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Abstract
Diabetic Retinopathy (DR) is a health condition caused due to Diabetes Mellitus (DM). It
causes vision problems and blindness due to disfigurement of human retina. According to
statistics, 80% of diabetes patients battling from long diabetic period of 15 to 20 years,
suffer from DR. Hence, it has become a dangerous threat to the health and life of people.
To overcome DR, manual diagnosis of the disease is feasible but overwhelming and
cumbersome at the same time and hence requires a revolutionary method. Thus, such a
health condition necessitates primary recognition and diagnosis to prevent DR from
developing into severe stages and prevent blindness. Innumerable Machine Learning
(ML) models are proposed by researchers across the globe, to achieve this purpose.
Various feature extraction techniques are proposed for extraction of DR features for early
detection. However, traditional ML models have shown either meagre generalization
throughout feature extraction and classification for deploying smaller datasets or con-
sumes more of training time causing inefficiency in prediction while using larger datasets.
Hence Deep Learning (DL), a new domain of ML, is introduced. DL models can handle a
smaller dataset with help of efficient data processing techniques. However, they generally
incorporate larger datasets for their deep architectures to enhance performance in feature
extraction and image classification. This paper gives a detailed review on DR, its features,
causes, ML models, state-of-the-art DL models, challenges, comparisons and future
directions, for early detection of DR.
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1 Introduction

Diabetic Retinopathy (DR) is a health condition that arises due to Diabetes Mellitus (DM). DM 
is caused due to numerous micro and macrovascular abnormalities and impaired glucose 
metabolism leading to an enduring disease. DR is one of the most common and grave 
complications of DM leading to severe blindness due to disfigurement of the human retina. 
According to statistics, 80% of diabetes patients battling from long diabetic period of 15 to 
20 years, suffer from DR [40]. DR due to diabetes is also recorded to be the chief reason of 
blindness amongst the working-age people, in advanced nations [74]. More than 171 million 
people suffer from diabetes worldwide. The World Health Organization (WHO) has surveyed 
that, there will be 366 million cases of diabetes in the world by 2030 [139].

The general signs and symptoms of DR are cough, fever, and loss of appetite [4]. 
DR occurs due to metabolic fluctuations in retinal blood vessels, caused due to irregular 
blood flow, leakage of blood and blood constituents over the retina thereby affecting the 
macula. This leads to swelling of the retinal tissue, causing cloudy or blurred vision. The 
disorder affects both eyes, and with longer period of diabetes without treatment, DR 
causes blindness causing diabetic maculopathy [31, 91].

When DR remains untreated and undiagnosed, its progressive nature to serious 
stages worsens the vision capacity of a person. With periodic or random progress in the 
disease, retinal lesions are formed from the ruptured Retinal Blood Vessels (RBVs) 
such as Microaneurysms (MAs), Hemorrhages (HEs), Exudates (EXs), Cotton Wool 
Spots (CWSs), Foveal Avascular Zone (FAZ), fibrotic bands, Intra Retinal 
Microvascular Abnormalities (IRMAs), Neovascularization on Disc (NVD), 
Neovascularization Elsewhere (NVE), traction-al bands etc. [37, 39, 52, 75, 128]. These 
retinal lesions occur in the rear view of the human eye i.e., the fundus. The presence of 
these retinal lesions and abnormalities and their timely detection, helps in identifying the 
various stages of DR [16].

To observe the retinal anatomy such as Optic Disc (OD), RBVs, fovea and the macula, 
the pupil dilation takes place with the help of certain medically identified and approved 
contrasting agents which are injected into the retina. Such a method employs Fluorescein 
Angiography (FA) or a mydriatic fundus camera. This helps in acquisition of fundus 
images from diabetic patients which can be assessed for the effective detection and early 
diagnosis of DR [1]. To diagnose DR at an early stage, manual methods such as bio-
microscopy, retinal imaging of the fundus, Retinal Thickness Analyzer (RTA), Scanning 
Laser Ophthalmoscopy (SLO), Adap-tive Optics, Retinal Oximetry, Optical Coherence 
Tomography (OCT), OCT Angiography, Doppler OCT, and many more can be adopted 
[48]. However, such conventional methods for manually analyzing the disease makes it 
cumbersome, time consuming and highly prone to error. Besides, it demands a 
sophisticated task force which is sometimes not feasible w.r.t (with respect to) prevailing 
circumstances. Thus, it is not feasible to perform manual diagnosis for early detection of 
DR at any time and at any place.

The present ratio of Ophthalmologists to patient especially in India is 1:10000 [91] and 
in such a situation, the need of an automated intelligent detection system for primary 
analysis of early signs of DR is realized. Thus, a faster and a revolutionary method, 
proposing an intelligent system which uses a huge dataset of fundus image acquired 
through various sources, is essential to detect the disease at a premature stage such that lives 
of people suffering from prolonged diabetes can be made better through possible 
retainment of vision. Conse-quently, various intelligent and computer-assisted systems 
are proposed for DR detection using ML techniques such as Support Vector Machine 
(SVM) [10, 20, 81, 90, 108, 115],
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Decision Tree [10, 28], Neural Network [17, 90], etc. However, conventional ML techniques
are incompetent against real-time, large, complex, and high-dimensional data such as images.
They lack domain awareness and data representation, which makes them computationally
intensive and inflexible in performance.

Deep Learning (DL) is a new advent of ML which can perform automated and complex
tasks, discover unseen insights, highly scalable, better domain knowledge, reliable decision
making etc. and efficiently applies them upon high-dimensional data, thereby outperforming
shallow ML models. DL methods such as Convolutional Neural Network (CNN) [17, 70,
115], Deep Convolutional Neural Network (DCNN), and Deep Neural Network (DNN/
DLNN) architectures such as AlexNet, Visual Geometry Group Network (VGG- 16, VGG-
19) [115], GoogLeNet [17] and its variants, Residual Network (ResNet) and its variants,
Densely Connected Network (DenseNet) and its variants, Inception Convolutional Recurrent
Neural Networks (IRCNN), Generative Adversarial Network (GAN), Autoencoder, Restricted
Boltzmann Machine (RBM), Long Short-TermMemory (LSTM), Deep Reinforcement Learn-
ing (DRL) etc. are proposed for deep feature extraction and image classification [9].

Digital Image Processing (DIP) techniques and advancements have also an effective role to
play in better image feature extraction and image classification performances, through en-
hancement and removal of errors [16, 41, 137]. Various pre-trained DL models also known as
Transfer Learning (TL) techniques have found application for DR detection using smaller
datasets to overcome scarcity of data, boost the classification performance and learn useful
representations. Various data augmentation methods, sampling techniques, cost-sensitive
algorithms, hybrid and ensemble architectures have been adopted in existing works, to
overcome the constraint of imbalanced and noisy fundus image data, and improve feature
extraction and prediction, for DR detection. Various dimensionality reduction techniques and
attention mechanisms such as Principal Component Analysis (PCA), Linear Discriminant
Analysis (LDA), Singular Value Decomposition (SVD), Fully Convolutional Network
(FCN) etc. have been adopted for compact feature representation of big data and better feature
discrimination.

The main objective of this manuscript is to compare the diverse studies performed earlier
for early DR detection and configure their drawbacks and limitations. Earlier works and
literature surveys have distinguished various conventional ML models, DL models, pre-
trained TL models, hybrid ML-DL models, evolutionary models, ensemble models and
comprehensive models, for DR detection. The previous works have a separate base for each
of these learning algorithms or a combination and comparison of these models to a limited
extent, to lay an emphasis on a particular specified task say feature extraction or segmentation
or classification. On the basis of such works, it is important to compare and determine how all
these models and algorithms differ from one another, when they are all capable enough to
produce acceptable results in various contexts. Thus, earlier survey works have only estab-
lished a one-way conclusion or have fewer perception and domain knowledge of the complete
problem, which can be manipulative in the making of a reliable decision for researchers and
also makes the process of study vague and time-consuming. Thus, this paper makes an effort to
inculcate a comprehensive study and behavior of different learning models and advancements,
in the research and development of an early detection system for DR. This paper illustrates in
detail about DR, DR lesions and their behavior, structure, challenges in detection, and stages
of occurrence and development, in a chronological order, using DR images, in contrast to
previous works where the chronology cannot be identified. It establishes a comparison on
different kinds of DR lesions identified on different grounds using various techniques. The
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study includes a comparison on various DL models such as hybrid ML-DL models [71, 108,
142], CNN [25, 34, 44, 57, 108, 112, 117], DCNN [142], TL models [6, 70, 78], DLNN [36,
43], ensemble ML/DL models [44, 58, 80, 101, 109, 112, 134], evolutionary [43, 96] and
comprehensive learning algorithms [21, 134], and their corresponding performances w.r.t early
DR detection, to conclude on a firm note in identifying the best model(s), with better and
generalized predictions. The paper lays a huge stress on encouraging DL models for high
dimensional data, and their incorporation with ML-based classifiers for ensemble-based
feature extraction or classification, to propose methodologies for DR detection. Besides,
single-classifier systems using Neural Networks, Support Vector Machines (SVMs) or Deci-
sion Trees are highly prone to overfitting and produces ineffective and unreliable perfor-
mances, due to lack of domain knowledge. Thus, this manuscript has established some critical
observations based on the study and implementation of classical models in comparison to DL
models and ensemble models. The paper affirms on obtaining better results using a better
learning model such as DL along with hyperparameter tuning and cost-effective strategies and
developments, to improve feature extraction and image classification.

This paper illustrates the different aspects of DR based on different perspectives necessary
for the early diagnosis and detection of DR. In section II, it discusses the different DR lesions
and features, their characteristics and stage of DR. In section III, the paper illustrates the
various kinds of ML techniques adopted for the process of diagnosis of DR. In section IV, the
paper entails a detailed illustration of various DL techniques. In section V, the paper illustrates
various challenges related to fundus image analysis, data acquisition, feature extraction and
classification for DR diagnosis and detection, and their corresponding predictable solutions. In
section VI, it establishes and emphasizes on a comparative analysis upon existing techniques
and experimental evaluation of some of the best performing CNNs upon an imbalanced dataset
using classical, DL and ensemble methods. In section VII, the paper proposes various future
directions to encourage new solutions for early DR detection. Finally, the paper concludes on a
note to focus on advanced methods such as DL techniques for early DR detection and keep a
foundation on ML techniques as they are conventional yet are better learning algorithms, and
can be improvised with DL techniques.

2 DR features

There are various features that can be used to detect and classify DR at an initial stage, for
prevention of blindness. The presence of DR features helps in identifying the stage of DR, for
diagnosis and treatment. Therefore, identification of DR features is a crucial research point as
good identification makes good DR detection system. In this section, some DR features and
challenges associated with them are discussed. Block Diagram I depicts the various DR
features which can be used to detect the disease.

2.1 Microaneurysms

Microaneurysms (MAs) are localized capillary dilations, red in color and saccular in structure
[31, 94]. They may either appear in clusters or in isolation. They are 1 to 3 pixels in
diameter [37] or 10 μm to 100 μm [104]. MAs are the first symptom of DR, instigated
by the focal dilatation of thin blood vessels. Figure 1 depict MAs, HEs, EXs [11] in
fundus image.
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2.2 Hemorrhages

Hemorrhages (HEs) are structural distortions in the walls of blood vessels with growing risk of
blood leakage from the vessels, producing irregular shapes. These thin bloods vessels are
sufficiently deteriorated, which may rupture and give rise to an HE. They are usually 3 to 10
pixels in diameter [37]. Sometimes, HEs and MAs occur together and are called as red lesions,
based on their shape and similarity [31]. HEs may be as small as MAs and as large as Optic
Disc. HE or Intraretinal HE [28, 64] may appear in wide variety of shapes such as dot, blot or
flame shaped, based on its depth in the retina [30] with varying contrast. Flame HEs are
elongated structures, found as blood leaking into the nerve fiber layer of the capillary network.

Diagram I DR features

Fig. 2 MAs, HEs, EXs in fundus [11]
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The appearance of HEs does not significantly affect vision. However, numerous blot HEs may
infer significant ischemia, a notable characteristic of pre-proliferative retinopathy. Figure 2
depicts dot-and-blot HEs in DR retina [11]. HEs are the next sign of DR after MAs.

2.3 Exudates

Exudates (EXs) are discrete yellowish-white intraretinal deposits frequently observed with
MAs [91] and contains extracellular lipids and proteins due to leakage of blood from abnormal
retinal capillaries. They can vary from tiny specks to big patches and gradually evolve into
ring-like constructions, within a diameter of 1 to 6 pixels [14], called circinate. They can
appear with soft boundaries and cloudy structures called soft EXs, or with distinct boundaries
and bright structures called hard EXs [16]. They are located in the posterior pole of the fundus,
and appear as bright, well-contrasted patterns with high grey level, between the dark vessels
[16]. They can also lead to vascular damage [93]. Hard EXs cause retinal thickening, which
leads to malfunctioning of macula [3, 16, 61], thus causing DME or complete blindness [126].
Figure 2 also depicts EXs in DR retina [11]. HEs are the next sign of DR after MAs.

