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ABSTRACT Detection of red lesions in color retinal images is a critical step to prevent the development of
vision loss and blindness associated with diabetic retinopathy (DR). Microaneurysms (MAs) are the most
frequently observed and are usually the first lesions to appear as a consequence of DR. Therefore, their
detection is necessary for mass screening of DR. However, detecting these lesions is a challenging task
because of the low image contrast, and the wide variation of imaging conditions. Recently, the emergence
of computer-aided diagnosis systems offers promising approaches to detect these lesions for diagnostic
purposes. In this paper we focus on developing unsupervised and supervised techniques to cope intelligently
with the MAs detection problem. In the first step, the retinal images are preprocessed to remove background
variation in order to achieve a high level of accuracy in the detection. In the main processing step, important
landmarks such as the optic nerve head and retinal vessels are detected and masked using the Radon
transform (RT) and multi-overlapping windows. Finally, the MAs are detected and numbered by using a
combination of RT and a supervised support vector machine classifier. The method was tested on three
publicly available datasets and a local database comprising a total of 749 images. Detection performance
was evaluated using sensitivity, specificity, and FROC analysis. From the image analysis viewpoint, DR was
detected with a sensitivity of 100% and a specificity of 93% on average across all of these databases.
Moreover, from lesion-based analysis the proposed approach detected the MAs with sensitivity of 95.7% with
an average of 7 false positives per image. These results compare favourably with the best of the published
results to date.
INDEX TERMS Diabetic retinopathy, supervised learning, microaneurysms, Radon transform, retinal
image.

I. INTRODUCTION

Diabetic Retinopathy (DR) is a common complication of
diabetes and the leading cause of blindness in the western
countries [1]. It is a quiet disease and in the majority of cases
identified by the patient when it is at the final stage where
treatment is intricate and almost impossible. In general, the
The associate editor coordinating the review of this manuscript and
approving it for publication was Jenny Mahoney.
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number of people afflicted by DR continues to grow at an
alarming rate [2]. However, only half of the patients are aware
of the disease. From statistical point of view, out of three
diabetic individuals one of them has signs of DR [3]. Moreover, one out of ten tolerates DR severity and vision loss [4].
Therefore, annual examinations for all diabetic patients is
strongly advised [5], [6]. If DR be detected at an early
stage, its treatment can prevent loss of vision and blindness [7]. Thus, in order to diagnose diabetic people, screening
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FIGURE 1. Sample MAs. A patch of single fundus image with different
MAs. The arrows point MAs.

programs are currently in place around the world. It is
believed that the DR screening of these people potentially
reduces the risk of blindness to them by 50% [8].
However, regular screening requires immense costs,
because of the large number of examinations. Moreover,
there are not sufficient specialists especially in rural areas
to perform so many examinations [9], [10]. Therefore,
mass-screening of DR is not possible at present. Consequently, automated systems based on image processing
approaches can help to overcome this problem by automatically detecting all retinal lesions in retinal images [11], [12],
providing a more cost effective solution by screening retinal
photographs. In this way, those patients who are diagnosed by
the automated system would be referred to an ophthalmologist for further assessment. This would allow more patients to
be screened per year allowing the ophthalmologists to spend
more time on those patients who can get the most benefit
from their expertise. In the same vein, automated screening
systems are able to remove a large number of the individuals
who do not have DR, reducing the workload of the ophthalmologists [13], [14]. In this way using Computer-Aided
Diagnosis (CAD) systems [15], [16] which apply automated
computerized techniques [17], can lead to rapid and appropriate detection [18], [19]. Such systems should be able to
detect early signs of DR and provide an objective diagnosis
based criteria defined by ophthalmologists.
The first signs of DR are Microaneurysms (MAs), tiny
dilations of the capillaries, that can be seen at the first stage
of DR [20]. Vision is not affected by MAs, but they are
indicators for the progress of DR [21]. Hence, detection of
MAs, which are visible directly after the arterial phase of
fluorescein angiography [9], [11], is the first main step in the
automated detection of DR. Furthermore, counting of MAs
has been considered as a criteria for evaluation of the progress
of the DR [11]. Fig. 1 shows examples of these lesions.
The aim of this study is to establish a system based on
CAD which is suitable for mass screening of DR in color
fundus images. Our primary focus and motivation in this
study is to develop a fully automatic algorithm using a combination of unsupervised and supervised learning to detect
red lesions (MAs) in retinal images, achieving a high level
of sensitivity and specificity and minimising false responses.
The first step uses an unsupervised method to detect potential
candidates, followed by a support vector machine (SVM)
to distinguish true MAs from false positives. This results
in an increased sensitivity and decreased false positive rate
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per image derived from a limited number of training images
compared with other supervised methods. Last but not least,
the approach is benchmarked using several datasets that
exhibit different resolutions and conditions (i.e. different
types of DR).
The rest of the paper is organized as follows. The next
section reviews other published studies in related area.
Section III explains the proposed method for all retinal
landmarks detection. Section IV introduces the material and
databases used in this study. Section V presents the results
and compares them to existing methods. The final section
presents a discussion and conclusions.
II. PREVIOUS WORKS

