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Abstract Artificial intelligence (Al) is an emerging technology that plays a vital role in various fields,
including the medical field. Ophthalmology is the earliest field to adopt Al for diagnosing several retinal
diseases. Many imaging techniques are available, but Optical Coherence Tomography (OCT) is particularly
useful for early-stage diagnosis. OCT is a non-invasive imaging method that offers high-resolution
visualization of the retinal structure, aiding the ophthalmologist in differentiating between normal and
abnormal retina. Automated OCT-based retinal disease classification using deep learning (DL) is important
for early disease detection. Most DL models achieved high performance, but the influence of the optimizer
on model behaviour, convergence, and explainability remains a challenge. To bridge the gap, this study
evaluates the performance and convergence of five optimizers, such as RMSprop, AdamW, Adam, Nadam,
and SGD, on the NasNetMobile model. The model was trained on the OCT-8 dataset, which comprises seven
diseased retinal classes and one normal class of Optical Coherence Tomography (OCT) images. The seven
diseases are Age-related Macular Degeneration (AMD), choroidal neovascularization (CNV), Central Serous
retinopathy (CSR), diabetic macular edema (DME), diabetic retinopathy (DR), DRUSEN, and Macular Hole
(MH). The study also analyzes convergence behaviour and explainability through early stopping
regularization technique and GradCAM XAl, respectively. The model achieved 71%, 93%, 96%, 97%, and
97% of accuracy, respectively. Compared with other optimizers, the SGD optimizer achieved high accuracy
in 22 epochs, which indicates better generalization. GradCAM XAl highlights the disease-relevant region
across different retinal diseases. This framework emphasizes the significance of selecting an appropriate
optimizer for robust retinal disease classification using a DL model trained on OCT images.

Keywords Retinal diseases; NasNetMobile model; Deep learning; SGD optimizer; Nadam optimizer; AdamW
optimizer; GradCAM XAl;

|. Introduction

Optical Coherence Tomography (OCT) is an important
imaging modality for the early detection of retinal
diseases. This provides a cross-sectional image of the
retinal layers and clearly enables the structural
abnormalities in the retinal and macular regions.

have achieved better performance [4]. Many Machine
learning (ML) and Deep Learning (DL) models have
been proposed to enhance OCT-based retinal disease
classification. Kermany et al. [5] adapted the inception
V3 model for four-class classification of retinal disease
using the Adam optimizer and obtained 93.4%

Retinal diseases can cause irreversible vision loss if
not detected early. Due to high screen time, stress,
age, lack of exercise, etc., which increase the
prevalence of retinal diseases and also require rapid,
accurate, and reproducible evaluation [1-3]. For these
reasons, automated detection of retinal disease from
OCT images has increased attention among
researchers. The Convolutional Neural Network (CNN)
models, such as ResNet, DenseNet, AlexNet,
Inception, and ftransformer models, as well as
lightweight models like MobileNet and NasNetMobile,
have been used for retinal disease classification and

accuracy. Nithya et al.[6] developed a five-layer CNN
model with SGD optimizer and achieved 97% test
accuracy. Madhumithaa et al.[7] trained the AlexNet
model with the SGD optimizer, achieving 97%
accuracy, whereas they also trained two other models,
such as InceptionV3 and ResNet50, with the Adam
optimizer, achieving 95% and 79.4% accuracy,
respectively. Chen et al.[8], Kaur et al.[9] and Imram et
al.[10], compared the SGD optimizer and Adam
optimizer with different model combinations, such as
Retina CNN, DenseNet121, and MobileNetV3,
respectively. Hassan et al.[11] proposed enhanced DL
model (modified ResNet50 + random forest) with dual
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Table 1. Summary of the existing work, highlighting Optimizer choice and reported accuracies