2.4 Cotton wool spots

Cotton Wool Spots (CWSs) are the largest and irregular, cloudy structures with soft bound-
aries, in comparison to MAs and EXs. They are retinal infarction caused by thrombosis and
obstruction of blood vessels [37]. They are greyish-white patches of discoloration in the nerve
fiber layer. They are a consequential of local ischemia which leads to disruption of axoplasmic
flow. Multiple CWSs such as nearly 6 or more in one eye may indicate generalized retinal
ischemia leading to the stage of pre-proliferative DR [29, 127]. Figure 2 depicts CWSs in DR
fundus image [116].

Fig. 3 CWS in fundus image [116]
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2.5 Foveal avascular zone

Foveal Avascular Zone (FAZ) is a region within the fovea in the macula which is devoid of
RBVs. Its diameter is 0.5 mm [52, 73]. The fovea is of 1.5 mm [67] and is darker than the
surrounding retinal tissues. FAZ exhibits a non-specific structure and differs among people due
to disparities in the levels of pigment related with factors such as ethnicity, age, diet, and
disease conditions. The macula is a small area approximately 5–5.5 mm in diameter, located
temporal to the optic nerve head. To identify FAZ, the macula center [39, 52] is identified and
then the vessel end points are localized around the macula, using the nearest distance from the
center point. The FAZ area is computed by connecting these end points of the lost capillaries.
The loss of capillaries enhances the rapid loss in visual acuity, thus causing of DR. The
enlargement of this zone appears early in the development of the disease [15, 67, 76] and
hence needs to be detected to prevent DR. Figure 3 depicts FAZ [38].

2.6 Optic disc

The Optic Disc (OD) is the brightest, homogeneous, circular structure in a normal eye fundus
image and appears yellowish in color [18, 91]. The OD center and its diameter give informa-
tion such as position of the origin of the blood vessels and the macula region [28]. It is
important to detect any abnormality in the structure, shape, size or in the region of OD, to
suspect for early changes causing visual loss. Figure 4 depicts the normal OD (bright circular
structure) and RBVs of left eye of a normal patient (grade 0) acquired from Kaggle DR dataset
[32].

2.7 Retinal blood vessels

The Retinal Blood Vessels (RBVs) are the central retinal artery and vein, and their branches, in
the retina. The artery bifurcates into an upper and a lower branch, and each of these again
divides into a medial or nasal and a lateral or temporal branch. These branches, a minute
capillary plexus, which do not outspread beyond the inner nuclear layer. The macula receives
two small branches, the superior and inferior macular arteries, from the temporal branches and

Fig. 4 FAZ [38]
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small twigs from the central artery, not reaching fovea centralis. Thus, the segmentation of
RBVs and their branching pattern can provide plentiful information about any kind of
abnormalities or disease by examining its pathological variance [130]. The unique curved
shape vascular arcade arising from the OD and encircling the macula, can be exploited to know
about earlier abnormalities. Prolonged diabetes in patients can damage RBVs, causing DR
lesions [119]. During the detection process of RBVs, the grey level variation of vessels is high
and causes high local contrast, which increases its sensitivity but decreases its predictivity.
Figure 5(a) depicts normal RBVs (branches). Fig. VII depicts some of the abnormal changes in
RBVs due to DR.

2.8 Neovascularization and intra retinal microvascular abnormalities

The extensive lack of oxygen in RBVs, causes diminished blood flow to ocular tissues which
causes the creation of new fragile vessels, making the OD dense. These new vessels are
together called as Neovascularization (NV) [110, 127, 131] which is a serious threat to eye
sight. These new blood vessels have feebler walls and may break down and bleed, or cause
scar tissue thus causing retinal detachment. If the retinal detachment is not treated, it can cause
severe vision loss. Again, the breakage of these blood vessels at the onset of DR, increases the
number of nodal points, which indicates DR severity [96]. The formation of these new vessels
in the OD or within 1disc diameter of the margin of the disc, growing along the posterior
hyaloid interface around the optic nerve is known as NVD and if it forms in the periphery of
the retina, then it is called as NVE. NV is often confused with IRMAs. IRMAs epitomize
either new vessel growth within the retina or remodeling of pre-existing vessels through
endothelial cell proliferation, stimulated by hypoxia bordering areas of capillary non-
perfusion [72]. They are larger in caliber with a wide-ranging arrangement and are always
contained to the intraretinal layers. Conversely, NVs are fine and delicate in caliber, and more
focal in location. In FA, NV often causes leakage whereas IRMAs do not leak. NV and
IRMAs, both occur in response to ischemic retina at the severe NPDR or early PDR stage.

(a)                                     (b)

Fig. 5 Normal OD

DR 
Features

MAs HEs EXs CWSs FAZ OD RBVs NV

Fig. 6 (a) IRMAs in quadrant 1 [131] (b) Active NV (white arrow), hard EXs (black arrow) in early PDR [131]
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Figure 5 shows the presence of (a) IRMAs in quadrant 1 [131] (b) Active NV (white arrow),
hard EXs (black arrow) in early PDR [131].

3 Diagnosis of DR using ML

Different techniques are employed for the detection of DR features. The extraction of MAs,
HEs, EXs, CWSs, OD, RBVs are performed based on the pre-processing operations. Image
pre-processing plays an important role for better feature extraction and classification, as it
enhances the properties and attributes of the raw fundus images for better interpretation by an
intelligent system. It enhances the contrast of the image, reduces illumination error and
blurriness, removes noise, balance intensity in structures, detects minute patterns (subtle
lesions) hindered due to bright intensity structures etc. It enables an intelligent system to
detect mild and intermediate stages in case of DR. It also highlights the significance of removal
of artifacts and background subtraction.

Various techniques such as contrast enhancement [31, 39, 52, 109, 126, 141] for identifi-
cation of green channel of the image, contrast stretching [39, 52], morphological operations [3,
16, 18, 101, 109, 113, 143], histogram thresholding and histogram equalization [93, 115],
smoothing [16], post-processing [16, 88, 92, 130, 145], shade-correction [130], illumination
equalization/correction [97], denoising, image restoration using Wiener filter, etc. are perform-
ed upon fundus images. MAs and HEs are distinguished using thresholding and adaptive pre-
processing [118, 126], morphological image flooding, multiscale Hessian eigen value analysis
for vessel enhancement [12] etc.

Various segmentation techniques such as region growing [39, 52] [88, 126, 130, 135, 145],
thresholding [5, 39, 47, 51, 52, 88, 92, 109, 126, 135], bottom-hat transform [39, 52, 121,
143], unsupervised segmentation techniques [15], watershed transformation [16], active con-
tour model [16, 67, 82], image reconstruction [16, 102], template matching [68, 111, 136,
142], ensemble-based techniques [5, 33, 105, 113, 142], a priori shape knowledge approach
[95], Dynamic Decision Thresholding (DDT) [64], nature-inspired optimization techniques
[87, 105], Bayesian Statistical Algorithm (BSA) are used for extraction of DR features.
Additionally, similarity-based detection methods [15, 69, 120, 126], Gabor filter incorporated
with Hough transform [16, 33, 67], top-hat transformation [68, 97, 126, 130, 141, 142, 145],
curvelet transform and level-set-based segmentation techniques [85], canny edge enhancement
for boundary detection [19], Sobel operators, Prewitt operators, signal valley analysis [99] are
also used for segmentation for obtaining the Region of Interest (RoI), magnitude of intensity of
the pixel, and the gradient.

Various other techniques such as sliding window technique [91], Multi Resolution Gabor
Transform [115], Gaussian kernels [144], intensity-based techniques [66, 79], statistical
classifier [5, 61], Principal Component Analysis (PCA) [46, 67], Singular Value Decomposi-
tion (SVD), Linear Discriminant Analysis (LDA), Semantic Image Transformation (SIT) [24],
entropy-based backtracking approach [63], ON detection algorithm [133], deformable models
[88, 100] and Locally Statistical Active Contour Model with the Structure Prior (LSACM-SP)
approach [146] are also used to accomplish the purpose of feature segmentation and extraction,
for DR detection. DR classification is performed using Clustering [5, 46, 51, 88, 91, 116, 145],
ensemble techniques [13, 14, 18, 141], SVM [22, 63, 108], Sparse Representation Classifier
(SRC) [71], Neural Networks [42, 68, 85, 126, 135], Random Forest Classifier (RFC) [61, 62,
125], SVM based hybrid classifier [5], Majority Voting (MV) [53] etc. Supervised
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classification techniques such as KNN classification [37, 93], Extreme Learning Machine
(ELM) and Naive Bayes (NB) [17], Bayesian classifier [55], cascade Adaboost CNN classifier
[8], Naïve–Bayes and Decision Tree (DT) C4.5 enhanced with bagging techniques [46], etc.
are used for DR detection.

3.1 DR detection and classification using image analysis

DR detection is highly dependent on assessment and analysis of fundus images. The presence
of various DR lesions can be identified using high resolution fundus images. Based on the
presence and absence of DR retinal lesions and the corresponding severity level of the disease,
this paper classifies DR into five categories such as No DR-0, DR-1, mild Proliferative
Diabetic Retinopathy (mPDR)-2, Non-Proliferative Diabetic Retinopathy (NPDR)-3 and Pro-
liferative Diabetic Retinopathy (PDR)-4 [39, 52]. Grade 0 which implies No DR signifies that
there is no retinal lesion in the fundus image and hence the patient is not suffering from DR. It
designates the fundus is normal and there is no chance of the person losing vision. Grade 1
which implies DR signifies that there exist certain retinal lesions which may be due to foveal
enlargement or presence of any early signs such as MAs and HEs. This implies that the fundus
is not normal and requires immediate medical treatment. Grade 2 signifies MPDR based on the
presence of a few MAs and requires adoption of immediate medical treatment for prevention
of blindness. Grade 1 and grade 2 indicates low risks of blindness as MAs and HEs have
hardly any impact on the vision and hence vision loss can be prevented. Grade 3 signifies
NPDR based on the presence of MAs and HEs, intraretinal hemorrhaging such as venous
beading, or a few IRMAs. It is the beginning of a severe stage of the disease where size of
retinal lesions may be larger and the patient is at high risk of losing vision. Patient may observe
dark spots which indicate a rapid progress towards blindness. Grade 4 signifies PDR, a severe
stage of DR based on the rupture of retinal vessels causing multiple blot HEs, flame HEs [15,
82], retinal thickening, unhealthy macula, vascular damage, multiple CWSs, EXs, changes in
width of venous caliber, Intra Retinal Microvascular Abnormalities (IRMAs) [15, 82], NVD,
NVE and vitreous hemorrhage. This is a critical stage where treatment may be hopeful but the
probability of cure is very unlikely.

DR is also categorized into various other categories based on the features identified such as
Medhi et al. [91], Akram et al. [31], Noor-ul-huda et al. [98], ETDRS Report Number 10 [49],
Hani et al. [52], Fadzil et al. [39], Ege et al. [37], Bhargavi et al. [20], Raja et al. [115], Li. et al.
[82], Meshram et al. [93], ETDRS Report Number 7 [35] and Gadekallu et al. [43], have
proposed various other phases for DR detection and classification. They have proposed these
phases on the basis of presence of DR lesions, absence of edema, increase in retinal thickening,
hard EXs [49, 140], foveal enlargement [39, 52, 73, 82, 132], intensity and contrast of features
[37] and increase in retinal permeability [35, 43].

3.2 Using supervised ML

Various intelligent and computer-assisted systems are proposed for DR detection using ML
techniques [15, 17, 28, 37, 39, 52, 55, 81, 86, 106, 108, 128, 129] such as Support Vector
Machine (SVM) [10, 18, 81, 90, 108, 115], Naïve Bayes Classifier [10, 17], Decision Tree [10,
28], K-Nearest Neighbor Classifier [16, 76], Neural Network [17, 90], ensemble classifiers etc.

Jelinek et al. [59] have proposed a multi-lesion detection algorithm, which takes the output
of fusion of visual words dictionary-based detectors formed using a set of Points of Interest
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(POI) from an image region using Speeded-Up Robust Features (SURF) algorithm, to predict
DR. These POIs identify anomalies such as hard EXs, deep HEs, superficial HEs, drusen and
CWSs. The proposed model has evaluated three classifier fusion methods such as OR,
Majority Voting (MV) and meta-SVM on an imbalanced dataset of 7137 images for single
lesion and multi-lesion detection. In the single lesion detection phase, the method has classified
hard EXs with an AUC of 91.6%, whereas during multi-lesion detection, it has achieved an
AUC of 88.3%. The fusion strategies OR, MV and meta-SVM have achieved a sensitivity of
72%,30% and 80%, a specificity of 86%, 99% and 78%, and an accuracy of 84%, 92% and
78%, respectively.

