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In the current era of medical science, the detection of diabetic retinopathy in an
automated way is very important, as it is one of the major reasons of vision loss in the
middle-age population in the developed world. If it is detected at its early stages, it may
be possible to alter the severe vision loss problem. Even though there are various
approaches for feature extraction, the classification task for retinal images is still
challenging for human experts. Utilization of internet-based intelligent systems may be
useful for diagnosis of such health problems.

Widespread usage of such systems requires maintaining a high detection
accuracy as well as rapid response while utilizing the bandwidth efficiently. In this
thesis, a framework is proposed for detecting severity levels diabetic retinopathy images
using a smartphone as an edge computing device. The framework mainly consists of
preprocessing, feature extraction, and classification steps, where the first step is
performed on the edge device and the other two on the cloud computer. The overall
performance is calculated based on the classification accuracy, response time, and total
transmitted data. The preprocessing step involves cropping, resizing and unsharp
masking. The classification is based on a concatenation ensemble of three benchmark
convolutional neural network architectures that are EfficientNetB7, ResNet50, and
VGGI19. The proposed framework achieved a test accuracy of 0.96 and the edge
computing improved the server response time and bandwidth occupation.

Keywords: Convolutional neural networks, cloud computing, deep learning, diabetic
retinopathy, edge computing, fundus
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T1ip biliminin mevcut ¢aginda, gelismis diinyada orta yasl niifusta geri dontisii
olmayan gérme kaybinin 6nde gelen nedeni oldugu i¢in diyabetik retinopatinin otomatik
tespiti biiylik onem tasimaktadir. Eger erken teshis edilirse, gorme kaybi problemlerinin
oniine gecilebilir. Oznitelik ¢ikarmak igin cesitli yaklasimlar onerilmis olmasina
ragmen, retina goriintiileri i¢in siiflandirma goérevi, uzman kisiler icin bile hala zor bir
islemdir. Internet tabanli akilli sistemler bu tip hastaliklarin teshisinde faydali olabilir.

Bu tip sistemlerin yaygin olarak kullanilmasi, yliksek bir tespit oran1 ve hizli
cevap Ozelliklerini tagirken bant genisligini de etkin olarak kullanmay1 gerektirir. Bu tez
calismasinda, akilli telefonlar1 bir kenar hesaplama araci olarak kullanan ve diyabetik
retinopati gorilintiilerinde hastalik seviyesini tespit eden bir sistem gelistirilmistir. Sistem
genel olarak on isleme, 6znitelik ¢ikarma ve smiflandirma adimlarindan olugsmaktadir.
Ik adim kenar cihazinda, diger iki adim ise bulut bilgisayarda ger¢eklestirilmistir.
Sistemin performansinin 6l¢iilmesi i¢in siniflandirma basarimi, cevap siiresi ve toplam
iletilen veri miktar1 hesaplanmistir. On isleme adimi kirpma, yeniden boyutlandirma ve
keskin olmayan maskeleme islemlerinden olugsmaktadir. Siniflandirma ise
EfficientNetB7, ResNet50 ve VGG19 aglarinin birlestirilmesi ile olusan bir model ile
saglanmistir. Onerilen sistemin test basarimu 0.96 olarak hesaplanmistir ve kenar
hesaplamanin, cevap siiresi ve bant genisligi kullanimini iyilestirdigi gortilmiistiir.

Anahtar kelimeler: Konvoliisyonel sinir aglari, bulut hesaplama, derin dgrenme,
diyabetik retinopati, kenar hesaplama, fundus
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EXTENDED ABSTRACT

In the medical care field, treatment of sicknesses is more successful when
recognized at its beginning phase. Diabetes is a sickness that builds the measure of
glucose in the blood brought about by an absence of insulin. It influences the retina,
heart, nerves, and kidneys of 425 million grownups around the world. Diabetic
retinopathy (DR) is a typical disease of diabetes mellitus, which causes sores on the
retina that impact vision. In recent years, the quantity of DR cases has an expanding
pattern and is relied upon to arrive at pandemic extents worldwide throughout the
following years. Therefore, timely detection of DR is very important.

With the recent improvements in the internet and computation technology, it
has become possible to perform diagnosis of such dieses with the help of intelligent
systems. Such contemporary systems are deployed according to IoT principles. As a
result, next generation of smart healthcare systems features remote analysis capability
of the healthcare data. The idea in such systems is to transmit the healthcare data to
the clinicians at a distant location over an internet connection. Since high amount of
medical data generates too much network traffic, preprocessing of the data before
transmission is important. This allows for the amount of data be reduced and save
bandwidth. This preprocessing step is performed at the sensing device or gateway
levels that have hardware with limited computing power. Therefore, relatively light
operations like filtering, compression and resizing are performed as the
preprocessing. Since these operations are applied to data before transmitting it to the
cloud server, they are called collectively as edge computing to denote this situation.
The preprocessed data is typically further analysed on a distant cloud server where
algorithms requiring heavier computation are executed. The results of the cloud
computation are then evaluated by the responsible doctors for final decision and
generating an appropriate treatment scheme

In this thesis work, a framework for detecting the severity level of DR is

proposed. The fundus images are first preprocessed on a mobile edge device. The
I



preprocessing step includes cropping the uninformative parts around the image,
applying unsharp masking to the images and resizing them to have dimensions
appropriate for CNN models. These operations allow a smaller amount of data to be
transferred to the cloud server, where an ensemble of deep learning methods performs
the detection. The CNN architectures used for classification are Residual Networks
(ResNet50), EfficientNetB7, and VGG19. The outputs from these feature extraction
submodels are flattened and concatenated into one long vector. After concatenation
of these three feature vectors, a vector of 384 components has been generated, and,
then passed on to a fully connected layer of interpretation. Next, two more dense
layers and a dropout layer are added to avoid overfitting and increase generalization.
To determine the suitable method for detection, performances obtained with each of
these models are compared with the performances of ensembles of these models.
The performance of the system is calculated based on classification accuracy,
bandwidth occupation and server response time. The proposed concatenation
ensemble of EfficientNetB6, ResNet50, and VGG19 architectures has achieved about
0.97 classification accuracy score on the test set. Furthermore, the experimental
results have achieved minimal time, memory storage and CPU utilization. The
proposed algorithm is proved as powerful and dynamic for diabetic image

classification and feature extraction.
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1. INTRODUCTION Ahmed Al-Karawi

1. INTRODUCTION

1.1. Research Motivation

In the medical care field, treatment of sicknesses is more successful when
recognized at its beginning phase. Diabetes is a sickness that builds the measure of
glucose in the blood brought about by an absence of insulin (Huang & Li, 2020). It
influences the retina, heart, nerves, and kidneys of 425 million grownups around the
world (Cheung et al., 2020).

Diabetic retinopathy (DR) is a typical disease of diabetes mellitus, which
causes sores on the retina that impact vision. In recent years, the quantity of DR
cases has an expanding pattern and is relied upon to arrive at pandemic extents
worldwide throughout the following years (Zheng, He, & Congdon, 2012). If DR is
not diagnosed at early stages, it may cause visual impairment. As a result, early
recognition and timely treatment can eliminate the risks of this disease. The
conventional way of detecting DR is to take images of an eye's rear through fundus
photography and then visually inspect the images. The manual inspection of these
images by ophthalmologists is a time-consuming process. Besides, it requires
experience and expertise to diagnose the DR disease correctly. Computer-aided
diagnosis (CAD) systems are widely used in various medical applications, and such
systems may be useful in helping clinicians diagnose DR.

