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ARTICLE INFO ABSTRACT
Keywords: One of the major causes of blindness in human beings is the diabetic retinopathy (DR). To prevent
Abnormal lesions detection blindness, early detection of DR is therefore necessary. In this paper, a hybrid model is proposed
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for diagnosing DR from fundus images. A combination of morphological image processing and
Inception v3 deep learning techniques are exploited to detect DR as well as to classify healthy,
mild non-proliferative DR (NPDR), moderate NPDR, severe NPDR, and proliferative DR (PDR).
The proposed algorithm was carried out in several steps such as segmentation of blood vessels,
localization and removal of optic disc, and macula, abnormal features detection (microaneurysms,
hemorrhages, and neovascularization), and classification. Microaneurysms and hemorrhages that
appear in the retina are the early signs of DR. In this work, we have detected microaneurysms and
hemorrhages by applying dynamic contrast limited adaptive histogram equalization and threshold
value on overlapping patched images. An overall accuracy of 96.83% is obtained to classify DR
into five different stages. The better performance demonstrates the effectiveness and novelty of
the proposed work as compared to the recent reported work.

1. Introduction
1.1. Background

In 2017, approximately 462 million individuals were suffered from diabetes of type 2 category [1]. Diabetic retinopathy (DR) is a
long-term complication of diabetes that affects the retina by blocking the tiny blood vessels of the eye. It is one of the common causes
of blindness [2]. Over one-third of the diabetic patients have signs of DR and further one-third of DR is sight-threatening [3]. This
has a far reaching economic impact, especially in the 3rd world countries. An affordable and easy early diagnostic system can reduce
the risk of blindness caused by DR. DR patients can be classified into five stages: (i) normal/healthy, (ii) mild non-proliferative DR
(NPDR) (iii) moderate NPDR (iv) severe NPDR and (v) proliferative DR (PDR). Stage (ii), (iii), and (iv) are called non-proliferative
stages with signs of exudates, hemorrhages (HEMs), microaneurysms (MAs), cotton wool etc. as shown in Fig. 1. If left untreated,
NPDR may turn into proliferative DR in which new blood vessels called neovascularization (NV) start to grow. Due to improper
development, these blood vessels leak easily and affect the vision of a person [4]. To reduce the risk of blindness, early diagnosis
is necessary and mass screening of diabetic patients is highly recommended. The diagnosis of DR is processed manually by the
ophthalmologists which often gives the correct results but it requires a good knowledge and experience. An automatic screening tool
can help the ophthalmologists to detect and analyze DR as well as its stages.
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Fig. 1. Retinal image of a DR patient. Different anomalies are indicated [4].

1.2. Related works

Automatic detection of DR based on digital fundus images have been investigated in the literature by exploiting different ap-
proaches such as traditional machine learning [5-10] and deep learning [11-16]. A two-level hierarchical architecture to detect MAs
was proposed in [5] by exploiting dynamic thresholding and multi-scale correlation filtering. In the first level, candidate MAs were
detected using multi-scale correlation filtering, whereas true MAs were classified in the second level by extracting 31 features from
the first level candidates. U. Rajendra Acharya et al. [6] proposed a system to identify four different classes of DR such as normal
retina, NPDR, PDR, and macular edema. From the 238 retinal fundus images, different texture features were extracted. For auto-
matic classification, these features were fed into the SVM classifier and an overall accuracy of 85.20% was found. To differentiate
DR images from the normal, an automatic detection system based on bag of words approach with SVM was proposed in [7]. Speeded
up robust features from 180 retinal fundus images were used and an accuracy of 94.40% was obtained. It should be mentioned that
the images were collected from the different publicly available datasets.

Mohamed Chetoui et al. [8] reported a DR detection method using different texture features such as local energy-based shape
histogram (LESH) and local ternary pattern. From the experimental results, it was observed that LESH outperformed the others
to differentiate between DR and non-DR. An accuracy of 90.40% was obtained using SVM with a radial basis function kernel. Nasr
Gharaibeh et al. [9] designed an automated system to detect DR composing of several steps such as pre-processing, different anomalies
detection and removal, feature extraction, feature selection, and classification. Using DIARETDB1 dataset and SVM with genetic
algorithm as a classifier, an accuracy of 98.40% was obtained. Adrian Colomer et al. [10] extracted textural and morphological
information by computing local binary patterns and granulometric profiles in fundus images to detect the early signs of DR. The
extracted information were then fed to the classifiers. The performance was studied in terms of three different classifiers such as
SVM, random forest, and Gaussian processes.

