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ABSTRACT

Ocular diseases such as diabetic retinopathy, glaucoma, and cataract remain major causes of vision loss worldwide, cre-
ating an increasing demand for accurate and reliable automated diagnostic systems. Although deep learning techniques
have demonstrated strong performance in retinal image analysis, their clinical adoption is still limited by challenges
related to predictive reliability, robustness, and interpretability. This study presents HEFR-Net (Hybrid EfficientNet-B3
and ResNet-50 Feature-Fusion Network), a hybrid deep learning framework designed for multi-class classification of
retinal fundus images. The proposed architecture integrates EfficientNet-B3 and ResNet-50 through feature-level fusion,
enabling the model to capture both fine-grained texture patterns and high-level structural characteristics associated
with retinal diseases. To enhance predictive reliability, label smoothing is incorporated as a calibration-oriented
regularization strategy, reducing overconfidence in model predictions. In addition, Grad-CAM is employed to provide
visual explanations by highlighting clinically relevant regions that contribute to the model’s decisions. The framework
is evaluated on a publicly available dataset consisting of 4,217 retinal fundus images across four diagnostic categories:
Normal, Cataract, Glaucoma, and Diabetic Retinopathy. Experimental results show that HEFR-Net achieves an accuracy
of 95.50%, indicating improved performance compared to conventional single-model and standard ensemble approaches.
Further analysis demonstrates consistent performance across classes, along with interpretable activation patterns aligned
with clinically meaningful features. Overall, the proposed framework provides an accurate, reliable, and interpretable
approach for automated retinal disease classification, supporting its potential application in computer-aided diagnosis
and clinical decision support systems.
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1. Introduction

Visual impairment remains a major global health
challenge, with large-scale epidemiological studies
indicating that hundreds of millions of individu-
als suffer from moderate to severe vision loss or
blindness, the majority of which could be prevented
through early diagnosis and timely intervention [1].
Among the leading causes of vision impairment are
cataract, glaucoma, and diabetic retinopathy (DR),
all of which significantly contribute to irreversible
blindness, particularly among aging populations and
individuals with chronic metabolic disorders such

as diabetes mellitus [2]. Glaucoma, often referred
to as the “silent thief of sight,” is especially criti-
cal due to its progressive and asymptomatic nature,
leading to irreversible optic nerve damage if not
detected early [3]. Traditionally, retinal disease diag-
nosis relies on manual examination of fundus images
by trained ophthalmologists; however, this process
is time-consuming, subjective, and prone to inter-
observer variability, particularly in resource-limited
settings where expert availability is constrained
[4, 5].

Recent advances in deep learning (DL), particu-
larly convolutional neural networks (CNNs), have
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significantly transformed medical image analysis by
enabling automatic feature extraction directly from
raw pixel data [6]. Early architectures such as LeNet
and AlexNet laid the foundation for visual recogni-
tion tasks, while more advanced models, including
VGG, Inception, and ResNet, have demonstrated su-
perior performance in ophthalmic image analysis [7].
Building upon these developments, automated retinal
disease classification has rapidly evolved, primarily
leveraging transfer learning with pretrained archi-
tectures. Recent studies have reported multi-class
classification accuracies ranging from 87% to over
94% using models such as ResNet [8–11], Efficient-
Net [12, 13], and custom-designed CNN architectures
[14]. Furthermore, hybrid approaches combining
deep learning representations with classical machine
learning classifiers [15], as well as explainability
techniques such as LIME, have been explored to
enhance interpretability in clinical contexts [16].
In addition to these advancements, recent studies
have further explored diverse CNN-based and hybrid
strategies for retinal disease classification. Compar-
ative analyses of multiple CNN architectures have
demonstrated that models such as ResNet-152, Effi-
cientNet, MobileNet, and DenseNet can achieve high
diagnostic performance, with ResNet-152 reaching
an accuracy of 94.82%, highlighting the importance
of architecture design and preprocessing techniques
such as CLAHE [24]. Moreover, semi-supervised
learning approaches have been introduced to ad-
dress the challenge of limited labeled medical data,
where a dual-branch framework (DB-SSL) achieved
an accuracy of 93.14% by effectively leveraging
both labeled and unlabeled data, improving robust-
ness and generalization in multi-class classification
tasks [25]. In parallel, multi-model CNN approaches
have shown that combining different architectures
enhances feature representation by capturing diverse
visual patterns, leading to improved performance
compared to single-model methods [23]. Despite
these advancements, single-architecture models in-
herently suffer from several limitations. Deep residual
networks excel in capturing high-level semantic
structures but may overlook fine-grained textural
abnormalities critical for early-stage DR detection,
whereas lightweight models often sacrifice repre-
sentational depth for computational efficiency. To
address these trade-offs, recent research has explored
hybrid and ensemble strategies; however, prediction-
level fusion and simple model averaging often fail to
fully exploit complementary feature representations,
resulting in suboptimal robustness and generalization
[17]. Consequently, feature-level fusion approaches
that integrate complementary architectures, such as
EfficientNet for fine-grained texture representation

