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Abstract

This work focuses on single-word speech recognition, where the end goal is to accurately recognize
a set of predefined words from short audio clips. Single-word speech recognition can be used in
voice interfaces for applications with key word detection, which can be useful on mobile and
embedded devices. These devices often have strict requirements in terms of computing power and
memory, which is recognized in the design of the speech recognition model. To classify samples,
we use a Convolutional Neural Network (CNN) with two-dimensional convolutions on the audio
waveform. As opposed to more traditional methods where feature-engineering is crucial, we
leverage the power of deep learning to learn the feature representation during training. The model
achieves an accuracy rate of 0.9633 and 0.9340 accuracy on the validation set, and an error of
0.1274. The results show that the model can predict samples of words it has seen during training
with high accuracy, but it somewhat struggles to generalize to words outside of the scope of the

training data and extremely noisy samples.

Keywords : Automatic speech recognition ; Features extraction ; Deep learning ; Artificial Neural

networks : Classification ; Convolutional neural networks.
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General Introduction

rtificial intelligence (Al) is a branch of computer science where machines are trained and
designed to mimic decisive and responsive human functions without human intervention.
Al consists of implementing a number of techniques aimed at enabling machines to
imitate a form of real intelligence. Al is being implemented in a growing number of application

areas.

The concept was born in the 1950s thanks to the mathematician Alan Turing. In his book
Computing Machinery and Intelligence, the latter raises the question of providing machines with a
form of intelligence. He then describes a test now known as the “Turing Test” in which a subject
interacts blindly with another human, and then with a machine programmed to formulate sensible
responses. If the subject is not able to tell the difference, then the machine has passed the test and,

according to the author, can truly be considered “intelligent” [1].

From Google to Microsoft via Apple, IBM or Facebook, all the major companies in the IT world are
now working on the issues of artificial intelligence by trying to apply it to a few specific areas. Each
has thus set up artificial neural networks made up of servers and making it possible to process

heavy calculations within gigantic databases [2].

With this advancement of computer science and technology, a wider area of research has opened in
the area of Automatic speech recognition, Since speech is the most basic, common and efficient
form of communication method for people to interact with each other, therefore persons would also
like to interact with computers via speech. In this context, designing a machine that mimics human
behavior, in particular the ability to use speech in a natural way and respond correctly to spoken
language, has attracted the attention of engineers and scientists over the past century. Since the
1930s, when Homer Dudley of Bell Laboratories proposed a model of a system that analyzes and
synthesizes speech, the need to use speech to design intelligent machines has been progressively
studied, from one simple machine that responds to a small set of words, to a sophisticated machine
that responds to commonly spoken natural language and takes into account the varying conditions

under which speech is produced [3].

Automatic Speech Recognition (ASR) as a modeling tool, can meet this need, due to its massive
applications that can be developed to help humans in their daily tasks. It can be considered as an
emerging technology to enable and improve human-computer interactions. Based on major advances
in statistical speech modeling in the 1980s, ASR systems today are found in tasks that require a

human-machine interface, such as communications, assistance to the disabled, avionics, automotive,
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domestic applications, voice control in robotics, office automation, voice response in remote query

systems, etc... [4].

There are different model categorizations for ASR systems, which can be categorized according to
utterances, vocabulary size, and speaker dependence. With regard to statements, the different
classifications, like isolated words, connected words, continuous speech, and spontaneous speech.

As for the size of the vocabulary, the accuracy of the system depends on the complexity and the
requirements of the processing. Some applications are designed to process a few words, others
require an extensive vocabulary. They are with different categories such as small size vocabulary,
vocabulary of medium size, large Vocabulary, very large vocabulary [5]. The last categorization
concerns speaker dependence, such as a speaker dependent, speaker independent, and speaker
Adaptation [6]. Depending on the recognition technique used, many modern ASR systems could be
designed and created using several classification techniques, namely: Hidden Markov Models
(HMM) [7], Dynamic Time Warping (DTW) [8], Dynamic Bayesian Networks (DBN) [9], Support
Vector Machine (SVM) [8], K - nearest neighbors (KNN) [10]. The most widely used recognition
technique is based on artificial neural networks (ANN) [11]. Recently, new families of approaches

called deep neural networks have been applied successfully to different ASR problems [12].

In this thesis, our concern is to discover a method for automatic speech recognition. Where the point
lies in discovering a way that enables us to process the signal, extract features, recognize the input
of the human voice, and respond appropriately to the application. More explicitly, our work aims to

answer the accompanying exploration question:

How to develop a biometric authentication platform by voice recognition where the human voice

is converted into text with an error rate comparable to that of humans?

To answer the research question, we suggest using a modified Convolution Neural Network (CNN)
method to solve the problem of speech recognition, which is an algorithm in the field of deep
learning mostly used for image identification and classification. Due to the reason that CNN works
better on a 2D matrix, we will use this idea to apply the CNN algorithm to the wave database.

This thesis is made up of three (03) Chapters, the first proposes the essential elements for
understanding the ASR research field and the context associated with it and presents a brief
summary of the state-of-the-art of the main works found in the literature based on the techniques
used in the processing of acoustic speech and the classification methods used. The second chapter
contains the modeling of the proposed system and explains the methodology proposed in this thesis.

The last chapter contains the system implementation, the results obtained and the discussions.
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Finally, a general conclusion reviews the main contributions of this thesis and offers guidelines for

future work.
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Chapter 1.
State of the art



Chapter 1: State of the Art

1. Introduction

Speech is one of the main means of communication between human beings, and its simplicity
makes it the most popular means of communication in human society. To this end, speech can also
play a key role in the development of modern man-machine interaction interfaces. Nevertheless,
this simplicity (for the human being) contains a very complex processing done by our brain, from
the production of speech to its perception and understanding, which makes speech difficult to

automate for a machine [13].

In order to realize such interfaces, it is essential that the human communication process is imitated
at the design level. As a result, the field of automatic speech recognition was born. This often refers
to the sciences and technologies allowing the development and implementation of algorithms on

machines whose purpose is to manipulate them vocally.

Research in this area has made commendable advances over the past few decades, driven by
advances in signal processing, algorithms, computer architectures and hardware. For this purpose,
this chapter essentially presents an inherent introduction to the field of automatic speech recognition
and its main components. This chapter also emphasizes the methods used for speech recognition

and Acoustic Signal Processing techniques.

2. Human speech

Speech is the most natural mode of communication in any human society because it is learned from
childhood. It provides an easy way for humans to establish clear communication. Section 2.1
globally presents some principles related to the production of speech from the articulatory and
acoustic point of view and in section 2.2 those related to its perception.

2.1 Speech production process

The speech production process takes place inside the vocal tract extending from the glottis to the
lips. The process is energized from air-filled lungs. The vocal tract is a chamber of extremely
complicated geometrical shape whose dimensions and configuration may vary continuously with
time and whose walls are composed of tissues having widely ranging properties. Figurel shows the
anatomical structure of the vocal tract. The glottis is a slitlike orifice between the vocal cords (at the
top of the trachea). The cartilages around the cords support them and facilitate adjustment of their
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tension. The flexible structure of the vocal cords makes them oscillate easily. These oscillations are
responsible for periodic excitation of vowels. The excitation of other sounds may be through a jet of
air through a constriction within the vocal tract or a combination of the periodic excitation and what
is produced by that jet of air. The nasal tract constitutes an ancillary path for sound transmission. It
begins at the velum and terminates at the nostrils [14].

Velum

Epiglottis
Pharynx

False Vocal
folds

Vocal folds

Trachea Esophagus

Figure 1: Anatomical structure of the vocal tract[14].

2.2 Speech perception

The ear is the main organ in the process of speech perception. It consists of an outer part, a middle
part, and an inner part. Figure 2 shows the structure of the human auditory system. The main
function of the outer ear is to catch sound waves which is done by the pinna. The pinna is pointed
forward and has a number of curves to be able to catch the sound and determine its direction. After
the sound reaches the pinna, it is guided to the middle ear using the external auditory canal until it
reachesthe ear drum.

Middle Ear

Inner Ear

Pinna

Auditory Nerve

Cochlea

Figure 2: Human auditory system [14].
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The main function of the middle ear is to magnify the sound pressure because the inner ear transfers
sound through fluid not air as in the middle and outer ears. Thereafter, the inner ear starts with the
cochlea, the most important organ in the human ear. The cochlea performs the spectral analysis of
the speech signal through splitting it into several frequency bands which are called critical bands
[9]. The ear averages the energies of the frequencies within each critical band and thus forms a
compressed representation of the original stimulus. Studies have shown that human perception of
the frequency content of sounds, either for pure tones or for speech signals, does not follow a linear
scale. The majority of the speech and speaker recognition systems have used the feature vectors
derived from a filter bank that has been designed according to the model of auditory system. There
are a number of forms used for these filters, but all of them are based on a frequency scale that is
approximately linear below 1 kHz and approximately logarithmic above this point. Wavelet multi
resolution analysis can provide accurate localization in both time and frequency domains which can
emulate the operation of the human auditory system [15]. Figure 3 describes the main steps of
human perception (right part) and also illustrates the transcription of these steps in the field of

signal processing (left part).

Transcription of knowledge at the Acoustic
level of signal processing ]
_ Signal conditioning by
Filt ’
erme [ the outer and middle ear ]

Il

Bank of filters on a Analysis in the inner ear
nonlinear scale (Mel) by the basilar membrane
I
Automatic gain control Electrical mechanical transduction
inhibition phenomenon at the exit of the cochlea

N

So-called "spik" Transformation of
coding cochlear information into
Recognition Interpretation by the brain

Figure 3: Analogy between human and machine perception [16].
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3. Automatic speech recognition

Automatic speech recognition being a branch of artificial intelligence, mainly aims to automatically
convert the speech signal into a sequence of words through an algorithm implemented as a software

or hardware module [17].