Deep learning (DL) algorithm is considered as an effective and advanced form of machine learning, has gained momentum in
recent years. Researchers have been trying to utilize deep learning for medical image analysis. To identify the different stages of DR,
a convolutional neural network (CNN) based deep learning approach was investigated in [11]. It was reported that misclassification
of the mild disease as normal can be occurred owing to the inability of the CNN model to identify the subtle features of DR. Therefore,
to improve the detection accuracy, contrast limited adaptive histogram equalization (CLAHE) was applied before training the DR
images. The experimental results demonstrated 57.20%, 68.80%, and 74.50% accuracies for 4-ary, 3-ary, and 2-ary classification
models, respectively. To identify the different stages of DR, a CNN based model was presented in [12]. Based on the severity of
DR, images were categorized into five different grades, where lowest grade (i.e., 0) represented normal/healthy and highest grade
(i.e., 4) represented PDR. Yung-Hui Li et al. [14] proposed an algorithm based on deep CNN, SVM, fractional max pooling, and
teaching-learning based optimization to classify DR into five different stages. The method was evaluated using the online public
Kaggle dataset and an average accuracy 86.17% was obtained. The authors also designed an app named “Deep Retina” for the easy
screening system.

In [13,15], the authors designed two-step DCNN algorithm to detect the small lesion and MAs. In the first step, MAs are detected
and the final step was used to reduce the number of false positive in the detection process. Note that the number of false positive
was more than 6 per image in the final result. A hybrid DR detection method by using image processing and deep learning was
presented in [16]. Both CLAHE and histogram equalization (HE) were employed and the classification performance was evaluated
by CNN. To validate the proposed method, 400 retinal images from Messidor dataset were used and 97% accuracy was reported. For
segmenting DR lesions, a Bayesian approach was proposed in [17]. The method was evaluated on IDRiD dataset. The experimental
results demonstrated area under precision-recall curve 0.641 for soft exudates, of 0.84 for hard exudates, 0.484 for MAs, and 0.593
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for HEMs. A hybrid neural network approach was investigated in [18] for DR detection. The model was evaluated on different public
datasets. Furthermore, existing deep learning based DR detection techniques were surveyed in [19,20].

To design an alternative and hybrid method for diagnosing DR from fundus images is the main objective of this study. Our
motivation is to improve the classification result by using image processing and deep learning. We have detected MAs and HEMs
using image processing and NV using deep learning. This approach applies dynamic CLAHE and thresholding level for intensity-based
detection and localization of MAs and HEMs in retinal images. There exist contrast and brightness variations in the original fundus
images. So, in this case, global thresholding level can not be used. We have used Isodata thresholding to find automatic threshold
value for a given gray image. To reduce the number of false positives in our approach, we have removed blood vessels, macula,
and optic disc from the processed image. Based on the presence of MAs, HEMs, and NV, the image is classified as normal/healthy,
different NPDR stages (e.g., mild, moderate, and severe), and PDR. Throughout this study, our aim is to provide an effective solution
to classify early stage DR for clinical benefits. Though detection of MAs and HEMs is not new, but in our proposed method, we have
used a novel patching algorithm along with image processing tweaks and found better overall accuracy than previously reported
works.

1.3. Contributions

The major contributions of this study are summarized as follows.

+ A hybrid model is proposed, where a combination of morphological image processing and Inception v3 deep learning techniques
are exploited to detect DR, where DR can be classified as normal/healthy, NPDR (e.g., mild, moderate, and severe), and PDR.

» Compared to the recent reported works, the proposed scheme shows improved performance. An overall accuracy of 96.83% is
obtained to classify DR into five stages.

+ The proposed model automatically detects DR from any retinal image, where any expert supervision is not required.

1.4. Paper organization

The remainder of this paper is organized as follows. Section 2 describes the methodology of the system in detail. Section 3 presents
the result of the proposed model. A comparative study with the other reported works is also discussed in this section. Finally, the
conclusion of this paper is drawn in Section 4.

