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Abstract Retinal diseases are a major cause of vision impairment, leading to partial or complete blindness
if undiagnosed. Early detection and accurate classification of these conditions are crucial for effective
treatment and vision preservation. However, Conventional diagnostic techniques are time-consuming and
require professional assistance. Additionally, existing deep-learning models struggle with feature
extraction and classification accuracy because of differences in image quality and disease severity. To
overcome these challenges, a novel deep learning (DL)-based MCRNET-RS approach is proposed for multi-
class retinal disease classification using fundus images. The gathered fundus images are pre-processed
using the Savitzky-Golay Filter (SGF) to enhance and preserve essential structural details. The DL-based
Residual Network-Rescaled (ResNet-RS) is used to extract hierarchical feature extraction for accurate
retinal disease classification. Multi-layer perceptron (MLP) is used to classify retinal diseases such as
Diabetic Neuropathy (DN), Branch Retinal Vein Occlusion (BRVO), Diabetic Retinopathy (DR), Healthy,
Macular Hole (MH), Myopia (MYA), Optic Disc Cupping (ODC), Age-Related Macular Degeneration (ARMD),
Optic Disc Pit (ODP), and Tilted Superior Lateral Nerve (TSLN). The effectiveness of the proposed MCRNET -
RS method was assessed using precision, recall, specificity, F1 score, and accuracy. The proposed
MCRNET-RS approach achieves an overall accuracy of 98.17%, F1 score of 95.99% for Retinal disease
classification. The proposed approach improved the total accuracy by 3.27%, 4.48%, and 4.28% compared
to EyeDeep-Net, Two I/P VGG16, and IDL-MRDD, respectively. These results confirm that the proposed
MCRNET-RS framework provides a strong, scalable, and highly accurate solution for automated retinal
disease classification, thereby supporting early diagnosis and effective clinical decision-making.

Keywords Retinal diseases; deep learning; Savitzky-Golay filtering; Multi-Layer Perceptron; ResNet-
Rescaled.

l. Introduction consuming and require specialized knowledge [4], [5].

Retinal disorders are a prevalent problem in older
adults, causing impaired vision and even vision loss as
the eye's ability to function is weakened. The
photosensitive layer of the retina is a thin structure
inside the eye. Blurred vision and, in rare cases,
complete vision loss are symptoms of retinal disease
[1]. These diseases impair vision, leading to partial or
complete blindness if left untreated. AMD, DR, retinal
detachment, and retinitis pigmentosa are common
retinal conditions [2]. Each of these conditions affects
the retina differently, causing symptoms such as blurry
vision, dark spots, distorted images, and loss of
peripheral or central vision [3]. Retinal diseases are
caused by factors such as genetics, aging, diabetes,
hypertension, and lifestyle choices. Diagnostic
methods of conventional eye diseases are time-

It is critical to detect retinal diseases early and initiate
treatment as soon as possible to preserve vision and
manage them. An early diagnosis is achieved with the
aid of Fluorescein angiography, fundus imaging, retinal
imaging, and optical coherence tomography (OCT)
[6],[7]. Several treatment options are available for this
condition, such as medications, laser therapy,
vitrectomy, and intravitreal injections [8].

Advanced DL models are increasingly used to assist
in early diagnosis and treatment planning, improving
patient outcomes [9]. Deep learning [10] has
transformed the medical imaging sector analysis,
offering highly accurate and automated solutions for
detecting and classifying retinal diseases [11]. CNN
and cutting-edge designs like Attention UNet [12],
Transformer-based models, and GAN have
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significantly improved the ability to analyze retinal
images from OCT, fluorescein angiography, and
fundus photography [13]. These models automatically
extract complex features, detect subtle abnormalities,
and highly precise classify diseases like DR, ARMD,
and glaucoma [14]. DL models enhance early
diagnosis, reducing the need for manual intervention
and improving clinical decision-making [15].

Retinal conditions such as ARMD, DR, and retinal
detachment result in irreparable vision loss if they are
not detected in time. Traditional diagnosis takes longer
and is less accessible in rural areas since it depends
on experts [16]. The progressive nature of these
illnesses sometimes results in late detection, which
diminishes therapy effectiveness. Automated and
accurate diagnostic procedures are becoming
increasingly important to improve early diagnosis and
timely treatment [17]. Advanced imaging and DL
enhance diagnosis, improving the efficiency and
accessibility of treating eye conditions [18]. To
overcome these issues, a novel Retinal disease
classification model is proposed in this research. The
primary contributions of the MCRNET-RS approach are
summarized as follows:

1. The proposed DL-based model effectively detects
and classifies retinal diseases with high accuracy,
enhancing diagnostic efficiency and facilitating early
disease detection.