and ResNet for structural feature extraction, have
emerged as a promising direction for improving di-
agnostic performance [18].

In parallel, the clinical deployment of deep learning
systems remains constrained by challenges related
to reliability, robustness, and interpretability—key
principles of Trustworthy AI [19]. In particular, pre-
dictive calibration has received limited attention in
existing studies, despite its critical role in ensuring
that model confidence aligns with actual predic-
tive accuracy. Models trained using conventional
cross-entropy loss with hard labels are prone to
overconfidence, often producing misleadingly high
probability estimates in uncertain or ambiguous cases
[20]. Such behavior can undermine clinical trust and
pose risks in decision-support systems. Label smooth-
ing has been proposed as an effective regularization
technique to mitigate overconfidence by softening
target distributions, thereby improving generaliza-
tion and calibration performance [21]. However, the
integration of calibration mechanisms with hybrid
feature-learning frameworks remains largely unex-
plored.

To address these gaps, this study proposes a uni-
fied Trustworthy AI framework for retinal disease
classification. This study introduces HEFR-Net (Hy-
brid EfficientNet-B3 and ResNet-50 Feature-Fusion
Network), which integrates feature-level fusion,
calibration-aware training, and explainability within
a single end-to-end architecture. Unlike existing ap-
proaches that treat these components independently,
the proposed framework performs bottleneck-level
feature fusion between EfficientNet-B3 and ResNet-
50 to jointly capture fine-grained textural features
and high-level structural representations. In addition,
label smoothing is incorporated to enhance predictive
calibration, while Grad-CAM is employed to provide
clinically meaningful visual explanations. This inte-
grated design aims to improve robustness, reliability,
and interpretability, particularly in challenging di-
agnostic scenarios such as glaucoma detection. The
main contributions of this work can be summarized
as follows:

1. Hybrid Feature-Fusion Architecture: HEFR-
Net is proposed as a dual-stream CNN frame-
work that integrates EfficientNet-B3 and ResNet-
50 through feature-level fusion to capture
complementary textural and structural represen-
tations of retinal images.

2. Calibration-Oriented Training Strategy: The
training process incorporates label smoothing
and class weighting to reduce overconfidence,
improve predictive calibration, and address
class imbalance.
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Fig. 1. Sample retinal fundus images for the four diagnostic classes.

3. Enhanced Classification Performance: The
proposed model achieves a testing accuracy
of 95.50% on a publicly available dataset of
4,217 retinal fundus images, outperforming con-
ventional single-model and standard ensemble
approaches.

4. Explainable and Reproducible Framework:
Grad-CAM-based visual explanations and de-
tailed methodological design are provided to
ensure interpretability, transparency, and repro-
ducibility.