Author Dataset Model Optimizer Accuray
Ma et al.[30] 3-class & 86.18% &
(2022) 4-class HCT-Net 91.56%
Malliga et al.[21] 8-class VGG19 97%
(2022)
Dutta et al.[31] . Adam :
(2023) 4-class Conv-ViT 94%
Rabbi et al.[32] ) o
(2023) 4-class CNN + CBAM 96%
Wan?zgtzgi.[?)s] Private ViT 95%
Laouarem et al. [34] 4-class,3-class, HTC-retina AdamW 99%, 97% and
(2024) 8-class 99%
Novely et al.[35] ) DenseNet + o
(2024) 8-class CBAM 96.28%
Khalil et al.[36] 4-class & 5- Inception + o o
(2024) class dual attention SGD 99.5% & 99.6%
. EfficientNetB7
Alenezi et al.[37] 4-class + attention 98.7%
(2024)
module
: Modified
Shahz("‘z%'z‘j)a"[?’sl 4-class VGG19 & 97% & 99%
OCTNet Adam
Jannat et al.[39] : : o
(2025) 2-class OCT-SelfNet 98%
Pan et al.[40] MobileViT + o
(2025) 4-class CBAM AdamW 99.8%
SGD and Adam optimizer for retinal disease on final performance, without analyzing convergence

classification, and achieved 95% accuracy. Stanojevic
et al. have trained four models, such as AlexNet, VGG,
Inception, and residual network, with the RMSprop
optimizer and the Adam optimizer. The Inception model
with the RMSprop optimizer obtained 95%
classification accuracy. The summary of the existing
literature with its optimizers is given in Table 1. Even
though advancements in CNN architectures have been
made, the function of the optimizer during training has
not yet been thoroughly examined for multiclass
datasets. Moreover, choosing an optimizer for CNN
models is highly sensitive, especially for models trained
on medical images, due to noisy gradients, small
datasets, and class imbalance. However, this study
utilizes the OCT-8 dataset, which is balanced, allowing
us to analyze the optimizer's behaviour specifically.
The role of the optimizer is not only to control the model
weight update during backpropagation, but also to have
an influence on stability, convergence speed,
sensitivity to overfitting, and generalization. Most prior
OCT retinal disease classification studies used
traditional optimizers such as Stochastic Gradient
Descent (SGD) or Adam, and achieved high
classification accuracy. These studies focused solely

behaviour, generalization characteristics, or
computational efficiency across various optimizers.
Especially, researchers believed that faster
convergence must have better generalization, but it's
still not fully investigated in medical imaging
applications. Additionally, the impact of optimizer
selection on model interpretability, particularly in
highlighting the disease-relevant area through
gradient-based visualization methods, remains
unexplored. Therefore, there is a lack of systematic
comparative analysis to evaluate optimizers across
training stability, convergence speed, generalization
performance, and explainability, particularly in the field
of OCT retinal disease classification.

To bridge this gap, the study compares the five
commonly used optimizers, like RMSprop, SGD,
Adam, Nadam, and AdamW, for the NasNetMobile
model for eight-class retinal disease classification from
OCT images. We evaluated the optimizer performance
in terms of validation stability, computation capability,
convergence behaviour, generalization, and class-wise
performance. The study also examined interpretability
variation using GradCAM, an explainable artificial
intelligence (XAl) method, to understand how the
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Fig. 1. Proposed framework for automated retinal disease classification with its optimizer behaviour.

optimizer guides the model, focusing on disease-

relevant areas. The NasNetMobile model was trained

individually for each optimizer and its training stability
was assessed using performance metrics. The key
contribution of this study is as follows.

1. The proposed work presents the systematic
comparison of five optimizers for the classification
of retinal diseases from OCT images. To the best
of our knowledge, no prior work has been
reported.

2. The study utilized the NasNetMobile model
because it can capture deeper and higher-level
features from the images and also maintains low
computational complexity.

3. The performance of the optimizers was evaluated
using standard performance metrics, Cohen’s
kappa. Learning stability and convergence
behaviour were analyzed through the early
stopping regularization technique.

