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Abstract: Sometimes when diabetic retinopathy (DR) is found and treated quickly, vision loss can
indeed be spared. This study deploys a deep learning (DL) model that can discover all 5 stages of
DR more accurately than other methods. The proposed methodology shows two cases scenarios:
case 1 with image enhancement using CLAHE and ESRGAN, and case 2 without image enhance-
ment. Augmentation techniques are then employed to produce a balanced dataset with the identical
criteria for both scenarios. The generated model using DenseNet-121 on the APTOS dataset outper-
formed other approaches for locating the 5 stages of DR, with an accuracy of 98.7 percent for case 1
and 81.2 percent for case 2. Using CLAHE and ESRGAN was shown to improve a model's perfor-
mance and ability to learn.
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1. Introduction

The medical field believes that early discovery of several diseases allows for more
effective treatment [1, 2]. Diabetes is among the most prevalent diseases, and its incidence
has risen globally, it is normally related with synthesis of insulin and excessive glucose
levels in the organism [3, 4], leading to metabolic disruption and consequent health issues
like cardiovascular disease, kidney failure, mental impairment, and vision loss due to di-
abetes, among others. Diabetic retinopathy (DR) is a devastating eye disease that can lead
to permanent blindness. [5, 6].

Non-proliferative DR (NPD) occurs when an artery in the retina perforates and
causes minor bleeding in the eye; proliferative DR occurs when new blood vessels sprout
in front of the photoreceptors, causing significant bleeding into the eye [7, 8]. DR is further
classified into NPD and proliferative DR (PD), with NPD being a significantly more severe
phase of progressive deterioration [8, 9].

Early detection of DR is challenging since it is asymptomatic or presents with ex-
tremely minor indications, leaving a person blind and later leading to impaired vision.
Thus, early detection of DR is crucial for preventing the complexity of this illness. This
disease's diagnosis demands experts and professionals (ophthalmologists) with pretty ef-
ficient technologies and approaches that stimulate breakthroughs in this disease's diagno-
sis [7, 10].

Extraction of features using machine learning (ML) approaches was the foundation
of the vast bulk of DR research prior to the problem of manual feature extraction
prompted researchers to shift their focus to deep learning (DL) [11].
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Subsequent study in areas of medicine opened the way for the development of nu-
merous computer-assisted technologies, including data mining, image processing, ML,
and DL. In recent years, DL has received attention in numerous disciplines, including sen-
timent classification, handwriting identification, and healthcare imaging analysis [12, 13],
among others fields [7].

Our goal was to build a rapid, highly automated, DL based DR identification that
might be utilized to assist ophthalmologists in evaluating potential DR. Early detection
and treatment of DR can lessen its effects. To accomplish this, we developed a model for
diagnostics employing the publicly accessible Asia Pacific Tele-Ophthalmology Society
(APTOS) dataset [14] utilizing unique images enhancement technique with DenseNet-121
[15] for model classification.

Furthermore, we highlight the study's contributions.

e To generate high-quality images for the APTOS dataset, we utilized the contrast lim-
ited adaptive histogram equalization CLAHE [16] filtering algorithm in conjunction
with an Enhanced Super-resolution generative adversarial networks ESRGAN [17],
which is the primary contribution of this study.

e By utilizing the techniques of augmentation, we ensured that the APTOS dataset con-
tained a constant number of records.

e Accuracy (Acc), Confusion matrix (CM), Specificity, Sensitivity, top n accuracy, and
the F1-score (F1c) are the indicators utilized in a comprehensive comparison research
to establish the viability of the suggested system.

e  Using the DensNet-121 weight-tuning algorithm, pre-trained network is fine-tuned
using the APTOS data set.

e By employing a diverse training technique supported by multiple permutations of
training strategies, the overall dependability of the proposed method is improved,
and overfitting is avoided (e.g., data augmentation (DA), batch size, validation pa-
tience, and learning rate).

e  The APTOS dataset was utilized in both the training and evaluation phases of model
construction. By utilizing severe 80:20 hold-out validation, the model obtained a
stunning 98.7% accuracy of classification with enhancement approaches and 81.23%
without enhancement techniques.

This research shows two scenarios: in scenario 1, an ideal strategy for DR stage en-
hancement employing CLAHE and ESRGAN techniques, while in scenario 2, no enhance-
ment is employed. In addition, each model's weights were trained using DenseNet-121.
Images from the APTOS dataset has been used to compare the outcomes of the models of
the two scenarios. Due to the class imbalance in the dataset, augmentation techniques are
required for oversampling. We shall adhere to this plan while we continue writing the
paper. Section 2 offers background for the consideration of relevant work. Following a
discussion of the approach proposed in Section 3, the findings are presented and analyzed
in Section 4. This investigation is wrapped up in Section 5.

