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Diabetic retinopathy (DR) is a leading cause of preventable blindness worldwide, and early
detection is critical for effective treatment. However, automated multiclass DR grading
remains challenging due to subtle inter-stage differences, image quality variations, and class
imbalance in retinal fundus datasets. This paper proposes an optimized EfficientNet-B3
framework that integrates adaptive augmentation, staged progressive fine-tuning, hybrid
optimization, and confidence-aware inference to address these challenges. The proposed
framework employs a three-stage optimization strategy: (1) warm-up training of the
classifier head only; (2) progressive unfreezing of MBConv blocks; and (3) full-network
fine-tuning with AdamW optimizer, cosine learning rate decay, label smoothing, and
mixed-precision training. A class-balanced sampling strategy with adaptive augmentation
mitigates data imbalance. Confidence-aware inference combines maximum softmax
probability with entropy-based uncertainty estimation for improved clinical interpretability.
We evaluated the framework on a combined dataset of 92,501 retinal images from
EyePACS, APTOS, APTOS-Gaussian filtered, and Messidor, using a balanced subset of
12,580 images for controlled experimentation (70/15/15 train/validation/test split). The
proposed model achieved 99.00% accuracy, 98.64% precision, 98.80% recall, 98.72% F1-
score, and 98.98% specificity for five-class DR grading, outperforming baseline ResNet-
152 (91.96% accuracy) and standard EfficientNet-B3 (95.94% accuracy). The area under
the ROC curve reached 1.00. The model requires approximately 12 million parameters and
achieves inference times of a few milliseconds per image on GPU hardware. These results
demonstrate that the proposed optimization strategies significantly improve multiclass DR
grading performance while maintaining computational efficiency, suggesting practical
viability for large-scale retinal screening programs and teleophthalmology applications.

1. INTRODUCTION

eye. The picture clearly shows how diabetes wreaks havoc on
the eye's vasculature, leading to leakage, bleeding, lipid

Diabetic retinopathy (DR) which is a chronic complication
of diabetes mellitus (DM) is widely known as one of the most
frequent reasons for vision loss and blindness on this planet
[1]. Early and accurate diagnosis of DR is also important not
only to halt further retina damage, but also to receive treatment
in good time. Visual grading of retinal fundus photographs is
the classic ophthalmological practice, however it is time
consuming and subjective, as well as restricted by only a
limited number of trained graders [2]. There is an apparent
need for cost-effective, automated, robust diagnostic systems
to deal with large number of tests in national screening
programs already facing increasing prevalence of diabetes
world-wide [3].

Figure 1 is a schematic cross-sectional view of the eye
showing the pathological features of DR. It draws the retina
with clearly marked pathologies, including microaneurysms,
bleeds, hard exudates, and neovascularization, each identified
in different shapes and colors to denote their clinical
importance [4]. The optic disc, lens, and cornea are also well
defined for orientation, showing how DR impacts the posterior
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deposition, and the formation of abnormal blood vessels. The
figure provides a labeled anatomical representation of retinal
structures and DR-related lesions for visual interpretation and
clinical reference. This image is ideal for comparing Normal
vs. central retinal lesions and for learning how these lesions
are involved in diseases.

In the last few years, deep learning has shown great promise
for medical image analysis, particularly in vision-based tasks
such as disease detection, segmentation, and classification.
Architectures such as Convolutional Neural Networks
(CNNs), U-Net variants, dense architectures, and GANs have
yielded promising results in extracting features of pathological
changes from retinal images. However, these methods
frequently face difficulties in multiclass DR grading, including
distinguishing between neighboring disease stages, robustness
to noise and illumination changes, and generalization across
datasets acquired from different devices.

In response to these limitations, the so-called EfficientNet
family has recently attracted considerable interest for its
balanced scaling of network depth, width, and resolution.
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EfficientNet-B3 has been shown to offer the best trade-off
between representational capacity and computational
efficiency [5-44]. Yet, its multiclass DR detection capability
is potentially more wuseful if built into architectural
optimization, fine-tuning strategies, and robust preprocessing
pipelines. This encourages the development of a better
network that can inherit all desirable properties of
EfficientNet-B3 while avoiding its weaknesses, such as
sensitivity to low-quality images and class imbalance in
medical databases.

In this work, the term “optimized EfficientNet-B3” refers
not to a modification of the original EfficientNet-B3 backbone
architecture itself, but rather to a set of task-specific
optimization strategies developed for multiclass DR grading.
These optimizations include adaptive augmentation and class
balancing, progressive staged fine-tuning of MBConv layers,
hybrid optimization using AdamW with cosine learning-rate
scheduling, label smoothing, mixed-precision training, and
cross-dataset generalization using heterogeneous retinal
datasets. In addition, a confidence-aware inference mechanism

based on entropy-guided uncertainty estimation is
incorporated to improve diagnostic reliability and
interpretability.

In this paper, we propose a refined deep learning method
using the EfficientNet-B3 model for precise and reliable
multiclass DR detection. This strategy focuses on improving
the extraction of retinal features, achieving balanced training
across multiple-source datasets, and searching for optimal
hyperparameters to improve generalization. For comparison
purposes, the model was trained and validated on a common
dataset that includes images in the Eyepacs, Aptos, Aptos
(Gaussian Filtered), and Messidor datasets. Extensive
experiments demonstrate that our method consistently
outperforms traditional CNN-based and SOTA approaches,
achieving significantly improved accuracy, sensitivity,
specificity, and overall reliability in DR stage classification.

Key Contributions:

1. Design of a fine-tuned EfficientNet-B3 for multiclass
DR diagnosis.
Combining heterogeneous retinal datasets (EyePacs,
Aptos, Aptos-GF, Messidor) for strong cross-domain
generalization.
Improved preprocessing and hyperparameter
optimization for better feature extraction across
different imaging conditions.
Competitive benchmarking against classical, hybrid,
and state-of-the-art deep learning methods shows a 2-
7% gain.
Introduction of a staged EfficientNet-B3
optimization strategy using progressive MBConv
unfreezing and hybrid fine-tuning.
Integration of adaptive augmentation and weighted
sampling for robust multiclass imbalance handling.
Confidence-aware inference using entropy-guided
uncertainty  estimation for improved clinical
interpretability.

This study applies the optimized ResNet-152 framework as
a baseline model for binary classifying patients into referable
and non-referable DR cases. The main contribution of this
work, however, is the proposed optimized EfficientNet-B3
architecture specifically built for multiclass DR grading.
Adaptive augmentation, staged transfer learning, hybrid
optimization and cross-dataset generalization strategies used
in EfficientNet-B3 framework allowed this model to

2.
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effectively classify multiclass in various heterogeneous retinal
datasets.

Beyond algorithmic performance improvement, the
proposed framework is designed with practical clinical
deployment considerations in mind, including scalability for
mass retinal screening, compatibility with teleophthalmology
systems, computational efficiency, and support for automated
early referral decision-making in DR screening programs.

Diabetic Retinopathy

Microaneurms

Cornea
=

Lens

Retinal
hemorrhages

Hard exudates

Neovascularization

Figure 1. Detailed cross-sectional view of the human eye

2. LITERATURE REVIEW

Existing DR detection research can broadly be categorized
into five major directions: traditional machine learning
approaches, CNN-based classification models, transformer
and hybrid deep learning architectures, retinal vessel
segmentation techniques, and explainable Al frameworks for
clinical deployment. While earlier machine learning methods
relied heavily on handcrafted retinal features and statistical
classifiers, recent deep learning approaches have significantly
improved automated DR grading performance through
hierarchical feature extraction and transfer learning. However,
several limitations remain common across existing studies,
including poor cross-dataset generalization, sensitivity to
image-quality variation, class imbalance, computational
complexity, and limited interpretability in clinical settings.

