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ABSTRACT

Speech is one of the most prominent and natural means of communications
among the humans as well as with machines. Speaker Independent Automatic Speech
Recognition (SIASR) is one of the emerging technologies playing a crucial role in our
daily lives. Humans have the capability of recognizing the speech spoken at different
rates of speech by different speakers in various contexts. It is becoming a complex
task for the machines to recognize the speech produced by humans. A lot of effort was
involved to enhance the performance of SIASR system. Still, errors are generating in

current SIASR systems.

Telugu language is one of the most widely spoken South Indian languages. It is
the official language for the states of Andhra Pradesh and Telangana. Speech rate is
one of the factors affecting the performance of SIASR system. The present work
focuses on recognition accuracy at different rates of speech in Telugu. Hence training
and testing are done at different rates of speech namely Normal Speech Rate (NSR),
Slow Speech Rate (SSR) and Fast Speech Rate (FSR). Recognition accuracy is more
when same rate of speech is used in training and testing. Word Error Rate (WER) is
more when different rates of speech are involved in training and testing. Substitution
errors, deletion errors and insertion errors are analyzed that occur when different
speech rates are involved in training and testing. Confusion between the words with
similar phonetic transcription is the main cause for getting substitution errors. The
present work focus on the reduction of confusion pairs so that substitution errors will
be reduced. The proposed Pronunciation Dictionary Modification Method (PDMM) is

used to update the pronunciation dictionary which reduces substitution errors. Thus



Word Recognition Rate (WRR) improves a lot. The proposed Forward and Backward
Search Method (FBSM) is applied on decoder output to reduce substitution error or
insertion error or deletion error. Significant improvement is observed in the Sentence
Recognition Rate (SRR) when FBSM is applied on decoder output. Thus the

performance of the STASR system is improved with these two methods.

Vi
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CHAPTER-1
INTRODUCTION

Speech plays a vital role in communication among humans and machines. Humans
are very intelligent and efficient in recognizing speech but it is difficult for the machines.
Automatic Speech Recognition (ASR) is the process of accepting the speech signals
spoken by speakers through a recording device and converting the accepted speech into
text format. Speaker Independent Automatic Speech Recognition (SIASR) system is the
ability of a machine to recognize speech irrespective of any speaker. SIASR system need
not be trained for every speaker before it can be used in applications. It requires training
by several speakers but other speakers also can use this system. In Speaker Dependent
Automatic Speech Recognition (SDASR) system, training is required for every speaker.
Speaker Independent Automatic Speech Recognition (SIASR) systems are suitable for

many real time applications.

Much effort has been made to achieve human-like performance in SIASR system.
A great deal of research has been done to extend the capabilities of SIASR system.
Research in SIASR has made significant growth in achieving development in real time
applications with tremendous growth of technology. Humans can recognize speech in all
contexts with background information naturally, whereas machines lack this ability. To
interact with machines using speech mode, the system should be able to recognize
utterances of different speakers in various contexts with some background information

relating to the situation.

From a technical point of view, SIASR is a challenging task in generating a
sequence of words for the given speech signal. Also it should be adaptive to operate on
the characteristics of new speakers. There are many factors such as speaking style, age,
gender, accent, speech rate, health conditions, emotions, environmental variation
conditions, and channel variations etc., which affect the exact recognition of speech by
the machine [1].



In SIASR system, Hidden Markov Models (HMMs) are used to represent
subword units as a sequence of states and their transition probabilities from one state to
another state. Gaussian Mixture Models (GMMs) are used to model each state of an
HMM. Well-organized algorithms should be used for training and decoding the SIASR
system. Forward-Backward algorithm is used to evaluate probability of different HMMs
generating the same observation sequence. In decoding, Viterbi algorithm is used to find
the most likely state sequence for the given observation sequence. Baum-Welch
algorithm is used to re-estimate the state transitions and output probabilities known as

training (learning). These algorithms are explained in Chapter-3.

1.1. FACTORS AFFECTING THE PERFORMANCE OF SIASR

Depending on the task or the situation, humans articulate in different ways because
of their own characteristics. Hence SIASR system should handle these characteristics if
they are intended to be used. Inter-speaker variability such as gender and age has an
impact on the accuracy of SIASR system. The average length of vocal tract of females
(about 14.5 cm) is smaller than that of males (about 17.5cm), which leads to a natural
variability. Recognition accuracy will be more if same gender (male/female) is used for
training and testing. Recognition accuracy will be low when male voices are tested with
female training models or female voices are tested with male training models [2]. There
are many differences between adult and children’s speech. Due to a shorter vocal tract
and smaller vocal folds children have higher fundamental and formant frequencies than
those of adults. Hence the recognition accuracy will be poor for the children when

compared with adults [3].

Emotional conditions such as happiness, anger, stress, confidence etc., also affect
the speech recognition results. Health conditions also have an effect on the speech
recognition results. The accuracy is high when the speaker is in normal health condition.
If the speaker has cold or sour throat, automatically it affects the speech production since

speakers cannot pronounce all the words clearly. This unclear pronunciation includes



more pauses, truncated words, heavy breathing etc. This leads to reduction of accuracy

in SIASR system. However above types of speech are not considered in this work.

Pronunciation variation can cause errors in SIASR. Due to various reasons,
utterances are almost pronounced differently and varied from one speaker to another in
different situations. The variability is due to co-articulation, regional accents, speaking
rate, speaking style, etc. Pronunciation variation can be classified into complete changes
and partial changes. Complete changes or phone changes are the replacement of a
phoneme by another alternative phone. Partial changes or sound changes are the

variations within the phoneme such as nasalization, centralization, voiceless and voiced

[4].

1.2. APPROACHES TO SPEECH RECOGNITION

There are three main approaches used for speech recognition namely Acoustic-

Phonetic approach, Pattern-Matching approach and Artificial Intelligence approach [5].

The Acoustic-Phonetic approach to speech recognition is based on finding and
providing appropriate labels to speech. The first step in this approach is a spectral
analysis of speech combined with a feature detection that converts the spectral
measurements to a set of features. These features describe the broad acoustic properties
of different phonetic units. The second step is a segmentation and labeling phase in which
the speech signal is segmented into stable acoustic regions, followed by attaching one or
more phonetic labels to every segmented region, resulting in a phoneme lattice
characterization of the speech. The third step is to determine a valid word (or string of
words) from the phonetic label sequences produced by the segmentation to labeling. The

acoustic phonetic approach has not been widely used in most commercial applications.

The Pattern-Matching approach involves pattern training and pattern comparison.
This approach uses well formulated mathematical framework and establishes consistent
speech pattern representations for pattern comparison from a set of labeled training
samples through an appropriate training algorithm. A speech pattern representation can



be in the form of speech template or statistical model and can be applied to a sound, a
word or a phrase. In pattern comparison, direct comparison is done on unknown speech
patterns and possible patterns learned during training. This is used to determine the
identity of unknown speech patterns with maximum matching probability. In this, there
exists two methods namely template approach and stochastic approach. In template
approach, templates for all words are constructed. A collection of speech patterns are
stored as reference patterns representing the dictionary of speaker’s words. Recognition is
done by matching an unknown spoken utterance with each of these reference templates
and the best matching pattern is selected. In stochastic approach, probabilistic models are
used to deal uncertain and incomplete information. Stochastic approach is the most
suitable approach to speech recognition. Hidden Markov Model (HMM) is a popular
stochastic approach. A HMM is a Markov chain with probability distributions of
observations assigned for every state of the Markov model. The Markov chain is defined
by the set of states and their transition probabilities defining a prior distribution for the
state sequences. This model plays an important role in the area of SIASR which is used in

the present work.

The Artificial Intelligence approach attempts to mechanize the speech recognition
procedure according to the way a person applies intelligence in visualizing, analyzing,
and finally making a decision on the measured acoustic features. It is a hybrid of the
acoustic-phonetic approach and the pattern-matching approach. It integrates phonemic,
lexical, syntactic, semantic and even pragmatic knowledge for segmentation and labeling,
and uses tools such as artificial neural networks for learning the relationships among

phonetic events. Expert system is widely used in this approach.

1.3. APPLICATIONS OF SIASR

Applications of speech technology in daily life are growing rapidly now-a-days.
This technology becomes an important part in the real world. The application of SIASR
systems opens many possibilities in the world. SIASR applications are different from
other applications of computer [6]. Dictation is the common use of the SIASR. This



includes medical transcriptions, legal and business dictation. In some cases special
vocabulary is used to increase the accuracy of the SIASR system. Speech systems that are
designed to perform functions and actions on the system are defined as Command and
Control system. Voice repertory dialer, automated Call-type, Call-distribution by voice
commands, directory listing retrieval, Credit card sales validation are some of the
applications that come under command and control system. Some PBX/Voice Mail
systems allow callers to speak commands instead of pressing buttons to send specific
tones. There is inevitable interest in the use of speech recognition in domestic appliances
such as ovens, refrigerators, dishwashers and washing machines. Many people have
difficulty in typing due to physical limitations such as the Repetitive Strain Injuries
(RSI), muscular dystrophy, and many other disabilities. For such people, speech
recognition system can be used to complete their activities.

1.4. AIM OF THE PRESENT WORK

Humans can recognize speech in different speaking styles and speaking rates
(Normal, Fast and Slow), but for the computers it is a difficult task to recognize the
speech. Speech recognizers implemented in computers perform relatively poorly when
speech rate is very fast or very slow. In order to improve computer performance, several
researchers have proposed that measuring speech rate prior to speech recognition will
result in higher success rates of automatic speech recognizers and several ways to
automatically measure speech rate in terms of phones or syllables per time unit have been
put forward. [7]. Many factors such as stutters, slips of the tongue, interruptions,
hesitations, lengthening, filled pauses and laughter affect speech rate [8]. Timing and
acoustic realization of syllables or phonemes are frequently affected when the rate of
speech is fast or slow. Phone-by-phone length stretching and sentence-by-sentence length

stretching are used for normalization [9].

The accuracy of SIASR system is severely affected when there are mismatches
between training and testing conditions [10]. Performance of SIASR system degrades

when the speech rate is varied for training and testing (decoding). In the present work, it



is observed that the accuracy was low due to mismatches between different rates of
speech in training and testing conditions for SIASR system. This motivates to analyze
and reduce different kinds of errors to improve the accuracy of the SIASR system for
Telugu language.

The objective of this work is to improve the accuracy of the SIASR system on
different rates of Telugu speech. As speech signals are non-stationary, obtaining
compatibility between training and testing is difficult. The models built during the
training and testing should be compatible in order to obtain better results. Some un-
meaningful sounds such as lip smacking, deep breaths etc are produced in speech while
recording. It is not possible to use perfect or equivalent phonetic representations for these
sounds. Filled pauses normally occur during hesitations in speech while recording. So it
is very difficult to represent these sounds in the pronunciation dictionary. This is one of
the reasons to occur substitution errors. Substitution errors also occur due to confusion
between phonetically similar words. After analyzing present experimental results it is
found that there are more substitution errors than deletion and insertion errors. Hence it is
necessary to reduce substitution errors to improve accuracy. Performance of SIASR
system is improved with a better language model [11].

The aim of the present work is to minimize the errors that occur when different
speech rates are used in training and testing. Confusion between the words leads to
substitution errors during recognition. Hence Pronunciation Dictionary Modification
Method (PDMM) is proposed to modify the pronunciation dictionary. The modified
dictionary reduces substitution errors. In this method, Levenshtein distance is used to
obtain the similarity of phones in a confused pair [12]. The phonetic transcription of
confused word is updated as the next possible phonetic transcription in the pronunciation
dictionary when the Levenshtein distance is less than the length of 3/4™ of the longest
word in the confusion pair. This modified dictionary (lexicon) is given to the decoder to
minimize the occurrence of the confusions during recognition. An error word related to
deletion or insertion or substitution in a sentence makes a greater affect on the
performance of SIASR system. Hence Forward and Backward Search Method (FBSM) is

proposed to reduce error word related to deletion or insertion or substitution.



1.5. ORGANIZATION OF THESIS

Chapter 2 reviews the factors affecting the performance of SIASR system and it focuses
on the issues related to speech rate variations. Many previous studies related to the

pronunciation dictionary are discussed in this chapter.

Chapter 3 describes HMM based acoustic model, pronunciation dictionary (lexicon) and
language model used in the speech recognition system. The basic methods and algorithms
used for training and testing (decoding) are discussed in this chapter.

Chapter 4 describes speech database collected for present work. Pitch Synchronous
Overlap and Add (PSOLA) method is discussed in this chapter. This method is used to
convert the Normal Speech Rate (NSR) into Slow Speech Rate (SSR) and Fast Speech
Rate (FSR). The proposed modules in the SIASR system are also presented in this

chapter.

Chapter 5 deals with the experiments. Training and testing are performed at different
rates of speech. Different types of errors are analyzed that occur when different speech

rates are involved in training and testing.

Chapter 6 reveals the role of pronunciation dictionary (lexicon). Substitution errors are
reduced with modified dictionary using proposed Pronunciation Dictionary Modification
Method (PDMM).

Chapter 7 focuses on the correction of one word error related to insertion or deletion or
substitution in a sentence that obtained from the decoder of SIASR system using
proposed Forward and Backward Search Method (FBSM).

Chapter 8 depicts the conclusions based on the present research work and some

suggestions have been given for future research work.



CHAPTER-2
LITERATURE SURVEY

Speech rate has been identified as an important phenomenon in the recognition of
speech by humans and computers. This chapter is a discussion of previous research on
the effect of speech rate in SIASR system. Many previous studies are discussed here on
the role of building a good pronunciation dictionary for better performance of the SIASR

system.

2.1. Speech recognition errors

Speech rate has been shown to have a significant effect on recognition accuracy.
Recognition accuracy degrades when the speech rate differs from training and testing. It
is important to note the type of errors that occur when the speech rate is varied from
training and testing [13]. Random or indeterminate errors are caused by uncontrollable
fluctuations of voice that affect parameterization and experimental results. Systematic or
determinate errors are caused by instrumental, methodological or personal mistakes.
Gross errors are caused by experimental carelessness or equipment failure. Based on the
syntactic and semantic corrections, wrongly recognized parts of speech are usually
removed on the next step of speech recognition [14]. Errors are classified into insertions,
deletions and substitutions. Decision tree is used for error analysis [15].

2.2. Conversion of NSR to SSR and FSR

Individual speakers also vary their speech rates in different contexts. These
variations affect the acoustic patterns of the SIASR system. Variations in speech rate
affect both spectral features and pronunciation of words. Speech rate is generally defined
as the number of linguistic units (phones, syllables and words) spoken in unit time. The
fast speech is recognized by stretching the length of the utterance in the cepstrum
domain. The degree of stretching for an utterance is determined by its rate of speech

which is based on a maximum likelihood. Cepstrum Length Normalization (CLN)



algorithm is used for fast speech to avoid unexpected short duration and drastic changes
in the dynamic acoustic features. The objective of this algorithm is to lengthen and
smooth the cepstrum. Three approaches are used to change the length of segments. The
first approach is to insert/ drop frames uniformly in the speech segment. The second
approach is to repeat/ delete only those frames that represent the steady state of each
phone segment. This was done by searching those frames that had the minimum
distortion with respect to their neighbors in a phone segment. The third approach is to
create new frames by interpolating neighboring frames. This was done with approximated
band-limited interpolation [16, 17].

Waveform Similarity Overlap-Add technique (WSOLA) produces high quality of
time-scaled speech. Normal speech is expanded to convert into slow speech and
compressed to convert into fast speech. In WSOLA continuity of speech signal during
modification, it is much useful for speech recognition [18]. When people speak slowly,
they can stretch the different phones but they can also insert more pauses. They can also
place stress on words where it was absent at normal speech rate. These two strategies
make it harder to mimic natural slow speech closely. To gain further improvement we
could search where these additional pauses are added and try to replicate them in the
slowed-down version. Pauses could also improve slowed-down natural fast speech where

pauses are often absent. [19].
2.3. Estimation of speech rate

Speaking rate is directly estimated from the speech signal without reference to
lexical units. The energy envelope of the speech has rapid change when the speaking rate
is high. This change should be reflected in the short term spectrum of the energy
envelope. Finer (more frequency-dependent) measures could potentially provide high
accuracy, but as a first attempt the wideband measure should incorporate the gross
properties of speaking rate. Energy rate (enrate) measure is the first spectral moment of
the energy envelope of speech and was shown to correlate with speech rate [20].

Speech rate variability has been found to be significant in increasing the error rate

of speech recognition, especially when it deviates greatly from the training data [21].
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Mean and standard deviation for each triphone was calculated for the training data.
Modification of the triphone duration is done according to the stretch factor. Stretch
factor was obtained for all the words for every speaker based on the true word length and
length of the word estimated. Duration of the vowel affects with variation of speech rate.
Formant frequencies varied for different rates of speech. The long vowels occupied a

more peripheral portion of the F1-F2 vowel space than the short vowels [22, 23].

Rate of Speech (ROS) is computed as the average number of phones per second
over an utterance. The ROS was then used to normalize the durations of the phones.
There are two ways of using the ROS normalization, at the hypothesis level and at the
speaker level [24, 25]. Word and sentence level timing in natural fast speech differs from
normal speech rate. Naturally spoken fast speech is complex for modeling than
artificially compressed speech. Both the segmental and the timing changes that
accompany natural fast speech rates are due to articulatory restrictions, and do not serve a

communicative purpose [26].

The ROS for a particular sentence was calculated by dividing the number of non-
silenced transcribed phones by the non-silence duration of the sentence [27]. Decision
trees (D-trees) should be trained to predict the pronunciation of words based on
information about surrounding words. D-trees are statistical classifiers that can select a
set of features to improve the probability of a particular pronunciation. Thus D-tree
algorithm with a substantial number of features, such as the identities and features of
surrounding phones or extra-segmental features like speaking rate and word
predictability. This algorithm automatically selects the best combination of these features
to improve pronunciation classification [28]. The vowel detection algorithm provides an

estimation of the actual number of vowels present in the waveform [29].

Each word is given parallel pronunciations of fast and slow version phones. Both
fast and slow version pronunciations are initialized from the original rate-independent
version, with the simple replacement of rate-independent phones by rate-specific phones.
The recognizer automatically finds the pronunciations that maximize the likelihood score

during search, and thus avoids the need for ROS estimation before recognition. In
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addition, the search algorithm is allowed to select pronunciations of different rates across
word boundaries, thus coping with the problem of speech rate variation within a sentence
[30]. The speaking rate in syllables per second was calculated for each utterance,
removing starting and ending silence using the forced alignment [31].

2.4. Role of pronunciation dictionary and language model in speech

recognition

Constructing acoustic model, language model and lexicon for a particular language
is important. Speech recognition accuracy can be affected by an inaccurate acoustic and
language modeling and also a different pronunciation of words for each speaker [32]. A
pronunciation dictionary for a specific language is built from a word list that may contain
incorrect spellings and borrowed words from other languages [33]. As the number of
distinct word forms can grow very large, it becomes difficult to train language models
that are both effective and cover the words of the language well. Teemu Hirisimaki et al
described and evaluated language models based on the segmentation of text corpora into

suitable word fragments by an unsupervised machine learning algorithm [34].

Discriminative training optimizes the lexicon. In the discriminative training, some
new words, which are frequently decoded wrong, are selected as word candidates.
Through training, some significant new words are added into lexicon so that recognition
errors due to these words can be eliminated. There are three kinds of new words which
are frequently decoded wrong. Some words which are not consider by the linguists,
domain specific words, proper noun such as person name, place name, date, number etc.
[35]. These new words are not included in the traditional dictionary. The probabilities of
these new words are estimated by the trigram of single characters. In the process of
recognition, the discrimination between these new words and other similar characters is
little. So they are frequently decoded wrong. Though counting the error number of
decoded strings, some new words are chosen and added into dictionary to increase the

discrimination.

Recognition errors are minimized by replacing error word with correct word or

error phrase by correct phrase by re-speaking, typing etc. [36]. Some applications of
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speech recognition, such as interactive telephone-based directory assistance services
system require large vocabularies of surnames, first names, city names etc. Refining N-
best hypotheses list provided by a speech recognizer by applying lexical rules [37]. The
goal of lexicon optimization is to construct a lexicon with exactly those words that are

most likely to appear in the text data [38].

Lexical coverage indicates the ratio between the number of words from the
training data that are covered in the vocabulary, and the total number of words in the
training data [39]. Pattern recognition techniques are used for verifying the correctness of
a lexicon [40]. Pronunciation variation degrades the performance of speech recognition
system. Variation in pronunciation is observed generally for frequently uttered words.
Speaking rate and word frequency influence on the pronunciation. Simply adding all the
pronunciation alternatives to the lexicon may reduce the performance of speech
recognition system. Probability-based pruning and count-based pruning methods are used

to include the number of pronunciations for each word in the lexicon [41].

Pronunciation variation is observed more in conversational speech. Without
explicit models of non-verbal elements such as hesitations, artefacts, the corresponding
audio segments will be recognized as keywords from the system vocabulary. The
extension of the vocabulary by lexical models for each type of the hesitations and
artefacts allows the speech recognition system to detect these non-verbal elements and
avoid false recognition of the keyword units [42]. A pronunciation lexicon accounting for
accented speech may be created by extending a canonical lexicon with accented

pronunciations [43].

A better performance is expected if a language model is adopted in a recognition
system for post-processing phoneme estimates and making corrections with a set of
explicit rules of the language model [44]. In the first rule, phonological constraints are
checked in three positions of the word namely beginning, middle and at the end of the
word. In the second rule, vowel harmony rules could be verified to exclude some of the

vowel additions and consonant replacements from the recognized words. In the third rule,
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Consonant and vowel phoneme additions can be corrected by syllabification when the

additional vowel phoneme will appear between two syllables after a consonant phoneme.

2.5. Confusion pairs and word frequency

Inter-word dissimilarity measure based on the Dynamic Time Warping is used to
classify whether the word pairs are confusable or not confusable. Firstly, the phonetic
transcriptions of the two words to compare are aligned using only phonetic information.
After the alignment, the accumulated distance is obtained with a new inter-phone
acoustic distance calculated between the HMMs of the phones. Distances between the

phones of words are popularly known as the acoustic confusability [45].

Specific words in a large corpus tend to co-occur frequently with certain other
context words, and misrecognitions of those specific words will also tend to co-occur
with the same context words. Co-occurrence analysis is to determine for any give word in
the vocabulary whether the other words are very likely to occur near the given word and
are not likely to occur elsewhere [46]. Stopwords are words with little intrinsic meaning.
Typically, these words are found with such high frequency that they lose any usefulness
as search terms. In co-occurrence analysis, stopwords are usually omitted because their

over abundance in a text can affect the resulting probabilities disproportionately [47].
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CHAPTER -3
SPEECH RECOGNITON SYSTEM

This chapter describes the concepts of speech recognition system.

Speech recognition is the process of making the system (machine) to convert the
recorded acoustic signal into a sequence of words or phrases or sentences in text format.
In other words, it determines the most likely sequence of words W = ws,...,w, for the
given acoustic observations extracted from the speech signal O = 04...,0,. . The aim of
the speech recognition is to decode the word sequence based on the acoustic observation
sequence, so that the word sequence has the maximum a posteriori (MAP) probability as
[48],

W = P(W|0) = arg,,maxP(W|0) (3.1)

Using Bayes rule Eq. (3.1) can be written as

P(O|W)P (W)

P(W|0) = arg,, max P(0)

3.2

P(O) can be ignored as it is independent of W. the MAP decoding rule of Eq. (3.1) is
W =arg, maxP(O|W)P(W) (3.3)

The first term in Eq. (3.3), P(O|W) is called acoustic model as it estimates the
probability of sequence of acoustic observations for the given word sequence. To
compute P(O|W) for automatic speech recognition, build statistical models for subword
speech units (phone based units, syllable based units etc.). Phone-based units are
considered for the present research work. Word models are built from the subword
speech unit models (using lexicon which indicates the composition of words) and then
postulates word sequences and acoustic model probabilities are evaluated through
concatenation. The second term in Eq. (3.3), P(W) is called the language model which

describes the probability of a word sequence.
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The block diagram of the speech recognition system is shown in Figure 3.1. All modules

in the block diagram are explained in the following sections.