2. Related Work

When DR picture detection was performed by hand, there were a number of prob-
lems. Many people in poor countries have problems because there aren't enough qualified
ophthalmologists and examinations are expensive. Because early detection is so crucial in
the fight against blindness, automated processing methods have been made to make ac-
curate and quick treatment and diagnosis easier to get. Machine Learning (ML) models
that were learned on images of the fundus of the eye have lately been able to accurately
automate DR identification. Automatic methods that collaborate well and don't cost much
have taken a significant amount of effort to establish [2, 18].

The latter means that these methods are already better than their old versions in
every way. In DR classification studies, there really are two primary schools of thought
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conventional, specialist methods and cutting-edge, ML based methods. Below is a deeper
look into each of these techniques. For instance, Costa et al. [19] employed instance learn-
ing to detect lesions in Messidor dataset. In [20], Wang et al. describes a two-step strat-
egy based on handcrafted features for diagnosing DR and its severity. Using the histo-
gram of orientation gradients, while Leeza et al. [21] devised collection of attributes for
use in DR identification. Employing Haralick and multiresolution features, Gayathri et al.
[22] classified DR binary and multiclass. Pires et al. [23] steadily bought a bigger CNN
model, conducted different forms of augmentation, and multi-resolution training using
APTOS 2019 dataset. The tested model using Messidor-2 dataset yielded an area under
the receiver operating characteristic (ROC) curve of 98.2%. Furthermore, Zhang et al. [24]
advocated using fundus images to identify and grade DR. Inception V3, Xception, and
InceptionResNetV2 CNN models used ensemble learning to achieve 97.7% area under the
curve, 97.5% sensitivity, and 97.7% specificity. While Math et al. [25] proposed a learning
model for DR prediction. A pre-trained CNN estimated segment-level DR and identified
all segment levels for a 0.963 area under the ROC curve. Moreover, Magsood et al. [26]
introduced a new 3D CNN model to localize hemorrhages, an early indicator of DR, using
a pre-trained VGG-19 model to extract characteristics from the segmented hemorrhages.
The studies used 1509 photos from multiple databases and averaged 97.71% accuracy.

Several research has been done to identify and classify DR at various stages simulta-
neously. Traditional image processing and DL both have their place in such picture cate-
gorization challenges [7, 27-32]. The investigation on DR identification and diagnostic
methods showed that there continue to be a number of flaws that have to be reviewed.
For instance, due to a lack of relevant data, there has been little effort put on creating and
training a unique DL model from inception. Many researchers, however, have found high
dependability values when employing pre-trained models with transfer-learning. In the
end, almost all of these studies only trained DL models on raw images, not preprocessed
ones. This made it hard to scale up the completed classification infrastructure. In the ex-
isting research, multiple layers are added to the architecture of models that have already
been trained in order to make a lightweight DR detection system. This makes the pro-
posed system more efficient and useful, which is what users want.

3. Research Methodology

Figure 1 illustrates the complete procedure of the proposed methodology that was
employed to build a fully automated DR classification model from the dataset discussed
in this paper. It illustrates two distinct case scenarios: case 1 scenario, in which CLAHE is
used as a preprocessing step followed by ESRGAN, and case 2 scenario, in which neither
step is used. In both scenarios, the images are augmented to keep them from being too
well suitable. In the last step, images are sent to the DenseNet-121 model to be classified.
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Figure 1: A Flowchart for the proposed DR Methodology

3.1. Data set Description.

It is vital to select a dataset with a sufficient number of high-quality photographs.
This research utilizes the APTOS 2019 (Asia Pacific Tele-Ophthalmology Society) Blind-
ness Detection Dataset [14], a publicly available Kaggle dataset including a great number
of images. This collection contains high-resolution Retinal images for the five stages of
DR, ranging from 0 (no DR) to 4 (proliferate DR), with labels 1-4 correlating to the four
levels of severity. As shown in Figure 2, there are 3,662 retinal images; 1,805 are from the
"no DR" group, 370 are from the "mild DR" group, 999 are from the "moderate DR" group,
193 are from the "severe DR" group, and 295 are from the "proliferate DR" group. Images
are 3216 x 2136 pixels in size, and Figure 3 illustrates several examples of this format.
Similar to any actual data set, the images and labels contain background noise. There is a
chance that the given photographs will contain imperfections, such as blemishes, chro-
matic aberration, poor brightness, or another difficulty. The photographs were acquired
over a lengthy period from a variety of clinics using a variety of equipment, which all add
to the overall high diversity of the images.
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Figure 2: Class-Wide Image Distribution for APTOS Dataset