2. SGF improves image quality by preserving
structural details to ensure better feature extraction
and classification performance.

3. ResNet-RS is utilized for hierarchical feature
extraction and visualizing the representation of
retinal diseases for improved classification
accuracy.

4. The MLP efficiently processes the extracted
features to accurately classify multi-class retinal
diseases, improving diagnostic precision and
reliability.

The following sections of this work are organized as
follows: Section 2 presents a summary of the Retinal
disease literature survey. Section 3 describes the
MCRNET-RS approach in detail. Section 4 discusses
the results and discusses the MCRNET-RS. Section 5
concludes the work and offers suggestions for future
research.

Il. Literature Survey

DL and machine learning (ML) methods have been
developed in recent years to detect and classify Retinal
disease. This section discusses some of the relevant
studies. A non-invasive automated DL approach to
identify numerous eye illnesses using colour fundus
images introduced in 2023 Sengar, N., et al., [19].
Multi-class fundus images were retrieved dataset and

several augmentation approaches were utilized
framework robust in real-time.

Sarki et al. (2021) proposed a CNN [20] based on
deep learning for the multi-classification of diabetic eye
illness. The suggested method's maximum accuracy,
sensitivity, and specificity for classification using
multiple classes were 81.33%, 96%, and 97%,
respectively. They provide an interdependent model for
retinal fundus images that learns the characteristics of
the fundus image. A CNN with four pre-trained CNN
architectures and two distinct optimizers was
developed by Gour and Khanna [21]. It is based on
transfer learning. They concluded that the SGD
optimizer pre-trained on the VGG16 model of ocular
illnesses is the best architecture for multi-class, fundus
picture classification. In 2020, DL-based automatic
detection of mild and diabetic sickness with several
classes. The experiment used two CNN models that
had previously been trained on ImageNet was
introduced by Sarki, R., et al., The intermediate multi-
class classification accuracy of the VGG16 technique
was 85.95% [22]. For the various classifications of
retinal ilinesses, Gualsaqui, M.G., et al. [23] introduced
a CNN approach based on DL in 2023. The VGG16
architecture was determined to have the greatest
outcomes in terms of accuracy and loss after each
architecture was analyzed.

Using fundus images, T. Vaiyapuri et al. designed
IDL-MRDD, [24] a deep learning-based system for
detecting multiple retinal diseases. The proposed
paradigm aims to classify colour fundus images into a
number of classifications, such as AD, DR,
Hypertensive  Retinopathy, Glaucoma, Normal,
Pathological, and Others. The experimental values
outperformed the existing techniques with a maximum
accuracy of 0.963. A DL-based method for classifying
retinal diseases using OCT images was presented by
Kim and Tran et al. [25]. To create the binary classifiers,
a number of CNNs, including feature extractors, have
been used. Changes have been made to InceptionV3,
DenseNet121, ResNet50, ResNet152, VGG16, and
VGG19. The Normal class binary classifier
experimental result shows an accuracy of 0.999.

Existing methods in the literature review have many
shortcomings that limit their effectiveness in retinal
disease classification. While deep learning models like
CNN, VGG16, and SSAE have shown promise, they
often struggle with feature extraction, reducing
accuracy in detecting subtle retinal abnormalities.
Some approaches lack robustness to variations in
image quality, illumination, and disease severity,
affecting their generalization across diverse datasets.
To overcome these challenges, a novel MCRNET-RS
approach accurately classifies Retinal diseases,
enhancing diagnostic efficiency and improving early
disease detection.
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This research proposes a novel MCRNET-RS
approach for classifying Retinal disease from the
RFMID dataset. Fig. 1 demonstrates the workflow of
the MCRNET-RS approach.

A. Dataset Acquisition

The Retinal Fundus Multi-Disease Image Dataset
(RFMID) is openly accessible [29]. It is specifically
created for the classification of multi-class retinal
diseases. It consists of 3,200 high-resolution fundus
images collected from real-world clinical settings
covering 46 different retinal conditions such as
hypertensive retinopathy, ARMD, glaucoma, and DR.
The dataset was split into 80% for training and 20% for

RS model. Stratified sampling was utilized to maintain
proportional representation of all 10 disease classes.
The proposed MCRNET-RS approach was evaluated
using 3-fold and 5-fold cross-validation. Each fold
preserved the class distribution to align with best
practices in multi-class retinal image classification. This
validation strategy helps to minimize overfitting and
provides a more reliable estimation of the approach's
performance across various data subsets. The dataset
includes expert-labeled annotations, and it is highly
diverse, featuring a wide range of disease severities,
image qualities, and variations in patient
demographics.
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Table 1. Distribution of Retinal Disease Classes in
the RFMiD Dataset

