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ARTICLE INFO ABSTRACT

Article history: Diabetic Retinopathy (DR) is the condition caused due to uncontrolled diabetes that can lead to vision
Received 4 February 2021 impairment. It greatly affects the retinal blood vessels and diminishes the fundus light-sensitive inner
Revised 1 June 2021 coating. Early diagnosis and regular screening of this disease are essential for prompt processing through
Q\C,Z?gﬁi ;ﬁdg:‘;ﬁgﬁl artificial intelligence techniques. This paper targets assessing the latest techniques for screening and

diagnosing DR, including 94 articles based on the Detection and grading of DR. For every analyzed
approach, tables are summarized detailing imaging procedure used, datasets, performance metrics used.

K‘."y W"T"Sf . The research gaps are also highlighted in this paper. Despite the consistent progression and methods
Diabetic retinopathy R K . . h
Screening .actuallzed in this field, a couple of issues acFually should be cgntered on. The noise and contrast of_the
Datasets image in Image enhancement are still in the infancy stage for high resolution. This study covers a review
diagnosis of DR of existing image techniques, the gold standard and private datasets available, performance measures
Evaluation metrics used for detection and grading of DR. Now the future research focuses on the amalgamation of the dataset
Future trends as well as techniques to make the generalized technique for detecting the lesion in DR through an auto-
mated system. Moreover, various research gaps have also been taken into account for further research.
This review is beneficial to the researchers working in the field of medical imaging to screen and diagnose
diseases.
© 2021 The Authors. Production and hosting by Elsevier B.V. on behalf of King Saud University. This is an
open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

The inability of the body to manage the generated insulin leads
to diabetes. There are two categories of diabetes, particularly type [
and type Il diabetes. Type I diabetes is inevitable, and the cause is
not known while type II diabetes can be diagnosed by the symp-
toms present in retinal images. Type Il diabetes can be detected
by diverse symptoms such as microaneurysms (MAs), HEMor-
rhages (HEMs), exudates (EXs), cotton wool spots (CWs), etc. When
left untreated for more than 5 years and above, it can lead to Dia-
betic Retinopathy (DR) in ophthalmology (Singh and Dutta, 2017;
Williams et al., 2004)

DR produces immutable vision loss revealed in adolescence and
declining years. It is projected to attain 191 million by 2030
(Leontidis et al., 2017; Mookiah et al., 2013). The vision loss can
significantly be reduced by detecting it in the early stages (Kaur
and Mittal, 2018; Khojasteh et al., 2018). DR progression can be
controlled by reducing the risk factors mainly hypertension
(Nagpal et al., 2021) and hyperglycemia. It can be detected either
manually or automatically through Computer-Aided Diagnosis
(CAD). The manual inspection of the retinal images is time-
consuming. The doctor-to-patient ratio is 1:10,000, so it is difficult
for the ophthalmologist to manually detect disease for every
patient (Soomro, 2019). The CAD has played a vital role in analyz-
ing medical imaging since 1982 (Soomro et al., 2017; Dai et al.,
2019). DR can be detected and graded according to the morpholog-
ical changes that appeared in the retina due to a prolonged period
of diabetes. Detection of morphological changes that include
MicroAneurysms (MAs), Hard EXudates (HEX), Soft Exudates (SE)
or cotton wool spots, HEMorrhages (HEM), macula, optic disk, optic
nerve head, increase in the blood vessel in fundus images is still a
tedious task. These morphological changes can be detected either
by manual inspection or CAD that can help the ophthalmologist
to identify the problem. The morphological changes can be defined
in different categories.

The changes that include the detection of increased blood ves-
sels come under the category of proliferative diabetic retinopathy.
While the other, which consists of detecting lesions in the form of

HEM, MAs, hard exudates, soft exudates, comes under the category
of Non-Proliferative Diabetic Retinopathy (NPDR). So the early
diagnosis of DR can be done with the help of CAD through fundus
imaging. There are various steps for the detection of DR by fundus
images, such as pre-processing, segmentation of images, analysis,
and grading of the image according to the disease’s severity
(Ting, 2019). The severity of the disease can be found out by grad-
ing as shown in Table 1. Fig. 1(a-f) shows the various stages of DR.
In the early detection of DR, there are no changes observed in the
retinal images, while in mild NPDR, the visibility of microa-
neurysms is there in one of the four quadrants. In moderate NPDR,
microaneurysms, hemorrhages, and exudates are present in fundus
images. Severe NPDR has the presence of venous beading,
microvascular abnormalities occur in the retina, which ultimately
leads to the formation of new blood vessels known as neovascular-
ization in PDR.

The purpose of this work was to provide a brief overview of
diverse imaging modalities, datasets, and the literature behind
detecting the lesions for diagnosing diabetic retinopathy. Although
there have been some systematic reviews and meta-analyses for

Table 1
Grading of Diabetic Retinopathy.
Grade Clinical features Category
0 No symptoms observed No Diabetic
Retinopathy
1 Presence of MAs in one of the four Mild NPDR
quadrants
2 MAs, dot and blot HEM, HEX, cotton wool ~Moderate
spots NPDR
3 Intraretinal microvascular abnormalities Severe NPDR
(in 1 quadrant), Definite venous beading
(in 2 quadrants), Intraretinal HEM (>= 20
in each quadrant)
4 Neovascularization
Vitreous/pre- PDR
retinal
hemorrhage
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d) Moderate NPDR

b) Early Diabetic
Retinopathy

e) Severe NPDR
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¢) Mild NPDR

f) PDRand
Neovascularization

Fig. 1. Stages of DR (Mansour, 2018).

DR, these studies either focus on the single lesion or retinal struc-
tures such as blood vessels or focus on Al-based framework to
detect DR. Systematic evidence that summarizing the state of the
art literature for diagnosing DR along with future gaps has been
lacking. Therefore, we conducted a systematic state-of-the-art
review for diagnosing DR. The findings in the manuscript should
be served as a reference for researchers seeking elaborative
research focussing on clinical signs of DR.

In this work, the literature carried out by various researchers on
pathological signs of DR has been studied. The rest of the paper is
structured as follows. Research methodology containing informa-
tion about datasets, DR detection techniques and performance
metrics have been explained in Section 2. The comparison of exist-
ing techniques in Section 3. Research gaps and future directions
have been discussed in Section 4 followed by the conclusion in
Section 5.

2. Research Methodology

This section describes the discussion about diverse retinal data-
sets, techniques used for diagnosing DR, and performance metrics
to evaluate the fundus images. The basic components involved in
CAD systems are shown in Fig. 2.