Figure 3: Images representing retinopathy taken from the APTOS database

Mild

3.2. Preprocessing using CLAHE and ESRGAN

Images of the retinal images are frequently captured by many institutions utilizing
diverse technology. Because of the high contrast enhancement, it was necessary to in-
crease the clarity of DR images and reduce various forms of noise in the photos used by
the proposed method. All scenario 1 images receive preparatory preparation prior to aug-
mentation and training, which necessitates multiple steps. Error! Reference source not
found.-b depicts how the tiny features, textures, and poor resolution of the DR image
were enhanced using CLAHE relying on the rearrangement of the source image's bright-
ness values [16]. This was accomplished by dividing the image into several non-overlap-
ping, nearly identical-sized portions. Consequently, this method simultaneously boosts
local contrast and the discernibility of edges and curves throughout an image. Then, all
images are resized to match the input size of the learning model, which is 224*224*3. Error!
Reference source not found.-c demonstrates the second application of ESRGAN to the
previous stage's outcome. ESRGAN images can more accurately imitate the sharp edges
of image artifacts [33]. Each image's pixel intensity can vary greatly, so it is normalized
between [-1] and [1] to keep data within predetermined parameters and eliminate noise.
Normalization reduces weight sensitivity, making optimization easier. Consequently, the
method represented in Error! Reference source not found. enhances the quality of the
image's boundaries and arches as well as enhancing the image's contrast, resulting in more
precise results when employing this technique.
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Figure 4: Examples of the image-enhancement techniques offered a) the original, unedited image;
b) the same image rendered with CLAHE; and c) the resulting image after employing ESRGAN.

3.3 Data Augmentation

Researchers performed DA on the training set prior to subjecting DenseNet-121 to
the dataset photos to boost the number of images and resolve the issue of a class imbal-
anced as shown in Error! Reference source not found.. In most cases, deeper learning
models perform better when provided additional data to train from. By making a number
of alterations to each photo, we may make use of DR photography's unique qualities. The
deep neural network (DNN) retains its accuracy even after the image is enlarged, flipped
either vertically or horizontally, or rotated by a predetermined degree of angles. To avoid
overfitting and rectify the imbalance in the dataset, DA (i.e., translation, rotation, and
magnification) are used. Among the transformations used in this investigation is the hor-
izontal shifting augmentation, which involves shifting the pixels of an image horizontally
while maintaining the image's aspect ratio, with the step size being specified by an integer
between 0 and 1. Another kind of transformation is rotation, in which the image is arbi-
trarily rotated by picking an angle between zero and one hundred eighty. All previous
edits to the images within the training set are applied to generate new samples for the
network.

In this research, DenseNet-121 was trained using two different scenarios: the first
involved applying augmentation to the enhanced photos (shown in Error! Reference
source not found.), and the second involved applying augmentation to the raw images
(shown in Error! Reference source not found.). The purpose of DA is to increase the
amount of data by adding slightly changed copies of either existing data or newly synthe-
sized data acquired from the available data using the same parameters in both instances,
even though the total number of photos is the same in both circumstances.
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Figure 5: Samples of DA for the same image (with enhancement) case 1 Scenario

Figure 6: Samples of DA for the same image (without enhancement) case 2 Scenario

Differential categorization techniques were used to solve the issue of inconsistent
sample numbers and unclear groupings. Error! Reference source not found. shows that
the APTOS dataset is an example of an "imbalanced class,” where samples are not distrib-
uted evenly between the several classes. In both scenarios, it is clear that the classes are
balanced after augmentation procedures have been applied to the dataset as shown in

Error! Reference source not found..
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Figure 7: Number of training images before and after augmentation for both cases Scenarios

4 Experimental Results

4.1 Instruction and Setup of DenseNet-121

To demonstrate the DL system's efficacy and compare outcomes to best practices,
tests were carried on the APTOS dataset. Per the proposed training scheme, the dataset
was split into three groups: 80% for training (9,952 photographs), 10% for test (1012 pho-
tos), and a random 10% for validation (1025 photos) to test their capabilities and keep the
weight pairings with the best accuracy value during learning. The training images were
shrunk to 224 by 224 by 3 pixels. TensorFlow Keras for the proposed setup was tested on
a Linux PC with an RTX3060 GPU and 8GB RAM.