Existing DR detection research can generally be categorized
into five major directions: (i) traditional machine learning and
handcrafted feature-based approaches, (ii) Convolutional
Neural Network (CNN)-based classification methods, (iii)
transformer and hybrid deep learning architectures, (iv) retinal
lesion segmentation and localization techniques, and (v)
explainable and clinically interpretable artificial intelligence
frameworks. The following review summarizes representative
contributions in each category while highlighting their
strengths, limitations, and remaining research challenges

related to multiclass grading accuracy, cross-dataset
robustness, computational efficiency, and clinical
interpretability.

2.1 Traditional machine learning and early diabetic
retinopathy detection methods

Retinal image interpretation for early DR detection systems
were mainly based on handcrafted feature extraction,
statistical analysis and conventional machine learning
approaches. Seoud et al. [9] developed a framework to detect
red lesion in retinal fundus image based on dynamic shape



feature for microaneurysms and hemorrhages detection. Their
approach  achieved competitive lesion localization
performance on both datasets and underscored the potential of
using lesion-specific feature engineering in the staging of early
DR. Antal and Hajdu [22] used an ensemble-based
microaneurysm detection system, combining preprocessing
and candidate extraction modules to help with the grading of
DR. Their method obtained competitive results on the
Messidor dataset and laid practical evidence of ensemble
learning as a viable tool for retinal abnormality detection.

In addition, other researchers have seized upon image
processing and feature-based classification strategies for
retinal analysis. Barkana et al. Descriptive statistical features
were used in study [34] to segment retinal vessels with fuzzy
logic, artificial neural networks (ANNs) and support vector
machines (SVMs), and classifier fusion methods. They found
that information from the structure of vessels is essential to
analyze retinal disease. A threshold-based segmentation
technique has been proposed by Otsu [40] that employs gray-
level precipitation and was one of the most used supervised
preprocessing methods to segment images before working
with retinal pictures. Kaur and Kaur [41] suggested a
computer-aided framework for DR diagnosis which integrates
retinal image segmentation with K-nearest neighbor
classification. Their study showed acceptable diagnostic
performance of traditional machine learning models if
leveraged with a good retinal feature extraction approach.

While these classical techniques made significant
foundational contributions to the automation of retinal image
analysis, they typically had challenges such as limited
scalability, reliance on handcrafted features, susceptibility to
variation in illumination and poor generalization over
heterogeneous datasets. The above drawbacks were the
impetus for moving towards feature extraction and
classification methods using deep learning-based approaches.

2.2 Convolutional Neural Network-based and transfer
learning approaches

As deep learning matured, CNNs took center stage for
automated DR detection and grading. Qiao et al. [3] provides
a semantic segmentation framework using CNN for
microaneurysms detection and non-proliferative DR
diagnosis. Their approach proved useful in extracting retinal
structures and in identifying early stages of diseases. Atwany
et al. [6] proposed a comparative literature review of various
deep learning techniques to classify DR into different
severities, focusing on the successes and limitations of
supervised CNNs, transfer learning, and transformer-based
methods; furthermore, dataset imbalance and clinical
trustworthiness are reviewed.

Different studies have been developed in order to improve
the performance of DR grading using multitask learning and
transfer learning strategies. Wang et al. With the aim of jointly
predicting both DR severity and retinal lesion features, the
study [11] presented a hierarchically multitask deep learning
framework to improve interpretability and grading
consistency. Majumder and Kehtarnavaz [12] presented a
multitasking deep learning architecture for five-stage DR
grading which consists of classification and regression
branches, and was trained on Eye Picture Archive
Communication System (EyePACS) and Asia Pacific Tele-
Ophthalmology Society (APTOS) datasets, producing strong
Receiver Operating Characteristic (ROC) and kappa
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performance results. Nazir et al. The Weighted Ensemble
model that was proposed by the study [17] is used for
improving DR detection in early stages under the minimal size
of data conditions and exploiting Inception-v3, VGG16, and a
custom CNN to enhance classification accuracy while
maintaining robustness.

Transfer learning and feature optimization methods have
also been studied extensively. Wong et al. A transfer learning
framework called Ensemble of tiled features and Error
Correcting Output Codes (ECOC) for DR grading [19] used
ShuffleNet with ResNet-18 features combined in a final
ensemble classification using ECOC, which led to competitive
performance against the EyePACS and Messidor datasets.
Ahnaf Alavee et al. [20] compared various transfer learning
architectures and used the model combined with explainable
Al techniques (e.g., Grad-CAM) for clinical interpretability.
The four-class DR diagnostic system proposed by the study
[31] based on deep CNN shows a good agreement with
ophthalmologist assessment in real clinical environments. In
the study [32], a hybrid CNN-SVD feature extraction model
along with an Extreme learning machine (ELM) classifier
reached very high binary and multiclass classification
accuracy on APTOS and Messidor datasets respectively. In
addition, Wang et al. [33] explored the simultaneous
prediction of DR severity and lesions with different grading
strategies to enhance grading consistency and interpretability.

Despite their successes, CNN-based approaches remain
limited with the issues of over-fitting [12], being sensitive to
imaging variability, low cross-dataset robustness [11] and
poor ability to discriminate neighbouring DR severity stages
(e.g. mediums between moderate-level referable DR).

2.3 Transformer, hybrid, and multimodal deep learning
models

In the recent DR studies, transformer architectures, hybrid
deep learning models with CNN backbones and multimodal
frameworks have been increasingly investigated to address
some of the limitations present in conventional CNNs. In the
study [4], a transformer-assisted segmentation and
classification framework was introduced that fused retinal
structure extraction and lesion detection as an additional task
with the goal of improving DR diagnosis. Zedadra et al. [5]
developed a graph-aware multimodal deep learning approach
of combining retinal fundus images with the concurrent patient
clinical history utilizing graph neural networks and DenseNet
based feature extraction, which showed evidence for
augmented diagnostic reliability across both APTOS2019 and
Messidor-2 datasets specifically.

Other Vision Transformer (ViT)-based DR grading
methods have been effective. For instance, Nazih et al. [7]
applied a pre-trained ViT model on the Fine-Grained
Annotated Diabetic Retinopathy Dataset (FGADR) dataset to
perform multiclass DR severity grading with significant global
retinal context preservation compared to traditional CNN
architectures. MSAmix-Net [15] combines multiscale
convolution and self-attention mechanisms in such a way that
the both local and long-range retinal dependencies are
estimated to reach strong performance on APTOS, Messidor-
2 and DRAC-2022 datasets.

There have also been several hybrid methods which have
enhanced robustness and classification accuracy. Mutawa et
al. To resolve the problem of image-quality variability and
dataset imbalance, a randomization-driven hybrid deep



learning framework combining CNN-RBF models and
advanced preprocessing techniques was presented in the study
[16]. Henge et al. [21] worked on a multi-decision Inception-
ResNet hybrid architecture with deep feature fusion and chi-
square optimization that resulted in high diagnostic accuracy
for DR screening. In the study by Jabbar et al. [23], a
Hadoop/HDFS distributed DR detection system based on
lesion approach was proposed, which combines GoogleNet
architecture with adaptive particle swarm optimization to
extract features. The DRNet [24] was a multi-branch temporal
convolutional network on longitudinal electronic health
records for predicting the risk of DR and reported significant
improvements in AUROC and F1-score.

These transformers and hybrid architectures boost feature
representation and contextual understanding but usually come
with the significant drawbacks of requiring large-scale
datasets, increased computational resources, and need for
careful optimization to prevent overfitting while preserving
clinical applicability.

2.4 Retinal vessel segmentation and lesion analysis
methods

The first step in accurately diagnosing DR is the
segmentation of retinal vessels and localization of lesions. For
example, Yi et al. [29] presented a compound-scale encoder-
decoder network with both spatial and channel attention
mechanisms for retinal lesion segmentation, showing strong
performance on the DDR482 and FGADR376 datasets. In the
study by Upreti et al. [30], blood vessel segmentation and
lesion detection by a deep learning-based retinal analysis
framework was performed, showing that for the automated
diagnosis of microaneurysms, hemorrhages were more
effectively detected with well-defined vessels (more
comparable feature extraction from fundus).

