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Abstract
One of the best ways to diagnose a disease in medical practice objectively is through medical
imaging. The importance of medical imaging cannot be overemphasized. In dentistry, dentists
often use radiographs, especially in finding hidden dental structure, bone loss, malignant or
benign masses, and cavities that cannot be examined during a visual examination. The use of
dental radiographs also helps dentists to detect hidden dental diseases early. This study is a
continuation of previous work which bothered on the development of an expert system the
diagnosis and prognosis of 20 Common dental diseases using Bayesian network. Th %s
developed using several symptoms associated with dental disease for diagnosing dehti¢ds
(D1- D20). The study was limited to symptomatic diagnosis which however ha§ sgfae,0bvious
gaps such as the uncertainty in the reasoning associated with Bayes rule, tt% i

parameter among others that were filled through the use of deep learn Is on dental
periapical radiographs through an improved model. The improve odeN was developed
integrating mathematical morphology (MM) operations (dilation, er q$ijﬁning and closing)
in the convolution layer of CNN, for data preprocessing and qualg atyre extraction. With its
high sense of intelligence (artificial) obtained during training, Vs receives dental images
and analyses them automatically for various clinical fin which 6 dental disease
problems were solved. With an achieved accuracy of ft can be established that this
system can be used in dental clinics with high confide very little or no-error-diagnosis.
To make this system more scalable and robust, mqr diseases should nbe added through
other MM based theory like lattice, topology a& functions other than set theory-based

MM used in this study. &

Keywords: Mathematical Morphologw ilation, Erosion, Opening, Closing,

Convolutional Neural Ne % (CNN)
Word Count: 285 \\{(/J?\
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Chapter One
Introduction

1.1 Background to the Study

A deep mathematical morphological neural network for the classification of periapical
radiographs in the diagnosis and treatment of dental diseases is a continuation of a previ k.

The previous study background was on diagnosing and prognosing dental di ing
symptoms as parameters. The system was developed using Bayes rule as a math. i odel.
It was an exploratory and experimental work that exploited the knowledge % perts to
develop an expert system that could diagnose 20 common dental disease eir various

symptoms. The study design and development were on simple IF-THEN fules.

An expert system as in previous study is one of the sub units of Artifi cNigence (Al) that is
domain-specific. It is developed using the specialized knowled }Q uman expert to solve
problems. Human expert as used in this context refers to on g<o‘@s a special skill acquired
through a period of training formally or informally and such %ﬂowledge is not commonly

available to anybody. In today’s technology, the output applied expert system technology
is termed expert system. Expert system technology 4 he use of special tools such as
programming languages and special hardware desi NOne who develops an expert system

limits his or her scope to just what is needed to %e\ ecific problem.

Artificial Neural Network (ANN) algorit fol\medical diagnosis and treatment today is
relying heavily on state-of-the-art techno% h as deep learning to assist medical doctors
confirm and reconfirm their subjectivesdiagnesi®, hence this study.

This study adopted the fundamengal tion concerning the difference between biological

neural network and artificial nedra ork which seeks to know whether the strength of the
electric potential of a signal tra\»%eﬁ

ong an axon is the result of multiplicative process and the
mechanism of the postsy:q%ism brane of a neuron adds the various potentials of the electric
impulses or an additiv% $ and the mechanism of postsynaptic membranes only accept
signals of certain strength? The state-of-the-art technology Convolutional Neural
Network (CNN), 1§ a uct of the answer to the first phase of the question where ANNs are
developed frofin the Itiplicative process and the addition of the various potentials of the

electric 1 of the mechanism of the postsynaptic membrane of a neuron.
Three k ves make up this study; Number one is to design and develop a mathematical
mo ical neural network. Number two is the use of dental periapical radiographs as basic

ereby developing a dental diagnostic model and number three is the treatment plan to

This study in a bit to answering the adopted question framed its research question to seek a way
to apply CNN differently yet get expected or better output. The study experimented on the
additive process of an ANN and accepting the signals of certain maximum strength of the
mechanism of the postsynaptic membranes thereby employing the services of the operations of
mathematical morphology which are basically dilation and erosion. In other words, this
experimental study shifted from the regular or conventional approach of CNN by replacing the
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convolution layer of CNN with Mathematical Morphology (MM) operations. With the outburst
of CNN, ANN model developers and designers are so carried away especially in feature
extraction such that little or no attention is given to ancient technologies like MM. The MM is
more mentioned in literature for segmentation and filtering applications than feature extraction.
The presence of CNN has drifted developers’ minds away from realizing the powerful feature
extraction ability in MM. Most literature articles on automated medical diagnosis are on the

application of CNN.

Addressing the application of deep learning (DL) in disease diagnosis, Bakator XL sav
obtained more than 300 articles, among which 46 were presented in more detailg®. e findings
showed that CNN was more widely represented. Mulrenan et al reviewed lite c@ e use of
Al for covid-19 diagnosis on CT and chest X-ray with an electronic search %udies among
which some were removed on basis of duplicate and some others as\irrelévant®. All of the
reviewed articles were diagnostic performances of CNN and none in; %MM.

Kumar et al also reviewed various literatures on different diseq8e “diagnosis with various Al
methods among which were Naive Bayes, Generative % ial Networks (GAN),
Convolutional neural networks (CNN), without a mention o %

In this study set theory based MM is used both for pre Mg and feature extraction. As a
feature extractor, it replaced the conventional convoluts er of CNN. That is to say that the
addition of the multiplicative process is replaced withMdditive process and taking maximum or
minimum depending on a particular MM s €0 peration applied. At this point, it is
noteworthy to say that some studies in the one similar works in which addition of the
multiplicative process was replaced with{additive process and taking maximum or minimum.
Most of these past studies employed lagttiee d operations as basic computational model.
Gerhard Ritter in an Internationa rence proceeding on Pattern Recognition in 1996
presented a paper on a generalﬁg}h to morphological neural network®. This author also
adopted the fundamental questN e difference between biological neural network and ANN
but applied lattice based%jrat ns to the latter query as a basic computational model,
which provided a strongtiplo ical basis for morphological neural networks.

Shen et al propo study on a morphological neural network to address the difficulty in

determining suitable mdwphological operations and structuring elements when given an image®.
Franchi et ropdstd a study on morphological and convolutional neural network that is
trained fr: tch to replace the standard max pooling in CNNs with a learned morphological
pooling
The ohd objective upon which this system is developed is the dental disease
i . People who suffer from one ailment or the other are best described as patients.
D patients are people who suffered from dental disease(s). One best way to diagnose dental
disease(s) is the use of medical radiological equipment such as X-rays, Magnetic Resonance
Imaging (MRI), Computerized Tomography (CT) scan to mention but a few. The use of
radiological equipment is advantageous to doctors as they help in the detection of diseases which
are not symptomatic and beyond what the ordinary eye can see during physical examination. The
radiological equipment such as X-rays help dentists to detect hidden dental diseases early. A
disease when detected at the point when it is not symptomatic certainly gives good prognosis

2



because the chances of altering its natural course with adequate interventions are very high
which in turn halts the progression of the disease®.
In defining this model, dental periapical radiograph is a key data for the research besides the
primary parameters of MM and CNN, thereby resulting in a model that diagnoses dental disease.
Automated disease diagnosis models abound but not much is done on dental diseases.
Mulrenan et al reviewed 23 articles on the application of Al for automated medical diagnosis.
Eleven out of these reviewed papers were on chest X-ray for covid-19 diagnosis, 12 wer%(T
ent
1sease

scan for same disease’. Rogers ef al in decades past reviewed 58 articles botherin %
diseases among which non was dental disease’’. Among the several articles on au@(e/
1

diagnosis reviewed by Kumar et al, is void of dental disease'!.

The third objective which is the inclusion of telemedicine is a gap in previo%&y lled in this
study. This aspect of the study is necessary especially to this part of the world as there is serious
brain drain of medical practitioners as reported by Ojoma Akorﬁ%a&icle published in
DailyTrust!2. The brain drain is as a result of among other rea }s,\ k of conducive work
environment, delay in payment. This has caused developing Q Nigeria fall short of the

world health organisation (WHO) recommended doctor-to- oh ratio of 1:600 to 1:4000-
5000 as reported by same author in the same article. Q

1.2 Statement of the Problem \ %:
dt

In recent years, computer applications have ev extent that computer models today are
made to learn and apply learned skills to reasfting and making predictions. CNN of course is the
state-of-the-art computer algorithm. A lot ©f dstedtion, prediction, pattern recognition, computer
vision works etc. have been credited er behind CNN. The ANN model developers and
designers are so carried away with & pecially in feature extraction that little or no attention

is given to ancient technologie |

MM is mentioned are appliedxl ol for image segmentation and filtering. The outburst of
CNN is a kind of blind ed d€velopers such that the powerful ability in MM for feature
extraction is not recogn oiNrelegated to the background.
In this study, a se .% M operations was integrated into the convolution layer of CNN.
Convolution operz{ion of multiplying node outputs with corresponding weights and taking
summation ofthe wetghted products are going to be replaced with morphological operations of
adding nodes’ owtput with corresponding weights and taking maximum or minimum values.
The ke emls addressed in this study are the gaps of previous study'’. The previous study
bot nthe diagnosis of 20 dental diseases using Bayes’ rule. The work was developed using
ptoms associated with dental disease for diagnosing dental diseases (D1- D20). The
st as limited to symptomatic diagnosis which however has its shortcomings. For example,
in dentistry, one of the key symptoms is pain. Pain as a parameter in medical science is highly
subjective in the sense that individuals have different pain threshold'*. What one individual may
perceive as pain may just be mere discomfort for another as they have different maximum level
of pain tolerance!®. This problem of pain perception by different individuals results in a dental
doctor’s subjective diagnosis where a dental disease may be under or over diagnosed. The best
bet to this problem is the use of a radiologic diagnostic tool as proposed in this study. The role of
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radiological diagnosis in every field of medicine and specifically dentistry cannot be over
emphasized. It is a key path to objective diagnosis. Experts in the field use radiological results as
evidence and confirmation to their subjective diagnosis. Early detection of hidden dental diseases
is made possible with radiographs. And this helps curb the danger in progression of the disease.
However, radiographs have their shortcomings. In some cases, especially in emergency
situations, the images produced by the radiological machines may pose quality problems_which
could pose difficulty in analyzing, thereby causing misdiagnosis. Besides emergencie %@s
generally suffer from what is known as environmental noises, patients’ special 1 in
photography, lighting conditions, and technical constraints of imaging devices wh cause
images to have low quality'é. With the MM operations, dental periapical imag rocessed
and made to have a sharpened view. With these sharpened images, an intelli%ﬁ el is trained
to understand and recognize the dental image patterns which will help dental“‘professionals and
\

learners in; &
i.  Clearly showing the disparity between CNN and MM-NT@
ii. Early detection of incipient dental diseases. &(,

iii. Prompt intervention including early preventiv tive approaches
iv. Enabling statistical evaluation of the co&“%n tween radiologic and clinical diagnosis

v. Eliminating the problem of dental QO}QKS aving difficulty in identifying key parts in a

dental image. Q
vi. Eliminating time wastec@f\ying areas of interest in a dental image.

Another shortcoming o us work was the use of Bayes’ rule. Bayes’ rule is a way of using
mathematics to det the conditional probability of an event. This means using a
mathematical fo %Ve the probability of an event given prior knowledge of another event.
In the work, p 'r;rg@yledge of an event which was the disease prevalence and symptom scores
in the samp ation determined the posterior (disease to be diagnosed) distribution. In non-
mathematl s, the Bayesian theorem in the work explained the probability of a claim
(disease) wiven
Symp is’ represented as P(D) and P(S) respectively, and the likelihood function of the
% given disease represented as P(S/D) was derived from subjective estimates. This
condtitutes a problem in disease diagnosis as there is so much uncertainty in the reasoning
associated with Bayes rule. Bayes rule begins with a prior probability distribution Pp (as used in
previous study) which is determined by an existing knowledge (prevalence of the disease in the
sample population) at a given period of time say t;. When a new piece of knowledge arrives at
say time t2, Pp, the prior knowledge changes to posterior probability distribution P(D/S). Disease
prevalence (D) and disease symptom (S) are the determinants of P(D/S). In determining P(D/S)




with a new knowledge best described as prevalence of disease in previous study, its inverse
P(S/D), the likelihood function of the symptom S given disease D plays a key role, as shown in
Equation 1.1.

P(S | D)* P(D) (n
P(S) '

P(D/S) in the formula is the prediction which is highly conditional, therefore subjec It
therefore means that use of Bayes rule in diagnosis is from the description of an event%\ an

from some form of physical and radiological examination. %
This study in overcoming the shortcoming of Bayes rule, introduces MM neura % to learn
the content of a dental periapical radiographs to diagnose dental diseases in% rrive at an

P(D|S)=

objective diagnosis.
Furthermore, previous work is desktop-based and it can only run loca %@Qmputer device.
To make this system accessible irrespective of location and tim oposed system is web

based

Lastly, existing work did not include a treatment plan for %ﬁ» ental diseases. Treatment
according to Collins’s dictionary is medical attention giv ik or injured person or animal.
The consequences of lack of treatment are that on e far more serious than it was
diagnosed. For example, untreated periodontitis esult in cardiovascular disease, tooth
mobility, decrease in masticatory function, and &ve tooth loss!”!8, Other diseases such as
respiratory infections and diabetic complicafignsS®¢ould result from the lack of treatment for
dental diseases. This study included a tregfmeqt plan whereby, users could have live interactive
section with a dental professional thro@ ing chat, telephone call, or text messages.

N

1.3 Aim and Objective e Study

This study aims to C% aps of previous work as stated in the statement problem; design and
ba

implement a - mathematical morphological neural network model that can diagnose

commo diseases through Periapical radiographs alongside carrying out a treatment

p The above aim was accomplished through the objectives listed below.

L%sign a web-based MM neural network architecture that can provide a radiologic diagnosis
of dental disease through periapical radiographs alongside providing a platform for treatment

planning



2. Implement objective 1 (the designed system) through the replacement of the convolution
operations with mathematical morphological operations.

3. Evaluate the implemented system.

1.4 Research Question Q\V\
t

The ability to correctly identify images at the early age of computer vision was (qui
But with time, as researchers crave the need for improvement, they achie 1
either by way of adding to mathematical functions or by filter increment o ement of an
existing model. Durand D’souza in his study said 1 in every 4 images incotrectly identified.
The desire to reduce the error kept burning and during AlexNet wosk, % w. Yeduced down to 1
in every 7. With further improvement, for example, in Google’% tton network, only 1 in
every 25 images is incorrectly or wrongly identified'®. With tk(/ sire to do something new,

the research question: *
1. In what way can CNN be applied differently y \/e great accuracy?

2. How would the answer to qustionl be beyefisial to upcoming researchers in the face of

limited dataset? (\’\
e

3. In what way(s) would answer% stionl be beneficial to automate medical diagnosing

through radiographs. \<,<5
1.5  Significance o QSt ‘y

The role played b% gical diagnosis in every field of medicine and specifically dentistry

cannot be emphasized. It is a key path to objective diagnosis. Experts in the field use
radiq %&ults as evidence and confirmation to their subjective diagnosis. Early detection of

ntal diseases is made possible with radiographs. And this helps curb the danger in
progression of the disease. However, radiographs have their shortcomings. In some cases,
especially in emergency situations, the images produced by the radiological machines may pose

quality problems which could pose difficulty in analyzing, thereby causing misdiagnosis.



Besides emergencies, images generally suffer from what is known as environmental noises,
patients’ special conditions in photography, lighting conditions, and technical constraints of
imaging devices which could cause images to have low quality?°.

This research work would help in;

1. Clearly showing the disparity between CNN and MM-NN ®
2. Bringing back MM into the picture of modern research in deep learnin%\%
1d

3. Seeing to the problem of uneven distribution and shortage of denta tors in Nigerian

develop intelligent deep

\
hospitals through the provision of a treatment planning pla &\
0

4. Encouraging future researcher to experiment on (@/
ML algorithms. %\

5. Medically, it will help in; @
i.  Early detection of incipient caries. \’\
»

ii. Prompt intervention including Qp ntive and curative approaches

iii. Enabling statistical evalua e correlation between radiologic and clinical diagnosis

iv. Eliminating the prq@ﬁental doctors having difficulty in identifying key parts in a

e
dental image. QQ

v. Elimina gtgwrvasted in identifying areas of interest in a dental image.

vi. S@ dental images for a better and easy diagnosis.
Q ;cope

The study is focused on the design, and implementation of a web-based mathematical
morphological neural network algorithm to classify dental periapical radiographs.

1.7  Limitations of the Study



The study is limited to experimenting on integrating set theory based mathematical morphology
operation into a convolutional neural network algorithm to carry out radiologic diagnosis. A
definitive clinical diagnosis is impossible in some cases.

The system cannot elucidate soft tissue affectation from dental disease. In other words, thwiy

is limited to the diagnosing of common dental diseases through periapical radi@nly

Therefore, no form of physical examination on patients or other forms of dia pected as

part of this study. & \
N
&

The following terms, according to how they are used i%t y, are operationally defined thus:

1.8 Operational Definition of Terms

Activation Function %
An activation function is a mathematical functien\in aiartificial neural network that determines

which node is activated or fired after Qeé&xl g a weighted sum of input from a linear

transformation. \Q

Algorithm. Q\ .
A sequence of defs taken to solve a problem.

Artificial ’\

Things ugh human skills, opposed to natural
ion
ConWOlution is a mathematical operation that permits the combination of two sets of information

In simple terms, it is the combination of two functions, say f(t) and g(t) to give a third function.

Dilation



Just like the literal meaning of the process of being made wider or larger, dilation as used in this
study is one of the operations of Morphology that adds pixels to the boundaries of an image,
thereby increasing the size of the image.

Erosion

The dictionary definition of erosion is the process by which the surface of the Earth gets worn
down by means of natural elements such as wind, water, etc. It has to do with removal thqugh as

used in this study but it is that of pixels from image boundaries. V\
Gradient Descent %\
Gradient Descent is an algorithm that is used to locate the least possible error, IS% ction)
value in a machine learning algorithm. %
Intelligence %\

The ability to learn and apply learned skill to solve a problem.
Loss Function «N \
Loss function is a measure of how confused a model is in predicti@%& he difference between

the predicted value and the actual value.

Machine Learning (S'E ~
Data-based algorithms used in training a computer sy a& le them learn patterns, make

s
accurate prediction without being precisely program %

The science of getting computers to learn and improye earning over time in an accurate and
automatic manner, by giving them data and infi tio

Morphology

In this study, the term morphology was @ refer to the shape, (form appearance of the
images) and structure (size)of an ima

Periapical Q

Periapical as used in this study€re an intraoral dental X-ray type, therefore, periapical
radiograph implies static image\.{e/ ted from the use of a periapical dental x-ray machine.
Pooling \h

Pooling is a term used%n e feature map passed from the convolution layer of a CNN is
spatially reduced. Q

Radiographs

Radiographs Aﬁt mages generated following the passage of x-rays through a patient. It is

what the and non-imaging clinicians refer to as an x-ray. All images used in this study
are stati of dynamic or fluoroscopic.
R stands for Rectified Linear Unit. It is a non-linear activation function that is piecewise in

nature. ReLLU outputs an input directly if it is positive, else it will output zero.

Softmax

Softmax is an activation function used at the output layer of a neural network that takes a vector
and creates a probability distribution.

Telemedicine



It is the provision of healthcare services by medical practitioners and healthcare givers via
telecommunication tools

1.9 Outline of The Thesis

Dental Disease Diagnosis and Treatment using Periapical Radiographs is

experimented on the additive process of a deep ANN and accepting the si certain
maximum strength of the mechanism of the postsynaptic membranes ther ing the
services of the operations of mathematical morphology which are basically dt nd erosion.
It seeks a way to apply CNN differently yet get expected or better outpyt. The outcome of this
experimental work resulted in the diagnosis of dental disease Whic&ﬁ;{ a treatment plan to
close gaps of previous study upon which the entire study is built on

The rest of the study is organized as follows; chapter two identi ey concepts of the study
and explained some relevant theories as well as related lite e study approach, design,
data type and data collection method, algorithm, and exp setup comprise the subjects of
chapter three. Chapter four highlights the study fingi nd results while chapter five on

Design and Implementation of a Web-Based Mathematical Morphological Neural Net Mr
{%& hat

QJQQ\ .

<
N}
$

Chapter Two
Literature Review

10



This chapter reviews some theoretical frameworks that are related to this study. Before the
review, an overview of the basic concepts which are fundamental to this research, beginning
from Machine learning (ML), mathematical morphology (MM), through convolutional neural
network (CNN) to dentistry and diseases that are related to dentistry alongside treatment
planning is systematically outlined.

2.1 Conceptual Framework k
The study is on the general knowledge of artificial intelligence under which Deep l@( L)

is housed. MM is one of the key focus in this study as its importance as w cdpability in

\
the study achieves its objectives and some other concepts that ﬁle&% of previous study are

discussed as framework of this study @
2.1.1 Artificial Intelligence Overview §

There are different definitions of AL All o everal definitions boil down to a computer
having the intelligence of human and maki !ie {sions on its own without a human intervention.

pattern recognition and feature extraction is part of the aim of the studﬁﬂle aset with which

John McCarthy referred to as the father of icial Intelligence defines artificial intelligence

as “the science and engineering of intelligent machines especially intelligent computer
programs?!. The beginning of A a scientist Alan Turing posed a replaceable question:
Are there digital computers whidl{ can do well in the imitation game? With “Can machines
think?” The imitation gamsg, is a e to test if a machine can successfully take the place of a

as the Turing test. The game was a game played by two humans
arthy argued that if the machine could successfully pretend to be
human to a knowl€dge observer then you certainly should consider it intelligent. This test
would satisfy ngost pgople but not all philosophers. The observer could interact with the machine
and a huma etype (to avoid requiring that the machine imitate the appearance or voice of
the perso % the human would try to persuade the observer that it was human and the
machine try to fool the observer??. In 1956, John Mccarthy, an American mathematician
whoa outh proposed a research conference tagged “The Dartmouth Summer Research
oh Artificial Intelligence” and that was the first time the phrase “artificial intelligence”
wasN#feard. John Mccarthy was also the inventor of LISP programming language in a space of
two years after the Dartmouth conference?:.
After the Dartmouth conference, between 1956 and 1975, the concept of Al was well received by
people and organizations as there was a lot of investment on Al. Within these years, specifically
1959, Massachusetts Institute of Technology (MIT) set up the first Al laboratory that was
founded on the principle that vision, robotics, and language are the keys to understanding

human which today is k
and a machine. John

O
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intelligence, and ultimately how the human mind works?*. During this period, “MYCIN”, a rule
based expert system that can use artificial intelligence to identify bacteria causing severe
infections, such as bacteria and meningitis, and to recommend antibiotics with the dosage
adjusted for patient’s body weight was developed by Edward H. Shortliffe. MYCIN system was
also used for the diagnosis of blood clotting diseases. It was the first artificial intelligence

xnert cvstems were intradunced formally in the 1060g and

Artificial Intelligence first laboratory established at MIT

12



Figure 2.1 Artificial Intelligence history and evolution. Image by author

which beat the world chess champion was created in 1997. In 2002, robots replaced@‘m

so many sphere of life, and 2004 through to 2016, DARPA came up, and the fifst voice
was recorded as well as Google Deepmind. Figure 2.1 depicts how Al evolv@ally to what
we have today as state-of-the-art technology in Computer science/En &Qg\

Al over the years evolved through advance research in Machi@g (ML), ANN, DL to

CNN as depicted in Figure 2.2 \\

Convolutional
Neural Network

Artificial Artificial

Intelligence Machine Neural
Learning Network

2.1.2 Machine Learning \
\

Machine learning @s ted in Figure 2.2 is a subset of Al concerned with the question of how
to construct cognpu rograms that automatically improve with experience?. It is a dominant
problem-so '&hniques in many areas of research Kristian Kersting clearly made a remark

between ML and Al thus; if you can write a very clever program that has, say,
avior, it can be AIL But unless it automatically learns from data, it is not ML?’.
Tha a logical interpretation of ML. For an Al program to be termed ML, there must be
8arny nd availability of data. Therefore, the concept of ML is established on the idea that a
comptiter system can be trained either from interacting with the environment, past experience, or
from data. Today’s ML evolved from developing computer models from predefined equations
supplied with data to setting up parameters about the data and making the computer learn
through some form of supervision. Making a machine, a non-living thing to learn sounds funny.
The question here is, according to Alan Turing, “can machines learn?”” And how does a machine

13



learn? Is machine learning similar to human learning? To answer all of these questions, we have
to understand what learning is.

Dale H. Schunk in a book titled “Learning Theories; An Educational Perspective” defined
learning as an enduring behavioural change, or the ability to behave in a given fashion, which
results from practice or other forms of experience?®. An in-depth analysis of the definition of
learning three criteria was identified by the author. Number one the author saw that lgarning
involves a change in behavior or in the capacity for behavior. What this means is that | is
visible when people begin doing something different from usual. And the result is
observed in the outcomes of the learner.

The number two criterion according to the author is that learning endures ov g@ learning
to take place, time must be involved though not forever and not for too sh%;\me like a few
seconds. The third is that learning occurs through constant practice and %Va ion of others.

Mimicking human ability in learning is major areas of research in whﬂ éls are developed to
learn and behave as humans in areas like speech and pattern reco@nitiomy, Research in computer

science/engineering is ongoing to bridge the gap between ma}@ humans in learning and
co\a

prediction making. In other words, machines should be abl d perceive things the exact

way as humans and apply this gained knowledge to ca aMieeded task as/and even better
than humans in terms of speed and accuracy. %\

2.1.2.1 Brief History of Machine Learning Q

The technology of Al is being embedded i$ t eVerything one can think about. Measuring up
1zt

with consumers’ expectations by t% ns means relying heavily on present-day Al
\>

technology and the algorithms £s</ &d with it to make things easier?®. Such technology as
tlhﬁ

machine learning algorit ables computers to communicate together and with humans,

.

drive cars autonom Q{etect fraud, give assistance in directions and traffic, tracks search
history, reco% based on search history, etc.

Machine history started back in the 1940s. The level it has reached today is a result of
the @in tion and contribution of individual inventions in the form of frameworks and
&hms at different times. In 1943, a neurophysiologist and mathematician wrote a paper
captioned A Logical Calculus of Ideas Immanent in Nervous Activity. In this paper, the first
mathematical model of a neural network was proposed and it triggered many theoretical
investigations up to the present day about neural networks®’. The theory was illustrated by
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modeling a neural network with electrical circuits. In a space of 7 years Alan Turing in 1950
posed a question, “Can machines think?”, in a paper called Computing Machinery and
Intelligence while at the University of Manchester. This question made men of creative minds
never stopped thinking about how to make a machine reason and behave like a human. T%i\ea
behind this question posed by Alan Turing is without any human intervention a math uld
be able to take its own decision and this is about behind AI*!. Turing didn posing a
question, he invented the “Turing Test” to test whether or not a comput r asm%ﬂligence; that is,
if a computer is capable of thinking like a human being.

