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ABSRTACT 

 

The Government of India presently focusing in the mother tongue based 

multilingual education to improve the literacy rate in tribal community. Growing IT 

field in the area of speech based applications give a scope to build speech interactive 

system in tribal language, as speech is the most common means of communication 

among the humans. 

As almost all Tribal languages don’t have a script for a spoken word, in our 

work the regional language (Telugu) script is adopted for representing those 

languages. Hence the proposed work “Telugu Phoneme based Tribal language 

Automatic Speech Recognition system”  used for learning Banjara language, which is 

the native tribal language in the Andhra Pradesh State region. 

A speaker independent Isolated Word Speech Recognition system has been 

developed for Banjara language. Hidden Markov Model (HMM) is used to model 

speech parameter. The required speech corpus has also been developed for the 

language. The GUI for Banjara to Telugu translation dictionary is developed using 

database and web technology concepts. Then developed IWR performance is by  

compared with  lexicon of CMU i.e, English phonemes and UOH  which uses Telugu 

Language Phonemes and found using UOH phonemes around 25 to 35% 

improvement in Recognition Accuracy for both native and non-native speakers. 
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Chapter 1 

Introduction 

The goal of Automatic Speech Recognition (ASR) system is to symbolise the 

human generated sounds i.e. to transcribe human speech into text, which can be 

further processed by machines or displayed for human’s readable form in various 

applications. It can be simply a signal to symbol transformation. Despite the vast 

amount of efforts put in this research area of ASR, there are still numerous problems 

to solve. 

  Emerging applications of ASR system brings the technology tools to teach 

languages and their pronunciation without human tutors. This kind of work will helps 

to improve the literacy rate in multi lingual country like India. Few of the examples of 

this research work is an ongoing  research institutions in worldwide, one such 

example is Project LISTEN (Literacy Innovation that Speech Technology ENables) is 

an inter-disciplinary research project at Carnegie Mellon University to develop a 

novel tool to improve literacy [7].  

Even in India, a lot of research work is going in the area of Speech 

Technology usage in Language learning process.  This technology teaches 

pronunciation using speech synthesis and learning pronunciation by Speech 

Recognition system. It helps illiterate people to communicate with computers and 

internet access by querying the requirements through speech in their mother tongue 

and any other natural languages. This idea opens another domain for Language 

Translation research, so that connecting the different language speaking people can 

have common discussion without knowing other language. Already online 

Multilingual dictionaries are available in text form. Accessing those information by 

simple speech query is another new research domain in Speech Technology.  

India is a multilingual multi cultural country with more than 200 Languages. 

The 1961census reports 1652 mother tongues according to one estimate, there are 613 

Tribal communities speaking 304 mother tongues which can be reduced to 101 

distinct identifiable languages. The Government of India presently focusing in the 

mother tongue based multilingual education to improve the literacy rate in tribal 
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community. The purpose of a multilingual education (MLE) [23] program is to 

develop appropriate cognitive and reasoning skills through a program of structured 

language learning and cognitive development, enabling children to operate 

successfully in their native, state and national languages.  MLE provides a strong 

foundation in the first language (mother tongue), adding second (e.g. national) and 

third languages (e.g. English) enabling the appropriate use of both/all languages for 

life-long learning (Malone 2005) [24].  

Multilingual education is also multicultural, with learning process in the 

child’s known environment and bridging to the wider world. The bridging process 

allows children to maintain local language and culture while providing state and/or 

national language acquisition and instruction.  This process provides learners with the 

opportunity to contribute for national society without forcing them to sacrifice their 

linguistic and cultural heritage. 

“UNESCO supports mother tongue instruction as a means of improving 

educational quality by building upon the knowledge and experience of the learners 

and teachers.” “UNESCO supports bilingual and/or multilingual education at all 

levels of education as a means of promoting both social and gender equality and as a 

key element of linguistically diverse societies” [24]. 

In India, with the growing popularity of computer and increasing number of users 

in rural places, there is a lack of computer literates. The Speech Recognition 

technology will helps in this scenario by accessing computers operation. The common 

man will find it easier to operate the computer simply by using speech as the mode of 

operation in his/her own language. 

1.1 Motivation 

The motivation for this work came from my interest in Speech Recognition and 

love for my language Banjara. The constitution of India Article 350-A says that 

adequate facilities should be provided of teaching in mother tongue at primary level 

for linguistic minorities [23]. 
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Article 29 envisages that for educational and cultural development of the 

linguistic minority’s protection should be provided for special language groups and 

opportunities should be given for preserving their language, script and culture through 

use in education.  

1.2 Problem definition 

The main aim for this work is to build a Speech Recognition System for Banjara 

Language also known as Lambada in Andhra Pradesh. This work focuses on studying 

the banjara language and collecting data for the Speech Recognition. Sphinx-III has 

been used to build the Speech Recognition system for the language. 

1.3 Overview of the work 

The work focuses on building the ASR system for Banjara language. Speech 

samples are collected from different people for creating a speech database for the 

experiment. 

The data are being collected from different environment viz. lab environment, 

room environment etc. The works analyses and compare the different result obtained 

in ASR experiment. 

Speech sample of native speaker and non-native speaker is also being analyzed in 

this work. 

1.4 Practical applications 

Today the Speech Recognition technology is being used in many computer 

applications.  

It’s being used as biometric application to authenticate voice and enabled security 

system. Dictation is widely used in various fields. It is used for medical transcription, 

general word processing etc. also finds its application in language courses for 

improving user’s pronunciation. And also come as a relief for medically unfit people 

in helping them to used computer via voice. 
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In this work, design an application for Banjara speaking people to learn other 

languages like Telugu, English, etc…and another task is to translate Banjara to 

Telugu language. 

1.5 Objective &Goal 

The main objective of the work is to develop a speaker Independent Automatic 

Speech Recognition (ASR) system for Banjara language and to build a simple 

computerized translation from Banjara to Telugu Language. 

1.6 Organization of the Thesis 

The Thesis is divided into eight chapters. The contents of the chapters are as 

follows. 

Chapter2 describes about “the basics of speech, phonetics, speech production and 

speech perception”. 

Chapter3 describes “Introduction to the Banjara language, Language phonemes and 

phoneme statistics”. 

Chapter4 describes “the Historical review of the Automatic Speech Recognition, 

structure of the ASR system” … 

Chapter5 describes the Brief idea of “an Hidden Markov model”. 

Chapter6 discusses an “Introduction to the Sphinx” and versions of sphinx and 

working procedure. 

Chapter7 describes about the Database and “experimental procedure” and “the results 

and result analysis”. 

Chapter8 discusses about the conclusion and future work of the work. 
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Chapter 2 

Speech, articulation and phonetics 

 Speech is the vocalized form of human communication. It is based on the 

syntactic combination of lexical and names that are drawn from very large 

vocabularies. Each spoken word is created out of the phonetic combination of a 

limited set of vowel and consonant speech sound units.  

2.1 Speech events, phones and phonemes  

A speech event is any kind of sound produced by the speech organs of a 

person. Two speech events are considered to be different if any difference can be 

found between them, for example, in the spectral structure or timing. Therefore, any 

two speech events are most likely different even if produced by the same person. 

[10,11] 

Speech events that are phonetically equivalent between speakers can be 

referred to as phones. Phonetic equivalence is a complex concept that relies on the 

idealizing assumption that the differences between a set of speakers’ phone organs 

can be ignored when evaluating the speech event’s phonetic quality. [25] 

Phones are regarded as realizations of the same abstract phoneme they are its 

allophones or variants [25]. It should be emphasized that a phoneme is indeed an 

abstract concept. It is not possible to divide a word into phones with clear, 

unambiguous borders the speech signal is changing continuously. The phoneme 

model is simply an idealizing abstraction of the complex phenomenon which is 

known as speech. 

 Quite often the word “phone” is used when one actually means a phoneme. 

For example, one could speak about phone recognition, when the ASR system in 

question is actually based on phonemes. Even more often, there is confusion between 

the corresponding adjectives phonetic and phonemic. 

 

http://en.wikipedia.org/wiki/Human
http://en.wikipedia.org/wiki/Syntactic
http://en.wikipedia.org/wiki/Lexicon
http://en.wikipedia.org/wiki/Name
http://en.wikipedia.org/wiki/Vocabulary
http://en.wikipedia.org/wiki/Phonetic
http://en.wikipedia.org/wiki/Vowel
http://en.wikipedia.org/wiki/Consonant
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2.1.1 Notation 

It is customary that speech sounds are marked in brackets (e.g. [a]) and 

phonemes between slashes (/a/). In both cases quantity, i.e., whether a phoneme or a 

phone is short or long, is marked with a colon ([X] or /X/). 

There exists an alphabet that includes symbols for phonemes in different 

languages, and is called the International Phonetic Alphabet (IPA). Instead of IPA 

symbols, this thesis uses Telugu graphemes for describing the corresponding Banjara 

language phonemes. An exception is the /x/ phoneme that has no corresponding 

grapheme. In this case, the IPA symbol is used. 

For most of the Banjara Language phonemes the Telugu character is identical 

to the grapheme. Table 2.1 presents the exceptions.   

Graphemes Notation IPA Notation 

/a/ /ɑ/ 

/ä/ /æ/ 

/ö/ /ø/ 

 

2.2 Speech production 

According to the source-filter model of phonation there are three main aspects 

needed for speech production: a source of energy, a source of sound, and a filter. 

None of these can be directly mapped to specific organs for example, the location of 

the sound source may vary for different speech sounds [6]. 

The main part of the energy source is provided by the respiratory muscles. 

When the volume of the lungs is decreased by relaxing the diaphragm and intercostals 

muscles and thus increasing the pressure inside the lungs, the pressure difference 

between the lungs and the parts of the vocal tract above the glottis (supraglottal vocal 

tract) begins to equalize, and air starts flowing through the glottis and the vocal tract 

Table 2.1: Exceptions in IPA notations of phonemes 
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unless there is something blocking the tract. This kind of air flow from the lungs to 

the environment called regressive air flow is the most important mechanism for 

human speech production. In some rare cases, ingressive air flow to the lungs is 

utilized as well. 

As such, air flowing through the vocal tract does not produce much sound. The 

glottis, a gap between the vocal chords in the larynx, works as a valve between the 

lungs and supraglottal vocal tract. For in and exhaling, the valve should be open, 

allowing air flowing to and from the lungs as freely as possible. 

In phonation of voiced speech sounds the vocal folds are moved closer to each 

other and the glottal orifice is narrowed. The air flow forced through the glottal slit 

makes the vocal folds vibrate.  The glottis opens and closes quickly at a frequency 

around 100 Hz for males, 200 Hz for females and 300 Hz for children, causing 

constant changes in the air pressure above the glottis. This opening and closing acts as 

the source of sound. This frequency can be heard in voiced sounds and is referred to 

as pitch. An example of the speech sound [a] is presented in Figure 2.1. The speaker 

can, to some extent, regulate the frequency of these glottal pulses. The pulses 

generated by the glottis could be heard as such but in reality the sound wave passes 

through the vocal tract filter, which causes significant changes to the produced sound. 

