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Accurate and reliable classification of retinal diseases from optical coherence tomography
(OCT) images is critical for early diagnosis and clinical decision-making. This study
proposes an Optimized Hybrid Deep Learning Framework that integrates DenseNet201-
based feature extraction with a support vector machine (SVM) classifier, enhanced through
Bayesian hyperparameter optimization. To ensure an objective model selection process,
eighteen transfer learning-based convolutional neural network (CNN) backbones are
systematically evaluated and ranked using Duncan’s multiple range test, with DenseNet201
identified as the most effective feature extractor. The proposed framework replaces the
conventional softmax layer with an SVM classifier to improve decision boundary
robustness and classification performance. Experiments conducted on a large-scale OCT
dataset comprising 35,168 images across four classes demonstrate that the optimized
DenseNet201-SVM model achieves superior performance, with an accuracy of 99.69%,
sensitivity of 99.54%, and precision of 99.43%. Additional evaluations on multiple external
datasets further confirm the generalizability of the proposed approach. The results indicate
that combining deep feature representations with classical machine learning classifiers,
along with principled hyperparameter optimization, provides a robust and scalable solution
for automated retinal disease classification.

1. INTRODUCTION

Medical image classification and analysis using deep
learning (DL) for disease detection and diagnosis have been a
huge breakthrough in many aspects of the medical imaging
world. The existing methods for the detection of diseases are
in general characterized by less reliability, greater error
proneness, and generally take a longer time to arrive at any
conclusions. However, with recent developments in the field
of machine learning, a new and better technique to help with
the efficient and effective identification of various diseases is
introduced, with a drastic improvement in accuracy. One such
problem where this improvement has made a huge change is
the early detection of vision loss due to retinal damage.

The retina is a thin, light-sensitive tissue layer present at the
back segment of the eye which, if damaged or affected due to
any other diseases can lead to significant impairment of vision.
Thus, it is important to detect any abnormalities in the retina
at the earliest, to avoid any permanent loss of vision. In this
paper, we study and report the application of computer-
assisted, automated retinal disease detection methods, to detect
diseases such as Choroidal neovascularization (CNV),
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diabetic macular edema (DME), drusen and normal conditions.

AMD majorly affects people above the age of 50 years and
is the leading cause of loss of central vision, as well as the
major cause of irreversible blindness across the world [1]. It is
a disease that affects the central part of the retina and broadly
has two types namely dry AMD and wet AMD. In the dry form
of AMD, Drusen are deposits of lipids and proteins that
promote inflammation, which is seen as a build-up of waste
material between the retinal pigment epithelium (RPE) and the
Bruch’s membrane, resulting in the RPE elevations [2]. Wet-
type AMD shows the presence of CNV which is a condition
where abnormal blood vessels grow from the choroid into the
sub-retinal pigment epithelium (RPE) space through a break in
the Bruch’s membrane [3]. DME is caused by neurovascular
degeneration in people with diabetes and is the leading cause
of vision loss among 20-79 years old people across the world
[4]. Therefore, in all such conditions, an early diagnosis and
treatment is important [5].

Optical coherence tomography (OCT) is an imaging
technique that provides high-resolution, in-vivo, cross-
sectional, tomographic imaging of the retina using the
principle of light coherence. It is a non-invasive biomedical
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imaging technology that has become an essential tool for the
early diagnosis and treatment monitoring of retinal diseases
such as AMD and DME [6]. It is particularly used in the
diagnosis of eye-related issues like AMD, diabetic retinopathy,
glaucoma and others. There have been many works where a
classification between CNV, DME, drusen and normal retinal
conditions have been used, this is a relatively difficult task to
be performed as the images that are used vary from the OCT
systems used to produce them, features of both conditions can
overlap, and the availability of large annotated OCT databases
for training and generalization of deep learning models is
scarce [7].

Transfer learning is a type of deep learning method where
pre-trained neural networks are used. This paper also describes
and leverages on some of the benefits of the transfer learning
approach to improve the time and performance efficiency for
medical image analysis. The use of DL in combination with
transfer learning for retinal disease detection can facilitate
quicker and more accurate medical diagnoses.

While many deep-learning based works train OCT
classifiers, three limitations exist in the literature: (1) few
works train many modern CNN backbones to perform a
broad/statistically-rigorous evaluation in order to objectively
select an ideal feature extractor for OCT,; (2) few works
replace their final softmax-based classifier layer with a
classical classifier (i.e. SVM) and optimize the
hyperparameters of said classical classifier layer to improve
prediction robustness and visualize learned multiclass decision
boundaries; and (3) little work has been done to analyze cross-
dataset generalization, along with lightweight/deployment
feasibilities. Here we aim to fill each of these voids by (i)
testing 18 transfer-learning CNNs and selecting an ideal
backbone using Duncan's multirange test, (ii) replacing
DenseNet201's softmax layer with an SVM classifier and
utilizing Bayesian hyperparameter optimization to optimize
SVM hyperparameters, and (iii) cross-validating said
optimized hybrid model on public OCT datasets.