In deep learning, convolutional neural networks (CNN) is a widely-used
method in variety of problems like segmentation, object detection, and image
classification. The properties like learning complex feature in the images and
automatically extracting these features make CNN popular in such applications. As
expected, CAD systems that process medical images for making a diagnosis may
utilize CNN methods for accurate performance. Therefore, diagnosis of DR from the
fundus images may be performed using CNN methods as well.

In the current age of innovation, the Internet turns into an essential piece of

human existence. Clinical science has utilized internet-based tools for quick
1
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diagnosis at distant locations. Such tools allow the experts to inspect the clinical data
and initialize the appropriate treatment time without seeing the patient.
Advancements in network technologies triggered the emergence of this idea. With
the widespread usage of the Internet, the investments made on the network systems
increased to provide a seamless and fast connection to the high number of internet
users. Despite the large bandwidth available for the Internet, it should be used
economically because of the simultaneous requests made by the high amount of
users.

The popularity of the systems based on the Internet of things (IoT) principles
is increasing every day. IoT systems can be considered a significant source for
internet data traffic because they are applied to many areas, and in turn, a huge scope
of data comprising images, video, sound, and text is generated. Therefore, instead of
sending all the data generated by IoT systems, a preprocessing step may be useful in
reducing the data amount transmitted to the cloud server and the computations made
on the cloud server. Such preprocessing step is known as edge computing, which
involves relatively lighter calculations that can be run on the hardware with limited

computing capacity.

1.2. Deep Learning and Applications in Medical Diagnosis

In the era of medical science, medical diagnosis is the operational process
used for determining the cause of diseases and their medical condition based on
laboratory testing, patient interviews, and family medical report. The rapid
development of machine learning and data mining towards medical diagnosis and
healthcare applications are based on creating an intelligence system to optimize the
current medical process. Machine learning is currently applied over various areas as
daily treatment, drug identification, clinical testing, research, radiology, diabetic
retinopathy, radiotherapy, and smart health care report generation (Cheung et al.,

2020; Gagliano, Van Pham, Tang, Kashif, & Ban).
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Most of the medical diagnosis research using machine learning has been
done in the field of image recognition based on MRI, Ultrasound, and X-ray images
of the patients. Machine learning is designed for the analysis of the massive medical
dataset. The tools of machine learning are more reliable towards the medical
diagnosis. For instance, an intelligent heart attack prediction system using the
genetic algorithm based on the historical heart dataset was proposed earlier (Sharma
& Saxena, 2017). Such applications require collection and analysis of variety of
medical data and problem-specific solutions need to be developed using data
analysis methods.

In the era of medical science, medical diagnosis is the operational process
used for determining the cause of patients and their medical condition based on
laboratory testing, patient's and family medical reports. The rapid development of
machine learning and data mining towards medical diagnosis and healthcare
applications is based on creating an intelligence system to optimize the current
medical process.

Currently, machine learning enabled devices can analyse large amounts of
information, and make decisions much faster than humans. We use machine learning
to promote genome science, drug creation, and medical imaging. Machine learning
and deep learning are better prepared to evaluate the contexts, causes, and cases than
live-health employees.

Diagnosis through machine learning works when the condition can be
reduced to a classification task on physiological data where the clinician has to

recognize a pattern that predicts the existence or form of the condition.

1.3. Edge Computing for Internet of Things

Many contemporary systems are deployed according to IoT principles. As a
result, next generation of smart healthcare systems features remote analysis
capability of the healthcare data. The idea in such systems is to transmit the

healthcare data to the clinicians at a distant location over an internet connection.
3
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Since high amount of medical data generates too much network traffic,
preprocessing of the data before transmission is important. This allows for the
amount of data be reduced and save bandwidth. This preprocessing step is performed
at the sensing device or gateway levels that have hardware with limited computing
power. Therefore, relatively light operations like filtering, compression and resizing
are performed as the preprocessing. Since these operations are applied to data before
transmitting it to the cloud server, they are called collectively as edge computing to
denote this situation. The preprocessed data is typically further analysed on a distant
cloud server where algorithms requiring heavier computation are executed. The
results of the cloud computation are then evaluated by the responsible doctors for
final decision and generating an appropriate treatment scheme. Generic steps of a
smart healthcare system configuration are presented in Figure 1.1. As a result, the
processing capabilities of the edge computing hardware do not have to be as high as
cloud computing hardware. Accordingly, the devices with limited processing feature
like single board computers or mobile phones may be used at the edge computing
layer. However, the devices in the cloud computing layer should be able to handle
heavy computation tasks, so they are usually provided as virtual machines (VM)

involved in infrastructure as a service (IaaS) systems.



1. INTRODUCTION Ahmed Al-Karawi
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Figure 1.1. A smart healthcare system configuration

1.4. Proposed Steps and Contributions

In this thesis work, a framework for detecting the severity level of DR is
proposed. The fundus images are first preprocessed on a mobile edge device. The
preprocessing step includes cropping the uninformative parts around the image,
applying unsharp masking to the images and resizing them to have dimensions
appropriate for CNN models. These operations allow a smaller amount of data to be
transferred to the cloud server, where an ensemble of deep learning methods
performs the detection. The CNN architectures used for classification are Residual
Networks (ResNet50), EfficientNetB7, and VGG19. To determine the suitable
method for detection, performances obtained with each of these models are
compared with the performances of ensembles of these models. The steps of the

proposed framework are illustrated in Figure 1.2
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Figure 1.2. Proposed smart healthcare application framework

The contributions of this thesis can be listed as follows:

*  The severity levels of DR images are determined using different CNN

architectures on a cloud server.

* A mobile phone is used as an edge computing device, and the images

are filtered and resized at this edge device

»  Effects of edge computing on the classification performance as well as

the bandwidth usage are analysed.

1.5. Outline of the Thesis

The thesis is organized as follows: Section 2 discusses diabetic retinopathy

disease and its diagnosis. Section 3 discusses the related works Section 4 presents

IoT techniques, the dataset details used for training and testing, experiments with

basic concepts about different structures for deep learning

techniques. Mobile

devices for edge computing and proved how can the Edge of IoT effect on time

response for the cloud. In the Section 5 the results of the experiments are presented.

Finally, Section 6 concludes this work.
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2. THE DIABETIC RETINOPATHY

Diabetic retinopathy (DR) is a complication of diabetes. It is a condition that
occurs as a result of damage to the light-sensitive tissue at the back of the eye
(retina). In DR, at first, there may be no symptoms or only mild symptoms. It could
eventually cause blindness. Diabetes can develop and be diagnosed in any one who
has Type 1 or Type 2 diabetes. When people have diabetes that is poorly controlled,
their eye will be at greater risk of developing this complication.