2. Methodology

Before detecting MAs and HEM, it is important to remove the large features such as optic disc, macula, and the blood vessels.
So, the following tasks were done: segmentation of blood vessels, localization of macula and optic disc, MAs, HEMs detection, and
classification of NV. We have detected blood vessels, macula, optic disc, MAs and HEMs using python in OpenCV platform and NV
using deep learning. Inception v3 classifier was used as a deep learning algorithm. We have designed a web server that can detect
DR. The web is designed such that one can post a retinal image to the server and can get the results in return. The overall architecture
is depicted in Fig. 2.

2.1. Segmentation of blood vessels

To prevent false positives, it is necessary to remove the blood vessels from the retinal image before applying MAs/HEMs de-
tection algorithms. Different filtering approaches were previously reported such as filling algorithm and multi-directional top hat
transformation [21], Gabor, Frangi and Gauss filters [22], Hessian multiscale enhancement filter [23], reconstruction and top hat
transformation [24] etc. Adaptive histogram equalization was used in this work for the enhancement of retinal image. Our proposed
method is depicted in Fig. 3.

To extract the blood vessels, the image was first resized to 500 x 500 pixels as shown in Fig. 4(a). This reduced calculation time
without any performance degradation. Only green channel was used due to superior contrast and better noise performance. In the
next step, CLAHE was applied to increase the contrast of the image as in Fig. 4(b). To remove background, we blurred the contrasted
image using averaging filter and subtracted that from the contrast enhanced image as shown in Fig. 4(c). After reapplying CLAHE,
the images were converted into binary using threshold levels of individual images computed using Isodata method.

Isodata technique is a method that can calculate threshold value automatically from a grayscale image. Firstly, it calculates gray
values of all pixels using histogram analysis. We used 256 bins for the range of 0 to 255. Then, mean threshold value was calculated
by taking the mean of all the gray values. All the pixels were divided into two groups based on the mean threshold value. From these
two groups, we have calculated two average intensity values. One is below than mean threshold value and termed as MBT, whereas
the another one is above than mean threshold value and termed as MAT. These two values were calculated by taking the average of
the gray values. The threshold value is then found by taking the average of MBT and MAT as in Equation (1).

_ MBT + MAT

T, 2

@
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Fig. 2. Proposed architecture of the system. It is composed of cloud block (image processing and deep learning algorithm on cloud computing platform) and user

block.
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Fig. 3. Framework for segmentation of blood vessels.

Until the convergence is obtained, the new threshold value is iteratively updated by the new average intensity values. In each
iteration, as the threshold value T} changes, MBT and MAT values are recalculated based on the updated threshold value. Note that
Isodata is a well-known technique to find a threshold value and widely used in the literature.

Once we get the binary image as in Fig. 4(d), we have to perform some post processing steps to enhance the performance of the
algorithm. Falsely detected small blood vessels were removed by using an area limiting threshold. In a binary image of a DR patient,
large HEMs were detected along with blood vessels. To remove them, we calculated contour area, perimeter, and approximated
contour shapes. The shape approximation was used to differentiate between blood vessels and HEMs. Finally, morphological opening
and closing were applied to extract blood vessels as shown in Fig. 4(e).

2.2. Localization and removal of optic disc

Optic disc localization and removal from the retinal image is necessary for the detection of DR features. Different optic disc
localization algorithms such as local feature spectrum analysis [25], entropy calculation [26], bat meta-heuristic algorithm [27],



M.A.L. Mahmood, N. Aktar and M.F. Kader Heliyon 9 (2023) 19625

Fig. 4. Segmentation of blood vessels (a) Input image, (b) Green channel after applying CLAHE, (c) After subtraction from the blurred image, (d) Binary image, (e)
Final image by removing unwanted pixels.

statistical edge detection and circular Hough transformation [28], structured learning [29] etc. have been suggested before. Recently,
few researchers have worked on deep learning to localize optic disc [30-32]. Optic disc differs in size, appearance, and location in the
original retinal images. Human can recognize these features easily due to its characteristics but it is difficult to localize automatically
by the above proposed algorithms. Here, we propose a modified image processing method that can localize optic disc very precisely
as described below.

