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Abstract

Objectives: The focus of this paper is to introduce an
automated early Diabetic Retinopathy (DR) detection
scheme from colour fundus images through enhanced
segmentation and classification strategies by analyzing
blood vessels.
Methods: The occurrence of DR is increasing from the past
years, impacting the eyes due to a sudden rise in the
glucose level of blood. All over theworld, half of the people
who are under age 70 are severely suffered from diabetes.
The patients who are affected by DR will lose their vision
during the absence of early recognition of DR and appro-
priate treatment. To decrease the growth and occurrence of
loss of vision, the early detection and timely treatment of
DR are desirable. At present, deep learning models have
presented better performance using retinal images for DR
detection. In this work, the input retinal fundus images are
initially subjected to pre-processing that undergoes
contrast enhancement by Contrast Limited Adaptive His-
togram Equalization (CLAHE) and average filtering.
Further, the optimized binary thresholding-based seg-
mentation is done for blood vessel segmentation. For the
segmented image, Tri-level Discrete Level Decomposition
(Tri-DWT) is performed to decompose it. In the feature
extraction phase, Local Binary Pattern (LBP), and

Gray-Level Co-occurrence Matrices (GLCMs) are extracted.
Next, the classification of images is done through the
combination of two algorithms, one is Neural Network
(NN), and the other Convolutional Neural Network (CNN).
The extracted features are subjected to NN, and the tri-
DWT-based segmented image is subjected to CNN. Both the
segmentation and classification phases are enhanced by
the improvedmeta-heuristic algorithm called Fitness Rate-
based Crow Search Algorithm (FR-CSA), in which few pa-
rameters are optimized for attaining maximum detection
accuracy.
Results: The proposed DR detection model was imple-
mented inMATLAB 2018a, and the analysis was done using
three datasets, HRF, Messidor, and DIARETDB.
Conclusions: The developed FR-CSA algorithm has the
best detection accuracy in diagnosing DR.

Keywords: average filtering; contrast limited adaptive
histogram equalization; convolutional neural network;
diabetic retinopathy; fitness rate-based crow search algo-
rithm; gray-level co-occurrence matrices; neural network;
optimized binary thresholding; tri-level discrete level
decomposition.

Introduction

Diabetic Retinopathy (DR) is the disease, which is usually
seen in diabetic patients associated with the damage of
retina caused due to diabetes mellitus that lives a long time
[1, 2]. The major cause of DR is the loss of vision and
blindness as it is traced globally to “2.6 million cases” of
huge vision deficiency and “0.4 million cases” of blindness
in the year 2015. If thedisease isdetectedand treated in time,
the abnormality ofDR to vision can beprevented or avoided.
However, as there are some symptoms in the early stage of
DR, several patientsmightmiss thebest time for treatingDR.
Moreover, DR detection has extremely relied on the analysis
and observation of fundus images and this process will
consume more amount of time even for the experts.

By using highly trained domain experts, manual
analysis has been performed and thus it is expensive when
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computing time and costs are considered. For evaluating
the fundus images automatically, it is significant for using
computer vision models, which helps the radiologists or
physicians. The approaches based on computer vision are
split into “end-to-end learning [3–5] and hand-on engi-
neering” [6–8]. The hidden rich features are learned by
end-to-end learning automatically and therefore better
classification is done. By using conventional models like
Gabor filters [9], HoG [10], LBP [11], and SIFT [12], the hand-
on-engineering models will extract the features and it
fails to encode the illumination, rotation and scale varia-
tions. To detect DR in Kaggle dataset, numerous “end-to-
end and hand-on engineering-based techniques” [13–15]
are employed; still, there is no method for mild stage
detection. This stage detection is significant for early con-
trol. To detect DR accurately, CAD models have more
possibilities in less span of time that will assist the physi-
cian further for decreasing the count of blindness and
enhancing the DR screening rate [16].

Several approaches have been introduced in the past
20 years to detect DR automatically. By many techniques,
a typical model is used for particular DR lesion detection
prior to the diagnosis of the entire retinal fundus image
[17]. In general, to categorize the image patches as
abnormal and normal, supervised learning models are
applied. This kind of approaches is based on DR lesion
manual annotation that leads to cause more workload to
the clinicians over retinal image DR gradation. As a
result, the generation of the training dataset is obstruc-
ted, in which the data-driven models are learned in a
better way for dealing with discrete conditions of DR.
A weakly supervised learning model called MIL [9] was
analyzed by various researchers for saving the annotation
cost and to learn, more retinal images are made available
[18, 19]. To classify the image patches, the models that are
introduced until now make use of the handcrafted fea-
tures. By using MIL, the authors failed to attain advan-
tages from vast datasets that are frequently producing
less detection accuracy over other supervised learning
techniques.

The major contribution of the implemented DR detec-
tion technique is shown below.
– To introduce a new method for detecting DR by

considering the input fundus images using an effective
segmentation and classification algorithm.

– To maximize the detection accuracy by introducing an
improved meta-heuristic algorithm that optimizes the
relevant parameters.

– To perform accurate blood vessel segmentation using
optimized binary thresholding that could segment the
blood vessels with high accuracy.

– To decompose the blood vessel segmented image with
a decompositionmodel named Tri-DWT, and to extract
a set of features using GLCM and LBP for classifying
the images.

– To classify the images by the combination of NN and
CNN, in which the extracted features are subjected to
NN and the decomposed image are subjected to CNN
and the count of hidden neurons are tuned by the
improved FR-CSA algorithm.

The entire paper is modeled as: Section 2 represents the
review of existing DR detection models. In Section 3,
DR diagnosis from retinal fundus images is discussed. The
optimal binary thresholding-based blood vessel segmen-
tation with feature extraction is shown in Section 4. In
Section 5, the FR-CSA for optimal blood vessel segmenta-
tion and detection is shown. The results and discussions of
the entire paper are given in Section 6. The final Section 7
shows the conclusion of the paper.

