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ABSTRACT

SPEAKER INDEPENDENT ISOLATED DIGIT RECOGNITION

Hamid, Mohammed Saeed Hamid
MSc, Electrical and Electronics Engineering
Asst. Prof. Dr. Hakan TORA
September 2020, 72 pages

In several speech signal processing applications, VAD presents an important
character for splitting an audio stream into time intervals that include speech activity
and time intervals where speech is absent.

In this research, we presented new approach dealing with isolated word recognition.
In the first stage, three functions applied for voice activity detection (VAD) problem
hamming window, Bohman function, and Bartlett-Hann function. The both Bohman
function and Bartlett-Hann function are not applied in previous studies for VAD
problem.

On the other hand, pitch, MFCCs, and energy applied as feature extraction
techniques and combined with SOFTMAX which these two methods are new
approaches. The Pitch based SOFTMAX presented remarkable results which
extracted features by pitch wired to SOFTMAX and classified to seven words and
presented 85% accuracy. Furthermore, energy also applied as feature extraction and
the output of this function wired to the SOFTMAX. This framework easily can
applied to the various isolated word recognition which only the user modified the
input data easily.

The main contribution in this study, combine SOFTMAX with several feature
extraction techniques. The SOFTMAX is trend probability function which analysis
input features to the labels between (0,1) and used in several deep learning
techniques as last layer function for classification or regression issues.

The obtained results compared with several studies presented in this field by
applying several machine learning and deep learning techniques combined with

audio signal processing techniques that’s applied for feature extraction.
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HOPARLOR BAGIMSIZ iZOLASYONLU RAKAM TANIMA

Hamid, Mohammed Saeed Hamid
Yuksek lisans., Elektrik Elektronik Miihendisligi
Dog. Prof. Dr. Hakan TORA
Eylul 2020, 72 sayfa

Cesitli konusma sinyali isleme uygulamalarinda VAD, bir ses akisini konusma
etkinligi ve konusmanin olmadigi zaman araliklarini iceren zaman araliklarina
bolmek icin 6nemli bir karakter sunar.

Bu arastirmada, izole kelime tanima ile ilgili yeni bir yaklasim sunduk. Ik asamada,
ses etkinligi algilama (VAD) problem kirma penceresi, Bohman islevi ve Bartlett-
Hann islevi igin {i¢ islev uygulanmistir. Hem Bohman fonksiyonu hem de Bartlett-
Hann fonksiyonu VAD problemi i¢in dnceki ¢alismalarda uygulanmamastir.

Ote yandan, perde, MFCC'ler ve enerji, dzellik ¢ikarma teknikleri olarak uygulanir
ve bu iki yontemin yeni yaklasimlar oldugu SOFTMAX ile birlestirilir. Pitch tabanli
SOFTMAX, SOFTMAX'a baglanan ve yedi kelimeye gore siniflandirilan ve% 85
dogrulukla ozelliklerle ¢ikarilan olaganiistii sonuglar sundu. Ayrica enerji, 6zellik
¢ikarma ve SOFTMAX'a baglanan bu fonksiyonun ¢iktis1 olarak da uygulanir. Bu
cerceve, yalnizca kullanicinin giris verilerini kolayca degistirdigi gesitli yalitilmig
kelime tanima islemlerine kolayca uygulanabilir.

Bu calismadaki ana katki, SOFTMAX'1 c¢esitli Ozellik ¢ikarma teknikleriyle
birlestirmistir. SOFTMAX, (0,1) arasindaki etiketlere girdi 6zelliklerini analiz eden
ve smiflandirma veya regresyon sorunlari i¢in son katman fonksiyonu olarak cesitli
derin 6grenme tekniklerinde kullanilan trend olasilik fonksiyonudur.

Elde edilen sonuclar, 6zellik ¢ikarma i¢in uygulanan sesli sinyal isleme teknikleri ile
birlestirilmis ¢esitli makine 6grenme ve derin 6grenme teknikleri uygulanarak bu

alanda sunulan ¢esitli ¢alismalarla karsilasgtirilmistir.

Anahtar Kelimeler: MFCCs, SOFTMAX, pitch, VAD, energy, MATLAB.
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CHAPTER 1

INTRODUCTION

Speech is the dominant tool of communication between people and if it promises to
be important for communication between people and machines it can only be made a
little more reliable. Speech recognition is the process of converting an acoustic signal
into a set of devices. Words applications include voice commands and control, data
entry, voice user interface, automate the work of the telephone operator on the
phone, etc. it also acts as an input to natural language processing. In some situation,
the speech recognition problem, as established over the years, is an extremely
calculation concentrated problem; it needs debauched computers, and a huge amount
of memory. Several efforts have, consequently, been complete to hurry up the
procedure by applying different methods. Consequently, the employment of speech
recognition systems (SRS) applying digital signal processing integrated circuits
(DSP's) is attractive progressively gorgeous. The compensations of applying a DSP
are upsurge in speed of the technique expansion, extended term dependability, noise
protection and the aptitude to achieve difficult computations absurd in the analog

range [1].

The number of SR software’s in customer electronic products has been cumulative
quickly in the last years. One of the chief challenges confronted by the built-in
software designer is the comparative calculating power and memory shortage, which
must previously be measured in the early phases of technique design. Consequently,
it is probable that the excellent between different techniques is depended on

conciliation between cost and performance [2].

Pioneering work on ASR dates back to the early 1950s. The first ASR system
developed at Bell Telephone Laboratories was able to recognize distinct numbers
from 0 to 9 for a single speaker. In 1956, Olson and Pillar created a sound machine
capable of recognizing ten different syllables. He also had to rely on the speaker and

needed extensive training.



This initial pattern-based recognition by the ASR program is based on pattern
matching as the amplifier inputs were compared to previously stored sound patterns
or patterns. Pattern matching works well at the word level for recognizing various
elements of a small vocabulary, but less effective for recognizing a larger
vocabulary. Another limitation of pattern matching is the inability to match the input
voice signals and align them with previously stored audio samples of different
lengths. Therefore, the performance of these ASR systems was poor because they
used acoustic approaches that identified only the main vocal units clearly expressed
by the speaker [3]. The main sections of speech recognition system presented in
Figure 1.1.

N\

Acoustic Language Transcription
Level Level

Extracting only speech Classification of the Combining sounds
segments different sounds into words

Feature Extraction Adding contextual Combining words into
User/Environment information on top sentences
adaptation of the sounds
Deep Learning used
Deep Learning or MFCC Deep Learning used for to generate the
to extract features acoustic classifications different models

([} intetigentwire

Figure 1.1 Speech Recognition System [4]

Isolated word recognition (IWR) is the procedure of automatically selecting and
classifying voice wave features applying a electronic circuits and computer. The
isolated phone has been extraordinarily identify and automatic IWR techniques for
several years, containing computers [5]. Several contributions presented in this study
such as: Developed efficient IWR system, the main aim of this study is to develop



IWR system which mean the system have ability to convert the sound that received
in different Accents and different peoples. Which several feature extraction
techniques such as MFCCs, Pitch, and energy combined with SOFTMAX. This
combination is new method and presented new results can applied in several IWR
application. In this study three Voice activity detection (VAD) applied to the digit
dataset, which two of these three VAD techniques are new and not applied in any
VAD problems previously. The aim of using three techniques is to Show the
differences between these techniques and investigate which of these techniques is
more effective and which of these techniques is more effective with which sound
types. Finally, Our study presented complete new voice recognition system which
combine new techniques such as Bohman and Bartlett-Hann functions as VAD
techniques. Besides, the feature extraction techniques such as MFCCs, Pitch, and
energy with SOFTMAX for IWR.

