system, requires systematic adaptation of the existing ASR
system. This requires the layered fashion transformation in three phases of horse shoe
model [MULOO] as given in Figure 6.1 viz., (i) Reconstruction phase involves developing
ASR system for target (Telugu) language using existing artifacts (ii) Transformation
improvement of logical descriptions and (iii) Refining these artifacts, from architecture
level to code level. TASR system thus developed can be replicated for other languages.
The phases are illustrated in conceptual "horseshoe” model of software re-engineering

and evolution [BER99].

6.4 Contribution of research carried out in this thesis

The contributions that are carried out during this process of dissertation has direct
relevance to the work, some are the supporting studies and few are the applications to
the current work. The beginning contributions are to build, specifically using Telugu
Speech Database to built the system and also understand the functionality of ASR sys-

tem. Few conference and Journal papers focus only on actual implementation process
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6.4 Contribution of research carried out in this thesis

HORSESHOE MODEL OF TELUGU AUTOMATIC SPEECH RECOGNITION SYSTEM DESIGN
|

| Transformation
ASR TO TASR
a:cnai: English Phoneme Desired Telugu

Generalized = hasec chEduPhoneme Based
ASR system with aXisting Telugu language based ASR
enline tools with/poor system for adaptable lexicon
performance for npw Architecture Archilacture with better performance for
languages representation representation any language

Automated tool
designed to map

Manual task to
write phonema Function-level

| Funcion-evel

Refinement

to phone representation representation Telugu phoneme
mapping using to Phone using
CMU tool el Shuctig Code structure UOH phone set
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Figure 6.1: The horseshoe model for design of Telugu Language Automatic Speech Recog-
nition System.[MULOO]

and the empirical data analysis based papers briefly explained in chapter 1 Table.no.1.1.

The following research contributions of me are related to the thesis work:

i)

ii)

iii)

iv)

M. Nagamani, P. N. Girija., “Investigations of Features for Audio Information

Retrieval”, Journal of Acoustic Society of India, Vol.32 No. 1-2, 2004. [NAGO04]

G. Sreenu, P.N. Girija, M. Nagamani, M. Narendra Prasad, “ Telugu Speech In-
terface Machine for University Information System”, Proc. Of IEEE Advanced
Computing and Communications (ADCOM), Ahmadabad, December 2004. (sco-
pus i.e IEEE explorer) [SRE04]

P.N. Girija, G. Sreeenu, M. Nagamani, M. Narendra Prasad, “ Human Machine
Speech Interface Using Telugu Language — HUMSINTEL”, Proc. Of IEEE Inter-

national Conference on Human Machine Interfaces, Bangalore, Dec 2004. [GIR04]

G. Sreenu, P. N. Girija, M. Nagamani and M. Narendra Prasad., * A Human
Speech Interactive system Telugu Language” Proc. of IEEE INDICON — 2004,
20-23 December 2004. [SRE04]

M. Nagamani, P.N. Girija, “Intelligent Tutor for Telugu Language Learning —

INTTELL”., Proc. Of International Conference on Image, Signal and Information
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vi)

vii)

viii)

ix)

xi)

xii)

xiii)

Processing(ICISIP2005), January 4-7, 2005. (Scopus i.e. IEEE explorer) [NAGO5]

Vivek, Hitesh, M. Nagamani, “ Voice Driven Operating System” National Confer-
ence in Artificial Intelligence” held on 1st September 2006 at GRIET, Hyderabad.
[VIV06]

M. Nagamani and P.N. Girija.( Pronunciation Variation Modeling for Speech
Recognition System Accuracy” by at 1st National conference of Telugu Linguists’

Forum(TeLF), 6-7th Nov 2007 at University of Hyderabad. [NAGO7]

Anil Kumar, M. Nagaman, B.S.R. Krishna “Railway Reservation form filling throw
speech interactive system” University of Hyderbad ,December 2009. [ANI09]

R.P. Lal, P.S.V.S. Saiprasad, M. Nagamani “Improved Algorithm for End point
Detection and Silence removal for Speech processing” Proc. of RAFIT2009 during
April 9-10th 2009 at Punjab University Patiala. [LALO9]

M. Nagamani, P. N. Girija and B.S.R.Krishna “Pronunciation Dictionary Compar-
ison for Telugu Language Automatic Speech Recognition system” pp. 60-69, Vol.
2, No. 1, Jan-July 2010, Proc. of “Journal of Data Engineering and Computer
Science” GRIET, Hyderabad. [NAG10A]

M. Nagamani, B.S.R.Krishna and Sridhar Reddy. A “Neural Networks based Vi-
sual Speech Recognition through Lip Reading” Proceeding of National Symposium
on Acoustics NSA 2010 from 11th - 13th November 2010, at Rishikesh. [NAG10B]|