Literature review

Related works

In 2018, Costa et al. [20] have recommended a new tech-
nique based on the MIL approach for surpassing the
requirement by leveraging the implicit data existing on the
annotations made in the image level. Many helpful mid-
level depictions of pathological images were acquired in
such a manner. Further, the suggested model’s explain-
ability was improved by applying a new loss function with
mid-level depictions and suitable instance. The developed
approach attained the best performancewhen compared to
other approaches.

In 2018, Kar and Maity [21] have introduced a new and
automatic lesion detection model. To provide further pro-
cessing, the suppression of optic disc and blood vessels was
done. For separating the dark lesions, Curvelet-based edge
improvement was performed. The wideband bandpass filter
was improved when the brightness among the background
and bright lesions. Later, the mutual information of the
maximum Laplacian of Gaussian response and matched
filter response were combinedly maximized. To determine
the optimal values for the parameters of fuzzy functions, a
differential evolution algorithm was employed, which
defined the segmentation thresholds of the candidate re-
gions. For removing the false detection of candidate pixels,
morphology-based post-processing was applied.

In 2018, Zhou et al. [22] have developed the MIL tech-
nique for detecting DR that together learned the features as
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well as classifiers from the data and attained a more
improvement in DR image and its lesion detection. To
attain the patch-level DR estimation, a pre-trained CNN
was employed. Later, for performing the DR image
classification, global aggregation was employed. To tackle
with irregular DR lesions, the researchers introduced an
end-to-end multi-scale model. By using two datasets
named Kaggle and Messidor, the proposed model was
analyzed.

In 2018, Amin et al. [23] have applied an automatic
approach for DR detection and classification. For
enhancing the region of interest, a local contrast
enhancement approach was utilized. For precise lesion
segmentation, an adaptive threshold approach by mathe-
matical morphologywas employed. Next, to perform better
classification, both statistical and geometrical features
were combined. The datasets such as E-ophtha, DIA-
RETDB1, local datasets and Messidor datasets were used
for validating the developedmodel using variousmeasures
like accuracy and area under the curve.

In 2018, Xu et al. [24] have developed an innovative
algorithm that included two procedures from pathological
risk factors, and microaneurysms turnover for detecting
the growth of DR. To acquire the turnover of micro-
aneurysms, one method followed a conventional image
analysis-based roadmap. For classifying the resolved
microaneurysms, new and unchanged with the pattern
classification and statistical analysis approaches, the other
analyzed seven pathological features associated with the
turnover microaneurysms. The developed model was
evaluated on the “Grampian diabetes database”. It has
shown that the model attained huge specificity and
sensitivity.

In 2019, Zheng et al. [1] have suggested a CAD model
based on deep learning techniques for diagnosing refer-
able DR automatically by categorizing color fundus images
into normal and abnormal. CNN using a Siamese-like
structure was trained by the transfer learning approach.
The developedmethod allowed binocular retinal images as
inputs and learned their correlation for assisting to make
the prediction. The outcomes have shown that it attained
the best kappa score that was more when compared over
non-ensemble approaches.

In 2019, Qummar et al. [8] have been suggested
discrete computer vision-basedmodels for both DR and its
various stages of detection from retinal images. However,
these techniques were not able to encode the basic com-
plex functions and have the ability to categorize various
stages of DR by attaining less accuracy especially in the
early stages of detection. To train deep CNN approaches
like “Dense121, Xception, Dense169, Resnet50, and

Inceptionv3” for encoding the rich features and the
enhancement of discrete DR stages classification, freely
accessible Kaggle dataset related to retinal images. The
outcomes have revealed that the developed approach
detected all DR stages when compared to traditional
approaches.

In 2020, Roshini et al. [25] have introduced an auto-
mated DR detection scheme. In pre-processing, the con-
version of RGB to lab and histogram equalization was
done. The segmentation process includes three steps for
attaining the segmented images. The adaptive average
filtering process was used for filtering, and the filter co-
efficients were tuned using an enhanced heuristic algo-
rithm named FP-CSO. The classification was performed by
Deep CNN, in which the enhancement was done on the
convolutional layer that was optimally tuned using the
proposed FP-CSO algorithm.

Review

Although there are many benefits with the existing DR
detection models, still there are few conflicts with those
models so that an effective model needs to be imple-
mented for DR detection. Some of the pros and cons of
the existing DR detection models are tabulated in
Table 1.

Diabetic retinopathy diagnosis
from retinal fundus images

Developed architecture

In all over the world, DM has significant morbidity and
mortality, which are usually seen in not only in huge
developed countries but also in developing countries. The
effect of DM causes a specific challenge to the healthcare
systems in several developing countries. DR consists of
some microvascular complications, which becomes severe
for time. The different stages of DR are PDR andDME that in
turn cause blindness and visual impairment. For diag-
nosing both DME and PDR, there are efficient and high
computational cost treatments. The diagrammatic repre-
sentation of the proposed DR detection model is shown in
Figure 1.

The proposed DR detection model concerning color
fundus images perform enhanced segmentation and clas-
sification mechanisms by evaluating blood vessels. The
developed method includes “pre-processing, blood vessel
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segmentation, image decomposition, feature extraction
and classification”. Initially, the input retinal images are
given to the pre-processing phase, in which green channel
conversion, CLAHE, and average filtering methods are
done. While performing CLAHE operation, the visibility of
the image is improved, whereas average filtering performs
the smoothing of the image by minimizing the amount of
intensity between the pixels. Next, the blood vessel seg-
mentation is done by optimized binary thresholding using
FR-CSA, and area opening. To decompose the blood vessel
segmented image, Tri-DWT is used. Once the segmentation
is performed, the features such as LBP and GLCM features
are extracted from the blood vessel segmented images.
These features are subjected to the machine learning al-
gorithm named NN, whereas the Tri-DWT-based decom-
posed image is given to the deep learning model called
CNN. Here, the optimization of hidden neurons in both NN
and CNN is done by the improvedmeta-heuristic algorithm
called FR-CSA for maximizing the detection accuracy. By
using bit AND operator the results of both NN and CNN
are combined for providing an improved classification
accuracy for categorizing the image into normal and
abnormal.