This study consists from five chapters: introduction, related works, material and

methods, and experimental results.

Then, the chapter one consists from Introduction, Contributions, Questions Of The
Study, and Thesis Structure. The aim of this chapter presents general information
about this study, and presented the goal and contributions of the proposed method.
Furthermore, in chapter two, the related Works, and survey studies are explained in
detail form to assist the reader what is the previous studies presents and what is the
techniques and methods applied to previous studies. Moreover, in chapter three,
Material and methods that’s used to developed our methods explained and presented
also the MATLAB scripts that we developed are presented and explained. Besides, in
chapter four: Experimental results are presented and discussed which several results
related to our method explained such as VAD results and IWR results. Then, in
chapter five we presents our Conclusion related this study and results with future

works too.



Speech Text

Figure 1.2 Isolated word recognition (IWR) [6]

1.1 Speech Recognition Applications

Speech recognition basically means talking to a computer and telling it what we're
saying. This process mainly works as a pipeline that converts digital PCM sound
(pulse code modulation) from sound card to known speech. Speech recognition
technology has followed the evolving architecture of signal processing algorithms
and hardware advances for 40 years. During this time, an art of laboratory curiosity
developed and finally a comprehensive technology that was practiced and understood
by many engineers, scientists, linguists, psychologists and system designers. In the
past 40 years, speech recognition technology has evolved and been addressed and
resolved, resulting in a steady stream of increasingly complex problems [7]. In figure

1.3, the Speech Recognition system presented.
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Figure 1.3 Speech Recognition System

e Isolated word recognition: Both the speaker and the independent speaker
were trained. This technology has opened a class of applications called
"command and control applications” through which the system can recognize
a single word command (from small vocabulary to a word command) and
respond appropriately to the recognized command. One of the main problems
with this technique was background noise sensitivity (often recognized as
misspelled words) and spam that was mistakenly pronounced using the word
command. Various types of keyword detection algorithms have been
developed to solve these types of problems.

e Speech Understanding Systems: Can identify the underlying message
embedded in it
Speak instead of just recognizing spoken words [8]. These systems, This has
just emerged and has enabled services such as customers. Care (AT&T, how
can | help you with the system) and a smart worker. Systems that provide
access to information sources via voice dialogs.

e ATC training is a great application for speech recognition systems. Many
ATC educational systems require the current person to act as a "dummy
pilot" in order to have a voice conversation with the student's console, which

simulates interaction with the pilot in a real ATC situation. The knowledge
5



and technology of TTS (Text-to-Speech) prevents people from becoming
poor pilots and reduces the level of education and employee support. In
theory, air traffic control operations have a highly structured language with
basic command output, which reduces the complexity of speech recognition
processing. In practice, | rarely do. FAA 7110.65 provides detailed
information on the terminology used by air traffic controllers. There are
fewer than 150 examples of these suggestions in this article, but the
simulation vendor's voice recognition system supports over 500,000
suggestions.

USAF, USMC, the U.S. Army, U.S. Navy, and FAA, as well as a number of
international ATC training organizations such as the Royal Australian Air
Force and civil aviation authorities in Italy, Brazil, and Canada, are currently
using ATC simulators with speech recognition from a number of different
providers.

1.2 The Aim of This Study

Efficient speech recognition is generated. A very natural human-machine
interface is provided. Nature means intuitive and easy to use, it does not
require any special tools or machines, it only needs the power of nature that
everyone has. This system can be used by anyone who can speak and can use
machines on a larger scale, especially computers.

This study, presented new methods with high accuracy that can be used in
several human-machine interface applications. This study is one of the steps
in the direction of natural communication between human and machine that’s
lead to great leap in various fields such as industrial, medical, and social

projects.



1.3 Questions of the Study

e What are the speech recognitions? The author search about this question and
presented detail definition which is the first step to understand the speech
field to learn how can to presents new solutions to this field problem.

e What is the Isolated word recognition (IWR) and how developed new
methods in this field? The details of IWR explained and presented to help the
researcher to fix the field and the problem. Furthermore, new methods
presented to presented scientific contribution in IWR field.

e What is VAD and who effective VAD techniques developed? The author
applied new two techniques as VAD methods which presented satisfactory
results and can be used in various VAD problems in future.

e What are the best feature extraction techniques for audio sound? Several
feature extraction techniques presented in this study such as MFCCs, Pitch,
and energy. The MFCCs applied in several speeches recognition and IWR
studies because its presented suitable results but it’s become effective in most
time with LSTM. The other feature extraction techniques Pitch and energy
also presented satisfactory results with several classifier such as KNN and
SVM.

e How can we presented best combination feature extraction and classifier to
obtain best IWR system? We presented new scientific contribution which we
combined the feature extraction techniques such as MFCCs, Pitch, and
Energy with SOFTMAX which is not used in previous presented studies and
presented satisfactory results. The SOFTMAX is new trend classifier which
used probability logic to classify the data in multiclass categories and used
with deep learning techniques in the last years.



CHAPTER 2

LITERATURE REVIEW

In this chapter, we review general concepts that are related to VAD and speech
enhancement and discuss their functionality in motivating the research in the sub-
sequent chapters of this thesis. Discrimination between speech and noise is crucial
for both VAD and speech enhancement algorithms. In order to provide a comparative
analysis, this chapter presents the characteristics of speech and noise. Due to its role
in determining speech characteristics, human speech production system is also

explained.

2.1 Fundamentals of Human Speech

Speech signals are time varying pressure waves that are transmitted by a speaker in
order to communicate information [8]. VVoice signals are composed of a sequence of
tones. These tones and the transitions between them serve as a symbolic
representation of information [9]. In order to apply signal processing techniques for
VAD and speech enhancement, it is essential to understand the speech production
process and the structure of human speech.

2.2 Speech Production

The source of the human speech is the airstream produced by the lungs. The air flow
produced by the lungs is perturbed by a constriction somewhere in the vocal tract.
The air flow in the vocal tract changes the air pressure at the lip end. This, in turn,
results in the radiation of acoustic waves. These radiated waves are perceived as
speech by listeners. The organs in the vocal tract such as the teeth, tongue and etc.
are referred as the articulators of vocal tract and they determine the type and place of
constriction during speech production process. In the average male, the total length

of the vocal tract is about 17 cm. The cross-sectional area of the vocal tract,



determined by the positions of the articulators varies from zero (complete closure) to
about 20 cm2 [9]. Figure 2.1 shows a schematic diagram of the vocal tract.