ASR System is categorized into the following class depending upon the type of speaker, utterance,
and vocabulary.

A. Types of speaker model

Each speaker possesses a distinctive voice that goes under the influence of different elements such
as one's physical structure or even personality. The Speech Recognition system is classified into

main categories based on speaker models, i.e., speaker dependent and speaker independent [18].

» Speaker-dependent models: Designed for a specific speaker, more accurate [18]. Speaker
Independent Model: Designed for a variety of speakers. It recognizes the speech patterns of
a large group of people [19].

B. Type of Utterance

The utterance is the speaking of a word. It could be a sub-word, word, or word sequence. It is
classified into isolated words, connected words, continuous speech, and spontaneous speech as

follows:

1. Isolated word: Words spoken with a halt prior to and after each word. It is relatively
straightforward and easiest to implement because word limits are clear, which are the
significant advantages of this type [20].

2. Connected Words: Words Expressed carefully but with no precise pause in between.
Connected word systems have a resemblance to that of the isolated words but permit separate
utterances to be run together [21].

3. Continuous Speech: Words Spoken fluently as in conversational Speech. Recognizers with
continuous speech capacities are the most challenging to create because they use particular

approaches to determine utterance boundaries. [20]

4. Spontaneous Speech: This sort of speech is natural and not rehearsed. For an ASR system to
have spontaneous speech, it requires the ability to deal with an assortment of natural speech

characteristics, an example words being run together, “ums” and “ahs” and even slight stutters
[20].
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C. Types of Vocabulary

The size of vocabulary affects the accuracy of the ASR System. Some ASR systems require a few
words only (Digit) some require a large vocabulary (Spontaneous speech).

In ASR systems the types of vocabulary can be classified as follows.
1. Small vocabulary - ten words.
2. Medium vocabulary - hundreds of words.
3. Large vocabulary — thousands of words.
4. Very large vocabulary — tens of thousands of words.

5. Out-of-Vocabulary — Mapping a word from the vocabulary into an unknown word [5].

Apart from the above characteristics, the environment variability, channel variability, speaker style,
sex, age, and speed of speech also make the ASR system more complex. But the efficient ASR

systems must cope with the variability in the signal [5].

4. Acoustic speech processing techniques

Speech is a random, continuous, finite energy, non-stationary signal [23]. The essential goal of
speech signal processing is to give a less redundant representation of speech, while allowing a fairly
accurate extraction of the relevant parameters that characterize the speech signal [24]. In this part,
we briefly recall the most used methods in speech analysis, for its automatic recognition. But before
carrying out the acoustic analysis of the speech signal, it is necessary to carry out an acoustic

preprocessing on this signal.
4.1 Acoustic pretreatment

The speech signal picked up by the microphone being analog, it is necessary to digitize it before any
processing. An analog filtering operation on this signal is first performed by means of a low pass or
band pass filter. The low cut off frequency must be chosen below 80 Hz, in order to avoid filtering
the “pitch ” (fundamental frequency which prints the melody). The high cut-off frequency in the
case of bandpass filtering is 11 kHz for good quality speech and can go up to 16 kHz for high
quality speech. Digitizing the signal consists of sampling this signal and then quantifying each
sample. According to Shannon's theorem, the loss of information between the analog signal and the

corresponding discrete signal is zero if and only if we have [24]:

fe 2 2. fmax (1)
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f.: sampling frequency.

fmax: Maximum frequency of the signal to be processed.

Bearing in mind that the frequency domain of the human voice, with the exception of opera singing,
is limited to 10khz, the value of the sampling frequency must be chosen according to the type of
analysis sought, but especially of the application: telephone channel, high voice quality system,

system with memory size limitation, etc.
4.2 Speech signal feature extraction techniques

The redundancy and variability of the speech signal do not allow its direct use in an ASR system,
hence the need for acoustic analysis. This analysis also called feature extraction is the set of
methods used to extract information from this signal while maintaining the discriminating power of
the signal and reducing its dimensionality. In what follows, the analyzes widely used for the
creation of the vector containing the discriminative characteristics of the speech signal are detailed,
while highlighting in particular the analysis of the Mel Frequency Cepstral Coefficients (MFCC)
[25], given its wide use in the field of ASR. Among these different analyses, we present. — Analysis
by Linear Predictive Coding (LPC) [26]; Analysis by Linear Prediction Cepstral Coefficients
(LPCC) [27]; Analysis by Mel Frequency Cepstral Coefficients (MFCC); Analysis by Perceptual
Linear Prediction (PLP) [28]; Relative spectral analysis (RelAtiveSpecTrAl : RASTA) [16].

4.2.1 Analysis of mel scale cepstral coefficients

The analysis of Mel scale cepstral coefficients (MFCC) was presented by Davis and Mermelstein in
1980[29]. Since then, it has been used successfully in the various ASR tasks. This analysis is based
on a calculation of cepstral coefficients on a Mel scale which approximates the frequency
perception of the human ear. The main idea is to average the spectrum in frequency bands
corresponding to the filtering performed by the basilar membrane. In order to extract features from
speech signals, MFCC analysis uses a number of Mel filter banks, from 15 to 24 linearly spaced
triangle filters up to 1 kHz and logarithmically above 1 kHz, to smooth and capture the different
linguistic features of the speech signal spectrum [16]. The different phases of the MFCC technique

are illustrated in Figure 4.
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Figure 4: The different phases of the MFCC technique [25].

4.2.2 Analysis by linear predictive coding

Linear Predictive Coding (LPC) is a speech analysis technique and facilitating a features extraction.

In 1978, LPC uses to make a speech synthesis. LPC doing an analysis with predicting a formant

decided a formant from signal called inverse filtering, then estimated an intensity and frequency

from residue speech signal. Because speech signal has many variations depending on a time, the

estimation will do to cut a signal called frame [26]. The different steps that define the LPC

technique are illustrated in Figure 5.
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windowing
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!
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Autocorrelation

Figure 5: Block diagram of the LPC technique [26].
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4.2.3 Analysis by linear prediction cepstral coefficients

The technique of linear prediction cepstral coefficients (LPCC) is mainly derived from linear
predictive analysis, where the LPCCs parameters (the first p cepstral coefficients Cn) are calculated
using the following formula (2):
Cl = a1
n—-1

k
Cp = (1 —5) AxCp—r + an (2)

Where:
c;: the cepstrum coefficient of order i;

a;: the linear predictor coefficient.

LPCC was created to address the limitations of LPC by delivering less correlated coefficients
instead of the strongly correlated ones provided by LPC. Figure 6 illustrates the block diagram of
the extraction of LPCCs. It should be noted that all the steps for calculating the LPCs are
maintained in the calculation of the LPCC. The LPCC characteristics are calculated by introducing

the cepstral coefficients in the LPC parameters [27].

Speech |:> Preemphasis [ Segmentation — windowing

LPCC Cepstral £1
<:| Cepstral annalysis <: LPC <:’ Autocorrelation
Coefficients

Figure 6: block diagram of the extraction of LPCC [27].

4.2.4 Analysis by perceptual linear prediction

Perceptual linear prediction (PLP) technique combines the critical bands, intensity-to-loudness
compression and equal loudness pre-emphasis in the extraction of relevant information from
speech. PLP gives a representation conforming to a smoothed short-term spectrum that has been
equalized and compressed similar to the human hearing making it similar to the MFCC. In the PLP
approach, several prominent features of hearing are replicated and the consequent auditory like

spectrum of speech is approximated by an autoregressive all-pole model. It uses linear predictions
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for spectral smoothing, hence, the name is perceptual linear prediction. PLP is a combination of

both spectral analysis and linear prediction analysis [28].

4.2.5 Relative spectral analysis

Relative spectral analysis (RASTA) is derived from PLP analysis. The basic design is to remove the
too slow or too fast variations by filtering on the amplitude spectrum, with the aim of retaining only
the variations linked to the signal produced by the human being. Articulators can't move too
quickly, so if features change too quickly, they may not be coming from speech. Also, if the
characteristics change too slowly, this change will not be perceived. RASTA analysis is often
combined with PLP analysis, giving RASTA_PLP, in order to increase the robustness of the

parameters used by ASR systems [16].

4.3. Comparison

Feature Extraction Advantages Disadvantages

Method
Linear Predictive

« It represents the vocal tract and is an * Poor speech quality and it gives
Coding [30] accurate and reliable method of getting | residual error as output

features. * Is not able to distinguish the

« It is very robust and can extract words with similar vowel sounds.
features even from speech signals that « Cannot represent speech because
have a low bit rate [30]. of the assumption that signals are

stationary and hence it is not able to

analyze the local events accurately

[30]
Linear Predictive * The high correlation of LPC is « It might not be able to represent
Cepstral Coefficients removed by applying the cepstral speech properly, as it assumes that
[31] . . . . .
analysis. the given signal is stationary and
* It is more robust than a simple LPC cannot analyze local events
analysis [31]. accurately.
» It cannot retain prior information
in the testing phase [31].
Perceptual Linear * The difference between voiced and * The feature vector being produced
Prediction [30] unvoiced inputs is reduced. is highly dependent on the spectral

* It is independent of the length of the balance of the formant amplitudes.

* Channel, noise, and the equipment

23



vocal tract. used to get the input signal can
easily change the spectral
balance.[32]

* The feature vector produced has

relatively fewer dimensions.[30]

Relative Spectra— * Captures frequencies with low * It doesn’t perform well for speech
Perceptual Linear modulations that correspond to speech signals without noise [33].

Prediction[33] * Removes the slow varying

environmental variations as well as the

fast variations in artifacts [33].

