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Abstract

Retinal diseases are a primary cause of visual impairment, requiring accurate and efficient automated
classification. This study proposes a multi-class classification approach for detecting retinal disease from Optical
Coherence Tomography (OCT) images using the OCT-C8 dataset, which consists of 24,000 images across eight
balanced classes. Pretrained lightweight convolutional neural networks (EfficientNet-B0, ShuffleNetV2, and
RegNetY-400MF) are used as feature extractors to leverage transfer learning while reducing computational cost.
Instead of end-to-end deep learning, extracted features are classified using traditional machine learning models
(KNN, RF, SVM, and MLP), which are more efficient for moderate-sized datasets. To improve robustness, a
weighted ensemble is applied, where classifier contributions are optimized using Particle Swarm Optimization
(PSO). Experimental results show that the proposed method achieves a classification accuracy of 97.35%,
outperforming conventional hard and soft voting methods, while maintaining a balance between computational

efficiency and performance with potential for practical deployment.
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1. Introduction

As the world's population ages, retinal disorders are
becoming increasingly prevalent and remain one of the
leading causes of blindness and visual impairment [1].
Early detection is essential because many retinal
diseases, such as age-related macular degeneration
(AMD), diabetic macular edema (DME), and choroidal
neovascularization (CNV), are progressive and often
asymptomatic in their early stages. Because Optical
Coherence Tomography (OCT) allows for non-invasive
and high-resolution imaging of retinal structures, it has
become a standard diagnostic technique [2], [3].

However, manual interpretation of OCT images
requires significant clinical expertise, is time-
consuming, and is prone to inter-observer variability,
which may lead to inconsistent diagnosis [4]. To
address these limitations, deep learning techniques have
been extensively applied in medical image analysis,
including OCT imaging. By automatically learning

feature representations from image data, deep learning
models can improve classification performance [5].

Recent studies on the Retinal OCT-C8 dataset have
reported high classification accuracy. For example,
Laouarem et al. [6] proposed HTC-Retina, which
combines a Vision Transformer encoder with a
Residual Depthwise-Pointwise ConvNet and achieved
up to 97% accuracy. Similarly, Novely et al. [7]
enhanced several pre-trained convolutional neural
networks (CNNs) by incorporating attention
mechanisms such as CBAM and skip connections,
where DenseNetl21 CBAM-Skip achieved 96.28%
accuracy.

Other studies show a similar trend. Aykat and Senan [§]
evaluated multiple deep architectures, including
DenseNetl121, EfficientNet, and InceptionV3, and
identified DenseNet121 as the best-performing model.
Qi et al. [9] proposed MSLI-Net based on ResNet50
with multi-scale and attention modules, achieving
96.72% accuracy, while Yang et al. [10] introduced
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HyReti-Net, a hybrid model combining ResNet50 and
Vision Transformer through feature fusion. Although
these approaches achieve strong performance on the
OCT-C8 dataset, many rely on large backbone
networks, additional modules, or other architectural
enhancements.

To improve robustness and decision quality,
multimodal and ensemble methods have been explored.
Zedadra et al. [11] developed VisionTrack by
integrating OCT images with clinical data,
demonstrating that multimodal inputs can enhance
prediction  performance. From the ensemble
perspective, Pin et al. [12] proposed a hybrid approach
combining multiple transfer learning models with
classical classifiers, where the final decision is obtained
through weighted soft voting, highlighting the
advantages of combining heterogeneous models.

Nevertheless, two key gaps remain. First, many OCT
classification methods still rely on computationally
intensive  architectures, limiting their practical
deployment in low-resource settings [6], [8]. Second,
although ensemble learning can improve robustness,
most approaches use fixed or heuristic weighting
strategies, which do not fully exploit the strengths of
individual classifiers. While Particle Swarm
Optimization (PSO) has shown effectiveness in
optimizing model parameters and ensemble weights in
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other domains, its application for adaptive weighting in
OCT classification remains limited [13], [14].

To address these challenges, this study proposes an
efficient framework for retinal disease classification
using OCT images. The proposed method utilizes three
lightweight CNN architectures as feature extractors:
EfficientNet-B0, ShuffleNetV2, and RegNetY-400MF.
The features extracted by these CNNs are then used as
inputs to multiple machine learning classifiers,
including K-Nearest Neighbor (KNN), Random Forest
(RF), Support Vector Machine (SVM), and Multi-Layer
Perceptron (MLP). These classifiers are combined
through a weighted ensemble approach, where the
ensemble weights are optimized using PSO to improve
classification accuracy and stability. This approach
aims to achieve a balance between high performance
and low computational complexity while addressing the
identified research gaps.