Generative adversarial networks (GANs) and deformations
of U-Net have been popular choices for retinal vessel
segmentation as well. RV-GAN was proposed in the study
[36] as a multiscale generative adversarial framework that can
handle different illumination and different vessel thickness.
Ma and Li [37] presented an attention-based U-Net (A-Unet)
algorithm to extract retinal vessels, which greatly increased
segmentation accuracy under complex imaging conditions.
Kumar et al. Results: Glaucomatous optic disc evaluation,
namely retinal vessel and optic disc segmentation approach:
the idea was noted with an automated retinal vessel and optic
disc segmentation framework for early DR identification using
further optimized preprocessing measures in addition to
adaptive deep learning algorithms [38].

For better vessel segmentation performance, dense-U-Net
and modified U-shaped networks were proposed. Li et al. A
Dense-U-Net-based retinal vessel segmentation network
structure with superior multiscale feature extraction ability is
proposed in the study by Li et al. [39]. In the study by Tan et
al. [42], a deep matched filtering approach was proposed for
retinal vessel segmentation with superior preservation of fine-
vessel structures and improved segmentation robustness to
varying image quality. He et al. A modified U-shaped network
for retinal vascular structure extraction was proposed in the
study [43]. Soomro et al. [44] tested and compared several
ICA-based methods for retinal image preprocessing, showing
that the utilization of proper image preprocessing can
positively improve vessel detection accuracy and downstream
DR classification performance.
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While segmentation-based methods enhance tumor
localization and interpretability, many of the approaches still
require computationally intensive techniques that can be
highly susceptible to artifacts in low-quality retinal images and
imaging-device variability.

2.5 Explainable AI and clinical translation challenges

As Al systems become increasingly integrated in clinical
ophthalmology, research priorities now enthuse over
explainability, reliability and the clinical translation of such
models. Abushawish et al. [1] provided a complete overview
of deep learning methods for DR detection and grading,
focusing on the need for explainable Al and model
interpretability for clinical deployment. A review by
Rajarajeshwari and Selvi [2] summarized the current use of Al
in DR classification, segmentation, diagnosis, and grading,
outlining challenges related to robustness, transparency within
algorithms, and clinical deployment.

Multiple related studies addressed explainable and
trustworthy Al systems for retinal diagnosis. Asif et al. [8]
presented a systematic review for the automated DR diagnosis
approaches based on Al and raised dataset bias, limited
explainability, privacy problems, and scalability issues. Ikram
et al. [10] reviewed the state of novel DR detection methods
and several challenges for clinical translation: insufficient
robustness, lack of external validation. This was thoroughly
tested in a work by the study [13] on arbitrary adversarial
exposure attacks from an attack that rescales the image having
previously placed it wunder illumination manipulation
conditions to test deep learning-based DR grading systems
using retinal fundus images, finding major vulnerabilities.

Some frameworks for explainable Al have also been
proposed to enhance clinician trust in automated systems.
With interpretable predictions and less diagnostic uncertainty,
Shahzad et al. [14] constructed an explainable DR diagnosis
framework. An Al-assisted teleophthalmology application
based on deep neural networks to assist retinal specialists in
DR screening and remote clinical support was described by
Ghouali et al. [25]. To solve class imbalance and improve
recognition accuracy in imbalanced retinal datasets, Naz et al.
[26] proposed a DCGAN-based ensemble framework. Mateen
et al. [27] conducted a review on automated DR detection
methodologies highlighting difficulties in varying quality of
images, datasets and transferability to the real-world scenario.
DcardNet [28] is a densely connected CNN architecture
designed for multilevel DR grading utilizing Optical
Coherence Tomography (OCT) and Optical Coherence
Tomography Angiography (OCTA) imaging modalities,
achieving robust clinical applicability with automated referral
rough hierarchical severity detection. While considerable
advances have been made, previous work continues to grapple
with issues regarding clinical interpretability, cross-dataset
generalization, robustness against diverse imaging conditions
and safety for deployment in real-world ophthalmic screening
systems. These limitations provide the impetus to optimize
generalizable, explainable and computationally efficient
frameworks for DR grading espoused by current study with
EfficientNet-B3 architecture.

Overall, traditional machine learning methods demonstrated
the importance of retinal feature engineering but suffered from
limited scalability and poor robustness under heterogeneous
imaging conditions. CNN-based methods improved feature
extraction and classification accuracy substantially; however,



many approaches still struggle with neighboring severity-stage
discrimination and dataset imbalance. Transformer and hybrid
architectures further enhanced contextual learning capability
but introduced increased computational complexity and
dependency on large-scale training data. Segmentation-based
approaches improved lesion localization and interpretability,
although many remain sensitive to illumination variation and
low-quality retinal images. Recent explainable Al frameworks
have improved transparency and clinician trust, yet external
clinical validation and real-world deployment remain major
challenges across most existing DR detection systems.

Although substantial progress has been achieved in
automated DR detection, existing studies still face critical
limitations related to multiclass grading consistency, cross-
domain robustness, class imbalance handling, computational
efficiency, and clinical interpretability. Furthermore, many
methods are evaluated on isolated datasets, limiting their
generalization  capability in  real-world  screening
environments. Motivated by these limitations, the present
study proposes an optimized EfficientNet-B3 framework
incorporating adaptive augmentation, staged fine-tuning,
hybrid optimization, and cross-dataset learning strategies to
improve multiclass DR grading performance and robustness
across heterogeneous retinal datasets.

3. METHODOLOGY

The holistic approach is structured as a single framework
for DR analysis using two integrated evaluation stages, rather
than as two independent studies. In the first phase, we used an
optimized ResNet-152 model as a baseline binary screening
tool to differentiate cases with Non-Referable DR (NRG) and
Referable DR (RG). This first stage assesses the ability to
detect generalised retinal abnormalities and provides a
comparative baseline performance. The second stage is a
proposed optimized EfficientNet-B3 architecture for fine-
grained multiclass DR grading between five severity levels.
Therefore, the binary classification framework is intended as
a supporting benchmark experiment and EfficientNet-B3
multiclass grading model can be considered the main
contribution of this work.

3.1 Baseline binary classification using optimized ResNet-
152

Figure 2 model first takes a 224 x 224 x 3 fundus image as
input and applies a 7 x 7 convolutional layer with rectified
linear unit (ReLU) activation and trainable parameters, with
filters that reduce spatial resolution and preserve fundamental
retinal structures. The feature extractor then processes the
activation maps through four hierarchical layers of
convolution inspired in deep residual architectures: Conv2 x
(3 blocks, 56 x 56 x 256), Conv3_x (8 blocks, 28 x 28 x 512),
Conv4 x (36 blocks, 14 x 14 x 1024) and Conv5_x (3 blocks,
7 x 7 x 2048), progressively increasing the number of
channels and reducing spatial characteristics to learn rich
representations for pathological textures like microaneurysms,
exudates and vessel abnormality. A global average pooling
(GAP) layer transforms the final 7 X 7 x 2048 tensor into a
compact 1 x 1 x 2048 feature vector, which is followed by a
fully connected classification layer that generates two class
logits for NRG (Normal Retina Group) and RG (Retinopathy
Group). The resulting prediction is subsequently used to
determine whether the fundus image indicates retinopathy.

The proposed algorithm uses a pre-trained ResNet-152
model, fine-tuned for binary DR classification (RG and NRG)
using transfer learning from fundus images. The algorithm
starts by preparing and augmenting the dataset using
traditional normalisation, as in ImageNet pre-training. We
freeze the convolutional backbone of ResNet-152 to retain rich
feature representations, and fine-tune only the final fully
connected layer to adapt to a particular task. The model is
trained over epochs using the Adam optimiser and a cross-
entropy loss, while performance is tracked on an independent
validation set. After training, the model is tested using a set of
metrics, e.g., accuracy, precision, recall, specificity, F1-score,
ROC-AUC, etc. Visualization features, such as confusion
matrices, ROC curves, and training dynamics, give the user
some intuition about what has happened. This combined
stepwise-pseudocode recipe framework is a strong and
reproducible method for deploying a DNN model for medical
imaging with scarce data.

