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Abstract

Automatic Speech Recognition (ASR) or Speech-to-text conversion is a sequential
pattern recognition problem. It comprises of three major components- acoustic models,
language model and the pronunciation dictionary, which aims to correctly hypothesize a
spoken utterance into a string of words. During the training, the system is provided with
speech data, the corresponding transcription and a pronunciation dictionary. At the
decoding run-time, the acoustic models and language models trained on the task are used
along with one of the standard dictionary as lexicon. After Decoding is completed, the
confusion pairs are used as arguments for Levenshtein Distance algorithm, which gives
the maximum number of operations required to convert one string into another. The pair
which has minimum distance will be considered for adding to the static dictionary. Later

the decoding process will be repeated to find improved recognition accuracy.
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Chapterl

Introduction

1 Introduction:

Speech Recognition is the process by which a computer can recognize spoken
words. Basically it means talking to your computer and having it correctly recognize what
you are saying. It has a wide area of applications in Command recognition, Dictation,
Interactive voice Response etc. Speech Recognition can help also, handicapped people to

interact with society. It is a technology that makes life easier and very promising.

The methods of statistical pattern recognition have been  applied for several
decades. Speech Recognizers based upon Hidden Markov Model have achieved a high
level of performance in controlled environments. One naive approach for robust speech
recognition in order to handle the mismatch between training and testing environments,

many techniques has been proposed.

Some methods work on acoustic model and some methods work on Language
model. Pronunciation dictionary is the most important component of the Speech
Recognition system. New pronunciations for the words will be considered for speech

recognition accuracy.
What is pronunciation?

Since the goal of this dissertation is to improve models of pronunciation for ASR
systems. Pronunciation refers to two related constructs: the act of producing an acoustic

message or the actual acoustic message itself in an abstract sense.

The pronunciation dictionary (or the lexicon) is a mapping table, a representation

of the system’s vocabulary in terms of its acoustic modeling units [1]. In general, while



acoustic and language models are outputs of statistical optimization procedures, lexicons
are usually taken off the shelf. During the training, the system is provided with speech
data, the corresponding transcription and a pronunciation dictionary. At the decoding run-
time, the acoustic models and language models trained on the task are used while one of
the standard dictionaries is used as the lexicon. Standard lexicons are manually built by
linguists to provide the most generic pronunciations of the words. However, variations
occur in pronunciation due to a number of factors including gender, accent, dialect, mode
of speaking etc. While a generic pronunciation dictionary remains to be the safest but, it
may not be optimally suited for a test condition. Thus, there is a need to adapt a lexicon in
order to best match the test conditions. This dissertation shows that the lexicon can also be
improved for a task by adding the variants to pronunciations, inferred using the resources

already provided for acoustic model training.

Pronunciation dictionaries are generally hand-crafted by linguists to reflect the
most agreed pronunciations of each word. In theory, sound units are divided into two basic
types: phones and phonemes [1]. Phones are the fundamental sound categories that
describe the range of acoustic features found in languages. Phonemes on the other hand

are abstract, language specific entities that may represent one or more phones.

1.1 Statement of the Problem:

Most current leading edge speech recognition systems are based on an approach
called Hidden Markov Modeling (HMM). By adding new pronunciations to the Static
Dictionary the accuracy can be improved. There are 2 methods to add pronunciations to
the static dictionary. First, calculate Levenshtein distance between the strings in the

confusion pairs. Second, add the pronunciation by frequency of occurrence.

1.2 Aim of the Project:

Automatic Speech Recognition (ASR) or Speech-to-text conversion is a sequential

pattern recognition problem. It comprises of three major components- acoustic models,



language model and the pronunciation dictionary, which aims to correctly hypothesize a
spoken utterance into a string of words. During the training, the system is provided with
speech data, the corresponding transcription and a pronunciation dictionary. At the
decoding time, the acoustic models and language models trained on the task are used along
with one of the standard dictionary (CMUdict) as lexicon. After Decoding is completed,
the confusion pairs are used as arguments for Levenshtein Distance algorithm, which gives
the maximum number of operations required to convert one string into another. The pair
which has minimum distance will be considered for adding to the static dictionary. Later
the decoding process will be repeated to find improved recognition accuracy. In the other
method the word which has occurred more number of times will be considered for new

entry in the static dictionary.
1.3 Scope of the Project:

To improve the Speech recognition accuracy many people working with acoustic
model and Language model. But it is good to work with pronunciation variations to
improve the Speech recognition accuracy. There are two types of pronunciation
dictionaries. Static dictionary and dynamic dictionary. This project used static dictionary.

