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Chapter 1

Introduction and Literature review

1.1 Introduction

1.1.1 Speech recognition

Automatic Speech Recognition (ASR) is a procedure of designing an intelligent machine that can auto-
matically recognise a natural human speech using the information contained in the digital speech signal.
It is an interdisciplinary task [1]. Research in this area requires knowledge of signal processing, acoustics,
pattern recognition, linguistics, physiology, computer science and applied mathematics [1]. Challenge
to do ASR is that the recorded or otherwise real time speech signals include the surrounding noise.
Moreover, there may be variations in pronunciations and accent also differ over geography. Hence, more
research is required in this field to make an accurate ASR system which can recognise human speech
without any error [2].

1.1.2 Types of Speech recognition

The speech recognition is separated in different classes, based on the type of utterance or the ability that
they have to recognize, as below

= Isolated word recognition: It requires a single utterance at a time. It set necessary condition that
each utterance having little or no noise on both sides of sample window.

= Connected word recognition: It requires minimum pause between utterances to make speech flow
smoothly. They are similar to isolated words.

= Continuous speech recognition: It requires continuous speech by human speech, without silent
pauses between words. It is much more difficult as compared to isolated word recognition.

= Spontaneous speech recognition: It can recognize a speech that is natural sounding and not tried
out before. It has ability to handle a diversity of natural speech features such as words being run
at the same time.

1.1.3 Applications of Speech recognition

Some of the most famous ASR systems are Google Assistant by Google, Cortana by Microsoft, Siri by
Apple and Alexa by Amazon. Few of these are also available in regional languages. Such systems are
useful for day-to-day tasks like hands—free computing, giving commands to domestic appliance to get our
work done, voice dialling and many more.



1.1.4 Speech recognition of Indian languages

According to census of India, there are 22 scheduled languages and 99 unscheduled languages spoken in
India. Indian languages contain more phonemes as compared to other languages. They contain more
number of retro-flex consonants and fricatives. The accents are non-uniform within same language [3].
Proper articulation is required for correct pronunciation. Hence, recognizing a speech in an Indian regional
language is a challenging task. Most of the robust ASR systems are not accurate for Indian languages.

Gujarati language

Gujarati is a language with 13 vowels and 36 consonants. The language is phonetically different from
other Indian languages because it has retroflex lateral flap like 01, which is unique in pronunciation.
Moreover, the pronunciation of conjunct consonant sl is different as compared to other Indian languages.
The vowels ¥ and ¥ each represents two different pronunciations each [4].

1.1.5 Motivation

ASR in Indian regional languages can be very useful. It can facilitate people who can communicate using
their mother tongue only. It can be useful for disabled people who cannot use input devices. Such people
can give commands to computer, mobile or other smart gadgets using their speech. The speech user
interface in regional Indian languages would be greatly beneficial to such people.

1.2 Literature Review

There are many methods and algorithms applied for designing an ASR system. In 1950s, early ASR
systems were based on acoustic—phonetic methods, spectral measurements and analogue filter banks.
These systems were updated in 1960s using filter bank spectral analyser, time normalisation methods
and dynamic programming methods. Decade of 1970s added more advancement in it by introducing
methods based on pattern recognition, clustering algorithms and Linear Predictive Coding (LPC). 1980s
gave a revolutionary change in this field with the replacement of template—based methods by statistical
modelling method like Hidden Markov Models (HMM) [2]. Artificial Neural Networks (ANN), expert
systems and wavelets begun to use for ASR in 1990s. In the 21st century, these systems advanced
further due to evolution of Machine Learning (ML) algorithms and improvisation in ANN due to Deep
Learning (DL).

1.2.1 Indian languages:

Researchers across India are actively working in the research area of ASR for different Indian regional
languages. Several authors has surveyed progress on Speech recognition in Indian languages [5], [6].
Most recent survey can be found in [7]. Survey for Gujarati language is summarised in [8]. From these
surveys, it can be observed that very less amount of research work is done for the Gujarati language. One
of the major challenges of ASR in Indian languages is the lack of speech corpora [3]. Gujarati is one of
the low-resourced languages for speech recognition. Several researchers are working on generating speech
corpora for Gujarati and other Indian languages [9], [10]. Also, Speech corpus in Gujarati language for
emotional analysis is generated [11].

1.2.2 Gujarati language:

For speech recognition in the Gujarati language, many researchers are using various techniques. Ap-
proaches like Vector Quantisation [12], Gaussian Mixture Models [13], Artificial Neural Networks [14]
[15] and Support Vector Machines [16] has been used. In recent works, Hidden Markov Models approach
is used [17] [18]. Hidden Markov Models together with Artificial Neural Network is used in [19]. Fast
bootstrapping was used in [20]. Some authors have developed the phonetic engine to convert speech