For unvoiced speech sounds the source of sound is a constriction somewhere along 

the vocal tract that is so narrow that air flow through it produces turbulence and Noise 

like sound. 

                             

Figure 2.1: Shows the waveform of the word [DHITHXVAAR] 
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 For the speech sound [s], for example, the constriction is between the tip of the 

tongue and the alveolar ridge. 

The part of the vocal tract that is located in front of the sound source acts as 

the main acoustic filter for voiced sounds it consists of the part from the glottis all the 

way up to the lips and for labial sound sources, e.g., [f], only of the small gap between 

the bottom lip and the upper teeth. As the word filter suggests, this part of the speech 

system amplifies some and attenuates other frequencies of the signal produced by the 

sound source. [12]   

2.3 Production of the different speech sounds 

The classification of phonemes to vowels and consonants is a universal feature 

of all languages. For the Banjara language, vowels are sometimes defined as the set of 

phonemes that can alone form a syllable. Unfortunately, this definition does not hold 

for all other languages. Therefore, a more general definition is required. 

Vowels are voiced sounds during which the air flow through the vocal tract is 

relatively free. The state of the vocal tract organs remains relatively stable during their 

phonation. Additionally, in order to exclude nasals ([m, n, x]) and laterals ([l]) from 

the vowel class we require that air has to flow freely out of the middle of the mouth. 

All the speech sounds that do not match the definition of a vowel, are called 

consonants. The different types of consonants in the Banjara language are stops, 

fricatives, nasals, tremulants, laterals, and semi-vowels. [20,21] 

2.3.1 Vowels 

Vowels can be classified by the positions of the articulators (jaw, tongue, lips). 

The position of the tongue during the phonation of six Banjara language vowels, [i, e, 

a, u, o], and  
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Figure 2.2 :Shows the different sounds production in human body 

[a] is shown in figure 2.2. [y] and  [ö] are not shown, since the tongue is 

approximately in the same position as for the vowels [i] and [e], respectively. [20] 

The difference in the constrictions of the vocal tract is to a good part defined 

by the location of the highest point of the tongue. 

As depicted in the figure, vowels can be classified in different ways. Whether 

they are front, central, or back vowels is decided by the location of the constriction 

caused by the tongue. Two other ways to classify them is by the narrowness of the 

strait and the roundness of the vowel. For example, [i] and [y] are both closed front 

vowels, but [i] is broad while [y] is round. 

2.3.2 Consonants 

The production mechanism of different vowels is quite similar, but the 

differences between the consonant classes are larger. While producing [l] or [j], for 

example, the air flow in a fashion that resembles greatly the air flow while producing 

vowels. On the other hand, for the stops [k, p, t], the air flow stops completely for a 

moment and the actual sound of these phonemes is produced by the burst like 
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explosion noise when the vocal tract finally opens. In this subsection, the production 

of the native Banjara language consonants [d, h, j, k, l, m, n, x, p, s, t, v] as well as [b, 

f, g] included in Telugu language due to other languages are considered. 

Stop consonants [k, p, t, g, b, d] 

When producing stops the vocal tract is at first completely, or almost 

completely, closed at some point causing a high difference in pressure between the 

parts of the vocal tract above and below the closure. At this point, there is little or no 

sound present. The actual stop consonant is produced when the vocal tract suddenly 

opens and a pulse-like sound is released. [k, p] and [t] are voiceless stops while [g, b], 

and [d] are voiced. For [k] and [g] the closure during the closed phase of the stops is 

located in the velum, [t] and [d] in the dental area, and [p] and [b] in the labial part of 

the vocal tract. 

Fricatives [f, h, s]  

In the production of fricatives there is a constriction somewhere along the 

vocal tract that is narrow enough to produce noisy turbulent air flow. This noisy sound 

is then altered by the vocal filter. Banjara language fricatives are always classified as 

voiceless. However, for example, the [h]-sound between two vowels may be voiced.   

Nasals [n, m, x] 

Nasals are voiced consonants in which, air flows through the nasal cavity 

while the primary vocal tract is closed. The location of the closure creates the main 

distinction between the three nasals. The sound is acoustically filtered by both the part 

behind the closure of the vocal tract and the nasal tract. 

 Tremulants [r] 

The Banjara language [r] is produced by letting the tip of the tongue vibrate 

against the alveolar ridge. The frequency of this vibration is typically 20 – 25 Hz. In 

Indian languages such as Telugu or Hindi, the place of the articulation is farther back 

in the vocal tract and no strong tip vibration is produced.  
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Laterals [l] 

The tip of the tongue blocks free air flow by pressing against the alveolar 

ridge. However, on both sides of the tongue tip there is a passage for sound waves and 

air flow.       

Semi-vowels [j, v] 

 The consonants [j] and [v] resemble vowels in general, but the constriction in 

the vocal tract is more powerful and the state of the tract is more context-dependent.  

2.4 Speech perception 

2.4.1 Anatomy of the ear 

The ear is composed of three sections: the outer, middle, and inner ear, as 

depicted in figure 2.4. The outer ear is responsible for directing the sound waves to 

the eardrum, where the middle ear transforms air pressure variations into mechanical 

motion. In turn, the inner ear transforms the movements into electrical signals in the 

auditory nerve. [9]       

   The outer ear consists of the pinna and the ear canal. The pinna is essential 

for sound localization as it attenuates sound coming from behind the head. The ear 

canal, or the meatus, can be regarded as a hard walled acoustical tube which boosts 

frequencies between 2 and 8 kHz. The first and second formants of speech are located 

within this frequency range.  

 

Figure: 2.3 Different parts of the Human ear 
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The middle ear begins at the eardrum. Together with the three ossicular bones 

(hammer or malleus, anvil or incus, and stirrup or stapes) it linearly converts air 

pressure variations in the ear canal into the oval window membrane at the start of the 

inner ear. The acoustic impedance of the inner ear fluid is about 4000 times that of air. 

Therefore, most of the pressure waves hitting the inner ear would be reflected back if 

there was no impedance transformation mechanism. The middle ear also includes a 

mechanism for protecting the delicate inner ear against loud and low frequency 

sounds. 

The part of the inner ear which performs in hearing is the cochlea, a snail-

shaped fluid-filled tube. It is connected to the middle ear through the oval and round 

windows. 

 

Figure: 2.4 Cross section of the Cochea 

The cochlea is a sensitive and complex organ. It is divided into several 

compartments by membranes (see cross-section in figure 2.4), and each of these 

compartments contains fluid with different chemical makeup, causing potential 

differences between the compartments. 

On the basilar membrane (BM) lies the organ of Corti, which contains hair 

cells organized in several rows along the length of the cochlea. The hair cells’ hairs 

bend when the basilar and tectorial membranes vibrate, causing neural firings in the 

auditory nerve. 
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The BM varies gradually in tautness and shape. It is stiff and thin in the 

beginning (close to the round and oval windows), but flexible and thick at its end. 

Thus, its frequency response also varies: each location on the cochlea has a 

characteristic frequency at which it vibrates maximally. The characteristic frequency 

is high in the beginning of the BM and low at the end. 

Sound entering the cochlea causes vibrations in the fluid, which creates 

traveling wave on the BM, which progresses from the beginning of the cochlea 

towards the end. This wave reaches maximum amplitude at the point on the BM 

whose characteristic frequency matches the frequency of the input sound. 

2.4.2 Psychoacoustics and the ear 

There are two main ways to study the properties of the ear: 1) direct 

physiological measurements and experiments, and 2) psychophysical experiments. 

The former is very difficult to perform due to the delicate and complex structure of 

the ear. In the latter, the response to sounds is studied indirectly, and relies on psychic 

response. This approach is called psychoacoustics and studies sensations, subjective 

responses to different stimulus. 

There are several results of psychoacoustical research that are essential in 

speech processing. The most important aspects are the different psychoacoustical 

pitch scales which are used to imitate the human hearing system. Before describing 

the different scales, a few psychoacoustic concepts need to be introduced. 

Critical band 

Critical band is an essential concept when studying the frequency resolution of 

hearing. A critical band defines a frequency range in psychoacoustic experiments for 

which perception abruptly changes as a narrowband sound stimulus is modified to 

have frequency components beyond the band. When two competing sound signals 

pass energy through such a critical-band filter, the sound with the higher energy 

within the critical band dominates the perception and masks the other sound [9]. A 

critical band is approximately 100 Hz wide for center frequencies below 500 Hz, and 

20 % of the center frequency for higher frequencies. 
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ERB band 

Equivalent Rectangular Bandwidth (ERB) bands are another way to measure 

the bandwidth of analysis of the hearing system. The ERB of the auditory filter is 

assumed to be closely related to the critical bandwidth, but it is measured using a 

more sophisticated method rather than on classical masking experiments involving a 

narrowband masker and probe tone. As a result, the ERB is thought to be unaffected 

by activity in frequencies outside the studied band. [10] 

Pitch 

The pitch describes the subjective sensation of sound on the frequency scale 

ranging from “low” to “high”. The closest match to pitch in physically measurable 

quantities is frequency, but pitch is also dependent on other quantities. There are two 

concurrent theories that try to explain the sensation of pitch: the place theory and the 

timing theory. The former is based on the fact that that the functioning of the basilar 

membrane (see section 2.4.1) is responsible for the sensations, while the latter is 

based on observations of the ear performing some sort of time domain periodicity 

analysis. Currently it is known that neither of the theories alone explains pitch 

sensations and that the hearing system includes more than one method. Several pitch 

scales have been developed based on slightly different aspects of psychoacoustics. 

The mel, Bark, and ERB scales are presented in the following subsections. [11,12] 

Mel scale Filter bank 

The Mel scale is formed as follows: a starting frequency is selected and played 

to a subject. Then, a sound is searched for that in the subject’s opinion is half (or 

double) in pitch. This procedure is repeated as necessary with the frequencies of new 

sounds as starting frequencies, and the results are averaged over many subjects. 

Finally, an anchor point is selected where the frequency and pitch scales are set to be 

equal. The dependency between frequency and pitch is approximately linear up to 

500–1000 Hz but above that it is close to logarithmic. This kind of scale is called the 

Mel scale1, and the unit of the scale is Mel. An approximation usable on low 

frequencies is given by the equation: 
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Where m denotes the number of mels and f is the frequency in hertz. The 

anchor point for this scale is 1000 Hz which corresponds to 1000 Mels. Other 

approximations exist, as well, and they are usable on different frequency bands. [9] 

Bark scale 

The Bark scale (named after the German acoustician Barkhausen) is based on 

critical bands. On this scale one critical band corresponds to one Bark. The Bark and 

Mel scales are closely related and 1 Bark approximately equals 100 Mels. [11]  

ERB-rate scale 

At different times the different pitch scales have been thought of mapping 

sounds linearly to the basilar membrane so that a constant difference on the pitch 

scale corresponds to a constant shift in the resonance point on the BM. According to 

latest research, the ERB-rate scale is the best match for this relation. As the name 

suggests, the ERB-rate scale is based on the ERB bands in a similar way that the Bark 

scale is based on critical bands. [12] 

Stevens’ power law 

According to the Power law by Stevens [11], introduced in 1957, the 

relationship between stimulus intensity and sensation magnitude is described by the 

equation: 

                                               

Where Y is the sensation magnitude, k is a constant factor, I is the magnitude of the 

stimulus, and n is the exponent that has a different value for different sensations. If 

the exponent is less than one, the function is compressive, if n is equal to one, the 

function is linear, and otherwise it is expansive. Stevens measured values for n for 

different sensations, for example for brightness (n ≈ 0.33) and for electrical Shocks to 

teeth (n ≈ 7.00). For the loudness of a 3000 Hz tone a value of n ≈ 0.67 was obtained. 