Automated retinal disease classification using OCT images
as described in this work is a classical machine learning
classification problem. The work that this paper does in terms
of automating the process is an efficient and effective
implementation of a machine learning algorithm to do a four-
way retinal classification for retinal diseases such as CNV,
drusen, DME and normal retinal conditions.

With the increasing usage and deployment of OCT
machines in the medical domain, there are huge improvements
to be seen in automatic detection, treatment and diagnosis of
retinal issues, and computer assisted diagnosis system can play
a huge role in this regard [8-11]. The conventional approach is
to use a lot of image pre-processing and then to perform the
analysis with a shallow neural network which is a very time-
consuming process. Transfer learning approaches have been
used to counter this problem, and an extensive range of CNN
architectures are explored, compared and the most optimal
architecture has been chosen based on a wide range of metrics,
and in this case, DenseNet201 has been implemented.

The main contributions of the proposed approach include:

e A hybrid deep learning framework (DenseNet201 in
combination with SVM) to classify retinal damage and
impairment from OCT images of the eyes.

e Improving the classification performance by removing
the softmax layer from the DenseNet201 architecture
and combining it with an SVM classifier, to achieve an
increased accuracy and precision.

412

e The application of Bayesian optimization for automatic
hyperparameter tuning which has also been used in our
work and is the key to the significant performance
improvement of our hybrid model.

e The best optimized model with the above-mentioned
Densenet201+SVM model achieved state-of-the-art
performance, with 99.6% accuracy, 99.54% sensitivity
and 99.43% precision, and can also be used for the early
diagnosis and treatment planning in case of retinal
disease classification.

The paper is organized as follows: Section 2 gives an
overview of past work related to the paper. Section 3 includes
the description of the new research and databases used.
Section 4 provides a description of the experimental results.
Section 5 briefly discusses the proposed work, and Section 6
provides a conclusion and future work.

2. LITERARY REVIEW
2.1 Traditional machine-learning approaches

The first works to classify OCT imagery relied on
handcrafted features paired with classical classifiers. These
analyses validated the feasibility of OCT image classification,
but required manual design of feature extractors and generally
suffered from limited scalability. Alsaih et al. [8] trained a
linear SVM to perform a binary classification task of healthy
versus DME retinas using manually designed features from
retinal images. Similarly, Hussain et al. [12] trained a random
forest classifier using engineered SD-OCT features to
differentiate between healthy retina scans versus diseased
scans, reporting >94% accuracy and 0.99 Area Under the
Curve (AUC) on select tasks. Another handcrafted feature
descriptor uses semivariograms to perform automated
diagnosis of AMD from SD-OCT topographic maps and pairs
the descriptors with an SVM classifier [13]. These methods are
helpful for data-constrained tasks, but ultimately performance
hinges on handcrafted features and decisions related to
feature-selection.

2.2 Deep-learning and transfer-learning approaches

Following the introduction of deep convolutional neural
networks (CNNs), researchers began to apply techniques from
transfer learning to automate feature extraction, typically
removing the need for engineered features while often
improving accuracy. A large body of work adopted pretrained
CNN backbones (VGG, ResNet, Inception, DenseNet,
MobileNet, etc.) trained on public image benchmarks and fine-
tuned them on OCT datasets, regularly reporting high accuracy
on task (note that some of these works were limited by the use
of small or single datasets and lack consistent validation
procedures). Some early works applying CNNs include Tan et
al. [14] which used a deep CNN for automated AMD detection
and achieved mean testing accuracy between ~91-95%
depending on cross-validation scheme. Two works leveraged
VGG [15-20] and ResNet-based transfer learning [17]. Li et
al. [16] reported 98.6% accuracy using a VGG-16 based
transfer-learning approach. Li et al. [17] used four enhanced
ResNet50 ensembles and reported 97.3% accuracy and AUC
of 0.995. Multi-scale CNNs and fusion networks like DMF-
CNN by Das et al. [18] achieved accuracies of 96.03% and
99.60% on the UCSD and NEH datasets, respectively.



DenseNet and other modern architectures have also been
evaluated by researchers such as Akinniyi et al. [19], who used
a pyramid ensemble of DenseNets (trained from scratch rather
than using transfer-learning) with a DenseNet backbone and
achieved accuracies of 97.78% and 99.69% on UCSD and
another dataset respectively. Using pretrained VGG-19
weights as a transfer-learning method achieved average
accuracies of ~99.17% on publicly available large OCT
datasets by Choudhury et al. [21] and Choudhary et al. [29].
The recent introduction of transformer models and hybrids has
yielded models such as SViT by Hemalakshmi et al. [28],
which proposed a hybrid SqueezeNet-ViT model which
achieved 99.90% accuracy on OCT2017. Despite high
performance in many deep learning works, comparisons
between the use of many backbones on a single dataset in a
controlled evaluation are rare. Cross-dataset evaluation is also
often not performed.