2. Methods

The research workflow consists of dataset preparation,
preprocessing, transfer learning for feature extraction,
classifier initialization, PSO with ensemble weight
optimization, and performance evaluation. Figure 1
presents a flowchart of the proposed method.
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Figure 1. Proposed PSO-Weighted Ensemble Pipeline for Retinal OCT Classification

The retinal OCT-C8 dataset, which is openly accessible
on Kaggle, was utilized in this study [15]. This dataset
has a total of 24000 images across eight balanced
classes that represent various retinal conditions: AMD
(age-related macular degeneration), CNV (choroidal
neovascularization), CSR (central serous retinopathy),
DME (diabetic macular edema), DR (diabetic
retinopathy), drusen (yellow deposits under the retina),
MH (macular hole), and normal (healthy eyes with no
abnormalities). These images are divided into 18400
training images (2300 per class), 2800 validation
images, and 2800 test images (350 per class). The
training set was utilized for model learning, while the

validation set was used to evaluate performance and
guide the optimization process. The testing set was
solely used to evaluate model performance and was not
used as input during model training and optimization.

The retinal image dataset was preprocessed to improve
quality and consistency. The images were scaled to 224
x 224 pixels. For training set, RandomHorizontalFlip
was used as a lightweight augmentation technique for
better model generalization. All images were
normalized using the ImageNet mean and standard
deviation to match the pretrained CNN backbone [16].
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In the proposed hybrid framework, CNN is an important
feature extractor. CNNs are capable to learn complex
visual patterns that are essential for distinguishing
classes. Feature extraction was performed using three
pre-trained lightweight models: EfficientNet-BO,
ShuffleNetV2, and RegNetY-400MF. These three
models were selected to ensure fairness of the
experiment across computational scales with similar
ranges of parameters and FLOPs.

EfficientNet-BO is a lightweight CNN that uses a
compound scaling technique based on a simple set of
coefficients to uniformly scale the network's depth,
width, and resolution [17]. This strategy allows the
model to reach high performance while maintaining low
computational costs, which makes it ideal for
computationally constrained environments [18], [19].
Despite its small size, EfficientNet-BO maintains its
robust performance and has become one of the most
popular baseline models for feature extractor.

ShuffleNetV2 is a CNN architecture specifically
designed for fast and hardware-friendly computation.
This approach focuses on reducing memory access
costs and unnecessary operations. Its key idea, channel
shuffle, enables effective information mixing between
channel groups with very low computational overhead.
Due to its fast and hardware-friendly design,
ShuffleNetV2 is a suitable backbone for lightweight
feature extraction [20].

RegNetY-400MF is part of the RegNet family, which
was created based on the idea that high-performing
CNNs follow simple and regular patterns. By modeling
these patterns, the authors developed a variety of
efficient architectures that scale smoothly across
different sizes. The “Y” variants, including RegNetY-
400MF, add squeeze-and-excitation (SE) blocks to
improve channel attention. Its combination of compact
design and high performance makes RegNetY-400MF
an effective feature extractor in the proposed
framework [21].

The proposed ensemble method consists of four
different machine learning classifiers: KNN, RF, SVM,
and MLP. In order to maximize its own accuracy on the
extracted features, each classifier was initialized and
trained independently. Then, the trained models are
evaluated on the validation and test sets to determine
baseline performance before being combined into an
ensemble.

Particle Swarm Optimization (PSO) is an optimization
algorithm inspired by the collective behavior observed
in nature, such as bird flocks and fish schools [22]. In
PSO, each particle represents a candidate solution and
iteratively updates its position according to its personal
best solution and the global best solution found by the
swarm. This cooperative search strategy enables PSO to
efficiently balance exploration and exploitation of the
search space [23], [24]. The mathematical process of
updating the velocity and position of each particle
within the PSO is shown in Equations 1 and 2.
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vit! = it + i1y (pbest; — xb) + ¢,y (ghest — x§) (1)

X = x4 of @

In these equations, x{** and v{** denote the position
and velocity of particle i at iteration t + 1, respectively.
The variables pbest; and gbest represent the personal
best position of particle i and the global best position of
the swarm. The r; and r, are random coefficient within
the interval [0, 1]. The parameter w denotes the inertia
weight, which controls the momentum influence of the
previous velocity, while the ¢; and c, are the cognitive
and social acceleration coefficients that determine the
influence of the personal and global best positions on
the particle's movement.