However, on moderate sound levels and lower frequencies the value is significantly 

lower [10, 11]. 



16 

 

 

Figure: 2.5 The waveform, spectrogram, energy, Mel cepstral representation of same speech signal 

along with phoneme annotations. 

The power law is in contradiction with previous results by Fechner who 

argued that the relation between stimulus and sensation intensities would be 

logarithmic (Y = k log I). Even today, many algorithms use the logarithmic function 

when approximating human sensation intensities. 

 

2.5 Speech representation in computer 

Humans use both audible and visual cues when recognizing speech with the 

audible information being more important. In the early days of automatic speech 

recognition only audible information was utilized since computers were not powerful 

enough for image processing. Currently, there are projects aiming at combining 

audible and visual information in ASR [1], but for many common applications the 

acoustical Stimulus is the only one that can be used. An example of this is telephone 

application. 

The analog speech signal is converted into an analog electrical signal within a 

microphone and into discrete, digital samples by an analog-to-digital converter 

(ADC). The amount of digital data depends on the sampling frequency as well as the 

amplitude resolution of the samples. For telephone speech, the frequency is usually 8 

kHz and for CD-quality 44 kHz. A reasonable compromise between sound quality and 
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storage space required dictates a 16 – 22 kHz sampling frequency. In the experiments 

of this thesis a frequency of 16 kHz was used. 

  In Figure 2.5 four different views of the same speech signal are shown. The 

topmost is the speech waveform, the second is the overall energy of the signal, the 

third the standard 12th order mel-cepstral representation, and finally the short-time 

FFT representation, shown as a spectrogram. The utterance presented is part of the 

training data used for the experiments of this thesis and it is uttered by a male speaker. 

The individual sounds are visible in the spectrogram as well as the different 

formants which are the resonances produced by the vocal tract. Different phonemes 

produce different patterns of formants, and a human being can, for example, identify 

clearly pronounced vowels from each other quite simply by looking at their 

spectrograms. For all the /s/’s, there is clearly more energy in the higher frequencies 

than for other phones. This shows the difference between noise-like fricatives and 

voiced sounds.  

This chapter concludes describing speech basics related to human and machine 

understanding concepts which are necessary for building the ASR system. 
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Chapter 3 

Introduction to Banjara Language 

Author Samuel Johnson put as “Language is the dress of thought”. Language 

should be developed to preserve and propagate culture and more importantly virtues 

among a given group of people. Bahadur Singh Rathod, an 8th class pass police 

constable in Adilabad has designed a script for his mother tongue, the Banjara dialect,  

who says that “I wanted my mother tongue to be more useful to my tribesmen which 

are known as  Banjaras or Lambada’s as they are known in Andhra Pradesh”[8].  This 

shows the tribe people love towards their mother tongue.   

3.1 Special features of the Banjara language 

The Banjara language, along with other languages such as Hindi and Telugu, 

is fundamentally different from all other major Indian languages. In this section, the 

most important features of the Banjara languages from the speech recognition point of 

view are discussed. 

3.1.1 Banjara is close to a “phonetic” language 

As a rule of thumb, the Banjara language writing system follows the phonemic 

principle.   There exists a different grapheme corresponding to each phoneme that is 

not used for any other purpose. This makes many aspects easier in speech and   

language research. For example, the conversion of written text to phoneme similar to 

the Telugu language. 

3.1.2 Strings in speech synthesis is straightforward 

Still, there are exceptions, with the most obvious being the phonemes GxG 

and GxXG that are transcribed as graphemes “n” (usually, in front of a “k”) and “ng”. 

Additionally, the difference between spoken and written language causes irregularities 

between the graphemes and phonemes, phonemes are often dropped and added at 

certain locations of a word. In loanwords, on the other hand, a less educated speaker 

might replace the foreign consonants [b, f] and [g] with the unvoiced Banjara 

Language counterparts [p, v] and [k], respectively. Coarticulatory facts do cause 

phonemes to appear as different allophones in different contexts, but the number of 
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different phonemes perceived by a native Banjara language speaker is close to the 

number of different graphemes in the written language. As a result of Banjara 

language being a phonetic language, native Banjara speakers can easily interpret a 

string of phonemes produced by a phoneme recognizer. 

3.2 Number of words 

The morphology of the Banjara language is complex, which makes the number 

of different words immense. This is due to several factors [13] explains as follows: 

3.2.1 (A) Banjara is a synthetic/agglutinative language 

As opposed to analytic languages, the meaning of a word is typically changed 

by adding a suffix to the word and not by using additional words. There are sixteen 

different cases and additionally several other grammatical meanings which are 

expressed through suffixes, e.g., possessive relation, questioning and hesitation. These 

kind of suffixes are used with nouns, pronouns, adjectives, numerals, and even verbs. 

Suffixes of ten replace prepositions used in other languages. 

As an example, the word “AANGAPACHADIAK”, “indeed in his/her/their trees” 

can be split into morphemes (/AA/ /NG/ /P/ /AA/ /D/ /IA/ /K/) in the following way:  

 AA is the root of the word. The basic form of the word tree is A,   here the 

second /a/ has disappeared. This shows that Banjara Language is not cleanly 

agglutinative. 

  AANGA denotes a plural form. 

 [GA] is the suffix for the inessive case, which is roughly equivalent to the 

Telugu preposition in. 

  [AA] represents the possessive form of the third person, singular or plural. 

  [K] makes the word have an insisting tone. 

  Verbs are conjugated in person, tense, and mood. 

 The word ’AANGAPAACHADHIAKANCHAAL’ is as such a proper 

sentence in Banjara Language. When translated accurately into Telugu, one 

needs seven words: Would I really run a little around. Again, this word can be 

split into different morphemes in the following way: 
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 AANG  is the root of the word, derived from the verb  to Front 

  PAACHA means that the back  is done in an aimless way 

  DIAK indicates the conditional mood.  

  N indicates the first person, singular 

  LAA makes a question of the word 

 CHAAL the same suffix as in the previous example, but, in this case, it   

makes the tone hesitating, rather than insisting. 

3.2.1 (B) New words are formed by composing other words 

This is true for some Tribal languages, e.g. Banjara and Koya, as well. To 

some degree, it also applies to Telugu. 

The great number of different words makes it inefficient to make a simple list 

of Banjara language words that would be usable for a large vocabulary speech 

recognize. One would need to add knowledge about morphology to the language 

model. This is totally different for Indo-European languages and the large vocabulary 

recognizers for those languages usually rely highly on word lists, i.e., dictionaries. For 

Banjara language some other approach is required. In this work, as well as previous 

works, phoneme recognition has been chosen as the solution. [14, 15] 

3.3 Quantity of phonemes 

Phoneme duration, or quantity, is a distinctive feature in Banjara language the 

meaning    of a word can be changed by varying the temporal durations of the 

phonemes.    For example, the words KA, KAD, KAAD, KHAAD, and KHAD all 

have different meanings, and even the non-existent words KAA and KKAD sound 

like proper Banjara language words, but do not happen to have a meaning. 

3.4 Vowel harmony 

In a Banjara language non-compound and non-loan word, front vowels [y, a], 

and [ö] and vowels [a, o], and [u] are never present at the same time. The front vowels    

[i] and [e] are neutral in this respect. They can be combined with both front and back 

vowels. This fact can be utilized in speech recognition applications especially at the 

language model level. 
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3.5. Few consonant sequences 

Consonant sequences are rare and never appear in the beginning or end of a 

native Banjara language word. In contrast, it is possible that a word consists solely of 

vowels (e.g., aie). 

3.6 Phonemes present in the Banjara language 

 The Banjara language phoneme set is smaller than the Telugu one. In native 

words, there are six vowels and thirteen consonants, and three additional consonants 

appear in loanwords. Both long and short versions exist for most phonemes. 

Vowels 

The Banjara language set of vowels consists of four front vowels and two back 

vowels. The front vowels are /e/, /i/, /y/, /ä/, and /ö/ corresponding to the graphemes 

/e/, /i/, /y/, /ä/, and /ö/, respectively. The back vowels are /a/, /o/, and /u/ with 

respective graphemes /a/, /o/, and /u/. 

Consonants 

There are thirteen different consonants in native Banjara Language words: /d/, 

/h/, /j/, /k/, /l/, /m/, /n/, /p/, /r/, /s/,/ t/, /v/, and /x/.  Not all of them appear at all word 

positions for example, the consonants /d/, /h/, /j/, /k/, /m/, /p/, /v/ and /x/ do not appear 

at the end of a word. Additionally, /d/ and /x/, which are usually present only due to 

word infection, have more restrictive appearance constraints. The appearance of the 

phoneme /h/ is fundamentally different, depending on its location in the syllable. In 

the beginning of a syllable it is unvoiced and could be classified as a semi-vowel. In 

the end of a syllable it is often voiced and clearly a fricative. Both of these variants 

undergo a heavy allophonic variation. [16] 

3.7 Phoneme statistics  

Table 3.1 and 3.2 shows the statistics of Banjara language phonemes from four 

different studies. Also, the statistics of the book used for the experiments of this thesis 

are shown (1996). The statistics made by the linguists as well as the Dr GonaNaik a 

person who is belong to the Banjara community and Aacharya H.S. Brahmananda are 
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provided letter statistics than phoneme statistics, and the phoneme x is not taken into 

account. Phoneme based his study on the Banjara Language translation of the New 

Testament from Banjara to Telugu Language[ ]. The table is ordered according to the 

statistics gained from Bharata Desham lo Banjaraalu book.     

 

Table: 3.1 Shows the Vowels        

 

Table: 3.2 Shows the Consonants of Banjara Language 

The table No. 3.1 shows how well important vowels are in Banjara Language 

almost fifty percent of the phonemes are vowels. It also clearly shows that phonemes 

/a/, /i/, /e/, and /n/ are most common while /ö/, /x/,/ g/, /b/, and /f/ the most infrequent. 

This chapter concludes the basic language structures of Banjara languages and 

their phoneme information comparing with the Telugu language. 
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Chapter 4 

Automatic speech recognition systems  

4.1 Historical review 

This section is based on [1], unless otherwise stated. 

The First pioneer in speech technology design was Wolfgang von Kempelen. 

He designed a mechanical device mimicking the human vocal tract in 1791 [5]. Forty 

years later, based on the design by Kempelen, Charles Wheatstone built a machine 

capable of producing a good selection of both voiced and unvoiced sounds. This 

machine had a leather tube that replicated the vocal tract and a vibrating reed as the 

vocal cords, and bellows representing the lung. 