2.3 Hybrid methods and optimization-based methods

Hybrid methods that pair deep feature extractors with
classical machine learning classifiers or performing
hyperparameter optimization have been used to improve the
robustness, interpretability, or efficiency of CNNs. Tuncer et
al. used a hybrid CNN+SVM approach as a detection pipeline
for CNV/DME/drusen achieving overall accuracies of 98.96%
[23]. Subramanian et al. used Bayesian optimization to
perform hyperparameter tuning to improve the performance of
deep networks for automated diagnosis of retinal diseases [27].
Other studies have focused on applying modules or ensembles
specialized for OCT classification tasks and achieving strong
AUC/accuracy on studied datasets [15, 26]. Methods that
perform comparisons and ensembles of deep learning models,
such as MCME and DL-Net by Rasti et al. [15] and Nagamani
and Rayachoti [22] respectively have been shown to reach
accuracies of ~99.6-99.67% on studied datasets. Hybrid
models can provide improvement over individually studied
backbones by smoothing decision boundaries and limiting
certain modes of error. Systematic approaches to ranking
many backbones via statistical testing, then training a targeted
hybrid model (typically deep feature extractor + classical
classifier) with principled hyperparameter tuning is relatively
unexplored in the OCT image classification literature.

2.4 Summary and gap

In summary: classical machine-learning approaches
demonstrated feasibility of OCT classification, but rely on
handcrafted features [8, 12, 13]; transfer learning with deep
CNNs showed significant improvement and are the majority
of recent approaches, but direct comparison of many
backbones on the same task and cross-dataset validation is
limited [14-19, 21, 28, 29]; and hybrid model approaches and
optimization-based hyperparameter tuning show promise to
systematically improve robustness and model decision
boundaries, but have not been applied in a comparative way to
many CNN backbones on OCT datasets followed by statistical
testing on collected results [15, 22, 23, 26, 27]. Together, these
points show there are three specific gaps our work aims to
address: systematic comparison of many CNN backbones on
OCT classification (this work tests 18 models and uses
Duncan’s multirange test to statistically rank them), replacing
the softmax classifier with classical classifiers + optimization
(we test SVM + Bayesian hyperparameter optimization), and

413

testing on multiple public OCT datasets to validate cross-
dataset accuracy and include discussion of time and memory
constraints for deployment.

3. MATERIALS AND METHODOLOGY
3.1 About dataset

For our experiments, we used an open-access dataset of
labeled OCT images that is accessible to the public. The
original dataset consists of 35,168 OCT images that are
divided into four groups: normal, drusen, DME, and CNV. The
distribution of images among these classifications is
unbalanced, nevertheless. In order to ensure the predictive
model's efficacy, the retinal illness classification problem must
be approached with roughly equal data sizes for each class
label. 35,168 images in total were used in this study; 28,264 of
those images were used for training throughout the four classes,
and 6,904 images were used for assessment. Table 1 shows
how the original dataset and Figure 1 shows the Sample of
OCT Images (a) CNV (b)DME (c) DRUSEN (d) Normal.

Table 1. Distribution of OCT images

OCT No. of Images for No. of Images for
Images Training and Validation Testing

CNV 6902 1726
DME 7106 1726
DRUSEN 7132 1726
NORMAL 7124 1726

Subtotal =28,264 Subtotal=6904

Total=35,168

Note: OCT = optical coherence tomography; CNV = Choroidal
neovascularization; DME = diabetic macular edema

Figure 1. Sample of OCT Images (a) CNV (b) DME

(c) DRUSEN (d) Normal
Note: OCT = optical coherence tomography; CNV = Choroidal
neovascularization; DME = diabetic macular edema. [source:
https://www.kaggle.com/datasets/paultimothymooney/kermany2018]

The original 35,168 images were partitioned into a held-out
test set and a training (development) pool. From the original
dataset, 6,904 images (1726 images per class) were reserved
for testing and 28,264 images were used for model
development. We used the 28,264 development images as
follows: For training/fine-tuning CNNs we held out 10% of



the development pool as an internal validation set (this was
created by stratified sampling) to monitor training and prevent
overfitting. We used this internal validation set for tuning
hyperparameters and making early- stopping decisions for the
CNN baseline. For Bayesian optimization of SVM
hyperparameters used with DenseNet201 features, BOmin
evaluated candidate SVM hyperparameters using stratified 5-
fold cross-validation within the development pool (i.e., the
28,264 images were split into five folds repeatedly to estimate
validation error under each hyperparameter configuration).
After selecting the final hyperparameters (using Bayesian
optimization) we trained the final classifier on the entire
development pool (28,264 images) and reported results on the
held-out test set of 6,904 images. All foldings and stratified
splits preserved class balance.