sound units into symbols [21]. Syllable boundary detection methods are summarised in [22]. The appli-
cation "Avaaj Otalo” was developed for people having limited literacy, limited familiarity with technology
and knowing Gujarati language only [23]. Speech recogniser of 60 words was prepared for smart-phone
operations like calling, sending SMS and other smart-phone operations using Hidden Markov Models [24].
Due to the evolution of Deep Learning (DL) techniques, multilingual speech recogniser for various Indian
languages are developed. Some researchers have prepared a multilingual speech recogniser, which can
recognise a speech spoken in various Indian languages [25], [26]. End-to-end systems are proposed [27].
Several researchers have proposed multilingual speech recognition using different DL techniques [28],
[29], [30], [31]. From the literature review, it can be observed that Gujarati language is a low-resourced
language and a limited amount of work is done for the ASR in the Gujarati language. Most of the research
works for the Gujarati language are based on feature extraction using Mel-frequency cepstral coefficient.
The wavelet based coefficients are yet to be explored for the Gujarati language, for the feature extraction.
Moreover machine learning technique like Radial basis function network is also not used for the speech
recognition of Gujarati language.

1.3 Objectives

In our work, Speech Recognition in Gujarati language is done pertaining to two objectives
= ASR of isolated words spoken in Gujarati
= ASR for continuous sentences spoken in Gujarati

To achieve these objectives, firstly the existing techniques like Dynamic Time Warping, Machine learn-
ing techniques like Artificial Neural Networks, Radial Basis function network were applied on the Mel-
frequency Cepstral Coefficient features obtained for speech signal in Gujarati. Here, we have proposed
use of wavelets to obtain features for recognition of Gujarati speech. Next objective is done using Hidden
Markov Models and Machine Learning models. As a part of this work, a Graphical user interface is also
developed using open source platform 'Python’. The steps are summarized in the block diagram as shown
in the 1.1.

Recognition:
DTW
a Feature | || Recognition:
extraction: MFCC ANN
Recognition:
RBF
— Recording Words — —Recognition: DTW
| | Recognition:
Feature ANN
{ extraction: |
Gujarati Speech MFDWC | | Recognition:
Recognition || RBF
Recognition: HMM
Recognition: ANN
L| Recording | | Short-term Auto- [ | E;?:E:En.
Sentences corelation MFDWC.
Recognition: HMM— Interface

Figure 1.1: Block diagram showing objectives of our research work



Chapter 2

Preliminaries

The methodologies of the speech recognition are mainly divided into three parts: Pre-processing, feature
extraction and classification. Following sections explains these three parts in details.

2.1 Pre-processing

This step mainly involves recording of continuous sentences, noise removal and extracting the words from
the sentences.

2.1.1 Recording

The recording is usually done using usual mic of PC or Mobile. Common sampling rates of the recording
are 8000 or 16000 samples per seconds. The digital format to store speech recording is 16-bit PCM
WAV format. The recordings are done in two ways. In the first way, the recordings are done for each
word, spoken by each speaker. This corresponds to isolated words. In the other way, whole sentences are
recorded per speaker. This corresponds to the continuous speech.

2.1.2 Noise removal

It is important to remove noise from the speech signal so that the features extracted from it are only
based on the speech data and not on the noise. A care has to be taken during the recording to tackle
noise. After recording an open-source software Audacity is used for the noise removal. Using this, the
noise is filtered using the noise reduction algorithm which can reduce the background sounds like hum,
whistle, whine, buzz, "hiss”, fan noise, FM carrier noise. The algorithm is based on Fourier analysis
which finds the spectrum of pure tones which generate the background noise in the quiet sound. This
algorithm finds the frequency spectrum of each short segment of audio. Any pure tones that are not
sufficiently louder than their average levels in the background noise are reduced in volume.

2.1.3 Short-term autocorrelation

This method is useful to extract words from the sentences [32]. The general formula for determining
auto-correlation between two shifted parts of sequence z(m) is

oo

Tez(k) = Z z(m)z(m + k) (21)

m=—0oo

Here, r,.(k) is the k" coefficient of auto-correlation between original signal x(m) and same signal
shifted by k samples 2(m + k). The value k gives summation of products of original signal with shifted
version of itself by k samples. Speech signals are non-stationary. So it is required to divide the signal
into several number of short frames. This makes signal stationary within particular short frame. Then



the auto-correlation for each short frame with different values of k is determined using equation (2.1).
Hence, it is known as short term auto-correlation [33]. To remove the silence part of speech signal, auto
correlations with £k = 1 are used. Some values of auto-correlation will be high and some are close to
zero. From this the voiced frame and the unvoiced frame can be identified.

2.2 Feature extraction

Most commonly used method for feature extraction from speech is mel-frequency cepstral coefficients
(MFCC) [2]. The features from the speech are obtained in following way. First the speech signal is
pre-emphasised. Let 2(n) be the recorded digital speech signal, where x is amplitude and n is a sample
number. From this, the pre-emphasised speech signal is obtained using

s(n) = z(n) — az(n), 09<ax<l1 (2.2)

After that, the pre-emphasised signal s(n) is divided into frames s; having N samples, where i is the
frame index. There is an overlapping of M samples of each frame with its adjacent frame. This gives
frames

si(t), 1<t<N (2.3)
Further, each pre-emphasised frame is multiplied by a Hamming window given by
2t
t)y=(1-p3) — 2.4
wlt) = (1= 9) = peos (77 (24)

This gives pre-emphasised windowed frames
si(t)w(t), Vi (2.5)

Further, the Fourier transform and power spectrum of each windowed frame are computed using following
equations.