S. no Classes No. of images
1 ARMD 169
2 BRVO 119
3 DN 230
4 DR 632
5 Healthy 669
6 MH 523
7 MYA 167
8 OoDC 445
9 ODP 115
10 TSLN 304

Table 1 presents the distribution of retinal fundus
images across different disease classes in the RFMiD
dataset, which comprises 3,372 images. The dataset
covers 10 categories, including pathological conditions
such as ARMD, BRVO, DR, and MYA, along with
healthy cases. The Healthy class contains the highest
number of images, 669, while the ODP class has the
fewest, 115. This dataset provides a balanced yet
diverse representation of common and rare retinal
diseases.

Table 2. Dataset Distribution Before and After
Augmentation

Classes Before After
Augmentation Augmentation

ARMD 169 600
BRVO 119 600
DN 230 600
DR 632 600
Healthy 669 600
MH 523 600
MYA 167 600
ODC 445 600
ODP 115 600

Total 3,372 6,000

Table 2 presents the distribution of image samples
within the retinal disease classes before and after data
augmentation. Initially, the RFMID dataset exhibited a
degree of class imbalance, with certain classes like
Healthy (669) and DR (632) having significantly more
samples compared to minority classes such as ODP
(115) and BRVO (119). This imbalance model's
performance leads to biased predictions toward the

majority classes. To address this, data augmentation
techniques were applied to increase the number of
samples in underrepresented classes synthetically .
After augmentation, each class was balanced to 600
images, creating a uniform distribution across all 10
disease categories. This balanced dataset significantly
contributed to the high per-class sensitivity and
specificity observed in the results, ensuring that the
model learned robust features from each class without
bias.

A. Pre-processing using SGF

The Savitzky-Golay filter (SGF) is used to smooth
retinal images while preserving essential structural
details by enhancing image quality for better disease
analysis. An SGF, also known as a Savitzky-Golay
smoother, is a special low-pass filter to smooth a noisy
signal. SGF operates as a time-domain smoothing filter
using the least squares method to successive subsets
of neighboring data points; a low-degree polynomial is
fitted. For this implementation, a window size of 7x7
pixels was chosen with a second-order polynomial
kernel, which effectively smooths noise while
maintaining edge sharpness. This kernel size was
selected after empirical testing on validation images to
balance noise reduction with detail preservation. The
choice of a 7x7 window provided sufficient local context
to smooth intensity variations without over-smoothing
small pathologies. The parameters were optimized
using visual inspection, histogram evaluation, and
early-stage validation accuracy.

Let the width of the filter window be w = 2s +1,
where s is the half-window size. Let the length of the
unique signal be w is the width of the filter window
length of the unique signal be N, and the
measurements point be X =
X_ X vt Xy s X521, X5). A polynomial fit is
performed on the window signal using an i-th degree
polynomial present in Eq. (1) [26].

Yy =ay+ a;x + apx? + -+ a;xt (1)
where w is the form a system of i- element linear
equations (w > i+ 1). The least squares approach is

applied to determine the fitting parameters
[ao, al, ...,a;] and solve the system of Eq. (2) [26].
1 (x—s)l 2 L
- b s) e ][aso] e
[ ] } e ot HH‘
: : 'i e,
1 G .. (xs+1)2 e CrerDl

(2)
Transform the above system of equations into a matrix
expression, Eq. (3) [26].

Y(25+1)><1 = X(Zs+1)><k Apxr + E(Zs+1)><k (3)
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The least squares solution is performed to obtain the
most appropriate solution of A4 Eq. (4) [26].
A=XT.xX)"tL.xTy 4)
Substituting the resulting A and M back into the matrix
expression yields the most appropriate predicted value
¥ within the window illustrated in Eq. (5) [26]:
j=MA=M.(XT.X)"".M".Y =B.Y (5)
The above method achieves data smoothing and
feature point aggregation. It shows that different
window sizes have different effects on image
enhancement. A window too small will not highlight the
color features of the image, while a window too large
will make the image too blurred. This SGF approach
effectively smooths retinal images while retaining
critical features, aiding in accurate disease detection.
B. Feature extraction via ResNet-RS