There are several approaches for the automatic detection of MAs in color retinal images. These approaches
can be generally classified into three groups which
use morphological-based approaches, template matching,
or supervised learning or some combination of each [9],
[11], [22]–[36]. Similarly, some of these works aim for the
automatic detection of DR [27], [28], [35], [36].
In [8] and [37] morphological algorithms are used to
increase the detection accuracy for MAs. Although this type
of analysis is typically fast and easy to apply, its simplicity
can result in poor segmentation [30]. Morphological operations such as closing [9], and the top-hat transformation [11]
have been used for the detection of MAs, tuned to their
relatively uniform circular shape and limited size range.
Wang et al. [25] used a dark object filtering process to locate
candidates. Next, singular spectrum analysis was used to
decompose cross-sectional profiles of extracted candidates.
Finally, a kNN classifier and a set of statistical features of
profiles were employed to distinguish the MAs from nonMAs. However, besides the above issue, most of the mathematical morphology methods mainly depend on the correct choice of structuring elements, and its benefits may be
lost in tailoring their size and shape to match the range of
MAs.
Another method utilizes template matching with multiscale Gaussian kernels [24], [26], [29] because MAs approximate to a Gaussian-like peak in all projections and the
intensity distribution of MAs is matched to a Gaussian
distribution [24]. Therefore, template matching-based MA
detection approaches have been proposed that can significantly increase the accuracy of MA detection. Using this
idea, Quellec et al. applied a wavelet transform method for
MAs detection. In their approach, they detected the MAs
using local template matching in the wavelet domain [24].
Zhang et al. [26] used a multi-scale correlation coefficient
based approach based on a non-linear filter with five Gaussian
kernels at various standard deviations to detect MA candidates. Ram et al. [28] presented a feature based method that
rejects specific classes of clutter whilst accepting a larger
number of true MAs. The potential MAs that obtained after
the final step were labeled with a grade that was based on
their shape similarity to true MAs. Zhou et al. [33] introduced
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an unsupervised classification method for MA detection that
does not consider a non-MA training set. They used a new
single statistic for distinguishing true MAs and non-MAs. As
with the morphological approach, this type of algorithms still
is limited due to its ignorance of hidden and unnoticeable
structures. Moreover, it requires many parameters that are
determined empirically.
A growing area is the application of machine learning [38]
to MA detection using classification approaches are mostly
seen recently [39]. Antal and Hajdu [40] applied a rule-based
expert system for MAs detection. In this approach, after
selection of MA candidates from retinal images, a rule-based
classifier was applied to detect true MAs. Niemeijer et al. [22]
used a strategy applying a combination of top-hat and supervised learning. In this approach, at first, MA candidates were
selected using the method of Antal and Hajdu [40]; then a
classifier was trained to differentiate true MAs from false
ones. Although these machine learning approaches did well
in detecting hidden structures of landmarks and MAs, they
still depend on manually selected landmarks and empirically determined parameters [30]. Dashtbozorg et al. [23]
detected MAs using gradient weighting and iterative thresholding. Local convergence index-based filters features were
extracted and given to boosting classifier for classification
of both MA and non-MAs. Similarly, Sanchez et al. [41]
employed a mixture model-based clustering method for
DR candidate extraction. Their method was followed by
a logistic regression classifier to make a likelihood for
each candidate based on its color, shape, and texture. Their
proposed method for CAD was known to significantly
reduce the time, cost, and effort of DR screening for large
populations.
Deep learning based methods, [5], [30], [42]–[52] have
been proposed and more specifically applied to automated
DR detection [50]–[53]. Gulshan et al. [42] presented a
supervised learning algorithm for automatically DR grading
in retinal images. In this study, a deep neural network was
applied to directly analyse the images and results of the
DR grading. While this study addresses the issue of finding
hidden structures and determining that empirical parameters
are not needed, for training purpose the classifiers require
a large number of retinal images and their manual interpretations, which is costly and time-consuming to create.
Moreover, there are no quantitative results clearly produced
for a certain MA. In fact for understanding and monitoring
of the development of DR, these quantitative data are critical.
Dai et al. [30] introduced a multi-sieving convolution neural network (CNN) framework integrating with the imageto-text mapping scheme for a guiding clinical report. They
analyzed this clinical reports to get a probability map of MAs.
Seoud et al. [5] proposed a novel method for automatic detection of MAs and haemorrhages in color retinal images. Their
primary focus of study was a new set of shape landmarks,
called Dynamic Shape Features, that did not need to precisely
segment of red lesion regions. Haloi [54] implemented a deep
learning network (five layers) with a dropout mechanism for
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diagnosing of early stage DR. A shortcoming of this approach
was the requirement for a large amount of training data
and computation time [55]. Using the approach introduced
by Orlando et al. [45], they applied a 6-layer CNN model
to segment the red lesions after extracting the candidates
regions. However, as noted by Orlando, existing approaches
rely heavily on hand-crafted features, which also require large
annotated training databases with annotations. The reason
is due to the deep learning needs large dataset, such that
the feature learning is impossible. In fact, automatic feature
learning is the most important advantage of deep learning,
which has been well-known in the literature.
III. METHOD