1.3.1 Goals of the Proposed System:

To develop a project that gives the improved speech recognition accuracy for

Telugu sentences using different approaches.



Chapter 2

Previous work on Static Dictionary

2.1 Predicting Variations in Pronunciations:

One primary source of pronunciation is a hand-written Dictionary, in which experts
carefully write Pronunciation models for each word. When care is taken to minimize
dictionary confusions and ensure consistency of pronunciation across similar words, the
resulting Dictionary is often excellent. The pronunciation dictionary and the acoustic
models are components of the system to handle variations in pronunciation. Pronunciation
variations concentrates on coverage of the particular ways in which one word is uttered
among different speakers, speaking styles, speech stress, dialectal variations, speaking
rates etc.

Basically sound units are divided into two types. Phones and phonemes. Phones are
the fundamental sound categories that describe the range of acoustic features found in
languages. Phonemes on the other hand are abstract, language specific entities that may

represent one or more phones.

2.1.1 Automatic base form learning:

The simple method of learning pronunciation variants is to learn each word's
various pronunciations on a word-by-word basis. Typically a phone recognizer is used to
determine possible alternatives for each word by finding a best-fit alignment between the

phone recognition string and canonical pronunciations provided by a Static Dictionary.

Wooters and Westenrndorf and Jelitto used alignments between base form
pronunciations and frequent pronunciations derived from a phone recognizer. We can also
use HMM generalization, which allows induction of new base forms not seen in the

training data by finding common variations among pronunciations seen during training

[2].



2.2 Dictionary Refinement:

Some times Dictionary pruning is used to improve the Speech Recognition
accuracy. Dictionary pruning is done based on the speech training database. We may
arrive 2 types of problems

1. Words that are not included in the data do not have information to be treated with

and

2. Some words tend to keep pronunciations that were rarely observed.

To solve the unobserved words problem, we can use central or summary
pronunciations in the pruned Dictionary [3]. The aim of this sort of pronunciation is to
capture the phonetic contents included in the set of pronunciation variants of each word

and to consolidate them in a reduced pronunciation set.

2.3 Enhanced Tree Clustering:

This approach is contrast to decision tree based approach, which allows parameter
sharing across phonemes [4]. In this approach a single decision tree is grown for all sub-
states. The clustering procedure starts with all polyphones at the root. Questions are asked
regarding the identity of the center phone and its neighboring phones. At any node, the
question that yields the highest information is chosen and the tree is split. This process is
repeated until either the tree reaches a certain size or a minimum count threshold is
crossed. Compared to the traditional multiple-tree approach, a single tree allows more

flexible sharing of parameters any nodes can potentially be shared by multiple phones.

2.4 Pronunciation Variations Captured by Triphone Model:

We can observe which pronunciations are well captured by trip hone model, and
which are not. We have to consider two factors to know which pronunciations are handled
by triphone model [5].

1. The exposure to more triphones in training.

2. The kinds of phonetic variation in the sentence.



2.4.1 Syllable Deletion:

There are 3 kinds of variations which are syllable deletion, vowel reduction and
phone substitution [6].

Syllable deletions are cases in which the surface pronunciation misses the syllable
which is in canonical pronunciations. Syllable deletion is not well modeled by simply
having more data for the triphones.

The vowel reduction is an important category of variations, because it is linked
with prosodic effects. Vowels which are stressed or accented are not reduced. Whether a
syllable received lexical stress or not is already modeled in the lexicon.

Within word variation is the kind of variation that can be modeled at the level of
the lexicon by adding pronunciation variants.