Training
Speech
Signals

Testing
Speech
Signals

l

l

Signal Processing Technigques
(Feature Extraction)

P{W1 W2, W)

{01,..0n} £01,.0n}
- -
Acoustic Best
Model DECODING *| Hypothesis
P(01...05[W1...Wy) l T
Lexicon -
Dictionarv - HMNM
P(W1...Wy) T TRAINING
Language
Model

Figure 3.1: Block diagram of SIASR system

3.1. FEATURE EXTRACTION

The performance of speech recognition system depends on the extraction of

features from the speech signals. The speech signal is converted into a parameterized

sequence of feature vectors which are optimal for the speech recognition. Signal

processing techniques are used to extract Mel Frequency Cepstral Coefficients (MFCC)

[49]. The following Figure 3.2 shows the steps involved in the extraction of Mel-

Frequency Cepstral Coefficients (MFCC).

Speech signal

Pre-emphasis [, Framing

Windowin: Power
> N

spectimin

Mel
spectimmn

Mel
cepstrum

— MFCC

Figure 3.2: Feature Extraction process
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Pre-emphasis is used to improve the speech signal quality. Pre-emphasis increases
the magnitude of higher frequencies of speech signal with respect to the lower
frequencies. The aim is to compensate the high frequency part of the speech signal that
was suppressed during the human sound production. High pass Finite Impulse Response

(FIR) filter is used for this purpose.

Speech signal is sampled and digitized into discrete samples known as frames by
performing sequence of shifting. Segmenting of original speech with rectangular window
causes discontinuities at the edge of the segment. In order to reduce the discontinuities of
the speech signal at the edges of each segment (frame), Hamming window is preferred to
be used for smoothen the transition among the frames. Frame rate is 100 frames per

second and window length is 0.025625 seconds are the default values used in Sphinx-3.

Power spectrum is obtained by performing Discrete Fourier Transform (DFT). The
DFT size is 512 which is a default value in Sphinx-3. It extracts the spectral information
from the windowed signal. It determines the energy at each frequency band equivalent to
time domain signal. Equally spaced frequency bands are generated by DFT which are
highly correlated with each other. Thus the power spectrum representation is highly

redundant.

Mel spectrum is obtained by applying Mel-scale filter bank on DFT power
spectrum. Mel-filter concentrates more on the significant part of the spectrum to get data
values. Mel-filter bank is a series of triangular band pass filters similar to the human
auditory system. The filter bank consists of overlapping filters. Each filter output is the
sum of the energy of certain frequency bands. Higher sensitivity of the human ear to
lower frequencies is modeled with this procedure. The energy within the frame is also an
important feature to be obtained. Compute the logarithm of the square magnitude of the
output of Mel-filter bank. Human response to signal level is logarithm. Humans are less
sensitive to small changes in energy at high energy than small changes at low energy.

Logarithm compresses dynamic range of values.

Mel-cepstrum is obtained by applying Discrete Cosine Transform (DCT) on the
logarithm of the mel-spectrum. DCT is used to reduce the number of feature dimensions.

It reduces spectral correlation between filter bank coefficients. Low dimensionality and
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uncorrelated features are desirable for any statistical classifier. The cepstral coefficients
do not capture the energy. So it is necessary to add energy feature. Thus twelve (12) Mel
Frequency Cepstral Coefficients plus one (1) energy coefficient are extracted. These
thirteen (13) features are generally known as base features. Remaining features are not
considered for speech recognition. The first order and second order differentials are used
to include contextual information into features. These differentials also remove
drawbacks of HMM models and improves the accuracy of speech recognition. Thus 39-
dimensional features (12 MFCC + 1 energy feature + 12 delta MFCC + 1 delta energy
feature + 12 double-delta MFCC + 1 double-delta energy feature) are extracted to build
HMM.

3.2. ACOUSTIC MODEL

Signal processing techniques are used to represent the speech signal as a sequence
of real valued vectors such as MFCCs. In general, a sequence of continuous speech
feature vectors is transformed into string of vector quantization (VQ) codebooks. The aim
of VQ is that each feature vector is represented by the symbol K, where K is typically
ranges from 128 t01024. This is done by automatically separating the feature vectors into
K groups or clusters. K-means algorithm is used for clustering generally called as VQ
codebook. However this VQ lose information regarding speech signal. This missed
information might be useful for speech recognition. Instead of using K possible VQ
codebooks, d-dimensional Gaussians (where d is the dimension of the feature vectors) are

used for generating continuous output function. Hence HMM is used for this purpose.

Continuous vectors with a particular probability are required for the continuous
HMM. For getting continuous output vectors, probability density function (pdf) such as
Gaussian distribution is used to assign a particular probability for each continuous feature
vector. A Gaussian is defined by a mean and the variance. In one dimensional, it is bell-
shaped curve and it assumes that the data must fit a Gaussian. A particular point on this
bell-shaped curve is the likelihood of the corresponding vector being generated. For
continuous speech recognition system, combination or mixture of Gaussians is used for

output function because it is easy to estimate their means and variances using forward-
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backward algorithm. The diagonal covariance matrices can be used instead of full
covariance matrices. This drastically reduces the number of parameters and the
computational effort. As a consequence, a higher number of mixtures can be used, and
correlation of the feature vectors can thus (to a certain degree) be modelled by the
combination of diagonal mixtures [50]. In a Gaussian mixture based systems, parameter
tying may occur at different levels of means, variances, mixture coefficients, states,
transitions etc. In tied mixtures model, all the output functions share same set of
Gaussians having its own set of mixture coefficients. This is Gaussian mixture codebook.
This is similar to VQ codebook. Gaussian Mixture Models (GMMs) are used for
modeling correlations in feature vectors [48]. The output probability is represented by set
of Gaussian distributions of normal density N with mean vector pjc of the states and

covariance matrix Ujc with corresponding mixture weight Wiy is given below:

b; (o) = Xk Wik N(o¢| ke, Ujk) (3.4)
3.2.1. Hidden Markov Model

Hidden Markov Models (HMMs) are efficient way to model both spectral and time-
varying characteristics of speech signals. Acoustic model based on the HMM is widely
used in speech recognition to capture the acoustic characteristics that change over the
time. HMM consists of states, state transition probabilities and state emission
probabilities (output probability density function). HMM based acoustic models are used

in Sphinx-3.

HMMs are classified into three types based on the output probability density
function (pdf). First, if the output pdf is discrete, then it is classified into discrete HMMs.
Second, if the output pdf is continuous, then the classification is called as continuous
HMMs. In the third type, the discrete and continuous HMMs are combined. Phone-based
subword unit is a popular choice to model the speech. The production of a particular
phone is influenced by both preceding and following phones. Subword units are typically

a three-state left-to-right topology. In HMM, all states related to subword units are hidden
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and every state emits acoustic observations as a mixture of Gaussian distribution. This

representation provides continuous output distributions; so it is continuous HMMs.

HMM is defined by triple parameters as A = (A, B, 7), where A = state transition
probabilities a;; from state i to state j, B = output probability distribution of observing

sequence O being in state j at time t, b;(o.) and 7w = initial state distribution. This is

represented in the Figure 3.3.

States

A
’61 63 6 03050407 Og-==---- A Observation Sequence
q 9> 95 94 9:969- 9g------ State Sequence
bl(ua) bz(a) b,(6) Observation Probability

Figure 3.3: Hidden Markov Model

Once the HMM has been specified, there are three key problems that must be addressed

as given below [48].

1. Evaluation problem

Given the observation sequence O and the model A, how to compute efficiently
P(O| L), the probability of the observation sequence for the given model?

The solution to this model enables us to evaluate the probability of different
HMMs generating the same observation sequence. This is used to compare the
probability of different models generating for the same observation sequence. If
we have different HMMs for one word, then the recognized word is the one
whose model has largest probability of generating the observation sequence.

Forward algorithm is used for this purpose.
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2. Decoding problem

How to find the sequence of hidden states that most probably generated an
observed sequence?
This problem is related to find the optimal state sequence. Viterbi algorithm is

used for finding best state sequence.
3. Learning problem (Training)

How to adjust the model parameters to maximize the likelihood of the model A for
the given observation sequence O.

The solution to this problem is to optimize the model parameters. Forward-
Backward algorithm (Baum-Welch algorithm) is used to adjust the model

parameters.

Detail explanation is given below for the problems mentioned above:

1. Evaluation problem

Consider state sequences of length T. There are N' state sequences. Consider one state
sequence q = (01, Q2...q7), Where q; is the initial state. The probability of the

observation sequence O given the state sequence is
P(OP) = [T{=1 P(or [ e, A)
= bg1(01).bg2(02). . .bgr(07) (3.5)
The probability of such state sequence ( is
P(q| 1) = I1q1 aq1q28q203- - --qT-1qT (3.6)
The joint probability of O and g is the product of above two terms is given as

P(O,q %) =P(Olg, MP(q| 1) (37)
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The probability of O is obtained by summing this joint probability over all possible state

sequences ( is

P(O[ A) = YanqP(Olg, MP(q| 1)
=Y qrqz. ot 11q1 Bg1(01), a1z D2(02),. .. .agT-19T DgT(07) (3.8)

From the above, initially the state g; with probability I1q;, the observation o; is generated
with probability bql(ol). This generating process continues in this manner until the last
transition from state aqr-1 to gt with probability agr.1qr generating with the symbol Ot

with probability bgr(0t). This is forward procedure.
Forward Procedure
Consider the forward variable defined as

(Xt(i) = P(O]_Og. .0 Ot = 1|}\,) (3.9

probability of the partial observation sequence 0;0,...0; and state i at time t for the given
model A. O(i) is solved inductively in three steps as follows:

1. Initialization

(Xl(i) = Hibi(ol), 1<i<N (3.10)
2. Induction
oa(i) = [ X111 o (D)ay;]bj(0r41) , IS T-1, 1SjSN (3.11)

3. Termination
PON = XL, ar(i) (3.12)
Step 1 initializes the forward probabilities as the joint probability of state i and
initial observation 0;. Step 2 shows how the state j can be reached at time t+1 from the N
possible states. Since (i) is the probability of the joint event that 0,0,...0; are stored,
and the state at time t is i, the product O(i)a;; is the probability of the joint event that

010,...0; are observed and state j is reached at time t+1 through state i at time t. This

product is summed over all possible states 1, 1< i< N at time t results in the probability of
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j at time t+1 with all previous partial observations. If this is done and j is known, a1(j) IS
obtained by observing o1in state j. This is obtained by multiplying summed quantity by
bj(0t+1). In step 3, P(OA) is calculated as the sum of the terminal forward variables ar(i).

Thus it requires the order of N*T calculations.
Backward procedure

Backward variable B(i) defined as

Bi(i) = P(0+10¢s2...07]0 =i, 1) (3.13)

It means the probability of partial observation sequence from t+1 to the end for the given

state i at time t for the given model A. B(i) is solved inductively in the following steps:

1. Initialization

pr(i) =1, I<isN (3.14)
2. Induction
Bi(i) = [2?’:1 ajjb; (Ot+1)]Bt+1(j)]
Where t=T-1, T-2, ..,1; 1<i<N (3.15)

In step 1, Br(i) is defined as 1 for all i. In step 2, in order to be in state i at time t and an
observation sequence at t+1, consider all states j at t+1, transition from i to j (a;;) and the
observation o+ in state j. Also consider remaining partial observation sequences from

state j (B+1(j)). This term is helpful in training.

3. Decoding problem

In this, optimal state sequence is to be determined for the given observation sequence.
Select states q; those are individually most likely at each time t. To do this, define

posterior probability variable as

(i) = P(q=ilO, 1) (3.16)

The above is the probability of being in state i at time t for the given observation O and

model L. y(i) is defined in terms of forward and backward variables as follows:
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Q) = (DB ()
BTN o (DB ()

(3.17)

where a, (i) indicates for partial observation sequence 0;0,...0; and state i at time t,

while B, (j ) indicates for the remaining observation sequence O10t+7...0T for the given

state q; =i.

The most likely state g; at time t using y(i) as follows

q; = argmax[y(i)] (3.18)

The above maximizes the expected number of correct states (selecting most likely state
for each t). But when the HMM has state transitions which have zero probability (a;;=0

for some i and j), the optimal state sequence obtained cannot become a valid state
sequence. To overcome this, optimal criteria should be modified by using Viterbi

algorithm.
Viterbi algorithm

To find the single best state sequence q = (q1,02...qt) for the observation sequence O =

(010;...071) , it is defined as:

St(l) = MmaX q1q2..qt-1P(q1q2--qt-l1qt= I, 0102---0T| 7\,) (3.19)

The above indicates that (i) is the best score (highest probability) along a single path at
time t considering first t observations and ends in state i. dw+1(j) is calculated by induction

as .

O+1(J) = [max; &¢(i)a;j]b;j(0rr1) (3.20)

The following is the procedure for finding the best sequence as follows:

1. Initialization
d1(1) =IT; bj(oy) 1<i<N (3.21)
ya(i) =0 (3.22)
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2. Recursion
6i(J) = max;<iev [Ora(i)a]bj(0)  2<t<T, 1<j=N
vi(j) = argmax[d.1(i)ay] t<T, I<j<N

3. Termination
P™ = max;<iey [57(i)]

qr = argmaXx i< [87(i)]
4. path(state sequence) backtracking
q1 = Ve1(G+1)

(3.23)
(3.24)

(3.25)
(3.26)

(3.27)

Viterbi algorithm is similar in implementation except in backtracking. Viterbi algorithm

is used to calculate maximization procedure over the previous states. But forward

algorithm uses summation procedure.

4. Learning problem (Training)

The procedure for HMM re-estimation of HMM parameters, the probability of being in

state i at time t and j at time t+1 for the given model and observation sequence is given as

below:
&t(llj) = P(qt:L q'[+l :J| Oa >\‘)

&(i,)) is defined in terms of forward and backward variables as follows:

- P(qt=i, qe+1 5j100)
ar (Dajj (bj) 0r41p,,1 ()
p(O[A)
a¢(Dajjbj(0t+1)Br+10)
P Z,-Nzl at(Dajj bj(or+1)Be+10)

Relating y(i) to &(i,j) by summing over j is given as follows:
~N_ N ..
Yi(i)= Xi=1 & (4, ))
Let Y71 ¥, (i) = expected number of transitions from state i in O
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(3.29)

(3.30)

(3.31)

(3.32)
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Let ZtT;f + (1, J)= expected number of transitions from state i to state j in O (3.34)

Using above two formulas, re-estimation of parameters of HMM is given below:

TT; = expected number of times in state i at time t=1 = y4(i) (3.35)
__expected number of transitions from state ito state j
i = - : (3.36)
expected number of transitions from state i
_Zici §e(i)) (3.37)
Yot ve® '
B(k) _expected number of times in state j and observing symbol vy
J - expected number of times in state j
(3.38)
T-1 .
Zt:l’ot:vk yt(])
= (3.39)

YTt ve()

The re-estimated model A = (4, B, IT) is obtained. This re-estimation can be done for

several times until the convergence achieved.

3.3. PRONUNCIATION DICTIONARY

The pronunciation dictionary (lexicon) consists of all possible pronunciations. A
pronunciation dictionary defines how the words in the language are pronounced. The
lexicon in Sphinx-3 defines the linear sequence of phones representing the pronunciation
for each word in the vocabulary. The pronunciation dictionary acts as a link between the
acoustic model and the language model. The pronunciation dictionary is necessary to
concatenate the HMM phone models (subword units) to word models. Word
pronunciations are given in terms of phones in the phoneset. In Sphinx-3, phoneset is the
list of phones based on ARPAbet symbol [51]. ARPADbet is a phonetic transcription code
developed by Advanced Research Projects Agency (ARPA) as a part of their Speech
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Understanding Project (1971-1976). It represents each phoneme of general American
English with a distinct sequence of American Standard Code for Information Interchange
(ASCII) characters. In Sphinx-3, the pronunciation dictionary should have word with
following phonetic transcription. The left hand side is the words and the right hand side is
the set of phones representing the word. The delimiter for the words and the phone listing
is space or tab and for the sequence of phones each of it separated by a space [52]. The
structure of the CMU pronunciation dictionary (Carnegie Mellon University

pronunciation dictionary) is shown below:

AAFIS AAFAHS
AANDHRA AANDHHRAH
BUKING B UW K AH NG
CHENNAI CHEHNAY
CHITTOORKI CHIHTTUWRKIY
ELA EH L AH

ENNI IHNIY

ETU EHTUW

EVARINI AHV AERAHNIY
SIRPUR SAHRPAHR
VUNDHI VAHNDHHIY

3.4. LANGUAGE MODEL

The language model is used to estimate the probability of individual hypothesis
sequence of words, P (W). The language mode is required to provide the posterior
probability for the word sequence. In other words, it is a statistical model that fetches
word and word sequence probability. This probability searches for linguistically the most
probable sequence of words by assigning the probabilities compared with the unlikely
sequence of words. The statistical model that gives P(W) for each word sequence W =
{wi,...,wn} is called a language model and its parameters are estimated from a linguistic
corpus [53].
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P(W) = P(W) = P(Wl,Wz,.....,WN)
= P(Wl)P(W2|W1) . P(WN| Wl,Wz,. . ---,WN-l)

=[Th=1 P(Wy [W1, W, ... Wy_1) (3.40)

Hence the probability of each word is only N-1 preceding words. It is complex to
estimate the probability of all the possible word sequences. This model is called N-gram

model.

Let C(W;,Wi.1,...Win+1) is the number of occurrences of the word sequence
W;,Wi+1,...Wisn-1 IN the training speech corpus. The probability of Py (w;) for each word
is shown below:

CWiWi—q,..Wi—n+1)
CWi—1,-Wi_N+1)

Pn(Wi[Wi,.. . Wins1) = (3.41)

If N =1, itis called as Unigram Model and If N=2, it is Bigram Model and if N=3,

it is Trigram Model [53]. Trigram language model is used in the present work.

Maximum likelihood estimates the word probabilities which are based on the
counting frequency of occurrence of word sequences from the training set. And for the
three words C (Wp.2, Wn.1, Wy)

C(Wn—ZIWn—l:Wn)

P2 W) = =7 S w0

(3.42)

Language model is used in Finite State Network (FSN) to integrate into the
acoustic model. FSN is discussed in the next section.

3.5. Training

Every sentence in the training data consists of the waveform and its corresponding
transcription. Lexicon is available which provides transcription of words in terms of set
of subword units being trained. FSN is constructed using the pronunciation dictionary
(lexicon) and the HMM based acoustic model to make the valid transitions between the

context-dependent HMMs of subword units. Every subword unit is represented in three-
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state left-to-right HMM. Word models are built by concatenating the subword HMMs
[48]. Thus each word is represented as an FSN of subword units as shown in the Figure
3.4.

DELILI:
O— 00— 00— 00— 0
D H L IY
TRAIN :
o0—0——»0—>»0—>0
T R EY N
EPPUDU :
oO— 00— 00— 00— 00— 0—»0
EH P Y uw D uw
VUNDHI :

v UH N D HH Y

Figure 3.4: FSN for subword units

Sentence is represented as FSN of words by incorporating silence between them to
generate extended HMM. Single state HMM is used for silence because silence is
stationary and has no temporal structure to exploit. FSN for the sentence is shown in
Figure 3.5. Thus the composite FSNs are created for all sentences in the training data to
form the search network [48]. The training allows re-estimating the model parameters for
each of the subunits in search network using Baum-Welch algorithm, which is discussed

in section 3.2.1.

The following Figure 3.5 represents composite FSN for sentence “DELLI TRAIN
EPPUDU VUNDHI”.
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Figure 3.5: Composite FSN

3.6 DECODING

The decoder implements a search process over all the possible word sequences.
The decoder utilizes composite FSN to find the best state sequence q for the unknown
observation vector sequence. In order to determine the path probability, state space is
expanded by aligning the observed feature vector with the state sequence. The path
probability is obtained by computing transition and output probabilities for the given
feature vector. The common method to determine the most probable state sequence is
expanding the search network by computing the probabilities of all state sequences that
possibly generate the observation sequence 010,...07. Computation complexity depends
on the size of the lexicon and the observation sequence. Viterbi algorithm reduces the
complexity by discarding some state sequences having lower probability. Thus Viterbi
algorithm is used for finding the optimal state sequences for the observation sequence
which is explained in the Section 3.2.1. Thus optimal path determines the recognized
word hypothesis. This is shown in Figure 3.6 [53]. As this search process involves the
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trigram language models, the probability of the path depends on the previous two words;
more optimal paths are generated with word hypothesis. It is therefore necessary to
continuously prune away some of the less likely hypotheses to maintain the search task in
a manageable scale. The most important pruning method is ‘beam pruning’. It is based on
a simple idea of relating the partial scores of the active hypotheses to the score of the
current best hypothesis at each time frame. The score of the best hypothesis acts as the
reference score to which all the other scores are compared. Only the hypotheses whose
scores are close enough to the reference score get propagated forward, the rest are pruned
away [54]. The score threshold determining the allowed deviation is called the beam
width. The result of the Viterbi search is a single recognition hypothesis as well as a word
lattice that contains all the words recognized during decoding, their time segmentations
and corresponding acoustic scores. For each word occurrence the word lattice contains
several alternative end times, but usually only a single beginning time. Sphinx3.6 decoder

is used for decoding purpose in the present work.

0240

states

RN
©

01 O 03 ______ 0'[.1 01"

observation sequence

Figure 3.6: Optimal path
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CHAPTER-4
SPEECH DATABASE

This chapter describes Telugu speech database collected for the present work.
PSOLA method is used in the present research work to convert the Normal Speech Rate
(NSR) into Slow Speech Rate (SSR) and Fast Speech Rate (FSR) [55]. The proposed
modules used in the SIASR system are also discussed in this chapter.

Clean speech will give better results in the SIASR system. But it is hard to acquire
the clean speech. Speech signal will be associated with noise if there is any background
noise. This is not desirable for training and testing. Noise will be mixed even in the room
environment while recording. It is necessary to listen carefully after recording is over for
each speaker. Noise will be removed in noisy cases if possible. Noise removal recording
devices are preferable for recording speech. If long pauses are found in the beginning or
in the middle or at the end of acoustic signal, these additional lengths of pauses should be
removed for better training purpose. If the acoustic signals are noisy in nature, it is better
to record again with the same recording device in same environmental conditions as

recorded earlier for better matching of acoustic feature vectors.

4.1.Collection of speech data

In the present work, a speech database related to railway inquiry system is created.
In railway inquiry system, passengers generally ask information about the train timings,
arrivals and departures of various trains, way to booking office, waiting room, parcel
office and other things. It is a very good societal application which reduces cost and time
of the customers. In this regard, for experimental purpose, 50 queries are prepared in
Telugu and given to the selected speakers to record their voices. 20 speakers are selected
in the ages between 20 and 25 years for recording. 10 male speakers and 10 female
speakers are used for recording the queries related to railway inquiry system. All the
speakers are in normal health condition and queries are recorded by them. Totally 1000
queries are recorded in normal speech rate by 20speakers (10 male speakers and 10
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female speakers) in the room environment using head-mounted noise cancelling close
talking microphone (recording device). Since it is head mounted, all speakers recorded

with uniform distance from mouth to microphone.