M. Nagamani and B.S.R.Krishna “Intelligent tutoring system for Telugu Language
Learning” International conference on “BIOMEDICAL ENGINEERING AND AS-
SISTIVE TECHNOLOGIES (BEATS — 2010)” during 17th - 19th December 2010
at NIT — Jalandhar. [NAG10C]

M. Nagamani, S. Manoj, B.S.R. Krishna, “Implementing Phoneme Based Segmen-
tation Algorithms to ASR system” International Conference on Advanced Com-
puting methodologies(ICACM-2011), ISBN:978-93-81269-40-4, Reed Elsevier India
private Ltd, December 2011,Hyderabad. [NAG11]
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xiv)

XV)

xvi)

xvii)

xviii)

xix)

XX)

xxi)

M. Nagamani, P.N. Girija, ” Substitution error analysis for improving the word Ac-
curacy in Telugu Language Automatic Speech Recognition system” IOSR Journal
of Computer Engineering (IOSRJCE) ISSN: 2278-0661 Volume 3, Issue 4 (July-
Aug. 2012), PP 07-10 www.iosrjournals.org. [NAG12A]

M. Nagamani, P. N. Girija, ¢ Lexicon design for Telugu Language Automatic
Speech Recognition System”, 2nd International Telugu Conference (ITC 2012),
2-4th November 2012, Vizag.(Presented Paper in Telugu langauge). [NAG12B]

M. Nagamani, T. VenuGopal, S. Uday Bhaskar, K. Rajeev, “ Image to Speech
Conversion System” 2nd International Conference on Biomedical Engineering &
Assistive Technologies(BEATS 2012), ISBN-13:978-81-925454-1-7, 6-7th December
2012 at NIT, Jalandar(Punjab). [NAG12C]

M. Nagamani, P.N. Girija., “Pronunciation Variants and Substitutional error anal-
ysis for improving Telugu Language Lixical performance in ASR system Accu-
racy”, Internation ournal of Scientific Engineering Research(IJSER), ISSN 2229-
5518, pp 1128-1133, Volume 4, Issue7, July 2013. [NAG13]

M. Nagamani, S. Manoj Kumar, S. Uday Basker, “Image to Speech Conversion Sys-
tem for Telugu Language”, International Journal of Engineering and Science and
Innovative Technology (IJESIT), ISSN:2319-5967, ISO9001:2008 Certified, pp.161-
166, Volume2, Issue6,November 2013. [NAG13]

Sai Bala Kishore N, VenkatRao M, Nagamani M.,” Environmental noise analysis
for robust automatics speech recognition”, article in Lecture Notes in Electrical En-
gineering 315:801:811,22015. : 10.1007/978-3-319-07674-4_75Chapter Advanced
Computer and Communication Engineering Technology Volume 315 of the series.

Lecture Notes in Electrical Engineering , 02 November 2014. [SAI14]

P. Navneeth Kumar, M. Nagamani, M.S. Chakravarthy, J.M. Harish Kumar.,
“Phoneme Prediction in ASR system using Decision Trees” Proc. Of National

Conference on Advanced Computing and Pattern Recognition, 8-9th January2014.
[NAV14]

Sai Bala Kishore N, VenkatRao M, Nagamani M.,” Environmental noise analy-

sis for robust automatics speech recognition, Chapter Advanced Computer and
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Communication Engineering Technology Volume 315 of the series Lecture Notes

in Electrical Engineering , 02 November 2014. [SAI14]

xxii) M. Nagamani, T.V. VenuGopal, S. Manoj Kumar and Uday Bhasakar S., “Image to
speech conversion system for Telugu Pronunciation” ISBN.9789383038176. Proc.
Of National Conference on Advanced Computing and pattern Recognition, 2014.
[NAG14]

xxiii) Nagamani M , Shaik Fathima “ Voice controlled Music Player Using Speech Recog-
nition System” IJEEE, Issue2, Feb-Mar2016. [NAG16]

xxiv) M. Nagamani and syed Hameed et al., “Exploring the Speech Prosody Manipu-
lation for Dual-Language TTS System” IOSR Journal of Computer Engineering
(IOSR-JCE) e-ISSN: 2278-0661,p-ISSN: 2278-8727, Volume 20, Issue 4, Ver. III
(Jul - Aug 2018), PP 20-22 www.iosrjournals.org DOI: 10.9790/0661-2004032022.
[NAG18]

6.5 Conclusion

The TASR system developed endogenously for Telugu language speech recognition.
TASR system uses Telugu speech corpus and then drive the system towards accepting
the Telugu accent phonetic symbol and finally defining Indian accent Telugu phoneme
specific system. TASR system is compared with the existing ASR system and both
system generated hypothesis text compared in terms of Word Accuracy and Word
Error Rate for system performance testing in this thesis work. The conclusions on the
research work is follows:

The ASR system, run on Sphinx III single machine TUTORIAL tool, was used for
the purpose of developing a speech interactive system in Education domain applica-
tions (INTTELL). In this tool both training and testing included in single module and
associative modules are developed during the work and hence its implementation for

any new applications or languages is simple.