The remainder of this paper is organized as fol-
lows. Section 2 describes the proposed methodology,
including the dataset, preprocessing pipeline, hybrid
architecture, and training strategy. Section 3 presents
and discusses the experimental results, including
quantitative evaluation, confusion-matrix-based er-
ror interpretation, explainability, ablation analysis,
comparative evaluation, and reproducibility consid-
erations. Section 4 concludes the paper and outlines
future research directions.

2. Methodology

In this study, retinal diseases are not modeled us-
ing a physiological or anatomical simulation of the
human eye. Instead, a phenotypic image-based ap-
proach is adopted, where each class is defined by its
visual manifestation in color fundus images. Cataract
is associated with diffuse lens opacity and reduced
image clarity, glaucoma with structural changes
such as optic disc cupping, and diabetic retinopathy
(DR) with vascular abnormalities including microa-
neurysms, hemorrhages, and exudates. The dataset
used in this work is the publicly available Kaggle Eye
Disease Classification Dataset [22], which contains
4,217 images distributed across four classes: Normal,
Cataract, Glaucoma, and DR. To illustrate the vi-
sual variability and diagnostic characteristics of these

Table 1. Dataset distribution and stratified splits.

Class Total Images Training Validation Testing

Normal 1,074 866 100 108
Cataract 1,038 843 100 95
Glaucoma 1,007 816 100 91
Diabetic Retinopathy 1,098 892 100 106
Total 4,217 3,417 400 400

categories, representative samples are presented in
Fig. 1.

The dataset was divided using a stratified split
into training (3,417 images), validation (400 images),
and testing (400 images) subsets to ensure balanced
class distribution and prevent data leakage. A fixed
train–validation–test split was adopted to provide a
consistent and unbiased evaluation protocol, where
the test set remained completely unseen during model
training and hyperparameter tuning. To further en-
sure the absence of data leakage, the dataset splitting
was performed prior to any preprocessing or aug-
mentation steps, and no overlap exists between the
training, validation, and testing subsets. All prepro-
cessing and augmentation operations were applied
only to the training data, while validation and test
sets were used strictly for evaluation purposes.

To provide a clear overview of the dataset structure
and class distribution used in this study, the detailed
breakdown of images across all subsets is summarized
in Table 1.

The proposed HEFR-Net adopts a dual-stream
hybrid convolutional architecture to capture
complementary retinal features, as illustrated in
Fig. 2. EfficientNet-B3 and ResNet-50 are employed
as parallel feature extractors due to their comple-
mentary representational strengths. EfficientNet-B3
effectively captures fine-grained textural patterns
associated with subtle lesions, while ResNet-50
learns high-level structural representations relevant
to global retinal anatomy, particularly for glaucoma
detection. The choice of these architectures, instead
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Table 2. HEFR-Net architectural blocks.

Stage Component Description Output Dimension

Input Fundus Image RGB retinal image 325 × 325 × 3
Feature Extraction (Branch 1) EfficientNet-B3 Extracts fine-grained textural features + GAP 1,536
Feature Extraction (Branch 2) ResNet-50 Extracts structural features + GAP 2,048
Feature Fusion Concatenation Combines EfficientNet and ResNet features 3,584
Regularization Batch Normalization + Dropout Reduces overfitting 3,584
Feature Refinement Dense + ReLU Learns compact representation 512
Output Softmax Layer Multi-class classification (4 classes) 4

of more recent models such as transformer-based
approaches, is motivated by their strong performance
on moderate-sized medical datasets and their
computational efficiency. Transformer-based models
typically require larger datasets and higher compu-
tational resources to achieve optimal performance,
whereas CNN-based models remain more stable
and data-efficient in practical clinical settings. The
extracted features from both branches are reduced
using Global Average Pooling (GAP) and combined
through feature-level concatenation to form a unified
representation, which is subsequently passed to a
regularized classification head for final prediction.

To clearly describe the internal structure of the
model, including feature dimensions and processing
stages, the architecture of HEFR-Net is summarized
in Table 2.