N-1 - N
(k) = , —~ —
fi(k) ; si(t)w(t)e NAE (2.6)
pilk) = 15 (27)
Here k represents frequencies. Before going further, these frequencies are converted to mel using
1
M(f)=11251n (1 + 700) (2.8)

After that, a filter-bank of triangular filters defined by (2.9) is applied on power spectrum. This gives
periodogram estimates of the power spectrum given by (2.10).

k—M(j—1) . )
Mg AEn MU U<k < MO)
(k) = § wiga—nmigy M0G) <k <M +1) (2.9)
0 otherwise
K/2
k=0

Finally, the MFCC features are determined by taking discrete Fourier transform of logarithm of peri-

odogram estimates.
K/2

e = ;m (B cO8 {n (k: - ;) ;T(] (2.11)

Thus MFCC features are obtained for each frame. However, the wavelets are better for analysing the
non-stationary signal such as speech signal, wavelet coefficients can also be used as a part of feature
extraction. This method is mel-frequency discrete wavelet coefficients (MFDWC)[34].
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Figure 2.1: Daubechies-6 wavelet function

2.2.1 Wavelets

The word "wavelet” means a small wave. It is a windowed function of finite length. This function is
oscillatory so it is called wave. Wavelets are characterized by compact support; it means that the signal
does not last forever. Moreover, area underneath the wavelet is zero; it means that the energy is equally
distributed in positive and negative directions. So wavelets are rapidly decaying wavelike oscillations that
have zero mean and they exist for a finite duration. The Wavelet transform of signal f(t) at scale a and
location b is given by

W) = [ v (212)
Here U, (¢) is is an analysing function which is given by
W, () = %\II (t ; b) (2.13)
In above equation, W is a wavelet function satisfying following two properties.
@)l =1 (2.14)
/00 W,dt =0 (2.15)

A windowed function with zero mean, finite energy, compact support and fast-decaying nature can be a
wavelet function. One example of such wavelet function is shown in Figure 2.1. The general expression
of a discrete wavelet transforms (DWT) for a discrete signal X|[n], having M samples, is given by
approximations (2.16) and details (2.17).

Wljo, K] = % S X[l uln) (2.16)
Wolj. k] = % S X[l alnl, > do (217)

Here ¢}, 1 is a discrete scaling function and 1} ;[n] is a discrete wavelet function having M components
each [35].These approximations and details give the DWT of a given signal.

2.2.2 Mel-frequency discrete wavelet coefficients (MFDWC):
The steps of determining MFDWC from the input speech signals are as follows

= Pre—emphasis the digital speech signal



Input Speech - -
Signal » Pre-emphasising

Y

Framing »  Windowing

x(n) s(n) si(t) si(t)wlt)

Y
. . Discrete Fourier
Discrete Wavelet | Log of energies | Mel Scaled | Transform
Transform - of Mel Filters | Filter Bank | i
Power Spectrum
K2 1] —2 jukt |2
&=pWr(log(p,))  p,=2 pi(k)F;(k) pilk)=~7 2 si(t)w(t)e
k=0 1=
Y )
k—M(j—1) ) ;
M(j—1)<k<M
. M(jsz)(jfl) (j-1) (7)
Feature Vector Filk)= _M(j+1)-k M(j)<k<M(j+1
M-y MUY
0 Otherwise

Figure 2.2: Steps of determining feature vectors.

= Frame the signal with overlapping frames

= Apply the Hamming window on each frame

= Obtain a discrete Fourier transform and power spectrum for each frame
= Find energy of applied Mel-scaled triangular filter-bank

= Apply Daubechies wavelets on logarithm of the filter—bank energies

These steps are summarized in the block diagram Figure 2.2.

2.3 Classification

2.3.1 Dynamic time warping (DTW)

DTW algorithm is useful to find the distance between the two sequences of unequal lengths. Let X =
{z1,22,...,2p} and Y = {y1,92,...,Y4} be two sequences of unequal lengths. The DTW distance
between them is given by equation (2.18).

D(i,j) = |zi —yil + K (2.18)
In218,1<i<p, 1<j<gqand K is given by equation (2.19).