1. Speech corpus is collected for experiments taking as language learning context
from basic knowledge, hence considered primary school curriculum for develop-

ing corpus and also to build the system. Most of online-Telugu tutors on web are
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considered for collection of text information, also considered Peddabala shiksha,
current daily Telugu news papers and common words used in our daily conversa-
tion are part of corpus. This collected information is used to develop speech tool
acceptable form using another supportive tool like Telugu Lipi and Dictionary,
transcription files which are build for both CMU phonelist and SLM tool kit used
to prepare the input files for ASR system.

2. Transcription tool for Telugu text data is built: UOH defined phones are mapped
to the Telugu script by developing phonetic writing tool. Here Telugu phonemes
all represented in UOH notation phones using Unicode mapping script, which is
the part of research work, developed by me. The UOH phonelist based input files
are created manually and partially used the knowledge base of existing generic

tool.

3. Test results presented for the system with gender, accent and age variant factors
for proposed system. Results presented in comparison with existing system and

also with linguistic based proposed system.

4. The contributions in developing a phonetic engine, application of phonetic engine
in interactive mode, language specific derivations for phoneset, developing the

lexical model, thus leading to development and utilization of Telugu ASR system.

6.6 Future Scope

Though the scope of the research is vast in Omni directional as speech technology is
growing and is needed in current technology and cyber physical environment. As thesis

concern few important point mainly focusing on future task explained as follows :

1. Increase the list of words: As existing data covering the syllables of all phonemes
and have to include all morphemes of Telugu and all types of syllables that are
covering the most the usage words in Telugu conversation. Also want to include
the subject wise Telugu words to see all types of pronunciation variations. We
have an idea on to implement the system for polyglotal words from different

influenced languages on Telugu wants to collect and work on it.
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2. Work with sentences and paragraph for proposed system: As present system only
covering the Isolated words and very simple few sentences, hence we need to
take sentences and paragraphs with read and spontaneous speech data to see the
more pronunciation errors and want to see existing methods work for the speech

interactive system

3. Design interface for front end for proposed system: The complete modules defined
for implanting INTelligent TELugu Learning [INTTELL] are developed. The
flash animated scripts for Telugu script writing and complete Lexicon for covering
entire Telugu words in Education domain application are used to build database.
Different levels of WebPages to learn modular wise language is defined and web

application is developed

4. Complete architecture of proposed system INTTELL design and develop from

prototype to field acceptable model to bring it in real environment usage.

5. Make the TASR in real environment use by adapting more variant factors for
pronunciation like dialect, environment etc. or considered for collecting different
mode of speech corpus. All these data modified and archived for future experi-

ments as open source data sets release to the generic use of research.

Kookoskoskokokosk sk ok kokosk ok
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Appendix A

Appendix

Tools installation process

ASR system: Sphinx III Running Tutorial

The procedure, how to run SphinxIII as shown below.

/**x* Procedure Starts****/

1. First go to the Path, where the SphinxIII TUTORIAL is load by
using the Command prompt.

[root@localhost ~]1# cd /home/.../TUTORIAL/

2. Then we create new experiment name as "example" by using the

below Command prompt.

[root@localhost TUTORIAL]# ./create_newexpt.csh example
3. Created one folder name 'example' in TUTORIAL folder. enter
example folder.

4. enter example folder by Command prompt.

[root@localhost TUTORIAL]# cd example
in that folder we get six folders. we delete the three link folders,
those are feature_files,
s3trainer and util.
4. create three folders and assign names as feature_files, wav and
raw respectively.
5. Copy s3trainer, util, 1m3g2dmp, wavtoraw.csh, dictophones.c folders
from r TUTORIAL
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and paste in 'example' folder.
6. Put all wav files in wav folder(Note
: those wav files must be saved with extension of .wav)
ex: 1l.wav, 2.wav, 3.wav, .....
7. In example folder «create example file/***x Procedure Startsx*x*/
In that file write text form of wav file
(ex: A AA I
Note: must care about spaces don't give Space. And at one line omnly
one sentence
with corresponding to wav file.
8. In example folder «create example.trans file
In that file write textform of wav file with .wav file.
(ex: <s> A </s> (1.wav)
<s> AA </s> (2.wav)
<s> I </s> (3.wav) )
Note: must care about spaces. Between <s> and A one Space, A </s>
onespace, and </s> and (l.wav) two spaces. And at one line only
one sentence with corresponding to wav file.
9. Open wavtoraw.csh file and change the wavdir and rawdir path
ex: like as set wavdir = /home/. . . /TUTORIAL/example/wav
set rawdir = /home/. . . /TUTORIAL/example/raw
10. Then run wavtoraw.csh file by using the Command prompt.
[root@localhost examplel# ./wavtoraw.csh
11. Then observed r raw folder. Definately got .raw files in r
raw folder.
12. create one raw.ctl (control file) by using the below command.
[root@localhost examplel# ls /home/eslab/TUTORIAL/example/raw/*.raw
> raw.ctl
13. give r example.sent file to CMU file by using 1link
42http://www.speech.cs.cmu.edu/tool
s/1lmtool.html
get one .tar file. extract that file and we copy only '.dic'
and '.1m' files and paste in r 'example' fpolder.
And give name as example.dic and example.lm respectively.
14. open dictophones.c file in example folder. and Change the path of