The idea of computer’s ability to learn did not die in Tur er researchers like Arthur

Samuel put the idea into practice by writing the ﬁrs% learning program in 1952. The

program was a game of checkers that helped imp %

term Machine Learning was also coined @@u Samuel in later years precisely 1959%. As
0

research work on computer intellige

M computer better at playing it. The

fiued, the first artificial neural network aimed at
pattern and shape recognition, ¢ lkhceptron was designed by Frank Rosenblatt in 195833,
Perceptron was develope irbh(cCulloch and Pitts model and it could classify data into two
.
classes of 1 and 0 wi@{[able weights and a bias of 1 with the aid of supervised learning rule.
John MccarthyfAme&icadn mathematician in 1956 proposed at Dartmouth a research conference.
The confe as tagged The Dartmouth Summer Research Project on Artificial Intelligence
and %wa the first time the phrase artificial intelligence was heard. John Mccarthy was also
t&ventor of LISP programming language in a space of two years after the Dartmouth
conference®*. Going advance in the quest for making computers reason and make decision
without the intervention of human, simple cells and complex cells in the human visual cortex

were described by Hubel and Wiesel in 1959%°. The authors researched into how pattern
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recognition process is achieved in steps by the combined efforts of both simple and complex
cells. It was these two authors who in their paper described in details how that in recognizing a
pattern, cells at their different levels carry out specific task in learning and identifying patterns
How that edges and bars of particular shape or orientations are responded to by simpl&eells,
while complex cells besides responding to edges, they are spatially invariant. T tial

invariance is achieved by “summing” the results of several simple cells that for the same

\

image). It was from the work of these authors that CNN models d@cir basis.

ADALINE and MADALINE, two instances of neural ne@
1959 were developed at Stanford University3°. ADAL%\Q

prediction of what the next could be in a stream b\sh le MADELINE, could eliminate echo
on phone lines. \’\
“Gradient Theory of Optimal Flighqs&é a paper by Henry J. Kelley, a professor of

aerospace and ocean engineerin t%rginia Polytechnic Institute published in 1960. It was a

orientation (e.g. horizontal bars) but different receptive fields (e.g. bot%ml le, or top of an

by Widrow and Hoff in

detect binary patterns and does

work on control theory that was ¥Sed to develop the basics of a continuous back propagation
.

model used in trai@ural networks. This control theory concept brought about the
modification Q uring feedback and  over the years, the author’s concept is widely
recognize @plied to Al models.

Ale@%enko considered as the father of deep learning who was a Mathematician was the
r&her whose research work is recorded for creating the first working deep learning networks
in 1965. The author developed a family of inductive algorithms for computer-based
mathematical modeling of multi-parametric datasets that features fully automatic structural and

parametric optimization of models which was applied to neural networks. Alexey Ivakhnenko
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learning algorithm for his deep learning model used deep feed forward multilayer perceptrons
using statistical methods at each layer to find the best features and forward them through the
system. The author in 1971 developed an 8-layer deep network from the group method of data
handling he developed some years back which demonstrated a successful learning proce%n\a
computer identification system called Alpha®’. %
Hubel and Wiesel’s work so inspired other researchers like Dr. Kunihiko F \&@ who in a
study proposed a self-organizing neural network model for a mecham&%m recognition
that was spatially invariant in the 1980s. Dr. Kunihiko Fukushlm an recognize stimulus
patterns based on the geometrical similarity (Gestalt) of th w1thout affected by their
positions. \
Yann Le Cun, a postdoctoral computer science rase h and his team in the 1990s built on the
&developed a CNN which could recognize

work done by Kunihiko Fukushima. Le <

handwritten digits. He called it Le

authors in their paper, “Gradien@‘l‘earmng Applied to Document Recognition”, trained a

convolutional neural netwo %l(the MNIST (Modified National Institute of Standards and

LeCun), first modern application of CNN.The

.

Technology) dataset @\dwritten digits*®. He applied back-propagation to train Fukushima’s

artificial neur net , the method has a 1% error rate and about 9% reject rate on zip code

digits.

Afte@% Yann LeCun in the 1990s and 2012, not much was done because CNN models
a large amount of data and computing resources to train. This brought about a major

drawback for CNN at that period. But shortly after in 2012, a paper by Krizhevsky et al titled

ImageNet classification with deep convolutional neural networks revisited deep learning®®. In

this work, a large, deep convolutional neural network was trained to classify 1.2 million high-
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resolution images into different classes. The neural network was made up of 60 million
parameters and 650,000 neurons, consisted of five convolution layers, some of which were
followed by max-pooling layers, and three fully-connected layers with a final 1000-way softmax.
The work entered into a variant of the model in the ILSVRC-2012 (ImageNet Large ScaleWisual
Recognition Challenge) competition and achieved a winning top-5 test error r: %

%,

in this work was the availability of large sets of data, namely the ImaggNgt t with millions

compared to 26.2% achieved by the second-best entry. One of the sources of%@devement
datase
\

of labeled pictures, and vast computing resources such as the Us, ReLU activation

function, regularization technique called dropout and data %ﬂ’aﬁon. The success of this
N

work brought about a revolution in computer vision. x

have been developed thereafter. @

ANN is a Machine Learning mo@} inspired by the human brain. It is a collection of nodes

fantastic and challenging works

2.1.3 Artificial Neural Network

interconnected such that I&!fcarries out a simple computation. The nodes are arranged in
e

layers hierarchicalli g with the input layer where the system communicates with its

environment, B%

where p% information is passed or communicated to its environment. The layers in ANN
ai

y hidden layer(s) for information processing and lastly the output layer

eac @ one or neurons where computation takes place. Data from the input layer passes
t&h all the layers wherein each node classifies the characteristics and information of the
previous layer before passing the results on to other nodes in subsequent layers*. Unlike

machine learning that makes “decisions according to what it has learned from the data, ANN
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arranges algorithms in a fashion that it can make accurate decisions by itself The computational
capability of an ANN is determined by the number of the hidden layers it contains.
2.1.3.1 Artificial Neural Network Topologies

ANN are of two topologies: Feed forward and Feedback.
L Feed forward: Feed forward NN as shown in Figure 2.3 is the simplest type o 1

input layer, hidden layer(s) and output layer*!. In a feed forward network, @n pixel
intensity values are fed into the input layer as input values. These input Vahﬁ®e only in one
direction from the input nodes through the nodes in the hidden layete_th&ohtput layer. Within
the nodes in the hidden layer, some mathematical operations plidd to the numerical values

Z% numerical values are sent to

that arrive there. The results of the mathematical operati

the neurons at the output layer where output is gener: edforward ANNs have fixed inputs

and outputs and does not have loops.* T%used mostly in pattern generation, pattern

recognition and classification. <\

(
<
N}
$

I1. Feedback topology: The feedback topology as shown in Figure 2.4 is a NN that has feed-

Input Layer

| -
o 0]
= >
o ©
| =]
c =
© Q
o -+
o] 3
T O

Figure 2.3 simple Feedforward ANN*

back paths. Signals in this type of network system travel in both directions using loops unlike the
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feed forward network that is one directional without a loop. Feedback NN experience changes in
its parameters until it gets to equilibrium and as a result of these changes the network becomes a
non-linear dynamic system. Each feed forward output that is undesirable is accompanied with
some adjustment of weights and this continues until a desirable output is generated or acve\d.

Feed forward architectures are mostly used in content addressable memories**. (&

A\('\

\D°
&QJ Figure 2.4 Feedback Neural Network

Source:https://www.tutorialspoint.com/artificial_intelligence/artifici

% al_intelligence neural networks.htm

2.144 Deep Learning
Deep Learning (DL) neural networks are neural networks under the big umbrella of ML that are

structured after the functioning of human brain neurons. It is a term used for “stacked neural
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networks. DL is a form of ANN with 3 layers and above. It is significantly known for its layer

depth.

Each layer of nodes in deep-learning networks trains on a distinct set of features based on the

previous layer’s output. More complex the features of an object are recognised at deepe@s

of a DL because there is a recombination and aggregating activity from previous la@wwn
in Figure 2.5. %\

Successive model layers learn deeper intermedlate representatmns

High-level

.T' f, ,‘:’ u Layer 3 linguistic representations

Parts combine
to form objects

Layer 2

- L] TN ANV P
S NUNSESNY =25 pEas!

Prior: underlying factors & concepts compactly expressed w/ multiple levels of abstraction
WMS Ascending order of deep learning image feature extraction

% Source: http://wiki.pathmind.com/neural-network

2.% Convolutional Neural Network (CNN)
CNN also known as ConvNet is a special class of deep (multiple layers) neural network
employed in the analysis and processing of images. Multiple layers is one key factor that

differentiates CNN from other types of neural network. The innovation of DL has gained so
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much recognition because of its learning ability through the handling of large amount of data in
the last few decades. Monumental growth in Artificial Intelligence brought about machine closer
to human in terms of learning and reasoning. The development of artificial neurons after the
neurons of a human brain bridged the gap between human and machine capabilities year%r

by earlier researchers in the 1950s.%° Further bridging of the gap between human an@e by

enthusiastic researchers went deeper to make machine not only reason but se @an, a field

known as machine Vision. *
S

The peculiarity of CNN as a deep learning algorithm is the emplo convolution as a layer.

Convolution is a mathematical function that expresses how: Qe%pe of a function is modified”
by another thereby producing a third function which is@ed function?.

Convolution in the context of neural netw& linear operation that involves the
multiplication of a set of weights with th % uch like a traditional neural network. As a

deep learning algorithm, CNN assi 'zdance (learnable weights and biases) to various

aspects/objects of input images @ﬁaﬁng one input image from the other. The architecture

of CNN is fashioned aftert %ﬁectivity pattern of human brain neurons and its organization
of the Visual Cortex“@

Some key an% mprovement of CNN over ANN is the reduction of parameters of ANN
in CNN, r this reason, solving complex tasks which was not very possible with ANN
bec §as developers could develop larger models*S.

& CNN is spatially invariant. What this means; judging from David Hubel and Torsten
Wiesel’s work in 1959 from which CNN was inspired, how that edges and bars of particular
shape or orientations could be recognized by simple cells while complex cells recognise what the
simple cell recognises even though they are of different orientation or particular shape or of both
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particular orientations and when these edges and bars are shifted around the scene. Hubel and
Wiesel’s study exposes the behavior of complex and simple cells, how that complex cells no
matter the orientation or position of a shape is able to recognize it and that it is not so with
simple cells as they can only recognize shapes of particular orientation*”. CNN has so ma%

important features such as image feature learning and feature extraction. Feature er&

ability of CNN progresses as input propagates toward the deeper layers. Edg% e

features are detected at the first initial layers while complex features at %ep layers®.
\

A

— CAR
— TRUCK
— VAN

d d — BICYCLE

FULLY
INPUT CONVOLUTION + RELU POOLING CONVOLUTION + RELU  POOLING FLATTEN B op SOFTMAX
FEATURE LEARNING CLASSIFICATION

\)@ure 2.6 CNN Diagram
Source; (slide 12 intr@n;o con
2.1.5.1 n@

nal Neural Network Features and their Operations

»
volutional neural networks (Stanford University, 2018))

ed ‘mainly of four layers. Convolution layer, activation layer, pooling layer, and

full;@l ed layer”
L. Q onvolution Layer: Convolution layer is Central and peculiar with CNN. It is the most

involved layer in CNN. It is the presence of convolution layer which is a key layer that the name

Convolutional neural network came to be. The “convolution” layer can be seen as the bran of
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CNN as processing of input data takes place in this layer “Convolution” in the context of a CNN
is a special operation performed in the convolution layer.

A convolution is a linear operation that involves the multiplication of a set of weights with the
input, much like a traditional neural network. A convolution operation is the simple ap tion
of a filter to an input that results in activation. The filter slides over the image for
patterns. Where that part of the image matches the filter’s pattern, the ﬁl% s a large

\

positive value, and when there is no match, the filter returns zero or a s%er value. Convolution
:\a‘;, processes each part,

put in a simpler language is a “function that focuses on an imag \

and provides the output. Mathematically put, convolution %{/%ematical operation that takes
0

an image represented as a matrix of pixel values and a_fi ernel as inputs and carries out a

dot multiplication on them to give an output de@ 1gure 2.7. The size of the filter is much

smaller than the size of the image which l@to process small parts of the image. Note that
0

the size of the filter is the same as the%

. <</ “Convolved

Irpage v feature”
pixels “Filter”

&

part of the image which needs to be focused on.

1 [1 1 ]0]o 43 4

ot jtjtjo 1]o]1 2 |4 3
Jo o[t 11 . 01 B

00 |1 |10 1[o]1 234

0 [1 |1 ]0 |0

Figure 2.7 Image-filter convolution
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Filters are usually square and are commonly 3x3, 5x5, or 7x7 matrix in size. The kernel or filter
moves over the image. As it moves over the image, it checks for patterns in that section of the
image by way of learning different portions of the image. The major reason for sliding the filter
over the input image is to identify some key features in the image and map it onto an w

There are some key steps taken in the process of feature extraction; the first step @(lply

the filter size values of the image by the filter values. That is, each ele§ e filter is

multiplied by an element in the corresponding location in the image, Khen 8l the results are
\

summed up, which gives one output value, that is, a scalar val \J‘{ liding of the filter is

repeated over the image until the filter slides over every pix

moving over the image is done systematically, a proc@

two or three etc.

the input image. The filter

tride. Strides could be a step, or

The convolution process of CNN is demo@h an image matrix of 5 by 5 and a filter of 3

by 3 with a stride of 1 in below 9 stepQ
A\ .
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olo|olo|—
olo|—|o|o
*
Il

1 1 0 @:
(1*1)+(1*0)+(1*1)+(0*0)+(1*1)+(1*0)+(0*1)+(1*0)+(1$\
\\\\
$\ 4 [3 |4
) _

1 [1 1o o A
o |1 [1 |1 ]o 1]o]1
Step6 [0 [0 [1 [1 |1 * lof1]o0 2 !
oo [1 [1 ]o 1101
o1 [1 ]o |o (\J'

(1*1)+(1*0)+(0*1)+(1®:1)+(1*0)+(1*1)+(1*0)+(o*1)3

Q\\‘
O

sep7 (T 71 71 To [0

%01110 R A

600111 *1?1 _ 2 3

Q 00 [1 [1]0 ot -
o1 [1 o |o

O*1)+0*0)+(1*1)+0*0)+O0* )+ (1*0)+O* 1)+ (1*0)+(1*1)=2

27



Step 8
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I*DH+A*0)+(1*1)+(1*0) %+(1 *O+(1*DH+O0*0)+(1*1)=4
Each kernel size in the image T% atrix represents a section of the image. However, kernel

size can be increased or§ sed depending on the size of the image to be viewed at a time

1I. Activation@

known as a % function. An activation function is very important in the building process of

he output of the Convolution layer is made to pass through what is

ANN. Atti function makes ANN learn and makes sense of something really complicated
linear complex functional mappings between the inputs. They introduce non-linear
properties to the network. Their main purpose is to convert an input signal of a node in ANN to

an output signal
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The activation function has the effect of adding non-linearity to the convolutional neural network.
If the activation function was not present, all the layers of the neural network could be condensed
down to a single matrix multiplication.

Activation functions are very important in the process of building an Artificial Neural Nevr\k.
Activation function makes ANN to learn and make sense of something really co @and
Non-linear complex functional mappings between the inputs’!. They in on-linear

properties to the network. Their main purpose is to convert an input signal of &node in ANN to

\
an output signal. \
Commonly used activation functions are sigmoid function a %C;%{ectiﬁed Linear Unit)
III. Pooling Layer: The second key layer in C\\%\BQ cture is the pooling layer. The
e

function of the pooling layer is to downsampje e the dimension) the output of the
convolution layer. What this means is tha @ the dimensionality of the feature maps by
combining a set of values into a smangb(r of values. Although it reduces dimensionality it
retains relevant information and€lyidtes only irrelevant information. This is where the down
sampling sets in. Over fiffi axlreduction of computing parameters is also achieved in this

e
layer. Two common %{f pooling layers are max pooling and average pooling. Max Pooling

selects the m& ixel value for each patch of the feature map while average pooling
calculates rage pixel value for each patch on the feature map. Between max and average
poos used often than average because max selects the brighter pixel values from the
im These values have the closest similarities of the features®. It is noteworthy to say that
pooling layer of CNN does not parameters (weights) that need to be learned during neural
network training. However, its layers are associated with two hyper parameters; stride(s) and
filter size (f). Stride determines the number of steps the filter moves over the pixel values of an
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image. Commonly used stride is 2. The commonly used filter size in pooling is also 2. Figure 2.8

shows an image of a max pool with a filter size of 2x2 and stride 2.

224x224x64

112x112%64 Single depth slice

max pool with 2x2 filters
SAEGN 7 | 8 and stride 2 6|8 \v
| ‘ 3 | 2 (KNS 3 ®
L1
1| 2 RSNl
224 downsampling 112
12  EE—— 0
224 y
A\

Figure 2.8 CNN pooling lay \

bad

-

Source; (extracted from https://leonardoaraujosantos io/artificial-

inteligence/machine_learning/deep_leart@/ “layer)

Fully Connected Layer: The convolution layer of @ to identify patterns. This layer lacks
the ability to make decisions as to classify p@or this reason, the fully connected layer (FC)

becomes very necessary especially 1 lz&@) tion models. Fully connected layer is the last

layer of a CNN. This layer Work@\ al neural network. It receives an output from either
0

the last pooling layer or c@'\)

e
layer in the architect %al s the same amount of output neurons as the number of classes to

ayer that is flattened as its input. The final fully connected

be recognized. Tha fully?connected layer based on the features extracted through the previous
layers an % ifferent filters performs classification. Classification in FC layer is made
ible bd¢atlse every input vector but not every weight (extracted features from previous layer

poss
i% ed and received as a vector) from the previous layer influences every output of the

output vector.
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Figure 2.9 Fully connected network @

Source: https://towardsdatascience.com/convolutional-neural-networ & 76¢05
Unlike the convolution layer, each neuron in this layer is conr@ another neuron from the
next layer as depicted in Figure 2.9, and each such co %%n

as a particular weight. “Each

neuron in a fully connected layer applies a linear tgant tion to the input vector through the

weights matrix. As a result, all possible cor@{s layer-to-layer are present, meaning every

9% 53

input of the input vector influences eve tpufbof the output vector” °-. In a FC, the output size

is specified by the number of col 1 weights matrix.

2.1.5.2 The working and akﬁ*istics of CNN

e
Artificial neural net re a simulation of real biological neural network in a computer. A
neural networ egmubiological or artificial, consists of a large number of simple units of

neurons t Ve and transmit signals to each other. As seen in Figure 2.10, the human brain

f terconnected neurons that transmit electrochemical signals.
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Brain Neuron Structure

Dendrites

Cell Body

Synapses

Nucleus *

Figure 2.10 Structure of biological neuron §\
ch

Source: https://www.linkedin.com/pulse/neural-network-sr Ql hary

These neurons in their interconnected nature process data to @mﬁon. Neurons vary in
1

many forms but a typical neuron is made up of a cell bod& nucleus, dendrites and axon.
The dendrites extend from the cell body of the neur %&Ve information from other neurons.
The cell body collects information from the d ﬁ%, relays this information to other parts of the
neuron and maintains the general functio@t e neuron. The axon is the part of the neuron
that communicates or sends infom@t to other neurons. It also stores information. It does

so at the axon terminal called% >4 A synapse is able to increase or decrease the strength

of the connection betwe@gohs.

These brain neuro% e organic switches. They can change their output state depending on

the strength &{ electrical or chemical input. Because the output of any given neuron is input

to thou% of other neurons, learning occurs by repeatedly activating certain neural
s over others, and this reinforces those connections. This makes them more likely to

produce a desired outcome given a specified input. This learning involves feedback. When the

desired outcome occurs, the neural connections causing that outcome become strengthened®.
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A typical neural network (NN) architecture is composed of layers of neurons that are fully
connected. A simple NN consist of input layer, hidden layer and output layer. Each layer consists

of one or more nodes, represented by small coloured circles in Figure 2.11 below.

V\
Artificial Neural Network @8\\

Architecture

e )
e P N “‘“‘-—-_,H\‘
- L \X; B ¥
™~ — — NS
,;>(:><\7 gt e
" < //H"‘H e ‘“‘“—_}(ii
e S -——___:,-4£7/--_§_‘“.
e e
St e E i Ve - - ™

—
—

Input Hidden Output
Layer Layer Layer

Figure 2.11 Str:;tu@rtiﬁcial Neural Network

Source: https://www.linl% /pulse/neural-network-srasthy-chaudhary

The lines between the indicate the flow of information from one node to the next. In this

particular type of % ork in Figure 2.9 the information flows only from the input to the

output (tha@om left-to-right). Other types of neural networks have more intricate

connect%

as feedback paths.

likened to the cell body while the synapses of the axon is comparative to the output layer of the

biological neural network. The input layer transmits signals to the neurons in the next layer,
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which is the hidden layer. The hidden layer is usually about 10% the size of the input layer>®.
The hidden layer extracts relevant features or patterns from the received signals. Those features
or patterns that are considered important are then directed to the output layer, which is the final
layer of the network>’.

The basic artificial neuron model involves a set of adaptive parameters, called wei s%\ases.
These weights are used as multipliers on the inputs of the neuron, which are . The sum
of the weights times the inputs are called the linear combination of the ig&s.

The nodes of the input layer of NN are passive, meaning inputs Q})Q yer\are not modified.
They receive a single value on their input and duplicat@t to their multiple outputs.
Relatively, the nodes of the hidden and output layer%X\tl 38 This means they modify the
data. The modification is done by passing the, d ough what is called a mathematical
function. The mathematical functions are ﬁfunctions that are combined with biological
principles to solve complex proble g Mathematical functions are of different types

depending on what the system w}to achieve. Some of the Mathematical functions are

Sigmoid, Hyperbolic Ta t,&ffmax, Softsign, Rectified Linear Unit (ReLU), Exponential
e
Linear Units (ELUs Qz

2.1.5.3 Advﬁw of CNN over ANN

The inv%

ghine learning technique. The convolution layer is able to detect and learn patterns such

of a special type of layer named convolution layer makes CNN different from

as edges, lines and corners from image and image-like input. In other words, CNN can capture or
are able to learn relevant features from an input image which is not possible with Conventional

ANN. Conventional ANN learns over time through what is called back-propagation algorithm. ANNs have
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weights and hidden layers. Input features are fed into the layers of an ANN directly and these features are multiplied

with the weights in the hidden layers alongside other mathematical operations and then an output is generated in the

output layer. In most cases, the output from the first iteration is somehow far from the expected or target
output. In order to get expected or very close to expected result, a process called back-

propagation is done. The back-propagation process involves adjusting the weigl@%s

so that in the next iteration the output moves closer to the expected resll\ er key

difference is in the architecture of these networks. In CNN only the last ay%: ly connected

which utilizes the output from the convolution and pooling layers toyrddic Vass in the case of
a classification problem whereas, in ANN, all the layers are %Caected. A filter convolves
over the input image in the convolution layer to extract %l CNN which makes it the most
different from other ANN architecture. Convoluti% ¢ is moving the filter over the input
image with a given size of step known as stﬂgé@s could also be seen as breaking the image
into the same size of the filter each of which_is gonvolved with the filter. The filter goes through
the patches of images, performs gn t-wise multiplication, and the values are summed up
as demonstrated in Section 1.1 (Convolutional Neural Network Features and their
Operations). & :

There is also th c&fer)ge in how weights are utilized. In CNN there is weight sharing. Each
kernel sli n entire image thereby extracting features from the image. Since the same
kerngl, slilgsthrough all the pixels of the image, the same weights are shared reducing
C Qonal cost against ANN that uses different weights in all the connecting channels. CNN
therefore can be used to process very large images with less computation and memory cost

compared to ANN>°, Due to the above stated qualities, CNNs have so far given state of the art

results in image classification.
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2.1.5.4 Application Areas of CNN

State-of the-art Convolutional Neural Networks have been very successful in solving many
problems in the domain of machine learning. CNN because of its precise results when gpplied
to real-world problems has found itself in many disciplines including medical scien %ey
areas of CNN application are computer vision (scene labeling, face r 0, action
recognition, and image classification) and natural language processing (that 1S} the fields of

speech recognition and text classification)®. CNNs are deployed % ’t&e Enition of structure

of an image because it is modeled after the visual cortex of ®

the human brain are responsible for processing different \ information, and these parts of

brain. Different parts of

the brain are arranged in order of layers. By this, 1 ation that comes into the brain is
processed by each level of neurons, provi@ﬂﬂ, and passes the information to the next,
more senior/advanced layer®!. What it.me is that visual information that enters the brain
through the eyes, travels througl(z! n the brain regions, passes through different layers of

imple cells to complex cells according to Hubel and Wiesel

increasing complexity, th@@
where they describe@d

identifying imﬁtm res starting from simple visual representations such as edges, lines,

e
e tells and complex cells in the human visual cortex capable of

curves etc e use the edges, lines or curves to detect simple shapes in the second layer and
N

thquh ese shapes to detect higher-level features, such as, faces or full bodies in higher

R

CNNss are modeled.

e last layer is then a classifier that uses these high-level features®2. This is exactly how

CNNs when given large number of images to train, can learn to adjust their artificial neurons’

connection weights (strength) such that, after training, they are able to recognize image
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structures no matter their size and position, and are able to classify such images that they have
never even seen before. This detection ability is achieved by scanning feature maps over an input
image. The idea is that the neuron will output a large number if it detects a pattern that looks like
its weights’ pattern on the input image. By training the network, these weights actuall &e
such that they look like patterns of the input image. CNN for its powerful abilityéto ize

image is applied in computer algorithms for: \
»

a. Face/image Recognition: Facial recognition is a way to identi an individual's

\

identity through image, video or any audiovisual element of \ e%. Two variants are

%ﬁgitally onboard a face and

. Second is to verify a registered

performed in the facial recognition process. First is to regi

associate it with an identity and stored in database of the ¢
face. A captured facial image by the camerx ny Into the system as data”. It is then

authenticated by crossing it with the exi@a in the database of the system, taking into
m

consideration some key features due t%

b. Image Classification: Imag&%ﬂtation is the process of categorizing and labeling groups

of pixels or vectors withi irn\agf based on specific rules. When a human being opens his/her

1dimensionality of the structure of the face.

eyes, the objects se asily identified. Humans identify and group objects no matter the

position or CQ% is not so with computers. Computers don’t find such task of easily

o% s quite as easy and this is where deep learning comes in. Computers are trained
witra images and mathematical models in order to identify images and classify them when
gi%'he task to do so. They learn features to look for from the several images they are trained
with coupled with some mathematical operations. The best and most accurate results in machine
image classification have been credited to CNN. The accuracy of CNN to image classification is
because CNN is modeled after biological neurons. Neurons in CNN known as artificial neurons
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filter through an input image to identify small areas of the input image such as corners and edges.
And these small areas combine in higher layers of the artificial neural system to until the entire
image is learnt.