Nasal

Nasal 1}
pharynx

Cavity

Soft
palate

= ~ . Oral
T —— g ; A%
\ *’;,ﬁli‘% /i pharynx

Epiglottis

False
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e X Vocal
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l-ar)'nx f’f ‘
Laryngeal
ventricle
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cartilage

Trachea Esophagus

Figure 2.1 Vocal tract for human speech production [10]

Human speech production system can be modelled by the well-known source/filter
production model. Figure 2.2 depicts the source/filter production model. The model
contains a time varying digital filter which is driven by an excitation function. The
excitation function is a periodic impulse train with a period of the pitch period for
voiced sounds. For unvoiced sounds, the excitation function is a random noise
generator. The changes in the shape of vocal tract caused by articulators to produce
different sounds are modelled by representing the vocal with a time varying digital

filter. A variable gain factor determines the intensity of the produced speech.
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Figure 2.2 Source/filter model for speech production

2.3 Characteristics of Speech

The frequency spectrum of human speech is shaped by the frequency selectivity of
the vocal tract. The periodic air flow associated with voiced sounds results in the
formation of the resonant frequencies (formant frequencies in speech processing
terminology) in human speech spectrum [9]. Peterson et al. [11] demonstrated that
the first three formants of vowels in English are located at frequencies lower than 3
kHz. A similar study was done in Tirk et al. [12] for Turkish vowels and this study
indicated that the first three formants of Turkish vowels are also located at
frequencies lower than 3 kHz. The first three formants contain much of the energy of

voiced sounds and they are generally enough to characterize voiced speech.

Spectrogram plots are frequently used in the analysis of the time-varying
characteristics of human speech. In a spectrogram plot, the horizontal dimension
corresponds to time and the vertical dimension demonstrates the energy distribution
over frequency. The darkness of the spectrogram plot is proportional to the signal
energy [9]. In a typical spectrogram, voiced sounds are characterized by a striated
appearance due to the periodicity of the time waveform. On the other hand, unvoiced

sounds are more solidly filled in due to their broader spectrum [9].
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2.4 Characteristics of Noise

In general terms, noise refers to the unwanted random signal added to some desired
signal. Noise added to human speech degrades the perceptual aspects of speech such
as quality or intelligibility [13]. Noise may be either correlated or uncorrelated with
the actual speech signal. In this thesis, we will only be dealing with the additive noise
problem, where the speech signal and noise are uncorrelated.

2.4.1 Statistical Properties of Noise

Since noise is a random phenomenon, noise suppression algorithms use various
statistical properties of noise for analysis. The most important characteristics of noise
for analysis are stationary and spectral energy distribution over frequency. In
broadest terms, a random process is called stationary if its distribution functions or
certain expected values are invariant with respect to a translation of the time axis.
The degree of stationary for a random process ranges from stationary in strict sense
to a less restrictive form of stationary called wide-sense stationary.

2.5 Survey

Liebman [l4] has a good review of the ANN application on automatic speech
Recognition. One of the main problems when designing ANN's Speech recognition is
the way to deal with dynamic characteristics from the speech signal. Possibly the
easiest way to solve the problem is merging a fixed ANN model with a traditional
model the speech recognition process that processes dynamic information. Multilayer
Perceptron (MLP) can be used to provide local distance values dynamic
programming-based detection algorithm [15] Vector quantitative learning is
neurologically inspired [16] Can be used to provide a high performance notebook for
MLP can also make a separate hidden markov model (HMM) [17] It can be used as a
therapist to make a classification decision For the time of the input statements, which
are organized by HMM Viterbi Track back [18] or track back hash [19]. To process
dynamic information using the ANN model, The neural network model (TDNN) was
a time lag [20] suggest. TDNN contains short entries and delays Hidden layers of

MLP so the node responds Over several time periods they are sent together to
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Neurons in the upper layer. Because the signal is flowing inside TDNN is only a feed
character the network can do they are trained by the wrong back propagation
algorithm [21]. ANN'S with feedback links and feedback (frequent) Neural
networks) were also examined for speech recognition Purposes. Brager et al. [22]
Examine the use of repetition Boltzmann speech recognition machines, Robinson et
The. [23] and Anderson et al. [24] Studied networks with Repeated connections from
the output node to the input node Watros and Shastree [25] suggested frequent
networks Self-loop connections on hidden nodes and exit. Almeida [26] A modified
version of the error spread is proposed Repeat the ANN training algorithm. Generally
common By comparison, ANNs are more difficult to train and analyze With ANN'S
FEEDBACK. Two recent studies have proposed [27] ANN instead of expecting a
non-linear model from Distinguish language frames. Speech recognition was this is
done by finding the model with the least expectation Error in dynamic programming

routines.

Pretty Saini, Barnet Core and erased Dua have one Indian speech recognition system
with HTK [28]. The system was developed using the hidden Markov model HTK
Toolkit. MFCC is used as an identifier by talk. The system is trained and can
recognize only 113 words. The system works in both headphone and speaker
dependent formats Independent context. A continuous language for the application
the detection system in Hindi was developed by Gaurav Devanesamonim, Shakina
Devi, Gopal Krishna Sharma and Mahua Bhattacharya [29]. It is a separate phone a
system based on the use of MFCC as a distinct language Parameters and hidden
Markov model for feature extraction Development of the model. Phonics is used to
represent words. That the system currently includes the use of 29 sounds. Other
characteristics In addition to MFCC, it was also used in development Detection
system. MK Linga Murthy, GLN. Murphy They has developed a word dependent on
the speaker isolated in real time English language recognition tool [30]. The system
uses linear predictive coding for feature analysis and extraction of feature vectors.
The quantity of the vector is determined in Extracted features to get the
corresponding icons Word and these icons are stored in the database. During The
recognition level found a match for the word entered by Compare the similarities
between the code and the symbols in Similarity database and classification are

created. The system uses 2 speakers. System vocabulary it consists of five words and
12



each word has ten words registered. Apart from this business, many popular
commercials Speech recognition applications such as Dragon Naturally Speaking,
IBM via Voice and Microsoft SAPI. Several studies and experiments were also
conducted to integrate MFCC with other language features to create efficient
detection system. Mayur R Gamit, Kinnal Damilia developed a detection system that
combined Both MFCC and LPC (linear predictive coding) using neural Network as a
workbook [31]. The vocabulary of the system consists of English numbers zero to
nine. Register for each Word Made by 28 speakers - 14 men and 14 women. The
Experiments are conducted to evaluate the performance of a system that uses only
MFCC and a system that combines MFCC and LPCs.