4 DL models for early detection of DR

Researchers and Scientists all across the globe are continuously trying to make innovations for
early detection of DR using ML techniques. They have switched from conventional methods
of data acquisition such as Fluorescein Angiography (FA) to Digital Fundus Camera (DFC),
for better image data or using a high resolution and large fundus image dataset, to carry out
mass diagnosis easily and efficiently. This section discusses various intelligent systems based
on Artificial Intelligence (AI) techniques. The section has been divided into applications of
three subfields of AI namely supervised ML, unsupervised ML and Evolutionary Algorithms.
In supervised ML, the paper discusses about hybrid ML-DL based, pure CNN based and
CNN-DL based feature extraction and classification techniques. In unsupervised ML the paper
discusses various unsupervised techniques incorporated with Deep Neural Networks (DNNs).
In Evolutionary Algorithms, the paper discusses the applications of various nature inspired and
metaheuristic optimization techniques, irrespective of supervised or unsupervised learning. All
these techniques take into concern various objectives to fulfill for an image related task such as
DR such as feature extraction, segmentation, object detection and localization and image
classification. In the recent years, various models and intelligent systems using DL, with
significant modifications in their proposed methodologies and structures, are also introduced,
for early detection of DR. Block Diagram II depicts a brief sketch on various methodologies
used for DR detection through use of ML and DL techniques.

Methods in DR detection

Supervised 

Hybrid ML-DL 
model

CNN

AlexNet GoogLeNet ConvNet
Transfer 
Learning 

VGG-16 DCNN

CNN and DL 
model

Unsupervised
Evolutionary 
Algorithms 

Comprehensive

Diagram II Methodologies for DR detection
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4.1 Using supervised DL

Various intelligent and computer-assisted systems are proposed for DR detection using DL 
techniques such as DNN, DCNN, etc. [9].

4.1.1 Using hybrid ML-DL model

This section focuses mainly on hybrid ML-DL techniques used on image and how ML 
classifiers are introduced as a replacement to standard classification layers of DL CNN models. 
A few of these methods are discussed below.

Lam et al. [77] have developed an automated system for DR detection using 30 
retinal images from MNIST’s EyePACS dataset, and have generated 21 image patches 
to detect HEs, MAs, EXs, NV from abnormal structures. The CNN model is trained 
on 1050 image patches and tested on 274 image patches. The model has used a 128 × 128 
× 3 patch-trained GoogleLeNet-v1 CNN sliding window to scan the image patches and 
generate a probability score for each of the five classes of DR through detection of MAs 
and HEs. The model has compared the performance of AlexNet, VGG16, GoogLeNet, 
ResNet, and Inception-v3 on the 274 test patches and has achieved five-class binary 
classification accuracy of 74% and 79%, 86% and 90%, 95% and 98%, 92% and 95%, and 
96% and 98%, respectively.

Pratt et al. [108] have proposed a CNN architecture to extract DR features using the 
Kaggle dataset which comprises of 80,000 images, for the detection of DR. The model has 
used color normalization for preprocessing, real-time data augmentation, L2-regularization 
for updating weights and biases and cross-entropy loss function for optimization. The 
proposed CNN is trained using Stochastic Gradient Descent (SGD) and has achieved a 
specificity of 95% and an accuracy of 75% and sensitivity of 30%.

Xu et al. [142] have proposed a model which uses label preserving transformation for 
data augmentation and Deep Convolutional Neural Network (DCNN) based image 
classification, for the detection of DR, using Kaggle’s dataset. The proposed 
methodology has used two classifiers in which one combines each of the extracted 
features with the Gradient Boosting Machines (GBM) - eXtreme Gradient Boosting 
method (XGBoost) and the other classifier uses CNN-based features, with and without 
data augmentation. The entire network is opti-mized using backpropagation and 
Stochastic Gradient Descent (SGD). The proposed meth-odology has detected hard EXs, 
red lesions, MAs and RBVs. The proposed methodology has obtained an accuracy of 
89.4% for hard EXs and GBM, 88.7% for red lesions and GBM, 86.2% for MAs and 
GBM, 79.1% for RBVs and GBM, 91.5% for CNN without data augmentation and 
94.5% for CNN with data augmentation. It is observed that DL models perform better 
with CNN-extracted features in comparison to conventional feature extraction methods 
with data augmentation.

Khojasteh et al. [71] have proposed a ten-layered CNN and employs patch-based 
and image-based analysis upon the fundus images, for the detection of DR. The model has 
used a total of 284 retinal images from DIARETDB1 and e-ophtha datasets, of which 75 
images from DIARETDBI dataset are used for training, for patch-based analysis and the 
remaining 209 images, both from DIARETDB1 and e-ophtha, are used for testing, for 
image-based analysis. The model has performed contrast enhancement to extract EXs, 
HEs and MAs, and then segmented patches of size 50X50 to obtain rule-based 
probability maps. During the patch-based analysis, the model has detected EXs with 
sensitivity, specificity and accuracy of 0.96, 0.98 and 0.98, HEs with sensitivity, specificity 
and accuracy of 0.84, 0.92 and 0.90, and MAs
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with sensitivity, specificity and accuracy of 0.85, 0.96 and 0.94, respectively. In the image
level evaluation, the proposed method has achieved an accuracy of 0.96, 0.98 and 0.97 with
error rate of 3.9%, 2.1% and 2.04% for segmentation of EXs, HEs and MAs, respectively on
DIARETDB1 test set, and an accuracy of 0.88, and 3.0, and error rate of 4.2% and 3.1%, for
EXs and MAs, respectively, on e-Ophtha dataset. It is observed that simultaneous detection of
features can reduce potential error more accurately than individual detection, without any
redundancy. It is also observed that post-processing has reduced the error rate and image
patching has improved the quality of the images through consideration of the neighborhood
and background of candidate lesions.

Soniya et al. [127] have proposed two CNN models 1 and 2, which consists of a single
CNN and heterogeneous CNN modules, trained using gradient descent and backpropagation
respectively, and are compared to evaluate the effectiveness of detecting DR, using
DIARETDB0 dataset. The CNN model 1 has identified MAs, HEs, hard EXs and soft EXs
and the CNN model 2 has identified NV. The proposed model has used a multilayer
perceptron network classifier with 1620-10-5-6 architecture whose output corresponds to six
classes as class 1, class2, class 3, class 4, class 5, and class 6 for normal images, MAs, HEs,
hard EXs, soft EXs and NV, respectively. The model has used 130 color images from
DIARETDB0 dataset and has performed four experiments of which three experiments have
used single CNN with different filter size and receptive field and the fourth experiment has
employed heterogenous CNN modules. On using single CNN for the first two experiments,
with three convolutional layers each, having 10–30-30 filters for the former, and 30–30-10
filters for the latter, the model has achieved accuracies of 95%, 65%, 42.5%, 67.5% and 92.5%
for the former, and accuracies of 95%, 75%, 62.5%, 65% and 95% for the latter, for detection
of MAs, HEs, hard EXs, soft EXs and NV respectively. On using single CNN in the third
experiment with 50–70–80-100-200 filters, the model has achieved accuracies of 75%, 77.5%,
70%, 52.5%, and 95% for MAs, HEs, hard EXs, soft EXs and NV respectively. The
heterogenous CNN modules introduced have achieved 100% accuracy for extraction and
detection of class specific features in comparison to the single CNN which has continuously
shown low sensitivity and specificity values. It is observed that slight modifications in the
filters of CNN, have enhanced the performance of detection of DR lesions. It is also observed
that heterogenous CNN has performed better than single CNN.

Alghamdi et al. [8] have proposed an end-to-end supervised model for OD abnormality
detection, which constitutes two successive DL architectures with integrated cascade CNN
classifiers and abnormality assessment through feature learning, respectively, for the detection
of DR. The model has used AdaBoost ensemble algorithm for feature selection and training of
the classifier. The proposed approach has used a total of 5781 images from datasets such as
DRIVE, DIARETDB1, MESSIDOR, STARE, KENYA, HAPIEE, PAMDI and KFSH. The
model has used the annotated OD images in PAMDI and HAPIEE, to train and evaluate the
abnormality detector. The model has achieved an accuracy of 100%, 98.88%, 99.20%,
86.71%, 99.53%, 98.36%, 98.13% and 92%, on DRIVE, DIARETDB1, MESSIDOR,
STARE, KENYA, HAPIEE, PAMDI and KFSH respectively, for OD localization. The
proposed OD abnormality detector has achieved a sensitivity of 96.42%, a specificity of
86% and an accuracy of 86.52% on HAPIEE dataset, and a sensitivity of 94.54%, a specificity
of 98.59% and an accuracy of 97.76% on PAMDI dataset. It is observed that the use of
cascade classifiers which is an ensemble of weak classifiers can work well with good quality
images only and cannot withstand variations and hence requires learning of discriminative
features using CNN.
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Amongst all these, SVM, Neural Networks (NN), hybrid ML-DL models and ensemble
algorithms have produced effective results upon an effective dataset. ML techniques exhibit
high generalization error and presents only sub-optimal solutions, and are incompetent against
any real-time, complex, and high-dimensional data such as medical images (here fundus
images). Moreover, they lack domain awareness and representation, which makes them
computationally intensive and inflexible to extract patterns and relationships using
handcrafting rules and algorithms upon high-dimensional image data.

4.1.2 Using deep learning CNN

Deep Learning (DL) is a new advent of ML and inherits the appropriate and advantageous
attributes of ML such as perform complex tasks, smart and automated, better generalization,
domain knowledge, decision making etc. and efficiently applies them upon image data,
thereby outperforming shallow ML algorithms. DL permits data processing of diverse types
in amalgamation, known as cross-modal learning (multiple forms of representations), and can
generate well-defined features through automated feature learning, unlike ML algorithms
which are dependent on various feature extraction algorithms and procedures. DL models
have the capability to learn and to generate new features from extracted and existing features
such as points, lines, edges, gradients, vessel structure, corners, boundaries etc. using repre-
sentation learning.

DL supervised networks based on Convolutional Neural Network (CNN) [17, 70, 115] are
used for deep feature extraction and image classification. DL can be encouraging to find an
early and new remedy for detection of DR. A few of the DL CNN based techniques for DR
detection are discussed below-.

Orlando et al. [101] have proposed an ensemble CNN approach based on LeNet architec-
ture, for the detection of MAs and HEs, for DR detection. The method has used r-polynomial
transformation for pre-processing, Gaussian filter to reduce noise, morphological operations to
avoid noise and image patching to recover candidate red lesions. The CNN is trained with
Stochastic Gradient Descent (SGD), cross entropy loss function and weight decay. The model
has used datasets such as e-Ophtha for training, DIARETDB1 (Standard Diabetic Retinopathy
Database) for per-lesion detection, and MESSIDOR for image-level evaluation. The model has
achieved per lesion sensitivity of 0.2885,0.202 and 0.2 for combined, CNN, and hand-crafted
features, respectively for False Positive per Image (FPI) value of 1, in the interval [1/8,1/4,1/
2,1,2,4,8], for MAs detection in DIARETDB1 dataset. On detecting HEs on the DIARETDB1
dataset, the combined approach has reported a per lesion sensitivity of 0.4907 than manually
engineered descriptors achieving a per lesion sensitivity of 0.4724, at FPI value of 1. On
experimenting MESSIDOR dataset and using CNN as a classifier, the model has achieved an
AUC of 0.7912 with CNN features, 0.7325 with hand crafted features, and 0.8932 on
combination of both features. It is observed that, the combination of both CNN and hand-
crafted features is a better option for DR detection than CNN or hand-crafted features, alone.

Wang et al. [138] have proposed two CNN models namely Net-5 and Net-4 for a large-
scale DR dataset, which includes a Regression Activation Map (RAM) layer to minimize the
number of parameters through the inclusion of Global Average Pooling (GAP) layer instead of
fully connected layers, for DR detection. The model has used 35,126 images from Kaggle
dataset for training and testing in the ratio of 9:1 and has implemented a baseline model of
three networks -small, medium and large using 128-pixel images, 256-pixel images and 512-
pixel images, respectively. The proposed model has analyzed and compared its performance
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using orthogonal initialization, data augmentation and feature blending. The model has used
Fully Convolutional Neural Network (FCNN) upon the blended features to obtain the final
predicted regression values discretized at the thresholds (0:5; 1:5; 2:5; 3:5) so as to obtain
integer levels for computation of Kappa scores. On the validation set, the proposed network
has achieved a Kappa score of 0.70 for 256-pixel images, 0.80 for 512-pixel images and 0.81
for 768-pixel images, on both Net-5 and Net-4 settings of the architecture, without feature
blending, respectively. It is observed that as the number of pixels has increased, the perfor-
mance of the proposed system has enhanced along with cost of computation but stopped
beyond a threshold of 512 and above. This has widened the scope of further implementation of
the system at pixel level and work on enhancing the discrete ranges of regression values.