The preprocessing and training strategy are de-
signed to ensure robustness, reliability, and repro-
ducibility. All images are normalized to the range
[0, 1] and resized to 325× 325 pixels to preserve fine
pathological details. During training, online data aug-
mentation is applied, including rotation, shear, zoom,
and horizontal flipping, to improve generalization.
The model is trained using categorical cross-entropy
with label smoothing (ε = 0.05) to reduce overconfi-
dence and improve predictive reliability, while class
weighting is applied to address class imbalance. Opti-
mization is performed using the Adam optimizer with
a learning rate of 3 × 10–6 and a batch size of 16.
Training stability is ensured using ModelCheckpoint,
EarlyStopping, and ReduceLROnPlateau callbacks.

To provide a clear summary of all training pa-
rameters and ensure reproducibility of the proposed
approach, the full training configuration is presented
in Table 3.

3. Results and discussion

The effectiveness of the proposed HEFR-Net frame-
work was evaluated using an independent test set
of 400 retinal fundus images that were not used
during training or validation, ensuring an unbiased
assessment of the model’s generalization capability.

Table 3. Training configuration and hyperparameters.

Category Parameter Value

Input Resolution 325 × 325 × 3
Training Batch Size 16
Optimization Optimizer Adam
Optimization Learning Rate 3 × 10–6

Loss Function Type Cross-entropy + Label
Smoothing (ε = 0.05)

Regularization Class Weighting Inverse-frequency
Data

Augmentation
Techniques Rotation (±15°), Shear (±5%),

Zoom (±10%), Horizontal Flip
Training Control Callbacks EarlyStopping, ModelCheckpoint,

ReduceLROnPlateau
Hardware GPU NVIDIA Tesla T4 (16GB)
Implementation Framework TensorFlow/Keras
Reproducibility Random Seeds Fixed

The results demonstrate that the hybrid architecture,
combined with a calibration-aware training strategy,
provides accurate and clinically relevant multi-class
retinal disease classification. In this section, quan-
titative results, class-wise behavior, error analysis,
interpretability, and comparative insights are pre-
sented and discussed in a unified manner to improve
clarity and readability.

3.1. Overall quantitative performance

The proposed HEFR-Net achieved an overall test ac-
curacy of 95.50% with a test loss of 0.3702, indicating
both high predictive performance and well-calibrated
probability estimates. To provide a comprehensive
evaluation, multiple performance metrics were ana-
lyzed, as summarized in Table 4.

These results indicate that the model maintains
strong performance across all categories without bias
toward any dominant class. This improvement is
attributed to the feature-level fusion strategy and
calibration-aware training.

3.2. Class-wise performance analysis

To better understand model behavior across differ-
ent disease categories, class-wise evaluation metrics
are presented in Table 5.
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Fig. 2. Overview of the proposed HEFR-Net hybrid architecture.

The results show consistently high performance
across all classes. Cataract detection achieved near-
perfect results due to its distinct global visual
characteristics, while diabetic retinopathy detection

benefited from the model’s ability to capture fine
vascular abnormalities. Glaucoma classification, al-
though slightly lower, reflects the inherent difficulty
of detecting subtle structural changes. The reduced
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Table 4. Performance metrics of HEFR-Net on the test set.

Metric Value Interpretation

Accuracy 95.50% High overall classification
correctness

Loss 0.3702 Indicates reliable and calibrated
predictions

Macro Precision 96% Consistent prediction reliability
across classes

Macro Recall 95% Strong ability to detect all disease
categories

Weighted F1-Score 95% Balanced performance across all
classes

Table 5. Class-wise classification performance.