2.1. Retinal datasets

In clinical optometry, diverse imaging modalities such as Opti-
cal Coherence Tomography (OCT), Fundus Images, and Fluorescein
angiography, scan, and ultrasonography have been used for retinal
imaging as described in Table 2. While OCT detects retinal vascular
abnormality (Kaizu, 2019), fundus images capture the retina’s inte-
rior part, namely OD, macula, blood vessels. Fluorescein angiogra-
phy detects the leakage of retinal vasculature. Fundus images can
be captured in two ways. One way of capturing the fundus image
is dilating the retina with tropicamide (eye drops) and capturing
the image known as Mydriatic fundus images. Simultaneously,

Retinal Datasets

DR Detection
Techniques

Performance
Evaluation

Fig. 2. Basic flowchart for CAD system.

the other way of capturing the fundus image is through the direct
ophthalmoscope known as Non-Mydriatic images. The diagnosis of
early treatment of DR (Nagpal et al., 2021) can help the patient
abate the risk of vision loss. In this paper, we will be focussing
on fundus images. There are various retinal signs for detecting
DR explained in the next section.

Through imaging modalities, retinal images can be taken from
the fundus camera which can reach the internal surface of the
retina, blood vessel, posterior pole, OD, and macula. There are
widely accessible databases, as shown in Table 3, for research on
medical image analysis of DR. Through these datasets, algorithms
can be accessible for automatic screening and analysis of various
retinal diseases (Amin et al, 2016). Automatic DR screening
through multiple algorithms can be performed to accurately diag-
nosis retinal disease. The decision to select the dataset for perfor-
mance analysis of developed classifiers should ensure the
disease’s correct diagnosis. As per the literature, the authors will
be focussing on the generalized algorithm through the amalgama-
tion of various datasets (Figueiredo et al., 2015). The datasets focus
mostly on specific regions or single DR symptoms, such as retinal
vascular segmentation and optic nerve segmentation. Still, there
is a need to diagnose DR in a generalized way. Table 3 illustrates
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Constraints

progression and
improvement of diabetic retinopathy.

Neovascularisation in DR can be detected

To calculate the thickness of retinal

It can detect different layers of the retina
and micro-anatomical features of the

Table 2
Various types of imaging modalities in DR.
Imaging Categories Description
Modalities
Fundus Standard, Widefield, Stereoscopic - To monitor the
Images
- Screening of DR.
FFA Hypofluorescence, ultra-widefield fluorescein -
angiography
oCT Enhanced Depth Imaging OCT, Spectral -
Domain OCT, Time Domain OCT, Swept- vasculature.
source OCT -
retina
B-Scan - -

The posterior vitreous damage and the
vitreous hemorrhage have been visible
in this.

It is effective if the retinal detachment is

Evaluation of retinal thickening is not possible.
Visualization of retinal neovascularisation is not pos-
sible (Salz and Witkin, 2015).

Short-term nausea and iodine allergy can be per-
ceived due to the die injected into the eye (Gajree
et al, 2016)

To visualize the vessel leakage

The field of view is minimum (Saeed and Oleszczuk,
2016).

If the media is not lucid, the imaging of diabetic
retinopathy is not useful.

present

the various gold standard dataset available for training and testing
the model. However, different private datasets such as RIM-ONE,
SCES, SEED DB, NeuB1 (Wei Shao and Huang, 2019), FAZ (Foveal
Avascular Zone), Tianjin Medical University Metabolic Diseases
Hospital, SGHS hospital, CLEOPATRA, Jichi Medical University,
Moorfields Eye Hospital, Singapore National Diabetic Retinopathy
Screening Program, Hospital of Puerta del Mar, Spain (HUPM)
(Abbas et al., 2017), Cadiz, Spain, Lotus Eye Care Hospital Coimbat-
ore, Department of Ophthalmology, Kasturba Medical College,
Manipal, India (KMCM) (Ganesan et al., 2014) can also be used
for diagnosing the disease (Arcadu et al., 2019; Mateen et al.,
2020; Salz and Witkin, 2015; Salamat et al., 2019).

2.2. DR detection techniques

Retinal signs help diagnose DR. Various approaches have been
implemented so far, for identifying retinal features. The extensive
study for diagnosing various pathological signs in DR has been dis-
cussed in the following subsections. Fig. 3 shows the techniques of
retinal signs present in DR.

2.2.1. Microaneurysms detection

Microaneurysms (MAs) are the swollen capillaries caused by
the weakening of vessel walls secondary to diabetic Mellitus
(Chudzik et al., 2018). These are the earliest abnormality of DR that
appeared as small red rounded dots, having a diameter of 10-
100 pm. These can be found anywhere in the form of cluster, iso-
lated, or within the diabetic macula as shown in Fig. 4. It causes
leakage of the blood vessels (Benzamin and Chakraborty, 2018).
The disease’s progression leads to the appearance of other patho-
logical signs such as HEX, HEM (Savelli et al., 2020; Xue et al,,
2019). Following is the work done used to detect MAs in fundus
images. A survey has been described to review the teams that par-
ticipated in the Retinopathy Online Challenge (ROC), MAs chal-
lenge are described. Different teams used different techniques
that are displayed in Table 4 (Porwal, 2020).

Detection of MAs in fundus images has been done by a screen-
ing system that can extract features and texture characteristics
using Local Neighbourhood Differential Coherence Pattern
(LNDCP), and Feed Forward Neural Network (FFNN) has been
developed. The method is analyzed on dataset ROC and AGAR300
and achieves a Free-response Receiver Operating Characteristic
(FROC) score of 0.481/0.442 respectively (Jeba Derwin, 2020).

2.2.1.1. Support Vector Machine. Detection of MAs using patches in
the DIARETDB1 dataset has been proposed. The input dimensional-

ity can be removed by applying principal component analysis and
random forest techniques, which achieves the AUC of 0.985 and F
measure of 0.926 (Cao et al., 2018). The method has been validated
on the ROC dataset. The author also proves the SVM’s efficiency is
more in terms of sensitivity and noise features than Neural Net-
work. The feature extraction and grading of different features can
be done with more performance metrics like Sensitivity, Speci-
ficity, etc. While the authors in (Sudha et al., 2018) have done
the detection by extraction of the lesion using graph cut segmenta-
tion, SVM and PCA have been used for classification and severity of
DR. The method is implemented on the lab dataset. It achieves the
sen/spec of 94.44/87.5 respectively.