The trend of imitating the human vocal tract using mechanical means 

continued into the 20th century. Gradually, when new algorithms, electronics, and 

finally computers with increasing computational power were developed, the scope of 

speech research broadened to speech coding and recognition applications. In 1928, 

Homer Dudley invented the vocoder that made it possible to transfer speech on the 

phone line by using only a fraction of the bandwidth. [1] 

The first application of automatic speech recognition was a toy dog called 

Radio Rex produced in the 1920’s. An electromagnet kept the dog in its house until its 

name was called. Then the simple electrical recognizer would react to the acoustical 

energy contained in the /e/, cut the current from the electromagnet, and let the dog 

jump out of its house. Of course, the recognition was not accurate, the dog would 

react to a host of other words as well. [11] 

An early but more serious application of speech recognition was the single 

isolated speaker digit recognizer designed by Davis et al. at Bell Laboratories in 1952 

[13]. Olson and Belar tried to build a recognizer for ten monosyllable words at RCA 

Laboratories in 1956. These two recognizers relied heavily on spectral measurements 

and direct pattern matching [9]. 
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In 1959, Fry and Denes tried to build a phoneme recognizer to recognize four 

vowels and nine consonants using a spectrum analyzer and a pattern matcher to make 

the recognition decision. This recognizer contained simple language model that relied 

in statistical information about allowable phoneme sequences. 

During the 1960’s and 1970’s new methods for speech recognition were 

introduced silence detection methods, time warping, and dynamic programming. In 

the 1970’s the first large vocabulary and speaker-independent systems were developed 

at IBM and AT&T. These recognizers mostly concentrated on Isolated Word 

Recognition. 

The most fundamental change in the 1980’s in the field of speech recognition 

was the shift from the spectral pattern matching techniques to statistical modeling 

methods, for example neural networks and more importantly hidden Markov models 

or HMM’s. HMM’s were first introduced in several papers by Baum et al. in the late 

1960’s and early 1970’s [1,15] and shortly after independently extended to automatic 

speech recognition by Baker and Jelinek [16]. However, they did not become popular 

in speech recognition until the 1980’s. 

In 1975, Jelinek et al. presented the idea of language modeling in the form it is 

used today [26]. The goal of language modeling is to find and represents the 

relationship among words in sentences, just as the goal of acoustic modeling is to find 

regularities inside models. The so-called N-gram model is a set of conditional 

probabilities of vocabulary words followed by other words, estimated from large text 

material. A well trained model gives lower probabilities to ungrammatical than 

grammatical sentences.  

Few fundamental new innovations have been discovered in speech recognition 

since the discovery of HMM’s. Fine details have been tuned and growing 

computational capacity has allowed the use of more complex models giving some 

performance boost. However, at the same time the need for training data has also 

grown. 
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4.2 Structure of an ASR system 

This section explains in short the basic structure of a current state of the art 

standard speech recognition system. In the following subsections the different parts of 

the system are discussed in more detail. 

A block diagram of a speech recognition system is shown in figure 4.1. The 

basic structure of all modern recognizers, independent of recognizer type, is presented 

in this figure.  First discrete, equally spaced feature vectors are formed from a 

continuous speech signal. These vectors are assumed to carry a compact presentation 

suitable for classification of parts of speech. The actual recognizer makes use of the 

acoustic models, the lexicon, and the language model. Using these information 

sources the most likely transcription of the sentence is produced.  

 

Figure: 4.1 The Automatic Speech Recognition System Architecture. 

First of all, the speech signal has to be digitized so that it can be processed by 

the computer. The signal is then fed to the preprocessor, which is the feature 

extraction unit. The signal is split into frames consisting of about 200–800 samples, 
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and the frames are fed to the feature extractor itself which reduces the amount of data 

by calculating a vector of about 10–60 features, depending on the front end. 

The feature vectors of the training data are used for parameter estimation for 

the acoustic models which characterize the acoustic properties of the basic recognition 

unit, e.g. a phoneme or a word. The lexicon is used to map the acoustic models to 

vocabulary words. The language model restricts the number of acceptable word 

combinations based on statistical information gathered from large text materials. 

4.3 Acoustical front ends 

Acoustical front ends are used for feature extraction purposes to transform the 

raw speech test files into more usable information. Features are numerical vectors that 

are designed to contain as much information relevant to recognizing phonemes as 

possible. On the other hand, they are a compressed representation of the speech data: 

much irrelevant information is discarded by the front ends. 

Naturally, features should be discriminative they should differ sufficiently for 

the different phonemes so that building and training models is possible. Additionally, 

they should be robust features computed from separate utterances under different 

conditions should be similar. Another factor is computational efficiency that  how 

much processor time is needed to extract the features from a speech utterance. 

4.3.1 Common front end operations 

Sampling: The acoustic speech signal has to be converted into a form that a   

computer can handle, a sequence of numerical values. This is done by taking   discrete 

samples, or discrete values of the signal evenly spaced in time. A   reasonable 

sampling rate for speech processing is 16000–22000 times a second,   corresponding 

to sampling rates of 16 kHz–22 kHz  

Pre-emphasis: Since there is more energy in lower than in higher frequencies in   

speech, speech data is high-pass filtered according to equation 4.1. The value   of the 

constant a is typically around 0.97. 

                                                                       (4.1) 
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Windowing: Single sample values of raw digitized speech are hardly of any use   for 

feature extraction. On the other hand, the whole utterance is usually too long and 

contains many different phonemes so it cannot be used for feature   extraction, either. 

Instead, the utterance is divided into equally sized pieces, called frames. 

Some further operations that are done for the framed data consider the signal 

as a periodic signal that is formed by concatenating the contents of the frame several 

times after each other, with the Discrete Time Fourier Transform (DTFT) being the 

most important of these. If the frames are formed simply by cutting pieces of the long 

utterance discontinuities arise wherever the beginning and the end of the original 

frame meet, which introduces anomalies to the spectrum produced by the DTFT. To 

prevent this from happening, a windowing function is used, with the most common 

being the Hamming window. 

Additionally, in order to prevent problems occurring due to the selection of the 

frame locations, the signal is windowed in such a way that the frames overlap. 

Frequency warping: It seems naturally desirable to have the front end simulate the 

function of the human ear, which is more sensitive at low than high   frequencies. The 

frequency scale of the front end is altered similarly which can   be achieved through 

filter banks or Warped Linear Prediction, for example. 

 ∆- and ∆∆-coefficients: The performance of a speech recognition system can be 

enhanced by adding derivate coefficients to the static feature coefficients. While the 

static features describe the static state of the speech signal, the first and second order 

derivative coefficients, called ∆- and ∆∆-coefficients, describe its dynamic properties, 

which are essential for modeling the transitions from one phoneme to another. The ∆-

coefficients are calculated according to the   following equation 4.2:                                              

                                           ……………       

(4.2)             
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where  is the ∆-coefficient, Θ is the width of the window used for 

calculating the ∆-coefficients, normally equal to two.  Is the value of the static 

coefficient at time t. 

∆∆-coefficients are calculated similarly, except that instead of  -coefficients, the  

-formulas are used in the equation above. 

Cepstral liftering: The high order cepstral coefficients are often numerically   quite 

small, and thus the variances of the different order coefficients would   be from a wide 

range. This is not a recognition issue, but when displaying   purposes it is convenient 

to rescale the cepstral coefficients to have similar   magnitudes. This is done by 

cepstral liftering according to the equation 4.3, where cn and c’n is the original and the 

liftered coefficient, ‘n’ is the cepstral order, and L is a liftering constant. 

                                        (4.3) 

         4.3.2 Mel Frequency Cepstral Coefficients 

Mel Frequency Cepstral Coefficients (MFCC’s) is the standard front end used 

in speech recognition. It provides good performance under clean conditions but is not 

very robust to noise. When calculating MFCC’s, the spectrum of the speech signal is 

divided into channels by applying a set of band-pass filters to the signal. A 

computationally efficient way to do this is to operate directly on the DTFT of the 

signal with a triangular filter bank directly in the frequency domain (see figure 4.2). 

The triangles of the filter bank overlap partially, and they are broader at high than at 

low frequencies. This provides better resolution at low frequencies where the most 

important first and  
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Figure: 4.2   The Structure of the Mel filter bank. The separate m-terms are the components of mel spectrum. 

 

Figure: 4.3 The Computation of the Mel cepstral coefficients. 

second formants are located. The triangles need to be tuned carefully to perform mel-

warping. If they are located differently, the front end might still produce reasonably 

good results, even though the resulting scale would be different from the mel scale. 

The outputs of the filter bank form the mel-spectrum. The final cepstrum 

coefficients are obtained by applying the inverse Fourier transform on the logarithm 

of the absolute values of the mel-spectrum squared. In this case, the inverse Fourier 

transform is equivalent to the discrete cosine transform (DCT), which is a 

computationally lightweight operation. Additionally, the DCT produces values that 

are highly uncorrelated, making the production of speech models easy. A summary of 

the calculation of the MFCC is depicted in figure 4.3. 
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4.4 Recognition units and types 

When building a speech recognizer, an important decision, one has to initially 

make to choose the recognition unit. This unit can be of different lengths, and each 

choice has its own benefits and disadvantages. The longer the unit is the more 

accurately it will models the effects of context-dependency, but more training data 

will be required. The unit should be consistent and trainable. Different instances of 

the same unit should have similarities, and there should be enough training examples 

to reliably estimate the model parameters. The following discussion is based on. 

4.4.1 Words 

Words are the actual unit we eventually want to recognize. They are thus a 

natural choice for the speech recognition unit. They inherently take context-

dependency issues into account, since phonemes inside a word are very likely the 

same in each utterance. The obvious problem with word models is the large number 

of different words and the problem of too little training data. This makes word models 

unusable for large vocabulary recognition. 

Sometimes word models are used together with other kinds of models. For 

example, short function words may have their own models implemented within a 

phoneme recognizer. 

4.4.2 Phonemes 

To facilitate larger vocabularies than what are supported by word models one 

has to find a way to share information between different models. In other words, one 

has to take sub word units into use. The most obvious choice is the phoneme. The 

number of phonemes is moderate, ranging between 15 to 50 in most languages. 

Therefore, it is very easy to get enough training examples for each phoneme. 

However, the obvious problem is that the context of the phonemes is ignored. Thus, 

while word models lack generality, phoneme models over generalize. 

4.4.3 Multiphone units 

Larger units of speech can be used as recognition units to model the 

coarticulatory effects, for example, syllables or demisyllables. They solve most of the 
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problems involving context-dependency leaving the middle phonemes of the unit out 

of the effect of the neighboring units. However, the edges of these units undergo some 

coarticulatory variation. Furthermore, there may not be enough data to train rare units. 

4.4.4 Explicit transition modeling 

Biphones model pairs of phonemes without the use of stationary phonemes. 

They are used for explicit transition modeling. Another approach is to use stationary 

phoneme models and create explicit models for the transitions. These approaches 

suffer from the problem of the large number of different models: with N phonemes 

there may be up to N 2 transitions. 

