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ABSTRACT: Data augmentation (DA) techniques are widely used in convolutional neural networks (CNNs) to
artificially expand the size of training datasets. This is particularly true for medical imaging tasks, such as Diabetic
Retinopathy (DR) image classification, where the training data are often limited and imbalanced. Various DA techniques
are utilized in CNN models, including horizontal and vertical flipping, rotation, and zoom. Combining distinct methods
increases the diversity of the produced images and allows the CNNs to handle the complex details in the images.
Manually designed or heuristically selected augmentation combinations may generate redundant or highly similar
training samples, which can negatively affect model generalization and classification performance. To analyze the effect
of DA combinations on DR classification, the selection of the augmentation subset is formulated as a binary combina-
torial optimization problem, in which the recent metaheuristic White Shark Optimizer (WSO) is employed to identify
the optimal augmentation subset. Since the original WSO was designed for continuous optimization, the proposed
Binary WSO (BWSO) adapts the WSO to binary search spaces through a sigmoid-based binary transfer mechanism.
In each iteration of the WSO, candidate augmentation subsets are evaluated using the validation performance of three
pre-trained CNN architectures (VGG16, DenseNetl21, and MobileNetV2) to identify augmentation combinations that
improve classification robustness and generalization. The proposed Adaptive Metaheuristic Data Augmentation-White
Shark Optimizer (AMDA-WSO) framework was evaluated on the APTOS 2019 dataset containing 3662 retinal fundus
images in five severity grades of DR and compared with Particle Swarm Optimization (PSO) and the Bees Algorithm
(BA). Experimental results demonstrated that the AMDA-WSO-guided MobileNetV2 achieved the best performance,
reaching 92.08% accuracy and 81.48% sensitivity. These findings confirm the effectiveness of BWSO for automated
binary augmentation subset selection in DR image classification.

KEYWORDS: Framework; adaptive data augmentation; metaheuristic optimization; White Shark Optimizer (WSO);
pre-trained CNN models; diabetic retinopathy classification

1 Introduction

DA is a critical part of deep learning (DL) models, especially in medical imaging where labelled data
are scarce and hard to acquire [1]. In medical applications, high data collection costs, privacy concerns, and
the scarcity of some medical conditions (e.g., early-stage diabetic retinopathy) limit the availability of large
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and well-balanced datasets [2,3]. To overcome these limitations, DA is commonly used to artificially boost
the diversity of the dataset through transformations including rotation, flipping, cropping, and adding noise
to the images [4,5]. This approach can enhance model performance and prevent overfitting when training
DL models with small sample sizes [6,7].

Although effective, traditional DA methods are difficult to apply in medical imaging. Common medical
images are characterized by complex anatomical structures and subtle pathologies, and inappropriate
augmentation can modify important properties of the image or fail to record the image variability [8]. In
the case of skin cancer classification, for instance, over-augmentation may alter important attributes, leading
to a decrease in the model’s accuracy [9]. Similarly, for DR diagnosis, geometric transformations such as
rotation or shearing may alter the appearance of microaneurysms or exudates, making important features
hard to detect [10,11]. Consequently, simple DA techniques may not be sufficient to capture the complexity
and diversity of medical imaging problems.

There are three types of DA techniques. The first type are generic image transformations such as
geometric (cropping, flipping, rotating, shearing, zooming) and color/contrast transformations (brightness,
saturation, noise) [12,13]. These are quick and are often employed to increase data diversity. However, they
are based primarily on local invariance or color space assumptions, and do not take into account the feature
distribution of the data [14]. The second category is meta-learning techniques [15] that use a variety of generic
transformations to train optimal augmentation policies. These methods have been shown to perform well on
few-shot datasets, but they are essentially a set of transformations that are pre-defined and do not necessarily
improve the distribution of features in the dataset. The third class are deep neural network (DNN) based
approaches like Generative Adversarial Networks (GANs) and Variational Autoencoders (VAEs) which
can generate new samples, using the distribution of features in the original sample set. However, DNN-
based methods are challenging to apply in few-shot scenarios because they require large-scale datasets for
effective training.

However, current augmentation techniques are still mainly based on pre-defined transformations or
fixed augmentation policies which lack flexibility and do not achieve optimal generalization [13,16]. These
limitations motivate the development of an adaptive optimization system that can automatically determine
the combinations of augmentation based on the characteristics of the data.

To address this need, automated hyperparameter optimization using metaheuristic algorithms, which
have been shown to be effective in solving complex optimization problems, is a promising solution [17].
Among the various metaheuristic algorithms, the WSO has recently emerged as a highly effective bio-
inspired technique for solving complex optimization problems. Proposed by [18], WSO mathematically
models the exceptional foraging behavior of great white sharks, including their keen senses of hearing
and smell, as well as their predatory motion patterns when navigating and hunting in deep oceans. These
behaviors are translated into search mechanisms that strike a compelling balance between exploration
(searching new areas of the solution space) and exploitation (refining known promising solutions), enabling
search agents to converge toward optimal outcomes.

WSO has been successfully applied to various fields since its inception. In medical imaging, a binary
variant of WSO was developed to improve the classification performance in 24 medical datasets, with
a significant reduction in dimension of features [19,20]. Recent medical applications include optimizing
hyperparameters for skin cancer classification using an ensemble deep learning model on dermoscopy
images [21]. Additionally, WSO has been successfully integrated with K-means clustering for brain tumor
segmentation in magnetic resonance imaging (MRI) images, overcoming the initialization sensitivity of
conventional clustering approaches. Other applications include cervical cancer diagnosis, where WSO was
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combined with ensemble learning [22]. These applications show that WSO transfers are effective to binary
selection problems defined over medical data, which is the problem class solved in this study.

WSO was selected as the main optimizer in this study because its search capabilities are similar to
the binary augmentation subset selection problem, which a discrete combinatorial optimization problem
that needs a balance between the global exploration and local exploitation [19]. WSO also provides a fish-
schooling search strategy that can be used for efficient search operation using a relatively small number
of control parameters [23]. It also has an adaptive movement, which is also efficient [23]. Furthermore, a
number of binary versions of WSO have shown good performance in discrete optimization problems, e.g.,
feature selection, which have similar problem attributes to augmentation subset selection. Therefore, in this
study, WSO was the main optimizer and the other two algorithms (PSO and BA) were used in experimental
conditions that were identical to those of WSO for a comparative evaluation.

Although it is well known to be capable, there are some limitations of WSO that need to be recog-
nized. It has been demonstrated that WSO can sometimes experience slow convergence and low solution
accuracy, especially in multi-peak optimization problems [19,24,25]. It also struggles with the trade-off
between exploration and exploitation, potentially resulting in premature convergence and falling into local
optima [24]. These restrictions have spurred efforts towards creating improved variants of WSO, such as
binary WSO for discrete optimization [19,23]. Although there has been a significant improvement in the
DA approaches, there is still a significant gap in the literature related to the systematic optimization of the
combination of augmentations for DR classification using a metaheuristic optimization framework with
binary variables. Existing approaches either rely on manually designed pipelines that lack adaptability, or
employ computationally expensive deep generative models that are impractical in low-data clinical settings.
Furthermore, the selection of augmentation combinations has not been formulated as a discrete binary
optimization problem, leaving the search space of 2° = 64 possible combinations largely unexplored in a
principled manner. To address this gap, the present study adopts two meta-heuristics whose search dynamics
meet these requirements. First, the WSO [18], a recent bio-inspired algorithm that mimics the predatory
sensing and motion patterns of white sharks has shown competitive performance on standard benchmarks
and engineering tasks, with strong ability to avoid local minima and maintain stable convergence. Moreover,
binary variants of WSO have proven effective in discrete feature-selection scenarios by coupling transfer
functions with diversity-preserving moves, which demonstrates WSO’s adaptability to binary problem
domains [26]. Second, the BA is valued for its transparent exploration—exploitation mechanism: scout
bees perform global random foraging while employed/onlooker bees conduct neighborhood search around
promising sites. This simple yet powerful division of labor makes BA naturally suited to discrete and
binary optimization, and it has been successfully applied to clustering, scheduling, and neural network
tuning [27,28]. Nevertheless, its use for augmentation subset selection particularly in DR classification has
not been systematically investigated.

Accordingly, each transformation is encoded by a bit in a binary vector (e.g., [0, 1, 0, 1, 1] — select
Vertical Flip, Shear, and Zoom), and the objective is to maximize downstream classification performance. To
address premature convergence and maintain diversity, the proposed framework: (i) leverages WSO’s balance
between long-range foraging and adaptive local refinement; (ii) harnesses BA’s explicit neighborhood search
to intensify around high-quality subsets while continuing global scouting; and (iii) evaluates candidates
efficiently using fixed validation predictions, enabling scalable search over large combinatorial spaces. As per
this, the first aim of this study is to automatically discover optimal augmentation combinations that improve
the generalization of DR classifiers beyond what manually designed or single-augmentation pipelines can
offer. Accordingly, the study develops and evaluates a binary WSO framework for combination-based
augmentation selection, and benchmarks them against widely used baselines PSO and BA under a unified
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evaluation protocol across pre-trained CNN models (VGG-16, DenseNet-121, MobileNet). It is important
to note that the six augmentation techniques adopted in this study constitute a controlled experimental
proof-of-concept designed to validate the proposed binary optimization formulation under a well-defined
experimental setting. The proposed framework itself is independent of the number of augmentation
operators and can be directly extended to substantially larger augmentation libraries without modifying the
underlying optimization procedure.

The primary objective of this study is to develop an adaptive optimization model employing the WSO
to automatically identify the most effective augmentation combinations for improving the performance of
pre-trained CNN models. The main contributions of this study are summarized as follows:

1. Automated augmentation selection via binary optimization: This work casts the problem of selecting
combinations of data augmentation strategies as a binary optimization problem, encoding each augmen-
tation strategy as a six-bit binary vector. This representation allows a search over 2° = 64 combinations of
transformations, automating augmentation strategy selection that has traditionally relied on manual and
heuristic design, and instead using an automated selection process with feedback for DR classification.

2. Development of the AMDA-WSO framework: The AMDA-WSO framework is developed, which
integrates a binary version of WSO with pre-trained CNN models for automated selection of augmen-
tation. The framework uses a sigmoid transfer function to convert continuous positions into binary
augmentation subsets, and leverages the fish schooling mechanism of WSO to prevent population
stagnation and premature convergence in the combinatorial search.

3. Experimental results and benchmarking: The AMDA-WSO framework is tested on the APTOS 2019
dataset using three CNN architectures (VGG16, DenseNet121, and MobileNetV2), showing statistically
significant improvements compared to manual augmentation and other optimizers (PSO and BA)
with best accuracy of 92.08% and sensitivity of 81.48% confirmed by Wilcoxon signed-rank tests with
Bonferroni correction.

The paper follows a logical sequence of reasoning to support its claims. The theoretical underpinnings
of the research are presented in Section 2 of the paper. This section also discusses the research conducted on
DA and optimization techniques used to support medical image classification. Section 3 of the paper outlines
the proposed framework and its application of metaheuristic optimization techniques such as WSO, BA, and
PSO to perform DA on CNN models to classify DR images. The experiment conducted on the proposed
framework is presented in Section 4.5 of the paper.

2 Related Work

DA has been used in a variety of applications such as image processing, natural language processing,
speech recognition, and object detection [29-31]. But for medical diagnosis, finding effective augmentation
techniques remains a big challenge due to the scarcity, class imbalance and variation of clinical images.
The current research has investigated different augmentation techniques including geometric augmentation,
color augmentation and synthetic image generation to improve the classification performance of DR.
This section summarizes the most pertinent research on DR classification and DA, detailing the primary
contributions, benefits, and limitations of existing studies, and pointing to future research gaps to be filled.

2.1 Deep Learning Models for Diabetic Retinopathy Classification

Transfer learning (TL) has been shown to be a widely adopted strategy in DR classification, with pre-
trained CNNs including VGG16, ResNet, MobileNet and DenseNetl121 successfully fine-tuned on retinal
imaging datasets to achieve excellent classification accuracy, even in the face of limited data. In [32], they
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presented an automatic prediction framework for DR, which is based on deformable registration combined
with DL. They also used B-spline deformable registration to preprocess the image such that the entire retina
was contained within the image with noise reduction. The four pre-trained CNNs (DenseNet-121, ResNet-
50, InceptionV3 and Xception) were fine-tuned on the APTOS 2019 dataset and ensemble voting was used
to obtain the final decision. Test accuracy made by proposed method was 85.28%, which was better than
those for individual CNN models. In contrast, study [33] introduced a classification framework based on DR,
which involved using CNN architectures like VGG16, ResNet34, InceptionV3, and EfficientNet with CLAHE
pre-processing to obtain the highest accuracy of 91%, 84%, 95%, and 97%, respectively. These improvements,
however, were not uniform on all models, some models did better without the CLAHE improvement.

