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Abstract. The detection of diabetic retinopathy (DR), using fundus images, helps the
ophthalmologist to make decision about its severity level. These images may have
various significance issues like dark brightness, blurring etc. This paper is focused on the
effective identification of tiny red dots-micro aneurysms and improving the quality of
fundus images. WCLAHE technique has been adopted to improve the contrast.
Furthermore the bi-linear interpolation method has been applied to fine the irregular
boundaries in the fundus images. These images have been effectively segmented to locate
the region of interest (ROI) from which the statistical features have been computed. The
issues of over fitting and bias have been effectively resolved in the improved support
vector machine (I-SVM) model. The proposed solution has been tested on the collected
dataset from IEEE Data Port, consist of 3,200 images, encompassing both DR and non-
DR cases. The performance metrics such as accuracy, F1-score, AUC have been used to
analyze the results The proposed model has shown the better accuracy (96%), F1-Score
(93.29%) sensitivity (92.13%), and specificity (94.49%) under 10-fold cross-validation
as compared with the existing classification.
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1 Introduction

Diabetic retinopathy is the result of disease such as high glucose level, high blood pressure in the
working-age population worldwide [1]. A consistently high level of sugar in the blood and irregular
fluctuations over time can harm blood vessels [2]. If untreated, it has severe impact on human eyes
which may leads to vision loss. Opthmalogists use the retinal eye fundus images to locate the
presence of DR related symptoms. The various symptoms of DR can be divided into three broad
categories- red, yellow, and white color. Micro aneurysms [3] are the very tiny red dots which may
be scattered in the entire image as shown in fig 1. Blood spots of different shapes and medium or
large size, produced by bleeding or injury, are referred to as hemorrhages (HE's). Other symptoms
like Exudates (Ex's) and Cotton wool Spots (CW's) belongs to yellow and white color respectively.
DR is graded into two types- binary and multiclass [4]. Furthermore multiclass grading can be
categorized into proliferative and non- proliferative based on the density of identified symptoms.
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Fig 1. Tiny red dots- Micro-aneurysms [5]

It has been observed that the process of capturing the retinal fundus images suffers from irrelevant
illumination, blurred, darkened candidate regions, and uneven light distribution [6]. Due to these
irregularities in the images, the performance of classification model gets affected and produces the
less accurate results. In the literature survey, the quality of images is improved using existing
methods such as Gaussian [7], Min-Max Normalization [8], CLAHE [9] etc. Several feature
extraction and selection technique such as Genetic algorithm [10], Principal component analysis[11]
etc. have been reported. Various classification models like KNN, ANN, SVM, VGG16, VGG19
[12] etc have been used for the DR prediction. Several challenges still persist like non-uniform
reflectance, over-fitting, oversaturation, and biased outcomes. The main aim of this paper is to
resolve the issues of over-fitting and bias for improving the better prediction of DR. The rest of
paper is divided into four sections. Section-II shows the related previous work, Section-III describes
the proposed model, Section-IV presents the results, and Section-V concluded the whole paper.

2 Related works

This section presents the related works previously done for the prediction of DR and its severity
grading into binary and multiclass. Saeed et al.[13] designed a two-stage pre-trained-CNN
transfer learning model for DR prediction. In addition, PCA method was employed for high level
feature extraction. The performance of the model was analyzed over messidor & Eye-PACS
dataset. It was observed that the bias result came into picture. Modi et al. [14] designed a three
layer model consisting of VGG-16, SPP, and NN layer for multi-grading of DR. In this Ne-
vascular vessel was created to detect the micro-aneurysms near to vessels. The performance of the
model was analyzed over IEEE dataport fundus image dataset. It shows the accuracy (91.25%),
specificity (94.87%) under 10-fold cross validation method. Yang [15] was designed a GCA-
Efficient Net (GENet) model to predict the DR. A cosine annealing learning rate method was
employed to converge the model as early. The model was trained on fundus image dataset
collected from KAGGLE and analyzes the performance. The results showed that it gains the
accuracy (95.6%) and specificity (98.9%). Modi et al. [16] used a MLP-CNN model for the multi-
grading of DR. MAX-RGB algorithm was applied to enhance the contrast of fundus image dataset
collected from IEEE data port. It was shown that the model achieved the good kappa score (0.81)
result. In the continuation of previous work done by Modi et al. [17], used a deep-belied net
model to address the issue of contrastive divergence during binary classification of fundus
images. The images were segmented using k-means clustering and spatial feature were extracted
from the identified ROIs. It was shown that, the model achieved the better accuracy (91.28%),
Sensitivity (93.46%), specificity (94.84%) and Fl-score (94.14%) result under 10-fold cross



validation method. In the continuation of work further done by Modi et al. [18], used a deep-
forest cascaded model to improve the slower convergence rate for the binary classification of DR.
in this BAT algorithm was applied for feature selection from the extracted features using multi-
grained scanning technique. The performance of the model was tested over the same dataset and
compares its results with the existing classification model like SVM, ANN etc. The model
achieved the better specificity (94.65%), accuracy (92.94%), Sensitivity (95.67%) and F1-score
(95.31%) under 10-fold cross validation method. Alavee et al. [19], integrated the CNN model
with xplainable artificial intelligence (XAN) for the binary classification of DR. They applied
image pre-processing operations like rotation, flipping, constant filling etc to generate the
augmented dataset. They analyzed the performance of the proposed model over fundus image
dataset collected from KAGGLE and IDRID. The authors claimed that the better accuracy
(95.27%) result was achieved.