4. Model interpretability was examined using
GradCAM XAl, which highlights the model's
decision-making focus region.

Il. Methods

A detailed proposed framework for OCT-based retinal
disease classification using different optimization
algorithms is shown in Fig. 1. The proposed
methodology consists of five modules. First, seven
retinal disease and normal retinal OCT images were
collected; then the images were preprocessed, and
augmentation techniques were employed. The

Table 2. Image distribution in the OCT-8 Dataset

Class Train Validation Test
AMD 2,300 350 350
CNV 2,300 350 350
CSR 2,300 350 350
DME 2,300 350 350
DR 2,300 350 350
DRUSEN 2,300 350 350
MH 2,300 350 350
NORMAL 2,300 350 350

preprocessed images were fed into the NasNetMobile
model for training. In this stage, we selected and
evaluated five optimizers, such as SGD, RMSprop,
Adam, Nadam, and AdamW functions. Finally, the
performance metrics of five models were examined,
and GradCAM XAl was used for interpretability.

A. Dataset

The brief explanation of the retinal diseases is as
follows. Age-related macular degeneration (AMD)
affects people above 50 age [12], [13]. It has two
stages: DRUSEN (the initial stage) contains yellow
deposits under the retina [14], the next stage, choroidal
neovascularization (CNV), characterized by abnormal
blood vessel growth beneath the retina [15], [16]. A
person with diabetes is affected by two retinal
diseases, such as diabetic retinopathy (DR) [17] and
diabetic macular edema (DME) [18], [19], which cause
damage to blood vessels and fluid accumulation due to
elevated glucose levels. Central Serous retinopathy
(CSR), accumulates subretinal fluid [20], whereas a
macular hole (MH) affects the macular region. The
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OCT-8 dataset [21] consists of these seven retinal
diseases and normal OCT retinal images. This dataset
consists of 24,000 images, of which 18,400 are for
training, and 2,800 each for validation and testing. The
distribution of images per class is shown in Table 2

B. Data Preprocessing and Augmentation

The OCT images were resized into 224 x 224 pixels,
and they were normalized to range between 0 and 1
using Eq. (1) [22]. In addition, the study utilized
“KerasDatalmageGenerator’, which generates real-
time augmented images during model training and
enhances the generalizability [23]. The augmentations,
such as rotation (+10°), zoom (0.1), horizontal flip
(True), height shift (0.1), and width shifts (0.1), were
chosen for this study.
I X—Xmin

X = Xmax— Xmin (1)
where X represents the normalized image, X denotes
the original intensity of the image, Xmin refers to the
minimum pixel value in the image (0), and Xmax
indicates the maximum pixel value in the image (255).

A. NasNetMobile Architecture
Neural architecture search Network (NASNet) is a

The study selected the NasNetMobile model
because it offers several advantages over other
lightweight models, such as MobileNet and
EfficientNet. First, its neural architecture search nature
extracts cell structures, generating repeatable building
blocks that respond differently under various
optimization techniques compared with manually
designed models. Next, with 4.2M trainable
parameters, the model achieved an optimal trade-off
between performance and computational efficiency,
which makes it suitable for analyzing various
optimization behaviours. Next, its skip pathway and
deeper connection produce a more complex loss
landscape, which acts as an ideal framework for
assessing how various optimizers direct gradient
updates. Finally, it integrates medical image
classification into its architecture, enabling us to
analyze the interaction between the optimizer and the
DL model, particularly for retinal disease classification
from OCT images.

B. Optimizer Selection

Most retinal diseases show structural similarities on
OCT images. The selection of the optimizer plays a
vital role because it helps the model to learn these fine

Table 3. Summarize the selected Optimizers, their mechanism, and the motivation to include in this study

Optimizer

Key Mechanism

Motivation for use

SGD
(Non-Adaptive)

Uniform updates, fixed LR with
momentum for gradient smoothing.

Strong generalization, stable
convergence.