The distance calculations are initialized with D(1,1) = |z; — y1|. Here | - | is the Euclidean distance.
Then other distances are determined using equations (2.18) and (2.19) iteratively.
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Figure 2.3: Multi-layer perceptron network architecture

2.3.2 Multilayered perceptrons (MLPs)

ANNs are useful for classification problems. MLPs are architecture of ANN. They learn generalisation
from the patterns presented to it by changing weights. There are many algorithms for updating weights.
Error Back—Propagation algorithm, introduced by [36], is useful for this purpose. The weights are changed
in such a way that the error between the desired output and the output obtained from the network is
minimised. The minimisation is achieved by taking gradients of errors with respect to the weights. To
understand how it work, consider a two-layered MLP network architecture as shown in Figure 2.3. In
this figure, let ¥ = (xq,x1,...,7,) € R""! be the input vector having bias 2o = —1 and input neurons
x1,T2,...7, and let 2= (21,22,...,27) € R/T! be the hidden layer, having bias 2y = —1 and hidden
neurons zi, 22, ...2y. Suppose we denote the connection between neurons x; and z; by wj;. Let fj, be
an activation function for a hidden layer. Then the values of the hidden neuron z; for 0 < j < J is given

by
Z5 = fh <Z wjixl) (220)
=0

Similarly, let ¥ = (y1,%2,...,yr) € RL be the output layer. Suppose we denote the weight connecting
z; and y; by v;;. Let f, be an activation function for an output layer. Then the values of the output
neuron y; for 1 <1 < L is given by

J
Yy = fo Zvljzj (2.21)
§=0

Let d = (di,ds,...,dr) € R be the desired output. Then the sum of squares of all the errors by the
current weights of the network are given by

1& )
E=3 ; (di —y1) (2.22)

10



According to the Delta rule, we can update the weights by considering the partial derivative of error with
respect to the weights. So for the output layer, the change in weights v;; is given by

oF
Auy = Ouyj
o 1ZL )
= e— —_— d —
vy [2 l=1( =) ]
L
1 2.1 0
=3 2(di - 2 -
2 2 (di — 1) 3vlj( 1= Y)
L 9 J
= dy—y) —— |d; — £, .
;( 1= Y) i, 1= f ;)vljz]

L J
=3 (di—w) |0=F | D vz | 2
j=0

L J
== (di=w) 5 [ D vz | % (2.23)
=1 =0

Using Error Back-Propagation algorithm, the change in the weights w;; between an input layer and a
hidden layer is given by

L J 9 J
[ / . . [ . .
= Z (dl — yl) 0— fo Z V1% 8wji Z Vij 25
7=0 7=0

L J J 9
== (di—u) f5 [ D vz Z'Ulj?(zj)
— — — wj;
=1 7=0 7=0
L J J 9 n
= —Z (di —w1) fo Z'Uljzj ZvljaTji [fh (Z wji$i>‘|
=1 7=0 7=0 =0
L J J n
== (di—w) 5| D vz | D owifn (Z wji%) z; (2.24)
=0 :

Using equations (2.23) and (2.24), the updated weights at (k + 1) iteration are
vlij = vlkj - noAvlkj (2.25)

kL — w;-“i — nhAwfi (2.26)

w;

11



Figure 2.4: Radial basis function network (RBFN) architecture

In equations (2.25) and (2.26), n, and 7, are learning rates usually having value between 0.0001 and 2.
Several modifications of this algorithm occurred over the years and most recently the Adam algorithm
is used to update weights, which is an adaptive momentum algorithm [37]. The momentum is updated
iteratively and based on that, the weights are updated using equation (2.27) [38].

n R
Aw = — m 2.27
Vi te (2.27)
Here,
my = % is updated momentum at step ¢,
my = Bimy—1 + (1 — B1) Vw, is momentum at step ¢,
p1=10.9,
Uy = 11”5t is used to keep history of Gradients,
2
v = Bove—r + (1 — B2) (Vwy)?,
B2 = 0.999,
n = 0.001 is a learning rate,
e=1x10"8.

2.3.3 Radial basis function networks (RBFN)

The RBFN is shown in the Figure 2.4. It consists of an input layer, an output layer and one hidden

layer consisting of RBFs ¢; () = ¢ (Z — G;), where G is a centre corresponding to the i*" neuron

in a hidden layer [39]. In this architecture, the weights and the centres are updated for establishing

relationship between inputs and outputs. Let {(Zp, %) [p =1,2, ..., N}, be given data where &, con-
tains inputs and g, contains desired outputs. W = [wWy,Ws, ..., Wy,] is Jo X J3 weight matrix with
w; = ('ZU1»L',U)22',...,'I.UJ2»L‘)T. For the RBF network with any suitable RBF, the error between desired

output and output obtained by the network is given by

1 N J3
E= S e (2.28)
n=1 i=1

Here e,,; is the error at 3" output neuron for the nt* pattern

Ja
€ni = Yni — Z Wini @ (an - EmH) (2'29)
m=1

12



Using the gradient descent method, the change in weights are obtained by

0
Z Z Cniy D (ym Z Wi (||2n — Cm|)>

J2

;L ”
2 Y eni Y (Il — el (2.30)
n=11=1

m=1

) 2
€nin = aczl <ynz - Z wmz(b (”fn - Em|)>
9 N
:NZZ nz( Zwmlaq¢||xn_cm|>

9 N J3 Ja2
:_NZZ ni Zwmlgb |:En CmH)a = ||(En_cm||
n=1i=1 m=1 Cm
=-% > eni Z Wini®' (| Zn — Emll) m( 1)
n=li=1  m=1 Tn = Cm
2 N Js
= N Z €ni Z wmzqS ||xn Cm”) ||H — Ciﬂ (231)
n=1i=1 7l m
Using equations (2.30) and (2.31), the updated weights and centres at (k + 1) iteration are
witt = wiy; = mAwy,, (2.32)

ekt =k ngAc;’nk (2.33)

In equations (2.32) and (2.33), 11 and 7y are learning rates usually having value between 0.0001 and 2.
Such trained RBFN has capabilities of universal approximation. By selection of suitable RBF, we can
approximate any continuous function with RBFN [40].