Class Precision Recall F1-Score Support

Cataract 0.99 0.99 0.99 95
Diabetic Retinopathy 0.97 0.98 0.98 106
Glaucoma 0.94 0.92 0.93 91
Normal 0.92 0.93 0.92 108

recall indicates that some glaucoma cases visually
resemble normal retinal structures. The relatively
lower performance can be attributed to the nature of
glaucoma, which is primarily characterized by sub-
tle structural variations such as optic disc cupping
and changes in the cup-to-disc ratio. These features
are often less visually prominent and may overlap
with normal anatomical variations, making accurate
classification more challenging. Furthermore, glau-
coma diagnosis typically requires additional clinical
context and three-dimensional structural assessment,
which are not fully captured in two-dimensional
fundus images. Although class weighting was con-
sidered during model development, the dataset is
relatively balanced across all classes. Therefore, its
impact on performance was minimal. The consistent
precision, recall, and F1-score values confirm that the
model does not exhibit significant bias and can learn
all classes effectively without relying on imbalance-
handling techniques.

3.3. Computational efficiency and practical
accessibility

Although HEFR-Net adopts a dual-backbone ar-
chitecture, it demonstrates efficient computational
performance and practical feasibility for deployment.
The model was successfully trained and evaluated
on a standard cloud-based GPU (NVIDIA Tesla T4),
indicating that high-performance ophthalmic AI sys-
tems can be developed without requiring specialized
hardware. In terms of inference, the model achieves
fast prediction speed, with inference time per im-
age typically within a fraction of a second on GPU
hardware. This enables real-time or near real-time
screening, which is essential for clinical applications.

Fig. 3. Confusion matrix of HEFR-Net for multi-class retinal disease
classification.

From a deployment perspective, the model is com-
patible with existing medical AI infrastructures and
can be integrated into hospital systems and clinical
decision-support platforms. Its moderate computa-
tional requirements, combined with high accuracy
and interpretability, make it suitable for large-scale
automated retinal screening in real-world healthcare
environments.

3.4. Confusion matrix and error interpretation

To analyze prediction behavior at the instance
level, the confusion matrix is presented in Fig. 3.

The confusion matrix shows strong diagonal val-
ues, indicating high classification accuracy across
all classes. Specifically, 94 cataract, 104 diabetic
retinopathy, 84 glaucoma, and 100 normal cases were
correctly classified.

However, 18 misclassifications provide important
insights. The most critical errors occur in glaucoma
cases misclassified as normal (6 cases), representing
false negatives that are clinically significant since un-
treated glaucoma can lead to irreversible vision loss.

Other errors include minor confusion between glau-
coma and cataract, and normal cases misclassified as
diseased categories, which represent safer false posi-
tives. These findings indicate that the main limitation
lies in detecting subtle glaucoma features.

3.5. Visual explainability and clinical interpretation

To further validate model transparency, Grad-CAM
visualizations are presented in Fig. 4. The visual
explanations demonstrate that the model consistently
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focuses on clinically relevant regions. In diabetic
retinopathy cases, activation maps highlight lesion
areas such as microaneurysms and hemorrhages,
while in glaucoma cases, attention is concentrated
on the optic disc and surrounding regions, reflecting
structural changes associated with optic nerve
damage. Cataract predictions exhibit diffuse
activation patterns consistent with global opacity,
whereas normal images show more uniform
attention without localized pathological focus.
These observations confirm that HEFR-Net produces
interpretable and clinically meaningful predictions
aligned with established ophthalmic knowledge.
Grad-CAM provides valuable visual insights into
the regions influencing model predictions and
enhances transparency by linking model decisions to
anatomically meaningful features. This contributes
to improved trust in the model’s outputs, particularly
in clinical decision-support scenarios, where under-
standing the reasoning behind predictions is essential.

3.6. Ablation study

To evaluate the contribution of individual com-
ponents in the proposed HEFR-Net framework, an
ablation study was conducted by comparing the per-
formance of each backbone model independently
with the hybrid feature-fusion architecture. This anal-
ysis aims to verify whether the integration of multiple
feature extractors leads to measurable performance
improvements. The quantitative results of this com-
parison are summarized in Table 6.

As shown in Table 6, both EfficientNet-B3 (93.0%)
and ResNet-50 (92.7%) achieve competitive per-

Table 6. Ablation study of HEFR-Net components.