We visualized that optic disc is the brightest spot of the retinal images. We used the brightest spot detection algorithm using
a OpenCV function called minMaxLoc(). As the exudates and cotton wools have the same or more intensity than optic disc, this
algorithm detected those spots as optic disc on abnormal images. To solve that problem, we changed the color space from BGR to
HSV format as HSV color space highlights the optic disc much better than the LAB or LUV format. Later we applied CLAHE on every
channel of input image and converted the image to the grayscale. Note that the different stages of optical disc localization is shown
in Fig. 5(a)-5(e). The CLAHE function is extremely susceptible to noise. To remove that noise, we used image blurring Gaussian filter
conducted from a linear operation as Equation (2).

_ 224y

)
7mo2® 22, (2)

where, the level of blurring of the image depends on . To find the brightest spot of the image, we utilized an OpenCV library
function and later drew a circle around the region as shown in Fig. 5(d).

G(x,y,0)=

2.3. Localization and removal of macula

Macula is in charge of central vision. However, its presence in the output image leads to the false detection of MAs and HEMs. To
remove this, at first we resized the image into 2000 x 1800 pixels and removed the black background of the image. Then, CLAHE was
applied on every channel of the image after converting it to LAB format. The processed image was then blurred using bilateral filter.
Tomasi and Manduchi proposed the design of the bilateral filter which is a non-linear filter and it is used to smoothen images [33].
Note that the framework for localization of macula is shown in Fig. 6 and the different stages of macula detection is shown in
Fig. 7(a)-7(e). Different linear filters such as Gaussian filter and mean filter often tend to lose important edge information since they
blur out everything. To solve that problem, the non-linear bilateral filter was introduced. But the operation of this filter is slower
than other filters. The bilateral filter (BF) is demonstrated in Equation (3) [34].

1
BFI, = 5= 3 Gy, (1P = alDG,, (1T, = I, DI, ®3)
P goS
where, W, is the normalization factor, o, denotes the size of the neighborhood and o, controls the sharp of the edge. The filtered
image was then converted to gray scale image before binarization. Finally, the binary image after removing noise is found as shown
in Fig. 7(e).
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Fig. 5. Optic disc localization: (a) Input image, (b) After applying CLAHE on HSV format, (c) Gray image after blurred, (d) Draw a circle, (e) Final image (removal of

optic disc).
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Fig. 6. Framework for localization of macula.

Microaneurysms are the first sign of diabetic retinopathy and therefore the detection of these lesions are very important for
classifying whether the patient has any sign of DR or not. But the size of the MAs is in micrometer range. So, it is difficult to
manually inspect these in fundus image. An automatic screening tool to detect these lesions can help the ophthalmologists for the
grading of diabetic retinopathy. Numerous research works in this area have been reported [5,13,15]. We have used a modified
technique as depicted in Fig. 8 to detect MAs, where each image was segmented into 100 x 100 pixels. We have overlapped 15 x 15
pixels by analyzing images. After applying CLAHE on those patches, we converted them into binary images using Isodata technique
to determine an appropriate threshold value. Subsequently, blood vessels, HEMs, and macula were removed from the binary patches
and then MAs were extracted by calculating contours’ area. Noise generated due to contrast enhancement was removed by using
2D convolution filter which is accomplished by doing a convolution between a kernel and an image. The general expression of
convolution is depicted in Equation (4).

a

b

gy =ws f, )= Y Y wdx.dyf(x+dx,y+dy)
dx=—ady=—b

(€))
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Fig. 7. Macula detection (a) Input image, (b) After applying CLAHE, (c) Gray image after applying filter, (d) Binary image, (e) Final binary image after removing

noise.
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Fig. 8. Framework for detection of microaneurysms.

where, f(x,y) is the original image, g(x, y) is the filtered image, and w is the filter kernel. Note that the different stages of microa-
neurysms detection is shown in Fig. 9(a)-9(e).