ResNet-RS is used to extract hierarchical features from
retinal images for accurate analysis and disease

classification. The ResNet-RS is utilized a compound
scaling strategy, adjusting depth, width, and resolution
for optimal performance. The network comprises 50
layers with bottleneck residual blocks, each consisting
of 1x1, 3x3, and 1x1 convolution. Identity shortcuts are
used to enable gradient flow and avoid vanishing
gradients. Transfer learning was employed by
initializing the network with ImageNet pre-trained
weights to enhance convergence. This configuration
ensures efficient extraction of multi-scale retinal
features while maintaining computational efficiency.
ResNet-RS is an improved version of ResNet designed
to achieve better performance while maintaining
computational efficiency. Traditional ResNet
architectures scale by increasing depth, which often
leads to diminishing returns due to optimization
challenges. ResNet-RS introduces a systematic way of
scaling, ensuring optimal usage of model capacity
without excessive computational overhead. Fig. 2
illustrates the architecture of the proposed ResNet-RS.
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Fig. 2. Architecture of proposed ResNet-RS

ResNet-RS is an enhanced version of the original
ResNet architecture, optimized for both accuracy and
computational efficiency through a compound scaling
strategy. While standard ResNet networks increase
model depth to improve performance, ResNet-RS
simultaneously scales depth (d), width (w), and input
resolution (r) in a balanced manner. This allows the
model to better utilize its capacity without drastically
increasing computational cost or risking overfitting. The
compound scaling is governed by Eq. (6) [27]:
d=a® (6)

Where a,f,and y constants found through grid
search, and ¢ is a user-defined scaling coefficient. In
this work, we adopt ResNet-RS-50, a base
configuration with 50 convolutional layers. To enhance
learning capacity, the width is scaled to 1.2x the base
configuration, and the input resolution is increased from
224x224 to 256%256, which enables better capture of
fine retinal structures crucial for disease classification.

ResNet-RS follows the bottleneck architecture of
ResNet. Each block consists of three convolutions: a
1x1 conv reduces the number of channels, a 3x3 conv.

w=p% r=y°

Feature extraction and 1x1 conv to restore dimensions.
Mathematically, the bottleneck block is expressed as
Eq. (7) [27]:

y =x+f (Ry.0(Ry.0(Ry.2))) 7)

Where x is the input feature map R;, R,, R; are
weight matrices, o represents a non-linearity and f is
the residual function that applies batch normalization
and activation, and y is the final output of the operation.
ResNet-RS enhances retinal image analysis by
efficiently extracting hierarchical features while
maintaining computational efficiency. These
enhancements collectively ensure more accurate and
generalizable feature extraction, essential for reliable
multi-class retinal disease classification.

C. Classification using MLP

Multilayer Perceptron (MLP) is used to classify the
retinal disease ARMD, BRVO, DN, DR, Healthy, MH,
MYA, ODC, ODP, and TSLN. MLP is a kind of
ANN made up of several node layers. The MLP
classifier comprises three hidden layers, each with 128,
64, and 32 neurons. Each layer introduces non-linearity
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using the RelLU activation function. To lessen
overfitting, a dropout rate of 0.5 is implemented
following each hidden layer. The output layer classifies
many classes using the softmax activation function
across 10 retinal disease classes. This approach uses
categorical cross-entropy loss for training and the
Adam optimizer for optimization. Fig. 3 illustrates the
MLP structure for Retinal disease classification.
Hidden Layer

Output Layer

Input Layer

———> ARMD
A<
WL — 5 BRVO
NG
\Q.s‘?i'q Ay
LR/ —» DN
, DR
——> Healthy
b > MH
_, MYA
____, obDC
& —__, ODP
( TSLN

Fig. 3. Structure of Multi-layer Perceptron
The fundamental unit of an MLP is the perceptron,
which introduces non-linearity by applying an activation
function and calculating the inputs weighted sum.
Mathematically a given neuron j, the output is given Eq.
(8) [28]:
zj = Yoy Wji X; + b; (8)
where x; represents the input w;; represents the weight
assigned to every input connection and a; is the bias
term. This weighted sum goes through an activation
function after that f like the tanh function, ReLU or
sigmoid Eq. (9) [28]:
a; = f(z) ©)
An MLP with multiple layers are mathematically
represented using matrix notation. Given an input

vector X and weight matrices W, the output of a layer
written as Eq. (10) [28]:

MO = f(W(l)M(l—l) + N(l)) (10)

where M® symbolizes the layer activations I, W® is
the layer's weight matrix 1, and N is the bias vector.
This MLP approach classifies Retinal disease types by
extracted features to achieve precise classification. To
avoid overfitting, a dropout rate of 0.5 was applied
within the MLP layers, and a learning rate of 0.0001
with step decay was used. The consistent performance
across cross-validation folds confirms that the model
generalizes well without signs of overfitting.