In another study, reference [34] suggested a transfer learning-based ensemble approach for DR grading
that is computationally efficient. The approach has been tested on the EyePACS, APTOS 2019 and Messidor-
2 datasets. The pre-processing stage includes CLAHE, Gaussian blur and normalization. The ensemble
strategy involved running predictions from model checkpoints of the EfficientNet model at various points
of the training process. The proposed approach obtained quadratic weighted kappa scores of 0.901, 0.967,
and 0.944 on the EyePACS, APTOS 2019, and Messidor-2 datasets, respectively. On the other hand, the
paper [35] proposed a lightweight CNN for early DR detection and pre-processing was added to the
shallow architecture to reduce the number of computations while achieving high accuracy. In its testing
on standard retinal datasets, the model performed similarly to deeper CNNs, and has potential clinical
applications in real time. However, the diversity of data is limited and generalization is somewhat dubious,
so future studies are encouraged to try to broaden the data and to use more complex optimization processes.
Although these advances have been made, many studies are still not well designed to solve these important
challenges such as overfitting, class imbalance and lack of diversity in the data. These gaps suggest that more
sophisticated optimization-driven DR classification methods are needed to improve classification accuracy
and generalization.

Transformer-based models and self-supervised learning methods are emerging as potential approaches
for DR classification in recent years. Vision Transformers (ViTs) are proposed to provide more efficient
global contextual modelling, for instance, study [36] produced a task specific ViT for the DR severity
grading in resource-limited environments. In addition, local feature extraction and long-range dependency
modeling are integrated in hybrid CNN-Transformer architectures, which also boost classification accuracy
as reported by [37] in the case of an ensemble of fine-tuned CNN and transformer backbones, which
achieved 93.10% accuracy on the APTOS 2019. At the same time, self-supervised learning (SSL) has also been
shown to train discriminative retinal representations from unlabeled fundus images, without requiring large,
annotated datasets, such as DR-MAE [38] outperforming robust supervised backbones like ConvNeXt, ViT
and Swin Transformer on APTOS 2019.

2.2 Approaches to Data Augmentation in Diabetic Retinopathy Classification

DA techniques have gained increased attention in DR classification due to their abilities to mitigate
significant limitations such as dataset size limitation, class imbalance, as well as overfitting [39,40]. By
synthetically generating diversely various training samples, augmentation has the capacity to enhance
the ability for generalization in DL models. Complementing the relevant preprocessing techniques, these
approaches are significant in the improvement in the quality level in fundus retinae images as well as
in achieving sound grading and detection of DR. For instance, study [41] presented a revised VGG-19
architecture, incorporating DA techniques such as 90° and 180° rotations to address dataset imbalances.
They suggested the model attained validation accuracies of 88% and 89%, respectively, when using 5-fold
and 10-fold cross-validation procedures. Furthermore, study [42] utilized transfer learning using VGG16 and
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MobileNetV1, in conjunction with random DA to address the issue of few samples. They fine-tuned the last
three convolutional layers as well as the end fully connected layers, obtaining accuracies of 89.51% (VGG16)
as well as 89.77% (MobileNetV1). In another study [43], the original and augmented APTOS dataset were
used with transfer learning using ResNet50, VGG16 and DenseNet169. The best performance was obtained
by ResNet50, a model that correctly classified 9% more points on the augmented and balanced dataset than
on the original one, from 73% to 82%. The model demonstrated overall accuracy of 79% on the independent
dataset from Mauritian, but struggled with the correct classification of the advanced DR cases, reflecting the
difficulties of generalisation to complex clinical data.

On the other side, study [44] proposed an explainable DR classification model with SHapley Additive
exPlanations (SHAP) to detect lesion-related regions in fundus images. Through the combination of CNN-
based feature extraction with interpretability, the model achieved 94.64% accuracy on APTOS 2019 and
84.23% on DDR, demonstrating robustness together with clinical interpretability. Study [45] addressed
class imbalance in grading severity in DR through class-balanced augmentation plus transfer learning from
APTOS 2019, where every class was expanded to 20,000 samples. Fine-tuned ResNet and EfficientNet
achieved durable multi-class performance (84.6% accuracy, 94.1% Area Under the Curve (AUC)), while the
research noted that synthetic augmentation was unable to encompass all the diversity of the real world,
therefore limiting generalization. In line with this, study [46] fine-tuned the APTOS 2019 dataset using
Inception V3 model. They experimented a series of augmentation techniques upon to help enable class
distribution balance. The optimal configuration, utilizing stochastic gradient descent with momentum as
optimizer and dense classification head, recorded an accuracy level of 82.7% as well as F1 level of 0.825,
outperforming non-augmented retraining as well as past variants of the model. However, the fact that a single
dataset is used and the model is not externally validated raises a certain concern about the generalizability of
the model. Elsewhere, a multistage DL architecture was suggested by [47] and relies on transfer learning and
massive DA. The most accurate models of the tested models were InceptionResNetV2 and DenseNet121 with
the highest accuracy of 96.61 and 94.20 percent respectively. Though the results were promising, the model
was limited in a number of ways that limited its generalizability such as small size of data, image resolution,
no large scale validation and high computational cost. While these studies achieved noticeable gains, most
augmentation choices are still made manually and seldom tested on multiple datasets, which points to the
need for more adaptive and optimization-based augmentation techniques.

2.3 Metaheuristic Approaches for Hyperparameter Optimization in DR Classification

Optimization methods [48,49] have transformed medical image processing by processing huge datasets
at reduced diagnostic error. For DR, detection at early points and accuracy relies considerably on optimizing
techniques that can efficiently overcome problems of image noise, non-uniform lighting, and low-contrast
lesion [50]. Under DL, optimization is crucial in improving the performance of models, particularly with
hyperparameter optimization seeking to limit training error or optimize predictive accuracy. Transfer
learning is also aided by optimization by fine-tuning pre-learned models of related medical tasks and
improving generalization. Moreover, the authors in [51] introduced a self-adaptive Gray Wolf Optimization
(SA-GWO) framework of DR classification based on segmentation, hand-crafted feature extraction along
with neural networks. It tuned network weights and feature selection using the metaheuristic technique and
achieved 84.65% accuracy with the aid of DIARETDBL. It was, however, limited by the use of conventional
neural networks and a single small dataset and therefore failed to generalize like modern CNN-based works.
In contrast, study [52] developed a Genetic Algorithm (GA)-motivated system for optimization of CNN
hyperparameters of convolution layers, pooling layers, and kernel parameters and ended with classification
based on an Support Vector Machine (SVM) and Radial Basis Function (RBF) kernel. This system improved
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DR classification accuracy, although performance was constrained by limitations of input image and batch
size due to available computation.

Study [53] proposed a recent evolution algorithm-based framework of hyperparameter optimization of
1D-CNNs used in predicting diabetes mellitus. It optimized the size of the kernel of the convolutional layer,
numbers of filters, and learning parameters to achieve higher accuracy than manual tuning. Despite this, the
work was limited by the scarcity of data and lacked general validation of findings on diverse populations.
Another research by [54] proposed an Improved GWO-CNN system for DR detection using a GA generating
diversified initial solutions optimized by IGWO for feature selection. Optimized parameters enhanced CNN
classification with 98.33% accuracy using EyePACS and surpassed GA-CNN, GWO-CNN, and other new
methods. Even though successful, it is a limitation that only one dataset was utilized and suggests that more
validation is required using different populations.

2.4 Optimization-Based Data Augmentation for DR Classification

Although traditional DA techniques have strengthened the performance of DR classification models,
they still depend largely on manually selected transformations and fixed parameter settings [15]. Such manual
choices often make it difficult to balance variation and data integrity, which in turn leads to unstable gen-
eralization across different datasets [14]. In response, several studies have turned to intelligent optimization
frameworks that automate the selection and combination of augmentation techniques. Instead of depending
on trial-and-error, these frameworks employ optimization algorithms particularly metaheuristic methods
such as PSO, WSO, and BA to adaptively search for effective augmentation transformations and parameter
configurations [55,56]. This adaptive search process allows the model to benefit from more effective and
clinically realistic augmented images.

Recently, there have been some studies on optimization-based methods to improve the design of
DA strategies. A typical example of this is AutoAugment [15], which relied on reinforcement learning to
perform an automatic search for DA strategies that could potentially lead to improved model generalization.
However, RandAugment [57] improved the process by removing the need to perform a separate policy
search stage, allowing a set of random transformations with fixed scales to be applied. To speed up the
process, Fast AutoAugment [58] was presented to perform a density-matching method to significantly reduce
the computational overhead. More recently, SmartAugment [59] presented a gradient-free optimization
method to strike a balance between speed and accuracy. Interestingly, TrivialAugment [60] also proved that
even a simple single-parameter configuration can perform competitively, indicating that good DA does not
necessarily have to be complex.

As can be seen from Table 1, the majority of the previous studies on the classification of DR employed a
traditional DA technique that was manually crafted, along with a limited number of optimization techniques.
Such a traditional method often limits the flexibility of models to adapt and generalize well to new data.
In many studies, the data transformations that were applied were fixed a priori, which limits the use of
any adaptive mechanisms that can automatically determine the optimal values for the transformations. To
address this gap, a new optimization technique for the classification of DR is presented in this study. The
technique has a two-phase optimization process that is specifically tailored for the classification task. In the
first phase, a focus is placed on the establishment of a good baseline by exploring the use of a number of
different CNN architectures that were pre-trained while varying the conditions for DA. In the second phase,
a new optimization technique that employs a combination of metaheuristics, including WSO, BA, and PSO,
is employed to automatically determine the optimal combinations for DA transformations instead of relying
on a fixed set of values that were determined a priori. A unique advantage that the optimization technique
presented in this paper possesses over the traditional method for DA in the classification task for DR is that
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instead of relying on a fixed set of values that were determined a priori, the technique employs a feedback
mechanism that dynamically adapts the values for DA depending on the performance of the model. A second
advantage that the optimization technique possesses over the traditional method for DA in the classification
task for DR is that instead of relying on a fixed set of values that were determined a priori, the technique
employs a comparative mechanism that maintains a balance between exploration and exploitation. To the
best knowledge of the authors, no study has explicitly employed a metaheuristic optimization technique
for the selection of DA in the classification task for DR. Therefore, this study presents a new optimization
technique that markedly improves the robustness of models for the classification task for DR.

Table 1: Summary of recent studies using data augmentation for diabetic retinopathy classification.

A(l;{tel::;s Dataset Models Augmentation Techniques Limitations Best Accuracy (%)
2. Color/
1. Transforms
Contrast
. Augmentation limited.
. Applied to a single class.
Custom CNN
[41] APTOS 2019 ustom v - . Restricted variety of 89
(from scratch)
augmented data.
. Lack of external validation.
. Augmentation chosen
VGGI6 and
[42] DR 2015 (Kaggle) . an v Ng manually, not optimized. 89.5
MobileNet . .
. Limited to a single dataset.
ResNet50, . W-eall( dlégrlr?m;%tlon aﬁrgi
[43] APTOS 2019 VGGIS6, v v misclasstiication; overitting. 82.0
. Poor generalization.
DenseNet169 . .
. Difficulty with severe cases.
DenseNetl21, c tationall
. omputationally
ResNet50,
[32] APTOS 2019 e - - expensive ensemble. 85.28
InceptionV3, S . .
. . Limited dataset diversity.
Xception
. Limited
ResNet and
(45]  APTOS 2019 e an v v augmentation diversity. 84.6
EfficientNet Y
. Reduced generalization.
(44] APTOS 2019 and CNN + SHAP _ _ . Limited g-enerahzatmn. High 94.6,84.2
DDR computational cost.

Based on the reviewed literature, three major research gaps are identified: the absence of metaheuristic-
based augmentation selection for DR classification [41,43,45], poor cross-dataset generalization due to
manual augmentation [43,44], and a lack of adaptive feedback mechanisms in traditional augmentation
strategies [46,47]. The present work aims to fill these gaps by formulating the augmentation subset selection
problem as a binary optimization problem solved by the the WSO and comparing its performance with BA
and PSO [42,45], and by proposing a dynamic feedback-driven augmentation strategy that adapts to the
model performance [43,46]. As far as we are aware, this is the first explicit formulation of the augmentation
subset selection problem as a binary optimization problem for DR classification.

The growing body of literature on metaheuristic-driven optimization in medical imaging [61-65]
confirms that bio-inspired algorithms including Manta Ray Foraging Optimization (MRFO), PSO, GWO,
and WSO can effectively navigate complex hyperparameter spaces while maintaining computational effi-
ciency. Yet, a critical area that remains: those studies are mainly optimized for either model architecture
or training parameters, but not for the composition of the augmentation pipeline itself. While there are a
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few studies that have addressed the problem of augmentation subset selection across medical imaging fields,
such as DR classification [61,62,65] and ophthalmology, a gap that the present work directly addresses for
DR classification.

3 Methodology

This study introduces a two-stage DR classification approach based on baseline pre-trained CNNS,
DA strategies, and metaheuristic optimization techniques. Phase 1 (as shown in Fig. 1) establishes baselines
by training CNN backbones under three scenarios: first, without augmentation; second, using standard
augmentation techniques, and third, with separate individual augmentation techniques. This arrangement
establishes an unbiased benchmark and allows assessment of each transformation’s distinct effect. As
depicted in Fig. 1, Phase 2 treats augmentation selection as a binary combinatorial optimization task, and
a WSO-based search is employed to automatically identify effective augmentation combinations, thereby
overcoming the limitations of manual, heuristic choices. Finally, the WSO-selected models are aggregated
through soft voting (i.e., averaging their class-probability vectors) to derive the final prediction on the
held-out test set, thereby enhancing robustness and reliability.

