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Abstract  Diabetic retinopathy (DR) is one of the leading causes of vision loss and can be effectively avoided by 
screening, early diagnosis and treatment. In order to increase the universality and efficiency of DR screening, 
many efforts have been invested in developing intelligent screening, and there have been great advances. In this 
paper, we survey DR screening from four perspectives: 1) public color fundus image datasets of DR; 2) DR 
classification and related lesion-extraction approaches; 3) existing computer-aided systems for DR screening; and 
4) existing issues, challenges, and research trends. Our goal is to provide insights for future research directions on 
DR intelligent screening.
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THE occurrence of diabetes is expected to rise 
from 2.8% to 4.4% of the global population 
in 2030.1 Diabetic retinopathy (DR) is one of 
the most serious complications of diabetic 

microangiopathy. The incidence is as high as 65.2% 
in diabetic patients.2 DR is an irreversible and high-
risk blindness disease with staged development, and 
greatly impacts visual acuity of diabetic patients. DR 
can be classified into non-proliferative diabetic reti-

nopathy (NPDR) and proliferative diabetic retinopathy 
(PDR) according to the Ophthalmology Group of China 
in 1984.3 Among various symptoms, microaneurysms 
(MAs) usually appear in early stage of DR, thus are 
considered as an important indicator of DR. Addition-
ally, the appearance of neovascularization (NV) marks 
the transition from NPDR to PDR.

In 2002, the International Clinical Classification 
Standard further divided NPDR into three stages: mild 
NPDR, moderate NPDR and severe NPDR. Mild NPDR 
is the earliest stage of DR, and only MAs within tiny 
areas are formed in this stage as the result of leakage 
of blood vessels.4 Moderate NPDR is often accompa-
nied with increased MAs, while severe NPDR has more 
pathological alterations on the retina, such as hemor-
rhages (HEs) and exudations (EXs). EXs appear yellow 
or white on color fundus images and can be divided 
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into two types according to their appearance and oc-
currence. Hard EXs have clear boundaries, but soft EXs 
do not.

PDR is the most serious stage, which initializes a 
vicious cycle. During PDR, retina is ischemic and anox-
ic, so NV grows to ensure the normal nutrition supply; 
NV is fragile, easy to rupture, and will grow after rup-
ture.5 Therefore, patients at this stage have a high risk 
of blindness. The illustration of fundus lesions in dif-
ferent grades are shown in Table 1, in which the most 
commonly used grading standard is included. Figure 1  
gives morphologic examples of the fundus lesions that 
represent typical pathologies of DR on color fundus im-
ages.

The risk of blindness can be greatly reduced if the 
fundus is examined at the early stage of DR. However, 
the initial lesion in the fundus is usually asymptomatic, 
and patients are unaware of its onset. Additionally, due 

Table 1. Diabetic retinopathy severity and the grading 
standards

disease severity level Findings

Grade 0: Normal No visible sign of abnormalities

Grade 1: Mild–NPDR Presence of MAs only

Grade 2: Moderate–

NPDR

More than just MAs but less than se-

vere NPDR

Grade 3: Severe – 

NPDR

Any of the following:

> 20 intraretinal HEs

Venous beading

Intraretinal microvascular abnormalities

no signs of PDR

Grade 4: PDR

Either or both of the following:

NV

Vitreous/pre-retinal HEs

PDR, proliferative diabetic retinopathy; NPDR, non-
proliferative diabetic retinopathy; NV, neovascularization; 
MA, microaneurysm; HEs Hemorrhage.

to limited equipment and the lack of ophthalmologists 
in some regional health care facilities, the screening 
rate of DR is extremely low in China. In 2016, the 
“China DR Screening Project” was launched in Beijing 
to increase the screening rate. However, efficient solu-
tions to further improve the DR screening rate are de-
manded. 