2.2.1.2. Convolution Neural Network. The authors in (Savelli et al.,
2020) focus on detecting the lesion in medical images that are
based on the multi-context ensemble of CNN. This method has
been implemented on image patches using multi-depth CNN and
combined. Local features and the lesion’s surrounding context
has been used to identify the abnormalities. The method was
implemented on datasets INbreast and E-ophtha focussing on
microcalcification detection in mammograms and MAs’ detection
in ocular fundus images (Savelli et al., 2020). The red lesion detec-
tion by integrating domain knowledge with deep learning has been
proposed by (Orlando et al., 2018). Ensemble vectors have been
used by expanding the features learned from CNN and handcrafted
features. The detection of the true lesion has been done by imple-
menting a Random forest classifier. This method has been analyzed
on DIARETDB1 and E-ophtha dataset and attains the AUC/sen of
0.8932/0.9109 in the screening of DR in the Messidor Dataset
(Orlando et al., 2018). A framework for the detection of MAs using
multi-sieving CNN and image to text-mapping feature space has
been developed. The expert knowledge has been extracted from
the clinical report through various data mining techniques and
the mapping of visual features is done in semantic profiles. The
combination of textual information and retinal images is used to
get a high rate of detection accuracy rate. Some issues related to
retinal images such as misleading visual cues, unbalanced datasets,
varying imaging conditions have been overcome by combining
multimodality and multi-sieving classification approach. The
authors have implemented the framework on DIARET DB1 dataset
and achieves the recall/ precision/acc/f1 score of 0.878/ 0.997/
0.961/ 0.934 respectively. This framework is generic and can be
implemented to detect different types of lesions in DR (Dai,
2018). Fuzzy image processing and deep learning have been
employed for the detection of microaneurysms in (Rahim et al.,
2020). The pre-processing is done by fuzzy image processing
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Table 3
Databases for detecting DR.
S. Dataset No. of Images Capturing Device Field Resolution Motivation
No. of
View
1. MESSIDOR (Messidor 1200 fundus images ~ 3CCD camera mounted on a Topcon TRC NW6 45 1440%960, Detection of Lesions
- ADCIS, 2020) non-mydriatic retinograph 2240%1488 or
2304*1536 pixels.
2. MESSIDOR-2 (Pires 1748 fundus images  Topcon TRC NW6 non-mydriatic fundus camera 45 1440%960, Detection of Lesion
et al., 2019) 2240*1488 or
2304*1536 pixels.
3. EYEPACS (Gulshan, 9963 fundus images  Centervue DRS, Optovue iCam, Canon CR1/DGi/ 45 - Screening of DR
Dec. 2016) CR2, and Topcon NW
4. ImageRet (DIARET DIARET DBO 120 Digital Fundus Camera 50 1500*1152 Detection of Lesions
DBO (DIARETDBO, fundus images;
2020) (DIARET DB1 Diaret DB1 189
(DIARETDBT1, 2020) fundus images
5. DriDB (DRiDB image 50 fundus images Zeiss VISUCAM 200 camera 45 720 x 576 Detection of lesion
dataset, 2020)
6. DRIONS -DB (DRIONS- 110 fundus images HP-PhotoSmart-S20 high-resolution scanner - 600x400 pixels Detection of OD
DB Retinal Image
Database, 2020)
7. DRIVE (Niemeijer 40 Canon CR5 non-mydriatic 3CCD camera 45 768*584 Detection of lesions
et al., 2004) 20 color fundus
images
20 training images
8. STARE (The STARE 400 fundus images Topcon TRV-50 fundus camera 35 605 x 700 pixels Detection of exudates and
Project, 2020) HEM
9. e-ophtha (E-ophtha - 47 fundus images OPHDIAT 45 1440 x 960 pixelsto  Detection of Exudates and
ADCIS, 2020) with exudates 2544 x 1696 pixels. MAs
35 fundus images
without lesions. 148
images with MAs
and small HEM
233 fundus images
with no lesions
10. CHASE-DB1 (Mo and 28 fundus Images Nidek NM-200-D 30 1280x 960 Retinal Vessel
Zhang, 2017) Segmentation
11. HEI-MED (Giancardo 169 fundus Zeiss Visucam PRO fundus camera 45 2196 x 1958 Detection of exudates
et al,, 2012) images115 abnormal
54 healthy
12, Review (Khan et al., 16 fundus images Canon EOS D30 50 3584 x 2438, Segmentation of retinal
2019) 1360 x 1024, vessels
2160 x 1440
13. DRISHTI-GS 101 fundus images - 30 2047 x 1760 pixels  Segmentation of ONH
(Sivaswamy et al., 50 training fundus
2014) images
51 testing fundus
images
14. ARIA (Arunkumar and 212 color fundus Zeiss FF450 + fundus camera 50 768 x 576 Detection of diabetes and
Karthigaikumar, images: 92 age-related macular
2017) (AMD), 59 (DR), 61 degeneration.
(normal)images
15. ViCAVR (Khitran et al., 58 fundus images TopCon non-mydriatic camera NW100 768x584 Retinal vessel and
2015) compute A/V ratio
16. ROC (MAs) (Chudzik 100 fundus images Canon CR5-45-NM camera 45 768 x 576, Detection of MAs
et al., 2018) 1058 x 1061, and
1389 x 1383
17. High-Resolution 66 fundus images Canon CR-1 fundus camera 45 3504 x 2336 pixels Automatic Segmentation
Fundus (HRF) Image Algorithm
Database (Guo and
Peng, 2020)
18. ONHSD (Molina- 99 fundus images Canon CR6 fundus camera 45 640 x 480 Detection of optic nerve
Casado et al., 2017)
19. DRHAGIS (Holmetal, 39 fundus images Canon CR DiGi (Canon Inc., Tokyo, Japan), Topcon 45 4752 x 3168, DR, age-related macular
2017) TRC-NW®6s (Topcon Medical Systems, Oakland, 2816 x 1880, degeneration,
New Jersey), and Topcon TRC-NW8 (Topcon 3456 x 2304, hypertension, and
Medical Systems, Oakland, New Jersey) 2896 x 1944, glaucoma detection image
3216 x 2136 system
20. IDRID (Porwal, 2020) 516 color fundus Kowa VX-10a digital fundus camera 50 4288 x 2848 Screening of DR
images
21. FIRE (Hernandez- 134 fundus Images Nidek AFC 210 fundus camera 35 2912 x 2912 Detection of a dark and
matas et al., 2017) bright lesion
22. RODREP (Longitudinal 1120 fundus images  Topcon TRC-NW65 non-Mydriatic 45 2000 x 1312 Screening of DR

diabetic retinopathy
screening, 2020)
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Fig. 3. Retinal signs present in DR.

Microaneurysms

Fig. 4. Presence of MAs in fundus Images.

Table 4
Different techniques used by teams (Kande et al., 2010).
Method Team Technique
Name
Method 1 Valladolid Normalization, candidate extraction, Gaussian
models, Vessel segmentation, logistic regression
Method 2 Waikato Green Plane, Normalization, top hat,

morphological reconstruction, Bayesian Classifier
Rotation-symmetric generalized, Gaussian
functions, template matching, wavelet transform
Gaussian filter bank, adaptive thresholding,
candidate extraction

Pre-processing, Original double-ring filter, region
growing, ANN

Method 3 Latim

Method 4 Ok
Medical

Method 5 Fujita Lab

techniques and classification is done by the deep neural network.
In addition to that, a novel dataset has been proposed for the detec-
tion of microaneurysms. Experimental evaluation has been done
on the private dataset and the authors concluded that there is an
increase in system performance for the detection of microa-
neurysms. However, by implementing a diverse combination of
pre-processing techniques, retinal structure extractions, the exist-
ing system can be enhanced.

