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Abstract— Diabetic Retinopathy (DR) is a progressive eye
disorder caused by prolonged diabetes and is recognized as one
of the leading causes of vision impairment and blindness
worldwide. The disease affects the small blood vessels of the
retina, resulting in structural damage that gradually
deteriorates visual capability. Early detection and continuous
monitoring of DR are essential to prevent severe complications
and permanent vision loss. However, manual examination of
retinal fundus images by ophthalmologists is time-consuming
and requires significant expertise, especially when dealing with
large-scale screening programs. Consequently, automated
diagnostic systems based on artificial intelligence have gained
considerable attention in recent years. Advancements in medical
imaging and machine learning have enabled the development of
intelligent models capable of detecting retinal abnormalities
with high precision. The classification of DR severity levels from
digital fundus images. To further enhance the performance of
the CNN model, Nature-Inspired Algorithms (NIAs) are
incorporated as optimization techniques. These algorithms
mimic natural evolutionary and behavioral processes to
improve model parameters and learning efficiency. Several
NIAs are investigated in order to identify the most effective
optimization strategy for improving classification performance.

Among the evaluated approaches, Particle Swarm
Optimization (PSO) demonstrated superior capability in
optimizing the CNN architecture by effectively adjusting
network parameters and improving feature learning. The
proposed hybrid CNN-PSO model achieved an overall
classification accuracy of 98.83%, outperforming several
existing state-of-the-art methods reported in the literature. The
results highlight the effectiveness of integrating nature-inspired
optimization strategies with deep learning frameworks for
medical image analysis. This approach offers a reliable and
efficient solution for automated DR screening and can
significantly support ophthalmologists in early diagnosis and
clinical decision-making.

Keywords: Diabetic retinopathy detection, vision impairment,
early diagnosis, machine learning techniques, medical image
processing, nature-inspired optimization, convolutional neural
networks, particle swarm optimization, fundus image
classification, automated screening systems, deep learning models,
clinical evaluation.

L INTRODUCTION

Diabetic retinopathy (DR) is one of the most widespread
and severe complications associated with diabetes mellitus,
posing a significant global public health challenge. DR is a
progressive microvascular disorder that primarily affects the
retina, the light-sensitive layer of tissue lining the inner
surface of the eye. If left undiagnosed or untreated, DR can
lead to vision impairment and eventual blindness, particularly
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among working-age adults worldwide. The increasing
prevalence of DR is directly linked to the global surge in
diabetes cases, especially in low- and middle-income
countries. By 2030, the number of individuals diagnosed with
DR is expected to rise to 191 million, up from 126.6 million
in 2010, with 56.3 million anticipated to develop vision-
threatening diabetic retinopathy (VTDR), a notable increase
from 37.3 million in 2010 (Karsaz, 2022). This alarming
projection underscores the critical need for efficient
preventive measures and advanced early diagnostic tools. The
accuracy and timeliness of DR diagnosis and intervention play
a vital role in determining treatment efficacy and cost-
effectiveness (Pratt et al., 2016).

Over the past two decades, remarkable progress has been
made in the development of automated screening systems for
DR, driven by advancements in medical imaging technologies
and machine learning algorithms. These automated systems
are designed to enhance the efficiency and accessibility of
retinal assessment, particularly in resource-constrained
settings where specialized eye care services are often scarce.
Among various machine learning techniques, deep learning
approaches—most notably Convolutional Neural Networks
(CNNs)—have demonstrated exceptional capabilities in
automated retinal image analysis. CNNs have consistently
shown high specificity and sensitivity in detecting DR-related
lesions, making them powerful tools for early diagnosis and
clinical decision support. Furthermore, machine learning-
based prediction models that incorporate individual risk
factors have attracted significant attention for their potential
to deliver high accuracy and robust generalization (Oh et al.,
2013; Ogunyemi and Kermah, 2015; Ogunyemi et al., 2019;
Tsao et al., 2018).

The CNN architecture is specifically designed to expedite
the diagnostic process and produce highly accurate
predictions for DR. CNNs have already been widely applied
across various industries, including intelligent automation and
the medical sector (Chazhoor and Sarobin, 2022; Sankt et al.,
2022; Kumar, 2021). Despite their success, CNNs, like many
Artificial Neural Network algorithms, often face the issue of
becoming trapped in local optima. This limitation prevents the
algorithm from identifying the true minimum values of the
model’s weights, resulting in higher prediction errors
(Banharnsakun, 2019). To overcome these optimization
challenges, heuristic-based techniques have proven highly
effective. These nature-inspired optimization methods offer
efficient solutions for hyperparameter tuning, ultimately
improving model performance and prediction accuracy.

