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Abstract

Objectives: Diabetic retinopathy (DR) is associated with
long-term diabetes and is a leading cause of blindness if it
is not diagnosed early. The rapid growth of deep learning
eases the clinicians’ DR diagnosing procedure. It automati-
cally extracts the features and performs the grading. How-
ever, training the image toward the majority of background
pixels can impact the accuracy and efficiency of grading
tasks. This paper proposes an auto-thresholding algorithm
that reduces the negative impact of considering the back-
ground pixels for feature extraction which highly affects the
grading process.

Methods: The PSO-based thresholding algorithm for retinal
segmentation is proposed in this paper, and its efficacy is
evaluated against the Otsu, histogram-based sigma, and
entropy algorithms. In addition, the importance of retinal
segmentation is analyzed using Explainable AI (XAD to
understand how each feature impacts the model’s perfor-
mance. For evaluating the accuracy of the grading, ResNet50
was employed.

Results: The experiments were conducted using the IDRiD
fundus dataset. Despite the limited data, the retinal seg-
mentation approach provides significant accuracy than the
non-segmented approach, with a substantial accuracy of
83.70 % on unseen data.

Conclusions: The result shows that the proposed PSO-based
approach helps automatically determine the threshold value
and improves the model’s accuracy.
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Introduction

According to the International Diabetes Federation (IDF),
half a billion people worldwide have diabetes. According to
estimations, 783.2 million adults worldwide will have dia-
betes in 2045 [1]. The primary cause of DR is a consequence of
diabetes. DR leads to vision loss if it is not treated early. DR is
primarily classified as either Non-Proliferative (NPDR or
early DR) and Proliferative (PDR or late DR) [2]. The Inter-
national Clinical Diabetic Retinopathy (ICDR) severity scale
is a comprehensive tool for assessing the development of DR
using fundus images. The inputted fundus images are clas-
sified into five categories according to the international
protocol: Non-Diabetic Retinopathy (No DR (R0)), Mild Non-
Proliferative Diabetic Retinopathy (NPDR (R1)), Moderate
NPDR (R2), Severe NPDR (R3), and Proliferative DR (R4).

Based on severity level and referral requirements, the
classification can also be divided into non-referable DR
(No DR and Mild NPDR) and referable DR (Moderate NPDR,
Severe NPDR, and PDR [3, 4]. Lesions evident on fundus
imaging help distinguish between background DR and more
advanced stages of the medical condition. The lesion feature
generalization is difficult in Machine learning systems. Due
to the growth in the high number of patients with DR, deep
learning-based automatic screening of eye fundus images is
the solution to screen a larger population of diabetes
patients and it overcomes some limitations of automatic
feature extraction and classification of the machine learning
approach. However, the quality of the images affects the
performance in the deep learning system [5]. To obtain a
promising result, this study proposes Particle Swarm Opti-
mization (PSO)-based auto thresholding algorithm for
segment the retina from the background. There is limited
work using retinal segmentation in DR Grading and Lesion
Detection [6]. In addition, the importance of retinal seg-
mentation is not shown in the prior work.

The primary objective of the paper is to propose PSO-
based auto thresholding algorithms for retinal segmentation
and to demonstrate the impact of the retinal segmentation
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on the performance of the DR Grading System through the

empirical assessment. The related objectives are described

as follows:

— Applying the proposed PSO-based thresholding algo-
rithms on fundus images to segment the retina.

— Comparing the effectiveness of proposed algorithms
with the state-of-the-art Otsu, histogram-based
sigma thresholding, and entropy-based thresholding
algorithms.

— Implementing the pre-trained model ResNet50 to assess
the impact of the non-segmented and retinal-segmented
approaches in diabetic retinopathy grading.

The proposed work suggests PSO-based auto thresholding for
retinal segmentation of fundus images. Then the retinal-
segmented image is trained using transfer learning. Finally,
the results are assessed to understand how the inclusion and
exclusion of the segmentation impact the grading’s perfor-
mance. In this paper, the PSO-based thresholding algorithm is
proposed to segment the foreground without manually
setting the threshold, using entropy as an objective function.
The PSO with local search and Entropy values are utilized to
determine the positions of thresholds automatically.