The retina is the sensitive layer of the eye containing light-sensitive cells. It
converts light into electric pulses by stimulating the nerve cells. The information
transmitted through the optic nerves is processed by the brain into perceived images.
The retina requires a continuous supply of blood. Over time, high levels of sugar in
the blood can cause a reduction in blood flow to the retina. As a result, the eye
attempts to produce new blood vessels to go on working appropriately. However,
the new vessels do not develop properly, as a result they may leak easily (Figure
2.1).

There exist two types of DR. The first type is early DR, in which there is no
new blood vessel growth in nonproliferative DR. Another one is advanced DR, in
advance stage for this type known as proliferative diabetic retinopathy, the growth
of new, abnormal blood vessels in the retina because of the closure of the damaged

blood vessels.
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Figure 2.1. Classification of normal and DR images sample(Priya, Srinivasarao, &
Sharma, 2013)

2.1. Diagnosis of Diabetic Retinopathy

Diabetes mellitus, commonly called diabetes, occurs when blood glucose
levels are too high for a long time. Patients with diabetes who suffer from diabetes
have a higher risk of developing diabetic retinopathy due to damage to the blood
vessels caused by high blood glucose levels. (Priya et al., 2013) In order to have
appropriate therapy and avoid visual loss, it is highly necessary to categorize DR
depending on the severity (Priya et al., 2013).

Based upon the previous studies on the early treatment of DR, a standard
that has been referred to commonly is proposed by Wilkinson (Wilkinson et al.,

2003) that classified diabetic retinopathy into 5 stages including:

No apparent retinopathy
Mild Non-proliferative Diabetic Retinopathy
Moderate Non-proliferative Diabetic Retinopathy

Severe Non-proliferative Diabetic Retinopathy

A e

Proliferative diabetic retinopathy

8
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Managing type 2 diabetes requires self-monitoring of blood glucose level
and following food and exercise guidelines. The glucose meter is a device used to
monitor blood glucose levels, and the resulting reading is measured in milligrams
per deciliter or millimoles per liter. Patients conditionally need to modify their
lifestyles in order to manage their diabetes. In this case, it is most important that
patients involved in decision-making for dosing and timing insulin.

One of the best strategy to delay or prevent loss vision is early diagnosis of
DR. Direct ophthalmoscopy is difficult and requires practice. Patients can be
screened for DR by general practitioners using nonmydriatic retinography. This cost-
effective method is used to obtain digital photographs of the retina (retinograms),
which can be saved in a computer for easy transport to the ophthalmologist for
further examination.

When formation of new blood vessels in the retina is observed, the patients
usually undergo a treatment procedure. Surgery may sometimes be necessary in
cases of non proliferative diabetic retinopathy. The main symptoms of diabetic
retinopathy include blurred vision or sometimes pain in the eye.

People with diabetes should have regular eye exams by a specialist who are
familiar with treatment of DR. This is diagnosed by dilating pupils with eye drops
and then examining the retina carefully (Priya et al., 2013). Other diagnosis methods

of DR include:

Visual acuity testing: This test is concerned with how well a person can
focus on objects at different distances.

Ophthalmoscopy and slit lamp exam: This test provides the doctor with
a better view of the back of the eye and other structures.

Gonioscopy: It is used to diagnose cataracts and to detect eye damage. A
test is administered to detect glaucoma which is a group of eye diseases which can

destroy vision and cause blindness.
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Tonometry: it used to monitor internal eye pressure. It is used to detect
which eye is worse affected by glaucoma.
Finally, there is another way to test called an optical coherence

tomography (OCT), this method used to check for fluid in retina.

2.2. Fundus Imaging

One of the other methods for inspecting the retina is the fundus imaging. It
uses a specialized low power microscope optical design with built-in camera that is
named as ophthalmoscope (or funduscope). The pupil of the eye is used as a point
of entry for fundus camera light illumination and imaging rays. This method allows
to study and follow changes inside the retina. It takes a moment for the
ophthalmologic to produce a fundus image captured by ophthalmoscope. In this
thesis, fundus images are analyzed for detecting the severity level of DR. An

example illustration showing the steps of fundus imaging is shown in figure 2.2..

Opthalmologist using
Fundus Camera Fundus Area Fundus Image

Fundus of the Eye
N ﬁ Camera
i By 7"

;’\

Figure 2.2. Fundus image for the eye by using Fundus imaging (Yusuf, 2019)
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3. RELATED WORK

For the day-to-day follow-up and detection of diabetics, the medical experts
tend to use conventional methods. These conventional techniques need more time
and money than the internet-based systems that are becoming a significant part of
human life due to excess technology enhancement.

Deep learning is a branch of machine learning and can be used for medical
diagnosis purposes by analyzing the data collected from the patient. Therefore,
fundus images can be classified according to their severity levels using deep learning
methods.

On the other hand, the systems, in which the data is transmitted over internet
and processed on the distant cloud computers, are becoming more widespread. As a
result, the internet data traffic increases and its associated bandwidth need to be
utilized efficiently. This can be accomplished by preprocessing the images and
reducing the amount of total data before transmitting it. Such preprocessing steps are
called as edge computing and are important part of loT systems.

In the following subsections, the previous studies for detection of DR from
fundus images and related deep learning and edge computing applications are

provided.

3.1. Conventional DR Approach

In the conventional DR approach, the researchers have used the
morphological features to develop detection systems. The retina vessels are used for
the feature shape extraction. The morphological channel is utilized for observing the
retinal vessels and their morphological changes. This method is time consuming and
enhancement possibilities are very small. The study proposed by Patil includes the
versatile thresholding method to exclude identification and dispenses with historical
rarities from the retina construction (Patil, 2013). This method did not cover all the

DR features towards the successful recognition system development.
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The research progress in enhancement towards the preprocessing and feature
extraction of the segmented image has been made. The watershed segmentation
techniques are used to extract the optic circle from the retinal image. The shifting
and differentiation operation improves the classification performance. The
framework developed distinguishes the optic circle vicinity which is the area where
many elements useful for a successful detection present (Hoover & Goldbaum,
2003) (Reza, Eswaran, & Dimyati, 2011).

A functioning form model, model-based way to deal with the vascular
components established in the optic plate area, was proposed by (Li & Chutatape,
2004). Various statistical measures were utilized to discover the focal marginal
region related with DR. The performance of DR detection using ANN achieved
veins, hemorrhages-based accuracy at 93.1%, and 73.8% of precision (H. Li &
Chutatape, 2004).

The research proposed on detection of different stages of DR includes
analysis of 124 retinal images and four distinct classes were identified by using a
three-layer feedforward neural network (Yun et al., 2008). The features were
extracted from each image using the histogram equalization and morphological
operations were used. by using Morphological features includes perimeters of red,
green and blue layers. The proposed method achieved more than 90% sensitivity
with the specificity equal to 100%.

Generally, the traditional approach can be developed for DR detection and
classification as shown in figure 3.1. Firstly, the image data is collected and
preprocessed to remove possible noise. Then the important regions of the image are
segmented for a better feature extraction in the next step. The features representing
the classes are extracted manually and then a classifier model is trained using these

features.

12



3. RELATED WORK Ahmed Al-Karawi

1 ( 1 f w ( 1 DR Detection
Data \ Data Lk, Image % Feature L3 &

Acquisition J‘L Preprocessing ﬂr' Segmentation ‘J—L Extraction J— Classification

Figure 3.1. Conventional DR detection and classification process

3.2. Deep learning for DR Classification

Deep learning is an artificial intelligence (Al) technique that has various
application areas including computer vision, speech recognition, and image
classification (Yun et al., 2008).