Mel-Frequency Cepstral | « MFCC provides good discrimination *]t is not robust to noise.

Coefficients [35] between phonemes. « Tt may not be able to map

* It closely resembles the human continuous phonemes correctly
auditory perception system because itis | [35].

not linear.

« It can capture important information

present in the signal [32].

* The recognition accuracy is high. That

means the performance rate is high

* Low complexity [34].

Table 1. Advantages and disadvantages of the discussed feature extraction methods

5. Methods used for ASR systems

ASR systems use different algorithms for speech recognition. In this section, we will show some of
the most popular methods:

5.1 Gaussian mixture model

In 1995 GMM was successfully applied to the speech recognition system. GMM has been widely
used in statistical speaker recognition. GMM are interpreted to represent the broad acoustic classes.
It Provide a smooth approximation to the underlying long term sample distribution of observations
obtained from utterances by a given speaker. The Gaussian model is a probability density function.
Parameters of the GMM are mean, standard deviation and component weights. GMM parameters
are derived from training data using the iterative Expectation Maximization (EM) algorithm or

Maximum A Posteriori (MAP) estimation from a well-trained prior model [36].
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In 2010 Daniel Povey describe an acoustic modeling approach in which all phonetic states share a
common Gaussian Mixture Model structure, and the means and mixture weights vary in a subspace

of the total parameter space. We call this a Subspace Gaussian Mixture Model (SGMM) [37].
5.2 Hidden markov model

In the late 1960 and early 1970’s Baum and his colleagues was implemented the HMM for speech
recognition this models are very rich in mathematical structure and hence can form the theoretical
basis for use in wide range of application [38].

An HMM [22] model is defined as a set of states, each of them associated with a probability
distribution (usually multidimensional). Transitions between states are governed by a set of
probabilities called transition probabilities [39]. In a particular state, an outcome or observation may
be generated according to the associated probability distribution. As opposed to a classical Markov
model where the state is directly observable by an external observer, in an HMM model the state is
not directly observable and only variables influenced by the state are. The states are therefore

hidden, hence the name hidden Markov model.

Four factors are associated with a HMM:

H- set of hidden states.

V -set of visible states.

aij — transition probabilities corresponding to the visible states.

bjx — emission probability of the visible state from the hidden states. This can be understood easily
with the help of the figure given below [40].

Figure 7: HMM Model [40].
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In the figure, Hi, H2 and Hs are three hidden states and Vi, V2 and V3 are visible states. In any
hidden state the machine may emit any one of the visible states. Here al2 is the state transition
probability from hidden state Hy to Ho. The machine may transit from one state to another state or
may remain in the same state. For example all is the transition probability of Hi remaining in the

same state. In general the state transition is shown as:Hi-1) Hie).

Again b1 is the emission probability of the hidden state Hy if it emits visible state V1. We can say

that bjx is the state emission probability of the visible state Vi if the machine is in state H;.
5.3 Dynamic time wrapping

Dynamic time warping is a well-known algorithm in many areas. While first introduced in 1960s
and extensively explored in 1970s by application to the speech recognition [41]. DTW is an
algorithm that calculates the optimal warping path between two data from sound so that the output
is the path warping values and the distance between the two data. Warping path is the distance
between a comparison of two patterns, the smaller the warping path that is produced, the two

patterns can be said to be the same.

Two words from the same word by the same user can have different times. For example, two can be
pronounced with two or too. DTW solves this problem by aligning words correctly and calculating

the minimum distance between two words [42].
5.4 Support vector machines

SVM (Yang 2007; Chen et al. 2014; Liu et al. 2017) can be implemented independently or as a
hybrid model with HMM. SVMs solution relies on maximizing the distance between the samples
and the classification border. This distance is known as the margin and, by maximizing it, they are
able to generalize unseen patterns. These boundary points are referred as support vectors. SVMs use
linear and nonlinear separating hyperplanes for data classification. Let's explain how SVM find an
optimal hyperplane which categorizes new examples. Let's denote feature vector byx; € R",
i=1....M, where M is a number of training samples, n-is number of features of speech signal [43].
Our goal is to classify speech unit into the two classes y; = —1(out of vocabulary unit), or y; =

+1(in vocabulary unit) by hyper plane. This hyper plane is described as following form:
wxx+b=0 3)

Where w is a normal to the plane, b is a bias.
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Figure 8: Classification of two linear separable classes [43].

5.5 Artificial neural network

The Artificial Intelligence approach is a hybrid of the acoustic phonetic approach (ANN) and
pattern recognition approach (HMM).In particular recognition systems based on HMMs are
effective under many circumstances, but do suffer from some major limitations that limit
applicability of ASR technology in real word environments. Attempts were made to overcome the

limitations with the adoption of ANNSs as an alternative paradigm for ASR [44].

The success of artificial neural networks has undoubtedly sparked a revolution in the world of
artificial intelligence in the last ten years. However, is that the basic idea of neural networks has
been around since 1950s. In 1957, Frank Rosenblatt [45] invented the perceptron, a type of neural
network where binary neurons units are connected via adjustable weights. Rosenblatt was inspired
by the work of neuroscience in 1940s which led him to create a crude replication of the neurons in
the brain. Although the idea was theoretically revolutionary and despite the countless efforts to find
more efficient model layouts or better learning algorithms, the computational power of the
computers of the time did not allow Rosenblatt's perceptron to obtain convincing results. Strongly
convinced of his idea, Rosenblatt did not give up easily, and tried to build a real machine, with a
similar functioning to that of a computer, built solely for the purpose of making the hypothesized
perceptron work. The machine was made up of adjustable resistors controlled by small motors that
turned the resistors off and on while the machine "learned”. When completed, Rosenblatt's machine

was able to classify images of simple shapes or letters.

At the time it was already clear that the conjunction of multiple levels to the Rosenblatt model
would have allowed not only to significantly improve the reliability of the results of the system, but
also to considerably increase the complexity of the tasks that the perceptron was able to perform.
Still, at the time, there was no algorithm capable of training such a network, and the project was

abandoned for several years. It took seventeen years until such an algorithm, now known as “back
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propagation” was devised. The new algorithm, invented by Rumelhart, D., Hinton, G. and
Williams[46] , which theoretically allowed neural networks to approximate any function, ensured
that in the field of artificial intelligence, great things were about to happen [11]. The answer arrived
several years later, the problem that prevented neural networks from functioning as expected
seemed evident: the lack of data and computation power. For reference, at the beginning of 2002 the
total amount of data produced worldwide per year was estimated to be approximately 5 Exabytes,
while the data generated annually in the year 2019 is estimated to be 10 Zetabytes, an increase with
the factor of 20006 [45].

In recent years, many types of neural networks with very different properties have been developed.
More specifically, there are two types of networks: those whose connection graph has at least one
cycle and those for which this is not the case. The former are called recurrent and the latter are

called acyclic. Acyclic networks include perceptron networks and convolutes networks.

A. Multi-layer perceptron

The multi-layer perceptron which is a network of acyclic neurons structured in layers. A multi-layer
perceptron is thus composed of an input layer, one or more hidden intermediate layers and an output
layer. For each layer, all its nodes are connected to all the nodes of the previous layer. Figure 9
shows a representation of a multi-layered perceptron with two hidden layers, this algorithm is
applied during the training phase; it is based on the backpropagation approach and the concepts of
lateral inhibition. The generated output is based on the output neuron with the highest activation.
One of the major drawbacks of this model is that they can only take input of fixed length, which
makes them unable to handle the dynamicity of the input speech signal. Another problem is that this
algorithm can only deal with small vocabularies efficiently, which makes them a good phoneme

recognizer but not an efficient word recognizer [32].

Sha F, Saul LK (2007) used MLP to recognize digits of the Urdu language. The dataset used for the
training purposes composed of speech signals of a single user, recorded in a clean environment.
FFT and MFCC were used to extract the features from the speech signal. An accuracy of 94% was
achieved in the testing phase [47]. In 2011 Sivaram GS used MLP to recognize Persian digits. An
accuracy of 98% was achieved by first using MFCC to perform denoising on the dataset, and DWT
was used to extract the features. The dataset used for training purposes consisted of the data of a
single male speaker [48].

Another research [49] used a deep MLP network to perform speech emotion recognition. The

research used the speech data present in the IEMOCAP database [50]. The network was composed
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of an input layer, five hidden layers, and three output layers, one layer for each metric. The model
achieved mean scores of 0.453 and 0.469 when testing with speaker-independent and speaker-

dependent data, respectively.

couche d'entrée couche cachée #1 couche cachée #2 couche de sortie

entrée

sortie

entrée

sortie

entrée

Figure 9: Dense, acyclic and layered structured neural network commonly called (MLP) [51].

B. Deep learning

Deep learning enables computational models composed of multiple levels to learn data
representations with multiple levels of abstraction. These methods have improved the state of the art
in speech recognition, visual object recognition, object detection and many other domains such as
drug discovery and genomics. Deep learning is capable of discovering complex patterns in large
datasets, using the backpropagation algorithm [17], which enables the network to modify its internal
parameters used to compute the representation in each level from the representation in the previous
level. Recurrent nets have shone a light on sequential data such as text and speech, whereas deep
convolutional networks have led to breakthroughs in image, video, speech, and audio processing
[52].

C. Recurrent neural networks

A Recurrent Neural Network (RNN) is a neural network that has a memory that influences future

predictions Sequential information which is stored in memory of RNNs is used for predictions.