2.2.1.3. Deep learning. Automatic detection of MAs has been pro-
posed using deep learning to handle the previous problems viz

Journal of King Saud University — Computer and Information Sciences xxx (Xxxx) Xxx

false detection and imbalanced dataset. Two-stage CNN has been
implemented to overcome the problem of automatic detection of
MAs. The proposed method has been implemented on two data-
sets, namely ROC and E-Ophtha MA, and attains the AUC for the
unbalanced dataset as 0.660 and 0.637 respectively (Eftekhari
et al, 2019). The alternatives to AUC have been proposed in
(Carrington et al., 2020) for having a more accurate evaluation of
deep learning models. The authors in (Aishwarya et al., 2017)
had detected the MAs through three classifiers’ amalgamation. A
hybrid classifier has been proposed that comprises the decision
tree, SVM, and Naive Bayes classifier. This classifier has been
implemented on the DIARETDB dataset and achieves the acc of
82.2 and sen/spec of 82/82 respectively. The reduction of features
can be made by the decision tree method. The gradient weighing
technique and adaptive thresholding have been used to extract
the MAs candidate followed by local convergence index filters
(LCF) for intensity and shape filters. This method has been tested
on six gold standard datasets regardless of imaging modalities
and resolution which achieves the sensitivity of 0.471
(Dashtbozorg et al., 2018). The comparison for the detection of
microaneurysms has been described in Table 5.

2.2.2. Hemorrhages detection

The early sign of diabetic retinopathy, which comes after
microaneurysms is HEM. HEM is the blood vessel due to breaches
in capillaries larger than MAs. There are three types of HEM
namely pre-retinal, sub-retinal, retinal, flame, dot, and blot HEM,
as shown in Fig. 5(a--f). The HEM shapes are irregular and are
increasingly visible with the progression of the disease
(Sinthanayothin et al., 2002; Soomro et al., 2017). HEM is the red
lesion present in the fundus images. Following is the work done
used to detect HEM in fundus images. The review of the detection
of HEM in DR has been explained. The shape and number of HEM
can determine the severity of the disease. Various algorithms, tech-
niques, and methodologies that can be used to detect the HEM in
fundus images have been reviewed (Jitpakdee et al., 2012), as
shown in Table 6.

An approach for the detection of HEM has been proposed. The
approach consists of various image enhancement methods such
as pre-processing, segmentation, determination of HEM regions,
and HEM detection with SVM and linear regression techniques.
The SVM classifier achieves the sen/spec/facc  of
96.7%/94.1%/91.4% respectively (Adem et al., 2019). While the
authors in (Murugan, 2019), detected the HEM using motion pat-
tern, green channel extraction, ROI, Radon transform. The proposed
technique has been applied to the Messidor dataset and achieves
the sen/spec of 97%/98%. The authors in (Mumtaz et al., 2018 diag-
nosed the HEM by Various methods such as contrast enhancement,
and normalization has been applied to enhance the image’s quality
and thus eliminate the background noise. Segmentation of blood
vessels has been done by using scale based method. Then HEM
was described using gamma correction and global thresholding
technique, the proposed work has been implemented on the
DIARETDB1 dataset and achieves the sen/spec of 87%/84%
respectively.

Red lesion detection has been proposed using pixel classifica-
tion and mathematical morphology. Red and green channel has
been used for brightness and high contrast respectively. Gray level
has been used to distinguish between enhanced red lesion segmen-
tation and background. Matched Filtering and local relative
entropy thresholding algorithm have been used in this approach.
It achieves the sen/spec of 100%/91% respectively (Kande et al.,
2010). Low contrast retinal images have been analyzed by using
morphological image processing and K-Means clustering for exu-
dates detection. The proposed algorithm has been compared with
hand-drawn ground truth images. It has been analyzed on the
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Table 5

MAs Detection in Fundus Images.

Journal of King Saud University — Computer and Information Sciences xxx (XxXxx) Xxx

Work Performance Dataset ~ Testing Dataset Technique Performance Upsides Future Directions
Evaluation

(Savelli et al.,  INbreast and E- - Multi depth CNN  Sen 81:62% Detection of MAs by using  Similar CAD problem can be

2020) ophtha image patches and the detected and improvement
multi-context ensemble in performance can be made
of CNN

(Jeba Derwin,  ROC AGAR 300 LNDCP, FENN FROC 0.481/0.442 Detection of MAs by It can be extended to
2020) improving the luminosity = measure various challenges

has been done for diagnosing DR.

(Cao et al., DIARET DB1 ROC Dataset Random Forest, ~ AUC 0.985 F- Provides generality of the  Different Performance
2018) PCA, and SVM measure 0.926 method for detection of metrics can be used to detect

MAs Mas
To extract and classify
various features.

(Sudha et al.,  Lab dataset using a - SVM, Graphcut, sen/spec : 94.44/ This method effectively Detection of HEM for
2018) fundus camera PCA, CLAHE, 87.5 detect MAs by removing increasing performance

blood vessel

(Orlando E-ophtha and Diaret Messidor CNN, random Screening Detection of the red lesion Performance analysis can be
et al., DB1 forest classifier,  Auc/sen 0.8932/ improved
2018) 0.910

Referral AUC/sen
0.9347/0.972
(Dai, 2018) Six People’s Hospital DIARETDB1 Multi-sieving recall: 0.878, Generic method The efficiency of the
(Lab data) CNN(MS-CNN) precision: 0.997 irrespective of the framework can be improved.
accuracy :0.961 challenges faced in the This framework can be
and f1 score :0.934 detection of lesion extended to detect various
lesions.

(Rahim et al.,  Department of - Fuzzy pre- Acc: 66 + 70% Improvement in contrast A diverse combination of
2020) Ophthalmology, processing, CNN and performance for preprocessing techniques

Melaka Hospital, automatic detection of can be applied to enhancing
Malaysia (Private Mas the system
Dataset)

(Eftekhari ROC and E-Ophtha - Two-stage CNN  Screening Detection of MAs Auto ML method can be
etal, MA Auc/sen 0.8932 implemented to address
2019) 0.9109 hyperparameter tuning and

Referral AUC/sen imbalance data issue
0.9347 0.9721

(Aishwarya DiaretDB1 - SVM, Naive accof 82.2 and sen/ Detection of MAs using a  Automatic detection and
et al., 2017 Bayes, and spec of 82/82 hybrid classifier grading of DR

decision tree

(Dashtbozorg  e-ophtha-MA, ROC e-ophtha MA, Gradient Sensitivity: 0.471 This method outperforms Detection of Dot HEM and
et al., and DiaretDB1 DiaretDB1, ROC and Weighing on six datasets regardless  Bright lesion
2018) MESSIDOR RC-RGB- technique, of imaging modalities and

MA and RCSLO-MA Adaptive resolution
thresholding,
LCF

DIARETDB1 dataset and achieves the sen/spec of 88.34%/99.27%
respectively (Biyani and Patre, 2016).