3. Proposed Model

This section describes the working of the proposed model as shown in fig. 2. The proposed model
consisting of retinal fundus image pre-processing, improve profuse clustering, classification
model, and model validation. The quality of retinal fundus images have been improved against
irrelevant illumination, blurred, darkened candidate regions, and uneven light distribution. The
phase of image pre-processing including the steps such as pixel intensity, WCLAHE, and Bilinear
interpolation method. The phase of improve profuse clustering method consisting of steps such as
edge detection and image segmentation technique based on similar pixel to identify the ROI’s. In
the phase of binary grading of DR, improved SVM [20] model has been used to work on the
statistical feature set. These above phases are further described into subsections (a), (b), and (¢)
respectively. All these phases are performed over the fundus image dataset which was collected
from IEEE data-port repository. This dataset consists of 3,200 images and has dimension of
1440x960. The images are transformed to gray scale using rgb2gray () function.

(a) Image Pre-Processing: This phase enhances the quality of images against irrelevant
illumination, blurred, darkened candidate regions, and uneven light distribution. Pixel intensity
method is used to remove the noise and inconsistent pixels. WCLAHE [21] divides the image into
tiles and compute the histogram for each tile. It controls the over enhancement by clipping it
using threshold limit and assign the weights to each surrounding tile based on the similarity.
Finally all the tiles get stitched together using bi-linear interpolation method as shown in fig 3.

(b) Improve Profuse Clustering Method: In this phase, initially the edges of the blood vessels are
identified using canny edge detection filter and are removed to identify the red dots- micro-
aneurysms. Furthermore, the images are segmented using improve profuse clustering technique
with augmenting the k-median, to identify the ROI’s with objective of pixel similarity as shown in
fig 4. Similarity has been computed using pixel eigen values and spectrum [22].

(c) Binary grading of DR: In this phase, initially the statistical features mentioned in table 1,
have been computed from the identified ROI’s. These features get feeded in the improved



version of support vector machine (SVM) model called least square SVM (LS-SVM) to
handle the issue of bias.
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Table 1. Statistical Feature

Feature Formula
Mean 1 -
Mu = M Z Ai
- M =
Median A (3) if, M is even
Median(P) = M-—1 M+ 1y )
A (—) + A(—) if, M is odd
2 2
SD 1 M
o= MZ(AI - MU.)2
i=1
Skewness 1 4 v
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4. Results and Discussion

This section illustrates the achieved results for the binary classification of DR. The experiment
is performed on MATLAB software with Intel core-i8 CPU and 32GB RAM. The image




dataset has been divided into training and testing subset using 10-fold cross validation [23]. In
a particular iteration, a subset is used for testing and rest of the subsets are used for training
purpose. To evaluate the performance of model, the performance metrics such as accuracy
(Acc), Fl-score (F1), Specificity (Spec) and Sensitivity (Sens) have been used. The model
performance has been competitive with other models such as KNN, ANN, VGG16, and SVM
model. The confusion matrix of the proposed model and other comparative models is showing
in fig.5 (a)-(f). Using the confusion matrix, the performance has been computed which is
showing in table 2. It can be easily seen that, the proposed model achieving the better
accuracy (90.06%) and Fl-score (93.29%) results as compared to other classification
techniques. In a similar manner, the model the better sensitivity (92.13%) and specificity
(94.49%) results as compared to other classification techniques.

5. Conclusion and Future Scope

This section concludes the whole work presented in this paper for the binary classification of
DR. The Images are transformed to handle the issues of over fitting against irregular
illumination and noise. Furthermore the bias issue has been handled using LS-SVM model
through which the better outcomes have been achieved. The proposed model shows the better
performance in comparison to other classification techniques under 10-fold cross validation
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method. The image processing methods have been applied in this paper can be extended for 3-
d fundus images to visualize the micro-aneurysms.



Table 2. Performance Results

Technique Acc F1 Sens Spec
KNN 78.72 | 85.72 85.04 86.37
VGG16 84.59 | 89.63 88.75 90.52
ANN 80.78 | 87.08 86.12 87.99
SVM 82.03 | 8791 87.13 88.71
VGG19 86.94 | 91.19 90.13 92.28

Proposed 90.06 93.29 92.13 94.49
Model
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