Yadav and Jadhav applied CNN based algorithm on a chest X-ray dataset to classify pneurieqia.
They evaluated three techniques; linear support vector machine classifier with local 0&1 nd
orientation free features, transfer learning on two convolutional neural networ » (Visual
Geometry Group i.e., VGG16 and InceptionV3), and a capsule network trainingthrough
experiments. The findings on this work presented CNN-based met }\&e bzst of all three

%&ffectively“.

artphone devices through

methods because they can learn and select features automati

Mishra et al classified images that make their way intQ.t

various social-media text-messaging platforms @b
images, quote-based images, and photogra@‘\rio s convolutional neural networks (CNN)
d

based models were trained on their se%

task’s optimum model. The rese@k achieved an accuracy of 95%. Every image that got

into their phones were au tié‘l{ grouped into the number of categories that were defined. A

lot of CNN models f e classification abound. There are the ones that Can Classify Fashion

oad categories: document-based

taset and compared their results to find our

Images using E% VINIST dataset into different fashion categories as defined during

training®. Q

c. ﬁcation: Several text classification methods based on CNN have been developed.
r[%CNN based text classification works of late have shown very high performance and accuracy. Wang et al/
proposed CAPTCHA recognition methods based on deep CNN. This work overcame the
problems of low efficiency and poor accuracy of traditional CAPTCHA recognition methods.
The work improved on memory consumption and achieved an accuracy of above 99.9%.%Xiao
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and Cho proposed a neural network architecture that utilized both convolution and recurrent
layers to efficiently encode character inputs. It achieved comparable performances with less
parameters®’.

Yao et al proposed a novel Graph Convolutional Network (GCN) for text classificationfGCN

captures document and word relationships, and global word co-occurrence infor@%g ize

limited labeled documents well%®. \%

Wu et al reviewed Text Classification Methods based on Deep Learni%on lutional Neural
\
Network-Based (CNN-Based), Recurrent Neural Network-BQe:)\\RNN-based, Attention

Mechanisms-Based and so on). In their review, many st e%med that text classification

methods based on deep learning outperform the t%\m methods. This is because text
C

classification methods based on deep learning @

and have higher prediction accuracy for a | gx of unstructured data.®

mbersome feature extraction process

d. Action recognition: Action recog@ ems are specially used for surveillance. They are
used for monitoring scenes to ¢ c»ekherous actions and to prevent crimes. Arunnehruet al
in a paper titled “Human ioﬁ&ognition using 3D Convolutional Neural Networks with 3D
.
Motion Cuboid Suw@q Videos used an advanced approach to propose for suspicious action
recognition in%' t video surveillance. They used 3D-CNN with 3D motion cuboid for
action det nd recognition in real-time surveillance video to stop crimes. The experiments
=

Hu Activity Recognition with Convolutional Neural Networks is a paper by Bevilacqua et a/

on KTH and Weizmann dataset and the outcome is a tremendous performance’.

in which the authors used CNN to classify human activities. The research work used raw data
obtained from a set of inertial sensors. They got a promising result’!.Ankita et al proposed a
model that combined convolutional layers with long short-term memory (LSTM), along with the
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deep learning neural network for human activities recognition. The model extracts feature and
categorizes them with some model attributes automatically. They used a dataset of UCI-HAR for
Samsung Galaxy S2 in the proposed architecture for various human activities. The work
achieved an accuracy of 97.89%for activity detection capability than traditional algokithms,
which is a very good one’?. Zeng et al developed a work based on CNN, to automatfca ract
discriminative features for activity recognition. They carried out their “expgn on three
public datasets, Skoda (assembly line activities), Opportunity (activiti &wn), Actitracker

\
(jogging, walking, etc.) the work when applied in real life situa(%{ ieved higher accuracy

than existing state-of-the-art methods of that time’s. @

2.1.6 Mathematical Morphology Overview @
Oxford Dictionary on Lexico.com defines §{é’@0 as a branch of biology that deals with the

form and structure of animals and pl%

translated to mean size and sha &z%c‘ﬁvely.
%«g

Mathematical Morphology \M s the name sounds is heavily mathematized according to
e

and structure in layman terms could simply be

Bloch et al as it b d concepts and tools from various branches of mathematics and

mathematical & deals with shapes, their combinations or their evolution: algebra (lattice

theory), .&m; , discrete geometry, integral geometry, geometrical probability, partial

diffl quations, etc.”.

I&ms of image processing, morphology is used to extract image components for
representation and description of region, shape, such as boundaries, skeletons, and the convex
hull. Image segmentation, edge detection, noise removal, and image enhancement are some of its
usages. In image processing, morphology probes the structure of an input image with what is
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known as a structuring element to understand the geometric properties of the image. With the
probing, it eliminates irrelevant parts and retains only relevant parts’. The resultant effect is to
make the image simple for analysis, It either modifies or tends to modify geometric features of
images’®. Structuring element used to probe an image for image processing is positionewl

possible locations in the image and compares with corresponding neighborhood(o(/' S to

determine the effect of the dilation or erosion on the input image. %\%

2.1.6.1 Brief History of Mathematical Morphology l\*
Georges Matheron and Jean Serra” are household names in M@
n

MM. MM dates back to 1964 when Georges Matheron, % gineer from the Corps des

\
are founding fathers of

Mines, working with the B.R.G.M. (i.e., geologica in Paris studied the geometry of
porous media in relation to their permeabiliti &same time, Jean Serra, a civil engineer
from the Ecole des Mines de Nancy and @\J{ hD student under the supervision of Georges
Matheron had to quantify the petro

of iron ores, in order to predict‘%

Georges Matheron intr“ MM as a technique for analyzing geometric structure of metallic

and geologic samt)

characterize ical properties of certain materials, e.g., the permeability of a porous medium,

a@i.e., the macroscopic and microscopic study of rocks)

Jean Serra extended to image analysis. Their main goal was to

by exar% eir geometrical structure. Their investigations have led to a new quantitative
in image analysis, nowadays known as mathematical morphology™.

Morphology is founded on the basis of set theory. Therefore, its operation is defined by set

arithmetic. Sets in mathematical morphology represent objects in an image. Objects in image in

this context are the pixel value of the image. For binary image, it is the pixel value of the image
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where the x, y coordinates intersect each other at a point in the coordinate plain. It is denoted as
7? because the sets are members of 2-D integer space' For the Grayscale image, it is denoted as
Z3. The third component in the grayscale image besides the 2-D is the discrete intensity value of
the pixel. V\
The concept of set reflection and translation are also used in mathematical momhol@
Reflection as regards image processing is a transformation representing a %he image.
Images may be reflected in a point, a line, or a plane. In reflection thg Set of points in B (X, y)

\
coordinates are replaced by (-x, -y). Translation on the other han N " an object or image a

fixed distance in a given direction. The original object a&% ation have the same shape

and size, and they face in the same direction.

During Jean Serra’s PhD research period, after G o@%heron introduced MM as a technique
%logic samples, Serra came up with the idea

for analyzing geometric structure of metal%
of using structuring elements. The i uSHfig structuring elements is to interact or probe the

shape of an image. Probing the %n image is more or less like looking through a window
of a particular opening to yi&w thrdfigh the image for areas of interest (AOI). This is achieved by
e

positioning the struc lement at all possible locations in the image and it is compared with
the conespon%&@borhood of pixels.

Structurin nt has some striking characteristics: size, shape and origin. The size of the
stru §ment acts as a ‘window’ over which the interaction takes place. Besides acting as a
v@w, the size of a structuring element also helps to differentiate image objects or features®!.
Georges Matheron said, knowledge about an object depends on the manner in which we probe
it’2. Probe here means to observe. And this observation is done using a structuring element of a

particular size and shape.
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The size of a structuring element can be a 3 x 3square, 5 X § square, 7 X 7 square, or even 21 X
21 square. These various sizes of the structuring element can be likened to setting the
observation scale. Observation scale here answers the question: how large or small of the image

do you want to view at a time?

Figure 2.12 shows the arrangement of ones and zeros in a pattern within a matrix w@x
shape of the structuring element. %\b

Figure 2.12 Shape of a str lement
The pixel of interest that is to be processed is j tiglbby the origin of the structuring element

as shown in figure 2.13. The origin of a QrN }
matrix. It can be placed in any p051QO e matrix.

g element is not restricted to the centre of a

@gure 2.12 Shape of a structuring element with origin at the centre
2.1.;.2 Morphological Operators

In image processing, there are some basic steps taken to pre-process an image to enhance the it

for further analysis. Such enhancement of images for further analysis could be achieved through
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I.

il

morphological operations on the image. Morphological operations remove undesirable elements
such as noise, blurriness, distortions etc. from an image structure. Two fundamental operators of
mathematical morphology which make image processing possible are dilation and Erosion.

Other operators such as opening, closing, thickening and thinning were derived from difation

and erosion. %\
&

Dilation means to grow or expand. Dilation operator denoted as a stgn\nside a circle

Dilation

increases the size of an object. The extent to which the obj ize Jincreases depends on the

nature and shape of the structuring element.

Dilation is defined as; @
X B={P Zip=x+b, (\’\

x X,b B}

Where; ((?\:
X = set points of the imag&\/

B = set points of stru element

P= summatio&f‘g@put image set points (X {xi, x2}) and the structuring element set points

(B @t particular points.

Erosion operator
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The erosion operation is a complement of the dilation operation in context with the operation
effect. That is, erosion operation causes object to lose its size. The erosion of an image A by
structuring element B causes shrinking of the image.

iii. Opening and Closing

Opening and closing help to separate and join objects. ®
a. Opening Operation: Morphological opening involves the application @, followed

by dilation. Opening operation detaches objects that are touching but shotld notbe, and enlarges

\
holes inside the objects. By repetitively applying erosion and dil 1}\ age details which are

smaller than the structuring elements can be eliminated @Ecting its global geometric

features. It smoothens contours by suppressing small igla , opening operation is simply an

operation is defined as:

erosion operation followed by a dilation operati®n
(AoB)=(AO©6B)B <\’\

b. Closing operation: Morpholo ;@ losing involves the application of dilation, followed
by erosion joins broken object% s in unwanted holes in objects. It smoothens the contours
lim

by filling in narrow gulfss% iminates small holes. It involves one or more dilations followed

by one erosion. Q
. (A -B)&ng@ B.

e

)% are electromagnetic radiation from high-energy®’. X-ray imaging creates pictures of the
inside of the body. The images of the parts of the body are shown in different shades of black
and white. This is as a result of different amounts of radiation absorbed by different body tissue.

While calcium in bones absorbs x-rays the most, fat and other soft tissues absorb less, and air in
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lungs absorb the least. Therefore, bones look white, soft tissue look gray and lungs look black in
X-ray images®.

X-rays can be traced to Wilhelm Conrad Rontgen a physicist, a Wuerzburg University professor
in Germany. In 1895, Wilhelm Conrad Rontgen observed X-rays, a significant sc%ﬂc

advancement that ultimately benefited a variety of fields, most of all medicine, b@ the

invisible visible. Working with a cathode-ray tube in his laboratory, R% bserved a
n was

fluorescent glow of crystals on a table near his tube. The tube that Ro% working with

\
consisted of a glass envelope (bulb) with positive and negative eleﬂrg%wncapsulated in it. The
air in the tube was evacuated, and when a high Volta®

fluorescent glow. Roentgen shielded the tube with h \q@ paper, and discovered a green

led, the tube produced a

colored fluorescent light generated by a mateﬁx t8d*a few feet away from the tube®>. He

dubbed the rays that caused the x-rays &\ calise of their unknown nature®®, X-rays are
i

electromagnetic energy waves that a to light rays, but at wavelengths approximately

1,000 times shorter than those ig¥ft. Rontgen holed up in his lab and conducted a series of

experiments to better und ar%! discovery. He learned that X-rays penetrate human flesh but
e

not higher-density su@s such as bone or lead and that they can be photographed. Rontgen’s

discovery sooptbec an important diagnostic tool in medicine, allowing doctors to see inside

the hum@or the first time without surgery. Figure 2.14 below shows a sample of an X-ray
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Figure 2.14 A sample of an X-@§7‘
2.1.7.1 Dental X-Ray and Types §

Dental x-ray images (radiographs) were am@ rst X-ray images obtained of humans®®. The
discovery of X-ray by Professor Wil Q(yrad Roentgen in 1895 was instantly recognized.
This is because Roentgen’s disc &ﬁ&ed a great potential for diagnosing internal medical

Q@ also found out that the rays could pass through human

conditions. Roentgen in hi dw
X‘
ss

tissue but they could rough bone and teeth, rather, created a shadow. He learned how

to make pictur m {i€se shadows and from this learning, carried out his first experiments a
film of hi nd89.

Dro %ff in December 28, 1895, exactly fourteen days after Roentgen’s first publication
z&very of X-rays, took the first dental X-rays. It took Walkhoff 25 minutes of X-ray
exposure to produce the image. And that image he captured was a radiograph of his own teeth®.

Thereafter, the next line of dental X-ray history is credited to prominent New Orleans dentist

Edmund Kells who took the first dental X-ray of a living person in the US in 1896 and reported
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on the role of radiographs in dentistry. A member of the faculty at the Indiana University
School of Dentistry, R. Raper, further advanced dental radiography by writing the first book

titled “Elementary and dental radiography?!,”>.

After the initial hype of medical X-ray application had passed, it took several years befo%

radiography became an integral part of dental practice?>. When it did, however, te

improvements such as faster film speed, improved image quality, and patient c
to each aspect of the radiographic imaging chain to address specific pragti§al or diagnostic

challenges in dentistry. Today, x-rays are a normal part of a routin (M xamination.
2.1.7.2 Dental Radiographs §

X-rays as stated in section 2.1.7 are high-en }&Ectromagnetic radiation. Since the discovery

of X-rays in 1895, it has been a commo@ng test that’s been used especially in medical

sciences. X-rays are similar to Visi@, but unlike light, x-rays have higher energy and can

pass through most objects. X-?&)Q/

through the body or the%e rBan are absorbed, reflected off, or traversed through the body®*.

their high-frequency energy waves when they penetrate

Medical x-rays arﬁ) generate images of tissues and structures inside the body. The images
produced b are formed on an x-ray detector placed on the other side of a patient. The x-
ray dete re of many types, a common one among them is photographic film. The x-ray

ed on these detectors are called radiographs®.

Dental radiographs constitute the main data and are also the heart of this study besides CNN and MM.
One of the primary diagnostic tools used in dentistry to determine disease states and roll out

necessary treatment plan is radiographs®®.
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Dental radiographs are very important part of dental care. Dental doctors get a more complete
view of what’s happening in the mouth of dental patients.” Dental radiographs are achieved

through two major X-ray groups: Intraoral and Extraoral.

i. Extraoral X-rays; Dental radiographs achieved through extraoral X-rays are w

the photographic film placed extraorally parallel to the teeth to be imaged, such g{e/ oth of

interest comes in the center and the beam is directed through the opposite si soft tissue

without exposing the crowns of opposite side teeth. Extraoral é{ Qrovide important

information about the jaw and skull” besides the teeth. C—}
AT

a. Panoramic View: Panoramic X-rays show the whole cture with jaws and teeth in

single view. They give a much larger perspective@ all of the teeth, joints, and nasal
t

areas. This type of X-rays are used to detect di nt 1

as cysts, fractures, tumors, impacted teeth (nd\dg 1 caries etc.

%entire side of the head. These X-rays are used to

ctions or problems present in teeth such

b. Cephalometric projections:

profile of the individual”.

examine teeth in relation to the\&

ii. Intraoral Rad@plﬁ: Intraoral Radiographs are the most common type of dental X-
ray images. To a%) ese images, the “X-ray film is placed inside the mouth of the patient.
Here the de@qtor is looking for cavities and checking the status of developing teeth. They
also give ntal doctor the ability to view tooth roots, check the health of the bone and even

periodontal disease. There are different types of intraoral X-rays, among which is

periapical. Each one shows different aspects of the teeth. The study focused on periapical

radiographs.
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II.

a. Periapical Radiographs: The term periapical is a combination of two terms Peri, (a prefix
meaning “around” or “about”) and apical (meaning "apex" or end of tooth root) and its objective
is to capture the tip of the root on the film®’. These will give dentists a complete view of one or
more teeth including all of the primary components such as the crown and the supportinw&e
structure. It is used to determine teeth caries in a particular tooth, because it allow(z/ t to

visualize the whole tooth as well as the teeth surrounding cavities of bone. %\b
hs

Figure 2.15 shows an example of a Periapical radiograph. Periapical rad% re chosen in this
\

study because they are the most common dental radiographs. \’\

\'d

i r&}é Periapical X-ray Type
\ ce: https://www.colgate.com
Bitewing ¥X-rays#The bitewing types of X-ray are when the patient bites on cardboard

tab as d(@d in Figure 2.16.
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Figure 2.16 Bite-wing X-ray \&\ \

Source: https://www.colgate.co

Normally four bitewings are taken as a set. They may@%{often as every six months for
people with frequent cavities or every two or tli a r individuals with good oral hygiene

and no cavities. In this view, the crown s ®f the Upper and lower teeth are visible. It
shows how the lower and upper teet ei&tn the mouth is closed. These X-rays are used to
check different dental diseases p{@:e upper and lower teeth particularly gum disease and
cavities between teeth. &\/

.
il Occlusal '@%s type of X-ray captures all the upper and lower teeth in one shot
while the fil ’egﬁon the biting surface of the teeth®®. This X-ray type is typically used to assess
tooth de t among children. The primary teeth can be observed along with the developing

-%- t teeth while giving you a view of the mouth floor as seen in Figure 2.17.
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X
@

\

Figure 2. 17 Occlusal X-ray

Source: https://www.colgate.com c\
2.1.7.3 Why Dental Images Are Processed %“((/{ N

One of the most important operations in computer visi age Processing is segmentation.

Segmentation as defined as the process of parfitiohing or decomposing a digital image into
smaller segments to extract information her analysis and decision making. For the
purpose of this research work, dentals were partitioned in order to extract areas of interest
to see if a dental X-ray image h% ¢ction or not. “Dentists often use X-rays especially in

e,ﬁé loss, malignant or benign masses and cavities that cannot be

finding hidden dental stru

examined during v, ination’. The use of X-rays helps dentists to detect hidden dental
diseases early argﬁQtectlon of a disease at a point in its natural history when it is not yet
sympto y to medical disease good prognosis. Early detection of disease may allow for
mte jons that alter its natural course, thereby halting disease progress and preventing the

f adverse outcome”’

52


https://www.colgate.com

2.1.7.4 Application of Processed Dental X-ray in Artificial Neural Networks

Processed dental radiographs (denoised images) are not processed for the fun of processing it.
After dental X-ray image is denoised and areas of interest extracted, it can be used to train an
artificial neural network system that will be able to diagnose, classify, predict to mentiovlt\a

An artificial neural network (ANN) attempts to simulate the network of n% he human

brain!®. By this, computers are made to learn from example (by v@ ing) in order to
1

tra
\
make decisions and predictions like a human. ANN is inspired by G\QK al neurons also known

as brain cells to aid machines with intelligence without ex;&% ming.’%
dendrites \
- @& nucleus \ N
V' e ol e

=N T

I AP on Pk
..'am":n
terminals

— »

»
( out

P

&8
\ Figure 2.18 Biological Neurons!"?

The biological brai @in Figure 2.18 receives the stimulus from the outside world through

the dendrites, dQes rocessing on the input in the cell body, and then generates the output to

other ne@)ugh the Axon. As the task gets complicated, multiple neurons form a complex

etv@pa sing information among themselves. Artificial neural network mimics a similar

=

be%or. In Figure 2.19 below image the nodes represent human brain neurons.
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Deep neural network

HIDDEN LAYER HIDDEN LAYER 2 HIDDEN LAVER 2

INPUT LAYER

7 -
SR s b
‘Qﬁ’qég,‘zf'//
RIS
o

Source:https://searchenterpriseai.techtarget.com/defipwi ral-network

Figure 2.19 Deep neural network diagra:’\\ \

The first sets of nodes are the input neurons. They rec b}\iggw input information from the
outside world.

The neurons in ANN are highly connected a@strated in Figure 2.20. The connections are
weighted. Data goes through each unit ing\e}twork as input, thereby causing the network to

learn. The inputs are multiplied v@ orresponding weight and summed together.
A N

° - — out(t)
in(t) < ° W3 o .

e

\) Figure 2.20 Graphical representation of mathematical model of a neural network

X0y + Xy + KWy + e + Xptly
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Each successive node (neuron) receives the output from the node preceding it, rather than from
the raw input. The last sets of neurons are the output neurons which produce the output of the
system. The neurons between the input and output neurons are known as the hidden neurons. The
hidden neurons constitute the processing unit of the ANN. They transform the in into
something the output unit can use by causing some activation function on the inputsat unit
of the network. The activation function is a mathematical model represented% ctivation

function is of many types. For the purpose of this work, the activation filpctiof\types to be used

\

are ReLU and Softmax functions. ( \’\

s (5 )+ ®

Weight * input = dot products between inputs a% rresponding weight (W*X)
e

3 ( Weight * input) = “sum of dot products b&
weights(W*X) <

Activation = “mathematical functioQ % (f(x)) that converts an input signal of a node in a

ANN to an output signal.
Bias = “Bias is a constant which s the model in a way that it can fit best for the given data!®.
e

\
2.1.8 Ove 0%9
B

\% iagnosis, prevention, and treatment of diseases of the teeth, gums, and other structures
of thi

nputs and their corresponding

entistry

ritage Science Dictionary defined dentistry as the branch of medicine that deals

mouth. Dentistry is a branch of medicine that consists of the study, diagnosis, prevention,

and treatment of diseases, disorders and conditions of the oral cavity, commonly in the dentition
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but also the oral mucosa, and of adjacent and related structures and tissues, particularly in the
maxillofacial (jaw and facial) area!®.

Figure 2.21 displays the oral cavity which is the first section of the mouth, also known as the
mouth cavity. The mouth is made up of a space that is bordered in the front and to the s by
two alveolar arches, which contain the teeth. Toward the back, it is bordered by t% s of

the fauces. This entire structure is also called the mouth; %\b

the structures within the mouth allow us to taste and masticate (chew) allow food and

to
\
drink, and to manipulate the air that comes up from the voice box EQBS{ e can form words.

e

Parts of Oral Cavity

Hard paolate
Buecal mucosa

Retremalar . Cral longue
rigane \ > (Anterior 2/3)

Floor of

Gingiva mauth

Figure 2.21: Dental Oral Cavity'®
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Dentistry is widely considered necessary for complete overall health. Doctors who practice
dentistry are known as dentists. The dentist's supporting team which includes dental assistants,

dental hygienists, dental technicians, and dental therapists aid in providing oral health

services!%. \V\
2.1.8.1 Brief History of Modern Dentistry @(/
Since prehistoric times, when people have had issues with their tee h re ave been other

people there to help. How we care for our teeth have changed er past several thousand

years, and today we call the professionals who care for tee@

“It was between 1650 and 1800 that the science o dentistry developed. The English
physician Thomas Browne in his letter to a . 1656 pub. 1690) made an early dental

observation with characteristic humour.” < \

The “French surgeon Pierre Fauch. %ne known as the "father of modern dentistry. Despite

the limitations of the pr1m1t1v ical instruments during the late 17th and early 18th century,

Fauchard was a high ﬁk surgeon who made remarkable improvisations of dental

instruments, often d@ tools from watch makers, jewelers and even barbers, that he thought

could be u Nentistry. He introduced dental fillings as treatment for dental cavities. He
)

asserted%

d that tumors surrounding the teeth and in the gums could appear in the later stages of

r derivate acids like tartaric acid were responsible for dental decay, and also

tooth decay'?’. He also suggested that substitutes could be made from carved blocks of ivory or

bone. He also introduced dental braces.

57


https://en.wikipedia.org/wiki/Thomas_Browne
https://en.wikipedia.org/wiki/A_Letter_to_a_Friend
https://en.wikipedia.org/wiki/Pierre_Fauchard
https://en.wikipedia.org/wiki/Surgeon
https://en.wikipedia.org/wiki/Watch
https://en.wikipedia.org/wiki/Jeweler
https://en.wikipedia.org/wiki/Barber
https://en.wikipedia.org/wiki/Dental_filling
https://en.wikipedia.org/wiki/Dental_cavities
https://en.wikipedia.org/wiki/Sugar
https://en.wikipedia.org/wiki/Tartaric_acid
https://en.wikipedia.org/wiki/Caries
https://en.wikipedia.org/wiki/Gingiva
https://en.wikipedia.org/wiki/Ivory
https://en.wikipedia.org/wiki/Bone

Fauchard was the pioneer of dental prosthesis, and he discovered many ally made of gold, he
discovered that the teeth position could be corrected as the teeth would follow the pattern of the
wires. “Waxed linen or silk threads were usually employed to fasten the braces. His contributions
to the world of dental science consist primarily of his 1728 publications Le chirurgien den%\or
The Surgeon Dentist. The French text included "basic oral anatomy and fu @ntal

construction, and various operative and restorative techniques, and effective@ dentistry

from the wider category of surgery.'!®

\
After Fauchard, the study of dentistry rapidly expanded. Two im@\books, Natural History

of Human Teeth (1771) and practical treatise on the disease eth (1778), were published
N

by British surgeon John Hunter. In 1763 he entere@\

London-based dentist James Spence. He beg corize about the possibility of tooth

eriod of collaboration with the

transplants from one person to another. I<§'ze that the chances of an (initially, at least)
0

successful tooth transplant would be% if the donor tooth was as fresh as possible and
was matched for size with the r@\ hese principles are still used in the transplantation of
internal organs. Hunter u@'a series of pioneering operations, in which he attempted a

‘ e
tooth transplant. Althe donated teeth never properly bonded with the recipients' gums,

one of Hunte;%géﬁds stated that he had three which lasted for six years, a remarkable

] % e period!®.

achieveme
Mand ances were made in the 19th century, and dentistry evolved from a trade to a
&ion. The profession came under government regulation by the end of the 19th century. In
the UK the Dentist Act was passed in 1878 and the British Dental Association formed in 1879.”