AlexNet based feature extraction Dai et al. [27] have proposed a 5-staged image-to-text
mapping expert-guided statistical model and an interleaved deep mining CNN called Multi-
Sieving CNN (MS-CNN) technique to solve an imbalanced MAs detection problem by
bridging the semantic gap between fundus images and clinical data, for DR detection. The
preprocessed fundus images are over-segmented using Simple Linear Iterative Clustering
(SLIC) for AlexNet-based feature extraction and random partition of feature space through
semantic mapping and random fern approach. The proposed methodology is a ‘partition
frequency-inverse lesion frequency’ model which represents and predicts certain lesion types
for each over-segmented super-pixel. The MS-CNN has taken a ‘r x r’ patch, where r = 64,
upon which candidate selection, mean filtering, segmentation of MAs using top-hat transform
and Gaussian filter, are performed and a cascaded CNN classifier is used for classification. The
proposed model has used a dataset of 646 images and DIARETDB1 dataset of 89 fundus
images for training and testing. The model has achieved 17.9% recall, 100% precision,
17.8% accuracy and F1 score of 30.4% in the first stage of MS-CNN, and has achieved
87.8% recall, 99.7% precision, 96.1% accuracy, and F1 score of 93.4% in the second
stage of MS-CNN. It is observed that the proposed model is effective and has scope for
inculcation of DL techniques in text-to-image mapping, deep feature extraction and
image classification.

Abràmoff et al. [2] have compared the performance of a DL enhanced algorithm, to the
earlier published non-DL algorithm, the Iowa Detection Program (IDP) based on the
MESSIDOR-2 dataset consisting of 1748 augmented images, and reference standard set by
retinal specialists, for automated detection of DR. The proposed model has implemented a
CNN motivated IDx-DR device named IDx-DR X2.1 which is a lesion detector and has
implemented AlexNet for 10,000 augmented samples and VGGNet for 1,250,000 augmented
samples, for detection of referable DR (rDR) and vision-threatening DR (vtDR), so as to detect
various phases of DR andMacular Edema (ME). The model has obtained feature vectors of the
predicted abnormality, which are fed into two fusion classifiers implemented using Random
Forest (RF). The proposed CNN detectors and classifiers are trained on 25,000 complete
examinations of four expert annotated photographs per subject for detecting normal anatomy
such as OD and fovea and DR lesions such as HEs, EXs and NV. The model has achieved a
sensitivity of 96.8%, a specificity of 87%, a negative predictive value of 99.0%, positive
predictive value of 67.4% and AUC of 0.980 for rDR detection, and a sensitivity of 100%, a
specificity of 90.8%, negative predictive value of 100.0%, positive predictive value of 56.4%
and AUC of 0.989 for vtDR detection. It is observed that the proposed methodology has
achieved an overlap in detection of PDR and ME. It is also observed that the authors have
claimed that the representation of MESSIDOR-2 dataset as a reference standard is not suitable
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for screening algorithms whereas various models proposed earlier have produced impactful
results based on it.

GoogLeNet based feature extraction Gulshan et al. [50] have proposed a DL algorithm for
computerized detection of DR and Diabetic Macular Edema (DME), using fundus images and
have identified HEs and MAs using Inception-V3-architecture Neural Network, for the
detection of DR. The proposed methodology has deployed the EyePACS-1 dataset consisting
of 9963 images and the MESSIDOR-2 dataset having 1748 images. The model has performed
preprocessing, network weight optimization using distributed Stochastic Gradient Descent
(SGD), and hyperparameter optimization. The entire development set of 128,175 images, has
used an ensemble of 10 networks and computed the final linear average prediction upon the
ensemble predictions. The algorithm has detected rDR with an AUC of 0.991 for EyePACS-1
and 0.990 for MESSIDOR-2. At high specificity in the development set, EyePACS-1 has
achieved a sensitivity of 90.3%, and a specificity of 98.1% whereas MESSIDOR-2 has
achieved a sensitivity of 87.0% and a specificity of 98.5%. At high sensitivity in the
development set, EyePACS-1 has achieved a sensitivity of 97.5% and a specificity of 93.4%
whereas MESSIDOR-2 has achieved a sensitivity of 96.1% and a specificity of 93.9%. On
approximation of 8% prevalence of rDR per image, the model has achieved a negative
predictive value of 99.8% for EyePACS-1 and 99.6% for MESSIDOR-2. The proposed
algorithm has evaluated moderate or worse DR, rDME, and ungradable images using the
EyePACS-1 dataset only and has achieved an AUC of 0.974. At high specificity operating
point, the algorithm has achieved a sensitivity of 90.7% and a specificity of 93.8%, and at high
sensitivity operating point, the algorithm has achieved a sensitivity of 96.7% and a specificity
of 84.0%. It is observed that rDR detection is adopted for detection of DR and DME and that
there are higher probabilities of lesion overlap or misclassification of lesions, if the training
dataset is imbalanced.

Takahashi et al. [132] have proposed a modified and randomly initialized GoogLeNet
DCNN for the detection of DR, which is trained using 9443 of the 9939-posterior pole color
fundus images and have used manual staging with three additional fundus images. The
proposed model is a composition of AI1 model and AI2 model in which the AI1 model is
trained using ResNet and both the models are trained on modified Davis grading of a
concatenated figure of four photographs. The modified Davis grading includes Simple
DR(SDR), Pre-proliferative DR (PPDR) and PDR. The AI2 model of the network is also
trained on the same number of images using manual staging with only one original image
which is used to detect retinal HEs and hard EXs and is trained on the pairs of a patient’s
image and its modified Davis grading. The model has achieved a Prevalence and Bias-
Adjusted Fleiss’ Kappa (PABAK) of 0.74 and a mean accuracy of 81%, on 496/9443 images
(5%). On manual grading with one image, the model has achieved a PABAK of 0.71 with a
mean accuracy of 77%, whereas on manual grading of four images for No DR(NDR), SDR,
PPDR and PDR detection, the model has achieved a PABAK of 0.64 with a mean accuracy of
72%, on 496/9443 images. The proposed model has graded randomly chosen 4709 images of
the total 9939 posterior pole fundus images from 0 to 14 using real prognoses, of which 95%
are used for training and rest 5% are used for validation. The modified GoogLeNet has
achieved a PABAK of 0.98 with mean accuracy of 96% during real prognosis, and a PABAK
of 0.98 using traditional modified Davis grading with a mean accuracy of 92%, in 224 unseen
images. The three retinal specialists HT, YA, and YI, who have graded the images during real
prognosis have achieved a PABAK of 0.93 with mean accuracy 93%, 0.92 with mean
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accuracy of 92%, and 0.93 with mean accuracy of 93%, respectively. It is observed that the
work has identified surface reflection in retina as an abnormality seen in young people which
can be helpful for DR detection in young generation. It is observed that the work has identified
surface reflection in retina as an abnormality seen in young people which can be helpful for
DR detection in young generation. It is observed that the four concatenated image-trained
neural network is more useful and better at detecting DR than one image-trained neural
network, to obtain more features and understand the behavior of DR through multiple
gradings. The proposed model is a continuation of previous proposed models based on
ResNet-52 and ResNet-152 having memory constraint and thereby establishes a comparison
in their performance.

ConvNet based feature extraction Quellec et al. [112] have proposed a DL detector
Convolutional Network (ConvNet) for detection of MAs, HEs, EXs and CWSs, and new
biomarkers of DR, for rDR detection, using 88,702 fundus images from the 2015 Kaggle DR
dataset, 107,799 images from e-ophtha dataset and 89 images from DiaretDB1 dataset. The
proposed model has evaluated heatmap generation and an optimization solution for DR
screening, using backpropagation-based ConvNets. The proposed model has adapted min-
pooling based image preprocessing, data augmentation and DL fractional max-pooling based
network structures (o_O solution) namely netA and netB, for visualization. It has used an
ensemble of RF classifiers. The performance of the model is evaluated w.r.t lesion level and
more specifically in the image level, using the DiaretDB1 dataset, where MAs, HEs, EXs and
CWSs are manually segmented. The model has achieved a detection performance, area under
ROC(Az) of 0.954 in Kaggle’s dataset using netB and Az of 0.949 in e-ophtha dataset, for rDR
detection and an Az of 0.9490 upon ensemble classifier. It is observed that detection quality is
not dependent on image quality and visualization of images through heatmaps using ConvNets
helps in detection of subtle lesions especially using the netB. The proposed model requires
more manual segmentation of lesions for advanced signs of DR such as NV.

Block Diagrams III and IV depicts two different frameworks, used for the detection of DR
using conventional ML model and advanced DL model.

VGG-16 based feature extraction Dutta et al. [34] have proposed a DL model which is
trained using backpropagation Neural Network (NN), DNN and VGG-16, for DR detection.
The model has acquired the retinopathy images from Kaggle dataset and has used 2000 images
in the ratio of 7:3 for training and testing the model. The model has extracted DR features such
as RBVs, fluid drip, EXs, HEs and MAs and has thresholded each target lesion using Fuzzy C-
Means clustering. The proposed model has performed image filtering and background sub-
traction, using median filter and morphological processing, respectively. The model has
extracted the edge and border features using Canny edge detection. The VGG-16 model has
achieved better testing accuracy, in comparison to backpropagation neural network and DNN.
The backpropagation NN model has achieved a training accuracy of 45.7% and a testing
accuracy of 35.6% whereas the DNN model has achieved a training accuracy of 84.7% and a
testing accuracy of 82.3%, for the statistical data model. The VGG-16 model has considered
1000 images for training and 300 images for testing and has achieved an accuracy of 72.5%.
During the training and the testing phase, the DNN model has achieved an accuracy of 89.6%
and 86.3%, respectively, on image data model than backpropagation NN which has achieved a
training accuracy of 62.7% and testing accuracy of 42% and VGG-16 which has achieved a
training accuracy of 76.4% and testing accuracy of 78.3%, for image classification.
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Grinsven et al. [136] have proposed a technique to improve and accelerate RNN 
training through dynamic sampling of misclassified positive samples at pixel-level, for 
detection of DR. The proposed model has acquired the image data from the Kaggle dataset 
which contains 35,126 training images and 53,576 test images of which 6679 training 
images are used. The Kaggle test set and the MESSIDOR dataset of 1200 images, are used 
as test images to extract
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Feature Extraction
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Diagram III General Framework
[7, 22, 34, 36, 96, 101, 112]
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candidate HEs. The proposed model has performed preprocessing, contrast enhancement,
segmentation using circular template matching and data augmentation by spatial translation.
The proposed model has compared two CNN models namely CNN iterative Selective
Sampling (SeS) model having 60 epochs and iterative non-Selective Sampling (NSeS) model
having 170 epochs, and at 1 FPI the models have achieved sensitivities of 78.6% and 75.3%,
whereas at 0.1 FPI, both CNNs have achieved sensitivities of 51.1% and 31.6%, respectively.
The model has achieved image level performance Az values of 0.919 and 0.907, on the Kaggle
andMESSIDOR test sets, respectively using CNN(SeS) 60 and 0.981 and 0.967 on the Kaggle
and MESSIDOR test sets, respectively using CNN (NSeS) 170. Two observers have also
graded the test sets and the model has compared their performance with the two proposed
models. Using Kaggle dataset, observer 1 has achieved a sensitivity and a specificity of 81.6%
and 94.7%, observer 2 has achieved a sensitivity and a specificity of 80.6% and 94.2%,
CNN(SeS) 60 has achieved a sensitivity and a specificity of 83.7% and 85.1% and
CNN(NSeS) 170 has achieved a sensitivity and a specificity of 77.4% and 85.1%, respectively.
Using Messidor dataset, observer 1 has achieved a sensitivity and a specificity of 97.6% and
89.4%, observer 2 has achieved a sensitivity and a specificity of 95.8% and 87.2%, CNN(SeS)
60 has achieved a sensitivity and a specificity of 93.1% and 91.5% and CNN(NSeS) 170 has
achieved a sensitivity and a specificity of 90.3% and 93.1%, respectively. The model has also
achieved an AUROC of 0.894 and 0.972 on Kaggle and MESSIDOR datasets, respectively. It
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Image Segmentation

Feature Extraction

Classification

Diagram IV Supervised and
Unsupervised Learning
Framework using ML and DL [8,
27, 45, 57, 70, 71, 78, 142]
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is observed that hyperparameter tuning and optimization has a significant role to play in
enhancing the performance of the model.