Adaptation of the Static Dictionary is done by adding pronunciation variants to it.
So the first stage in the process is generation of candidate variants. This is either done
manually or by automatic procedures [7]. The procedures are
* using learnt rules to generate the possible candidates of variants [8].

* Artificial neural networks.

* Grapheme to phoneme converters.

2.5 Approach Adopted in this Dissertation:

This dissertation proposes different methods to improve the Speech Recognition
accuracy. At the first I take the wave files, removed the noise using Praat. In the later stage
after Decoding, i take confusion pairs and calculate the distance using Levenshtein
Distance algorithm. The minimum distance variants are added to the Static Dictionary. In
the other approach which variant repeated frequently is considered to add into Static

Dictionary.



Chapter-3
Design

3.1 Speech Recognition System:

A machine or software capable of recognizing spoken language. The machine or
software may take the spoken language and translate it into written text, or follow the

spoken instructions to perform other functions.

3.2 Speech Recognition Techniques:

There are three major types of speech recognition techniques [9].

First, the acoustic-phonetic approach assumes that the phonetic units are broadly
characterized by the set of features, such as formant frequencies, voiced/unvoiced, and
pitch. These features are extracted from the speech signal and are used to segment and
label the speech.

Second, the pattern recognition approach requires no explicit knowledge of speech.
This approach has two steps- namely, one training of speech patterns based on some
generic spectral parameter set and another recognition of patterns via pattern comparison.
The popular pattern recognition techniques include template matching, Hidden Markov
Model (HMM), and Artificial Neural Network.

Third, the Artificial Intelligence approach attempts to mechanize the recognition
procedure according to the way a person applies its intelligence in visualizing, analyzing,
and finally making a decision on the measured acoustic features. Expert systems are used

widely in this approach.

3.3 Speech Recognition using Sphinx:

SPHINX is the one of the best and most versatile Recognition systems in the
world today. SPHINX-III is a large vocabulary, speaker-independent, Hidden Markov
Model (HMM)-based continuous speech recognition system like its predecessors, the

original SPHINX system and SPHINX-II.



This SPHINX developed at CMU in 1988 and it was one of the systems which
demonstrate the feasibility of accurate, speaker-independent, large vocabulary continuous
speech recognition. This sphinx trainer consists of a set of programs which have been
compiled for two operating systems: LINUX and ALPHA. This project uses the SPHINX-
III Recognition system.

SPHINX-III has a more flexible structure. The user can determine whether it is
continuous or semi-continuous modes to be used and the number of streams of data the
system will be used and the organization of these streams. SPHINX-III includes both an
acoustic trainer and various decoders i.e. text recognition, phoneme recognition, N-best

list generation, etc.

3.3.1 Signal Processing:

Speech can be represented in terms of its message content, or information. An
alternative way of characterizing speech in terms of the signal carrying the message
information, i.e. the acoustic waveform [9]. All the Speech recognition systems use a
parametric representation of speech instead of the waveform itself which is based as the
pattern recognition. These parameters carry the information related to the short-time
spectrum of the signal. SPHINX-III uses the Mel-frequency cepstral coefficients (MFCC)

as static features for speech recognition.

3.3.2. Recognition Unit:

HMM is used to model the specific unit of speech .This Specific unit may be word,
a sub word, or a complete form of sentence. For a large-vocabulary systems, HMM model
is used to model the sub word units i.e. phonemes. For the small-vocabulary systems, it is
used to model the word itself. The amount of training data and storage required for word
models is enormous, that why SPHINX-III based on phonetic models. However it is
inadequate to capture the variability of acoustical behaviors for the given phoneme in

different contexts, for those particular contexts it will be modeled using triphones.



Training using sphinx-III:

The training procedure involves optimizing HMM parameters given training data.
An iterative procedure, the Baum-Welch or forward-backward algorithm is employed to
estimate transition probabilities, output distributions, and codebook means and variances

under the probabilistic framework.

Recognition using sphinx-III:

For large-vocabulary tasks in the continuous speech recognition, the search
algorithm should involved the concepts of acoustic and linguistics in order to maximize

the accuracy of the recognition. To apply all these, SPHINX-III uses the Viterbi algorithm.