*xargv[] as
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xargv[] = { "","/home/eslab/TUTORIAL/example/example.dic", "" };
15. compile dictophones.c by using the command prompt.
[root@localhost examplel# cc dictophns.c
16. and getting output by using command prompt.
[root@localhost examplel# ./a.out
17. Copy that output from command prompt and save as example.phonelist
in r example folder.
18. sort out that exaple.phonelist file using below command.
[root@localhost examplel# sort u example.phonelist
After sorting add SIL at end of example.phonelist file.

19. Then enter in cscripts by using the command
[root@localhost example]# cd c_scripts/
a) open compute_mfcc.csh file and change outdirctory as

set outdir = /home/eslab/TUTORIAL/example/feature_files/$x
b) open variables.def file and change

set base_dir = /home/eslab/TUTORIAL/example.
20. run the compuet_mfc.csh using the command as
root@localhost c_scripts]# ./compute_mfcc.csh /home/eslab/TUTORIAL
/example/raw.ctl
21. Then we convert mfc.ctl(control) file by usin
g command as
[root@localhost c_scripts]# cd ..
[root@localhost c_scripts]# 1s /home/eslab/TUTORIAL/example/
feature_files/raw/*.mfc > mfc.ctl
22. Then open mfc.ctl file and delete path and extension of .mfc
for all files before deleting it as /home/.../TUTORIAL/raw/1.mfc
after deleting it as raw/1
/**x*x Training part Starts s*xx*/
23. After that once again open the variables.def file in cscripts
change path as
# Input to the trainer.
set listoffiles $base_dir/mfc.ctl

set transcriptfile = $base_dir/example.trans

$base_dir/example.dic

$base_dir/lists/filler.dict/** Procedure Starts*x*/

set dictionary

set fillerdict

set phonefile $base_dir/example.phonelist
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24. After that enter Ol.cichmm folder in c_scripts folder and put
# symbol before unlimit, for all files in the folders 0O1l.cichmm,
02.cichmm, 03.cichmm, 04.cichmm and 05.cichmm.

26. Then enter c_scripts by using command as
[root@localhost c_scripts]# cd c_scripts/

for training the data we do as two types. First one as
4327. runall .csh files by using below command.
[root@localhost c_scripts]# .runall.csh

and the second one as

[root@localhost c_scripts]# cd 01.cichmm

[root@localhost Ol.cichmm]# ./slave_convg.csh

if ask y/ n enter y

[root@localhost c_scripts]#cd ../ cd 02.cichmm
[root@localhost 02.cichmm]# ./slave_convg.csh

if ask y/ n enter y

[root@localhost c_scriptsl#cd ../ cd 03.cichmm
[root@localhost 03.cichmm]# ./slave_treebuilder.csh

if ask y/ n enter y

[root@localhost c_scripts]#cd ../ cd 04.cichmm
[root@localhost 04.cichmm]# ./slave_tiestate.csh

if ask y/ n enter y

[root@localhost c_scripts]# cd ../cd 05.cichmm
[root@localhost 05.cichmm]# ./slave_convg.csh

if ask y/ n y

[root@localhost 05.cichmm]# cd ..

/***xx Two ways are completed and complete the training
the data is completed **xx*/

[root@localhost c_scripts]# cd ..

28. At present are in exmaple in command prompt.

i.e. [root@localhost examplel#

29. convert the .dmp(lagugemodel dump) by using
[root@localhost examplel# ./1m3g2dmp /home/eslab/TUTORIAL/
example/example.lm

/***x Decoder part Starts ***x/

30. once again enter variables.def file in c_scripts folder

and change as
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# Input to the decoder
$base_dir/mfc.ctl

set ctlfn

set testref $base_dir/example.sent

$base_dir/feature_files
$base_dir/example.lm.DMP
$base_dir/example.dic
$base_dir/lists/filler.dict

31. enter decoding in command prompt using command as

set cepdir
set 1lmfile
set dictfn

set fdictfn

[root@localhost example]# cd decoding/

[root@localhost decodingl# ./compute_acc.ci.csh

32. run gaumodels file using below command
[root@localhost decodingl# ./launch_decode.ci.lgaumodels
33. compute accuracy using below command