A complete block diagram of the proposed method is presented in Fig. 2 and described in the following sections.
A. IMAGE PREPROCESSING

In the first step, before MAs and other landmarks can be
investigated from a retinal image, the image needs to be
preprocessed to ensure an acceptable level of accuracy in
the detection. Generally, preprocessing is used to suppress
information that is not appropriate to the image processing or
analysis task including: color space conversion, retinal region
detection, illumination equalization, and contrast enhancement. Initially, the color RGB image is transformed to the HSI
color system. H is created from RGB values (normalized R,
G, and B to range [0, 1]). In the next step (retinal region detection) the region of the retina is located in the HSI converted
image, resulting in a binary image where the retina is labeled
by 1’s and the image background with 0’s [56]. The masked
retinal image is input to the third step, illumination equalization. This uses the original RGB image as input and equalizes
inconsistent illumination over the retinal image [57]. This
step results in a gray-level image using the green component
of the original image, where the illumination has been equalized. In Contrast enhancement step by stretching the range
of intensity values we attempted to improve the image quality [11]. Illumination equalization and contrast enhancement
method are used to minimize inter-patient variation, which
is a problem in the identification of retinal features due to
the wide color variability of retinal images from different
patients in the dataset. This variation mainly corresponds to
different pigmentation and the iris color. In fact, without some
color normalization, large changes in the original pigmentation of the retina can hamper discrimination of the comparatively small variation among the different characteristics.
It is necessary to select a reference image and normalize
the colors of all other retinal images in the dataset using
a reference image. The color normalization is performed
using histogram specification. This rectifies the image values
through a histogram transformation operator which maps a
given initial intensity distribution into a desired distribution
using the histogram equalization technique [57], [58]. (See
Fig. 3). The supplementary file provides more details of this
step.
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FIGURE 2. Graphical representation of processing steps.

FIGURE 3. The preprocessing step. (a) Original RGB image (b) Original G
channel (c) The preprocessing results.

B. MAIN PROCESSING

This step addresses the detection of other landmarks, vessels and the optic nerve head (ONH), and MAs using the
preprocessed image. In the first step, vessels and the ONH
are detected and masked from the preprocessed retinal image
and this masked image will be used for the last step of MAs
detection.
1) RETINAL VESSEL MASKING

The retinal blood vasculature is detected as dark curvilinear landmarks against a lighter background, with indistinct
boarders. They are non-uniform in intensity, length and width
throughout the image. As a result, global detection methods
are prone to failure. Here, our approach works on the retinal
image in local regions where the image characteristics are
more homogeneous. The method is built in 4 steps: retinal
image subdividing, Radon transform (RT), vessel validity,
and vessel filtration. Further details involving the steps can
be found in [59].
VOLUME 9, 2021

The following algorithms are applied to the preprocessed
Green channel of retinal image which exhibits a higher contrast between the retinal blood vessels and the background
is the reason for that. The image is firstly divided into some
sub-windows. The size of each window (n × n) is chosen
to be at least twice the width of the thickest vessel in the
image, which leads to a value for n that is approximately 2%
of the full image width. A Local RT is then applied to each
window. A problem with computing the local RT arises from
the fact that as there more diagonal pixels in a rectangular
window than the other directions, the Radon peak is more
likely to appear in this diagonal direction. This issue can
be addressed by applying a circular mask with the radius
of half of the n to the preprocessed sub-image, as suggested
by Tavakoli et al. [60]. To verify the vessel we compare the
Radon peak amplitude of each sub-window with a prespecified threshold. The Radon peak of sub-windows in the Radon
matrix would be indicative of a sub-vessel (i.e. if a vessel
exists in the sub-window). If the peak amplitude is larger
than the threshold, the detected vessel is confirmed, otherwise
the next projection is analysed. This process is repeated for
projections between 0 and π in increments of 6 degrees. The
angle of projection that locates the peak is further processed
to validate the existence of the vessel and calculate its width.
Sub-windows of detected vessels are then combined to create
a mask of the vascular tree, as shown in Fig. 4c. Here, because
the vessels are segmented locally, based on an appropriate
setting of the sub-window size (n), both thin and thick vessels
67305
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FIGURE 5. Multi-overlapping window step. The relation between window
size (n) and overlapping step ratio.