Idea to use RNN instead of traditional neural network is in traditional neural network it is assumed
that every input & every output are does not depends on each other [29]. Hence using traditional
neural network is bad idea in speech processing. Prediction of any words in a sentence requires the
information about the word which is utilized before i.e. past word which is processed. Having a

memory is one of the specialty of RNN that makes it unique than other networks [53].
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Algorithm steps involved in RNN algorithm [1] is:

Xtis input at time t.
Xt-11s past input, and X+ is the future input (sampled sound).
St is the hidden state. It is the hidden memory. St is calculated as: St = f (U*X; + W*X¢.1).

Ot is output at the step t .For example if we want to predict the next word in a sentence it Would be
a vector of probabilities across our vocabulary, Ot = softmax (V*Sy) [54].
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Figure 10: RNN algorithm [55].

Few things to note here are: State St is the memory of the recurrent neural network that can be
hidden. St stores the data of what things took place in all the previous or past time steps. Output at
step Ot is calculated exclusively based on the memory at time t*. As mentioned above, it is a little
more complicated in practice and practical implementation because St normally cannot capture data
from too many time steps ago.

For implementation, traditional neural network, which are deep, uses various parameters at every

layer while the same parameters are shared by RNN.

It uses (U, V, W) parameters as shown by all steps above. This shows us about that we are doing the
same task at every single step, by passing various inputs at different steps. By this, there is a

decrease in the number of parameters in that need to be learned.

The model proposed in [56] used RNN to recognize Bengali speech. The network consisted of three
fully-connected layers, followed by a bidirectional RNN layer and then another fully connected
layer with softmax as the activation function. The authors used 33 h of data from 508 speakers. The
model achieved a WER of 34 with a dropout rate of 0.5, in combination with CTC and a language

model.
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The research proposed in [57] presented an audio-visual speech recognition system. The used an
RNN-transducer, the encoder was composed of five bi-directional LSTM layers, the decoder
consisted of two layers of uni-directional LSTM, and the joint space was 640 dimensional. A five-
layer CNN model, called V2P, was used to extract features from the input video. The dataset used
for testing and training purposes consisted of transcribed YouTube videos of 31,000 h. They

received 21.5% WER on the audio-only system and 20.5 on the audio-visual system.

D. Long short-term memory neural networks (LSTM)

Due to the transformations that data undergoes when passing through an RNN, some information is
lost at each time phase. After a while, in fact, the state of the RNN practically no longer contains
any trace of the first inputs [45]. We can consider RNNs as short memory networks. To address this
problem, various types of long-term memory cells have been introduced. Those new cells have been
proved so effective that base cells are no longer used anymore. Long Short-Term Memory (LSTM)
cell was proposed by Sepp Hochreiter and Jirgen Schmidhuber and gradually [58] improved over
the years by several researchers. The key idea here is that the network can learn what to store in the
long-term state, what to throw away, and what to read from it. [59] Compared the performance of
commonly used types of GRU and LSTM, with a simple RNN. They used the TED-LIUM Corpus
for testing and training. The model used consisted of one input and output layer with five hidden
layers, where the fourth layer is bidirectional. LSTM performed the best with both 500-node
architecture and 1000-node architecture, having WER% of 77.55, and 65.04 respectively. In terms
of time, RNN was the fastest to train and LSTM took the longest.

E. Convolutional neural networks

A convolutional neural network is a subclass of neural networks that have at least one convolution
layer. They are great for capturing local information (eg neighboring pixels in an image or
surrounding words in text) as well as reducing model complexity (faster training, requires fewer
samples, reduces the chance of overfitting). We can think of a Convolutional Neural Network
(CNN) as an Artificial Neural Network (ANN) that has some kind of specialization for being able to
pick-out or detect patterns from the input and make sense of them. This ability to pick up patterns is
what makes CNN so useful for analyzing images or sounds, such as image classification or single

word recognition [60].

A common CNN architecture is formed of alternative pooling and convolutional layers, with fully
connected layers in the end, each one of them has the susceptibility to improve speech recognition

performance [61].The architecture of CNN explained in figure 12.
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A convolutional layer is composed of set neurons, where each neuron acts as a kernel. A
convolutional kernel divides the input signal into smaller signals, called receptive fields. This
particular feature allows CNN to capture most of the features present in a signal without using a
large number of weights [62]. The focus of a convolution layer is to extract as many features as
possible from a signal. The pooling layer performs the job of down-sampling, by retaining only the
dominant value in each of the receptive fields, hence, further reducing the size of the input signal.
By reducing the signal size, not only the network becomes less complex, but it also reduces the

chances of over-fitting and increases generalization [63].

Vishal Passricha et al presented a compound approach with a non-homogeneous categorization of
CNN and SVM where a layer was replaced softmax by SVM [61]. The research introduced in [64]
applied the combination of CNN and Bidirectional LSTM (BLSTM) to identify Mandarin speech.
The suggested model is of four CNN blocks, each followed by a layer of BLSTM, and then a full
connected layer. Each CNN block has a convolutional layer, followed by a batch normalization
layer, then a Rectified Linear Unit (ReLU) activation layer, and in the end a max pooling layer. The

presented approach reached a WER% of 19.2.

Y. Yorozu and M. Hirano suggested an onward model of very deep convolutional neural networks
devoid of corresponding layers and established that VDCNN performed better than CNN when
experimented with MGB-3 [65].

Zied Elloumi & al [66] presented a multitasking system for performance prediction. This procedure
is established on CNN. The outcomes acquired in the experimentation display that the prediction by
CNN is more promising than the comparative strategy in terms of MAE (Mean Absolute Error) and
Kendall scores. In addition, the combined intakes of texts and signals deliver positive results and
more acceptable performance, also the CNN predicts rightly the distribution of word error rates on a
set of records. Operated three various types of input, which contained MFCC, power spectrum, and
raw wave format were linked with their model. The technique offered 12 convolutional layers. The
stride of the convolutional model is altered according to the type of input. Improving the stride did
not affect MFCC, whereas it was noticeable that the overall stride of the network played a vital role
with the power spectrum and raw waveform. For training, testing, and validating purposes, the
LibriSpeech dataset [32] was utilized. When employed with MFCC the model delivered 7.2%
WER, with power spectrum as its input the model had 9.4% WER, and lastly, with raw waveform,
it had 10.1% WER [67].

In 2020, Yang Xuebin et al, speech recognition system was designed for a group of words and used
three methods of classification, including CNN, and obtained results of about 92.88% [68].
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Figure 12: Architecture of CNN layers [62].

» Activation functions

Activation functions are non-linearities used between convolutional layers so that the neural

network can model more complex than linear data. Fig 13 shows the common activation functions:

{a) ReLU 10 (b) sigmoid = (c)tanh 100 -
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Figure 11: The common activation functions [72].

v Sigmoid Activation Function: The Sigmoid Function curve looks like a S-shape.
The main reason why we use sigmoid function is because it exists between (0 to 1).
Therefore, it is especially used for models where we have to predict the probability as an
output. Since probability of anything exists only between the range of 0 and 1, sigmoid is the
right choice.

v' Tanh Activation Function: tanh is also like logistic sigmoid but the range of the tanh

function is from (-1 to 1). tanh is also sigmoidal (s - shaped).
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v" ReLU (Rectified Linear Unit) Activation Function: The ReLU is the most used activation
function in the world right now.Since, it is used in almost all the convolutional neural

networks or deep learning [69].

» Regularization

When building neural networks or machine learning algorithms it is important to consider the
problem of overfitting. Overfitting is when the model begins to learn features that are too specific to
the training set. Basically, the model not only learns the general rules that lead from the input to the
output, but also more rules, that perhaps describe the training set, but which are not necessarily
valid at a general level [70].This process leads to a decrease in the training error but also to an
increase in the evaluation error. As a result, our model will perform worse on unknown data due to
these specific rules that the model has learned from the training set. If overfitting occurs when our
model is too suitable for the training set, the opposite phenomenon is called underfitting, i.e. when
the model learns too general rules [45]. We can find an illustration of the phenomena mentioned
above in Figure 14. In the next subsection we will describe the dropout technique to overcome the

problem of overfitting.
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Figure 12: Underfitting, Optimal and Overfitting [45].

» Dropout

Dropout [71] is one of the most used and efficient regularization techniques to eliminate as much as
possible the overfitting effect during the training of a neural network. During training a certain
number of layer outputs are randomly ignored or "dropped out". This serves to reduce the number
of weights in the network that focus on a few strong features of the training set, in order to
generalize and prevent units from co adapting too much. On the basis of several benchmarks it has
been shown that the introduction of dropout can give a great improvement on complex neural

networks trained on a small training setl7. When using dropout, it is necessary to decide the
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dropout probability, which expresses the probability that each node will be excluded during training

[70].

Figure 13: An example of dropconnect. The right network has had weights dropped with probability 0.5 [71].

6. Advantages and disadvantages of the discussed models

Classification Models

Advantages

Disadvantages

Hidden Markov Model
[22]

* Extremely reduce the time and
complexity of recognition process for
training large vocabulary.

« HMM can model the time
distribution of a speech signal.

* HMM can process variable-length
inputs.

« It can model both discrete and
continuous sequences. [22]

* The long term dependencies are
ignored as it is assumed that the
current state is only dependent on the
preceding state.

* Must make a large priori modeling
assumptions about the data,

* The number of parameters that need
to be set in an HMM is huge,

* Amount of data that is required to
train an HMM is very large, and

» It does not minimize the probability
of observation of instances from other
classes. [77]

Gaussian mixture
model[37]

*It can estimate probability perfectly
and it can perform classification
optimally [36]

*Time complexity [36].

Artificial Neural Network
[46]

* It doesn’t take time is solving
difficult computational jobs
efficiently

* it can also take care of noisy and
less quality data

» It also demands slightest training

* The outcome for huge vocabulary is
not proficient

* it is costly require extra training time

* During architecture of neural network
additional fault difference transpires,
entire nature of neural network is not
completely comprehended till now
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data vocabulary

* It can easily adapt to new
environments. [41]

[47].