—_| Pre-processing
2 Phase

1 | Acquisition Phase | | Splitting Phase \3/1 Experiment Scenarios

~

pt—— (a) B)
: . (730% (Iraining) {( Resizimg |} " Without Augmentation ||~ With All Standard
{ ' C_ 11 1 224x224x3 ! Augmentation
: : 10% (Validation) : ] — —~
| 1L @ ) AwDawso:
: : 10% (Testing) { : ‘With Individual Adaptive Metaheuristic Data
(e.g, APTOS-2019' K I:l:] . : Augmentation Augmentation using White Shark
Dataset) ! | Augmentation | ; Optimization
& v Prediction and
.- - > .l Classification Phase ( 5 — Evaluation Matrices
- @ g \
@ha T
L O q
i) L Olg/® ! Sensitivity
© ) e, ,-‘ NODR Accuracy ensitivity
2 = VGG-16 o0
f c Foly Commonned ‘E
g = ® Z._ H Mild N
RN E @ " o 3 5 % Specificity AUC
= 1) 2
28 ®lg's’ > o £l & [ [ e ]
3 g DenseNet-121® & Z A 3
2E (7] o3 1 Ml Fl-score
s: ..4 /. 5 \ j
sjor [ posncn |
..' O .l': - -
MobileNetV2 -y )

Figure 1: The proposed framework for diabetic retinopathy classification using pre-trained CNN models (VGGIS6,
DenseNetl21, and MobileNet) under three scenarios: without augmentation, with standard augmentation, and with
individual augmentation.

This two-stage architecture therefore constitutes both baseline evaluation and adaptive optimization
to enhance the overall generalizability of DR classification based on CNN. With the baseline determined
and augmentation scenarios being applied, the stage II adaptively chooses the optimum combination of
augmentation schemes based on the WSO. The major working principle of the WSO algorithm is briefly
described as below.
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3.1 Pre-Trained Deep Learning Approaches

TL has become an effective strategy for medical image classification, especially in DR detection were
obtaining large, annotated datasets is often difficult. Rather than building a CNN from the ground up, TL
makes use of models already trained on large image repositories such as ImageNet. Because pre-trained
models already capture common visual features from large datasets, they can be adapted to new tasks
with less training effort. This helps shorten training time and reduce the demand for high computational
power. Still, TL is not always reliable; when the new dataset is very different from the original one, the
transferred knowledge may fail to help and can even reduce performance. In CNNSs, this adaptation happens
through convolutional, pooling, and fully connected layers that gradually extract and combine features
before making the final classification. Building on this foundation, the present study applies transfer learning
with three widely recognized CNN architectures (VGGI16, DenseNet121, MobileNetV2) to classify retinal
fundus images. Furthermore, to address the problem of data scarcity and reduce overfitting, metaheuristic
algorithms are employed to automatically select the best combination of DA techniques (e.g., horizontal and
vertical flipping, rotation, and scaling). This strategy enhances generalization and improves the accuracy of
DR diagnosis.

3.1.1 VGGI6 Model

VGGI6, proposed by [66], is a deep CNN that consists of 16 layers and nearly 138 million parameters.
The network is built with 13 convolutional layers and three fully connected layers, each using Rectified Linear
Unit (ReLU) activation functions. Instead of using large kernels, the VGGI6 structure uses numerous small-
sized 3 x 3 filters, which simplifies the design while maintaining good performance. The network takes 224
x 224-pixel images as input and passes them through the network as a series of convolutional and max-
pooling operations, the number of filters gradually increases from 64 up to 512. The last component comprises
three dense layers with 4096, 4096, and 1000 neurons, respectively. Even with the need to employ extensive
computational resources, the model has shown remarkable effectiveness across many applications related to
the recognition of images, including the diagnosis of DR [67].

3.1.2 DenseNet121 Model

Another popular CNN architecture is DenseNet proposed by [68] which connects each layer directly to
all the succeeding layers. This design makes it easier to flow information, makes it easier to re-use features
and decreases redundancy. A popular version is DenseNet-121, which features 4 dense blocks of 6, 12, 24, and
16 layers. Each block uses 1 x 1 and 3 x 3 convolutions, while transition layers apply 1 x 1 convolutions and
2 x 2 average pooling. The network starts with a 7 x 7 convolution and ends with a fully connected layer,
giving a total of 121 layers. Compared to traditional CNNs, DenseNet121 uses fewer parameters, trains faster,
and makes full use of feature maps for classification [69].

3.1.3 MobileNetV2 Model

MobileNet is a DL model created by Google [70]. It is a compact DL model for mobile devices and
embedded systems. The main advantage of MobileNet is that it is computationally efficient and compact in
size. MobileNet is capable of achieving competitive accuracy with a small number of hyperparameters [30].
The main idea behind MobileNet is depthwise separable convolution, which reduces the computation
requirement of the model significantly compared to a normal CNN. The MobileNetV2 architecture is based
on 32 initial convolutional filters, followed by 19 bottleneck layers. Normally, a 2D CNN works on all the
channels of the input feature map as a whole. Depthwise CNNs split the input feature map into individual



Comput Model Eng Sci. 2026;148(3):41 1

channels and apply a convolutional layer on each channel separately. The outputs of individual channels
are combined using a 1 x 1 pointwise convolutional layer, which combines all the channels into a single
feature map.

3.1.4 Enhanced CNN Architecture

In this study, pre-trained convolutional neural networks (CNN) models VGG16, DenseNetl21, and
MobileNetV2 were used as a backbone neural network for DR classification using the APTOS 2019 dataset, as
shown in Fig. 1. The pre-trained CNN models were originally trained on the ImageNet dataset; hence, their
convolutional layers were frozen and used as feature extractors, followed by additional layers for five-class DR
detection. The modification of pre-trained models was initiated by adding a Global Average Pooling (GAP)
layer to reduce the dimension of the feature map obtained from the final convolutional layer of the pre-trained
models. The GAP layer reduces the dimension of the feature map to a collection of one-dimensional vectors.
This helped to keep a reduced number of trainable parameters while still retaining the spatial information
that is necessary for efficient classification. Additionally, a dropout layer with a 0.5 rate and a dense layer
with 2048 ReLU units and no dropout layer was added to capture complex feature representations; to further
increase the generalization capability and avoid potential overfitting, a dropout layer with rate 0.5 was added.
Another dropout layer of 0.3 rate was included to further stabilize training prior to entering into a final dense
output layer of five neurons that implements a Softmax activation function to provide class probabilities
indicating DR levels: no-DR, mild, moderate, severe, and Proliferative Diabetic Retinopathy (PDR).

The models were trained with Adam optimizer, starting from a learning rate of 1 x 107> The reason for
using the Adam optimizer was that the adaptive update rules of the Adam method allow to obtain a more
regularized convergence trajectory than the stochastic gradient descent method, as described in [71,72]. The
categorical cross entropy was chosen as the loss function for this classification task as it is suitable for multi-
class classification problems [73]. Training was performed using batch size of 32, with maximum of 40 epochs,
and utilizing early stopping approach to avoid overfitting by stopping the training process when validation
loss doesn’t improve for 5 epochs. Convergence was typically achieved after 20-25 epochs, reducing the need
for additional calculations. A learning rate schedule that reduced the learning rate by half when there was no
decrease in validation loss over three consecutive epochs was used to encourage training stability. The weights
of the models and the prediction outputs were stored for each backbone, to make the results reproducible

and to facilitate further optimization [74].

Both learned weights and corresponding outputs of the predictions were stored for each of the trained
CNN models. The weights aided in loading the pre-trained networks without having to retrain the models
initially, and the output files stored the class-probability vectors evaluated for each image and augmentation.
Such output thus stored was then utilized within the WSO-based selection and the ensemble module, with
ease of computational efficiency and reproducibility.

3.2 Data Augmentation

One of the main difficulties in training DL models for medical image analysis is the lack of enough varied
and balanced data. These models contain many parameters that need a large and diverse dataset to perform
well. When the data are limited or not representative, the model easily memorizes the training samples and
fails to work properly with new images. In medical imaging, this problem is common because collecting
large and well-balanced datasets is often restricted by privacy issues, the high cost of data collection, and the
unequal occurrence of diseases. Therefore, the model has a tendency to overestimate the majority classes,
and it is difficult to identify the minority classes. In order to overcome the limitations of the model, DA was
used to increase the amount and variety of the training images. This was done by creating new images from
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the original images, but modifying them by a few operations, including flipping, rotation, zooming, shifting
and scaling. This will enable the model to view the same image from a different perspective so that the model
will be more adaptable and less sensitive to changes between images. This helps the model to be more stable,
resulting in better overall outcomes.

The method described has been adopted and improved by using the APTOS 2019 data for the purpose
of this study. This particular dataset was highly imbalanced with many of the images being of the majority
classes. This has made it difficult for the model to be able to learn from the minority classes. To address
the limitations, several DA techniques have been employed which increase the size of the data but do not
affect the medical truth and integrity of the images. For this specific example, shearing, width/height shifting,
zooming, rotating and flipping were performed. These transformations simulate realistic changes that are
typically experienced in a camera’s orientation, size or location when taking a image. Flipping helps the
model avoid directional bias, rotation improves tolerance to misalignment, zoom adjusts for scale variations,
and shear and shifts enhance robustness to positional changes of retinal features. Altogether, these methods
expanded the training data, reduced overfitting, and made the model more stable and reliable. Table 2
summarizes the augmentation techniques adopted in this study together with their intended contributions
to classification robustness.

Table 2: Geometric augmentation techniques with parameter values applied in the study.

Techniques Value
Horizontal Flip 0.5
Vertical Flip 0.5
Zoom range 0.2 (equivalent to scale = 0.8-1.2)
Rotation range 40
Shear 0.2 (»11.5°)
Width/Height shift 0.2,0.2

While DA is a common approach to enhance the generalization of a model, its overuse or inappropriate
use of augmentation techniques can lead to unrealistic variations in the images and even to overfitting on
artificial patterns. The proposed AMDA-WSO framework overcomes this problem by only using the most
effective augmentation subset for validation based on the performance of the validation, rather than using
all the available transformations at once. The framework enables to expand data diversity while keeping
clinically relevant retinal characteristics. Furthermore, early stopping, dropout and validation-based fitness
evaluation further decreases the risk of overfitting and enhance model generalization.

Each augmentation operation contributes to the robustness of the model in its own unique way, but not
equally across all datasets. Some transformations may add complementary information while others may add
redundant or less useful variations. Hence, the proposed AMDA-WSO framework can automatically select
the optimal augmentation subset that maximizes the validation performance, thereby keeping informative
augmentation operations and discarding redundant and less influential augmentation operations.

3.3 White Shark Optimization Algorithm

The WSO is a population-based metaheuristic inspired by the hunting behavior of great white sharks.
For WSO, the individual search agent acts as a candidate solution in the optimization space, with the initial
population of sharks being randomly allocated throughout the search domain at the commencement of the
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algorithm. Movement and update mechanisms are modeled after sharks’ exceptional senses of hearing and
smell, which enable both global exploration and local exploitation of the search space.

3.3.1 Movement Speed Towards Prey

As WSO is a population-based algorithm, it commences by randomly generating a set of initial
solutions when initiating the optimization process. A population of n white sharks (i.e., population size), in
d-dimensional search space (i.e., dimension of the problem), can be represented mathematically as a
population matrix W, as presented in Eq. (1):

w} wy e w}i
2 2 2
W W DR W
w=|"1 2 4 ey
n n n
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where w§ denotes the position of the i-th white shark in the j-th dimension. Formally, the position of the
i-th shark in the j-th dimension at uniform random initialization is presented in Eq. (2):

wi=1j+rand x (u; - ;) ()

where u; and [; represent the upper and lower bounds of the search space in the j-th dimension, respectively,
and rand is a random number uniformly generated in the interval [0,1]. This ensures that the initial
population is uniformly distributed across the search domain, promoting diversity at the start of the
optimization process.

The fitness of each initial solution, as represented in Eq. (1), is then evaluated to determine its quality.
Whenever a newly generated position proves superior to a previous one, it replaces the older solution during
the updating stage. This search mechanism is further guided by the predatory behavior of great white sharks:
after sensing prey through wave frequencies, a shark adjusts its trajectory toward the target in oscillatory
motions. This adaptive movement is mathematically expressed as:

V]i_,_l = [J(V;( + Pl[Wghestk - Wllc] X+ PZ[Wj/bestk - Wllc] x C2) (3)

where i =1,2,...,n denotes the index of the i-th white shark in a population of size 1, and v}, represents
the new velocity vector of the i-th shark at iteration k + 1. The term v} is its previous velocity at iteration k,
while w} indicates the shark’s current position. The parameters w,p.;, and wihestk correspond to the global
best solution and the neighborhood best solution, respectively. The relative influences of these two positions
is controlled by the coefficients P, and P,, while ¢; and ¢, are random coeflicients uniformly drawn from
[0,1]. It is the constriction factor y (see Eq. (A3)) that can be used to control the velocity amplitude and is
a factor for the convergence stability. The index vector v, which is used to identify sharks chosen at random
from the population, is made as follows Eq. (4):

v=[nxrand(l,n)]+1 (4)

where rand(1, n) is a vector of random numbers generated with a uniform distribution on the interval [0,1].
The coefficients P, and P, in Eq. (3) regulate the global and local exploration balance, while the constriction
factor y ensures convergence stability. The detailed mathematical relationships for these parameters are
provided in Appendix A.
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3.3.2 Movement Towards Optimal Prey

When white sharks are stimulated by an olfactory or a sound signal, they tend to swim towards the
prey. If the prey is not captured, they leave behind a trail of scent which leads the shark, and the shark then
switches to random exploratory movements, a strategy for hunting for food. This behavior is mathematically
described in the following position update scheme in Eq. (5):

w,’;-—.@wo+u-a+l-b, if rand < mv,
i i
Wi =94 .V (5)
kel Wi+ k. if rand > mv.
f
The update position vector of the i-th white shark is called w; , . Binary vectors a and b are mathemat-
ically defined in Appendix A. This is a mechanism that mimics the adaptive movements of the white shark
towards its prey, while at the same time optimising between exploration and exploitation.