13



2.3.4 Hidden Markov models (HMM)

HMM are used to model problems having hidden states produced by observations. The model consists
of N hidden states S1,S55,...,5n and T observations O1,03,...,Op. The parameters of HMM are
initial state probabilities m; = P(S; at time ¢ = 1), state transition probabilities a;; = P(S; at time
t+1|S; at time t) and observation probabilities b;(Oy) = P(Oy, at time t |S; at time t 4 1). The initial
state probabilities and the state transition probabilities are initialized randomly. But the observation
probabilities are determined using Gaussian mixture models (GMM) [41].

Gaussian mixture models (GMM)

GMM uses a linear combination of multivariate Gaussian distributions to determine the observation
probabilities b;(Oy) using equation 2.34 [42].

e~ 3Ok —11jm) T 55,0 (Ok—pm) (2.34)

Cijm————
Z / ,/27r|2]m|

Here X;,, is the covariance matrix and (i, is the mean of m
the j state. Cjm's are the coefficients.

th Gaussian probability density function for

Baum-Welch algorithm

After initializing the parameters of HMM, they are trained iteratively using the Baum-Welch algorithm
[43]. Let &(4,7) be the joint probability of being in state .S; at time ¢ and state S; at time ¢t + 1 and
~:(i) be the probability of being in state .S; at time ¢. The algorithm is given by following equations.

™ =71(%) (2.35)
ot — 72331 &(0,7) (2.36)
N Zt 1 e (4)
* Zt 1s.t. O SK%(J)
b O L= 2.37
O =) (230

The HMM with trained probabilities are then used for testing of unknown observations.

14



Chapter 3

Speech recognition of Isolated
Gujarati words

For these experiments, isolated Gujarati words were recorded and then features were extracted from them
using MFCC or MFDWC. Then the features were classified using four different approaches: Dynamic
Time Warping, Artificial Neural Networks, Radial Basis Function Networks and Hidden Markov Models.
The details of these experiments are summarized in the subsequent sections.

3.1 MFCC
3.1.1 Dynamic Time Warping

The recording of digits 1-10 was done using Audacity software. The recording sampling rate was 16000
Hz with Mono channel. For each speaker, digits 1-10 were extracted using zero-crossing. Then features
were extracted from all speech signals. Features of all the digits by the template speaker was compared
with that of the other speakers. The results for one such pair is shown in Figure 3.1. In Figure 3.1,
each cell is the global DTW distance, found using DTW algorithm, between the features of a template
speaker and features of other speaker. The column under title '1" represents the comparison of digit
"1’ by one speaker with the all digits of the template speaker. The highlighted cells represent the least
DTW distance in each column. Figure 3.1 concludes that 8 out of 10 digits by the selected speaker
are matching with the template. This process was repeated with all speakers keeping one person as a
template. Similar tables were prepared for comparison of the spoken digits of template voice with all
other speakers. Overall 84.44 % recognition success was achieved [44].

SPEAKER

Digits| 1 2 3 4 5 6 7 8 9 10

1 2200 | 4391 | 3083 | 4411 | 3082 | 3674 | 4453 | 3921 | 4293 | 2901
3984 | 2191 | 2891 | 4489 | 3006 | 4025 | 3818 | 3538 | 2994 | 2453
2645 | 4457 | 1503 | 5172 | 4044 | 3553 | 4551 | 4292 | 3321 | 3926
6399 | 6857 | 3869 | 3714 | 4267 | 4294 | 3128 | 4301 | 6524 | 6391
3356 | 4559 | 3084 | 3798 | 2178 | 3874 | 4227 | 3065 | 4185 | 2481
3775 | 7193 | 3313 | 5305 | 5903 | 3082 | 5146 | 5925 | 4585 | 6579
6932 | 6618 | 4736 | 4171 | 5277 | 5250 | 3520 | 4881 | 7302 | 7493
4450 | 5364 | 2153 | 4908 | 4053 | 4111 | 4300 | 3313 | 4134 | 4038
2900 | 5234 | 2748 | 7225 | 5942 | 4995 | 5975 | 5440 | 2302 | 4630
3338 | 3100 | 3629 | 4838 | 2774 | 4569 | 4867 | 3650 | 4054 | 1402

TEMPLATE
0| |~ | o o b|w| N

-
o

Figure 3.1: DTW distances between two speakers using MFCC
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3.1.2 Artificial Neural Networks

In this experiment [45], same dataset was used as that of the DTW experiment. After recording speech
and pre-processing, the dataset was in form of vectors representing speech signals. Then MFCC features
were extracted from them. The unequal lengths of these features were made equal using the insertion
algorithm. The features obtained this way, were used as inputs to the Artificial Neural Network having 603
input neurons, 50 hidden neurons and 10 output neurons representing classes for each digit. The dataset
was divided in training and testing with ratio 80:20. ANN was trained using Error Back-propagation
rule. The output for the recognized digit was the image of corresponding digit in Gujarati language as
well as its equivalent Sign language form as shown in the Figure 3.2. 100% train accuracy and 74% test
accuracy were obtained for this experiment [45].