Input
Fundus Image
224x224x3

-

Convl
7x7, 64
(112x112x64)

MaxPool
3

-

Conv2 x
(3 Blocks)

(56x56x256)

>

Conv3 x
(8 Blocks)

(28x28x512)

!

Conv4 x
(36 Blocks)

(14x14x1024)

Prediction:
NRG / RG

Global Avg Pool
_— (1x1x2048)

FC Layer

~ 2 classes

L

Conv5 x
(3 Blocks)
(7x7x2048)
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Figure 2. Architecture of optimised ResNet-152



Although the ResNet-152 framework demonstrates
effective binary retinal disease screening performance, binary
classification alone is insufficient for detailed clinical severity
assessment. Therefore, to achieve fine-grained DR grading
and improved diagnostic capability, the proposed optimized
EfficientNet-B3 framework is introduced in the next stage as
the primary multiclass classification model of this study.

3.2 Proposed multiclass diabetic retinopathy grading using
optimized EfficientNet-B3

The proposed optimized EfficientNet-B3 framework
extends the standard pretrained EfficientNet-B3 model
through multiple task-specific optimization strategies tailored
for DR grading. Instead of altering the backbone architecture,
the optimization focuses on improving feature learning,
training  stability, class balance, and cross-dataset
generalization. The framework integrates adaptive
augmentation, weighted sampling, staged MBConv fine-
tuning, hybrid optimization with AdamW and cosine
scheduling, label smoothing, mixed-precision learning, and
confidence-aware inference mechanisms for robust multiclass
retinal disease classification.

Algorithm 1. Optimized ResNet-152 for diabetic retinopathy
classification using transfer learning

Input: Dataset D = {Dyin, Dyal, Diest}» €pochs E = 40, batch
size B =32 R image size S =224
Output: Trained classifier M and performance metrics set (.

Step-Wise Procedure

Step 1: Device Initialization

1.1 Select the computational device:

. cuda, if GPU is available
device = { .
cpu, otherwise

Step 2: Preprocessing and Transform Definition

2.1 Define a preprocessing pipeline 7' (+)applied to each input
image I:

T (I) = Norm(ToTensor(Resize(I,S X 5)))

2.2 Normalize the tensor xchannel-wise:
X— U
N — —
orm(x) -

where pand odenote mean and standard deviation.

Step 3: Dataset Preparation
3.1 Apply transformation J'to split datasets:
Dtrain < T(D [train])
Dyq < T'(D[val])
Diest « T (Dltest])

Step 4: Mini-Batch Loader Construction

4.1 Construct training and validation loaders:
Liain = Dataloader(Dy,;i,, B,shuffle=True)
L, = Dataloader(D,,, B,shuffle=False)

Step 5: Model Initialization and Modification
5.1 Load pretrained ResNet-152 backbone:
M < ResNetl152(pretrained=True)

5.2 Partition model parameters:

0= {econv’ efc}
5.3 Freeze convolutional parameters:

Vo, L=0
5.4 Replace the final fully connected (FC) layer for binary
classification:
z=Wh+ b,z € R?
where W € R?2*4 b € R?, and h € R%is the extracted feature
vector.

Step 6: Model Deployment to Device
6.1 Move the model to the selected device:
M « M (device)

Step 7: Loss and Optimizer Definition
7.1 Define cross-entropy loss for multi-class logits (binary

case):
1 z exp (z;.)
=1 Drees ©XP (Zik)

7.2 Configure Adam optimizer for FC layer only:
Op < O — n- Adam(vech)

with learning rate = 1073,

Step 8: Training and Validation Loop
For each epoche =1,2,...,E:

Step 8.1: Training Phase
8.1.1 Enable training mode:
M « train()
8.1.2 For each mini-batch (X,y) € Liin:
Forward pass:
y=MX
Compute loss:

t=L(yy)
Backpropagation update:
Of. < O, — Vg, L

Step 8.2: Validation Phase
8.2.1 Enable evaluation mode:
M « eval()

8.2.2 For each mini-batch (X,,y,) € Lya:
e  Predict class labels:

Yy = arg max, I

e  Compute validation accuracy:

Ny
1 -
Acc, = N_vzl (P = Y,0)
i=

e  Update confusion matrix terms TP, FP,TN,FN.

Step 8.3: Record and Print
8.3.1 Save training/validation logs:

{losstrain [e]! lOSSval [e]; aCCyrain [6], aCCyy) [6]}

8.3.2 Print epoch-wise progress:
Epoch e: TrainAcc=acctrain[e], ValAcc=accval[e]

Step 9: Post-Training Evaluation
9.1 Generate prediction scores:

y = M (Dya)
9.2 Form confusion matrix:
C= [TP FP
FN TN
9.3 Compute evaluation measures:
Accuracy: Accuracy = S L —
TP+TN+FP+FN
Precision: Precision =
TPAFP
Recall: Recall =
Precisiol;ljﬁg—cgﬂ]
F1-Score: Fl1=2. Precision+Recall
Specificity: ) Specificity = TNTFP
ROC-AUC: AUC = fo TPR(FPR) d(FPR)




Step 10: Visualization
10.1 Plot:

e  Confusion matrix

e ROC curve

e  Accuracy vs. epochs
e Lossvs. epochs

Step 11: Output
11.1 Return the trained model and metric set: {M> Q}

Figure 3 shows the EfficientNet-B3 pipeline takes a
preprocessed fundus photograph as input. A first STEM
convolutional stage extracts low-level retinal features from a
300 x 300 x 3 image. The representation is then fed to the first
MBConv block (repeated 3 times), which reduces the spatial
size to 150 x 150 x 24 and enhances structure-related features,
such as vessel and disc contours. And a subsequent deeper
MBConv stage with 10 expanded blocks further compresses
the feature maps to 75 x 75 X 32 and learns more complex
pathological textures, such as microaneurysms, exudates, and
haemorrhages. The pipeline proceeds with a BlockConv group
(3 occurrences) that reduces the retina's representation to 38 x
38 x 96, enabling us to perform reliable multiscale abstraction
over the retinal field. Finally, the output is forwarded to the
classifier head with GAP, which computes a compact 1 x 1 x
96 embedding of the spatial tensor, which is then fed through
a fully connected layer to produce two-class logits. The
predicted labels of these logits are given here as (T: 0 = True
Class = Normal, P: 0 = Predicted = Normal) with a confidence
of 88%. Thus, the EfficientNet B3 retinal disease classification
workflow is done.

Input Retinal Image

v

Image Preprocessing

« Resize to 300x300
« CLAHE & Normalization
« Data Augmentation

Load EfficientNet-B3 Model
Modify Final Layer

« Global Average Pooling
« 5-Class Softmax Layer

Train the Model

« Optimizer: Adam
« Loss: Categorical Cross-Entropy

« Early Stopping

Evaluate Model on Test Set

« Accuracy Input'

« Precision Ne\l'v Retinal
« Recall mage

« F1-Score

Predict DR Severity
(0 to 4)
Output Severity Level

Figure 3. Architecture of optimized EfficientNet-B3
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Algorithm 2. Optimized EfficientNet-B3-Based retinal
disease classification pipeline

The adaptive augmentation strategy is performed only
during the training phase and is not applied to validation or
testing datasets in order to avoid information leakage and
preserve unbiased performance estimation.

