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ABSTRACT

This paper presents Bengali speech corpus development for
speaker independent continuous speech recognition. Speech
corpora is the backbone of automatic speech recognition
(ASR) system. Speech corpus can be classified into several
class. It may be language dependent or age dependent. We
have developed speech corpus for two age groups. Younger
group belongs to 20 to 40 years of age whereas older group
is distributed into 60 to 80 years. We have created phone and
triphone labeled speech corpora. Initially, speech samples
are aligned with statistical modeling technique. Statistically
labeled files are then pruned by manual correction. Hidden
Markov Model Toolkit (HTK) has been used for aligning the
speech data. We have observed phoneme recognition and
continuous word recognition performance to check speech
corpus quality.

Index Terms— HTK, SPHINX, Speech labeling, Bengali
speech corpus, Speech recognition.

1. INTRODUCTION

There are about 250 million people speaks in Bengali. Speech
Recognition involves the understanding of the naturally spo-
ken speech by the native users, its semantics as well as mean-
ing particular to a context. The contextual meaning helps
building a better language model for automatic speech recog-
nizers. Different statistical models are used for speech recog-
nition by the researchers.

For having better performance of the speech recognizers,
it is inevitable to have speech corpus of that particular lan-
guage. The first initiative was taken by MIT to create TIMIT
speech corpus [1]. Speech corpus has been developed in many
other foreign languages [2, 3]. Creation of a speech cor-
pus is a mandatory task for building and testing any speech
recognition system. The quality of the recognizer depends on
the quality of the speech corpus also. There can be a num-
ber of reasons that can drastically change the performance
of a speech recognition system. The reasons are like session
variability, inter-speaker variability and instrument variabil-
ity. The speakers can utter same words in different manners
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during different session and different emotional state. This
can affect the baseline performance of a speech recognition
system very much. Moreover another important issue is di-
alects of the language. It is very much important to bench-
mark the system with a standard database, which covers a
good range of variability. A wide variety of languages be-
longing to different linguistics group are spoken in India. In
addition, different dialects are spoken in the same language
depending on the region to which speaker’s belong.

Different applications for automatic speech recognition
use speech as input for the system but the accuracy reduces
to a great extent if there exists speech variability between
test samples and train samples. Moreover, in case of speech
recognition system to be built in Bengali, speech database
is the most essential part for training of the system and for
benchmarking the system also. The project "SHRUTT” and
”ERA” deals with automatic speech recognition system. This
motivated us to design and create a speech corpus in standard
colloquial Bengali language for older as well as younger peo-
ple.

We have used HTK and CMU-SPHINX speech recog-
nition toolkit to train and test speech recognition system.
Monophone model is created with HTK to test phoneme
recognition accuracy and triphone model is developed with
SPHINX to test word recognition. Speech recognition perfor-
mance affected much due to inter-speaker variability. Speaker
variability can be reduced with speaker normalization tech-
niques. Speech features can be normalized in cepstral do-
main by means of cepstral mean and variance normalization
(CMN). Speaker adaptation method like Maximum likeli-
hood Linear Regression (MLLR) [4] is applied at the time of
acoustic modeling.

2. BENGALI PHONETIC CHARACTERISTICS

There are regional variation in Bengali language called di-
alect. Rarh, Banga, Kamarupa and Varendra are four type of
well known dialects in Bengali. Rarh is the standard collo-
quial language in south-western region. Even in Rarh dialect,
there are sub-regional variation. Style of pronunciation and
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accent are different for different speakers. Same word is pro-
nounced differently by different speakers.