Model Variant Accuracy (%)

EfficientNet-B3 93.0%
ResNet-50 92.7%
HEFR-Net (Proposed) 95.50%

formance when used as standalone models. This
comparison directly illustrates how each backbone
performs individually relative to the proposed hy-
brid model, where neither backbone alone achieves
the same level of performance as HEFR-Net. How-
ever, the proposed hybrid HEFR-Net demonstrates
a clear improvement in classification accuracy. This
improvement can be attributed to the complementary
nature of the extracted features, where EfficientNet-
B3 captures fine-grained textural patterns associated
with subtle lesions, while ResNet-50 focuses on
high-level structural representations related to global
retinal anatomy. The fusion of these heterogeneous
features at the feature level enables the model to
construct a more comprehensive representation of
retinal characteristics, leading to enhanced classifi-
cation performance. These results confirm that the
hybrid architecture plays a significant role in im-
proving model effectiveness and supports the design
choice of combining multiple backbone networks
within a unified framework.

3.7. Comparative evaluation of existing eye-disease
classification studies

This subsection presents a structured comparative
analysis of representative studies in multi-class

Fig. 4. Grad-CAM visualizations highlighting regions influencing HEFR-Net predictions.
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retinal disease classification, as summarized in
Table 7. The comparison considers key methodolog-
ical aspects, including classification accuracy, model
architecture, feature fusion strategy, calibration
mechanisms, and the integration of explainability
techniques. By jointly analyzing these factors, the
table highlights the evolution of existing approaches
and identifies the critical gaps addressed by the
proposed HEFR-Net framework.

As shown in Table 7, most previous studies rely on
single-stream convolutional neural networks that are
typically fine-tuned using transfer learning, achiev-
ing accuracy ranging from approximately 85% to
94%. While these results indicate strong classifica-
tion capability, the majority of these approaches are
limited by the use of isolated backbone architectures
without feature fusion, which restricts their ability
to capture complementary representations of retinal
abnormalities. Even hybrid approaches, such as CNN–
ML pipelines, do not enable deep interaction between
features within an end-to-end learning framework.
Another important limitation observed across the
literature is the absence of predictive calibration
strategies. None of the compared studies explicitly
incorporate calibration-aware training mechanisms,
which may lead to overconfident predictions, par-
ticularly in clinically ambiguous cases. Furthermore,
explainability remains largely underexplored, with
only one study employing weak post-hoc interpre-
tation using LIME, while no prior work integrates
strong visual explainability with high classification
accuracy. It is also worth noting that more recent
architectures, such as DenseNet, Vision Transformers
(ViT), and ConvNeXt, were not explicitly included
in this comparative analysis. This is primarily be-
cause the comparison focuses on studies conducted
under similar experimental settings and using compa-

rable datasets to ensure fairness and consistency. In
addition, these architectures typically require larger-
scale datasets and higher computational resources to
achieve optimal performance, which may not align
with the constraints of the current study. In contrast,
the proposed HEFR-Net introduces a unified hybrid
CNN architecture that performs feature-level fusion
between EfficientNet-B3 and ResNet-50, enabling
early interaction between fine-grained texture fea-
tures and high-level structural representations. The
framework further incorporates calibration-aware
training through label smoothing to improve predic-
tive reliability and integrates Grad-CAM to provide
clinically meaningful visual explanations. This com-
bination of architectural design and trustworthy AI
mechanisms results in the highest reported accuracy
in Table 7 (95.50%), while simultaneously addressing
key limitations related to feature complementarity,
calibration, and interpretability. Overall, the com-
parative analysis demonstrates that HEFR-Net not
only improves classification performance but also
provides a more reliable, interpretable, and clini-
cally applicable solution for automated retinal disease
classification.