Algorithm 2.1 Data preparation and adaptive augmentation

Input: Raw fundus image dataset
D = {(Xi, YDNLy Yi € {12, ..., K}

Output: Balanced and augmented dataset Dj, and class-
balanced sampler §

Step 1: Resize and Adaptive Augmentation
For each (X;,Y;) € D, perform:
1.1 Resize

X; « Resize(X;, 300 = 300)

Step 2: Compute Class Frequencies
Define class frequency for class kas:

N
fi =Y IG=k)k€{12,...K)
i=1

Define the class-count vector:

c=[1 f2 - fxl

Total number of samples:
K
N = z e
k=1

Step 3: Minority-Class Condition
A sample (X;’ Y;)is treated as minority if:
fri <t

where tis the minority threshold.

Step 4: Augmentation Rule
The augmentation applied to X;is:

g _ {‘Astrong(xi)! ifin <7

Pl Amia(X;),  otherwise.

Strong augmentation operator:

‘Astrong
={ RandomResizedCrop , Flip , Rotation , Color]itter }

Mild augmentation operator:
Amia = {Resize , Normalize}

Step 5: Compute Class Weights (Inverse Frequency)
Class weights are computed as:

N
W, = E,k €{12,..,K}

Weight vector:
W=[Ww, W, - W]

Step 6: Assign Sample Weights
Each sample weight is assigned as:
w; =Wy, i=12,..,N

Weight collection:
w= [W1 Wy e WN]T

Step 7: Weighted Random Sampling
Sampling probability for each sample iis:




The sampler Sis defined as:
S = WeightedRandomSampler (w)

Step 8: Final Balanced Dataset
The augmented balanced dataset is formed as:

Dy = (KW},

Step 9: Return
Return:
Dy 8)

Data Preparation & Adaptive Augmentation: The first stage
of the pipeline is to create a high-quality, balanced, and diverse
dataset for training models. For all retinal fundus images, we
resize them to 300 x 300 pixels and normalize them as input
channels for EfficientNet. An adaptive augmentation is used
to mitigate dataset imbalance: weak augmentation (crops,
rotations, vertical and horizontal flips, color jitter, etc.) is
applied to majority-class samples after they are resized and
normalised according to the usual procedure, and substantial
random augmentation is used to minority-class samples. This
preserves constrained diversity without altering the class
distribution. The tentative sampling policy is defined based on
the inverse of class frequency, so that each batch of training
samples contributes equally to model learning. By this
statistical dynamic balance-augmentation hybrid, the dataset
becomes statistically balanced and visionarily enriched,
thereby improving generalization performance while
alleviating overfitting.

Hybrid EfficientNet-B3 Optimisation Pipeline: The second
stage introduces a three-step hybrid optimisation strategy to
enhance feature extraction in EfficientNet-B3 without
sacrificing compact computation. Only the classifier head is
trained during the first phase (warm-up) to allow the network
to converge with minimal disturbance to pretrained weights.
In the fourth stage, we progressively unfreeze the later
MBConv blocks to fine-tune specific retinal features. In the
final step of training, we unfreeze the entire backbone and
optimize using AdamW with cosine learning rate decay, label
smoothing, and mixed precision to achieve stable
convergence. A stopping criterion is also implemented to
check validation performance and save the state when the best
model is reached. This staged fine-tuning enables optimal
alignment with retinal pathology patterns and alleviates
catastrophic forgetting.

Algorithm 2.2 Hybrid EfficientNet-B3 optimization strategy

Input: Balanced dataset D,,, pretrained EfficientNet-B3 model
M, total epochs E, warmup epochs E,,, number of unfrozen
blocks K , patience limit
Output: Optimized model M™.

Pmax

Step 1: Model Initialization
1.1 Initialize EfficientNet-B3 with pretrained weights:
M P Mgl'e

1.2 Partition parameters into backbone and classifier head:
6 = {Bop, Ohead}

1.3 Freeze backbone parameters:
ngbL =0= be fixed
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Step 2: Loss Function With Label Smoothing
2.1 For logits z; = M (x;)and predicted probability:
p; = softmax (z;)

2.2 Define smoothed ground-truth distribution for class y;:

l1—-¢ k=y,
5i,k={ €

-1 fF

where Cis the number of classes and ¢ € (0,1)is the smoothing
factor.

2.3 Label-smoothed cross entropy loss:
N

C
Lis=-5 ;mmww

i=1

Step 3: Optimizer Definition
3.1 Define AdamW optimizer (only train head initially):
0 « AdamW (G4, M0, 1)

where 7yis the initial learning rate and Ais the weight decay.

Step 4: Warmup + Cosine Learning Rate Schedule

4.1 Define total steps per epoch as T
4.2 Learning-rate scheduler:
ne) .
No - E, 1<e< Ey,

1 e—
Nmin + E(Uo — Mmin) [1 + cos (rr .

Step 5: Training Loop
Initialize:
BestAcc « 0,patience « 0

For each epoche =1,2, ... E:
Step 5.1: Update Learning Rate
5.1.1 Update learning rate:

n < n(e)

Step 5.2: Warmup Training Phase
5.2.1 If e £ E,,,, train only classifier head:
6 « {6y, frozen, B,,q trainable}

Step 5.3: Adaptive Unfreezing After Warmup
5.3.1Ife = E,, + 1, unfreeze the last KMBConv blocks:

Gb(]f ) trainable

5.3.2 Reinitialize optimizer with reduced learning rate:
0 « AdamW ({Byeag, 673, arjo, 2)

where a € (0,1)is the learning-rate reduction factor.
Step 5.4: Forward and Loss Computation
For each mini-batch (X,y) € Dj:
5.4.1 Forward pass:
z=M(x)

5.4.2 Compute prediction distribution:
p = softmax (z)

5.4.3 Compute loss:

t=Lis(Py)
Step 5.5: Mixed-Precision Backpropagation (AMP)
5.5.1 Use AMP scaling:

’Escaled =s-{

where sis the dynamic scaling factor.




5.5.2 Gradient update:
6<6-— n- O(VB{)scaled)

Step 5.6: Validation and Accuracy Measurement
5.6.1 Compute validation accuracy:

Ny
1 -
Accyy = == " I(arg max (By) = ¥:)
Vi=

Step 5.7: Best Model Selection and Early Stopping
5.7.1 If Acc,y > BestAcc:
BestAcc < Acc,, M™ « M patience < 0

5.7.2 Else:
patience « patience + 1

5.7.3 If patience = Pp,,y, terminate training:
break

Step 6: Return Best Model
Return: M

Algorithm 2.3 Inference, confidence scoring, and diagnostic
decision
Input:  Trained model M* |, test image Xiest
Output: Predicted class ¥, confidence score €, and Diagnostic
Confidence Index (DCI)
1. Resize and normalize the input image X;.s:t0 300 X
300.
2. Pass the image through the trained model to obtain
logits:

z = M"(X¢est)

3. Convert logits into class probabilities using the softmax
function:
e?i

4. Determine the predicted class label:
Y = arg max (p)

5. Compute the confidence score as the maximum
probability:
C = max (p)
6. Calculate entropy to measure prediction uncertainty:
H= —Zm log (p:)

L

7. Compute the Diagnostic Confidence Index (DCI):
DCI = (C — H) X scaling factor

8. Return the predicted class ¥, confidence score C, and

DCI.

Inference, Confidence Scoring & Diagnostic Decision: In
the final stage, we perform inference and diagnostic decision-
making using the fine-tuned EfficientNet-B3 model. For each
test image, we perform standard preprocessing and then
forward it through the network to obtain class scores. The
softmax probabilities are later used to calculate the predicted
class and its confidence. To improve clinical interpretability,
we recommend a Diagnostic Confidence Index (DCI) that
combines the maximum softmax probability with entropy-
based uncertainty estimation. This measure allows for a more
accurate estimate of an automated screening system's
performance. The intermediate output includes the diagnosis

class prediction and model trustworthiness, as well as DCI
values at the topmost layer, which are interpretable to
clinicians when assessing diagnostic decision accuracy and
reliability. This step uses deep learning and probabilistic
inference to provide strong interpretability of the decision-
making interface for medical screening procedures.