CNN MODELS

] R
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=

3.2 Methodology

Using the public OCT image dataset, a novel Optimized
Hybrid Deep Learning Framework is suggested for the
multiple classification of retinal disorders. By performing an
image pre-processing procedure on the original dataset images,
the input dimension of the suggested model is made consistent.
For this use, the resolution of the input image is 224 %224, To
avoid the over-fitting issue, the OCT image dataset is
subjected to image normalization. The proposed method for
identifying retinal illness on OCT images consists of four main
stages: Preprocessing, Classification, model evaluation via
Statistical Analysis, classification and Optimization. Figure 2
shows the system flow diagram for the newly suggested
innovative Optimized Hybrid Deep Learning Framework for
various retinal disease classifications.

STATISTICAL ANALYSIS
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Figure 2. Optimized hybrid deep learning model for oct image classification

3.2.1 Data pre-processing

The retinal layer, retinal structural edge, and image features
are improved by a number of image processing approaches.
Applying the image enhancement technique reduces
background noise. The OCT images are blurry and have low
contrast because of speckle noise. Blinking and eye
movements are the primary sources of speckle noise during the
capturing of images. Random diffuse scattering, pixel value
distortion, and camera noise from competing ultrasonic pulses
are other perpetrators. In this study, the speckle noise is
decreased via median filtering. A median filter provides
optimal speed performance and high-performance results
during the reduction process. The medium filter determines if
a pixel displays continuity with its neighbors by taking into
account the values of each neighboring pixel. The noise pixel's
value is updated using the medium of the surrounding pixel
value.

3.2.2 Model evaluation
We applied all 18 of our CNN models in the Transfer
Learning paradigm, where the classification layer (softmax)
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remained the same for all models, meaning the only difference
between all 18 backbones was the feature extraction. Since
DenseNet201 outperformed all other models under this
paradigm, we can say that it is the best end-to-end model as
well as the best feature extractor. In order to check that
conclusion in an independent and objective way, we replaced
the softmax classifier with SVM to check the performance of
the features. The DenseNet201, still, outperformed all other
models in this hybrid model-checking as well, which proves
that the former conclusion is true (i.e., Densenet201 is the best
feature extractor). Also, since we used SVM in this stage we
used Bayesian optimization for further improvement in the
classification through parameter tuning of the SVM.
Furthermore, by ranking the mean performance scores, we
objectively and statistically chose the top CNN model, with
less bias to random chance in performance score fluctuations.

3.2.3 DenseNet201 convolutional neural network model
DenseNet201 is a CNN model that can be used for a wide

range of computer vision tasks, including medical image

analysis. DenseNet201 is part of a family of models called



DenseNets, which are known for their parameter efficiency
and feature reuse capabilities. DenseNet201 is a deep model
that consists of 201 layers. It uses a dense connectivity pattern
where each layer receives feature maps from all its preceding
layers as input and passes its feature maps to all the subsequent
layers. This connectivity pattern encourages feature reuse
throughout the network and makes it easier to train very deep
networks by mitigating the vanishing gradient problem. The
deep, dense architecture of DenseNet201 allows it to learn rich,
hierarchical features from the high-resolution input images.
This makes it suitable for processing complex image data such
as OCT scans. The model's parameter-efficient architecture,
resulting from its dense connectivity, means that the network
has fewer parameters than a typical deep CNN of similar depth.
This helps to reduce overfitting, especially when training data
is limited, which is often the case in medical imaging
applications. DenseNet201 is capable of learning a diverse set
of features at multiple scales, from low-level textures to high-
level semantic information. This multi-scale feature learning
can be beneficial for detecting subtle differences in retinal
status, such as CNV, drusen, DME, or a normal retina.
Transfer learning using DenseNet201 and pre-trained weights
on large-scale datasets like ImageNet will result in faster
convergence and better performance on the target task after
fine-tuning. The architectural benefits of DenseNet201 also
help it to generalize better across different datasets, reducing
the risk of overfitting and making it more applicable to real-
world clinical scenarios.

3.2.4 Classification

We use pre-trained DenseNet201 to extract high-level
feature representation from the last layer. This feature
representation preserves the fine details and captures complex
hierarchical patterns, which is important for medical image
analysis. DenseNet201 with 201 densely connected layers has
the ability to learn discriminative features to represent the
variations among the retinal tissues. The feature extracted
from DenseNet201 will be used as an input to the SVM. The
SVM can recognize different types of retinal tissues by
building an optimal decision boundary. By leveraging the
DenseNet201's ability to learn informative and rich feature
representation and SVM's excellent classification performance,
this combined approach offers a robust and efficient solution
for retinal abnormalities detection and vision impairment
assessment.