2.2.3. Exudates detection

Exudates are the lipids that leak from damaged fluids. These are
the second prevalent abnormality in DR, which appears as the
small yellowish and white dots formed due to fats and cholesterol
deposits, as shown in Fig. 6(a,b). These are the bright features
observed in the retina. These are of two types, namely soft exu-
dates (SE) and hard exudates (HEX) (Matsopoulos et al., 1999).
While SE appears white, HEX appears yellowish in retinal fundus
images (Huan Wang et al., 2000). Following is the work done used
to detect exudates in fundus images.

The authors have detected the exudates by using a gray level
variation. Detection of the OD has been done by morphological
technique, and watershed transformation and exudates can be
found by contour using morphological reconstruction techniques.
The method has been implemented on Topcon TRC 50 IA retino-
graph dataset and achieves the sen, predictive value of 92.8/92.4
(Walter et al., 2002). Authors have proposed a technique in
(Amin et al., 2018) to automatically detect exudates using various
steps such as pre-processing, segmentation, feature extraction, and
classification. Initially, adaptive thresholding with mathematical

morphology was applied for the segmentation of the lesion. This
technique has been evaluated on 4 datasets as DIARETDB1, Messi-
dor, E-ophtha, and local datasets. The results are 0.99/98.9% AUC |
ACC on E-ophtha, 100/100% on local, Messidor, and DiaretDb Data-
set. The segmentation of exudates has been proposed by imple-
menting CNN. Various procedures such as OD detection and
vessel detection have been combined to have accurate knowledge
of the exudates’ location. The proposed detection has been imple-
mented on DriDB and achieves the F1 measure of 0.78 (Prentasic
and Loncaric, 2016).

The authors have detected HEX with the help of deep CNN. The
existing method for detecting the exudates uses manual detection
of features. This methodology works well for automatically detect-
ing exudates using DCNN and multi-faceted joint representation.
For the segmentation of exudates, mathematical morphology has
been used. Then, the candidate’s characterization is done using
ridge-based regression feature fusion. This method utilizes various
features and descriptors to learn the information of exudates. To
identify true exudates, a random forest technique has been imple-
mented. The proposed method has been implemented on two
datasets HEI-MED and e-ophtha which achieve the F- score/AUC
of 0.9326/0.9323 and 0.8929/0.9644 respectively (Wang et al,,
2020).
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a) Healthy Image

d) Dot Hemorrhage

e) Retinal Hemorrhage
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<)

Subretinal Hemorrhages

f)  Small Dot/blot
hemorrhages

Fig. 5. Types of hemorrhages (Murugan, 2019).

Table 6
Related Work in HEMs.

Work Performance Dataset Technique Performance  Description Future Directions
Evaluation
(Adem Gaziosmanpasa Iterative thresholding, Firefly and Sen/spec/acc  Detection of HEM Increasing sensitivity and specificity
etal, University Particle Swarm, SVM and Linear 96.7%/94.1%/  using image values.
2019) Faculty of Medicine’s Classifier 91.4% enhance-ment
Department of techniques
Ophthalmology (Lab
Dataset)
(Murugan, MESSIDOR motion pattern, green channel sen/spec of Detection of HEM Deep learning for grading of DR
2019) extraction, ROI, Radon transform 97%[98% using motion pattern
(Kande STARE, DIARETDB, Matched Filtering and local relative Sen/spec Detection of HEM -
et al., Private eye hospital entropy thresholding algorithm, Red 100/91
2010) and green channel
(Mumtaz DIARETDB1 contrast enhancement and Sen/spec 87/  Detection of HEM Fine-tuning of results will be done by
et al, normalization, scale-based method, 84 implementing adaptive thresholding
2018) gamma correction, and global techniques with a supervised method.
thresholding
(Biyani DIARETDB1 K-Means Clustering and morphological ~ Sen/spec: Detection of HEM Applying machine learning and include
and image processing 88.34/99.27 other features.
Patre,
2016)

The generalized method for detecting exudates has been pro-
posed for diagnosing DR. Suppression of the retinal vessel has been
done using morphological processing and various techniques such
as masking, texture enhancement, Adaptive inference system has
been implemented to differentiate between normal and patholog-
ical structures. The proposed work has been implemented on
STARE and Messidor datasets and the classifier achieves the acc
of 88% for the Adaptive neuro-fuzzy inference system classifier
(Saravanan, 2019). The comparison of various techniques and data-
sets used so far to detect Exudates has been described in Table 7.

2.3. Performance evaluation metrics

The performance for diagnosing the disease and calculating the
severity of the disease has been evaluated through various param-
eters such as true positive (TP), false positive (FP), false negative
(FN), and true negative (TN) rates (Khojasteh et al., 2018). Here P

is known as positive prediction (TP + FN), and N is known as neg-
ative prediction (TN + FP). There are various performance measures
(Soomro, 2019; Salamat et al., 2019).

2.3.1. Sensitivity/Recall/True positive rate
The ratio of correctly detected objects to the total number of
objects is known as sensitivity as shown in Eq. (1).
P

Sen =5 (1)

2.3.2. Specificity/True negative rate
In Equation (2) specificity is defined as the ratio of correctly
detected non-objects classes to the total number of object classes.
N

Spec = N (2)
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Exudates

&/

a) Retinal Exudates
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b) Cotton Wool Spots

Fig. 6. Retinal fundus images showing exudates (Kaur and Mittal, 2018).

Table 7
Related Work in Exudates.

Work Technique Dataset Performance Future directions
analysis
(Walter et al., Morphological filtering techniques, Topcon TRC 50 IA retinograph Sen 92.8% Detection of macular edema
2002) Watershed transformation (own dataset) Mean The distinction between hard and SE.
predictive value
of 92.4%.
(Amin et al., Mathematical morphology, Ensemble, DIARET DB1, DIARETDB1, 0.99/98.9% AUC  Detection of different types of lesions.
2018) Bayes Net, Naive Bayes Messidor, E-ophtha and local JACC
datasets 1.00/100% on
local
(Wang et al., Deep CNN, Mathematical Morphology, e-ophtha HEI-MED F-score/AUC Detection of different types of lesions.
2020) Ridge-based regression feature, Random 0.8929/0.9644
Forest 0.9326/0.9323
(Prentasic and ~ CNN DriDB F1 measure of Enhancing the network by using various
Loncaric, 0.78 channels, pre-processing, and post-processing
2016) steps.
(Saravanan, Masking, Textural enhancement, and STARE and MESSIDOR 88% Detection of different types of lesions.
2019) Adaptive neuro-fuzzy inference system
classifier

2.3.3. False positive rate

The ratio of non-correctly detected objects (FP) to the correctly
identified non-objects (TN) is known as the false positive rate and
it is described in Egs. (3) and (4).

FP

FPR="5 3)
or

FPR =1 — Spec (4)

2.3.4. False-Negative rate (FNR)
FNR is described as the ratio of FN and TP as mentioned in Eq.
(5).

FNR =1 - Sen (5)

2.3.5. Accuracy

The sum of correctly detected objects and non-objects to the
sum of the total number of objects is known as accuracy and it is
shown in Eq. (6).