2.6 Time Domain Parameters of Speech Recognition

The implementation of the time domain analysis is simple. Time domain analysis
transformation the audio signal of a series of parametric signals changes very slowly
over time as before Signal. This means that the associated language parameters can
be saved or edited more efficiently. Original signal. Several parameters are required
to cover the relevant aspects of the speech. This can be done by sampling the signal
at low speed. Short-term treatment method. It delivers parameter signals in the form
of Q (n) in the time and frequency domain [32]. Where Q (n) Written in Equation
2.1:

Q () = [ Tls(m)lw(n —m) (3.1

Q (n) is the output of the model, The speech signal S(n) undergoes transformation T.

e Short-Time Averaging Zero-crossing Rate (ZCR)

You need one or four frequencies to measure the spectrum of an audio signal.
Becoming one With a simple spectral measurement technique called zero crossing
speed, suitable spectral information can be generated from S (n) signals at low cost.
The signal traverses the time axis and the code changes. 2 zeros per sine cycle [33].

The equation of this model presented in (3.2):

fo=[ZCR * £5]/2 (3.2)
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Which the ZCR choice between unvoiced and voiced, and the f; is the frequency

sampling. The Figure 2.3 presented the example of the ZCR executed in Matlab.

06
signal
- ZCR sequence
05F
| ..
f 4
04 ™ r 1| [ |
| “ {
2 03f | [ |
: i ]
i ¥ | |
] ‘ ’ \
02r | ‘ | | | "

0.5 1 1.5 2 25
Time (sec)

Figure 2.3 ZCR

e Short-Time Autocorrelation

The amplitude of the Fourier spectrum of the speech signal S (n) and Step. The time
signal r (K) is called for the inverse Fourier transformation of the energy spectrum
Autocorrelation function S (n). The function r (k) stores type information Harmonic
periodicity and amplitude S (n). R (K) ignores the phase value S (N). Information
below the spectral value. The autocorrelation function can be written as follows in
Equation (3.3):

Dsy(k) = Xm=-o0 s(m) y(m — k) 3.3)

By using this model, the autocorrelation function calculated for each y (n) and s(n)
with the same signal [34]. The Figure 2.4 show the Autocorrelation.
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2.7 Speaker Independent/ Speaker dependent

Speech recognition software It depends on the knowledge of the specific vocal
characteristics of the speaker. The software learns the speaker's vocal characteristics
through language training (or recording). This type of system is trained so that a
specific user recognizes what has been said. This type of system works well when

only one user is communicating with the system.

Furthermore, Speaker Independent Software that does not require training is
independent of the presenter. This system is used for the automatic telephone
interface. The system can be used by a large number of untrained people to identify

the type of language each person is using.

Speaker recognition Identify people based on their voice characteristics. With the
recent proliferation of smart devices, a lot of research has been done on how to
identify speakers in order to provide users with a personalized experience. However,
most searches are based on the fact that the user utters a keyword to activate the
identified device (text-dependent speaker recognition). This creates a little
monotonous interaction with the device. This research was conducted to overcome

these key and language barriers and help users understand what they are saying.

The human body consists of several main sensations. Visualization of sensory
perception with the eyes on the skin ear with body window Communicate with the
basic physiological environment to understand this meaning inspired by the
environment and the result converts organic stimuli into a series of signals treatment
(chemistry and physics). The nervous system it therefore receives complex and
dynamic signals. Nonlinear analysis to do what you need after this. But the auditory
nerve a complex human sensory system that empowers people acoustically it's a lot it
is important in the learning process and in everyday life. The physiological process
of the ear route to understand how signals are converted the auditory canals then
connect with what you need late [35].
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2.8 Feature Extraction

Since the data properties are not necessarily non-correlated (array X is not a
complete rank), they share some information and therefore there is usually fake
information in the data pattern. Therefore, when plottingx e Rd7 -y e R pis
usually p p or at least p <d, where p is called the fundamental dimension of the data.
This is also called the diversity hypothesis, which states that data points are located
on a sub-distributor or subspace of lower dimensions. This is the reason why feature
extraction and dimensional reduction are often used interchangeably in the literature.
Usually the primary goal of dimension reduction is either a better representation /
differentiation of data or a simpler visualization of the data. It is worth noting that the
area of R p is referred to as the feature area (i.e. feature extraction), the embedded

area (i.e. embedding), and the encoded area.

(l.e. coding), subspace (i.e. learning in subspace), low-dimensional space (i.e.
dimensional reduction), subsection (i.e. diversified learning) or representational
space (i.e., representative learning) in literature . Dimensional reduction operations
can be divided into two main categories i.e. observed and unmonitored actions.
Observed methods take into account the names and categories of data samples, while
unattended methods are based on the variety and style of data. Another classification
for feature extraction consists of the division of methods into linear and non-linear.
The former assumes that the data falls on a linear subspace or that data categories can
be distinguished linearly, while the latter assumes that the data type is more complex
and that it is present on a nonlinear sub-distributor. Various methods for extracting
the feature are examined below. For the sake of brevity, we mention the basics and
concede some very detailed methods and improvements to these methods, for
example b. Use the Nystrom method to include data outside the sample.

Feature extraction is a process of reducing attributes. Unlike the selection of entities
where the existing attributes are classified according to the meaning of the
prediction, the attributes are actually transformed during the extraction of entities.
The transformed attribute or characteristic is a linear combination of the original

attributes.
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The feature extraction process makes the attribute set much smaller and more
extensive. Models based on extracted entities can be of high quality because the data

is described with less significant attributes.

Feature extraction projects a larger dimension data set into a smaller number of
dimensions. Therefore, reducing a complex dataset to 2D or 3D can be useful for

visualizing data, which is useful for visualizing data.

The uses of feature extraction are potential semantic analysis, data compression, data
decomposition and projection, and pattern recognition. Function extraction can be

used to improve the speed and efficiency of supervised learning.

You can use the extraction function to extract topics from your document collection.
Documents are represented by a number of key words and their frequency. Each
argument (function) is represented by a combination of keywords. The documents in

the collection can be expressed according to the topic found [36,37,38].

2.9 Classification

Classification is a key topic in machine learning that has to do with learning
machines to group data according to certain criteria. Classification is the process by
which computers group data based on certain characteristics; This is called
supervised learning. There is an automatic version of the classification called
grouping, in which computers find common characteristics for which data can be

grouped when no category is specified [39].

A common example of classification is spam detection. To write a spam filter
program, a computer programmer can train a machine learning algorithm with a
series of spam emails identified as spam and normal emails identified as spam. Spam
is marked. The idea is to create an algorithm that can learn the properties of spam
emails from this training set so that spam emails can be filtered when new emails are

displayed.

Classification is an important tool in today's world, where big data is used to make

all kinds of decisions in government, business, medical, and other settings.
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Researchers have access to large amounts of data, and classification is a tool they can
use to understand data and find models.

While machine learning classification requires the use of complex algorithms
(sometimes), classification is something that people naturally do every day. When
they classify things, they are simply grouped by similar characteristics and attributes.
If you go to a grocery store, you can roughly group foods by food group (cereals,
fruits, vegetables, meat, etc.). Machine learning in classification involves teaching

computers to do the same [40].
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CHAPTER 3

MATERIAL AND METHODS

In this section, several techniques presented which used in this study. The presented
Isolated Word Recognition consists from three parts. Data preparing, feature

extraction, and classification.