A wide variety of languages belonging to different lin-
guistics group are spoken in India. In addition, different di-
alects are spoken in the same language depending on the re-
gion to which speaker’s belong. Considering all these is-
sues, we have selected 47 phonemes for Bengali. Bengali
phonemes are classified with some unique phonetic proper-
ties [S]. The properties are described as place of excitation,
manner of excitation and type of excitation. On the basis of
articulatory system phonemes are designed. Phonemes can
be divided as consonant, vowel and semi-vowel. Phone clas-
sification depends on the following question. Duration of the
phones are short or long, position of articulation, voiced or
unvoiced. Different manner of articulation like nasal, frica-
tive, affricative or stop. Point of articulation also differentiate
the phonemes like labial, dental, bilabial, velar, alveolar or
alveolar-dental. We have represented the phoneme in//, Ben-
gali alphabet in () and International Phonetic Alphabet (IPA)
for consonants and vowels respectively in the Figure 1 and 2.

plce of Manner of Articulation , o
Aticulation : Unvoiceq . Voiced. Nasal |Semi-Vowels | Fricatives
Unaspirated JAspirated  [Unaspirated |Aspirated

clar (T )k | KO | Igl(T)g [ Ighi(T) g i (2)h
Palatal fehl (51 | fchh/ (Z) P | () d3 [ () azt | mmet)n | MI(T) | Ishi(T)f
Retroflex ﬂ/(?)t [Th/(ii)t“ D) [ (TYd" | mi(T)yn | M(T)r |lshi/(3)s
Deni-Aniolar | 1(F)1 | M ()F | Mg (G W) W) SI(F)s
Biabial | PI(7)p LN (F)p" | ()b [ (S )b i (5)m

Fig. 1. Bengali consonant phoneme characteristics

Front Central Back
Close il (3)i i (T )u
Close-mid | fe/(4)e lof (3 )o
Open-mid lal (1) 6
Open IA/ (T ) a

Fig. 2. Bengali vowel phoneme characteristics

3. CORPUS

There can be a number of reasons that can drastically change
the performance of a speech recognition system. The reasons
are like session variability, intra-speaker and inter-speaker
variability and instrument variability. The speakers can ut-
ter same words in different manners during different session
and different emotional state. This can affect the baseline
performance of a speech recognition system very much.
Moreover another important issue is dialects of the language.
It is very much important to benchmark the system with a

standard database, which covers a good range of variability.
We have used optimal text selection technique for building
up phonetically balanced text corpora. Text corpora consist
of 7500 unique sentences, 19640 unique words. Sentences
are recorded by 70 male speaker and 40 female speaker. Sen-
tences are collected from various domain of Anandabazar text
corpora. Each sentences are recorded with sample frequency
16000 Hz and mono channel. Speech signals are encoded
with 16 bit encoding. Sony FV-220 microphone and Emu
speech tool has been used for speech recording. Dictionary is
a phonetic representation of words. Dictionary has been cre-
ated with grapheme to phoneme conversion procedure. After
this, dictionary is corrected manually. We have developed 26
hours continuous read speech corpus.

We have collected data from two types of age group in
room environment. First group is belongs to 20 to 40 years
of age. Second group is chosen from 60 to 80 years. There
are 30 young male and 40 older male speakers in the men
group and 20 young female and 20 older female speakers in
the corpus. There are few Bengali speech corpora for younger
people but in different dialect. It is first time to develop con-
tinuous read speech corpus for older people. Speech data col-
lection from older people is a challenging task. Most of the
older people suffers due to teeth loss and low vision. It cre-
ates problem at the time of pronunciation. In general, speech
quality degrades with aging. Physiological changes in artic-
ulatory system affect the voice source features. Teeth loss,
tongue muscle strength loss and other physical changes create
problems to pronounce specific sound. Voice source features
like Fundamental frequency (F0O), formant frequencies, Jitter,
Shimmer, Voice onset time (VOT) and Harmonic-to-Noise ra-
tio (HNR) are changes significantly with aging [6].

Test data set is very much essential for evaluating ASR
performance as well as corpus characteristics. We have
recorded different 20 sentences which are not used in training
corpus. Speakers are also different from training data set
to proof speaker independency. There are 20 speakers(10
younger and 10 older) in the test corpus. Those 20 sentences
covers all phonemes which are used in training data set.