Deep learning has come to be a lively instrument that goes about as a part
of Al and the best technique to apply Al in many fields. The deep learning models
have number levels of processing units consisting of a multilayered structure.
Prevalently, in medical image analysis and classification, deep learning has various
applications for performing diagnosis including DR detection and its corresponding
severity level (Shankar, Zhang, Liu, Wu, & Chen, 2020).

In the field of computer-aided diagnostic tasks, the deep learning plays an
important role since it includes convenient steps for complex tasks like image
classification, detection, and segmentation. In particular, convolutional neural
networks (CNN) makes it possible to accomplish such tasks by the convolutional
layers in its structure. The major advantage of these layers is enabling the automated
extraction of the features that can be used directly by the conventional machine
learning methods.

There are various types and structures of CNN for detection and
classification of DR. In an earlier work, some pre-trained networks were used in a
grading system for DR, which is capable of classifying images based-on the disease
pathologies. For binary classification, different architectures evaluated to determine
the best performance. Next, the networks were evaluated for a multi-class problem.
To increase effective sample size for the dataset and improve the test accuracy,

various data preprocessing and data augmentation methods were applied. The result
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for GoogleNet and AlexNet achieved the test accuracies of 74.5%, 68.8%,
respectively (Lam, Yi, Guo, & Lindsey, 2018).

Other examples of the benchmark CNN architectures is Residual Networks
(ResNet) (He, Zhang, Ren, & Sun, 2016) and, Inception-v3 (Szegedy, Vanhoucke,
Ioffe, Shlens, & Wojna, 2016) that can be utilized as pretrained networks for
applying transfer learning. On the other hand, it is also possible to build and train a
CNN model from scratch for image classification tasks.

In a recent study for detecting severity level of DR in fundus images, a
custom CNN architecture was used together with pretrained models of three
benchmark architectures namely, AlexNet (Krizhevsky, Sutskever, & Hinton, 2012),
SqueezeNet (Iandola et al., 2016) and VGG16 (Simonyan & Zisserman, 2014). The
method was applied on 1200 images of the MESSIDOR dataset with four classes
(Khan, Abbas, & Rizvi, 2019). The preproccesing steps in that study involved
cropping, resizing and the histogram equalization to enhance the images. Eventually,
an accuracy value of 98.15% was achieved.

CNN architecture was proposed with suitable amount of pooling layers. The
model is claimed to be the modified version of AlexNet and several softmax and
rectified linear unit (ReLU) functions are used as the activation functions (Shanthi
& Sabeenian, 2019). Messidor database was used to validate performance. The result
for this study obtained the accuracy values of 96.2%, 95.6% and 96.6% for three
stages have been achieved.In a more recent study,Jayakumari proposed an algorithm
for DR classification by using ImageNet model (Jayakumari, Lavanya, & Sumesh,
2020). The proposed method has been applied on a publicly available dataset. The
model achieved high accuracy in DR classification, where the training accuracy was
98.6% and the No DR, mild, moderate, severe and proliferative DR achieved
accuracy for each class 86.6%, 62.5%, 66.6%, 57.1%, 42.8% respectively.

Another method based on CNN was proposed by (Gulshan et al., 2016) for
diabetic retinopathy detection. It was tested on two different datasets and achieved

sensitivity and specificity values of 90.3% and 98.1% with EyePACS-1 dataset, and
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87.0% and 98.5% using Messior-2 dataset, respectively. Also Orlando et al. has
proposed a method for red lesion detection for fundus images by combining
ensemble deep learning with the domain of knowledge. A CNN architecture was
used to extract the features from the fundus images, and they were augmented by
hand-crafted features. The Random Forest algorithm was used to classify the true
lesion candidates. The result for this method was reported as the highest performance
for DIARETDBI1 and e-ophtha datasets (Orlando, Prokofyeva, Del Fresno, &
Blaschko, 2018).

In general, the processes based on deep learning for classification of DR
images begin by collecting the dataset and then pre-processing it. Next, the deep
learning algorithms are applied to extract features automatically and perform
classification. In case of small amount of data, an augmentation step may be applied

optionally. These overall steps are shown in Figure 3.2.

Data DR Feature
Data Acquisition Data Augmentation Extraction &
'|  Preprocessing (Optional) Classification

Figure 3.2. Process of Deep learning for DR classification

3.3. Deep Learning with area and IoT

Deep learning has become an important approach for computer vision,
speech recognition, and bioengineering. DL is an effective tool for understanding
huge amounts of complex data and it has already been applied to many IoT problems
and for mobile apps.

The ability to produce the flexible computing power and storage availability,
cloud platforms has become more important in application development (Mao, You,

Zhang, Huang, & Letaief, 2017). Besides that, edge computing has its benefits such
15
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as reduced the latency, extend the edge node, as well as, avoiding the traffic peaks.
(Yu et al., 2017). There is scope to combine cloud computing and edge technology
towards new paradigm development. Using this combined approach, cloud and edge
computing collectively allow for developing methods for tasks like resource
management and the resource allocation (Yin, Luo, & Luo, 2018). The application
for secure data storage and searching method for improving efficiency and security
has been developed as well (Fu, Liu, Chao, Bhargava, & Zhang, 2018).

In recent years, many research activities that provide the importance of the
edge computing for healthcare have been performed (Chen, Li, Hao, Qian, & Humar,
2018). Furthermore, the cloud platforms based on the edge have found applications
in a variety of domains such as smart grid (G. Xu, Yu, Griffith, Golmie, & Moulema,
2016) and smart transportation systems (Lin et al., 2016). However, applying the
various solutions found in the studies mentioned above for base station management
is problematic as few consider the complexity associated with scalability, reliability,
and responsiveness.

A typical deep learning model has many layers with each layer can be
selected for determining specific features. This may allow for reducing the data size,
eventually making it possible to be used in edge computing applications.

One of the earlier works utilizing deep learning for edge computing is about
food recognition. (Tran, Hajisami, Pandey, & Pompili, 2017). In this experimental
study, a mobile phone was used as the edge computing device. The proposed method
shows the performance of deep leaning and reduction in response time and energy
consumption.

In many medical applications, the mobile devices are widely used as the
edge node. As an example, one framework proposed by (Sodhro, Luo, Sangaiah, &
Baik, 2019) to improving the QoS (Quality of service), which used mobile edge
computing to enable remote video streaming for operations over networks .

Edge computing is very important technology for IoT because the

limitations in the network performance cause the cloud computing operations to
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become inefficient for processing and analyzing huge amount of data. The
computing operations performed at the edge of IoT systems allows for efficient

transmission of required data to the cloud to achieve an improved QoS.

3.4. Discussion on the Related Work

In this chapter, usage of deep learning in classification of DR disease has
been discussed. Many of the studies related to the proposed solutions and the utilized
methods were thoroughly examined. It has been understood that usage of systems
based on deep learning is becoming more widespread everyday and such methods
require high computational power and large datasets.