Start
d

Input Fundus images

B E——— -

Savitzky-Golay Filter for noise
smoothing and edge preservation

Data augmentation to enhance
model generalizability

Pre-processing

ResNet-RS is utilized for
hierarchical feature extraction

!
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depth, width, and resolution

Feature Extraction

Generate deep retinal features

Extract features into MLP for
classification

l

Apply dropout to prevent
overfitting

l

Classify the retinal disease 10

Classification

Accurately classified result

i
Stop

Fig. 4. Flow chart of the proposed MCRNET-RS
method

Fig. 4 illustrates the workflow of the proposed
MCRNET-RS method for multi-class retinal disease
classification. The input fundus images are processed
in the preprocessing stage, where the Savitzky-Golay
Filter is applied for noise reduction and edge
preservation, and data augmentation is performed to
enhance model generalizability. In the feature
extraction phase, ResNet-RS is utilized to capture
hierarchical deep features, leveraging compound
scaling for depth, width, and resolution to generate
retinal features efficiently. These features are then
passed to an MLP through the classification stage,
where dropout is applied to mitigate overfitting. Finally,
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the model classifies the retinal images into 10 distinct
disease categories, producing accurate classification
results.

Table 3. Hyperparameter Setting of the Proposed
Model

Hyperparameter Value
Framework MATLAB 2020b
Hardware NVIDIA RTX 3090 GPU
Dataset RFMiD
Feature Extraction ResNet-RS
Classifier MLP
Learning Rate 0.0001
Batch Size 32
Number of Epochs 100
Dropout 0.5
Cross-Validation 3-Fold and 5-Fold
Learning Rate 0.0001

Table 3 demonstrates the training parameters of the
MCRNET-RS approach. The approach was
implemented using MATLAB 2020b and trained on the
RFMID dataset for multi-class retinal disease
classification. ResNet-RS architecture was utilized for
hierarchical feature extraction, and the MLP was utilized
to classify retinal disease types. Training was conducted
using a learning rate of 0.0001, a batch size of 32, and a
total of 100 epochs. A dropout of 0.5 was applied to
prevent overfitting, and the categorical cross-entropy
loss function. The learning rate was scheduled using a
step decay mechanism. Experiments were executed on
an NVIDIA RTX 3090 GPU to ensure computational
efficiency and robustness.

IV. Result

This section details the experimental results of the
MCRNET-RS approach. The proposed MCRNET-RS
model was implemented using MATLAB 2020b,
leveraging the Deep Learning Toolbox for model
construction and training. Custom scripts were
developed for preprocessing and visualization tasks.
Additionally, GPU acceleration was enabled through
the Parallel Computing Toolbox to speed up training on
an NVIDIA RTX 3090. This setup ensures
reproducibility for researchers using MATLAB-based
environments.

The proposed MCRNET-RS approach was
assessed using several metrics, including accuracy,
specificity, F1 score, precision, and recall, depending
on images taken from the RFMID dataset. The
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Fig. 5. Experimental result of MCRNET-RS approach
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experimental results of the MCRNET-RS model for
retinal disease are demonstrated in Fig. 5.

A. Performance analysis

The MCRNET-RS approach was evaluated in this
section utilizing several metrics such as specificity (sp),
F1 score, accuracy (ac), precision (pr), and recall (rc),
on the gathered RFMID dataset. SP evaluates the
model accuracy in identifying negative situations. It
computed by separating the total number of negatives
by the number of correctly predicted negatives Eq. (11)
[20]:
Sp=_meo (11)
Theg*Fpos
PR calculates the percentage of optimistic forecasts
that come true. It emphasizes the capacity of the model
to reduce false positives Eq. (12) [20]:
_ _ Tpos

PR = o (12)
RE evaluates the approach capacity to accurately
detect every real positive case. It is the proportion of all
actual positive observations to correctly displayed
positive observations Eq. (13) [20]:

RE = %2 __ (13)

Tpos+Fneg

AC calculates the predictions made by the model
overall. It is computed as the proportion of accurately
predicted samples to all samples, Eq. (14) [20]:

AC = —pos*Tneg (14)

~ Total no.of samples

F1 represents the harmonic mean of PR and RE,
offering a balanced measure when there is an uneven
class distribution, Eq. (15) [20]:
Precision+Recall
F1 = 2(Precision+Recall) (15)
The DI is a similarity measure used to gauge the
overlap between two sets, often used in image
segmentation to compare the segmentation with the
ground truth. Where T, ,and T,, specifies true
negatives and true positives of the sample images, F,,
and F,,, specifies false negatives and false positives of
the sample images.