EfficientNet-B3 was selected because its compound scaling
strategy enables improved feature extraction performance
while maintaining relatively lower computational complexity
compared with deeper residual architectures. This balance
between accuracy and efficiency makes the model suitable for
large-scale DR screening systems requiring practical
deployment feasibility.

4. IMPLEMENTATION AND RESULT DISCUSSION
4.1 Dataset

The dataset adopted in this paper is obtained from a
collective, termed as Unified Eyepacs—Aptos—Messidor DR
Repository accessible on Kaggle, which incorporates images
combined from four popular public retinal datasets: Eyepacs,
Aptos, Aptos (Gaussiansmoothed), and Messidor. The entire
dataset consists of 92,501 color fundus images, all saved at
600 x 600 pixels, after a massive preprocessing pipeline that
includes manual augmentation, Gaussian enhancement, and
uniform resizing, reducing storage requirements from 18.5 GB
to 3.8 GB by eliminating redundant computation during
training. The raw authors themselves applied ~55% manual
augmentation to incorporate realistic variations in retinal
shapes, brightness aberrations, contrast anomalies, and camera
distortions. Following that, we consider a balanced subset of
12,580 images, with representative samples for all grades of
DR, and split the data into train/validation/test sets with ratios
of 70:15:15, respectively, for our experiments. To prevent data
leakage and ensure fair model evaluation, all augmentation
operations were applied exclusively to the training subset after
the dataset splitting procedure was completed. The validation
and testing subsets contained only original unseen retinal
images without augmentation. The reported 55%
augmentation was therefore limited to training data generation
for improving class balance, robustness, and model
generalization while maintaining strict separation between
training and evaluation samples. This subset has been chosen
for controlled experimentation while maintaining statistical
dissimilarity with the joined domain Eyepacs—Aptos—
Messidor. The complete dataset and the single-source repo are
available online [45].

Sample Training Images

Label: NRG Label: NRG Label: RG Label: RG

Figure 4. Sample training dataset

Figure 4 shows a sample set of training images for the
retinal classification task, belonging to two classes: NRG and
RG. The first two NRG-labeled images show relatively
healthy retinal structures, with a clear optic disc and vascular



pattern visible, along with a few pathological signs. The
following two images, denoted as RG, differ significantly in
color, texture, and illumination, suggesting they may be
abnormal and warrant clinical concern. The figure emphasizes
visual heterogeneity within each category, reflecting variation
in retinal pigmentation, luminance, and lesion visibility. These
two samples illustrate the difficulty of the dataset and the need
for effective feature learning for discriminating DR.

4.2 Optimized ResNet—152 model

Figure 5 shows the final performing analysis of the retinal
image classification model using several diagnostic plots. The
confusion matrix (bottom-left) reveals that the model
successfully predicts the majority of NRG and RG cases,
resulting in balanced performance across both classes. The
ROC curve (top-right) demonstrates high discriminative
performance with an AUC of 0.98. The performance metrics,
including accuracy (0.93), Precision (0.92), Recall/Sensitivity
(0.95), specificity (0.92), and F1-score (0.94), along with the
ROC plot, are presented in this table, demonstrating the
model's resilience. The loss curve (bottom-left) captures a
significant decrease in training loss at initial epochs, leveling
off after some time, possibly indicating successful learning
and convergence. Lastly, the accuracy curve (bottom-right)
shows that both training and validation accuracies increase
steadily, with a peak in validation accuracy early on, followed
by sustained high values, indicative of good generalization
with little overfitting. In total, Figure 5 shows a stable and
effective deep learning model for NRG vs. RG classification.

Figure 5. ResNet—152 Model performance evaluation of the
retinal image classification model

GT: RG
Pred: RG

GT: NRG
Pred: NRG

GT: RG
Pred: RG

Figure 6. Retinal fundus images illustrating both correct and
incorrect predictions

Figure 6 shows a pair of fundus retinal images depicting the
model's correct (RG) and incorrect (NRG) predictions for the
typically referable and non-referable class labels of DR.
Images 1 and 3 depict RG samples correctly classified by the
model, which detected indicators of referable disease despite
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varying lighting and retinal appearance, as shown in the
middle image. Figure 6 shows a misclassification example in
which the ground truth is NRG, but the model incorrectly
predicts NRG, highlighting another ambiguous example with
near-opposite features. This visual comparison showed that
the model performs well at identifying referable cases and
confirmed that there is occasional uncertainty in classifying
some mild or indeterminate images. In general, the figure
provides valuable insights into the model's decision-making
and presents examples of both correct and difficult predictions.

4.3 Optimized EfficientNet-B3

All reported multiclass classification metrics, including
accuracy, precision, recall, F1-score, specificity, and ROC-
AUC, are computed on independent validation and testing
datasets to ensure unbiased performance evaluation of the
proposed EfficientNet-B3 framework.

The training confusion matrix for the five-class DR
classification model is shown in Figure 7, demonstrating high
multiclass classification accuracy during training with an
overall training accuracy of 99.30%. The true DR grade (No
DR, Mild, Moderate, Severe, and Proliferative) is represented
in the rows, while the model's predicted class (including No
DR) is shown in the columns. The cells on the diagonal are
filled with large numbers, indicating that the overwhelming
majority of your samples were correctly classified across all
categories.

TRAIN Confusion Matrix
Accuracy: 99.25%

No DR

True Class

Proliferative DR Severe DR Moderate DR Mild DR

Moderate DR Severe DR proliferative DR

Predicted Class

No DR mild DR

Figure 7. Training confusion matrix for the five-class
diabetic retinopathy (DR)

This is evident from only a few misclassifications in the off-
diagonal cells, reflecting occasional confusion between
neighboring stages of severity: Mild vs Moderate DR or
Severe vs Proliferative DR, which can be understood given
subtle clinical spectrum similarity. The matrix demonstrates
strong feature-learning capabilities and a well-balanced ability
to discriminate DR stages, learned during training D DR,
indicating that the model can capture global retinal structures
as well as local fine-grained pathological details when
detecting multiclass DR.

The confusion matrix of the 5-class DR classification model
validation is presented in Figure 8, and the overall validation
accuracy is satisfactory (98.98%). The confusion matrix
indicates consistent classification performance across
validation samples: in fact, diseased from each class (No DR,
Mild DR, Moderate DR, Severe DR and Proliferative) are
almost all correctly classified as suggested by the high



diagonal entries. Misclassifications occurs less frequently, e.g.
across adjacent levels of severity (Mild vs Moderate and
Severe vs Proliferative DR) reflecting the overlapping visual
features. The small off diagonal errors also suggest that the
model has good discrimination, even on validation data it was
not trained on. Altogether, the number indicates a good high-
level generalization/convergent learning capability for
multiclass classification in all stages of DR.

VALID Confusion Matrix
Accuracy: 99.05%

No DR

True Class

Profiferative DR Severe DR Moderate DR Mild DR

Moderate DR Severe DR

Predicted Class

No'DR Mild DR Proliferative DR

Figure 8. Validation confusion matrix for the five-class
diabetic retinopathy (DR)

The confusion matrix in the testing set based on five-class
DR classification is illustrated in Figure 9, demonstrating the
effectiveness of F-GF in normal and abnormal cases. The
model has good generalization and can successfully classify
unseen test data, with almost all but few (confusion based off-
diagonal) samples being correct classified into the 5 DR-grade
(No DR, Mild DR, Moderate DR, Severe DR, Proliferative
DR) categories as indicated by the large diagonal entries. Very
few errors occur and those that do, mainly consist of
neighbouring severity levels as these are visually close to each
other due to overlap between resolving pathology and
pathological progression. The clear class demarcation and
scarcity of off-diagonal errors express the robustness, stability,
generalisation capability of the trained model. Overall, this
number validates that, outside of the training and validation
phases, the model can effectively predict real-world
diagnostics applications.

