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ABSTRACT

Since diabetic retinopathy (DR) is one of the main causes of blindness in the world, avoiding vision loss requires early
detection. Although deep learning models have demonstrated significant promise in the diagnosis of DR using retinal
pictures, they frequently operate as “black boxes,” which means that it is difficult to understand how they make decisions.
Particularly when it comes to making important healthcare decisions, this lack of openness may erode confidence in Al-
based medical solutions. Our research uses Explainable Artificial Intelligence (XAI) techniques to improve the
interpretability of a deep learning model for DR detection in order to overcome this difficulty. We classify retinal images
using a pre-trained convolutional neural network called VGG16.To enhance transparency, we incorporate Gradient-weighted
Class Activation Mapping (GradCAM), a technique that generates visual heatmaps, highlighting the regions of the image
that influenced the model’s decision. By overlaying these heatmaps onto the original retinal images, we provide a clear,
visual representation of what the model “sees” when making a classification. Our approach not only improves accuracy but
also enhances trust in Al-based DR diagnosis. The accuracy of the VGG16 model was 72%, and Grad CAM successfully
identified the crucial regions linked to DR. Deep learning models are simpler to incorporate into clinical practice thanks to
these visual explanations that assist medical personnel in validating Al-generated predictions. Our research helps to improve
patient outcomes by bridging the gap between interpretability and Al, which increases confidence among healthcare
practitioners and makes Al-assisted medical diagnosis more transparent and trustworthy..
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1. INTRODUCTION

Approximately 30% of people with diabetes mellitus have diabetic retinopathy (DR), a microvascular complication re-
sulting from the disease and a major cause of vision loss and blindness globally [1]. Early intervention to prevent vision loss
depends on the automatic identification of DR. The identification of DR is aided by clinical, geometrical, and hemodynamic
characteristics, emphasizing the importance of prompt screening [2]. Convolutional neural networks (CNNSs), in particular,
are deep learning (DL) models that have demonstrated remarkable performance in the automated detection of DR from fundus
images [3]. However, the inherent *black-box’ nature of DL models often obscures the rationale behind their predictions,
which hinders trust and acceptance by clinicians and patients alike [4]. Research highlights the importance of developing
DL models that not only accurately detect DR but also provide clear and understandable insights into their decision-making
process to address this issue [5]. Increasing the explainability of DL models can ultimately enhance the popularity and
usefulness of automated DR detection systems in clinical practice, helping physicians and patients understand and trust the
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diagnostic results [6]. The field of Explainable Artificial Intelligence (XAIl) is expanding as a means of developing techniques
that explain how Al models make decisions [7]. XAl approaches promote transparency, accountability, and trust by providing
insights into how Al models arrive at specific judgments. XAl aids in identifying biases, validating model behavior, and
understanding the importance of various features in model predictions. In medical imaging, XAl techniques offer the potential
to increase trust in automated diagnoses and improve understanding of disease pathology. Grad-CAM is a prominent XAl
visualization technique that generates heatmaps showing the image regions the model considers most significant for its
classification decisions [8]. Grad-CAM improves model interpretability by highlighting important areas in the decision-
making process, especially in medical imaging applications. Its ability to provide interpretable visualizations enhances the
trustworthiness and transparency of deep learning models [9].

This study aims to tackle a crucial challenge in auto- mated Diabetic Retinopathy (DR) detection—namely, the need for
transparency and interpretability in deep learning models. While convolutional neural networks (CNNs) have demonstrated
remarkable accuracy in image classification tasks, their ”black-box” nature often leaves clinicians and users questioning how
and why certain predictions are made. To address this, our research integrates the VGG16 architecture with Gradient-
weighted Class Activation Mapping (Grad-CAM), providing visual explanations of the model’s decision-making process.
VGG16 is a widely recognized and extensively used pre- trained CNN model originally developed for large-scale image
recognition tasks. Its deep architecture, composed of 16 layers, has been fine-tuned and successfully applied across various
medical imaging domains. For instance, VGG16 has been utilized to detect bone abnormalities [10], diagnose brain tumors
[11], and classify Alzheimer’s disease using magnetic resonance imaging (MRI) scans [12]. Its proven effectiveness and
generalization capabilities make it a strong candidate for DR detection tasks as well.