RMSprop : : Faster convergence for noisy
(Adaptive) Grading based LR scaling gradient
Adam Combine momentum and adaptive Widelv used
(Adam+ Momentum) rates with bias correction y
Nadam Look-ahead for accelerated ;
(Adaptive+ Nesterov Complex gradient
convergence
momentum)
AdamW

(Adaptive+ Regularization)

Decoupled weight decay

Improved regularization

lightweight CNN that has the ability to capture
hierarchical and complex features from OCT retinal
images. The architecture is built from two basic
components: the normal cell and the reduction cell.
First, the model contains a stem convolution and is then
stacked with multiple cell blocks. These layers
systematically extract disease-relevant structural
changes, such as neovascular membranes, drusen
deposits, fluid pockets, edge patterns, and retinal layer
textures. Then, the model contains depthwise
separable convolution, which helps to maintain low
computational complexity. Finally, the extracted
features are passed to the global pooling layer (GAP)
and then to the fully connected and softmax layer,
which predicts the retinal disease.

features efficiently. In this study, five optimization
algorithms were employed to evaluate their effects on
NasNetMobile performance for OCT-based retinal
disease classification, and the rationale for selecting
these optimizers is provided in Table 3. Each and every
optimizer updates the model parameters by reducing
the categorical cross-entropy loss as shown in Eq. (2)
[24].

L==3Y"_ylog®) 2)
where L represents cross entropy loss, i denotes class
index, j specify number of classes, y; indicates the
ground truth label and jJ; represent predicted
probability.

1. Stochastic Gradient Descent (SGD)
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SGD utilized the current mini-batch gradient for
calculating gradients, as shown in Eq. (3) [25], [26] and
Eq. (4) [25], [26],
Verr = UVt age 3)
Orr1 = 0 — Veiq (4)
where vi+1 denotes updated velocity, p signifies the
momentum factor, v: refers to the velocity, a indicates
the learning rate, gt denotes the gradient, 6t+1is a new
weight value, and 6: represents the model weight at
time step t. It provides stable generalization for OCT
images by avoiding excessive parameter adaptation
and reducing overfitting to fine details.
2. RMSprop
RMSprop used a running average of squared gradients
for normalizing the gradient as Eq. (5) [27] and Eq. (6)
[27]. In OCT images, the gradients varied across retinal
layers due to differences in structure.

Ve =P+ (1— ﬂ)gtz ()
01 =0, —« 5:4_5 (6)

where vt describes the updated second moment
estimate, B is a decay rate, vi.1 denotes the prior second
moment estimate, gt? signifies the square of the
gradient, 6w1 shows the updated model weight, 6t
represent present model weight, a indicates the
learning rate, gtis the gradient, and ¢ is a constant term
added to prevent division by zero. It allows different
convergence rates across model layers by adapting the
learning rate for each parameter based on the recent
gradient magnitude. This factor is particularly
significant for OCT images because the retinal layers
exhibit complex features and contrast variations.

3. Adam

Adam incorporates momentum with an adaptive per-
parameter learning rate and simultaneously tracks the
first and second moments of the gradients, and is
widely used in medical imaging, especially in retinal
disease classification from OCT images. It can handle
the high variability in lesion patterns and retinal texture,
and also converges quickly. Parameter updates are
computed by Eq. (7) [24], Eq. (8) [24], and Eq. (9)
[24],

me = pme_ + (1 - B1)ge (7)
v = Boveos + (1= B g (8)
01 =0 —« 5;5 9)

where m: represent first moment estimate,  denotes
the decay rate, me1 is the previous first moment
estimate, B+ and B2 describe the exponential decay
rates, vt refers to the second moment estimate, vt1
indicates the previous second moment estimate, g¢
denotes the square of the gradient, 61 is a new weight
vector, Btindicates current model weight, a is a learning
rate, € represents constant which prevent divison by
zero and gt denotes the gradient.

4. Nesterov-accelerated Adam (Nadam)

Nadam combines Nesterov momentum with Adam,
providing a look-ahead mechanism that can accelerate
convergence of gradient dynamics. This mechanism
potentially helps the optimizer better direct gradient
directions towards the ideal solution, especially in OCT
retinal images with different pathological features. This
is the first study to utilize Nadam optimizer for retinal
disease classification from OCT images. Parameter
updates are calculated by Eq. (10) [28],

Ouss = 0 — (e + S L22) (10)
where 6w+1 indicates adjusted weight values, 6t is the
present weight network weight, a denotes the learning
rate, 31 and B2 demonstrate the exponential decay
rates, mtdenotes the first moment estimate, vt signifies
the velocity, and ¢ represents a small constant to avoid
division by zero.

