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Abstract

Diabetic Retinopathy (DR) is a progressive ocular disorder associated
with diabetes and remains a leading cause of preventable vision loss world-
wide. Early and accurate identification of DR is essential to reduce the
risk of irreversible blindness. In this work, we present a comprehensive
deep learning–based framework for automated DR detection using mul-
tiple Convolutional Neural Network (CNN) architectures. Eight state-of-
the-art models—ResNet50, DenseNet121, VGG16, AlexNet, InceptionV3,
InceptionResNetV2, Xception, and EfficientNetB0—were systematically
trained and evaluated on a retinal fundus image dataset annotated accord-
ing to DR severity stages. To improve image quality and model robust-
ness, Gaussian filtering was applied during preprocessing to suppress noise
and enhance discriminative features. Furthermore, transfer learning was
adopted to exploit knowledge from pre-trained networks, enabling faster
convergence and improved predictive performance. A dynamic learning
rate strategy was also employed to ensure stable and efficient optimiza-
tion during training. The proposed study is motivated by the growing
demand for reliable and scalable DR screening systems, particularly in re-
gions where access to ophthalmic specialists is limited. Automated deep
learning solutions offer a viable alternative to manual examination, which
is time-consuming and prone to inter-observer variability. Experimental
results demonstrate that Xception and EfficientNetB0 outperform other
evaluated architectures, achieving test accuracies above 80%. Efficient-
NetB0 delivers superior overall detection performance, while Xception
shows enhanced capability in discriminating between multiple DR sever-
ity levels. The findings highlight the effectiveness of advanced CNN ar-
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chitectures for automated DR assessment and provide valuable insights
into their comparative strengths. This study supports the integration of
deep learning models into clinical screening workflows to facilitate early
diagnosis and timely intervention for diabetic retinopathy.

Keywords: Diabetic Retinopathy, Deep Learning, Convolutional Neural Net-
works, Transfer Learning, Gaussian Filtering.

1 Introduction

Diabetic Retinopathy (DR) is a vision-threatening ocular disorder caused by
prolonged diabetes (see Fig. 1) and remains one of the predominant causes
of blindness among working-age adults worldwide. Despite being largely pre-
ventable through early diagnosis and timely treatment, effective screening for
DR continues to pose significant challenges. Conventional diagnostic proce-
dures rely heavily on expensive imaging equipment, skilled ophthalmologists,
and time-intensive manual evaluation. These requirements make large-scale
screening impractical, particularly in low-resource settings, rural regions, and
developing countries where access to specialized eye care is limited. As a re-
sult, many patients are diagnosed at advanced stages, when irreversible vision
damage has already occurred.

Earlier attempts to automate DR detection using traditional machine learn-
ing approaches have shown limited success, primarily due to their dependence on
handcrafted features and their inability to reliably capture subtle and complex
pathological patterns present in retinal fundus images. The increasing availabil-
ity of large-scale medical imaging data and advances in computational power
have positioned deep learning as a powerful alternative. In particular, Con-
volutional Neural Networks (CNNs) have demonstrated remarkable capability
in learning hierarchical visual features directly from raw images, making them
well suited for medical image analysis tasks such as DR detection. There is
therefore a critical need for an automated, accurate, and efficient DR screening
system capable of identifying the disease at its earliest stages, thereby reducing
preventable vision loss and easing the burden on healthcare systems.

The primary goal of this study is to design and evaluate a robust deep learn-
ing–based framework for automated diabetic retinopathy detection. To achieve
this, multiple state-of-the-art CNN architectures—including ResNet, DenseNet,
Inception, EfficientNet, and related variants—are systematically investigated to
assess their effectiveness in identifying DR from retinal fundus images. Exten-
sive experimental analysis is conducted through careful hyperparameter opti-
mization, along with the application of data augmentation techniques to en-
hance model generalization and resilience to variations in image quality. The
proposed models are evaluated using comprehensive performance metrics such
as accuracy, precision, recall, F1-score, and computational efficiency. Further-
more, the most promising model(s) are validated on an independent real-world
dataset to assess their suitability for deployment in clinical screening environ-
ments. Through this approach, the study aims to deliver a scalable, reliable,
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and accessible solution for early DR detection across both well-resourced and
underserved populations.