FIGURE 4. Masking process. (a) Original G channel image
(b) Preprocessed image (c) Vessel segmentation and masking (d) Masking
of the ONH and vessels.

are segmented. Another parameter in the algorithm is step
size which determines the degree of overlap of the subwindows. Fig. 5 shows the link between the step and window
size. For more information refer to Tavakoli et al. [59], [60].
2) OPTIC NERVE HEAD MASKING

In general, large variation in the ONH contrast may result
in artifact that is challenging for any retinal image analysis
method. Therefore, it is critical to locate and mask the ONH.
In the ONH detection step, because of this inhomogeneity
the sub-windowing approach is effective. The algorithm uses
4 steps: Image partitioning, Local RT, ONH validation, and
ONH masking [61].
The fundus image is initially divided into overlapping
windows and a local RT is applied to each sub-window.
Here, as in the vessel segmentation section, before applying
the RT a circular mask is applied to minimize the effect of
more pixels in the diagonal directions. Retinal structure is
detected from above-threshold peaks in each sub-window.
Detecting the ONH in candidate sub-windows exploits a
property of the RT associated with circular patterns (Fig. 6).
For a circular object, the RT has the same Radon profile at
all angles. Because of the circularity of the ONH, all the
projection profiles will have a high degree of similarity, which
can be used to enable identification of the sub-window that
contains the ONH. The boundary of the detected ONH is then
refined. The algorithm’s output is a circular mask located
at the coordinates of the center of the sub-window. The
radius of the mask is determined by the maximum possible
radius of the ONH according to the resolution of the image.
Masking the ONH ensures that it will be unable to interfere
with the subsequent processing steps. The effect of masking
is illustrated in Fig. 4d.
3) DETECTION OF MICROANEURYSMS

MAs are visible as small circular reddish patterns in color
fundus images. They are specified by their diameter which is
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always smaller than 125µm [9]. Since MAs are isolated patterns, and disconnected from the retinal vessels, they tend to
be of low contrast and are difficult to detect and separate from
image noise or pigmentation changes. MAs are most visible
in the preprocessed Green channel. Here, MA candidates are
detected by means of the local RT. As described previously,
the RT can be used to find a circular pattern in a window
(see Fig. 6) because its integral characteristics make it less
sensitive to image noise. In fact, the intensity fluctuations
appear to have been removed in this case. Therefore, it can
simultaneously be used to identify blood vessels (as linear
patterns), and both the ONH and MAs (as circular patterns)
in the retinal image. This is enabled by varying the window
size (n), which is different for each pattern. Finally, a SVM
classifier (a supervised classifier) is applied to separate true
MAs from false candidates.
a: SUBDIVIDING

MAs are detected using the described in the vessel and ONH
detection steps, a window of size n×n is created which slides
over the image (sub-windows). Choosing an appropriate window size results in the accurate detection of small or larger
circular objects. According to the resolution of the image,
the value of n is selected to be approximately 2% of the full
image width which corresponds to the maximum diameter of
a MA in a retinal image. Another element here is the ratio
of sub-windows overlap. Without overlapped sub-windows
the performance of MA detection falls. Therefore, in the
presented approach a parameter step is exploited to define the
adjoining ratio of sub-windows overlap.
b: LOCAL RADON TRANSFORM

In the proposed method, the inverted Green channel of preprocessed sub-windows is chosen for computing the local RT.
This enables a MA to be associated with Radon peaks (higher
intensity) in Radon space. The RT is defined as:
Z yZ x
f (s, θ) =
f (x, y)δ(s − xcosθ − ysinθ)dxdy (1)
0

0

where f (s, θ) is the projection of image intensity, f (x, y), at an
angle θ, δ is the Dirac delta function, and s = xcosθ + ysinθ,
is the distance from the origin to the line being integrated.
Both x and y in Eq. 1 are equal to the window size, n. In our
approach, in order to distinguish the effect of the background
on the MA Radon peak amplitude, we multiply the mean of
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FIGURE 6. Illustration of Radon transform for a line and a point. (a) 2D
illustration of Radon transform of a oblique line (45◦ ) (b) 2D illustration
of Radon transform of a point pattern in the center of sub-window.

FIGURE 8. 2D illustration of Radon matrix. Normalized Radon matrix,
Rnew , of a sub-image from Fig. 7 Rnew for projection angle of 35◦ and MA
validation conditions demonstrated on it.

FIGURE 7. Sub-image masking process. (a) Green channel sub-image;
(b) applied mask; (c) masked sub-image.

the sub-window by the window size (n) and the results is then
subtracted from the projection profile. (Eq. 2)

Rnew

(
Rw − Rmean , if (Rsub−image − Rmean ) ≥ 0
(2)
=
0,
else

Rnew is the resulting RT from Rsub−image which is the RT of
the sub-image (or sub-window) and Rmean , the mean intensity
image. Before starting the image subdividing lets look briefly
at previous parts of this study in order to make the MA
detection methods more accurate and robust.
To remove the diagonal effect on RT results, the input
sub-window is masked by applying a circular mask. The
result of masking procedure is shown in Fig. 7. The local RT is
then applied to the masked image. As noted previously, a MA
in a sub-window is related to peaks in Radon space; therefore, at this step Radon peaks should be identified. The subwindow, in which the peak occurs, is a candidate that might
have a circular pattern. If for example a MA is located in
the sub-window then peaks would be found in every column
of Radon space, which means that at all Radon projection
angles we should see a Gaussian pattern in each column, with
a sharp peak in some rows. This profile is further processed
for validation of candidate MA lesions.
c: VALIDATION