3.1 Free Spoken Digit Dataset (FSDD)

In in study, Free Spoken Digit Dataset (FSDD) which published in Kaggle are used
as meterics dataset to vallidate our methods. A humble audio/speech dataset
involving of footages of spoken digits in wav files at 8kHz. The records are clipped
so that they have close nominal stillness at the early stages and ends. The all cases
that are between 0 and 9 are presented as audio sound. Three person which as called
Jackson, nicolas, and theo are the persons who repeated the each number 50 time.
The whole dataset consist from 1500 instances each digit repeated 150 time which

each person repeated each digit 50 time.

The main contribution in this dataset is that it’s the first English pronunciations that’s
contain large number of instances which assist the researcher to validate the
presented methods in the speech recognition and voice activity recognition fields.

The dataset also become very important in the last previous years because of the
increasing the applications dealing with the smartphones which the developed
applications need to developed and validated before presented as commercial
products. In this study, we applied 10 instances from each case for testing which

mean 100 sample used for teasting in complete.

19



3.2 Feature Extraction

3.2.1 Mel-frequency cepstral coefficients (MFCC)

Mel-frequency cepstrum is a short-term depiction of the power spectrum of a audio
signal. The MFC depend on linear cosine convert of a log power spectrum on a
nonlinear mel-scale of frequency. MFCC is the coefficients composed applying MFC
investigation which are derivative from a cepstral kind depiction of a audio signal.
The modification a,omg MFC and cepstrum is; the frequency bands spread out on
mel-scale in MFC which stimulated from the human aural system's reply carefully
extra than linear frequency bands in the normal cepstrum [41]. The procedure of

MFCC features extraction shown in figure 3.1.
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Figure 3.1 Co-Learning Algorithm
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3.2.2 Pitch

Pitch is a perceptual characteristic that classifies tones on a scale related to
frequency. The sound can be quantized as a frequency called the fundamental
frequency (F0). Changes in the pitch and pitch of words form the pitch of a tonal

language such as Chinese [42].

RAPT is a time domain algorithm for estimating FO on which the Kaldi tone function
IS based. Most FO estimators have very important steps:

e Preprocessing, counting DC-eliminating and inclosing, etc.;
e Applicant making, main technique to predicate the FO;

e Post processing, selecting the best applicant and cleansing the outcome yield.

3.3 Voice Activity Detection Using Energy

Many speech processing algorithms require significant resources and require
significant processing power or transmission bandwidth. However, the language is
intermittent, so there are often pauses between sentences and gaps, even within
sentences. In addition, in a dialogue, the speaker generally uses an educated sequence
so that the others remain silent when a person speaks. No resource-intensive handling
Is required for language interruptions. Therefore, there is great potential to save
resources by disabling advanced speech processing methods when the input signal

contains no voices.

Voice activity detection (VAD) relates to the task of determining whether a signal
contains speech or not. So, it's a binary solution. A related task is to determine the
probability that the input signal contains or does not contain speech, which is
referred to as the probability of speech presence (SPP). The SPP is therefore
generally expressed in terms of a probability between 0 and 1. The likelihood of
speech being present is generally an intermediate step in the detection of speech
activity, so that the classification of speech activity is obtained by defining a
threshold at the output of the output signal to estimate the likelihood of speech being

present.
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In general, algorithms for recognizing speech activities are relatively simple, so more
complex activities such as speech recognition should only be used in the presence of
speech. Similarly, when coding speech, we should only transmit speech in the

presence of speech, and we can reduce the bit rate if there is no speech.

Voice Activity Detection (VAD) is a technology that detects the presence or absence
of human speech. Detection can be used to start a process. VAD has been used in
voice-controlled applications and devices such as smartphones that can be operated
using voice commands. According to the Disability report issued by the Statistics
Agency of Namibia (NSA), the 2011 census showed that 98,413 people with
disabilities live in Namibia. This report also said that about 64% of people with
disabilities use radio as an ICT resource for communication, which means that these
people are not using other technologies available today that can automate home
operations. Most voice-based home automation systems rely on remote control or
smartphones for home control or rely on commercial ASR-API (automatic speech
recognition), intended for general use and therefore not specifically developed for

home use automation orders [44,45].

Most of the proposed techniques for VAD can be separated into two processing

steps:

o First, features are selected from the loud speech signal in order to realize a
distinction between noise and speech.
¢ In the second phase, the recognition pattern is used to the characteristics that

lead to the final decision.

Classification becomes more difficult with multi-dimensional features. Progressive
classifiers such as support vector machine (SVM) or naive Bayes classifier (NB) can
be trained to classify noise and speech based on feature vectors. Finally, a binary and

modified decision for these features is also made.
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The energy-based VAD methods are the greatest famous methods and are
extensively applied in speech recognition software. A change of energy-based
algorithm approaches has been recently presented for healthy VAD. With very little
computational complexity, for clean speeches or speeches with less noise, these
methods have good performance. Energy is a humble amount of the power of the
signal. We can adopt that speech is continuously brasher than related noise, and we
can allocate the high-energy frames to speech and lesser ones to noise for VAD.
When the SNR is low, the simple energy feature cannot separate speech and noise.
Energies of sub-bands were used as features in earlier work on energy based VAD to
increase the discriminative power of the VAD. Another approach to increase noise
robustness is to combine energy-based features with other features, like zero-crossing
rate (ZCR), or the line spectral frequency (LSF). In general, these methods work well
with clean speech or high SNR conditions. But, their discriminative power falls
significantly under high noise level such as when SNR falls below 10 dB.
Nevertheless, through with their low computation complexity, energy-based methods
are still developed by some standards and different real-world applications. The

mathematical model of energy represented in the Equation 3.1.

E=[" x(t)?dt (3.1)

Where the oo and —oo represented the upper and lower limit for the frame, x(t)

represented the audio data that it energy will be calculated.
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3.4 Isolated Word Recognition Framework Based Deep Learning

In this section, new approach presented Isolated Word Recognition using pitch
feature extraction based SoftMax. In the first stage, the dataset prepared and read by
using MATLAB2020. The read of data section is very important which the data also
arranged and divided into train and test section. The aim of dividing data into two
groups is to train the system with a group of data and test with another group to
calculate the real capability of the proposed method.

In the second step, three VAD techniques proposed to detect the voice activity which
is the more critical issue in this study. the both Bohman window and Bartlett-Hann
are two new ideas applied to VAD problem and also Hamming window also used but
the Hamming used in previous studies too which is used only to compare with our

proposed VAD techniques.