Figure 1: Diabetic Retinopathy Indicators

This work makes several notable contributions to the field of automated
diabetic retinopathy detection:

• A Gaussian filtering–based (see Fig. 2) preprocessing strategy is intro-
duced to suppress noise and enhance clinically relevant features in retinal
images, thereby improving detection performance.

• Transfer learning is leveraged by utilizing pre-trained CNN models such
as VGG, ResNet, and Inception, enabling faster training and improved
accuracy compared to training from scratch.

• A dynamic learning rate scheduling mechanism is employed to adaptively
adjust optimization parameters during training, leading to improved con-
vergence behavior and enhanced predictive accuracy.

By integrating these techniques, the proposed framework offers a novel and effi-
cient approach for DR detection, with strong potential to support early diagnosis
and improve patient outcomes.

Figure 2: Gaussian Filtered Retinal Image
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Recent advances in Artificial Intelligence (AI), particularly deep learning
(DL), have significantly transformed the landscape of diabetic retinopathy screen-
ing and severity grading. Contemporary research has demonstrated that DL-
based models trained on fundus images can achieve performance comparable to,
and in some cases exceeding, that of human experts. Numerous studies have
reported high accuracy in binary and multi-class DR classification tasks using
CNN architectures such as DenseNet, ResNet50, InceptionV3, AlexNet, and
VGG16, consistently outperforming conventional machine learning methods.
DenseNet-based models, for example, have shown strong performance across
multiple benchmark datasets, while ResNet architectures have demonstrated
robustness through residual learning mechanisms. Inception-based networks
have achieved high sensitivity and specificity, particularly when combined with
transfer learning strategies.

More recent investigations [3] have explored advanced architectures such as
InceptionResNetV2 and Xception, as well as hybrid and attention-based mod-
els, achieving improved performance in DR severity grading tasks. Despite these
advancements, several challenges remain unresolved, including limited dataset
diversity, reduced generalizability across clinical settings, and a lack of inter-
pretability in deep learning predictions. Addressing these issues is essential
for translating AI-driven DR detection systems into real-world clinical practice.
Consequently, ongoing research must focus on developing more robust, explain-
able, and clinically validated models capable of operating reliably under diverse
imaging conditions.

2 Methodology

This section describes the proposed deep learning–based framework for auto-
mated diabetic retinopathy (DR) detection. The methodology comprises image
preprocessing, model architecture selection, transfer learning, training optimiza-
tion, and performance enhancement techniques designed to ensure robustness
and high classification accuracy.

• Image Preprocessing: Retinal fundus images are preprocessed to enhance
visual quality and suppress noise that may interfere with feature learn-
ing. A Gaussian smoothing filter is applied to each image to reduce high-
frequency distortions while preserving critical structural details such as
blood vessels and lesion boundaries. This preprocessing step improves the
visibility of diagnostically relevant patterns and supports more effective
feature extraction by deep learning models.

• Deep Learning Architecture: A variety of deep learning paradigms are
examined to identify the most suitable approach for DR detection. Al-
though recurrent and transformer-based models are considered, Convo-
lutional Neural Networks (CNNs) form the foundation of the proposed
framework due to their superior performance in image analysis tasks. The
CNN architectures consist of convolutional layers for hierarchical feature
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extraction, pooling layers for spatial reduction, and nonlinear activation
functions to model complex visual relationships. This design enables the
networks to learn both local and global retinal characteristics.