In our approach, we employ Grad-CAM to generate heatmaps that highlight the regions of retinal images the model
focuses on when making predictions. These visual explanations help to demystify the internal workings of CNN by showing
which parts of the image contributed most to the final decision. This layer of interpretability is crucial, especially in
medical contexts, where understanding the rationale behind an automated diagnosis can help build trust among healthcare
professionals and patients. By combining VGG16 with Grad-CAM, our work not only aims to maintain high diagnostic
accuracy but also enhance the explainability and accountability of DR detection models. Ultimately, this approach supports
more informed decision- making in clinical settings and paves the way for broader acceptance and integration of Al-powered
tools in medical diagnostics.

The structure of this paper is as follows: Section 2 discusses Related Work, providing a review of relevant literature to
establish context and identify research gaps. Section 3 explains the Methodology, detailing the approach, theoretical
framework, data collection, and analytical methods used. In Section 4, the Experimental Setup is described, outlining the
equipment, materials, software, and configurations employed. Section 5 presents the Results, which include quantitative and
qualitative findings, supported by data analysis and visualization. Section 6 offers a thorough discussion, interpreting results,
comparing them to existing literature, addressing limitations, and proposing future research directions. Finally, Section 7
summarizes the Conclusion, highlighting key findings, contributions, practical implications, and potential avenues for further
research

2. RELATED WORK

According to [13], diabetic retinopathy (DR) is a dangerous complication of diabetes that affects the retina’s blood vessels.
If not promptly identified and treated, it may result in permanent vision loss. For individuals with diabetes, early screening
and monitoring are essential to reducing the risk of visual impairment. For DR detection and classification, traditional
machine learning algorithms have been used alongside feature extraction methods; however, their accuracy remains subpar.
Deep learning (DL) models, such as convolutional neural networks (CNNs), have revolutionized computer vision tasks,
including DR detection. CNNs learn hierarchical features directly from raw image data, making them well-suited for complex
visual tasks. In particular, transfer learning, which involves fine-tuning pre- trained models on specific tasks, achieves high
accuracy with limited labeled data. It leverages previously learned knowledge and representations to adapt quickly to new
tasks, proving invaluable when labeled data is scarce.

The research presented in [10] highlights the VGG16 model, developed by the Visual Geometry Group at the University of
Oxford, which is renowned for its outstanding performance in image classification tasks. The work in [14] mentions that DL
models, including VGG16, are often regarded as ’black boxes’ because their decision-making process is hidden within
thousands of simulated neurons and interconnected layers. While these models achieve impressive accuracy, understanding
their internal reasoning remains challenging due to the complexity of the many parameters and non-linear activation functions
employed. In [13], researchers explored XAl methods to address the opaque nature of DL models. Specifically, they
investigated Grad- CAM, an XAl technique that identifies the image regions most influential in predicting a particular class.
In [15], the authors attempted to interpret black-box models to improve transparency and predictability, making them
valuable for mission-critical applications in various domains.

Transfer learning with pre-trained models like VGG16, as discussed in [16], [17], [18], enables the use of knowledge learned
from large datasets. By fine-tuning VGG16 on custom datasets (such as DR images), accurate DR classification can be
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achieved. This approach proves especially beneficial in medical image analysis, where annotated datasets are limited,
significantly improving classification performance. XAl techniques, such as Grad-CAM, provide visual explanations of DL
model predictions, allowing clinicians and researchers to understand the decision-making process and identify regions of
interest in medical images [19]. The authors in [19], [20] explain that Grad-CAM promotes transparency, builds trust,
improves model robustness, and ensures patient safety in medical applications. Grad-CAM serves as a baseline method for
highlighting critical image regions involved in DL model decision-making, enhancing interpretability and trust in medical
applications such as DR diagnosis. Grad-CAM has been widely used to enhance the interpretability of deep learning models
across various architectures, including CNNs, Vision Transformers, and Swin Transformers. By generating heatmaps that
highlight important regions in input images, the technique helps visualize how models make decisions [21].

In medical imaging, Grad-CAM has played a crucial role in improving the understanding of model predictions, particularly
in brain tumor detection and classification. It provides valuable insights that go beyond conventional evaluation metrics,
making Al-driven diagnoses more transparent and reliable [22]. This technique has been effectively applied in COVID-19
diagnosis using chest X-rays. By offering clear visual explanations of model predictions, Grad- CAM has contributed to
improving both the accuracy and interpretability of Al-assisted medical assessments. Models utilizing Grad-CAM have
reported accuracy rates as high as 99.09%, outperforming existing models and demonstrating potential for reliable clinical
deployment [23].