The conceptual methodology is pre-trained on the APTOS dataset with the Adam
optimizer which received these hyperparameters during training: This simulation uses
learning rates from 1E”3 to 1E”5, batch sizes from 2 to 64 with an increase of two times
the prior value, epochs of 50, patience of 10, and momentum of 0.90.

4.2 Performance appraisal

In this section of the study, the evaluation measures employed, and their outcomes
are described in detail. Accuracy (Acc) is a commonly used statistic for measuring classi-
fication performance. It is calculated by dividing the number of successfully categorized
instances (images) by the total number of instances (images) in the dataset illustrated in
equation (1). Specificity and Sensitivity are the two most frequently employed metrics for
evaluating the performance of picture categorization systems. The Specificity increases
according to the number of precisely labeled photos as in equation (2) while Sensitivity is
the ratio of effectively categorized images in the dataset to those associated numerically
as shown in equation (3). Furthermore F1-score suggests that the system is more accurate
at predicting the future than one with a lower value as the success of a system cannot be
determined just by its accuracy or Sensitivity. Equation (4) demonstrates how to mathe-
matically calculate the F1-score (Flsc). Top N accuracy is the final metric used in this
study; for this metric to be termed "top N accuracy”, model N's highest probability replies
must match the expected softmax distribution. A classification is deemed accurate if at
least one of the N predictions made corresponds to the desired label.
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True positives, represented by the symbol (Tp), are successfully anticipated positive
cases, and true negatives (Tn) are effectively predicted negative scenarios. False positives
(Fp) are falsely predicted positive situations, whereas false negatives (Fn) are falsely pro-
jected negative situations.

4.3. Performance of DenseNet-121 Model Outcomes:

When glancing at the APTOS dataset, we concentrate on two different scenario con-
figurations in which DenseNet-121 was applied to our dataset in two different ways: once
with enhancement (CLAHE + ESRGAN) and then once without (CLAHE + ESRGAN), as
shown in Figure 3. Models are trained for 50 iterations, with batch sizes ranging from 2 to
64 and learning rates of 1E”3, up to 1E"5. DenseNet-121 was adjusted even more by freez-
ing between 150 and 170 layers. This was done so that it could be as precise as possible.
Several runs of the same model with the same parameters were used to make a model
ensemble. Because such arbitrary weights are obtained for every run, the accuracy
changes from run to run. In Error! Reference source not found. and Error! Reference
source not found., for Scenarios 1 and 2, only the best run result is shown. It shows that
the best results you can achieve using CLAHE + ESRGAN in Scenario 1 and Scenario 2 are
98.7% and 81.23%, respectively. Error! Reference source not found. shows how the eval-
uation metrics used in Scenario 1 utilizing CLAHE and ESRGAN and Scenario 2 without
utilizing them affected the best outcome for each scenario.

Table 1: Top Accuracy with enhancement (CLAHE + ESRGAN)

Top-2 Accuracy Top-3 Accuracy Acc Specificity Sensitivity Flsc
1.0000 1.0000 0.987 0.98 0.98 0.98

Table 2: Top Accuracy without enhancement (CLAHE + ESRGAN)

Top-2 Top-3
Accuracy Accuracy
0.9111 0.9625 0.8123 0.81 0.81 0.81

Acc Specificity Sensitivity Flsc
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Figure 8: Top Results for both Scenarios

Figure 9 and Figure 10 depict Scenario 1 and Scenario 2 confusion matrices. The con-
fusion matrix shows that the suggested technique can distinguish retina classes with
98.7% accuracy, which is good for real-world application. The confusion matrix demon-
strates that scenario 1 correctly classified samples.

Confusion matrix
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Figure 9: Top confusion matrix of DenseNet-121 with enhancement (with CLAHE +
ESRGAN)
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Figure 10: Top confusion matrix of DenseNet-121 without enhancement (without CLAHE
+ ESRGAN)

Throughout the APTOS dataset, Table 3 and Table 4 display the full range of test
photos by category. Based on the data, it is abundantly obvious that the No DR class con-
tains the majority of images with 504; its Specificity, Sensitivity, and F1sc have the highest
values of 99 percent, 100 percent, and 100 percent for Scenario 1, and 97 percent, 97 per-
cent, and 97 percent for Scenario 2. Table 3 and Error! Reference source not found.
demonstrate that the proposed method scored higher than the baseline methods for sce-
nario 2 in terms of Flsc, accuracy, sensitivity, and specificity. Utilizing images of the retina
to help ophthalmologists find infections more accurately and with less effort has now been
shown to work in the real world.