Liskowski et al. [84] have proposed a supervised DL Retinal Blood Vessel (RBV)
segmentation technique using a DNN, trained on 400,000 examples, which are enhanced,
contrast normalized, and amplified using geometric transformations and gamma corrections,
for the detection of DR. The model has acquired images from DRIVE, STARE and CHASE
datasets. The proposed model has trained the network using backpropagation and dropout. The
model has proposed two basic configurations namely PLAIN BALANCED and NO-POOL
which are dependent on structure prediction for simultaneous classification of multiple pixels.
The PLAIN BALANCEDmodel has achieved highest AUC of 0.9738 on DRIVE and 0.9820
± 0.0045 on STARE, but has achieved a better accuracy of 0.9620 ± 0.0051 in the STARE
dataset. The proposed model has achieved an area under ROC curve measure of >99% and
classification accuracy of >97%. The technique is resilient to the phenomenon of central vessel
reflex and sensitive in recognition of fine vessels with a measure of >87%.

Deep convolutional neural network based feature extraction Islam et al. [57] have
proposed a DCNN for early-stage detection of DR using Kaggle’s EyePACS dataset of
88,702 images of which 35,126 are training images and 53,576 are testing images, through
identification of MAs. The model has performed preprocessing through rescaling, followed by
data augmentation to reduce imbalance data, feature blending, orthogonal weight initialization,
Stochastic Gradient Descent (SGD) optimization, L2 regularization and Adam optimizer for
model training. In binary classification problem, the proposed method has achieved a sensi-
tivity of 98% and specificity of 94%, in low-high DR detection, and a sensitivity of 94.5% and
specificity of 90.2% in healthy-sick DR detection. The model has used threshold coefficients
of (0:5; 1:5; 2:5; 3:5) to discretize the predicted regression values and convert the class levels
into integers, which has led to the achievement of a quadratic weighted kappa score of 0.851
on test set. The proposed model has achieved an AUROC and F-Score of 0.844 and 0.743,
respectively on the dataset. It is observed that the proposed method is suitable only for binary
classification of intermediate stages of DR.

Prentasic et al. [109] have proposed a DCNN which considers RBVs and OD in the DR
detection procedure to upsurge the accuracy of EXs detection, for DR detection. The model
has performed image preprocessing using Frangi vesselness filter, Total Variation (TV)
regularization denoising and split Bregman algorithm for denoising, morphological operations,
dynamic thresholding, pixel-wise feature extraction and classification and clustering ap-
proaches. The proposed model has combined different landmark detection algorithms, for
the detection and localization of EXs. The proposed model has used an ensemble of OD
detection algorithms such as entropy-based method, Laplacian of Gaussian (LoG) filtering
method, brightness method, Simulated Annealing (SA) and Hough transformation of vessels,
which performs various preprocessing, thresholding, localization and object detection. The
proposed CNN model has classified an EX or a non-EX using DRiDB dataset of 50 images in
which the model has achieved a sensitivity of 78%, a Positive Predictive Value (PPV) of 78%
and an F-score of 0.78. It is observed that landmark detection of retinal features such as OD
and RBVs plays an important role in identifying and analyzing abnormal retinal features either
through their inclusion in severe cases or through their subtraction in normal and mild
cases.

Pour et al. [107] have used EfficientNet B5 for feature extraction and classification, for DR
detection using MESSIDOR, MESSIDOR-2 and IDRiD datasets, upon Contrast Limited
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Adaptive Histogram Equalization (CLAHE) based preprocessed images. The model has
achieved an AUC of 0.945 on MESSIDOR, and AUC 0.932 on IDRiD.

Chetoui et al. [25] have used EfficientNet B7 for feature extraction and classification, and
Global Average Pooling, for the detection of Referable Diabetic Retinopathy (RDR) and
vision-threatening DR. The model has used Kaggle EyePACs and Asia Pacific Tele-
Ophthalmology Society (APTOS) 2019 datasets, and have extracted features such as EXs,
HEs and MAs using Gradient-weighted Class Activation Mapping (Grad-CAM). The model
has achieved an AUC of 0.984 for RDR and 0.990 for vision-threatening DR on EyePACS
dataset, and for APTOS 2019 dataset the model has achieved an AUC of 0.966 and 0.998 for
referable and vision-threatening DR, respectively.

Rakhlin [117] has proposed a VGG-Net based modified DCNN model for identification of
DR features such as drusen, EXs, MAs, CWSs and HEs, and has used Kaggle dataset
consisting of 88,696 images of which 81,670 images are used for training, and the rest 7026
images along with the entire MESSIDOR-2 dataset consisting of 1748 augmented images, are
used for testing, for the detection of rDR. The diagnostic pipeline of the proposed model
comprises of preprocessing, image quality assessment module, generation of randomly aug-
mented images, localization and segmentation of features, dropout, and classification of retinal
lesions. In the Kaggle dataset, the model has achieved AUROC of 0.923, sensitivity of 92%,
and specificity of 72%, at high sensitivity operating point. At high specificity operating point,
sensitivity and specificity of the model in Kaggle dataset is 80% and 92%, respectively. In the
MESSIDOR-2 dataset, the model has achieved AUROC of 0.967, sensitivity of 99%, spec-
ificity of 71%, at high sensitivity operating point, and at high specificity operating point, the
model has achieved a sensitivity and specificity of 87% and 92%, respectively. It is observed
that the proposed model has outlined the importance of the image assessment module for
detection of subtle lesions, and the importance of grading standard of DR, for DR detection.

Chaturvedi et al. [23] have utilized a pre-trained DenseNet121 network on 3662 fundus
photography images, obtained from 5-class APTOS2019 dataset, for early detection of DR.
The proposed method has achieved 96.51% validation accuracy in multi-label and multi-level
DR classification and achieved 94.44% validation accuracy for single-class classification
method.

Li et al. [83] have proposed a pure DCNN and a modified DCNN approach, using fractional
max-pooling, for DR classification. The model has used 34,124 images from the publicly
available DR Kaggle dataset for training which are preprocessed and the parameters are
optimized using Teaching-Learning-Based Optimization (TLBO). The model has used 1000
validation images and 53,572 testing images and has achieved a recognition rate of
86.17%.

Transfer learning based feature extraction and classification Various pre-trained DL
models also known as Transfer Learning (TL) techniques have found application for DR
detection. They are basically applied when the dataset is really very small and when there are
higher chances of occurrence of underfitting of data or higher generalization error. In such
cases TL can be applied over standard DL techniques. TL enables combination of features
consequential from various layers of pre-trained models which helps in boosting the perfor-
mance of image classification. Such techniques also facilitate amalgamation of feature repre-
sentations from pre-trained VGG16 and Xception [21] specifically, using a set of feature
blending approaches, which boosts the classification performance and lowers high generali-
zation error. A few of the TL-based methods are discussed below-.
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Lam et al. [78] have proposed TL techniques for exploring optimal CNNmodels, on 35,000
fundus images from Kaggle dataset and 1200 fundus images from MESSIDOR-1 dataset, for
the detection of DR. The proposed model has implemented CLAHE for preprocessing, real-
time data augmentation and Otsu’s thresholding for segmentation of the fundus images. The
proposed model has used hyperparameter tuning techniques such as batch normalization, L2
regularization, dropout, learning rate, cross entropy loss function, weight initialization and
gradient descent update. The model is trained and tested using pretrained AlexNet and
GoogLeNet, as 2-ary, 3-ary and 4-ary classification models, where GoogLeNet has performed
better than AlexNet. The model has performed binary classification (normal or mild vs
moderate or severe) using AlexNet, VGG16 and GoogLeNet models on Kaggle dataset in
which GoogLeNet has achieved better performance with a sensitivity of 95% and specificity of
96%. In the multi-class classification phase, the 3-ary classifier has achieved a sensitivity of
98%, 93% and 7% for no DR, severe DR and mild DR, respectively on Kaggle dataset, and a
sensitivity of 85%, 75% and 29% for no DR, severe DR and mild DR, respectively on
MESSIDOR-1 dataset. The 3-ary classifier has also achieved test accuracy of 67.2% and
71.25% on raw-data and TL data, respectively. The 4-ary classifier gets inclined towards
majority classification and has failed to train GoogLeNet. Using TL, the proposed methodol-
ogy has achieved a peak test set accuracy of 74.5%, 68.75%, and 51.25% on 2-ary, 3-ary, and
4-ary classification models, respectively. It is observed that the proposed method face chal-
lenges w.r.t. dataset fidelity, misclassification and inclination towards majority classification,
with or without TL.

Alban et al. [6] have incorporated TL-based DL networks, Non-Local Means Denoising
(NLMD) for prediction of features and noise, image restoration and data augmentation, to
diagnose DR, upon 35,126 images, acquired from Kaggle’s EyePACS dataset. The proposed
model has addressed data imbalance using over-sampling and cost-sensitive learning. The
proposed model has three different models such as the baseline model, a classifier using
pretrained AlexNet and a GoogLeNet, in addition to two error troubleshooters namely 2-class
classifier for binary classification of DR and 3-class classifier for merging classes. The baseline
model has achieved an accuracy of 54.1%, recall of 0.502 and precision of 0.489 for 2-class
classification, an accuracy of 35.3%, recall of 0.387 and precision of 0.301 for 3-class
classification, and an accuracy of 22.7%, recall of 0.201 and precision of 0.235 for 5-class
DR classification. The pretrained AlexNet model has achieved an accuracy of 66.95% for 2-
class classification, an accuracy of 57.05% for 3-class classification and an accuracy of
40.73% for.

5-class classification. The pretrained GoogLeNet model has achieved an accuracy of
71.05% for 2-class classification, 58.21% for 3-class classification and 41.68% for 5-class
classification. The proposed GoogLeNet for 5-class severity classification namely class 0,
class 1, class 2, class 3 and class 4 has achieved an AUC of 0.79 whereas AlexNet has
achieved an AUC of 0.69. It is observed that the GoogLeNet based TL model has performed
better than AlexNet based TL model, using inception modules and has detected features
without redundancy. On analysis of error, the model has endured factors such as black space,
eye image color, low image brightness, and bad images, which have contributed to misclas-
sification of the images and requires to be mitigated.

Kermany et al. [70] have proposed a diagnostic tool based on Inception V3 architecture
pretrained TL model for the screening of DR patients and has used 207,130 Optical Coherence
Tomography (OCT) labelled images of which 108,312 images are used for training the AI
system and 1000 images are used for testing. The AI model has considered DR abnormalities
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such as Choroidal Neovascularization (CNV), Diabetic Macular Edema (DME) and drusen,
for DR detection. The model has extracted and localized the RoI of DR features through
occlusion testing using an occlusion window of size 20 × 20 and computed the probability to
designate the RoI which is responsible for the learning of the algorithm. In a multi-class
comparison between CNV, DME, drusen, and normal, the proposed model has achieved an
accuracy of 96.6%, with a sensitivity of 97.8%, a specificity of 97.4%, a weighted error of
6.6% and Receiver Operating Characteristic (ROC) of 99.9%. On binary classification, CNV
versus normal images, the model has achieved an accuracy of 100.0%, with a sensitivity of
100.0%, specificity of 100.0% and ROC of 100.0% and for DME versus normal images, the
model has achieved an accuracy of 98.2%, a sensitivity of 96.8%, specificity of 99.6% and
ROC of 99.87%. Again, the classifier which distinguishes drusen has achieved an accuracy of
99.0%, with a sensitivity of 98.0%, specificity of 99.2% and ROC of 99.96%. It is observed
that TL is suitable for binary classification and imaging modality has an important role to play,
as for instance the proposed model concludes OCT imaging to be more reliable than fundus
photography. It is also observed that pure detection of DR abnormalities is a challenge using
occlusion testing as lesions tend to appear larger or smaller than the occlusion window due to
random initialization on a large dataset of images.

4.1.3 DR detection using DL models

Gargeya et al. [45] have proposed a data-driven DL algorithm for deep feature extraction and
image classification, using Deep Residual Learning (DRL) to develop a CNN for automated
DR detection. The model is trained using 75,137 fundus images from EyePACS dataset, and
tested using an augmented MESSIDOR-2 dataset and E-Ophtha dataset, containing 1748 and
463 images, respectively. The proposed model has performed preprocessing, dataset augmen-
tation, batch normalization, ReLU activation, and categorical cross entropy loss function for
class discrimination using gradient boosting classifiers. The model has extracted 1024 deep
features using the convolutional method. The model has detected retinal HEs, hard EXs and
NV, through visualization of heatmaps. The proposed model has achieved an AUC of 0.97
with an average sensitivity of 94% and specificity of 98% on EyePACS dataset, whereas it has
achieved and AUC of 0.94, with an average sensitivity of 93% and specificity of 87% on
MESSIDOR-2 dataset, and an AUC of 0.95 with an average sensitivity of 90% and specificity
of 94% on E-Ophtha dataset. It is observed that the implementation of a residual network has
eased and excelled the training of the proposed network with augmented data and heatmap
visualization. In most of the studies, detection of NV has proved to be critical but with DRL, it
was possible. In the future, DRL based deep architectures can probably excel independently
without data augmentation and visualization.