Automated detection and analysis of DR, as a 
promising approach, can effectively reduce the work-
load burden of the specialists in an efficient and eco-
nomical manner. DR intelligent screening methods 
based on color fundus images can be divided into two 
categories. The first category achieves DR screening 
by detecting and segmenting lesions of MAs, HEs, EXs 
and NV. The key to early diagnosis of DR is to detect 
MAs reliably on retinal images. Different lesions detect-
ed can serve as indicators to identify and grade the se-
verity of DR. Based on detected lesions, retinal images 
can be classified into normal and abnormal conditions. 
The second category conducts an end-to-end screening 
or grading of DR by a classifier which is trained using 
a large number of labeled data. In its initial stage, var-
ious morphological methods and traditional machine 
learning methods6-9 have been used in DR screening. 
Recently, the deep learning methods, particularly con-
volutional neural networks (CNNs), have contributed 
substantially to DR screening.10-12 With the increasing 
maturity of DR detection algorithms, an increasing 
number of DR intelligent screening systems have been 
developed and many of them have been put into trial 
operations.

In this paper, we review existing methods for au-
tomatic identification of retina features that are relat-
ed to DR from color fundus images. First, public color 
fundus image datasets for DR are introduced. Second, 
DR classification and relevant lesions, which should be 
considered as screening points of DR are presented, 

Figure 1. Manifestations on color fundus images reflecting different pathologies associated with diabetic retinopathy.
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including MAs, HEs, EXs and NV. Third, existing com-
puter-aided systems for DR screening are analyzed. 
Lastly, some existing issues, challenges, and research 
trends are discussed.

PUBLIC COLOR FUNDUS IMAGE DATASETS 
OF DIABETIC RETINOPATHY

Most public datasets were constructed particularly 
for automatic feature extraction of DR. Specifically, we 
introduce several datasets that contain labels of lesion 
areas and grades in this section.

ImageRet
The ImageRet dataset consists of DIARETDB013 and DI-
ARETDB1.14 The images were annotated for the pres-
ences of MAs, HEs, hard and soft EXs by four experts. 
Annotated images were combined to produce a single 
ground truth image. DIARETDB0 contains 130 color 
fundus images, of which 20 are from normal conditions 
while 110 contain lesion signs of DR. DIARETDB1 con-
tains 89 color fundus images, of which 84 are at least 
mild non-proliferative DR, while 5 are considered as 
normal conditions.

MESSIDOR
MESSIDOR dataset15 consists of 1200 color fundus im-
ages acquired using a color video 3CCD camera on a 
Topcon TRC NW6 non-mydriatic retinographies at 45 
degrees field of view (FOV) from three ophthalmolog-
ic departments. The images are available at different 
resolutions: 1440*960 pixels, 2240*1488 pixels, and 
2304*1536 pixels. Each 400 images obtained from a 
department are divided into subsets according to the 
severity grade of the disease by ophthalmologist. Each 
subset contains 100 images and the grade of each im-
age is listed. There is no annotations for any fundus 
lesion in MESSIDOR.

Stare
Stare dataset16 consists of 397 color fundus images 
acquired using a TOPCON TRV-50 fundus camera at 35 
degrees FOV with image resolution of 700*605 pixels. 
This dataset is primarily used for vessel segmentation 
tasks. Additionally, there are 91 images with diagnosis 
of DR, of which 22 images are indicated to be PDR.

High resolution fundus dataset
High resolution fundus (HRF) dataset17 contains 15 

images from healthy people and 15 images from dia-
betic patients. The images were acquired using CANON 
CF-60UVi camera at a high resolution of 3504*2336 
pixels. There is no marking of lesion grades or lesion 
areas.

Indian diabetic retinopathy image dataset 
indian Diabetic Retinopathy Image Dataset (IDRID) 18 

consists of 413 color fundus images acquired using a 
Kowa VX-10 alpha digital fundus camera at 50 degrees 
FOV. The images have a resolution of 4288×2848 pix-
els. Of this dataset, 134 are healthy, 279 are DR, in 
which 49 are PDR. Moreover, the segmented marks of 
MAs, EXs and HEs are also provided in 54 NPDR imag-
es.