4.4.5 Word-dependent phonemes 

Word-dependent phonemes are a compromise between word modeling and 

phone modeling. Phoneme models are trained for each word separately, but if a 

specific word phoneme is poorly trained, the parameters can be interpolated from the 

phoneme models in other words. Therefore, not all words have to be present in 

training, and new words may be added later. 
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Chapter 5 

Basic Structure of Hidden Markov Models 

Despite their many weaknesses, Hidden Markov Models (HMM’s) are the 

most widely used technique in modern speech recognition systems. This is due to the 

fact that a great deal of effort has been devoted in research during the 1980’s and 

1990’s, making it very challenging for alternative methods to get even close to their 

performance level with moderate investments [16]. 

Markov models were introduced by Andrei A. Markov and were initially used 

for a linguistic purpose, namely modeling letter sequences in Russian literature. Later 

on, they became a general statistical tool. Markov models are finite state automatons 

with probabilities attached to the transitions. The following state is only dependent on 

the previous state. 

Traditional Markov models can be considered as ’visible’, as one always 

knows the state of the machine. For example, in the case of modeling letter strings, 

each state would always represent a single letter. 

However, in hidden Markov models the exact state sequence that the model 

passes through is not known, but rather a probabilistic function of it. 

Hidden Markov models can be built for parts-of-speech differing in size. 

Usually, simple, small-vocabulary recognizers use word models and larger-

vocabulary recognizers use phoneme models [15]. 

5.1 Definition of HMM’s 

The Hidden Markov Model is a finite set of states, each of which is associated 

with a probability distribution. Transitions among the states are governed by a set of 

probabilities called transition probabilities. In a particular state an outcome or 

observation can be generated, according to the associated probability distribution. 

For defining HMM’s, the following elements are needed: 

• The number of states, N. 
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• The number of elements in the observation alphabet, M . The alphabet can 

also be infinite (continuous). 

• Transition probabilities aij between the states. These are usually presented in  

a transition matrix. 

• A probability distribution associated with each state: B = bj (k). For 

continuous probabilities, the probability density function can be approximated by a   

sum of Gaussian mixtures (N), each having their own weighting coefficients cjm, 

mean vector µjm, and variance vector Σjm. With these defined, the probability of an 

observation vector Ot can be calculated according to the equation   4.4. 

    (k) =              (4.4) 

In this example, each emitting state has transitions to itself and the next state. 

This simple left-to-right structure is quite common in speech recognition. Sometimes 

transitions for skipping a state are used and sometimes even backward transitions may 

exist. 

 

Figure: 5.1 An example of a hidden markov model. 

The mathematical problems of HMMare quite complicated and have been 

covered in several good papers before, e.g. [18], so they will not be covered in detail 

here. In short, the three main problems that have to be solved for utilizing the models 

in speech recognition are: 

1. The evaluation problem  

  Given a model and a sequence of observations, one needs to compute the 

probability that the sequence was produced by the model. This can be also seen as the 
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problem to score the match between the observations and the model. For this problem 

an exact solution exists and can be efficiently calculated by   using the forward-

backward algorithm [16]. 

2. The estimation problem 

Given an observation sequence or a set of sequences, this problem involves 

finding the parameter values that specify a model most likely to produce the given 

sequence. This problem is involved in speech recognition in the training phase, and is 

solved iteratively using the Baum-Welch algorithm [17]. 

Two approaches can be used in training, maximum likelihood estimation 

(MLE) and maximum mutual information estimation (MMIE). The goal in MLE is to 

maximize the probability of the model of generating the training sequences, while 

MMIE-training tries to maximize the ability of the model to discriminate between 

models of different speech classes (e.g. Phonemes). 

3. The decoding problem 

  The third problem involves finding the most likely state sequence for a given 

observation sequence. There are different search algorithms for this, for example, the 

beam search algorithm. 

The HMM concept has several weaknesses. As its name suggests, the Markov 

assumption, i.e., the probability of being in a given state at time t depends only on the 

state at time t − 1, is used. This is definitely not true for speech signals. Another 

assumption not true for speech signals is that successive observations should be 

independent. [16] 

5.2 Language models and lexicons 

An ASR system that only utilizes acoustic features ignores a lot of linguistical 

information involved in the spoken text. Even though perfect modeling of linguistical 

information is not possible (e.g. speakers do not strictly follow the grammatics of a 

language), using statistical language models often radically improves the performance 

of an ASR system. 
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Lexicon is a list of allowed words in a task. The larger the lexicon is and the 

more there are words that sound similar the harder the recognition task is. 

Language models are used to restrict the possible word combinations based on 

statistical information collected from large text material. The most common approach 

is using stochastic descriptions of text usually involving the likelihoods of the local 

sequences of one to three consecutive words in training texts. Given a history of prior 

words in a sentence and based on the statistical model the number of words that need 

to be considered is lower than the size of the vocabulary. For successful language 

modeling the text on which the language model is based on should be about similar 

topic as the data that is going to be recognized. Language features, such as word 

inflection, also affects the success of language modeling. 

 



36 

 

Chapter 6 

Introduction to Sphinx 

We used the SPHINX [2] Speech Recognition System provided by the 

Carnegie Mellon University to implement the HMM based speech recognition. The 

SPHINX system is an open source tool which includes all the trainers, decoder’s 

acoustic models and language models required to build and test a complete 

recognition system. The tool provided by SPHINX has a wide variety of applications 

which cater to different needs of the user. 

VERSION FEATURES 

SPHINX-2 Semi-continuous and continuous output probability density 

functions. 

Tree Lexicon 

SPHINX-3 Continuous output probability density functions. 

Batch processing 

Flat Lexicon 

LVCSR System 

SPHINX-3.X 

(S3-fast) 

Continuous output probability density functions. 

Batch and Live mode processing 

Tree Lexicon 

SPHINX-4 Continuous output probability density functions. 

Batch and Live mode processing 

JAVA platform 

 

Table: 6.1 Different versions of SPHINX trainers and decoders 

The main advantage of SPHINX [3] package is that it is fully customizable for 

a range of different applications. The user can carefully choose the version depending 

on the types of models his or her working with and the level of accuracy required. 

We used sphinx-III, which is a speaker independent large vocabulary speech 

recognition system to perform the recognition task. The procedure was realized on a 
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LINUX/UNIX plat form which has inbuilt C-compiler, Perl and audio converter 

which made the task easier. The recognition was performed in a batch mode which 

required the speech input to preprocessed in a cepstral format to be compatible with 

the SPHINX acoustic trainer and decoders. For a batch mode processing the entire 

input that has to be recognised must be available beforehand. The pre-record speech 

has to be processed from its raw format into cepstrum files which is compatible with 

the SPHINX trainer and decoder. The HMM based system uses the trainer to learn the 

characteristics of the speech input and the decoder to deduce the most probable 

sequence of sound units for a given speech input. 

 

Figure: 6.1 A Block Diagram of SPHINX-III Architecture. 

6.1 Sphinx Trainer 

SPHINX trainer learns the characteristics of the sound modules using a set of 

programs. The training database which comprise of test data, pronunciation 

dictionary, filer dictionary and the transcripts files are provided to the trainer. The 

trainer then functions by mapping each word to a sequence of sound units in the 

dictionary and derives the sequence of sound units associated with each signal. The 

generates model index files which contains reference to states in the HMM modules 



38 

 

which helps both the trainer and decoder to access the right parameters. Using the 

open source trainer and the relevant input files acoustic models can be built for the 

speech recogniser. 

The training procedure involves optimizing HMM parameters of a given 

training data. An iterative procedure, the Baum-Welch or forward-backward 

algorithm is employed to estimate transition probabilities, output distribution, and 

codebook means and variance under the probabilistic framework. 

6.1.1 Pronunciation Lexicon  

A pronunciation lexicon (or dictionary) files specifies word pronunciation. In 

Sphinx, pronunciation is specified as a linear sequence of Phonemes. Each line in the 

file contains one pronunciation speciation, except that any line that begins with a "#" 

character in the first column is treated as a comment and is ignored. The lexicon is 

completely case-insensitive (unfortunately).For example, it’s not possible to have two 

different entries Brown and brown in the dictionary. Example of pronunciation 

Lexicon: 

RAM       R AX M 

THAM     TH AA M 

For multiple pronunciations the words are distinguished by a unique parenthesized 

suffix for the word string like, 

LA       L AA 

LA (2)   L AX 

Compound words are represented as   

WANT_TO    W AA N AX 

6.1.2 Main and Filler Lexicons 

The sphinx decoders actually need two separate lexicons: a “regular” one 

containing the words in the language of interest, and also a filler or noise lexicon .The 

latter defines “words” not in the language. More specifically, it defines legal “words” 

that do not appear in the language model used by the decoder, but are nevertheless 

encountered in normal speech. This lexicon must include the silence word <sil>, as 
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well as the special beginning-of-sentence and end-of-sentence tokens <s>, and </s>, 

respectively. All of them usually have the silence-phone SIL as their pronunciation. In 

addition, this lexicon may also contain “pronunciation” for other noise event words 

such as breath noise, “UM” and “UH”sounds made during spontaneous speech, etc. 

6.1.3 Acoustic Model 

Sphinx-3 is based on sub phonetic acoustic models [14]. First, the basic 

sounds in the language are classified into phonemes or phones. There are roughly 50 

phones in the English language. For example, here is a pronunciation for the word.           

DHITHXVAAR   DH IX THX V AA R 

For most applications, one builds acoustic models for triphones, qualified by 

the four position attributes. Each triphone is modeled by a hidden Markov model or 

HMM. Typically, 3 or 5 state HMM is used, where each state has a statistical model 

for its underlying acoustics. But if we have 50 base phones, with 4 position qualifiers 

and 3-state HMM, we end up with a total of 50
3
*4*3 distinct HMM states! Such a 

model set would be too large and impractical to train. To keep things manageable, 

HMM states are clustered in to a much smaller number of groups. Each such group is 

called a senone (in sphinx terminology),and all the states mapped into one senon share 

the same underlying statistical model. 

Each triphone also has a state transition probability matrix that defines the 

topology of it’s HMM. Once again to conserve resource, there is a considerable 

amount of sharing. Typically there is one such matrix per base phone derived from the 

same parent base phone share its state transition matrix 

6.1.3.1 Acoustic Model Training  

The acoustic models are not built directly on raw audio file. Instead, the audio is 

processed to extract of relevant features. All acoustic modeling is carried out in terms 

of such feature vector. 

Input: Speech wave form 16-bits (sampling rate 16 kHz) 

Input: Front and processing parameters 

Pre-emphasis module (pre-emphasis alpha =0.97) 

Framing (100 frames/sec) 
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Power spectrum (using DFT size 512) 

Filtering (lower = 133.334 Hz, upper = 6855.4976 Hz) 

Mel Spectrum (multiplying the power Spectrum with the Mel  

weighting filters(number of mel Filters 40) 

Mel Cepstrum (number of cepstra 13) 

Mel Frequency cepstral Coefficients (39 32-bit floats)     

6.1.3.2 Acoustic Modeling Training 

This refers to the computation of a (statistical) model for each senone in the 

mode as a rough approximation, this process can be described by the following 

conceptual steps: 

Obtain a corpus of training data. This may includes thousands of sentences (or 

utterance, in Sphinx jargon), consisting of the spoken text and corresponding audio 

sample stream. 