In the same year, Francis Brodie Imlach was the first ever dentist to be elected President of the
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Royal College of Surgeons (Edinburgh), raising dentistry onto a par with clinical surgery for the

first time!%,

2.1.8.2 Radiologic Appearances of Common Dental Diseases ( <</:

Potential benefits of imaging studies include diagnosis of illness, and th@s’ty or benign

nature of that process, is made quickly and accurately. Medical ima@e&sential not only at

initial diagnosis, but for treatment planning also. It is essentd %e monitoring of how a

disease is responding to treatment i.e. whether a treatn\% should continue, adjusted or

stopped'!°. Listed below are six dental diseases trea@ study.

. Dental Caries. Dental caries is perhaps e% prevalent chronic disease''!. Confirming

Norman Tinanoff, two authors, Rathge~an ra also said dental caries is reported to be the

112

most common and one of the oldgst s found in humans'!*. The authors also said caries is a

Latin word meaning deca@syas originally used to describe a hole in the teeth as seen in

Figure 222 QQ\
,\QJ

S
QQ
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3 .. '-h
Figure 2.22 Den

tal. éar‘ ")
Source: https://www.onhealth.com/con&,@

tal_procedures
Etiologically dental caries is a dietary related bacteria a \ hen acid-producing bacteria and

fermentable carbohydrate interact over time, the er%
that results to dental caries. Dental caries d@
i

2. Periodontitis. Periodontitis is a te

ts softened and begins to decay, and

both the crowns and roots of teeth!!3.

om two words; "periodont-" meaning structure

surrounding the teeth and "itis" ?gﬂnﬂammation““.
Q& L)
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Figure 2,23 Reriodontitis'!s
Putting these two words together, pgrredohtitls therefore is an inflammation of the structure

surrounding the teeth as depict@g re 2.23. Periodontitis appears on periapical x ray as

widening of the periodont@ﬁ space and bone loss!!®.

S

Fractured T(& ragtured tooth also known as tooth crack is “when a piece of a tooth's

chewing

trauﬁl juries to the teeth and oral structures. If the early stage of breaking down the hard

en%l is not treated, a cavity forms.

breaks off” as seen in Figure 2.24. Tooth fracture in most cases is due to
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3.

Figure 2.24%raCtured tooth
Source:https://pocketdel‘ti%kc 0m/9-radiographic-interpretation-of-
ck

traumatichttp% entistry.com/9-radiographic-interpretation-of-
The traumatic injuries are caus%@p:h

or severity of damage tooth results from the impacting object’s shape, energy and the

direction of the ob

traumatic-injuriesinjuries

er a direct or indirect impact to the tooth!'!”. The amount

Dental ure 2.25 is an image of dental radiograph. Dental cysts are small pockets of
ﬂui%h ould be sterile or contain infectious material usually found around the roots of dead
or cted teeth, within the gums, around impacted wisdom teeth, in maxillary sinuses or within

the jawbone!'"°.
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ibi

~N
Figure 2.25 Dent \

Source:https://www.researchgate.net/figur es-of-dental-cyst-a-Radicular-cystb-
Fonic@ figl 322946738\
There are three types of dental eriapical cyst, dentigerous cyst, and odontogenic

keratocyst. All of these cyst typesdiave their peculiar characteristics. Periapical cyst is the most
common dental cyst am )tb(ese three types and it is referred to either as a radicular cyst,
or apical periodon @) root end cyst, or simply dental cyst'?°

. Impacted T, Qg{re of a tooth to erupt into the dental arch within expected developmental
window$¥ tooth impaction in dentistry. In other words, the tooth does not break through
t ecause there is eruption obstruction. The tooth is retained permanently unless exposed
surgiCally or extracted!?!. Tooth impaction may be caused by various reasons such as
overcrowding or tooth coming in position or direction. Figure 2.26 is a periapical X-ray

radiograph of an impacted tooth
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Figure

2
Source:https://upload.wiki Ugo-ﬁwikipedia/commons/e/e6/1mpacted_Wisdom_
Too%\ er_Left Third_Molar_38 RVG_IO

5. Dental Cavities. Dental eawities r€sult when a hole is formed in the tooth as a result of decay.
e

N\

teria on the teeth. The bacteria break down the food and drinks we

Decay is caused b .%
consume into &a@then this acid helps to break down the hard coating on our teeth called

NS
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Tooth Decay

Decay (cavity) —=———~__ Enamel
Drentin ; = Bul
Gum —ss, Ba e P
B Mernve

Root canal ———f 7

Advanced Decay Decay
in enamel decay indentin  in pulp
Figure 2.27 Stages \E)}h Decay
Source: https://www. .comfcg/dental-cavities.html

No pain is felt at the earlier stage of dent$ but the longer it goes untreated the more the
C

hole gets deeper and gets to the point% aff cause severe pain. Figure 2.27 shows the different

stages of tooth decay. \<§\
* L)
2.1.9 Telemedicin@

Telemedicine & mote delivery of health care services through telecommunication
situation whereby the participants are not physically present but via

technolog
tele@tion. Telemedicine is a word coined by World Health Organization in the

9

givers render services off their physical zone through telecommunication tools. With these

. WHO coined this word to fit and describe the services medical practitioners and health

telecommunication tools, diagnosing a disease, giving treatment plan, carrying out surgeries, and

a lot more are practiced today. The meaning of telemedicine should not twisted to mean a
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specialty in the medical field but rather a tool to disperse traditional medical practice beyond the
walls of the typical medical practice.!?,!?*, Telemedicine could be between two medical doctors

or more working as a team or between patient and a doctor.

2.1.9.1 The Practice of Telemedicine in Nigeria
The use of telemedicine started far back in 2007 when the National Spac@gh and
Development Agency and Federal Ministry of Health inaugurated their oject in six

Federal Medical Centers and two teaching hospitals across the cou& Between 2007 and

date, the adoption of telemedicine in Nigeria didn’t stride for@ctors such as illiteracy,

access to internet, awareness, etc. \&</
In respect of internet access, a survey conducted b%@nce for Affordable Internet (A4AI)
lom

at nine low and middle income countri ‘& ia, Ghana, India, Indonesia, Kenya,
Mozambique, Nigeria, Rwanda, and Sout@), reported that only one in every ten people in
these countries have meaningful %Vitylzé. A4AI defined meaningful connectivity as
regular access with fast speeds,‘¢no data and sufficient devices which billions of people in its
focused countries of resQ ck. A4Al from its findings, concluded that 81 percent meaningful
connectivity gap @ Nigeria, in which they claimed that only 6.6 per cent of the rural
population 164 per cent of the urban have meaningful connectivity. From A4AlI report, it
can be ¢ ed that telemedicine is out of the reach of a large number of Nigerians as it is
ly through meaningful internet connectivity. And for the number that has internet
connectivity, the problem of bad internet quality poses as a challenge to accessing telemedicine.

Inadequate information and communication technology (ICT) infrastructure is also another

barrier to the effective adoption of telemedicine in Nigeria as revealed in a study by Sani et al’?’.
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Femi Obikunle published an article in The Guardian: Successes, challenges of telemedicine
adoption in Nigeria clinical settings, where he listed 8 barriers to the adoption of telemedicine in
Nigeria, among which he mentioned high-speed Internet, which is in agreement with A4AT'?8,

Femi Obikunle also wrote on lack of education and skills to appreciate telemedicine b@l
inhabitants. Obikunle did not fail to mention the fact that Nigeria lacks locally tr% rts,
and training facilities on how to develop telemedicine platforms. Obikunle ¢ @by saying

that if the barriers to telemedicine adoption are not given serious con%io it may spell an
\

immeasurable healthcare doom for Nigerian future inhabitants. (\’\

2.1.9.2 Benefits of Telemedicine ®

Ojoma Akor published an article on DailyTrust }%port from the maiden Nigerian medical
association (NMA) annual lecture series \’&K jd where he said the association president,
Professor Innocent Ujah stated thal%mr ost over 9,000 medical doctors to the United
Kingdom, Canada and the Unité{{t?e?’of America between 2016 and 2018'?°. The author in
his article said Professor o%mjah, quoting (WHO) data, said Nigeria has a doctor-to-
population ratio of a% :4000-5000, which falls far short of the WHO recommended doctor-
to-population &gMOO.

In a critic ion like the mentioned above, telemedicine with its benefits is one sure way to
close ide gap created. Telemedicine operates upon the platform of ICT. This is to say that
v&ne adoption of telemedicine, foreign medical experts including the Nigerian emigrated
doctors can be reached and be of help to the medical sector while they fix the cause of brain
drain in the country. It is one major means to bringing to the doorsteps of the Nigeria populace
that falls short of the WHO recommended doctor-to-population ratio of 1:600.
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William et al in their paper said telemedicine will allow the underserved a better opportunity to
receive the quality care they deserve'*°. The authors in a narrative review discussed the benefits
of telemedicine in postoperative care. Some of the benefits listed are increased accessibility
along with reduced wait times, excellent clinical outcomes, enhanced patient satisfactiw&d
cost savings for patients and health care systems. %

Telemedicine has recorded successes in developed nations like America v@nosis and
follow

treatment of a range of urological conditions achieved success. Medicati -up, metabolic

\
kidney stone counseling, kidney stone and cancer surveillance Vi{k&%@dicine platforms have

also recorded successes'3!. ®
Young et al also carried out a study on the impact @dicine in pediatric postoperative

eported pretty high satisfaction with

care'’2, The study came out with findings th@
virtual visits and benefitted from reduced @
T

and quality. The authors concluded v% ark that virtual visits provide an efficient way to
conduct postoperative visits, re@\v

e8, yet, received care of comparable duration

ait times and increasing physician efficiency while

retaining high satisfactio quality of care.
e

Finkelstein et al co virtual visits with conventional in-person visits with respect to

clinical outcopils, y experience and costs in a pediatric urology surgical population in a

study ar% ded that pediatric postoperative care virtual visits are associated with shorter
S

wait@ , decreased missed work and school, and clinical outcomes similar to those of in-
pe visits. Telemedicine appears to reduce the costs associated with these brief but important
encounters'3.

2.2 Theoretical Frameworks of CNN Models and Their Architectures
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The idea of ANN dates back to the 1900s and the first application of this idea was on image
classification. Thereafter improvement by twerking or replacement of older models’ feature or

the other has brought about a clear difference between the modern models of ANN and the

o

22.1 LeNet Model %\

The first application of CNN was by Yann LeCun and his team in 5 hCQ’ developed CNN

classical

which could recognize handwritten digits and was named r the principal author,
LeCun. The system was trained with the application % ropagation to Fukushima’s
artificial neural network. Due to limitations of co resources at that time, the system
was developed only with few layers and few fi %rchltecture as shown in Figure 2.28 has

two convolution layers, two average poo‘n\}qy rs, two fully connected layers and an output

layer with Gaussian connection andparameters
&

input conv1 pool1 conv2 pool2 hidden4d output

N

e N D\

Figure 2.28 LeNet architecture

The authors of LeNet model used Tanh as the activation function across the entire model and it

was built for a specific purpose; “Optical Character Recognition (OCR)”

There are some clear drawbacks about LeNet model;
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o With just 2 convolution layer and 2 pooling layers, LeNet architecture is shallow
compared to modern architectures.

o The possibility of slow learning cannot be ruled out from LeNet judging from the shallow
network of 2 convolution and 2 pooling layers V\
. The model will likely suffer from extracting detailed features from more t&%\ages

other than the hand written digits of 0-9. This means that when a classiﬁce% em with a
W

\

o Tanh activation function has the problem of vanishing (dk%s the layers of a CNN
S

more complex image is trained using LeNet architecture, accuracy will %ry

increases. That is, the inability of a feedforward network to

output end back to the layers around the input end ofg@e .
222  AlexNet. < \’\
In 2012, a paper by Krizhevsk@d ImageNet classification with deep convolutional

neural networks revisited deep‘k‘a\/' . In this work, a large, deep convolutional neural network

¢ gradient information from

was trained to classify: ifion high-resolution images into different classes. The neural
network was made Qf 60 million parameters and 650,000 neurons, consisted of five
convolutio &ehws shown in Figure 2.29, some of which were followed by max-pooling layers,
and thre%mconnected layers with a final 1000-way softmax. The tanh activation function that

in LeNet-5 replaced with ReLU. AlexNet was the first GPU based CNN model and

was 4 times faster than previous models.

70



VT 2088 \ / 2048 \dense

dense’| |[dense

1000

128 Max b |
Max 5 Max pooling 2048 2048
pooling pooling

Figure 2.29 AlexNet architectur, \

The work entered into a variant of the model in the ILSV% mageNet Large Scale Visual

Recognition Challenge) competition and achieve@
try

compared to 26.2% achieved by the second-b . One of the sources of great achievement

g top-5 test error rate of 15.3%,

in this work was the availability of large s@ata, namely the ImageNet dataset with millions
of labeled pictures, and vast comp%’\ sources such as the use of GPUs, ReLU (Rectified
Linear Unit) activation functio?&%wrization technique called dropout and data augmentation.

Though the success o \&@rk brought about a revolution in computer vision it has its
drawbacks such @odel depth compared with later CNN architectures like VGGNet,
GoogleNet, %XNet convolution filters were 5 by 5 which is quite large as large filters were

discoura ortly after.

2.2.3 VGGNet (2014)
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Karen Simonyan and Andrew Zisserman from the University of Oxford in 2014 proposed a
paper “Very Deep Convolutional Networks Large Scale Image Recognition” that focused on the
effect of the convolutional network depth on its accuracy in the large-scale image recognition

setting. VGGnet (Visual Geometry Group) made an improvement over AlexNet by refifacing

large kernel-sized 11 filters in the first convolutional layer and 5 filters in(%ﬁ ond

convolutional layer with multiple 3X3 kernel-sized filters one after another.%\g\eai below in
\

Figure 2.30 is an image of VGG architecture.

A

U X2 =3 224 X224 x B4

B 56 x 256
/ |28 x 28 % 512 THTH512
= 14 14 %512 .
AR RS | 1x1 %4096 151 %1000

ﬂ convolution+Rel.lT
) max poaling
fully connected4+HReLJ

| softmax

F1 &30 The VGG architecture.
Source:http://www.n ia}vntent/tesla/pdf/machine-learning/imagenet-classiﬁcation
*with-deep-convolutional-nn-pdf.

VGGNet increase @Xer of layers from eight layers in AlexNet. It has a variant of 16 and
19 layers. V 6&& total of 138 million parameters, convolutional layer kernels of size 3x3
with a st d maxpool kernels of size 2x2 with a stride of two. VGGNet was the runner up
0 ageNet Large Scale Visual Recognition Challenge (ILSVRC)’classification the
bentHmark in 201436,

Though VGGNet replaced AlexNet Tanh activation function with ReLu, VGGNet is still likely

going to have vanishing gradient as a result of the depth of the models (16 and 19).
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2.2.4 ZFNet (2013)

Figure 2.31 is an architectural image of ZFNet. ZFNet is a work by Matthew D Zeiler and
Rob Fergus”, the ILSVRC 2013 winner is a convolutional neural network motivated by \V\

visualizing intermediate feature layers and the operation of the classifier.

image size 224 110 13 o .
flter size 7
L \334 \2‘56 1
stride 2 % 313 max C
o[ s poo 409 | 409||  class
fend stride?2 units| | units| | softmax
—n\i 55 i
6
Input Image & L B
Layer 1 Layer 2 Layer3  Layer4 layer5  Layer6 Layer7  Output

Q\‘lgure 2.31 The ZFNet architecture.

Source https://arxiv.org/pdf/1311.2901.pdf

The sys a input image size of 224x224x3 with 96 convolutions of 7x7 with a stride of

%15 a ReLU activation and then a 3x3 max pooling with stride 2 and local contrast
I%llzatlon A local contrast normalized and pooled 256 filters of 3x3 each followed the max
pooling. The third and fourth layers are 384 kernels of 3x3 each. The fifth layer has 256 filters of
3x3, followed by 3x3 max pooling with stride 2 and local contrast normalization. The sixth and

seventh layers housed 4096 dense units each. Finally, we feed into a Dense layer of 1000
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neurons i.e. the number of classes in ImageNet!*’. The filter sizes and the stride of the
convolutions are reduced in ZFNet compared to AlexNet. It achieved a top-5 error rate of 14.8%

which is now already half of the prior mentioned non-neural error rate.

2.2.5 GoogleNet ®

GoogLeNet the winner of the ILSVRC 2014 competition is a 22-layer deep &)nal neural

network that’s a variant of the Inception Network, a Deep Cony n% eural Network

developed by researchers at Google. (—}
Qe

g EE Eg
g 1 g .9 pi.an digagglgglie
10,00 00 A8 igglggiil” gy wa
ﬁﬂﬂﬁﬁﬂﬂﬁﬁﬁﬁﬂﬂmﬁﬁﬂﬁﬂ HE mﬁ EE
0 B8 B8 g, L

Convolution
Pooling

Other

\{ \Figure 2.32 GoogleNet architecture

< Qe:http;//images.app.ggoogle/nXhAr9UPK6xbhzfy8

The Go architecture as shown in Figure 2.32, presented in the ILSVRC14 solved image

ion and object detection. It achieved a top-5 error rate of 6.67%! GoogleNet used a
CNNinspired by LeNet but implemented a novel element which is dubbed an inception module.
It used batch normalization, image distortions and RMSprop. In terms of parameters,

GooggleNet is a reduced version of AlexNet from 6 million to 4 million.
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2.3 Review of Related Works

In literature, many studies about Convolutional Neural Network, mathematical morphology, and
morphological neural network employed for various purposes like interpretation of igages,
diagnosis of various diseases, segmentation of images, pattern recognition %\E‘(;,
classification and many more have been carried out. The first application of @%y Yann
LeCun and his team in 1998. They developed CNN which could reco ize%written digits
and was named LeNet after LeCun. “The system was trained B@ ﬁalication of back-
propagation to Fukushima’s artificial neural network. Du((/' ations of computational

resources at that time, the system was developed only % layers and few filters. Thereafter
a

Alex Krizhevsky et al. published the paper “ Imagb% ssification with Deep Convolutional

Neural Networks describing the winning Al@wdel; this paper has since been cited 38,007

times'38.

Abdullah S. AL-Malaise AL- al’*developed a CNN-based multiclass model that

classified cavity, filling, a@w achieving 96.51% accuracy.

Aslan et al propos d@y using two deep learning architectures; Artificial Neural Networks
(ANN) and aaﬁb\n;sﬁu

positive% 19 cases using Chest CT X-ray images. Lung segmentation (preprocessing) in
CT s, ere given as input to the proposed architectures. The second proposed architecture,

hy structure contains a Bidirectional Long Short-Term Memories (BILSTM) layer, which

0

cture', ANN based segmentation was used to automatically detect

takes into account the temporal properties. The results proved outstanding success in infection

detection with a COVID-19 classification accuracy of the first architecture 98.14%, and 98.70%
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in the second hybrid architecture. Therefore, proposed second hybrid architecture is more

successful for COVID-19 detection.

A study titled Peri-Implant Bone Loss Measurement Using a Region-Based Convolutional
Neural Network on Dental Periapical Radiographs by Cha ef al is an automated assistan@em
for calculating the bone loss percentage and classifying the bone resorption severij ing,a deep
convolutional neural network (CNN) !, A modified region-based CNN ( as trained
using transfer learning based on Microsoft Common Objects in C &dﬁtaset. The system
aimed at detecting the marginal bone level, top, and apex %ots on dental periapical
radiographs. The findings of this work were that there w tatistically significant difference

found between the modified R-CNN model and den @Xan for detecting landmarks around

dental implants. Therefore, the modified @ del can be utilized to measure the

radiographic peri-implant bone loss ratio t@

1%16 discriminating performance of deep convolutional

he severity of peri-implantitis.

Lee et al carried out a study to ev

neural networks (CNNs), wi s transfer learning strategies, on the classification of
specific features of os osis in Dental panoramic radiographs (DPRs) '¥2. The authors

collected a datase 1 g 680 images from different patients who underwent both skeletal

bone miner. ity and digital panoramic radiographic examinations at the Korea University
Ansan i etween 2009 and 2018.They used four study groups to evaluate the impact of
Vari ansfer learning strategies on deep CNN models: a basic CNN model with three

convblutional layers (CNN3), visual geometry group deep CNN model (VGG-16), transfer
learning model from VGG-16 (VGG-16_TF), and fine-tuning with the transfer learning model

(VGG-16_TF_FT). From the findings of the study the best performing model achieved an overall
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area under the receiver operating characteristic of 0.858. Also, transfer learning and fine-tuning
improved the performance of a deep CNN for screening osteoporosis in DPR images.

Application of Transfer Learning Using Convolutional Neural Network Method for Early
Detection of Terry’s Nail” is a paper by Muhamad et al presented in an “Intern®tignal
Conference on Electronics Representation and Algorithm (ICERA 2019) 43, The s%g ork

was conducted to detect a disease called terry’s nails based on dig%%es using

Convolutional Neural Network (CNN). The architecture used in C is Tensorflow

\
Inception-V3 model with transfer learning method. The results(o:)}\&x experiments” yielded

95.24% accuracy. ®

Khan and Aslam investigated on four deep-learning t@ DenseNet121, ResNet50, visual

geometry group (VGG) 16 and 19 for diagnosi \é D-19 by using X-ray images. In the

study, it was reported that VGG-16 and @models have better performance than the
»

others'*. The study came up with an ssification accuracy of 99.3%.

Yabo et al developed a deep \Q{?g\-based framework for coronary artery segmentation on

coronary computed tomographic agiography (CCTA). Mask R-CNN was used for the coronary
e

artery segmentation. % the Mask R-CNN training, the lung region was masked to avoid the

interferences Q onary vessels. The network was trained using 20 patients’ CCTA

datasets_aig pd using another 5 patients” CCTA datasets. The mean of the Dice similarity

coei@t DSC) were 0.90+0.01 respectively, which demonstrated the segmentation accuracy
&proposed method!*.

Muramatsu et al developed a computerized system to detect and classify teeth in dental
panoramic radiographs for automatic structured filing of the dental charts'#. The system can also
be used as a preprocessing step for computerized image analysis of dental diseases. The authors
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used one hundred dental panoramic radiographs for training and testing an object detection
network using fourfold cross-validation method. The detected bounding boxes were then
classified into four tooth types, including incisors, canines, premolars, and molars, and three
tooth conditions, including nonmetal restored, partially restored, and completely restoredvi&g

classification network. ®

“Deep Learning at Chest Radiography: Automated Classification of Pulmona

culosis by

Using Convolutional Neural Networks is a work by Lakhani and Sundaram. The work evaluated
\

the efficacy of deep convolutional neural networks (DCNNs) for Q}_B?% tuberculosis (TB) on

chest radiographs'¥’. Their findings came to a conclusion t earning with DCNNs can

accurately classify TB at chest radiography with an@ er the curve (AUC) of 0.99. A
S

radiologist-augmented approach for cases whe@v
further improved accuracy of the work. \’\
»

Nouri et al proposed a CNN archi%

positive COVID-19 via using )@ges”g, The CNN model is a five convolution layered

disagreement among the classifiers
sed automatic diagnosing system for detecting

serial network which wa iréﬂ'om scratch. Discriminative features were extracted from the
.

CNN model which V\@Q to feed machine learning algorithms like k-NN, SVM and DT. The
study recordeds98.9% accuracy by the SVM classifier which is also the most efficient.

Yadav an V researched on how to apply convolutional neural network (CNN) based
algo@ oh a chest X-ray dataset to classify pneumonia'®. They evaluated three techniques
throygh experiments (linear support vector machine classifier with local rotation and orientation
free features, transfer learning on two convolutional neural network models: Visual Geometry
Group i.e., VGG16 and InceptionV3, and capsule network training from scratch. The results of
their experiments showed that data augmentation generally is an effective way for all three
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algorithms to improve performance. Also, transfer learning is a more useful classification
method on a small dataset compared to a support vector machine with oriented fast and rotated
binary (ORB) robust independent elementary features and capsule network. In transfer learning,
retraining specific features on a new target dataset is essential to improve performance. A&t&e
second important factor is a proper network complexity that matches the scale of th(i%).

Singh and Sehgal proposed a technique for numbering and classification o ic dental
images!>’. They worked with a dataset of 400 dental panoramic ima wle d from various
dental clinics. The image data set was augmented by applying }NQ tra\nsformations. The
dental images were pre-processed segmented using fuzzy Q/_?ustering and subjected to
vertical integral projection to extract a single tooth. T tal images were divided into 240
training samples and 160 testing samples. They s&%- ayer deep convolution neural network

(DCNN) consisting of 3 convolution layer, &S\\ﬁl ly connected layers to do a classification of
ar A

tooth as canine, incisor, molar and pr: 2An accuracy of 95% was achieved for augmented

database and 92% for original da@hﬁ the proposed algorithm.

A paper by Lakhani et al ;&d‘e high-level overview of how to build a deep neural network
for medical image o ation, and codes that can help those new to the field begin their
informatics pr&g@l‘he aim of the tutorial was to spark interest and provide a basic starting
point for interested in machine learning in regard to medical imaging. “The tutorial
assu%%understanding of CNNs, some Python programming language (Python 3.6, Python
So%are Foundation, Wilmington DE), and is more of a practical introduction to using the

libraries and frameworks. The tutorial also highlighted some important concepts but due to space

constraints did not cover everything in full detail.
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Rikiya Yamashita et al in their article focused on the basic concepts of CNN and their
application to various radiology tasks, and discussed its challenges and future directions in the
field of radiology'>?. How the unavailability of well-labeled data in medical imaging due to the

cost and necessary workload of radiology can be taken care of through other efficient techtiques

such as data augmentation and transfer learning. Although these methods exist, v@ted

large medical datasets are still needed since most of the notable accorr@s of deep
learning are typically based on very large amounts of data. Different Watl n areas of CNN

\
(classification, segmentation, detection, and others.) were discusse iﬁ%&work.

Kaushik and Kumar reviewed and compared some works on*f' gmentation techniques'3.
0

They found in their research work that CNN is one the \ erful tool in image segmentation

technique. Besides reviewing papers on imag@t tion techniques, detailed analysis of

CNN, possible advantages and fields CNN@{WO included in the paper.

Chen et al proposed using faster regi@nis\witl convolutional neural network features (faster R-

CNN) in the Tensor Flow tool &:{%\o detect and number teeth in dental periapical films!>.
The authors proposed thr o%(cessing techniques to supplement the baseline faster R-CNN
.
according to certain @omain knowledge. First a filtering algorithm to delete overlapping
boxes detecte R-CNN associated with the same tooth. Next a neural network model to
detect misSi th. Finally, a rule-base module based on a teeth numbering system is to match
labeQde cted teeth boxes to modify detected results that violate certain intuitive rules. The
i@ction-over-union (IOU) value between detected and ground truth boxes were calculated to
obtain precisions and recalls on a test dataset. The results indicate that machines already perform
close to the level of a junior dentist. However, the precision and recall of the classification work

that provided each detected tooth an FDI number was unsatisfactory until certain post-processing
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procedures were applied. The performance of the proposed automatic system was very close to
the level of a junior dentist who was selected as a control in this study.