2.5. Hemorrhages detection

Counting HEMs is important to classify moderate NPDR, severe NPDR, and PDR images. We divided each image into 25 over-
lapping patches and then processed to detect them. We have overlapped by 100 x 100 pixels. Dividing into patches reduce the false
positives to almost zero which was rather difficult to automate when trying with the whole image. We have detected HEMs by
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Fig. 9. Microaneurysms detection (a) Original image, (b) Patch of the image, (c) After applying CLAHE, (d) Binary image, (e) Removed blood vessels from the binary
image.

dividing images in smaller blocks instead of whole image due to its advantage. Some of the advantages of our patch-based method
are:

« Since image is breaking down into smaller patches, we can analyze its detailed local features and their relationship which is
effective in finding any abnormalities present in the image.

« In digital image, there exist contrast and brightness variation in image. For that, globally assigned variables of any parameter
such as CLAHE, global threshold does not work better. Our patch-based approach reduces this global inconsistent effect since
it has to work on smaller patches, where there is minimal room for variation. Thus, false positive is reduced in our proposed
method.

Like MAs detection, the HEMs were also detected by dividing image into multiple patches and subtracting blood vessels and macula
from the binary image. The differences between these two algorithms were the number of patches, the threshold level and other
parameters of the functions. The other parameters are contours area, clip limit, and tiles grid size of CLAHE. The efficiency of CLAHE
depends on the clip limit and tiles grid size [35]. After image processing, the contours were detected and the number of present
HEMs in the input image were counted. The different stages of HEMs detection is shown in Fig. 10(a)-10(e).

Although the mechanisms of MAs and HEMs detections were same, two different algorithms were used. At the time of removing
large blobs from the segmented blood vessels, few small blood vessels were also removed. This increased the number of false positives
at the detection time of MAs. But the removal of those small blood vessels did not create issue at the detection of HEMs as the size
of patches in the HEMs detection was greater than the MAs ones.

2.6. Neovascularization classification

PDR is characterized by the growth of new abnormal blood vessels called NV on the surface of the retina or optic nerve. Different
NV detection algorithms such as multivariate m-Mediods based classifier [36], mutual information maximization [37], extreme
learning machine [38], and feature extraction [39] have been reported to isolate abnormal blood vessels from fundus image. These
works were based on hand-crafted feature extraction and classification to detect NV. These systems are highly sensitive to the quality
of images.

Among various deep learning architectures such as AlexNet, VGGNet, ResNet, GoogLeNet, Inception v2, and Inception v3, top-1
and top-5 errors are lower for inception v3 classifier which is evaluated on ImageNet dataset [40]. Another advantage of Inception
v3 is that multiple kernels of different sizes can be implemented in the same layers depending on the features of an image. Hence,
we have used tensorflow inception v3 classifier to classify whether there is any presence of NV or not. The first step before training
the neural network is to collect enough retinal images. These images were used as a reference for the classifier. The training images
contained good variations. The performance of inception v3 classifier depends on the number of training data. But the number of
PDR images available for our training was limited as we were constrained to use a small fraction of PDR images from Kaggle dataset
due to the low quality of the images. For training purposes, we selected patches with NV as positive samples and patches without
NV as negative samples. As there existed class imbalance problem, we augmented NV patches to obtain a stable model. For data
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Fig. 10. Hemorrhages detection (a) Input image, (b) Patch of the image, (c) After Applying CLAHE, (d) Binary image, (e) Removed blood vessels and macula from the
binary image.
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Fig. 11. Steps of the development process of the proposed method.

augmentation, we have rotated and flipped the images in both horizontally and vertically. Thus, sufficient images were obtained
and trained our model using 350 non-NV patches and 350 NV patches. For testing purpose, we first divided the images into 4 equal
parts and tested every patch using inception v3 default features. If NV is classified in any of the patch, the image is classified as PDR
image. The architecture of our proposed algorithm is illustrated in Fig. 11. Note that the parameter settings for the inception v3 are
provided in Table 1.

3. Result and discussion
3.1. Dataset
We have used publicly available Drive [41], Messidor [42], Kaggle [43], Stare [44], and DIARETDBO [45] datasets to evaluate

our proposed model. The dataset Drive is used to evaluate and compare algorithms on blood vessel segmentation. The images in
Messidor database are classified into four stages by the ophthalmologists based on the number of present MAs and HEMs. We have
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Table 1
Parameter settings for the inception v3.