To mitigate the weaknesses of each classifier and
achieve strong generalization, the weighted ensemble
technique was implemented. PSO was used to optimize
the weight vector w = [wy, w,, ..., wy], where N is the
number of base classifiers [14]. Each particle position
represented a candidate weight vector and the fitness of
each particle was evaluated using the ensemble’s
validation accuracy.

At each iteration, the velocity and position of the
particle were updated using the inertia, cognitive, and
social components. The resulting particle position
vector is transformed using the softmax function to
make sure that all weights were positive and summed to
one (Y, w; = 1). The global best particle represented the
optimal combination of classifier weights during the
optimization process.

The final ensemble prediction was calculated using a
weighted soft voting method, where the PSO-optimized
weights are applied to the probability outputs of
individual classifiers [25]. The combined probability
vector for the ensemble (P,sempie) 1S calculated using
Equation 3.

(€))

where P; is the probability vector output by classifier i.
The maximum value of the combined vector is then
used to get the final class prediction y, as shown in
Equation 4.

— N
Pensemble - Zi:lWiPi

y = arg max(Pensembie) 4

The optimized weights from PSO determined the
contribution of each classifier. This method allowed the
ensemble to focus on high-performing classifiers while
reducing the influence of weaker classifiers. The
performance of the final PSO-based ensemble was
evaluated on the test set using evaluation metrics.

Subsequently, the evaluation metrics used to assess the
performance of the proposed framework are presented
and discussed. The overall performance was evaluated
using accuracy, precision, recall, and Fl-score. The
equations for each metric are shown in Equations 5-8
[26].

TP (True Positives): Number of positive instances
correctly classified as positive
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TN (True Negatives): Number of negative instances
correctly classified as negative

FP (False Positive): Number of negative instances
incorrectly classified as positive

Jurnal RESTI Vol. 10 No. 3 (2026)

reported performances correspond to the average and
standard deviation across the five runs.

All experiments were conducted using the Kaggle
computational environment using an NVIDIA Tesla
P100-PCIE GPU with 16 GB of VRAM and 34 GB of

FN (False Negative): Number of positive instances k

incorrectly classified as negative RAM The models were developed using PyTorch 2.9.0
with CUDA 12.6 support.

Accuracy = % (5) 3.1 Transfer Learning Performance

P In this step, the experiment focused on training the CNN

Precision = —— (6) models for image feature extraction. The models were
trained for 5 epochs with 32 batch sizes, using the Adam

Recall = TPT+PFN 7 optimizer with a learning rate of 0.0001.
The results of the backbone performance testing are

F1 — score — 2(Precision:Recall) (8) shown in Table 1. EfficientNet-B0 achieved the highest

(Precision + Recall)

In addition to quantitative metrics, confusion matrices
are also used to provide detailed analysis of
classification results. Confusion matrices summarize
the number of correct and incorrect predictions for each
class by comparing the predicted labels with the actual
labels [27]. This allows for the examination of
classification errors per class. The label order for the
eight classes (0 to 7) across all confusion matrices in
this study is as follows: (0) AMD, (1) CNV, (2) CSR,
(3) DME, (4) DR, (5) drusen, (6) MH, and (7) normal.

3. Results and Discussions

In this section, the evaluation results from each step are
presented and discussed. To ensure the robustness of the
results, each pipeline was repeated five times using
different random seeds (0, 21, 42, 123, and 2024). The

average accuracy with a score of 96.96%, followed by
RegNetY-400MF with 96.72% and ShuffleNetV2 with
96.11%. These scores illustrate that all three lightweight
architectures are capable of providing good
classification results, However, EfficientNet-BO is
slightly more effective at extracting features relevant to
retinal images. These results are considered very good,
even though the models were only trained on relatively
low epochs. This confirms that the pre-trained models
were quite effective in producing high-quality feature
vectors necessary for the next classifier training phase.

Figure 2 illustrates the confusion matrices for the
classification results obtained from the transfer learning
models using the best-performing run of each
backbone. For EfficientNet-B0, the model achieves
perfect recognition for AMD, CSR, DR, and MH,
indicating that these classes contain highly distinctive
visual patterns.