Benkarim et al applied a patch-based approaches in the segmentation of biomedical images and
it showed promising results over the most common approach, which is the use of registrav\to
warp the atlases to the target space and then the warped atlas label maps are uMo a
consensus segmentation based on local appearance information encoded i% atches!>.

They also proposed a common formulation for two widely-used lahel fusiom strategies, i.e.,

\
similarity-based and a particular type of learning-based label fus'@%&; proposed framework

was evaluated on subcortical structure segmentation in ax nd tissue segmentation in
fetal brain MRI. As conclusion, the combination of 1 -Dased label fusion and native atlas

patches yields the best performance with reduo& es than conventional similarity-based

approaches. \’\
»

Ozaki and Motokawa developed a ne% rk model to get an accurate assessment of dental

developmental age which is a @ to obtaining occlusal harmony and correct masticatory

function'¢. They used fu. log‘ic nd neural network for practical application by inputting data
readily obtainable b e clinical visual inspection. They used six hundred and thirty-five
patients rangig% from 27 to 184 months to optimize the systems. The dental ages of 50
additional s estimated clinically by 2 expert pediatric dentists were compared to those
obta@b the 2 optimized computer models. An average error of 11 to 18 months was
c&ed with either computer model, while clinically the error averaged 12 to 14 months. The

authors with the implementation of the methods achieved reasonable accuracy without exposing

patients to X-rays.
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An “effective teeth recognition method using label tree with cascade network structure by Zhang
et al applied deep learning technique to medical field for the teeth detection and classification of
dental periapical radiographs. The work was able to detect and distinguish teeth from different
positions in an input X-ray image. The proposed approach reaches a high precision and r&f
95.8% and 96.1% in total, which is a big improvement in such a complex task!'>’. %

Moulli et al developed a morphological convolutional neural network for d% ition. The

authors incorporated morphological operators into the convolution lang unter harmonic
\

mean to produce an enhanced feature map!*8, C\’\

A novel mathematical morphology based algorithm for shor %ﬂactlon from satellite images

by Rishikeshan and Ramesh presented a flexible matl@@ morphology-driven approach for
shoreline extraction algorithm from satellite im. e}s‘. The key features of the work are the
preservation of actual size and shape of t @es, run-time structuring element definition,
semi-automation, faster processing, Q&(

tested with various sensor-driv@@es with low to high resolutions. “Accuracy of the

developed methodology wa' @ed with manually prepared ground truths of the study area
e

band adaptability. The proposed approach was

and compared with ting shoreline classification approach. The proposed approach was

found success% eline extraction from the wide variety of satellite images based on the

results drab

i\

aphs. The proposed method was implemented using traditional mathematical morphology

% visual and quantitative assessments.

presented a method for automatic segmentation and feature extraction for dental

and matching techniques. Further works include the development of a more sophisticated pre-
processing pipeline, test of other morphological operators to improve the segmentation and the
development of a more robust technique for seed identification'®’.
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Segmentation of dental radiographs in medical imaging using neutrosophic orthogonal matrices is
a paper by Ali ef a/'!. In this paper, a new fuzzy clustering algorithm based on the neutrosophic
orthogonal matrices for segmentation of dental radiographs was proposed. This algorithm
transforms image data into a neutrosophic set and computes the inner products of the tmg
matrix of input. Pixels are then segmented by the orthogonal principle to form &g
experimental validation on real dental data sets of Hanoi medical university , Vietnam
showed the superiority of the proposed method against the relevant one 1& of clustering
quality. Experimental results on the real dental X-ray image data t ed\ that the proposed
method out-performed the relevant fuzzy clustering schem {%ﬁshowed that the proposed
method achieved better validity index values. Future thls work is to be conducted on
improving the method by an idea of boolean a&n enhance the computational time by
parallel strategy.

A paper by Amer and Agel prese Qmﬁd to extract wisdom teeth automatically from
panoramic images that consisl@“ﬂwree stages, pre-processing region of interest (ROI)
extraction and post-process g\é obtained results from the proposed method showed that it

.

could successfully the wisdom teeth, the segmented images can be used later in
classification “ti classify the extracted teeth as wisdom teeth or not, and then classify the
wisdom_tce ‘a ording to a specific problem that is, impaction. Future work should be to

imp@t

O e and Yetunde developed a dental expert system with the intention of solving real life

e algorithm!62,

problem. The system is a desktop-based medical expert system for diagnosis and prediction of
dental diseases. The dental expert system is an open loop system which will be handled by
Medical Practitioners in the Dental field who selects the symptoms of the patient and the expert
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system work on these symptoms based on symbolic rules to arrive at the best ailment together
with the cause, prevention, and diagnosis. Another significance of this expert system is that it
will also serve as a management system to keep past and existing records of patient’s data. The
dental expert system was able to show that automating the management and administratjen of
treatment is more reliable and efficient than the manual approach of the existin sﬁe
system was developed using the Coactive Neuro-Fuzzy Expert system % peed and

accuracy was achieved in the computerized system which will prevent w ohconfusion in the

\
atment administration

documentation of patients’ information. It reduces the stress invol@%%ﬁ

to patients considering the tight schedule of most medi {%&
efficiency of the developed system is also higher than@e
maintenance of the program can be done easil I‘[Qu eractive and easy to use. The Expert
System has taken care of the lapses in t @

designed a more efficient, accurate a e ethod of preparing enrollment report'®3,

ioners the reliability and

existing system. Updating and
manual system to a great extent and has

A prototype expert system for d &?and suggestion of treatment for oral cancer presented
by Khosravi et al receiveg@ﬁ user, analyses it and reforms it. It is able to diagnose Oral

e
cancer and give a zte treatment. However, the designed system lacks clinical review

to ascertain c& of result. It only acts based on user’s answers and can’t study the
correctnes r answers!%4,

Exp@st for determining the level of stress before pediatric dental treatment by Bucur et al
i&eb based expert system prototype that evaluates the clinical cooperation of the patients
before initiating any dental treatment!%, This is because the need for a good communication with
the young patient enables the dentist get a successful result in pediatric. The goal of the expert

system is to determine the exact anxiety level in patients. The work establishes the opportunity
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of medical intervention considering the patient’s anxiety and related symptoms. The system
greatly eases clinical work by helping the dentist to take the best medical decision at the
beginning of the young patient’s treatment. The research variables are independent variable and

dependent variables. These variables were established and measured with digital and HWI

Eyad et al presented an automated dental image segmentation algorithm t les bitewing

and periapical dental images based on mathematical morphologyl@,\grayscale contrast
10

stretching transformation to improve the performance of teeth @ n was presented with

very low failure rate. *
Raju and Modi proposed feature extraction techni %\kntal X-ray image using Fourier

descriptor features for shape analysis and G evel co-occurrenceMatrix(GLCM) properties

such as Energy, Contrast, Correlation and%\;e eneity to describe the texture of the extracted

Tooth!”. In the algorithm, both shz@exture analysis of the extracted tooth are explored as
1

features. However, the algor’s{/

properties.” Future wor involve finding a novel feature extraction technique which explores

s when two images have similar texture and shape

the geometry of te %h remains inherently unique to each individual.

A Survey: &qltation in Dental radiographs for Diagnosis of Dental Caries” by Krithigaand
Lakshm%paper which reviewed some influential papers in the dental x-ray segmentation
li 8. According to this paper, among the methods proposed only very few are fully
automatic. Some methods were not accurate in segmenting caries due to improper teeth
segmentations and some of them due to noise, low contrast and unusual arrangement of teeth.

The future work will focus on retrieving dental radiographs using content-based retrieval systems.
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Krithigaet al developed an automatic segmentation of caries from dental radiographs using
wavelet and watershed transform. The work is aimed at easing the difficulty in identifying caries
from the raw data obtained directly from X-ray acquisition device due to poor image quality. The
result analysis showed that the watershed transform algorithm performs well in segment%t&e
caries when compared to Euler’s min-max method. The segmented caries area ca(b(/ for

automatic dental applications such as human identification, dental diagnosis @@ Further,

the severity of dental caries can be performed on a larger dataset'®. *

\
Reddy et al proposed a dental processing algorithm and implee%it using a specialized

object oriented image processing software. The work b&/ e classification of dental
caries based on several criteria, (1)According to th@t% of the process, (2) whether the
lesion is a new one attacking a previously intact r?%r Recurrent, (3).According to the extent
of attack, etc. The algorithm yielded a@ stul result, however it is limited to caries
detection!”, Q

Rad et al presented a method fo@hation and feature extraction for dental radiographs. The
proposed method was imple enﬁfusing traditional image processing techniques, by using level

.
set for segmentatio image enhancement. Some features of dental radiographs were

extracted usi t e statistics techniques by gray-level co-occurrence matrix. The

experimen % 1lts showed that it is a promising technique for segmentation which can be used

o5

r @n entification or dental diagnosis systems. For the future work a better solution to
dis ish each particular tooth in segmentation step and evaluation of segmentation methods
are expected!”!.

A study was conducted by Na'am et al to overcome the difficulties in identifying proximal
caries through image processing of panoramic dental x-ray image!’?. The image processing
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method used in this study is Multiple Morphological Gradients. These image processing results
can be used to appropriately identify proximal caries and the level of severity. Based on the
results of this study, further research is needed to compare the results of Panoramic Dental X-

Ray processed by multiple morphological gradients (mMG) with the results of bitewin%ntal

X-Ray from any proximal caries Patients. %

A paper by Krizhevsky etal titled ImageNet classification with deep (@@ml neural

networks revisited deep learning. In this work, a large, deep convolutjohal newral network was

\
trained to classify 1.2 million high-resolution images into differe % s. The neural network
was made up of 60 million parameters and 650,000 neuron@/ of five convolution layers,
tiiree

some of which were followed by max-pooling layer%\}\
t

of the model in the ILSVRC-2012

fully-connected layers with a
final 1000-way softmax. The work entered into, a
competition and achieved a winning top-5 or rate of 15.3%, compared to 26.2% achieved
by the second-best entry. One of w s of great achievement in this work was the

availability of large sets of data, e ImageNet dataset with millions of labeled pictures,

and vast computing resourges'’>.

.
Dr. Kunihiko Fukus% ing inspired by the findings of Hubel and Wiesel’s work on simple
and complex 9% osed a paper titled: Neocognitron: A Self-organizing Neural Network
Model for anism of Pattern Recognition Unaffected by Shift in Position. The proposed
pap@%ural network model for a mechanism of visual pattern recognition. The network is
s@ganized by learning without a teacher, and acquires an ability to recognize stimulus
patterns based on the geometrical similarity (Gestalt) of their shapes without being affected by
their positions. The network got a nickname neocognitron. The structure of neocognitron is

similar to the hierarchy model of the visual nervous system proposed by Hubel and Wiesel. The
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system is made up layers of which the first is “S-cells” while the second is made of “C-cells”
similar to Hubel and Wiesel’s simple and complex cells respectively. The result of the system
showed that the response of the C-cells of the last layer is not affected by the pattern's position at
all. Neither is it affected by a small change in shape nor in size of the stimulus pattern'”4, V\
N
&
N

’§ \
Several literatures have been reviewed to know what exists in @i eratures related to this

24 Summary of Literature Reviewed

study. The reviewed literatures informed this study s % and areas that are presently

making rounds. Among the reviewed literatures, s&%\lhm are observed discussed in this
section. ’§

LeNet was the first application of CNN LeCun and his team in 1998. The model was

developed to recognize handwritte c%and was named LeNet after the principal author. The

system was developed only wyith oply a few layers and few filters due to limitations of

computational resource t time. A major shortcoming of LeNet is that it was designed for a
specific size input % ’t do well in colour image recognition!”.

A paper by r&fal provided a high-level overview of how to build a deep neural network
for me e classification, and codes that can help those new to the field begin their

s projects. The aim of the tutorial was to spark interest and provide a basic starting

poin¥ for those interested in machine learning in regard to medical imaging. “The tutorial
assumed basic understanding of CNNs, some Python programming language (Python 3.6, Python

Software Foundation, Wilmington DE), and is more of a practical introduction to using the
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libraries and frameworks. This work had space constraints and therefore did not cover everything

in full detail'7®.

MobileNets: Efficient Convolutional Neural Networks for Mobile Vision Applications is a work

by Howard et al. The authors demonstrated vision application embedded MobileNets for faQbile

devices based on depthwise separable convolutions. In this work, a reasonab((/ %of

accuracy was traded off for size and latency. The work was limited to mobile dghdes 'y .
N

An Introduction to Deep Morphological Networks is a work by Kagjll al, where the

\
convolution filters were replaced with non-linear filters of mQh ical morphology. The

authors failed to subject same data set to implement X@;{ﬁwdel in order to compare

performance between the morphological network with% 178

Krizhevsky et al developed a model that coul@ll million high-resolution images into

different classes. The neural network was @Ro 60 million parameters and 650,000 neurons,
0

consisted of five convolution layers % hich were followed by max-pooling layers, and
three fully-connected layers wit@’“ 000-way softmax. The model was trained with ReLU
as an activation function {0 a(h‘n linearity to the model. AlexNet was the first GPU based

e
CNN model and wa@es faster than previous models. Though the success of this work

brought about/g re ion in computer vision it has its drawbacks such as the model depth
compared ter CNN architectures like VGGNet, GoogleNet, etc. AlexNet convolution
filte ¢ 'S by 5 which is quite large as large filters were discouraged" shortly after '7.

S
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Chapter Three @
Methodolo %\

This chapter introduces the research method%or is quantitative and experimental study

regarding designing and developing a 1@1\;@
classification of dental periapical rhs to diagnose dental diseases. In a bit to answer the

key research question; In wha%

the research work was %ented with integrating MM operations into the CNN convolution

layer to diagnose neases using dental periapical radiographs.

This chapte ibes the research methods that were used in the study; the study design, the

ical morphological neural network for the

CNN be applied differently yet achieve great accuracy,

place(s)@ ollection, the various methods used to collect data, the study population, sample

% as well as system framework, experimental setup and the model’s various algorithms.

3.2 Research Approach
This study achieved its research objectives and was able to answer the research question through

a mixed research method of quantitative and qualitative approaches. The approaches allowed for
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the collection and analysis of the various data types that were needed to design and implement
the system. The data collection and analysis methods were approached in both methods. The six
common types of dental diseases to diagnose in this study were decided through a closed-ended
questionnaire, where several dental diseases were listed for the participant to tick the sifupost
common dental diseases from his professional experience. Catherine Dawson'*%@n ook
Practical Research Methods when explaining the advantages and disadvan open and
close questionnaire said close questions are easy for participants to tick thgir opiion and by that,
the likelihood of responses to all questions are increased. The rethE*)& is ;uestionnaire were
analyzed with the use of Microsoft office Excel. This %ﬂ"ve method was easier as
respondents didn’t have to explain opinions rather \Q ick. From Hajic and Simonett
comparisons of qualitative and quantitative im % sis!8!) this study depended more on
quantitative methods since the study invo Bﬁ\e e of probabilistic statements such as error
rates associated with identification an g‘aation

Qualitative approach was empl ﬁle aspect of treatment planning. The idea to apply
AN

telemedicine was explora a exploited the knowledge of dental professionals on how best

to apply treatment pl@nigdg to the diagnosed dental diseases online. The key materials and data
(e

needed to est&
interviev%g
3.% Research Design

This research is both experimental and exploratory. It is experimental because it attempts to

effective treatment planning were sorted from dental experts through

experiment on integrating MM operations into the convolution layer of CNN thereby replacing
the mathematics of convolution with that of set theory. The system was developed with dental
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periapical radiographs as the core dataset. At this point of using dental radiographs as training
and testing dataset, the experiences of dental experts were explored; what they look at for in
dental radiographs and the steps taken to planning a treatment.

The study is designed to reveal the possibility of shifting from the regular application 0§N\N

algorithm on image and pattern recognition. ®
a\\ \
3.4  Data Acquisition @J

In every research work, data collection plays an imp% . To get substantive findings in

research work, necessary information is gathered ﬂ}Ql ome form of data gathering methods.

Usually, these data collection methods in %are guided by the research question formed
(2

at the onset of the research work. It i ess of the work without which the research work

remains a mere idea. There are d@t}?yles and methods of data collection but the result is the

same; data is collected. The @ﬁt is acquired for this study are periapical dental radiographs

e
and treatment plannit@ix common dental diseases.

We chose to pewigpical radiographs because being a result of an intraoral x-ray, it is more

detailed a %‘non than the extra oral X-rays'®2.

0 @/e he objectives of this research work, data (secondary) was collected. Benchmark

—

& dataset were collected from UFBA UESC DENTAL IMAGES DEEP and
https://data.mendeley.com/. The benchmark dataset was used for both training and testing of the

model. Besides the benchmark dataset, random dataset was also collected in renowned hospitals.
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In this work, we chose to use interviews and questionnaires as our key research instruments
because it is one of the ways we talked to knowledgeable people one-on-one in the discipline
(dentistry) we have chosen to work in. we drafted a list of questions to guide us in asking
questions during the interview (see appendix A). Knowledge acquired from interviews.and

\'s

d

questionnaires guided us in developing a telemedicine software which was one of tife

in previous work. %\%
forvic

Rubin and Rubin in Qualitative Interviewing said “the researcher is looking h and detailed

information, not for yes-or-no, agree-or-disagree response” %3, | Igs{}bt oPthis, we talked to

knowledgeable dental experts in the listed data collection @
ovghl

Participant Selection, which certainly made us explo% y dental diseases and related
treatment plans, which can be transformed into a}@ machine to help experts confirm their

R
subjective diagnosis, upcoming dental doc ?sl\ nd the society at large to benefit from.

ection 3.4 under Site and

Besides in-depth qualitative intervi g~ahd questionnaires, we also got data through

participation. This was to enabl@?ﬁt familiarized with the various people (dental doctors,

dental assistants, dental t o}gtﬁs, etc.) involved in dentistry, the language, and allow future
.

interviewees to get to@\us before we start asking them questions. Another excellent reason is

building trust a&agwfortable interview environment. '8

o% ation as mentioned earlier is another major data collection instrument that we

Participan
usede other non-significant methods. The Oxford English dictionary defines observation
&ability to notice things, especially significant details. Observation in this context is a way
to gather data by watching people and activities in their natural settings. Here we established a

rapport so that people will go about their business as usual when we show up.
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Another key data collected is the treatment plan. The treatment plan is one of the vital data
needed to carry out this study. It is a very sensitive area in medical science. This is because a
good diagnosis with poor or no treatment amounts to the risk of a patient’s life. The key data
here was the measures taken in giving treatment plans and not the treatment itself as th&study
didn’t concern itself with the automation of drug prescription. With the knowledgedic , WE
designed and developed a form to extract personal details from the patient fi ine dental
doctor for a treatment plan. %

The above-stated methods of data collection for this study gave us {c:)\&xto I}ow dental doctors

analyze dental radiographs and how these dental radiographs\age ed to dental diseases and

treatment plans. %\
All of these data collected formed the basis for thi S\Qa they were used for the training and
testing of the model as well as develop a te(?%\{'in application that took care of treatment

planning. Q
3.5  Site and Participant Sel&@\

Dental radiographs being c&taset play a major role in the model training. As a result, the
.

appropriate places a collection (dental radiographs) were renowned hospitals with

instruments (digita ay machines) to get radiographs of dental patients. The hospitals we

huga

1. Qa city University Hospital, Ibadan

ZQ ederal College of Dental Technology Enugu, Enugu State.
3

4

5

6

applied foind ollection were;

Lily Hospital Warri
Dentoba Dental Clinic, Warri
Teem Clinic & Dental Services, Ekpan, Warri.

Dental Centre, Military Hospital, Awolowo road, Ikoyi, Lagos
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7. 68 Nigerian Army Reference Hospital Yaba, Lagos State.
8. Central Hospital, Warri, Delta State.

We applied to the above-mentioned hospitals with a letter of introduction (letter in appendix A)
from the Head of the Department of Computer Science Lead City University, our ethical code,

and a copy of our research proposal. Our application went through the ethical commi

various hospitals after which we were invited for interview at different times b\j
hospitals/clinics. Among the listed data collection centres, Lily hospital gav% approval for
data collection through email. (email copy from Lily hospital found i&Q dix B) while the rest

of the data collection centres verbally approved our applications%(—}

On Time factor, data was collected in all of the hospital/¢h X;wept List numbers 6, 7, and 8.

We got Digital data in Lead City University Ho@ Lily hospital while the rest were
hardcopy periapical X-ray images. \
The first hospital visited is Lily Hospital. @pital is located at Warri central, Warri, in Delta
state of Nigeria. It is a multi-spe spital with state-of-the-art facilities and equipment.
With these state-of-the-art facihtieS\and equipment, data collection was easy as we transferred
over two thousand digitd] Yemtal*radiographs from a DICOM file to our storage facility (external
hard disk). DICOP@cronym for Digital Imaging and Communication in medicine. It is a
format inte &Kﬂy accepted for the retrieval, storage, viewing, and transfer of medical images.
It serves ile format and networking protocol. Images stored in DICOM format are viewed
OM viewers (computer software applications that can display DICOM images) A
typical DICOM file contains besides the images, the patient’s other information such as name,

sex, ID, and birth date.
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Data collection from the remaining hospitals on the list was cumbersome as dental radiographs
were scanned physically with a scanning machine and stored in our storage facility.
Dentoba Dental Clinic and Teem Clinic & Dental Services are also Warri-based hospitals, at

Refinery Road and Ekpan respectively.

Dental Centre, Military Hospital, Awolowo road, and 68 Nigerian Army Reference @re

military hospitals located at Ikoyi and Yaba respectively in Lagos State. %\
I

Federal College of Dental Technology Enugu is in the southwest of Nigerid It is a training

\
Institution for Dental Technologists and Therapists. It also provi }\{ ical Services for Oral

Health-related problems in the area of preventive, Curative, ative Dentistry. '8

In choosing participants for our data collection, we ad ohwvenience and purposive sampling

methods. It was a most convenient sampling n@r us because most of the hospitals we
0

visited, were attended to by the people in@i
0

they were the most accessible to us. \% opted the purposive sampling method as what we

needed was patients’ folders wi@&? radiographs. And so, we requested to work with less-

the various dental departments. Therefore,

than-doctor staff who cou@ﬁ out folders with radiographs for us. The reason we choose
e
this approach was th@e seeking participants who have knowledge or idea of most of what
we needed. T% are not in a better position to provide us with such materials.
Qnta Sorting/Analysis.
Data*collected from their various sources without being organized and structured remains mere

figures useful for nothing. For proper decision-making, useful information is extracted from

collected raw data through data analysis.
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Qualitative data analysis encompasses the process that qualitative researchers employ to make
sense of their data.'®® The reason why data was gathered from several hospitals is that training a
convolutional neural network system requires several data. As a result, several data were

collected in their thousand.

The physical data were collected with a scanning machine. The dental x-ray ﬁlm@lﬂee
sizes. %\b
\

(1) size 0 for small children (22 mm X 35 mm). \

(2) size 1, which is relatively narrow and used for views of the ant@(h (24 mm x 40 mm)

(3) size 2, the standard film size used for adults (30.5 mm@é

We choose to use the biggest size which is the size @dard film size used for adults (30.5
mm X 40.5 mm). Therefore, the folders of wete sorted for the data collection. Dental
radiographs of a folder were arranged collgcti in a scanner and scanned as shown in Figure

3.1. The collectively scanned ﬁlm@opped into their films as shown in Figure 3.2a, b, ¢

and d <(,
(0\\

e =
@- =
QQ om =

Figure 3.1 Scanned standard film size periapical radiographs
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Figure 3.2 a-d cropped images of perlaplcal radlograp

There were also digital radiographs that were collected from hospigal$,o ratmg on digital X-ray
machines. All that we did was copy the images from the hQ€pi rage into our storage. The
digital images were clearer compared to the scanned n% low in Figure 3.3a-d are some of

the digital images.

Figure 3.3a-d Dental images of Digital Radiographs
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The dental radiographs collected were sorted and categorized based on;
a. Dental disease types
b. Location of the dental disease
¢. The tooth /teeth affected. \V\
3.6.1 Dental Disease Radiographs and Interpretation \b

For this study, we concentrated on training the model with six comWe | diseases. The
\
reason for limiting the dental diseases to six is because each disea@%& radiograph is needed

in their thousands to train our system. The more dental dise raphs we needed, the more

time and dental practitioners’ attention needed. All of % ere a major bottleneck in our dental

radiograph data acquisition process, hence the ligitagjol fo six dental disease type radiographs.
o

The dental disease types in Figures 3.4, w@

that they are X-ray visible dental dise%

to depict them were chosen for the reason

QQ Dental caries Dental apical cysts Fractured tooth
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Tooth Decay
Decay (cavity) —=——__ pnamel
Dentir =

Decay Advanced  Decay Decay
inenamel  decay in dentin in pulp

X

Impacted tooth Dental Cavities Period%

Figure 3.4 Dental disease types %

Source: https://www.drugs.com/cg/dental—cz@m\
3.6.2 Dental Periapical Radiograph Noise Removal &(,:

The dental radiographs collected had low contrast a 5 e was an obvious need to sharpen

them. This study aims at using enhanced medjeal\ima®€s to train the system model. The model

was provided with filtered images as trai‘irb{a to enhance the learning speed. This in turn

improved the classification accurack(%nodel.
3.7  Experimental Setu \<</,

The model is devel classify six dental diseases through periapical dental radiographs.

Each of these sax dental diseases has its peculiar pattern and is different from the others. Some

basic co ake up a dental image; teeth and gum on the external. The diseased portion
=

eith th or gum is the area of interest with which the model is trained to learn to give an
aceyrdte classification. To extract areas of interest from the images, the location of the diseased

portion of the image, the size of the diseased portion, and the orientation of the diseased portion

were key factors that were put into consideration.
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Extracting the diseased portion of the dental radiograph helps also to reduce the dimension of the

image. First, all the dental images were resized to 256 x 256 binary images. Every image passes

through a denoising process with the application of MM operators for proper detection of areas

of interest to be extracted.

The morphological feature extraction tool embedded in the CNN model was dew€lo ing

dilation, erosion, and opening, and closing operators of mathematical morph%

The objects of our images were represented as set points where eac%me of the set is a
| | 4\ \

vector with x and y coordinates. C_}

To remove the presence of internal noise from our images, @pplied dilation to the images.