On the other hand, three techniques applied as features extractor in the same system
such as: pitch, MFCC, and energy. These techniques are applied in several studies as
features extraction from audio data. These techniques presented high and remarkable
results in several audio data classification and processing problems. The pitch and
energy function represented best results than MFCC with Softmax classifier because
the SoftMax deal with fixed size samples features across the LSTM and RNN that
are deal effectively with time series data and presented suitable results in audio
recognition data exactly when combined with MFCCs because MFCCs presented

time series output with multiple dimension and not fixed features sizes.

Then, the output of the features extraction function wired to the SoftMax probability
function which applied as classifier. The SoftMax function calculates the probability
distribution for “n” different cases. The function as a whole calculates the
probabilities of individual label classes of all possible label classes. The calculated

probabilities are useful for choosing a label class for each item.

The main advantage of using SoftMax is the likelihood of leaving the region. The
domain ranges from 0 to 1, and the overall gain is 1. If the SoftMax function is used
as a model for multiple classifiers, the probability of each label is generated, and the

probability of a good label is highest.
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The mathematic model of SoftMax function [49, 50, 51] is presented below, where
the vector of inputs to the output layer represented by z [74]. And again, j indexes the

output units, soi =1, 2, ..., K see equation 3.2.

zi

SoftMax(y) = Sk grak

(3.2)

Our method presented in the flowchart that explains detail of the isolated word

recognition and the system presented in the Figure 3.3.
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CHAPTER 4

EXPERIMETAL RESULTS

In this section several techniques are presented dealing with voice activity detection,
and isolated word recognitions. Results about these techniques explained and

discussed.

3.4 Voice Activity Results

In this section, three VAD techniques applied to the audio digit recognition data and
the results presented and discussed. The three techniques are hamming, Bohman, and
Bartlett-Hann.

4.1.1 Hamming

hamming code applied for voice activity detection we applied the hamming code
with ten data types such as: 0, 2, 3, 4, 5, 6, 7, 8, and 9. The VAD of all words
presented in the Figures (4.1-4.10) The frequently used in signal processing
applications hamming window, as an argument only It has a window length, and with
Equation (4.1) it is defined:

21n
wp(n) = 0,54 — 0,46 cos N (4.1)

The 0,54 is the a, value that’s in Hamming window its setting to 0,54 or exactly

25/46. The hamming window also called hamming blip when used in pulse shaping.

We conclude number of advantages in hamming window which Computers cannot
compute on an infinite number of data points, so all signals are "clipped™ at both
ends. This causes ripples on each side of the peak you see. The Hamming window
reduces this ripple and gives you a more accurate picture of the frequency spectrum

of the original signal.
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It is observed that the value of wy(n) in the active area is always larger than the
inactive voice area. In the absence of noise, the inactive speech area (s) is zero and
the active speech area can be easily found by checking whether wj,(n) > 0.
However, if the voice is contaminated with noise (s), the adaptive thunderstorm

increases regularly. "AWT" is zero even in areas where the voice is not active.

Detected Speech

1 T T

0.8 1 .

Amplitude

1 | 1 | 1 |

0 0.1 0.2 0.3 0.4 0.5 0.6
Time (s)

Figure 4.1 VAD for 0 using hamming
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Figure 4.5 VAD for 4 using hamming
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4.1.2 Bohman window

The bohman window is one of the power functions that we applied it to VAD
problem. Where X is the complex valued input sequence and the Windowed X is the
input signal with the window used. A Bohman window is the convolution of two
half-duration cosine parts. In the time domain, it is the produce of a trilateral window
and a lone series of a cosine with a period added to group the first derived to zero at
the margin. Mathematically the Bohman window can represented as shown below in
4.2):

=0.1- + —si
w(n) 7Tsm T—x

n
2 2

Where 0<=/K/<=N

By analysing the results of VAD for Bohman window we can conclude number of

points:
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The conversion area and the chief lobe are wider than those for Hamming window
but the stop band reduction is upper, consequently. The reduction of the chief side
lobe for Bohman window is 46dB, while the filters considered with Bohman window
have the stop band reduction of 51dB. See Figure 4.11-4.20.

It is observed that the value of w(n) = in the active voice area is always larger than
the inactive voice area. In the absence of noise, the inactive voice area (s) is zero and
the active voice area can be easily found by checking whether w(n) => 0. However,
if the voice is contaminated with noise (s), the adaptive thunderstorm increases

regularly.
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Figure 4.11 VAD for 0 using Bohman

33



Amplitude

Amplitude

Detected Speech

_1 | | | | 1 1 1 1 | |

0 005 01 015 02 025 03 035 04 045 05
Time (s)

Figure 4.12 VAD for 1 using Bohman

Detected Speech
08 F T T T T TT T

0.4

0.2

o

_1 | | 1 Il 1 1
0 005 01 015 02 025 03 035 04 045

Time (s)

Figure 4.13 VAD for 2 using Bohman
34



Amplitude

Amplitude

Detected Speech

_1 Il | | | 1 1 | |
005 01 015 02 025 03 035 04 045
Time (s)
Figure 4.14 VAD for 3 using Bohman
Detected Speech
0.8 - i

_1 L | 1 Il 1 |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Time (s)

Figure 4.15 VAD for 4 using Bohman
35

0.45



Amplitude

Amplitude

Detected Speech

_1 | 1 | Il | 1 |
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

Time (s)

Figure 4.16 VAD for 5 using Bohman

Detected Speech

0.8

04 r

0.2r

_1 1 1 1 1 1 1 1 1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
Time (s)

Figure 4.17 VAD for 6 using Bohman
36



Amplitude

Amplitude

Detected Speech

0.05 0.1 0.15 0.2 0.25 0.3 0.35
Time (s)

Figure 4.18 VAD for 7 using Bohman

0.4

P o <
IS o o

2
[N

Detected Speech

Il 1 1 1 1

0.05 0.1 0.15 0.2 0.25 0.3
Time (s)

Figure 4.19 VAD for 8 using Bohman

37




Detected Speech

Amplitude

0 0.1 0.2 0.3 0.4 0.5 0.6
Time (s)

Figure 4.20 VAD for 9 using Bohman

4.1.3 Bartlett-Hann window

The Bartlett-Hann window was called for Julius von Hann, an Austrian Scientist. It is
also recognized as the Cosine Bell. Some novelists favour that it be named a Hann
window, to aid avoid confusion with the very like Hamming window. The

mathematical model of hamming presented below in Equation (4.3):

2nn
w(n) = ag— (1 —ag).cos R 0<n<N) (4.3)

Then, the zero-phase form of this equation presented in Equation (4.4):

(n) = [+N]— N 2nn n< <n 44
wo(n) = win | =@ tacos——,o<n< 7 (4.4)

Setting a, = 0.5 outcome a Hann window in Equation (4.5):

w(n) = 0.5 [1 - cos(z%)] = sin? (7:\[—”) (4.5)
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After analysing of the mathematical model and the VAD results we can conclude the
superior Related to wg(n) is one part higher cosine model. The model combine
both sum of sine and sum of consine families. Reverse the Hamming the end points
of the Hann window just touch zero. Furthermore, the Hamming window only uses

the cosine function. See Figure 4.21- Figure 4.30.
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Figure 4.21 VAD for 0 using Bartlett-Hann
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4.2. Feature Extraction Using Pitch