Parameters Value
Image size 299 x 299
Number of Class 2
Epochs 100
Learning rate 0.01
Batch size 100

used 437 images from the Messidor dataset to evaluate our DR detection algorithm. Besides that, we have used this database to
calculate accuracy of MAs, HEMs, macula and optic disc detection. The Kaggle dataset contains 35,126 graded training images and
53,576 non-graded test color fundus images of different resolutions. It has five categories of DR images. We have used 68 PDR images
from the training dataset considering image quality. Moreover, 30 PDR images from Messidor, Stare, and DIARETDBO datasets are
used for the evaluation of the classifier.

3.2. Performance evaluation

We have studied the performance of the proposed model in terms of sensitivity, specificity, and accuracy. In this study, we have
applied blood vessels segmentation algorithm on Drive dataset due to the availability of retinal images and the corresponding binary
images. We have used the binary images as ground truth to investigate the performance of the proposed model. For that, we have
compared our obtained binary images pixel by pixel with provided binary images of the Drive dataset. Secondary metrics such as true
negative (TN), true positive (TP), false positive (FP), and false negative (FN) were calculated. Using the manual result as a reference,
we obtained 79.13% sensitivity, 96.65% specificity, and an accuracy of 95.14%.

We conducted an assessment using a dataset of 1200 images from Messidor database to evaluate the performance of optic disc
localization. Among these images, 13 images manifested false localization of optic disc due to low image brightness. The obtained
accuracy is 98.92%, whereas prior to utilizing CLAHE on HSV format, we observed 54 images of falsely localized optic disc, resulting
in an accuracy of 95.50%. We computed accuracy by the ratio of correctly localized optic disc to the total number of images. The
proposed method for macula localization was evaluated on 1200 images from Messidor dataset. Out of these images, 87 images could
not localize macula, resulting in an accuracy of 92.75%.

We have used image processing to detect MAs in DR images instead of utilizing deep learning techniques. As mentioned in [11],
errors mainly occur in the misclassification of mild NPDR as normal because CNN models can not detect the subtle features of DR. To
grade DR, MAs and HEMs must be counted. But the detection of MAs using two-step deep learning [13,15] did not yield satisfactory
result due to the false detection. The number of false positives is more than 6 per image as in [15]. Since we are grading our images
based on MAs, this number of false positives will lead to misclassification of fundus images. In our algorithm, the number of false
positives is almost zero due to subtraction of other features from processed patches. However, our accuracy is slightly dropped due
to the number of false negatives. The main reason is the position of the MAs. If the MAs are situated on the blood vessels or near
the blood vessels or macula, our algorithm cannot detect it as it often identifies them to be a part of blood vessel or macula and
subtracted with those regions. Another problem is the camera artifacts, dark, blurred, uneven illumination, and low contrast images.
Analysis on low quality images produces unreliable results in spite of the presence of MAs; the system labels an image as normal. To
evaluate our algorithm, we have used images from Messidor database. But in this database, only the DR stage is mentioned. We have
calculated manually the number of present MAs in retinal images and compared with our obtained data. The obtained sensitivity,
specificity, and accuracy are 82.21%, 95.34%, and 90.43%, respectively. The detailed experimental settings to simulate the proposed
model are summarized in Table 2.

We encountered similar challenge in detecting HEMs as MAs which are the cause of false negatives of our method. In our
assessment, we tested 250 images without HEMs and identified 4 images, where the method falsely determining a section of blood
vessels as HEM. At the time of removing HEMs from the segmented blood vessels, some of thin blood vessels were also removed which
are the reason of false positives. The obtained sensitivity, specificity, and accuracy are 80.70%, 98.4%, and 89.83%, respectively. As
mentioned earlier, to test the classifier, we have gathered some PDR images from different databases and tested them. The overall
accuracy of our NV classifier was 98.71%.

Execution times for each step are mentioned in Table 3. We used a machine with Windows 10, 64-bit OS, Intel(R) Core (TM)
i5-6200U CPU @2.30 GHz, and 8.00 GB RAM. The execution time to detect MAs is 22 seconds. We have detected MAs by dividing
the images into overlapping 100 x 100 pixels. If MAs are situated on the edges of the patches, then algorithm can not calculate those
lesions. That is why, overlapping was done. The number of patches in hemorrhages is much lower compared to MAs. As a result, the
required time is less than the MAs detection times.