The SPHINX-III decoder is designed in such a way that it incorporates all the
available acoustic and linguistic concepts in several phases. In initial stage, Viterbi beam
search produces a single recognition hypothesis as well as a word lattice that includes
word segmentations and acoustic scores. The word lattice is then transformed into a
directed acyclic graph (DAG) This DAGs are for quick search for the best hypothesis.
DAGs are also used to generate N-best lists for re-scoring empirically optimized
parameters like the language weight and insertion penalty. This speech recognition system
uses the process of learning the set of sound units which is called as the Training. The
process of using the knowledge acquired to deduce the most probable sequence of units in
the given signal is termed as the Decoding or simply Recognition. SPHINX system has
the SPHINX trainer and the SPHINX decoder.
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Fig 3.1: Training

Probabilistic Formulation:

Let A= {Al, A2, ... ,At} be a sequence of acoustic observations. Let W = {W1, W2, ...,

Wm} be sequence of words.

Given the acoustic observations A, the probability of word sequence W.

Search

l Faadhark
- >

l }(AI W *p(w)

Figure 3.2: Decoding




For recognition, we choose

Best = argmaxW( P(W | A) )eeeeerieieeieeeceeeeee e Eq3.1

Bayes Rule:

argmaxW (P(W | A) ) =argmaxW (P(W,A)/P(A))...cc.c...... Eq3.2
=argmaxW( P(W, A) ..ccoenirieiees Eq3.3
=argmaxW( P(A|W)*P(W))........ Eq3.4

A model for the probability of acoustic observations given the word sequence,
P(A | W), is called an “acoustic model”. A model for the probability of word sequences,

P(W), is called a “language model”.

Search
Feedback
Best
M Hypotheses
gt A - M= War o W3 | e oy
Rrocezsing

A AL

PR P, ..o Ay |G, 0,

FC'"I,_ |w|.mllzu ----Wh.-lj

Fig 3.3: Block Diagram of the speech Recognition System
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Search Problem:
Find the sequence WBest = { W1, W2, ..., Wm }......ccccooiiniiniinnnnnnn. Eq 3.5
=argmaxW(P(A|[W)*P(W)).ceereeunen. Eq 3.6
This is a search of a space of Vm word sequences, where ‘V’ is the vocabulary size
(which may be 100,000 words or larger), and ‘m’ is the sentence length (which may be 20
words long or longer).Clearly, an exhaustive search is impossible. It is necessary to have a

structured, intelligent search.

The components provided for the trainer:

(i) The trainer executables.

(ii) The Acoustic signals.

(iii) The corresponding transcription file.
(iv) The dictionary.

(v) The filler dictionary.

The components provided for decoding:

(i). The decoder executable.
(ii). The dictionary.
(iii). The filler dictionary.
(iv).The language model.

3.4 Evaluation of Speech Recognition Accuracy:

Word error rate (WER) is a common metric of the performance of a speech
recognition system. The general difficulty of measuring performance lies in the fact that
the recognized word sequence can have a different length from the reference word
sequence (supposedly the correct one). The WER is derived from the Levenshtein

distance, working at the word level instead of the phoneme level.

This problem is solved by first aligning the recognized word sequence with the

reference (spoken) word sequence using dynamic string alignment.
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Word error rate can then be computed as:

WER=(SHHAD)/N oo Eq3.7

where

S is the number of substitutions,

D is the number of the deletions,

1 is the number of the insertions,

N is the number of words in the reference.

When reporting the performance of a speech recognition system, sometimes word

recognition rate (WRR) is used instead [1] :
WRR=1-WER=(N-S-D-I)/N=(H-I)/N................... Eq 3.8 where

e His N-(S+D), the number of correctly recognized words.

o . Add New Observe
Way Training Decoding Pronunciation| | Repeat | Improved
Files to Dictionarv| |Decoding| | Accuracy

Fig 3.4 Use of Static Dictionary for Speech Recognition

3.5 Data Flow Diagrams:

Data Flow Diagrams illustrates how data is processed by a system in terms of
inputs and outputs. The diagrams use four symbols to represent any system at any level of
detail [9].