TP +1TN
Acc = P-i-—N (6)

2.3.6. AUc

Area covered by receiving the operating curve that measures
the system sensitivity to detect the output and the equation is
shown in (7).

AUC = / " IPR(T)EPR (T)dT (7)

2.3.7. F1-score
It divulges the balance between recall and precision.

F1 _ score = 2. Precision + Recall 8)
~ Precision + Recall

2.3.8. Error rate
The sum of not correctly detected objects and non-objects to
the sum of the total number of pixels.

FP + EN
Erf—P+N 9)

2.3.9. Positive predictive value (Precision)
The probability of correctly detected objects truly has corrected
objects.

TP

PPV = 15 Fp

(10)
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2.3.10. Kappa score
Measuring interrater reliability.

Acc — ACCprop

Kappascore = 1= AcC

(11)

These performance evaluation metrics help researchers for pro-
viding the availability of formulae and for a better understanding
of the metrics in the literature.

3. Comparison of existing DR detection techniques

After discussing the early signs of DR individually, the perfor-
mance metrics used in literature, the comparison of DR including
all three lesions has been explained as follows. The detection of
DR can be done by various retinal signs that have been illustrated
in Fig. 7.

The problem of the interpretability of diagnosing and grading
DR has been discussed. The inter grader variability (Krause et al.,
2017) has been analyzed by cosine similarity for the quality of
annotation. The different methods are then compared using logis-
tic regression, namely SASG, SAMG, MAYV, and DAAD. The predic-
tion performance is highest in DAAD and SAMG when both
prediction performance and grading costs were considered. It
achieves an accuracy of 91.2% for DR-related features and 95.6%
for DR severity prediction (Wang et al., 2019).

The authors have done the detection of MAs and HEM. The pre-
cise segmentation of regions is not required in this method. This
method deals with a set of shape features that constitute the
shape’s development during image flooding. This method has been
validated on six datasets and achieves an FROC score of 0.420. The
automatic grading and the detection of the bright lesion and small
vessels can be done in the future (Seoud et al., 2016). A curvelet-
based algorithm has been presented to detect red lesions from reti-
nal images. A new equalization algorithm has been introduced to
preclude fovea considering red lesions. A digital curvelet transform
has been applied to enhance the image. Separation of lesions has
been done by using various thresholds. The proposed algorithm
has been implemented on 89 retinal images and achieves the
sen/spec of 94/87 to detect red lesions (Esmaeili et al., 2014). Early
detection of DR has been done by designing a localization model
that uses a patch-based approach. In this, the model’s complexity
has been reduced while improving the performance by selecting
the training patches. The classification has been done using a prob-
ability map. The proposed model has been implemented on the
DIARET DB1 dataset and achieves the ROC of 0.912 and sen of
0.940 (Dorizzi et al., 2019).

The detection of pathological signs such as MAs, HEM, exudates
has been done. Morphological operators and CLAHE and SVM vec-
tor are used to grade diabetic retinopathy, which produces the area

Hemorrhages —o Venules

O

Microaneurysms

Arterioles
e

Optic Disc

Exudates, $

Fig. 7. Fundus Images showing signs of DR (Khojasteh et al., 2018).
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under RUC value between normal and mild, mild and moderate,
and moderate vs. severe NPDR ratio 0.9106, 0.8372, 0.9750, respec-
tively (Dhara et al., 2015).

Various techniques have been implemented for detecting fea-
tures viz blobs and blood vessels. The pre-processing of the images
has been done by extracting the green channel followed by seg-
mentation using the Otsu algorithm, feature extraction using
Hough transform, and classification of detection using an SVM
classifier. The proposed algorithm has been implemented in DIA-
RET DBO Dataset and achieves the sen/spec of 73/70 in blob detec-
tion and 77/80 in blood vessel detection (Sakshi Gunde and Gupta,
2020).

This paper implemented the automated severity detection of DR
(SDDR) method for checking the severity of DR disease with a
dictionary-based approach. This approach combines the patholog-
ical representation of an image into a learning outline. The features
are created using the point of interest and grouped to create a dic-
tionary. Then coding and pooling method is then applied along
with the histogram-oriented gradients for the compressed presen-
tation of features. Radial basis SVM and Neural Network has been
used for 5- level classification of images. The method is imple-
mented on the Kaggle National Data Science Bowl dataset and
achieves the sen/spec/acc of 95.2%/98.9%/98.3 (Leeza and Farooq,
2019).

Authors in (Hajeb Mohammad Alipour et al., 2012), determined
the severity of diabetic retinopathy stages by using fluorescein
angiography and color fundus images. A Curvelet-based algorithm
has been introduced by authors along with SVM to extract features
such as area, the number of microaneurysms, blood vessels, regu-
larity of foveal avascular zone for detecting the severity of DR. For
extraction of microaneurysms, blood vessels are extracted and sub-
tracted with the original image. The experimental evaluation has
been done on a user-developed dataset (Ophthalmic image
processing Medical Image and Signal Processing Research Center,
2021) and achieves the sensitivity and specificity value of 100%
for grading. Their future work includes the implementation of var-
ious other transforms such as contourlet transform, shearlet trans-
form in place of Curvelet transform.

The detection of DR and maculopathy has been presented in
(Rahim et al., 2015) using fuzzy image processing. While macu-
lopathy is essential, an unaffected macula may eventually lead to
vision loss. The proposed detection system includes image acquisi-
tion, pre-processing through fuzzy techniques, feature extraction
followed by classification by various machine learning techniques.
The system is implemented on its dataset having 2 categories for
classification. The one category with 2 classes has achieved the
misclassification error/acc/sen/spec of 0.2539/0.7461/0.4536
/0.8403 for binary decision tree and 0.2139/0.7861/0.5572/0.8598
for the k-nearest neighbor. The second category with 10 classes
achieved the misclassification error/acc/sen/spec of 0.4395/
0.5605/ 0.4500/ 0.5956 for binary decision tree and 0.2975/
0.7025/ 0.6500/ 0.7297 for k-nearest neighbor. The future work
focuses on research in machine learning by extracting graphs from
images. Four scales grading the severity of DR with the help of CNN
have been proposed. A novel dataset has been presented with
advantageous labeling for clinical practice. The whole dataset has
been transformed into a uniform format with a processing pipe-
line’s help. Inception V-3 model has been implemented to evaluate
the performance with various mainstream models. All the trained
models have been systematized in the cloud for pilot diagnostic
service. The approach achieves an accuracy of 88.72% for grading
DR (Gao et al.,, 2019).