Table 1. CNN Backbones Accuracy Performance Across 5 Runs (%)

Backbone Run 1 Run 2 Run 3 Run 4 Run 5 Average SD
EfficientNet-BO 97.00 97.14 96.96 96.53 97.17 96.96 0.26
ShuffleNetV2 96.29 95.92 96.54 95.86 95.92 96.11 0.30
RegNetY-400MF 96.75 96.89 96.75 96.93 96.29 96.72 0.26

Misclassifications occur in CNV, DME, drusen, and
normal classes, which shows higher interclass similarity
in OCT images. In ShuffleNetV2, a similar pattern is
observed. Although the model maintains strong
performance for AMD, CSR, DR, and MH, increased
confusion is visible in CNV, drusen, and normal,
suggesting that the lightweight architecture may
struggle to fully separate texture variations in certain
disease patterns. Meanwhile, RegNetY-400MF shows
improved class separation, particularly for DME, but
overall class confusion remains, indicating that feature
extraction alone is insufficient to resolve overlapping
patterns among clinically related classes.

The strong performance of all backbone models,
particularly EfficientNet-BO, indicates that the use of
pretrained CNNs provides highly discriminative feature
representations. This demonstrates that transfer
learning is effective for OCT image classification, even
with lightweight architectures.

3.2 Machine Learning Classifier Performance

CNN-generated deep features were used to train and
evaluate four classifiers: KNN, RF, SVM, and MLP. To
ensure fairness and comparability between different
CNN models, this study used a set of general
hyperparameters for all classifiers across all CNN
models, as shown in Table 2.

The performance of four classifiers is evaluated based
on features extracted from three lightweight backbones.
These results are summarized in Table 3. For the
EfficientNet-BO features representation, the highest
average accuracy was achieved by KNN classifier with
97.29%, followed by SVM and RF, while the lowest
accuracy was the MLP with 97.13%. For the
ShuffleNetV2 feature representation, the highest
average accuracy was achieved by SVM with 96.09%,
followed closely by MLP and RF, while the lowest was
KNN classifier with 96.03%. Meanwhile, for the
RegNetY-400MF feature representation, RF achieved

600



Alifet al

the best average accuracy at 96.94%, followed by SVM
and MLP, while the lowest was the KNN classifier with
96.81% accuracy.
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Figure 1. The Best Confusion Matrices Performance of (a) EfficientNet-B0 (Seed 2024), (b) ShuffleNetV2 (Seed 42), and (c) RegNetY-
400MF (Seed 123)

Table 2. Hyperparameters of Different Classifiers

Classifier Hyperparameter
Npei =5
KNN neighbors
metric = 'minkowski’
RF Nestimators = 100
criterion = 'gini’
c=1
SVM kernel = 'rbf’
probability = True
MLP hidden layer sizes = (256,)

max iter = 500

Figure 3 presents the confusion matrices obtained by
combining the best CNN model, EfficientNet-B0's

feature representation, with four classical ML
classifiers at their best performance (all from seed
2024). For all four classifiers, AMD, CSR, DR, and MH
remain perfectly classified. However, noticeable
confusion still occurs among CNV, DME, drusen, and
normal classes. This result shows that while traditional
classifiers can improve class separation, their
performance is still limited by the quality of the
extracted features. The limitation is no longer primarily
in the classifier itself, but in the degree of feature
separability between visually similar classes.

Table 3. CNN Feature Extractor and Individual Classifier Accuracy Performance Across 5 Runs (%)

Backbone Classifier Run 1 Run 2 Run 3 Run 4 Run 5 Average SD
KNN 97.43 97.14 97.32 97.00 97.54 97.29 022

) RF 97.18 97.04 97.18 97.00 97.54 97.19 021
EfficientNet-BO SVM 97.29 97.18 97.29 96.93 97.54 97.25 0.22
MLP 97.00 97.21 97.11 96.93 97.39 97.13 0.18

KNN 96.36 95.89 96.11 95.82 95.96 96.03 021

RF 96.25 96.04 96.11 95.86 96.04 96.06 0.14

ShuffleNetV2 SVM 96.25 95.96 96.18 96.25 95.79 96.09 0.20
MLP 96.32 95.86 96.11 96.11 96.00 96.08 0.17