In this study, we explore the integration of CNNs with
eight distinct Nature-Inspired Algorithms (NIAs) to optimize
hyperparameters and enhance model performance: Genetic
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Algorithm (GA), Bat Algorithm (BA), Ant Colony
Optimization (ACQO), Particle Swarm Optimization (PSO),
Coral Reef Optimization (CRO), Cuckoo Search Algorithm
(CSA), Firefly Algorithm (FA), and Grey Wolf Optimizer
(GWO). By leveraging these NIAs to initialize the CNN
weights, our objective is to minimize classification errors and
develop accurate and efficient automated screening systems
for clinical practice.

IL.

with promising outcomes in the classification and
diagnosis of diabetic retinopathy (DR). To achieve satisfying
results, Yadav et al. (2017) combined computer vision and
Neural Networks to identify hybrid approaches. Similarly,
Gadekallu et al. (2020) employed a deep neural network
model based on principal component analysis. Sarki et al.
(2019) provided a comprehensive analysis of 13 pretrained
CNN models for DR detection using the MESSIDOR and
Kaggle datasets, where the No DR/Mild DR classification
attained the highest accuracy of 86%.

To identify various stages of DR, Maksoud et al. (2020)
proposed the E-DenseNet model, a hybrid deep learning
approach combining EyeNet and DenseNet architectures via
transfer learning. By integrating the dense blocks of the
EyeNet architecture, the E-DenseNet model demonstrated
significant advantages, including reduced training time and
memory usage, with a Kappa score of 0.883 and an accuracy
of 91.6%. Jiang et al. (2019) introduced three deep learning
models—Inception V3, ResNetl51, and Inception-ResNet-
V2—with respective accuracies of 87.91%, 87.20%, and
86.18%. where CNN identified DR and LSTM generated
descriptive outputs, achieving an accuracy of 90%. In a similar
vein, Raj et al. (2020) developed a neural network-based
model for DR classification using retinal images, comprising
two key phases: feature extraction and classification, and
attained a performance accuracy of 95.41%. Mahadevaswamy
and H.T. (2022) proposed an algorithm integrating
convolutional neural networks and Support Vector Machines
(SVM) to classify retinal images into distinct categories. Their
model, trained on 35,925 images from the Iweid dataset,
outperformed previous approaches with an accuracy of 97%.
Alwakid et al. (2023) introduced a DenseNet-121 model
trained on the Asia Pacific Tele-Ophthalmology Society
(APTOS) and Diabetic Retinopathy (DDR) datasets,
achieving an outstanding accuracy of 98.36% in identifying
all five stages of DR.

LITERATURE REVIEW

TABLE L. SURVEY ON RESEARCH
Study Methodology Dataset Performance
Gadekallu | Deep Neural DR Dataset 97.30%
et al. Network + PCA +
(2020) Grey Wolf
Optimization
Sarki et al. | 13 Pretrained CNN MESSIDOR, 86% (No
(2019) Models Kaggle DR/Mild DR)
Maksoud E-DenseNet (EyeNet | DR Dataset 91.6%, Kappa
et al. + DenseNet via 0.883
(2020) Transfer Learning)
Jiang et al. | Inception V3, DR Dataset 87.91%, 87.20%,
(2019) ResNetl51, 86.18%
Inception-ResNet-V2
Amalia et CNN + Long Short- DR Dataset 90%
al. (2021) Term Memory
LSTM)
Raj et al. Neural Networks Retinal Images | 95.41%
(2020) (Feature Extraction + | Dataset
Classification)
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Mahadeva | CNN + Support Iweid Dataset 97%
swam Vector Machine
(2022) (SVM)
Alwakid et | DenseNet-121 APTOS, DDR | 98.36% (5 Stages
al. (2023) Datasets of DR)
Yasashvin | CNN, Hybrid CNN + | DR Dataset 96.22%, 93.18%,
iR. (2022) | ResNet, Hybrid CNN 75.61%
+ DenseNet 2.1
Gunasekar | Deep Recurrent Fundus 95.5%
an et Neural Networks Images
al.2022) (RNN)
Banharnsa | Metaheuristic-Based | DR Dataset Enhanced
kun (2019) | Optimization Accuracy
Techniques
Zawbaaet | Whale Optimization DR Dataset Improved
al. (2021) Algorithm (WOA) Performance
Fongetal. | Dragonfly Algorithm | DR Dataset Reduced
(2022) (DA) + CNN Classification
Errors
Additionally, Yasashvini R. (2022) compared the