The authors have detected the DR through the ensemble
method to classify and encode features. Various CNN models were
applied to the Kaggle dataset. This method detects all the stages of
DR. The authors explain the accuracy, sensitivity parameters
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according to the severity of classes and outperform the state-of-
the-art methods (Qummar, 2019). Various pre-processing methods
have done a screening of DR with CLAHE have been discovered, but
the method’s performance decreases with the increasing no. of
classes. CNN has been applied in which transfer learning has been
used on Image Net, Google Net, and AlexNet, which achieves the
accuracies of 74.5% on 2-ary classification, 68.8% on 3-ary classifi-
cation, and 57.2% on 4- ary classification models (Carson Lam and
MD1, 2017). Classification of fundus images using CNN has been
proposed for grading the image according to the severity of the dis-
ease. The various layers have been applied to acquire higher accu-
racy. The proposed Alex net architecture has been tested on the
Messidor dataset with the accuracies of 96.6%, 95.6%, 96.2%,
96.6% in stage 3, Stage 2, Stage 1, and healthy images, respectively
(Shanthi and Sabeenian, 2019). Image processing and deep learn-
ing techniques have been implemented efficiently, for diagnosing
diabetic retinopathy and maculopathy. In (Rahim et al., 2019) the
authors have improved the classification performance by augment-
ing the data and using pre-processing techniques. Moreover, the
authors also proved that classification models can be improved
by applying combinations of pre-processing techniques or by using
diverse image augmentation techniques. The proposed techniques
have been implemented on the private dataset and achieve an
accuracy of 77% approx.

Diagnosis of RDR has been made by obtaining binocular fundus
images, and prediction has been made based on the learning corre-
lation. This model achieves the AUC/sen/spec of 0.951%/ 82.2%/
70.7% which excels in the existing monocular model. In this pro-
posed approach, the transfer learning technique is implemented
using CNN with Siamese-like architecture (Zeng et al., 2019).

The author deals with automatic lesion detection by extraction
of the vessel and removal of the OD, followed by the pre-
processing of the image. The candidate extraction has been done
using filtering, and the lesion is detected after post-processing
the image. Micro-aneurysms and HEM is the dark lesion and exu-
dates, and cotton wool spots are the bright lesion. The dark lesion
from the background curvelet-based edge enhancement has been
used. This model achieves an accuracy of 97.71% for detecting
diverse types of lesions. The experimental results are Sen/ spec/
acc/ AUC for exudates, MAs; HEM is 97.81/ 98.18/ 98.32/ 0.9684,
95.23/ 95.12/ 97.23/ 0.9443, 97.67/ 97.74/ 96.99/ 0.9665. There is
an unwitting selection of the parameters disregarding the image’s
shape, size, and texture. The falsely detected lesion due to their
innate properties can be removed by a morphological operator in
post-processing steps (Kar and Maity, 2018). Detection of MAs
and grade the retinal images into five groups have been proposed.
A novel CNN based deep neural network has been submitted using
data augmentation, L2 regularization, and various preprocessing-
based methods. It achieves the sensitivity/specificity and AUC
score of 98%/94% and 0.844 (Islam et al., 2018). CNN-based net-
work for automatic identification of retinal diseases has been dis-
cussed. Data augmentation and elaborated features are used to
identify the severity of the disease. This method is implemented
on the Kaggle dataset and achieved the accuracy/sensitivity of
75%[95%. Diagnosing and classification of DR have been proposed
in this paper. For this, CNN architecture has been used to classify
MAs, HEM, and exudates by developing a network. The approach
has been evaluated on the Kaggle dataset and achieves the sen/
acc of 95/75 on validation images. The future work will be to have
a cleaner dataset to avoid the problem of overfitting and underfit-
ting problem (Pratt et al., 2016). The authors have adopted various
models such as GoogleNet, AlexNet, ResNet, and VggNet to classify
DR images. The proposed attempt has been implemented on the
Kaggle dataset and achieves an accuracy of 95.68% by using trans-
fer learning and hyperparameter tuning of these models (Wan
et al., 2018).
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The authors have proposed an unprecedented approach based
on Deep CNN that uses descriptive features and max-pooling layers
that were replaced by fractional pooling for detection of DR. The
features of the images are combined and trained using the SVM
classifier, which classifies the severity into five classes grouping
from level 0-4. An app named “Deep retina” has also been devel-
oped that can be equipped with a handheld ophthalmoscope and
the person taking fundus images can get instant results. The exper-
imental results on the Kaggle dataset achieve 86.71% for 5-class
classification and 91.05 for binary class classification and sensitiv-
ity/Specificity for a binary type are 0.8930/0.9089, respectively (Li
et al., 2019).

The comparison of various techniques and datasets used so far
for the detection has been described in Table 8.

4. Research gaps and future direction

Although a significant amount of research results in novice
algorithms for the diagnosis of DR. However, most of the models
have not been acquired by National health services.

Various research gaps need to be addressed to automate the
system. The research gap and future directions have been
described as follows.

4.1. Applicability of Machine learning

The pertinence of machine learning (Chaki et al., 2020) for fur-
ther research in healthcare settings is necessary, and the utilization
of automated screening processes should be there to diagnose the
disease in the early stages (Bek, 2014). To find lesions in fundus
images and grade these fundus images for disease severity. These
identified images can then be referred to human experts for
review, reducing their burden, examining time, and avoiding fur-
ther complications by giving them timely prompt treatment.

4.2. Selection of OCT for screening DR

The adoption of OCT with DR is still in its infancy for screening
purposes. However, developing the automated DR classification
provides better results in terms of various performance metrics
(Kouroupis et al., 2020).

4.3. Insights for storing clinical data

Smart healthcare solutions are available in various ophthalmic
practices. However, decision making can be improved by making
use of clinical data that has been store electronically in a large
amount (Ghosh and Capell, 2016).

4.4. Artificial intelligence research in DR resulting in the effectiveness
of automatic grading (Joshi and Karule, 2017)

Challenges exist for DR research in ophthalmology. So, imple-
menting an Al program with DR results in automatic grading of
DR. However, the more the number of training images, the better
the prediction is obtained. Detection of OD, Blood vessels, etc., to
provide a single technique to cover retinal structure and changes
(Hogarty et al., 2019). Various imaging modalities do not predom-
inantly capture the peripheral lesions. To improve the outcomes,
there is a need for improved detection and classification of DR.

4.5. Applicability of the algorithm should be narrowed down.

The efficiency of the training dataset reduces due to the inordi-
nate dataset. Moreover, external validity should be done on wide
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Table 8

Comparison of diverse techniques used in diagnosing DR.