Multilayer Perceptrons
[51]

* They are easy to implement.

* MLP doesn’t get stuck in local
minima as it uses a random
probability distribution.

» It can learn according to
discriminative criteria, [48].

» [t can approximate any continuous
function with a simple structure,

* Do not require strong assumptions
about the input data,

* It produces reasonable outputs for
inputs which have not been taught
before how to deal with [51].

* They can only take fixed input
lengths.

» It works only for small vocabularies.

* The temporal information present in
the speech signal is ignored.

* Inability to build speech model even
though the recurrent structures are
defined. [47].

Recurrent Neural
Network [29]

* RNNs can process variable length
inputs easily.

* They retain temporal information.

* Different time steps can share
weights. [53]

* They are computationally expensive
and require a lot of training time.

* They are more suspectable to
vanishing and exploding gradients.
[29]

Support Vector Machines
[43]

* SVM is very robust.

* It does not face the problems of
over-training and being stuck in local
minima.

* It can take high dimensional vectors
as input. [43]

* [t can only take fixed length inputs

* The computational costs increase
with the number of output classes.

* Good kernel function is needed. [43]

Convolutional Neural
Networkork [65]

* [t can easily detect important
features present in a signal.

* It requires less training time [63].

« It cannot deal with variable size input
[64].

Table 2: Advantages and disadvantages of the discussed methods
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7. Conclusion

This chapter has attempted to introduce the field of automatic speech recognition by initially
introducing human speech as the main actor and then explaining the main structure of ASR systems
with a variety of applications for ASR systems. Next, a brief overview of the most widely used
speech signal feature extraction techniques is discussed: LPC, LPCC, PLP and MFCC, which
faithfully describe the most relevant features. At the end of the chapter, we presented some of the
most common methods in ASR systems such as HMM, GMM, and ANN-based methods such as
MLP, RNN and CNN. In the next chapter, we will present the modeling of our system and the
proposed methodology.
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Chapter 2: System Design

1. Introduction

In the previous chapter, we presented the state of the art of automatic speech recognition systems
and mentioned the role of artificial neural networks in this field, which uses convolutional neural
networks as a model. These networks have produced impressive and sometimes competitive results.
The deep architecture of a CNN can be divided into two main parts. The first part, based on CNN
convolutional layers, provides the ability to extract features, while the second is a fully connected
neural network classifier whose role is to generate a prediction model for the classification task. A
CNN model is described by many hyper-parameters, including the number of convolutional layers,

the number of filters and their respective sizes, etc.

In this chapter, we will propose the design of our system starting with the description of different
stages of automatic speech recognition, then we specify the part concerned by our study which is

the recognition phase using convolutional neural networks (CNNS).

2. UML designe

2.1 Use case diagram

The purpose of the use case diagram is to give an overall view of the interfaces of future
applications. It is the first UML diagram made up of a set of actors who act on use cases and who
describe in the form of actions and reactions, the behavior of a system from the user's point of view.
Actor: an actor is a user who communicates and interacts with the use cases of the system. It is an
entity having a behavior like a person, system System: this element sets the limits of the system in
relation to the actors who use it (outside the system) and the functions it must provide (inside the

system).

2.1.1 Identification of the actors and their role

An actor is a person who has a well-defined role in our application:

- Speak into a microphone.
User - Uploaded a file.
- Check the result (play wave file).

Table 3: Identification of the actors and their role
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Speak In Mic

USER

Figure 14: Speech recognition use case diagram.

2.2 Sequence diagrams

Sequence diagrams are used to describe HOW the elements of the system interact with each other

and with the

actors:

O The objects at the heart of a system interact by exchanging messages.

O The actors interact with the system by means of HMI (Human-Machine Interfaces).

2.2.1 Speech recognition from the microphone

CNN

Feature extraction ()

(8% 2 gigfn Onine Free EaiifMIC GUl MS_LFB
I I I [
I | | |
| Speak() | | |
] > | |

i
I ﬁ] capture() > I
| | Acoustic pretretment () _ |
I |
| | ’Q
| | |
| | I
I | |
| | |
| | |
| L e Recognition | _ _
| | - |
Output{Text) |
oo B R |
| |
| | |
I | |
I [ T [

Train and
classification (

o )
Visual Paradigm Online Free Edition

Figure 15: Sequence diagram illustrating speech recognition.
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2.2.2 Audio files recognition

Lradigh Oniine Free Fiidile Gl M3 LFB bl

Upload()

Acousic prefretment ()

Train and
Classification (
|

| Feature evracion ()
i
I
I
Recognition
PR, .- 013____|L _______________ |
I
I
I
I
I
I
I

5 |."..'. r I+
Visual Paradigm Online Free Edition

Figure 16: Sequence diagram illustrating audio files recognition.

3. Our system

The system starts to get the speech signal, then it does a preprocessing of the signal and then
extracts the features from each word. The acoustic result is passed to (CNN), for training and testing
and then the result of recognition, and our work aims to develop an application capable of

recognizing spoken English words.
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Figure 17: Our system architecture.

The main processes that our design includes:
3.1. Pre_processing

Methods based on DNNs like CNN in our case, are discriminative models and do not have
similar constraints. MFCC and perceptual linear predictive (PLP) features are two most often used
raw features. However, both these two types of features are derived from the Mel-scaled log filter-
bank features (MS-LFB). Although these features are more invariant than the Mel-scaled log filter-
bank features, some information useful for classification may be lost during the manual feature

transformation process.

That's why we chose to use the MS-LFB features as the input to the CNN For this work. To
calculate the MS-LFB of a signal we go through these steps:

» Pre-emphasis

In the field of ASR the vocal segments such as vowels have more energy at low frequencies than at
high frequencies; this is caused by the nature of the glottal pulse. Pre -emphasis amplifies the
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energy of high frequencies to make them more suitable for the recognition pattern. Pre-emphasis

factor taking a value included in [0.9, 1.0].

» Segmentation into frames

The speech signal represents a long-term non-stationary random process, however it is considered
stationary in analysis time windows of the order of 20 to 30 ms. For this purpose, after the pre-
emphasis phase, to have stable acoustic characteristics, the speech signal must then be divided into
a certain number of frames and examined on each of them where the property of short-term
stationarity is verified. With, generally, a window overlap of 10 ms. The interest of this overlap is to
obtain a temporal continuity of the characteristics. Hence, from each frame, a set of parameters is
derived to form the feature vector.

» Windowing

Frame windowing is used to minimize signal discontinuities at the start and end of each frame, each
window can be described by three parameters: its width called frame size, the offset between

successive windows called frame shift or overlap and the shape of the window.

» Discrete fourier transform

After performing a windowing to attenuate the discontinuity of the signal at the start and end of the
frame, the next phase consists in applying the Discrete Fourier Transform (DFT) which is
calculated using the Fast Fourier Transform algorithm (FFT). This algorithm used for evaluating the
frequency of the signal spectrum converts each windowed frame of N samples from the time
domain to the frequency domain. DFT is used to extract spectral information from each window of

the input signal.

» Mel and log scaled filter bank

The final step in filter bank calculation is to apply a ternary filter (usually 40 filters, nfilt = 40 at
Mel level) to the power spectrum to extract the frequency band.

The purpose of the Mel scale is to imitate the human ear's perception of sound at lower frequencies

by being more discriminating at lower frequencies and less discriminating at higher frequencies.
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3.2 Convolution neural networks

One of the main aims of our project is to attempt to apply convolutional neural networks for speech
recognition. Typical and well-studied CNN architectures are optimized for two-dimensional image
processing tasks, an application where inputs have a very different shape than in audio processing:
audio files are extremely long one-dimensional vectors. Our inputs, were single-second audio files
at a sample rate of 16 kHz, we opted to modify the input data by translating the input audio data
into spectrograms. A spectrogram is a method of using discrete Fourier transforms to translate a
one-dimensional time sequence, into a two-dimensional image containing the same information, but
organized in a way that makes locality meaningful in two dimensions rather than just one. Each
column of the image represents the magnitude of the Fourier transform of the time sequence taken
in a different contiguous window of time; the image as a whole represents a two-dimensional
function from time and frequency to intensity rather than a one-dimensional function from time to
absolute amplitude. Thus, in the resulting image, it is possible to directly see which frequency
components change and how the frequency spectrum of the audio changes with time. The

spectrogram in figure 19 shows the pitch contour of the word.

Figure 18: Conversion of audio signal from 1D to 2D (image format).

3.2.1 Training the model

Training is the most important process because we will create our model thanks to precise
configurations: The dataset and CNN configuration.
» Dataset

In our project. The dataset (1.4 GB) has 65,000 one-second long utterances of 30 short words (eight,
sheila, nine, yes, one, no, left, tree, bed, bird, go, wow, seven, marvin, dog, three, two, house, down,

six, five, off, right, cat, zero, four, stop, up, on, happy) by thousands of different people, contributed
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by public members through the AIY website. This is a set of one-second .wav audio files, each
containing a single spoken English word. The recorded words are different in length of rely on the
word itself. Also, some words differ in length from one person to another depend on the speaker
himself and his pronounce ways. These conditions made the work more complicate especially for
the training and classification process [50]. We divide the data set into three different types of files,

respectively: training files, test files, and finally files to be used in the evaluation.