The presented sensitive features compared with other feature extraction techniques.
The pitch parameters really presented different parameters from case to other. For
example there is really great difference between pitch of zero and one or two with
three. Besides, the mathematical model of the pitch is very simple and executed in
low time which we can gain in the execution time compared to MFCC and other
techniques. Furthermore, the pitch produce linear one dimension array which is the
extracted features from complex data (audio). See the pitch Figures from Figure
4.31-Figure 3.37.
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Then, the mathematical model of the pitch presented as shown below Equation (4.6)
and Equation (4.7):

Max number of semitones lowered: — 12 * log2(numel(Window)

— OverlapLength)
(4.6)
Max number of semitones raised: — 12
*log2 (numel(Window) — r?sztZiiiZZi%)
4.7)

In the first iteration, EnvXa is fitted to X. The Pitch technique eiterate these two

procedure in a loop:

e To obtain new predicate lowpass filter applied as cepstral representation to
the EnvX,.

e To update the existing finest fitting, the algorithm obtain the element-by-
element extreme of the present spectral cover predicate and the earlier
spectral cover predicate:

EnvX, = max EnvX,, EnvX,
(4.8)
e The loop finishes if whichever a supreme sum of iterations (100) is grasped,
or if entirely baskets of the predictable log wrapper are inside a assumed
broadmindedness of the unique log spectrum. The broadmindedness is set to
log(10%/29).

e Then, the process scalars the spectrum of the pitch-shifted audio by the
relation of predicated wrappers, element-wise:
EnvX,

Y=Y
i (EnVYb

)

(4.9)
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1. Result: Fundamental frequency (FO)
2. Input: Audio signal x and sampling frequency fs.
3. Find the pitch of the audio signal

4. Pitch will give an estimate of the fundamental frequency
of the signal x.

Figure 4.31 Pitch algorithm
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Figure 4.32 Feature extraction for zero using pitch
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Figure 4.34 Feature extraction for two using pitch
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Figure 4.35 Feature extraction for three using pitch
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Figure 4.36 Feature extraction for four using pitch
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Figure 4.37 Feature extraction for five using pitch
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Figure 4.38 Feature extraction for six using pitch
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4.3 Feature Extraction Using MFCCS

As shown in the script the MFCC calculated by using the windowing period 1024,

this value differs from data to another. On the other hand, the overlapped length is

fitted to 512, the overlap length is the critical section of implementing the MFCCs

which is affected the output size of the function and the execution time of the script.

Furthermore, the coefficients that’s presented in the Figure 4.27 called as

multidimensional features (coefficients).

The computation of MFCC feature can be explained as follows:

Specify the window size and skip rate to process the speech file (‘usually 25

ms window size with 10 ms skip rate).

For every frame:

1)

2)
3)
4)
5)

6)

Perform data extraction, optimal dithering, pre-emphasis and dc offset
removal, and multiply it by a windowing function (Hamming windowing
is preferred);

Calculate the energy at this point (log energy was used);

Perform FFT and compute the power spectrum;

Compute the energy in each Mel bin;

Compute the log of the energies and take the cosine transform, keep a
specified number of coefficients ( usually 13 coefficients are kept)
Optionally do cepstral liftering; this is just a scaling of the coefficients,
which ensures they have a reasonable range. For this thesis, 13 Mel-
frequency cepstral coefficients are computed for each respective frame.
Then 13 delta and 13 delta-delta coefficients are appended to the feature
vector resulting in an observation vector of 39-dimension. Details of the

MFCC feature extraction process is illustrated in Table 4.1.
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Table 4.1 MFCC Parameters

1 Window length 25
2 Window overlap 10
3 Cepstral coefficients 12
4 Delta cepstral coefficients 12
5 Double Delta cepstral coefficients 12
6 Energy coefficients 1
7 Delta energy coefficients 1
8 Double delta energy coefficients 1

The mathematical model of MFCC can represented as shown in blow equations:

Vi = 10g(Y /X1 /*+ [Xic/*+/%k11/*+ £) (4.10)

Where scalar 0<Y<1, x,_;, X, and x,,, are coefficients very near to zero.

Then, the power spectrum of signal can calculated as equation below:
Power spectrum of signal =/F~{f{x(¢t)}} /> (4.11)

Which the Fourier transform represented by F{.} And F~1 represented the inverse.
A traditional estimate is to describe the frequency-to-mel convert function for
a frequency f as:

) f )
m = 2595 logq (1 + 200 (4.12)
Then, willingly derived the inverse transform as:

£ =700 (10% - 1) (4.13)

By using the previous Equation, we can find the frequency point of f, by obtaining
equally spaced point m,.
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Then, the weighting coefficients wy,, are typically selected as triangular functions

as:

h— fu-1

=L for fii <h<fy

wih f(x) = fon f_hl
— for fi <h<fiu

fe+1— fr

0 otherwise
(4.14)

The main problem of the MFCCs is that presented multidimensional features which
cannot applied easily and solved with classical machine learning techniques such as
SVM, SoftMax and neural network easily. This need to create one-dimension
features by converting two dimensions to one-dimension features and applied

classical machine learning techniques for this problem.

We conclude that’s techniques such as RNN and LSTM are only deep learning
techniques which provided remarkable results and applied easily to time series data
which size of each case differ from other and not affected the process of LSTM or
RNN. Other machine learning and deep learning techniques require fixed size of

features for all cases.
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Figure 4.39 Feature extraction for one using MFCCs
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Figure 4.40 Feature extraction for two using MFCCs
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Figure 4.42 Feature extraction for four using MFCCs
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Figure 4.43 Feature extraction for five using MFCCs
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Figure 4.44 Feature extraction for six using MFCCs
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Figure 4.45 Feature extraction for seven using MFCCs

4.4 Feature Extraction Using Energy

In this section, energy of each signal is calculated the main idea of this method is
calculated energy for each frame (epoch). Then, the data classified to the epochs and

the energy of each epoch calculated we can visualize this idea in the Figure 4.45.

Frame Frame Frame Frame Frame Frame Frame

Energy Energy Energy Energy Energy Energy Energy

Figure 4.46 Energy Calculation
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Mathematically, we can represented this step as shown in Equation 4.15.

o)

E= fx(t)zdt (4.15)
Where the o and -0 represented the upper and lower limit for the each frame, x(t)
represented the audio data that it energy will be calculated. If the input signal in the
frequency domain then the model represented as shown in the equation (4.16)

o

ESD = fx(f)2 df (4.16)
Where the c© and - represented the upper and lower limit for each frame, x(f)

represented the audio data that its energy spectral density then calculated.

4.5 Discussion

In this section IWR results presented by using confusion matrix and roc curve for
evaluate the results. In the first experiment pitch based SOFTMAX presented and the
results show in Figure 4.47 and 4.48.