As speech is relatively low bandwidth (100Hz — 8kHz), 8kHz (8000 samples per
second) is sufficient for speech recognition. But 16 kHz (16000 samples per second)
provide more accurate high frequency information. 16 bits per sample is used in speech
recognition. Mono channel is used for desktop applications and stereo channel is used for
telephone based applications. Hence utterances are recorded with a sampling rate of

16000 Hz and mono channel with 16 bits per sample for better training and testing.

But in reality, speakers may vary in their speech rate in asking the queries at the
railway inquiry system. But this variation will be relatively slow or fast, but should not be
too slow or fast. While inquiring there is a possibility of occurring different types of
errors such as substitution, deletion and insertion errors [15]. These errors degrade
recognition accuracy. Efforts have been taken to reduce such errors. Linearly time-
compressed speech has a temporal and a segmental processing advantage over naturally
produced fast speech [26]. Hence Normal Speech Rate (NSR) which is collected from the
20 speakers is converted into Slow Speech Rate (SSR) and Fast Speech Rate (FSR) using
PSOLA method. This is discussed in the next Section 4.1.1. Thus in total 3000 queries
are used for training and testing in the present work.

4.1.1. PSOLA Method

In our approach NSR, SSR and FSR are separately taken for the purpose of the
training and decoding. Time Domain Pitch Synchronous Overlap and Add (TD-PSOLA)
method is used to convert NSR into SSR and FSR for training and testing (decoding) [55,
56]. In this method, first the acoustic signal is segmented into small overlapping frames
using Hanning Window. These windowed frames can then be recombined by placing
their centres at the original epoch positions and adding the overlapping regions.
Lengthening is achieved by duplicating frames. For a given set of frames, certain frames
are duplicated, inserted back into sequence, and then overlap-add. The result is a longer

speech signal. Shortening is achieved by removing frames. For a given set of frames,
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certain frames are removed and the remaining ones are overlap-added. The result is a

shorter speech signal [56]. Thus TD-PSOLA is applied on all NSR sentences to convert

into SSR and FSR.

The following Figure 4.1 shows the duration of recorded sentence ‘THIRUMALA
EKSPRES EPPUDU VASTHUNDHI’ in NSR.

0

0.06418

~6.104-10-5pm

-0.05646
5000 Hz|

600.8 Hz -4

Mm

0

I w’w r.*w
L

Yisible part 1. 700125 seconds

500 Hz

|75 Hz

1.700125

Total duration 1.700125 seconds

Figure 4.1: NSR sentence

TD-PSOLA is applied on the above sentence to stretch the sentence in order to

increase the duration. This is shown in Figure 4.2. TD-PSOLA is applied on the above

sentence to compress the sentence in order to decrease the duration. This is shown in

Figure 4.3.
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Figure 4.2: SSR sentence after TD-PSOLA
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Figure 4.3: FSR sentence after TD-PSOLA
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4.2. Proposed modules

The following Figure 4.4 illustrates the proposed modules in green in the SIASR system.

Fast Speech Normal Slow Speech

Rate (F5R) SpeechRate || Rate (SSR)
(NSR)

Speech Rate Speech Rate

used for Training used for Testing

! !

Signal Processing Technigues
{01,..0m} {01,..0n}
L
Acoustic
r h
Model .
Recognition/ Best Error Pronunciation
P(01..0y[W1,.. Wy) Decoding »| Hypothesi Analysis ™™ Dictionary
'y Modification
Language H=(WLIw2) P(O/W)*P(W) Method
Model L
— Forward and .
POVI[ W2 W) ] HMM Backward Final
Lexicon » Training Search Method Output
?nllcon- | > (FBSM)
Dictionar
P(W1...Wy)

Figure 4.4: Proposed modules in SIASR system

Collection of speech database was explained in previous Section 4.1.1. Feature
extraction, training and decoding algorithms used in speech recognition are already
explained in Chapter 3. In the present work, training and testing are performed at
different rates of speech. Sphinx-3 speech recognition system developed in Carnegie
Mellon University which is used for training and testing in the present work. It is well
suited for SIASR. Baum-Welch algorithm is used for training in Sphinx-3. Sphinx-3.6
decoder based on Viterbi algorithm and Beam search is used for decoding. It is a
collection of open source tools and resources which are helpful for performing training

and testing for the present research work [57]. Substitution, insertion and deletion errors
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are observed from the decoder results of SIASR system. These results are tabulated in
Chapter 5. These errors are analyzed to notice the type of errors that occur during
testing. Thus error analysis is necessary for incorporating methods to improve the

recognition accuracy.

Substitution errors are reduced through Pronunciation Dictionary Modification
Method (PDMM) which is explained in detail in Chapter 6. Results obtained with
modified dictionary using PDMM are tabulated in Chapter 6. Forward and Backward
Search Method (FBSM) is applied on the decoder results which are obtained in Chapter
6. This method reduces one insertion or one deletion or one substitution error. FBSM is
explained in Chapter 7. This method improves sentence recognition accuracy. These
results are tabulated in Chapter 7.
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CHAPTER-5
SPEECH RECOGNITION ACCURACY AT DIFFERENT
RATES OF SPEECH

The speech database discussed in the Section 4.1 of Chapter 4 is used for the
experiments performed in this chapter. Training and testing are performed at different
rates of speech namely Normal Speech Rate (NSR), Slow Speech Rate (SSR) and Fast
Speech Rate (FSR). The main aim of this chapter is to observe the performance of SIASR
system when different speech rates are used for training and testing. It is also important to
examine the type of errors that occur when speech rate, number of speakers and number

of sentences vary in training and testing.

In the present work, separate training models are developed for NSR, SSR and
FSR. Each of the training models is tested by NSR, SSR and FSR. Here six cases are
involved to examine the type of errors when the speech rates and number of speakers
vary in training and testing. When the number of speakers varies, automatically the
number of sentences in training and testing will also vary. The six cases for training and
testing are explained in Section 5.1. Thus eighteen experiments are performed and results

are tabulated in this Section 5.1.

The most popular metrics for the performance evaluation of the SIASR system are
Sentence Recognition Rate (SRR), Word Recognition Rate (WRR) and Word Error Rate
(WER). These metrics are based on the alignment of the decoder output or hypothesis file
(HYP) with the reference file (REF). Based on the alignment, errors are classified into
substitutions, deletions and insertions. SRR, WRR and WER are calculated for different
rates of speech which are tabulated in the Section 5.1 [58]. Different types of errors are
discussed in Section 5.2. Errors are analyzed in Section 5.3. This analysis is needed to

improve the recognition accuracy by incorporating methods.
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The following are the evaluation metrics used in the present work.

Let correct-sentences (corr-sents) = Number of sentences correctly recognized in

hypothesis file
M = Total number of sentences (sents) in references

The Sentence Recognition Rate (SRR) is calculated as follows:

_ correct — sentences

SRR = v (5.1)

Let 1000 sentences are in reference file and 800 sentences correctly recognized which are
in hypothesis file, then SRR = 800/1000 = 0.8. Thus the percentage of correct sentences

(corr-sents) in hypothesis file is 80%.
WRR and WER are calculated as follows:
Let N = Number of words in the reference file

C = Number of correctly recognized words (number of words in hypothesis file

and reference file are correctly aligned)
S = Number of substitution errors
D = Number of deletion errors

| = Number of insertion errors

Word Recognition Rate (WRR) = % (5.2)
Word Error Rate (WER) = (S+§+I) (5.3)
Substitution Error Rate (SER) = — (5.4)
Deletion Error Rate (DER) = % (5.5)
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: I
Insertion Error Rate (IER) = N (5.6)

The following sample is taken for calculating WER.
REF: KERALA ekspres EKKADA NUNDI start avuthundhi

HYP: KRISHNAA ekspres EKKADIKI start avuthundhi

In the above sample, N=6, C=3, S=2, D=1, 1=0; S+D+I = 3, Thus WER = 0.5 and
WRR = 0.5. The percentage of error words in a sentence is 50%. The percentage of
words correctly recognized is 50% [58].

Thus SRR, WRR, SER, DER, IER and WER are calculated in all test cases
involved in all training models. The above notations are used in all the tables in Chapter
5, Chapter 6 and Chapter 7.

5.1. EXPERIMENTAL RESULTS AT DIFFERENT RATES OF
SPEECH IN TRAINING AND TESTING

5.1.1. NSR Training

5.1.1.1. NSRis tested with NSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 sentences in NSR are used for training and the same sentences are used for
testing. 1000 NSR sentences consisting of 4740 words are used for training and testing.
The SRR is 97.4%. 31 substitution errors, 11 deletion errors and 10 insertion errors are
occurred in this case. The WER in this case is 1.1%. Thus WRR is 99.1%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 sentences in NSR are used for training and the remaining voice of 1
speaker (1 Female speaker) with 50 sentences in NSR is used for testing. 950 NSR
sentences consisting of 4503 words are used for training. 50 NSR sentences consisting of

237 words are used for testing. 1 substitution error and 2 deletion errors are occurred in
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this case. Insertion errors are 0 (zero) in this case. Thus WRR is 98.7% and WER is
1.3%. Thus 96% of SRR is noticed in this case.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 sentences in NSR are used for training and remaining voices of 2 speakers (1
Male speaker and 1 Female speaker) with 100 sentences in NSR are used for testing. 900
NSR sentences consisting of 4266 words are used for training. 100 NSR sentences
consisting of 474 words are used for testing. 2 substitution errors and 5 deletion errors are
occurred here. Insertion errors are 0 (zero) in this case. As the total errors are 7, WER is
1.5%. The WRR obtained in this case is 98.5%. Thus SRR is 97% in this case.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 sentences in NSR are used for training and remaining voices of 4 speakers (2
Male speakers and 2 Female speakers) with 200 NSR sentences are used for testing. 800
NSR sentences consisting of 3792 words are used for training. And 200 NSR sentences
consisting of 948 words are used for testing. Here 4 substitution errors and 10 deletion
errors are noticed. Here also insertion errors are 0. WER of 1.5% is observed here. Thus
SRR is 96.5%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 sentences in NSR are used for training and remaining voices of five speakers (3
Male speakers and 2 Female speakers) with 250 sentences in NSR are used for testing.
750 NSR sentences consisting of 3555 words are used for training. 250 NSR sentences
consisting of 1185 words are used for testing. The total errors are 22 in which 15
substitution errors and 7 deletion errors are noticed. Here O (zero) insertion errors are
noticed. Thus WRR is 98.1% and WER is 1.9%. Thus SRR is 96% in this case.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 sentences in NSR are used for training and the remaining voices of 10 speakers
(6 Male speakers and 4 Female speakers) with 500 sentences in NSR are used for testing.
2370 words in 500 NSR sentences are used for training and the remaining 2370 words are

used for testing. The total errors are 93 in which 63 substitution errors, 14 deletion errors
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and 16 insertion errors are noticed. The WER is 3.9% and WRR is 96.8%. Thus the SRR
is 91%.

The above discussed results are tabulated in the following Table 5.1.

Table 5.1: Training with NSR and Testing with NSR

S.No Training Data in NSR Test Data in NSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. of | No. of No. No. of | Corr- C S D | WgELR
speakers of words | speakers of Words | sents & & & & (%)
(M&F) sents (M&F) sents | (N) &SRR | WRR | SER | DER | IER
(M) (%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 974 4698 31 11 10 52
(10M +10F) (10M+10F) 97.4% | 99.1% | 0.7% |0.2% | 0.2% | 1.1%
2 19 950 | 4503 |1 50 237 48 234 1 2 0 3
(10M +9F) (1F) 96% 98.7% | 0.4% | 0.8% | 0% 1.3%
3 18 900 | 4266 |2 100 | 474 97 467 2 5 0 7
(9M +9F) (1M +1F) 97% 98.5% | 0.4% | 1.1% | 0% 1.5%
4 16 800 |[3792 |4 200 | 948 193 934 4 10 0 14
(8M +8F) (2M +2F) 96.5% | 985% | 04% |1.1% | 0% 1.5%
5 15 750 | 3555 |5 250 | 1185 | 240 1163 15 7 0 22
(7TM +8F) (3M +2F) 96% 98.1% | 1.3% | 0.6% | 0% 1.9%
6 10 500 | 2370 |10 500 | 2370 | 455 2293 63 14 16 93
(4M +6F) (6M +4F) 91% 96.8% | 2.7% | 0.6% | 0.7% | 3.9%

5.1.1.2. SSR is tested with NSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 NSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 SSR sentences are used for testing. 1000
NSR sentences consisting of 4740 words are used for training. 1000 SSR sentences
consisting of 4740 words are used for testing. Here WRR is 98.8%. 47 substitution errors,
8 deletion errors and 15 insertion errors are obtained in this case. The WER is 1.5%. Thus
SRR is 97% in this case.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 NSR sentences are used for training and voice of 1 speaker (1 female
speaker) with 50 SSR sentences is used for testing. 950 NSR sentences consisting of

4503 words are used for training. 50 SSR sentences consisting of 237 words are used for
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testing. Here insertion errors are 0 (zero) but 8 substitution errors and 3 insertion errors
are seen. The WRR is 96.6% and SRR is 90%. Thus WER is 4.6% in this case.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 NSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) with 100 SSR sentences are used for testing. 900 NSR sentences
consisting of 4266 words are used for training. 100 SSR sentences consisting of 474
words are used for testing. Here 9 substitution errors, 2 insertion errors and only 1
deletion error are obtained. Thus WER is 2.5%. The SRR is 93% and WRR is 97.9%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 NSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 SSR sentences are used for testing. 800 NSR sentences
consisting of 3792 words are used for training. 200 SSR sentences consisting of 948
words are used for testing. The SRR obtained in this case is 95.5%. The WRR is 98.4%.
13 substitution errors, 4 insertion errors and 2 deletion errors are found here. The WER

obtained is 2% in this case.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 NSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with SSR sentences are used for testing. 750 NSR sentences
consisting of 3555 words are used for training. And 250 SSR sentences consisting of
1185 words are used for testing. The SRR is 94.8% and WRR is 97.8%. 17 substitutions,
7 deletions and 2 insertions are noticed in this case. Thus WER obtained here as 2.2%.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 NSR sentence are used for training and voices of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 SSR sentences are used for testing. 500 sentences of
NSR consisting of 2370 words are used for training. 500 sentences of SSR consisting of
2370 words are used for testing. In this case, total errors are 105 in which 72 substitution
errors, 17 deletion errors and 16 insertion errors are noticed. Thus WRR is 96.2% and
WER is 4.4%. In this case, 88.6% of SRR is noticed.
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The above discussed results are tabulated in the following Table 5.2.

Table 5.2: Training with NSR and Testing with SSR

S.No | Training Data in NSR Test Data in SSR Recognition Errors Obtained Total
Accuracy errors
No. of No. | No. No. of No. No. Corr- C S D | \%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) Sent | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
s M [(N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 970 4685 | 47 8 15 70
(10M +10F) (10M+10F) 97% 98.8% | 1% 02% | 03% | 15%
2 19 950 | 4503 |1 50 237 45 229 8 0 3 11
(10M +9F) (1F) 90% 96.6% | 3.4% | 0% 1.3% | 4.6%
3 18 900 | 4266 |2 100 | 474 93 464 9 1 2 12
(9M +9F) (1M +1F) 93% 97.9% | 1.9% | 0.2% | 0.4% | 2.5%
4 16 800 | 3792 |4 200 | 948 191 933 13 2 4 19
(8M +8F) (2M +2F) 955% |98.4% |14% | 02% | 04% | 2%
5 15 750 | 3555 |5 250 | 1185 | 237 1161 | 17 7 2 26
(7TM +8F) (3M +2F) 948% |97.8% [14% |0.6% |0.2% |2.2%
6 10 500 | 2370 |10 500 | 2370 | 443 2281 | 72 17 16 105
(4M +6F) (6M +4F) 88.6% | 96.2% |35% | 0.7% |0.7% | 4.4%

5.1.1.3. FSRis tested with NSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 NSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with FSR sentences are used for testing. 1000 NSR
sentences consisting of 4740 words are used in training. 1000 FSR sentences consisting
of 4740 words are used for testing. The total errors are 135 in which 96 substitutions, 28
deletions and 11 insertions are noticed. The WRR is 97.4% and WER is 2.8%. Here SRR

noticed in this case is 92.2%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female speakers)
with 950 NSR sentences are used for training and voice of 1 speaker (1 Female speaker)
with 50 FSR sentences is used for testing. 950 NSR sentences consisting of 4503 words
are used for training and 50 FSR sentences consisting of 237 words are used for testing.
The total errors are 23 in which 14 are substitutions, 8 deletions and 1 insertion are
noticed. Thus WRR is 90.7% and WER is 9.7%. Here SRR is 80%.
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In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 NSR sentences are used for training and voices of 2 speakers (1 Male speaker
and 1 Female speaker) with 100 FSR sentences are used for testing. 900 NSR sentences
consisting of 4266 words are used for training. 100 FSR sentences consisting of 474
words are used for testing. 93.2% of WRR is obtained in this case. 25 substitution errors,
7 deletion errors and 1 insertion errors are obtained here. Thus WER is 7%. The SRR

found in this case is 78%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 NSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 FSR sentences are used for testing. 800 NSR sentences
consisting of 3792 words are used for training. 200 FSR sentences consisting of 948
words are used for testing. 86% of SRR is obtained in this case. The total errors are 49 in
which 33 substitutions, 14 deletions and 2 insertion errors are noticed. Thus WER is
5.2% and WRR is 95%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 NSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 FSR sentences are used for testing. 750 NSR consisting
of 3555 words are used for training. 250 sentences consisting of 1185 words are used for
testing. The WRR is 94.8%. Here 40 substitutions, 22 deletions and 2 insertions are
noticed. The WER is 5.4% in this case. Thus 85.6% of SRR is obtained in this case.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 NSR sentences are used for training and voices of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 FSR sentences are used for testing. 500 NSR sentences
consisting of 2370 words are used for training. 500 FSR sentences consisting of 2370
words are used for testing. Here total errors are 185 in which 144 substitutions, 38
deletions and 3 insertion errors are noticed. Thus WER found in this case is 7.8%. The
WRR is 92.3%. Here SRR found in this case is 79.2%.
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The above discussed results are tabulated in the following Table 5.3.

Table 5.3: Training with NSR and Testing with FSR

S.No | Training Data in NSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. of | No. of | No. of No. No. Corr- C S D | \%VER
Speakers Sents | words | speakers of of sents & & & & (%)
(M&F) (M&F) sents | words | & SRR | WRR SER DER | IER
M) | (N) (%) (%) %) | () | (%)
1 20 1000 | 4740 20 1000 | 4740 | 922 4616 96 28 11 135
(10M +10F) (10M+10F) 92.2% | 97.4% | 2% 06% | 02% |2.8%
2 19 950 4503 1 50 237 40 215 14 8 1 23
(10M +9F) (1F) 80% 90.7% |59% |34% |0.4% | 9.7%
3 18 900 4266 2 100 474 78 442 25 7 1 33
(9M +9F) (1M +1F) 78% 93.2% [53% |15% |02% | 7%
4 16 800 3792 4 200 | 948 172 901 33 14 2 49
(8M +8F) (2M +2F) 86% 95% 35% | 15% | 0.2% |5.2%
5 15 750 3555 5 250 | 1185 | 214 1123 40 22 2 64
(7TM +8F) (3M +2F) 85.6% | 94.8% |3.4% |1.9% |02% |5.4%
6 10 500 2370 10 500 | 2370 | 396 2188 144 38 3 185
(4M +6F) (6M +4F) 79.2% | 923% |61% |16% |0.1% | 7.8%

The following observations are noticed from the above results mentioned in Tables 5.1,
5.2 and 5.3:

Q) S>D>l in 4 cases; D>S>I in two cases; S>I>D in one case when NSR is tested
with NSR.

(i)  S>I>Din all cases when SSR is tested with NSR.
(iti)) ~ S>D>lin all cases when FSR is tested with NSR.

It is found that more errors occurred when FSR is tested with NSR. SER is more
when FSR is tested with NSR. Thus WER is more in this case when compared with SSR
and NSR.

From the Figure 5.1, it is noticed that SRR is more for NSR when compared with
other speech rates such as SSR and FSR. From the Figure 5.2, it is found that WRR is
more when NSR is tested with NSR.
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Figure 5.1: Sentence recognition for NSR training model
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5.1.2. SSR Training

5.1.2.1. NSRis tested on SSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 SSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 NSR sentences are used for testing. 1000
SSR sentences consisting of 4740 words are used for training. 1000 NSR sentences
consisting of 4740 words are used for testing. Here total errors are 92 in which 62
substitutions, 20 deletions and 10 insertions are noticed. Thus WER is 1.9% and WRR is
98.3%. Thus SRR is observed as 95.4%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 SSR sentences are used for training and voice of 1 speaker (1 female
speaker) with 50 NSR sentences is used for testing. 950 SSR sentences consisting of
4503 words are used for training. 50 NSR consisting of 237 words are used for testing. 10
substitutions, 3 deletions and 5 insertion errors are observed here. Thus WER is 7.6% and
WRR is 94.5%. Thus SRR is 88% in this case.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 SSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) with 100 NSR sentences are used for testing. 900 SSR sentences
consisting of 4266 words are used for training. 100 NSR sentences consisting of 474
words are used for testing. The total errors are 27 in which 19 substitutions, 3 deletions
and 5 insertions are noticed. Thus WER is 5.7% and WRR is 95.4%. Thus SRR is 82% in

this case.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 SSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 NSR sentences are used for testing. 800 SSR sentences
consisting of 3792 words are used for training. 200 NSR sentences consisting of 948
words are used for testing. The total errors are 31 in which 20 substitutions, 4 deletions
and 7 insertions are noticed. Thus WER is 3.3% and WRR is 97.5%. Here SRR is noticed
as 90.5%.
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In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 SSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 NSR sentences are used for testing. 750 SSR sentences
consisting of 3555 words are used for training. 250 NSR sentences consisting of 1185
words are used for testing. The total errors are 43 in which 24 substitutions, 10 deletion
errors and 9 insertion errors are noticed. Thus WRR is 97.1% and WER is 3.6%. Thus
SRR is noticed as 90.8%.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 SSR sentences are used for training and voices of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 NSR sentences are used for testing. 500 SSR sentences
consisting of 2370 words used for training and 500 NSR sentences are used for testing.
87 substitutions, 26 deletions and 20 insertions are obtained in this case. The WER is
5.6% and WRR is 95.2%. The SRR is 86.2% in this case.

The above discussed results are tabulated in the following Table 5.4.

Table 5.4: Training with SSR and Testing with NSR

S.No | Training Data in SSR Test Data in NSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | \%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | &SRR | WRR | SER DER | IER
M) | (N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 954 4658 62 20 10 92
(10M +10F) (10M+10F) 95.4% | 98.3% |13% | 04% |02% |1.9%
2 19 950 | 4503 |1 50 237 44 224 10 3 5 18
(10M +9F) (1F) 88% 945% | 42% |13% |21% | 7.6%
3 18 900 | 4266 |2 100 | 474 82 452 19 3 5 27
(9M +9F) (1M +1F) 82% 95.4% | 4% 06% |11% |57%
4 16 800 | 3792 |4 200 | 948 181 924 20 4 7 31
(8M +8F) (2M +2F) 90.5% | 97.5% |21% |0.4% |0.7% | 3.3%
5 15 750 | 3555 |5 250 | 1185 | 227 1151 24 10 9 43
(7TM +8F) (3M +2F) 90.8% | 97.1% | 2% 0.8% | 0.8% | 3.6%
6 10 500 | 2370 |10 500 | 2370 | 431 2257 87 26 20 133
(4M +6F) (6M +4F) 86.2% | 95.2% |3.7% | 1.1% | 0.8% | 5.6%
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5.1.2.2. SSR is tested with SSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 SSR sentences are used for training and same sentences are used for testing.
1000 SSR sentences consisting of 4740 words are used for training and testing. The total
errors are 59 in which 38 substitutions, 8 deletions and 13 insertions are seen in this case.
Thus WER is 1.2% and WRR is 99%. The SRR obtained in this case is 97.1%.