KNN 96.64 96.93 97.00 96.89 96.61 96.81 0.18

RF 97.11 96.89 97.00 97.11 96.61 96.94 021

RegNetY-400MF SVM 97.00 96.89 97.00 97.00 96.46 96.87 0.23
MLP 96.64 96.61 97.11 97.11 96.61 96.82 0.27
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The results show that all combinations of backbones
and classifiers can provide stable classification
performance on the Retinal OCT-C8 dataset. The
combination of EfficientNet-B0O with KNN provides the
best overall results, achieving the highest accuracy
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while using a lightweight backbone for feature
extraction. These results show that the choice of
combination between the backbone and the classifier
affects the classification results.
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Figure 2. The Best Confusion Matrices using EfficientNet-B0 Features with (a) KNN, (b) RF, (¢) SVM, and (d) MLP Classifier, All from
Seed 2024

3.3 PSO-Weighted Ensemble Performance

The ensemble experiments combined CNN feature
extraction, traditional classifiers, and PSO for optimal
ensemble weighting. PSO was used to determine the
best classifier weights set that maximized validation
accuracy. Standard hyperparameters are utilized to train
PSO, as shown in Table 4 [28], [29].

Table 3. Hyperparameters of PSO

As shown in Table 5, the PSO-based ensemble
consistently achieved high classification accuracy
across all experiments and backbones. EfficientNet-B0O
achieved the highest performance, with an accuracy
range of 97.04% to 97.57%. Similarly, RegNetY-
400MF demonstrated stable performance, achieving
accuracies of 96.75%-97.14%, while ShuffleNetV2
produced lower but still competitive results, ranging
from 96.00% to 96.64%. The relatively small variation

Algorithm Hyperparameter across experiments indicates that the PSO optimization
Mpartictes = 100 process is stable and not highly sensitive to
max iter = 50 e 1o . .
PSO ® = 0.9 initialization. However, choosing a good CNN
€1 Cy =2 backbone still affects the final results.
1,7, = rangel0,1]
Table 4. PSO-weighted Ensemble Accuracy Performance Across 5 Runs (%)
Backbone Run 1 Run 2 Run 3 Run 4 Run 5 Average SD
EfficientNet-B0O 97.43 97.39 97.32 97.04 97.57 97.35 0.20
ShuffleNetV2 96.39 96.00 96.18 96.18 96.64 96.28 0.24
RegNetY-400MF 97.11 97.04 97.14 97.14 96.75 97.04 0.17

To further analyze the optimization behavior, the
convergence of the PSO algorithm from the best
ensemble model is illustrated in Figure 4. In general, the
convergence curves show that all three models reached

a stable solution well before the maximum limit of 50
iterations, as the optimization process was terminated
when there was no improvement in accuracy exceeding
the threshold (0.0001) for 10 consecutive iterations. In
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EfficientNet-B0, accuracy increased around the 1st and
5th iteration before stabilizing until the end. For
ShuffleNetV2, an increase in accuracy was observed at
the beginning, with no further change in the subsequent
iterations. Meanwhile, RegNetY-400MF showed two
noticeable increases in accuracy, one at the beginning
and another around the 7th iteration. This pattern
indicates that PSO mainly searched for the optimal
solution in the early iterations, while subsequent
iterations maintained the best solution already found.

In addition to performance, the distribution of ensemble
weights provides insight into how the PSO algorithm
combines different classifiers. Table 6 presents the
average and standard deviation of each classifier's
weights across the various tests. For EfficientNet-BO,
KNN received the highest average weight (0.42 + 0.32),
followed by SVM (0.28 + 0.17), while RF and MLP
contributed less. Similarly, for ShuffleNetV2, SVM
obtained the highest average weight (0.31 = 0.26),
although the distribution remained relatively balanced
across classifiers. For RegNetY-400MF, RF showed the
highest average contribution (0.39 + 0.45), while MLP
received the lowest weight.
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These results demonstrate a general alignment between
individual classifier performance and the weights
assigned by PSO. For each backbone, the classifier with
the highest accuracy tends to receive the largest average
weight within the ensemble. This result indicates that
PSO is able to identify and prioritize stronger classifiers
during the optimization process.