3.3.3 Movement Towards the Best White Shark

White sharks adjust their positions by approaching the best-performing member of the group, usually
the one nearest to the prey. This behavior is mathematically represented as follows Eq. (6):

; —
W;H'l = ng“tk +n DW Sgn(r2 - 05)’ r3 < Ss (6)

The updated position w},, of the i-th shark is determined relative to the prey’s location. The function

—
r1 D,, sgn(r, — 0.5) controls the search direction, maintaining it when equal to 1 or reversing it when equal
to —1. Here, 71, 1, and r3 are uniformly distributed random numbers in [0, 1]. The auxiliary formulations of

ITW) and S; are provided in Appendix A.

3.3.4 Behavior of Fish School
The behavior of the fish school in WSO is simulated as a function of the current position of each white
shark and updated position of each white shark as described in Eq. (7):

- S g
. w.+w
i _ "k k+1
Wiy = - x rand (7)

Here, w} denotes the current position of the i-th white shark, and w} ,, represents its updated position,
while rand is a random number uniformly distributed over the interval [0,1]. The random value is then used
as a multiplicative scale factor on the average of the two positions.

In WSO, the parameters y, Py, P,, mv, sgn(r, — 0.5), and r; regulate the balance between exploration

and exploitation within the search space. Table 3 summarizes the key parameter settings employed for
configuring the WSO during the optimization process.
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Table 3: Parameter settings of the White Shark Optimizer (WSO) used in the optimization process.

Parameter Value
Population size 100
Number of iterations 100
Dimension (augmentation methods) 6
Number of runs 10
Search space bounds [0,1] (binary)
Fomin 0.07
Frmax 0.75
Pmin 0.5
Pmax L5
T 4.125
ag 6.25
a; 100
a, 0.0005

3.4 The Proposed AMDA-WSO Framework for Automated Data Augmentation Selection

The proposed AMDA-WSO framework integrates a binary variant of WSO with pre-trained CNN
models to automatically select the optimal combination of augmentation-specific CNN models for DR
classification. DA is important for building robust pre-trained CNN models. Its role becomes even more
critical when only small medical imaging datasets are available. Nevertheless, conventional methods that
rely on fixed or manually designed augmentations often lack adaptability and fail to generalize across
different datasets and tasks. To overcome this limitation, WSO is integrated with pre-trained CNN models to
adaptively select combinations of augmentation techniques for DR classification. Additionally, WSO frames
augmentation as a binary optimization task, where each candidate solution corresponds to a binary selection
of augmentation-specific CNN models, each trained using a different augmentation technique. Inspired by
the hunting behavior of white sharks, the algorithm balances exploration and exploitation to search the
augmentation space effectively. This balance helps avoid premature convergence and increases the likelihood
of discovering stronger sets of transformations. As shown in Fig. 2, the algorithm iteratively improves the
positions of the sharks and tests the candidate augmentation strategies, which are optimized based on the
model’s performance rather than pre-defined or manually chosen strategies. This minimizes the risk of
overfitting, allowing for better robustness and generality for CNN-based DR classification.

It is worth to note that the binary optimization process is a selection process of the best subset of CNN
models independently trained for each augmentation. Instead of retraining a single CNN with multiple
augmentation operations simultaneously, the selected models are combined using average soft voting to get
the final prediction.
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Set parameters:
N (population size), M_Iter (max iterations), Dim (= #augmentations),
Bounds: Ib=0,ub=1,
WSO: fmax, fmin, 1, u, p1, p2, a0, al, a2, patience

’

Initialize population and Initialize velocities
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(each position = augmentation combination)

v
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while a <A NO Return best solution
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Figure 2: Flowchart of the proposed AMDA-WSO framework for binary augmentation combination selection in
diabetic retinopathy classification.

Representation of candidate solutions

In the WSO algorithm, the candidate for the augmentation strategy is presented as a binary vector, with
each bit representing one particular operation included in the candidate solution. If the value of the
particular bit is equal to 1, the corresponding operation is included, while a value equal to 0 means that
the particular operation is excluded. Continuing with the example, if the candidate solution includes six
operations for the DR image enhancement (horizontal flip, vertical flip, rotation, zoom, shift, and shear),
the candidate solution can be presented as follows: b = [0,1,1,0,1,0]. This means that the candidate
solution includes the vertical flip, rotation, and shift operations, while the horizontal flip, zoom, and
shear operations are excluded, as shown in Table 4. This representation is based on the initialization of
the shark positions, as presented by Eqgs. (1)-(2) which are then transformed into the binary form with
the use of the transfer function, as presented by Eq. (A3). In the optimization process, the candidate
solutions are updated iteratively based on the velocity and position update rules, inspired by the hunting
behavior of the white shark, as presented by Eqs. (5)-(A10).

Initialization of Population

In this stage, a population of shark agents is generated, where each candidate solution is represented as
a binary vector b = [by,..., b, ] € {0,1}". A value of 1’ indicates that an augmentation operation (e.g.,
horizontal flip, rotation, shift) is selected, while ‘0" denotes exclusion. This corresponds to the encoding
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step Algorithm 1, Line 8. The positions of the sharks are then initialized according to Eqs. (1)-(2), while
their velocities are set randomly to maintain diversity in the initial search space (Algorithm 1, Line 9).
Finally, since the original WSO operates in a continuous search space, a sigmoid-based transfer function
is employed to transform continuous velocity values into binary augmentation selection probabilities,
corresponding to the binarization step in Algorithm 1, Line 10, as defined in Eq. (8):

1
T(vi)= 8
(vi) 1+e™vi (®)
Table 4: Illustrative binary representation of candidate augmentation techniques.
Dimension 1 2 3 4 5
Binary Vector 0 1 1 0 1

The obtained probability values are converted into binary decisions according to the following thresh-
olding rule in Eq. (9):

o {1, ifrand < T(v;) ©)

0, otherwise

where rand € [0, 1].
This probabilistic transformation enables the continuous search dynamics of WSO to effectively operate
in binary augmentation selection spaces.
The map from continuous position to the probability of choosing augmentation operations, as specified
by the sigmoid transfer function, causes candidate solutions to be slowly transitioned between the binary
states rather than deterministically transitioning from one state to another. For instance, operations with
higher sigmoid probabilities are more likely to be selected while operations with lower probabilities
are more likely to be excluded. This type of probabilistic mapping preserves diversity of the population
during the initial stages of the search and gradually matures into good augmentation subsets. As
velocity magnitudes increase, output of the sigmoid are approaching 0 or 1 during the optimization
process, resulting in more stable binary decisions and a better balance between global exploration and
local exploitation.

« Velocity and Position Update
In calculating the fitness, each shark adjusts its speed and location based on the WSO adaptation equa-
tions (Eqgs. (3), (5)-(7), along with auxiliary formulations provided in Eqs. (A1)-(A10). These equations
are a simulation of the white shark hunting strategy and promote exploration (new augmentation subsets)
and exploitation. In practice, this is the velocity step of Algorithm 1 (Line 13), and the position step
of Algorithm 1 (Line 14) which update the movements of the shark agents in the search space. The
optimization process is an iterative process, which enables the progressive approach to more efficient
augmentation strategies without premature convergence.

o Iterative Optimization
The evaluation and update steps are repeated for a given number of iterations K. This iterative procedure
starts at line 12 of Algorithm 1 and goes on until the stopping condition is reached. At the end of each
iteration, the candidate solutions are recalculated and the best local solution (ps.s), and the best global
solution (gp.s;) are updated (see Algorithm 1, Line 16). Then the loop continues until you reach the
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termination point (Line 17), which ensures that the swarm doesn’t converge prematurely towards small
augmentation subsets and gradually narrows to more powerful augmentation strategies.
 Final Ensemble Prediction

In this stage, the ensemble integrates the predictions of a single backbone (VGG16, DenseNetl21, or
MobileNetV2) trained under different augmentation subsets selected by WSO. Each augmentation
variant produces a probability distribution over the DR grades, and these probabilities are averaged using
a soft-voting rule to obtain the final decision (step 4 in Fig. 3 and Algorithm 1, Line 19). In this way, the
model capitalizes on the diverse strengths of several augmentations and improves prediction stability.

1 N
§ = argmax (— Pk(c|x,-)) (10)
ce{l.cy \N i3

where Py (¢c|x;) denotes the probability assigned by the kth augmentation-based model to class ¢ given the
input x;. The parameter c represents the total number of possible classes. The operator argmaxcc(y,...,c
selects the class with the maximum averaged probability across all augmentations. Finally, y denotes the
predicted DR grade obtained after aggregating and averaging the probabilities from all augmentation-
based predictions.

’ DR Fundus Images |
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(5) Final Decision { [Predicted DR Grade (0—4)}

Figure 3: The proposed AMDA-WSO framework for six augmentation combination selection.

3.5 Analysis of Metaheuristic-Based Selection of Optimal Data Augmentation Combinations

In this section, the manner in which the proposed framework leverages metaheuristic optimization
techniques, namely WSO, PSO, and BA, to automatically determine the most effective augmentation subsets
for pre-trained CNN models is presented. In the process, these optimization methods seek to investigate
the augmentation space defined by six augmentation methods: Horizontal Flip, Rotation, Shear, Vertical
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Flip, Width/Height Shift, and Zoom. The optimization goal, defined by the equations in Eqs. (1)-(7), is
to maximize validation accuracy through adaptive activation and deactivation of augmentation methods
defined by these equations. In this context, these optimization methods develop unique approaches to
balance exploration, exploitation, and convergence to arrive at the optimal augmentation subsets that result
in the most impactful transformations.

In the context of the proposed WSO optimization algorithm, the shark agents aim to optimize the
augmentation space defined by a binary vector X = [x, x2, ..., X |, to determine the optimal augmentation
configuration, where x; € {0,1} denotes the activation state of augmentation method i. In this context, the
shark agents’ trajectory through the augmentation space is defined by a velocity vector V = [vy,v2, ..., vs],
This velocity vector is iteratively updated based on the equation defined by Eq. (3).

For instance, for the VGG16 model, the WSO technique identified the optimal augmentation set
[1,1,1,1,0,1], corresponding to Horizontal Flip, Rotation, Shear, Vertical Flip, and Zoom operations.
This combination resulted in improved validation accuracy compared to the baseline model. During
the search process, the velocity components for these augmentation techniques maintained the highest
activation probabilities via the sigmoid transfer function T(vi), while the Width/Height Shift component was
progressively deactivated.

Furthermore, the PSO technique views DA selection as a social process of decision-making, where
each particle carries a binary vector that represents a certain DA combination, and its movement is guided
by individual and social knowledge. The velocity update rule, as defined in Eq. (11), is a function of three
components:

vid(t+1) =w xvid(t) + c; x r; x (pBestid — xid(t))

(11)
+ ¢y x 1y x (gBestid — xid(t))

where w controls inertia, ¢; and ¢, balance personal and global learning, and r; and r, are random coeflicients
that maintain stochastic diversity within the swarm. The updated velocity is then passed through the sigmoid
function (Eq. (8)) to determine activation probabilities for each augmentation.

For DenseNet121, PSO found the best augmentation subset to be [1, 0, 1, 0, 1, 1] which means horizontal
flip, shear, width/height, and zoom. The social element of the swarm promoted alignments with the
dominant transformations in the world, such as horizontal flips, which always seemed to be present in high
performing configurations, and the cognitive part refined complementary augmentations like shear and
zoom based on each particle’s local learning experience. This collaborative approach led to a well-rounded
and meaningful selection mechanism for augmentations that enhanced DenseNetl2l’s representational
power and mitigated overfitting.

Unlike WSO and PSO, which rely on velocity and swarm dynamics, the BA takes inspiration from the
natural foraging behavior of bees to find the best augmentation combinations. Each bee represents a possible
set of augmentations encoded as a binary vector, where “1” means that a transformation is applied and “0”
means it is skipped. The search begins with scout bees that explore different regions of the space, generating a
wide range of candidate augmentation strategies. The most promising combinations those that lead to higher
validation accuracy are treated as elite sites. Around these elite sites, other bees perform small local searches
by slightly changing the augmentation bits to test nearby possibilities.

With the search, BA automatically enhances augmentations that increase model performance and
eliminates those that introduce noise or redundancy. In the case of the MobileNetV2 model, the algorithm
converged to the subset of [1,1,1,1,0, 0], which is horizontal flip, rotation, shear, and vertical flip. These
variations were in harmony, and the variety of the spatial and directional features was even more complete
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without affecting the integrity of the retinal images. The more the bees were attracted to this successful
configuration through the multiple iterations, the more it indicated that this arrangement was stable.

In essence, BA is an approach where the interplay between exploration and refinement is utilized in
an adaptive manner to choose the most important augmentations in an optimal manner. This synergy
allows the algorithm to automatically discover an optimal yet interpretable set of transformations that match
the characteristics of the MobileNetV2 model, thereby improving the learning of effective features while
avoiding overfitting.