The rest of the paper is structured as follows: In Section
2, relevant work on deep learning is reviewed. The dataset
collection and proposed methods are covered in Section 3.
Section 4 discusses the experimental outcomes. Section 5
presents the conclusion and future work.

Related work

An overview of the many methods utilized for DR Grading is
given in this section. Early studies focused on improving the
image quality using a standard approach of normalization,
resizing, color conversion, and image augmentation.

The study [5] demonstrates the effectiveness of pre-
processing in improving the performance of deep learning
models for DR classification. The study, which concentrated
on image augmentation and resizing to improve image
quality, suggests that future research will include more
preprocessing techniques. Feng et al. [7] combined Con-
volutional Neural Networks (CNN) and Graph Neural
Networks (GNN) to extract the features and capture the
complex relationships between data points, respectively.
However, these models failed to focus on improving the
quality of various dataset images.

To change the different sources images into a uniform
format Gao et al. [8] utilized the resizing approach using
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fixed dimensions, discarded the black borders by a selected
threshold value, shape normalization to avoid the small
notch on the edge of the image circle, normalized the image
color to provide the more stable input range to the learning
model, and image augmentation to overcome the limitations
of data. Since the study utilized manual threshold setting to
segment the retinal area. The study by Pao et al. [9] presents
a Bi-channel CNN system by combining the features from
both gray-level entropy images and green component
entropy images to improve the detection of referable DR. To
improve the image quality resizing, unsharp masking (UM),
and augmentation is applied before computation without
considering the additional preprocess approach.

Al-Turk et al. [10] described an approach based on feature-
based grading to enhance transparency and interpretability in
DR screening with the use of a simple pre-process approach of
color averaging and augmentation. However, a lack of pre-
processing techniques will affect the model performance and
feature detection. In references [11-14], conventional pre-
processing techniques are utilized to improve DR detection
and grading. According to the study by Zhu et al. [15], the early
studies focused on the primary preprocess of i) Image
enhancement to overcome inhomogeneities of contrast using
Contrast-limited Adaptive Histogram Equalization (CLAHE),
AHE, and Modified CLAHE, ii) Denoising to remove the noise
using the mean filter, gaussian filter, and wiener filter, iii)
Normalization to reduce the feature bias, and iv) Augmenta-
tion to improve data size and diversity by applying geometric
and color transformation.

Butt et al. [16] described an approach based on a hybrid
method to extract features from the fundus images to
improve the model performance in DR detection. In refer-
ence [17], custom training data were utilized to address
varying image quality and class imbalance. The author
introduced the pseudo-binary classification scheme to
improve prediction reliability and provide more informa-
tion, and also designed energy-efficient hardware, enabling
deployment on edge devices. The study [18], evaluates the
efficacy of two pre-trained models, Faster R-CNN and Mask
R-CNN, for identifying hemorrhages and models were tested
on an image database containing expert-labeled ground
truth. Al-Hazaimeh et al. [19] proposed a novel method that
combines artificial intelligence and image processing to
enhance the identification of DR. The method aims to
address issues with specificity, sensitivity, and accuracy in
current techniques and successfully detects several forms of
DR, including exudates, microaneurysms, and hemorrhages.
The summary of the related work using deep learning
approaches is shown in Table 1.
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Table 1: Summary of related work using deep learning approaches.

References Dataset

Method

Foreground
retinal
segmentation

Contributions

[5] EyePACS Image resize, and data augmentation
[71 APT0S2019, Messi-  Pre-process is not described
dor-2
[8] Clinical dataset Size, shape, and color normalization, data
augmentation, and background cropping by
manual threshold setting
[9] Kaggle diabetic Data augmentation, resize, color component
retinopathy extraction
[10] Both clinical and Color averaging, augmentation
public dataset
[11] MESSIDOR, IDRID Size and color normalization, denoising, his-
togram equalization using CLAHE,
augmentation
[12] IDRID Denoising, resize, augmentation,
normalization
[13] DIARETDBO, DIA- Resizing, normalization, augmentation
RETDB1, Messidor,
HEI-MED, ODIR
[14] IDRID, Messidor, DDR  Resize, augmentation
[16] APTOS Image resize, normalization
7] EyePACS, DDR, Filter out corrupted images and under-
APTOS sampled the majority classes
[18] DIARETDB1 Methodology is not described
[19] EyePACS Denoised using non-linear wiener filter, OD is

segmented using CHT for effective detection
of exudates, the BCSPNFCM algorithm is
introduced for blood vessel segmentation,
and morphological operation is applied to
make hemorrhage detection efficient