Kaggle
Kaggle19 is an open competition dataset provided by 
EyePACS which is acquired using multiple fundus cam-
eras at different FOVs. The Kaggle dataset consists of 
35,126 training images with five DR grade labels and 
53,576 test images without grade labels. The image 
quality in this dataset is not uniform, which can be 
used to improve the generalization of a classifying al-
gorithm.

In addition to the above-mentioned datasets, 
there are other datasets, such as E-Ophtha,20 ROC,21 
ARIA Online,22 and DRiDB,23 where interested readers 
can explore the details on their own.

LESION DETECTION

Many approaches have been proposed in order 
to achieve efficient intelligent screening and classi-
fication of DR. Winder et al. 24 summarized methods 
for DR detection from 1998 to 2008. In recent years, 
more researchers have shifted to deep learning-based 
methods. It has been shown that deep learning-based 
methods outperform traditional methods in terms of 
classification accuracy. The ideas of existing methods 
can be mainly divided into three categories. (1) Tra-
ditional machine learning: features, based on prior 
knowledge, are extracted to train a classifier, then the 
classifier extracts candidate sets and further decides 
whether the candidate areas are lesions or not. (2) 
Combination of traditional machine learning and deep 
learning. This approach uses deep learning to extract 
features and then use traditional machine learning for 
classification. (3) End-to-end deep learning technique: 
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by training with a large number of labeled data, the 
pre-trained network model can screen fundus images 
directly. The technical roadmap of these approaches is 
shown in Figure 2. According to different objectives of 
detection, DR detection techniques can be divided into 
five categories: MA detection, HE detection, EX detec-
tion, NV detection, and Classification. 

Microaneurysm detection
Mathematical morphology being used to detect MAs 
at the early stage of DR can be dated back to 1984. 
To give an example, Lay et al.25 applied the top-hat 
transformation with linear structural elements to the 
green channel images for separating the circular struc-
ture from the slender structure. Subsequently, various 
modifications26-30 were made to improve the detection 
accuracy. Operations such as limited contrast adaptive 
histogram equalization, illumination correction, and 
local minimum transformation were performed by Pu-
ranik et al..29 After blood vessels were removed, Kam-
ble et al.30 used local rank transform to separate MAs 
in fundus images. Based on the observation that the 
intensity distribution of MAs is similar to the Gaussian 
distribution, some researchers proposed the MA detec-
tion method using template matching.31,32 Quellec et 
al.31 used local template matching in wavelet domain 
to detect MAs. Zhang et al.32 used a nonlinear filters 
with five Gaussian kernels at different standard devia-
tions.

The above-mentioned methods tend to ignore 
hidden structures, but traditional machine learning 

methods can successfully find the hidden patterns of 
MAs. Antal33 used a rule-based classifier to detect true 
MAs from MA candidates. Niemeijer et al.34 detected 
MAs from red lesion candidates using a combination 
of top-hat based methods and supervised classifica-
tion. Dashtbozorg et al.35 extracted a set of features 
based on a locally convergent index filter, in addition 
to the strength and shape descriptors of each candi-
date which were extracted via a gradient weighting 
technique and an iterative threshold method. These 
features were used to train a hybrid sampling/boost-
ing classifier for MA detection. Wang et al.36 extracted 
the features of vessel cross-section profiles along with 
multiple directions, which were obtained by applying 
singular spectrum analysis on each candidate. Next, a 
K-nearest neighbor classifier was used to detect MAs. 
Xu et al.37 extracted and classified 7 pathological fea-
tures that are related to MAs by combining the digital 
image analysis, statistical analysis, and pattern recog-
nition together.