In the second case, voices of 19 speakers (10 Male speakers + 9 Female speakers)
with 950 SSR sentences are used for training and voice of 1 speaker (1 Female speaker)
with 50 SSR sentences is used for testing. 950 SSR sentences consisting of 4666 words
are used for training. 50 SSR sentences consisting of 237 words are used for testing. Here
1 deletion and 1 insertion are obtained. But 8 substitutions are noticed. Thus WER is
4.2% and WRR is 96.2%. Thus SRR is 90%.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 SSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) 100 SSR sentences are used for testing. 900 SSR sentences consisting
of 3792 words are used for training. 100 SSR sentences consisting of 474 words are used
for testing. In this case deletions are 0 (zero). But 10 substitutions and 2 insertions are
noticed. Thus WER is 2.5% and WRR is 97.9%. In this case SRR is observed as 92%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 SSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 SSR sentences are used for testing. 800 SSR sentences
consisting of 3792 words are used for training. 200 SSR sentences consisting of 948
words are used for testing. Here the SRR is 94.5%. Here also deletions are 0 (zero). The
WER is 2.1% due to 15 substitutions and 5 insertions. Thus WRR is 98.4%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 SSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 SSR sentences are used for testing. 750 SSR sentences
consisting of 3555 words are used for training. 250 SSR sentences consisting of 1185

words are used for testing. The total errors are 27 in which 24 substitutions and 3
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insertions are noticed. In this case also deletions are 0 (zero). Thus WER is 2.3% and
WRR is 98%. The SRR is 94% in this case.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 SSR sentences are used for training and voices of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 SSR sentences are used for testing. 500 SSR sentences
consisting of 2370 words used for training and remaining 500 SSR sentences consisting
of 2370 words are used for testing. Here 74 substitutions, 27 deletions and 19 insertions
are noticed. The WER is 5.1% and WRR is 95.7%. Thus 86.6% of SRR is noticed in this

case.

The above discussed results are tabulated in the following Table 5.5.

Table 5.5: Training with SSR and Testing with SSR

S.No | Training Data in SSR Test Data in SSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- Cc S D | \(%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M [ (N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 971 4694 38 8 13 59
(10M +10F) (10M+10F) 97.1% | 99% 0.8% | 0.2% | 0.3% 1.2%
2 19 950 | 4503 |1 50 237 45 228 8 1 1 10
(10M +9F) (1F) 90% 96.2% |34% |[04% |04% | 4.2%
3 18 900 | 4266 |2 100 | 474 92 464 10 0 2 12
(9M +9F) (IM +1F) 92% 97.9% | 2.1% | 0% 0.4% | 2.5%
4 16 800 | 3792 |4 200 | 948 189 933 15 0 3 20
(8M +8F) (2M +2F) 945% |984% |1.6% | 0% 05% |2.1%
5 15 750 | 3555 |5 250 | 1185 | 235 1161 24 0 3 27
(7TM +8F) (3M +2F) 94% 98% 2% 0% 0.3% | 2.3%
6 10 500 | 2370 |10 500 | 2370 | 433 2269 74 27 19 120
(4M +6F) (6M +4F) 86.6% | 95.7% |3.1% |1.1% | 0.8% |5.1%

5.1.2.3. FSRis tested on SSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 SSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 FSR sentences are used for testing. 1000

SSR sentences consisting of 4740 words are used for training. 1000 FSR sentences
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consisting of 4740 words are used for testing. Here 139 substitutions, 41 deletions and 5
insertions are noticed. Thus WER is 3.9% and WRR is 96.2%. Here SRR is observed as
88.5%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 SSR sentences are used for training and voice of 1 speaker (1 Female
speaker) with 50 FSR sentences is used for testing. 950 SSR sentences consisting of 4503
words are used for training. 50 FSR sentences consisting of 237 words are used for
testing. The SRR in this case is 74%. The total errors are 28 in which 19 substitutions, 7
deletions and 2 insertions are noticed. Thus WER is 11.8% and WRR is 89%.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 SSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) with100 FSR sentences are used for testing. 900 SSR sentences
consisting of 4266 words are used for training. 100 FSR sentences consisting of 474
words are used for testing. 34 substitutions, 10 deletions and 2 insertions are noticed.
Thus WER is 9.7% and WRR is 90%. The SRR is observed as 72%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 SSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 FSR sentences are used for testing. 800 SSR sentences
consisting of 3792 words are used for training. 200 FSR sentences consisting of 948
words are used for testing. 52 substitutions, 23 deletions and only linsertion error are
noticed in this case. Thus WER is 8% and WRR is 92.1%. In this case, SRR is noticed as
80%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 SSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 FSR sentences are used for testing. 750 SSR sentences
consisting of 3555 words are used for training. 250 FSR sentences consisting of 1185
words are used for testing. 64 substitutions, 21 deletions and 1 insertion errors are
noticed. Thus WER is 7.3% and WRR is 92.8%. The SRR obtained in this case is 78.8%.
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In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 SSR sentences are used for training and voices of 10 speakers (5 Male speakers
and 4 Female speakers) with 500 FSR sentences are used for testing. 500 SSR sentences
consisting of 2370 words are used for training. 500 FSR sentences consisting of 2370
words are used for testing. The total errors are 270 in which 194 substitutions, 70
deletions and 6 insertions are noticed. Thus WER is 11.4% and WRR is 88.9%. The SRR
seen in this case is 71.4%.

The above discussed results are tabulated in the following Table 5.6.

Table 5.6: Training with SSR and Testing with FSR

S.No | Training Data in SSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | \(%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) Sents | words | (M&F) sents | words | &SRR | WRR | SER DER | IER
M [ (N) | (%) (%) (%) [ (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 885 4560 139 41 5 185
(10M +10F) (10M+10F) 88.5% | 96.2% |29% |09% | 0.1% 3.9%
2 19 950 4503 |1 50 237 37 211 19 7 2 28
(10M +9F) (1F) 74% 89% 8% 3% 8% 11.8%
3 18 900 4266 | 2 100 | 474 72 430 34 10 2 46
(9M +9F) (1M +1F) 72% 90.7% | 7.2% | 21% | 0.4% 9.7%
4 16 800 3792 | 4 200 | 948 160 873 52 23 1 76
(8M +8F) (2M +2F) 80% 92.1% | 55% |24% |0.1% 8%
5 15 750 3555 |5 250 | 1185 | 197 1100 64 21 1 86
(7M +8F) (3M +2F) 78.8% | 92.8% |54% |18% | 0.1% 7.3%
6 10 500 2370 |10 500 | 2370 | 357 2106 194 70 6 270
(4M +6F) (6M +4F) 71.4% | 88.9% |82% | 3% 0.3% 11.4%

The following observations are noticed from the above results mentioned in Tables 5.4,

5.5 and 5.6:

Q) S>D>1 in two cases and S>I>D in 4 cases when NSR is tested with SSR

(i) ~ S>D>Ilin one case and S>I>D in 5 cases when SSR is tested with SSR
(iii) S>D>1 in all cases when FSR is tested with SSR
It has been observed that the word recognition accuracy is more when SSR is tested
on SSR. Low recognition accuracy is observed when FSR is tested on the SSR due to
mismatches between training and testing. WER is more when FSR is tested with SSR.
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Thus SRR and WRR is more when SSR is tested with SSR. This is shown in Figure 5.3
and Figure 5.4.

The following Figure 5.3 shows sentence recognition accuracy for different speech
rates.
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Figure 5.3: Sentence recognition for SSR training model

The following Figure 5.4 shows word recognition accuracy for different speech rates.
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Figure 5.4: Word recognition for SSR training model
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5.1.3. FSR Training
5.1.3.1. NSR is tested on FSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 FSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 NSR sentences are used for testing. 4740
words in 1000 FSR sentences are used in training. 4740 words in NSR are used for
testing. 44 substitutions, 5 deletions and 11 insertions are obtained. Thus WER is 1.3%.
The WRR in this case is 99%. Thus SRR is observed as 96.3%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with FSR sentences are used for training and voice of 1 speaker (1 Female
speaker) with 50 NSR sentences is used for testing. 4503 words in 950 FSR sentences are
used in training. 237 words in 50 NSR sentences are used in testing. Here deletions are 0
(zero). The total errors are 10 in which 7 substitutions and 3 insertions are noticed. The
WER is 4.2% and WRR is 97%. Here SRR is seen as 90%.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 FSR sentences are used for training and voices of 2 speakers (1 Male speaker
and 1 Female speaker) with 100 NSR sentences are used for testing. 900 FSR sentences
consisting of 4266 words are used in training. 100 NSR sentences consisting of 474
words are used in testing. The total errors are 19 in which 12 substitutions, 2 deletions
and 3 insertions are noticed. Thus SRR is 88% and WRR is 97%. The WER in this case is
4%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 FSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 NSR sentences are used for testing. 3792 words in 800
FSR sentences are used in training and 948 words in 200 NSR sentences are used in
testing. 94.5% of SRR is observed in this case. The WRR is 98.7%. The total errors are
20 in which 15 substitutions and 5 insertions are noticed. Deletions are 0 (zero) in this
case. The WER observed here is 2.1%.
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In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 FSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 NSR sentences are used for testing. 3555 words in 750
FSR sentences are used in training and 1185 words in 250 NSR sentences are used in
testing. The total errors are 27 in which 22 substitutions, only 1 deletion and 4 insertions
are noticed. The WER here is 2.3%. The WRR is 98.1% in this case. Thus SRR is seen as
93.4%.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)
with 500 FSR sentences are used for training and voice of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 NSR sentences are used for testing. 2370 words in 500
FSR sentences are used in training and 2370 words in 500 NSR sentences are used in
testing. 88.2% of SRR is observed in this case. The WRR in this case is 97%. The total
errors are 94 in which 57 substitutions, 13 deletions and 24 insertions are noticed. Thus
WER observed here is 4%.

The above discussed results are tabulated in the following Table 5.7.

Table 5.7: Training with FSR and Testing with NSR

S.No | Training Data in FSR Test Data in NSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | \%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | &SRR | WRR SER DER IER
M) | (N) (%) (%) ) [ | (%)
1 20 20 963 | 4691 | 44 5 11 60
(tom +10F) | 1000 | 4740 (1om410F) | 1000 | 4740 | g5 | 9g0 | 0.0% | 019 | 0.29% | 1.3%
2 19 950 4503 | 1 50 237 45 230 7 0 3 10
(10M +9F) (1F) 90% 97% | 3% | 0% | 1.3% | 4.2%
3 18 900 4266 | 2 100 474 88 460 12 2 5 19
(9M +9F) (1M +1F) 88% 97% | 25% | 2% | 5% 4%
4 16 800 3792 | 4 200 948 189 933 15 0 5 20
(8M +8F) (2M +2F) 945% | 98.4% | 16% | 0% | 5% | 2.1%
5 15 750 3555 | © 250 1185 234 1162 22 1 4 27
(7TM +8F) (3M +2F) 93.6% | 98.1% | 1.9% | 0.1% | 0.3% | 2.3%
6 10 500 2370 | 10 500 2370 441 2300 57 13 24 94
(4M +6F) (6M +4F) 88.2% | 97% | 2.4% | 05% | 1% 4%
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5.1.3.2. SSRis tested with FSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 FSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 SSR sentences are used for testing. 1000
FSR sentences consisting of 4740 words are used in training. 1000 SSR sentences
consisting of 4740 words are used in testing. 39 substitutions, 12 deletions and 5
insertions are noticed in this case. Thus WER observed in this case is 1.2%. The SRR
found in this case is 96.6%. The WRR is 98.9%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 FSR sentences are used for training and voice of 1 speaker (1 Female
speaker) with 50 SSR sentences is used for testing. 950 FSR sentences consisting of 4503
words are used in training. 50 SSR sentences consisting of 237 words are used for testing.
88% of SRR is observed in this case. The WRR in this case is 95.8%. 8 substitutions, 2

deletions and 1 insertion errors are noticed in this case. Thus WER is 4.6%.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 FSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) with 100 SSR sentences are used for testing. 900 FSR sentences
consisting of 4266 words are used in training. 100 SSR sentences consisting of 474 words
are used in testing. 84% of SRR is observed here. The WRR is 96%. 14 substitutions, 5

deletions and 3 insertions are noticed in this case. Thus WER is noticed to be 4.6%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 FSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 SSR sentences are used for testing. 800 FSR sentences
consisting of 3792 words are used in training. 200 SSR sentences consisting of 948 words
are used in testing. The SRR in this case is 91.5%. Here WRR observed as 97.7%. 15

substitutions, 7 deletions and 1 insertion errors are seen in this case. Thus WER is 2.4%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 FSR sentences are used for training and voices of 5 speakers (3 Male speakers

and 2 Female speakers) with 250 SSR sentences are used for testing. 750 FSR sentences
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consisting of 3555 words are used in training. 250 SSR sentences consisting of 1185
words are used in testing. The SRR is 91.2% and WRR is 97.3%. 24 substitutions, 8

deletions and 1 insertion errors are noticed in this case. Thus WER is noticed in this case

is 2.8%.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)

with 500 FSR sentences are used for training and voices of 10 speakers (6 Male speakers

and 4 Female speakers) with 500 SSR sentences are used for testing. 500 FSR sentences

consisting of 2370 words are used for training. 500 SSR sentences consisting of 2370
words are used for testing. The SRR is 87.6% and WRR is 96.2%. 73 substitutions, 17

deletions and 13 insertions are observed in this case. Thus WER observed here is 4.3%.

The above discussed results are tabulated in the following Table 5.8.

Table 5.8: Training with FSR and Testing with SSR

S.No | Training Data in FSR Test Data in SSR Recognition Errors Obtained Total
Accuracy errors
No. of No. | No. No. of No. No. Corr- C S D | \%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M [ (N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 966 4689 39 12 5 56
(10M +10F) (10M+10F) 96.6% | 98.9% |0.8% |03% |0.1% | 12%
2 19 950 |4503 |1 50 237 44 227 8 2 1 11
(10M +9F) (1F) 88% 95.8% | 34% |0.8% | 0.4% | 4.6%
3 18 900 | 4266 |2 100 | 474 84 455 14 5 3 22
(9M +9F) (IM +1F) 84% 96% 3% 1.1% | 0.6% | 4.6%
4 16 800 |[3792 |4 200 | 948 183 926 15 7 1 23
(8M +8F) (2M +2F) 915% | 97.7% | 1.6% |0.7% |0.1% | 24%
5 15 750 |3555 |5 250 | 1185 | 228 1153 24 8 1 33
(7TM +8F) (3M +2F) 91.2% | 97.3% | 2% 0.7% | 0.1% | 2.8%
6 10 500 | 2370 |10 500 | 2370 | 438 2280 73 17 13 103
(4M +6F) (6M +4F) 87.6% | 96.2% |3.1% |0.7% | 05% | 4.3%

5.1.3.3. FSRis tested on FSR training model

In the first case, voices of 20 speakers (10 male speakers and 10 female speakers)

with 1000 FSR sentences are used for training and same sentences are used for testing.

1000 FSR sentences consisting of 4740 words are used for training and testing. The SRR

57




is 97.8%. The WRR is 99.2% in this case. 34 substitutions, 6 deletions and 10 insertions

are noticed in this case. Thus WER in this case is 1.1%.

In the second case, voices of 19 speakers (10 Male speakers and 9 Female
speakers) with 950 FSR sentences are used for training and voice of 1 speaker (1 Female
speaker) with 50 FSR sentences is used for testing. 950 FSR sentences consisting of 4503
words are used for training. 50 FSR sentences consisting of 237 words are used for
testing. Here the SRR is 92% and WRR is 97.5%. Only 1 insertion and 1 deletion errors
occurred here. But 5 substitution errors are noticed. Thus observed WER is 3%.

In the third case, voices of 18 speakers (9 Male speakers and 9 Female speakers)
with 900 FSR sentences used for training and voices of 2 speakers (1 Male speaker and 1
Female speaker) with 100 FSR sentences are used for testing. 900 FSR sentences
consisting of 4266 words are used in training. 100 FSR sentences consisting of 474 words
are used in testing. 9 substitutions, 1 deletion and 3 insertions are noticed here. Thus SRR
is seen as 91% and WRR is 97.9%. Thus WER is noticed in this case is 2.7%.

In the fourth case, voices of 16 speakers (8 Male speakers and 8 Female speakers)
with 800 FSR sentences are used for training and voices of 4 speakers (2 Male speakers
and 2 Female speakers) with 200 FSR sentences are used for testing. 800 FSR sentences
consisting of 3792 words are used for training. 200 FSR sentences consisting of 948
words are used for testing. 12 substitutions, 1 deletion and 1 insertion errors are noticed
in this case. Thus SRR is 95.5% and WRR is 98.6%. In this case WER is 1.7%.

In the fifth case, voices of 15 speakers (7 Male speakers and 8 Female speakers)
with 750 FSR sentences are used for training and voices of 5 speakers (3 Male speakers
and 2 Female speakers) with 250 SSR sentences are used for testing. 750 FSR sentences
consisting of 3555 words are used for training. 250 FSR sentences consisting of 1185
words are used for testing. The SRR is 94.8% and WRR is 98.3%. The total errors are 25
in which 18 substitutions, 2 deletions and 5 insertions are noticed here. Thus WER in this

case is seen as 2.1%.

In the sixth case, voices of 10 speakers (4 Male speakers and 6 Female speakers)

with 500 FSR sentences are used for training and voices of 10 speakers (6 Male speakers
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and 4 Female speakers) with 500 sentences FSR sentences are used for testing. 500 FSR
sentences consisting of 2370 words are used for training and remaining 500 sentences
consisting of 2370 words are used for testing. In this case SRR is 90.6% and WRR is
97.4%. The total errors are 83 in which 51 substitutions, 10 deletions and 22 insertions
are noticed here. Thus WER observed as 3.5%.

The above discussed results are tabulated in the following Table 5.9.

Table 5.9: Training with FSR and Testing with FSR

S.No | Training Data in FSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. | No. No. of No. No. Corr- C S D | \?VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M) | (N) (%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 978 4700 34 6 10 50
(10M +10F) (10M+10F) 97.8% |99.2% | 0.7% | 0.1% | 0.2% | 1.1%
2 19 950 |4503 |1 50 237 46 231 5 1 1 9
(10M +9F) (1F) 92% 97.5% | 2.1% | 0.4% |04% | 3.7%
3 18 900 | 4266 |2 100 | 474 91 464 9 1 3 13
(9M +9F) (1M +1F) 91% 97.9% | 1.9% |02% |0.6% |2.7%
4 16 800 |3792 |4 200 | 948 191 935 12 1 3 16
(8M +8F) (2M +2F) 955% | 98.6% |13% |0.1% |03% |17%
5 15 750 | 3555 |5 250 | 1185 | 237 1165 18 2 5 25
(7TM +8F) (3M +2F) 94.8% |98.3% |15% |02% |04% |2.1%
6 10 500 | 2370 |10 500 | 2370 | 453 2309 51 10 22 83
(4M +6F) (6M +4F) 90.6% | 97.4% |22% |04% |09% | 3.5%

The following observations are noticed from the above results mentioned in Tables 5.7,
5.8 and 5.9:

Q) S>I>D in all cases when NSR is tested with FSR
(i)  S>D>lin all cases when SSR is tested with FSR and
(iii)) ~ S>I>D in all cases when FSR is tested with FSR.

Thus WER is more SSR is tested with FSR. It has been observed that the WRR is
more when FSR is tested with FSR. Low recognition accuracy is observed when SSR is
tested with FSR due to mismatches between training and testing. This is shown in the

following Figure 5.5 and Figure 5.6
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5.2. TYPES OF ERRORS

Errors in the SIASR system output can be classified into three types: substitution

errors, insertion errors and deletion errors [58].

5.2.1. Substitution errors

Substitution errors increase the error rate of SIASR. The misrecognition of a word
in the place of original word causes substitution error which affects the accuracy of
SIASR system. Phonetically similar words are confused by the SIASR system. It is
interesting to note that both words in the confused pair are valid according to the
vocabulary. The present work focuses on minimizing the confusion pairs so that
substitution errors will be reduced. For this purpose, dictionary is modified during
testing. Pronunciation Dictionary Modification Method (PDMM) is used to modify the
pronunciation dictionary. This modified dictionary reduces substitution errors. PDMM is
discussed in next Chapter 6. The following are some of the errors that occurred during

experiments performed in present work.

(). REF: yashwanthpur ekspres KAACHIGOODAKU eppudu vasthundhi
HYP: yashwanthpur ekspres KAAKINAADAKU eppudu vasthundhi

(if) REF: eypi ekspres taimings EMITI
HYP: eypi ekspres taimings PEYREMITI

(iii) REF: gowthami ekspres kaakinaadaku eppudu VELUTHUNDHI
HYP: gowthami ekspres kaakinaadaku eppudu CHEYRUTHUNDHI

In the first sample, KAAKINAADAKU is substituted in the place of
KAACHIGOODAKU. The phonemes present at the beginning and end are similar in
both words. The above two words are confused by the SIASR system, thus the
substitution error taken place in this sample. Similarly in the second sample,
PEYREMITI is recognized which is the substitution of the original word EMITI. Here
the phonemes at the end of the words are same in this situation. Hence the confusion
occurs. In the third sample, CHEYRUTHUNDI is substituted in the place of
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VELUTHUNDHI due to the confusion of the similar phones present at the end in both

words.

5.2.2. Insertion errors

The accuracy of SIASR system degrades due to the insertion of one or more words
in the place of single original word. This error type comes under the insertion error which

drastically increases the error rate.
Q) REF: thelangaana ekspres sirpur nundi ekkadiki veluthundhi

HYP: thelangaana ETU ekspres sirpur nundi ekkadiki veluthundhi

(i) REF: anownsement ela cheyaali
HYP: CHEYAALI anownsement ela CHEY AALI cheyaali

(i)  REF: delli velle train eppudu vundhi
HYP: NUNDI delli velle train eppudu vundhi

In the first sample, ETU is the extra word which inserted in the result. In the
second sample, CHEYAALI is the word inserted more than once which drastically
reduces the accuracy rate. In the third sample, NUNDI is the extra word inserted in this
case. Excluding this word, remaining words are correctly recognized. WER is increased
because of the extra word, though required accuracy obtained.

5.2.3. Deletion errors

Error rate will drastically increase when some words are deleted during
recognition. Low recognition accuracy is observed due to the deletion of words in

hypothesis file compared to reference file.

0] REF: SREE kalahasthiki e train veluthundhi
HYP: kalahasthiki e train veluthundhindhi

(i) REF: varangalku velle TRAIN PEYREMITI
HYP: varangalku velle

62



(ili)  REF: buuking aafis ekkada VUNDHI

HYP: buking aafis ekkada

In the first sample, SREE word is deleted. In the second sample, two words TRAIN
and PEYREMITI are deleted. In the third sample, VUNDHI word is deleted.

5.3. ERROR ANALYSIS

From the experimental results discussed in section 5.1, it is observed that the WER
is more, if the size of training data is reduced and the size of test data increased. The
performance of SIASR system suffers a lot due to mismatch between training and testing.
This mismatch can be due to the variation of speech rate. The distribution of acoustic
properties in speech and linguistic interpretation of an utterance is different at different
rates of speech [4]. The recognition accuracy affect when different speech rates are used
in training and testing. More substitution and insertion errors occurred when SSR is
tested with NSR and FSR training models. Similarly more errors occurred when NSR and
FSR are tested with SSR training models. More deletion errors occurred when FSR is
tested with NSR and SSR training models. These errors are also more when NSR and

SSR are tested with FSR training models.