3. METHODOLOGY

The effectiveness of utilizing deep features extracted from the VGG16 model has been demonstrated in tasks like brain tumor
detection [24], showcasing the robustness and versatility of the VGG16 architecture in various image analysis tasks. By using
the VGG16 model—well-known for its exceptional performance in image classification—we can enhance the interpretability
of the model’s predictions on diabetic retinopathy images. This approach aligns with the current trend in literature, where
deep learning models, such as CNNs, are employed for the early detection and classification of diabetic retinopathy ([25];
[26]). To apply Grad-CAM to diabetic retinopathy images using the VGG16 model, we utilized the pre-trained VGG16
model’s convolutional layers to visualize the regions crucial for the model’s predictions. Grad-CAM generates a heatmap
that highlights the important areas of the input image that influence the model’s decision-making [27].

e Transfer Learning

Transfer learning (TL) has emerged as a powerful technigue in machine learning, enabling the reuse of models developed
for one task to improve performance on a related but different task. This approach has revolutionized various do- mains,
from medical imaging to natural language processing, by addressing challenges such as data scarcity, computational
inefficiency, and domain adaptation. This response provides a comprehensive exploration of the applications, strategies, and
implications of transfer learning, drawing insights from recent research papers. Transfer learning is a pivotal machine
learning technique that enhances model performance by leveraging knowledge from one task to improve another related task.
Transfer learning involves using a pre-trained model (source domain) to kickstart a new model for a different but related task
[28]. It can significantly reduce the amount of data and time required to train models, as seen in applications like image
classification and control systems [29],[28]. Transfer learning can effectively transfer control logic, ensuring behavioral
equivalence between systems without needing extensive verification [28]. Transfer learning in developing a model for
Alzheimer’s detection from MRI images, achieved over 88% accuracy with minimal data [29].

A common transfer learning strategy involves using pretrained models as feature extractors by freezing the initial layers,
which capture general low-level features, and fine- tuning the later layers to adapt to the specific target task. This approach
leverages the generalized knowledge learned from large datasets like ImageNet, enabling effective learning even with limited
data. It is widely used in image recognition tasks due to its efficiency, faster convergence, and improved performance [36].
To implement transfer learning a deep learning technique a model is trained on a large dataset and is reused for a different
but related task with a smaller dataset. It follows a three-step process: pre-training, feature extraction, and fine-tuning. First,
a pre-trained model such as ResNet (for images) or BERT (for NLP) is trained on a massive dataset like ImageNet or a large
text corpus. These models learn general features such as edges, shapes, or language patterns. In the feature extraction phase,
the knowledge gained by the pre trained model is transferred to the new task. Instead of training a model from scratch, which
requires extensive data and computing power, the already learned weights and feature representations are utilized. This
approach significantly reduces training time and improves performance, especially when the target dataset is small. In the
fine-tuning phase, the transferred model is slightly adjusted by training it on the new dataset. This step ensures that the model
adapts to the specific task while retaining useful knowledge from the original training. Transfer learning is widely used in
applications like medical imaging, speech recognition, and NLP, where labeled data is limited but leveraging pre-trained
models improves accuracy and efficiency.

e VGG-16 Model

The VGG16 model is a deep convolutional neural network architecture that has been widely utilized in many computer vision
tasks. It was first trained on the ImageNet dataset with 1000 classifications [37]. The Visual Geometry Group at the
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prestigious University of Oxford presented the CNN model that is represented by the architectural architecture of VGG-16.
This model consists of 16 layers, including 3 fully connected layers, convolutional layers, and max-pooling layers. Renowned
for its straightforwardness and efficiency in the realm of large-scale image classification, VGG-16 has been deployed across
a spectrum of domains, ranging from the identification of weeds in corn fields to the categorization of fruits and vegetables,
recognition of Chinese herbal medicines, and detection of brain tumors. Various research endeavors have showcased the
superior accuracy and performance of VGG-16, surpassing alternative models in select scenarios. Notably, in the domain of
brain tumor detection, VGG-16 achieved a commendable accuracy rate of 94% after the optimization of hyperparameters,
thereby exhibiting robust sensitivity and specificity. Collectively, VGG-16 emerges as a potent instrument within the domain
of deep learning, specifically tailored for a diverse array of image recognition tasks.

VGG-16 is composed of a series of convolutional layers with max-pooling layers alternating with Rectified Linear Unit
(ReLU) activations, which gradually decrease the spatial dimensions. Subsequently, the architecture transitions to a series of
fully connected layers culminating in the ultimate output layer.