Table : Review of existing diabetic retinopathy detection models.

Author
[citation]

Methodology Features Challenges

Zeng et al. [] CNN – It has attained the best kappa score.
– It is used for the automatic detection of RDR.

– It doesn’t encode the position and orienta-
tion of an object.

Qummar
et al. []

Deep CNN – It is used for rich feature encoding and enhances
the classification performance for various DR
phases.

– It has attained the best performance.

– It requires the spatial invariance of the input
data.

Costa et al.
[]

MIL – It is used to classify the bags into two classes.
– It efficiently uses the local information present on

the image to a similar level.

– If the instances don’t have accurate classes,
it won’t work well.

Kar and
Maity []

DE – It is used to define the optimal values for the fuzzy
function parameters.

– It has the best detection accuracy.

– It has an unstable convergence in the last
period and can easily fall into local optima.

Zhou et al.
[]

Deep MIL – It attains an improved performance in DR images
and their lesion detection.

– the performance is improved by acquiring the effi-
ciency of feature learning.

– It is less accurate.

Amin et al.
[]

Ensemble bag-
ged tree

– It has attained the best performance when
compared to other classifiers.

– It ensures the stability of the model.

– It has an over-fitting problem.

Roshini et al.
[]

Deep CNN – It is used to classify the severity of exactness.
– It produces good reliability and validity and is

strong for data variations.

– It is computationally expensive.

Xu et al. [] SVM – It has a specific indication to find the feature
weights.

– It is found to be more effective for classification
problems.

– It is not suitable for vast datasets.

Figure 1: Proposed architecture of DR detection model.
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Image pre-processing

In the image pre-processing, the green channel conversion,
CLAHE and average filtering approaches are performed for
improving the brightness of the image with less intensity
variation among the pixels. Consider, Binp as the input
image.

Green channel conversion: To observe the abnormal-
ities present in the image clearly, the input RGB image is
converted into a green channel image. The image’s contrast
is enhanced using green channel conversion since the
input retinal fundus images have very less contrast. Once
the green channel conversion is done, the image repre-
sentation is given by Bgreen.

CLAHE: It is employed to improve the image bright-
ness. CLAHE is implemented as shown below.
(1) Each input image is split into non-overlapping

contextual regions of similar size including 8×8
blocks, each one is correlated with the neighborhood
of 64 pixels.

(2) Each contextual region’s intensity histogram needs to
be calculated.

(3) For clipping the histograms, the clip limits are set. This
is the threshold parameter for enhancing the image’s
contrast effectively. This requires to be set to the min-
imum optimal value.

(4) Each histogram is modified by selecting the trans-
formation functions.

(5) By using the limit of constant clip limit, each histogram
is modified and the corresponding equation is denoted
in Eq. (1). Here, the calculated pixel value is denoted as
p, the maximum and the minimum pixel values are
given by pmax and pmin. The cumulative probability
distribution is denoted as cmp(q).

p � [pmax − pmin]∗cmp(q) + pmin (1)

In Eq. (2), the gray level is changed for performing
exponential distribution. Here, the clip parameter is indi-
cated byα. This approach functions on small sections of the
image called “tiles” rather than the entire image. Thus, the
histogram’s output region is approximately similar to the
histogram of each tile’s brightness that is improved by
considering the type of distribution.

p � pmin − (1
α
)∗ln[1 − cmp(q)] (2)

(1) By using bilinear interpolation, the neighboring tiles
are combined and the image’s gray-scale values are
modified for the enhanced histograms. The final
CLAHE image is denoted as Bclahe, which is used for
further processing.

Average filtering [26]: This process smooths the edges by
minimizing the intensity among the neighborhood pixels.
This is used for improving the target pixel and later the
entire pixel’s average is considered. The image’s feature is
helpful for viewing the size and shape of an image. The
resultant image of CLAHE Bclahe, to this the average
filtering is performed. The corresponding average filtering
image is shown in Eq. (3).

Bavrg � 1
avf

∑Bclahe(m, n) (3)

In the above equation, the order of the average filter is
represented as avf. The pre-processed image Bavrg is
applied for blood vessel segmentation for further
processing.

Optimal binary thresholding-based
blood vessel segmentation with
feature extraction

Optimized blood vessel segmentation
process

Here, the blood vessels are segmented by optimized binary
thresholding, which considers the subtraction of CLAHE
and average filtered image as input based on Eq. (4).

Bsub � Bclahe − Bavrg (4)

Image thresholding is applied to the subtracted image
Bsub, which is a simple and efficient process for performing
image partitioning into the foreground and background.
This analysis is one type of image segmentation approach,
which isolates the objects by converting the gray-scale
images into binary images. By setting the thresholding
value, Thresh, on the pixel intensity of the actual image,
the binary image is obtained, and it is termed as thresh-
olding. The binary thresholding equation is denoted in
Eq. (5).

Bbinary(m, n) � { 1 if FI(m, n) >  Thresh
0 if FI(m, n) ≤  Thresh (5)

In the above equation, the image intensity of the sub-
tracted image is given by FI(m, n) and the threshold value,
Thresh, is optimized by the developed FR-CSA algorithm.
The bounding limit of the solution lies in between 0 and 1.
The main objective of the optimized binary thresholding-
based segmentation is to maximize the segmentation ac-
curacy for the ground truth image. Further, the segmented
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Bbinary undergoes area opening, which removes the linked
components from the binary image based on “bwareaopen”
function and the resultant image is given by Bopen.

Feature extraction

In the proposed DR detection model, the features such as
LBP and GLCM are extracted.