A number of substitution errors occurred in all cases explained in section 5.1. The
main reason for substitution errors is due to the presence of phonetically similar words in
the vocabulary. It is observed that the word is confused because of the similar phones
present either in the beginning or at the end of the word. The following are some of the

confusion pairs obtained frequently in section 5.1.
1. EMITI PEYREMITI
2. CHEYRUTHUNDHI VELUTHUNDHI
3. KAACHIGOODAKU KAAKINAADAKU
4. EKKADA EKKADIKI

5. ENNI ANNI
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The phonetic transcriptions for the first confused pair are given below:
EMITI AHMIHTIY
PEYREMITI PEYRAHMIHTIY

The phonetic transcriptions for the second confused pair are given below:

CHEYRUTHUNDHI CHEYRAHTHAHNDHH 1Y
VELUTHUNDHI VEHLAHTHAHNDHHIY

The phonetic transcriptions for the third confused pair are given below:
KAACHIGOODAKU K AACHAHGUWD AHK UW
KAAKINAADAKU K AAKAHN AAD AH K UW

The phonetic transcriptions for the fifth confused pair are given below:
EKKADA EHKAHD AH

EKKADIKI EHKAEDAHKIY

The phonetic transcriptions for the sixth confused pair are given below:

ENNI IHN 1Y
ANNI AE N IY

WER will drastically reduce when the number of substitution errors is decreased.

This motivates to modify the pronunciation dictionary. Dictionary is modified by

applying PDMM. Substitution errors will be reduced if the modified dictionary is used in

all cases of training and testing performed in this chapter. The procedure of PDMM and

the experimental results are shown in Chapter 6. FBSM is applied on the decoder output

which reduces error word relating to insertion or deletion or substitution. The procedure

and results are explained in Chapter 7.
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CHAPTER-6
PRONUNCIATION DICTIONARY MODIFICATION
METHOD

This chapter describes the importance of pronunciation dictionary (lexicon) in
SIASR system. The Pronunciation Dictionary Modification Method (PDMM) is
explained in this chapter. The PDMM is used to modify the pronunciation dictionary.
From the experimental results, it has been observed that the errors are reduced with

modified dictionary.

Pronunciation dictionary plays a vital role in the SIASR system. Transcription is
essential for the development of dictionary. Multiple pronunciations of same words
should be dealt carefully in writing the transcription. Accurate transcription eliminates
recognition errors [59]. Care should be taken to develop the dictionary during training
phase. Lexicon is nothing but the utterance and its corresponding phonetic transcription.
Dictionary maker tool (DictMaker) is used to develop pronunciation dictionary. The word
list, the phoneme set and the grapheme set were initialized to the DictMaker without any
pronunciation information. The DictMaker provides categories to sort the phoneme set
for training. The DictMaker chooses a word from the wordlist and predicts its

pronunciation [60].

Continuous speech data is used to learn stochastic lexicons along with
pronunciation mixture models [61]. Accent and speech rate also influence the
pronunciation dictionary. Pronunciation dictionary should be adapted according to the
speech rate [62]. This is also one of the causes to occur more confusion pairs which
degrade the performance of the SIASR system. Confusions also occur when more

frequent words are there in the vocabulary [63].

The words will be confused if the phonetic transcription is similar in the words.
Frequency of occurrence of confusion pair is also examined to know the number of times

the words are confused in decoding phase. If frequency of occurrence of confusion pair is
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1, it means that the word is confused for one time. If the frequency of occurrence is 2, it
means that the word is confused for two times. Similarly if the frequency of occurrence is

n, then the word is confused for n times during decoding.

In order to reduce the number of confusion pairs, proposed Pronunciation
Dictionary Modification Method (PDMM) is applied. This method also reduces the
frequency of occurrence of confusion pairs. Thus the performance is increased by
reducing substitution errors. In order to reduce the number of confusion pairs, it is
desirable to change the phonemes of confused words in the dictionary. Reducing the
confusion pairs leads to reduction of substitution errors. Minimizing the number of
confusion pairs increases the performance of SIASR system. This method is used to

minimize the different types of errors which are discussed in the previous Section 5.2.

The proposed PDMM updates the pronunciation dictionary (lexicon) by taking the
confusion pairs from the decoder output and pronunciation dictionary as the inputs. For
each confusion pair, update the phonetic transcription of a word as the next possible
pronunciation in the pronunciation dictionary by the phonetic transcription of a confused
word when the Levenshtein distance is less than the length of 3/4™ of the longest word in

the confusion pair. Algorithmically, the PDMM is outlined as below:

Algorithm PDMM
/lInput: confusion pairs are obtained from the decoder output, pronunciation dictionary
/[Output: modified pronunciation dictionary
Step 1: Start
Step 2: Read C confusion pairs and pronunciation dictionary
/I C is the number of confusion pairs obtained from the decoder output
Step 3: Calculate Levenshtein distance for each confusion pair (a, b)
/ICalculate Levenshtein distance for the confusion pair (a, b) where aand b
/lare the confused words.

LevenshteinDistance(a, len,, b, leny)

/' len, is length of the word a i.e. word a is holding m characters and
/I leny, is the length of the word b i.e. word b is holding n characters
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3.1. fori=1tolen,

3.1.1.d[i,0]:=1  //d[i,] is holding levenshtein distance
// end for
3.2.forj=1toleny
3.2.1. d[0, j] =]

3.3. fori=1tolen,
forj=1toleny

if a[i] = b[j] then
d[i, j] :=d[i-1, j-1] // no operation required
else
d[i, j] := minimum (d[i-1, j] + 1, // a deletion
d[i, j-1] + 1, // an insertion
d[i-1, j-1] + 1 // a substitution
)

return d[len,, len,] //returned levenshtein distance
Step 4: if d[len,, leny] < 3/4™ (max (leng, leny))
Update the phonetic transcription of word a as the next possible pronunciation in
the pronunciation dictionary by the phonetic transcription of word b

flend if

Step 5: Repeat step 3 to step 4 for C confusion pairs
Step 6: Stop

Thus the modified lexicon obtained from the above procedure is used for
decoding. The following misrecognized sentences are taken to illustrate PDMM.

1. yashwanthpur ekspres KAAKINAADAKU eppudu vasthundhi
2. THIRUPATHI velle train eppudu vundhi
3. eypi ekspres taimings PEYREMITI
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The following are confusions obtained for the above misrecognized sentences:

Confusion Pairs

THIRUPATHIKI THIRUPATHI
KAACHIGOODAKU KAAKINAADAKU
EMITI PEYREMITI

The phonetic transcription appears in the pronunciation dictionary for confused
words as follows:

EMITI AHMIHTIY
KAACHIGOODAKU KAACHIHGUWD AHKUW

KAAKINAADAKU KAAKIHNAADAHKUW

PEYREMITI PEYRAHMIHTIY
THIRUPATHI THAHRUWPAHTHIY
THIRUPATHIKI THIHRAHPAETHAHKIY

The Levenshtein distance for the confusion pair (THIRUPATHIKI THIRUPATHI)
is shown below:

T H I R U P A T H I

0 1 2 3 4 5 6 7 8 9 10

T 1 0 1 2 3 4 5 6 7 8 9
H 2 1 0 1 2 3 4 5 6 7 8
| 3 2 1 0 1 2 3 4 5 6 7
R 4 3 2 1 0 1 2 3 4 5 6
U 5 4 3 2 1 0 1 2 3 4 5
P 6 5 4 3 2 1 0 1 2 3 4
A 7 6 5 4 3 2 1 0 1 2 3
T g 7 6 5 4 3 2 1 0 1 2
H ! 8 7 6 5 4 3 2 1 0 1
I 10 g 8 7 6 3 4 3 2 1 0
K 11 10 Y 8 7 6 5 4 3 2 1

[u—
—
]

11 10 9 8 7 6 5 4 3 O
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From the above, the Levenshtein distance for the confusion pair (THIRUPATHIKI
THIRUPATHI) is 2. Lexicon will be updated if the Levenshtein distance< 3/4th[Max|ength
(THIRUPATHIKI, THIRUPATHI)]. Here 2<=3/4*12. Thus the condition satisfied here
and hence the phonetic transcription of THIRUPATHI is added as an alternative
pronunciation for the word THIRUPATHIKI.

The Levenshtein distance for the confusion pair (KAACHIGOODAKU
KAAKINAADAKU) is shown below:

K A A K I N A A D A K U
0 1 2 3 4 5 B 6 8 9 10 11 12
K 1 0 1 2 3 4 5 6 7 8 9 10 11

p 10 s 8 7 7 ® 6 6 6 5 6 7 B8

A 11 10 3 a a3 77 il & B 5 6 7

From the above, the Levenshtein distance for the confusion pair
(KAACHIGOODAKU  KAAKINAADAKU) is 5. The lexicon is updated when
Levenshtein distance< 3/4”‘[Max.ength (KAACHIGOODAKU KAAKINAADAKU). Here
5<=3/4*13. Thus the condition satisfied here and hence the phonetic transcription of
KAAKINAADAKU is added as an alternative pronunciation for the word
KAACHIGOODAKU.
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The Levenshtein distance for the confusion pair (EMITI PEYREMITI) is shown

below:

0 1 2 3 4 5 ] 7 8 9
E 1 1 1 2 3 4 5 6 7 8
M 2 2 2 2 3 4 4 5 6 7
| 3 3 3 3 3 4 5 4 5 6
T 4 4 4 4 4 4 5 5 4 5

Thus the Levenshtein distance for the (EMITI PEYREMITI) is 4. The lexicon is
updated when Levenshtein distance< 3/4”‘[Max.ength (EMITI  PEYREMITI). Here
4<=3/4*9. Thus the condition satisfied here and hence the phonetic transcription of

PEYREMITI is added as an alternative pronunciation for the word EMITI.

Thus the modified pronunciation dictionary after PDMM is appeared as follows:

EMITI AHMIHTIY
EMITI (1) PEYRAHMIHTIY
KAACHIGOODAKU KAA CHAHGUWD AH K UW

KAACHIGOODAKU (1) KAAKAHNAADAHK UW
KAAKINAADAKU KAAKAHNAADAHKUW

PEYREMITI PEYRAHMIHTIY
THIRUPATHI THAHRUWPAHTHIY
THIRUPATHIKI THIHRAHPAETH AH K IY

THIRUPATHIKI (1) THAHRUWPAHTHIY
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The following are the correctly recognized sentences after giving the modified

dictionary (lexicon) to the decoder.

1. yashwanthpur ekspres KAACHIGOODAKU eppudu vasthundhi
2. THIRUPATHIKI velle train eppudu vundhi
3. eypi ekspres taimings EMITI

During recognition the Sphinx-3.6 decoder combines both Acoustic model scores (AM
scores) and language model probabilities into a single score scores in order to compare
various hypotheses. The scores reported by the decoder are log-likelihood in this peculiar
log-base. The default base is 1.0003 and can be changed using the —log base
configuration argument [57]. To get optimum recognition accuracy, it is required to
exponentiate the language model probability using a language weight (LM weight) before
combining the result with acoustic likelihood. LM weight is the multiplicative factor
applied to LM log- probabilities. The LM weight parameter is typically ranges from 6 to
13. Word insertion penalty parameter is another multiplicative factor for the computation
of language model probability. Word insertion penalty is the fixed value when it transits

from the end of one word to the start of the next word.

The following Table 6.1 illustrates the AM scores and LM scores for the

misrecognized sentences which are taken from the experimental results

Table 6.1: AM scores and LM scores for misrecognized sentences

SNo. Incorrectly Recognized Sentences AM score | LM score

1 yashwanthpur ekspres KAAKINAADAKU 12170575 | -1532484
eppudu vasthundhi

2 THIRUPATHI velle train eppudu vundhi 6277459 -1441114

3 eypi ekspres taimings PEYREMITI 20153054 | -1349383
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The following Table 6.2 illustrates the AM scores and LM scores after decoding
with modified dictionary using PDMM. In this table, it is seen that AM scores are same
after testing with modified dictionary. But the LM scores are changed after testing with
modified dictionary using PDMM.

Table 6.2: AM scores and LM scores for recognized sentences after PDMM

SNo. | Correctly Recognized Sentences AM score LM score

1 yashwanthpur ekspres KAACHIGOODAKU 12170575 -928854
eppudu vasthundhi

2 | THIRUPATHIKI velle train eppudu vundhi 6277459 -982026

3 | eypi ekspres taimings EMITI 20153054 -846956

6.1. EXPERIMENTAL RESULTS AT DIFFERENT RATES OF
SPEECH IN TRAINING AND TESTING WITH MODIFIED
PRONUNCIATION DICTIONARY USING PDMM

Pronunciation Dictionary Modification Method (PDMM) is used to modify the
dictionary (lexicon). The modified dictionary is used in the decoder of SIASR system.
This modified dictionary is used for the same training and test data sets (eighteen
experiments) mentioned in Section 5.1 in Chapter 5. The SRR, WRR and WER are
calculated after decoding with modified dictionary. These results are tabulated in this
section. It has been observed that the errors are reduced with modified dictionary. These
results are compared with the SRR, WRR and WER in Section 5.1 in Chapter 5.

6.1.1. NSR Training

6.1.1.1. NSRis tested with NSR training model after PDMM

The following Table 6.3 shows improved SRR, WRR, SER, DER, IER and WER
when NSR is tested with NSR training model with modified pronunciation dictionary
using PDMM.
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Table 6.3: Testing NSR with NSR after PDMM

S.No Training Data in NSR Test Data in NSR Recognition Errors Total
Accuracy Obtained errors
No. of No. No. No. of No. No. Corr- C S D | W8ELR
speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M) [ (N) (%) (%) (%) (%) (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 978 4702 27 11 8 46
(10M +10F) (10M+10F) 97.8% 99.2% 0.5% 0.2% 0.2% 1%
2 19 950 | 4503 |1 50 237 49 235 0 2 0 2
(10M +9F) (1F) 98% 99.2% | 0% 2% 0% 0.8%
3 18 900 | 4266 |2 100 | 474 98 469 0 5 0 5
(9M +9F) (1M +1F) 98% 98.9% | 0% 1.1% | 0% 1.1%
4 16 800 | 3792 |4 200 | 948 194 938 0 10 0 10
(8M +8F) (2M +2F) 97% 98.9% | 0% 1.1% | 0% 1.1%
5 15 750 | 3555 |5 250 | 1185 | 243 1178 0 7 2 9
(7TM +8F) (3M +2F) 97.2% | 99.4% | 0% 0.6% | 0.2% | 0.8%
6 10 500 | 2370 |10 500 | 2370 | 467 2343 13 14 22 49
(4M +6F) (6M +4F) 93.4% | 98.9% | 05% |0.6% |09% |21%

The above results are compared with results mentioned in Table 5.1 as follows:

In the first case, the SRR is increased from 97.4% to 97.8%. The WRR is increased
by 0.1%. Here SER is reduced by 0.2%.The numbers of error words are reduced from 52
to 46. Thus the WER reduced by 0.1%.

In the second case, the SRR is increased from 96% to 98%. Thus the improvement
of SRR is 2%. The WRR is improved from 98.7% to 99.2%. The substitution errors
become zero in this case. The number of error words reduced from 3 to 2 words. Thus the
WER is reduced from 1.3% to 0.8%.

In the third case, the SRR is increased from 97% to 98%. Thus the SRR is
improved by 1%. The WRR is enhanced by 0.4%. The substitutions are reduced to zero

in this case. The total number error words reduced from 7 to 5 words. Thus WER is
reduced from 1.5% to 1.1%.

In the fourth case, the SRR is improved by 0.5%. The WRR is enhanced by 0.4%.

The substitutions errors become zero in this case. Thus the number of errors reduced

from 14 to 10 words. As the errors are reduced, WER is reduced by 0.4%.
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In the fifth case, the SRR improved by 1.2%. Thus WRR s raised by 0.9%. Here
the substitution errors reduced from 15 to O(zero). The total errors reduced from 22 to 9
errors. Thus WER is reduced from 1.9% to 0.8%.

In the sixth case, the SRR is raised by 2.4%. The WRR increases from 96.6% to
98.9%. Thus 2.3% of improvement is observed. The substitution errors reduced from 65
to 13. Thus the WER is reduced by 2% in this case.

6.1.1.2.  SSRis tested with NSR training model after PDMM

The following Table 6.4 below shows SRR, WRR, SER, DER, IER and WER
when SSR is tested with NSR training model with modified pronunciation dictionary
using PDMM. These results are compared with results tabulated in Table 5.2.

Table 6.4: Training with NSR and testing SSR after PDMM

S.No | Training Data in NSR Test Data in SSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | WgELR
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | &SRR | WRR SER DER | IER
M) | (N) (%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 976 4691 41 8 15 64
(10M +10F) (10M+10F) 97.6% | 98.9% | 0.9% |0.2% |0.3% | 1.4%
2 19 950 | 4503 |1 50 237 46 230 7 0 3 10
(10M +9F) (1F) 92% 97% 3% 0% 1.3% | 4.2%
3 18 900 | 4266 |2 100 | 474 94 465 8 1 2 11
(9M +9F) (1M +1F) 94% 98.1% | 1.7% |02% |0.4% | 2.3%
4 16 800 | 3792 |4 200 | 948 192 935 11 2 4 17
(8M +8F) (2M +2F) 96% 98.6% |12% |02% |04% | 1.8%
5 15 750 | 3555 |5 250 | 1185 | 241 1164 14 7 0 21
(7M +8F) (3M +2F) 96.4% | 98.2% | 1.2% | 0.6% | 0% 1.8%
6 10 500 | 2370 |10 500 | 2370 | 456 2294 61 15 18 94
(4M +6F) (6M +4F) 91.2% | 96.8% |2.6% | 0.6% |0.8% | 4%

In the first case, the SRR is increased from 97% to 97.6%. The WRR is improved
from 98.8% to 99%. Here the substitution errors are reduced from 47 to 41 words and
thus WER is reduced from 1.5% to 1.4%.

In the second case, the reduction of 1 substitution error enhanced SRR by 2%. The
WRR is improved from 96.6% to 97%. Thus WER is reduced from 4.6% to 4.2%.
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In the third case, the reduction of 1 substitution increased SRR by 1%. The WRR is
improved from 97.9% to 98.1%. The SER is reduced from 1.9% to 1.7%. The WER
reduced by 0.2%.

In the fourth case, the SRR is improved by 0.5%. The WRR is increased from
98.4% to 98.6%. The SER is reduced from 1.4% to 1.2%. The WER s reduced by 0.2%

in this case.

In the fifth case, The SRR is increased from 94.8% to 96.4%. Thus the
improvement of SRR is 0.9%. The WRR is improved from 97.8% to 98.2%. The
substitution errors are reduced from 17 to 14. Thus WER is reduced from 2.2% to 1.8%.

In the sixth case, the SRR is raised by 2.6%. The WRR is increased from 96.2% to
96.8%. The substitution errors are reduced from 72 to 61 words. Thus WER is reduced
from 4.4% to 4%.

6.1.1.3. FSRis tested with NSR training model after PDMM

The following Table 6.5 shows the SRR, WRR, SER, DER, IER and WER when FSR is

tested with NSR training model with modified pronunciation dictionary using PDMM.

Table 6.5: Testing FSR with NSR after PDMM

S.No | Training Data in NSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | WgELR
Speakers | of of speakers | of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER IER
M) 1 (N) (%) (%) (%) (%) (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 925 4621 91 28 11 130
(10M +10F) (10M+10F) 925% |975% |1.9% |06% |0.2% |2.7%
2 19 950 | 4503 |1 50 237 41 216 13 8 1 22
(10M +9F) (1F) 82% 91.1% | 55% | 3.4% | 0.4% | 9.3%
3 18 900 | 4266 |2 100 | 474 79 444 23 7 1 31
(9M +9F) (1M +1F) 79% 93.7% | 4.9% | 15% | 0.2% | 6.5%
4 16 800 |3792 |4 200 | 948 173 902 32 14 2 48
(8M +8F) (2M +2F) 86.5% | 95.1% | 3.4% | 15% | 0.2% | 5.1%
5 15 750 | 3555 |5 250 | 1185 | 216 1126 37 22 2 61
(TM +8F) (3M +2F) 86.4% | 95% 31% | 19% | 0.2% |5.1%
6 10 500 | 2370 | 10 500 | 2370 | 397 2191 141 38 3 182
(4M +6F) (6M +4F) 79.4% | 92.4% |59% |1.6% |01% | 7.7%
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The above results are compared with the results mentioned in Table 5.3 as follows:

In the first case, the SRR is increased from 92.2% to 92.5%. The WRR is
improved from 97.4% to 97.5%. The number of error words is reduced from 135 words
to 130 words. Thus the reduction of WER is 0.1%.

In the second case, 2% improvement in SRR is observed. The WRR is improved
from 90.7% to 91.1%. The error words are reduced from 23 to 22 words. Thus WER is
reduced by 0.4%.

In the third case, the SRR is raised by 1%. The WRR is improved by 0.5%. The

substitution errors are reduced from 25 to 23 words. Thus reduction of WER is 0.5%.

In the fourth case, the SRR is increased by 0.5%. The WRR is increased by 0.1%.
The error words are reduced from 49 to 48 words. Thus the WER is reduced by 0.1%.

In the fifth case, the SRR is improved from 85.6% to 86.4%. Thus the SRR is
enhanced by 0.8%. The WRR is increased by 0.2%. The total number of error words is
reduced from 64 to 61 words. Thus the WER is reduced by 0.3%.

In the sixth case, 0.2% improvement in SRR is observed. The WRR is raised by
0.1%. The error words are reduced from 185 to 182 words. Thus the reduction of WER is
0.1%.

From the results tabulated in Tables 6.3, 6.4 and 6.5, the observations are as follows:

(1) S<D<I in 1 case; S<I<D in 4 cases and S>D>I in one case when NSR is tested
with NSR after PDMM

(i)  S>I>Din 5 cases; S>I>D in 1 case when SSR is tested with NSR

(iii)) ~ S>D>lin all cases when FSR is tested with NSR

It is found that substitutions are reduced rapidly when NSR is tested with NSR
with modified dictionary and in some cases substitution errors become 0 (zero).

Reduction of substitution errors are observed when SSR and FSR are tested with NSR.
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As the drastic reduction of substitution errors, the reduction of WER is noticed in all
cases. Thus considerable improvement in WRR and SRR is noticed in all cases. This

improvement is shown in Figure 6.1 and Figure 6.2.

sentence recognition

1200
1000
800
600
400
200

978 976 925 W 1000 sentences

M 500 sentences

W 250 sentences

M 200 sentences

m 100 sentences

0 m 50 sentences
NSR SSR FSR

No. of Sentences recognized

Testing NSR, SSR and FSR on NSR training model after PDMM

Figure 6.1: Sentence recognition with modified dictionary using PDMM (NSR
training)
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Figure 6.2: Word recognition with modified dictionary using PDMM (NSR training)
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6.1.2. SSR Training

6.1.2.1.  NSR s tested with SSR training model after PDMM

The Table 6.6 shows SRR, WRR, SER, DER, IER and WER when NSR is tested with
SSR training model with modified lexicon using PDMM.