We started by defining a 3x3 mask (B), otherwise kno@b\a ructuring element with an origin

t, with which we dilated the image X. The struc@nent acted as a convolution mask.
es

Dilation operation was first applied to th@

enlarging some noisy areas as shown @1 .5

Dilation is defined as; \(8\
’

X B={P Z?[p=x+b,

o expand some of the small areas thereby

x X, b B}

Where; 4\\)
he image

X = set @
B= in s of structuring element

l%‘nmation of the Input image set points (X {xi1, x2}) and the structuring element set points

(B {b1,b2}) at particular points.
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B 7 Erosion

Figure 3.7 Eroded dental images
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The images used in this study are represented as sets of points in two a dimension space Z2,
hence every pixel point in both our images and structuring element is represented by an ordered
pair of pixel values X {xi, xo} for the images and B {bi, b2} for the structuring element.
Consequent upon this, the application of MM is based on set theory. V\
Here, vector addition of the image set points and the structuring element set points@ried
out. All the locus of points that satisfied the dilation equation is the dilated pix

\
image depicted in Figure 3.6. After the dilation operation on t %mage, dilated images

were eroded as shown in Figure 3.7 to clean the backgroun @'ﬂnaﬁng some noisy areas at

the same time filtering out some boundary pixels adde@i age during dilation.

Erosion is defined as: @
X B={P Zip+b X (\’\

Foreveryb B}

Where; &?\
X = set points of image \\/

e
B = set points of stru@g element
P = point set OKQJ

b= poi%
p+ Qec r addition of input image set points (X {xi, x2}) and the structuring element set

ints (B {b;,b2}) at particular points.

The dilation process takes care of all internal noises as well as expag%ch oundary of the

P=Resultof p+b

The erosion formula says that p + b must be within our image set points for every b B
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Using the above formulae, the expanded boundaries of the dilated images eroded because those
set points did not satisfyp+b X
For contour smoothing of the images, a combined operation of erosion and dilation was applied.

First, combination of erosion followed by dilation with the same structuring element, a V\

combination termed morphological opening. ®
Morphological opening operation is the opening of set X by a structuring ele@@ich is

defined as; *
\
X-B=(X B) B. \’\

Above formula is interpreted as morphological opening equ% sion of X by B, followed

by the dilation of the result by the same structuring elem:

With the defined structuring element, images we?% roded which shrank the images but

removed all unwanted elements from the im #ﬁe shrunk images were followed by a dilation

operation with the same structurin e . The dilation operation compensated for the

shrinking thereby expanding the r@ges. It restored the shapes to their original sizes.

Next, we applied dilation ll%y erosion using the same structuring element, a situation
.

known as morphologQ sing,
The closing op g{g e closing of set X (set points of the image) by the structuring element

N
B (set pe tructuring image), defined as;
X-B% ) B

"l%s interpreted as morphological closing equals the dilation of X by B, followed by the
erosion of the result by the same structuring element B.
The morphological opening is useful for removing small objects and thin lines from an image

while preserving the shape and size of larger objects in the image.
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In a summary, the morphological opening got rid of all unwanted objects from the images while
preserving the shape and size of the useful objects. The morphological closing operation takes
care of any internal noise present in any of our training and testing images’ object regions.

N]

Figures 3.8 and 3.9 below shows some dental images with morphological effects
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Original images Eroded/dilated images %\V\

The model is developed with 3 MM convolution layers, 3 pool{gﬁa}sﬁ%

3.7.1 Model Training \
fully connected layer
and a softmax layer. Each of the MM convolution layers has ilfers with dimensions 3 x 3 and
a stride size of 3. %\

The conventional convolution layer which is thg braindehind CNN does multiplicative process

of its input values with corresponding li eN ights and takes an aggregate of the weighted

input as depicted by the gold colours of figure 3.9.

P4
H = > input value *corresponding weight +bias

) N

Categorical cross entropy

inu[ \

8 =
INPUL =— 5 @ N
b g _ : . loavi
S g L=— yi- togyi
k3] i=1
soput =

total

Figure 3.9 Graphical representation of CNN forward propagation
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The weighted sum is passed through a non-linear activation layer depicted by the green coloured
portion of Figure 3.9 to get an output of the node H. In this layer, an element-wise operation is
performed in which all negative pixels are set to zero (0).

f(x) = max (0, x) is applied to every value in the summed up weighted input data. If the tion

receives any negative input, zero (0) is returned; but if it receives any positive Valn.@eiums
that value. As a result, the output has a range of 0 to infinite. %\%

ReLU introduces non-linearity to the model’s network and generates a %ﬁe eature map. For

\
this study, we choose ReLU over other activation functions becq%ﬁ its advantage over the

others like sigmoid and hyperbolic tangent activation functi&&th have a vanishing gradient

problem.!¥” This step is carried out on every node in @\ rk using the output of a layer as

input to the next layer. At the output layer, the i k@ output neuron errors are calculated by

taking a difference between the ideal o@ nd" actual output through the application of
rs

optimization function. These output%

error of the model. QV\
\ A

¢ summed Ei+E>+E3+Est+....E, to give the total

Iy .
~— Categorical cross entropy
" dilation El
~ £ X@B={P€eZip=x+
mput — O —
? 2 b,x €EX,b €B} = _
Erosion=XOB = {P €Z| = — E vi- logvi | Error
" — 4 +b EX, é i=1
00 For every b €B}
E6

Figure 3.10 Graphical representation of MM-NN forward propagation
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The convolution process of CNN as depicted in figure 3.9 is replaced with set-based MM
operators; dilation, erosion and a combination of both (opening and closing) in Figure 3.10.
MM operators, dilation and erosion as defined in figure 3.10 depicts an image “X” under process

being probed by a structuring element “B”.

Where “X” and “B” are set points of the image and the structuring element resi®\ 72

Cartesian grid as already explained. As depicted in figure 3.10, MM-NN f% on-linear,

therefore have no need to pass through an activation layer or process like'e CNN model. Dilation
\

and erosion were used at the initial layers to identify simple struch%%hﬂe the combination of

both (opening and closing) was used to identify complex st

The model is designed to extract areas of interest frow%\%l set using MM operations. First,
1

we set a learning rate of 0.001 for the model.@n
over- fitting and then an objective functio@a

th 32 filters of 3x3 dimensions with a stride of 3

g rate is set small so as not to have
the loss function for the model was defined
also. The MM-NN layer inputs were
and valid padding. To avoid pa ly%sing of the image, valid padding was introduced. Valid
padding makes every pix t@age valid so that the input image can get fully covered by the
filter. Each MM-NN followed by a pooling layer. At the pooling phase, max-pooling was
used in all the layers. The feature maps obtained after the MM-NN convolution were max-
pooled usi oling stride of 2, 32 filters of 2x2 size to down-sample the MM-NN output. The
dow@p ing causes a drastic reduction in the image size thereby bringing about a reduction in
s& dimension.

The last pooling layer output is converted to a vector as input to a fully connected layer, then
through a softmax activation layer to classify the images according to their classes in a one-hot-
encoder.
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3.7.2 Output Generation.
This model is trained to use one-hot encoding; hence categorical cross-entropy is used as loss

function.

The fully connected layer of this model receives input volume from the output of th@:ing
layer. The fully connected layer of this study is a combination of different ste&,b

1. The first stage receives the output of the last pooling layer t and flattens it to a

in
one-dimensional layer (1D). @
2. The next stage or process is another layer that r@e flattened data and passed it

through a linear function (also known as affine @wuh an added bias as a constant.

Mathematically expressed as; ,\&

_ C
Where.y—f(Wx+b), Q
R
y = output, Q& .

X = input,

W = weights used Qo) linear combination,
b = bias &
f= activ% tion.

Q ;Le final output was then passed through a softmax activation layer for classification.

[
[ | : |
[ | | |
[ | | |
I g | Non- I
Input | | L NN i | | Flattened | Lincar . Softmax ||
layer B9  pooling ®  laver =# function = linear e, labels
I layers | ¥ I function |
[ | |
[ | : |
[ | | |
[ | | |
[ | | |
I Feature | | Output |
1 1 1

Fully connected layer

]CI‘IPY‘
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Figure 3.11 Data flow from input to output layer ®E

As demonstrated graphically in figure 3.11, a summary of data flow from thg 1 the output

and classification of the model. The model received dental images @t \at the input layer.
e

Areas of interest extracted for learning at the MM-NN layer. Ext ﬁ%{
t;s

reduced at the pooling layer. Pooled feature maps ﬂattened&@ ed through linear and non-

linear functions at the fully connected layer. A@ a non-linear activation function,

ure maps are spatially

softmax was used for the classification. ’\\
3.7.3 Model Parameter Adjustme i@ward Propagation
1. CNN back propagati%{- the forward propagation, data was propagated in a

batch size of 16 and from &u opYe, the lost function which is the distance between real value
ha

Y and the predicted V@

Wh @

nce between system’s predicted value, that is, outcome of softmax and expected value.

e
was calculated using Categorical cross-entropy.

N= number of classes; in this case, the number of classes is 6.

y = Expected value

9 = predicted value which is the softmax outcome

i = i-th sample in a set
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Categorical cross-entropy is used to calculate the loss in this study as it is a multi-class
classification problem where a given sample is classified into one of multiple classes. The model
predicts the likelihood of input data belonging to one of a defined number of classes and then
cross-entropy takes the output probability and measures the distance from the true valfe.and
gives the loss function.

Having calculated the loss which is the error, the model is back-propagated%@(gthe key
ue

parameters, (the learnable weights and biases) of the model whosg Yal were randomly
\

initialized in the first layer of the model. C\’\

v

Forward propagation -é’ »> Error E

Y2 = X3 Y3

X

v

Layer3

v

a

a

A

A

%’_ CNN Backward propagation

QJ Figure 3.12 Categorical cross-entropy illustration
the gradien &Qoss function is calculated with respect to the weights and biases of the model
usinga mii*®atch gradient descent algorithm. The weights of the model are iteratively adjusted
output error until the model reached a desired output. The relationship between the
model’s error and each of the learnable weights is a derivative — that measures the extent or
degree to which a slight difference in weight causes a change in the error as demonstrated in

Figure 3.12. The learnable weights adjustment is done when a 1 layer is given the derivative of its
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layer’s error E with respect to its output Y (—), It gives back the derivative of error E with

respect to its input X (—).

In order to update the parameters, the layers compute the derivative of the error E in n w\to

the weight (— ) and the derivative of error E with respect to the input X ( —). @/&

Applying the chain rule, — can be derived thus; %

Where; \&</
— = derivative of error E with respect to weight W. %

— = derivative of error E with respect to ouQ
— =derivative of output Y with re EQwelght w

And — can also be derived th
Where; QJ
%;of error E with respect to input X

%erlvatlve of error E with respect to output Y

— = derivative of output Y with respect to input X

After calculating — , the various learnable weights are updated with their new values thus;
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New weight = old weight — step size
Where

step size =learning rate *—

learning rate in this study = 0.001.

The model is a sequential network, therefore, the output Y of one layer (network) ®a

is the input X» of the next layer.

This also means that the derivative of error E with respect to the input @e layer is the
same as the derivative of the error E with respect to the output — ’\\ \

of the previous layer. So, when a layer is given the derivative o with respect to output Y
— and returns the derivative of error E with respect to % the previous layer, then the
layer before it receives it as — and by so doing, ev ter in every layer is updated.

2. MM-NN back propagation: @Opagations of CNN and the MM-NN model are

operated in the same fashion. A%&L

predicted outputs are com@w target output from which a loss function is calculated. The
ua

in the CNN back propagation, the MM-NN model’s

e
loss in MM-NN modghi ly affected by the input “x” and structuring function “w” through

(Y]

N
QQ
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In figures\™$3 and 3.14 above,

%— erivative of error with respect to structuring function w.

—— = Derivative of error with respect to output z.

It is the back propagated gradient from subsequent node that acts as input to the prior node.
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— = Derivative of output with respect to structuring function w.

It is also the computed dilation or erosion at the various nodes.

Using chain rule, — is calculated first with which result is calculated and finally ——

which is the loss with respect to structuring function w. The parameter adjustment an. @
of weights reiterates until the loss converges. < <</

1. Get Training instance &\ \
2. [Initialize training parameters C’}
3. Compute: =3 _, + @

4. Compute: == _ §

5. Compute: =—

6. Update weight: new weight = old we1g§®

7. Until Loss has converged, repeat s%
3.7.5 MM-NN algorithm <</Z

1. Get Training 1nstan

2. Initialize trai ameters
3. Comput s)=max {f(n)+h(s-x)})

3.7.4 CNN Algorithm

or ming Gh(s) min{f(s+n)-h(n)})
4. : =3 _ y
Q aErorﬂE _ aErorﬁ! =
5. Compute Derivative: =~ agw 8= dw
6. Update weight: new weight = old weight — step size
7. Until Loss has converged, repeat steps 4-6
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3.7.6 System Algorithm

1) Define the MM-NN model
2) Get dental images from source.

3) Load dental images dataset

4) Resize images; 256*256 ®t

5) Split (3) into 70% training dataset and 30% testing dataset

6) Label 70% training dataset into six dental diseases (caries, fracture@\%ntal Ccysts,

dental cavities, periodontitis, and impacted tooth) x

u %rer

7) Input training dataset (256*256 pixel) into the MM-NN sys &R
8) Pass input matrix values to MM-N layer for preprocessi %ture extraction
9) Pass feature map obtained from step 9 to pooling la@n-sampling

10)  Pass down-sampled map to Fully connected la)%\

11)  Classify output through Softmax activation.%

12)  Compare predicted output with actual x
13)  Obtain loss function using categori ah\

0Ss-entropy.
14)  Adjust parameters using mini ient descent
15)  Is output desirable? ®
a) Ifno, repeat steps 1)@&/
b) Ifyes, end * .
16) Obtain do@cription.

3.8 Sys mework

%summary of the frame work of the model. The system uses dental Periapical radiographs

ng data. The data is in the ratio of 70%:30 % where 70% is used to train the model and 30%

for testing.

70% labeled
training dataset

Training Process




o

\ .
Figure 3.15 System framework < \&

3.8.1 Training Process @

N\
Figure 3.16 is a graphical representation o %ing process. The model is trained with 70%
of collected data. A preprocessor is dd o receive the raw data to cleanse the data of any
noise for easy training. Denois d§<a, passed on to a feature extractor known as MM-NN
extractor to extract featur th.e arious images for learning purpose. Extracted feature map is
downsampled at th layer. Downsampled feature map is flattened to a vector as input

and fed to the é‘%c ected layer through a softmax activation function for final output

classiﬁ@ ________________________

U ) MM-NN Learning
Denoised

Q Network

image

Extracted feature

\ 4

|
|
|
|
|
|
|
L

--------------- - Max-pooling
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Figure 3.16 Training section of system framew@ \

3.8.2 Testing Process

identify and classify trained data. Unlike the traj

is passed to the model. If the output is not desir

i%{?%s until loss function is minimized drastically.

parameters are adjusted and retrain

Trained
MM-CNN

N

Prediction
network

Model

The Testing process as depicted in Figure 3.17 is a p 0@& how much the model has learned to
§w

ess where data are labeled, here unlabeled data

e, output loss function is calculated and learnable

Prediction
— 3

Prediction not
desirable

Classify
output

Caries

Impacted tooth

Periodontitis

Fractured tooth

cavities

Cysts

Adjust parameters using
mini-batch gradient
descent

A 4

41410

Calculate loss function
using categorical cross-
entropy




Figure 3.17 Test section of conceptual system framework

N
&
3.9 Treatment Planning %\

This study included a telemedicine section besides the dental i aila ification (otherwise

dental disease diagnosis). One of the gaps to be filled in tl® s study is inclusion of a
treatment planning to diagnosed diseases. The telemedi S%p cation as illustrated in a Use-

Case-Diagram in Figure 3.18 is included to fill that\ga developed with a singular objective

to provide patients an easy access to denta@q irrespective of geographical location. The

model can be deployed for use in den&! chpics *and training centres. A database was created to

store patients’ diagnostic and p s%

consultation services are registe 1th their personal and professional details. This application

ails. Dental doctors who are interested in rendering

e
is developed to work 4 Qne tion with the classification model. Results from the classifier are
stored in a dau&an sed as the basis for treatment planning. Patients are distributed among

registered octors for consultation. Listed and discussed are the outputs of the

tele &pplicaﬁon.
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In this experimental study, a CNN model was developed alongside the MM-NN model with a
total of 864 images. At the end of training the models, the models were tested with several
random data including the 30% test data. Accuracy, precision, recall and error rate were the

performance metrics used to evaluate the models. The outcomes are expressed in Figures 3%\

3.20, 3.21 and 3.22. ®

Accuracy (%)
100.00

\
99.50
99.00
98.50

98.00

97.50

S

4\
S
QQ

mmCNN

igure 3.19 System’s accuracy bar chart
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Precision

0.995

098
N\
0.975
0.97
CNN mmCNN

-
Figure 3.20 Syste@ﬁ)n bar chart
I\QJ

Recall

P 0.995
0.99

C
,\Q,

0.98

% 0.975
Q 0.97
Q CNN mmCNN

Figure 3.21 System’s recall bar chart
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Error rate
0.025
0.02
0.015

& Q¥

0 [
CNN mmCNN

h

N DN
Figure 3.22 System’s error rate bz@
The metric results displayed in the above bar charts w@ted and achieved thus;
i

Accuracy: Accuracy tells us how often our mo% syifier is correct.
d

It is calculated as the sum of all true Valu({;&%

3.1 below. Q
= —X \<§3 v (3.1)

Precision: How often i odel’s predicted positive classification right? It is calculated as the

y total values as demonstrated in Equation

true positives divi@t 1 number of predicted positive values as seen in Equation 3.2.

(3.2)

Rec@ity: The model’s ability to predict the positive values correctly as shown in

.3. It is calculated as the true positives divided by total number of real positive values

= (3.3)
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Specificity: Specificity as seen in Equation 3.4 corresponds to the true negative rate of the
considered class. It is calculated as true negative divided by the total number of all the negative

values

Specificity = ——— (3.9

Table 3.1 Metric Table of the Model &/':

S\

Actual \

dA dB dC dD
dA TPs Eas Eac Eap (YQR EAF
dB Esga TPs Egc Egp Ese Esr

Predicted dC Eca Ecs  TPc @‘QEEE Ecr
«

dD Epa Ebps TPp Epe Epr

dE Ega  Egs {\\\ TPr Egr

dF Era Ers Erc Erp  Ere TPr
Representing caries, fractured tooth, denta@,ﬁental cyst, imparted tooth, and periodontitis

with dA, dB, dC, dD, dE, and dF res

table 3.1, the rows of the matrix correspond to a

predicted class while the column@hatrix correspond to an actual class as seen in table 3.2.

Table 3.2 Illustration of t licgtion of Accuracy metric
Actual
( dA dB dC dD dE dF
dA | TPs | Eas Eac Eap Ear | Ear 1

TPy | Enc Ess | Epc | Esx

Ecs TPc Ecp Ece | Ecr

Eps Epc TPp Epe | Epr “TN (A)
| Predicted as ‘Negative A’
| Exc Erp TP: | Exr and actually ‘Negative A’

Ers Erc Erp Ere TPr

FN (A)
Predicted as ‘Negative A’
but actually ‘Positive A’
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The accuracy metric of the model as shown in table 3.2 can be interpreted thus;

TP: Red texted diagonal values are TP values for all the classes of diseases dA- V\
FP: Blue coloured row ‘A’ apart from the red texted TP is FP for disea %&wise
other rows, every row apart from the TP value is FP for the disease in t \

FN: Green coloured column apart from the TP on that col is FN for disease A.

\
Likewise other columns for the other diseases. ( \

TN: Content of gold coloured broken lines is TN for' '%. TN values are the values

of that disease apart from the row and colou@ that disease.

Above explained metric parameters and their tive equations (1-4) were calculated thus;

Where:

O

4\\4'
Where FP

class A catEpat+Era+Er4
Cla EsptEcs+EpptEestErs
Cl = FEsctEpctEpctEectErc

Class D = Eqp+Egp+Ecp+Eep+Erp
Class E = Eqe+Epet+Ece+Epe+Ere

Class F = EqrtEprtEcrtEprtEEr
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Where:

Where FN for, X/; )
class A = EsptEsctEaptEse+E4r %\%

Class B = Eps+Epct+Epp+Ege+Epr

Class C = EcatEcstEcp+Ece+Ecr \'\\ \

Class D = EpstEpptEpctEpetEpr

Class E = Ega+Egp+Epct+Egp+EEr ®
Class F = EratErs+ccrtErp+ErE ®
NN\

Where:

FP for the various classes is defined already in precision

<
)

class A =

pct+Eppt+EpetEprtEcp+TPc+EcptEcet+Ecr+Eps+EpctTPp+EDe+EprtEEp
Eep+TPe+Eer+Ers+ErctErp+Ere+TPr

c = TPs+tE sctEsptEsstEartEcatTPcrEcptEcetEcrtEpstEpctTPp+EDE+Epr+
Ees+Epc+Eep+ TP+ Eer+Ers+Erpc+Erp+Ere+TPFE

class C = TP4+Eup+Eup+Esc+Esr +Epa+TPp+Epp+Epe+Epr+Epat+Epp+TPp+EDE+Epr+
EpstEpp+Eep+ TP+ Epr+Era+Ers+ErptEre+TPFE
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class D = TP4+E pt+EsctEae+Ear +Epat+TPp+EpctEpe+Epr+EcatEcgt+TPct+Ece+Ecr+
Epat+EpptEectTPe+Eert+EpatErptErctEre+TPr

class E = TP4+Eupt+EsctEsp+Esr +Epat+TPp+Epct+Epp+Epr+EcatEcg+TPctEcp+Ecr+
EpstEpgtEpct+TPp+Eprt+Eps+Epp+Epct+Erp+TPr

class F = TP4+E ptEsctEsptEsg +Epa+TPp+EpctEpptEpetEcatEcp+TPct+Ecpt+Ec
Eps+EpptEpct+TPp+EpetEpat+Erpt+ErctEpp+TPE \
¢

* .
3.11 Implementation Tools ( \’\

Both hardware and software tools were employed in the*h{% rough implementation to

evaluation of this dental disease diagnosis MM-CNN . PFhey both played their significant

roles to make the work a success. Without sp@c , the software and hardware systems

included: &\J’\

Software Requirement Q\

1. PHP: PHP is an abi&on that initially stood for Personal Homepage. But now it is a
recursive acronmeJ

a combinatiﬁ&wo words coined by Ted Nelson'®®, so the full meaning doesn't follow the

ext Preprocessor. Recursive in the sense that the first word itself is

abbrevidtg is both an open-source server-side scripting and general-purpose language

tployed by developers'®. In this study, PHP was used as a server-side scripting
ang

1 ge for the web development and as a general-purpose language for Graphical User
Interfaces (GUIs). The popularity of PHP over the years is due to its advantages like its cross-

platform nature where it can run on every OS platform be it Windows, Mac, or Linux. PHP’s

127



original code is made available for people to build upon which also makes it an easy to learn

programming language. PHP was also used in this study to connect all databases as it supports a

variety of database management systems be it relational or non-relational.

2. CSS: CSS stands for Cascading Style Sheets. It is a language used to design kup

languages like HTML elements. CSS was used in this study to give the appeafa the
<<(our, text

markup language document with some styles like the layout of the docum%\
h

alignment, font size, etc. The use of CSS solved the problem of the b , har8-to-comprehend,

\
difficult-to-manage Hyper Text Markup Language (HTML) codes@s\%&as the use of duplicate

HTML tags. \$(§

3. JavaScript. JavaScript is one of the powerful to design'®®. We used JavaScript
both on the client-side and server-side of the we &em to give interactive ability to the
various web pages. We also used JavaS ?n\&mke forms in the telemedicine application
interactive in such a way that users ca@o to follow-up-questions.

4. XAMPP: XAMPP is an abb@?{ that stands for X (cross-platform; Windows,Linux,Mac
OS X),Apache(HTTP SWMSQL(Database), PHP, and Perl (programming language).

.

XAMPP is a local se @ aat runs on a personal computer used to test clients or websites before
publishing thesf to ote web server. XAMPP was used to test the server software on our
local com see how the MYSQL, PHP, Apache, and Perl projects interacted with one
ano PP is made up various components with each component with a unique function

t&akes it as a whole;

i. Cross-Platform: A feature that enables XAMPP to be installed on any operating system
platform
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ii.

iii.

1v.

Vi.

Vil.

Viil.
iX.
X.
XI.

Xii.

Apache: It is a cross-platform HTTP web server that is used to transport web material all over
the globe. If someone requests files, photos, or documents using their browser, HTTP servers
will serve such assets to clients.

MariaDB Database: New version of XAMPP now includes MariaDB. It is a relational system
database management system that provides data storage, manipulation, and rew,

management, and deletion services via the internet.

PHP: It is open-source server-side scripting and general-purpose language that(is ed by
developers. %
Perl: Used for web development, graphic user interface (GUI).

phpMyAdmin: is a database administration tool for MariaDB. & \
;oSke

OpenSSL: This is an open-source implementation of the Sec% ts Layer (SSL) and the
Transport Layer Security (TLP). <</

XAMPP Control Panel: Assists in the operation ang r \%n of other XAMPP components.
Webalizer: Keeps track of user logs and reports 0g u .

Mercury: Mail server that facilitates in the & ement of emails across the internet.

Tomcat:Provides JAVA functionality. < \
Filezilla:Is a File Transfer Protocol er t aids file transfer.
5. Anaconda. Anaconda jg A Q¢ and open-source distribution of Python and R
programming language. @ntaim the packages that are useful for data science and
e
machine learning preqi Qed ith it

Anaconda als& as ironment managers. This means that with Anaconda you can create

separate
N

Nav@ 3¢ the GUI of Anaconda that enables users to create environment, launch IDE’s like
T

A

a) Spyder. Spyder is an open-source cross-platform integrated development environment (IDE)

nts for different projects with the help of Anaconda Navigator. Anaconda

otebook, Jupyter lab and Spyder.!*!

for scientific programming in the Python language.
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The Python Spyder IDE is written completely in Python. It is designed by scientists and is
exclusively for scientists, data analysts, and engineers. It is also known as the Scientific Python
The Python Spyder IDE comes as a default implementation along with Anaconda Python
distribution'®?

b) Tensorlow. TensorFlow is a Python-friendly open-source library for numerical@l

ion
and large-scale machine learning that makes machine learning and developi% networks
hom

\

initially released in 2015to the public It uses either JavaScript or @ provide a convenient
front-end API for building applications while executing t}@mtions in high-performance

C+.193 %

TensorFlow can develop text-based applicatio& ain” and run deep neural networks for

classification, perception, image recognitio % starch, discovering, word embeddings,
n,%tfl

understanding, prediction, and creatioQ ow is packed with so many applications such as
make algorithms that can paint @,\t

fast and easy. It was created by the Google Brain team, written in C++%on and CUDA and

rain a pc to recognize objects in an image, teach the

computer to read and synL%ize phrases which are a part of Natural Language Processing

e
and many more.'%* Q

a. Hard egewirement: The basic hardware requirements are;

[am—

G Processing Unit (GPU)

GPl@c puter chip that performs rapid mathematical calculations, primarily for the purpose
(%ktring images. A GPU is able to render images more quickly than a CPU because of its
parallel processing architecture, which allows it to perform multiple calculations at the same
time which a single CPU does not have. For the purpose of this work, we chose to use a

computer system with a GPU that supports the CUDA® Deep Neural Network library (cuDNN)
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https://searchdatacenter.techtarget.com/definition/parallel-processing

designed for Nvidia GPUs (Nvidia Corp. Santa Clara, CA).This will tremendously speed up
training up to 75 times faster than a CPU.!»