performance of different deep learning architectures—CNN,
hybrid CNN with ResNet, and hybrid CNN with DenseNet
2.1—demonstrating respective accuracy rates of 96.22%,
93.18%, and 75.61%. The study concluded that the hybrid
CNN with DenseNet offered the most effective classification
model for automated DR detection. Gunasekaran et al. (2022)
explored the use of deep recurrent neural networks (RNN) to
predict DR from fundus images, achieving a prediction
accuracy of 95.5%.

Further studies have also investigated the application of
nature-inspired algorithms (NIAs) to optimize CNN models.
For example, Banharnsakun (2019) demonstrated the
effectiveness of metaheuristic-based optimization techniques
in addressing local optima issues in CNNs, enhancing model
accuracy and generalization capabilities. Zawbaa et al. (2021)
proposed the application of the Whale Optimization
Algorithm (WOA) for hyperparameter tuning in deep learning
models, leading to significant improvements in DR
classification performance. Additionally, Fong et al. (2022)
combined the Dragonfly Algorithm (DA) with CNN models,
reporting enhanced feature selection and reduced
classification errors.

Numerous studies have reported promising outcomes in
the classification and diagnosis of diabetic retinopathy (DR).
In order to achieve satisfying results, Yadav et al. (2017)
combined computer vision and Neural Networks to identify
DR, demonstrating the effectiveness of hybrid approaches.
Similarly, Gadekallu et al. (2020) employed a deep neural
network model based on principal component analysis and the
Grey Wolf Optimization (GWO) method to categorize
features from the DR dataset, achieving an impressive
accuracy of 97.30%. Sarki et al. (2019) provided a
comprehensive analysis of 13 pretrained CNN models for DR
detection using the MESSIDOR and Kaggle datasets, where
the No DR/Mild DR classification attained the highest
accuracy of 86%.

Despite these advances, several NIAs remain
underutilized in optimizing CNN models for DR detection.
This study aims to harness the complementary strengths of
CNN and NIA optimization techniques, offering a synergistic
approach to enhance DR classification accuracy. NIAs play a
crucial role in feature selection and extraction, enabling CNN’s
to identify the most informative patterns in data and optimize
their architectural parameters for superior performance.
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III. METHODOLOGY

A. Proposed Solution

Our proposed approach aims to systematically evaluate the
effectiveness of various Nature-Inspired Algorithms (NIAs) in
optimizing Convolutional Neural Networks (CNNs) for
advanced image processing tasks. Specifically, the focus lies
on enhancing the feature selection process and fine-tuning the
hyperparameters essential for the automatic detection and
precise classification of diabetic retinopathy (DR). By
integrating NIAs with CNNs, we seek to address common
challenges such as local optima entrapment and the
nonlinearity of hyperparameter interactions, which often
hinder model performance.

We propose to employ a diverse set of NIAs, each inspired
by natural phenomena and collective behaviors, to explore and
exploit the search space efficiently. The following algorithms
have been selected for their demonstrated optimization
capabilities and potential to improve CNN performance:

e  Genetic Algorithm (GA): This approach is based on
the principles of evolutionary biology, where
candidate solutions are improved over generations
through mechanisms such as selection, recombination,
and mutation.

e Bat Algorithm (BA): Derived from the echolocation
capability of bats, this method achieves an effective
trade-off between global search and local refinement
by adjusting frequency, velocity, and loudness
parameters.

e Ant Colony Optimization (ACO): This technique is
inspired by the collective food-searching behavior of
ants, where artificial pheromone trails are used to
identify efficient solution paths probabilistically.

e Particle Swarm Optimization (PSO): Influenced by
the coordinated movement of bird flocks or fish
schools, this algorithm updates candidate solutions by
considering both personal experience and the
knowledge of neighboring particles.

e  Coral Reef Algorithm (CRA): Inspired by coral reef
formation and reproduction, this algorithm applies a
mix of local search and global exploration strategies.

e  Cuckoo Search Algorithm (CSA): Based on the brood
parasitism behavior of cuckoo birds, this method uses
Levy flights for efficient exploration of the search
space.

o Firefly Algorithm (FA): Simulates the attraction
behavior of fireflies, where the intensity of their
flashes represents solution quality and guides the
search process.

e Grey Wolf Optimizer (GWO): Imitates the
hierarchical hunting mechanism of grey wolves, using
leadership-based guidance to converge on optimal
solutions.