Eftekhari et al. [36] have proposed a Deep Learning Neural Network (DLNN), which is a
two-stage training architecture consisting of two completely different structures of CNN
namely a basic CNN and a final CNN, for detection of MAs, for the diagnosis of DR. The
proposed model has used images acquired from datasets such as Retinopathy Online Chal-
lenge (ROC) containing 100 images and E-Ophtha-MA containing 381 images, to train and
test the model. The proposed model has performed pre-processing and has generated a
probability map in the basic CNN to detect MAs and non-MAs, which has led to a balanced
dataset. The model has performed backpropagation for optimization of parameters, post-
processing upon the output of final CNN, and has used Stochastic Gradient Descent (SGD),
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dropout and binary cross-entropy loss function for training. The proposed method is assessed
on ROC and E-Ophtha-MA datasets, and has achieved a sensitivity of 0.8 for an average of >6
FPI. The proposed method has achieved sensitivities of 0.047, 0.173, 0.351, 0.552, 0.613,
0.722, and 0.769 for FPI values in the interval [1/8,1/4, 1/2, 1,2, 4, 8] respectively for the ROC,
and for E-Ophtha, the proposed method has achieved sensitivities of 0.091, 0.258, 0.401,
0.534, 0.579, 0.667, and 0.771 for FPI values in the interval [1/8,1/4, 1/2, 1,2, 4, 8],
respectively. The proposed model has also achieved Free-response Receiver Operating Char-
acteristic Curves (FROC or FAUC) of 0.660 for ROC dataset and 0.637 for E-Optha-MA
dataset. It is observed that the evaluation of the model using parameters such as False Positive
per Image (FPI) and Free-response Receiver Operating Characteristic (FROC) curve have
proved to be effective in eradication of misclassification.

Al-Bander et al. [7] have proposed a multi-sequential DL technique for detecting the centers
of OD and fovea, for the detection of DR, using CNNs. The model has used the MESSIDOR
database of 1200 images and 10,000 images from the Kaggle dataset, for training and testing
respectively. The proposed model has enhanced the contrast of the resized image using
CLAHE and has obtained the ROIs using the first CNN and performed classification using
the second CNN. The proposed model is trained on augmented data using Stochastic Gradient
Descent (SGD). The proposed model has detected the OD and fovea, based on 1R, 0.5R and
0.25R conditions where R refers to the radius of OD. The proposed method has achieved
accuracies in terms of the 1R criterion of 97% and 96.6% for detection of OD and foveal
centers, respectively in MESSIDOR test set and 96.7% and 95.6% for the detection of the OD
and foveal centers, respectively in the Kaggle test set. On the Kaggle test set, the model has
obtained accuracies of 95.8% and 90.3% for OD detection, for 0.5R and 0.25R criterions,
respectively, while 90.7% and 70.1% were achieved for fovea detection. On MESSIDOR, the
model has obtained accuracies of 95% and 83.6% for 0.5R and 0.25R criterions, for localizing
OD and 91.4% and 66.8%, for the foveal center detection. It is observed that the detection of
OD and fovea center plays a vital role in fundus examination and abnormality detection related
to DR. The standard radius of the OD highlights the geometrical and morphological properties
of OD and fovea for effective segmentation and feature extraction.

4.2 DR detection using unsupervised DL

DL unsupervised networks such as Inception Convolutional Recurrent Neural Networks
(IRCNN), Generative Adversarial Network (GAN), Autoencoder, Restricted Boltzmann Ma-
chine (RBM), Long Short-Term Memory (LSTM), and semi-supervised DL networks such as
Deep Reinforcement Learning (DRL) are also used for deep feature extraction and image
classification.

Mansour et al. [89] have proposed AlexNet-based DR model, which performs a compar-
ative study on DL based feature extraction techniques against ML based feature extraction
methods, and classifies the fundus images for the recognition of DR. The proposed method-
ology has applied a multi-level optimization measure that incorporates data collection from
Kaggle dataset, preprocessing, adaptive learning Gaussian Mixture Model (GMM)-based
region segmentation, Connected Component Analysis (CCA) based localization and DNN
feature extraction. The model has segmented hard EXs, blot intraretinal HEs and MAs. The
model has derived high dimensional features from the Fully Connected (FC) layers 6 and 7 of
the DNN and has used PCA and Linear Discriminant Analysis (LDA) for dimensionality
reduction and feature selection [58]. The proposed model has performed optimal five-class DR
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classification using Radial Basis Function (RBF) kernel-based SVM. The DNN has achieved a
better classification accuracy upon high dimensional FC6 features and FC7 features, for
feature extraction, using PCA and LDA, in comparison to Scale Invariant Feature Transform
(SIFT) features, for image classification thus producing a hybrid ML-DL model which can
outperform other ML algorithms on grounds of effective and deep feature extraction. The
AlexNet DNN has achieved a classification accuracy of 90.15% on FC6 features and a
classification accuracy of 95.26% on FC7 features, using PCA whereas it has achieved a
classification accuracy of 97.93% on FC6 features and a classification accuracy of 97.28% on
FC7 features, using LDA. On using SIFT features, the proposed model has achieved a
classification accuracy of 91.03% using PCA whereas it has achieved a classification accuracy
of 94.40% using LDA.

Chudzik et al. [26] have proposed a patch-based Fully CNN (FCNN) model resembling a
convolutional Autoencoder which performs image preprocessing, data preprocessing to miti-
gate data scarcity, patch extraction using a sliding window to map the corresponding annota-
tion, and pixel-wise probabilistic classification, for the detection and segmentation of MAs, for
DR detection. The model has used batch normalization layers and Dice coefficient loss
function upon images from E-Ophtha, DIARETDB1, and Retinopathy Online Challenge
(ROC) datasets, consisting of 381, 100 and 89 images, respectively. The model is trained on
354 images and evaluated on 27 images, from the E-Ophtha dataset. The proposed method has
obtained sensitivities of 0.039, 0.067, 0.141, 0.174, 0.243, 0.306, 0.385, and a FROC score of
0.193 ± 0.116 for low FPI values in the interval [1/8,1/4,1/2,1,2,4,8] and sensitivities of 0.174,
0.243, 0.306, 0.385, 0.431, 0.461, 0.485, and a FROC score of 0.355 ± 0.109 for FPI values
in the interval [4, 10, 39, 40, 48, 74, 98], on ROC training dataset. The model has achieved
sensitivities of 0.187, 0.246, 0.288, 0.365, 0.449, 0.570, 0.641, and FROC score of 0.392 ±
0.157 for FPI values in the interval [1/8,1/4,1/2,1,2,4,8] for DIARETDB1 dataset, and
sensitivities of 0.185, 0.313, 0.465, 0.604, 0.716, 0.801, 0.849, and FROC score of 0.562 ±
0.233 for FPI values in the interval [1/8,1/4,1/2,1,2,4,8] for E-Ophtha dataset. It is observed
that the proposed model has extracted MAs for early detection of DR but it may not efficiently
detect and distinguish between resembling features of MAs such as HEs, when both occurs
together as red lesions.

4.3 Feature identification and classification using evolutionary algorithms

Mookiah et al. [96] have proposed a system using 156 preprocessed fundus images for
extraction and classification of abnormal signs of DR such as EXs, through segmentation of
RBVs using 2D Gabor matched filter, and texture extraction using Local Binary Pattern (LBP)
and Laws Texture Energy, for the detection of DR. The model has used various preprocessing
techniques such as gray level shading correction, contrast enhancement and image restoration.
The model has proposed an OD segmentation method based on fuzzy set theoretic model A-
IFS histon and region merging algorithm. The model has extracted twenty-five features of
which thirteen features are extracted and fed to each Probabilistic Neural Network (PNN),
Decision Tree (DT) C4.5, and SVM. The best classifier i.e., PNN is determined based on the
smoothing parameter σ, which is identified using Genetic Algorithm (GA) and Particle Swarm
Optimization (PSO). The model has used 104 images for training and 52 images for testing
and has achieved a sensitivity of 96.27%, specificity of 96.08%, PPV of 98.20%, and an
accuracy of 96.15% in PNN for s = 0.0104 determined using One-way ANOVA statistical
tests, whereas DT C4.5 has achieved a sensitivity, specificity and PPV of 100% each and an
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accuracy of 88.46%. The RBF SVM has achieved a sensitivity of 86.19%, a specificity of
79.60%, a PPV of 90.92%, and an accuracy of 66.02%. It is observed that very minute and
intricate features can be extracted from fundus images through efficient segmentation of
RBVs, and to localize and understand the behavior of DR features.

Gadekallu et al. [43] have proposed a 5-layered DNNmodel which performs normalization,
a three-layered pre-processing for enhancement of images, PCA-based feature extraction,
dimensionality reduction using Firefly algorithm and feature engineering, and DR classifica-
tion for early detection of DR. The model has collected the images from DR Debrecen dataset
from the UCI ML repository having 1151 instances, and 20 attributes which are features
extracted from the MESSIDOR dataset, and has compared its performance to various tradi-
tional and hybrid ML models. The DNN model has used Adam optimizer and softsign
activation function at each layer, and sigmoid function at the output layer for classification.
The proposed model has adopted dimensionality reduction and feature engineering and has
achieved an accuracy of 97%, precision of 96%, recall of 96%, sensitivity of 92% and
specificity of 95%. It is observed that the inculcation of evolutionary algorithms with the
concept of deep neural models can help in modelling of efficient expert systems.

4.4 Evaluating comprehensive CNNs and DNNs for DR detection

Sarki et al. [124] have proposed a comprehensive evaluation of 13 CNN architectures, pre-
trained and fine-tuned on comprehensive ImageNet database using TL, upon MESSIDOR and
Kaggle dataset, for early detection of mild stages of DR. The model has achieved 90%
accuracy on classification of severe cases and 86% accuracy on mild/no DR cases, using
35,126 fundus images.

Hattiya et al. [54] have concluded AlexNet as the most appropriate CNN architecture for
DR detection application when compared with different CNN architectures namely AlexNet,
ResNet50, DenseNet201, InceptionV3, MobileNet, MnasNet and NASNetMobile, implement-
ed upon 23,513 retina images, in a comprehensive process of evaluation. The model has
achieved better results with AlexNet, achieving accuracy values of 98.42% and 81.32% for
training and testing sets, respectively.

Bodapati et al. [21] have proposed a DR classification model upon Kaggle APTOS 2019
contest dataset using TL and deep feature aggregation from multiple convolution blocks of
pretrained models such as NASNet, Xception, Inception ResNetV2 and VGG-16 to enhance
feature representation, and has thereby established a comparison with handcrafted features, for
assessment of DR severity. The model has compared various pooling and feature fusion
strategies and have concluded that averaging pooling with simple fusion approaches upon
Deep Neural Networks (DNN) performs better. The model has achieved an accuracy of
84.31% and an AUC 97.

Kamal et al. [65] have proposed a TL model for recognition of COVID-19 using 760 Chest
X-Ray (CXR) images and increased trainable parameters. The model has comprehensively
evaluated CNNs such as VGG-19, InceptionV3, ResNet50, ResNet50V2, MobileNet,
MobileNetV2, DenseNet121 and NasNetMobile. The fine-tuned DenseNet121 model per-
forms better and has achieved 98.69% test accuracy and highest macro f1-score of 0.99, on
CXR-B dataset (80:20 split).

Lee et al. [80] have proposed a TL NASNet-A (large) architecture to extract bottleneck
features from 307 Spectral-Domain Optical Coherence Tomography (SD-OCT) image sets,
and has deployed an ensemble training model for DR prediction. The proposed model
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highlights the importance of CNN for OCT evaluation and how DNN’s (NASNet) flexibility
to evaluate and assess is greatly dependent upon the nature of imaging modality adopted. The
proposed model has achieved an AUC of 0.990 with a sensitivity of 94.7% and a specificity of
100.0%.

Huang et al. [56] have proposed a pre-trained CondenseNet which combines dense
connectivity with novel learned group convolutions, for better feature re-use, upon CIFAR-
10 (C-10), CIFAR-100 (C-100) and ImageNet datasets, for image classification. The CNN
architecture is cost-efficient compared to models such as DenseNet-190, MobileNets and
ShuffleNets. The proposed model CondenseNetlight-160 (pruned) has achieved an error rate
of 3.46% in C-10 and 17.55% in C-100.