In order to improve the storage area and the CPU utilization, the deep
learning based systems may require cloud computing solutions in IoT systems. The
computing operations performed on the cloud side allow to achieve enhanced
performance. Therefore, it has been seen that transmission of small amount of data
to the cloud servers is key for economic utilization of internet bandwidth. This can

be achieved by applying edge computing operations to the input data.
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4. MATERIALS AND METHODS

In this chapter, the deep learning algorithms used in this thesis, IoT and edge
computing methods, and the utilized dataset are mentioned. The mobile edge
computing scheme has been developed for bringing the preprocessing steps closer
to user. This eventually reduces the amount of data transmitted to the cloud and
decreases the required bandwidth. Other details like the environment and platform
used for the research and the performance measure for the system analysis is

explained as well.

4.1. IoT techniques

The collection of software and hardware that has links in the physical world
over the internet called IoT and its development has gained a lot of interest among
researchers in various application areas (Chetoui & Akhloufi, 2020; Gangwar &
Ravi, 2020). It is estimated that in 2025, there will be more than 75 billion devices
connected to internet (Yusuf, 2019). As a result of this situation, utilization of low-
energy systems with limited processing capability and network connection will be
more widespread. The huge amount of data generated by the IoT devices can be
processed by cloud computers for an efficient data analytics. However, this generates
large amount of Internet traffic and eventually, some dedicated methods for efficient
usage of bandwidth are required. The more significant number of connected devices
may become impractical to only connect to the cloud for processing (Bhardwaj, Jain,
& Sood, 2020). As a result, performing the initial data processing at the local devices
is important to minimize the data loaded on the internet network. Such processing
idea is called as edge computing and a mobile device is used for accomplishment of
edge computing steps in this thesis. After discussing deep learning algorithms in the
next section, further operations performed on edge and cloud devices are introduced

in the next subsections.
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4.2. Deep Learning Techniques and CNN

Deep learning has a variety of application areas, such as image
classification, computer vision, and, speech recognition (Maier, Syben, Lasser, &
Riess, 2019). Based on artificial neural networks (ANN), deep learning can be
considered non-linear processing stages for learning patterns using the input features
(Fourcade & Khonsari, 2019), where the word "deep" in deep learning denotes the
extensive use of multiple layers. The input data passes through each layer where the
output from the previous layer is multiplied by weights and passed through a non-
linear activation functions. The output of the final layer is either a real number for
regression or a discrete class label for classification problems.

A deep neural network has several layers between the input and output, and
is typically designed to perform only nonlinear operations by using the matrix
multiplications combined with convolution operators. There are many possible
design criteria in designing a deep neural network, and this depends on different
hyperparameters for the network also the purpose of the designed model (Brinker et
al., 2019). The architecture of a generic deep neural network is shown in figure 7.

Most of the theoretical background of CNN derives from the achievements
of a French computer scientist in the 1980s, Yann LeCun. In 2010s, usage of CNN
became widespread as it allowed for achievement of high performance various

pattern recognition applications (Fourcade & Khonsari, 2019).
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hidden layer 1 hidden layer 2 hidden layer 3

input layer

Figure 4.1. The architecture of a deep neural network

In the recent years, utilization of CNN has become very popular, especially
in medical field such as detection and classification for DR. It can successfully
extract features from input images and allow for automated assignment of related
class label without needing any hand-crafted features.

CNN is among the most widely-used deep neural network methods today. It
uses multilayer perceptron with a number of convolutional layers that extract the
feature map of the input image. Typically, the input images are sequentially
convolved with number of filters and their sizes are reduced by pooling operations.
Output of the filtering process is then flattened into one single long vector which is

used as a feature vector for further classification (Figure 4.2.).

i
|
_

Input Image

Feature Extraction Classifier

Figure 4.2. CNN model for image classification(Kandel & Castelli, 2020)
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Typically, a CNN architecture has three main layers. The first one is the
convolutional layers, which is the core building block for automated feature
extraction. The second one is the pooling layers consisting of non-linear down
sampling of the outputs of the convolutional layers. It reduces the dimensions of the
feature maps with different strategies such as average pooling and max pooling. The
third one is the fully connected layers to connect all the neurons of the previous
layers (Lee, Gallagher, & Tu, 2016) (Figure 4.3). The number of layers, size, and the
number of CNN filters may vary according to the problem to be solved with this

network.

O

O

O

e Bd bl

@

Pooling layer @

Convolution layer @
Softmax

Fully connected

Figure 4.3. The architecture of CNN for image analysis(K. Xu, Feng, & Mi, 2017)

4.2.1. Residual Networks

In 2015, the concept of residual neural network (ResNet) was introduced by
He et al (He et al., 2016), and it is an ANN-based on structures inspired from the
pyramidal cells in the cerebral cortex. It uses skip connections or shortcuts to leap
over specific layers and eliminates the risk of gradient vanishing. The typical ResNet
model is implemented with double or triple layers. It contains non-linear ReLU
activation functions and batch normalization between the first and second layer.

In this work, the ResNet model with 50 convolutional layers (ResNet50) is

utilized. It is built with a feed-forward network with a shortcut connection that
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increases classification accuracy without the need for a larger and more complex

model.

4.2.2. Efficient Net

As the CNN architectures become more complex, the overall performance
of the models tends to increase. A group of CNN models known as EfficientNet is
one example of this situation. There are 8 different types of EfficientNet models
between 0 and 7. As the model number increases, the number of parameters increases
very little, and accuracy increases considerably. EfficientNet uses a different
activation function called Swish (Tan & Le QV, 1905). Unlike other CNNs,
EfficientNet reduces the depth, width, and resolution of the network while reducing
model complexity. Generally, it contains seven blocks, where each block may
contain extra number of sub-blocks and the number of these blocks increase from
EfficientNetBO to EfficientNetB7. For example, the EfficientNetBO model has 237
layers and the EfficientNetB7 involves 813 Ilayers. The structure of the
EfficientNetB7 model together with its computation sub-blocks is shown in Figure

4.4.
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Figure 4.4. EfficientNet B7 model structure (Agarwal, 2020)
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4.2.3. VGG Net

For the ImageNet competition in 2014, Visual Geometry Group (VGG) at
University of Oxford proposed two CNN architectures, namely VGG16 and VGG19.
VGG networks have five convolutional blocks and three dense layers, where each
block contains a number of convolutional layers followed by a max pool layer. More
specifically, the VGG16 and VGG19 involve total of 13 and 16 convolutional layers,
respectively. These convolutional layers are followed by three fully connected
layers. To convert the 3D block vector to 1D, to be inserted in fully connected layers,
a flattening layer has been added. There are 4,096 neurons in the first two fully
connected layers and 1000 neurons in the last fully connected layer. A softmax layer
is implemented at the final layer to output the probabilities belonging to particular
classes. The total number of parameters are 138M and 144M for VGGI16 and
VGG19 models where the increment is due to the addition of extra layers in VGG19
(Luo, Yang, Tong, Wu, & Fan, 2017) (Kandel & Castelli, 2020). In this work,

VGG19 is used and its architecture is illustrated in in Figure 4.5.
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Figure 4.5. The VGG-19 model(Xiao, Wang, Cao, & Li, 2020)

4.2.4. Ensemble Learning

The idea of ensemble learning is to combine several weak learners to obtain
a stronger model eventually. There are different strategies to generate ensemble
models including boosting, bagging, and stacking (Ditterrich, 1997).