Not performed

Not performed

Manual threshold
setting is used

Not performed

Not described

Not performed

Fixed cropping is
applied
Not performed

Not described

Not performed

Not described

Not described

Not described

To eliminate the overfitting, effective pre-
processing and augmentation are carried out
Graph convolution network is introduced to
learn the deep features of an image and its
class information

Proposed a novel dataset for clinical practice

The features of the gray-level entropy images
and green component entropy images are
combined using bi-channel CNN to enhance
referable DR detection

An end-to-end feature-based DR grading and
progression system is implemented
Quadrant ensemble InceptionResnet V-2
framework is proposed for DR grading
accuracy

A customized EfficientNet model is presented
to utilize small datasets

The multi-classification deep learning model
was proposed for diagnose different eye
diseases

A cross-lesion attention network is proposed
for DR grading

The hybrid model of Google Net and ResNet18
is presented for binary classification and
grading

Pseudo binary classification and energy effi-
cient DR screening hardware device is
designed for deployment

Detectron2 framework is utilized for providing
the segmentation mask on hemorrhage

A new approach was introduced to increase
the accuracy of DR detection by segmenting
the features, and detection with the selection
of lesions

The literature studies have proposed approaches to
grading diabetic retinopathy (DR) in digital fundus images,
but few considered retinal segmentation as another
component that can enhance image quality. The current
study addresses this gap by introducing a retinal segmen-
tation technique based on Particle Swarm Optimisation
(PSO) that aims to improve image quality and, conse-
quently, the precision and robustness of automated DR
grading systems. The general pipeline of the study is shown
in Figure 1.

Materials and proposed
methodology

Dataset collection and description

The current work utilized the Indian Diabetic Retinopathy
Image Dataset (IDRiD) [20]. The IDRID Dataset is a publicly
accessible benchmark dataset. The fundus images were
captured by a retinal specialist using a Kowa VX-10 alpha
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IDRID dataset

]

Input image

Conversion of RGB Apply the PSO to find the threshold Initialize parameters of
image into grayscale value automatically PSO
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Figure 1: The general pipeline of the study.

digital fundus camera and all are centered near to the
macula. The resolution of an image is 4,288 x 2,848 pixels.
This dataset incorporates pixel-level annotated data and
image-level grading data with binary mask ground-truth
images to evaluate the performance of individual lesion
segmentation techniques and grading classification.

Image pre-processing

The input data and the architecture of the networks play an
important role in building an effective deep-leaning-based
classification system. Pre-processing is an important step in
improving the quality of the input image [21]. Improvement
in preprocessing can help in eliminating artifacts [6]. This
study has utilized normalization, augmentation, and resiz-
ing for preprocessing.

The image pixel values were originally in the range 0-255.
These can lead to exploding or vanishing problems during the
training process. Normalizing images to the range 0-1helps to
improve the image data, training stability, and performance
of the model [22]. There are many normalization approaches
for scaling the attribute values [23]. For this study, the rescale
parameter from Keras ImageDataGenerator, a specific case of
min-max normalization has used.

Image augmentation increases the size and diversity
of the dataset artificially to improve the model’s generaliz-
ability. The horizontal and vertical flipping is applied on the
training image to augment the image using the Image-
DataGenerator. The ImageDataGenerator avoids overfitting
because it will not add the transformed images to the range
of original images [24]. The image resize is used in pre-
processing to transform different dimensional images to a
consistent scale [8]. The image resize helps to minimize the
running time and required memory of the model to load and
train the images [25]. In this work, the fundus image is
resized to downscale the image size by passing a fixed
dimension value.