However, the relatively large standard deviation values
as shown in Table 6 indicate that this relationship is not
entirely deterministic. Rather than consistently
assigning a single best classifier a dominant weight,
PSO explores multiple weight configurations that yield
comparable performance. In some experiments, a single
classifier dominated the ensemble weight, while in
others, the weights were more evenly distributed. This
behavior suggests that PSO not only considers
individual classifier accuracy but also leverages the
strengths between classifiers to improve overall
performance. Furthermore, despite the variability in
weight  allocation, the overall classification
performance remains stable, as shown in Table 5. This
indicates that the ensemble optimization produced
several near-optimal solutions and that PSO reliably
identified them.
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Figure 4. PSO Convergence Curves from the Best PSO-weighted Ensemble Performance for (a) EfficientNet-B0 (Seed 2024), (b)
ShuffleNetV2 (Seed 2024), and (c) RegNetY-400MF (Seed 42)

Table 5. Normalized Ensemble Weights for Different Classifier Across 5 Runs (Average + SD)

Backbone KNN RF SVM MLP
EfficientNet-BO 042+032 0.19+0.16 028+0.17 0.11+0.12
ShuffleNetV2 027+0.19 021+020 031026 022+0.26
RegNetY-400MF 025+0.26 039+045 0.27+£030 0.09+0.06
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Figure 5 illustrates the confusion matrix of the best
PSO-weighted ensemble of each feature representation
combined with multiple ML classifiers. Compared to
the standalone CNN and the individual CNN-ML
classifier combinations, the ensemble demonstrates a
stronger diagonal dominance and a more balanced
distribution of predictions across classes. This
improvement indicates that PSO effectively combines
complementary information from multiple classifiers,
thereby improving robustness.

However, despite this improvement, confusion between
CNV, DME, drusen, and normal classes persists. This
suggests that the limitations are not solely due to

Confusion Matrix — PSO Ensemble
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ensemble performance but also reflect feature overlap
and clinical similarity between the classes. The results
indicate that while ensemble optimization improves
overall stability and separability, it cannot completely
eliminate ambiguity in more detailed medical
classification tasks.

Overall, these results confirm that combining multiple
classifiers can improve the robustness and performance
of the classification system. While these findings
demonstrate that PSO produces reliable results, it is also
important to evaluate the proposed method against
conventional ensemble strategies, as discussed in the
next section.
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Figure 5. The Best Confusion Matrices Performance of PSO-weighted Ensemble using (a) EfficientNet-B0 (Seed 2024), (b) ShuffleNetV2
(Seed 2024), and (c) RegNetY-400MF (Seed 42) Feature Extractor

3.4 Comparison with Other Voting Ensemble Method

To further evaluate the effectiveness of the proposed
method, its performance was compared with
conventional hard and soft voting methods using the
same set of CNN features and ML classifiers. Hard
voting or majority voting rule treats all classifiers as
equally important, as the final class label is determined
by the majority vote of individual classifier predictions
[30]. On the other hand, soft voting combines the class
probability outputs of each classifier using a function
(commonly an average function) and selects the class
with the highest value from the function applied to the
probabilities [31]. Both approaches rely on uniform

weighting and do not adapt to wvariations in each
classifier’s performance.

As shown in Table 7, the proposed method achieved the
highest performance compared to hard and soft voting
across all CNN backbones. For EfficientNet-BO, the
PSO-weighted method achieved 97.35% accuracy,
97.37% precision, and 97.35% recall, outperforming all
backbones and both conventional voting methods.

A similar trend was observed for both ShuffleNetV2
and RegNetY-400MF backbones, with the PSO-based
ensemble yielding the highest average metrics among
the evaluated methods. These results indicate that
assigning optimized weights to classifiers provides an
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advantage over conventional voting methods, which
assume equal or fixed contributions.

To determine whether these improvements are
statistically significant, a paired t-test was conducted
using the F1-scores from the five runs, as the F1-score
provides a more balanced measure. The results from
Table 8 show that the improvement of the PSO-
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weighted ensemble method is statistically significant
for EfficientNet-BO (p < 0.05) and RegNetY-400MF (p
< 0.05 when compared to hard voting). However, no
statistically significant difference was found for
ShuffleNetV2, indicating that the effectiveness of PSO-
based weighting may depend on the underlying
backbone architecture.