To help ensure reproducibility, features from DenseNet201
were generated by flattening the output of the final global
pooling layer (right before original classification/softmax
layer) into a 1920 dimensional vector. Input images were
median filtered to remove speckle-noise and subsequently
resized to 224>224 and preprocessed with ImageNet per-
channel mean subtraction and scaling prior to input to
DenseNet201. In the hybrid experiments the DenseNet201
network backbone was kept frozen (used as a fixed feature
extractor) without softmax, and the resulting 1920-D vector
output was provided as input to a multi-class SVM
implemented with one-vs-one coding and an RBF (Gaussian)
kernel. The SVM box constraint (hyperparameter C) and
kernel scale (hyperparameter y) were tuned using Bayesian
optimization; the values provided to the optimizer as the initial
starting configuration were C = 221.4236, kernel scale
108.1465. Validation classification error was used as the
objective to minimize using a Gaussian-process surrogate
function. No additional standardization of inputs was
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performed in the SVM models when using DenseNet features
(standardize false). During Bayesian optimization
evaluations of candidate configurations were performed with
stratified 5-fold cross-validation on the training portion of the
data. The final model reported is provided after evaluation on
the held-out test set. In the baseline CNN experiments,
ImageNet pretrained DenseNet201 weights were used
(softmax present, with weights fine-tuned), batch size of 64,
30 epochs, using the Adam optimizer with learning rate of 1e-4.
Reported metrics were generated using the aforementioned
5-fold cross-validation procedure and hold-out test split of the
data (1,726 images per class) and are averaged across
independent runs.

3.2.5 Bayesian optimization

Bayesian optimization is a promising approach to improve
the classification of retinal diseases. Instead of using
computationally expensive search methods like grid search or
random search, Bayesian optimization intelligently explores
the hyperparameter space of a given model (usually a
probabilistic model such as a Gaussian process) by iteratively
selecting hyperparameter values based on a trade-off between
exploitation and exploration. This allows it to quickly
converge to an optimal hyperparameter configuration with
fewer training iterations. This not only saves valuable
computational resources but can also help prevent overfitting.
When applied to OCT image analysis, for example within deep
learning models, Bayesian optimization can be used to tune the
architecture of the deep model (e.g., the number and types of
layers), as well as learning rate, regularization parameters, and
other hyperparameters. The ability of Bayesian optimization
to handle noisy and black-box functions can help ensure that
the selected hyperparameters generalize well to unseen data,
leading to more accurate and reliable retinal disease
classification.

4. RESULT AND DISCUSSION

The proposed Optimized Hybrid Deep Learning Model was
implemented in MATLAB on a system with a Core i5
processor (2.50 GHz), 16 GB RAM, and an NVIDIA
GTX3050 GPU, ensuring sufficient resources for analyzing
OCT image classifications. A 5-fold cross-validation was
applied for reliable evaluation. The study utilized OCT images
divided into training (80%) and validation (20%), with an
additional 1,726 test images per class covering CNV, DME,
Drusen, and Normal categories. All pre-trained networks are
trained with a batch size of 64, over 30 epochs, using the Adam
optimizer with a learning rate of 0.0001, ensuring stable
convergence. The performance of all pre-trained networks is
illustrated in Table 2 and Table 3.

Table 2 and Table 3 show performance measures of
different CNN models with different classification model.
Each configuration had 30 independent runs to ensure stability.
Table 2 included accuracy, sensitivity, specificity, and
precision. False Positive Rate (FPR), F1 Score, Matthews
correlation coefficient (MCC), and kappa. To get the best
model Duncan Multirange test is carried out. Duncan’s
Multirange Test offers several advantages over ANOVA.
While ANOVA identifies the existence of significant
differences among groups, it does not specify where these
differences lie. Duncan’s Test builds on ANOVA by
performing detailed pairwise comparisons and grouping



models into statistically significant clusters, providing
granular insights into relative performance. It is specifically
designed to control the experiment-wise error rate, reducing
the likelihood of Type I errors, which is particularly critical
when evaluating a large number of models. The test’s ability
to group models into performance categories (e.g., “d,” “m,”
“a”) simplifies interpretation and supports clear decision-
making. Furthermore, Duncan’s Test is more sensitive to
variations within groups compared to other post hoc tests, such
as Tukey’s HSD, making it highly effective in identifying
subtle differences in key performance metrics like MCC,
Kappa, and FPR, which are essential for robust classification
tasks. The statistical analysis by Duncan multirange test reveal
the following points:
e DenseNet201 has the highest performance across
accuracy, sensitivity, specificity, and precision, as

reflected by its group "d."

e ResNet50 and MobileNetV2 are also strong
performers in groups "m" and "i" across all metrics.

e Models like AlexNet and NASNetMobile are at the
lower end in group "a" or "k," indicating significantly
weaker performance compared to higher-grouped
models.

e  DenseNet201 has the lowest FPR, indicating fewer
false positives, and the highest MCC and Kappa,
showing excellent classification balance.

e ResNet50 and MobileNetv2 show strong
performance, but not as strong as DenseNet201 in
these categories.

e VGG16, VGG19, and NASNetMobile perform
poorly across the board, belonging to the lowest
groups.