With the rise of deep learning, researchers have 
managed to detect MAs with high accuracy. Chudzik et 
al.38 combined CNN and the voting mechanism to detect 
MAs on E-Ophtha, ROC and DIARETDB1 datasets, re-
spectively. Budak et al.39 proposed a CNN model in com-
bination of reinforcement learning and trained a model 
using the patches from MA areas and non-MA areas. Dai 
et al.40 proposed a method to extract MAs by multi-siev-
ing CNN combined with clinical diagnostic reports, which 
achieved up to 99.6% detection accuracy.

Figure 2. Technical roadmap of existing methods for diabetic retinopathy detection.
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Hemorrhage detection
Compared to MA detection, HE detection receives 
less attention. Template matching and normalized 
cross-correlation were used to extract HE candidates 
by Bae et al..41 Xiao et al.42 used rule-based and tra-
ditional machine learning methods to detect HEs. In 
addition to detecting independent HE regions, they 
also improved the detection accuracy of HEs near ret-
inal blood vessels. Tang et al.43 proposed a novel splat 
feature classification method. The splat is a segment 
of the non-overlapping part which covers the whole 
retinal image. It contains pixels that share similar col-
or and spatial location. Subsequently, a set of features 
was extracted from each splat according to texture 
information, the response of various filter banks, and 
the interaction of adjacent splat. Barath et al.44 also 
extracted co-occurrence matrix features apart from 
splat features at the gray level, and used support vec-
tor machine (SVM) to detect HEs. Grinsven et al.45 re-
alized HE detection using a nine-layer CNN. During the 
training process, samples that were wrongly classified 
as negative are dynamically selected and assigned with 
different weights, then they are used in the next train-
ing iteration to improve training efficiency. At present, 
deep learning-based methods are rarely used in HE 
detection.

HEs appear in different shapes, including dots, 
blots, and flames. It is difficult to distinguish dot HEs 
from MAs, so HEs and MAs are usually detected to-
gether, known as red lesion detection. Morphological 
operations, wavelet operations, and artificial designed 
features are combined with statistical classifiers to 
detect red lesions.46-50 Seoud et al.49 designed a set of 
morphological features called dynamic morphologi-
cal features in order to distinguish lesions and vessel 
segments. Adal et al.50 automatically detected the lon-
gitudinal changes caused by small red lesions on nor-
malized fundus images, and used SVM to identify red 
lesions according to their intensity and shape related 
features.

Exudate detection
The observation that EXs show a high gray level com-
pared to the background has been used by research-
ers in automatic lesion detection of DR.51,52 Moreover, 
it is crucial to locate the optic disc in detecting EXs. 
Usually, mathematical morphology53 and filtering op-
erations54 are used to extract candidate areas of EXs. 
Sanchez et al.55 performed Fisher’s linear discriminant 

analysis and classified retinal secretions according 
to gray characteristics to detect hard EXs. Based on 
locating optic disc and cup, Li et al.56 used the combi-
nation of regional growth and edge detection methods 
in EX detection. Wisaeng et al.57 used the mean shift 
algorithm to roughly segment EXs and obtained EX 
candidates which could be further classified using the 
mathematical morphology algorithm. Youssef et al.58 

found that the vessel segmentation can improve the 
detection accuracy of EXs after testing.

Classifiers based on traditional machine learning 
also play an important role.59-63 Osareh et al.60 used 
a multi-layer neural network to analyze the selected 
feature sets which were ranked by a genetic-based al-
gorithm and consisted of color, texture, size and edge 
strength. The image regions were divided into EX re-
gions and non-EX regions. Zhang et al.61 used random 
forest for classification according to 28 features based 
on texture, intensity, and geometry. Sopharak et al.62 

used naive bayes classifier. MaríaGarcía et al.63 experi-
mented different classifiers such as multi-layer percep-
tron and SVM to achieve a high detection accuracy.

In the deep learning era, Yu et al.64 trained a CNN 
using labeled EX patches to achieve pixel-level iden-
tification. The inputs to the pre-trained CNN are local 
regions around potential EX candidate points extracted 
using the morphological ultimate opening algorithm. 
In order to incorporate advanced anatomical location 
knowledge of potential EXs, Pavle et al.65 combined 
the EX probability map obtained from CNN with vessel 
probability map and optic disk probability map.