Table 6.6: Testing NSR with SSR after PDMM

S.No | Training Data in SSR Test Data in NSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. of | No. of No. No. Corr- C S D | WgELR
Speakers of Words | speakers of of sents & & & & (%)
(M&F) sents (M&F) sents | words | &SRR | WRR SER DER | IER
(%) (%) (%) (%) (%)
1 20 1000 | 4740 20 1000 | 4740 | 958 4664 56 20 10 86
(10M +10F) (10M+10F) 95.8% | 98.4% |1.2% |04% |0.2% | 1.8%
2 19 950 | 4503 1 50 237 45 225 9 3 5 17
(10M +9F) (1F) 90% 94.9 3.7% | 13% |21% | 7.2%
3 18 900 | 4266 2 100 | 474 84 454 17 3 5 25
(9M +9F) (1M +1F) 84% 95.8% | 3.6% |06% | 1.1% | 5.3%
4 16 800 | 3792 4 200 | 948 183 926 18 4 7 29
(8M +8F) (2M +2F) 91.5% | 97.7% | 19% |04% | 0.7% | 3.1%
5 15 750 | 3555 5 250 | 1185 | 229 1153 22 10 9 41
(7M +8F) (3M +2F) 91.6% | 97.3% |19% |0.8% | 0.8% | 3.5%
6 10 500 | 2370 10 500 | 2370 | 435 2263 81 26 20 127
(4M +6F) (6M +4F) 87% 955% |3.4% |11% |0.8% |54%

The present results are compared with the results mentioned in Table 5.4 as follows:

In the first case, the SRR is raised by 0.4%. The WRR is improved by 0.1%. The
substitution errors are reduced from 62 to 56 words. Thus the total error words are

reduced from 92 to 86 words. As the errors are reduced, WER is reduced by 0.1%.

In the second case, 2% improvement in SRR is observed with the reduction of one
substitution error. Thus error words are reduced from 18 to 17 words. Hence the WER is
reduced by 0.4%. The improvement of WRR is 0.4%.

In the third case, SRR is increased by 2% with the reduction of 2 substitutions.
The total errors are reduced from 27 to 25 errors. Thus the WER is reduced by 0.4%. The
WRR is raised by 0.4%.
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In the fourth case, 1% of SRR improvement is noticed. 0.2% improvement in
WRR is observed. The SER is reduced from 2.1% to 1.9%. The numbers of error words
are reduced from 31 to 29 words. Thus the WER is reduced by 0.2%.

In the fifth case, the SRR is improved by 0.8%. The WRR is increased by 0.2%.
The SER is reduced by 0.1%. The number of error words is decreased from 43 to 41
words. Thus WER is reduced by 0.1%.

In the sixth case, the SRR is improved from 86.2% to 87%. Thus 0.8%
improvement is noticed in SRR. The WRR is improved by 0.3%. The substitution errors
are reduced from 87 to 81. Thus the reduction of WER is 0.2%.

6.1.2.2.  SSR s tested with SSR training model after PDMM

The Table 6.7 shows SRR, WRR, SER, DER, IER and WER when SSR tested
with SSR training model with modified pronunciation dictionary using PDMM.

Table 6.7: Testing SSR with SSR after PDMM

Training Data in SSR Test Data in SSR Recognition Errors Obtained Total
S.No Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | WgELR
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M) | (N) (%) (%) ) [ | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 974 4697 35 8 13 56
(10M +10F) (10M+10F) 97.4% |99.1% | 0.7% |02% |0.3% | 1.1%
2 19 950 | 4503 |1 50 237 46 229 7 1 1 9
(10M +9F) (1F) 92% 96.6% | 2.9% | 0.4% | 0.4% | 3.8%
3 18 900 | 4266 |2 100 | 474 95 467 7 0 2 9
(9M +9F) (1M +1F) 95% 98.5% | 1.5% | 0% 0.4% | 1.9%
4 16 800 |3792 |4 200 | 948 191 935 13 0 5 18
(8M +8F) (2M +2F) 95.5% | 98.6% | 1.4% | 0% 05% | 1.9%
5 15 750 | 3555 |5 250 | 1185 | 238 1164 21 0 3 24
(7TM +8F) (3M +2F) 95.2% | 98.2% | 1.8% | 0% 0.3% | 2%
6 10 500 | 2370 | 10 500 | 2370 | 436 2273 70 27 19 116
(4M +6F) (6M +4F) 87.2% | 95.9% | 3% 1.1% | 0.8% | 4.9%

The present results are compared with the results mentioned in Table 5.5 as follows:
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In the first case, 0.3% improvement in SRR is observed. The WRR is increased
from 99% to 99.1%. The number of error words is reduced from 59 to 56 words. Thus the
reduction of WER is 0.1%.

In the second case, the SRR is increased from 90% to 92%. Thus 2% of SRR is
improved with the reduction of 1 substitution error. It has been observed that the WER is
reduced from 4.2% to 3.8%. Thus WRR is raised by 0.4%.

In the third case, the SRR is raised from 92% to 95%. Thus 3% of improvement in
SRR is noticed. The WRR is improved by 0.4%. The substitution errors are reduced from
10 to 7 words. Thus WER is reduced by 0.6%.

In the fourth case, 1% improvement in SRR is found by the reduction of 2
substitution errors. The number of error words is reduced from 20 to 18 words. Thus the
WER is reduced by 0.2%.

In the fifth case, the SRR is increased from 94% to 95.2%. Thus 1.2%
improvement in SRR is observed. The WRR is improved by 0.2%. The substitution errors
are reduced from 24 to 21 words. Thus WER is reduced by 0.2%.

In the sixth case, the SRR is raised by 0.6%. The error words are reduced from 120

to 116 words. As 4 substitutions are reduced, WER is reduced by 0.2%.

6.1.2.3. FSRis tested with SSR training model after PDMM

The following Table 6.8 shows SRR, WRR, SER, DER, IER and WER when FSR is
tested with SSR training model with modified pronunciation dictionary using PDMM.

These results are compared with the results mentioned in Table 5.6.
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Table 6.8: Testing FSR with SSR after PDMM

S.No | Training Data in SSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | WgéR
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | &SRR | WRR | SER DER | IER
M [ (N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 892 4569 132 39 5 176
(10M +10F) (10M+10F) 89.2% | 96.4% | 2.8% |0.8% |0.1% | 3.7%
2 19 950 |4503 |1 50 237 39 213 17 7 2 26
(10M +9F) (1F) 78% 89.8% | 7.2% | 3% 8% 11%
3 18 900 | 4266 |2 100 | 474 73 433 31 10 2 43
(9M +9F) (1M +1F) 73% 914% |65% |21% |04% | 9.1%
4 16 800 | 3792 |4 200 | 948 161 875 50 23 1 74
(8M +8F) (2M +2F) 80.5% | 923% |53% |24% |01% | 7.8%
5 15 750 | 3555 |5 250 | 1185 | 199 1102 62 21 1 84
(7TM +8F) (3M +2F) 79.6% | 93% 52% |18% |0.1% | 7%
6 10 500 | 2370 |10 500 | 2370 | 359 2110 190 70 6 266
(4M +6F) (6M +4F) 71.8% | 89% 8% 3% 0.3% | 11.2%

In the first case, the SRR is enhanced by 0.7%. Thus WRR is improved by 0.2%.

The error words are reduced from 185 to 176 words. The reduction of WER is reduced by

0.2%.

In the second case, the SRR is increased by 4%. The WRR is improved by 0.8%.
The number of error words is reduced from 28 to 26 words. Thus the WER is reduced by

0.8%.

In the third case, 1% of improvement in SRR is observed. The WRR is increased

by 0.7%. The SER is reduced from 7.2% to 6.5%. Thus WER is reduced by 0.7%.

In the fourth case, the SRR is enhanced by 0.5%. The improvement of WRR is

0.2%. The number of error words reduced from 76 to 74 words. The WER is decreased

by 0.2%.

In the fifth case, the SRR is enhanced by 0.8%. The improvement of WRR is

0.2%. The number of error words decreases from 86 to 84 words. The WER is reduced

by 0.3%.
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In the sixth case, the SRR is increased by 0.4%. The WRR is improved by 0.2%.
The substitution errors are reduced from 194 to 190 words. Thus WER is reduced by
0.2%.

From the Figure 6.3 and Figure 6.4, it is observed that SRR and WRR is more when
SSR is tested with SSR. Thus recognition accuracy is less when FSR is tested with NSR.
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Figure 6.3: Sentence recognition with modified dictionary using PDMM (SSR

training)

word recognition

I

c

& 3500 H 4740 words
© 3000 W 2370 words
~ 2500

T 2000 ™ 1185 words
2 1500

E 1000 W 948 words
© 500 B 474 words
9 0

z m 237 words

NSR SSR FSR

Testing NSR, SSR and FSR on SSR training model after PDMM

Figure 6.4: Word recognition with modified dictionary using PDMM (SSR training)

82



The following observations are noticed from the above results mentioned in Tables 6.6,
6.7 and 6.8:

(i)
(i)

(iii)

6.1.3. FSR Training

6.1.3.1.

S>D>I in all cases when NSR is tested with SSR with modified dictionary

S>I>D in 5 cases; S>D>| in 1 case when SSR is tested with SSR with
modified dictionary

S>D>1 in all cases when FSR is tested with SSR

NSR is tested with FSR training model after PDMM

The below Table 6.9 shows accuracy when NSR is tested with FSR after PDMM. The

above results are compared with the results mentioned in Table 5.7 as follows:

Table 6.9: Testing NSR with FSR after PDMM

S.No | Training Data in FSR Test Data in NSR Recognition Errors Obtained Total
Accuracy errors
No. of No. | No. No. of No. | No. Corr- Cc S D | WgELR
Speakers | of of speakers | of of sents | & & & & (%)
(M&F) sents | words | (M&F) sents | words | &SRR | WRR | SER | DER | IER
M) [ (N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 978 4702 32 6 10 48
(10M +10F) (10M+10F) 97.8% | 99.2% | 0.7% |0.1% |0.2% | 1%
2 19 950 |4503 |1 50 237 47 232 4 1 1 6
(10M +9F) (1F) 94% 97.9% |1.7% |0.4% |04% | 25%
3 18 900 | 4266 |2 100 | 474 90 462 10 2 5 17
(9M +9F) (1M +1F) 90% 975% |21% |04% |11% | 3.6%
4 16 800 |3792 |4 200 | 948 194 936 12 0 5 17
(8M +8F) (2M +2F) 97% 98.7% | 1.3% | 0% 5% 1.8%
5 15 750 | 3555 |5 250 | 1185 | 238 1166 18 1 4 23
(7TM +8F) (3M +2F) 95.2% |98.4% |15% |0.1% |03% | 1.9%
6 10 500 | 2370 |10 500 | 2370 | 448 2306 51 13 22 86
(4M +6F) (6M +4F) 89.6% |97.3% |22% |05% |0.9% | 3.6%

In the first case, the SRR is improved by 1.5%. The WRR is improved by 0.2%.

The substitution errors are reduced from 44 to 32 words. The number of error words

reduced from 60 to 48 words. Thus the WER is reduced by 0.3%.
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In the second case, the improvement in SRR is 4%. The WRR is improved by
0.9%. The number of error words is reduced from 10 to 6 words. The reduction of WER
is 1.7%.

In the third case, 2% of improvement in SRR is observed. The WRR is improved
by 0.5%. The number of error words decreases from 19 to 17 words. Thus WER is
reduced by 0.4%.

In the fourth case, the SRR is enhanced by 2.5%. The WRR is improved by 0.3%.
The number of substitution errors is reduced from 15 to 12 words. The reduction of WER

in this case is 0.3%.

In the fifth case, the SRR improved by 1.6%. The WRR improvement is 0.3%. 4
substitution errors are reduced in this case. Thus WER is reduced by 0.4%.

In the sixth case, the SRR is increased by 1.4%. The error words are decreased
from 94 to 86 words. Thus WER is reduced from 4% to 3.6%.

6.1.3.2.  SSRis tested with FSR training model after PDMM

The following Table 6.10 shows the SRR, WRR, SER, DER, IER and WER when SSR

tested with FSR training model with modified pronunciation dictionary using PDMM.

Table 6.10: Testing SSR with FSR after PDMM

Training Data in FSR Test Data in SSR Recognition Errors Obtained Total
S.No Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | &
Speakers of of speakers of of sents & & & & XVER
(M&F) sents | words | (M&F) | sents | words | &RR | WRR | SER | DER |IER | (%)
(%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 970 4693 35 12 5 52
(10M +10F) (10M+10F) 97% 99% 0.7% | 03% |01% |1.1%
2 19 950 | 4503 |1 50 237 46 229 6 2 1 9
(10M +9F) (1F) 92% 96.6% | 25% |0.8% |04% | 3.8%
3 18 900 | 4266 |2 100 | 474 86 457 12 5 3 20
(9M +9F) (1M +1F) 86% 96.4% | 25% | 1.1% | 0.6% | 4.2%
4 16 800 | 3792 |4 200 | 948 185 928 13 7 1 21
(8M +8F) (2M +2F) 925% |97.9% |14% |0.7% |0.1% | 2.2%
5 15 750 | 3555 |5 250 | 1185 | 229 1154 23 8 1 32
(7TM +8F) (3M +2F) 91.6% |97.4% |1.9% |07% |0.1% |2.7%
6 10 500 | 2370 |10 500 | 2370 | 443 2285 68 17 13 98
(4M +6F) (6M +4F) 88.6% |96.4% |29% |0.7% |05% | 4.1%
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These results are compared with the results mentioned in Table 5.8.

In the first case, the improvement in SRR is 0.4%. The WRR is improved by
0.2%. The number of error words is decreased from 56 to 52 words. 1% reduction in SER
is observed in this case. Thus the WER is reduced by 0.1%.

In the second case, the SRR is enhanced by 4%. The WRR increases from 95.8%
to 96.6%. The SER is reduced from 3.4% to 2.5%. Thus number of error words is
reduced from 11 to 9 words. Thus the reduction of WER is 0.8%.

In the third case, 2% of improvement in SRR is observed. The WRR is enhanced
by 0.4%. The error words are reduced from 22 to 20 words. Thus the reduction of WER
is 0.4%.

In the fourth case, the SRR is increased by 1%. The number of error words is
reduced from 23 to 21 words. Here 2 substitution words are reduced. Thus the reduction
of WER is 0.2%.

In the fifth case, 0.4% of improvement in SRR is observed. The WRR is increased
by 0.1%. The error words are decreased from 33 to 32 words. Thus the reduction of WER
is 0.1%.

In the sixth case, the improvement in SRR is 1%. The WRR is raised by 0.2%.

The error words are reduced from 103 to 98 words. Thus the WER is reduced by 0.3%.

6.1.3.3.  FSR is tested with FSR training model after PDMM

The following Table 6.11 shows SRR, WRR, SER, DER, IER and WER when
FSR is tested with FSR training model with modified pronunciation dictionary using
PDMM.
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Table 6.11: Testing FSR with FSR after PDMM

S. No | Training Data in FSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
No. of No. | No. No. of No. | No. Corr- Cc S D | WgELR
Speakers | of of speakers | of of sents | & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER | DER | IER
M [(N) | (%) (%) %) [ (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 980 4706 29 5 11 45
(10M +10F) (10M+10F) 98% 99.3% | 0.6% |01% |0.2% | 0.9%
2 19 950 |4503 |1 50 237 48 233 4 0 3 7
(10M +9F) (1F) 96% 98.3% | 1.7% | 0% 13% | 3%
3 18 900 | 4266 |2 100 | 474 95 468 5 1 3 9
(9M +9F) (1M +1F) 95% 98.7% | 1.1% | 0.2% | 0.6% | 1.9%
4 16 800 |3792 |4 200 | 948 194 940 7 1 3 11
(8M +8F) (2M +2F) 97% 99.2% | 0.7% |0.1% |03% |1.2%
5 15 750 | 3555 |5 250 | 1185 | 241 1169 14 2 5 21
(7TM +8F) (3M +2F) 96.4% | 98.6% |12% |02% |0.4% | 1.8%
6 10 500 | 2370 |10 500 | 2370 | 459 2315 45 10 22 77
(4M +6F) (6M +4F) 91.8% |97.7% |[1.9% |04% |0.9% | 3.2%

The above results are compared with the results mentioned in Table 5.9 as follows:

In the first case, the SRR is enhanced by 0.2%. The WRR is raised by 0.1%. The
error words are reduced from 50 to 45 words. Here substitution errors are reduced from
34 to 29. Thus the reduction of WER is 0.2%.

In the second case, 4% of improvement in SRR is observed. The WRR is increased
by 0.8%. The error words are reduced from 9 words to 7 words. The WER reduces from
3.7% to 3%.

In the third case, the SRR is enhanced by 4%. The WRR is improved from 97.9%
to 98.7%. The number of error words reduces from 13 to 9 words. 4 substitution errors
are reduced in this case. Thus the WER is reduced by 0.8%.

In the fourth case, the SRR is increased by 1.5%. The WRR increases from 98.6%
t0 99.2%. The SER is reduced from 1.3% to 0.7%. Thus the error words are reduced from
16 to 11 words. Hence the reduction of WER is 0.5%.
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In the fifth case, the SRR improvement is 1.6%. The SER is reduced from 1.5% to
1.2%. The number of error words is reduced from 25 to 21 words. Thus the reduction of
WER is 0.3%.

In the sixth case, the SRR improvement is 1.2%. The SER reduces from 2.2% to
1.9%. The error words are reduced from 83 to 77 words. Thus WER reduces by 0.3%.

The following observations are noticed from the above results mentioned in Tables 6.9,
6.10 and 6.11:

Q) S>I>D in all cases when NSR is tested with FSR
(i) ~ S>D>lin all cases when SSR is tested with SSR
(iii) ~ S>I>D in all cases when FSR is tested with FSR

From the Figure 6.5 and Figure 6.6, it is noticed that the accuracy is increased
when the dictionary is modified through PDMM. The reduction of confusion pairs which
reduces substitution errors is noticed from the experimental results. Thus the accuracy
automatically improved to considerable extent. But deletion and insertion errors also

affect recognition accuracy. This type of errors also should be reduced.
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Figure 6.5: Sentence recognition with modified dictionary using PDMM (FSR
training)
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Figure 6.6: Word recognition with modified dictionary using PDMM (FSR training)

6.2. REDUCTION OF CONFUSION PAIRS WITH MODIFIED
DICTIONARY USING PDMM

The main aim of PDMM is to minimize the confused pairs. The confusion between
the words is responsible for occurring substitution errors. The confusion pairs discussed
in Section 5.3 in Chapter 5 are reduced by modified dictionary using PDMM. In this

section, the reduction of confusion pairs in all cases is shown below:

(A). Training with NSR and testing with NSR, SSR and FSR

The confused pairs obtained when NSR, SSR and FSR are tested with NSR in all
cases are shown in Figure 6.7. Less number of substitution errors is observed when NSR
is tested with NSR. Here more substitutions are observed when FSR and SSR are tested
with NSR training model. This is because of the variation in speech rates used in training

and testing.
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Confusion Pairs in NSR training
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Figure 6.7: Confusions pairs obtained when NSR, SSR and FSR are tested with
NSR

The number of confusion pairs drastically reduces with modified dictionary using
PDMM. This is shown in the Figure 6.8. Confusions reduce more when NSR is tested
with NSR training model. Reduction of confused pairs is low when SSR and FSR are
tested with NSR.
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Figure 6.8: Confusions pairs obtained when NSR, SSR and FSR are tested with NSR
training model using modified dictionary
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B). Training with SSR and testing NSR, SSR and FSR

The confused pairs obtained when NSR, SSR and FSR are tested with SSR training
model are shown in Figure 6.9. More confusion pairs are observed when NSR and FSR

are tested with SSR training model. Confusions are less when SSR is tested with SSR.
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2 100 W 1185 words
<

5 50 W 948 words
(8] 0 B

S B 474 words
o NSR SSR FSR

2 m 237 words

Testing NSR, SSR and FSR on SSR training model

Figure 6.9: Confusions pairs obtained when NSR, SSR and FSR are tested
with SSR training model

More confusion pairs are reduced after modifying the lexicon using PDMM.
This is presented in the Figure 6.10. More substitution errors are reduced when SSR is
tested with SSR training model. It is noticed that the reduction of confused pairs is low
when FSR and NSR is tested with SSR.
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Confusions obtained with modified lexicon using PDMM (SSR Training)

200 190

«» 180
_5 %28 M 4740 words
1]
2 120 m 2370 words
& 100
O ‘go = 1185 words
5 60
g 40 W 948 words

28 W 474 words

NSR SSR FSR ¥ 237 words

NSR, SSR and FSR are tested with SSR training model using modified
lexicon using PDMM

Figure 6.10: Confusions obtained when NSR, SSR and FSR are tested with SSR

training model using modified pronunciation dictionary

(C). Training with FSR and testing with NSR, SSR and FSR

The confused pairs obtained when NSR, SSR and FSR are tested with FSR training
model is shown in Figure 6.11. Confusion pairs are less when FSR is tested with FSR.
More confusion pairs are observed when NSR and SSR are tested with FSR training
model. This is because of the variation in speech rate between training and testing

models.

Confusions are drastically reduced with modified dictionary using PDMM which is
shown in the Figure 6.12. More confusion pairs are reduced when FSR is tested with

FSR. Reduction of confused pairs is low in the case of NSR and SSR is tested with FSR.
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confusion pairs obtained in FSR Training

No. of confusions

NSR SSR FSR

Testing NSR, SSR and FSR on FSR training model

B 4740 words
M 2370 words
m 1185 words
M 948 words
M 474 words

m 237 words

Figure 6.11: Confusions obtained when NSR, SSR and FSR are tested with FSR

training model

No. of confusions

NSR SSR FSR

confusions obtained with modified lexicon using PDMM (FSR training)

M 4740 words
M 2370 words
1 1185 words
M 948 words
H 474 words

m 237 words

Testing NSR, SSR and FSR with FSR training model after PDMM

Figure 6.12: Confusions pairs obtained when NSR, SSR and FSR are tested with
FSR training model using modified dictionary
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CHAPTER-7
FORWARD AND BACKWARD SEARCH METHOD

The performance of the SIASR system depends on the quality of the speech
recognition result. Forward and Backward Search Method (FBSM) is applied on the

decoder results to reduce errors. FBSM is explained in this chapter.

It is important to correct the errors in the results of speech recognition to improve
the performance [64]. Specific words in a large corpus tend to co-occur frequently with
certain other context words, and misrecognitions of those specific words will also tend to
co-occur with the same context words [65]. Post-editing (i.e. post-processing) implies
that detecting and correcting errors are done after the input wave has been transformed
into text [66].

The proposed Forward and Backward Search Method (FBSM) will applied on
the decoder output of the SIASR system to reduce errors. This method improves SRR as
well as WRR. If the decoder output contains even one substituted error or one insertion
error or one deleted error, it will affect the performance of SIASR system to a great
extent. The FBSM corrects the substitution error by placing correct word, deleting the
inserted error word and inserting correct word in the place of deleted word. Thus the

performance of SIASR will be improved a lot.

To apply FBSM on the decoder output, it is necessary to get the sentences with
errors. Success factor is calculated on all sentences for this purpose. Success factor is

calculated as given below:

F+B
success factor = N (7.2)

where

F = number of consecutive words in hypothesis file matched with reference file using

forward search
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B = number of consecutive words in hypothesis file matched with reference file using

backward search

Lnyp = length of the hypothesis file (number of words in hypothesis file)
Lres = length of the reference file (number of words in reference file)
N = max(Lnyp, Lref)
N = min(Lnyp, Lrer)
F=Yi.fi where fi=1 [if hyp; = ref;
=0 stop forward search
B=>,b; wherebi=1 ( if hypen-i+1 =refien-i+1

=0| stop backward search

f; and b; are the values of forward and backward search at the index i

If the success factor is 2, then the sentence in both reference and hypothesis is
same. The sentences from the decoder output are selected if their success factor lies

between 0.5 and 1. The following are observed from the above:

1. If Lnyp> Leer, a particular sentence in a decoder result have insertion errors.
2. If Lyyp< Lrer , a particular sentence is recognized with deleted words.

3. If Lnyp= Lrer, a particular sentence is recognized with substitution errors.

Then modification factor needs to be applied on each selected sentences to get
sentences with one error (substitution, insertion and deletion). The modification factor is

given below:
modification factor = (N — (F + B)) (7.2)

If the modification factor is 1, the following actions are performed on the sentences with

one error.