Table 2. Performance of CNN models in terms of Accuracy, Sensitivity, Specificity, and Precision

Model Accuracy Sensitivity Specificity Precision
Alexnet .730912 .730912 .91030° 778162
Darknet19 745760 .74576P .91525°P .78098°
Darknet53 .759603 © .75960° .91986°¢ .79317¢
Densenet201 .820640 ¢ .82064¢ .94021¢ .841414
Efficientnetb0 .748102 ¢ .74810¢ .91603¢ .78439¢
Googlenet .737891f .73789f .91263f .78408f
Inceptionresnetv2 775946 9 775949 925319 .809309
Inceptionv3 .795138 " .79513" .93171h .81584"
Mobilenetv2 .810312'1 .81031! 93677 .830341
Nasnetlarge 7435301 743531 .91451i .780041
Nasnetmobile 724145k 72414k .90804k 76536
Resnet18 756677 75667 .91889' 79273
Resnet50 .815295™ .81529m .93843m .84208™
Resnet101 .804673" .80467" .93489" .83688"
Shufflenet .784559° .78455° .92818° .81240°
Vgg16 .726052P .72605P .90868P .78059P
Vgg19 .7233874 .72338¢ .90779¢ .76668¢
xception 778312 .77831" .92610" .81263"

** Results are in mean value 30 independent runs

Note: CNN = Convolutional Neural Network.

Table 3. Performance Evaluation of CNN Models in terms of
FPR, F1 Score, MCC and Kappa

F1
Model FPR Score MCC Kappa
Alexnet .089695%  .72064%  .65897%  .30875%
Darknet19 084746  74257° 67596  .32390°
Darknet53 .080132¢  .75664° .69369¢  .36082°¢
Densenet201 .059786¢  .81945¢ .76984¢ 521709
Efficientnetb0 .083965¢  .74438° .67939¢  .33015°¢
Googlenet .087369f .73204f 669707 .30302f
Inceptionresnetv2  .074684%  .773379  .715359  .402529
Incptionv3 .068287"  .79537" .73607"  .45370h
Mobilenetv2 .063229 .810491 756021 494161
Nasnetlarge 0854891 739931 673441  .31795]
Nasnetmobile 091951k 72103k 64971k 27852k
Resnet18 .081107' .75018'  .68958'  .35285!
Resnets0O  .061568™ .g1156m /047t 50745
Resnet101 .065108"  .80427" .75382" .48375"
Shufflenet .071813° .77860°  .72344° .42549°
Vggl6 .091315P  .72230P  .65862P .28024°P
Vgg19 0922049 717669 649289 262361
Xception .073895" 77997 719447 40883

** Results are in mean value 30 independent runs

Note: CNN = Convolutional Neural Network; FPR = False Positive Rate;
MCC = Matthews Correlation Coefficien.

Using Duncan's test grouping, we can compare the
statistical significance of the models based on their
performance metrics. Here are the general patterns:

e DenseNet201 consistently ranks in the highest-
performing groups across all metrics, demonstrating
that it is statistically superior to many other models.

e ResNet50, MobileNetV2, and InceptionV3 also
perform strongly but fall into lower groups than
DenseNet201, indicating statistically significant
differences.

e AlexNet, NASNetMobile, and VGG models
generally perform poorly and are grouped at the
lowest  levels, showing their  significant
underperformance.

Hence, DenseNet201 is the clear top performer across
nearly all metrics.

Hence, to improve the performance, a hybrid model is
introduced, where denset201 is used for feature extraction,
SVM for classification and Bayesian optimizer for tuning the
hyperparameters of the model. The performance of hybrid
model is illustrated in Figure 3 and Table 4. Figure 4 illustrated
Bayesian  optimization process for tuning SVM
hyperparameters for classification of Retinal damage and
vision impairments. The confusion matrix (Figure 3)



illustrates the performance of the hybrid model in classifying
retinal damage and vision impairments, demonstrating its
effectiveness across the four categories: CNV, DME, Drusen,
and Normal. The optimization process for tuning the SVM
hyperparameters using Bayesian optimization is depicted in
Figure 4, providing insights into the steps taken to enhance the
model’s performance. The hybrid framework integrates
DenseNet201 for feature extraction, SVM for classification,
and Bayesian optimization for  fine-tuning the
hyperparameters, as shown in Figure 3 and detailed in Table 4.
This combination ensures improved accuracy and robustness,
with the figures serving as visual aids to better understand the
workflow and results.

True Class

DRUSEN

NORMAL'

DME' 'DRUSEN
Predicted Class

NORMAL'

Figure 3. Confusion matrix of optimized hybrid deep
learning model for classification of retinal damage and vision
impairments

T

Minimum dassification error

Iteration
Figure 4. Bayesian optimization process for tuning SVM
hyperparameters for classification of Retinal damage and
vision impairments
Note: SVM = support vector machine.