2

Figure 3.2: Output of the recognized digit 2

3.1.3 Radial Basis Function Networks

In this experiment [46], Radial Basis function (RBF) network was used for the classification of the equal-
length MFCC feature vectors. The feature vectors were normalized before using them in the RBF network.
The RBF network was constructed having 603 input neurons, 100 hidden neurons and 4 output neurons.
The output neurons are binary representation of digits to be recognized. The output for the recognized
digit is the image of corresponding digit in Gujarati language as well as its equivalent Sign language
form as shown in the Figure 3.2. 100% train accuracy and 92% test accuracy were obtained for the first
dataset [46].

3.2 MFDWC
3.2.1 Dynamic Time Warping

These experiments are similar to section 3.1.1. The main difference is that in this case, MFDWC features
were used for the feature extraction of isolated digits 1-10. Here also, similar analysis was done and overall
86% accuracy was achieved [47]. There is a slight improvement in the accuracy due to involvement of
wavelets in the feature extraction technique.

3.2.2 Artificial Neural Networks

In this experiment, two datasets were used. One dataset having recordings of digits 1-10 spoken by eight
speakers. The other dataset was expanded dataset using the data augmentation methods. After recording
speech and pre-processing, the dataset was in form of vectors representing speech signals. Then MFDWC
features were extracted from them. The unequal lengths of these features were made equal using Cubic
spline interpolation. The MFDWC features obtained this way, were used as inputs to the Artificial Neural
Network having 603 input neurons, 78 hidden neurons and 10 output neurons representing classes for
each digit. The dataset was divided in training and testing with stratified random sampling method.
ANN was trained using Adam algorithm. The accuracy of a trained network was calculated using the
confusion matrix as shown in the Figure 3.3. The network was trained several times for different wavelets.
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Average accuracy, train time and number of iterations for various wavelets are summarised in Table 3.1.
On an average 92% accuracy was achieved for Daubechies—6 wavelet, which is significantly better as
compared to the MFCC approach. It took on an average 5.14 seconds and 168 iterations to achieve this
accuracy.

Two- O 0 0 0 0 0 0 0 0

Three- 0 0 0 0 0 0 0 0 0

Four- O 0 0 0
L Fve-0 0 0 0
S sx-0 0 0 0
'_
Seven- 0 0 0 0
Eight- 0 O O 0
Nine - O 0 0 0
Ten-0 0 O O O O O O O
v o 9 L w x £ £ o ¢
s F £ & & ° $ 2 = #
Recognized digits
Figure 3.3: Confusion matrix
Name of Average Average train Average number
wavelet accuracy (%) time (second) of iterations
Daubechies — 1 47.50 2.95 100
Daubechies — 2 53.50 3.69 122
Daubechies — 3 58.00 3.60 121
Daubechies — 4 78.50 4.35 150
Daubechies — 5 85.00 4.74 158
Daubechies — 6 92.00 5.14 168

Table 3.1: Summary of results obtained for different wavelets

The second dataset was an expanded version of the first dataset. It was expanded using the data
augmentation methods like amplifying the signal by some factor, de-amplifying the signal by some factor,
adding a noise in the signal, shrinking the signal in time and stretching the signal in time. These variations
were performed on all raw files and the dataset of total 1200 samples was created, 120 samples of each
digit one to ten. Then MFDWC features were extracted from all of them. Then the dataset was divided
into train set and test set. Train set consisted of 1000 samples and the remaining 200 samples were
part of the test set. The Daubechies-6 wavelet was used for wavelet decomposition. Then the Artificial
Neural Network consisting of three hidden layers of 80, 80 and 40 neurons each was trained using the
Adam algorithm and ReLU activation function. It took 1625 iterations and 161 seconds to achieve 0.04
loss. Further, this network was tested with the remaining 200 patterns. The confusion matrix for the
classification results as shown in Figure 3.4, suggests the 85% testing accuracy.

3.2.3 Radial Basis Function Networks

This experiment is similar to section 3.1.3. But the difference is that here features were extracted
from the speech using MFDWC technique. The input layer consists of 603 neurons corresponding to
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Figure 3.4: Confusion matrix for the augmented dataset

all MFDWOC features shrunk or stretched to its median length of 603. The hidden layer consists of 70
neurons corresponding the Gaussian RBF. Output layer consists 4 neurons corresponding to the binary
representation of digits 1-10 to be recognized. The data was normalised using maximum norm before
training the network. Accuracy 90% was achieved for Daubechies—6 wavelet. It took on an average 0.54
second to achieve this accuracy.