After applying the RT, the Radon matrix for each sub-window
is created. In this matrix each column shows the line integral
of a define projection angle. High intensity objects such
as the ONH, sub-vessels, and MAs in the inverted green
channel create a peak in Radon space. In the case of MA
detection, an easy solution to validate MAs is to compare
the Radon peak amplitude with pre-specified thresholds. The
semi-circular pattern of a MA produced this peak (Gaussian
peak) in all columns of the RT matrix, these Gaussian peaks
VOLUME 9, 2021

would have a similar pattern. Therefore, according to the
maximum size and shape of a MA in the retinal image we
definite two simple conditions to identify the peak forms in
Radon space instead of fitting Gaussian function. The peak
of every column (Pα ) should be higher than the threshold
(Peak Th), and the height of the peak pattern at a pre-specified
distance (w) from its peak should be less than a second
threshold (Domain Th). For more details see Fig. 8. These
two conditions defined as Eq. 3 and are checked against Rnew .
(
1 : Pα ≥ Peak Th
(3)
2 : Rnew (iPα ± w, α), ≤ Domain Th
Rnew (iPα ± w, α) is used to show two Radon matrix elements in the same projection angle (α). If a MA exists in
a sub-window these two conditions would be passed for all
columns (projection angle), but this rarely occurs. All validated MA candidates were found in the form of some blocks,
each one including only a MA candidate.
d: SUPERVISED LEARNING CLASSIFICATION

To decrease the number of false positives among valid candidates identified through the operations of the previous
section, all candidates are classified into MA or non-MA
categories. An MA should meet three criteria [9]: (i) according to retinal micro-vascular architecture, MAs only occur
in capillaries, thus they are far from each other (more than
20 pixels in this case) and should never overlap; (ii) MAs
should have a semi-circular shape; and (iii) MAs should be
of uniform intensity. For the first criteria we check each 5
overlapped windows in all directions with their associated
Radon profile and only one of them (with maximum and
same profile in all directions) could remain and others would
be filtered out. The result of this filtering process shows
completely separate candidate blocks. To address the other
two criteria a supervised learning process using a 2D vector
for each validated candidate followed by a SVM classifier
to distinguish true MAs from non-MAs (which are taken
as false positive candidates) is applied. After considering
alternative classification methods [62] (random forest and a
neural network) SVM was selected as the best choice, and
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follows the recommendations of previous researchers [63].
SVMs are a natural choice for two-class problems, and they
demonstrate good performance in high dimensional spaces.
The idea behind the SVM is to extract the hyper-plane that
perfectly separates vectors from both classes in feature space
while maximizing the distance from each class to the hyperplane [64].
The following categories of features are used to distinguish
true MAs from false positives:
•
•
•

Binary features, such as size and shape of the MA candidates.
Intensity-based features describing the gray level distribution the candidate regions.
Color features in terms of the color within the MA
candidate region.

The following define the actual features used:
(1) area (number of pixels of the candidate region);
2
);
(2) circularity measure ( perimeter
4πArea2
(3) total intensity of the candidate region (in the green
channel;
(4) mean intensity of the green channel;
(5) normalized intensity of the green channel;
(6) normalized mean intensity of the color values;
(7) mean value of the region surrounding the candidate
region (green channel);
(8) standard deviation of the surrounding region;
(9) standard deviation of preprocessed sub-window;
(10) mean value of the associated closing of the preprocessed sub-window (to identify candidates situated on vessels);
(11) standard deviation value of the associated closing of
the preprocessed sub-window; and
(12) the dynamical range of the preprocessed sub-window
on the surroundings of the associated candidates.
The circularity of a candidate region is calculated from
the variation in the MA diameter at different orientations,
extracted from the projection columns in the Radon matrix
of Rnew .
To calculate the MA diameter in each sub-window, assume
that the Pα (Fig. 8) is the peak in the α Column and the MA
center located at ip and K is a constant (0 < K < 1); points
of height (K × Pα ) are located either side of the peak, i.e.
at (i+KPα ) and (i−KPα ) and the diameter would be equal to
their difference.
Rnew (i+KPα ) = Rnew (i−KPα ) = K × Pα
dα = i+KPα − i−KPα

(4)

The first dimension then would be calculated by variance of
dα according to different projection angle(α). Second dimension of vector is achieved by calculating the variance of peak
(Pα ) in different projection angle (α) of Radon matrix, Rnew .
In the final step the SVM would find a class of true MAs and
algorithm eliminate other validated candidate. As we have
shown in Fig. 9 a sample result, our approach extracts all MAs
67308

FIGURE 9. Result of MA detection. (a) Original image, (b) result of MA
detection algorithm, (c) selected region of interest (ROI), (d) vessel
masking of the ROI, (e) candidates of the ROI, (f) final MAs detection of
the ROI.

in all size well even either we have in low contrast regions or
with very small diameter.
IV. EXPERIMENTAL SETUPS
A. DATABASES