Proposed PSO-based retinal segmentation

Prior studies have made significant contributions to DR
classification by enhancing image quality and facilitating
feature analysis using various approaches including CLAHE,
Color extraction, Feature extraction, Blood vessel segmen-
tation, and Optic Disc segmentation. The artifacts may
potentially cause the model to concentrate on inappropriate
information. It is illustrated in the following Figure 2a using
Explainable AI SHAP values tools. SHAP helps to understand
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Retinal segmentation using PSO-E
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Figure 2: Result of SHAP interpretation on (a) non-segmented images and (b) segmented images using PSO-E.

how each feature impacts the model’s prediction. SHAP gives
an important value on each feature for a prediction that has
been identified [26]. As emphasized in the figure, the model
focuses on undesired black background information,
impacting its accuracy and leading to misdiagnoses. This
study suggests a retinal segmentation to segment the retinal
area from the background area. This approach reduces
background information to further enhance the model’s
accuracy and reduces the size of the image for more efficient
processing. For foreground segmentation, thresholding is
one of the most popular approaches for converting an image
into a binary image. The optimal threshold value setting is
the primary challenge in thresholding approaches, which is
determined by the user. If the user is unable to choose an
ideal threshold setting, it may cause to miss certain valuable
areas of an image [27].

Thresholding techniques include local and global
thresholding algorithms. Global thresholding uses a single
threshold to divide the image into foreground and back-
ground pixels and this study focuses on global threshold
approaches. Otsu’s method is a popular state-of-the-art

global thresholding method, though it may struggle with
certain images since it expects that the foreground and
background have similar Gaussian distributions, which is a
highly complex order that real-world images are unable to
satisfy [28]. Otsu may not perform well with images that
have more than two peaks in the histograms.

In recent studies, bio-inspired optimization algo-
rithms have been utilized to tackle the problems of
traditional optimization algorithms [29]. The bio-inspired
PSO algorithm has the potential to produce good results
while addressing the limitations of Otsu’s technique, such
as establishing an ideal threshold for accurate image
segmentation and the images having a large intraclass
variance difference and uneven illumination respectively.
In 1990, Kennedy and Eberhart introduced the PSO [30].
PSO is a population and random-based approach inspired
by the collective behavior of bird flocks or fish schools. The
ideal strategy for the birds is to follow the one closest to
the food. PSO treats each potential solution as a particle
within the search space, much like a bird. Each particle
has a fitness value, which is defined by a fitness function
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that requires optimization, as well as a velocity that reg-

ulates its movement. Particles move through the problem

space by seeking the particle in the best-known position

[31].

For segmenting the retinal area from the unwanted
background information, the PSO algorithm is used in this
study due to its ease of implementation, low parameter
needs, fast convergence, and scalability [32]. The purpose of
using the PSO algorithm is to determine the threshold value
automatically for the binary conversion of an image to
segment the retinal region from images. In order to get the
best threshold value, the entropy approach is used as an
objective function with the PSO. The PSO with Entropy (PSO-
E)-based optimization algorithm is implemented for auto
threshold value determination and the detected threshold
value is applied on the image to segment the retinal region.
As shown in Figure 2b, the majority of background pixels are
removed using the PSO-E algorithm, and the SHAP tool is
applied to interpret the result. The SHAP shows the model is
focused on the appropriate information after retinal seg-
mentation. The general steps for the PSO-E algorithm for
thresholding are as follows:

Step 1: Input the grayscale image, set the number of particles
to 0, maximum iterations to 20, PSO parameters: inertia
weight (w) to 0.5, cognitive and social components (cl,
c2) are tol.5.

Step 2: Define the fitness function based on image entropy.
The entropy of the binary image is used as the fitness to
obtain the threshold value.

N
f ) ==3p, logy (p;) &)
where p; is the probability of foreground pixel value in the
binary image.

Step 3: Initialize the positions of particles with a predefined
threshold range [10, 20], personal best positions are to be
equal to the initial positions, global best position and
fitness are to 0, all particle velocities are set to 0, and
personal best fitness is to 0 for all particles.

Step 4: Iteration: begin;

Calculate the fitness of each particle.
Adjust the velocity and position of each particle.

Vi(t+ ) =wvi () +c1- 11 (D= Xi) + €T (8 = Xi) @
where

v; (t + 1) is the velocity of the i — th particle.
v; (t)is the current velocity of the i — the particle.

g global best position found by any particle in the swarm.
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p; is the personal best position of the i — th particle.

Update personal and global best positions based on fitness
values.

Xi(t+1) =x; () +v;(t+1) 3)
where

X;is the current position of the i — th particle.
Xi (t + 1) is the new position of the i — the particle.

X; (t) is the current position the of i — th particle.

Vi (t + 1) is the new velocity of the i

— thparticle calcuate from the first equation

Check the convergence criteria. Stop if the global fitness
reaches the desired entropy of 1.0.
Step 5: Get the output of the binarized image using the global
best threshold value.