[root@localhost decodingl# ./compute_acc.ci.csh

Then finally get the word accuracy./#*** Decoder part Ends x**x/

/**x*x Procedure Ends**x*/
User Manual for festival speech synthesis system:

Installation procedure for Festival speech synthesis system
Required Software:

1. Festival-te -0.33

2. Festival 1.96

3. Speech Tools 1.2.96

4. FestVox 2.1

Installation Procedure:
1.First down load all above tools. The link to download above tools
are http://www.cstr.ed.ac.uk/projects/festival/
http://sourceforge.net/projects/festival-te/files/
2. after that check compiler version .they should be

C++ compiler
Note that C++ is not very portable even between different versions
of the compiler from the same vendor. Although we've tried very hard

to make the system portable, we know it is very unlikely to compile
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without change except with compilers that have already been tested.

The currently tested systems are
1. Sun Sparc Solaris 2.5, 2.5.1, 2.6, 2.7, 2.9: GCC 2.95.1, GCC 3.2
2. FreeBSD for Intel 3.x and 4.x GCC 2.95.1, GCC 3.0
3. Linux for Intel (RedHat 4.1/5.0/5.1/5.2/6.0/7.x/8.0):
GCC 2.7.2, GCC 2.7.2/egcs-1.0.2, eges 1.1.1, eges-1.1.2, GCC 2.95.[123],
GCC "2.96", GCC 3.0, GCC 3.0.1 GCC 3.2 GCC 3.2.1
4. Windows NT 4.0: GCC 2.7.2 plus egcs (from Cygnus GNU win32 b19),
Visual C++ PRO v5.0, Visual C++ v6.0

3.Next create a folder and wuntar all the above files in that folder by

using tar -xvif festival-te-0.3.3.tar.gz.

4. open terminal and enter into that folder by using ‘cd’ command.

5.cd speech tools

./speech tools

Make

6.cd festival

./festival

Make

7.cd festvox

./festvox

Make

8.cd festival-te-0.3.3

./install.sh

With this installation process ends. And to check the tool type

festival in terminal

9. type festival

Festival> (voice_telugu_NSK_diphone)

This is the default telugu voice which already build in the tool.

telugu_NSK_diphone

festival>(tts "festival-te-0.3.3/examples/rams.txt" nil)

nil

Procedure to build new voice:

[root@localhost ~]# export FESTVOXDIR=/root/.../festvox

[root@localhost ~]# export ESTDIR=/root/...../speech_tools

//**x [root@localhost uniphonel# $FESTVOXDIR/src/unitsel/setup_clunits
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hcu tlg my uniphone

————— Now replace FESTVOX and ETC in uniphone directory---

————— Create txt.done.data in etc folder ---

Txt.done.data contais the data for which you want to build the system.

xxx//

[root@localhost uniphone]#festival -b festvox/build_clunits.scm '
(build_prompts "etc/txt.done.data")'
[root@localhost wav]#arecord -d 10 -f cd -t wav uniph_0001.wav

[root@localhost wav]#aplay uniph_0001.wav

[root@localhost uniphonel]#bin/make_labs prompt-wav/*.wav

[root@localhost uniphone]#festival -b festvox/build_clunits.scm

'(build_utts "etc/uniphone.data")'

[root@localhost uniphone]#bin/make_pm_wave wav/*.wav

[root@localhost uniphone]#bin/make_pm_fix pm/*.pm

[root@localhost uniphonel#bin/simple_powernormalize wav/*.wav

[root@localhost uniphone]#bin/make_mcep wav/*.wav
[root@localhost uniphone]#festival -b festvox/build_clunits.scm
'(build_clunits "etc/uniphone.data")'

[root@localhost uniphone]#festival festvox/hcu_tlg _my_clunits.scm
'(voice_hcu_tlg my_clunits)'

festival> (SayText "BArawa");

#<Utterance 0xb7199f78>

festival> (SayText "simeVnt");

#<Utterance 0xb71claf8>

festival> (SayText "parinAmAlu");

#<Utterance 0xb71d3c28>

festival> (SayText "kAvu");

#<Utterance Oxb7lecba8>
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SPHINX-III

Installation and Working Procedure

untar the file tutorial_single_machine.tar.gz

then we have the folder TUTORIAL/SPHINX

now we copy create_newexpr.csh file from TUTORIAL/SPHINX/
create_newexpr.csh to TUTORIAL folder.