Work Dataset MAs HEM EX Technique Purpose Performance analysis

(Wang et al., 2019) Lab Dataset %4 %4 v Cosine Similarity, Logistic Regression Prediction of severity and 91.2% for DR related features 95.6% for DR severity

grading of DR prediction

(Seoud et al., 2016) Retinopathy Online Challenge v v X Spatial Calibration, Candidate Extraction Detection of MAs, HEM ROC value 0.899
(Roch), Diaretdb1, CARA143,

Messidor, Erlangen, CARA1006
(Esmaeili et al., 2014) Private Data v I X Curvelet Transformation, Equalisation algorithm sen/spec of 94/87
(Dorizzi et al., 2019) DiaretDB1 and Messidor %4 %4 X CNN, Probability map Reduce the complexity of ROC of 0.912 and sen of 0.940
the model while
increasing performance
(Dhara et al., 2015) Messidor v I v Morphological features, CLAHE, SVM AUC mild:0.9106
Moderate:0.8372
Severe:0.9750
(Sakshi Gunde and DIARETDBO X X X Green Channel, Otsu Algorithm, Circular Hough Detection of DR using sen/spec of 73/70 in blob detection and 77/80 in blood
Gupta, 2020) transform blobs and blood vessel vessel detection
(Hajeb Mohammad Local dataset I X v CLAHE, Canny edge detector, morphological Detection and Grading of  Sen/spec of 100% in grading
Alipour et al., 2012) operators, DCUT, thresholding, Curvelet based DR
enhancement, SVM

(Rahim et al., 2015) Eye Clinic, Department of %4 %4 v Grayscale, fuzzy filtering, fuzzy edge detection, Detection of DR and Category II misclassification error/acc/sen/spec of
Ophthalmology, Hospital Decision tree, K-nearest neighbour Maculopathy 0.4395/0.5605/0.4500/0.5956 for binary decision tree
Melaka, Malaysia (Local and 0.2975/0.7025/0.6500/0.7297 for k-nearest neighbor
Dataset)

(Gao et al.,, 2019) Sichuan Provincial People’s I I v Inception V-3 Proposed an approach for  Accuracy:88.72%

Hospital (Lab Dataset) grading the 4-stage
severity of DR
(Qummar, 2019) Kaggle X X X CNN Models Resnet50, Inceptionv3, Xception, Classify five stages of DR -
Dense121, Dense169
(Carson Lam and MD1, Private Dataset X X X CNN, transfer learning, googlenet, alexnet Detection and Grading of  74.5% on 2- ary classification, 68.8% on 3-ary
2017) DR classification and 57.2% on 4-ary

(Zeng et al., 2019) Kaggle diabetic retinopathy X X X Inception V-3, Siamese like network structure A model is proposed with Kappa:0.829

competition transfer learning and a AUC:0.951
Siamese-like structure.

(Li et al.,, 2019) Kaggle Contests “Identify signs I v Deep CNN, SVM, Teaching-Learning Based Classify 5 stages of DR Accuracy 86.71% for 5-stage classification 91.05 for
of diabetic retinopathy in eye optimization along with the app binary classification and sen/spec for binary classification
images” 0.8930/0.9089

(Shanthi and Messidor %4 %4 v CNN, Modified Alexnet Architecture 4-level Grading of DR Accuracy Stage 3-healthy images 96.6%,95.6%,96.2% and

Sabeenian, 2019) 96.6%

(Kar and Maity, 2018) DRIVE %4 %4 v Preprocessing, Curvelet Based Edge Enhancement Detection of lesion Sen/spec/acc/AUC for exudates, MAs, HEM are 97.81/
STARE for Dark Lesion, Optimal Bandpass Filter, Matched 98.18/98.32/0.9684,95.23/95.12/97.23/0.9443, 97.67/
DIARETDB1 Filtering, and Laplacian of Gaussian Filtering 97.74/96.99/0.9665
MESSIDOR

(Islam et al., 2018) Kaggle diabetic retinopathy %4 X X data augmentation, L2 regularization, and various Detection of MAs and sen/spec and AUC score of 98%/94% and 0.844
dataset pre-processing based methods grading of DR

(Pratt et al., 2016) Kaggle Dataset v I v Data Augmentation, CNN Five —class problem acc/sen of 75%/95%

(Leeza and Farooq, Kaggle National Data Science X X X Bag of features, Histogram oriented gradient, speed To identify the 5 —class sen/spec/acc of 95.2%/98.9%/98.3

2019) Bowl up robust feature, k-mean clustering problem
(Wan et al., 2018) Kaggle X X X Transfer learning and hyperparameter tuning on Classify the DR Fundus

CNN Models, Google Net, Alex Net, ResNet, and
VggNet

Images
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demographic images. So the algorithm should be designed so that
it may not be broadly applicable. The rapid expansion of this pro-
gram over the next 5 years into a clinical environment would
include a new interpretation of success and a deeper understand-
ing of clinically relevant knowledge in digital imaging (Jordan
et al., 2017).

4.6. Removing the heterogeneity between specific studies such as
medical science and computer sciences.

Al is a complicated field of research. It can create various
science fields such as computer and medical science (Pattanaik
et al.,, 2019; Pattanaik and Swarnkar, 2019). The research associ-
ated with the fields is focused and applicable to a particular field.
Future research focuses on the amalgamation of both fields to
reduce the heterogeneity between the fields.

4.7. Affordability of diagnosing the disease for cost-effective treatment

There are various challenges associated with this disease. How-
ever, one such challenge includes the improvement in the screen-
ing of DR. Thereafter, cost-effective treatments need the hour to
automate the system by extracting the pathologies that appear in
the retinal surface. The advancement of community-specific retinal
imaging solutions, such as cell phone technology for mHealth, and
the enhancement of image quality and diffusion technology pro-
mise to resolve the problem of obtaining affordable, high-quality
retinal images.

4.8. Performing systematic progression and regression of various
lesions for identifying the risk of rapid progression (Sivaprasad and
Pearce, 2019)

Present studies focus on NPDR lesions for detecting DR. Addi-
tional lesion measurement can be implemented in the current clas-
sification system for accurate characterization of NPDR.

4.9. Risk stratification, prediction can be done to determine new
biomarkers and determinants for DR

Various other techniques are associated with better visualiza-
tion of retinal circulation, such as adaptive optics, SS-OCT. There-
fore, there is an urge to determine new biomarkers, genetic
determinants, and retinal markers to understand pathogenesis
better.

5. Conclusion

A detailed study has been carried out of almost 94 research arti-
cles, summarized as various gold standard datasets, methodolo-
gies, and evaluation metrics. This paper’s central theme is to
learn about existing literature work carried out till date for auto-
matic detection and grading of DR. Initially, various kinds of a
lesion such as MAs, HEM, exudates have been discussed along with
different approaches found in the literature for detection of these
lesions. Comparisons of all the clinical signs have been done to
have a precise knowledge of the technique’s pros and cons. Finally,
the author addresses the research gaps and future direction in DR.
It is believed that this review will prove useful for researchers
working in medical image analysis. Medical imaging is a prominent
area in today’s era that the physicians can see the body’s insights
through various imaging that can be screened and diagnosed
through Computer-aided diagnosis (CAD) to ease the doctor for a
timely diagnosis as the ophthalmologist to patient ratio is
1:10,000 (Soomro, 2019). Therefore, medical imaging and CAD
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are the boom to the society for diagnosis the disease with ease
and at a very less time.
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