LBP [27]: In many of the applications from texture
segmentation to detection, this model is quite appropriate.
By thresholding, each neighborhood pixel, the LBP oper-
ator labels the image pixels and the output will be in form
of binary format. The blood vessel segmented Bopen is used
as a descriptor, which is denoted in Eq. (6).

hstimg � ∑
x,y
Ig(Bopen � img),  img � 0,⋯,m − 1 (6)

Here, the count of labels given by the LBP operator is
given by m and Ig(D)=1 if D is true, whereas Ig(D)=0 if D is
false. A uniformity measure um is defined in Eq. (7) by
considering lbppb, rb as pb-bit binary number

(epb−1, epb−2,⋯, e1e0) for acquiring the rotation-invariant
uniform pattern using finger angular quantization. The
rotation invariant uniformpattern using um value less than
or equal to two and it is determined in Eq. (8).

um(lbppb, rb) � ∣∣∣∣epb−1 − e0
∣∣∣∣ + ∑

pb−1

pb�1

∣∣∣∣epb − epb−1
∣∣∣∣ (7)

lbppb, rb � { ∑
pb−1

g�0
C(grpv − grcv) if  um(lbppb, rb) ≤ 2 (8)

The gray value of the center pixel is denoted as grpv and
the gray value of pb points is given by grcv and g � 0,⋯,

pb − 1. By selecting the circles with various radii around
the center pixels, LBP is used for performing a multi-scale
examination. Later, each scale creates a unique LBP image.
LBP image’s entropy and energy are constructed over a
different number of pixels (pb=8, 16 and 24, and rb=1, 2 and
3, respectively) that are used as feature representations.

GLCM [28]: By considering the spatial relationship of
pixels, GLCM is used for measuring the texture features.
This method evaluates the probability of pixel pairs by
having some specific values that are useful for examining
the spatial relationship of an image. Eq. (9) denotes the
mathematical formulation of energy.

eng � ∑
u
∑
v
E2
uv (9)

In the above equation, the (u, v)th element in the
normalized GLCM is given by Euv. The numerical equations

of entropy, homogeneity and contrast are expressed in Eq.
(10), Eq. (11), and Eq. (12), correspondingly.

ent � −∑
u
∑
v
Euvlog2Euv (10)

hom � ∑
u
∑
v

1

1 + (u − v)2 Euv (11)

con � ∑
u
∑
v
(u − v)2Euv (12)

Based on Eq. (13), the variance is defined, in which the
mean of Euv is given by μ. “The mathematical formulations of
sumaverage, and correlation are given in Eq. (14), andEq. (15),
respectively”.Here, thecountofgray level in the image isgiven
by Nf. “The mean and standard deviation of Ex and Ey are
indicated by (μx, μy) and (σx, σy), respectively”.

vrn � ∑
u
∑
v
(u − μ)2Euv (13)

sav � ∑
2Nf −2

u�2
uEx+y(u) (14)

crl �
∑
u
∑
v
(u × v)Euv − μxμy

σxσy
(15)

“The sum variance, difference variance, sum entropy,
difference entropy, informationmeasures of correlation (imc1,
imc2) andmaximum correlation coefficient” are denoted from
Eq. (16) to Eq. (21), correspondingly. The term LXY, LXY1 and
LXY2 are denoted in Eq. (22), Eq. (23) and Eq. (24), respectively.
TheMathew’s Correlation Coefficient is represented in Eq. (25).

svr � ∑
2Nf

u�2
(u − sav)2Ex+y(u) (16)

dfv � Variance of Ex−y (17)

sent � ∑
2Nf

u�2
Ex+y(u) log{Ex+y(u)} (18)

df e � ∑
Nf−1

u�0
Ex−y(u)log{Ex−y(u)} (19)

imc1 � LXY − LXY1
max{LX,  LY} (20)

imc2 � ��������������������������(1 − exp[ − 2.0[LXY2 − LXY]])√
(21)

LXY � −∑
u
∑
v
Euvlog2Euv (22)

LXY1 � −∑
u
∑
v
Euvlog2{Ex(u)Ey(v)} (23)

LXY2 � −∑
u
∑
v
Ex(u)Ey(v)log2{Ex(u)Ey(v)} (24)

MCC � ∑
w

E(u,w)E(v,w)
Ex(u)Ey(w) (25)
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Therefore, the final LBP features are denoted as Feslbp
and the GLCM features are represented as Fesglcm. The final
feature is attained by combining both LBP and GLCM fea-

tures and it is indicated by Fescomb
n , in which the term n �

1, 2,⋯,N and the whole count of features are given by N.

Image decomposition by Tri-Discrete Level
Decomposition

By sending the image through the sequence of filters, DWT
[29] of the image Bopen is calculated. In order to obtain the
result, the samples are sent through a low-pass filter with
impulse response lpf and the corresponding equation is
shown in Eq. (26).

J[n] � (Bopen∗lpf)[n] � ∑
∞

H�−∞
Bopen[J]lpf[n − H] (26)

Consequently, the image is disintegrated using a high-
pass filter hpf. The result of the low-pass filter is sub-
sampled and processed by transferring it again by a new
‘high-pass filter and low-pass filter’ by half the cut-off
frequency of the final one. The mathematical formulations
are denoted in Eq. (27) and Eq. (28).

Jlow[n] � ∑
∞

H�−∞
Bopen[H]lpf[2n − H] (27)

Jhigh[n] � ∑
∞

H�−∞
Bopen[H]hpf[2n − H] (28)

Finally, the decomposed image is denoted as Bdwt and
it is further subject to CNN for effective DR detection.

Fitness rate-based crow search
algorithm for optimal blood vessel
segmentation and detection

Conventional Crow Search Algorithm

The main inspiration of CSA [30] is the crow’s behavior in
search of food that was kept secretly by others in the secret
locations. According to the body size of the crow, they have
a huge brain. It mainly focuses on a group of intelligent
crows. The task of the crows is observing the other crows
for checking the secret place of food hidden by the other
crows for robbing that foodwhen the crows leave the place.
The rules and regulations of CSA are given below.
– Crows are present in the bulk.
– The hidden places of food arememorized by the crows.