Each of these algorithms offers unique mechanisms to
navigate complex optimization landscapes, making them
well-suited for refining CNN architectures. Through
comparative analysis, we aim to identify the most effective
NIA for enhancing CNN-driven DR detection, ultimately
contributing to more accurate and efficient diagnostic models.
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1) Convolutional Neural Network

A Convolutional Neural Network (CNN) is a specialized
type of Artificial Neural Network designed primarily for
processing and analyzing image data. CNNs have achieved
remarkable success across various computer vision
applications, including object detection, image segmentation,
and image classification. Despite their effectiveness, CNNs
involve a large number of hyperparameters, and there is no
deterministic method for defining the ideal CNN architecture.
As noted by Li and Abdallah (2020), hyperparameter tuning
and optimization in CNNs are nonconvex optimization
problems  characterized by nonlinear interactions.
Furthermore, the number of hyperparameters increases
exponentially, which can occasionally lead the model to
become stuck in a local optimum (Wang et al., 2019).

The mathematical foundation of CNNs involves several
key operations, including convolution, pooling, activation
functions, and fully connected layers. These operations work
together to extract and learn hierarchical features from input
data, enabling CNNs to make accurate predictions and
classifications.

a) Convolution Operation:

Given an input image I and a filter (kernel) K, the
convolution operation is defined as follows:

SAGHN=Uxk)= mZnZ(m,n).K(i—m,j—n)

where S(i,j)is the output feature map value at (i,j)
position

b) Pooling Operation:

Spatial dimensions of the feature maps are decreased by

pooling techniques like average or max pooling. For example,
max pooling can be defined as:

O, jymax{I{lmn) li<m<i+s,j<n<j+s}

where s is the pooling window's size and O(i, j) is the
output feature map value at location (i, j)

¢) Activation Functions:

Sigmoid, tanh, and ReLU (Rectified Linear Unit) are
examples of common activation functions. The ReLU
function defined and used in this study is:

f(x) = max (0,x)
where x is the activation function's input

d) Fully Connected Layers:

When a fully connected layer is given a vector of features
(x) from the previous layer, together with a weight matrix W
and bias vector b, the result is calculated as:

y=f(Wx+b)

where f is an activation function that is frequently used
element-by-element

e) Training Objective:

Gradient descent is commonly used to train CNNs to
minimize a loss function L in relation to the network
parameters. The discrepancy between the ground truth labels
and the expected output is measured by the loss function.

minL(y,y )
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where yis the expected output, is the ground truth label,
and O stands for the network's parameters.

These are the basic mathematical principles that are behind
CNNs, which are used to process input data in different ways,
extract features, and provide predictions.

2) Nature-Inspired Algorithms

Metaheuristic approaches are effective in solving
challenging combinatorial problems (Karlupia et al., 2023).
Combining Nature-Inspired Algorithms with Convolutional
Neural Networks (CNNs) for image processing involves
leveraging the optimization capabilities of these algorithms to
enhance the performance of CNN models. Nature-inspired
algorithms are heuristic optimization techniques that draw
inspiration from natural phenomena or social behaviors
observed in animals or organisms. These algorithms mimic the
processes of natural selection, genetic evolution, social
interactions, and collective behaviors to solve optimization
problems efficiently. These involve the steps below:

i Solution Encoding: In nature-inspired optimization
techniques, candidate solutions are modeled as
members of a population, such as individuals or
particles. Each member represents a specific
configuration of CNN hyperparameters. The form of
representation differs across methods; for instance,
Genetic ~ Algorithms  encode  solutions  as
chromosomes, whereas Particle Swarm Optimization
treats them as particles moving within a
multidimensional search space.

ii Population Initialization: The optimization begins
by generating an initial group of candidate solutions,
where each candidate corresponds to a unique set of
CNN hyperparameters. This population is typically
initialized randomly to ensure diversity in the search
space

iii Fitness Evaluation: The fitness of each individual or
particle is evaluated by training a CNN model using
the corresponding set of hyperparameters. The
performance of the CNN model is assessed, and the
fitness value quantifies how well the CNN performs
with the given hyperparameters.

iv  Evolution or Swarm Optimization: NIAs iteratively
improve the population of solutions over multiple
generations or iterations. During each iteration,
individuals or particles undergo evolutionary or
swarm-based operations (e.g., selection, crossover,
mutation in GA; velocity update, position update in
PSO) to explore the search space and exploit
promising regions where better solutions may exist.