1. If the sentence having one substitution error word at i position, correct word

is replaced in the i™ position.
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2. If the sentence having one insertion error at i position, the error word is
deleted.

3. If the sentence having one deleted word at i position, correct word is inserted
at i"" position.

The following samples are taken for illustrating FBSM:
Sample-1:

SIASR Output: EY TIRUMAL EKSPRES ENNI GANTALU AALASYANGAA
VASTUNDHI

Here f; = 0, stop the forward search. Thus the value of F is 0. Here b= 1, b= bs=
bs=bs=1 and b;=0, stop the backward search. Thus the value of B is 6 ( b;+b,+ b+
b5+b5).

The success factor = (0+6)/7 = 0.85, the above sentence is selected from the decoder
output. The modification factor = (7-6) = 1. Also observed the condition Ly, >Ler Which
means there is only one insertion error as ‘EY’. Hence the sentence is modified by
deleting the error word ‘EY’. After FBSM, the result will be as follows:

FBSM output: TIRUMALA EKSPRES ENNI GANTALU AALASYANGAA
VASTUNDHI

Sample-2:

SIASR Output: PADHMAAVATHI EKSPRES VASTUNDHI

Here f; = 1, f, = 1 and f3 = 0 then stop the forward search, thus value of F is 2 (f; + f,=2).
Here bi=1, b,= 0 then stop the backward search. Thus the value of B is 1.

The success factor = (2+1)/4 = 0.75, the above sentence is selected from the decoder
output. The modification factor = (4-3) =1. The condition is also observed as Lnyp <Lret
which means there is only one deletion error as ‘EPPUDU’. Hence the sentence is
modified by inserting correct word ‘EPPUDU’. After FBSM, the result will be as

follows:
FBSM output: PADHMAAVATHI EKSPRES EPPUDU VASTUNDHI
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Sample-3:

SIASR Output: YASHWANTHPUR EKSPRES KAAKINAADAKU EPPUDU
VASTHUNDHI

Here f; = 1, f, = 1 and f; = 0 then stop the forward search, thus value of Fis 2 (f; + f, =
2). Here b;= 1, b,=1, bs= 0 then stop the backward search. Thus the value of B is 2 ( by+
b,).

The success factor = (2+2)/5 = 0.8, the above sentence is selected from the decoder
output. The modification factor = (5-4) =1. The condition is also observed as Lnyy = Liyes
which means there is only one substitution error as ‘KAAKINAADAKU’. Hence the
sentence is modified by substituting correct word ‘KAACHIGOODAKU’. After FBSM,

the result will be as follows:

FBSM output: YASHWANTHPUR EKSPRES KAACHIGOODAKU EPPUDU
VASTHUNDHI

Sample-4:

SIASR Output: THIRUMALA EKSPRES EKKADA ELA VELUTHUNDHI

Here f; = 1, f, = 1 and f3 = 0 then stop the forward search, thus value of Fis 2 (f; + f, =
2). Here b;= 1, b= 0, then stop the backward search. Thus the value of B is 1. The
success factor = 2+1/5= 0.6; this is selected from decoder output. The modification factor
is (5-(2+1)) = 2, It denotes more than one error is occurred. So FBSM cannot be applied.
FBSM output: THIRUMALA EKSPRES EPPUDU VELUTHUNDHI
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7.1. EXPERIMENTAL RESULTS AFTER APPLYING FBSM ON
SIASR OUTPUT

Forward and Backward Search Method (FBSM) is applied on the decoder results of
eighteen experiments to improve the performance of SIASR system. FBSM is used to
reduce substitution errors or deletion errors or insertion errors. SRR, WRR, SER, DER,
IER and WER are calculated for each experiment after applying FBSM and these results
are tabulated in this section. These tabulated results are compared with the results
obtained with the modified pronunciation dictionary using PDMM in Section 6.2 in

Chapter 6. Considerable improvement is observed in every experiment.

7.1.1. NSR Training

7.1.1.1. FBSM applied on the decoder output of NSR test data

The following Table 7.1 shows the results after applying FBSM on the decoder
output obtained when NSR is tested with NSR training model.

Table 7.1: FBSM applied on the decoder output of NSR test data (NSR training)

>No ini : : iti Errors
Training Data in NSR Test Data in NSR Recognition Obtained Total
Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | \élgLVER
speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
(M) | (N) (%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 985 4705 | 25 10 8 43
(10M +10F) (10M+10F) 98.5% | 99.3% | 05% | 0.2% | 0.2% | 0.9%
2 19 950 |4503 |1 50 237 49 235 0 2 0 2
(10M +9F) (1F) 98% | 99.2% | 0% 2% 0% 0.8%
3 18 900 | 4266 |2 100 | 474 99 470 0 4 0 4
(9M +9F) (IM +1F) 99% | 99.2% | 0% 0.8% | 0% 0.8%
4 16 800 | 3792 |4 200 | 948 196 941 0 7 0 7
(8M +8F) (2M +2F) 98% | 99.2% 0% |0.7% | 0% 0.7%
5 15 750 | 3555 |5 250 | 1185 247 1181 0 4 1 5
(TM +8F) (3M +2F) 98.8% | 99.7% | 0% 0.3% | 0.1% | 0.4%
6 10 500 | 2370 |10 500 | 2370 490 | 2359 5 6 15 26
(4M +6F) (6M +4F) 98.0% | 99.5% | 0.2% | 0.3% |0.6% |11%
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The above results are compared with the results mentioned in Table 6.3 for each

test case as follows:

In the first case, the SRR is increased from 97.8% to 98.5%. Here 2 substitution
errors and 1 deletion error are reduced. Thus WRR is increased by 0.1%. The WER is
reduced by 0.1%.

In the second case, the SRR, WRR remains constant.

In the third case, the SRR is increased by 1%. 1 deletion error is reduced here.
Thus the WER is reduced from 1.1% to 0.8%. Thus WRR is improved by 0.3%.

In the fourth case, the SRR is increased by 1%. The WRR is raised by 0.3%. 3
deleted words are reduced. Thus the WER is reduced by 0.4%.

In the fifth case, the SRR improved by 1.6%. The WRR is improved by 0.3%.
Deletion errors are reduced from 7 to 4 errors. Insertion errors are decreased from 2 to 1
error. Thus 4 error words are reduced in total. Thus WER is reduced by 0.4%.

In the sixth case, the SRR is increased by 4.6%. The WRR is improved by 0.6%.
The number of substitution errors is reduced from 13 to 5 errors. 8 deleted errors are
reduced here.7 insertion errors are decreased in this case. Thus the WER is reduced by
1%.

The following Figure 7.1 shows improvement in sentence recognition before and
after applying PDMM and FBSM. SRR improvement is seen in every case with modified
dictionary using PDMM. Significant improvement in SRR is noticed in every case when

FBSM is applied on the decoder output.
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NSR Vs NSR

1200
S 974 978 985
N 1000
c W 1000 sentences
& 800
g 600 B 500 sentences
§ 400 W 250 sentences
g 200 W 200 sentences
Q
..g 0 m 100 sentences
cza' before PDMM after PDMM after FBSM B 50 sentences

sentence recognitoin accuracy
Figure 7.1: Accuracy improvement (before, after PDMM, after FBSM) when NSR is

tested with NSR

7.1.1.2. FBSM applied on decoded output of SSR test data

The following Table 7.2 shows results after applying FBSM on the decoder output

obtained when SSR is tested with NSR training model.

Table 7.2: FBSM applied on the decoder output of SSR test data (NSR training)

S.No | Training Data in NSR Test Data in SSR Recognition Errors Obtained Total
Accuracy errors
&
No. of No. No. No. of No. No. Corr- C S D | Vg/ER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M) | (N) (%) (%) ) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 982 4693 39 8 11 58
(10M +10F) (10M+10F) 08.2% | 99.0% | 08% |02% |02% |1.2%
2 19 950 | 4503 |1 50 237 47 231 6 0 3 9
(10M +9F) (1F) 94% 975% | 25% | 0.0% | 1.3% | 3.8%
3 18 900 | 4266 |2 100 | 474 98 469 5 0 2 7
(9M +9F) (1M +1F) 98% 98.9% | 1.1% | 0.0% |0.4% | 15%
4 16 800 | 3792 |4 200 | 948 195 938 9 1 4 14
(8M +8F) (2M +2F) 975% |98.9% |0.9% |0.1% |04% | 15%
5 15 750 | 3555 |5 250 | 1185 242 1165 14 6 0 20
(TM +8F) (3M +2F) 06.8% | 98.3% |1.2% |05% |0.0% |1.7%
6 10 500 | 2370 |10 500 | 2370 471 2308 49 13 17 79
(4M +6F) (6M +4F) 94.2% | 97.4% | 21% |[05% |0.7% | 3.3%
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The above results are compared with results mentioned in Table 6.4 for each test

case as follows:

In the first case, the SRR is increased from 97.6% to 98.2%. The WRR is improved
from 98.9% to 99%. 2 substitution errors and 4 insertion errors are reduced in this case.
Thus 6 error words are reduced. The WER is reduced from 1.4% to 1.2%.

In the second case, 2% improvement is observed in SRR. Thus WRR is improved
from 97% to 97.5%. Only one substitution error is reduced in this case. WER is reduced
by 0.4%.

In the third case, the SRR is increased by 4%. The substitution errors are reduced
from 8 to 5 errors and deletion errors are reduced by 1. As the substitution errors and
deletion errors are reduced, WER is reduced by 0.8%. Thus WRR is increased from
98.1% to 98.9%.

In the fourth case, The SRR is improved by 1.5%. The WRR is increased from
98.6% to 98.9%. The substitution errors are decreased from 11 to 9 and only 1 deletion
error is decreased in this case. As the substitution errors and deletion errors are reduced,
WER is reduced by 0.3%.

In the fifth case, the SRR increased by 0.4%. The WRR is improved from 98.2% to
98.3%. Here only 1 deletion error reduced with this method. Hence the WER is reduced
by 0.1%.

In the sixth case, the SRR is increased by 3%. The WRR is increased from 96.2%
t0 96.8%. 12 substitution errors, 2 deletions and 1 insertion error are reduced in this case.
Hence the total errors are reduced from 94 to 79. Thus the WER is reduced by 0.7%.

The following Figure 7.2 shows SRR when SSR is tested with NSR training

model. Considerable improvement in SRR is observed with the modified dictionary using

PDMM. SRR is improved after applying FBSM on the decoder output.

100



NSR Vs SSR
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Figure 7.2: Accuracy improvement (before, after PDMM, after FBSM)
when SSR is tested with NSR

7.1.1.3. FBSM applied on FSR decoder output

The following Table 7.3 shows results after applying FBSM on the decoder output
obtained when SSR is testes with NSR.

Table 7.3: FBSM applied on the decoder output of FSR test data (NSR training)

S.No | Training Data in NSR Test Data in FSR Recognition Errors Obtained Total
Accuracy g rors
No. of No. | No. No. of No. | No. Corr- C S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M T(N) | (%) (%) (%) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 958 4654 64 22 11 97
(10M +10F) (10M+10F) 95.8% |98.2% |1.4% |05% |0.2% | 2.0%
2 19 950 | 4503 |1 50 237 44 220 9 8 1 18
(10M +9F) (1F) 88% 92.8% |3.8% |3.4% |04% | 7.6%
3 18 900 | 4266 |2 100 | 474 87 452 17 5 1 23
(9M +9F) (M +1F) 87% 954% |3.6% | 11% |0.2% | 4.9%
4 16 800 |3792 |4 200 | 948 185 914 22 12 2 36
(8M +8F) (2M +2F) 925% |96.4% |23% |13% |0.2% | 3.8%
5 15 750 | 3555 |5 250 | 1185 233 1143 25 17 2 44
(TM +8F) (3M +2F) 93.2% |96.5% |21% | 14% |0.2% | 3.7%
6 10 500 | 2370 |10 500 | 2370 445 2240 96 34 3 133
(4M +6F) (6M +4F) 89.0% |945% |41% |14% |0.1% | 56%
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The above results are compared with results mentioned in Table 6.5 for each test

case as follows:

In the first case, the SRR is increased from 92.5% to 95.8%. Thus SRR is enhanced
by 3.3%. The substitution errors are decreased from 91 to 64 errors. The deletion errors
are reduced from 28 to 22 errors. Thus the total errors are reduced from 130 to 97 errors.
With this reduction, the WER is reduced by 0.7%. Thus the WRR is enhanced by 0.7%.

In the second case, the SRR is improved from 82% to 88%. Thus SRR is raised by
6%. 4 substitution errors are decreased in this case. The WER is reduced from 9.3% to
7.6%. Thus the WRR is improved from 91.1% to 92.8% in this case.

In the third case, the SRR is increased from 79% to 87%. Thus 8% improvement in
SRR is noticed. 6 substitution errors and 2 deletion errors are reduced here. As the
substitution and deletion errors are reduced, WER is reduced by 1.7%. Thus WRR is
enhanced by 1.7%.

In the fourth case, the SRR is improved by 6%. 10 substitution errors and 2
deletion errors are reduced in this case. With this reduction of error words, WER is
reduced by 1.3%. Thus WRR is enhanced by 1.3%.

In the fifth case, the SRR is raised by 6.8%. 12 substitutions errors and 5 deletion
errors are decreased in this case. Thus 17 error words are reduced here. The WER is
reduced by 1.5%. The WRR is increased by 1.5%.

In the sixth case, the SRR is enhanced from 79.4% to 89%. Thus 9.6% of SRR
improvement is found in this case. 45 substitution errors and 4 deletion errors are reduced

in this case. Thus 49 error words are reduced. The WER is reduced by 2.1%.

The following Figure 7.6 shows SRR when FSR is tested with NSR. Considerable
improvement in SRR is observed with the modified dictionary using PDMM. SRR is
improved after applying FBSM on the decoder output.
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Figure 7.3: Accuracy improvement (before, after PDMM, after FBSM) when FSR is
tested with NSR

The following observations are noticed from the above results mentioned in Tables 7.1,
7.2and 7.3:

Q) S>D>1in 1 case; S<I<D in 4 cases; S<D<I in 1 case when FBSM applied on
the decoder output obtained when NSR is tested with NSR

(i)  S>I>D in 2 cases; S>I>D in 2 cases; S>I>D in 1 case and S>D>I in 1 case
when FBSM applied on the decoder output obtained when SSR is tested with
NSR

(iii)  S>D>I in all cases when FBSM is applied on the decoder output obtained
when FSR is tested with NSR.

7.1.2. SSR Training
7.1.2.1. FBSM applied on NSR decoder output

The following Table 7.4 shows results after applying FBSM on the decoder output
obtained when NSR is testes with SSR.
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Table 7.4: FBSM applied on the decoder output of NSR test data (SSR training)

S.No | Training Data in SSR Test Data in NSR Recognition Errors Obtained Total
Accuracy fg[ rors
No. of No. No. No. of No. No. Corr- C S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
M [ (N) | (%) (%) %) | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 976 4678 44 18 6 68
(10M +10F) (10M+10F) 97.6% | 98.7% |0.9% |04% |0.1% | 1.4%
2 19 950 | 4503 |1 50 237 46 226 8 3 5 16
(10M +9F) (1F) 92.0% |954% |34% |13% |21% | 6.8%
3 18 900 | 4266 |2 100 | 474 94 464 8 2 5 15
(9M +9F) (1M +1F) 94.0% |97.9% |1.7% |04% |11% | 3.2%
4 16 800 | 3792 |4 200 | 948 195 937 8 3 6 17
(8M +8F) (2M +2F) 97.5% | 98.8% |0.8% |03% |0.6% | 1.8%
5 15 750 | 3555 |5 250 | 1185 | 240 1163 13 9 8 30
(7TM +8F) (3M +2F) 96.0% |98.1% |1.1% |0.8% |0.7% |25%
6 10 500 |2370 |10 500 | 2370 | 475 2300 46 24 17 87
(4M +6F) (6M +4F) 95.0% | 97.0% | 199 |10% |0.7% |3.7%

The above results are compared with the results mentioned in Table 6.6 for each test case

as follows:

In the first case, the SRR is improved from 95.8% to 97.6%. Thus the improvement
in SRR is 1.8%. 12 substitution errors and 2 deletion errors are reduced in this case. As
the substitution and deletion errors are, the WRR is improved by 0.3%. The WER is
reduced by 0.4%.

In the second case, the SRR increased by 2%. The SRR improvement is noticed
with the reduction of 1 substitution error. The improvement of WRR is 0.5%. The WER
is reduced by 0.5%.

In the third case, the SRR increases from 84% to 94%. Thus the improvement in
SRR is 10%. 9 substitution errors and 1 deletion error are reduced in this case. So the
total errors are reduced by 10 error words. Thus the WER is reduced from 5.3% to 3.2%.
The WRR s raised by 2.1%.
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In the fourth case, the SRR is increased by 6%. Here 10 substitution errors, 1
deletion error and 1 insertion error are reduced. Hence the WER is reduced by 1.3%.

Similarly the WRR is improved by 1.1%.

In the fifth case, the improvement in SRR is 5.6%. Here 9 substitution errors, 1
deletion error and 1 insertion error are reduced. Thus the total errors reduced to 41 to 30.
Thus WER is reduced by 1%. The WRR improvement is 0.8%.

In the sixth case, the SRR increased from 87% to 95%. Hence the improvement in
SRR is 8%. 35 substitutions, 2 deletions and 3 insertions are reduced in this case. Thus
40 error words are decreased. As the total errors reduced, WER is reduced by 1.7%. The
WRR is improved by 1.5%.

The following Figure 7.4 shows SRR when NSR is tested with SSR. Considerable
improvement in SRR is observed with the modified dictionary using PDMM. SRR is
improved after applying FBSM on the decoder output.

SSR Vs NSR
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| ]
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No. Sentences recognized

before PDMM after PDMM after FBSM m 50 sentences

Sentence Recogniton Accuracy

Figure 7.4: Accuracy improvement (before, after PDMM & after FBSM)
when NSR is tested with SSR

7.1.2.2. FBSM applied on SSR decoder output

The following Table 7.5 shows results after applying FBSM on the decoder output
obtained when SSR is testes with SSR.
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Table 7.5: FBSM applied on the decoder output of SSR test data (SSR training)

S.No | Training Data in SSR Test Data in SSR Recognition Errors Obtained Total
Accuracy 2’ rors
No. of No. | No. No. of No. | No. Corr- Cc S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
M) [ (N) | (%) (%) | () | (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 986 4706 30 4 10 44
(10M +10F) (10M+10F) 98.6% | 99.3% | 0.6% | 0.1% | 0.2% | 0.9%
2 19 950 |4503 |1 50 237 47 230 6 1 1 8
(10M +9F) (1F) 94% 97% 25% | 04% | 04% | 3.3%
3 18 900 | 4266 |2 100 | 474 98 469 5 0 1 6
(9M +9F) (1M +1F) 98% 98.9% |1.1% |0.0% |02% | 1.3%
4 16 800 | 3792 |4 200 | 948 197 939 9 0 3 12
(8M +8F) (2M +2F) 985% |99.1% |0.9% |0.0% |0.3% | 13%
5 15 750 | 3555 |5 250 | 1185 | 244 1169 16 0 1 17
(7TM +8F) (3M +2F) 97.6% | 98.6% | 1.4% | 0.0% |0.1% |1.4%
6 10 500 | 2370 |10 500 | 2370 | 474 2303 42 25 9 76
(4M +6F) (6M +4F) 948% | 97.2% | 18% |1.1% |0.4% | 3.2%

The above results are compared with the results mentioned in Table 6.7 for each

test case as follows:

In the first case, the SRR increased by 1.2%. The substitution errors are decreased
from 35 to 30 errors. The deletion errors are decreased from 8 to 4 words. 3 insertion
errors are decreased in this case. As the errors are decreased, WER is reduced by 0.2%.
Thus WRR is increased from 99.1% to 99.3%.

In the second case, the reduction of 1 substitution errors increased SRR to 2%. The
WRR is raised by 0.4%. It has been observed that the WER is reduced by 0.5%.

In the third case, 2 substitution errors and 1 insertion error are decreased. With this
reduction, SRR is enhanced by 3% and WRR is raised by 0.4%. Here the reduction of
WER is noticed as 0.6%.

In the fourth case, 4 substitution errors and 2 insertion errors are decreased. Thus
the SRR is raised by 3%. The WRR is increased from 98.6% to 99.1%. Thus WER is
reduced by 0.6%.
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In the fifth case, 5 substitution errors and 2 insertion errors are decreased. With this
reduction of errors, SRR is enhanced by 2.4%. Thus WRR is improved by 0.4%. WER is
reduced by 0.6%.

In the sixth case, 28 substitutions, 2 deletions, 10 insertions are reduced. With this
reduction, SRR is improved from 87.2% to 94.8%. Thus SRR is raised by 7.6%. The
WRR is increased from 95.9% to 97.2%. Thus the WRR s raised by 1.3%. The WER is
reduced by 1.7%.

The following Figure 7.5 shows SRR. Considerable improvement in SRR is
observed with the modified dictionary using PDMM. SRR is improved after applying
FBSM on the decoder output.

SSR Vs SSR
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% M 1000 sentences
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g 600 B 500 sentences
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E 200 B 200 sentences
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2

before PDMM after PDMM after FBSM m 50 sentences
Sentence Recogniton Accuracy

Figure 7.5: Accuracy improvement (before, after PDMM, after FBSM)
when SSR is tested with SSR

7.1.2.3. FBSM applied on FSR decoder output

The following Table 7.6 shows results after applying FBSM on the decoder output

obtained when SSR is testes with SSR training model.
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Table 7.6: FBSM applied on the decoder output of SSR test data (SSR training)

S.No | Training Data in SSR Test Data in FSR Recognition Errors Obtained Total
Accuracy 2’ rors
No. of No. | No. No. of No. | No. Corr- Cc S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER | DER | IER
M [ (N) | (%) (%) () (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 950 4627 82 31 5 118
(10M +10F) (10M+10F) 95.0% | 97.6% | 1.7% | 0.7% | 0.1% | 2.5%
2 19 950 |4503 |1 50 237 41 215 16 6 2 24
(10M +9F) (1F) 82.0% | 90.7% |6.8% |2.5% |0.8% | 10.1%
3 18 900 | 4266 |2 100 | 474 88 448 19 7 2 28
(9M +9F) (1M +1F) 88.0% | 94.5% |4.0% |15% |0.4% |59%
4 16 800 | 3792 |4 200 | 948 180 895 33 20 1 54
(8M +8F) (2M +2F) 90.0% |944% |35% |21% |0.1% |57%
5 15 750 | 3555 |5 250 | 1185 | 230 1134 35 16 1 52
(7TM +8F) (3M +2F) 92.0% | 95.7% |3.0% |14% |0.1% | 4.4%
6 10 500 | 2370 |10 500 | 2370 | 427 2180 128 62 5 195
(4M +6F) (6M +4F) 85.4% | 92.0% |54% |2.6% |02% |82%

The above results are compared with the results mentioned in Table 6.8 for each

test case as follows:

In the first case, 50 substitution errors, 7 deletion errors are reduced. With this
reduction, the SRR is increased from 89.2% to 95%. Thus SRR is enhanced by 5.8%. The
WRR is improved by 1.2% and WER is reduced by 1.2%.

In the second case, the reduction of 1 substitution and 1 deletion error improved
SRR by 4%. Thus SRR is increased from 78% to 82%. The WRR is improved by 0.9%.
The WER is reduced by 0.9%.

In the third case, the reduction of 12 substitutions and 3 deletions improved SRR
by 15%. The WRR is increased by 0.7%. The total number of errors reduced from 43 to
28 errors. The WER is decreased from 9.1% to 5.9%. Thus the WER is reduced by 3.2%.