For each utterance, convert the audio data to a stream of feature vectors as 

described above. 

For each utterance, convert the text into a linear sequence of tri phone HMM 

using the pronunciation lexicon.   

Find the best state sequence or state alignment through the sentence HMM, for 

the corresponding feature vector sequences. 

The best state sequence is one with the smallest mismatch between the input 

feature vector and the labeled saneness underlying statistical models. 

For each senopne, gather all the frames in the training corpus that mapped to 

that senone in the above step, and build a statistical model for the corresponding 

collection of feature vectors. 

The circularity obtained is resolved by using the iterative baum-welch or 

forward-backward training algorithm. The algorithm begins with some initial set of 

models, which could be completely flat, for the senones. It then repeats the last two 
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steps several times. Each iteration use the model computed at the end of the previous 

iteration. 

6.1.4 Language Model 

  The main language model (LM) used by the Sphinx decoder is a conventional 

bigram or trigram back off language model. The CMU-Cambridge SLM toolkit [15] 

is capable of generating such a model from LM training data. Its output is an ASCII 

text file. But a large text LM file can be very slow to into memory. To spend up this 

process, the LM must be compiled into a binary form. 

  A trigram model may be trained simply by using the equation: 

                             | ) =                                                (6.1)    

Here  refers to the frequency of occurrence of the 

trigram ,  in the training text and  refers to the frequency of 

occurrence of the bigram . 

6.1.4.1 Unigrams, Bigrams, Trigrams, LM Vocabulary 

A trigram LM primarily consists of the following: 

Unigrams: The entire set of words in this LM, and their individual probabilities of 

occurrence in the language. The unigram must include the special beginning-of-

sentence and end-of sentence tokens :<s>,and </s> respectively. 

Bigrams: A bigram Is mathematically P(word2|word1).That is the conditional 

probability that word2 immediately follows word1 in the language. An LM typically 

contains this information for some subset of the possible word pairs. That is, not all 

possible word1 word2 pairs need be covered by the bigrams. 

Trigrams: Similar to bigram is P(word3|word1,word2),or the conditional probability 

that word3 immediately follows a word1, word2 sequence in the language. Not all 

possible 3-word combinations need be covered by the trigrams. 

The vocabulary of the LM is set of words covered by the unigrams. 
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The LM probability of an entire sequence is the product of the individual word 

probabilities. 

For example, the LM probability of the sentence “HOW ARE YOU” is  

P (HOW|<s>)* 

P (ARE|<s>, HOW)* 

P (YOU|HOW, ARE)* 

P (</s>|ARE, YOU) 

6.2 Sphinx Decoder 

The SPHINX decoder has a set of programs in order to perform the 

recognition task. The input files required for the decoding procedure includes trained 

acoustic models, pronunciation dictionary, filler dictionary, language model and the 

test data in the right format as explain above. With any given set of acoustic models, 

the corresponding modules index file must be used for decoding. Both the trainer and 

decoder process test data in the form of feature vectors. These features vectors are 

generated from converting the acoustic signals to a cepstral format using the front-end 

executable provided with the SPHINX training package. 

6.3 Banjara Language Speech Recognition 

In this chapter we will discuss about the Banjara Language and the main work 

is done in the project. A complete experimental procedure is given. The working of 

the machine translation is explained. 

The below fig represent the proposed speech to speech system for developing 

Banjara to Telugu language online dictionary. The spoken word is a Banjara language 

and the corresponding meaning is uttered by the system in Telugu Language. 
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Figure6.2:  Shows the proposed system Architecture for building Dictionary 

6.3.1 Speech Database 

The first step we followed in creating a speech database for building an 

Automatic Speech Recogniser (ASR) is the generation of an optimal set of textual 

isolated words to be recorded from the native speakers of the language. Since this is 

the first time any work is being done for Banjara Language. We had tough time in 

collecting the speech sample. Speech sample were collected from different people 

through normal microphone recording. 

The database consists of 1000 different commonly used words, numbers from 

one to hundred and 500 names of Banjara Language recorded several time by a single 

speaker. So the database consists of around 1500 files. Care has been taken to record 

the speech with minimal background noise and error in communication, but due to 

insufficient knowledge of the people while recording the voice for speech recognition 

some errors have crept in while recording. These errors had to be identified manually 

by listening to the speech and unwelcome speech wave discarded. 
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6.3.1.1 Data Preparation 

 As Sphinx supports the speech signal should be PCM bit Mono, the speech 

signal in the data will be 16 bit Mono. The data wav files recorded through mobile 

were converted to the required format in 16 kHz, 16 bit mono format using the 

PRAAT software speech tool and using arecord or rec command in Linux. And the 

normal recordings were recorded using the close in microphone in the required 

format. 

 The recorded wave files were then converted to raw format to remove the 

unwanted information, the header file, from the wave file in speech recognition. The 

experimental procedures are explained step by step-in the following ways. 

6.4 Experimental procedure 

 First, the data is obtained, for the experiment in this work, are 1000 Banjara 

Language commonly used isolated words and numbers from 1 to 100 were recorded. 

As explained earlier the data are then prepared to the desired format as expected to be 

in Sphinx. Since these experiments are done using CMU.s Sphinx the experimental 

procedure is thus the procedure for Sphinx.  

A complete guide to working in Sphinx is discussing step by step. 

1. SPHINX can be download from the website  

http://www.cs.cmu.edu/~robust/Tutorial  And download singlemachine.tar.gz 

2. Unzip the Downloaded file using the command 

Tar –zxvf  singlemachine.tar.gz. 

This will give the Dictionary name called TUTORIAL in this base dictionary it 

will install   all the files necessary to train and test SPHINX. 

3. In TUTORIAL create new experiment to do by the command  

./create_newexpt.csh <expt_name> 

4. In this expt_name the entire file required to train and decode the system will be 

loaded. Copy the util dictionary from the Sphinx-III to expt_name 

http://www.cs.cmu.edu/~robust/Tutorial
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Now by giving plain text to the site www.speech.cs.cmu/tool/lmtool.htm get 

Dictionary File (Make necessary changes), LM File. 

Create the Transcription file, Phoneme list and mfc.ctl file i.e, the file contains the 

complete path of all the MFCC features of the wav files. 

6.5 Training 

The important components for training in Sphinx are 

 Transcription file 

 Lexicon Model 

 Acoustic Model 

 Language Model 

 Phoneme list 

Transcription File 

A transcription file is where the corresponding textual representation of the 

wav files are listed followed by the file name of the wav file. A general transcription 

file shown below. 

<s> DHITHXVAAR </s>  (ram001.wav) 

<s> SOAMAVAAR </s > (ram002.wav) 

<s> MAMGHALHAVAAR </S>  (RAM003.WAV) 

Here <s> and </s> are the beginning and ending of file. 

DHITHXVAAR is the word being recorded a speaker, the file name is ram001.wav 

<SIL> is added in the word wherever required when there is a presence of SILENCE 

in the recording of the word. 

Transcription file is very important as it map the wav file with its 

corresponding text. Misrepresentation of this file may cause the system not work or 

give poor recognition accuracy. 

<s> DHITHXVAAR </s>  (ram001.wav) 

<s> SOAMAVAAR </s>  (ram002.wav) 
<s> MAMGALHAVAAR </s>  (ram003.wav) 

<s> BADHVAAR </s>  (ram004.wav) 

http://www.speech.cs.cmu/tool/lmtool.htm
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<s> VARASPATHX </s>  (ram005.wav) 
 

Lexicon Model: 

The lexical or pronunciation model contains pronunciations for all the words 

of interest to the    decoder. Sphinx-III uses phonetic units to build word 

pronunciations. Currently, the pronunciation lexicon is almost entirely hand-crafted. 

One can build the Lexical model using the the CMU’s SLM Toolkit [15].However the 

tool is build to build English pronunciation dictionary. Hence we have to handcraft 

the dictionary based on the pronunciation of Banjara Language. 

 

 

 

 

   

 

 

Table: 6.2 Shows the different phonemes in two different Dictionary 

Acoustic model 

Sphinx uses acoustic models based on statistical hidden markov models 

(HMM). The acoustic model is trained from acoustic training data using the sphinx-III 

trainer. The trainer is capable of building acoustic models with a wide range of 

structures, such as discrete, semi-continuous, or continuous. The acoustic model is 

built using the CMU SLM Toolkit [15] provided by CMU. 

Language Model 

Sphinx-III uses a conventional back off bigram or trigram language model. 

CMU provides a toolkit to build a Language Model [15]. 
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Training procedure 

1.  To compute MFCC run the script in c_script by the command  

  c_scripts#] ./compute_mfcc.csh <Path of raw file or MFCC file> 

2.  Change the paths of file in the file called variable.def  

    Contains in the c_scripts 

#Input to the Trainer. 

Set listoffiles =$base_dir/train/mfc.ctl 

Set transcription file =$base_dir/train/BanjaraLang.trans 

Set dictionary =$base_dir/train/UOH.dic 

Set fillerdict =$base_dir/lists/filler.dict 

Set phonefile =$base_dir/train/BanjaraLang.phonelist 

Here base_dir is my experiment dictionary and I have all my files required for training 

in a TRAIN folder. 

3. Go to c_script file, change the command for all the scripts contained in the 

directories 01* through 05*, by kept the Unlimited as comment (#) line  

4.  Then run the slave *.csh script within the directory starting from 01* through 

05*. If the input if error free then we get number of files by running the each script. 

The errors will be checked in the dictionary  

5.  Training will be completed if there is no error in the set up. 
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6.6   Decoding 

For decoding pronunciation dictionary, LM, and sentence file for computing 

the accuracy of the recognition engine are required. 

Sphinx-III actually doesn’t support the text ARPA file format. So we need to convert 

the LM file to .DMP file using a tool called lm3g2dmp [15] to convert the text file to 

.DMP file format. it can be downloaded it from CMU website. 

Then conversion of the LM could be run as 

Lm3g2dmp<.arpa file> <destination> 

A file named something.arpa.DMP will be created. 

Now the system is ready for Decoding and obtaining the result. 

Decoding procedure: 

1 create a dictionary called test (for self understanding) 

2 convert the yourfile.lm to .DMP [20] file by running the command 

Lm3g2dmp <yourfile.lm> <destination path> 

3 copy the sentence file into this directory say mywavdir  

Change the file path for decoding in variable.def 

#Input to the decoder 

Set ctlfn =$base_dir/test/mfc.ctl 

Set testref =$base_dir/test/BanjaraLang.sent 

Set cepdir =$base_dir/feature_files 

Set lmfile =$ base_dir/train/BanjaraLang.lm.DMP 

Set dictfn =$ base_dir/train/UOH.dic 

Set fdictfn =$base_dir/lists/filler.dict 

5 now decode by going to decode folder and running the command 

./launch_decode.ci.1guamodels 

To view the recognised word go to Decoding/Result 
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6 To compute the word accuracy 

./compute_acc.ci.csh 

6.7 Banjara Language Dictionary  

In this section we briefly discuss about the dictionary creation and 

connectivity of the speech part. 