Fig. 5 presents the experimental result of the
proposed MCRNET-RS approach. The transformation
from raw retinal input images utilized to smoothed
outputs using SGF. Then, hierarchical feature
extraction using ResNet-RS, and finally, MLP is used
to classify the retinal disease, namely ARMD, BRVO,
DN, DR, Healthy, MH, MYA, ODC, ODP, and TSLN.
Each stage reflects the model's ability to progressively
refine progressively and SGF. Then, hierarchical
feature extraction using ResNet-RS, and finally, MLP is
used to classify the retinal disease, namely ARMD,
BRVO, DN, DR, Healthy, MH, MYA, ODC, ODP, and
TSLN. Each stage reflects the model's ability to
progressively refine and process visual features for
accurate retinal disease detection.

Table 4. Performance analysis of the MCRNET-RS approach

Types AC% SP% PR% RE% F1%
ARMD 98.37 97.40 95.32 96.38 98.02
BRVO 98.76 98.11 94.65 98.30 97.21
DN 97.83 96.32 94.22 95.81 96.89
DR 99.12 98.97 96.37 98.42 99.04
Healthy 99.55 99.21 97.94 95.39 98.27
MH 98.79 93.64 96.53 94.70 95.34
MYA 96.36 91.80 94.37 93.94 92.95
ODC 97.29 96.68 95.83 93.69 97.12
ODP 98.88 97.46 95.21 96.48 94.22
TSLN 96.79 94.36 93.43 92.65 90.89

Table 4 presents the specificity, F1score, accuracy,
recall, and precision of the proposed approach for
classes with several levels. Table 1 presents the
efficiency metrics of the proposed approach for the
classes listed below: ARMD, BRVO, DN, DR, Healthy,
MH, MYA, ODC, ODP, and TSLN. The accuracy of the
proposed approach is 98.37% for ARMD, 98.76% for

BRVO, 97.83% for DN, 99.12% for DN, 99.55% for
Healthy, 98.79% for MH, 96.36 % for MYA, 97.29% for
ODC, 98.88% for ODP, and 96.79% for TSLN,
respectively. The MCRNET-RS approach achieves a
total accuracy rate of 98.17%. These results indicate
strong diagnostic potential for real-world retinal
screening. However, variability in image quality,
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unseen conditions, and clinical workflow integration
remain key challenges. The overall accuracy of the
MCRNET-RS model is highly effective across all
classes, highlighting its strong performance. This is
largely attributed to the robust hierarchical feature
extraction capability of ResNet-RS, which effectively
captures both fine-grained and global retinal features
essential for accurate diagnosis. Notably, challenging
classes such as ODC and ODP achieved high F1
scores of 97.12% and 94.22%, respectively,
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demonstrating the model's strong generalization ability.
In Fig. 6, the accuracy curve displays over 100 epochs,
showing the y-axis and x-axis. Based on the epochs,
the proposed MCRNET-RS training and testing
accuracy curve displays a high accuracy level of
98.17%. The loss curve achieves a smaller loss of
1.83%, indicating that the MCRNET-RS model works
effectively throughout both the training and testing
stages.
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Fig. 6. The curve of the MCRNET-RS of (a) Accuracy and (b)Loss
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Fig. 7. Confusion matrix for MLP

Fig 7 presents the confusion matrix for the Retinal
disease classification performance of a model across
types of Retinal, namely ARMD, BRVO, DN, DR,

Healthy, MH, MYA, ODC, ODP, and TSLN. The
diagonal elements near 1 show that the model properly
classifies most samples and shows a high accuracy for
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most classes. The values indicate accurate predictions
on the diagonal, whereas the off-diagonal numbers
indicate misclassifications. For Healthy, the suggested
MLP achieved a high accuracy of 0.99%. Strong
performance is demonstrated by this MLP method
classifier, which achieves excellent classification
accuracy across all classes.

0.4 | *

True Positive Rate

0.0 02 0.4

Fig. 8 illustrates the ROC curve for the MCRNET-
RS method based on the performance of various
metrics. The MCRNET-RS method of retinal disease
classification for Healthy individuals achieves a high
AUC 0f 99.28. The ROC curves show that the proposed
approach produces high results using the retinal
disease class, yielding the highest AUC value.