v Termination Criteria: Until a termination
requirement is satisfied, like exceeding a maximum
number of iterations, the optimization process keeps
going.

vi Best Solution Selection: The particle with the best
fitness value—that is, the optimum combination of
hyperparameters—at the conclusion of the
optimization process is chosen as the ideal outcome.

vii CNN Training with Optimized Hyperparameters:
Finally, the CNN model is trained using the
hyperparameters corresponding to the best solution
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found by the nature-inspired algorithm. The training
typically involves using the entire training dataset.

viii Evaluation of CNN Performance: The performance
of the trained CNN model is evaluated to assess its
effectiveness in the dataset

3) Dataset and Pre-processing

The "Diabetes retinopathy Detection" dataset used in this
study was downloaded from the Kaggle website
[https://www.kaggle.com/c/diabetic-retinopathy
detection/data]. This dataset has a total of 35126 images
distributed over five different classes namely “No Dr”, “Mild
DR”, “Moderate DR”, “Severe DR”, and “Proliferative DR”.
The images in the collection are displayed in various sizes,
each from a distinct individual, and were taken using a variety
of cameras. The dataset is split into 75% training data and 25%
testing data. The distribution of the dataset is depicted in Table
2 below.

TABLE II. THE DATASET DISTRIBUTION IN EACH CATEGORY

Class ID Class Name Number of
samples/images

0 No DR 25810

1 Mild 2443

2 Moderate 5292

3 Severe 873

4 Proliferative DR 708

The figures 1-5 demonstrate the stages of diabetes
retinopathy from No DR to severe DR.

Fig. 1. No DR

Fig. 2. Mild

Fig. 3. Moderate



Asian Journal of Convergence in Technology Volume XII and Issue 1

ISSN NO: 2350-1146 1.F-5.11

Fig. 4. Severe

Fig.5. PDR

All images in the dataset have been standardized to a
dimension of 256 x 256 pixels in order to address issues with
disparate sizes during model training. This eventually speeds
up training time, decreases memory needs, and guarantees
consistency in the input data. Furthermore, we carried out
normalization to make sure that every image is on the same
scale, reducing the data set to a range of 0 to 1. Images from
the dataset are also converted to greyscale as shown in Fig.6.
The process of converting an image from one color space to
another, known as "color space conversion," aims to preserve
as much of the original image as possible.

Fig. 6. Grey image after processing

B. Performance Evaluation Metrics

Performance evaluation metrics are essential tools for
quantitatively assessing the effectiveness and quality of
models. The classification metrics used in this study are as
follows:

i  Accuracy: The percentage of samples that were
correctly classified out of all the samples.

(TP+TN)

Accuracy= ——————
(TP+TN+FP+FN)

ii  Precision: The proportion of accurate positive results
to all positive results. It assesses how well the model
avoids producing false positive results.

(TP)
(TP+FP)

Precision=
iii Recall (Sensitivity): the proportion of actual positive
predictions to true positive predictions. It assesses
how well the model can recognize every positive
example.

69

(TP)

Recall =
(TP+FN)

F1-score: The precision and recall harmonic mean. It is
helpful for datasets that are unbalanced since it offers a
balance between precision and recall.
2xPxSensitivity+Sensitivity

P

Where TP = true positive, TN = true negative, FN = false
negative, and FP = false positive.

F1 Score =

All experiments have been performed on an Intel(R) Core
(TM) 17-8750H CPU with 20 GB RAM. The software
platform used is Jupyter Notebook operating on Windows 10.
The CNN model is trained using several convolutional layer
configurations, with values (2,3,4), a maximum kernel size of
20, and a maximum number of filters of 50.

IV. RESULTS AND DISCUSSIONS

Table 2 shows the results for each experiment performed
in this study. Firstly, Genetic Algorithms (GA) with
Convolutional Neural Networks (CNNs) for diabetic
retinopathy detection was applied in retinal images which
involved using GA to optimize CNN hyperparameters and
architecture for improved performance in diagnosing diabetic
retinopathy. A satisfactory result of 95 % was obtained for this
model, demonstrating the ability of GA to search through the
space of possible hyperparameter configurations to find the
optimal combination that maximizes the performance of the
CNN model. However, an increase in computational time was
noted. The mean average score for F1 showed overall good
performance.