 

In the above GUI you will connect with the system and with the help of the 

microphone  a person can pronounce a word after that the ASR system takes an 

analog signal and the system generates the text corresponding to that uttered word, 

after that the Java API is takes the system  generated text as search field to the 

connected database which is MySql and the system should search for the given word, 

once the word found then the mapping could be takes place i.e. the Banjara Language 

word to be converted into Telugu Language and the corresponding meaning should 

display on screen with the Telugu letters (The Google transliteration) will taking care 

of the conversion of the letters. The below GUI shows the corresponding meaning and 

the letters 

 

The above shows the output of the uttered word and the corresponding Telugu 

meaning is displayed on the screen. Here the translation has been done. 
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Chapter 7 

Result and Analysis 

This chapter includes the various experiments and its results being performed 

in the project work. In the first section we will explain the different types of 

experiments carried out. In the next section it will discuss the analysis of the 

experiments done. 

7.1 Experiment and result 

7.1.1 Speaker Dependent and Independent Recognition system performance 

In this Experiment 1: There are 1000 isolated words from banjara language 

collected from different speakers both native and non native category. Compared the 

Lexicon of CMU which uses 39 phonemes and American pronunciation, collected 

from CMU dict 4.0 online Knowledge base systems. The HCU lexicons are using 51 

phonemes representing the Telugu alphabets and pronunciation dictionary is manually 

handcrafted. The given Table NO.1 shows the comparison of ASR system 

performance by using these two pronunciation dictionaries in terms of Word 

Accuracy and Word Error Rate of ASR system. 

 

Table1: Shows the overall performance of both Dictionary (CMU and UOH) 

 

 

 

Graph: 7.1 Shows the individual speech recognition performance using CMU dictionary. 
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Now we use our modified dictionary for training and testing purpose for the 

same data as the above experiment. We find the word recognition accuracy slightly 

higher for this experiment. The graph of the result is shown below. 

 

Table2: Shows the UOH dictionary performance 

 

Graph: 7.2 Shows the results using the modified (UOH) dictionary. 

Thus the accuracy improves on the Speaker dependent System when the 

dictionary is hand crafted for Banjara Language. 

In speaker independent speech recognition is where the system should act as 

independent for any speaker. The testing data of the system may not be present in the 

training process. Here again, the same number of speaker is taken as the experiment 

done above. Again we used the same format for the experiment. Different speakers 

are used for training the system and testing the system. The result obtain for the 

experiment are.  

7.2 Result and analysis 

Performing various experiments, the result accuracy increases when we used 

our modified (UOH) dictionary based on the Banjara Language pronunciation. The 

accuracy also increases when we increase the number of speakers. The accuracy 

improves when the training data is more. The correct format of recording is also 

desirable for better recognition accuracy. 
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The table below gives the summary of the experiment performed with the word 

recognition accuracy. 

 
UOH 

CMU 

 WA 179 136 

WER 24 67 

SUB 24 66 

INS 0 13 

DEL 0 
0 

Table 3: recognized words for 200 words      

 

   

  

     

 

 

 

Column1 524 Native  Column2 

 
UOH CMU 

WA 427 274 

WER 97 250 

SUB 96 249 

INS 16 60 

DEL 0 0 

Column1 
165 Non 
Native Column2 

   UOH CMU 

WA 141 41 

WER 30 124 

SUB 24 123 

INS 6 0 

DEL 0 1 

 
Graph 7.3:  comparision of 200 

words with CMU and UOH lexicon 

Graph 7.4:  comarision of UOH and CMU 

lexicon of 524 words of native spkr 

Graph 7.5:  native speaker 

performace comparision 

Table4::  Native speaker  with 524 words 

Table5:  Non native speaker data 
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Column1 Column2 Column3 Column4 Column5 

 
200 Native 

   

 
UOH 

 
CMU 

 WA 120 175 10 74 

WER 85 25 190 128 

SUB 80 25 189 126 

INS 5 0 12 6 

DEL 0 0 0 0 

 

 

 

Column1 F:UOH M:UOH F:CMU M:CMU 

WA 89 93 52 56 

 WER 11 7 48 44 

DEL 0 0 0 0 

S 0 0 2 1 

SUB 11 7 48 44 

 

 

 

 

To check the performance of the developed ASR system the speakers are considered 

in different category like native and non native, then male and female. Also taking the 

CMU lexicon where only 39 phonemes are used to represent the pronunciations of the 

build ASR system. This is an online knowledge base tool which gives automatically 

pronunciation dictionary for given set of words. As CMU dictionary is built by 

considering American accent based English, the performance of Target language ASR 

system performance will degrade by insertion, deletions  i.e. substitution errors even 

for clean speech. Hence an attempt is made to use the Indian language based 

pronunciation dictionaries to reduce the substitution errors. One such attempt is using 

UOH [19 ]  
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Graph 7.6:  recognition comparision 

graph with error analysis 

Graph 7.7: Gender variant 

comparison for two lexicons 

Table6:Both native and non native 

spkr comparison 

Table7:  Gender variant comparision 
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Pronunciation dictionary where the phonemes are  represent the Telugu language  

phonemes  i.e total 51 in number. The different data conditions experiments shown 

from Table 1 to Table 7 and Graph no. 1 to graph no. 7, the performance of ASR 

system in terms of Word Accuracy and Word Error rate with comparison of CMU and 

UOH based lexicon.  From the above result it is observed that in all aspects the UOH 

lexicon  is giving more Word accuracy than the CMU.   Here UOH lexicon are 

handcraft pronunciation dictionary.  
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Chapter 8 

Conclusion and Future work 

8.1 Conclusion 

Today the technology of speech recognition is gaining with the popularity of 

ubiquitous computer and speech as a communication modality. The multilinguality in 

speech recognition is another challenging area for speech recognition in India. In this 

work Banjara language is used for recognition. An application of translation of 

Banjara to Telugu language is build in this project work. The lexicon models, creation 

of pronunciation dictionary and phoneme list are areas where we focused most. One 

can have an easy using this application of translation. 

With variant data the performance of the Developed BASR system is giving 

better word accuracy for the Telugu phoneme based UOH lexicon than Enlish 

phoneme based CMU dictionary. It is observed around 93% word accuracy for native 

Banjara speaker for UOH dictionary and with same data but CMU dictionary it is only 

giving 56 % WA.  Non-native female speaker’s data UOH lexicon, the WA is 89% 

and CMU lexicon it 52 % WA.  It is also observed that more than 50% substitution 

errors are reduced by handcrafted UOH lexicon. Hence Telugu phoneme based BASR 

system is giving better performance than the CMU phonemes.  The observation also 

done by collecting the different environmental noisy conditions to bring the 

robustness to the system.  

8.2 Future work 

For getting a good accuracy in speech recognition have a large  speech corpus 

is essential. Since this is the first time a research on speech recognition for Banjara 

Language is done, collection of data was difficult. Hence collection of large speech 

corpus for Banjara language will be one of the future works. This work is performed 

using the HMM based Sphinx-III speech recognition Engine. Research using ANN 

and other toolkits will be another scope for future. Translation from banjara to Telugu 

Language is the application work for this project. A more comprehensive research and 

better translation with large speech corpus, and wide varieties of sentence file 

involved will be the extension work for this project. 
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Sphinx-III User manual 

 

HOW TO RUN SPHINX-III 

The procedure, how to run Sphinx-III as shown below. 

 

/**** Procedure Starts****/ 

1. First go to the Path, where the Sphinx-III 

TUTORIAL is load by using the Command prompt. 

[root@localhost ~]# cd /home/.../TUTORIAL/ 

2. Then we create new experiment name as "example" by using the below Command prompt. 

[root@localhost TUTORIAL]# ./create_newexpt.csh example 

3. Created one folder name 'example' in TUTORIAL folder. Enter example folder. 

4. enter example folder by Command prompt. 

[root@localhost TUTORIAL]# Cd example 

in that folder we get six folders. We delete the three link folders; those are feature_files, 

s3trainer and util. 

4. Create three folders and assign names as feature_files, wav and raw respectively. 

5. Copy s3trainer, util, lm3g2dmp, wavtoraw.csh, dictophones.c folders from r TUTORIAL and 

paste in 'example' folder. 

6. Put all wav files in wav folder (Note: those wav files must be saved with extension of .wav) 

ex: 1.wav, 2.wav, 3.wav, ..... 

7. In example folder create example file/**** Procedure Starts****/ 

In that file write text form of wav file 

(ex: A 

AA 

I) 

Note: must care about spaces don't give Space. And at one line only one sentence with 

corresponding to wav file. 

8. In example folder create example.trans file in that file write textform of wav file with .wav 

file. 



(ex: <s> A </s> (1.wav) 

<s> AA </s> (2.wav) 

<s> I </s> (3.wav) ) 

Note: must care about spaces. Between <s> and A one Space, A </s> one space, and </s> and 

(1.wav) two spaces. And at one line only one sentence with corresponding to wav file. 

9. Open wavtoraw.csh file and change the wavdir and rawdir path 

Ex: like as set wavdir = /home/. . . /TUTORIAL/example/wav 

Set rawdir = /home/. . . /TUTORIAL/example/raw 

10. Then run wavtoraw.csh file by using the Command prompt. 

[root@localhost example]# ./wavtoraw.csh 

11. Then observed r raw folder. Definitely got .raw files in r raw folder. 

12. Create one raw.ctl (control file) by using the below command. 

[root@localhost example]# ls /home/eslab/TUTORIAL/example/raw/*.raw > raw.ctl 

13. Give r example.Sent file to CMU file by using link 

 

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

get one .tar file. Extract that file and we copy only '.dic' and '.lm' files and paste in r 

'Example' folder. 

And give name as example.dic and example.lm respectively. 

14. open dictophones.c file in example folder. And Change the path of *argv[] as 

*argv[] = { "","/home/eslab/TUTORIAL/example/example.dic", "" }; 

15. compile dictophones.c by using the command prompt. 

[root@localhost example]# cc dictophns.c 

16. and getting output by using command prompt. 

[root@localhost example]# ./a.out 

17. Copy that output from command prompt and save as example.phonelist in r example folder. 

18. sort out that exaple.phonelist file using below command. 

[root@localhost example]# Sort –u example.phonelist 

After sorting add SIL at end of example.phonelist file. 

19. Then enter in c_scripts by using the command 

[root@localhost example]# cd c_scripts/ 

a) open compute_mfcc.csh file and change outdirctory as 

Set outdir = /home/eslab/TUTORIAL/example/feature_files/$x 



b) Open variables.def file and change 

Set base_dir = /home/eslab/TUTORIAL/example. 

20. Run the compuet_mfc.csh using the command as 

root@localhost c_scripts]# ./compute_mfcc.csh /home/eslab/TUTORIAL/example/raw.ctl 

21. Then we convert mfc.ctl(control) file by using command as 

[root@localhost c_scripts]# cd .. 