In the fourth case, the reduction of 17 substitutions and 3 deletions
improved SRR by 9.5%. Thus the SRR is increased from 80.5% to 90%. The total errors
are decreased by 20. The WRR is improved by 2.1% and WER is reduced by 2.1%.
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In the fifth case, the reduction of 27 substitutions and 5 deletion errors improved
SRR from 79.6% to 92%. Thus SRR is improved by 12.4%. Thus the improvement of
WRR is 2.7% and WER is reduced by 2.6%.

In the sixth case, the reduction of 38 substitutions, 8 deletions and 1 insertion
errors improved SRR from 71.8% to 85.4%. Thus the SRR is improved by 13.6%. The
WRR is improved by 3% and WER is reduced by 3%.

The following observations are noticed from the above Table 7.4, Table 7.5 and
Table 7.6:

Q) S>D>I in 3 cases; s>I>D in 3 cases when FBSM is applied on the decoder
output obtained when NSR is tested with SSR.

(i)  S>I>D in 5 cases; S>D>I in 1 cases when FBSM is applied on the decoder
output obtained when SSR is tested with SSR.

(iii)  S>D>I in all cases when FBSM is applied on the decoder output obtained
when FSR is tested with SSR.

The following Figure 7.6 shows SRR. Considerable improvement in SRR is
observed with the modified dictionary using PDMM. SRR is improved after applying
FBSM on the decoder output.

SSR Vs FSR
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Figure 7.6: Accuracy improvement (before, after PDMM, after FBSM) when FSR
tested with SSR
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7.1.3. FSR Training
7.1.3.1. FBSM applied on NSR decoder output

The following Table 7.7 shows results after applying FBSM on the decoder output

obtained when NSR is testes with FSR training model.

Table 7.7: FBSM applied on the decoder output of NSR test data (FSR training)

S.No | Training Data in FSR Test Data in NSR Recognition Errors Obtained Total
Accuracy fg[ rors
No. of No. | No. No. of No. | No. Corr- Cc S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
M [N {6 (%) | %) | %) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 981 4706 29 5 8 42
(10M +10F) (10M+10F) 98.1% | 99.3% | 0.6% |0.1% |0.2% | 0.9%
2 19 950 |4503 |1 50 237 48 233 3 1 1 5
(10M +9F) (1F) 96% 98.3% |13% |04% | 04% |21%
3 18 900 | 4266 |2 100 | 474 98 469 5 0 4 9
(9M +9F) (1M +1F) 98.0% |98.9% | 1.1% | 0% 0.8% | 1.9%
4 16 800 | 3792 |4 200 | 948 197 939 9 0 5 14
(8M +8F) (2M +2F) 98.5% | 99.1% | 0.9% | 0% 0.5% | 1.5%
5 15 750 | 3555 |5 250 | 1185 | 246 1173 10 2 4 16
(TM +8F) (3M +2F) 98.4% | 99.0% | 0.8% | 0.2% | 0.3% | 1.4%
6 10 500 | 2370 |10 500 | 2370 | 480 2329 32 9 13 54
(4M +6F) (6M +4F) 96% 98.3% |14% |04% | 05% | 2.3%

The above results are compared with results mentioned in Table 6.9 for each test

case as follows:

In the first case, 3 substitutions, 1 deletion and 2 insertion errors are decreased. As
errors are reduced, SRR improved from 97.8% to 98.1%. Thus the improvement in SRR
is 0.3%. The WRR is improved by 0.1% and WER is reduced by 0.1%.

In the second case, the reduction of 1 substitution error improved SRR by 2%.
Thus the WRR is improved by 0.4%. The reduction of WER is 0.4% is seen in this case.

In the third case, the reduction of 5 substitutions, 2 deletions and 1 insertion error
improved SRR from 90% to 98%. Thus SRR is raised by 8%. Thus the WRR is improved
by 1.4% and WER is reduced by 1.5%.
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In the fourth case, 3 substitutions reduced which improved SRR by 1.5%. Thus
WRR is improved by 0.4% and WER is reduced by 0.3%.

In the fifth case, 8 substitutions and 1 deletion errors are reduced here. Thus total
errors are reduced by 9. With this reduction, SRR is raised by 0.5%. The WRR
improvement is 0.6% and WER is reduced by 0.5%.

In the sixth case, 19 substitutions, 4 deletions and 9 insertion errors are reduced
here. Thus 32 errors are decreased in this case. As the errors are reduced, SRR is
increased from 89.6% to 96%. Thus SRR is improved by 6.4%. The WRR improvement
IS 1%. The WER is reduced from 3.6% to 2.3%.

The following Figure 7.7 shows SRR. Considerable improvement in SRR is
observed with the modified dictionary using PDMM. SRR is improved after applying
FBSM on the decoder output.
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Figure 7.7: Accuracy improvement (before, after PDMM, after FBSM)
when NSR is tested with FSR
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7.1.3.2. FBSM is applied on SSR decoder output

The following Table 7.8 shows results after applying FBSM on the decoder
output obtained when NSR is testes with FSR.

Table 7.8: FBSM applied on the decoder output of SSR test data (FSR training)

Training Data in FSR Test Data in SSR Recognition Errors Obtained Total
S.No Accuracy errors
No. of No. No. No. of No. No. Corr- C S D | \%VER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR SER DER | IER
M) [(N) | (%) (%) (%) [ (%) | (%)
1 20 1000 | 4740 | 20 1000 | 4740 | 983 4704 30 6 9 45
(10M +10F) (10M+10F) 98.3% | 99.2% | 0.6% | 0.1% | 0.2% | 0.9%
2 19 950 | 4503 |1 50 237 47 230 5 2 1 8
(10M +9F) (1F) 94% 97% 2.1% | 0.8% |0.4% | 3.3%
3 18 900 | 4266 |2 100 | 474 93 463 8 3 1 12
(9M +9F) (IM +1F) 93% 97.7% | 1.7% | 0.6% | 0.2% | 2.5%
4 16 800 |3792 |4 200 | 948 194 937 7 4 1 12
(8M +8F) (2M +2F) 97% 98.8% | 0.7% |0.4% | 0.1% | 1.3%
5 15 750 | 3555 |5 250 | 1185 | 240 1165 15 5 1 21
(7TM +8F) (3M +2F) 96% 98.3% | 13% |0.4% |0.1% | 1.8%
6 10 500 | 2370 |10 500 | 2370 | 471 2311 49 10 10 69
(4M +6F) (6M +4F) 942% | 97.5% |21% | 04% |0.4% | 2.9%

The above results are compared with the results mentioned in Table 6.10 for each test

case as follows:

In the first case, 5 substitutions, 6 deletions and 4 insertions are reduced. Thus the
WRR is raised by 0.2%. The SRR is increased from 97% to 98.3%. Thus SRR is
enhanced by 1.3%. Thus the WER is reduced by 0.2%.

In the second case, the reduction of 1 substitution error raised SRR by 2%. Thus
the SRR is increased from 92% to 94%. The WRR is raised by 0.4%. The reduction of
WER is 0.5%.

In the third case, 4 substitutions, 2 deletions and 2 insertion errors are reduced.
As the errors are reduced, SRR is enhanced by 7%. Thus SRR is increased from 86% to
93%. Thus the reduction of WER is 1.7%.
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In the fourth case, the SRR is raised by 4.5%. Thus the SRR is increased from
92.5% to 97%. The WRR is raised by 0.9%. 5 substitutions and 3 deletions are decreased
in this case. The WER is reduced by 0.9%.

In the fifth case, the reduction of 8 substitutions and 3 deletions improved SRR by
4.4%. Thus the SRR is increased from 91.6% to 96%. The WRR is increased by 0.9%.
The WER is reduced by 0.9%.

In the sixth case, the SRR is raised from 88.6% to 94.2%. 19 substitutions, 7
deletions and 3 insertion errors are decreased. Thus SRR is improved by 5.6%. The WRR
is increased from 96.4% to 97.5%. Thus WRR is raised by 1.1%. The WER is reduced by
1.2%.

The following Figure 7.8 shows SRR. Considerable improvement in SRR is
observed with the modified dictionary using PDMM. Significant improvement is noticed

in SRR when FBSM is applied on decoder output.

FSR Vs SSR
= 1200
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% 800 B 500 sentences
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before PDMM after PDMM after FBSM
Sentence Recogniton Accuracy

Figure 7.8: Accuracy improvement (before, after PDMM, after FBSM)
when SSR is tested with FSR
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7.1.3.3. FBSM is applied on FSR decoder output

The following Table 7.9 shows results after applying FBSM on the decoder

output obtained when NSR is testes with FSR training model

Table 7.9: FBSM applied on the decoder output of SSR test data (FSR training)

.No | Training Data in FSR Test Data in FSR Recognition Errors Obtained Total
Accuracy errors
&
No. of No. No. No. of No. | No. Corr- C S D | WER
Speakers of of speakers of of sents & & & & (%)
(M&F) sents | words | (M&F) sents | words | & SRR | WRR | SER DER | IER
M (N | (%) (%) (%) | (%) | (%)
20 1000 | 4740 | 20 1000 | 4740 | 984 4707 25 8 5 38
(10M +10F) (10M+10F) 08.4% | 99.3% |05% |0.2% | 0.1% | 0.8%
19 950 | 4503 |1 50 237 49 234 3 0 3 6
(10M +9F) (1F) 98% 98.7% | 1.3% | 0% 1.3% | 2.5%
18 900 | 4266 |2 100 | 474 98 470 4 0 2 6
(9M +9F) (IM +1F) 98% 99.2% | 0.8% | 0.0% |04% | 1.3%
16 800 | 3792 |4 200 | 948 197 942 5 1 2 8
(8M +8F) (2M +2F) 98.5% | 99.4% |05% |0.1% |0.2% | 0.8%
15 750 | 3555 |5 250 | 1185 | 245 1173 12 0 4 16
(7M +8F) (3M +2F) 98.0% | 99% 1.0% |0.0% |03% |1.4%
10 500 | 2370 |10 500 | 2370 | 483 2334 31 5 17 53
(4M +6F) (6M +4F) 26.6% | 98.5% | 13% |02% | 0.7% | 2.2%

The above results are compared with the results mentioned in Table 6.11 for each

test case as follows:

In the first case, 4 substitutions, 3 deletions and 6 insertion errors are decreased. As
the errors are decreased, SRR is increased by 0.4%. The WER reduced by 0.1%.

In the second case, the reduction of 1 substitution error enhanced SRR by 2%. Thus
SRR is increased from 96% to 98%. The WRR is increased by 0.4% and WER is reduced
by 0.5%.
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In the third case, 1 substitution, 1 deletion and 1 insertion error are reduced. As the
errors are reduced, SRR is increased from 95% to 98%. Thus SRR is raised by 3%. The
WRR is raised from 98.7% to 99.2%. The WER is reduced by 0.6%.

In the fourth case, the SRR improvement is 1.5%. Thus the SRR is increased from
97% to 98.5%. The WRR is raised by 0.2%. 2 substitution errors and 1 insertion error are
reduced in this case. Thus WER is reduced by 0.4%.

In the fifth case, 2 substitutions, 2 deletion errors and 1 insertion errors are
reduced. As the errors are decreased, SRR is raised from 96.4% to 98%. Thus SRR is
raised by 1.6%. The WRR is enhanced by 0.4%. Here WER is reduced by 0.4%.

In the sixth case, the reduction of 14 substitutions, 5 deletions and 5 insertions
improved SRR by 4.8%. Thus SRR is increased from 91.8% to 96.6%. The WRR is
raised by 0.8%. The total errors are reduced from 77 to 53 words. Thus WER is reduced
by 1%.

Form all the above results, the following observations are noticed:

Q) S>I>D in all cases when FBSM is applied on the decoder output obtained
when NSR is tested with FSR

(i)  S>I>D in 2 cases; S>D>1 in 4 cases when FBSM is applied on the decoder
output obtained when SSR is tested with FSR

(iii)  S>I>D in 5 cases; S>D>I in 1 case when FBSM is applied on the decoder

output obtained when FSR is tested with FSR.

The following Figure 7.9 shows SRR. Considerable improvement in SRR is
observed with the modified dictionary using PDMM. SRR is improved after applying
FBSM on the decoder output.
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Figure 7.9: Accuracy improvement (before, after PDMM, after FBSM) when FSR is
tested with FSR

7.2. COMPARISON OF PRESENT SIASR SYSTEM WITH SOME
OF THE EXISTING SIASR SYSTEMS

The aim of this section is to compare the present SIASR system with some of the
existing SIASR systems. The results of the present research work in some cases are
compared with the results already provided in some existing SIASR systems. The

following are the comparisons:

In the present work voices of 20 speakers (10 male speakers and 10 female
speakers) with 1000 sentences in NSR are used for training and the same sentences are
used for testing. 1000 NSR sentences consisting of 4740 words are used for training and
same sentences are used for testing. 99.1% of WRR is observed in this case. Also it is
observed for the FSR. Voices of 20 speakers (10 male speakers and 10 female speakers)
with 1000 NSR sentences are used for training and voices of 20 speakers (10 male
speakers and 10 female speakers) with FSR sentences are used for testing. 1000 NSR
sentences consisting of 4740 words are used in training. 1000 FSR sentences consisting

of 4740 words are used for testing. 99.2% of SRR is observed in the case of FSR training
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and testing. This work is compared with work done by Ki-Seung Lee [17]. In their work,
10-digit mobile phone numbers pronounced in Korean by 16 speakers (8 speakers for
training and 8 speakers for testing). Two sets are developed for training and testing. Each
set consisting of 1600 utterances in which 19200 words are present. Recognition
accuracy was verified for normal and fast separately as HMM-N and HMM-F, later the
incoming utterances are modified according to the class developed. Overall error rate is
reduced by 17.8%.

One of the cases in present SIASR system is taken for comparing purpose. In this
case, voices of 10 speakers (4 Male speakers and 6 Female speakers) with 500 sentences
in NSR are used for training and the remaining voices of 10 speakers (6 Male speakers
and 4 Female speakers) with 500 sentences in NSR are used for testing. 2370 words in
500 NSR sentences are used for training and the remaining 2370 words are used for
testing. Here WER is 3.9%. The WER is reduced to 2.1% with modified dictionary using
PDMM. Further the WER is reduced to 1.1% using FBSM. These results are compared
with the work done by Gopala Krishna and et al [67]. They developed SIASR for Telugu,
Tamil and Marathi languages has developed with the CIIL corpus. The corpora consist
of speech spoken by landline, cell phone with different age groups from 18 years to
above 60 years. The WER is 30.3% for Telugu, 27.9% for Tamil and 27.3% for Marathi.
They applied forced alignment in which inserting silences in the training transcription
and retraining the models. The new transcriptions have silence markers at appropriate
places, the intermediate tie states and hence the overall models are improved. Thus WER
is reduced to 28% for Telugu, 20.2% for Tamil and 23.2%.

Another case from the present Telugu SIASR system is taken for comparing the
results with other SIASR system. Voices of 15 speakers (7 Male speakers and 8 Female
speakers) with 750 sentences in NSR are used for training and remaining voices of 5
speakers (3 Male speakers and 2 Female speakers) with 250 sentences in NSR are used
for testing. 750 NSR sentences consisting of 3555 words are used for training. 250 NSR
sentences consisting of 1185 words are used for testing. The WRR is 98.1% and WER is
1.9%. These results are compared with the work done by Gaurab and et al. [68]. They
used Hindi language for SIASR system. 30 speakers (12 females and 18 males) recorded
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relating to geometry to children. 43 sentences are collected from each speaker. Totally
1806 utterances spoken by 30 speakers are prepared for training. 8 speakers (4 males and
4 females) are used for testing. The sentence recognition accuracy is 68.56 and word
recognition accuracy is 88.81% for Hindi language.

One more case in present SIASR system is taken for comparison purpose. Telugu
language is used for the corpus collection. Voices of 10 speakers (4 Male speakers and 6
Female speakers) with 500 sentences in NSR are used for training and the remaining
voices of 10 speakers (6 Male speakers and 4 Female speakers) with 500 sentences in
NSR are used for testing. 2370 words in 500 NSR sentences are used for training and the
remaining 2370 words are used for testing. The WRR is 96.8% and WER is 3.9%. The
percentage of substitution errors is 0.7%, deletion errors percentage is 0.2% and insertion
errors is 1.1%. B. Das and et al. has done work on the Bengali language. They developed
SIASR for Bengali language with young (30 male + 20 female) group belongs 20 to 40
years of age [69]. 10 young speakers are used for testing. Training models are developed
for both young. Testing is performed on young. The accuracy of young with young is
accuracy is 85.3% with 12.1% of substitution errors, 2.6% of deletions and 0.7% of
Insertion errors. There are other combinations such as young with old and old with young

and old with old are not considered for the present comparison.

WiQuas Ghai and Navdeep [70] Singh has done three phases of experiments. 9
speakers (5 male + 4 female) recorded 100 sentences in Punjabi language are used for
training. In the first phase of their work, 86 sentences are recognized correctly out of 102
sentences. 665 words out of 698 words are correctly recognized. This phase is compared
with one of the cases in present work. In present work, voices of 18 speakers (9 Male
speakers and 9 Female speakers) with 900 sentences in NSR are used for training and
remaining voices of 2 speakers (1 Male speaker and 1 Female speaker) with 100
sentences in NSR are used for testing. 900 NSR sentences consisting of 4266 words are
used for training. 100 NSR sentences consisting of 474 words are used for testing. 97
sentences recognized correctly out of 100 sentences. 467 words out of 474 words

recognized correctly in this case.
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In the second phase of their work, 90 sentences are used for testing. 74 sentences
are correctly recognized out of 90 sentences which are different from training set. 522
words out of 558 words in 90 sentences are recognized correctly. This phase is compared
with the other case of present work. This phase is compared with one of the phase in
present work. Voices of 16 speakers (8 Male speakers and 8 Female speakers) with 800
sentences in NSR are used for training and remaining voices of 4 speakers (2 Male
speakers and 2 Female speakers) with 200 NSR sentences are used for testing. 800 NSR
sentences consisting of 3792 words are used for training. And 200 NSR sentences
consisting of 948 words are used for testing. 193 sentences are recognized correctly. 934

words are recognized correctly.

In the third phase of their work, 40 sentences are used for testing. 32 sentences are
correctly recognized. 224 words out of 240 words are correctly recognized. This is
compared with present work. In the present work, voices of 20 speakers (10 male
speakers and 10 female speakers) with 1000 sentences in NSR are used for training and
the same sentences are used for testing. 1000 NSR sentences consisting of 4740 words
are used for training and same sentences are used for testing. 48 sentences are recognized

correctly. 234 words are recognized correctly.

Matthew A. Stegler and Richard M.Stern [71] has done work relating to the
speech rate. In their work, Wall Street Journal (WSJ) corpus containing 20000 words are
used for training and 100 utterances of different speech rates are used for testing.
Pronunciation dictionaries are modified by inserting the space between the words in the
transcription due deletion errors which occur more in fast speech due to the compressed
nature of fast speech. But in the present work, dictionary is modified with PDMM. In the
present work, voices of 20 speakers (10 Males + 10 Females) with 1000 NSR sentences
are used for training. 1000 NSR sentences consisting of 4740 words are used for training.
Voices of 20 speakers with 1000 FSR sentences are used for testing. 1000 FSR sentences
consisting of 4740 words are used for testing. 97.4% of accuracy is observed with 96
substitution errors, 28 deletion errors, and 11 insertion errors are obtained. The WRR is

increased to 97.5% with modified dictionary using PDMM. Here 91 substitution errors,
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28 deletion errors and 11 insertion errors are obtained with modified dictionary. Thus

substitution errors are reduced from 96 to 91.

Hiroaki Nanjo and Tatsuya Kawahara [72] Corpus of Spontaneous Japanese (CSJ)
consists of variety of oral presentations at technical conferences and informal monologue
talks on given topics. Speech rate variation will be more in this type of data. 224
presentations among 612 presentations and talks of distinct speakers are used for
determining 35.5%. 19158 words are used for training and 47896 words are used for
testing in normal conditions. The WER obtained in this case is 35.8%. For fast speech,
shortening was done on the frame length and shift for spectral analysis. Another way for
the fast speech, state-skipping transitions in phone models was taken place. Syllable
duration modeling was performed for the fast speech. Insertion penalty was used to
suppress the insertion errors in slow speech. Here 2517 utterances are used for the testing
which is taken from training set after segmenting into required rate. By applying above
mentioned techniques, the WER reduces from 35.8% to 37.1% for fast speech. For the
slow speech, the WER reduces from 35.8% to 36.3%. This work is compared with the
results obtained in one the present work. In the present work, Time stretching is used to
convert the normal speech into slow speech and time compressing is used to convert the
normal speech into fast speech. Voice of 20 speakers (10 females + 10 males) of 4740
words is used for training and testing in different rates of speech (Normal, Slow and
Fast). 2.8% of WER is obtained when fast speech rate is tested with normal speech rate.
1.5% of WER is obtained when normal speech rate is tested with slow. WER is reduced

from 2.8% to 1.1% when fast speech rate is tested with fast speech rate.

In the present work, voices of 15 speakers (7 Male + 8 Female) with 750 NSR
sentences are used for training and voices of 5 speakers with 250 FSR sentences (3 Male
+ 2 Female) are used for testing. 750 NSR sentences consisting of 3555 words are used
for training. 250 FSR sentences consisting of 1185 words are used for testing. The
recognition accuracy is increased from 94.8% to 98.1% with modified dictionary. The
substitution errors are reduced from 40 to 15 words, deletion errors are reduced from 22
to 7 words and insertion errors are reduced from 2 to 0 words. This work is compared

with Peng Gang [73] work on speaking rate. Speaking rate affects mainly on word
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duration. Incorporating word duration using gamma function was used for word
modeling. 6000 sentences of Mandarin digits from 1 to 7 uttered by 44 male speakers and
31 female speakers are used for training. 1360 sentences of Mandarin digits from 1 to 7
uttered by 11 male speakers and 6 female speakers. Extension of the basic Viterbi
algorithm is used to incorporate word duration models. During decoding, if the syllable
of the word recognized with less duration than its actual duration, then penalty was added
to the state sequence according to the gamma function, so that correct word will be
recognized. The word recognition increases form 97.51% to 98.31%. Deletion errors are
reduced from 54 to 28 words, Insertion errors are reduced from 42 to 34 words and

substitution errors are reduced from 40 to 30 words.
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8. CONCLUSION AND FUTURE WORK

The present research work compared recognition accuracies when training and
testing are done at different rates of speech namely NSR, SSR and FSR. It is observed
that the WRR is more when same speech rate is involved in training and testing. WER is
more when different rates of speech are involved in training and testing. Substitution

errors, deletion errors and insertion errors occurred during testing (decoding).

Analysis of errors is made from the experimental results. Existence of more
phonetically similar words gets confused. These confusion leads to occur substitution
errors. These confusions are reduced by modifying the pronunciation dictionary using
PDMM. In PDMM, Levenshtein distance method is applied on the confusion pairs and it
is compared with the threshold value. Here the threshold is taken as the ¥4 of the length
of longest word in the confusion pair. If it satisfies the assumed length, the pronunciation
dictionary is modified with the phonetic transcription of confused word. Thus the
substitution errors are reduced with the modified dictionary using PDMM. Significant
improvement is observed in recognition accuracy with the modified lexicon. This work

can be enhanced to develop the lexicon for a particular language at different speech rates.

SRR affects more due to deletion and insertion errors apart from the substitution
errors. An error word related to deletion or insertion or substitution in a sentence makes a
greater affect on the performance of SIASR system. FBSM is applied on the decoder
output to improve the performance of SIASR system. In this method, the success factor is
used to select sentences with errors from decoder output and modification factor is used
to notice the position of the error. This FBSM successfully reduces error word related to
substitution or insertion or deletion. Considerable improvement is observed in SRR.
Further this method can be extended by representing knowledge base and applying

grammar rules on the decoder output for context independent SIASR system.
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