Table 6. Performance Comparison of Ensemble Methods Across 5 Runs (Average + SD, in terms of %)

Backbone Method Accuracy Precision Recall Fl-score
Hard Voting 97.25+0.19 97.26 £0.20 97.25+0.19 97.25+0.18
EfficientNet-BO Soft Voting 97.28 £0.21 97.30£0.20 97.28 £0.21 97.28 £0.21
Proposed Method 97.35+0.20 97.37+0.20 97.35+0.20 97.35+0.20
Hard Voting 96.10+£0.16 96.12+0.15 96.10£0.16 96.10£0.16
ShuffleNetV2 Soft Voting 96.04 £0.19 96.07 £0.18 96.04 £0.19 96.04 £0.19
Proposed Method 96.28 +0.24 96.31+0.25 96.28 +0.25 96.28 +0.25
Hard Voting 96.90 +0.14 96.91 £ 0.14 96.90 +0.14 96.90 + 0.14
RegNetY-400MF  Soft Voting 96.87 £ 0.16 96.88 +0.16 96.87 +0.16 96.86 + 0.16
Proposed Method 97.04+0.17 97.05+0.17 97.04 +0.17 97.03 +0.17

Table 7. Statistical Significance (Paired t-Test Results) of the F1-score Between PSO-weighted Ensemble and Conventional Voting Methods

Backbone Proposed Method vs Hard Voting Proposed Method vs Soft Voting
EfficientNet-B0O 0.036 0.005
ShuffleNetV2 0.201 0.117
RegNetY-400MF 0.019 0.079

Figure 6 presents the confusion matrices of the
ensemble model using EfficientNet-BO features with
hard voting and soft voting. Although the differences
between the PSO-weighted and conventional voting
methods are relatively small, the confusion matrices
reveal consistent patterns in class-level performance.
As shown in Figures 5 and 6, the PSO-based method
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shows a more stable separation between clinically
similar features in the CNV, drusen, and normal classes
compared to hard and soft voting. In contrast, the
conventional voting method performs slightly better in
distinguishing the DME class. This suggests that each
approach exhibits different strengths depending on the
type of interclass similarity.
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Figure 6. Confusion Matrices of The Best Ensemble Model using EfficientNet-B0O Features: (a) Hard Voting and (b) Soft Voting, All from
Seed 2024

These observed differences can be explained by the
underlying mechanisms of the ensemble methods. The
superior confusion matrix of the PSO-weighted
ensemble can be attributed to its ability to assign
optimized weights to each classifier based on its
contribution to the overall performance. Unlike
conventional voting methods that treat all classifiers
equally, PSO dynamically emphasizes models that are
more effective for specific feature patterns. This
adaptive weighting allows the ensemble to better
capture differences between visually similar classes.
This results in better class discrimination and a more
balanced confusion matrix.

Overall, this study shows that PSO-based weighted
voting is better at capturing the strengths of individual
classifiers. The proposed method overcomes the
limitations of fixed voting technique by learning
classifier contributions adaptively and provides a more
flexible and effective ensemble mechanism for CNN-
based retinal disease classification.

3.5 Computational Efficiency Analysis

In addition to classification performance, the
computational efficiency of the evaluated CNN
backbones was analyzed to evaluate the practicality of
the proposed method. The efficiency analysis considers

605



Alifet al

the number of model parameters, floating-point
operations per second (FLOPs), model size, and
inference time. These metrics can provide insight into
the computational cost and deployment feasibility of the
models,  specifically  for  resource-constrained
environments.

The measurements were obtained using PyTorch with
an input resolution of 224 x 224 pixels. The number of
parameters and FLOPs were computed directly from the
network architecture. The model size was obtained by
saving the trained model weights and calculating the file
size in megabytes. Lastly, inference time was measured
by averaging the prediction time per image during
forward propagation.

The efficiency evaluation is summarized in Table 9.
Among the evaluated architectures, ShuffleNetV2
requires the lowest computational cost with
approximately 0.30 GFLOPs and 1.78 million
parameters, making it the most lightweight model. In
contrast, RegNetY-400MF has approximately 4.13
million parameters and 0.82 GFLOPs, resulting in
higher computational complexity but achieving better
performance  than  ShuffleNetV2.  Meanwhile,
EfficientNet-BO  offers a  balance  between
computational cost and prediction accuracy, with 3.76
GFLOPs and 0.74 million parameters.

As shown in Table 9, all backbones have fewer than 5
million parameters and fewer than 1 GFLOPs. These
lightweight sizes confirm their suitability for
computationally efficient retinal OCT classification. In
comparison, widely used architectures, such as VGG16
and ResNet-50, require approximately 138 million
parameters with 15 GFLOPs and 25 million parameters
with 4 GFLOPs respectively, significantly higher than
the lightweight CNNs evaluated in this study [32], [33],
[34].