To discuss the overall performance, we have tested 467 images to evaluate our algorithm. Among them, 437 images were from
Messidor database, remaining 30 images selected from different databases were PDR images as mentioned earlier. The first stage,
which is normal, contributes the greatest number of 220 images. Remaining 247 images are abnormal images. The abnormal or
diabetic retinopathy images are classified into NPDR (e.g., mild, moderate, and severe) and PDR.

Based on the ground truth provided by the experts, we have calculated TN, TP, FN, and FP. The values are listed in Table 4. We
have calculated accuracy, specificity, and sensitivity for five types of retinal images. The chart is depicted in Fig. 12. As shown in
Fig. 12, normal/healthy, NPDR (e.g., mild, moderate, and severe), and PDR are represented as different classes. The overall accuracy
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Table 2
Experimental settings.
Title Parameter Blood vessel Macula Optic disc Microaneurysms Hemorrhages
name extraction detection detection detection detection
Dataset Name Drive Messidor Messidor Messidor Messidor
Image dataset Number of 20 1200 1200 437 437
Images
Resolution 565 x 584 2240 x 1488, 2240 x 1488, 2240 x 1488, 2240 x 1488,
1440 x 960, 1440 x 960, 1440 x 960, 1440 x 960,
2304 x 1536 2304 x 1536 2304 x 1536 2304 x 1536
Image Resize 500 x 500 2000 x 1800 2229 x 2194 - -
Image Patch - - - 100 x 100 Image width/25 x
image height/25
Image Channel Green
Color Space BGR LAB HSV LAB LAB
CLAHE Clip Limit: 2.0, Clip Limit: 4.0, Clip Limit: Clip Limit: 6.0, Clip Limit: 4.0,
Tiles Grid Size: Tiles Grid Size: 4.0, Tiles Tiles Grid Size: Tiles Grid Size:
Image processing 4,4) 4,4) Grid Size: 4,4) 4,4)
[CXD)]
OpenCV Blur Kernel Size: Kernel Size: Kernel Size: Kernel Size: Kernel Size:
(70,70) (50,50) (200,200) (20,20) (10,10)
Gaussian Blur - - Kernel Size: - -
(5.5)
Filter 2D - - - Kernel Size: Kernel Size: (5,5)
5.5
Bilateral Filter - Diameter: 50, - - -
Sigma Color:
100, Sigma
Space: 100
Threshold Isodata Mean Intensity - Isodata Isodata technique
Value technique of image/6 technique
Area Limit 3000 - - - -
Epsilon of 0.05 * Perimeter - - - -
Approximate
Shape
Morphological Kernel: (4,4), - - - -
Opening Iterations: 3
Position of - 530 < x axis < - - -
Macula 1500, 525 <
y axis < 1030
Contours Area - - - 30 < Area < 850 370 < Area < 30000
Sensitivity 79.13% - - 82.21% 80.70%
Evaluation metrics Specificity 96.65% - - 95.34% 98.4%
Accuracy 95.14% 92.75% 98.92% 90.43% 89.83%
Table 3
Execution time of the proposed method.
Properties of retina Execution time
Blood Vessels 16s
Optic Disc 0.32s
Macula 2s
Microaneurysms 22s
Hemorrhages 8s
Neovascularisation 4s

Table 4
Parameter metrics of DR classification stages.

Type TP FN N FP
Normal 209 11 241 6
Mild NPDR 48 7 400 12
Moderate NPDR 62 8 384 13
Severe NPDR 85 7 371

PDR 28 2 433 4

is obtained as 96.83% and calculated by (all TPs + all TNs)/(all TP + all FP + all TN + all FN), where the values of FP, TP, FN, and
TN are shown in Table 4.
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Fig. 12. Classification results of DR stages, where sensitivity, specificity and accuracy are shown.

Table 5

Comparative evaluation of DR vs Non-DR in terms of the sensitivity, specificity, and accuracy.