The proposed model achieved exceptional performance
with 99.6% accuracy, 99.43% precision, 99.54% sensitivity,
0.012 false positive rate, 98.89% MCC, 98.78% kappa
coefficient, and an F1 score of 0.99. These metrics, computed
from the confusion matrix and supported by ROC-AUC
analysis, confirm the robustness of the framework in
differentiating retinal diseases. Overall, the integration of
DenseNet201 for deep feature extraction with SVM
classification  demonstrates  strong  reliability  and
generalizability, highlighting its potential for clinical
application in retinal disease diagnosis.

Table 4 shows the Performance of Optimized Hybrid Deep
Learning model of each class in terms of TPR, FNR, PPV and
FDR.

Table 4. Performance of optimized hybrid deep learning
model of each class in terms of TPR, FNR, PPV and FDR

CNV DME DRUSEN NORMAL
TPR 99.5% 99.4% 99.7% 99.8%
FNR 0.5% 0.6% 0.3% 0.2%
PPV 100% 99.8% 99.2% 99.3%
FDR 0% 0.2% 0.8% 0.7%

Note: CNV = Choroidal neovascularization; DME = Diabetic Macular
Edema; TPR = True Positive Rate; FNR = False Negative Rate; PPV =
Positive Predictive Value; FDR = False Discovery Rate.

In this experiment, we employ the proposed Bayesian
optimization in order to further improve the classification error
in the retinal disease detection problem. For this, we apply the
SVM algorithm in a transfer learning framework, as a
replacement to the softmax layer in our network. The reason
behind this modification is two-fold: better robustness and
multiclassification abilities of SVM with the one-vs-one
algorithmic technique. As for the hyperparameters of SVM
box constraint and kernel scale, we set their initial values to be
221.4236 and 108.1465, respectively, and then further
optimize them with the Bayesian optimization approach
equipped with a Gaussian kernel. With this, we could expect
better decision boundaries for the improved retinal disease
classification model. The initial error is 0.42, and after two
iterations, it was reduced to 0.14, with further decrease to
0.13986 after a total of 28 iterations, as is illustrated in Figure
4. To validate our approach, we used a 10% test set, with 5-
fold cross validation to ensure reliability of our results. The
SVM classifier was used in tandem with the set of features
from DenseNet-201 in a transfer learning framework. Table 5
presents the results, with the proposed method outperforming
the other, in terms of decreasing the error and increasing the
accuracy of retinal disease classification, which is also
illustrated in Figure 4.

Table 5. The outcomes and specifics of the suggested and current approaches

Reference Approach Accuracy (%)  Sensitivity (%) Specificity (%)

Tuncer et al., 2021 [23] CNN-SVM 98.96 97.90 97.43

Upadhyay et al., 2022 [24] CNN 97.16 96.30 98.50
Ara et al., 2022 [25] CNN 99.00 - -

Sotoudeh-Paima et al., 2022 [26] FPN-VGG16 94.50 94.82 97.23
Subramanian et al., 2022 [27] DenseNet201 93.01 - -

Choudhury et al., 2023 [29] Vgg19 99.17 99.00 99.5

Zhang., 2025 [22] Multi-modal Interactive Projection Module 86.90 72.50 n/a
Proposed framework DenseNet201 with SVM and Bayesian optimizer 99.69 99.54 99.09

Note: CNN = Convolutional Neural Network; SVM = support vector machine; FPN = Feature Pyramid Nrtwork; DL = deep learning.
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The method achieves high accuracy and sensitivity,
minimizing false negatives and ensuring reliability in clinical
diagnostics. Its lightweight design and efficient computational
requirements make it scalable and suitable for deployment in
resource-constrained clinical settings. Furthermore, the use of
SVM for classification provides clearer decision boundaries,
enhancing result interpretability and aiding clinicians in
making informed decisions.

Regarding the performance improvement, while the
numerical difference may appear marginal, even small gains
in accuracy, sensitivity, and specificity are crucial in medical
image analysis, where high precision is required for clinical
decision-making. The proposed hybrid approach achieves an
impressive accuracy of 99.69%, sensitivity of 99.54%, and
precision of 99.43%, ensuring a statistically reliable
enhancement over previous methods. By systematically
integrating feature extraction, classification, and optimization,
our approach reduces the risk of overfitting and improves
model robustness.

While the proposed Optimized Hybrid Deep Learning
Framework demonstrates high classification performance,
certain limitations must be acknowledged to provide a
balanced evaluation. Although the study initially relied on a
single publicly available dataset, the model has also been
evaluated on three additional publicly available datasets:
"OCTDL: Retinal OCT Images Dataset" [30], "OCTID:
OCTImage Database" [31], and "Retinal OCT Image
Classification - C8" [32]. This broader validation enhances the
model's generalizability to diverse populations and imaging
conditions, illustrated in Table 6.