In terms of runtime performance, the average inference
time per image was 7.71 ms for EfficientNet-B0, 5.89
ms for ShuffleNetV2, and 9.49 ms for RegNetY-
400MF. These results indicate that the lightweight CNN
architectures can perform real-time inference efficiently
on GPU hardware. Furthermore, the size analysis shows
that the models require 14.64 MB, 6.97 MB, and 16.01
MB of storage, respectively.

Table 8. Computational Efficiency Comparison of CNN Backbones

Params  FLOPs M9d61 Average
Backbone (M) (G) Size Inference
(MB) Time (ms)
gf)ﬁC‘entNet' 376 0.74 14.64 7.71
ShuffleNetV2 1.78 0.30 6.97 5.89
RegNetY-
400MF 4.13 0.82 16.01 9.49

Overall, the computational efficiency results confirm
that the evaluated lightweight CNN backbones provide
a good balance between classification performance and
computational cost. While EfficientNet-B0 achieves the
highest classification performance, ShuffleNetV2
offers the lowest computational requirements, making
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it a more practical choice for deployment in resource-
limited environments.

3.6 Limitations and Future Work

Despite the strong performance achieved, this study has
several limitations. First, the evaluation was conducted
only on the retinal OCT-C8 dataset, which is balanced
and collected under controlled conditions. Similar to
many previous studies, this limits the ability to assess
generalizability of the proposed method to more
diverse, imbalanced, or real-world datasets. Therefore,
future research should include cross-dataset evaluation
to better understand the model's robustness under
varying data distributions and clinical scenarios.

Second, although this study proposes a lightweight
framework, computational evaluation was conducted
only on GPU-based hardware. In contrast to studies that
utilize computationally intensive architectures or
consider deployment-related constraints [6], [8], this
work does not include hardware-level validation.
Therefore, the actual performance of the proposed
approach in real-world clinical environments remains
uncertain. Future research should investigate
implementation on low-power or edge devices to
validate its applicability in real-world settings.

Third, this study uses only two-dimensional OCT
images. Unlike previous studies that incorporate
multimodal data to improve diagnostic performance
[11], the proposed approach relies solely on single-
modality inputs. This limitation may reduce the model’s
ability to capture more complex or complementary
clinical information. Future research could explore
integrating volumetric OCT data or multimodal inputs
to enhance performance.

Fourth, the PSO-based ensemble weighting is
optimized using validation accuracy as the main
objective. While this approach improves performance,
it may introduce bias toward the validation set and does
not explicitly consider robustness to noise or
uncertainty, unlike some recent methods. Furthermore,
the observed variation in ensemble weights across
experiments suggests that the optimization process may
converge to several near-optimal solutions. Future
studies could investigate multi-objective optimization,
regularization strategies, or alternative fitness functions
to improve ensemble robustness and consistency.

Finally, similar to many deep learning approaches, the
model operates as a black box. Although other studies
have explored explainability techniques, interpretability
is not addressed in this work. Future research should
incorporate explainable Al methods to increase
transparency.

4. Conclusions

This study proposes an efficient framework for multi-
class retinal disease classification from OCT images by
combining lightweight pretrained CNN models with
traditional machine learning classifiers and a PSO-

606



Alifet al

based weighted ensemble strategy. The experimental
results show that the proposed method consistently
achieves high classification performance across
multiple runs. In particular, the PSO-weighted
ensemble using EfficientNet-BO features achieves the
best overall performance, with an accuracy of 97.35%
along with strong precision, recall, and F1-score,
outperforming conventional hard and soft voting
methods. These results indicate that adaptive weighting
through PSO is effective in capturing the strengths of
individual classifiers and improving overall prediction
performance.

In addition to accuracy, the proposed framework
maintains relatively low computational complexity
compared to conventional deep learning approaches,
making it suitable for resource-limited settings.
However, the study is limited to a single dataset and
GPU-based evaluation and does not yet address real-
world deployment or interpretability. Future work will
focus on extending the proposed approach to more
diverse datasets and real-world applications, deploying
it on real clinical or edge devices, integrating
multimodal data, and improving model robustness and
transparency to enhance its practical applicability
further.
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