» CNN configuration

A CNN is a modified version of DNN where the input data undergoes several processes like
convolution, max pooling, flattening and full connection in ordered fashion before being fed into
the deep neural network.The network we created consists as follows: layer of Conv2D followed by
A layer of Max Pooling process, we repeat this construction 3 times after that a layer of dropout
followed by con2d and other layer of dropout, Dropout is a regularization technique, which aims to
reduce the complexity of the model with the goal to prevent overfitting. After that we need to flatten
the network output to a one dimension array in order to it to be passed to the dense layer, in these
steps Each one of the layers is created by specifying its number of filters, its kernel (the size of each
filter), its input shape (just for the first layer), its activation function and the kernel regularizer that
is used to avoid the model to overfit the training set. For each convolutional layer the activation
function that is utilized is “relu”, which has become the default activation function for many types
of neural networks for faster learning a model that uses it is easier to train. Finally, for the model to
make a decision, we use the sigmoid activation function. Figure 20 shows the structure of our CNN.

» Convolution

A convolution is a combined integration of two functions; it tells us how one function modifies the

shape of the other function.

In the case of 2D array, the first function is the array itself, and the second function is the feature
detector/kernel. The feature detector convolves over the whole array stride by stride and outputs the
convolved feature map containing the most relevant/dominant information, thus reducing the

dimension of the input image as well.

This convolution process creates feature maps where each individual feature map is a convolved
result of different individual feature detector. Rectified linear unit (ReLu) activation function is then
applied to increase the nonlinearity in the resulting feature maps in order to distinguish adjacent

pixels of the maps more accurately.
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» Pooling

The main purpose of pooling layer is to progressively reduce the spatial size of the input image, so
that number of computations in the network are reduced. Pooling performs down sampling by

reducing the size and sends only the important data to next layers in CNN.

» Flattening

The pooled feature map needs to go as an input in dense layer for further processing. For this, the
2D feature map is flattened, i.e., converted into 1D column by taking row by row values of the
feature map. This results in dimensional column of feature map which acts as an input to the dense

layer.

» Full Connection

The flattened layer, is fully connected with the subsequent layer 'dense ' as the combination of input
features in the input layer and its attributes in the next layer results in much better accuracy.

Fluttening =~
Output
Drop_out Drop_out

Dense layer with

X3

Max_pool

H 05 0.3 . . . .
¢ Conv_Zdwithrelu ©-3 ©-3 sgmolg activanon
a 0 i = A A H function
Input H acr.nauoncuon i Conv_2dwithrelu Convert into 1d
activation function amray
Feature extraction Classification

Figure 19: Configuration of the CNN model.

Our CNN model consists of the following components:

v Convolution Layer: In this layer, the filter size is initially fixed at 4 * 4, after that it takes the
size of 3* 3 and at the lastis 2 * 2.

v' The ReLU activation function: forces the network to return positive values. Any number less
than 0 is converted to 0, this technique is applied for all layers except the last layer which

uses the sigmoid function.

v The Pooling layer: we used a max pooling of size 2x2 to reduce the size of the parameters.
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v Dropout layers: this is important in our training CNNs because they prevent overfitting on
the training data. If they aren’t present, the first batch of training samples influences the
learning in a disproportionately high manner. This, in turn, would prevent the learning of

features that appear only in later samples or batches.

v All convolutional layers use the ReLu function except the output layer uses the Sigmoid

function.

v’ Flattening layer: After finishing the previous steps, we're supposed to have a pooled feature
map by now. As the name of this step implies, we are literally going to flatten our pooled
feature map into a column. The reason we do this is that we're going to need to insert this
data into an artificial neural network (dense layer) later on.

4. Conclusion

We have presented in this chapter a general structure for our system then we went to the details of
each step we specify the part concerned the classification approach based on networks
convolutional neurons, encoding techniques in which we explained how the data is kept and
selected to display the results, and parameters necessary for the successful results. For further
details, we built a conceptual model of the model to illustrate the knowledge and information for

better comprehension.

In the next chapter, it is realization and implementation. We will display the results of our work. We
tested our algorithms, and it is essential to present the result. We will offer an illustrated
representation of our outcome. After, we show the tools, programming languages, and libraries we

used to achieve these results.
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Chapter 3: Implementation and Realization

1. Introduction

In the previous chapter, we presented the general architecture proposed as a solution to develop this
system. In this chapter, we will present the implementation of our application based on a
convolutional neural network using the Python language. We first start with a presentation of the

chosen programming language. Then, we will show screenshots of our application running.

2. Tools and working environments

2.1 Hardware configuration

2.1.1 Physical environment

In order to realize our system, we used this hardware:
* A laptop PC: hp Intel(R) Celeron(R) CPU N3050 @ 1.60GHz 1.60 GHz.
* RAM size 4 GB.

* Operating system: 64-bit Windows 10.

Figure 20: Hp personal computer.

2.1.2 Remote hardware configuration (google colab)

U Google Collaboratory:

Google Collaboratory or Colab: a simple and free Google tool to introduce us to deep networks or

collaborate with our colleagues on data science projects. Colab allows to improve our coding skills
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in Python programming language, to develop applications in deep networks, using popular libraries
such as Keras, TensorFlow without installation, as well as the use of a development environment
(Jupyter Notebook ) which requires no configuration. However, every 12 hours, the virtual machine
provided by Google is reset, requiring an ongoing data backup mechanism. In addition, Colab
(Jupyter Notebook) documents are saved directly to your Google Drive account [73].

O Google Drive:

The Google Drive service launched by Google in 2012 allows you to store 15 GB for free on a
storage space accessible from any computer, tablet or smartphone (Android and iOS). It is possible
to increase this storage capacity by opting for a paid version. But Google's offer does not stop there
since the application communicates with all Google services, such as Google Docs for example. It

is therefore possible to access and modify the files stored in the “cloud” wherever you are [76].

2.2 Software and libraries used in the implementation

2.2.1 Python

Python is a high-level, interpreted, object-oriented programming language. It is in high demand by a
large community of developers and programmers. Python is a simple and easy to learn language. It
is often compared (favorably of course) to Lisp, Tcl, Perl, Ruby, C #, Visual Basic, Visual Fox Pro,
Scheme or Java ... etc. Python combines remarkable power with very clear syntax. It has modules,
classes, exceptions, very high level dynamic data types and dynamic typing. There are interfaces to
many system calls and libraries, as well as to various windowing systems. The new built-in modules
are easy to write in C or C ++ (or other languages, depending on the implementation chosen).
Python can also be used as an extension language for applications written in other languages
requiring script interfaces. [75]

@ python’

Figure 21: Python program [75].
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2.2.2 Tensorflow

TensorFlow is an open-source software library released in 2015, by Google to make it easier for
developers to design, build, and train deep learning models. It was originally planned as an internal
library that Google developers would use to build models internally. At a high level, TensorFlow is
a Python library that allows users to express arbitrary computation as a data flow graph. The nodes
in this graph represent mathematical operations, while the edges represent data communicated from
one node to another. TensorFlow data is represented as tensors, which are multi-dimensional arrays.
While this framework for thinking about computation is valuable in many different fields,

TensorFlow is primarily used for deep learning in practice and research [74].

2.2.3 Keras

Keras is a high-level neural network API, written in Python and capable of run on TensorFlow,
CNTK or Theano. It was developed with the aim of allowing a rapid experimentation, be able to go

from idea to result as quickly as possible, this is the key to doing research [15]:

v' Allows easy and rapid prototyping (thanks to user-friendliness, modularity and

extensibility).
v’ Supports convolutional networks and recurrent networks as well as combinations of the two.

v Works transparently on CPU and GPU.

3. The graphical interface of our project

It is an interface that allows us to recognize the specific word whether from recording speech or

loading a wav file. here is the general interface :
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t? Speech recognition —

Master project of Bouzata Hadjer

The entred commande is

Note :

Please use one of the following words

‘eight’,'sheila’, 'nine’, 'yes’, 'one’, 'no’, 'left’, 'tree’, 'bed’, 'right’
'seven’, 'marvin’, 'dog’, 'three’, 'two’, 'house’, 'down’, 'six', 'five’,

cat', 'zero’, 'four’, 'stop’, 'up’, 'on’, 'happy’,'go’, 'wow"bird’

File location : Browse | Record
Play file

Clear

‘'off’

Figure 22: Interface of our project.

Our system allows to predict spoken or selected word using CNN, and for fulfilled this task we

need:

v' Contains a RECORD button to record your pronunciation of any of the 30 selected words,

identify and convert them to text.

v' File location: When we record a word, it is saved in the "Outpu.wavt" file.

muodel Daossier de fichiers
sounds Dossier de fichiers
[# main Python File
G| output - Copie Fichier WAV
| cutput Fichier Way
| PyAudio-0.2.11-cp310-cp310-win_amdéd... Fichier WHL

=| requirements Document texte

e P

6| stopl 03/06,/2022 01:00 Fichier Way

Figure 23: Output.wav file.

TKe
63 Ko
63 Ko
112 Ko

1 Ko
63 Ko
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v" BROWS button: if you click on this button a window is opened, this window allows us to

choose wav files from our dataset and transcribe them to a text.

# Chooseafile =
€« v <« Bureau » wavfile » happy ~ [¢] 2 Rechercher dans : happy
Organiser = Mouveau dossier > N @
B Ce PC ~ Mom M= Titre Interprétes ayant p... £ ™
2 Bureau |9 7
|55 Documents o] 8
&=| Images ol 9
o 10
J’s Musique j bw
hed
J Objets 3D 6] 12
‘ Teléchargement: le] 12
B vidéos s 14
“ie Disque local (C:) @] 15
- Mouveau nom ([ o] 18
<
s Mouveau nom (E ol 17 ”
&l 18
- Disquelocal (F:) » < >
Mom du fichier : |‘ID i

Figure 24: Window allows us to choose wav file.