In this thesis, a concatenation ensemble model of three CNN architectures

(VGGI19, ResNet50, and EfficientNetB7) is generated. The concatenation operation
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was performed after the feature extraction layers of these models. In other words,
the features extracted by these models are concatenated into one single feature vector
which is then fed into fully connected dense layers for performing the classification
task. This strategy is followed for detecting the severity level of DR images. In order
to underline the effectiveness of the ensemble learning, performances of these
models are evaluated individually and compared with the performance obtained by
the ensemble model.

The overall structure of the proposed ensemble model involves
simultaneous extraction of the features from the three CNN architectures. These
architectures take the input images with size of 224x224 pixels. The outputs of the
convolutional layers are then passed through max pooling and dense layers before
the concatenation operation and this creates a feature vector with 128 components.
The outputs from these feature extraction submodels are flattened and concatenated
into one long vector. After concatenation of these three feature vectors, a vector of
384 components has been generated, and, then passed on to a fully connected layer
of interpretation. Next, some two more dense layers and a dropout layer is added to
avoid overfitting and increase generalization. The last final dense layer has a softmax
activation function makes a multiclass classification with five outputs as showing in

Figure 4.6.
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Figure 4.6. The architecture for the proposed ensemble model. The numbers in
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4.3. Dataset Details

There are many publicly available datasets of the retina images to detect
various forms of DR. These datasets are used in various ways, including training,
validation, testing, and comparing systems. In this study, the fundus image dataset
generated by Asia Pacific Tele-Ophthalmology Society (APTOS) generated as a part
of the challenge took part in the 4™ APTOS Symposium in 2019 (Kaggle, 2021)

4.3.1. The APTOS 2019 Challenge Dataset

Itis a publicly available dataset containing 5590 images where 3662 labelled
images are in the training set and the remaining unlabelled images constitute the test
set. Since only the images in the training set have the class label information, these
3662 images are used in this thesis study. The images in the dataset have various
resolutions from 433x289 pixels to 5184x3456 pixels. Based on the severity level of

diabetic retinopathy, the images in the dataset are collected into five classes:

1. No DR (Label 0)

2. Mild DR (Label 1)

3. Moderate DR (Label 2)

4. Severe DR (Label 3)

5. Proliferative DR (Label 4)

To eliminate the imbalance in the number of images within the classes, the
data augmentation steps, rotation, horizontal flip, and vertical flip have been applied
randomly to the images of the specific DR classes with relatively lower number of
images. As a result, the total number of images were increased to 5388. In Table 4.1,
names of the DR severity levels and distribution of images for these classes are given
together with some sample images. The proportions of the training, validation, and

test sets were specified as 75%, 15%, and 15%, respectively.
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Table 4.1. Dataset information and sample images

Number of
Severity Level Label No Sample Image images in
the dataset
. | - h
\ | - -
7 | - \
520 : ‘S.:
Severe DR 3 ® 720
Proliferative DR 4 1096
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4.4. Preprocessing and Data Augmentations

The training and validation of the proposed model are done in the
preprocessed form of the images in the dataset. Firstly, some noisy images are
excluded from the dataset and then data augmentation is applied. Next, the image
preprocessing steps, cropping, unsharp masking, and resizing have been applied to

images before being fed into the deep learning algorithm.

4.4.1. Noisy image exclusion and data augmentation

All of the 3662 images in the dataset were manually examined to detect and
exclude noisy and blurred ones. With this step, 600 noisy images were excluded
(Sikder, Chowdhury, Arif, & Nahid, 2019). Then, rotation, horizontal flip, and
vertical flip have been applied as the data augmentation to the classes with relatively
small number of images. In particular, these classes are Mild DR, Severe DR, and
Proliferative DR. At the end of the data augmentation, a total of 5388 images were
obtained. The class-bases details of the dataset after exclusion and augmentation are
provided in Table 4.2, and figure 4.7. contains an example of data augmentation

operations.

Table 4.2. Details of the dataset after exclusion and augmentation operations

Class Number of image Exclusion result Augmentation result
0 1805 1410 1410
1 370 322 1288
2 999 874 874
4 295 274 1096
TOTAL 3662 3060 5388
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Figure 4.7. An example for data augmentation for sample image in the dataset

4.4.2. Image preprocessing

The preprocessing operations include image cropping, unsharp masking and
resizing. Some of the images contain uninformative dark areas around the image of
the eye. So removal of these regions is important for reducing the data size as well
as keeping the informative region of interest relatively larger after resizing the
image. Application of unsharp masking allows more details to become visible and
eventually yield a better classification performance. Finally, the images are resized
to the dimensions that are appropriate for the CNN models and this operation reduces
the file size of the images considerably. The outputs of each preprocessing step have

been given in Figure 4.8.
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(b)

(© (d)

Figure 4.8. Preprocessing steps performed on the edge side . (a) A sample image
(819 x 614) (b) removed the black regions around the image. (c) Unsharp
masking. (d) image resized (224 x 224)

4.5. Operations on the Cloud

The operations on the cloud side have been performed using Google’s
Collaborator (Google Colab) platform. This platform provides a virtual environment
to the users for the experimenting their algorithms. Since the services offered by
Google Colab uses hardware with high computation capacity, it is a convenient tool
for development of clout-based deep learning systems.

The experiments were carried out using two approaches: first, the deep
learning without edge computing, and the second one is deep learning with edge

computing on the mobile device. A smartphone emulation was developed for
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performing the preprocessing operations as the edge computing. Then the
classification is done collaboratively between the edge device and the cloud servers.
In the proposed system, data and initial computation are kept at the network's edge,

near the users.

4.5.1. Training on the Cloud

Training of the proposed ensemble learning network was performed with
the multi-label DR dataset containing five severity levels. In the multi-label
classification, the 5388 images were split into training, validation and test sets with
the ratios of 75%, 15%, and 15%, respectively. The hyperparameters settings were
kept constant for the multi-label classification method. The proposed network has
more than 7 million total parameters, which were initialized randomly at the
beginning of the training process. The network was trained with Adam optimizer
method (Kingma & Adam, 2018) for a fixed schedule over 30 epochs with early
stopping setting in which the training is stopped if no improvement in the training
accuracy is observed for a predefined number of epochs. The threshold for early
stopping is set as four epochs. Several values for the learning rate was tried and it
was found out that a learning rate of 0.001 achieves the best performance. The batch
size for training was set as 64 and categorical crossentropy was used as the loss
function to be used for parameter update between the epochs. With these settings,
five CNN models were trained. Three of these models are single benchmark CNN
architectures, namely, EfficientNetB7, VGG19, and ResNet50. The other two
models are ensemble models where average and concatenation ensembles of the

three benchmark models are generated.