• Transfer Learning: To improve training efficiency and classification per-
formance, transfer learning is employed using pre-trained models such as
VGG, ResNet, and Inception. The learned weights from large-scale image
datasets are utilized as initialization for the convolutional layers, while the
final fully connected layers are restructured and trained for DR-specific
classification. This strategy significantly reduces training time and en-
hances model generalization, particularly when available labeled medical
data are limited.

• Hyperparameter Optimization: Model performance is optimized through
systematic tuning of key hyperparameters, including learning rate, batch
size, and the number of training epochs. The Adam optimization algo-
rithm is selected due to its adaptive learning capability and stable conver-
gence behavior across different network architectures.

• Adaptive Learning Rate Scheduling: A dynamic learning rate scheduler is
integrated into the training process to improve convergence and prevent
instability. The learning rate is automatically adjusted based on training
progression, allowing larger updates during early training stages and finer
adjustments as the model approaches optimal weight configurations. This
approach enhances training efficiency and minimizes the risk of overshoot-
ing optimal solutions.

• Loss Function: For multi-class diabetic retinopathy classification, categor-
ical cross-entropy is adopted as the loss function. This loss formulation
effectively quantifies the discrepancy between predicted probability distri-
butions and ground-truth labels, enabling accurate discrimination among
multiple DR severity levels.

• Data Augmentation: To address dataset limitations and class imbalance,
data augmentation techniques are applied during training. These include
random rotations, horizontal and vertical flips, and brightness variations.
Augmentation increases data diversity, improves model robustness to real-
world variations, and reduces overfitting, thereby enhancing generalization
performance.

To determine the most suitable deep learning architecture for automated di-
abetic retinopathy (DR) detection, this study conducts a comprehensive evalua-
tion of multiple established and advanced neural network models. The selected
architectures represent diverse design philosophies, enabling a fair comparison
of their feature learning capacity, computational efficiency, and classification
performance.
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1. ResNet50: ResNet50 is a deep residual network designed to address degra-
dation and vanishing gradient issues through identity-based skip connec-
tions. In this work, ResNet50 is enhanced with a Convolutional Block
Attention Module (CBAM), which introduces channel-wise and spatial at-
tention mechanisms to emphasize diagnostically relevant retinal features
and improve discriminative learning.

2. DenseNet121: DenseNet121 employs dense connectivity, where each layer
receives inputs from all preceding layers. This structure encourages feature
reuse, strengthens gradient propagation, and supports the learning of fine-
grained representations essential for identifying subtle DR-related patterns
in retinal images.

3. VGG16: VGG16 is a classical deep CNN characterized by its uniform ar-
chitecture composed of stacked convolutional layers with small receptive
fields. Owing to its simplicity and consistent performance in image classi-
fication tasks, VGG16 is adopted as a benchmark model for comparative
analysis.

4. AlexNet: AlexNet is one of the earliest deep convolutional architectures
that demonstrated the feasibility of large-scale image recognition using
deep learning. Despite its relatively shallow structure compared to modern
networks, AlexNet is included to provide historical context and serve as a
baseline for evaluating architectural advancements.

5. InceptionV3: InceptionV3 incorporates inception modules that process
input features through parallel convolutional paths with varying kernel
sizes. This multi-scale feature extraction strategy enables the network
to capture diverse spatial information while maintaining computational
efficiency, making it suitable for complex visual recognition tasks.

6. InceptionResNetV2: InceptionResNetV2 integrates the multi-scale pro-
cessing capability of Inception modules with residual learning from ResNet
architectures. The inclusion of residual connections improves training sta-
bility and accelerates convergence in this deep hybrid network.

7. Xception: Xception extends the Inception concept by replacing standard
convolutions with depthwise separable convolutions, significantly reducing
computational complexity while preserving representational power. Its
streamlined architecture has demonstrated strong performance in medical
image classification tasks.