By reviewing the optimization methods, it is evident that each of the optimization methods, WSO, PSO,
and BA utilizes its unique search strategy in the determination of the optimal data transformations. For the
WSO, the movement and velocities of the swarm are the focus, where the transformations that have the
greatest impact on the model’s performance are quickly discovered. For the PSO, the shared experiences
of the swarm are utilized, where each particle learns from its individual experiences as well as the shared
experiences of neighboring particles in the swarm. Lastly, the Bees Algorithm is unique in its approach, where
the search strategy is an attempt at emulating the search strategy of real bees, where the swarm disperses
initially, then converges on the optimal transformations that have the greatest impact.

Although each algorithm’s search strategy is unique, the ultimate goal is the same to find the optimal yet
concise set of transformations that have the greatest impact on the model’s performance, thereby improving
accuracy. Through the application of each of the optimization methods, the results demonstrate that the
selection mechanisms are effective in discovering the optimal set of transformations that have the greatest
impact on model accuracy. The following section provides an overview of the experimental results that
support the effectiveness of the selection mechanisms.

Algorithm 1: The pseudo-code of the proposed WSO algorithm for data augmentation selection

1: Input: Candidate augmentation set A = {ay, ay, ..., a,, } (HFlip, VFlip, Rotation, Zoom, Shift, Shear)

2: Pretrained CNN backbones: M = {VGG16, DenseNet121, MobileNetV2}

3: Stored validation predictions P(model, a) for each backbone model m € M and augmentation a € A

4: Fitness function Fit(-) on the validation set (e.g., Balanced Accuracy/Macro-Fl)

5: WSO parameters: N, K, v, Pin, Pmax> 4> 0> 15 325 fmin> fmax> Ss> MV, W

6: Output: Optimal binary vector b* € {0,1}" and selected augmentation set A* = {a;|b} =1}

7: Encoding: Represent a candidate solution as a binary vector b = [by, ..., b, | with constraint 7', b; > 1

8: Initialization: Create a population of N WSO agents with continuous positions #; € R™ and velocities
v; (per the WSO initialization)

9: Binarization: For each velocity component v; j, apply the sigmoid transfer function followed by the
thresholding rule to get the binary vector b; as per Eqgs. (8)-(9).

10: Evaluate: For each b;, calculate the ensemble probabilities for the current backbone on the validation
set, by taking the average of the stored softmax outputs over the set of active augmentations A(b;); set
fitness; < Fit(b;)

11: for k = 1to K do

12:  Velocity update: Update v; using the WSO velocity rule in Eq. (3), where p;, p,, and the constriction

factor p are defined in Eqs. (A1)-(A3).

13:  Position update: Move positions u; toward prey/best agents using WSO motion (wave frequency f,

movement value mv, direction S;, etc.) Eqs. (A8)-(A10)

14:  Binarize: Apply T to obtain b; € {0,1}", enforce }; b; ; > 1

(Continued)
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Algorithm 1 (continued)

15: Re-evaluate: Compute Fit(b;); update pbest; and gbest when improved

16: end for

17: Return: b; < gbest and A”

18: Final ensemble: For each backbone m € M, average the test-set probability vectors across the
augmentation models included in its optimal subset A}, (soft voting) to obtain the predicted DR grade.

4 Experiments Results and Discussion
4.1 Dataset Collection and Description

This study employs the APTOS 2019 DR dataset, which is publicly available on Kaggle (https://
www.kaggle.com/c/aptos2019-blindness-detection/data). It consists of 3662 retinal images collected from
ophthalmology centers in India, primarily at Aravind Eye Hospital, using fundus imaging techniques under
varied photographic conditions. This dataset groups the images in five different classes: no DR (class 0), mild
DR (class 1), moderate DR (class 2), severe DR (class 3), and proliferative DR (class 4). Table 5 reports a
noteworthy uneven distribution of the above classes present in the APTOS dataset; of the images 49% are
labeled as no DR, 8% for proliferative retinopathy class, and 5% for severe disease. Fig. 4 illustrates a few
example images selected from the APTOS 2019 blindness dataset.

Table 5: Distribution of DR severity levels in the APTOS 2019 dataset.

Severity Level Class Label Number of Samples Total
NO DR 0 1805
Mild DR 1 370
Moderate DR 2 999 3662 images
Severe DR 3 193
Proliferative DR 4 295

No-DR Mild DR Moderate DR Severe DR PDR

Figure 4: Sample fundus images from each grade of the APTOS 2019 DR dataset.

Table 5 shows that, although the dataset contains five classes, the sample distribution across classes
is highly imbalanced. Previous studies [75] reported that such imbalance increases misclassification rates
and reduces performance. To overcome this issue, DA was adopted. The techniques included horizontal
and vertical flipping, zooming, rotation, shearing, and width/height shifting [43]. These transformations
produced an augmented version of the APTOS dataset.


https://www.kaggle.com/c/aptos2019-blindness-detection/data

22 Comput Model Eng Sci. 2026;148(3):41

After the class distribution in Table 5, all images were preprocessed using the pre-processing pipeline
described in Section 4.2, which involves resizing, normalization and DA (where applicable) depending on
the experiment scenario.

4.2 Image Preprocessing

Data preparation represents a fundamental step in the DL pipeline, as it directly improves data quality
and supports more accurate and dependable model predictions [76]. The main purpose of this stage is to
address issues such as noise removal, control of lighting variations, adjustment of image resolution, and elim-
ination of unnecessary background information. Preprocessing refines the image data before it is provided
to the neural network, ensuring that the models work with well-conditioned inputs, which enhances both
performance and robustness [54]. In this study, resizing and normalization were consistently applied in all
scenarios to maintain uniform input. DA was applied only in Scenario 2, where six augmentation techniques
were used simultaneously, and in Scenario 3, where the contribution of each individual augmentation
technique was examined separately.

o Image resizing

The first stage of preprocessing consists of changing the size of the images in the dataset. Images are
resized to achieve uniform dimensions of 224 x 224 x 3 pixels. In this context, the first two numbers
refer to the height and width of pixels, respectively, whereas the third denotes the presence of RGB (red,
green, and blue) color channels in the image. Since the compiled dataset encompasses images of different
resolutions and dimensionality sourced from different origins, resizing them to a uniform resolution
ensured homogeneity in the input data format. Image rescaling could mathematically be expressed as
follows:

N’ = resize(N, (224,224)) (12)

where N represents the original image, and N’ is the resized image with dimensions 224 x 224 x 3.

« Image normalization
After the resizing step, images are subjected to normalization to maintain consistency among all
inputs. This step scales pixel values to a standard range, usually between 0 and 1, which helps stabilize
and enhance the training process. In mathematical terms, normalization can be expressed as follows

(Eq. (13)):

N’ - Nxfnin
" _ —N/ Y (13)

max min

where N’ denotes the normalized image, N’ indicates the resized image data, while N/, and N/ .
indicate the lower and upper values of the input image data.

4.3 Experimental Setup

All the experiments were performed by utilizing the PyTorch library version 2.71 with CUDA 12.6
enabled. The experiments were performed on a machine that had an NVIDIA GeForce RTX 4060 Laptop
Graphics Processing Unit (GPU) with 8 GB of memory installed. For better performance and efficiency,
cuDNN Benchmark mode, TF32 Precision, and Mixed Precision Training were enabled. These three features
combined allowed for the efficient execution of computationally intensive DL models based on CNNs. For
better comparison of the models’ performance, the baseline pre-trained models (VGGI16, DenseNetl21, and
MobileNetV2) were fine-tuned with the same set of hyperparameters. The images used for the models’
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input were of size 224 x 224 x 3, while the batch size was set to 32. The models were trained by utilizing
the Adam optimizer with a learning rate of 1x 107 for up to 40 epochs. Early stopping was used after
convergence within the range of epochs 20-25. Additionally, dropout layers of 0.3 and 0.5 were used to
prevent overfitting of the models. Categorical Cross-Entropy loss function with Softmax activation function
was used for multi-class classification. The specifications of the hyperparameters used are shown in Table 6.

Table 6: Training configuration and hyperparameters for the baseline pre-trained CNN models.

Hyperparameters Value
Hardware NVIDIA GeForce RTX 4060 Laptop GPU (8 GB VRAM)
- 80% for training (2930 images), 10% for validation (366 images), 10%
Data splitting . .
for testing (366 images)
Input shape 224 x 224 x 3
Output size 5
Learning rate 1x107°
Learning-rate scheduler ReduceLROnPlateau (factor = 0.5, patience = 3)
Batch size 32
Dropout 0.3,0.5
Activation function Softmax
Maximum epochs 40
Early stopping Enabled (patience = 5 epochs)
Optimizer Adam
Loss function Categorical Cross-Entropy

4.4 The Performance Metrics

For the performance analysis of the models developed for the prediction of DR, a set of performance
metrics was used to assess the models’ performance comprehensively and objectively. The performance
metrics used to assess the models’ performance include accuracy, which represented the percentage of
instances classified correctly by the models. The models’ ability to detect cases of DR was represented by
the sensitivity of the models (Recall metric). The specificity metric represented the ability of the models to
detect non-DR cases correctly. The performance of the models was represented by Cohen’s Kappa metric,
which represented the reliability of the models’ performance. The discriminative ability of the models was
represented by the AUC metric. Additionally, the confusion matrix provided an in-depth analysis of the
performance of the models by analyzing true and false classifications performed by the models for instances
belonging to different classes.

In the interest of explaining the measures applied, the following notations are used: True Positive (TP)
denotes the number of cases correctly predicted as positive, whereas True Negative (TN) represents the
number of cases correctly predicted as negative. False Positive (FP) refers to negative cases incorrectly
classified as positive, while False Negative (FN) indicates positive cases incorrectly classified as negative.
Those four measures are the foundation for the calculation of the accuracy, sensitivity, the specificity, Cohen’s
Kappa as well as the AUC computation, as well as for the plot of the confusion matrix. These scales are
calculated using Eqs. (14)-(18), as follows:

TP+ TN

Accuracy = x 100 (14)
TP+ TN +FP+FN
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s TP
Sensitivity = ————— x 100 (15)
TP+ FN
TN
Specificity = ———— x 100 16
pecificity TN+ P (16)
2 x (Precision x Recall)
Fl-score = — x 100 (17)
Precision + Recall
Kappa score - observed accuracy — expected accuracy 18)

1 — expected accuracy

4.5 Results and Discussion

In this section, the results of the study are reported in two phases. The first phase focuses on three
baseline scenarios that were used to test the performance of the pre-trained CNN models. The second phase
uses the WSO algorithm to select the best DA combination and compares the outcomes with the baselines.

4.5.1 Baseline Evaluation of Pre-Trained CNN Models under Different Augmentation Settings

In this phase, the pre-trained CNN models are first evaluated to form a baseline reference before
applying any optimization. Three experimental scenarios were designed to assess how the absence or
inclusion of DA influences the generalization ability of the models. Tables 7-10 and Figs. 5-7 summarize
the outcomes of the baseline CNN models examined under three scenarios: without augmentation, with
six combined augmentations, and with each augmentation applied individually. These comparisons provide
a clear view of how different augmentation strategies influence the ability of VGG16, DenseNetl21, and
MobileNetV2 to recognize various stages of DR in the APTOS-2019 dataset.

Table 7: Baseline results of VGGI16, DenseNetl21, and MobileNetV2 on the APTOS 2019 and DDR datasets without
data augmentation.

Dataset Models Accuracy Sensitivity Specificity AUC Kappa score
Without Data Augmentation

VGG-16 89.18 74.98 9712 96.17 82.44
APTOS 2019 DenseNet-121 88.96 77.80 97.18 95.30 83.27
MobileNetV2 87.20 73.90 96.56 94.98 80.09
VGG-16 83.65 59.53 95.01 91.66 72.97
DDR DenseNet-121 83.17 63.57 94.87 91.07 72.37
MobileNetV2 82.45 57.18 94.07 90.51 70.31

Note: The highest score in each evaluation metric for each comparison group is bolded.

Table 8: Classification results of different models on the APTOS-2019 dataset using individual data augmentation
techniques.

Augmentation e o Kappa
Models Techniques Accuracy  Sensitivity  Specificity AUC Score
Individual Data Augmentation Techniques
Horizontal Flip 88.93 78.55 9715 96.26 83.27
Vertical Flip 90.30 80.23 97.52 96.31 85.29
VGG-16 Shear 89.34 7726 97.42 96.58 83.39

(Continued)
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Table 8 (continued)

Augmentation e o Kappa
Models Techniques Accuracy Sensitivity  Specificity AUC Score
Individual Data Augmentation Techniques
Width Height 88.93 7773 9726 96.40 83.26
Shift
Zoom 88.66 77.04 97.22 95.53 82.85
Rotation 88.39 76.01 97.30 96.29 82.36
Horizontal Flip 90.98 80.76 9770 95.68 86.31
Vertical Flip 90.03 80.29 97.42 96.62 84.84
DenseNet-121 W.dfﬁelir. N 90.30 78.58 97.46 96.39 85.37
e 8 88.11 7743 96.94 95.89 81.97
Shift
Zoom 89.48 78.02 97.26 95.82 83.99
Rotation 90.03 79.18 97.74 96.39 84.87
Horizontal Flip 90.57 78.90 97.50 96.21 85.61
Vertical Flip 89.62 79.70 97.39 95.80 84.31
MobileNet W.df}}llel_alr. N 89.48 77.57 97.26 95.56 83.96
i 89.62 78.22 97.32 95.13 84.22
Shift
Zoom 89.34 79.44 97.30 95.82 83.87
Rotation 89.34 78.22 97.42 96.17 83.86

Note: The highest score in each evaluation metric for each comparison group is bolded.