Ji et al. [60] have proposed an optimized DNN model through removal of deep
convolutional layers from pre-trained networks such as Inception V3, ResNet50 and
DenseNet121, for DR image analysis. The model has proposed various subnetworks for each
of the DNN and analysed their performance on large OCT image datasets of 83,484 images,
for detection of DR lesions. The C5_b4 sub-network of DenseNet121 has achieved the highest
accuracy of 99.80% amongst all others.

Samanta et al. [122] have proposed a CNN-TL DenseNet121 model, upon 3050 training
images which are fine-tuned and tested upon architectures such as Inception V1, Inception V2,
Inception V3, Xception, VGG16, ResNet-50, DenseNet and AlexNet, for DR detection. The
model has achieved a validation accuracy of 84.10%.

Tymchenko et al. [134] have proposed a DCNN encoder-based feature extraction for DR
detection using pre-trained EfficientNet-B4, EfficientNet-B5, SE-ResNeXt50 and ensemble of
20 models (4 architectures × 5 folds). The proposed model has achieved a sensitivity and
specificity of 0.99 and quadratic weighted kappa score of 0.9254 on APTOS 2019 Blindness
Detection Dataset consisting of 13,000 images.

5 Challenges and predictable solutions

During fundus image analysis, various challenges are required to overcome while detecting
and extracting DR features due to poor quality of images, close localization of features such as
MAs towards blood vessels, presence of red lesions [24, 130], etc. which results in lower
correlation coefficient. DR features such as EXs may be often confused with OD for they are
bright intensity structures with non-homogeneous intensity characteristics [146], and because
of presence of noise, low contrast, uneven illumination, and color variation, prominent
detection might be difficult. It is also important to comprehend and perceive transformations
amongst features and those having same organization or behavior such as large HEs and
RBVs. Again, segmentation of retinal vessels is crucial because of the noise caused due to
uneven illumination and variations in structural behavior [92]. Thus, background subtraction
for elimination of anatomical structures of the retina, is required for better detection of DR
lesions. However, subtraction of OD and RBVs can lead to the ignorance of abnormal
behavior of OD, and NVs and IRMAs in RBVs. In such situations, two kinds of methodol-
ogies may arise as solutions - image analysis and background subtraction. This indirectly raises
computational cost, and highlights the importance of preprocessing techniques.

During model training, challenges such as system specifications, operations, large-scale
implementations, trade-off between accuracy and efficiency, may be encountered. Besides,
incorrect and improper inferences drawn from irresponsible review and flawed facts,
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prejudgments and false amplification, may also cause a biased model. Such models may also
be prone to data drift [103] i.e., the relationship between input data and output target variable
changes w.r.t time, thus exhibiting an unpredictable behavior, due to incremental, gradual, and
reoccurring behaviors. As a remedy, such kind of problems require authentic information, well
interpretation, eradication of flawed facts, for informed decision making. Additionally, auto-
mated strategies, periodic model retraining, and maintenance, elimination of data drift etc. can
be of paramount help. On technical grounds, data preparation, better feature extraction,
classification, compact representation of high-dimensional features, proper tuning of
hyperparameters and optimization strategies can be of immense help for better and increased
performance of a model.

Big data is another important challenge and DL models have effectively dealt with its
volume, velocity, variety, and veracity. ML models are overwhelmed because of huge data
which affects their training performance. The performance of DL model increases with
increase in data, unlike ML models. However, big datasets are often imbalanced, and can
degrade the performance of an efficient model. Therefore, various strategies are adopted for
creation and use of a balanced dataset such as undersampling and oversampling techniques.
When undersampling is adopted, data is tremendously reduced causing the formation of
smaller datasets. The use of such a dataset can cause underfitting of a model. On the other
hand, oversampling of a dataset may cause overfitting of the model, thus producing biased
results. To overcome data imbalance, proper sampling, image/data preprocessing and data
augmentation can be performed for generation of a balanced dataset. Besides, to overcome
data privacy and scarcity, different repositories are available which constitutes fundus images
such as the Kaggle dataset, MESSIDOR (Methods to Evaluate Segmentation and Indexing
Techniques in the field of Retinal Ophthalmology) dataset, APTOS (Asia Pacific Tele-
Ophthalmology Society) 2019 dataset etc. These datasets contain raw fundus images which
requires efficient preprocessing for the purpose of model training. Digital equipment such as
Digital Fundus Camera (DFC) can be used to capture fundus images and create image
dataset(s). Besides, fundus images can also be collected from Ophthalmologists or from
medical institutions and organizations. TL pre-trained models are adopted to overcome
problems associated with smaller datasets. However, challenges such as adversarial attacks
and biases may occur due to presence of artefacts, and which can be reduced using image
preprocessing or data preprocessing techniques. Generative Adversarial Networks (GANs) can
also be adopted for data generation and discrimination but it is mostly suitable in an
unsupervised learning environment. All these techniques can be used to mitigate data imbal-
ance, data acquisition, privacy concern and noisy dataset for efficient feature extraction and
corresponding image classification.

The computational cost of DL networks, large ensemble networks, Neural Networks (NNs),
hybrid ML-DL techniques, natural optimization techniques, evolutionary algorithms, feature
concatenation [114] etc. upon image data is another important challenge. It depends upon the
size of the network architecture and the number of parameters included which indicates the
required processing speed and the need of a highly computational memory such as Graphical
Processing Unit (GPU). Such computational needs and resources can be requested and
accessed from authorized technical institutions.

Various challenges are also encountered when predictions obtained and derived are depen-
dent on a single perspective i.e., on a single classifier system. Classifiers such as Neural
Network (NN) undergoes a process of stochastic training algorithm. This means the network
exhibits a variation in mapping and changes in weights in every iteration of the training
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process, thereby producing different predictions each time, and hence exhibits an unreliable
form of single classifier-based classification. This is referred to as NN executing a low bias and
a high variance, in making predictions, which when incorporated with DL models, triggers its
sensitivity towards weights and noise. An effective method to drop the variance of NN-based
models is to train multiple ML models for classification and integrate the predictions of the
ensemble to obtain an average prediction through majority voting. This leads to the consid-
eration of various perspectives and insights for decision making with lower and better error
rate and different prediction loss for establishing the final decision.

Again, DL models and shallow ML models such as SVM, RF exhibits a black-box nature
unlike traditional ML algorithms which provides an informed explanation. Hence DL models
are required to be explored, exploited and explained such that end users can have access to
predictions, and behaviours of such systems can be understood, for better generalization and
prediction. Therefore, eXplainable AI(XAI) [123] has been introduced to provide an explana-
tion to complex, non-linear, accountable, and augmented behaviors of DL models and shallow
ML models, to make them reliable, adoptable and predictable.

Thus, various challenges can occur while adopting optimal DL methodologies for DR
detection. These challenges create various opportunities and highlights the importance and
need of critical solutions.

6 Comparison and analysis of DR detection methods

This text highlights the comparison between different methods deployed for DR diagnosis and
detection, in earlier proposed models and identifies the loopholes and gaps present in the study.
The classical procedures are helpful but time consuming and inflexible, during detection. The
advanced DL techniques are black-box, and may be time consuming based on data, but are
highly automated, flexible and adaptable. ML techniques are manually-staged automated
procedures and are better at providing an explanation than DL. On reviewing different ML
and more specifically DL based techniques, for feature extraction it is found that DL
incorporates representation learning to learn new patterns and features from existing and
extracted features, which enables it towards better and generalized predictions. It is observed
that in standard DL models, dense classification is carried out using fully connected networks
which increases the number of parameters of a highly-parameterized deep architecture. This
increases computational cost and model training time. To eliminate/reduce the number of
parameters, dense layers of standard DL models are replaced through efficient ML classifiers
and learning algorithms such as SVM, Neural Network (NN), Decision Trees etc. However,
such single-classifier models have limited perception and knowledge. Thus, for further
improvements in the detection process such as better prediction and correct error rate, and to
reduce high bias and variance, homogeneous and heterogeneous ensemble learning and
classification may be adopted for synchronization, complexity, dynamic learning, stability
and better predictability, than a single classifier model.

On comparing the earlier proposed literatures and experimental models, various insights
from the study are identified. ML fusion strategies [22] for classification are less efficient than
boosting weak classifiers in ensembles [8]. The handcrafted ML algorithms for feature
extraction are time consuming and prone to error than DL based features extractors. However,
it is claimed that combination of handcrafted and CNN features [101] is the best of feature sets,
it is still an inefficient approach. Again, heterogenous CNNmodels have performed better than
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a single CNNmodel [127]. The dimensionality reduction techniques or compact representation
techniques have the capability to effectively boost the performance of DL models, compared to
ML models [89]. An ensemble of weak classifiers [8] may not be able to produce generalized
predictions and requires discriminative procedures for feature learning. Image concatenation-
based training of model [132] can be more efficient for reading large data and extracting more
features than a single-image trained model. The use of visualization techniques [112] and
image assessment modules [117] while employing DL models is completely rare or may be
insignificant, however it can boost the performance of the model for detection of subtle
lesions, where CNNs have often shown poor results. DRL based deep architectures [45] are
capable of identifying new features with augmentation and visualization techniques. The
consideration of performance metrics in DL models has an effective role to play. For e.g.,
accuracy is often not a suitable term to signify performance as with larger dataset it can cause
overfitting, poor generalization and misclassification. Metrics such as False Positive per Image
(FPI) and Free-response Receiver Operating Characteristic (FROC) curve or F1-score are more
effective [36]. Evolutionary deep intelligent models may be more effective than standard or
modified DL models [43]. Patch-based ML techniques [26] are conventional compared to
image-based DL techniques for intermediate DR phase detection and lesion identification. DL
pooling and feature fusion strategies [21] provides flexibility to models irrespective of imaging
modality. However, imaging modality plays a vital role in performance.

This section of the paper discusses and analyzes the performance of some classical as well
as contemporary methods using various ML and DL models such as DCNN and RF ensemble
classification, for DR detection. In the process of implementation, Kaggle training dataset
which consists of 35,126 fundus images, are used for DR detection. There are 5-classes of DR
namely grade-0, grade-1, grade-2, grade-3 and grade-4 and each implies no DR, mild NPDR,
moderate NPDR, severe NPDR and PDR, respectively. The total number of images already
identified and annotated, corresponding to each of these classes is mentioned below in Table 1.
The DR fundus image Kaggle dataset is huge and its distribution throughout is highly
imbalanced.

Based on the implementation performed, two models are proposed namely Deep Diabetic
Retinopathy Detection System (DDRDS) and Deep Diabetic Retinopathy Feature eXtraction
and RF based ensemble Classification System (DDRFXRFCS), for DR detection. DDRDS
performs a comprehensive evaluation and a comparative analysis of DCNN models namely
VGG-16, InceptionV3, MobileNet V1 and Xception, upon 35,126 fundus images from Kaggle
dataset. The DCNN performs inbuilt preprocessing upon the fundus images followed by each
individual DCNN performing respective feature extraction and classification tasks on the basis
of DR grades, for DR detection. The DDRDS is trained on 27,446 images, validated on 7430
images and tested on 250 images, each containing the five classes of DR, for 50 epochs. The

Table 1 Distribution in Kaggle Training dataset

Type of DR DR Grade Total No. of images

No DR 0 25,810
Mild NPDR 1 2443
Moderate NPDR 2 5292
Severe NPDR 3 873
PDR 4 708
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entire implementation is carried on 64-bit Windows 10 platform, with python version 3.8 and
TensorFlow version 2.4. Block Diagram V describes the working process of DDRDS and
DDRFXRFCS, for detection of DR.

The different architectures of DCNN has achieved contrasting results. VGG-16 has
achieved a training accuracy of 77.52% and validation accuracy of 75.67%. Inception V3
has achieved a training accuracy of 99.29% and validation accuracy of 81.82%. The
MobileNet V1 has achieved a training accuracy of 98.90% and validation accuracy of
76.55%. Xception has achieved a training accuracy of 99.46% and validation accuracy of
75.22%. Table 2 depicts performances of different DCCN models in DDRDS.

It is observed that VGG16 is a better learning model with less overfitting and less of
generalization error compared to Inception V3, MobileNet V1 and Xception architecture,
which have comparatively shown higher generalization error and overfitting upon the highly
skewed dataset. However, Inception V3 has achieved better results in DR detection compared
to rest of the DCNN models. The proposed DDRDS differs from various other comprehensive
evaluation methods in terms of dataset, architecture, number and variant of DCNN model(s)
used and hyperparameter tuning.