Speech corpus has different parts. It consist of speech
sample, dictionary, phoneme list and transcription file. Dic-
tionary presents phonetic representation of each words. We
have created the pronunciation dictionary manually because
same word can be pronounced differently.

Word Phoneme
abasthAYa a b o s th A Y
abasthita a b o S th i t o
Abedana A b e d a n
abhAba a bh A b

Table 1. Bengali pronunciation dictionary

Phoneme distribution in the text corpus is described in
Figure 3. We have seen that some phoneme are used rarely in
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Fig. 3. Phoneme distribution in the text corpus

Bengali language. We have separated nasal vowels and nor-
mal vowels in this study. Though they are distinct by nature
from each other, Nasal vowels are less in number.

4. AUTOMATIC SPEECH RECOGNITION

Automatic speech recognition (ASR) [7] is the process of
converting speech into text. There are three main segment
of ASR. First step is to extract the feature from each speech
signal. In the next step, Acoustic modeling has been done for
each phoneme with the feature file. Last segment of the ASR
system is language model. It captures the linguistic informa-
tion from the text.

4.1. Feature extraction

Speech is a non-stationary signal. Speech may be assumed
stationary for a short time period(20-30 msec) called frame.
We are used to extract information from this frames by means
of different feature extraction procedure. Linear Prediction
Cepstral Coefficient (LPCC) is process of estimating current
speech sample by approximating the past speech sample.
Mel Frequency Cepstral coefficient (MFCC) [8] is the an-
other most popular feature extraction procedure in cepstral
domain. In this process, Frequency components are mapped
with Mel scale. There is another feature extraction procedure
called Perpetual Linear Prediction (PLP). Energy spectrum
of each frames are mapped with Bark scale. In this study, We
have used MFCC feature.

4.1.1. MFCC feature

We converts each frame to frequency domain with Fast
Fourier Transform (FFT). After having spectral feature from
speech signal, frequencies are converted to Mel frequen-
cies. Number of triangular band-pass filter is placed in mel-

frequency scale within a band. MFCC features are computed
with discrete cosine transform (DCT) using the filter output
amplitude. Each frame is parametrized to feature vector. It
consist of base MFCC features plus their first and second
order time derivatives. It has the benefit that it is capable
of capturing the phonetically important characteristics of
speech. We have used two types of MFCC feature set.

First set consist of 26 dimensional feature vector. We have
selected 13 base feature with it’s first order derivative for it.
Second set consist of 39 dimensional feature vector for each
frame. It is a combination of 13 base feature with it’s first and
second order derivatives.

4.2. Acoustic model

We have used two types of toolkit for acoustic modeling.
HTK has been used for phoneme recognition without lan-
guage model. We have used only the model parameter for
phoneme recognition. Same corpus has been used to model
triphone with CMU SPHINX toolkit. In this case, trigram
language model has been used.

Training procedure starts with estimating the global mean
and variance. After flat initialization of HMM parameter, Re-
estimation of HMM parameters for each phoneme are com-
puted with Baum-Welch re-estimation. In this study, we have
created two types of context related model. At first, Context
independent monophone HMM model has been done. We
have selected 5 state left-to-right HMM model. Each state
is represented with 8 Gaussian components. In case of con-
tinuous speech production mechanism, current phone is in-
fluenced by it’s past and future phoneme. This is called co-
articulation effect. We have used triphone as a basic unit
to model co-articulation effect. Context dependent unit in-
creases the model set. As the training data set is not sufficient
to cover all triphones, Decision tree based state tying proce-
dure is applied to reduce the total number of parameter. After
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completion of monophone model, training speech samples are
aligned with respect to phone. It provides phone labeled train-
ing speech corpus. Phone labeled speech samples are manu-
ally corrected to get final phone labeled corpus. In the same
way, we have got triphone labeled speech corpus.