Table 9: Classification results of different models on the DDR dataset using individual data augmentation techniques.

Models Augmentation Techniques Accuracy Sensitivity Specificity AUC Kappa Score
Individual Data Augmentation Techniques
Horizontal Flip 84.29 54.56 94.70 92.35 73.27
Vertical Flip 85.96 65.88 95.56 93.69 76.68
VGG-16 Shear 82.78 60.81 94.55 91.83 71.38
Width Height Shift 83.97 62.74 95.04 92.38 73.61
Zoom 83.73 61.55 94.32 93.34 72.35
Rotation 84.93 56.41 94.82 92.33 74.28
Horizontal Flip 83.33 68.01 94.98 92.51 72.80
Vertical Flip 83.57 65.17 94.64 92.78 72.59
DenseNet-121 Shear 82.14 65.55 94.54 90.87 70.80
Width Height Shift 82.22 63.14 94.48 92.11 70.76
Zoom 83.33 64.87 94.79 91.96 72.48
Rotation 85.33 66.45 95.15 93.57 75.42
Horizontal Flip 83.17 69.26 94.66 92.96 72.23
Vertical Flip 81.58 67.90 94.30 92.48 69.78
. Shear 81.90 69.34 94.53 92.13 70.60
MobileNetV2 Width Height Shift 82.22 65.08 94.30 92.70 70.43
Zoom 82.78 67.27 94.71 92.41 7177
Rotation 82.22 64.53 94.22 93.22 70.33

Note: The highest score in each evaluation metric for each comparison group is bolded.
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Table 10: Results of VGGI6, DenseNetl2l, and MobileNetV2 on the APTOS 2019 and DDR datasets using all data
augmentation techniques.

Dataset Models Accuracy Sensitivity Specificity AUC Kappa Score
With Data Augmentation

VGG-16 89.59 7798 97.35 96.66 84.19
APTOS 2019 DenseNet-121 90.35 79.46 97.50 96.68 85.33
MobileNetV2 88.60 76.56 97.07 96.05 82.70
VGG-16 84.13 51.41 94.36 93.75 72.48
DDR DenseNet-121 85.56 63.52 95.02 94.59 75.47
MobileNetV2 83.97 60.40 94.73 93.24 72.86

Note: The highest score in each evaluation metric for each comparison group is bolded.
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Figure 5: VGG-16 model: (a) confusion matrix; (b) ROC curve on the testing set.
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Figure 6: DenseNet-121 model: (a) confusion matrix; (b) ROC curve on the testing set.
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Figure 7: MobileNetV2 model: (a) confusion matrix; (b) ROC curve on the testing set.

As indicated in Table 7 in the absence of any augmentation technique, the highest accuracy (89.18%)
and specificity (97.12%) were obtained by the VGG16 model, indicating its high capability for differentiation
between normal (non-DR) cases. However, its sensitivity (74.98%) was relatively lower, indicating that
some diabetic cases were not detected by the model. This can be explained by the observation that most
misclassification cases were between mild and moderate DR cases, as indicated by the confusion matrix
in Fig. 5, This may be due to the similarity between the patterns obtained from these classes, as the areas
corresponding to the classes may overlap. On the other hand, DenseNet121 showed more stable performance,
asindicated in Table 7, by showing the highest sensitivity (77.80%) and the highest Kappa score (83.27%). This
indicates that DenseNetl121 can better identify positive cases compared to the other models. MobileNetV2
showed relatively lower performance, as indicated by its accuracy (87.20%) and Kappa score (80.09%). In
the same way, VGGI16 had the highest accuracy (83.65%), specificity (95.01%), AUC (91.66%) and Kappa
score (72.97%) on the DDR dataset, which shows that it has a good overall classification ability. DenseNet121
had the highest sensitivity (63.57%), indicating its ability to detect DR cases better, whereas MobileNetV2
performed competitively in all the evaluation metrics. The results show that the performance trends observed
in the baseline data set APTOS 2019 are generally preserved in the DDR data set, further supporting the
generalizability of the framework to various retinal image data sets.

As can be seen from the results of the APTOS-2019 presented in Table 8, a careful observation of the
results shows that each model was differently affected by the different augmentation techniques. For the
VGGI16 model, vertical flipping showed the highest accuracy (90.30%) and Kappa score (85.29%), while the
highest AUC (96.58%) was obtained by the shear transformation technique. This indicates that the model
was more adaptable due to the use of geometric transformations. For DenseNet121, the highest accuracy
(90.98%) and Kappa score (86.31%) were obtained by the horizontal flipping technique, indicating that
the model can identify mirrored vessel patterns. For MobileNetV2, horizontal flipping showed the highest
accuracy (90.57%) and Kappa score (85.61%), indicating that the model can better handle some geometric
transformations due to its shallow depth. The results on the DDR dataset demonstrate the dependency of
the effect of the individual augmentation techniques on the backbone and the applied transformation. Some
of the techniques helped to enhance the baseline performance, but some configurations performed worse
than the baseline in terms of accuracy or sensitivity. VGG16 with Vertical Flip augmentation performed
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best overall with an accuracy of 85.96%, specificity of 95.56%, an AUC of 93.69% and a Kappa of 76.68%.
DenseNetl121 with the Horizontal Flip, on the other hand, obtained the highest sensitivity (68.01%) indicating
that it has the best performance in the detection of DR cases.

Table 10 indicates that the use of six techniques improved the performance of all models. The highest
final performance was obtained with DenseNet121 with an accuracy of 90.35% and a Cohen’s kappa score
of 85.33%. But the biggest absolute improvement was for MobileNetV2, which improved by 1.40 percentage
points in accuracy and 2.61 points in Cohen’s kappa. VGG16 also had improved performance, with sensitivity
increasing by almost 3%. This improves the model’s ability to identify DR cases without compromising
specificity. The effects of the six augmentation techniques applied to the DDR dataset were found to be
different for various models and metrics. For VGGI6, accuracy increased from 83.65% to 84.13% and
AUC increased from 91.66% to 93.75%. However, sensitivity decreased from 59.53% to 51.41%, specificity
decreased from 95.01% to 94.36%, and Cohen’s kappa decreased from 72.97% to 72.48%. So, the overall
augmentation setting was not able to enhance all the evaluation metrics for all the models. DenseNet121 had
the highest overall accuracy of 85.56% and Kappa score of 75.47% on this dataset, which indicates its better
generalization capability.

4.6 Results of AMDA-WSO Optimization for Data Augmentation Selection

The second phase evaluates the performance of the proposed AMDA-WSO framework in autonomously
selecting the best combinations of DA techniques for DR image classification. This phase extends the
performance of the baseline model with the integration of the metaheuristic algorithm, aiming to achieve
better generalization performance compared to the conventional manually defined approaches.

The performance of WSO, BA and PSO is compared in Table 11 for the VGGI16, DenseNetl2] and
MobileNetV2 backbones. The accuracy and other reported metrics were the same for the three meta-
heuristic algorithms for each backbone. Regardless of the optimizer used, VGG16 had an accuracy of
90.71%, DenseNetl21 had an accuracy of 91.15%, and the highest backbone-level accuracy was 92.08% for
MobileNetV2. Thus, the findings suggest that there is no significant difference between the final predictive
performance of WSO, BA, and PSO, but rather a similar performance of all the optimizers. The performance
of the BA algorithm resulted in the achievement of the same accuracy as the WSO algorithm, with the area
under the receiver operating characteristic (AUROC) value of 97.07% + 0.00. However, the performance of
the BA algorithm is slightly less stable compared to the performance of the WSO algorithm. In the case of
the DenseNet121 model, the performance of the WSO algorithm resulted in the achievement of the highest
accuracy of 91.15% + 0.0013, with the highest Kappa value of 86.52% + 0.0020. This indicates that the model
is capable of achieving the highest Kappa value, thereby achieving the highest representative features. In the
case of the MobileNetV2 model, the performance of the WSO algorithm resulted in the achievement of the
highest accuracy of 92.08% + 0.00, with the highest sensitivity of 81.48% + 0.00, the highest specificity of
97.95% + 0.00, and the highest Kappa value of 87.94% + 0.00.

Ten independent runs were performed for each optimizer, with different random seeds. In both cases,
the stochastic search trajectories were different, but the deterministic fitness evaluation over the small binary
search space of 2° = 64 possible augmentation subsets resulted in the convergence of all the runs to the same
final subset for VGG16 and MobileNetV2. As a result, the test predictions were the same for these runs,
and the standard deviation of the reported metrics was zero. DenseNet121 had a small nonzero difference
between runs. For DenseNet12l, it was observed that the optimizer was able to maintain a proper balance
between sensitivity (79.86%) and specificity (97.72%), which is a desirable feature for identifying DR correctly
while also identifying healthy cases correctly. It is not easy to achieve a proper balance between these two
metrics when dealing with class-imbalanced datasets. Among these models, MobileNetV2 was observed to
have the highest accuracy (92.08%) when using these optimizers, while also showing almost identical results



Comput Model Eng Sci. 2026;148(3):41

29

for other metrics such as Fl-score (83.91%), AUC (96.67%), and Kappa (87.94%). These observations clearly
show that WSO is able to perform consistently well even for lightweight models with fewer parameters and
less computational overhead.

Table 11: Comparative performance of metaheuristic-based data augmentation optimization across pretrained CNN

models on the APTOS 2019 and DDR datasets.

Dataset

Pre-Trained CNN Models

Metric

Metaheuristic Optimization

WSO

BA

PSO

APTOS 2019

VGG-16

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

90.71 + 0.0000
79.84 + 0.0000
97.63 + 0.0000
81.33 + 0.0000
97.07 £ 0.0000
85.88 + 0.0000

90.71 + 0.0000
79.84 + 0.0000
97.63 + 0.0000
81.33 + 0.0000
97.07 £ 0.0000
85.88 + 0.0000

90.71 + 0.0000
79.84 + 0.0000
97.63 £ 0.0000
81.33 + 0.0000
97.07 £ 0.0000
85.88 + 0.0000

DenseNet-121

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

91.15 + 0.0013
79.86 + 0.0010
9772 £ 0.0004
82.30 + 0.0009
96.66 + 0.0002
86.52 + 0.0020

91.15 + 0.0013
79.86 + 0.0010
9772 £ 0.0004
82.30 + 0.0009
96.66 + 0.0002
86.52 + 0.0020

91.15 + 0.0013
79.86 + 0.0010
9772 £ 0.0004
82.30 + 0.0009
96.66 + 0.0002
86.52 + 0.0020

MobileNet-V2

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

92.08 + 0.0000
81.48 £ 0.0000
97.95 £ 0.0000
83.91 + 0.0000
96.67 + 0.0000
87.94 + 0.0000

92.08 + 0.0000
81.48 + 0.0000
97.95 £ 0.0000
83.91 + 0.0000
96.67 + 0.0000
87.94 £ 0.0000

92.08 + 0.0000
81.48 + 0.0000
97.95 £ 0.0000
83.91 + 0.0000
96.67 + 0.0000
87.94 £ 0.0000

DDR

VGG-16

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

72.40 £ 0.0000
48.26 + 0.0000
92.84 + 0.0000
4731 + 0.0000
79.37 £ 0.0000
57.88 + 0.0000

72.40 £ 0.0000
48.26 + 0.0000
92.84 = 0.0000
4731 + 0.0000
79.37 £ 0.0000
57.88 + 0.0000

72.40 = 0.0000
48.26 + 0.0000
92.84 + 0.0000
4731 + 0.0000
79.37 £ 0.0000
57.88 + 0.0000

DenseNet-121

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

64.21 + 0.0000
46.01 + 0.0000
91.00 + 0.0000
44.75 + 0.0000
78.69 + 0.0000
4771 + 0.0000

64.21 + 0.0000
46.01 + 0.0000
91.00 + 0.0000
44.75 + 0.0000
78.69 + 0.0000
4771 + 0.0000

64.21 + 0.0000
46.01 + 0.0000
91.00 + 0.0000
44.75 + 0.0000
78.68 £ 0.0000
4771 +£ 0.0000

MobileNet-V2

Accuracy
Sensitivity
Specificity
F1 score
AUC
Kappa score

61.20 + 0.0000
42.92 + 0.0000
89.97 + 0.0000
41.38 + 0.0000
79.48 + 0.0000
43.25 + 0.0000

61.20 + 0.0000
42.92 + 0.0000
89.97 + 0.0000
41.38 + 0.0000
79.48 + 0.0000
43.25 + 0.0000

61.20 + 0.0000
42.92 £ 0.0000
89.97 + 0.0000
41.38 + 0.0000
79.48 + 0.0000
43.25 + 0.0000

Note: The results obtained by the proposed method based on WSO are emphasized in bold.

The proposed framework was further evaluated on the publicly available DDR dataset. The performance
was worse than the results from APTOS 2019, as the dataset is more complex and varies more, but the
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proposed framework remained consistent in its ability to optimise the results across the tested models. The
best accuracy (72.40%) and kappa score (57.88%) were achieved by VGG-16, and the highest AUC (79.48%)
was obtained by MobileNet-V2. Furthermore, the results obtained over two independent public retinal image
sets offer further proof of the robustness and generalization ability of the proposed AMDA-WSO framework.