Next change the path in create_newexpr.csh to remove the

link and make into local host

rsync -aC /afs/cs.cmu.edu/user/robust/project/TUTORIAL/
SPHINX3/c_scripts $newexptname/

rsync -aC /afs/cs.cmu.edu/user/robust/project/TUTORIAL/
SPHINX3/decoding $newexptname/

rsync -aC /afs/cs.cmu.edu/user/robust/project/TUTORIAL/
SPHINX3/lists $newexptname/

rsync -aC /root/Desktop/Mani/TUTORIAL/SPHINX3/c_scripts
$newexptname/

rsync -aC /root/Desktop/Mani/TUTORIAL/SPHINX3/decoding
$newexptname/

rsync -aC /root/Desktop/Mani/TUTORIAL/SPHINX3/lists

$newexptname/

1n -s /net/$x/$cwd/SPHINX3/s3trainer $newexptname/s3trainer
1n -s /net/$x/$cwd/SPHINX3/util $newexptname/util

1n -s /root/Desktop/Mani/TUTORIAL/SPHINX3/s3trainer
$newexptname/s3trainer

1n -s /root/Desktop/Mani/TUTORIAL/SPHINX3/util $newexptname/util

# cepstra

1n -s /net/$x/$cwd/SPHINX3/feature_files ${newexptname}/feature_files

# cepstra

200



1n -s /root/Desktop/Mani/TUTORIAL/SPHINX3/feature_files

${newexptname}/feature_files

Then run the create_newexp.csh file

HEHHHHAFHHBHFHHAFH BB RHH RS H R AR BB F RSB H AR  R R S

./create_newexp.csh

[root@localhost TUTORIAL]# ./create_newexpt.csh mani

hostname: Unknown host

A new directory called ./mani has been created with all the

files needed for a new experiment. Run the new experiment in that directory.
[root@localhost TUTORIAL]#
S s

#then we can find a folder in /root/Desktop/Mani/TUTORIAL/mani in

this folder we can see

#c_scripts, decoding, feature_files, lists, s3trainer, util,

#here we can delete the folders s3trainer, util and feature_files

#then copy s3trainer and util folders from SPHINX and past in mani folder

#then create 3 folders named as feature_files, wav and raw

#record the wav files usong arecord command

#Audio file recording with the prescribed format

arecord -f S16_LE -d 3 -r 16000 /root/Desktop/Mani/TUTORIAL/mani/

wav/001.wav

#then we have 2 copy some files like wav2raw.csh, dictophns.c, 1m3g2dmp
These three script are written for the purpose functioning of

the tool with the required data preparation for the experiments.

#open wav2raw.csh file and chang the path then run
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[root@localhost manil# ./wav2raw.csh

file 1, /root/Desktop/Mani/TUTORIAL/mani/wav/001.wav
file 2, /root/Desktop/Mani/TUTORIAL/mani/wav/002.wav
file 3, /root/Desktop/Mani/TUTORIAL/mani/wav/003.wav

#create a raw ctl file

[root@localhost manil# 1ls /root/Desktop/Mani/TUTORIAL/mani/raw/*.raw >

raw.ctl

#then enter into c_scripts and open compute_mfcc.csh files and change

the path

c_scripts.csh

set outdir = /root/Desktop/Mani/TUTORIAL/mani/feature_files/$x

# then run compute_mfcc.csh file

[root@localhost c_scripts]# ./compute_mfcc.csh /root/Desktop/Mani/
TUTORIAL/mani/raw.ctl

/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

file = /root/Desktop/Mani/TUTORIAL/mani/raw/001.raw

outdir = /root/Desktop/Mani/TUTORIAL/mani/feature_files/raw
file 1 ,/root/Desktop/Mani/TUTORIAL/mani/raw/001.raw

file = /root/Desktop/Mani/TUTORIAL/mani/raw/002.raw

outdir = /root/Desktop/Mani/TUTORIAL/mani/feature_files/raw
file 2 ,/root/Desktop/Mani/TUTORIAL/mani/raw/002.raw

file = /root/Desktop/Mani/TUTORIAL/mani/raw/003.raw

outdir = /root/Desktop/Mani/TUTORIAL/mani/feature_files/raw
file 3 ,/root/Desktop/Mani/TUTORIAL/mani/raw/003.raw

then goto mani folder

[root@localhost c_scripts]# cd ..

[root@localhost manil#
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create the mfc ctl file

AR
[root@localhost manil# 1ls /root/Desktop/Mani/TUTORIAL/mani/
feature_files/raw/*.mfc > mfc.ctl

[root@localhost manil#

open mfc.ctl file and replace like

/root/Desktop/Mani/TUTORIAL/mani/feature_files/raw/001.mfc
/root/Desktop/Mani/TUTORIAL/mani/feature_files/raw/002.mfc
/root/Desktop/Mani/TUTORIAL/mani/feature_files/raw/003.mfc

raw/001

raw/002

raw/003
S S S
and also create myth.send, myth.trans, myth.dic file

and we need myth.lm file we take this file from cmu
http://wuw.speech.cs.cmu.edu/tools/lmtool.html

here we will give the myth.sent file as input then it will give us

5 files out put but we need 1 file ".1lm" file we will copy that file only

now we
Goto c_scripts and open variable.def file

change the paths
variable.def
# set base_dir = ... (at line no 17&18)

set base_dir = /root/Desktop/Mani/TUTORIAL/mani

# Input to the trainer. (at line no 35 - 40)
set listoffiles = $base_dir/mfc.ctl
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set transcriptfile = $base_dir/myth.trans
$base_dir/myth.dic
$base dir/lists/filler.dict