To benchmark the proposed MA detection method described
in this study, four datasets (one local and three publicly
available) were used (See Tables 1 and 2). The full dataset
comprises a total of 749 images, with 95 normal fundus
images (i.e. without MAs), and 654 images that have been
classified by ophthalmologists with DR. Details of the individual datasets are as follows:
1- The first set (rural database) was named MUMSDB (Mashhad University Medical Science Database). The
MUMS-DB provided 220 retinal images including 200 cases
with DR (with varying severity, mild, moderate and severe)
and 20 without DR [61], [65]. The images were obtained via
a TOPCON (TRC-50EX) retinal camera at 50 degree field of
view (FOV) and mostly obtained from the posterior pole view
(including ONH and macula) with a resolution of 2896×1944
pixels.
2- The second is the DRIVE database consisting
of 40 images; 33 images have no signs of DR and 7 images
showed signs of early or mild DR. For this set, two specialists
provided manual segmentations for each image [66]. The
images were captured using a Canon CR5 non-mydriatic
3CCD camera with a 45 degree FOV. Each image was taken
using 8 bits per color plane at 768 × 584 pixels. Furthermore,
a mask image is available for every retinal image, indicating
the region of interest.
3- The MESSIDOR database consists of 400 undilated
retinal images. For each image, a DR grade is provided as
well as a risk of macular edema. In this study, we used
only the DR grades, which are based on the number of
MAs [67]. The images of the posterior pole were captured
using a color video 3CCD camera mounted on a Topcon
TRC NW6 non-mydriatic retinograph with a 45 degree FOV.
Images were captured using 8 bits per color plane at 1440 ×
960, 2240 × 1488 or 2304 × 1536 pixels.
VOLUME 9, 2021

M. Tavakoli et al.: Automated MAs Detection in Retinal Images Using RT and Supervised Learning

TABLE 1. Details for image based analysis for all datasets in this study.

TABLE 2. Details for lesion based analysis for all datasets in this
study [69].

4- The DIARETDB1 dataset includes 89 retinal images
produced under different imaging settings; 84 images have
symptoms of mild or pre-proliferative DR, and the rest are
healthy images. Four different ophthalmologists have delineated the regions where MAs can be found [68]. Images
were acquired using a 50 degree FOV digital fundus camera. Each image was taken using 8 bits per color plane
at 1500 × 1152 pixels.
B. TRAINING AND TESTING DATABASES

To tune our parameter to achieve maximum accuracy and
evaluate the effectiveness of a classification scheme a dataset
is partitioned into training and testing subsets.
For the DRIVE dataset, the 20 of the hand-labeled segmentation images are used as the training set and the
remaining 20 form the test set. The DIARETDB1 public
database is divided into 28 training images and 61 testing
images, each with the ground truth created by an expert
ophthalmologist.
For the other two datasets (MESSIDOR and MUMSDB)
there is no distinction between images that are used separately
for training or test set. Hence, for the both datasets the classifier is evaluated using an iterated leave-one-out methodology [70], where the model is trained on 619 images and tested
on the remaining one. The benefits of this method (compared
with, say, random sampling [71]) is that the training and test
images do not overlap and the network is trained on all the
images in the dataset.
V. EXPERIMENTAL RESULTS

The aim of this study is to establish an automated screening
method for identifying the DR by detecting MAs. Here,
the focus is on detecting MAs as the most important vascular
lesions to identify early stage DR from non-mydriatic color
retinal images. Although patient analysis is more important,
pixel-based analysis would give more information on accuracy of the algorithm presented here.
In Fig. 10, the accuracy of the diagnosis is assessed
using ROC curve analysis, and concept of the sensitivity
(or true positive rate (TPR)) and specificity (or 1−false
VOLUME 9, 2021

FIGURE 10. Comparison of ROC curves for DR detection approaches.
Comparative analysis of ROC curves of the proposed method and related
approaches [43], [45], [54], [69], [75] from the DIARETDB1 dataset.

positive rate(FPR)) measures. The ROC curve illustrates the
tradeoff between sensitivity and specificity (Eq. 6) for a range
of thresholds and enable the identification of an optimal
value [65]. By varying the value of Peak Th (Eq. 3) in the
interval [0, 1] the values for TPR and FRP are calculated and
the ROC curve is plotted. However, different classification
goals might make the selection of one point on the curve
more appropriate for one task whilst another point may be
more suitable for a different task. Hence, assessment using the
ROC curve is a way to benchmark the model independent of
the choice of threshold. The results for the automated method
are compared to the groundtruth or gold standard (GS), which
is manual detection by an expert ophthalmologist. Sensitivity
and specificity are computed as:
TP
TP + FN
TN
FPR = 1 − Specificity =
TN + FP
TPR = Sensitivity =

(5)

where TP is a count of true positives, TN counts the true
negatives, FP the false positives and FN the false negatives as
in [72]. Moreover, the performance of MA detection is benchmarked separately by plotting the free-response operating
characteristic (FROC) curve. As we have shown in Fig. 11,
in FROC analysis the sensitivity of the algorithm is evaluated
with respect to the average number of false positives per
image. Additionally, the F-Measure [73], [74] is chosen to
assess the accuracy of the proposed approach (See Table 2).
The F-Measure value indicates the balance between the precision and the recall. All measures can be calculated from TP,
FP, FN, and TN rates.
F − Measure =

2Precision × Recall
Precision + Recall

where the precision is computed by
TP
calculated by TP+FN
.