The optimization phase is deterministic, as the prediction-probability vectors are pre-computed and
then used for optimization. With a small search space of 26 = 64 possible augmentation subsets, the three
optimizers reached the same subset or equivalent subsets in terms of the final predictions and evaluation
metrics. This is because the same outcome was achieved by WSO, BA and PSO.

The optimization algorithms showed different behaviors when it comes to determining the optimal
augmentation subsets for the evaluated CNN architectures. As shown in Table 12, the selected augmentation
combinations were different for each CNN architecture, meaning that there is no single augmentation
strategy is universally optimal. Instead, the proposed AMDA-WSO framework identifies the optimal aug-
mentation combination to enhance the robustness of each CNN architecture to realistic variations commonly
observed in retinal image acquisition, including image orientation, scale, and positioning. Clinically, this
adaptive selection improves robustness to realistic image acquisition variability without sacrificing clinically
relevant retinal image characteristics required for DR grading, while avoiding redundant augmentation
transformations that do not improve validation performance.

Table 12: Optimal data augmentation combinations selected by each metaheuristic optimization algorithm for pre-
trained CNN models.

Optimal A tation Combinati
Pre-Trained Optimization ptima’ Augmentation ~ombination

. 1. Horizontal Flip 2. Rotation 3. Shear 4. Binary Encoding
CNNModels  Algorithm Vertical Flip 5. Width/Height Shift 6. Zoom
1 2 3 4 5 6
WSO v v v v v [1 1110 1]
VGG-16 BA v v v v v [1 1110 1]
PSO v v v v v (11110 1]
WSO v v v v [1 0101 1]
DenseNet-121 BA v v 4 (00101 1]
PSO v v v v (10101 1]
WSO v v v v [1 1110 0]
MobileNetV2 BA v v v v [1 1110 0]
PSO v 4 v v (11110 0]

For DenseNetl121 and MobileNetV2, the WSO chose fewer transformations but still maintained strong
results, suggesting that it effectively judged when additional augmentations were unnecessary. This finding
aligns with earlier observations of its consistent accuracy without overfitting. Moreover, MobileNetV2, being
smaller and computationally efficient, benefited from broader transformations, while DenseNet121 exhibited
better stability with a more focused set. Overall, the findings demonstrate that WSO did not randomly
combine augmentations but rather adapted its search based on model and data characteristics, selecting
transformations that genuinely enhanced learning stability across different runs.

It is worth mentioning that the identical augmentation combinations observed for some models, such
as VGGI6, are not coincidental. All algorithms were initialized using the same model weights and prediction
files (.pth and .npy), which ensured that the optimization process started from the same baseline
performance and data distribution. Because of this controlled setup, each optimizer received identical
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validation feedback, allowing them to converge on the same optimal augmentation configuration. This
outcome reflects the stability and consistency of the search process rather than a limitation of the algorithms,
confirming that the selected transformation set was indeed the most effective for that model and dataset.

Fig. 8 provides a clear representation of the performance of the optimized model, VGGI6, based on
the application of the WSO algorithm on the APTOS 2019 test dataset, where a confusion matrix on the
left indicates that the model’s discriminative power is excellent for all five stages of DR. The model correctly
classified a majority of images for each of the classes, with a very high accuracy for No DR and Moderate
DR classes, where all 179 and 93 images, respectively, were correctly classified. The model also correctly
classified a majority of images for all classes, including No DR, Minor DR, Moderate DR, Severe DR, and
Proliferative DR, where a small number of misclassifications occurred between adjacent classes, such as mild
and moderate DR, which is a natural overlap between classes rather than a failure on the model’s part. The
ROC curve on the right also confirms the robustness of the model’s performance, where all classes show
AUC values greater than 0.94, indicating excellent model performance. The No DR class had a perfect AUC
of 1.000, while the Moderate DR had an AUC of 0.979, showing a very good trade-oft between sensitivity
and specificity. The micro-average AUC of all classes is very high, at 0.988, which indicates a very stable
and reliable performance of the optimized model, VGG16, on the dataset, which confirms that the adaptive
augmentation strategy is effective, enabling the model to capture patterns more accurately and make more
precise distinctions between different stages of DR.
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Figure 8: VGGI6 + WSO ensemble performance: confusion matrix (left) and ROC curves (OvR) for each DR severity
grade (right).

As can be observed from Fig. 9, the model optimized by the DenseNet121 model with the WSO ensemble
algorithm has high accuracy in all five stages of DR. The model classified the data correctly, especially for
the No DR category with 179 instances and Moderate DR with 94 instances. This shows that the model can
differentiate between healthy eyes and those with DR. There were some misclassifications between Mild DR
and Moderate DR, which can be justified given the similarity between these two classes. This is also supported
by the ROC curves presented in Fig. 9, where all classes have AUC values above 0.93. The AUC value for the
No DR class was found to be 1.000, while Moderate DR and Severe DR classes were found to have AUC values
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of 0.976 and 0.937, respectively. This shows that the model used here is very effective in the classification of

the different stages of DR.
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Figure 9: DenseNet121 + WSO ensemble performance: confusion matrix (left) and ROC curves (OvR) for each DR

severity grade (right).

Fig. 10 shows the confusion matrix for the MobileNetV2 model with the WSO ensemble algorithm,
which also shows high effectiveness in the classification of the five stages of DR. The model classified the
data correctly for the No DR category with 179 instances and Moderate DR with 95 instances. This shows
that the model can differentiate between healthy eyes and those with DR. There were some misclassifications
between Mild DR and Moderate DR, which can be justified given the similarity between these two classes.
This can also be supported by the ROC curves presented in Fig. 10, where all classes have AUC values above
0.94. The AUC value for the No DR class was found to be 1.000, while Moderate DR and Severe DR classes
were found to have AUC values of 0.974 and 0.969, respectively.
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Figure 10: MobileNetV2 + WSO ensemble performance: (a) confusion matrix; (b) ROC curves for each severity grade.
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The results of WSO, BA and PSO on the three CNN backbones are compared in terms of accuracy
in Fig. 11. There was no difference between the three optimizers with respect to accuracy on each backbone.
The backbone-level accuracy of MobileNetV2 was found to be 92.08%, which is the highest among all the
models, followed by DenseNet121 with 91.15%, and VGG16 with 90.71%.

Comparison of Accuracy between WSO, BA, and PSO
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VGG-16 feomna E BA
B PSO
90.71
75 80 85 90 95 100

Accuracy (%)

Figure 11: Comparison of model accuracy between WSO, BA, and PSO across different CNN models.

Table 13 reports the results of a one-sample Wilcoxon signed-rank test with Bonferroni correction,
comparing WSO-optimized augmentation against the no-augmentation baseline across all pretrained CNN
models. The adjusted significance threshold was set to & = 0.008. All comparisons yielded p-values of 0.00195,
well below this threshold, indicating statistically significant improvements across all models and metrics. The
identical p-values are due to the fact that in each model-metric comparison, all ten run-level differences were
positive. With n = 10 it is the smallest possible two-sided exact Wilcoxon p-value, 2/2!° = 0.001953125, for any
values of the positive differences. The positive A values further confirm consistent performance gains, with
the most pronounced improvement observed in MobileNetV2 (Kappa: +7.855). The results show statistical
evidence of the effectiveness of the proposed AMDA-WSO framework.

Table 13: The results of one-sample Wilcoxon signed-rank test comparing the WSO-optimized augmentation with the
no-augmentation baseline.

Model Metric p-value A Significance
VGGI6 AUC 0.00195 +0.904 Yes
Kappa 0.00195 +2.445 Yes
AUC 0.00195 +1.358 Yes
D Netl21
ensee Kappa 0.00195 +3.255 Yes
A .001 1.632 Y
MobileNetV?2 uUcC 0.00195 +1.63 es

Kappa 0.00195 +7.855 Yes
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4.7 Convergence Analysis of Metaheuristic Algorithms

In this experiment, all three metaheuristic algorithms WSO, BA, and PSO achieved identical accuracy
values for VGG-16, DenseNet-121, and MobileNetV2 on both the APTOS 2019 and DDR datasets, as shown
in Fig. 11 and Table 11. The WSO convergence curve is presented in Fig. 12 which indicates that the global
optimum was reached early as the optimum fitness value does not fluctuate during the iterations. This
at first sight seems bizarre but is actually the consequence of the way the evaluation was planned. The
pretrained CNN models and their validation prediction were generated one time and used repeatedly in the
optimization process. That setup ensured the fitness values remained constant from iteration to iteration,
eliminating the small variations in fitness that typically occur in metaheuristic searches. It is not surprising
that the three algorithms converged to the same global optimum because the search space was also quite
constrained (2° or 64 possible combinations).
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Figure 12: Convergence curve of the WSO algorithm during the optimization of augmentation combinations for
MobileNetV2.

Implications: The same results indicate that within this tiny search space, the best combination of
augmentations is evident and is strong. The benefit of one algorithm over another is very limited in such
a low dimensional deterministic setting. Nevertheless, automation is still advantageous: It is time-saving,
ensures uniformity, and eliminates the possibility of manual selection bias.

Efficiency and Scalability: Although the final results were the same, WSO reached the optimum
solution more quickly, with better convergence efficiency compared to BA and PSO. For simplicity, the
current six-dimensional configuration is used as a proof of concept; however, in larger and continuous search
spaces—like optimizing 15-20 augmentations or hyperparameters—it is assumed that WSO will demonstrate
more benefits than simple search mechanisms.

Table 14 presents a comparison between the proposed framework and previous studies that used the
APTOS 2019 dataset. Previous works reported accuracies that generally ranged between 79% and 89%,
depending on the model architecture and training setup. Study [41] achieved 89% using a conventional CNN.
Other studies, such as [43], reported lower results between 79% and 82% when using ResNet50, VGGI6,
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and DenseNetl169. Similarly, studies [32] and [45] obtained accuracies of 85.28% and 84.6% with various
deep architectures.

Table 14: Comparison with state-of-the-art methods.

Reference Dataset Used Pre-Trained CNN Models Accuracy (%)

[41] APTOS 2019 CNN 89.0%

[32] APTOS 2019 Ensemble voting 85.28%

[43] APTOS 2019 Fine-tuned and ResNet50 82.0%

[45] APTOS 2019 Efficientnet-B0 84.6%

[77] APTOS 2019 Vision Transformer + Capsule Network 88.18%

[78] APTOS 2019 EfficientNetBO0 + ViT 87.0%

[79] APTOS 2019 Salp Swarm + ensemble 89.07%
Proposed Augmented VGGl6 90.71%
Model (WSO-based APTOS 2019 DenseNetl21 91.15%
Optimization) MobileNetV2 92.08%

The proposed AMDA-WSO framework shows competitive performance when compared with the recent
state-of-the-art (SOTA) DR models such as the hybrid Vision Transformer-Capsule Network framework,
which reports accuracies in the range of 87%-88% [77], and the more recent CNN-ViT hybrid architectures
that achieve around 87.0% [78].

In contrast, the proposed WSO-based optimization model achieved higher and more stable perfor-
mance, reaching 90.71% for VGGI16, 91.15% for DenseNet121, and 92.08% for MobileNetV2. The improvement
reflects the strength of using metaheuristic optimization to adaptively select DA combinations, which helped
the models capture more discriminative retinal features while maintaining generalization. These findings
confirm that the proposed WSO framework offers a robust and practical advancement for DR classification
compared with existing state-of-the-art methods.

Compared to the related metaheuristic-based optimization, the proposed WSO framework has a better
convergence behavior and more stable exploration/exploitation balance. As an example, the original WSO
was proposed by [18] as a new bio-inspired metaheuristic algorithm, showing its powerful ability to search
globally and high convergence rates on various optimization problems. Based on this, study [19] used WSO
to enhance the diagnostic accuracy and computational efficiency of medical diagnosis through a dynamic
feature selection process on several biomedical datasets. These findings verify that WSO can be successfully
applied to different medical imaging and diagnostic fields, which is consistent with the results of the present
study where WSO was highly stable and accurate in the DR classification. The presented framework can
be extended to multi-dataset validation and hybrid optimization methods such as WSO-GA or WSO-PSO
providing a more flexible search dynamics and the robustness to different datasets and imaging conditions.

The findings of this study can have important implications in the actual practice of medicine. This
suggested framework for augmentations based on WSO can be integrated in the current CAD system in oph-
thalmology clinic without any problem. It optimizes dynamically the DA strategies, making the framework
robust and consistent to different image qualities and acquisition devices, typical in real-life clinical settings.
The flexibility of this means that more precise screening of DR is possible, particularly at the early stages of
the disease, where manual diagnosis can be difficult and time-consuming. This optimization-based pipeline
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might be used in further applications to assist ophthalmologists as an aid diagnostic device to enhance the
efficiency of screening and encourage early diagnosis to avoid vision impairment.

4.8 Computational Complexity Analysis

The suggested AMDA-WSO model is executed in two stages with different computational expenses.
During Phase 1, the three CNN backbones are trained once on the APTOS 2019 data at a one-time cost of
O(E x B x L) where E, B and L are the training epochs, batch size, and network layers, respectively. The
resulting validation prediction matrices and weights are saved to be reused, avoiding repetitive retraining
when optimizing.