4.6. Operations on the Edge
In the proposed framework, camera of the mobile device can be used as the
image acquisition tool. However, since the dataset is readily available in this study,

the mobile device has been utilized as an edge computing device and a gateway for
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transmitting the data to the cloud server over internet. This system consists of an
end-user layer, an edge-layer, and the cloud layer which together form a three-
layered delivery system (Figure 4.9). The edge and cloud layers involve some
computational operations that are elaborated elsewhere. On the other hand, the end-
user layer consists of a smartphone app with a graphical user interface (GUI)
enabling user interaction (Figure 4.10). It has a simple design for selecting the image,
performing preprocessing operations, and sending the image to the cloud server for

assigning a class label.
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Figure 4.9. Deep learning with the Edge of IoT
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Figure 4.10. The screenshot of the Android application for edge processing

After installing the application, the GUI screen has three buttons and a single

thumbnail of a fundus image. The functions of the buttons are explained as follows:

e Select Image: Responsible for taking an image or loading an image
from the gallery. This image is then displayed on image view.

e  Preprocessing button: This button is used to make preprocessing for
the image which selected by Select Image button. In this step we three
preprocessing steps applied firstly image cropping then followed by
resizing finally applying unsharp masking.

e  Upload button: sends the preprocessing image to the cloud server,

returns the classification results and displays them in result space.

In development of the smartphone app, the android studio was used. The
GUI was designed from scratch using the Java programming language with android

studio platform. Android studio is a well suited software with almost all of the
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android devices. Okhttp3, an HTTP+HTTP/2 client package for Android and Java
applications, is used for generating HTTP requests to send the data from edge to the
cloud server and vice-versa. Finally, a Flask framework server was developed to
handle requests and responses, which consist of the saved model to make prediction
at the server. Using Flask framework with Python programming language, an API is
created to receive the POST requests on the HTTP server. The received messages
are dispatched by Okhttp3 client in JSON format which is then displayed on the GUI
screen of the app. The performance of the system is calculated based on the overall

response time.
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5. RESULTS AND DISCUSSION

In this chapter, the obtained results are presented and it consists of two parts:
(i) classification performance of the deep learning models that is performed on the
cloud side, and (ii) effects of edge computing on the system response time and the

total amount of transmitted data.

5.1. Deep Learning Classification Results

The deep learning models were evaluated by generating a multi-class
confusion matrix using the test set images. The confusion matrix was then used to
calculate four performance metrics that are accuracy, precision, recall, and f1-score.
Also, in order to keep track of the learning performance of the model, accuracy and

loss curves were plotted observed against a possible overfitting.

5.1.1. The confusion matrix

A confusion matrix is used to measure the performance of a classification
model. For each of the trained models, a corresponding confusion matrix is
generated and the performance metrics are calculated by referencing to each class
separately. Since the highest classification accuracy is achieved with the proposed
concatenation ensemble, its corresponding confusion matrix is given in Table 5.1.
Each element of the CM to show the comparison between the correct label and
predicted label for all images in the test set.

As can be seen from the Table 3 that the concatenation ensemble model
achieved the best result for No DR, Moderate DR, and Severe DR by making a
correct prediction for 212 images out of 212 images, 131 images out of 132 images
with one image is missing in this class., and, 108 images out of 108 images,
respectively. Whereas, the correct predicted images for Mild DR and Proliferative
DR were 171, and 150 images out of 194, and, 166 images, respectively. The

percentage values of these predictions are also provided in Figure 5.1.
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Table 5.1. Confusion Matrix for concatenation ensemble model

Predicted Label
No DR Mild Moderate | Severe | Prolifera
tive
No DR 212 0 0 0 0
> Mild 0 171 0 0 23
E Moderate 0 1 131 0 0
§ Severe 0 0 0 108 0
- Proliferative 0 14 0 2 150
Confusion matrix
No_diabetic 0 0.00 0.00 0.00 0.00

o A

Mil_diabetic 1

Mod_diabetic 2 0.00

True label

Sev_diabetic 3 0-00

Prol_diabetic 4 0-00
o B
e ‘(.\c'x '('}(‘1 ‘0"‘3 o
i 0% 0% o Nead
6@- ; 6'@ 6\'0- 6\’0 b}\"}
%{) - ﬁh\ -~ \1\06 - CDQ’\\ - Q(Q -

Predicted label
Figure 5.1. Confusion matrix

5.1.2. Loss and Accuracy Analysis

Loss and accuracy values for each of the training epochs are recorded and
plotted during the analysis (Figure 5.2). These plots are generated both for training

and validation sets and they provide useful information for about the success of the
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model training. The achieved minimum training and validation loss values are
0.0000 and 0.1237, respectively. On the other hand, the maximum corresponding

accuracy values for these sets are observed to be 0.9999 and 0.9759.

Loss
175 —— Tain loss
150 Validation loss
125
100
075
0.50
0.25
0.00
Accuracy
1000
0.975
0.950
0925
0900
0.875
0.850
0825 —— Tain Accuracy
0.800 Validation accuracy
0.0 25 5.0 7.5 10.0 125 150 175

Epochs

Figure 5.2. Learning curves for training and validation sets. Loss plot (top) and the
accuracy plot (bottom)

5.1.3. Classification Performance Evaluation

Training and classification of unseen test samples are all performed at the
cloud side of the framework. To better understand the performance of ensemble
models, performances of three individual benchmark CNN classifiers
(EfficientNetB7, ResNet50, and VGG19) as well as two ensemble models (average
and concatenation) are calculated and their respective performances are reported

(Table 5.2). Since this is a multi-class classification problem, values of the metrics
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like precision, recall, and fl-score may vary according to the reference class.

Therefore, detailed results for all of the reference classes and for all models are

provided.

Table 5.2. Classification performance of the models

EfficientNet ResNet5 VGG19 éxgg?r?; Concatenation
B7 0 e Ensemble

Train Acc. 0.91 0.90 0.87 0.89 0.97
Test Acc. 0.87 0.84 0.83 0.85 0.96

0 | Precision 0.90 0.77 0.77 0.76 1.00
Recall 0.88 0.85 0.85 0.85 1.00
F-Score 0.89 0.81 0.81 0.79 1.00
Train Acc. 0.91 0.90 0.87 0.89 0.97
Test Acc. 0.87 0.84 0.83 0.85 0.96

1 | Precision 0.55 0.65 0.65 0.68 0.92
Recall 0.52 0.52 0.52 0.60 0.88
F-Score 0.54 0.58 0.58 0.64 0.90
Train Acc. 0.91 0.90 0.87 0.89 0.97
Test Acc. 0.87 0.84 0.83 0.85 0.96

2 | Precision 0.85 0.73 0.73 0.74 1.00
Recall 0.99 0.99 0.99 0.98 0.99
F-Score 0.80 0.88 0.84 0.85 0.99
Train Acc. 0.91 0.90 0.87 0.89 0.97
Test Acc. 0.87 0.84 0.83 0.85 0.96

3 | Precision 0.80 0.73 0.73 0.73 0.98
Recall 0.74 0.74 0.76 0.76 1.00
F-Score 0.77 0.72 0.72 0.74 0.98
Train Acc. 0.91 0.90 0.87 0.89 0.97
Test Acc. 0.87 0.84 0.83 0.85 0.96

4 | Precision 0.79 0.72 0.75 0.73 0.86
Recall 0.75 0.72 0.71 0.66 0.89
F-Score 0.77 0.74 0.74 0.70 0.88

Since the concatenation ensemble model has the highest scores for all of the

measures, it is understood that this model is suitable for detecting the severity level

of DR images. On the other hand, usage of averaging operation may not be suitable

for the ensemble model all the time because the accuracy of the average ensemble is

smaller than EfficientNetB7 while being better than ResNet50 and VGGI19.
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Furthermore, images of Mild DR and Proliferative DR classes seem to be
the most difficult to classify as their related precision, recall, and f-score values are
relatively low. In other words, the deep learning models cannot accurately
distinguish the samples from these classes. This situation is supported by the results

provided in the confusion matrix given in Table 5.1.