$base_dir/myth.phonelist

set dictionary

set fillerdict

set phonefile

# Input to the decoder (at line no 63 - 71)
#set ctlfn = $base_dir/decoding/rmtest.ctl

#set testref = $base_dir/decoding/RM.test.sents

set ctlfn = $base_dir/mfc.ctl

set testref $base_dir/myth.sent

$base_dir/feature_files
$base_dir/myth.1lm.DMP
$base_dir/myth.dic
$base_dir/lists/filler.dict

set cepdir
set Imfile
set dictfn
set fdictfn

and open these files

/root/Desktop/Mani/TUTORIAL/mani/c_scripts/01.ci-chmm
/root/Desktop/Mani/TUTORIAL/mani/c_scripts/02.cd_untied
/root/Desktop/Mani/TUTORIAL/mani/c_scripts/03.buildtrees
/root/Desktop/Mani/TUTORIAL/mani/c_scripts/04.tiestate
/root/Desktop/Mani/TUTORIAL/mani/c_scripts/05.cd-chmm

and goto each folder and open all files and place # infront of

unlimit

#unlimit

and then runall or goto Ol.ci-chmm file run the
elelelefelelclclelelelcelclddedelcdeelddedeedddddelddedelcdedeeldddeelcdedecddddelddeddelcdddddeeeceledeced
[root@localhost manil# cd c_scripts/

[root@localhost c_scripts]l# cd 01.ci-chmm/

[root@localhost Ol.ci-chmm]# ./slave_convg.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani
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USAGE: ./slave_convg.csh <iteration number (def 1)>
Setting iter value to 1

Continue? (y/n) y

Cleaning up accumulator directories...

Cleaning up log directories...

Cleaning up gmanager directories...

/bin/rm: No match.

/bin/rm: No match.

Cleaning up model directories..

[root@localhost Ol.ci-chmm]# cd ../02.cd_untied/
[root@localhost 02.cd_untied]# ./slave_convg.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani
USAGE: ./slave_convg.csh <iteration number (def 1)>
Setting iter value to 1

Continue? (y/n) y

Cleaning up accumulator directories...

Cleaning up log directories...

Cleaning up gmanager directories...

[root@localhost 02.cd_untied]# cd ../03.buildtrees/
[root@localhost 03.buildtrees]# ./slave.treebuilder.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

Phone = AI, State = 0 - completed
Phone = AI, State = 1 - completed
Phone = AI, State = 2 - completed
Phone = AX, State = 0 - completed
Phone = AX, State = 1 - completed
Phone = AX, State = 2 - completed

Phone = D, State = 0 - completed
Phone = D, State
Phone = D, State
Phone = IX, State
Phone = IX, State
Phone = IX, State = 2 - completed
Phone = K, State = 0 - completed

1 - completed

2 - completed

0 - completed

1 - completed
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Phone = K, State = 1 - completed
Phone = K, State = 2 - completed
Phone = N, State = 0 - completed
Phone = N, State = 1 - completed
Phone = N, State = 2 - completed
Phone = 0, State = 0 - completed
Phone = 0, State = 1 - completed
Phone = 0, State = 2 - completed
Phone = R, State = 0 - completed
Phone = R, State = 1 - completed
Phone = R, State = 2 - completed
Phone = S, State = 0 - completed
Phone = S, State = 1 - completed
Phone = S, State = 2 - completed
Phone = T, State = 0 - completed
Phone = T, State = 1 - completed
Phone = T, State = 2 - completed

Phone = UH, State = 0 - completed
Phone = UH, State
Phone = UH, State = 2 - completed

Phone = SIL, State = 0 - completed

Phone = SIL, State = 1 - completed

SIL, State = 2 - completed

[root@localhost 03.buildtrees]# cd ../04.tiestate/

[root@localhost O4.tiestate]l# ./slave_tiestate.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

/bin/rm: No match.

/bin/rm: No match.

[root@localhost O4.tiestatel# cd ../05.cd-chmm/

[root@localhost 05.cd-chmm]# ./slave_convg.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

USAGE: ./slave_convg.csh <ngau (def 1)> <iteration number (def 1)>

1 - completed

Phone

Setting ngau to 1, iteration no. to 1

Continue? (y/n) : y
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Assuming initial models are 1 gaussian per state

Setting iter value to 1

Cleaning up accumulator directories...