Neovascularization detection
As a sign of the proliferative phase of DR, the detec-
tion of NV can clearly define the progression of DR. 
Due to the lack of calibration data, the application of 
deep learning methods is restricted. At present, tradi-
tional machine learning methods are still widely used. 
Existing methods can be divided into two categories 
according to whether blood vessels are extracted or 
not.

The first category depends on the extraction of 
blood vessels. Compared to traditional features such 
as area and circumference of NV, Jelinek et al.66 veri-
fied the role of wavelet morphological features based 
on wavelet of skeletal vessels in detecting the prolif-
erative phase of DR. Welikala et al.67 detected NV by 
analyzing the local morphological changes of blood 
vessels around each pixel in fundus images. Lee et 
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al.68 obtained binary vessel segmentation image and 
enhanced green channel image through pre-process-
ing, then the statistical texture analysis, high-order 
spectrum analysis, and fractal analysis for the two im-
ages were carried out to obtain 75 relevant features. 
After dimension reduction of the feature space, the 
bias-variance tradeoff mechanism was used to find 
the optimal classification model to detect NV. Because 
NV often occurs in the optic disc, some researchers 
focused on the 1-optic disc diameter region. Yu et al.69 
extracted features of the blood vessels in the optic disc 
region, including curvature, length and diameter, as 
well as texture features, for training a SVM classifier. 
Roychowdhury et al.70 extracted 20 features related 
to texture, structure and intensity using five different 
filters: absolute high-pass filter, morphological vascu-
lar enhancement, gradient filter, watershed transform, 
and Frangi-filter. Then, Gauss mixture model classifi-
er was trained using these features for NV detection. 
Goatman et al.71 segmented the optic disc vessels and 
removed the branch points to obtain vessel segment 
set. Additionally, 15 features, such as length, direction 
and gray scale coefficient, were extracted to train SVM 
classifier for NV detection.

The second category does not require pre-ex-
traction of retinal vascular structure, and usually uses 
texture information to identify NV.72 Frame et al.73 used 
the gray level co-occurrence matrix to identify the ir-
regularity of the pixel intensity distribution related to 
the NV regions. However, such methods cannot localize 
the area of NV. In order to address this issue, research-
ers divided the whole image into several patches of the 
same size, and detected them at the patch level. Pujitha 
et al.74 extracted the vessel and orientation energy fea-
tures in each patch to co-train a classifier in a semi-su-
pervised manner. The semi-supervised method over-
comes the problem of insufficient training data. Gupta 
et al.75 also extracted texture and vascular features on 
the basis of patches to train random forest classifiers.

Classification
In order to use traditional methods, it is necessary to 
extract features, and select candidates and classifiers. 
There are many studies for DR classification using dif-
ferent features and classifiers. For example, Agurto 
et al.7 extracted texture features by applying multi-
scale amplitude-modulation-frequency-modulation. In 
the study of Morales et al.,76 the local binary patterns 
were used as a texture descriptor to distinguish DR 

from normal. Mixed features including area of EXs and 
vessels, texture and entropy, were used for DR classi-
fication by Mookiah et al.,77 and three classifiers were 
tested. Rubini et al.78 selected candidates based on 
hessian and used SVM classifier for classification. Bhat-
kar and Kharat79 also extracted different features, such 
as a 64-point discrete cosine transform and other sta-
tistical features, which were processed by multi-layer 
perceptual neural networks. Given the current perfor-
mance of traditional methods, it is challenging to craft 
new effective features manually to further improve the 
detection accuracy.