– To rob the food, crows follow each other.
– Crows protect their resources from looted.

Consider the dimensional space as Ds, which includes crow’s
position c at the time ts and it is defined by Pc, ts(ps �
1, 2,⋯,Nc ; ts � 1, 2,⋯, tsmax), where Pc, ts � [Pc, ts

1 ,Pc, ts
2 ,

⋯,Pc, ts
Ds ]. At tsmax maximum number of iterations, the total

number of crows isNc. The term hdc, ts denotes the location of
the hidden crow, which is the best position of the crow. To
observe the concealed position, the crow d is willing, which is

denoted as hdd, ts. The crow c plans to follow crow d, which
moves toward the secret place ofd. In this case, two conditions
will be happened. The second crow doesn’t have any idea that
thefirst crow is following it, thus thenewposition of the crow c
is acquired using Eq. (29).

Pc, ts � Pc, ts + rndc × Lf c, ts × (hdd, ts − Pc, ts) (29)

In the above equation, the random number that lies in
between 0 and 1 is given by c, and the length of the flight of
crow c at time ts is given by Lf c, ts. The other condition is
that the second crowwill have the information that the first
crow follows it, thus the second crow will fool it by moving
to the false location. Eq. (30) represents the above two
conditions, where the awareness probability of the crow

d at the time ts is denoted as Awd, ts.

Pc, ts �{Pc, ts + rndc ×Lf c, ts × (hdd, ts −Pc, ts) if rndd ≥Awd, ts

a random position otherwise

(30)

The CSA’s step by step process is given as follows.
(1) To tune the problem, the decision variables and con-

ditions are employed. Next, the parameters of CSA are
Nc, ts, Lf and Aw are evaluated.

(2) The random positions of Nc crows in Ds dimensional
search space. Eq. (31) represents each crow’s feasible
solution, in which the count of decision variables is
denoted as dvr. In Eq. (32), the memory initialization is
required for each crow since the crow doesn’t have the
information earlier.

Crs �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
P1
1 P1

2 ⋯ P1
dvr

P2
1 P2

2 ⋯ P2
dvr

⋮ ⋮ ⋮ ⋮
PNc
1 PNc

2 ⋯ PNc
dvr

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (31)

Mm �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
hd1

1 hd1
2 ⋯ hd1

dvr

hd2
1 hd2

2 ⋯ hd2
dvr

⋮ ⋮ ⋮ ⋮
hdNc

1 hdNc
2 ⋯ hdNc

dvr

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (32)
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(1) Each crow’s position is defined effectively by specifying
the decision variable values in the objective function.

(2) In Eq. (29), crows create the position of new search
space. To find the hidden food, the crow selects one
from the cluster immediately.

(3) The assessment of crow’s new position feasibility is
determined. The crow will update its location if it is
perfect otherwise the crow will be in the current loca-
tion itself.

(4) Fitness function is defined for determining the new
position of each crow.

(5) In Eq. (33), the crow’s memory is updated, where the
objective function’s value is expressed as f(⋅).

hdc, ts+1 � { Pc, ts+1 if  f(Pc, ts+1)is better than f(hdc, ts)
hdc, ts otherwise

(33)

By using the objective function value, the location of
the best memory is linked and it is named as the optimal
solution during termination. The pseudo-code represen-
tation of conventional CSA is shown in Algorithm 1.

Algorithm 1: Pseudocode of state-of-the-art CSA [30].

Initialization of the position of Nc crows is done
Perform fitness evaluation
Perform the memory initialization
While ts < tsmax

For 1: Nc

Select the crow randomly from the search space
Aw � 1
If rndd ≥ P

d, ts

The position of each crow is calculated by Eq. (29)
else

Choose a random location
End if

End for
Evaluation of the probability of new locations is done
Compute the fitness values
Memory update is performed by Eq. (33)

End while

Proposed FR-CSA

The conventional CSA [30] is motivated from intelligent
behavior of crows, which is a population-based approach.
This is used for solving more optimization problems in
engineering. CSA is having only a few parameters for
adjusting and hence it is simple to implement. The major
advantages of CSA are good convergence rate, and

produced competitive results. However, it can easily fall
into local optima and lack of global optimization. For
enhancing the performance of the conventional CSA, the
fitness rate is considered in the proposed FR-CSA algo-
rithm. Consider ftn(c) as the fitness of the current solution
and the term mean(ftn) represents the average fitness
value of the entire solution. If the term (ftn(c) <
mean(ftn)), then the update process of proposed FR-CSA is
shown in Eq. (34). Here, the fitness rate is denoted as ftnrt,
the best fitness value is given by bestftn and the random
number is indicated by rnd. The fitness rate is mathemat-
ically represented in Eq. (35), in which the mean of the
fitness is indicated by mean(ftn) and the fitness value of
crow c is given by ftn(c).

Pc, ts∗ � Pc, ts + ftnrt × rnd(bestftn − Pc, ts) (34)

ftnrt � bestftn − ftn(c)
mean(ftn) (35)

In Algorithm 2, the step by step procedure of proposed
FR-CSA is given.

Algorithm 2: Proposed FR-CSA

Initialization of the position of Nc crows is done
Perform fitness evaluation
Perform the memory initialization
While ts < tsmax

For 1: Nc

Select the crow randomly from the search space
Aw=1

If rndd ≥ P
d, ts

The position of each crow is calculated by Eq. (29)
Else if (f tn(c) <mean(f tn))

The update process is done by the proposed
model using Eq. (34)

else
The update process between upper and lower
bound
Choose a random location

End if
End for

Evaluation of the probability of new locations is done
Compute the fitness values
Memory update is performed by Eq. (33)
End while

Optimized classification

In the proposed DR detection model, the combination of
NN and CNN are taken into consideration. The major
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contribution of the developed model is to optimize the
number of hidden neurons in both NN and CNN, which is
done by improved FR-CSA for maximizing the detection
accuracy. The solution encoding of the hidden neuron
optimization is shown in Figure 2. From Figure 2, the terms
neNN and neCNN represent the count of hidden neurons of
NN and CNN, respectively.