3.8. Trustworthy AI perspective and practical
implications

The performance gains of HEFR-Net are not
only due to architectural complexity but also due
to its alignment with Trustworthy AI principles.
Label smoothing improves calibration by reduc-
ing overconfidence, ensuring that predicted prob-
abilities better reflect true uncertainty. Feature-
level fusion enhances robustness by combining tex-
ture and structural representations, allowing the
model to handle diverse imaging conditions. This

Table 7. Comparative evaluation of retinal disease classification studies.

Ref. Accuracy (%) Model Type Fusion Level Calibration Strategy XAI Support

[17] 84.7% Ensemble CNN Prediction-level None None
[16] 85.0% Sequential CNN None None LIME
[11] 88.0% Single CNN None None None
[15] 90.9% Hybrid CNN–ML Feature-level None None
[9] 92.18% Single CNN None None None
[10] 92.7% Single CNN None None None
[8] 92.91% Single CNN None None None
[13] 93.0% Single CNN None None None
[14] 94.0% Single CNN None None None
[12] 94.30% Single CNN None None None
[23] 87.0% CNN (ManualNet, LeNet, DenseNet) None None None
[24] 94.82% CNN (ResNet-152, EfficientNetB0, MobileNetV1,

DenseNet-121)
None None None

[25] 93.14% Dual-Branch CNN + Semi-Supervised Feature-level Implicit (ArcMargin
+ Focal Loss)

None

HEFR-Net
(Proposed)

95.50% Hybrid CNN Feature-level Label Smoothing Grad-CAM
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complementary interaction significantly improves
generalization. Despite its dual-backbone design, the
model remains computationally efficient and was suc-
cessfully trained using standard GPU resources. This
demonstrates its practical feasibility for real-world
deployment in clinical screening systems.

3.9. Experimental reproducibility

All experiments in this study were conducted under
fixed and controlled conditions, including consistent
data splits, model architecture, and training configu-
rations. The reported results correspond to a stable
and representative run, obtained after careful tun-
ing and validation of the training process. To ensure
reliability, multiple stabilization mechanisms such
as early stopping, model checkpointing, and learn-
ing rate scheduling were employed. These strategies
help reduce variability and ensure consistent conver-
gence behavior, resulting in robust and reproducible
performance.

4. Conclusion and future directions

This study introduces a carefully evaluated trust-
worthy deep learning framework, termed HEFR-Net,
for multi-class retinal disease classification. By adopt-
ing a hybrid architecture that fuses complementary
feature representations from EfficientNet-B3 and
ResNet-50 at the feature level, and by incorporating
calibration-aware training through label smoothing
and class weighting, the proposed model achieves
an accuracy of 95.50% on the Kaggle Eye Disease
dataset, outperforming existing single-backbone ap-
proaches such as ResNet50 and MobileNet-based
models. The results highlight the critical role of
feature fusion in capturing diverse pathological
characteristics associated with cataract, diabetic
retinopathy, and glaucoma, while explicitly address-
ing predictive calibration—an often overlooked yet
clinically vital aspect of medical AI systems. It is
important to emphasize that the proposed framework
does not rely on a physiological simulation of the hu-
man eye. Instead, it adopts a phenotypic image-based
representation, where retinal diseases are identified
through observable visual patterns in fundus images.
This design choice enhances the practical applica-
bility of the model and enables direct integration
into real-world clinical screening systems. Detailed
performance analysis, including class-wise metrics,
confusion matrix evaluation, and Grad-CAM–based
visual explanations, confirms the robustness, relia-
bility, and interpretability of the framework, while
also identifying glaucoma false negatives as the pri-

mary remaining challenge. Future work will focus on
several promising directions. These include deeper
integration of explainability mechanisms, such as
advanced Grad-CAM and attention-based visualiza-
tion techniques, incorporation of transformer-based
components to capture long-range dependencies, and
external validation on real-world clinical datasets as
well as heterogeneous multi-source retinal datasets
to further assess generalizability and clinical reliabil-
ity. In summary, HEFR-Net represents an accurate,
interpretable, calibrated, and practically deployable
solution with strong potential to enhance automated
ophthalmic screening and support clinical decision-
making.
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