Data flow diagrams do not show decisions or timing of events. Their function is to
illustrate data sources, destinations, flows, stores and transformations [10]. The capabilit-
ies of data flow diagramming align directly with general definitions of systems. Data flow
diagrams are an implementation of a method for representing system concepts including

boundaries, inputs/outputs, processes/sub processes, etc.

13



3.5.1 Data Flow Diagrams for Speech recognition using HMM:

CORLFELORS Frame frame Windowing FFT SpectiTn
speec Blocking »
el Cepstrum mel Mel-frequency
o o o el : .
CERSEILIN Spectrm Wirapping
Fig. 3.5.1 Data flow diagram for MFCC Extraction
Training Procedure
Cepstral Uniform
y(m) Calculation Segmentation

Y

4

Estimation of

(Baum-Welch)

A=(A{u) (A} 7]

max P(x,Alq)

A 4

State
Sequence
Segmentation

(Viterbi)

max P(x,q |,
q

| Yes

Fig. 3.5.2. Speech Recognition Training Using HMM
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3.6 Sphinx User Manual:

Before Training:

1. Download TUTORIAL.tar.gz from
2. http://www.cs.cmu.edu/ robust/Tutorial
Unzip downloaded file using the command
tar -zxvf singlemachine.tar.gz.
This will give the directory called TUTORIAL in this base directory it will install all the
files  necessary to train and test the Sphinx.
Note: We have to install in root privilege only.
3. In TUTORIAL create new experiment by giving the command
Jcreate newexpt.csh filel [file name]
4. In this file all the files required to train and decode the system will be loaded.
e Copy the until directory from the Sphinx3 to this file.
e C(Create new feature_files folder by deleting existing feature files folder.
e Replace s3trainer folder from previous experiments.
e C(reate train and test directory in filel experiment.
e Copy “wavtoraw.csh” & “dictophn.c” program from previous experiments or

create as your own.

In this train folder

e create a folder named wav and paste all wav files. And create a folder named raw

e Raw files, this will get by running the program “wavtoraw.csh” by giving the wav
files path and giving the path where raw files should be stored as input to this
program.
Ex: In the way to wavtoraw.csh program
set wavedir=/home/sphinx/TUTORIAL/filel/train/wav
set rawdir='home/sphinx/TUTORIAL/filel/train/raw
filel1>./wavtoraw.csh

now we will get all raw files in the raw folder in train.

15



5.Write:

a.

text file: which is exact pronunciation of a word. Then send it to

http://www.speech.cs.cmu.edu/tools/Imtool.html

Then you get

b.

sentence file

Ex: <s> amma </s> I.e., filename.sent

. Dictionary file

Ex: amma am mma I.e., filename.dic

. Language model (Im) file

IL.e., filename.lm

. write transcription file manually all follows

Example of transcription file: one space <s> consonant/words/sentences then
space </s> (name01)

Ex: <s> A </s> (akbar01) L.e., filename.trans

. create filename.phonelist using phone list, this will get by running the program

“dictophn.c”by giving the dictionary file as input to it.
Then compile it using
train>cc dictophn.c
e Then execute it using
Ja.out
(or)

Ja.out | tee fname.txt

Then u will get phone list at the command prompt and save that list in a new text file and

give name as filename.phonelist

Note: Eliminate duplication of phonemes in phone list. using command

#sort -u filenm.phonelist

Training:

1..Create the control raw file using the command train#

Is /home/sphinx/TUTORIAL/filel/train/raw/*.raw>file.ctINote: go c_scripts-

>compute _mfcc.csh2.Copy compute _mfcc.csh file from c_scripts in the railway

folder into the current working c_scripts(replace it). Run the file script in ¢_scripts

by the command

16



c_scripts#] ./compute_mfcc.csh /home/sphinx/TUTORIAL/filel/train/file.ctl

Note: Before compute mfcc change the path in compute _mfcc.csh.