2 RAM: The RAM (Random-Access Memory) is a volatile Memory in the computer

system that stores data and machine code currently being used. A random-access memo ice
allows data items to be read or written in almost the same amount of time irres the
physical location of data inside the memory. RAM is measured both in siz ed. RAM

size determines how much temporary data the computer can store and hqw fass¢ it runs. For the

\
purpose of this study, a RAM size and speed less than 8gigab1(e})¥ result in a slow and

tiresome performance. @
1

3 Hard disk drive (HDD). The hard disk drive isth ¥ and usually largest, data storage

hardware device in a computer. The operating s s%

stored in the hard disk drive. \’\
S

The least expected size of external sto% is system to work effectively is 1tera.

\/ Chapter Four

QQ Results and Discussions of Findings

oftware titles, and most other files are

Having do ice to this study in previous chapters by defining and reviewing basic concepts
whi damental, as well as the steps that were taken to implement the model, this chapter
;&ts the output. The study in a bit to answering the research question, designed, developed
and implemented a MM-NN model that replaced the summation of the product of outputs with
corresponding weights (3 w*x +b) with addition of outputs and corresponding weights and
taking maximum (F  h(s)=max{f(n)+h(s-x)}) or minimum (FOh(s)=min{f(s+n)-h(n)}) as the
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case may be in the convolution layer of CNN. In filling the gaps of previous study, treatment
planning was also included in the form of a telemedicine application. The telemedicine

application is designed to serve the “medically underserved populace” of developing countries.

N

One of the key purposes of this study is to develop an intelligent system \&&ose dental

radiographs through the experimentation of shifting from the conv@ algorithm to
\
MM-NN algorithm. This shifting is the change from the result o N tiplicative process” of

the strength of the electric potential of a signal traveling alo %ﬁ on which CNN is built, to
an “additive process” from which the mechanism @s aptic membranes only accepts

signals of certain maximum strength. \

The system was successfully designed, d@ d and implemented from scratch through the
Ogic

employment of mathematical morpf tools to achieve the additive process of the

postsynaptic membranes. This s '?)}tlined the various training results and demonstrated the
steps on how the system i ilt\/

4.1.1 Outcome @ng Filter sizes

During the @gphase of the model, the depth of each layer of both the CNN and the MM-
NN K:r$d starting from 8, 16, 32 and 64. These depths represent the filter numbers applied

table 4.1, it is clear that layer depths 32 and 64 outputted similar accuracy results. Therefore, for

e training images. Table 4.1 is an outcome of the various depth outcomes. From the

reasons of training and computational time, depth 32 became an obvious depth to adopt; hence,
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32 filters were used in all the layers of the model. Figure 4.1 is a graphical representation of table
4.1.

Table 4.1 Accuracy Using Different Filter Sizes

Diseases 64 32 16 ‘\¥
A

Dental caries 0.9907985  0.9907984 0.9815465 Q707984
Dental Cysts 0.9997654  0.9997654 0.9902356 \0.9697654
Fractured Tooth 0.9989684  0.9989684 0.9757&8\& \ 0.9489684
Periodontitis 0.9999688  0.9999687 @ 0.93997679
Impacted tooth 0.9987994  0.998799 &%89999 0.95657903
Dental Cavities 0.9979998 0.99%& 0.9959534 0.9135799

S

Accuracy using different Filter Sizes

1.02
1
0.98
0.96
0.94
0.92
0.9
0.88
0.86
‘ ,b,;\?f’ C\(}"’ oo,& & 00’6\ ) \;&"
C N Al & N A
& P & 2 <& &
QQ’Q Qeo (,I@" Qe}\ X N
& F

:) &
b EGim32M16WS

Figure 4.1 Graphical representation of filter sizes outcome
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Table 4.2 and Figure 4.2 are the tabular and graphical representations of the error rates of
different filter sizes respectively.

Table 4.2 Error rates of different filter sizes

64 32 16 A\V\
\\
Dental carics 0.0092015 0.0092016  0.0184535 Q2016

Fractured Tooth 0.0010316  0.0010316 .02420 \ 0.0510316
Periodontitis 3.12E-05 3.13E-05 <O</ 57 0.06002321
Impacted tooth 0.0012006 0.00120@.01 10001 0.04342097

Dental Cysts 0.0002346  0.0002346 0.00976®0.0302346

=)

Dental Cavities 0.0020002  0.0820 0.0040466 0.0864201

Error rates of different filter sizes

0.1
0.09
0.08
0.07
0.06
0.05
0.04
0.03
0.02

0.01
. | | - _mn

Ho4W32M1l6mE

Figure 4.2 Graphical representation of error rates of different filter sizes
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4.1.2 Training Time Difference between MM-NN and CNN

Table 4.3 illustrates a comparative difference between MM-NN and CNN training times in
second. From the table, the MM-NN model and CNN model subjected under the same training
data size shows an obvious difference time-wise. Table 4.3 is represented graphically in@e

R
&

Table 4.3 Training Time Difference between MM-NN and CNN

64MM  64CNN  32MM  3pcNN 16MM NN BMM g oNN
Dental caries 274 337 263 218 250 298\ 239 287
Dental Cysts 231 284 227 275 % 51 190 228
Fractured Tooth 227 279 218 264 (é%\ 238 188 226
Periodontitis 259 319 248 30 \* 275 213 256
Impacted tooth 240 295 237 % 223 265 204 245
Dental Cavities 267 328 243 289 228 274

250 )3
/Q\
I's
350

300

250
20
15
10
5
0

64 CNN 32CNN 16 CNN 8 CNN

o

o

o

o

Periodontitis B Impacted tooth M Dental Cavities

Q( B Dental caries B Dental Cysts B Fractured Tooth

Figure 4.3 Graphical representation of table 4.3

4.1.3 Data size and Image Features
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Table 4.3 contains the data size and image features that produced the discussed results. The
models (MM-NN and CNN) were trained with six classes of dental periapical radiograph images
as listed in table below. Each class of the images had its training time as they were of different

sizes and dimensions.

Table 4.4 Data size and Image Features (<<:\~
\

Diseases Data size Image Dim
N

Dental caries 120 VXQ 512
Dental Cysts 131 (:)\X&
Fractured Tooth 112 ® 233 by 217
Periodontitis 159 \* 235 by 215
Impacted tooth 152 ® 413 by 402
7 \ 692 by 587

N

4.1.4 Model Test Outcomes Q
On completion of the develo @\the system, the model was tested with several datasets

Dm\«
from different sources. TWdel as tested with the 30% benchmark test dataset separated for

Dental Cavities

1
¢

testing as well as O{J t from the internet and hospitals.

4\

4.1.5 k and Random Dataset Test

The %hmark dataset gave perfect test results. The various diseased images all gave high
@tages showing that the system is working perfectly. But when the model was tested with a
random dataset, there was a deviation. Most of the times, the random dataset test gave high value

to dental caries even though it was not given a caries image. To solve this problem, more dataset
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was added to the training dataset to improve the accuracy of the model. Table 4.5 is a display of

the test results in some metric formats.

Table 4.5 Random Dataset Test Results

Images Accuracy Precision Recall Specificity Sensitivity Erroygrate
(%)
Dental Cavities 78.81 0.9981461 0.9981461 0.000854 0.998146
Dental Cavities 71.89 0.9989461 0.9989461  0.0010539 0.99894
Dental Cavities 69.18 099175334  0.99175334  0.0082467 0.991
Dental Caries 99.08 0.9907684 0.9907684  0.0092316 0.99 .00923162
Dental Caries 97.99 0.9798832 0.9798832  0.0201168 0. 0.02011681
Dental Caries 99.75  0.99754385  0.99754385  0.0024561 0.00245615
Dental cysts 67.96  0.95963295 0.95963295  0.040367 059633 0.32040306
Dental cysts 70.70 0.9569666 0.9569666 956967  0.29310120
Dental cysts 66.82 0.9681589 0.9681589 0.968159  0.33182345
Fractured Tooth 98.82 0.9881589 0.9881589 0.988159  0.01184101
Fractured Tooth 98.75 0.9874529 0.9874529 0.987453  0.01254701
Fractured Tooth 95.10  0.95096346  0.9509634 0.950963  0.04903654
Impacted Tooth 89.99 0.9599171 0.959 0400829 0.959917  0.10012302
Impacted Tooth 87.50 0.9849955 0.98% 0.0150045 0.984996  0.12510451
Impacted Tooth 89.50  0.98499554 098499 0.0150045 0.984996  0.10510446
Periodontitis 68.23 0.992281 0.992281 0.007719 0.992281 0.31770109
Periodontitis 62.90 0.998991 09989913  0.0010087 0.998991 0.3710087
Periodontitis 56.88 0.9487613 0487613  0.0512387 0.948761 0.4312387

4.1.6 Subsequent Test Results V\

After more training dataset werdadd€d to the model for more training, it was tested again with

random dataset. The @ie‘ved tremendous improvement in terms of accuracy. Table 4.6 is

a tabular represenf%))

4.5, 4.6, 4.7@ d 4.9 are the model predicted output results.

some of the results of the improved trained model while Figures 4.4,

Table iproved Test Results
IW Accuracy  Precision  Recall Specificity Sensitivity Error rate
Dentaf/Cavities 100.00 0.999989  0.999989 1.11E-05 0.999989 1.11E-05
Dental Cavities 99.99 0.999943  0.999943 5.72E-05 0.999943 5.72E-05
Dental Cavities 99.91 0.999146  0.999146 0.000854 0.999146  0.000854
Dental Caries 100.00 0.99998 0.99998 1.95E-05 0.99998 1.95E-05
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Dental Caries 99.88 0.999883 0.999883 0.000117 0.999883 0.000117
Dental Caries 100.00 0.999991 0.999991 8.94E-06 0.999991 8.94E-06
Dental cysts 99.58 0.995752 0.995752 0.004248 0.995752 0.004248
Dental cysts 99.99 0.999892 0.999892 0.000108 0.999892 0.000108
Dental cysts 99.99 0.999902 0.999902 9.8E-05 0.999902 E-05
Fractured Tooth 99.82 0.998152 0.998152 0.001848 0.99815 &%\MS
Fractured Tooth 99.99 0.999893 0.999893 0.000107 0.99 Q .000107
Fractured Tooth 100.00 0.999999 0.999999 1.2E-06 0. g& 1.2E-06
Impacted Tooth 99.99 0.999917 0.999917 8.28E-05 %17 8.28E-05
Impacted Tooth 98.50 0.984996 0.984996 0.0150@0.\984996 0.015004
Impacted Tooth 98.50 0.984996 0.984996 0@ 0.984996 0.015004
Periodontitis 100.00 0.999981 0.999981 % N 0.999981 1.86E-05
Periodontitis 99.99 0.999785 0.999785 *0 0215 0.999785 0.000215
Periodontitis 100.00 0.999993 0.999 6.7E-06 0.999993 6.7E-06
99.78 0.997899 4{&78 0.002101 0.997899 0.002201
A
B | @ sfcainigencesysem. x| 1 - 0
€ 5 G @ O kcohostdentiyDenisyindecshp Aats @ Gl ]

Al Dentist Staff

# Home

& Staff Manager

[Tl © Type here to search

Dental pisease

Sign out

@ Home - Dental Dic

o]

Accuracy: 99.88%
Precision: 0.99884015
Recall.0.99684015
Specificity:0.00116
Sensitivity:0.93884015
Error rate:0.00116

& Predict Dental Disease
Load Tooth Image

‘ Choose File | No file chosen

Predict ©

The predicted dental disease is : Dental Caries with an accuracy of : 99.88%

Figure 4.4 Predicted dental caries result
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(] Artfcial Intelligence System X | g localhost/ 127001 /dentist/= % | 4

&« C R (@ localhost/dentist/Dentist/index.php A

Sign out

Al Dentist Staff f

# Home Dental pisease @ Home ~ Dental Di¢

& Predict Dental Disease

'@

Load Tooth Image

| Choose File ‘ No file chosen

Predict©@

The predicted dental disease is : Dental cysts with an accuracy of : 99.58%
Accuracy: 99.58%

Precision: 0.995752

Recall:0.995752

Specificity:0.004248

Sensitivity:0.995752

Error rate.0.004248

1:40 AM
&+ 6/242022

P Type here to search

Figure 4.5 Pr dental cysts result
_—~
] Artificial Intelligence System % | = - g X
= C ® @ localhost/dentist A s ©® O % L
Sign out

Al Dentist Staff ¢

@ Home - Dental Dis

A Home Dental pisease

& Predict Dental Disease

Load Tooth Image

‘ Choose File | No file chosen

The predicted dental disease is : Dental Cavities with an accuracy of : 89.91%
Accuracy: 99.91%

Precision: 0.9991461

Recall:0.9991461

Specificity:0.000854

Sensitivity:0.9991461

Error rate:0 000854

306 AM
& & 6/24/2022 t

Ll © Type here to search

Figure 4.6 Predicted dental cavities result
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O [ Arificial Intelligence System x |+

< C M (@ localhost/dentist/Den ® & o= i 4

Sign out

Al Dentist Staff ft

A Home Dental pisease @ Home ~ Dental Dic

& Predict Dental Disease

s

Load Tooth Image

| Choose File |No file chosen

Predict ©

The predicted dental disease is : Fractured tooth with an accuracy of : 99.82%
Accuracy: 99.81%

Precision: 0.9981522

Recall:0.9981522

Specificity:0.001848

Sensitivity:0.9981522

Error rate:0.001848

224 AM

& £ 6/24/2022 =

L Type here to search

Figure 4.7 Predict

K 1 tooth result

»\

im] Artificial Intelligence System X | 4 = =] x
= [GRN] (D locathost/dentist/Dentist/index.php A @ {5 @ < = 2
Sign out

Al Dentist Staff f¢

& Home Dental Dis

A Home Dental oisease

& Predict Dental Disease

Load Tooth Image

Choose File ‘ No file chosen

Predict ©

The predicted dental di is:Ir tooth with an accuracy of : 99.99%
Accuracy: 99.99%

Precision: 0.99991715

Recall:0.99991715

Specificity:8.285E-5

Sensitivity:0.99991715

Error rate:8.285E-5

N

£ Type here to search

Figure 4.8 Predicted impacted tooth result
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(im] Artificial Intelligence System x IS - - *

&5 C @ @ locathost/dentist/Dentist/index.php A e 5 O 48| 2

Al Dentist Staff & = Sign out

A& Home Dental pisease @ Home - Dental Dis

o

& Predict Dental Disease
Load Tooth Image

| Choose File ‘ No file chosen

Predict @

The predicted dental disease is : Periodontitis with an accuracy of : 99.99%
Accuracy: 99.99%

Precision: 0.9999933

Recall:0.9999933

Specificity:6.7E-8

Sensitivity:0.9999933

Error rate 6.TE-6

=

256 AM

8 & 6:‘24/10?_". L

Ll © Type here to search

4.2 Analytical Comparism Between Exj %Swstems And Improved System
Upon completion of the development tggyodel, random periapical dental radiographs were
used to test the accuracy and gth tiveness of the model wether there is appreciable
correlation between the m els\b%) t and a dentist’s clinical judgment. With the accuracy the

e
model gave, there wa arRable correlation.

Table 4.8 A< ical'Comparism between existing systems and improved system

[ N
Auth \)‘iﬁe Year Problem Method and Precision Accuracy
number of
(\ disease

Abdullah Detection of 2022 Dental disease CNN 96.51%

S. AL- Dental Diseases classification 3 diseases
%‘) g Malaise through X-Ray
Zz 2 AL- Images Using
& % Ghamdiet Neural Search

al Architecture

Network
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Lee et al Deep learning for 2021 Dental caries CNN
early dental 1 disease
caries detection
in bitewing

radiographs
Bidgoliez ~ Automatic 2021 classify teethas ~ CNN 92%
al diagnosis of dental healthy, decayed, 4
diseases using root-canaled, classifications
convolutional and .
neural network and
panoramic
radiographic
images
A Deep 2022 Dental disease M \ 99.78%

mathematical classification

morphological 6%
neural network to

classify dental

periapical $\
radiograph for the &

diagnosis and
treatment of dental
diseases f\\

Improved system

The model was also compared with t reW—of-the-art classification models to validate its
effectiveness. The comparism was on accuracy/precision, the type of dental problem
solved, the method and number 0f dgfital diseases the model classified.

e
Table 4.8 is an anathco parism between improved system and three existing systems.
a

Existing system, evalu was based upon the accuracy of the classifier on a given test set that
were Corr c@siﬁed by the system. The system was termed positive when it classified set

test 1 cotrect classes and negative when it classified set test in a wrong class.

positives (TP) were the positive set test that were correctly predicted, that is, predicted
value and actual value is positive.True negatives (TN) were the set test that were correctly

predicted as negative. A situation where predicted value and actual value is negative. The false
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negative (FN) values were those that the system predicted as negative but actually positive while

the false positive (FP) are values the system predicted as positive but actually negative.

4.3  Accessing the System

The system can be accessed locally from your computer system (laptop, desktop) a@our
browser. %\%
1

From browser: To access the system (Dentist) through a br% simply typing
\

localhost/dentist on the browser’s Url as shown in Figure 4.10. \@%\%@king the enter key on
keyboard brings up the splash/login screen page of the systerﬁ%ﬂqn figure 4.11.

@ New Teb x| + = .
> C Q, Jocalhost/dentist/ =, i ;=
} Getting Started =
[ ing Starte localhost/Dentisty — Visit [ Other Bookmarks
Firefox Suggest &
Artificial Intelligence System — http://localhost/Dentist/addstaff.php#

Artificial Intelligence System — http://localhost/Dentist/index.php#
Artificial Intelligence System — http://localhost/Dentist/account.php
Artificial Intelligence System — http://localhost/Dentist/show_staff.php

Avrtificial Intelligence System — http://localhost/Dentist/nre.php

This time, searchwith: & & b @ w % O ® b

N STAILH WILH GUUYIE U ST SUaress

co g [ > ] ™ a m G

colaburescarch... mail.goegle youtube localhost teachablemac... apps.microsoft load accounts.google

£ Type here to search

\NY4

Figure 4.10 Google url
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Al-AdminLegin x +

ﬂ B G

= c O D localhostfindexphp g In @

Diagnosis and Treament of Common Dental Disease through Periapical Radiographs

= o

ol
22 2:19:06 PM

Wednesday June 22, 20:

Signin to your account

Admin

Z19PM

6/22/2022

L5

Figure 4.11 Splash/Systen\'n
Accessing locally: to access it locally from a loga %.\ er system, go to the drive where

XAMPP is installed. In most cases it is inst&d\&c rive, C:\xampp\ and with few steps, the

system is accessed.

S

Step1. Double click on XAMPP co %el as displayed in figure 4.13. A submenu comes on.

Click on Open on the submenu that'\p@ps up.

NS

N
S
S
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ferences  Mailings

- r = —r- S " " N " A . L Find ~
y ¢ AzBbCc AaBb #ss Aa B ASBELCCE: | 3. Replace
LB Al Apps  Documents BN ac.. Heading1 Heading2 Heading 3 Title subtite [5] | N g
. < [} Select

i & i
Best match Styles Editing

@ XAMPP Control Panel
App

Search the web
il XAMPP Control Panel
L x-see web results App

Settings (2+)

R4

i Open

Il Run as administrator

1 Pin to taskbar

il i Uninstall

0D :. ? ; » ~o =1

Figure 4.12 XAMPP at start-up % local system

When the controller opens, it takes you to anothe\envigghment as seen in figure 4.12. The items

under ‘Module’ in figure 4.13 (Apache, MQ}J\' eZila, Mercury and Tomcat) can be started

and stopped.

PANN

XAMPP Control Panel v33.0 [ Compiled: Apr 6th 2021 ] - I3
XAMPP Control Panel v3.3.0 & Confin
Modules. 5
Netstat
Service Module  PID(s) Port(s) Actions i oo
Apache start Admn | | config || Logs o snet
MysSaL Start Admin Config Logs | Explorer
FieZila start Admin Config Logs. ¥ Services
Mercury Stant Admin Config Logs @ Hep
Tomeat Admi | [ Config | [ Logs o
Vl [mysq]  Attempting to stop MySQL app. ~
11PW [mysql] Status change detecied: stopped

[filezilla] Attempting to stop FileZilla app...

| [flezilla] Status change detected: stopped

! [mercury] Attempting to stop Mercury (PID: 5060)
14 Pl [mercury] Status change detected: stopped

14 PV [Tomcat] Attempting to stop Tomcat

23416 PV [Tomeat] Status change detected: stopped

p ” - y = 123PM
ﬂ £ Type here to search ul 4 3 e . C + ~ B oo

Figure 4.13 Inactivated XAMPP Control Panel
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Step 2.Click on the Start actions of the modules and they all turn lemon green when started as
showned in Figure 4.14. At this point, the ‘start’ under Actions turns to ‘Stop’ which means

that the modules are started or running.

I XAMPP Control Panel v3.3.0 [ Compiled: Apr 6th 2021] % x
XAMPP Control Panel v3.3.0 F* comta
Modules
Service Module  PID(s) Port(s) Actions e
10044 _
Apache s 50,443 | stop Admin Config Logs B she
mysaL 7628 s | stop Admin Config Logs | Explorer
FlezZila 11650 2114147 [ Siop Admin Config Logs £ Services
ore 2579, 105, 106, 110
Mercury 2578 Foio <o Admin Config Logs © e
2005, 8080, 5005,
Tomeat 2408 s i | [Gonta | [ omm T

Attempting 1o stop MySQL app... -
Status change detected: stopped
Attempting to stop FileZila app.
[filezilla] Status change detected: stopped
[mercury] Attempting to stop Mercury (PID: 5060)
[mercury] Status change detected: stopped
[Tomeat] Attempting to stop Tomcat

[Tomeat] Status change detected: stopped
[Apache] Attempting to start Apache app.
[Apache] Status change detected: running
[mysql]  Attempting to start MySQL app.
[mysq]  Status change detected: running
[filezilla] Attempting to start FileZilla app.
[filezilla] Status change detected: running
[mercury] Attempting to start Mercury app
[mercury] Status change detected: running
[Tomeat] Attempting to start Tomcat app.

I [Tomcat] Status change detected: running

n O Type here to search

Figure 4.14 Activated XAMPP control panel
Step 3. Click on Apache’s Admin figure 4.15 and that takes you to the splash screen of

the model.

@Q\ .

NS
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Diagnosis and Treament of Common Dental Disease through Periapical Radiographs

-4 @ A4

-
Wednesday June 22, 2022 12:12:51 PM

4.3.1 System Login Security Measures %

-\

The startup screen as shown in Figure 4.15 is a combination of a splash screen and a login page.
It comes up with the title of the software scrolling leftward from the right upper corner of the
screen. An inbuilt calendar with date-time displays the day, month, date, year, and time
whenever the system is logged into. A current version of the software is displayed at the bottom
left corner of the screen. As a login page, this is where security measures are applied to prevent
unauthorized users from accessing the system. It is a measure to ensure that only authorized

users are allowed entry into the system.

Two classes of users are defined who can access this system; admin and non admin user who are
expected to be staff of any organization where the system will be used. There are two key
information needed from either the admin or staff; user name and password. The username is the

name of the administrator or any user authorized or allowed to gain access to the application
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while the password is a string of characters used to verify the identity of the user during the

process.

4.3.2 System Main Menu Page

[E] Arificial Intelligence System X |+ = ®

& c QO D localhost/Dentist i B =

Al Dentist Staff #¢ Sign out

A& Home Dental oiseas @& Home - Dental Dis o

& Predict Dental Disease
Load Tooth Image

| Browse... | No file selected.

Predict @

+ CNN & Mathematical Morphology © 2020-2022 Designed by Tam-Nurseman, Lawumi Grace(LCU/PGI001249), Gomputer Seience Department

AR Type here to search

Figure 4.16 System main menu

The system main @-& ushered in from the login page. The page at the upper left corner

contains a % ade up Home, Staff Manager, Dataset and My Account.

1. takes you to the home page of the system. The home page is same with system
u in figure 4.10.
ii. Staff Manager: Figure 4.17 displays a menu where a staff can be added or removed.
Add staff with a + sign registers a new user where staff name, contact number, email address and

user’s category are registered for future verification. The impending user is registered either as
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an admin or a staff using the select category. A staff who was registered to access the system can

also be removed with the Remove Staff label.

[E Artificial Intelligence System X =+ = x
& (& O DO localhost/Dentist/addstaff php bk I B = [~
& Staff Manager RegISter New Staft
Category
--Select Category-- v
[3 Dataset
Staff Name
& My Account 2
Staff Contact Phone Number
Q
Staff Email Address
I
AP Type here to search
| N
Figure 4.17 Staff registration page
iii. Dataset: The sy is bt to be scalable. It therefore has room for more dataset to be

added as seen in Fi

e
. Dataset to be added are placed in their right category by selecting

disease catego% i

ayed in Figure 4.19
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[F] Artificial Intelligence System %+

-
< ] D

w i

& staff Manager

(=8]

[0 Dataset Select Disease

--Select Disease Category--

Select Tooth Image
(£ My Account [Browse... | No file selected.

Add to Dataset

localhost/Dentist/nre.php#

-l © Type here to search

Artificial Intelligence System X |+ - X
igence Sy;
£ c O D locahost/o: rephp

w In @
Al Dentist Staff ft

S Register new staff

[3 Dataset Select Disease

—-Select Disease Category--

—Select Disease Category—
Dental Caries

Dental Cavities

Dental Cysts

Fractured Tooth

Impacted Tooth

Periodontitis

£ Type here to search

N\

Figure 4.19 Disease selection menu
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v. My Account: This is created for the purpose of updating admin or staff profile.