3.2.4 Hidden Markov Models

In this experiment, for the recognition part, the HMM with GMM was used. The left-to-right HMMs
were created for each word. In these HMMs, the hidden states were the speech units hidden inside
the recording and the observations were the MFDWC features. Different number of states from 2 to
7 were considered and the accuracy was determined in each case. The HMM parameters m; and a;;
were initialized randomly. The parameter b;(o;) was initiated by determining the probability distribution
of MFDWC features using GMM. In this, the mean and the variance of each feature vector for each
dimension was determined. The dataset was divided into training and testing using stratified sampling
method with 12.5% test patterns. HMM parameters were trained using Baum-Welch algorithm. During
testing, given an unknown word, these trained parameters were used to determine the HMM of the
unknown word and this way, the spoken word can be identified. Two types of datasets were used in this.
The original dataset having digits 1-10 for 8 speakers and the augmented dataset of 160 samples. The
results obtained for both datasets are summarized in Table 3.2. The Confusion matrices for the original
and the augmented datasets are shown in figures 3.5 and 3.6 respectively.
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Original Dataset Augmented Dataset

Number of Training Train Training Test
States in HMM  Time (sec) Accuracy (%) Time (sec) Accuracy (%)
2 5.17 100 14.14 60
3 5.38 100 14.93 65
4 5.62 100 16.33 65
5 5.76 100 16.15 70
6 6.19 100 17.14 65
7 6.33 100 17.78 65

Table 3.2: Summary of results of experiments based on HMM
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Figure 3.5: Confusion matrix for the original dataset
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Figure 3.6: Confusion matrix for the Augmented dataset
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Chapter 4

Speech recognition of continuous
Gujarati sentences

Following the work of SR for Gujarati and isolated words, we focused for ASR for continuous speech.
For this purpose, the sentences are to be identified and broken into words which are further processed.
To isolate the words from sentences, we proposed a method based on STAC algorithm. The words once
isolated are processed to get MFDWC. Further, the MFDWC features of these words were classified
using two machine learning techniques: ANN and HMM. The efficiency of ANN model is measured using
various metrics such as accuracy, recall and F-score etc. and compared.

4.1 Using Artificial Neural Networks:

In this experiment [48], a speech of 6 speakers was recorded. The speech consists of 5 sentences spoken in
Gujarati language, as shown in the Figure 4.1. Recording was done using microphone of usual headphone
in normal room noise using Audacity software with sampling rate of 16,000 samples per second and mono
channel. Two recordings of each speaker were considered for training. Then, words were extracted from
sentences using STAC. Further, MFDWC features were extracted from each word. The lengths of all
the feature vectors were made equal using the Cubic Spline Interpolation. These features were trained
in the ANN having 676 neurons in the input layer, 1000 neurons in the hidden layer and 1 neuron in the
output layer for classification of words. Various wavelets were used in feature extraction step. Wavelet
decomposition at level 2 for wavelet Daubechies—6 gave us best results. The networks were trained using
back-propagation algorithm with sigmoid activation function and Adam algorithm with ReLU activation
function. The results obtained for both networks are summarised in Table 4.1. The trained networks were
tested with unknown speech consisting of sentences different from the sentences trained. After being
successfully recognized, our system gives sentence output in Gujarati language text.

slgl ad .

YR YdHi B 8.
olcts WRlHl 2 8.
sy ula B.

(AR08 21 ®.

Figure 4.1: Dataset for the continuous SR using ANN
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Number  Training

Activation Training  Testing

Algorithm . of time
function . loss accuracy

Iterations  (sec)
BP Sigmoid 956 134 0.00742 84.62 %
Adam RelLU 1098 29 0.00042 76.92 %

Table 4.1: Summary of experiments of Continuos SR using ANN
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Figure 4.2: Dataset for continuous SR using HMM

4.2 Using Hidden Markov Models:

In this experiment, a dataset of 10 recordings having 5 sentences and total 32 words was considered.
These sentences are shown in Figure 4.2. There were 16 unique words. These 10 x 32 = 320 words
were extracted from sentences using the STAC algorithm. The lengths of words were made equal using
the Cubic spline interpolation methods. Then MFDWC features were determined for each word. 3-
State HMM was built for each unique word. The HMM parameters 7; and a;; were initialized randomly
and b; (o) was initiated using GMM. The dataset was divided into training and testing using stratified
sampling method. Out of 320 words, 288 were used to train the HMM using the Baum-Welch algorithm.
Rest of the 32 words were used for testing. The network was trained in 19.47 seconds. Overall 84.38%
test accuracy was obtained. The confusion matrix is as shown in Figure 4.3. Various accuracy measures
are as shown in the Table 4.2.