3.Mfcc files are created in the folder 'raw' in the feature files folder of your
experiment.
4.Create the control mfcc file using the command
expt#ls /home/sphinx/ TUTORIAL/exp/feature files/raw/*.mfc>mfc.ctl
then in mfc.ctl file delete/replace all /home/sphinx/ TUTORIAL/filel/feature files/
and .ctl extension before& after each line with empty space then we can get as raw/*.
Note: * means filename, then save it.
5. Copy Im3g2dmp from any directory in sphinx software, then extract in test folder.
Ex: ./Im3g2dmp /home/sphinx/TUTORIAL/speechO/train/ak.lm /home/sphinx/TUTOR
IAL/speech0
6.Change the paths in the file called variables.def contained in the c_scripts as per files
located.
e Go to c_scripts file, change the command for all the scripts contained in the
directories 01* through 05*, by keeping unlimit as #unlimit.

Note: We may copy 01* to *05 files from previous experiments.

7.Then run the slave*.csh script(in all starting from 01* through 05%*) as below. If the
input is error free, then we get number of files by running each script. The errors will be
checked in the log directory contained in filel directory.

Remove all temporary files in ¢_scripts folder as follows:

c_scripts#1s

01.ci-chmm  05.cd-chmm create_newexpt.csh .variables.def.swp

02.cd_untied cleanall.csh  runall.csh

03.buildtrees compute mfcc.csh variables.def

04.tiestate compute mfcc.csh~ variables.def~
C_scripts # rm *.*~

c_scripts # Is

0l.ci-chmm  O4.tiestate compute mfcc.csh variables.def

17



02.cd_untied 05.cd-chmm create _newexpt.csh .variables.def.swp

03.buildtrees cleanall.csh runall.csh

Note: Remove all modified files like *.*~ as above shown commands.

Running slave*.csh files from each folder of 01* to 05* in c_script folder, as follows:

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts # cd 01.ci-chmm/
linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/01.ci-chmm
# /slave convg.csh

USAGE: ./slave convg.csh <iteration number (def 1)>

Setting iter value to 1

Continue? (y/n) y

Cleaning up accumulator directories...

/bin/rm: No match.

Cleaning up log directories...

/bin/rm: No match.

Cleaning up gmanager directories...

/bin/rm: No match.

/bin/rm: No match.

/bin/rm: No match.

Cleaning up model directories..

/bin/rm: No match.

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/01.ci-chmm #
cd ../02.cd_untied/

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/02.cd_untied
# ./slave convg.csh

USAGE: ./slave convg.csh <iteration number (def 1)>

Setting iteration value to 1

Continue? (y/n) y

Cleaning up accumulator directories...
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Cleaning up log directories...

Cleaning up gmanager directories...

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/02.cd untied #
cd ../03.buildtrees/
linux-5qm4:/home/sphinx/TUTORIAL/03062008/c_scripts/03.buildtrees
# ./slave.treebuilder.csh

Phone = AA, State = 0 - completed

Phone = AA, State = 1 - completed

Phone = AA, State = 2 - completed

Phone = Z, State = 2 — completed

linux-5gqm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/03.buildtrees #
cd ../04.tiestate/
linux-5qm4:/home/sphinx/TUTORIAL/03062008/c_scripts/04.tiestate

# ./slave_tiestate.csh

/bin/rm: No match.

/bin/rm: No match.

/bin/rm: No match.

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/04.tiestate # cd ../05.cd-
chmm/

linux-5qm4:/home/sphinx/ TUTORIAL/03062008/c_scripts/05.cd-chmm

# ./slave_convg.csh

USAGE: ./slave convg.csh <ngau (def 1)> <iteration number (def 1)>

Setting ngau to 1, iteration no. to 1

Continue? (y/n) : y

Assuming initial models are 1 gaussian per state

Setting iter value to 1
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Cleaning up accumulator directories...
/bin/rm: No match.
Cleaning up log directories...
Cleaning up gmanager directories...
(Or)
Simply Run
c_scripts # ./runall.csh
All the above operations can be done.
Copy Im3g2dmp from any directory in sphinx software, then extract
Ex: ./lm3g2dmp /home/sphinx/ TUTORIAL/speechO/train/ak.lIm /home/sphinx/TUTOR
IAL/speechO/train