Methods Pub. Year Used Dataset Classifier Sensitivity Specificity Accuracy
U. Rajendra Acharya et al. [6] 2012 Messidor SVM 98.5% 89.5% 85.2%
Mohamed Chetoui et al. [8] 2018 Messidor SVM - - 90.4%
Carson Lam et al. [11] 2018 Kaggle and Messidor CNN - - 74.5%
Yung-Hui Li et al. [14] 2019 Kaggle DCNN-+SVM+TLBO 89.30% 90.89% 91.05%
Enrique V. Carrera [46] 2017 Messidor SVM 94.6% 66.2% 80.4%
Marwan D. Saleh [47] 2012 - SVM 89.47% 95.65% -
Proposed Method - Kaggle+Messidor Image processing+DCNN 97.57% 95% 96.36%

Table 6

Accuracy comparison for different stages of DR.
Methods Pub. Year Normal Mild NPDR Moderate NPDR Severe NPDR PDR
Yung-Hui Li et al. [14] 2019 97.67% 22.09% 72.60% 33.61% 50.50%
Enrique V. Carrera [46] 2017 80.5% 92.5% 83% 84.5% -
Proposed Method - 96.36% 95.93% 95.50% 97.64% 98.71%

3.3. Comparative analysis

We have compared our results with some of the recent works to show the efficacy of the proposed model. The analysis is shown
in Table 5 and 6. In Table 6, we have compared our five stages classification results with some recent works. The comparison is based
on accuracy (the ability to diagnose correctly), sensitivity (actual positives that are correctly identified as positive), and specificity
(actual negatives that are correctly identified as negative). Considering Tables 5 and 6, results can be explained briefly as follows:

accuracy in terms of DR vs non-DR classification as shown in Table 5.

The proposed hybrid method (i.e., image processing and DCNN) provided 97.57% sensitivity, 95% specificity and 96.36%

But our main focus is to classify DR into five different categories. In terms of accuracy, it is obtained 96.36%, 95.93%, 95.50%,

97.64%, and 98.71% for normal image, mild NPDR, moderate NPDR, severe NPDR, and PDR, respectively.

It is seen from Tables 5 and 6 that our proposed method provides better result than the reported literature.
From Table 5, it is found that [6] shows better performance in terms of sensitivity as compared to the proposed method. On the

contrary, the proposed method outperforms [6] in terms of specificity. However, the overall accuracy is better in the proposed

method.

Moreover, from Table 5, it is apparent that although [47] shows slightly better performance in terms of specificity, the proposed

method outperforms [47] in terms of sensitivity. Note that the performance of [47] was not studied in terms of accuracy.
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The main objective of the proposed method was to classify images into five different stages. The primary stages often have MAs and
HEMs. So, it is very crucial to identify those lesions correctly to detect DR which we have accomplished by using patch based and
dynamic thresholding method.

4. Conclusion

In this study, we have presented a hybrid approach to diagnose diabetic retinopathy using image processing and deep learning
algorithms. We have used image processing to detect five different features such as blood vessel segmentation, macula and optic disc
localization, MAs and HEMs detection. The main feature of PDR (i.e., NV) was classified by using tensorflow inception v3 classifier. To
study the performance our DR detection algorithm, 437 images from the Messidor dataset were exploited. Moreover, 68 PDR images
from the Kaggle’s training dataset considering image quality and 30 PDR images from the Messidor, Stare and DIARETDBO were used
to evaluate the performance of the classifier. Based on the dataset analysis, the results showed that the proposed model achieved
97.57% sensitivity, 95% specificity, and 96.36% accuracy in terms of DR vs non-DR. In terms of accuracy, 96.36%, 95.93%, 95.50%,
97.64% and 98.71% are obtained for normal, mild NPDR, moderate NPDR, severe NPDR, and PDR, respectively. Moreover, an overall
accuracy of 96.83% is achieved in the proposed method to classify DR into different stages. It is apparent that the proposed method
shows improved performance as compared to the reported literature by considering different performance metrics. Furthermore, the
algorithm is designed such that there is no need of expert supervision. The user only needs to know how to capture the image as
the accuracy of the algorithm depends mainly on the input image. However, we expect that with current imaging technology, poor
quality images will not be an issue. Thus we hope that the proposed system will be efficiently used as a helping hand to detect DR
by the ophthalmologists because of its high level of accuracy.
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