The objective function of the developed DR detection
model is denoted in Eq. (36), and Eq. (37) represents the
mathematical equation of detection accuracy.

obfn � arg Max
{neNN ,neCNN }

(Acc) (36)

Acc � Pstr + Netr

Pstr + Netr + Psfa + Nefa
(37)

In the above equation, “the true positives and true
negatives are denoted as Pstr and Netr, respectively.
Moreover, the false positives and false negatives are indi-

cated by Psfa and Nefa”.
Neural Network: The functionality of NN [31] is based

on the neuron, which is an interconnected classifier that
includes elements and nodes. The processing ability of the
network is maintained in the interunit connection strength
obtained using the adaption procedure, training pattern
set. In NN, input a, hidden b, and output e layers are pre-
sent. The structure of NN takes the features as input. The

input features are represented as Fescomb
n . The output layer

of the hidden layer is calculated based on Eq. (38).

Q
(Q) � Avf(B̃(Q)

(Âb) + ∑
IP(co)

a�1
B̃
Q
(ab)Fes

comb
n ) (38)

In Eq. (37), the count of input neurons is denoted as

IP(co), the bias weight of bth neuron is given by B̃
(Q)
(Âb), the

weight from ath neuron to bth be denoted as B̃
Q
(ab), and the

activation function is indicated by Avf. The total output of
the network is denoted in Eq. (39).

Ĉe � Avf(B̃(C)
(Âe) + ∑

OP(co)

b�1
B̃
(O)
(be)Q

(Q)) (39)

In the above equation, the count of hidden neurons is

represented as OP(co)← neNN , the bias weight of B̃
(C)
(Âe)

output neuron is indicated by B̃
(C)
(Âe), and the weight from

bth neuron to eth neuron is expressed as B̃
(O)
(be). The weight

function of NN is given by BNN
w � {B̃(Q)

(Âb), B̃
(C)
(Âe), B̃

Q
(ab), B̃

(O)
(be)}.

For better training, the weight BNN
w is optimally chosen

based on Eq. (40).

ME �
arg min

{B̃(Q)
(Âb), B̃

(C)
(Âe), B̃

Q
(ab), B̃

(O)
(be)} ∑

C(co)

e�1
|Ce − Ĉe| (40)

In the above equation, the forecasted value is given by

Ĉe and the actual value is represented as Ce.
Convolutional Neural Network: CNN [32] is an MLP,

which is a special design for recognizing 2D-image. It has
many layers, which include the “input layer, convolution
layer, sample layer and output layer”. Moreover, the
structure of the deep networks has a sample layer and
convolution layer, which have multiple. CNN doesn’t
restrict like the Boltzmann machine that requires being
before and after the neuron layers in the next layer for all
the connections, CNN algorithms, every neuron doesn’t
require a global image. By using Deep CNN, the extracted
features are given as input. CNN is the feed forward NN’s,
where the data flows from one direction only. The input
image is directly transferred to the network, which is usu-
ally seen in several convolutions and pooling layers pha-
ses. Thus, the last fully connected layer results in the class
labels. In earlier, several changes are recommended in the
architecture to improve the classification accuracy.

Convolutional Layer: The convolution layer acts as a
feature extractor, which assess the input image’s
descriptor. In the convolutional layer, the neurons are
considered as feature maps. To compute the feature map,
inputs and weights are combined that are learned before
and the convolved outputs are sent through a non-linear
activation function. Though, various feature maps existing
in the same layerwill have discreteweights, thus from each
region, multiple features need to be extracted. The dth
output feature map Ad and it is computed using Eq. (41).

Ad � f (ftmd∗Bdwt) (41)

In the above equation, the “convolutional filter linked
with dth feature map is represented as ftmd and the Tri-
DWT image is considered as the input image and it is

denoted as Bdwt, and the 2D Convolutional operator is
denoted as *, and it is employed for computing filter’s inner
product in each region of the input image, and the non-
linear activation function is given by f(.)”.

Pooling Layers: The spatial resolution of the feature
map is the major intuition of the pooling layer. With this,
the spatial invariance for translations and input distortions

NNne CNNne

Figure 2: Hidden neuron encoding of DR detection model.
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has been obtained. With the help of pooling aggregation
layers, the average of all input values of a very small image
is transferred to the next layer. Each resultant map com-
bines the convolution with many input maps. This pooling
layer equation is denoted in Eq. (42).

Apl
d � f(∑i∈BjA

pl−1
d ∗krplij + bsplj ) (42)

In Eq. (10), the pooling layer is denoted as pl, “the
downsampling layer is indicated by pl−1, the input features
of pl−1 convolutional layer is denoted as Apl−1, the kernel

maps of pl Convolutional layer is indicated by krplij , and the

additive bias of pl Convolutional layer is represented as

bsplj ”, and the selection of input maps is given by Bj. The

input and output are represented as i, j, respectively. In
each respective field, max-pooling selects the principal
element.

Fully connected layers: It is the final phase of CNN that
includes a generic multi-layer network. Some of the last
layers are fully connected to its 1D layers to all the activa-
tions present in the earlier layer. It is very easy for feature
extraction from these layers to train the other classifier.

Training: In general, both NN and CNNs employ
learning models for regulating the appropriate parameters
for attaining the required network result. For specific use,
backpropagation is the frequently used algorithm.

Thus, the optimized hybrid classification categorizes
the input image into normal and abnormal.