5. AdamW

AdamW splits weight decay from gradient updates as
shown in Eq. (11) [29], unlike Adam, where weight
decay interacts with the gradient updates. This feature
offers effective regularization and prevents overfitting.

Table 4. Hyperparameter setting used in this
work

Components Specification
Input size 224 x 224
Stride 2
Kernal size 3x3
Activation function RelLu, softmax
Batch size 16
Number of epochs 100
Early stopping patience 10
Bpa1 = e;@%”et) (11)

where 61 is the updated network weight value, ©
describes the current model weight, a represents the
learning rate, m¢ is the first moment estimate, w
indicates the second moment estimate, € is a constant,
and A denotes the weight decay coefficient.

C. Impact of OCT Image Characteristics on

Optimizer Behaviour

Many natural OCT imaging properties lead to unique
challenges for optimization algorithms. The main
challenge is speckle noise, which arises from coherent
light interference during OCT image acquisition. This
noise produces random intensity fluctuations that
generate noisy gradients during backpropagation,
particularly in the initial convolutional layers, where the
model learns low-level features. The next challenge is
the structural similarities among retinal diseases, which
exhibit small intensity variations. These features
produce complex training dynamics that different
optimizers can direct differently. Next, the retina is a
layered structure that produces different contrast levels
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Table 5. Performance Metrics for the NasNetMobile model on the OCT-8 dataset for five optimizers.

Obtimizer Accuracy Precision Recall F1 Score Macro F1 Kacoge:aTue Epoch to
P (%) (%) (%) (%) (%) pFZ% ) convergence
AMSorop  7050% 7550 7050  7050%  68.00% 66.000 * »
ProP 212 3.54 2.12 2.12 1.41 1.414
Agamyy  8900% 9050+  89.00%  89.00% O 00% 87090 2
5.66 4.95 5.66 5.66 ’ ’
Adam 96.00+ 96.00 £ 96.00 £ 96.00 £ 96.00 £ 96.000 £ 38
0.00 0.00 0.00 0.00 0.00 1.414
Nadam 97.00 £ 97.00 £ 97.00 £ 97.00 £ 97.00 £ 95.500 £ 52
0.00 0.00 0.00 0.00 0.00 0.707
sSGD 97.00 £ 97.00 £ 97.00 £ 97.00 £ 97.00 £ 97.00+ 22
0.00 0.00 0.00 0.00 0.00 0.00
across anatomical areas, which can benefit from Recall = —F (14)
various learning rate adaptations across model e ecision xRecall
parameters. These properties have precise F1 Score = 2 X o recar (19

significance for optimization performance. SGD with
consistent learning rates offers gradient smoothing,
potentially decreasing the influence of noisy gradients
from speckle noise. On the other hand, the adaptive
optimizer utilizes per-parameter learning rates that
adapt to varying contrast levels but it risks over-
adaptation to noisy gradients due to aggressive
parameter updates. The RMSprop optimizer's learning
rate handles the non-stationarity of gradients from
different pathological features. The capabilities of each
optimizer algorithm in relation to OCT-specific
challenges provide an empirical foundation for this
comparative study.

D. Evaluation Metrics and XAl

To assess the performance of the NasNetMobile model
with various optimizers, this study employed many
commonly used performance metrics from Eq.12 [34],
Eq.13 [34], Eq.14 [34], and Eq.15 [34], respectively. In
addition to this, early stopping and convergence
analyses, and the Cohen's kappa value were
computed. Cohen’s kappa was utilized to evaluate the
agreement between the actual and predicted classes.
Although the OCT-8 dataset used in this study
maintains a balanced class distribution, kappa remains
valuable for OCT retinal image classification because
some retinal diseases share similar structural features,
leading to uncertain predictions. These metrics not only
differentiate true model learning from chance-level
prediction, particularly for structurally similar retinal
diseases, but also provide confidence in model
reliability for practical deployment. GradCAM XAl was
used to interpret where the model focuses during
decision-making. This shows a difference in the
focusing region.

where TP refers to true Positive, TN represents True
Negative, FP denotes False Positive, and FN
corresponds to false Negative.