TEST Confusion Matrix
Accuracy: 98.94%

No DR

0

Mild DR

True Class

Proliferative DR Severe DR Moderate DR

- o 0 4

proliferative DR

' i
Moderate DR severe DR

Predicted Class

' |
No DR Mild DR

Figure 9. Test confusion matrix for the five-class diabetic
retinopathy (DR)

Figure 10 shows the training and validation accuracy curves
at 40 epochs, illustrating how the model learns and
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generalizes. Both curves are monotonically increasing and
demonstrate a steady improvement as the model learns
valuable retinal features for DR classification. In the first few
epochs, some fluctuations can also be observed in the
validation curve, indicating how the model adapts to variations
within the dataset. Later in training, the accuracy for both the
training and validation sets slowly converges to above 90%
after tens of epochs. The late matching of the two curves
indicates a small degree of overfitting and strong
generalization, indicating that our model learns non-redundant
discriminative features and maintains stable performance on
novel validation samples. On the whole, this ensures a nice
learning process figure that is well-behaved, with accuracy
consistently increasing during training.

Accuracy

1 — train
val

0.9 {

w4
Vel

Yevd

0.8 1

Accuracy

0.7 1

0.6

20 25 30 35 40

Epoch

Figure 10. Training and validation accuracy curves over 40
epochs

Loss

—— train
val

Figure 11. Training and validation loss curves over 40
epochs

ROC Curve

o8

o6

True Positive Rate

o4 o
.

Figure 12. ROC curve for the diabetic retinopathy (DR)
classification model

Figure 11 shows the training and validation loss curves after
40 epochs, providing a view of how the model is being



optimized during learning. Both curves show a decreasing
trend, suggesting that the model gradually reduces error as it
iteratively improves its perception of retinal features across
different stages of DR. At first, the validation loss is nearly as
slight as the training loss, and it varies only slightly from it
since its data source is not entirely random. With ongoing
training, however, we can see that the two curves are getting
ever closer to each other, with a synchronized drop, and finally
meet near zero loss. This alignment implies that learning is
stable, generalization is effective, and overfitting is minimal.
The smooth, consistent decrease in loss across epochs
demonstrates that our optimization is well-tuned, enabling the
model to achieve good predictive accuracy while preserving
robustness on both the training and validation datasets.

Figure 12 shows ROC curve of the DR classification model,
indicating that it is able to distinguish between different
diabetes types quite effectively (AUC = 1.00). Finally, curve
is close to the top-left corner of the plot, indicating that
sensitivity exists at an optimal level over all levels of false-
positive rate. The ROC curve indicates high sensitivity with a
comparatively low false-positive rate under the current
evaluation setting. This implies that it is able to distinguish the
target class from non-target classes quite effectively. The
dashed diagonal line is the random classifier. The wide
separation between this line and the model curve indicates that
the model does a good job of predicting. The ROC curve
indicates strong discriminative capability of the proposed
model under the current benchmark evaluation setting;
however, additional external validation on heterogeneous
clinical datasets is necessary to further confirm its robustness
and real-world applicability.

Although our proposed EfficientNet-B3 framework
produced extremely high classification accuracy and ROC-
AUC performance under the present set of experimental
conditions, these results were nevertheless derived from a
curated benchmark dataset with consistent preprocessing and
well-defined training protocols. Caution should thus be
exercised with regard to the near-optimal ROC-AUC values
given that medical image classification performance in one
clinical environment, on a particular imaging device or in a
specific patient population may not be reproducible externally.
For transparency, we also report precision, recall, specificity,
Fl-score and confusion matrix analysis based on our
evaluation metrics. Future directions will concentrate on the
external clinical validation of findings, as well as cross-
institutional evaluation to assess robustness and generalization
capability of this framework.

4.4 Test result

The performance analysis includes both binary
classification benchmarking results obtained using the
baseline ResNet-152 framework and multiclass grading results
produced by the proposed EfficientNet-B3 model. This dual
evaluation strategy allows assessment of both general DR
screening capability and fine-grained disease severity grading
performance.

Figure 13 shows examples of the fundus image that were
correctly classified. The correct (green) True (T) and Predicted
(P) class are indicated for each sample. This visualization
shows the stability of the model performance for several
classes, which characterizes a more precise and consistent
retinal image classification.

Figure 14 shows a few examples that test predictions
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illustrate the model's ability to correctly classify authentic
retinal images and avoid misclassifications. Each image is
captioned with the ground truth label (T) and the model's
predicted label (P), along with a confidence score indicating
how confidently it made its prediction within and outside its
chosen class. Most of them provide accurate forecasts with
high confidence, with the actual class 0 selected correctly in
several samples and confidence > 0.80, indicating good
generalization capabilities.

T2 T0 T0 T2 T:3
P. 2 P 0 P: 0 p. 2 P. 3
i y
.

Ta
P4

2 T T2 73
P 2 P: 1 P2 ZE]

= if“

I !' S

Figure 13. Correctly classified and misclassified retinal
fundus images

Sample Test Predictions.
.0
P-1(0.40)
T 0
P:0(0.61)

Figure 14. Sample test predictions that highlight the model's
performance

Note, nonetheless, that some misclassified cases do emerge
actual class 0 is predicted as classes 1 and 2 with low
confidence scores due to subtle retinopathy and poor image
quality, making classification difficult. In general, the figure
demonstrates that the model is capable of accurate predictions
across a range of test samples, and it shows a few borderline
cases where classification uncertainty is increased by complex
retinal patterns or image distortion.

Ground Truth Mask

Input Image Ground Truth Mask

Figure 15. The segmentation results for the optic disc
localization task

Input Image Predicted Mask

Predicted Mask

Figure 15 shows the segmentation results for the optic disc
localization task, compared with the corresponding ground
truth. Each row shows an input retinal fundus image, its
manually annotated mask, and the model-generated mask.
Ground-truth masks mark the optic disc region with a red ring
on a blue background and serve as a gold standard for precise
localization. The predicted masks show substantial overlap



with the annotated ground truth masks across varying retinal
imaging conditions. In both examples, the generated masks
closely match the ground truth, demonstrating robust
segmentation performance under varying illumination and
retinal texture. This number indicates that the model can
successfully identify the optic disc, which is the first and
essential stage of further DR analysis and feature extraction.

4.4.1 Computational complexity and inference analysis

Apart from classification performance, the authors
investigated computational complexity and inference
efficiency to access the practicality of the proposed framework
for real-world DR screening applications. The baseline
ResNet-152 model went with 60M trainable parameters, while
our proposed EfficientNet-B3 architecture represents much
more efficient model which achieves similar performance
(12M params roughly) based on its compound scaling strategy.
An EfficientNet-B3, having reduced computational cost,
yielded superior multiclass classification performance while
preserved efficient feature representation potential.

The proposed model was implemented in a training
environment that utilized a high-end NVIDIA GPU with
mixed-precision optimization. The average inference time for
a single retinal fundus image measured a few milliseconds
under GPU execution, indicating the potential of applying near
real-time  screening applications.  Additionally, the
EfficientNet-B3 architecture is more amenable to deployment
in cloud-assisted screening systems, edge-computing devices,
and teleophthalmology platforms as it has a lower parameter
count and computational footprint compared to larger deep
learning architectures.

These results suggest that our proposed framework achieves
a reasonable trade-off between diagnostic performance and
efficiency, two factors that are particularly important for

deployable clinical screening systems.
4.5 Performance comparison

The comparative analysis presented in Table 1 is intended
as a literature-level performance reference rather than a strictly
controlled benchmark comparison. Since the reviewed
methods were evaluated on different retinal datasets,
preprocessing  pipelines, augmentation settings, class
distributions, and experimental protocols, direct numerical
comparison should be interpreted cautiously. The proposed
EfficientNet-B3 framework was evaluated under a unified
experimental setup using the combined Eyepacs, Aptos,
Aptos-Gaussian Filtered, and Messidor datasets, whereas the
compared studies reported results under their respective
independent evaluation conditions.