Although the neural network was initially used to 
classify DR with low accuracy,80,81 current studies are 
showing competitive performance. CNNs are prevalent 
in DR classification. For example, the Inception-V3 net-
work82 was utilized as the architecture for DR classifica-
tion by Gulshan et al..83 Quellec et al.84 trained a CNN 
model to create heatmaps for classification. Yang et 
al.85 graded the severity of DR by a two-stage DCNN-
based algorithm. Ardiyanto et al.86 proposed Deep-DR-
Net based on cascaded encoder-classifier network. By 
embedding the preprocessing layer preceding the first 
convolution layer, such as contrast enhancement and 
contrast limitation adaptive histogram equalization, 
Khojasteh et al.87 achieved a high accuracy. 

However, the CNN-based method is not ideal in 
clinical application, although it has contributed sub-
stantially to DR classification. The key to a successful 
screening with deep learning is the large amount of 
labeled data. After working closely with doctors in In-
dia and the United States, Google created a dataset 
of 128,000 images.88 For DR lesions and grade, each 
image was evaluated by 3 to 7 physicians among 54 
licensed ophthalmologists in the United States. This 
dataset was used to train a deep CNN for detecting 
conditions that can induce DR. The algorithm was test-
ed on two independent clinical verification sets con-
taining approximately 12,000 images, and the results 
showed equivalent performance as of the diagnosis 
of ophthalmologists. In addition to the existing data-
sets, such as Kaggle, Gao et al.89 created a DR dataset 
containing 4,476 fundus images, each of which was 
labeled by three senior ophthalmologists for DR sever-
ity levels: normal, moderate, heavy, and severe. The 
deep CNN model based on Inception-V3 network was 
trained using the dataset to grade the severity of DR 
on fundus images achieving an accuracy of 88.72%. 
The coincidence rate between the results of the algo-
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rithm and those of ophthalmologists was 91.8%.
Since many existing methods are tested on differ-

ent datasets and the evaluation criteria are different, it 
is difficult to compare their results directly. Undoubtedly, 
CNNs, when combined with traditional machine learning 
methods, are responsible for state-of-the-art results.

COMPUTER-AIDED SCREENING SYSTEM

Computational modeling for fundus image analysis 
is of great significance as developing reliable intelligent 
screening system of DR will not only save manpower 
and material resources, but also improve the health 
condition of populace. Since 2016, with the outbreak of 
applying artificial intelligence in the medical field, there 
have been many intelligent screening systems deve-
loped, which are the subjects of this section. 

IDx-DR90 from IDx is an intelligent product for 
DR diagnosis. The system is mainly used to detect 
the degree of retinopathy in diabetic patients aged 22 
and over. IDx-DR was developed by Michael Abramoff 
and approved by the Food and Drug Administration 
(FDA) of the United States in February 2018. IDx-DR 
is equipped with Topcon NW400 fundus camera. As 
long as the fundus picture is clear enough, it will au-
tomatically produce a screening report in one minute. 
The product is characterized by the ability to provide 
screening results without the need of clinical interpre-
tation. According to the data from its official website, 
IDx-DR achieves 87% in sensitivity and 90% in speci-
ficity. In contrast, DeepMind91 has a sensitivity of 97% 
and a specificity of 92%. This performance discrepancy 
is due to that the algorithm is trained using 128,175 
images from the American diabetes retina screening 
website and the Indian eye hospital—images from dif-
ferent sources and having various qualities ensure the 
stability of the algorithm. The first product of Eyenuk, 
called EyeArt, is a DR automated screening system us-
ing artificial intelligence and cloud computing.92 EyeArt 
can be easily used by physicians and nurses without 
too much manual interpretation and analysis by oph-
thalmologist. Due to the high cost of common fundus 
imaging equipment, indian company Remidio has de-
veloped a high-quality portable fundus imaging device 
called Fundus on Phone (FOP).93 The sensitivity of 
screening DR can reach 95.8% when FOP cooperates 
with intelligence algorithm of EyeArt. Although not as 
sensitive as the Deepmind, FOP is very convenient.