Furthermore, combining the Bat algorithm (BA) with
CNNs provides a powerful framework for optimizing
hyperparameters and enhancing the performance of CNN
models, achieving an overall result of 94 %. Combining
Particle Swarm Optimization (PSO) with Convolutional
Neural Networks (CNNs) for diabetic retinopathy involves
utilizing PSO's optimization capabilities to improve the
performance of CNN models achieved the highest
performance accuracy of 98.83%. The execution time was
also low, followed with significant F1 score. By incorporating
PSO into the training process, redundant and irrelevant
features are pruned, leading to improved computational
efficiency and better performance. By mimicking the
collaborative behavior of ants, ACO helped in finding near-
optimal CNN architectures and configurations, leading to
improved performance as shown in the result.

Moreover, the Coral Reef Algorithm is used to search for
optimal hyperparameters by exploring the parameter space
efficiently, leading to improved convergence and better
generalization of the CNN model. Results obtained show good
performance for this hybrid model. Likewise, we proposed a
hybrid approach by integrating the evolutionary technique
Cuckoo Search algorithm (CSA) with CNNs for
hyperparameter optimization. CSA has proven to optimize the
weights and configurations of CNN models, achieving
adequate performance accuracy. A Firefly Algorithm-based
CNN model has also been proposed, yielding very good
performance accuracy. FA's efficient search strategy, inspired
by the flashing behavior of fireflies, enables it to effectively
explore the solution space and find promising solutions for
optimizing CNNs. Grey wolf optimizer was also combined
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with CNN. An overall improved performance was noted with
a satisfactory F1 Score.

As per the table below, the best performance accuracy was
achieved with the CNN-PSO model.

TABLE III. RESULTS OF ALGORITHMS

Proposed Accuracy | Precision | Sensi | F1 Comp

Model tivity | Sco | utatio

with CNN re nal
Time

Genetic 95.01 0.90 0.78 0.94 | 181.45

Algorithm

Bat 94.56 0.88 0.89 091 | 185.10

Algorithm

Particle 98.83 0.96 0.93 0.96 | 159.89

Swarm

Optimizatio

n

Ant Colony | 95.67 0.93 0.90 092 | 175.89

Optimizatio

n

Coral Reef | 96.29 0.94 091 0.96 | 165.12

Algorithm

Cuckoo 95.90 0.93 0.86 0.95 | 172.78

Search

Algorithm

Firefly 97.10 0.95 0.93 0.89 | 161.23

Algorithm

Grey wolf 97.90 0.95 0.88 091 | 175.90

Optimizer

A. Comparative Analysis

Six primary previously published works have been used

for a directly comparison with our proposed hybrid techniques.

Our approach attains sufficient and noteworthy performance
accuracy. Our solution based on PSO achieves highest
accuracy of 98.83%.

TABLE V. COMPARATIVE ANALYSIS OF EXISTING MODELS
Reference Algorithm Accuracy
(%)
Spoorthi and Convolutional Neural 95.25
Rekha, 2021 Network, Recurrent Neural
Network
Meling et al., 2023 CNN with PSO 96.59
Mahadevaswamy Convolutional Neural 97.00
and network, neural Network,
Harshitha, 2022 Support Vector Machine
Gadekallu et al., Grey wolf optimizer, DNN 97.30
2020
Hattiya et al.,2021 Convolutional Neural 98.42
network
Hiri et al., 2024 CNN with SMOTE 93.94
Alwakid et al.,2023 | DenseNet 98.36
Proposed Hybrid CNN with PSO 98.88
model
V. CONCLUSION AND FUTURE WORKS

In conclusion, the application of Nature Inspired
Algorithms for diabetes retinography holds immense promise
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in enhancing the efficiency and accuracy of diagnostic
processes. These algorithms offer the potential to overcome
the challenges posed by the intricate structures and variability
in retinal images, thereby assisting healthcare professionals in
making timely and accurate diagnoses. Our most effective
approach uses CNN hyperparameter optimization based on
Particle Swarm optimization for tuning the following
hyperparameters: the number of filters and hidden layers, and
the size of the filter.

However, further research and validation are necessary to
refine these algorithms, optimize their performance, and
ensure their robustness across diverse patient populations and
imaging conditions. Further pre-processing methods for
image data has to be looked at in order to possibly enhance the
quality of publicly accessible datasets. With continued
advancements in technology and the integration of artificial
intelligence into healthcare, NIAs stand poised to
revolutionize the diagnosis and management of diabetes-
related eye diseases, ultimately improving patient outcomes
and quality of life.
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