[root@localhost c_scripts]# ls /home/eslab/TUTORIAL/example/feature_files/raw/*.mfc 

>mfc.ctl 

22. Then open mfc.ctl file and delete path and extension of .mfc for all files before deleting it as 

/home/.../TUTORIAL/raw/1.mfc 

after deleting it as raw/1 

/**** Training part Starts ****/ 

23. After that once again open the variables.def file in c_scripts change path as 

# Input to the trainer. 

set listoffiles = $base_dir/mfc.ctl 

set transcriptfile = $base_dir/example.trans 

set dictionary = $base_dir/example.dic 

set fillerdict = $base_dir/lists/filler.dict 

/**** Procedure Starts****/ 

set phonefile = $base_dir/example.phonelist 

24. After that enter 01.cichmm 

Folder in c_scripts folder and put # symbol before unlimit, for 

All files in the folders 01.cichmm, 

02.cichmm, 

03.cichmm, 

04.cichmm 

And 05.cichmm. 

26. Then enter c_scripts by using command as 

[root@localhost c_scripts]# cd c_scripts/ 

for training the data we do as two types. First one as 

 

27. runall .csh files by using below command. 

[root@localhost c_scripts]# .runall.csh 



and the second one as 

[root@localhost c_scripts]# cd 01.cichmm 

[root@localhost 01.cichmm]#./slave_convg.csh 

if ask y/ n enter y 

[root@localhost c_scripts]#cd ../ cd 02.cichmm 

[root@localhost 02.cichmm]#./slave_convg.csh 

if ask y/ n enter y 

[root@localhost c_scripts]#cd ../ cd 03.cichmm 

[root@localhost 03.cichmm]#./slave_treebuilder.csh 

if ask y/ n enter y 

[root@localhost c_scripts]#cd ../ cd 04.cichmm 

[root@localhost 04.cichmm]#./slave_tiestate.csh 

if ask y/ n enter y 

[root@localhost c_scripts]# cd ../cd 05.cichmm 

[root@localhost 05.cichmm]#./slave_convg.csh 

if ask y/ n y 

[root@localhost 05.cichmm]#cd .. 

/**** Two ways are completed and complete the training the data is completed ****/ 

[root@localhost c_scripts]# cd .. 

28. At present are in exmaple in command prompt.i.e. [root@localhost example]# 

29. convert the .dmp(lagugemodel dump) by using 

[root@localhost example]# ./lm3g2dmp /home/eslab/TUTORIAL/example/example.lm 

/**** Decoder part Starts ****/ 

30. Once again enter variables.def file in c_scripts folder and change as 

# Input to the decoder 

set ctlfn = $base_dir/mfc.ctl 

set testref = $base_dir/example.sent 

set cepdir = $base_dir/feature_files 

set lmfile = $base_dir/example.lm.DMP 

set dictfn = $base_dir/example.dic 

set fdictfn = $base_dir/lists/filler.dict 

31. Enter decoding in command prompt using command as 

[root@localhost example]# cd decoding/ 



[root@localhost decoding]# ./compute_acc.ci.csh 

32. Run gaumodels file using below command 

[root@localhost decoding]# ./launch_decode.ci.1gaumodels 

33. compute accuracy using below command 

[root@localhost decoding]# ./compute_acc.ci.csh 

Then finally get the word accuracy. 

/**** Decoder part Ends ****/ /**** Procedure Ends****/ 

 

 

Banjara Language Data 

 

 

థిణవార్ పాణజీ  ఘోళిమ యామోళి  యాాందర్ కఫుణర ే
సో భయార్ ఩ూతృా సాళ్, దవన్ అాంఫాడు పాజి ఘోడవ ఊాంట్ 
భాంగళయార్ ఩ూనీ ఘౌ, గహౄ నస్సణ్ ఘోడు జధవఴర్ 
ఫథవార్ నణద్ ఆట ో ధణిమ గథవా  హణుత్ 
ఴయస్ ఩త్ నణథో బ పాజీ పేజరే గథదా  సాళిమా 
స్కరయార్ థరఴర్ తృాలోపాజీ జరర్ స్సిమా కూర్ కూాండో  
తవయార్ జేట్ ఫో టి భణగా యాఘ్ తిత్త క్ 
థవథి దర్ యాణి భాళి-భాచళి చణవ హాతి కాయాంకోడో  
థవథవ ఫాాడు ఈాండవ పళి సిాం హ్ కోడుమా 
ధవధవ బమ అఙవర్ భాండయా భ ాంచ్ కీడు 
ధవతూ ధవణో ఖ ోడు ల ాంగ్ హణిి  ఈాంచు 
ధణి స్ాం థద నూణ్ కాకడు ఫళద్ సాప్ సాాంప్ 
గొణిి  స్ాం దణ్ జీభో లాంఫూ గాఴుడు ధవగ్ సాప్ 
ఘయయామో ళూయ హళద్ ధవయళ్ సాాండవయ ముకోడవ 
ఘయయాళి జటాణి గోళ్ స్కర్ గాంధ్ చరళి సేలా్ద 
ఫేటా ధవతి అాంల-ఆాంబీ్ల తీల్, త్లీ్ద ఫకభా బిసిస 
ఫేటీ భాభా స్కకర్ భకాక ఊాందర్ దో మో 
భిమాయ భామి కాళీ భయచ్ ఆాంఫా ఊాందభి కామో 



పాబ కాక అదకే్ త్ ాండు గోభ ీ తూమో 
పేన్ కాకూ కోతిమిర్ గోలె గోభాీ  నీమో 
ఫాబ ముటాప్ తృాన్ స్తృాభి అభెటీ ఢో ర్ హభరో  

఩డ్ థవథి ముటాడు పళ్ అయాండు కాకలా లాలో,భాత్ డో  
఩డ్ థవథవ జభాబ య ాంగణ్ కేమా కుకడు బూభో 
఩డ్ ధవధవ సామొ కాాంద కభేల కుకడో  గోలాల్ 
఩డ్ ధవతూ సాళి ఆలు సాాంటా స్ఫేళి కాఫోే  
మ,మాడు చ ోభా భాండవ అాంగూర్ కోఫల్ లటాా  
ఫ, ఫా఩ు చ ోభి దళిమ ఖర్ ఫూజర కోమల్ ణవమో 
భాసీ పోజరబ థవళ్ త్ర్ ఫూజర పేాం స ి భాణో 
భాసా పెధోబ ధ ాంగాణ్ గాజర్ పేాం సా ఫానిణ ి
సాస్ు యుకడు నాంగాణ్ జరాంఫూ కెమాా  ధవక్ 
స్స్భో దహ ి యస్ ఩తృామ తృాడ్ గా కాన్ 
సాడు జరభణ్ త్ భ ర్ థవల్ సేఫ్ తృాడ్ గి థవాంత్ 
డో కూర దూద్ భూాంగేర్ థవల్ స్తృాభి మోర్ ణవతృామే఩ర్ 
డో కరా  ఘీ కోడతి, కోడుత  కుణవే ఫత్క్ జీబ్ 
తోృ ణో నూణి పాజిే కుతిే యాగళ్ హో ట్ 
తోృ తి ణరల్ ఴడద్ స్ూర్, స్ూభి కఫేడు ఆాంకీ 
పాణజో ఙవఴళ్ గోర్ పళి యాాందభి చిబిే జరబాి 

  

థవడు భుకూక భౌట్ ఢరభొ లకోక ఩డరచి 
గాల్ టాాంగ్ సాాం మాన్ యాళుడు జో ఩డ్ జరబస్ 
కన్ ఩డు కేఴడు సాాం మాబె ఝాడ్ ఫలా స్ుయుకర్ 
భుఙచె చచణి భలక్ ఘయ భే ఫలాయో భుణవగ్ థరక్ 
గొథి,ే ఘోగ్ కత్ లాజ్ కడబి కభొ ఫేస్ 
భూాండో  జరత్ కయలా ఖడ్ యాం పయన్ ఆజో 
నాండు ళుమా కాబ కోతు ఖాన్ సేర్ యమోో ఫలా 
లాండు ఫేటీర్ ఴభాీ  స్ూాంతిల్ద కాట్ ఫలాీ  
గుదడు కధవా జీఴణొ స్ూయొ కాట ో కాన్ బ 



కాాంథో  ఆ఩ణ్ ఎకకజ్ థవత్ల్ద ఎఴడు థరక్ క ణు 
కాంకో ఛ యాటే఩ర్ త్ఴా ఴభా భార్ భత్ 
఩ూట ో హర్ గోమా కాకొటి డచ ాం ఆజో ఩ూచ్ 
హీక్, చవతీ కణవ యాత్ ద అల ఩ూాంఙవ 
ఫచిె లా క ఓకభా ఈ లేల ఩ూాంచ్ 
నేట్ కభిము కభత్ ణవాంగడు జలా్ద జో ఩ూాంచ్ డు 
కడ్ ఠ క్ ఛ కేఫేలోచ ణవాండో  థాం ఖాయాంచ్ 
హాత్ కణవే దతుమ దవ్ లత్ కొ థకేల్ 
ఖుణి అఖల్ నెహెల్ దవ్ లత్ హృఫయ జరాం ఴుాంచు 
స్ూాంటి ఛక కసేసకో ఖాన్ సేర్ బూల్ భత్ జరధవఴుాంచు 
అాంగళి చరతు ధవళి లోటా హాల్ భత్ జరచిక 
ధ క్ భభిి ధవఫేతి త్భాార్ దవాం స్ భత్ జరబెసిాక 
త్తృామో మాాండో  పాటా ఛభి ఎత్ థాం జోభత్ 
హణరళి కోబ ళుజళి కొభాడు హనుఴభా భర్ భత్ 
఩ూాంద్ క ణ్ కో నాంథి థవత్లా ఇద్ సాభళ్ ఖ ోభత్ 
జరాంగ్ కర్ లకడు క ద్ థరక్ డర్ భత్ 
నీాండు కభేచిక భ స్ క థో  స్స్య ఖాంచ్ 
గోడవ కభాభోచిక సేన ట ోకోణో హేట జో కీాంచ్ 
త్ళఴ కభా ణోన ఫో ల్ ఊాం఩ర్ జో కేఴడు, కూభో 
ఏడు భభోి  హఫేన భొ ఊత్ర్ హిభోత్ 
నస్ జకో సాభ  హాాం స్ యాణరకర్ డర్ 
దాం ఴయస్ హభాే థో  భూాండో  ఆజ్ 
హడవక ఩ణ్ ఖాడ్ ఊట్ ఫగల్ స్యక్ స్యార్ 
అాంగూట కేలోా ాంచు బూల్ ఉట ో హట ొ ఆ కాల్ 
ఖాలా,ఖాళీీ కేలోా ణో కాాంచళి ఉటాడో  డీలో ఙవల్ భాత్ 
లోబ కేల ాంచు జరాంగయ భార్ తృాచ థిాం బె 
కొళజొ క ణ్ ఩ేటుయా భాభో థదట ో మీధవ 
ఆాంత్ర్ సాభళ్ దో తి లక్ భోభత్ థవడ్ 

 

 