GradCAM XAl was applied to the model trained
across all optimizers to compare whether optimization
strategies affect feature localization and explainability.
It computed the gradient of the output class-probability
score with respect to the feature maps of the final
convolutional layer, which produced a heatmap. This
heatmap highlighted the region that the model
influences for classification.

E. Implementation and Hyperparameter Setting
The present work was performed on an NVIDIA GPU.
The programming was executed using Python 3.11 and
TensorFlow in Jupyter Notebook. The whole work was
conducted in the same environment, and the details are
given in Table 4. These specifications were selected
through empirical validation and standard practices for
medical image classification. The input size of 224 x 224
pixels adheres to the standard setup of the
NasNetMobile model, offering a good balance between
performance and computational efficiency. A batch size
of 16 was selected due to GPU memory constraints and
training stability. Training was limited to 100 epochs
with early stopping, which prevents overfitting and
unnecessary computation. The early stopping
technique was utilized with patience 10, which stops
training when there is no improvement in the validation
loss, and the minimum mode stops training.

lll. Result

The study evaluated the performance of five
optimizers on the NasNetMobile model, and the
detailed performance metrics on the OCT-8

_  TP+TN
Accuracy = o N (12) dataset are presented in Table 5 for two multiple
Precision = (13)

TP+FP runs.
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The model with SGD and Nadam optimizers achieved
the highest accuracy of 97% at 22 and 52 epochs,
respectively, whereas the model with the RMSprop
optimizer achieved the lowest accuracy of 71% at 11
epochs. The class-wise performance is shown in Fig. 2
confusion matrix, and the best three optimizer
convergence is shown in Fig. 3 and Fig. 4. In Fig. 3, the
SGD optimizer achieved stable convergence around 22
epochs and illustrated a smooth, consistent decrease
in training loss with fluctuations across the training
process, which indicates uniform gradient updates.
Unlike the adaptive optimizer, which exhibits initial
faster convergence within the first 15 epochs. The
RMSprop optimizer exhibits intermediate behaviour,
with fluctuating validation performance, which weakens
training progress. In Fig. 4, the SGD optimizer
maintains a small, constant gap between the validation
and training losses, indicating better generalisation and
avoiding overfitting. In contrast, adaptive optimizers are
unable to maintain a consistent gap between the
training and validation losses, indicating overfitting. The
SGD optimizer achieved stable validation loss after

convergence, whereas adaptive optimizers continue to
vary even in later epochs. The comparison of
validation accuracy with the number of epochs for each
optimizer is shown in Fig. 5. To understand the model
decision, GradCAM XAl generates the heatmap. It
highlighted the most influential area in red colour within
the image, as shown in Fig. 6. In the CNV case, the
GradCAM XAl heatmap focused on the subretinal
hyperreflective area, a diagnostic feature of CNV. In the
DME case, the highlighted region indicates fluid
leakage in the macula, while for the DRUSEN case, the
model focuses on lipid deposits between the retinal
pigment epithelium (RPE) and Bruch’s membrane. This
observation demonstrates that the model learned
meaningful pathological features rather than image
artifacts.

IV. Discussion

The result presented in Table 5 shows an assessable
and statistically significant difference in the optimizer
performance when applied to NasNetMobile for OCT-
based eight-class retinal disease classification.
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(c) SGD optimizer.