— ARMD = 98.19
BRVO = 97.88
—— DN = 96.91
—— DR = 99.06
—— Healthy = 99.28
MH = 98.39
MYA = 95.68
— DDC = 96.65
OOP = 97.94
TSLN = 95.39

0.6 oa 10

False Positive Rate
Fia.8. ROC curve of the proposed MCRNET-RS method

The performance of the MCRNET-RS method was
assessed using 3-fold and 5-fold cross-validation
techniques to strengthen and generalize it. The dataset
was split into respective folds, and the results were
averaged across all runs using both cross-validation
methods, as illustrated in Table 5.

Table 5. Cross-validation results of the proposed
model

Metric 3-Fold Cross- 5-Fold Cross-
Validation Validation
Accuracy 98.23% 98.10%
Precision 96.87% 96.14%
Recall 96.44% 95.92%
F1-score 97.65% 96.03%
Specificity 96.89% 95.86%

Table 5 shows the MCRNET-RS model cross-
validation results using 3-fold and 5-fold methods. In
the 3-fold cross-validation, three subsets of the data
are used, 40% of which are utilized for training in each
fold, and the remaining 20% for testing. For the 5-fold
cross-validation, the data is separated into five
subgroups, with 20% of each subset being utilized for
testing and 20% for training. These evaluations confirm
the proposed model's stability and high generalization
ability across different validation strategies.

B. Comparative analysis

In this section, the proposed MLP approach is
contrasted with several current methods based on
efficiency indicators. Effectiveness is measured based
on precision, recall, accuracy, F1 score, and specificity.
The efficiency of the MCRNET-RS model is compared
with three existing techniques, CNN [20], VGG16 [21],
and SSAE [24], for classifying retinal disease.
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Fig. 9. Comparison of existing DL networks and proposed network
Table 6. Comparison of the proposed method with existing methods
Techniques AC% PR% F1% SP% RE% p-value
CNN 87.33 88.07 89.33 91.62 90.63 0.042
VGG16 96.05 92.96 91.67 92.84 90.95 0.037
SSAE 92.56 90.35 89.74 87.91 95.02 0.040
Proposed MLP 98.17 96.23 98.97 95.32 97.14 0.029

Table 6 compares the accuracy obtained by the
proposed MCRNET-RS and existing techniques such
as CNN, VGG16, and SSAE. The proposed model
performs 12.41%, 2.20%, and 6.06% better than the
conventional approaches such as CNN, VGG16, and
SSAE for Retinal disease classification. Fig. 9 shows
CNN, VGG16, and SSAE are 87.33%, 96.05%, and
92.56% respectively. The reported p-values from
paired t-tests are all below 0.05, indicating that the
performance improvements of MCRNET-RS are
statistically ~ significant compared to existing
approaches. The MCRNET-RS achieves better results
than existing networks, with an accuracy rate of
98.17% for the classification of retinal disease.

Table 7 presents a comparison of existing datasets
and the proposed dataset. The RFMID dataset
outperforms others with the highest accuracy of
98.17%. Messidor, DIARETDB1, and EyePACS
datasets show slightly lower accuracies of 95.06%,
93.96%, and 94.14%. The proposed model clearly
demonstrates the superior capability of the RFMiID
dataset in supporting high-accuracy multi-class retinal
disease classification.

V. Discussion

The experimental results demonstrate that the
proposed MCRNET-RS model achieves a superior
performance in multi-class retinal disease classification
of 98.17%. This notable improvement over existing DL
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Table 7. Comparison between the proposed dataset and the existing datasets

Dataset Accuracy%  Precision% F1 score%
Messidor 95.06 94.20 94.60
DIARETDB1 93.96 92.80 93.10
EyePACS 94.14 93.45 93.75
RFMiD (Ours) 98.17 96.23 98.97
approaches such as CNN of 87.33%, VGG16 of sensibly tuned learning rate provided strong

96.05%, and SSAE of 92.56%. Initially, integrating of
the SGF technique significantly enhanced fundus
image quality by improving contrast and preserving fine
structural details, enabling the detection of small
lesions and subtle abnormalities. Then ResNet-RS was
a backbone with its compound scaling strategy,
effectively capturing fine-grained local patterns and
global retinal features ensuring strong discrimination
between visually similar disease categories. MLP
classifier incorporating dropout regularization and a

generalization capability. This is demonstrated by the
consistent performance across 3-fold 98.23% and 5-
fold 98.10% cross-validation. Furthermore, class-wise
evaluation Table 4 shows that even challenging
categories such as Optic Disc Pit (ODP) and Tilted
Superior Lateral Nerve (TSLN) achieved high F1-
scores of 94.22% and 90.89% indicating that the model
generalizes well across both common and rare disease
classes