File location: |C:/Users/Hadier/Desktop/wav file/down/down 4.wav

Figure 25: File location.

v And finally, the figure down below shows and example for the result of the predicted word.
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# Speech recognition — O =
Master project of Bouzata Hadjer
File location: |ocutput.waw Browse | Record

The entred commande is

happy

Clear

Note :

Please use one of the following words

'‘eight’,'sheila’, 'nine’, 'yes’, 'one’, 'no’, 'left’, 'tree’, 'bed’, 'right’
'seven’, 'marvin’, 'dog’, 'three’, 'two’, 'house’, 'down’, 'six’, 'five’, 'off

cat', 'zero’, 'four’, 'stop’, 'up’, 'on’, 'happy’,'go’, 'wow"bird'

Figure 26: An example of execution.

4. Testing the model and recognition result

In order to show the obtained results for the model, Several models have been created by varying
the hyperparameters in order to optimize the model in the most appropriate way, we illustrate in
what follows the results in terms of precision and error compared to architecture of the models and
the number of epochs (An epoch describes the number of times that the algorithm passes over the
dataset).
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4.1 Testing the model 1 and model 2

O Model 1:
Model: "sequential 1"
Layer (twpe) cutput Shape Faram #
convad_3 (Comv2D)  (Mome, 57, 37, 32)  s5aa
max_poolingzd_ 2 (MaxPooling (MNone, 48, 18, 32) =]
2Dy
conv2d_4 {(ConwvZD) {MNone, 45, 15, G4) 32232
max_pooling2d_ I (MaxPooling (MNone, 22, 7, B54) <]
2D}
dropout_ 2 (Dropout) {MNone, 22, 7, &4) =]
conv2d_& (ConwZD)} {MNone, 22, 7, 128) 32298
dropout_3 (Dropout) (Mone, 22, 7, 128) a
flatten_1 (Flatten) {MNone, 19712) &
densea_1 {(Dense) {MNone, =28) Eo1398
Figure 27: The architecture of model 1.
O Result of Model 1:

le12/1812 [

Epoch 18/3@

1e12/1812 [
Epoch 19/30

1012/1012 [
Epoch 28/38
1012/1012 [

Epoch 21/3@
1812/1812 [

Epoch 22/30
1812/1012 [

Epoch 23/38

1e12/1012 [
Epoch 24/30

1012/1012 [
Epoch 25/38

1012/1012 [
Epoch 26/38
1012/1812 [

Epoch 27/30
1e12/1812 [

Epoch 23/30
1012/1012 [

Epoch 29/30

1e12/1812 [
Epoch 38/30

423/101 [===mmm====d

- 1255

- 1255

- 1255

- 128s

- 1265

- 128s

- 127s

- 1285

- 128s

- 1295

- 1285

- 1295

- 129s

124ms/step - loss: 8.1838 - accuracy:

123ms/step - loss: 8.185@ - accuracy:
124ms/step - loss: 8.1948 - accuracy:
127ms/step - loss: 8.1874 - accuracy:
125ms/step - loss: 8.1944 - accuracy:
126ms/step - loss: 8.1916 - accuracy:
125ms/step - loss: 8.1873 - accuracy:
127ms/step - loss: 8.1866 - accuracy:
127ms/step - loss: 8.1953 - accuracy:
128ms/step - loss: 8.1881 - accuracy:
126ms/step - loss: 8.1864 - accuracy:
127ms/step - loss: 8.1836 - accuracy:

128ms/step - loss: 8.1893 - accuracy:

8.93%

8.9388

8.9373

8.939%

8.9383

8.9379

08,9386

8.9391

8.9379

8.9461

8.9403

8.9428

8,939

- ETA: 1:18 - loss: 8.1795 - accuracy: 6.9422

val_loss:
val loss:
val_loss:
val_loss:
val_loss:
val_loss:
val loss:
val_loss:
val_loss:
val loss:

val_loss:

8.4297

8.4193

8.3874

8.3885

8.3850

8.4196

8.3808

8.4168

8.4280

8.4870

8.4119

val_loss: 8.3815

val loss: 9.3838

val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy
val_accuracy

val_accuracy

0ih Lo B OO

1 0.8013

1 0.8953

1 0.8955

: 0.2938

;0,892

: 0.0020

1 0.8975

. 0.8847

: 8.3985

1 0.8942

. 0.8968

: 0.8998

Figure 28: The result of model 1.

Model 2: It is the model that we mentioned in the CNN configuration part, which we

adopted in our application.
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conv2d {(Convz2D)

)]

conv2d_1 (Conwv2D}

2D}

conv2d_ 2 (Conv2D)

2D%

dropout (Dropout)
conv2d_3I (Conwv2D)}
dropout_1 (Dropout)
flatten (Flatten)
dense (Densed)

dense_1 (Dense)

max_pooling2d {MaxPooling2ZD

max_pooling2d_ 1 (MaxPooling

max_pooling2d_ 2 (MaxPooling

{Mone, 97, 37. 1&8)
(None, 48, 18, 16)
{Mone, 45, 15, 32}
{Mone, 22, 7, 32}
{Mone, 22, 7, 64)
(Mone, 11, 7, B64)
(Mone, 11, 7., 64)
{Mone, 11, 7, 128}
{Mone, 11, 7, 128)
{Mone, 985a8)
{Mone, 22
{Mone, 38)

2224

184986

315424

==z

Figure 29: The architecture of model 2.

U Result of Model 2:
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Figure 30: The result of model 2.

56



4.2 Comparison results between models

Comparison between the structure of Model 1 and Model 2 and the results obtained in each one

SN Number
Conv Pooloing Dropout Flatten Dense of Accuracy  Loss
model
epoche
Model 1 2 2 1 1 1 30 0.9396 | 0.1893
Model 2 2 2 2 1 1 30 0.9633 0.1274

Table 4. Comparison between the structure of Model 1 and Model 2

The table shows the architecture as well as the number of layers used in in both the first and second
experimental model. We chose the second model because it yielded better results in terms of

accuracy and loss.

4.2.1 Testing Model 2 with Number of epochs

O Testing with number of epochs = 50

model accuracy model loss
225 1
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Figure 31: Accuracy and error of the CNN model with a number of epoch = 50.

Training Validation

Epochs number loss accuracy val_loss val_accuracy

50 0.2117 0.9346 0.2751 0.9243

Table 5: Result of training and testing with epoch = 50
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U Testing with Number of epochs = 90
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Figure 32: Accuracy and loss of the CNN model with a number of epochs=90.

Training Validation

accuracy val_loss val_accuracy

90 0.1599 0.9485 0.3142 0.9193

Table 6: Result of training and testing with epochs = 90

U Testing with number of epochs = 110
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Figure 33: Accuracy and error of the CNN model with a number of epochs = 110
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Validation

Training

val_accuracy

110 0.1343 0.9587 0.3172 0.9260

Table 7: Result of training and testing with epoch = 110

From the results obtained and explained above, we note that the accuracy of learning and
val_accuracy increases with the number of epochs. We observe the same for the loss and val_loss

decreasing with the number of epochs.

<+ Comparison of the obtained results:

Training Validation
CNN model  Epochs number
loss accuracy val_loss val_accuracy
50 0.2117 0.9346 0.2751 0.9243
Model 2 90 0.1599 0.9485 0.3142 0.9193
110 0.1343 0.9587 0.3172 0.9260

Table 8: Comparison results obtained by training our model with different numbers of epochs

The table shows the architecture as well as the number of layers used in the model. The results
obtained are expressed in terms of precision and error. We notice, that each time we increase the
number of epochs, the accuracy rate increases and the error rate decreases, we notice also that this is
not proportional because arrived at a certain threshold, it begins to stabilize and the increase is not
as large as at the beginning. In general, convolutional neural network is important and deep, gives

good results and the performance of our network degrade if we choose the misfitted parameters.
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4.3 The results we obtained using MFCC in preprocessing