Results and discussions

Experimental setup

The proposed DR detection model was implemented in
MATLAB 2018a, and the analysiswas done. The parameters
have been tuned by the trial and error method, which is a
fundamental method of problem solving. It is character-
ized by repeated, varied attempts, which are continued
until success. The datasets used for the experiment was
HRF, Messidor and DIARETDB. For analysis, the popula-
tion size was considered as 10, and the maximum number
of iterations was considered as 25. To detect DR, the pro-
posed FR-CSA was compared over heuristic algorithms
named PSO-NN+CNN [33], GWO-NN+CNN [34],
WOA-NN+CNN [35], CSA-NN+CNN [26], FR-CSA-NN+CNN,
whereas the analysis was compared over KNN [36],
SVM [37], NN [31], CNN [32] and NN+CNN [31, 32] concern-
ing the performance measures such as “accuracy,

sensitivity, specificity, precision, FPR, FNR, NPV, FDR,
F1-score and MCC”.

Evaluation metrics

The performance metrics that are considered for the
experiment are given below.
(a) Accuracy: The formula for accuracy is shown in Eq.

(37).
(b) Sensitivity: “the number of true positives, which are

recognized exactly”.

Sensitivity � Pstr

Pstr + Nefa
(43)

(c) Specificity: “the number of true negatives, which are
determined precisely”.

Specificity � Netr

Psfa
(44)

(d) Precision: “the ratio of positive observations that are
predicted exactly to the total number of observations
that are positively predicted”.

Precision � Pstr

Pstr + Psfa
(45)

(e) FPR: “the ratio of the count of false-positive pre-
dictions to the entire count of negative predictions”.

FPR � Psfa

Psfa + Netr
(46)

(f) FNR: “the proportion of positiveswhich yield negative
test outcomes with the test”.

FNR � Nefa

Nefa + Pstr
(47)

(g) NPV: “probability that subjects with a negative
screening test truly don’t have the disease”.

NPV � Nefa

Nefa + Psfa
(48)

(h) FDR: “the number of false positives in all of the
rejected hypotheses”.

FDR � Psfa

Psfa + Pstr
(49)

(i) F1 score: “harmonic mean between precision and
recall. It is used as a statistical measure to rate
performance”.

F1score � Sensitivity • Precision
Precision + Sensitivity

(50)
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(j) MCC: It is a “correlation coefficient computed by four
values”.

MCC � Pstr × Netr − Psfa × Nefa�������������������������������������������(Pstr + Psfa)(Pstr + Nefa)(Netr + Psfa)(Netr + Nefa)√
(51)

Image results

Here, the results of green-channel images, CLAHE images,
filtered images, binary thresholding and optimized binary
thresholding-based blood vessel segmented images are
given in Figure 3.

Performance analysis

The analysis on accuracy of the proposed FR-CSA-NN+CNN
and the traditional heuristic algorithms for DR detection is
shown in Figure 4 for the HRF image dataset, Messidor
dataset, and DIARETDB dataset. In Figure 4 (A), the accu-
racy for the HRF dataset of the introduced FR-CSA-
NN+CNN is 11.1% superior to PSO-NN+CNN, 25% superior
to WOA-NN+CNN and 33.3% superior to FR-CSA-NN+CNN
at learning percentage 35.When considering at all learning
percentages, the accuracy of the improved CSA-NN+CNN is

attaining the best performance. At learning percentage 75,
the accuracy of the implemented FR-CSA-NN+CNN from
Figure 4 (C) is 4.3% advanced than GWO-NN+CNN, 17.2%
advanced than PSO-NN+CNN, and 31.9% advanced than
CSA-NN+CNN. Figure 5 shows the overall performance
analysis of the accuracy of the proposed FR-CSA-NN+CNN
and the traditional machine learning algorithms concern-
ing learning percentages for all three datasets. In Figure 5
(B), the accuracy of the implemented FR-CSA-NN+CNN at
35 learning percentage is 4.1% improved than NN+CNN,
40.8% improved than SVM, 2.8% improved than CNN,
44.9% improved than NN, and 53.8% improved than KNN.

Figure 3: Experimental results of pre-processing, and segmentation.

Figure 4: Analysis of heuristic algorithms for DR detection
concerning the performance measure accuracy for (A) HRF dataset,
(B) Messidor dataset, and (C) DIARETDB dataset.

Figure 5: Analysis of machine algorithms for DR detection
concerning the performance measure accuracy for (A) HRF dataset,
(B) Messidor dataset, and (C) DIARETDB dataset.
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Moreover, the accuracy of the suggested FR-CSA-NN+CNN
from Figure 5 (A) is 17.6% advanced than SVM, 25%
advanced than NN, 36.9% advanced than CNN, and 44.9%
advanced than SVM at learning percentage 35. Thus, the
results have shown that the implemented FR-CSA-NN+CNN
is attaining the best results when compared over conven-
tional algorithms for detecting DR effectively.

Overall performance analysis on HRF dataset

The overall performance analysis of the developed FR-CSA-
NN+CNN and the conventional heuristic techniques on the
HRF imagedataset is shown inTable 2. InTable 2, theaccuracy
of the introduced FR-CSA-NN+CNN is producing the best out-
comes when compared to existing algorithms. It is 33.1%
progressed than PSO-NN+CNN and CSA-NN+CNN, 100%
progressed than GWO-NN+CNN. Moreover, the precision of
the implemented FR-CSA-NN+CNN is 25% surpassed than
PSO and WOA-based NN+CNN, 60% surpassed than
GWO-NN+CNN, and 66.6% surpassed than CSA-NN+CNN. In
Table 3, the accuracy of the introduced FR-CSA and conven-
tional machine learning algorithms is shown. It is 9%

progressed than KNN, 20% progressed than SVM and CNN.
Therefore, it is confirmed that the developed FR-CSA-NN+CNN
is achieving the best outcomes for DR detection.