8. EfficientNetB0: EfficientNetB0 is a compact and scalable model that em-
ploys Mobile Inverted Bottleneck Convolution (MBConv) blocks combined
with compound scaling principles. It achieves an effective balance between
accuracy and computational cost, making it well suited for deployment in
resource-constrained environments.
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All experiments were conducted using a hybrid computational setup to en-
sure efficiency and reproducibility. Model training and evaluation were primar-
ily performed on Google Colaboratory Pro, utilizing an NVIDIA Tesla P100
GPU with 32 GB RAM. Supplementary preprocessing and experimental analy-
ses were carried out on a local workstation equipped with an Intel Core i5-1240P
processor, 16 GB RAM, and a 512 GB NVMe SSD running Windows 11 Pro.
The software environment included TensorFlow 2.10, CUDA 11.2, cuDNN 8.1,
and Python 3.10 within the Anaconda distribution. Model development was
implemented using the Keras API, with supporting libraries such as NumPy,
Pandas, Matplotlib, and Seaborn employed for data processing, evaluation, and
visualization.

2.1 Proposed Algorithm

The proposed framework (see Fig. 3) for automated diabetic retinopathy (DR)
detection follows a structured pipeline consisting of dataset analysis, image
enhancement, data enrichment, model training, and performance assessment.
Each stage is designed to ensure reliable learning, robust generalization, and
accurate classification of DR severity.

The process begins with an initial examination of the retinal image dataset to
assess class distribution and identify potential imbalance among DR categories.
Representative fundus images from each class are visually inspected to capture
characteristic patterns associated with both healthy and diseased retinas. This
exploratory analysis provides essential insights that inform preprocessing and
model selection strategies.

In the preprocessing stage, a Gaussian smoothing operation is applied to each
image to suppress noise while preserving important retinal structures, such as
blood vessels and lesion boundaries. All images are subsequently resized to a
uniform spatial resolution of 224× 224 pixels to ensure compatibility with pre-
trained deep learning architectures. The dataset is then partitioned into train-
ing, validation, and testing subsets using a 70%–20%–10% split, respectively,
enabling effective model optimization and unbiased performance evaluation.

To improve model robustness and mitigate overfitting, data augmentation
techniques are applied exclusively to the training set. These include random hor-
izontal flipping to simulate orientation variability and random brightness mod-
ulation to account for differences in illumination conditions commonly observed
in fundus imaging. Augmentation increases sample diversity and enhances the
model’s ability to generalize to unseen data.

The core learning phase utilizes a deep Convolutional Neural Network (CNN)
enhanced through transfer learning. Pre-trained architectures such as VGG,
ResNet, and Inception are employed as feature extractors, with their final clas-
sification layers modified to accommodate DR-specific categories. Fine-tuning
is performed to adapt the learned representations to retinal imaging characteris-
tics. Model optimization is carried out using the Adam optimizer in conjunction
with an adaptive learning rate scheduler, enabling stable convergence and effi-
cient training. For multi-class DR grading, categorical cross-entropy is adopted
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as the objective function.
Model evaluation is conducted on the independent test set using a confu-

sion matrix to quantify classification outcomes, including true positives, true
negatives, false positives, and false negatives. Standard performance metrics
derived from these values are used to assess overall effectiveness. The proposed
method is further compared against existing approaches using the same dataset
to establish relative performance gains. The optimal model is selected based on
its superior accuracy and consistent performance across all evaluation metrics.

Figure 3: Work Flow Diagram

3 Experimentation and Model Evaluation

3.1 Depiction Results

The performance of all evaluated deep learning architectures was systematically
analyzed to assess their suitability for automated diabetic retinopathy (DR) de-
tection. Confusion matrices were generated for each model to provide a detailed
breakdown of classification outcomes, including true positives, true negatives,
false positives, and false negatives. In addition, training and validation curves
were plotted over successive epochs, illustrating metrics such as accuracy, loss,
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cosine similarity, and Euclidean distance. These visualizations offered insights
into the models’ learning dynamics, helping to identify signs of overfitting or
underfitting and to monitor convergence behavior. By examining these trends,
appropriate adjustments to hyperparameters and training strategies were im-
plemented to enhance overall performance and stability.