Decoding:

1.Go to decoding directory then give the command
e # /launch decode.ci.l1gaumodels

2.Then run

#./compute acc.ci.csh

WORD ACCURACY= 100.000% ( 150/ 150) ERRORS= 0.000% (0/150)
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Chapter4

Present Work

I tried with various approaches to improve the speech recognition accuracy for
Telugu sentences. The approaches are
e (alculating distance using Levenshtein distance algorithm and minimum distance
variants are added to the Static Dictionary.
e Addition of the frequently occurring errors.
e Addition of variant in Language model.
e Changing the probability.

e Transcription Modification.

4.1 Levenshtein Distance Algorithm:

Levenshtein distance algorithm is to calculate the distance between the variants.
The variants which are having minimum distance will be added to the Static Dictionary.

Then we can observe the improved accuracy.

Algorithm

‘StepH Description
1 Set n to be the length of's.

Set m to be the length of t.
If n =0, return m and exit.
If m =0, return n and exit.

Construct a matrix containing 0..m rows and 0..n columns.

2 Initialize the first row to 0..n.

Initialize the first column to 0..m.

‘3 HExamine each character of s (i from 1 to n).

‘4 HExamine each character of t (j from 1 to m).

5  If s[i] equals t[j], the cost is 0.
If s[i] doesn't equal t[j], the cost is 1.
‘6 HSet cell d[i,j] of the matrix equal to the minimum of:
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a. The cell immediately above plus 1: d[i-1,j] + 1.
b. The cell immediately to the left plus 1: d[i,j-1] + 1.
c. The cell diagonally above and to the left plus the cost: d[i-1,j-1] +

cost.

7  After the iteration steps (3, 4, 5, 6) are complete, the distance is

found in cell d[n,m].

Example
This section shows how the Levenshtein distance is computed when the source string is

"GUMBO" and the target string is "GAMBOL".

Steps 1 and 2

HIQ|W|IZ|» |
N[ W N = O

Steps 3to 6 Wheni=1
| ¢ |JU[M|B]O

HfOoOwmZ QO
NN W N = O

Steps 3 to 6 Wheni=2

G U M B
0 1 2 3 4 5
G 1 0 1
A 2 1 1
M 3 2 2
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B 4 3 3
0 5
L 6 5 5
Steps 3to 6 Wheni=3
G U M B
0 1 2 3 4 5
G 1. .0 1 2
A | 2 | werra |
M | 32 |21 ]
B 4 3 | 32
0 5 4 4| 3
L 6 5 5 4
Steps 3 to 6 Wheni=4
G |lulmM|B]| O
0 1 2 | 3] 4] 5
G 1 ks L& |
A 2 ek | 2] 03 |
M | 3 | 2 ]2 }1]02 |
B 4 |13 [.3]2]1 |
0 5 |l 2] 3] 2 |
N (R s | 4 |
Steps 3 to 6 When i =5
| '¢-|.U | M| B O
0 1 2] 3] 4] 5
. G 1 0 1 | 2] 3] 4
| A 2 1 1 2| 3| 4
M 3 2 2 1 | 248173
B 4 3 3 ] 2] 17 2
o0 5 4 4 | 3] 2}1
L 6 5 5 4 3 2

Step 7
The distance is in the lower right hand corner of the matrix, i.e. 2. This corresponds to our
intuitive realization that "GUMBO" can be transformed into "GAMBOL" by substituting

"A" for "U" and adding "L" (one substitution and 1 insertion = 2 changes).
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4.2 Addition of the frequently occurring errors:

In the result file we get confusion pairs with number of times the error was
repeated. I took frequently occurring errors and added to the Static Dictionary. Then I got

the improved Accuracy.

4.3 Addition of variant in Language model:

I also tried to include the variant in the Language model also. But i got reduced

accuracy. So i did not try this procedure later.

4.4 Changing the probability:

I tried to change probabilities of the states, because I want to whether the accuracy
will be increased or decreased. But i could unable to open the following files in the folders

which are in model parameters.
(i) means.
(ii) mixture weights.
(iii) transition_matrices.