Overall performance analysis on messidor
dataset

The performance analysis on the Messidor dataset of the pro-
posed and the conventional heuristic algorithms for perfor-
mancemeasures is tabulated in Table 4. In Table 5, the overall
analysis of the proposed and the conventional classifiers is
shown. From Table 4, the accuracy of the improved FR-CSA-
NN+CNN is 11.1% better than PSO-NN+CNN and
CSA-NN+CNN, 45.8% better than GWO-NN+CNN, and 29.6%
better than WOA-NN+CNN. Also, the precision of the devel-
oped FR-CSA-NN+CNN is acquiring the best results when
compared over other algorithms. The precision of the sug-
gested FR-CSA-NN+CNN is 25% improved than PSO-NN+CNN,
50% improved GWO-NN+CNN, and CSA-NN+CNN, and 12.4%
improved than WOA-NN+CNN. From Table 5, the accuracy of
the implemented FR-CSA-NN+CNN is 29.6% enhanced than
KNN, 45.8% enhanced than SVM, 55.5% enhanced than NN,

Table : Overall performance analysis of heuristic algorithms for DR detection for HRF dataset.

“Performance measures” PSO-NN+CNN [] GWO-NN+CNN [] WOA-NN+CNN [] CSA-NN+CNN [] FR-CSA-NN+CNN

“Accuracy” . . . . .
“Sensitivity” . .  . .
“Specificity” . . . . 

“Precision” . . . . 

“FPR” . . . . 

“FNR” . .  . .
“NPV” . . . . 

“FDR” . . . . 

“F-score” . . . . .
“MCC” . −. . . .

Table : Overall performance analysis of machine learning algorithms for DR detection for HRF dataset.

“Performance measures” KNN [] SVM [] NN [] CNN [] NN+CNN [, ] FR-CSA-NN+CNN

“Accuracy” . . . . . .
“Sensitivity” . . . . . .
“Specificity”    .  

“Precision”    .  

“FPR”    .  

“FNR” . . . . . .
“NPV”    .  

“FDR”    .  

“F-score” . . . . . .
“MCC” . . . . . .
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16.6% enhanced than CNN, and 1.4% enhanced than
NN+CNN. Hence, it is concluded that the recommended
FR-CSA-NN+CNN is superior to conventional algorithms in
attaining the best outcomes in detecting DR.

Overall performance analysis on DIARETDB
dataset

For the DIARETDB dataset, the overall analysis of the
developed FR-CSA-NN+CNN and the conventional

approaches is shown in Table 6, whereas Table 7 shows the
comparison of the proposed FR-CSA-NN+CNN over ma-
chine learning algorithms. In Table 6, the accuracy of the
recommended FR-CSA-NN+CNN is outperforming the
conventional algorithms. It is 16.6% outperformed than
PSO-NN+CNN, 5.0% outperformed than GWO-NN+CNN,
23.5% outperformed than WOA-NN+CNN and
CSA-NN+CNN. Moreover, the precision of the introduced
FR-CSA-NN+CNN is 66.6% improved than GWO-NN+CNN
and CSA-NN+CNN, and 80% improved than
WOA-NN+CNN. From Table 7, the accuracy of the offered

Table : Overall performance analysis of heuristic algorithms for DR detection for Messidor dataset.

“Performance measures” PSO-NN+CNN [] GWO-NN+CNN [] WOA-NN+CNN [] CSA-NN+CNN [] FR-CSA-NN+CNN

“Accuracy” . . . . .
“Sensitivity” . . . . 

“Specificity”  . . . .
“Precision”  . . . .
“FPR”  . . . .
“FNR” . . . . 

“NPV”  . . . .
“FDR”  . . . .
“F-score” . . . . .
“MCC” . . . . .

Table : Overall performance analysis of machine learning algorithms for DR detection for Messidor dataset.

“Performance measures” KNN [] SVM [] NN [] CNN [] NN+CNN [, ] FR-CSA-NN+CNN

“Accuracy” . . . . . .
“Sensitivity” . . . .  

“Specificity” . . . . . .
“Precision” . . . . . .
“FPR” . . . . . .
“FNR” . . . .  

“NPV” . . . . . .
“FDR” . . . . . .
“F-score” . . . . . .
“MCC” . . . . . .

Table : Overall performance analysis of heuristic algorithms for DR detection for DIARETDB dataset.

“Performance measures” PSO-NN+CNN [] GWO-NN+CNN [] WOA-NN+CNN [] CSA-NN+CNN [] FR-CSA-NN+CNN

“Accuracy” . . . . .
“Sensitivity” .  . . .
“Specificity”  . . . 

“Precision”  . . . 

“FPR”  . . . 

“FNR” .  . . .
“NPV”  . . . 

“FDR”  . . . 

“F-score” . . . . .
“MCC” . . . . .
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FR-CSA-NN+CNN is 16.6% superior to KNN, CNN and
NN+CNN, 23.5% superior to SVMand 10.5% superior to NN.
Thus, it is proved that the developed FR-CSA-NN+CNN are
acquiring the best performance when compared over
conventional algorithms for DR detection.

Conclusion

Thepresentpaperhas introducedanewtechnique for effective
DR detection by performing novel blood vessel segmentation
and classification techniques. The input imagewasundergone
pre-processing, where channel conversion, CLAHE, and
average filtering techniques green were performed. Next, the
blood vessel segmentation was done by the optimized binary
thresholding approach. Later, Tri-DWT was done for decom-
posing the segmented image. From the segmented images, the
features such as LBP andGLCMwere extracted. These features
were applied to NN, whereas the decomposed image was
applied to CNN. Further, both the segmentation and classifi-
cation phases were improved by the proposed FR-CSA algo-
rithmby tuning the thresholdandhiddenneurons foraccuracy
maximization. The analysis has shown that the accuracy
for the HRF dataset of the introduced FR-CSA-NN+CNN was
11.1% advanced than PSO-NN+CNN, 25% advanced than
WOA-NN+CNN, and 33.3% advanced than CSA-NN+CNN at a
learning percentage 35. Thus, it is confirmed that the devel-
oped FR-CSA algorithm has supported for best detection ac-
curacy in diagnosing DR.
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