The SGD optimizer exhibits superior performance
across all performance metrics, with an accuracy of
97%20.00, recall of 97%=0.00, precision of 97%=0.00,
macro F1 of 97%+0.00, F1 score of 97%+0.00, and
Cohen Kappa value of 97%=0.00, converging in 22
epochs. All SGD metrics that achieved a uniform zero
deviation are a critical indicator for training stability,
suggesting that the model yields similar performance
across multiple runs; this consistency cannot be
achieved by any other optimizer in this study. The
Nadam optimizer obtained the same performance
metrics of 97% across all metrics, but its Cohen Kappa
value of 95.5%%0.707 was 1.5 points lower than SGD
and also required 52 epochs for convergence, which is
2.36 times more epochs than SGD. This variation is
clinically important; a higher kappa value specifies
stronger agreement beyond chance for each class
prediction. The observed difference in the number of
epochs between SGD and Nadam indicates that SGD
achieves better generalization with a reduced
computational complexity.

The Adam optimizer achieved consistently
96%=0.00 across all metrics, with a Cohen kappa of
96+1.414, converging at 38 epochs. Compared with
SGD, its metrics have decreased by 1%, and the kappa
standard deviation is *1.414, indicating a minor

inconsistency in per-class agreement. The AdamW
optimizer achieved an accuracy of 89%+5.66, which is
considerably low, and a kappa of 87%%7.071 at 32
epochs, indicating inconsistent stability during training.
RMSprop showed low performance, achieving
70%+2.12 on the performance metrics and a kappa of
66%+1.414, with convergence at 11 epochs (the
fastest among five optimizers). The fastest
convergence, combined with the lowest accuracy,

100

22 epochs

52 epochs 38 epochs

32 epochs
90 -

80

11 epochs
70 4

Best Validation Accuracy (%)

60+

50 -

SGD

Nadam Adam

Optimizer

Fig 5. Comparative analysis for five optimizers in
terms of validation accuracy, with the number of
epochs required to reach convergence

Adamw RMSprop
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Fig 6. GradCAM Visualization for the NasNetMobile model with SGD optimizer (a) AMD, (b) CNV, (c)
CSR, (d) DME, (e) DR, (f) DRUSEN, (g) MH, (h) NORMAL.

(h)

indicates that premature convergence, rather than
computational efficiency. The

optimizer settled into a local minimum of 70% accuracy
and stopped improving further. It may be due to the
influence of the irregular, high-frequency texture
patterns in the OCT images in the optimizer's adaptive
gradient scaling mechanism. The bar chart in Fig. 5
illustrates the clear evidence of these results, where
SGD and Nadam optimizers achieved the superior
validation accuracy, while RMSprop attained low
performance with fewer epoch counts. The highest
SGD performance in retinal disease classification can
be attributed to the primary characteristics of the OCT
imaging field. OCT images contain fine structural
features like subretinal fluid pockets in CNV and DME,
DRUSEN deposits beneath the RPE layer, which are
differentiated by detailed, layered texture gradients
instead of significant anatomical patterns. These
features need consistent, gradient updates to learn
constant, distinct boundaries between retinal classes.
The constant learning rate technique of SGD, guided
by early stopping, ensures consistent parameter
updates that neither decelerate prematurely near local
minima, as in AdamW, nor overshoot, as in RMSprop.
However, adaptive optimizers like Adam, Nadam, and
AdamW converge faster at the start due to their
adaptive learning rate mechanisms. These optimizers
needed a larger number of epochs to reach peak
validation accuracy because the adaptive technique
often demonstrates accelerated behaviour, which
slows down the later training phase, especially when it
is near a local minima. The study incorporated the early