U Result when number of epochs = 50

1e12/1e12 [ ] - 195 19ms/step - loss: ©.4297 - accuracy: 0.8729 - val_loss: ©.3226 - val_accuracy: 0.9@7 T
Epoch 42/118
1e12/1e12 [ ] - 19s 19ms/step - loss: B.414@ - accuracy: 8.8746 - val_loss: 8.3265 - val_accuracy: 8.9878
Epoch 43/118
1e12/1e12 [ ] - 28s 19ms/step - loss: B.4052 - accuracy: 8.8781 - val_loss: 8.3134 - val_accuracy: 8.9114
Epoch 44/11@
1e12/1e12 [ ] - 19s 19ms/step - loss: 8.4032 - accuracy: 8.8782 - val_loss: 8.3123 - val_accuracy: 8.9114
Epoch 45/11@
1e12/1e12 [ ] - 28s 2@ms/step - loss: B.4048 - accuracy: 8.877@ - val_loss: 8.3182 - val_accuracy: %874
Epoch 46/118
1e12/1e12 [ ] - 28s 19ms/step - loss: B.3984 - accuracy: 8.8811 - val_loss: 8.3145 - val_accuracy: 8.9@91
Epoch 47/11@
1e12/1e12 [ ] - 19s 19ms/step - loss: B.3941 - accuracy: 8.8823 - val_loss: 8.3229 - val_accuracy: ©.9@93
Epoch 43/118
1e12/1e12 [ ] - 19s 19ms/step - loss: B.3985 - accuracy: 8.8793 - val_loss: 8.3124 - val_accuracy: 8.9185
Epoch 49/118
1912/1812 [ 1 195 16ms/step - loss: B8.3888 - accuracy: 8.8319 - val loss: 8.3288 - val accuracy: 8.9692
Epoch 58/118
1e12/1812 [ ] - 18s 18ms/step - loss: 8.3864 - accuracy: 8.8833 - val_loss: 8.3110 - val_accuracy: 9118
Figure 34: The result obtained using MFCC at number of epochs = 50
O Result when number of epochs = 90
Epoch 38/118
1812/1012 [ 285 28ms/step - loss: 8.3351 - accuracy: 8.8994 - val_loss: 8.2966 - val_accuracy: 8.9166
Epoch 31/118
1e12/1e12 [ 285 2@ms/step - loss: 8.3373 - accuracy: 8.8976 - val_loss: 8.2945 - val_accuracy: @.9182
Epoch 82/118
1812/1012 [ 28s 28ms/step - loss: 8.3336 - accuracy: 8.8098 - val_loss: 8.29087 - val_accuracy: 8.9174
Epoch 83/118
1812/1012 [ 28 28ms/step - loss: 8.3367 - accuracy: 8.8965 - val_loss: 8.3092 - val_accuracy: 8.9145
Epoch 84/118
1812/1012 [ 28s 28ms/step - loss: 8.33@7 - accuracy: 8.8987 - val_loss: 8.2998 - val_accuracy: 8.9176
Epoch 85/118
1812/1812 [ 28s 28ms/step - loss: @.3428 - accuracy: 8.8957 - val_loss: 8.2991 - val_accuracy: 8.9169
Epoch 86/118
1812/1812 [ 28s 28ms/step - loss: @.3362 - accuracy: 8.80683 - val_loss: 8.2931 - val_accuracy: 8.9179
Epoch 87/118
1812/1812 [ 28s 28ms/step - loss: @.3277 - accuracy: 8.9828 - val_loss: 8.2934 - val_accuracy: 8.9104
Epoch 88/118
1812/1012 [ 28s 28ms/step - loss: 8.3313 - accuracy: 8.9814 - val loss: 8.2976 - val_accuracy: 8.9167
Epoch 89/118
1812/1812 [ 215 Zggsfstep - loss: 8.3295 accuracy: 6.9811 val loss: 6.2918 val accuracy: 8.9280
Epoch 98/118
1812/1812 [ 28s 28ms/step - loss: @.3316 - accuracy: 8.8689 - val_loss: 8.2893 - val_accuracy: 8.9212
Figure 35: The result obtained using MFCC at number of epochs = 90
O Result when number of epochs = 110
1e12/1e12 [ 1 21s 2ims/step - loss: 8.3178 accuracy: ©.9946 val_loss: @.2957 - val_accuracy: glg A
Epoch 99/118
1812/1812 [ ] 21s 28ms/step - loss: 8.3264 - accuracy: 8.9835 - val_loss: ©.2885 - val_accuracy: 8.9193
Epoch 1ee/118
1e12/1e12 [ I 285 20ms/step - loss: 8.3197 - accuracy: 8.9831 - val_loss: 8.2083 - val_accuracy: 9172
Epoch 181/118
1e12/1e12 [ 1 215 20ms/step - loss: ©.326@ - accuracy: 8.9009 - val_loss: 8.2979 - val_accuracy: 8.9153
Epoch 182/118
1812/1812 [ 1 28s 20ms/step - loss: 8.3224 - accuracy: 8.9822 - val_loss: ©.2912 - val_accuracy: 8.9195
Epoch 183/118
1e12/1e12 [ 1 285 20ms/step - loss: 8.3152 - accuracy: 8.9856 - val_loss: 8.2084 - val_accuracy: ©.9285
Epoch 184/118
1e12/1e12 [ 1 215 20ms/step - loss: ©.3128 - accuracy: 8.9865 - val_loss: 8.2849 - val_accuracy: 0.923@
Epoch 185/118
1e12/1e12 [ 1 21s 2@ms/step - loss: ©.3184 - accuracy: 8.9836 - val loss: @.2878 - val_accuracy: 8.9196
Epoch 186/118
1e12/1e12 [ 1 285 20ms/step - loss: 8.3133 - accuracy: 8.9844 - val_loss: 8.2823 - val_accuracy: 8.9212
Epoch 187/118
1e12/1e12 [ I 215 20ms/step - loss: 8.3178 - accuracy: 8.9848 - val_loss: 8.2019 - val_accuracy: 2.9123
Epoch 188/118
1e12/1e12 [ 1 21s 2@ms/step - loss: ©.3286 - accuracy: 8.9844 - val_loss: 8.2844 - val_accuracy: 8.9229
Epoch 189/118
1812/1612 [ 1 285 20ms/step - loss: B.3138 - accuracy: 8.9868 - val loss: 6.3847 - val accuracy: 8.9155
Epoch 118/11@
1e12/1e12 [ 1 285 20ms/step - loss: 8.3157 - accuracy: 8.9854 - val_loss: 8.2831 - val_accuracy: 8.9233

Figure 36: The result obtained using MFCC at number of epochs = 110

60




4+ Comparison of results obtained using MSLFB and MFCC:

Preprocessing Training Validation
Epochs number
method loss accuracy val_loss val_accuracy
50 0.2117 0.9346 0.2751 0.9243
MSLFB 90 0.1599 0.9485 0.3142 0.9193
110 0.1343 0.9587 0.3172 0.9260
50 0.3864 0.8833 0.3110 0.9119
MFCC 90 0.3316 0.8989 0.2893 0.9212
110 0.3157 0.9054 0.2831 0.9233

Table 9: Comparison of results obtained using MSLFB and MFCC.

When comparing the results obtained using MSLFB and MFCC, we noticed that MSLFB gives
better results in terms of accuracy and error compared to MFCC with longer execution time, while

MSLFB gives acceptable results in terms of accuracy and error and takes less time to execute.
4.4 Comparing of our obtained results with RNN model

An ASR system using MFCC method as audio features, and a CNN for the speech modeling, was

implemented as described in the previous sections. The whole programming was implemented in
python.

In order to evaluate the performance of the proposed system, it has been tested with different types
of settings. At first, we have fixed the number of epochs for training, and we have tried several
CNN models, the second model gave the best results. After that, we tried the second model of CNN
with a different number of epochs, to tell us that the accuracy rate increases with time until it starts
to be stable when a certain limit is reached. The same thing for the error rate decreases with the

increase in the number of epochs.

In the following, we present our experimental results on our ASR system with CNN compared to
those obtained using RNN:

We discuss the work of Aditya Amerkar [54] on “Speech Recognition Using Recurrent Neural
Networks”. I found this paper interesting because it deals with the same task I did and described in
the previous part of this thesis, that is speech recognition, but using recurrent neural networks

instead of a CNN. Thanks to this work, we can understand the differences of the two types of
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networks and their performance. The main difference between the two models is that a
convolutional neural network is not capable of processing sequential information. This is because
the network processes every input taking into account only the present state of each neuron, which
is not modified by previous inputs. A recurrent neural network instead has this capability. Each
neuron has a sort of “memory”, that allows them to analyze and process each input taking into
account some of the information contained in the previous processed input. This mechanism
required a very large dataset and enormous computational power, three characteristics that make it
difficult to achieve and pursue academically. While a convolutional neural network does a
remarkable job for processes such as speech recognition for single and few words, for more
complex speech recognition projects, which want to process more words or even complex

sentences, the use of recurrent neural networks is essential.

5. Conclusion

In this chapter, we presented the system realized in our study using python language, and it is based
on a convolutional neural network representing a type of deep learning, for this, we compared the
structure of two different models and noted the difference in terms of accuracy and loss results. We
also used a model with a different number of periods and then we interpreted the different results
obtained in terms of accuracy and loss. Comparison of the obtained results showed that the number
of epochs and the structure of the model are important factors for obtaining better results. We have
seen the criteria on which we choose the programming language, the general interface and the
various functionalities of the system, as well as the obtained results, the results are satisfactory and
allow to deduce the advantages of the techniques used in this system. In the following we will
present a general conclusion and perspectives.
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Conclusion and perspectives

Over the past few decades, research in automatic speech recognition has been actively conducted
around the world, spurred by advances in signal processing, algorithms, architectures, and
hardware. ASR systems have been developed for a wide range of applications, including
communications, disability assistance, avionics, automotive, home applications, voice control in

robotics, office automation, voice response in remote interrogation systems, etc.

This thesis explored the problem of designing and implementing an automatic speech recognition
system. As part of this work, we first presented an in-depth introduction to the field of automatic
speech recognition and its main components, as well as a historical perspective on the main
inventions that have enabled advances in speech recognition. Next, we discussed the most important

methods used for speech recognition and audio signal processing techniques.

As conclusions, it can be said that the world of neural networks in the field of voice modeling and
analysis is constantly expanding and producing new and interesting results every year. For a ASR or
Speech Recognition model built using a neural network, the ideal would be the use of a recurrent
neural network, a very large dataset and enormous computational power, three characteristics that
make it a difficult goal to pursue in academic terms.

A simple Speech Recognition program, on the other hand, which deals with the understanding of a
few simple words, can be implemented instead through a simpler network, obtaining very good
result swhich is the case for our project, we applied convolutional neural networks to a data set of
65,000 words in one second from 30 short words by thousands of different people, after the speech
signal preprocessing, sounds file has been entered directly to the designed network structure that
contained multilevel learning procedure to achieve the model multi-classification task. From the
experimentation and research carried out during the drafting of this thesis, it is however clear the
enormous potential of these network structures, which over time, with new algorithms and new
increasingly powerful processors, is becoming one of the most varied and practical practices in the
world of information technology. The revolution brought about by neural networks radically
changes our conception of programming, from something that, based on pre-established rules, is
able to produce results, to something that can compose these rules autonomously by observing the

results.

This type of application greatly expands the horizons of what can be achieved through a computer,
making us touch a future in which artificial intelligence could be the master. As in the context of
speech recognition, the use of neural networks can be applied to almost all practices that somehow
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have an IT process behind them, greatly enhancing all programming areas that would require

extreme complexity in their design.

The study of these fascinating models has further increased my interest in this subject, which I will

certainly carry on as my studies progress.
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