[E Artificial Intelligence System X =+ = x
& (& O DO localhost/Dentist/account bk I B =

Al Dentist Staff

& Update ~wilc
Name
Monday Abutu Idakwo 2
Category
Admin ]

Contact Phone Number

08065499731 ]

Staff Email Address

mandabutu@gmail.com D]

New Password

Update Details

[l © Type here to search

Name and category are not upda

registration point. The conta er, staff email address and new password are the key

details required or affeg&in this page.
e

N
S
S

NS
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4.3.3 Dental Disease Diagnosis

[E] Artificial Intelligence System X |+ =

&« 2> C O D localhost/Dentist/index.php v N &

Dental pisease

m o x
>

K7

& Predict Dental Disease

Load Tooth Image

No file selected.

localhost/Dentist/index.php

L Type here to search

Figure 4.21 Disease diagnosis menu

This is the part of the main menu where the six categories of dental diseases limited to this study
are diagnosed. ‘Load Tooth Image’ reminds us that the system is meant to diagnose dental
diseases through periapical radiographs. Dental images are expected to be saved in files from
which they will be fed to the system for diagnosis. Clicking on the ‘Browse’ takes you to a
storage environment where you load a dental radiograph dataset from its repository to be fed to

the system for diagnosis.

P

152



@ File Upload X _ x

« “ 4 ||« Desktop > Periodontitis v o O Search Periodontitis _
s @ =
Organize ~  Mew folder =~ o @ ~

Pictures L s

3 This PC
B 30 Objects
I Desktop
[£] Documents
¥ Downloads
D Music

=] Pictures

B videos

‘i Local Disk (C:)

. | T n - ﬁ
-
S ab

File name: | | [AiFiles v

No file selected.

Predict ©

P Type here to search

Figure 4.22 Data input for Diagnosis

< | Anlr D Anac O Getti D Getti D Getti 2 How [ ol @ Probl Z Hom: & Untitl [ Anifi Z Hon & Untit | B anix + v = >
Co O D localhost/D w & v B8 =

Al Dentist Staff &

A Home Dental oiease

48 Staff Manager
& Predict Dental Disease

Load Tooth Image

| Browse... | A41.jpg

Predict @

F-ll © Type here to search

Figure 4.23 Disease prediction menu
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On selecting and loading a dental radiograph dataset as shown in Figure 4.23 and with a click on
‘Predict’, the system predicts the disease associated with the loaded image alongside its accuracy,

precision, specificity, recall, sensitivity and error rate as shown in Figure 4.24

O [ Adificial intelligence System X | £

& C M (® localhost/dentist/Dentist/index.php Ae 5 @ 43 3

Al Dentist Staff 'ﬁ = Sign out

A Home Dental pisease @ Home - Dental Dic o

& Staff Manager

& Predict Dental Disease
[Y Dataset

Load Tooth Image

[ My Account

‘ Choose File ‘ No file chosen

Predict ©

The predicted dental disease is : Dental Caries with an accuracy of : 89.88%
Accuracy: 99.88%

Precision: 0.99884015

Recall:0.99884015

Specificity.0.00116

Sensitivity:0.99884015

Error rate:0.00116

] I = 1:56 AM
Hll © Type here to search i e s - 23C A e

Q\\.

4.4  Results of Lelerfr€dicine Application

er Menu. Enlisted dental doctors and staff are registered here. Registration

record keeping. Data captured for this system’s use are doctor’s full name, contact number, and

email address. These data undoubtedly are the key information with which a user of this system
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can contact a doctor. Information such as the email address is as it is used to transfer patient’s
personal and diagnostic details to doctors.

D [5] Grace Musa *® —+

< O m (D localhost/dentist/Dentist/addstaff.php

Al Dentist Staff f¢

o b Register new staff

& Staff Manager

Category
& Ad Jentist Dentist v
. Staff Name
§ Patients Manager
W e e Dr. Ajayi Olamide 2

[# My Accoun
Ly Staff Contact Phone Number

08065499731 a

Staff Email Address

olamidea@gmail.com ]

+ CNN & Mathematical Morphology © 2020-2022 Designed by Tam-Nursema

a the system.

b. Figure 4.26 displays a page with a list of registered prospective end users of the

telemedicine application. Users account can also be removed in this page
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[&] Grace Musa X s localhost /127001 7 dentist / - % + = [ =

« C O & https:i/flocalhost/dentist/Dentist/show,_staff.php o & =
signout |
Al Dentist Staff f* = :
Q Manage Staff 4 & Home - Manage o
Staff Manager Manage Staffs

\:10 v'|recnrds per page Search:|

S$/in  Fullname Phone Email Regdate Action

T Grace Musa 07065499744 dentist@gmail.com 2022-06-02 12:21:31 1 Remove Account

2: Dr. Ajayi Olamide 08065499731 olamidea@gmail.com 2022-07-30 21:28:19 1 Remove Account

3. Dr. Felix Ambode 08065499789 ambode@gmail.com 2022-07-30 21:36:12 1 Remove Account

4. Dr. M. A. 08065499733  ife@gmail.com 2022-07-30 21:36:53 1 Remove Account
Ifeoluwa
Sin  Fullname Phone Email Regdate Action

Showing 1 to 4 of 4 entries

«— Previous n MNext —

Y
26 Staff/doctor’s list

E Y
N

c. Patients Manage is page is where an avenue for consultation is created. Here,

the doctor 0: @ ce is chosen from a dropdown menu that contains the list of doctors
availablg_for~eédnsultation. Patient’s personal and diagnostic details including patient

e ion Number (ID) are captured and sent across to the preferred doctor.

NS
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1} E Grace Musa vl

i (G (D) localhost/dentist/Dentist/psend.php

Al Dentist Staff ft

Patient ID: DP/1658215031

Dr. Ajayi Olamide v K
\
Patient Name
Patients Manager )
Blessing Mathew j §
Sex
Female v

[Z My Account Phone Number

08065499737 a

Email Address

3]

blessing@agmail.com

Diagnosis

Dental Cavitieq

-l © Type here to search

A\
Figure 4.26 Send@# personal and diagnostic details to registered Doctor
‘ ‘
d. A goo ug@yo;
rm@ iénts are assigned to the number of doctors registered for consultation.

doctors can be accessed by different patients. This makes the system
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] Grace Musa x|+ = o

& G @ () localhost/dentist/Dentist/patients.php Ao g @ & ? :
Al Dentist Staff f = e
O Dataset & Manage 3 Patients & Home - Manage 3Pa 8
& Sta ¢ Manage Patients N
@ Patients Manager records per page Search: |
Sin  Fullname Patient ID Doctor Diagnosis Booked @
1. Blessing Mathew 1669215337 Dr. Ajayi Olamide Dental Cavities 2022-07-30 21:34:38
2. Muhammed Obong 1659215540 Dr. Felix Ambode Fractured Tooth 2022-07-30 21:38:01
3 Blessing James 1659215594 Dr. M. A. lfeoluwa Periodontitis 2022-07-30 21:38:55
Sin  Fullname Patient ID Doctor Diagnosis Booked @

Showing 1 to 3 of 3 entries

« Previous n Next —

» CNN & Mathematical Morphology © 2020-2022 Designed by Tam-Nurseman, Lawumi Grace(LCU/PGI001248). Computer Science Department

Figure 4.28 Patients’ diagnostic list sent to different doctors

N\

e
e. Doctor’s Da d. Figure 4.28 displays a doctor’s patient(s) list on queue awaiting to
be attepgde The number of patients on treatment is indicated. If no patient is on

and awaiting queue tends to increas, the admin checks for possible problem and
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Dr. Ajayi Olamide x -+ == O *

flocalhost/dentist/D t/await.php bkt & =
Al Dentist Staff 4 = Sl
A Home & Awaiting 4 patient @ Home - Awaiing 4P
A
Awaiting Patients
\E| records per page Search:
Ly Aecount S/in  Fullname Patient ID @ Prescribe Action
1. Blessing Mathew 1659215337 2022-07-30 21:34:38 = Live Chat
2. Muhammed Buhari 1659216268 2022-07-30 21:50:29 = Live Chat
$/in  Fullname Patient ID Q A Action
Showing 1 to 2 of 2 entries
«— Previous Next —
< >

» CNN & Mathematical Morphology & 2020-2022 Designed by Tam-Nurseman, Lawumi Grace(LCU/PG/001248). Computer Science Depar

f. Patient’s Dashb .&patient’s dashboard page as seen in figure 4.29 indicates

S

the nex#lpatidaido be attended to waits on a queue and as soon as the current chat is over,

the %g patient is connected.

whether or nd

ent is on chat with a doctor. Whenever a patient is on with a doctor,
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] E Blessing Mathew X +

= [} X
<« O @ (D localhest/dentist/Dentist/pawait.php A @ 75 ® & = :
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i?’. 0 Patient’s dashboard
.

Q\ of a patient-doctor chat. This can be likened to a consulting room.

Here t doggy:xercises the three elements of diagnosis which are;'?

g. Figure 4.31 ig

story

. *Examination
Q 3. Diagnostic test
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Live Chat

Live Chat Guidelines
&® |
1.Type your text in the text area to see others Chats

A Home Page

2 Click your keyboad/Keypads Enter Key o send your messages

Blessing Mathew & Dr. Ajayi Olamide Live Chat g

Good day. You are welcome
How are you feeling today
The pain is very severe sir
When did it start

3 weeks now sir

(DI @-TE RO Bl T Sl Have you taking any medication before now?

Online

Type your message:

O 5 v @ L MmO =B

Figure 4.31 h@d octor live chat

. yel Type here to search

Having received the patient’s pe#so diagnostic details, the doctor listens to the patients’
complaints and ask some structutgg questions. At this point, the doctor establishes rapport with

the patient to arrive, rovisional diagnosis through direct chat with the patient. Besides the

diagnostic repopt sdnt ft6 the diagnostic test, the doctor further makes inquiry from the patient
to get mo el about the history of the present complaint, previous dental history, family,
and goeial history from the patient. Response to these structured questions will give the doctor an
i e best possible treatment plan.

Figure 4.32 displays a sample page of doctor’s prescription after doctor-patient chat. The

patient’s name, diagnostic reports alongside the doctor’s report are seen displayed in the page.
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Figur octor’s prescription page

h. All the prescripti okvarious doctors to different patients are stored in a database

‘ e
diagnostic detaf], da consultation, and prescription.

O

for record and refer iposes. Figure 4.33 displays patients’ details, consulted doctor’s name,

NS
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Figure ecelved prescription lists

1. Every prescriptionJ e&he subscribing organization or hospital displayed in figure

4.34. Patients receive

O

tout copy or soft copy sent to their email address
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N

Figure 4.34%cr1'p'fion received in hospital
4.5 Discussions ® .

Calculative steps @emaﬁcal algorithms were employed to the design and implementation
of this modé\nresearch questions; ‘In what way can CNN be applied differently yet achieve
great ac 7" was critically analyzed and answered by integrating MM operations into the

n layer of CNN. The model was trained with periapical dental radiographs. In this
study, a CNN model was also developed sideways the MM-NN model with same quality and
quantity of dataset. They were both tested with the same test set and the findings from this

research hopefully will be beneficial to future researchers as well as dental practitioners.
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The parameters used for the development of model are periapical dental radiographs, set theory
base MM operators and some linear and non-linear functions. The model comprises dental
radiograph classifier (that is able to classify dental radiographs into six classes according to the

respective disease) and a telemedicine application. The classifier’s output is proportidpal to

disease diagnosis upon which an appropriate treatment plan is executed through a@vine
application. %\b
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Chapter Five
Conclusion

5.1 Summary of Findings

This work has presented a framework through the design and development of a comp e

with artificial intelligence to handle dental medical diagnostic processes thr@y 1apical

radiographs while ensuring high precision and accuracy. %

The work began with an introduction to the background which e % d\the context of the
study. Al, the big umbrella under which CNN is was br'%c@ ssed alongside a brief
discussion on how it evolved through ML, DL to CNN. gﬁiuction to X-rays history and
dental X-ray types came into the limelight of tk% s the study has to do with dental
radiographs. &\
In order to meet professional standards b&o avoid duplicative research as evidenced by
Maggio et al, several related piece ature were reviewed. The designs and limitations of
each reviewed work were notea,\é(gwhich the insights into the reasons for this work arose.
After identifying the jtation's of existing works, an improved algorithm was proposed,
implemented, and %J d. The implementation phase employed the operations of MM for both
preprocessi xtraction of relevant features from the dental images.
The rese ethodology engaged in this work was an experimental method. Secondary data
to implement the system after which random data from hospitals was used to test the
efficiency of the model.

The findings of this research revealed that;

MM operations can be conveniently integrated into the convolution layer of a CNN

algorithm to effectively extract image features.
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ii.

iil.

1v.

The learning of the model was faster with the MM integrated convolution layer than the
conventional CNN convolution layer.
In terms of the Accuracy, precision, and recall metrics used, the MM-CNN model gave

higher values which makes it better as demonstrated in below accuracy, precision and recall

X

iv.  MM-CNN recorded less errors as shown in figure 5.5¢
In the face of lack of big dataset, MM-CNN algorithm can be implement@évailable
dataset. %
The research findings also revealed that digital dental images are ail&b e in the quantity
needed to develop a CNN based algorithm as dental departh%% ic lack digital imaging

equipment. &

5.2 Conclusion Q

This study adopted the fundamental questi ncerning the difference between biological

charts.

neural network and artificial neural netw@ich seeks to know whether the strength of the
electric potential of a signal traveli\'@ an axon is the result of multiplicative process and the
mechanism of the postsyna ti% ane of a neuron adds the various potentials of the electric
impulses or an additiv &s& and the mechanism of postsynaptic membranes only accept
signals of certain @1 strength? In a bit to answering this fundamental question, a research
question w. qulated as to how can CNN be applied differently yet with better accuracy.
This rese uestion guided the study to experiment on replacing multiplicative process in the

n layer of CNN with additive process which employed the operations of MM. The
study met all of its objectives by successfully answering the research question and came up with
findings as outlined in Section 5.1.

In conclusion, this model is good and safe enough to be used in dental centres.
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5.3 Contribution to Knowledge

1. The conventional convolution layer of CNN was replaced with MM and it functioned as a
preprocessor and a perfect feature extractor.

2. The CNN learning Network learned faster with the presented extracted features from MM
operations.

3. From Past works of literature, no study has developed a model that could diagnose up to the
number of dental radiograph that this model di.

4. The model development process shifted from the usual CNN convolution feature extraction

method.

Less data than expected was used to achieve great accuracy

Reduction of radiologist’s increasing workload.

The system can be used with high confidence in dental hospitals and training institutions.

Sl

While dental consultants will find this system as a reliable tool to confirm the correctness of
their subjective diagnosis, young dental doctors will find it as a pathway to gaining
experience.

9. It will facilitate a quick and accurate radiograph-based diagnosis of dental diseases.

v\

5.4  Recommendations

From the findings and problems encountered during the course of this research, it is highly
recommended that;

1. This work be installed in the university dental department for use to reduce workload and
a checkmate for correctness of subjective diagnosis.

2. Research scholars are provided with basic research facilities like research laboratories

and access to relevant journals.
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3. To carry out a complex and internationally acceptable research, access to basic
information is key. One of such information is value data, most especially medical data.
Researchers who need digital medical imaging especially in dentistry find themselves in helpless
situations as reasonable number of hospitals in Nigeria are yet to go digital, and as a result find it
difficult to get basic knowledge with which to continue with their research. For this reason,
Nigeria Government should provide hospitals (public and private) with digital imaging
equipment so as to enable researchers in medical imaging have data of value to work with.

4. Collaboration with international research communities should be strongly encouraged for
intellectual and academic exposure.

5. In the face of absence of big data as required for the development of CNN model, future
researchers should try out MM-CNN algorithm with available dataset.

6. The various heads of computer departments and the university at large should encourage

the design, development, and implement of projects that can solve real life problems.

5.4.1 Suggestions for Further Stlidies
AN\
This work has been able to establish all of its objectives, thereby answering its research questions

as well. However, it has its shortcomings. The work is limited to only 6 dental disease classes. It

is therefore suggested that;

1) More dental disease classes be added to make the system more scalable.
2) Lattice theory, random function or topology based mathematical morphology other than
set theory should be experimented in the convolution layer of CNN to compare findings in terms

of dataset size, learning rate and accuracy with that of this study.
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3) MM-NN depth and the layer depths should increase from 3 and 32 respectively.

4) MM-NN should be experimented with Non-flat morphological structuring elements
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import tensorflow.keras

from PIL import Image, Image Ops
import numpy as np

import mmlib

import cv2

import time

# Disable scientific notation for clarity ®:

np.set_print options (suppress=True)

# Load the model %\

model = tensorflow.keras.models.load model ('keras_model.h5")

model.compile(loss='categorical crossentropy', optimizer='adam', m: g@@uracy’,
'val accuracy'])
print(model.summary())

# Create the array of the right shape to feed into the keras%ﬁ/
1
el.
)

# determined by the first position in the shape tuple, i

# The 'length' or number of images you can put into thg a%
data = np.ndarray(shape=(1, 224, 224, 3), dtype= a

# test image path from the Ul :\&

image = Image.open('test.jpg")

#resize the image to a 224x224 td fi ?ﬁencmark dataset:

#resizing the image to be at lea§\2/ 24 and then cropping from the center
size = (224, 224)

image = ImageOps.ﬁt(it%, iZe, Image. ANTIALIAS)

#turn the image inf0 a py array

image array =adp.a y(image)

# displaed image

ze the image
nohndlized image array = (image array.astype(np.float32)/ 127.0) - 1

# Load the image into the array
data[0] = normalized image array

# run the inference
prediction = model.predict(data)
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labels=['Dental Caries','Dental cysts','Fractured tooth','Periodontitis',' Impacted tooth',’ Dental
Cavities']

print(labels)

print(max(prediction))

a=max(prediction)

L=max(a) @E
b= max(prediction); \b

¢ = b.tolist(); %
g=max(c); \

index = c.index(q); \

print("The predicted dental disease is :',labels[index],’, with an f:'L)

g=(1-1)

h=round(g,6) *

print('Error rate :',h)

image = cv2.imread('test.jpg") \@

initial time = time.time()

kernel=np.ones((5,5),np.uint8) ’\
img_erosion=cv2.erode(image, kernel, iter@\)&z )
imgdilationcv2.di1ate(image,ke<n<@ions1 )

cv2.imshow('Input',image)
cv2.imshow('Erosion’',im 0s10

.
cv2.imshow('Dilatio dilation)
cv2.waitKey(O

final time=
print('TimsJ

NS

Apendix B: Questionnaire

e sme()

e',(final_time-initial time))

Lead City University (LCU)
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Department of Computer Science,
Off Lagos-Ibadan Expressway, Toll

Gate Area, Ibadan

15/10/2021 %\Vx
Dear Correspondents < <</:

I am Tam-Nurseman Grace Lawumi, a Doctoral degree (PhD) student of the amed

department and university. /\\ \
I would want you to please use your experience to fill the questi@n the prevalence of

dental diseases on the next page. \&V

Please note that your response is strictly for research and as such, there is no known risk

for participating in this research. &

Please answer all questions as honestly QS&S ble and return the completed questionnaires

promptly to the researcher. @

Thank you for taking the time to\as n this research.

Sincerely, * .
Tam-Nurseman Gi
LCU/PG/00

080680
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SectionA: Personal Details
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>
>
>
>

Qf:ﬂil fluorosis

DENTAL SPECIALITY
a. Surgeon

b. Technologist

c. Therapist

d. Surgery Assistant

List of dental diseases

Dental caries
Toothache
Dental cysts
Cavities
Periodontitis

pulpitis Impacted tooth

tis

ry socket.
Candidiasis
Salivary gland stones
Ludwig angina

gingivitis

Fractured tooth & .
Cracked Toot z
Bad bregth fhali{68is)
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YV V. V V V

ARG

Denture Stomatitis
Anodontia
Osteomyelitis of jaws

dental abscess

Pregnancy Epulis %\V\

From your experience, tick the 6 most prevalent dental diseases listed a %

Which 6 among listed dental diseases can be diagnosed by periapical
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Apendix C: Letters of Introduction for Data Collection

Lead City University, Ibadan

o
| Beside Methodist High School, Oba Otudeko Avenue, Toll gate, P.O. Box 30678 Secretariat Ibadan

Tel: 02-7510681; 7510682; fax: 02-2001248

leadcity@Icu.edu.ng, www.lcu.edu.ng ?\
N\

November 02, 2020 %
TO WHOM IT MAY CONCERN \b
Dear Sir/Madam, \%

Letter of Introduction: TAM-NURSEMAN LAWUMI GRACE

supervision in Lead City University Ibadan.

I wish to introduce above named as a PhD student of Comp@be under my
She is currently undergoing her research work on a topic ti ‘sﬁosis and Treatment
of Common Dental Diseases through Dental X-ray I
Network and Mathematical Morphology”. :

She needs to acquire some datasets in designatedden inics in order to assist in model
development and testing.

I shall be grateful if she is given the req‘ire%beration to actualize her goal.
Yours faithfully, (8\:

k4philo@gmail.com, philip.achimugu(alcu.edu.ng, Mobile: 234809348228

N
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Lead City University (LCU)

Department of Computer Science

Off Lagos-Ibadan Expressway, Toll Gate Area, Ibadan
www.lcu.edu.ng

Dr Wilson Sakpere E-mail: sakpere.wilson@lcu.edu.ng \

PhD, MNSE, MIEEE, MSAIEE, MIITPSA Phone: +234 913 779 2962 i E

27" September, 2021

TO WHOM IT MAY CONCERN

Dear Sir/Madam, \
INTRODUCTION: TAM-NURSEMAN GRACE LAWUMI (MRS) &

| am writing to you concerning the above named Doctoral stud \% artment of Computer
Science, Lead City University Ibadan. She is currently under: ine\\D toral research work under
my supervision on the topic, “Diagnosis and Treatment on Dental Diseases through

0
Periapical Radiographs Using Convolutional Neural Nefworkan athematical Morphology”.

She has gotten to the stage where she needs to ire aset in designated dental clinics to assist

in the model development and testing of her r€sea ifmovation.

| shall be grateful if she is given the re d cooperation to actualise her goal. We remain at your

disposal for more information.

Sincerely,

Wilson Sakpere, Q
Head of Depaftme
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Bio Data
Personal Data:

Surname: TAM-NURSEMAN

Other Names: GRACE LAWUMI @E
Date of Birth: 5" December 1974 %\b

Gender: Female

\ .
Local Government Area: Burutu ( \’\

State of Origin: Delta @

Nationality: Nigerian %\
Marital Status: Married @
Religion: Christianity < \’\

Next of Kin: Colonel Tam aemi Samson Nurseman
Contact: \L<§/E
H

Residential Addr ouse Number 2, Tam-Nurseman Close, off Messi-Ogor, Akobo,

Ibadan.

Postal A(&g'\J Same as above.

lawumigrace@gmail.com

@Sﬂ Number: 08068021278
SO

tional Background:

Institutions attended with dates and Qualifications:
Lead City University, Toll Gate, Ibadan, Oyo State: 2019 till date (PhD Computer science)

Lead City University, Toll Gate, Ibadan, Oyo State: 2016-2019 (MSc. Computer science)
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mailto:lawumigrace@gmail.com

Lead City University, Toll Gate, Ibadan, Oyo State: 2015-2016 (PGD Computer science)

Enugu State University of Science and Technology, Enugu: 1997-2010 (B.Eng. Computer

Engineering)

Our Lady’s High School, Effurun, Delta State: 1986-1992(WAEC) \V\

Work Experiences with Date:
Industrial Training Department, High Mega Technology Enugu.200§ s) SIWES

Trainee

High Mega Technology Enugu 2004-2009

Alpha Speedlink Computers 2010-2016 (&:
Unpublished Journal Articles: §
1

Grace Tam-Nurseman, and Wilson Sakpere n Artificial Neural Networks” 2022

Grace Tam-Nurseman, and Wilson % esign and Development of a Telemedicine

System” 2022

A Mathematical Morph g&ep Neural Network for the Classification of Periapical
Radiographs in th@oms and Treatment of Dental Diseases. PhD Dissertation

Published Journ A
Philip A‘\ #Oluwatolani Achimugu, Mohammed Ahmed Taiye, Sseggujja Husssein,

Nurseman and Saheed Adekeye “How to Support Communication among

%eholders during Software Requirements Prioritization” Journal of Software
Qngineering and Applications Volume 14, Issue 7 (July 2021) ISSN Print: 1945-
3116 ISSN Online: 1945-3124 Google-based Impact Factor: 1 Citations h5-index &

Ranking
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https://www.scirp.org/journal/articles.aspx?searchCode=Philip++Achimugu&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Oluwatolani++Achimugu&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Mohammed+Ahmed++Taiye&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Sseggujja++Husssein&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Grace++Tam-Nurseman&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Saheed++Adekeye&searchField=authors&page=1
https://www.scirp.org/journal/Home.aspx?JournalID=45
https://www.scirp.org/journal/Home.aspx?JournalID=45
https://www.scirp.org/journal/Journalcitationdetails.aspx?JournalID=45
https://www.scirp.org/journal/JournalCitations.aspx?JournalID=45
http://www.scirp.org/imagesForEmail/abstract/h5/JSEA.png?timspan=565311842
http://www.scirp.org/imagesForEmail/abstract/h5/JSEA.png?timspan=565311842

Grace Tam-Nurseman, Philip Achimugu, Oluwatolani Achimugu, Hilary Kelechi Anabi
and Sseggujja Husssein “Expert System for the Diagnosis and Prognosis of Common
Dental Diseases Using Bayes Network™ Journal of Biomedical Science and Engineering,

Volume 14, Issue 11 (November 2021) ISSN Print: 1937-6871 ISSN Online: @(

Google-based Impact Factor: 0.86 Citations h5-index & Ranking < <</

/\\%

Programming in Python

Machine Learning Programming @

Computer hardware repairs and maintenance

Computer system networking §

Referee: ,\\
1. Colonel TS Nurseman ( \

2 Div Legal Service Q
Adekunle Fajuyi Canto@zo, Ibadan, Oyo State
08037187480 ® .

2. DrB.A Ad
Lead niversity, Ibadan, Oyo State
0 62

it F.T Okorotie

Abeokuta Chambers, Yenagoa, Bayelsa State

08033398525
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https://www.scirp.org/journal/articles.aspx?searchCode=Philip++Achimugu&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Oluwatolani++Achimugu&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Hilary+Kelechi++Anabi&searchField=authors&page=1
https://www.scirp.org/journal/articles.aspx?searchCode=Sseggujja++Husssein&searchField=authors&page=1
https://www.scirp.org/journal/Home.aspx?JournalID=30
https://www.scirp.org/journal/Journalcitationdetails.aspx?JournalID=30
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Signature Date

University Compliance Certification b&

This is to certify that this thesis by Grace Lawumi Tam-Nurseman w@ation Number

LCU/PG/001249 in the Department of Computer Science, Fa@(

Sciences, Lead City University, Ibadan, Oyo State, Nige (,(,
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