Table 6. Performance of proposed model on different

datasets

Dataset Labels Performance
AMD, DME, Accuracy 95.73%,
OCTDL [30] ERM, NO, RAO, Sensitivity 95.4%,
RVO, VID specificity 95.71%
Accuracy 99.89%,
OCTID [31] AM&SS,\'T(')DR’ Sensitivity 99.44%,
' Specificity 99.58%
Retinal OCT AMD, CNV, CSR, Accuracy 89.59%,
Image DME, DR, Sensitivity 84.46%
Classification - C8 DRUSEN, MH, S ecificity 87. 580/0]
[32] NORMAL P yelogh

Note: OCTDL= Optical Coherence Tomography Dataset for Image-Based
Deep Learning Methods; OCTID= Optical coherence tomography image
database.

One potential criticism of our 99.69% accuracy is that it is
high. There are several reasons we were able to achieve such
high performance: (a) we trained on a large amount of labeled
data (35168 images) and used sufficiently large balanced test
splits (1726 images/class) to reduce sampling variance, (b) we
objectively selected the backbone through both evaluation of
18 pretrained CNNs and Duncan’s multirange test prior to
hybridization in order to determine DenseNet201 was the best
performing feature extractor, (c) we used DenseNet201 final
global-pooled features (1920-D) and paired it with an RBF
SVM while also using Bayesian optimization to search over
box-constraint and kernel-scale to improve decision
boundaries, and (d) we used stratified 5-fold CV during
hyperparameter search in addition to keeping a fully held-out
test set (6904 images) that was used for final evaluation only.
Finally, to help ensure generalizability and alleviate concerns
over overfitting we (i) tested the optimized hybrid on three
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other public OCT datasets (OCTDL, OCTID, and C8) and
report these dataset-wise results in Table 6, (ii) report the
confusion matrix and show per-class TPR/PPV (Table 4 /
Figure 3) to ensure performance is balanced across all classes,
and (iii) report a number of metrics in addition to accuracy
(sensitivity, precision, F1, FPR, MCC, Kappa) to show high
accuracy is supported by other metrics.

We evaluated our final DenseNet201+SVM model on three
external OCT datasets using two testing protocols: (1) directly
transfer -- use the model trained on OCT2017 as is to establish
zero shot generalization and (2) domain adapted -- fine-tune
just the SVM on each dataset's development split (DenseNet
weights frozen) using the same Bayesian hyperparameter
tuning procedure as above. The direct transfer results indicate
out-of-domain generalization; domain adapted results (in
Table 6) indicate what can be gained with minimal training
effort. Keep in mind that these results should be interpreted
carefully as the datasets vary in image acquisition properties,
labels used, and split protocols; strong results on the domain
adapted splits suggest the DenseNet features learned are
generalizable to other datasets, while poor direct transfer
results suggest there is further work needed to align domains
before model deployment.

A key limitation of this work is that clinical deployment
considerations were not addressed. We did not evaluate
inference latency or the hardware and compute constraints
typical of real-world settings, nor did we assess integration
with PACS/workflows or the regulatory pathways required for
clinical validation. Clinician acceptance remains untested,
particularly with respect to explainability and prospective
clinical testing. In addition, interpretability analyses and
expert review were limited: future work should include
systematic clinician evaluation of attribution maps and
lesion-level validation to verify that model attention aligns
with clinically relevant findings before any clinical
deployment.

5. CONCLUSION

The objective of this research was to optimize a hybrid deep
learning architecture to yield a refined classification of retinal
disease from OCT images. The proposed model demonstrated
a highly efficient and optimized approach by merging the
DenseNet201 architecture and SVM classifier for disease
classification. The use of Bayesian optimization for
hyperparameter tuning resulted in a significant improvement
in model performance, with an accuracy of 99.69%, sensitivity
of 99.54%, and F1 score of 0.991. The optimization process
itself contributed significantly to the enhancement of the
model’s ability to predict retinal diseases such as Drusen,
DME, and CNV correctly. This simplified approach has the
potential to provide a valid and reliable diagnostic tool that can
be employed to aid in the early detection of retinal disorders
and, in general, improve patient outcomes and speed up
treatment decisions.

However, there are certain limitations of the current study
that must be addressed. First, the proposed model was built on
a single dataset, which limited its generalization power. The
model’s performance on more diverse datasets must be
assessed and verified to evaluate its robustness and reliability
in different populations and imaging conditions. Second,
although the model exhibited excellent performance on the test
metrics, it may face computational efficiency and hardware



constraints when applied in real-world clinical settings. The
scalability of the model must be assessed, and any
performance bottlenecks must be eliminated to make it
practically usable in clinical environments. Third, the model
could be further improved in terms of inference speed.
Obtaining prediction times that are less than real-time while
maintaining accuracy is critical for using the model in clinical
decision support systems and real-time applications. In the
future, the dataset can be expanded to cover more types of
retinal diseases and explore the fusion of multimodal data
sources to further improve diagnostic accuracy. The use of
explainable Al (XAI) methods may also help understand how
the model made its predictions, providing transparency and
trust in its output. Finally, the hybrid deep learning model
could be extended to other medical imaging modalities besides
retinal disease diagnosis, which could open up further
applications in multiple diagnostic areas.
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