We have used Maximum Likelihood Estimation (MLE)
based tied triphone acoustic model for continuous speech
recognition. Feature space transformation is done with Lin-
ear Discriminative Analysis (LDA). It improves separability
of acoustic classes in the feature space. We have reduced the
dimensionality of features from 39 to 29 with LDA. These
transformed features are used in MLLR based speaker adap-
tive acoustic modeling.

4.3. Language model

Language model captures the contextual information in the
training text corpus. We have not used any language model
for phoneme recognition in HTK but only a phone network
has been used. In case of continuous speech recognition, tri-
gram language model has been implemented. It is a probabil-
ity score of a word given it’s previous two words. It improves
the ASR performance.

5. RESULTS

ASR performance reflects the quality of speech corpus. We
shall first analyze the phoneme recognition performance with
different test feature vector as well as different model param-
eter. We have discussed two types of cepstral feature vector in
previous section. It is clear from the recognition performance
that 39 dimensional feature performs better than 26 dimen-
sional feature. We have created separate acoustic model with
training speech data from aged and young population. We
have tested test data of young population with acoustic model
parameter of young. Test data of aged group is tested with
model parameter of young as well as aged. Test data of young
people gives good performance with young model parameter
but performance degrades with test data of old people. Phone
recognition of older people improves with model parameter
of old people. Different test set are described below.

e YM_YT_39: Model of young people with 39 dimen-
sional feature and test data from young.

e YM_OT_39: Model of young people with 39 dimen-
sional feature and test data from old.

e OM_OT_39: Model of aging people with 39 dimen-
sional feature and test data from old.

e YM_YT_26: Model of young people with 26 dimen-
sional feature and test data from young.

e YM_OT_26: Model of young people with 26 dimen-
sional feature and test data from old.

e OM_OT_26: Model of aging people with 26 dimen-
sional feature and test data from old.

Phoneme Recognition
Corr @Sub EDel Blins

Performance(%)->

YM_OT_39

OM_OT_39
Different Model->

YM_OT_26

OM_OT_26

Fig. 4. Phoneme recognition performance

We have tested word recognition with same test data set.
We have shown the correctly(%) recognized words with con-
tinuous test data. We have used only 39 dimensional feature
for continuous speech recognition. Recognition rate is better
for young test data. Recognition accuracy degrades much for
aging test data. Specific model for aging people improves the
performance. We have used LDA and MLLR based speaker
normalization.

Word Recognition
E Corr O Sub [MDel Hins

Ferformance(%s) -=
583

YM_OT OM_OT
Different Model ->

Fig. 5. Word recognition performance

6. CONCLUSION

In this paper, we have build a continuous read speech corpus
of young and old people. Most of the speech corpus has been
developed in any language are for young people. We have
developed speech corpus of standard colloquial Bengali lan-
guage which is mostly spoken in West Bengal, India. ASR
performance degrades due to speaker variability, environment
noise and transmission channel noise. Speaker variability in-
creases among young and old population.

Voice source feature like Fy, formant frequencies, jitter,
shimmer, HNR and VOT are changes more or less with ag-
ing. These changes affect ASR performance more and less.
As Speech features differ more among young and old, spe-
cific model is required for each group. It will improve ASR
performance.
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Phoneme recognition with monophone model and phone
network gives good accuracy. We have used two types of
MEFCC features for modeling each phone. 26 dimensional
feature is constructed with one cepstral energy and 12 MFCC
and 13 delta feature. 39 dimensional feature set is consist of
13 base MFCC feature and it’s delta and delta-delta feature.

We have developed also a continuous word recognition
system with CMU SPHINX. ASR performance is comparable
with ASR systems of other languages. We have used MLLR
speaker normalization technique to improve the ASR perfor-
mance. 39 dimensional feature are converted to 29 dimen-
sional feature with LDA. Test data of younger people gives
better result than older.

This speech corpus can be used for age detection work.
As we have covered long range of age, Age detection model
can be done with this corpus.
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