3.2 Validation

Model validation was conducted using an independent subset of retinal images
not exposed during training. This step ensured that the trained networks could
generalize to unseen data and provided a realistic assessment of their predictive
reliability. Standard evaluation metrics including accuracy, precision, recall, F1-
score, and area under the ROC curve were computed for each architecture to
facilitate a comprehensive comparison. Performance across different DR severity
levels was also examined to evaluate the models’ sensitivity to subtle patholog-
ical variations.

Model
Name

Training
Ac-
cu-
racy

Validation
Accu-
racy

Cosine
Sim-
i-
lar-
ity

Validation
Cosine
Simi-
larity

Euclidean
Dis-
tance

Validation
Eu-
clidean
Dis-
tance

ResNet50 84.5 54.7 0.76 0.55 3.388 4.485
DenseNet-
121

87.4 74.3 0.78 0.68 3.264 4.049

VGG16 79.6 65.1 0.71 0.70 3.791 3.660
AlexNet 70.6 63.8 0.69 0.68 3.937 3.777
Inception-
V3

79.4 72.6 0.80 0.73 3.166 3.882

InceptionRes-
NetV2

89.4 78.1 0.82 0.77 2.890 3.331

Xception 97.6 82.2 0.89 0.81 2.268 3.125
EfficientNet-
B0

92.4 83.1 0.85 0.80 2.7387 3.129

3.3 Discussion Contribution

The comparative analysis revealed notable differences in performance among
the evaluated CNN architectures. Xception and EfficientNetB0 consistently
demonstrated superior results, achieving high classification accuracy ( 83%) and
strong generalization capabilities. Their architectural designs enabled effective
extraction of fine-grained features, which are critical for distinguishing subtle
DR-related retinal patterns. In contrast, deeper networks such as ResNet50
and DenseNet121 exhibited overfitting tendencies, particularly in this multi-
class classification scenario, indicating sensitivity to training data distribution.
Shallow models, including VGG16 and AlexNet, struggled to capture complex
retinal features due to limited representational capacity. Inception-based net-
works achieved moderate performance; however, the absence of residual connec-
tions limited their ability to efficiently propagate information through deeper
layers.
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A closer examination of class-level performance highlighted that Xception
excelled in DR severity grading, whereas EfficientNetB0 delivered higher overall
detection accuracy across all categories. These findings underscore the critical
role of architectural depth, connectivity patterns, and feature extraction mech-
anisms in achieving robust DR detection. The study provides a detailed com-
parative understanding of the strengths and limitations of diverse CNN models,
offering guidance for selecting and designing AI-driven frameworks for early DR
diagnosis and automated screening systems.

4 Conclusion

In this work, we conducted a comprehensive evaluation of multiple Convolu-
tional Neural Network (CNN) architectures for automated diabetic retinopathy
(DR) detection. Our comparative analysis demonstrated that Xception and Ef-
ficientNetB0 consistently outperformed other models, owing to their ability to
effectively capture subtle and complex features in retinal fundus images. These
results underscore the potential of advanced deep learning models to improve
the accuracy and reliability of AI-driven DR screening systems.

For future investigations, integrating model ensembling strategies could be
beneficial, combining the high overall detection accuracy of EfficientNetB0 with
the superior DR severity discrimination capabilities of Xception. Moreover, ex-
panding the dataset to include larger, balanced, and more diverse retinal images,
as well as incorporating relevant clinical metadata, could further enhance model
robustness and generalizability across varied populations. Ultimately, the de-
ployment of these optimized models in clinical workflows could facilitate early
detection of DR, improve patient outcomes, and contribute to more accessible
and effective eye care, particularly in resource-limited and underserved regions.
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