Accuracy = 84.375%
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Figure 4.3: Confusion matrix for continuous SR using HMM

We can observe that different accuracy was obtained for both models discussed here. So, to improve
accuracy of speech recognition model, we have employed the ensemble techniques like bagging and
boosting. For boosting we have used ANN models. In bagging ensemble model we have used combination
of HMM and ANN models.
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Words Test Patterns Precision Recall fl-score

Word 1 1 1.00 1.00 1.00
Word 2 1 1.00 1.00 1.00
Word 3 3 1.00 1.00 1.00
Word 4 5 0.67 0.40 0.50
Word 5 5 0.57 0.80 0.67
Word 6 2 1.00 0.50 0.67
Word 7 4 1.00 1.00 1.00
Word 8 1 0.50 1.00 0.67
Word 9 1 1.00 1.00 1.00
Word 10 1 1.00 1.00 1.00
Word 11 2 1.00 1.00 1.00
Word 12 2 1.00 1.00 1.00
Word 13 1 1.00 1.00 1.00
Word 14 1 1.00 1.00 1.00
Word 15 1 1.00 1.00 1.00
Word 16 1 1.00 1.00 1.00
32

Table 4.2: Precision, recall and fl-score for Continuous SR using HMM

Boosting Ensemble Method Bagging Ensemble Method

(ST | .

Bootstrap Sample 01 Bootstrap Sample 02 Bootstrap Sample 03 :
Bootstrap Sample 01 Bootstrap Sample 02 Bootstrap Sample 03

“

J

(. .‘ Majority Voting

Figure 4.4: Ensemble learning methods
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Chapter 5

Gujarati Speech Recognizer Interface

This experiment is mainly based on the development of the Gujarati Speech Recognizer Interface as shown
in the Figure 5.1. This interface is able to record a speech and give the text output of the spoken speech.
The buttons for performing various tasks are available on interface like reading files, extracting words,
determining MFDWC features, Building and training HMM, plotting confusion matrix and recognize the
speech. The dataset for this experiment was same as that of previous experiment. In this, a new sentence
having 8 words was made using the same 16 words of the previous experiment. The HMM was tested
using this sentence. Out of 8 words of this sentence, 7 were matching, giving the accuracy of 87.5%
as shown in the Figure 5.1. The updated version of the software contains less number of buttons as
shown in the figure 5.2. This kind of interface is useful for the layman, making it possible for diverse
applications.

Gujarati Speech Recognizer - 0 X

Gujarati Speech Recognizer Version 1.0

Read Wave files 10 Files read successfully.

|

Extract words using STAC ‘ 320 words extracted from sentences of 10 files using STAC.

MEDWC Feature extraction ‘ 13 MFDWC features per frame extracted from each word.
Train-Test-Split Number of words to train = 288 Number of words to test = 32
Build & Train HMM ‘ 3-state HMM built for each word. Parameters trained using Baum-Welch Algorithm in 19.47 sec.

Confusion Matrix Test accuracy = 84.38
M Recorded Successfully.
Play Recording is being played.

e True Sentence ARdl of Ul2s1d1 AU A1 Ui 24134 ofe]l
Predicted Sentence ARdl of Ul2s1d1R 22Ut A2 T Y252l oteil

Recognition accuracy = 87.50

Figure 5.1: Speech recognizer interface
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Gujarati Speech Recognizer Version 4.0

1. Record a sentence using given vocabulary.

Vocabulary ‘ Record ‘

2. Play the speech you have recorded.

[Py |

3. Recognize the recorded speech

{

Recognize

4. Accuracy of recognition

Accuracy

Word index Word Word index Word
0 aRel 8 eut
1 tal 9 At
2 Hi 10 o
3 2 11 NELEE
4 A% 12 alitllstorR
5 wdet 13 Reell
6 B} 14 atell
7 apescll 15 asleRl

Figure 5.2: Updated Speech recognizer interface
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Chapter 6

Conclusions

The research work focuses on various techniques for Automatic Speech Recognition. For this, Gujarati
language was considered. For feature extraction, Mel-frequency Cepstral Coefficients and wavelet-based
technique Mel-frequency Discrete Wavelet Coefficients were used. For the recognition, various machine
learning techniques like Artificial Neural Networks, Radial Basis Function Networks and Hidden Markov
Models were used. Two types of experiments were performed: Automatic Speech Recognition for isolated
words and Automatic Speech Recognition for continuous sentences. For the experiments of continuous
sentences, words were extracted using signal processing technique Short-Term Auto Correlation. The
recognition accuracy obtained in these experiments are summarized in the Table 6.1.
interface of Gujarati Speech recognizer was developed, having ability to record, play and recognize a

speech spoken in the Gujarati language.

Accuracy obtained (in %) for various methods of Speech Recognition in Gujarati language
Method Isolated Word Recognition Continuous Speech Recognition
*> [TMFCC MFDWC MFDWC
DTW 84.44 86.00 _
86.62 (Back Propagation)
ANN 74.00 92.00 76.92 (Adam)
RBFN 92.00 90.00 -
100 (Original data)
HMM ) 70 (Augmented data) 84.38

From these experiments, it can be observed that for the feature extraction technique, MFDWC method
is better as compared to the MFCC method. Overall we can say that as compared to HMM, ANN or
RBF gives more accuracy.

Table 6.1: Summary of all the experiments
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