5.1.4. Comparison of Our Results with Other Studies

To underline the effectiveness of the concatenation ensemble model, the
obtained results are compared with those reported in other related studies (Table
5.3). The accuracies and recall for the previously reported studies vary between
approximately 37% to 94%t and 30 %to 90%, respectively. The proposed method
for multi-class DR classification has performed better than previously systems in

terms of both accuracy and recall.
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Table 5.3. The comparison of the current study with other related previous work

Author Year | Classifier No. of Accuracy | Recall
Classes

(Noronha, Acharya, 2011 SVM 5 82% 82.50%

Nayak, Kamath, &

Bhandary, 2013)

(Pratt, Coenen, 2016 | CNN 5 75% 30%

Broadbent, Harding,

& Zheng, 2016)

(Sajana, Krishna, 2016 | CNN 5 94% 76.6%

Dinakar, & Rajdeep,

2019)

(Sathiya & Gayathri, | 2016 | GoogleNet 5 45% -

2014)

(Wang, Lu, Wang, & | 2018 | AlexNet 37% -

Chen, 2018) VGG16 5 50% -
InceptionNet 63.23% -
V3

(Chaturvedi, Gupta, 2020 | DenseNet 5 94.44% 87%

Ninawe, & Prasad,

2020)

Proposed method 2021 | Concatenation | 5 97% 95%
ensemble

5.2. Effects of the Edge Computing

The overall performance of the experiment is calculated based on time

response. After installing the application on android, the application it will be ready

to test. The total time from the server (T;,tq;) Was calculated by adding the time

required for transferring data to the could (Tgegyireqa)- the time spent at the cloud for

processing (T¢iouq), and the preprocessing time at the edge device (Tggge)-
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Teotar = TRequired + Tcioua + TEdge

Total duration of the execution on the cloud and edge sides may easily be
determined through coding. Therefore, subtracting T¢iouq + Trage from Tropq; will
result in Tregyireq Whose knowledge allows for making conclusions about the
occupied bandwidth. It should also be noted that, Tgq4, = 0 when the preprocessing
is performed at the cloud side.

The effects of these steps were quantified by measuring the overall file size
of the images in the set and the times taken for each image in the test. In this study,
two cases are examined in detail. In the first case, the both the preprocessing and the
classification are done in the cloud side. In the second case the preprocessing is
performed at the edge layer. For both of these cases, response time from the cloud
server is calculated for all predictions in the test set.

Some example results for six different images in the test set are given in
Tables 5.4 and 5.5, where the “File size” column denote the size of the image file

transmitted to the cloud.

Table 5.4. Calculated results for the first case (preprocessing performed at the cloud

side)
I I I
Image File size W%?ﬁ Hrglagghet Trequird Tcloud + Ttotal
no (KB) (Pixels) (Pixels) (sec) Trage (S€C) | (sec)
1 4000 2588 1958 8.00 13.70 21.70
2 3405 1050 1050 6.81 11.50 18.31
3 2200 3216 2136 4.40 8.30 12.70
4 2030 2048 1536 4.06 8.10 12.16
5 4132 3388 2588 8.26 14.01 22.27
6 4602 1050 1050 9.20 14.89 24.09
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Table 5.5. Calculated results for the second case (preprocessing performed at the
edge device)
Image Image

Tcloud +

Imag | File size : : Trequira(S Trota

om0 | (KE) (g\i/g[lrs]) (gﬁ:glhst) e (TsEgi) (529
1 640 224 224 1.28 12.33 13.61
2 520 224 224 1.04 10.64 11.68
3 404 224 224 0.81 7.35 8.16
4 410 224 224 0.82 7.57 8.39
5 553 224 224 1.11 11.71 12.82
6 598 224 224 1.20 11.20 12.40

The results in the tables show that the edge computing contributes to both
total size of the transmitted images and the total transmission time, Tgequired-
Although there is not a significant improvement in the total processing time
(Tcioua + Tgage) the faster response of the cloud servers is achieved through the
reduction in Treqyireq- Furthermore, since the total amount of transmitted data is

reduced, the network bandwidth has been utilized more efficiently.

44



6. CONCLUSION Ahmed Al-Karawi

6. CONCLUSION

In the current generation of technology, the Internet becomes a necessary
part of human life. Medical science has used the Internet for fast processing and large
scale data storage. The paradigm of 10T is primarily based on computational devices
to produce a large scale and high quantity of data. Processing and producing data
with the minute time fraction is a challenging task. The large-scale dataset consists
of images, video, audio, and textual content form.

The automatic aspect of IoT-based devices improves response time based
on a machine learning algorithm due to preprocessing the file earlier than importing
it to the server. The current technical era is witnessing explosive usability of smart
computing devices such as smartphones.

Diabetic retinopathy is a common issue in medical science. The result
extraction and analysis of diabetic retinopathy need time using traditional medical
devices. Most of the times, the cost and time required for diagnosis of this disease
are too much. Hence, proposed research can be used in this field to provide the
necessary solutions. Furthermore, utilization of deep learning with IoT in the context
of medical image analysis and diagnosis has become widespread in the recent years.

In this thesis, a deep learning based framework to detect the severity level
diabetic retinopathy is proposed. The framework also features edge computing
capability to reduce the system response time and save bandwidth.

The proposed framework consists of three main steps that are preprocessing,
feature extraction, and classification. All the experiments were performed using the
APTOS 2019 dataset containing DR images of five different severity stages. The
experiments included utilization of three benchmark CNN models (EfficientNetB7,
VGG19, ResNet50) and their hybrid combinations. The performance of the proposed
ensemble model is calculated based on accuracy, precision, recall, and fl-score
measures. Precision refers to the quality of the experiment, whereas recall refers to

completeness or quantity. High precision is always an excellent indicator of the
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successful classification of the positive classes. It was shown that the performance
of the concatenation ensemble model outperforms the other four models. Therefore,
it is possible to conclude that this is a suitable approach for detecting the severity
level of the diabetic retinopathy from the fundus images.

The other feature of the framework is the edge computing that allows for
preprocessing of the medical images before being transmitted to the cloud server. It
was shown that the edge computing process reduces the time to transmit the data and
response from the server. In other words, reducing the total amount of data through
edge computing reduces response time of the server. This preprocessed data allows
for making predictions directly without loss of time for preprocessing at the cloud
side.

As future work, performance analysis of bagging and boosting methods can
be compared with those obtained by the ensemble models. In addition, there are
much more CNN architectures in the literature, and various combinations of them
can be trained to see if there are any other models performing better. Furthermore,
the parameter optimization of the models can be performed with the help of nature-
inspired optimization methods such as particle swarm optimization or genetic
algorithm. In that case, an optimal set of parameters with a suitable model structure

can be achieved.
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