Multi-class classification using ResNet50

The non-segmented and PSO-based retinal-segmented im-
ages are inputted separately into the ResNet50 transfer
learning model [33] to evaluate the segmentation and
grading performance. The Residual Neural Network is a
Convolutional Neural Network (CNN) that integrates resid-
ual connections to preserve network connectivity and pre-
vent gradient vanishing by adding the normalization layers.
These connections work as shortcuts, allowing information
to jump to certain levels and proceed directly to the output.
This technique enables the network to learn residual func-
tions and make modest parameter changes, resulting in
faster convergence and better performance. ResNet en-
hances overall performance by prioritizing residual func-
tions over complex input-output mappings.

The 50-layer ResNet (Residual Neural Network) archi-
tecture extracts a feature from the input image, and then the
Global Average Pooling (GAP) [34] layer reduces the high
dimensional feature maps from ResNet50 into lower-
dimension vectors, and finally fully connected (dense)
layers perform classification for grading the fundus images.
This procedure aids in customizing the underlying model’s
higher-level features to the particular task at hand [35].
ResNet50 residual networks keep consistent computational
complexity by doubling filters when halving feature map
size and using the same filter count based on the output
feature map size with bottleneck design to reduce the
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number of parameters and matrix multiplications. Grading
results are analyzed to provide insights into the significance
of retinal segmentation.

Experimental results
Experimental dataset distribution

The experimental investigation of the proposed PSO-based
retinal segmentation was executed on the images acquired
from the IDRID dataset. In total 516 images, for thresholding
analysis, 516 images were employed, and for assessing the
grading accuracy 330 images were allocated for training, 83
images for validation, and 103 images for testing. All
computation, training, testing, and validations were per-
formed in Google Colab environments using GPU runtime,
equipped with an Intel i5-1035G1 CPU @ 1.00 GHz processor,
and 8 GB of physical memory hardware.

Performance metrics

To measure the performance of the retinal segmentation,
kappa score, mean accuracy, multi-class confusion matrix,
and SHAP XAI, are employed. In a multi-class confusion
matrix rows reflect actual classes, and columns indicate
expected classes. The kappa score is determined from the
multi-class confusion matrix. It is more reliable than basic
accuracy since it shows how much better the segmentation
results are than probability. The segmentation model’s mean
accuracy provides an overview of how well it works across
all classes, rather than concentrating on just one. The multi-
class confusion matrix makes it possible to analyse errors for
each class in greater detail and shows how frequently the
model confuses one class with another. SHAP can explain
which features are most crucial for predicting particular
outcomes. The model’s accuracy, efficiency, and reliability in
retinal segmentation are evaluated using these metrics.

Experimental analysis of thresholding

Figure 3 presents the visualization results obtained from the
state-of-the-art Otsu thresholding, histogram-based sigma
thresholding, Entropy thresholding, and proposed PSO-E
thresholding techniques.

The various thresholding algorithms such as Otsu’s
algorithm, the histogram-based sigma approach, the
entropy-based thresholding algorithm, and the PSO optimi-
zation are effective for automatic thresholding methods.
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However, Otsu, histogram-based sigma, and entropy
methods lead to incorrect segmentation due to large intra-
class variance differences and uneven illumination in im-
ages. In contrast, the proposed PSO algorithm, which uses
entropy-based optimization, works well with both unimodal
and multimodal histogram distributions. It also eliminates
manual threshold setting, resulting in a more robust and
efficient solution.

Experimental analysis of grading

The effectiveness of retinal segmentation is assessed using
ResNet50 architecture. The various threshold techniques are
applied to segment the retinal area. Once the retinal area
was segmented, the segmented images were trained and
validated using the classification model. The performance of
different retinal segmentation methods was evaluated using
training accuracy, validation accuracy and the mean kappa
score, as shown in Table 2.

Based on the retinal segmentation table results, Otsu’s
method, while effective in training, suffered from over-
fitting, the histogram-based approach had lower overall
performance but a better balance between training and
validation results, and the Entropy-based approach per-
formed worse than Otsu or sigma-based approach, however,
PSO-E-based thresholding indicates the highest agreement
and showing good generalization on unseen data.