In Phase 2, the WSO searches over K iterations with N candidate solutions in a D-dimensional space,
evaluating each candidate by averaging stored softmax outputs across M models and S validation samples.
The total optimization complexity is O(K x N x (D + M x S)), yielding approximately 11 x 10° arithmetic
operations per run given K =100, N =100, D = 6, M = 3,and S = 366. This decoupled design is substantially
more efficient than end-to-end methods such as AutoAugment, which require full model retraining during
policy search. Although WSO, PSO, and BA share the same asymptotic complexity class, WSO incurs a
marginally higher constant factor due to its fish-school position update; however, this overhead is negligible
given the low dimensionality of the search space (D = 6).

In addition, the proposed framework is efficient in computation as the prediction probabilities of
the pre-trained CNN models are computed and stored once during the initial training phase. In the
optimization process, the augmentation sets of candidates are evaluated by utilizing these stored predictions,
which substantially decreases the computational cost of the fitness evaluation without compromising the
consistency of the comparisons between different candidate solutions, since the CNN models are not
repeatedly executed. As illustrated in Fig. 12, the fitness value for WSO is not oscillating and converging
to a stable value in the first few iterations. This quick and consistent convergence is primarily due to the
relatively small binary search space (64 possible augmentation combinations) that provides the optimizer
with a mechanism to quickly determine the optimal augmentation subset.

4.9 Limitations and Future Work

The effectiveness and reliability of the proposed framework based on the WSO approach in improving
the classification of images related to DR are well presented in the study. The main focus of the study
was to optimize the DA process through the implementation of metaheuristic algorithms to ensure the
generalization of the model and prevent overfitting of the model to the training data. Although the proposed
approach was effective in improving the classification of images related to DR, several limitations of the study
should be acknowledged and considered in future studies. Firstly, the proposed framework is validated on
two publicly available datasets namely APTOS 2019 and DDR, but needs to be tested further on other publicly
available datasets like EyePACS to test the robustness, adaptability and generalization of the proposed
framework on different distributions of retinal images. In addition, several class imbalances were observed
in the data used to evaluate the proposed framework, where some of the severity levels of the disease were
not adequately represented in the data used to train the model. Although the optimization process was
effective in addressing this problem to a certain extent, the proposed framework needs to be evaluated on
large datasets to confirm its stability and reliability in addressing this problem. Finally, the optimization and
training process of the proposed framework was very expensive in terms of computation resources and time,
especially when evaluating several CNN models.

In addition, the proposed framework was only evaluated on high-quality images, and its performance
when applied to low-quality and blurry images needs to be determined in future studies. In addition, the
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proposed framework could be optimized through the implementation of hybrid optimization approaches
and the incorporation of explainable Al tools to determine their efficiency in improving the performance of
the proposed framework and addressing the limitations of the current approach.

Several research directions can be explored in future studies. Expanding the search space to include a
broader set of augmentation types and continuous-valued parameters would require adaptation to mixed-
variable optimization. In addition, the proposed AMDA-WSO framework will be tested on other medical
imaging applications beyond DR including skin lesion analysis, chest X-ray, brain MRI, and histopathology,
to further explore the generalizability of the framework across imaging modalities.Future research will
also compare the proposed AMDA-WSO framework with learned augmentation techniques including
AutoAugment, RandAugment and TrivialAugment.Furthermore, a sensitivity analysis will be carried out
to investigate the impact of augmentation and optimization parameters on classification performance.
Adopting rigorous statistical validation, such as 5 x 2-fold cross-validation with paired tests, would
enable direct comparison among optimizers. Furthermore, incorporating explainability techniques, such
as activation-based visualization, may help verify that selected augmentations preserve clinically relevant
retinal structures, moving toward more transparent and trustworthy deep learning systems for automated
DR detection.

4.10 Ablation Study

To evaluate how each augmentation method affects the final performance, an ablation experiment was
carried out using MobileNetV2 on the APTOS 2019 dataset. As reported in Table 15, the baseline model,
trained without any augmentation, achieved 87.20% accuracy with a Kappa score of 80.09%, and an AUC
of 94.98%. Introducing the augmentations individually led to consistent improvements across all metrics.
The highest accuracy (90.57%), Kappa (85.61%), and AUC (96.21%) were obtained when horizontal flip was
applied. For the other cases, the accuracy and AUC of width/height shift and vertical flip were boosted by
similar magnitudes, with accuracy of 89.62% and AUC of 95.13% and 95.80%, respectively. The success rates
for zoom and rotation were also significant, at 89.34%, and AUC values of 95.82% and 96.17%, respectively,
and the shear operation had an AUC of 95.56% with a success rate of 89.48%.

Table 15: Ablation study results on the APTOS-2019 dataset using MobileNetV2.

Augmentation Accuracy (%) Kappa Score (%) AUC (%)
No augmentation 87.20 80.09 94.98
Horizontal flip 90.57 85.61 96.21
Vertical flip 89.62 84.31 95.80
Width-height shift 89.62 84.22 95.13
Shear 89.48 83.96 95.56
Zoom 89.34 83.87 95.82
Rotation 89.34 83.86 96.17
WSO-selected combination 92.08 87.94 96.67

Note: The combination of augmentation selected by the WSO was the most successful combination and their results
are shown in bold.

The best performance was obtained by the ensemble of the independently trained Horizontal Flip,
Rotation, Shear and Vertical Flip models, selected by the WSO and averaged by soft voting. This ensemble
achieved an accuracy of 92.08%, a Kappa score of 87.94%, and an AUC of 96.67%. These results are
improvements over the no-augmentation baseline of 4.88% in accuracy, 7.85 points in Kappa score, and 1.69
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points in AUC, compared to baseline. The small, but distinct improvement over the best single augmentation
(the horizontal flip) indicates that these transformations complement each other nicely, offering a wider and
more helpful range of variations than any individual operation could provide.

There is a noticeable effect caused by horizontal and vertical flips, which can be explained because both
of the transformations affect the orientation of the image without disturbing the key retinal patterns like
microaneurysms and exudates. The operations zoom and width-height did not make it into the final WSO
subset, indicating that they added variations that were less useful for this task. Overall, the results show that
each augmentation has different effects on the model, and that the set of augmentations chosen by the WSO
provides a stable and balanced set of transformations that enhances the robustness of the classification across
all the evaluation metrics.

The WSO-selected combination shown in Table 15 is an ensemble-based evaluation and not a newly
trained MobileNetV2 model. In particular, six different MobileNetV2 models were trained independently,
each using a different augmentation technique (e.g., Horizontal Flip, Rotation, Shear, Vertical Flip, Width-
Height Shift, and Zoom). Binary WSO was then employed to identify the optimal subset of these
augmentation-specific models, where a value of 1 indicates that the corresponding model is included in the
ensemble, whereas 0 indicates that it is excluded. Finally, the average soft voting method was used to combine
the prediction probabilities of the selected models and obtain the final classification result.

5 Conclusion

In this paper, we proposed AMDA-WSO, a binary optimization framework based on the WSO, for
automated selection of data augmentation combinations in DR classification. Unlike manually designed
or heuristic-based augmentation pipelines, the proposed method formulates augmentation selection as a
discrete binary optimization problem, enabling a systematic search over the 2° = 64 possible transformation
combinations. The framework was evaluated on the APTOS 2019 dataset using three pretrained CNN
models: VGGI16, DenseNetl121, and MobileNetV2. The proposed framework successfully adapts WSO from
continuous optimization to binary augmentation subset selection.

Experimental results demonstrated that the augmentation combinations selected by WSO consistently
improved classification performance compared to baseline augmentation scenarios. MobileNetV2 com-
bined with WSO-guided augmentation achieved the highest accuracy of 92.08% and sensitivity (81.48%),
while DenseNet121 with WSO maintained balanced performance across multiple evaluation metrics. In
comparison with PSO and the BA, The experimental results demonstrate the effectiveness of the proposed
AMDA-WSO framework for automated augmentation subset selection in DR classification. Statistical
comparison among optimizers (WSO, PSO, BA) was not directly performed due to the limited number of
independent runs; nevertheless, the superiority of WSO over the no-augmentation baseline was statistically
validated using one-sample Wilcoxon signed-rank tests with Bonferroni correction (p < 0.005).

Nevertheless, the findings should be interpreted within the study’s limitations. The search space was
confined to 64 predefined geometric transformations, excluding augmentation types such as color jitter,
elastic deformations, or noise-based operations. Additionally, the APTOS 2019 dataset represents a single-
source retinal image collection; results may vary across different imaging devices, patient demographics,
and clinical grading protocols, which limits generalizability to broader screening scenarios. This may allow
for more consistency of model performance of the model in clinical imaging scenarios and thus aid in the
implementation of large-scale DR screening programs.

From a practical perspective, the proposed AMDA-WSO framework provides an automated augmen-
tation selection mechanism with the potential to be incorporated into clinical CAD pipelines for DR
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screening, pending validation on multi-source datasets. Its optimizer-driven nature reduces reliance on
manual heuristic tuning, which is particularly relevant in clinical settings where domain expertise for
augmentation design is limited and annotation costs are high.
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List of Abbreviations

AMDA-WSO

Adaptive Metaheuristic Data Augmentation-White Shark Optimizer

AUC Area Under the Curve

BA Bees Algorithm

BWSO Binary White Shark Optimizer

CAD Computer-Aided Diagnosis

CLAHE Contrast Limited Adaptive Histogram Equalization
CNN Convolutional Neural Network

DA Data Augmentation

DenseNet121 Densely Connected Convolutional Network (121 layers)
DL Deep Learning

DNN Deep Neural Network

DR Diabetic Retinopathy

F1 FI-Score (Harmonic Mean of Precision and Recall)
EN False Negative

FP False Positive

GAN Generative Adversarial Network

GAP Global Average Pooling

GPU Graphics Processing Unit

GWO Gray Wolf Optimization

IGWO Improved Gray Wolf Optimization

IoT Internet of Things

MobileNetV2  Mobile Neural Network Version 2
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MRI Magnetic Resonance Imaging
MRFO Manta Ray Foraging Optimization
mRMR Minimum Redundancy Maximum Relevance
PDR Proliferative Diabetic Retinopathy
PSO Particle Swarm Optimization
RBF Radial Basis Function
ReLU Rectified Linear Unit
ROC Receiver Operating Characteristic
SHAP SHapley Additive exPlanations
SMOTE Synthetic Minority Oversampling Technique
Softmax Softmax Function
SOTA State-of-the-Art
SVM Support Vector Machine
TL Transfer Learning
TN True Negative
TP True Positive
VAE Variational Autoencoder
VGGI6 Visual Geometry Group 16-layer CNN
ViT Vision Transformer
WSO White Shark Optimizer
Appendix A
The detailed formulations of P}, P,, and y used in the velocity update process are defined as follows:
Pl = Pmax + (Pmax - Pmin) X e_(4k/K)2 (Al)
P2 = Pmin + (Pmax - Pmin) X e_(4k/K)2 (AZ)

where k and K denote the current and maximum iteration numbers, respectively. The parameters P,,;, and
P14 define the lower and upper velocity limits that regulate the movement of white sharks during the search.
After empirical analysis, their values are commonly set to 0.5 and 1.5 to maintain an effective balance between
exploration and exploitation.

2
e |2-17-V12 - 41

where 7 is the acceleration coefficient, typically set to 4.125 based on empirical investigation.

(A3)

Binary vectors a and b are determined using Eqs. (A4) and (A5), respectively. The search space is
bounded by the lower limit / and the upper limit u. The logical vector w, is defined according to Eq. (A6). The
frequency of the wavy motion of a white shark is represented by f, as determined from Eq. (A7). A random
variable rand is selected within the interval [0, 1]. At each iteration, the movement force mv is increased to
simulate the shark’s approach toward its prey, expressed in Eq. (A8).

a=sgn(wi—u)>0 (A4)
b=sgn(w,—1)<0 (A5)
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wo=®-(a,b) (A6)

The operation symbol @ is a bit-wise XOR operation.

= fonin 4 Lmax = min (A7)
f max T f min

where f,4x and fpin represent the minimum and maximum frequencies of the oscillatory movement,

respectively, and rand is a random number uniformly distributed in the range [0, 1]. For the present study,

fmin and fqx were set equal to 0.07 and 0.75, respectively.

1

a0+ e (KI—B)a (A8)

my =

Constants ay and a; regulate the balance between exploration and exploitation, while mv models the
sharK’s sensory abilities (hearing and smell), which intensify progressively with each iteration.

Lower values of mv help in localized searches and large values help in more global exploration, thus
achieving a balance and equilibrium between exploration and exploitation. Proper adjustment of mv allows
the algorithm to locate the prey efficiently. In the present study, the coefficients ay and a; were determined
to be 6.250 and 100, respectively, by extensive experimentation.

The first term of Eq. (5) applies when rand < mv, during which the position of the shark is randomly
adjusted near the prey. The second term, derived from the equation of motion with constant acceleration,
applies when rand > mv. This situation represents the shark’s response to sound impulses generated by prey
movement, leading to positional adjustments.

The distance between the shark and the prey is represented by D—W) in Eq. (A9), while S, quantifies the
sensory strength of smell and sight guiding sharks toward the optimal solution in Eq. (A10).

= i
D, = ‘rand X (Webest, — wk)‘ (A9)
Ss = [1x eT0 XK/ (A10)

The parameter a, acts as a control factor to balance exploration and exploitation. In this study, the
optimal value of a, was set to 0.0005 based on extensive evaluation.
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