Table 8. Comparison of existing approaches and proposed approach

Authors Techniques AC
A. Geetha,, et al., (2025) [2] Deep GD 92.47%
BDK. Patro., (2024) [16] Vision Transform 96.69%
Sengar, N., et al., (2023) [19] EyeDeep-Net 95.06%
MG. Gualsaqui, (2023) [23] Multi-Class CNN 93.96%
Vaiyapuri, T., et al., (2022) [24] IDL-MRDD 94.14%
Proposed MCRNET-RS 98.17%

Table 8 illustrates the comparative analysis between
the proposed MCRNET-RS model and existing models.
The proposed MCRNET-RS achieves a higher accuracy
of 98.17%, outperforming the existing models by
margins of 6.16%, 1.53%, 3.27%, 4.48%, and 4.28%,
respectively. A key similarity among these approaches
is their reliance on CNN-based architectures for feature
extraction. The performance is constrained by limited
scalability, reduced robustness to class imbalance, or
fewer disease categories. In contrast, integrating a
compound-scaled ResNet-RS in the proposed model
efficiently balances depth, width, and resolution, leading
to superior hierarchical feature representation.
Furthermore, as shown in Table 8, while Deep GD [2],
EyeDeep-Net [19], Multi-Class CNN [23], and IDL-
MRDD [24] achieved accuracies that the proposed
model clearly surpassed. Interestingly, although the
Vision Transformer [16] reported 96.69% accuracy
higher than traditional CNN, it still fell short compared to
MCRNET-RS, demonstrating the advantages of
combining  Savitzky-Golay = preprocessing  with

compound scaling and balanced augmentation. Notably,
existing EyeDeep-Net [19] and IDL-MRDD [24], which
struggled with class imbalance or fewer categories, the
proposed MCRNET-RS effectively classified ten disease
categories, including rare cases such as ODP and
TSLN, with high consistency. These gains are
statistically significant (p < 0.05), confirming that
integrating SGF preprocessing with the ResNet-RS
backbone enhances feature quality and improves
stability and generalization, enabling reliable
classification across a wide range of retinal disease
presentations.

The strong performance of several limitations needs
to be acknowledged. Initially, the evaluation was
conducted exclusively on the RFMID dataset. However,
diversity may not fully capture variations in real-world
settings, such as differences in camera models,
resolutions, and lighting conditions. Then the model's
clinical applicability has not yet been validated through
deployment in real patient-care environments.
Ungradable images, patient movement, and varied
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clinical protocols may affect performance. The model
demonstrates strong classification accuracy, but the
current  implementation lacks  comprehensive
explainability mechanisms. Finally, the rare classes like
BRVO and ODP performed well in controlled testing;
their low real-world prevalence could present
challenges when scaling the model to large,
heterogeneous screening populations.

The high accuracy, generalization capability, and
multi-class handling ability of the proposed MCRNET-
RS model have important implications for clinical
practice. It could serve as a reliable early screening tool
in primary healthcare centers, particularly in rural or
resource-limited settings where access to trained
ophthalmologists is scarce. By integrating the model
into tele-ophthalmology platforms can enable remote
triage and prioritize high-risk patients for timely
specialist referral. The ability to simultaneously detect
multiple retinal conditions makes it a strong candidate
for inclusion in comprehensive eye-health screening
programs, potentially reducing diagnostic delays and
improving patient outcomes. Moreover, the underlying
architecture extended into multimodal frameworks,
combining fundus images with other patient health
data, such as OCT scans, for more holistic ocular
disease prediction. These applications position
MCRNET-RS as a promising foundation for next-
generation Al-assisted ophthalmic diagnostic systems.

VI. Conclusion

This research proposed the DL-based MCRNET-RS
model for multi-class retinal disease classification using
fundus images. The collected fundus images were pre-
processed with the SGF for image enhancement and
preserving essential structural details. The ResNet-RS
is utilized to extract hierarchical features for accurate
retinal disease classification. MLP is used to classify
retinal disease: ARMD, BRVO, DN, DR, Healthy, MH,
MYA, ODC, Optic Disc Pit ODP, and TSLN. The
MCRNET-RS approach achieves % overall accuracy of
98.17% for Retinal disease classification. The
MCRNET-RS approach increased the overall accuracy
by 3.27%, 4.48%, and 4.28% better than EyeDeep-Net,
Two I/P VGG16, and IDL-MRDD, respectively. The
MCRNET-RS model demonstrates high accuracy and
robustness but is limited by its evaluation solely on the
RFMID dataset, which may not capture real-world
variations such as diverse imaging devices, lighting
conditions, and unseen disease types. Future work will
validate the MCRNET-RS model on multi-center
datasets with diverse imaging conditions.
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