In DDRFXRFCS, DCNN based feature extraction and RF-based ensemble classification is
performed using VGG-16, Inception V3 and Xception, for DR detection. It is also implement-
ed using 35,126 fundus images. The DCNNs of the proposed model performs individual
inbuilt image preprocessing for selection of valuable features, to train the RF ensemble
classifier, in a mutually exclusive manner. Block Diagram IV also depicts the working model
of DDRFXRFCS. It is trained on 28,079 images and tested on 7047 images, each containing
the five classes of DR. The RF in the proposed model, used for classification is an ensemble of
50 decision trees, and is trained for 50 epochs. The entire implementation is performed on 64-
bit Windows 10 platform, with python version 3.8 and TensorFlow version 2.4. On

Image 

Dataset

Classification

NO 

DR
Mild 

NPDR

Moderate 

NPDR

Severe 

NPDR
PDR

DCNN

Preprocessing 

Diagram V Working process of DDRDS and DDRFXRFCS
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incorporating VGG-16 based deep feature extraction and RF based classification (VGG-16
RF), the proposed model has achieved an accuracy of 73.19%. On incorporating Inception V3
based deep feature extraction and RF based classification (InceptionV3-RF), the proposed
model has achieved an accuracy of 73.09%. Again, on incorporating Xception based deep
feature extraction and RF based classification (Xception RF), the proposed model has achieved
an accuracy of 73.12%. From the above results, it is certain that VGG-16 RF has again
performed better than Xception RF, followed by InceptionV3-RF. In both the proposed
models of our work, it is certain that VGG-16 is a better learning model on its own as well
as on incorporation with ensembles, the CNN excels with better and generalized prediction
accuracy. Table 3 depicts performances of different DCCN models in DDRFXRFCS.

The proposed DCNN-ensemble model on using a comparatively larger dataset, has per-
formed better in comparison to TL NASNet-A (large) [17] and cascaded CNN Adaboost
ensemble model [8], in terms of better generalization and validation accuracy. The VGG-16 in
proposed models has also achieved better and generalized predictions upon the dataset in
comparison to VGG-16 [34].

Table 4 presents the literature review in a tabular form explaining in brief the various recent
works performed upon DR detection using varied datasets, CNNs and classifiers and their
corresponding outcomes, thereby establishing a comparison.

7 Future directions

In future, we propose to work on a high-dimensional balanced dataset using supervised
learning methods and approach with the best of its kind DL model for deep feature extraction,
DR lesion identification, lesion-based image classification and DR detection. We aim to work
with ensemble of ML classifiers instead of dense classifiers of DL models for better error
detection, multiple prediction to obtain the final average prediction thereby avoiding ambiguity
and misclassification. We also aim to work with better processing of data with contemporary
techniques for error retrieval and removal in DR images, for effective feature extraction and

Table 2 Performance of DCCN models in DDRDS

DCNN Model Dataset Training
Accuracy (%)

Validation Accuracy (%)

VGG16 35,126 77.52 75.67
Inception V3 35,126 99.29 81.82
MobileNet V1 35,126 98.90 76.55
Xception 35,126 99.46 75.22

Table 3 Performance of DCCN models in DDRDS

DCNN Dataset Classifier Accuracy (%)

VGG-16 35,126 RF 73.19
Inception V3 35,126 RF 73.09
Xception 35,126 RF 73.12
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Table 4 Literature Review on ML and DL models for early detection of DR

Paper
Name

Images/Dataset Features Methodology Classifier Results

Lam et al.
[77]

243 MAs, HEs, EXs,
NV

CNN CNN AlexNet accuracy 74%
and 79%

VGG16 accuracy 86%
and 90%

GoogLeNet accuracy
95% and 98%

ResNet accuracy 92%
and 95%

Inception-v3 accuracy
96% and 98%

Buades
et al.
[22]

7137 EXs, HEs,
drusen, CWSs

SURF, OR, MV
and meta-SVM

SVM AUC 91.6% for single
lesion detection (hard
EXs)

AUC of
88.3%multi-lesion
detection

Mansour
et al.
[89]

Kaggle dataset AlexNet, SIFT,
LDA and PCA

SVM Accuracy of 90.15%
(PCA) and 97.23% on
FC6 features (LDA)

Accuracy of 95.26%
(PCA) and 97.28% on
FC7 features (LDA)

Orlando
et al.
[101]

DIARETDB1,
MESSIDOR,
e-ophtha

MAs, HEs LeNet CNN AUC of 0.7912 with
CNN features

AUC of 0.7325 with
hand crafted features

AUC of 0.8932 on
combination of both
features

Pratt et al.
[108]

80,000 MAs, EXs and
HEs

CNN architecture Sensitivity 30%,
Specificity 95%,
Accuracy 75%

Xu et al.
[142]

Kaggle EXs, red lesions,
MAs

RBVs

CNN GBM and
CNN

91.5% accuracy without
data augmentation

94.5% accuracy with data
augmentation

Khojasteh
et al.
[71]

DIARETDB1
and
e-Ophtha

EXs,
MAs,
HEs

CNN CNN Accuracy of 0.96 (EXs),
0.98(HEs) and 0.97
(MAs) on
DIARETDB1

Accuracy of 0.88(EXs),
and 3.0(MAs), on
e-Ophtha dataset

Soniya
et al.
[127]

DIARETDB0 MA, HE, hard
EX, soft EX,

NVE

Single CNN and
heterogenous
CNN

Multilayer
perceptron
network

Single CNN accuracy:
40%–90%

Heterogenous CNN
accuracy: 100%

Alghamdi
et al. [8]

PAMDI and
HAPIEE

OD Cascaded CNNs AdaBoost
ensemble
algorithm

Sensitivity 96.42%,
Specificity 86%,
Accuracy 86.52% on
HAPIEE

Sensitivity 94.54%,
Specificity 98.59%,
Accuracy 97.76% on
PAMDI
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Table 4 (continued)

Paper
Name

Images/Dataset Features Methodology Classifier Results

Gardner
et al.
[44]

EyePACS-1
MESSIDO-
R-2

HE and MA
Inception-V3--
architecture
Neural Network

Ensemble of
10
networks

EyePACS-1: AUC of
0.991

MESSIDOR-2: AUC of
0.990

Abràmoff
et al.
[86]

1748 OD, Fovea, HEs,
EXs NV

AlexNet, VGGNet RFC Sensitivity of 96.8%
(rDR), Specificity of
87%, AUC 0.98 (rDR)

Sensitivity of 100%
(vtDR), Specificity of
90.8%, AUC 0.989
(vtDR)

Lam et al.
[78]

Kaggle
MESSIDO-
R-1

Pretrained AlexNet
and GoogLeNet

GoogLeNet
2-ary,
3-ary and
4-ary

2-ary accuracy 74.5%
3-ary accuracy 68.75%
4-ary accuracy 51.25%

Takahashi
et al.
[132]

9939
images

HE and hard EX GoogLeNet
DCNN and
ResNet

Accuracy 96% (real
prognosis)

Accuracy 92% (Davis
grading)

Quellec
et al.
[112]

MESSIDOR
Kaggle
e-ophtha
DiaretDB1

hard EXs, soft
EXs, small
red dots, HEs,
lesions

ConvNet netB Ensemble
classifier

Az of 0.954 in Kaggle’s
dataset

Az of 0.949 in e-Ophtha
dataset

Az of 0.9490 using
ensemble classifier

Alban
et al. [6]

35,126 Pre-trained
AlexNet

GoogLeNet AUC 0.79 (GoogLeNet)
AUC 0.69 (AlexNet)

Kermany
et al.
[70]

207,130 OCT CNV, DME
Drusen

Pretrained
Inception V3

Binary classification
accuracy: >98%

Multi-class classification
accuracy of 96.6%

Dutta et al.
[34]

Kaggle dataset RBVs, fluid drip,
EXs, HEs,
MAs

NN, DNN,
VGG-16

VGG-16 Accuracy: 72.5% for 300
test images

Accuracy: 78.3% for 600
test images

Grinsven
et al.
[136]

Kaggle
MESSIDOR

VGGNet area under ROC of 0.894
on Kaggle dataset

area under ROC of 0.972
MESSIDOR dataset

Liskowski
et al.
[84]

DRIVE
STARE

CHASE

DNN area under ROC >99%
Accuracy >97%

Islam et al.
[57]

EyePACS MAs DCNN-18,
PLAIN

BALANCE,
NO-POOL

area under ROC 0.844
F1-Score 0.743

Prentasic
et al.
[109]

DRiDB OD, RBVs, EXs DCNN Sensitivity 78%, Positive
Predictive Value
(PPV) 78%, F-score
78%

Mookiah
et al.
[96]

156 RBVs, EX, OD,
NVE

PNN SVM Sensitivity 96.27%,
Specificity 96.08%,

PPV 98.2%, Accuracy
96.15%

Kaggle drusen, DCNN VGGNet
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classification. In the future, the proposed model also plans on extending the work through
introduction of feature concatenation using ensemble of DCNNs and corresponding feature
descriptors and compact representation techniques. DL models are overly complex to cause
overfitting and hence advanced DL algorithms with better generalization and error detection
will be sought thereby concerning trade-off relationships between accuracy, computational
complexity, memory constraints and processing power to increase portability, availability, and
flexibility. Thus, the proposed methodology would continue in optimizing the in-depth
algorithms to obtain a reliable performance for real-life applications for early DR detection.

Table 4 (continued)

Paper
Name

Images/Dataset Features Methodology Classifier Results

Rakhlin
[117]

MESSIDOR-2 EXs, MAs,
CWSs, HEs

area under ROC 0.923 in
Kaggle dataset

area under ROC 0.967 in
MESSIDOR-2 dataset

Gargeya
et al.
[45]

EyePACS
MESSIDOR-2

E-Ophtha

HEs, hard EXs
and NVE

DRL CNN AUC 0.94 on
MESSIDOR-2

AUC 0.95 on E-Ophtha
AUC 0.97 on EyePACS

Eftekhari
et al.
[36]

ROC
E-Ophtha-MA

MAs DLNN FROC (FAUC) of 0.660
for ROC

FROC (FAUC) of 0.637
for E-Optha-MA
dataset

Wang
et al.
[138]

35,126 CNN
Net-5 and Net-4

Kappa score 0.70 for
256-pixel images,

Kappa score 0.80 for
512-pixel images

Kappa score 0.81 for
768-pixel images

Dai et al.
[27]

735 MAs MS-CNN Recall 87.8%, precision
99.7%, accuracy
96.1%, and F1 score
of 93.4%

Al-Bander
et al. [7]

MESSIDOR
Kaggle

Fovea and OD multi sequential
DL technique

1R criterion:
Accuracy 97% (OD) and

96.6% (foveal) in
MESSIDOR test set

Accuracy 96.7%(OD)
and 95.6% (foveal) in
Kaggle test set

Gadekallu
et al.
[43]

DR Debrecen PCA, Firefly
model

DNN Accuracy of 97%,
Precision of 96%,
Recall of 96%,

Sensitivity of 92%,
Specificity of 95%.

Chudzik
et al.
[26]

E-Ophtha,
ROC
DIARETD-
B1

MAs FCNN FROC score 0.193±
0.116 on ROC

FROC score 0.392±
0.157 on
DIARETDB1

FROC score 0.562±
0.233 on E-Ophtha
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8 Conclusion

DR is a critical medical health disorder causing blindness which is of utmost concern, and DL
techniques can have an effective role in its diagnosis and early detection than traditional
techniques. This paper precisely describes DR, its symptoms, features, shape, size and location
of the features, and how DR causes blindness. It also describes various ML and DL techniques
used for the detection of abnormal behavior of RBVs and OD to identify DR lesions such as
MAs, HEs, EXs, CWS, FAZ, IRMA, Neovascularization in a chronological order. To avoid
hindrance of subtle lesions and prevent misclassification, identification of a general or a
strategically specialized framework is realized. Various methodologies are studied and re-
viewed for early detection of DR. It can be understood and realized that ML techniques are
highly unscalable w.r.t high-dimensional data and takes more time in analysis and training of
model in comparison to DL techniques. As the number of feature and data increases, ML
models conclude with sub-optimal solutions whereas DL models strives to obtain the optimal
output. Based on the immense applications of DL in recently proposed models, this paper
identifies and reviews a significant number of DL models and their frameworks, for under-
standing of the working principle, their evolution and integration on using hybrid techniques
and how such models can be transitioned on scarcity of data and resources, to produce
effective models and outcomes. Besides, the text highlights some critically interesting chal-
lenges such as balanced data acquisition, data preprocessing, deep feature extraction, DL
model black-box explanation, generalization upon unseen data, overfitting and underfitting of
the model, constraints of single-system based classification, presence of adversarial attacks and
bias in datasets and in pretrained models used for TL, dimensionality reduction, data drift,
vanishing gradient problem, etc. along with suitable solutions, comparative studies, future
works and directions. Thus, this paper will be helpful for aspiring, young and engaged
researchers interested in the domain of DR, medical imaging and DL, and making it more
approachable towards new ideas, innovations and technology.
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