Ablation studies

To separately evaluate the impact of retinal segmentation, the
deep learning model is trained using non-segmented images
and PSO-based retinal-segmented images. Then the result is
obtained separately using the ResNet-50 baseline model. The
confusion matrix is a table that compares the grading per-
formance of the two approaches, shown in Figure 4.

The figure shows retinal segmentation can significantly
improve the accuracy of grading in deep learning. The
findings suggest that retinal segmentation can help a deep
learning model focus on the most important regions of an
image, decreasing complexity and distractions. This can help
the model learn crucial features and patterns for the task at
hand. Table 3 (top) shows the class-wise performance.

From the above table, training with segmentation
images yields superior results than non-segmentation
images across all classes. Non-segmented images perform
slightly better in validation in certain Class 0 and Class 3
cases. However, Segmentation approach provides a signifi-
cant speed improvement for specific classes, such as Class 1
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Methods sigma thresholding Entropy-based
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Figure 3: Comparative performance of the thresholding with various methods.

Table 2: Comparative result on retinal segmentation.

Methods Training Validation Mean kappa score
Retinal-segmented images using Otsu 0.973 0.721 0.920
Retinal-segmented images using sigma-based 0.923 0.722 0.882
Retinal-segmented images using entropy-based 0.639 0.502 0.611
Retinal-segmented images using PSO with entropy 0.976 0.787 0.939
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Figure 4: Result of multi-class confusion matrix on (top) non-segmented images (bottom) segmented images.
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© g P
o 2 classes when employing retinal-segmented images; never-
| S ploying g g
p theless, the non-segmented approach was unable to meet
o | =
5 © 2| ] this accuracy, especially for Grade 1, which is indicated by a
! £33 Yy, esp y y
°;" s > red bounding box.
©
& = 5 Finally, the experimental results show that the majorit
5 o| 8 Y p jority
8 8 E g . of background pixels affect the DR grading. Therefore,
(] p— -_ w
Q 3 S £ retinal segmentation using a PSO-based thresholding
= = 7]
2|1 5| S 3 E approach is proposed to segment the foreground retinal
al @ o pp prop g
S|IC| ol m w £ region from the background. Hence, the retinal segmented
© £lx £ 8 8 . .
£ e e 2|2 g images not only reduce the complexity but also obtain a
S [ . .
= sl22] = modest improvement in the performance of the model and
sle s = 2 grading accuracy.
g|=° 2
2 g
- ] =
w > = .
E: 5 Conclusions
‘12|88 S
c|loc o =
= c Recently, deep learning has been utilized in medical images.
clo w g It can uncover complex patterns and segment medical im-
) 2|33 S ages efficiently. It saves time and cost on feature engineering
v = 2 g y
5 = c in medical categorization to identify medical pictures. It has
2 ol % £ 8
2 al= ) the greatest accuracy among all image prediction algo-
> K E & y
e Yl2ls 8 i rithms. However, early processing is important to achieve
5 £l= 2 y P g
= £ < o the best result in deep learning. In this paper, PSO-based
© 5 < 1Y g pap
g = < auto thresholding proposed to segment the retina from the
E W 8 o 8 b background, and the impact of the retinal segmentation in
& > £ SE|lg DR grading is analyzed. The proposed PSO-thresholdin
® g E SE| S g g Y prop g
2 £3 Eg|s approach does not require any threshold value setting. The
H S 2 = S pp q y g
@ " g g wl €213y algorithm automatically determines the threshold value to
= 9] 7] S 1] 7] g = & y
; 5 £ g AREIE segment the foreground retinal area and background
® g ¢ S22 2|3 unwanted information. The entropy method is used with
i < 2 & glzel8 PSO to determine the threshold value for segmentation. To
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Figure 5: Prediction result on the test dataset.

evaluate the ability of the proposed PSO segmentation, the
image using PSO thresholding and state-of-the-art thresh-
olding is inputted and tested using the ResNet50 architec-
ture. The confusion matrix, kappa’s scores, and various
performance metrics are considered for evaluation. The
proposed approach improves the model’s accuracy. Both
approaches present a promising result, with the retinal
segmentation approach yielding a higher precision than the
non-segmented approach. To obtain better outcomes, future
research work will concentrate on the development of the
detection of optic disc and multi-level lesions of the DR signs
with the largest number of images.
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