In China, Baidu Lingyi constructs a fundus 

screening system with high accuracy by integrating 
evidence-based medical interpretable algorithm ar-
chitecture and deep learning. Coupling with fundus 
camera, Baidu Lingyi builds a fully automatic artificial 
intelligence fundus screening machine to screen major 
blinding diseases, such as DR, glaucoma, and macular 
disease. The system is supported by the top domestic 
hospitals in term of data, achieving screening accuracy 
of over 94%—equivalent performance as of experi-
enced clinical ophthalmologists. Additionally, the speed 
of screening is fast. A screening report can be available 
in 10 seconds after taking a fundus image. Compared 
to Baidu, the Fundus Image Screening System of Re-
dasen aims to detect more types of fundus diseases, 
but its accuracy is lower. Deep Fundus, the product of 
Healgoo, can screen 4 common fundus diseases, such 
as DR, glaucoma, cataract and diabetic macular ede-
ma, with an accuracy higher than 95%. By learning 
100,000 fundus images of labeled lesions, the accura-
cy rate for DR screening of the Aier Ophthalmology re-
mote intelligent reading platform can reach 93%. The 
medical image artificial intelligence application plat-
form developed by the brick can mark lesions in 13-15 
seconds with accuracy over 97% on specific data sets. 
Beijing New Haoran DR cloud screening platform can 
detect HEs and EXs. The AutoEye screening system of 
Shanggongyixin has been tested in about 300 hospi-
tals, including nearly 100 tertiary hospitals covering 
more than 20 provinces in China. There are also many 
companies and research institutes developing comput-
er-aided screening systems, such as Sun Yat-sen Uni-
versity, Henan Provincial Eye Hospital, Shanghai Tenth 
People’s Hospital, Tencent, Chunyu Doctor, etc.

The general workflow of the above-mentioned 
systems is shown in Figure 3, taking IDx-DR as an 
example. Although there are many screening systems 
for DR, only IDx-DR has been certified by the FDA 
of the United States, thus it is the only commercial-
ly available device. These screening systems mostly 
work well on specific dataset, but are commonly found 
fail in clinical practice. The balance between sensitivi-
ty and false positivity is crucial for computer-assisted 
DR screening. In order to improve the accuracy of an 
intelligent screening system, it is necessary to learn 
from large amount of clinical images continuously.

CONCLUSION AND DISCUSSION

In this paper, we review studies of DR screen-
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ing, including detection of related retinal lesions and 
diseases classification. Additionally, we discuss the 
status of applying screening systems. Researchers 
have been improving the performance of DR screen-
ing and will continue to do so. At the moment, deep 
learning-based methods are responsible for the state-
of-the-art performance. While significant results have 
been achieved, challenges remain. 

First, there are lacking standard datasets for 
evaluating the performance of DR screening. Kaggle, 
the largest dataset, contains tens of thousands of im-
ages, while some other datasets contain about 100 
images. In contrast, computer vision algorithms can be 
evaluated on more than 1 million annotated images. 
The lack of data could result in poor generalization of 
a trained neural network. Thus, one research direction 
could be building a large-scale dataset which contains 
a large number of clinical images for improving the ac-
curacy and stability of machine learning algorithms.

Second, most existing methods are developed 
based on single-mode images. In addition to color 
fundus images, DR can be detected through different 
images, such as optical coherence tomography angi-
ography images and fluorescein angiograms. By fusing 
multi-modal image information acquired through dif-
ferent scanning protocols, the lesion information can 
potentially be detected more accurately. 

Third, deep learning models are difficult to in-
terpret. The correlation and causality between input 
and output are difficult to understand. Therefore, the 
screening results obtained using deep learning models 
are difficult to be trusted by physicians and patients. 
Medical-specific knowledge can be helpful to alleviate 

this issue. Moreover, a machine learning technique which 
involves domain knowledge can potentially increase de-
tection accuracy while require less time to train.

Lastly, due to the complexity of machine learn-
ing algorithms, the computing cost can be high, which 
is unfavorable as it prevents the popularization and 
utilization of screening systems. So, there is an ur-
gent need to improve the efficiency of detection algo-
rithms.
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