TP
TP+FP ,

(6)

and recall is
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TABLE 3. MA detection results in image based analysis with and without
vessel removal.

FIGURE 11. Comparison of FROC curves for MA detection approaches.
Comparative study of FROC curves of the propose method with the state
of the art approaches [5], [23], [25], [28], [30], [40], [45], [46], [63] using
the DIARETDB1 dataset.

A. DETECTION OF VESSEL MAP

Small vessels may be detected from small isolated patterns,
which could be identified as false positives in the detection of
MAs. detection of MAs. The proposed method was initially
used to segment the vessels in images from a fluorescein
angiography database (Tavakoli et al. [59]). The algorithm
is shown to have a sensitivity of more than 90% for vessel
segmentation when applied to the images from the color
databases used in this study. Retinal vessel detection is used
to create a vessel map from the retina.
To investigate the effect of vascular detection and masking,
a comparison was made between the results of MA detection
with and without the removal of the vessels (Table 3). Without
vessel masking the sensitivity remained unchanged at 100%
in an image-based analysis; however, the specificity dropped
from 93% with masking to 75% without it. From MA (lesion)
based analysis view point, sensitivity increases from 95.7% to
99.5% without vessel masking; in addition, with masking the
number of FP’s per image decreases from 33.2 to 7.
B. DETECTION OF MICROANEURYSM

There are two different levels for an evaluation of the performance of MA detection: an image level and a lesion
level analysis. In this section, we discuss both evaluation
levels; firstly for image level analysis, where DR would be
diagnosed when there are more than 5 MAs per image [11].
1) IMAGE BASED ANALYSIS

For the 749 images across all datasets, including 95 normal fundus images (without any MAs), and the rest DR
images according to the final GS rating. The algorithm found
660 candidates with MAs, consisting of 654 true positive (TP)
images that contained more than 5 MAs, and 6 false positive (FP) images. 89 out of 95 healthy fundus images were
correctly detected as true negatives (TN), whilst no DR
images were falsely diagnosed as healthy (FN). A diagnosis
of DR according to MA detection in this stage is acceptable
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and shows a sensitivity of 100% and a specificity of 93%.
Table 3 shows a comparison of the performance of the proposed approach with and without removal of the vessel map.
Whilst vessel removal has not affected the sensitivity of
the algorithm to detect MAs, the specificity is significantly
affected.
2) LESION BASED ANALYSIS

Here, it is informative to consider performance of MA detection for further MA analysis. A total of 5365 MAs were manually identified across the set of DR images; in the 95 normal
images there were either zero MAs or less than 5 (in the
case of six of the images); all the other images had more
than 5 MAs [76]. The proposed method detected 5634 MAs
across the full database of images; of these, 5241 were true
positives (TP) associated with the diagnosed of diagnosed
5365 MAs, and only 124 MAs were missed (FN). 398 out
of the 5634 MAs detected by the automated method were
detected in the healthy tissue of the normal samples. Therefore, using Eq. 6 the sensitivity of the lesion based analysis
is 95.7%. Calculating the specificity of the method in the
pixel-based analysis requires, true negative value. The statistical value which could help us in evaluating the method is
average false positives per image value; FP per image, which
is 7.
VI. DISCUSSION