A confusion matrix is a summary of forecasting results for classification problems.
The number of correct and false predictions is summarized in numbers and classified
into classes. This is the core of the confusion matrix. The confusion matrix shows the
degree of confusion in the classification of the predictive model. This not only
provides information about the mistakes made, but also tells us about the most
important types of mistakes. Several parameters are created the confusion matrix

which are:

e TP: True Positive: estimated prices appropriately estimated as real positive
e FP: estimated prices falsely predicted a real positive.
e FN: False Negative: Positive values estimated as undesirable

e TN: True Negative: estimated values correctly estimated as an actual
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The roc curve of the pitch based SOFTMAX also presented and shown in the Figure

4.48.

The ROC curve is mainly used to graphically represent clinical sensitivity and
specificity relationship / compensation for testable limits or combinations. In

addition, the area under the ROC curve shows the advantage of using the test

provided.

The ROC curve is used in clinical biochemistry to select the most appropriate test
limits. The best cut off is the highest true positive rate and the lowest false positive

rate.
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Figure 4.47 Pitch confusion matrix
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Figure 4.48 Pitch based SOFTMAX Roc curve

The pitch based SOFTMAX presented high results in fast execution time. The
execution time is very low compared with other techniques because its mathematical
model is very simple which presented and explained above. The second experiment
combined the energy with SOFTMAX. The energy of each audio calculated then the
energy signal wired to the SOFTMAX. The presented energy based SOFTMAX

results presented in Figure 4.49 and 4.50.
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Figure 4.49 Energy based SOFTMAX confusion matrix
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The MFCCs based SOFTMAX applied to the same digit audio dataset with 1024
windowing size. The main issue in MFCCs topic is the length overlap which we set
two overlapped length: 1024 and 512. The results affected with the vary of overlap
length which with overlap 1024 the model presented low results with low execution
time and the reason of this because the window cover the whole signal with low
number of iteration because the window in each iteration jump 1024 and the results
of this step presented in 4.51 and 4.52.
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Figure 4.51 MFCCs based SOFTMAX confusion matrix with 1024 overlap length.
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Furthermore, the roc curves of this case presented in the Figure 4.49.
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Figure 4.52 MFCCs based SOFTMAX Roc curve with 1024 overlap length

On the other hand, the 512 overlap length applied which lead to presented best
results but with high execution time. The presented method results shown in the
Figure 4.50 and 4.51.
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Figure 4.53 MFCCs based SOFTMAX confusion matrix with 512 overlap length
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Then, the results of the IWR are presented in the Table 4.2 to compare all the results.

On the other hand, 30 sample used for testing and 120 for training for each class.
This lead to increase the difficulty of the estimation part. The reason is that the

increase of the number of testing sample lead to reduce the training samples.

By combining pitch with SOFTMAX the model presented 93.7 % which the results
visualized in the Figure 4.55 and 4.56.
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Figure 4.55 Pitch confusion matrix with 30 test sample
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Figure 4.56 Pitch based SOFTMAX Roc curve with 30 test sample

Furthermore the energy based SOFTMAX also tested using 30 sample of testing
data. The energy based SOFTMAX presented 92.7% accuracy and the results
presented in the Figure 4.57 and Figure 4.58.
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Figure 4.57 Energy confusion matrix with 30 test sample
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Figure 4.58 Energy Roc curve with 30 test sample

Finally, the MFCCs combined with SOFTMAX which presented lower results than
previous two methods 83.7 % accuracy. The confusion matrix of this method
presented in 4.58 and the roc curve presented in 4.59.
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Figure 4.59 MFCCs confusion matrix with 30 test sample
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Table 4.2 Results Comparisons

METHOD TEST WINDOW METHODS ACC
(%) SIZE (%)
MEUTZNER 10 - MFCC+SVM 88.72
ET AL. [46]
MEUTZNER 10 - Energy + SVM 92.32
ET AL. [46]
GURBAN 10 - Model Based Entropy 81.32
AND THIRAN
[47]
ESTELLERS 10 - A second-order 81.21
ET AL. [48] exponential
function
OUR 10 32 Pitch+SOFTMAX 95
METHOD
OUR 10 32 Energy+SOFTMAX 94
METHOD
OUR 10 32 MFCCs+SOFTMAX 85
METHOD
OUR 30 32 Pitch+SOFTMAX 93.7
METHOD
OUR 30 32 Energy+SOFTMAX 92
METHOD
OUR 30 32 MFCCs+SOFTMAX 85.7
METHOD

Form Table 4.2, we can prove that our method presented best results than previous
studies. In [46] presented two methods MFCC+SVM and Energy + SVM the
proposed methods presented 88.72 % and 92.32 respectively. Gurban and Thiran
[47] presented new method based Model Based Entropy technique this method
presented 81.32 % accuracy which is suitable. Estellers et al. [48] presented new
method based A second-order exponential function this method is new and interested
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and presented 81.21% accuracy. On the other hand, our method Pitch+SOFTMAX
presented best results than all previous studies which presents 95%. Furthermore,
Energy+SOFTMAX is presented best results than previous studies which presented
94%. The important point that energy+SOFTMAX presented best results than
Energy + SVM which mean the SOFTMAX more effective these types of problems.
Furthermore, with the 30% of test data our model presented 93.7 % with
Pitch+SOFTMAX, 92 % with Energy+SOFTMAX, and 85.7% with
MFCCs+SOFTMAX. Moreover, 32 point of windowing applied for all windowing
techniques that are used for VAD techniques such as hamming, bohman, and Bartlett
windowing techniques.

Finally, the results of that compared in Table 4.2 visualized and presented in the
Figure 4.61.
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Figure 4.61 Comparisons
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CHAPTER 5

CONCLUSION

The presented study consists from number of investigations such as VAD and IWR
problems. The author presented three window functions which all of them presented

remarkable results and good performance for in VAD problem.

Furthermore, we presented two new approaches pitch based SOFTMAX based
energy based SOFTMAX for IWR problem. The pitch based SOFTMAX presented
satisfactory results and energy based SOFTMAX also presented good results. One of
the best conclusions in this study is that the SOFTMAX presented best results than
SVM exactly when combined with energy as feature extraction method.

In this research, we presented new approach dealing with isolated word recognition.
In the first stage, three functions applied for voice activity detection (VAD) problem
hamming window, Bohman function, and Bartlett-Hann function. The both Bohman
function and Bartlett-Hann function are not applied in previous studies for VAD
problem. The method tested in two scenarios in the first one 10% of the data applied
as test data and in the second scenario 30% of the data applied as the test data. The
aim of applying different scenarios is to show that the proposed method have ability

to deal with different sizes of training and testing and presented satisfactory results.

As future work, we advise researcher to apply these the presented techniques to other
datasets such as digit voice recognition. We also advise to combine MFCCs with
LSTM which we estimate that presented best results with other classifiers because
MFCCs presented multi dimension features with different sizes which lead to
problems and low classification rates with SOFTMAX and other classifiers that not
deal with time series problems.
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