Table 3: Detailed results for each class using CLAHE + ESRGAN.

Specificity Sensitivity Flsc Total images

Mild DR 0.95 1.00 0.97 93

Moderate DR 1.00 0.97 0.99 280

No DR 1.00 0.99 0.99 504

Proliferative DR 0.973 0.98 0.96 82

Severe DR 0.90 0.97 0.93 53

Average 0.98 0.98 0.98 1012

Table 4: Detailed results for each class without using CLAHE + ESRGAN.
Specificity Sensitivity Flsc Total images

Mild DR 0.60 0.67 0.63 93
Moderate DR 0.76 0.77 0.76 280

do0i:10.20944/preprints202302.0218.v1
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No DR 0.95 0.97 0.96 504
Proliferative DR 0.57 0.52 0.55 82
Severe DR 0.38 0.28 0.32 53
Average 0.81 0.81 0.81 1012
4.4. Evaluation Considering a Variety of Other Methodologies
Effectiveness is compared to that of other methods. According to Table 5, our method
exceeds other alternatives in terms of effectiveness and performance. The proposed
DenseNet-121 model achieves an overall accuracy rate of 98.7% for Scenario 1 and 81.23%
for Scenario 2, surpassing the present methods.
Table 5: Comparison of system performance to previous research using the APTOS Dataset.
Ref# Technique Accuracy
[34] EfficientNet-B6 86.03%
[35] SVM 94.5%
[36] SVM classifier and MobileNet V2 for feature extraction 88.80%
[37] Densenet-121, Xception, Inception-v3, Resnet-50 85.28%
[38] Inception-ResNet-v2 72.33%
[39] MobileNet_V2 93.09%
[40] EfficientNet and DenseNet 96.32%
[41] VGG16 96.86%
[42] CNN 85%
[43] Hybrid Residual U-Net 94%
[29] Inception-ResNet-v2 97.0%,
[44] VGG-16 74.58%
[31] VGG16 73.26%
DenseNet121 96.11%
[45] LBCNN 97.41%
[3] Inception-v3 88.1%
[7] DenseNet201 93.85%
[2] MSA-Net 84.6%
Proposed DenseNet-121 (' without using CLAHE + ESRGAN) Scenario 2 81.23%
Methodolo
gy
Proposed DenseNet-121 (using CLAHE + ESRGAN) Scenario 1 98.7%
Methodolo
gy

4.5 Discussion

Relying on CLAHE and ESRGAN, this study came up with a new method for classi-
fying DR. The model that was made was put through its paces using DR images from the
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APTOS 2019 dataset. So, there are two training cases scenarios: case 1 scenario with
CLAHE + ESRGAN applied to the APTOS dataset and case 2 scenario without CLAHE +
ESRGAN. For 80:20 hold-out validation for case 1 and case 2 scenarios, the model had
five-class accuracy rates of 98.7% and 81.23%, respectively. For both cases, the proposed
method used the DenseNet-121 architecture that had already been trained on the uti-
lized dataset. During the development of the model, we looked at how well it classified
two different situations and found that enhancement techniques gave the best results (Er-
ror! Reference source not found.). The general resolution enhancement of CLAHE +
ESRGAN is the most crucial component of our method, and we can show that it is respon-
sible for a big improvement in accuracy.

5 Conclusion

Researchers have found a way to efficiently and precisely diagnose five different
types of cancer by classifying retinal blood vessels in the APTOS dataset. The proposed
method utilizes two scenarios: case 1 scenario, which uses CLAHE and ESRGAN to im-
prove the image, and case 2 scenario, which does not use enhancement. Case 1 scenario
uses four-step techniques to improve the image's brightness and get rid of noise. Experi-
ments show that CLAHE and ESRGAN are the two stages that have the most effect on
accuracy. For the purpose of preventing overfitting and enhancing the general compe-
tences of the suggested method, DenseNet-121 was trained on the apex of preprocessed
medical images using augmentation techniques. The proposal asserts that when Dense-
Net-121 is used, the conception model has an accuracy rate of 98.7% for case 1 and 81.23%
for case 2 scenarios, which is similar to the prediction performance of professional oph-
thalmologists. The investigation is also unique and important because CLAHE and
ESRGAN were used in the preprocessing phase. Research analysis demonstrates that the
proposed approach outperforms conventional modeling approaches. For the suggested
method to be useful, it needs to be tested on a sizable, complicated dataset that includes
numerous future DR cases. Throughout the future, Inception, VGG, ResNet, and other
augmentation methods may be used to examine new datasets.
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