This study has presented and validated an algorithm to detect
the MAs in a fully-automatic fashion. An important feature of
the study is the use of the RT, as an unsupervised approach,
to detect the all landmarks such as the vascular tree, ONH,
and MAs in fundus images and also SVM, using supervised
learning, to classify between MA and non-MA candidates
associated with the low FP rate per image. Computers are
effective at difficult tasks involving the production of quantitative information from images because their ability to process data is fast and efficient and they have high level of
reproducibility [5]. Hence, an automated screening system
would help to reduce the workload of well-paid specialists,
enabling hospitals to use their resources in other critical
tasks [57]. Meanwhile, it would be possible to screen more
people and more often by applying these systems, since they
are less expensive than manual screening.
The detection of the retinal vasculature tree can simplify
detection of other features that are signs of disease, such as
MAs, and other changes in the vascular network including
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neovascularization. Thin vessels are visible as substitute of
small isolated features, which might otherwise be identified
as false positives in the detection of MAs. Vascular segmentation was the first step of the processing, enabling masking
of the vascular structure. This step decreases the number of
FPs in the final detection of MAs. The accuracy of final
results was not found to depend highly on the accuracy of
vessel masking but does decreases the number of FPs per
image (Table 3). The specificity of the proposed method
decreased when the algorithm is applied without vascular
removal. However, sensitivity did not change from 100% in
the image-based analysis. In the lesion-based analysis without vascular masking, sensitivity increased from 97.7% to
99.5%. In the first situation (with vascular removal) we have
an average of 7 FPs per image while without vascular removal
it increased to 33.2 FPs per image. The SVM classifier, which
was trained using the leave-one-out method, was then used to
correctly discriminate MAs from non-MAs. In order to select
the optimal parameters, all of the training images were tested
with different combination of parameters [89].
The detection of MAs used two different levels of evaluation: the image and lesion-based analysis. Image-based analysis considered all 749 images from the datasets, including
95 normal fundus images, and 654 DR images classified
according to the final Gold standard. Diagnosis of DR from
MA detection was excellent and showed sensitivity of 100%
and specificity of 93%.
As we said before, in looking for a united program for mass
screening of DR, it is important to have sufficient sensitivity.
If we look at the entire study, the sensitivity of the image (or
patient) based analysis of MAs is the most critical purpose of
this study. The sensitivity of 100% makes our CAD trustable
in diagnosis of DR. Although the sensitivity is 100%, according to current digital legislation and also medical council
law, confirmation of a disease for all medical plans should
be done by a physician and CAD should not make any plan
within the current legislation and ethical regimen. Moreover,
since we focused on the lesion based analysis, it is instructive
to monitor how effective is the detection of MAs really is.
The sensitivity of 95.7% in MA based analysis suggests
the potential of the algorithm, even in treatment planning
and follows-up. Another statistical analysis that assisted in
benchmarking the approach was achieving an average of only
7 FPs per image which performed better than all unsupervised
methods and most supervised ones such as [43], [54]. The
results demonstrate that it is feasible to employ the algorithms
to support clinicians in classifying retinal images into normal
and diseased classes, and thus support them in their decision
making.
According to the results of ROC (Fig. 10) and FROC
(Fig. 11) curves analysis, the proposed approach is shown
close or better results than unsupervised methods and
some supervised ones reported in the literature. From the
measurement of AUC our method performed better than
almost all unsupesrvised methods. In the supervised methods, our approach was better than [5], [30], [40], [45], [78]
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TABLE 4. Performance comparison results to other methods in MA
detection.

(see Table 4). In terms of false positive per image, our
approach performs better than most of the methods applied
to the DIARETDB1 images and is comparable with [28] (See
Fig. 11).
In general, although some of supervised approaches have
better results in MA detection, they are dependent on the
training data and also sensitive to false edges [90]. To test our
approach using high resolution images, a new local database
(MUMS-DB) was utilized that contained three times the
number of images in the most widely-used public datasets.
Although the performance on this database was lower than
the other three public datasets (about 4% less), it still detected
MAs with high sensitivity and AUC (greater than 92%).
More importantly, since this database has DR of varying
severity (mild, moderate and severe examples of NPDR) the
effectiveness of the algorithm was demonstrated on a wider
range of DR lesions. Our algorithm, unlike some methods,
such as [90], [91] which consider small MAs close to the
vasculature as a part of the vessel map, distinguishes between
MAs and segmented vessels by using an appropriate window
size, n, and an accurate reconstruction process. However, our
approach has one limitation. From computational viewpoint,
the average processing time per image for our method running
on a PC with an Intel Corei3 CPU at 2.13 GHz and 2 GB of
RAM was 4.5 minutes, which is likely to be high for portable
DR screening systems of the future. The reason for this arises
from the use of the RT in overlapping windows. Without
overlapping windows the computational time is less than a
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minute, which is more acceptable, but results in a drop in the
accuracy of MA detection.
From the deep learning view point, there are some excellent
studies, which are mentioned in the section II, with very good
results [30], [43], [53], [54], [63]. Our results are comparable to those reported in [30], [43] but less than in [54].
However, a drawback with these methods is that they need
a huge database for training purposes. Our future plan is to
investigate the combination deep neural networks and N-shot
learning [92], [93] with the methods used in this study to see
if results can be further improved.
VII. CONCLUSION

One advantage of our algorithm is that, unlike other
approaches, such as [90], [91], [94] which consider some
MAs close to the retinal vessels as a part of the vessel
map, by using a combination of RT, overlapping windows
of a selective size, and SVM it can distinguish between
MAs and segmented vessels by using an appropriate window size, n, and an accurate SVM classification process that
concluded small FP rate per image in compare to most of
published approaches. Other advantages in the processing
including: accurate detection of the retinal vessel’s location,
determination of some parameters such as the width and
length of vessels, even determining the location of vessel
bifurcation, and localization of the ONH which can assist
clinicians in analysing images later by registration schemes.
Our algorithm also has some significant benefits in the
detection of MAs in retinal images, including its robustness to noise, because of the integral nature of the Radon
transform, acceptable performance in the detection of both
thick and thin retinal vessels by the combined methods of
RT and multi-overlapping windows, and last but not least,
the approach is simple in comparison with other studies
mentioned here.
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