stopping technique across all optimizers, strengthening
SGD, as it provides uniform learning progression, and
attained better generalization at 22 epochs compared
to adaptive optimizers. The GradCAM visualization for
SGD is illustrated in Fig. 6 for all eight classes. The
heatmap confirms that the SGD focuses only on the
disease-specific region rather than the background
noise. A comparison of recent studies on retinal
disease classification from OCT images with our
proposed study is presented in Table 6. Based on the
optimizer choice, three prior studies [31], [32], and [33]
utilized Adam and AdamW and achieved accuracy of
94%, 96%, and 95%, respectively. In this study, Adam
achieved 96% while AdamW achieved 89%, but SGD
overperformed these two optimizers with 97%,
confirming that the prevalent use of Adam can ignore
potential accuracy gain. The most directly comparable
work is [35], which combines DenseNet and CBAM and
selects SGD as optimizer for OCT eight-class retinal
classification. This study achieved 96.28% accuracy,
but the present study outperforms this by 0.72% using
the lightweight NasNetMobile model. A significant gap
in Table 6 is the absence of estimates of Cohen's
kappa in previous studies. However, our study
evaluates a kappa value for all optimizers, which gives
a complete picture of diagnostic robustness beyond
accuracy alone and emphasizes the need for
standardized metrics in future OCT-classification
studies. Even though this study achieved promising
results, limitations remain. The study used only a single
dataset and a backbone model, comparing the
optimizer only with its default learning rates. Moreover,
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Table 6. Comparison with related work

Author Model Optimizer Class Accuracy
Dutta et al.[31] i o
(2023) Conv-ViT Adam 4 94%
Rabbi et al.[32] o
(2023) CNN + CBAM Adam 4 96%
Wang et al.[33] . . o
(2023) VIiT AdamW Private 95%
NOV‘*('%’Oezt 4";"[35] DenseNet + CBAM SGD 8 96.28%
Our Study NasNetMobile SGD 8 97%

optimization performance is largely determined by
dataset characteristics and model complexity;
therefore, the results of this study are generally not
generalizable and cannot be directly applied to other
imaging modalities or architectures. The study utilized
only five optimizers; the latest optimizers like AdaGrad,
Lion, and so on, were not included, and it is still
uncertain whether these alternatives will overperform
the SDG optimizer in retinal disease classification. The
study achieved 97% accuracy with zero standard
deviation and without external validation, which limits
clinical translation claims. The computational
complexity metrics, such as inference time, model
FLOPs, training time per epoch, and memory usage,
were not estimated; these parameters are important for
evaluating feasibility for clinical deployment.

The results of the study have immediate
implications for the deployment of DL-based systems
for retinal disease diagnosis. The study highlights the
SGD as an optimal optimizer for OCT-based retinal
disease classification on the NasNetMobile model. The
model achieved 97% across all metrics, with a kappa
value of 97%=0.00, in just 22 epochs. This provides
evidence that the light-weight NasNetMobile is
recommended for Al -assisted in OCT retinal disease
classification, which should be trained with the SGD
optimizer, especially when the training image consists
of detailed layered texture patterns. Based on the 58%
reduction in computational requirement by SGD
compared with Nadam convergence, SGD can be
recommended for scenarios involving frequent model
retraining with dynamically updated clinical datasets.

V. Conclusion

The main aim of the study is to systematically evaluate
the influence of the optimizer on the NasNetMobile
model for eight-class retinal disease classification. The
result demonstrates that the selection of the optimizer
plays a vital role in enhancing accuracy and
convergence behaviour. The result showed that the
SGD optimizer achieved 97% accuracy in 22 epochs,
outperforming adaptive optimizers while maintaining
superior performance and fast convergence. Nadam
also achieved similar accuracy, but it requires 52

epochs for convergence, whereas Adam achieved
comparable accuracy 96% in 38 epochs, followed by
AdamW, which achieved 89% in 32 epochs, and
RMSprop, which achieved 70% in 11 epochs, showing
the lowest performance. The study not only analyzes
the accuracy but also examines the Cohen’s kappa
value and convergence behaviour, which also indicates
that SGD shows better generalization across the retinal
disease. The integration of early stopping not only
reduced training time without affecting performance but
also prevented overfitting. The implementation of
GradCAM XAl provided significant insights into the
model's decision. Overall, the observation emphasized
that a suitable optimizer can improve the model
performance  without increasing computational
resources. These results provide practical insights into
selecting appropriate optimizers for developing an
OCT-based retinal disease classification task in
reduced time. In the future, the study will focus on
evaluating more datasets, multiple architectures, a
real-time clinical environment, and exploring a hybrid
optimizer to further enhance robustness and
generalization.
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