(iv) variances.

4.5 Transcription Modification:

when I get some type of errors , | modified the Transcription for those words, i

observed improved accuracy. The following are the Examples of errors.

MEEREKKADA - MEE

EKKADIKI - EKKADA

HYDERAABAD - MEERAEMI
BHAARATHADESAM - BHAARATHEEYULANDARU
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The modified Transcription words are
MEERREKKADA
EKKADAKKI
HHYDERAABAD
BHAARATTHADESAM

In all the approaches, in which I succeeded one main observation is that when I
add new variant to the dictionary, there is reduced error rate. Which is contradiction to
other papers [3-5]. For all approaches initially I used Praat to eliminate the noise present in
the wave files. if we have noise in the wave files I got insertion errors, because of these
errors the error rate is increasing. After deleting noise using Praat the error rate is

decreased.
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Chapter 5
Results

The following are the Results when the wave files are noisy.

EXPERIMENT WORD ERRORS(%)
NAME ACCURACY (%)
50 61.364 59.091
51 88.696 21.739
52 84.348 31.304
53 80.870 65.217
54 93.913 16.522
55 87.826 24.348
56 73.913 68.696
57 96.522 16.522
58 89.565 18.261
59 77.391 61.739
60 88.696 38.261
61 62.609 95.652
62 90.435 21.739
63 93.043 16.522
64 93.043 11.304
65 92.174 26.087
66 81.739 20.870
67 91.304 20.000
68 93.913 12.174
69 66.957 72.714
70 83.478 24.348
71 83.478 36.522
72 76.522 31.304
73 55.000 50.833
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After eliminating the noise using Praat the results are as follows

EXPERIMENT WORD ERRORS(%)
NAME ACCURACY (%)
50 80.870 40.000
51 88.696 19.130
52 86.957 21.739
53 81.739 45.217
54 91.304 18.261
55 92.174 14.783
56 87.826 21.739
57 04.783 12.174
58 93.913 10.435
59 84.348 37.391
60 96.522 10.435
61 73.913 53.043
62 92.174 13.043
63 03.043 12.174
64 02.174 13.043
65 94.696 22.957
66 81.739 20.870
67 93.043 14.783
68 93.913 12.174
69 78.261 51.304
70 80.870 29.565
71 85.217 21.739
72 86.957 19.130
73 93.913 9.565

27



After addition to the Dictionary the results are as follows

EXPERIMENT WORD ERRORS(%)
NAME ACCURACY (%)
50 99.130 22.609
51 95.652 12.174
52 08.261 10.435
53 96.522 28.696
54 99.130 10.435
55 97.391 8.696
56 97.391 16.522
57 08.261 8.696
58 99.130 5.217
59 96.522 23.478
60 99.130 7.826
61 94.696 30.739
62 08.261 6.957
63 08.261 6.957
64 96.522 8.696
65 100.000 15.652
66 04.783 7.826
67 99.130 6.957
68 97.391 6.957
69 93.913 36.522
70 93.913 16.522
71 93.913 13.913
72 96.522 9.565
73 99.130 4.348
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TRAINING | TESTING | ACCURAC | ERRORS | AFTER DICTIONARY
(number of | (number of Y ADDITION
speakers) | speakers) ACCURACY | ERRORS
12 12 51.159 85.797 69.420 88.478
16 8 58.370 71.196 76.413 65.000
20 59.826 73.696 79.130 65.870

From the above table we can observe that the error rate is decreasing when new

variants are added to the dictionary.
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Conclusion and Future work

Conclusion:

The approaches discussed in this dissertation working well. Initially the wave files
are noisy. At both ends of the sentence the noise was removed. But sound recorder can
remove noise present at both the ends, not in the middle, Praat is used to remove the noise
present in the middle part of wave files. When such wave files are trained and tested with
Sphinx tool. Then obtained confusion pairs re added to the Dictionary. By using the

approaches discussed in this dissertation, finally improved accuracy is observed.

Future Work

The speech database consisted of 24 speaker’s voice and each speaker spoken 40

sentences. The accuracy can be verified with large number of speakers and large database.
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