Cleaning up log directories...

Cleaning up gmanager directories...
deleelelelclelelelelelelclcddcdcdcdcdcleleleddddddddeeeeleeeeedededdeddedededededelelelddddddddddeeeeeeeeee

we return back to mani folder and run the 1m3g2dmp file

[root@localhost manil# ./1m3g2dmp /root/Desktop/Mani/TUTORIAL/mani/mani.lm
/root/Desktop/Mani/TUTORIAL/mani/

INFO: 1m3g2dmp.c(708): Reading LM file /root/Desktop/Mani/TUTORIAL/mani/mani.lm
(name "")

INFO: 1m3g2dmp.c(730): ngrams 1=5, 2=10, 3=9

INFO: 1m3g2dmp.c(428): Reading unigrams

INFO: 1m3g2dmp.c(754): 5 = #unigrams created
INFO: 1m3g2dmp.c(473): Reading bigrams
INFO: 1m3g2dmp.c(766): 10 = #bigrams created

INFO: 1m3g2dmp.c(767): 3
INFO: 1m3g2dmp.c(774):

INFO: 1m3g2dmp.c(554): Reading trigrams
INFO: 1m3g2dmp.c(783): 9
INFO: 1m3g2dmp.c(784):

INFO: 1m3g2dmp.c(910): Dumping LM to /root/Desktop/Mani/TUTORIAL/mani/
/mani.lm.DMP

[root@localhost manil#

#prob2 entries

#bo_wt2 entries

#trigrams created

#prob3 entries

Now we check logdir folder all files in the logdir is compiled r not

then we will go to decoding foleder

[root@localhost 05.cd-chmm]# cd ../../decoding/
[root@localhost decodingl# ./launch_decode.ci.lgaumodels
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

limit coredumpsize O

unlimit datasize
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onintr docleanup

set part =1

set npart =1

if ( 2 > 2 ) then

set startskip = 0

endif

set nlines = “wc $ctlfn | awk '{print $1}'"

wc /root/Desktop/Mani/TUTORIAL/mani/mfc.ctl

awk {print $13}

set ctloffset ctlcount

Q@ ctloffset =0+ ( (3 *x (1 -1)) /1)

@ ctlcount = ( (3 *x1) /1) -0

echo Doing 3 segments starting at number O

Doing 3 segments starting at number 0

set result = ./result

if ( 0 == 0 ) then

set logfile = ./result/mani.cimodels-1.log

set matchfile = ./result/mani.cimodels-1.match

else

if ( ! -d ./result ) then

if ( ! -d /root/Desktop/Mani/TUTORIAL/mani/feature_files ) then

if ( ! -d /root/Desktop/Mani/TUTORIAL/mani/model_parameters/mani.ci_continuous )
then

if ( ! -f /root/Desktop/Mani/TUTORIAL/mani/myth.1lm.DMP ) then

if (! -f /root/Desktop/Mani/TUTORIAL/mani/mfc.ctl ) then
./s3decode-anytopo.linux -logbase 1.0001 -bestpath 1 -mdeffn /root/Desktop/Mani/TUTO
-senmgaufn .cont. -meanfn
/root/Desktop/Mani/TUTORIAL/mani/model_parameters/mani.ci_continuous/means
-varfn

/root/Desktop/Mani/TUTORIAL/mani/model _parameters/mani.ci_continuous/
variances -mixwfn
/root/Desktop/Mani/TUTORIAL/mani/model_parameters/mani.ci_continuous/
mixture_weights -tmatfn

/root/Desktop/Mani/TUTORIAL/mani/model _parameters/mani.ci_continuous/
transition_matrices -langwt 9.5-feat 1s_c_d_dd -topn 32 -beam 1e-80

-nwbeam 1e-40 -dictfn
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/root/Desktop/Mani/TUTORIAL/mani/myth.dic -fdictfn
/root/Desktop/Mani/TUTORIAL/mani/lists/filler.dict -1lmfn
/root/Desktop/Mani/TUTORIAL/mani/myth.1m.DMP -inspen 0.2 -ctlfn
/root/Desktop/Mani/TUTORIAL/mani/mfc.ctl -ctloffset O -ctlcount 3 -cepdir
/root/Desktop/Mani/TUTORIAL/mani/feature_files -cepext mfc -bptblsize
400000 -matchfn

./result/mani.cimodels-1.match -agc none -varnorm no -cmn current
docleanup:

set savedstatus=0

onintr

echo
echo exited with status O

exit O

[root@localhost decodingl# ./compute_acc.ci.csh
/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

ci result

/root/Desktop/Mani/TUTORIAL/mani
/net/localhost//root/Desktop/Mani/TUTORIAL/mani

WORD ACCURACY= 100.000% ( 9/ 9) ERRORS= 0.000% ( 0/ 9)
[root@localhost decodingl#
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