In Table 1, we provide a full comparative analysis of state-
of-the-art and proposed models such as Retinal Image
Segmentation Models (RIMs) based on all four performance
measures like Sensitivity, Precision, Specificity and Accuracy.
Table 2 shows computational complexity used in
implementation. It is also evident in Figure 16 that the
proposed optimized EfficientNet-B3 achieves superior
capability to correctly classify positive samples, with a highest
sensitivity among all models. It also shows precision results
with increased true positives of the proposed models. and
compares specificity, which boasts good negative sample
discrimination. Figure 16 illustrates that the proposed
EfficientNet-B3 framework achieves competitive
performance relative to previously reported methods;
however, differences in datasets and evaluation protocols
across studies should be considered when interpreting these
comparisons.

Table 1. Performance comparison of existing methods and proposed models

Reference & Models Dataset F-score (%) Precision (%) Sensitivity (%) Specificity (%) Accuracy (%)
Fuzzy+ANN+SVM [34] STARE - - 70.14 98.46 95.53
ICA [35] STARE - - 78.60 98.20 96.70

RBFNN [36] DIARETDBI1 - - 87.00 93.00 -
RV-GAN [37] STARE 83.23 82.90 83.56 98.64 97.54
Dense-U-Net [38] DRIVE - - 79.31 98.96 96.98
KNN [39] DIARETDBI - - 92.60 87.56 95.00
Attention+U-Net [40] STARE 83.94 88.22 80.06 98.66 97.96
ResEAD2Net [41] STARE - - 90.24 99.01 98.07
U-Net [42] STARE 82.98 88.50 78.11 98.80 96.60
WS-DMF [43] STARE - - 84.48 98.54 96.13
WS-DMF [43] HRF - - 83.78 99.75 95.71
MU-Net [44] STARE - - 82.64 98.21 96.93
CNN-RBF [16] STARE 97.56 100.00 95.24 100.00 97.30
CNN-RBF [16] HRF 92.31 85.72 100.00 83.33 91.37
CNN-RBF [16] FFA 96.77 100.00 93.75 100.00 96.43
CNN-RBF [16] ALL 96.47 97.62 95.35 97.06 96.10
Our ResNet-152 Combined 91.56 90.99 92.14 91.89 91.96
Our Optimized ResNet-152 Combined 94.00 93.02 95.00 92.00 93.00
Our EfficientNet-B3 Combined 96.45 97.05 95.86 96.21 95.94
Our Optimized EfficientNet-B3 Combined 98.72 98.64 98.80 98.98 99.00
Table 2. Computational complexity
Model Parameters (Approx.) Input Size Classification Type Inference Complexity
ResNet-152 ~60M 224 x 224 Binary High
EfficientNet-B3 ~12M 300 x 300 Multiclass Moderate
Proposed Optimized EfficientNet-B3 ~12M 300 x 300 Multiclass Moderate + Optimized




Result Analysis
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Our Optimized EfficientNet-B3

Figure 16. Comparative result analysis of proposed models

A fully standardized comparison using identical datasets,
preprocessing strategies, and training configurations across all
competing models remains an important direction for future
investigation.

4.6 Clinical applicability and practical deployment

The proposed EfficientNet-B3 framework is intended to
function as a computer-aided screening and decision-support
system for DR analysis rather than as a replacement for
ophthalmologists. In practical clinical settings, the system can
be integrated into retinal screening workflows to automatically
analyze fundus photographs and identify patients requiring
urgent ophthalmic referral. Such automated pre-screening can
significantly reduce clinician workload, accelerate large-scale
DR screening programs, and improve early diagnosis rates,
particularly in rural and resource-constrained healthcare
environments where trained retinal specialists are limited.

The framework is also compatible with teleophthalmology-
based screening systems in which retinal images captured at
remote diagnostic centers can be processed automatically
through cloud-based or edge-computing infrastructures. The
relatively compact architecture of EfficientNet-B3 further
supports efficient inference with reduced computational
requirements compared with heavier deep learning models,
making it suitable for scalable deployment in real-world
healthcare systems.

Despite the promising experimental performance, several
practical challenges remain before clinical deployment.
Variability in imaging devices, illumination conditions,
patient demographics, and image quality may influence real-
world diagnostic reliability. Therefore, extensive external
validation using multicenter clinical datasets and prospective
ophthalmic screening studies is required prior to integration
into routine medical practice. In addition, explainability,
regulatory approval, patient privacy, and clinician trust remain
important considerations for safe deployment of Al-assisted
diagnostic systems in healthcare environments.

5. CONCLUSION

In this paper, introduce a powerful deep learning method for
effective multiclass DR detection wusing an optimal
EfficientNet-B3 architecture. Leveraging the powerful feature
extraction capabilities and multi-dataset learning, our
framework achieves better results than classic and DL-based
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solutions. The proposed framework improves upon the
standard EfficientNet-B3 implementation through adaptive
augmentation, staged transfer learning, hybrid optimization,
and confidence-aware inference strategies specifically
designed for multiclass DR grading. Furthermore,
EfficientNet-B3 provides a favorable balance between
classification performance and computational efficiency due
to its reduced parameter complexity compared with deeper
conventional residual architectures. Comprehensive results on
the Eyepacs, Aptos, Aptos (Gaussian Filtered), and Messidor
DR Datasets show that it outperforms most state-of-the-art
approaches in terms of accuracy, sensitivity, and specificity,
with a model adaptation to the training images. It is worth
noting that EFNN-B3 achieves the best performance, with an
accuracy of 99%. Moreover, experimental comparison with
baseline frameworks of ResNet-152, CNN-RBF, U-Net
variants and WS-DMF shows that the proposed efficient
network can consistently capture indicative subtle retinal
abnormalities at different stages of DR in a practical way; its
robust generalization soundly reveals the potential as a
clinically practical decision-assisting tool in extensive scale
screening and early disease-specific diagnostic system for DR.
In practical healthcare environments, the proposed framework
can support ophthalmologists by enabling automated retinal

pre-screening, prioritization of high-risk patients, and
teleophthalmology-assisted DR screening in resource-
constrained clinical settings. Despite the promising

experimental performance, further validation using external
multicenter retinal datasets and prospective clinical
evaluations is required before deployment in real-world
diagnostic environments. In addition, variability in retinal
image quality, imaging devices, patient demographics, and
clinical acquisition conditions may influence the real-world
generalization capability of the proposed framework.
Although the proposed framework demonstrates strong
benchmark performance, improving model interpretability and
clinician trust remains an important challenge for future Al-
assisted ophthalmic diagnostic systems. Future work will
focus on prospective clinical validation, real-time deployment
optimization, explainable Al integration, and interoperability
with  hospital-based retinal imaging systems and
teleophthalmology platforms.
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NOMENCLATURE

DR

CNN

DL
RG

NRG

Diabetic Retinopathy
Convolutional Neural Network
Deep Learning

Referable Retinopathy Group
Non-Referable Retinopathy Group
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AUC
ROC
GAP
MBConv
DCI
AMP

FC
ReLU
AdamW

ViT
GAN
CNN-
RBF
WS-DMF
ECOC
ELM
SVM
ANN
GF

TP
TN

Area Under the Curve

Receiver Operating Characteristic

Global Average Pooling

Mobile Inverted Bottleneck Convolution
Diagnostic Confidence Index

Automatic Mixed Precision

Fully Connected Layer

Rectified Linear Unit

Adaptive Moment Estimation with Weight
Decay

Vision Transformer

Generative Adversarial Network
Convolutional Neural Network—Radial Basis
Function

Weighted Sampling—Deep Matched Filtering
Error Correcting Output Codes

Extreme Learning Machine

Support Vector Machine

Artificial Neural Network

Gaussian Filtered

True Positive

True Negative

1367

FP
FN

False Positive
False Negative

Greek symbols

Q DM TR

Subscripts

train
val
test
pred
true
i

c

Learning rate

Weight decay / optimization coefficient
Label smoothing factor

Model parameters

Softmax probability distribution

Training dataset
Validation dataset
Testing dataset
Predicted class
Ground truth class
i-th sample

Class index