Convolutional Layer The output of a convolutional layer is obtained by applying the convolution operation followed by an
activation function:

XO = f O(Conv(X¢™D, W Oy + b®) (1)
Max Pooling Layer Max pooling reduces the spatial dimensions of the input feature maps:
X0 = MaxPool(X(~) 2)

Fully Connected Layer The fully connected layer’s out- put is produced by applying an activation function, adding bias,
and multiplying the input by weights:

XM =f(HXE-HwOH+bd) @

In the above equations (1),(2),(3) X*V is the the input to layer I, X1 is the output of layer I, W O is the weights of layer I, b®
is the bias of layer I, f O is the activation function of layer I, Conv() is the convolution operation, MaxPool() is the max
pooling operation.

e Grad-CAM

Grad-CAM is an interpretability technique used to explain the predictions made by deep neural networks, particularly CNNs.
Grad-CAM aims to identify the important regions in an input image that significantly influences the classification score
produced by the network. It provides insights into why a particular class was predicted by highlighting the relevant parts of
the input [38], [39]. Grad-CAM, a technique used in image analysis, helps understand which image regions are most crucial
for a model’s classification. It achieves this by analyzing the gradients of the classification score (the model’s confidence in
a particular class) concerning the final layer’s feature map. Intuitively, larger gradients indicate that modifying these features
significantly impacts the classification score. Therefore, the areas with high gradients in the resulting heatmap correspond to
the image regions most influential for the model’s decision.

Pre-traloed Model —> Feature Extraction b Target Mode! (Fine-tuned)

] L Traned on Smaller Datset
Tramed on Large Dataset (e.g.. ImageNet) = Transfer Learned Features

v Adjussed for Specific Task
Exiract Feamures & Leamead Weights = Adapc Weights for New Task - A )

Fig. 1. Transfer Learning

TABLE | Comparative Analysis of Transfer Learning Applications

Domain Key Applications Challenges and Strategies

Medical Imaging Disease diagnosis, image Mismatch between natural and medical

segmentation, mutation detection IMages,

novel pre-training approaches on
unlabeled medical data [30][31]

NLP Text classification, question/Sensitivity to dataset features and
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answering, domain-specific fine-tuning

language translation requirements [32]

Robotics Control policy adaptation, Ensuring behavioral guarantees and
simulation-to-real-world transfer addressing
domain shifts [33][34]
Healthcare Detection of treatmentUnbalanced data and domain adaptation
(EHRs) disparities, using
hospital stay prediction optimal transport [35]
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Fig. 3. Transfer Learning with VGG16 for Diabetic Retinopathy

Activation Map:

Let Aii! denote the activation of the k-th feature map at position (i,j) in the last convolutional layer 1.
Gradient Score:

The gradient of the class score C with respect to the activation map is calculated as:

ol = (1/Z) x Y (9C / 0Aij)

where Z is the normalization factor (typically Z =i x j).
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Weighted Sum:

The Grad-CAM map is obtained by taking a weighted sum of the activation maps, using the gradient scores:
Grad-CAM = ReLU(Xk o' X Ajjl)

where ReLU is the rectified linear unit function.

Final Visualization:

Grad-CAM highlights the regions where the network's decision is most influenced by the features, providing insights into
the CNN's decision-making process.

e Experimental Setup
Dataset

For this Experimental setup, a dataset of retina scan images is used to detect diabetic retinopathy which is freely available in
the Kaggle repository. The images are preprocessed with Gaussian filtering and resized to 224x224 pixels for compatibility
with pre-trained deep-learning models. The dataset is categorized into five severity/stage classes: No_DR, Mild, Moderate,
Severe, and Proliferate_ DR, each represented by a respective directory containing images. These classifications are based
on the severity of diabetic retinopathy.

Model Building and Experiment

We used Grad-CAM in our experimental setup to identify the critical areas in the image that significantly affect the
predictions of a trained VGG16 model. To extract features from input images, we first imported a pre-trained VGG16 model
from the Keras library and used it as a feature extractor. Then, an Artificial Neural Network (ANN) model with a fully
connected layer connected to an output layer with five output neurons was built using these retrieved features. We trained
this combined VGG16-ANN model using diabetic retinopathy data. Throughout the training, we kept the VGG16 weights
unchanged. After training we loaded an image and preprocessed it to conform to the input size requirements of the model.
Subsequently, predictions were made on this preprocessed image using the trained model, and the predicted class label was
determined. Next, we extracted the activation map of the last convolutional layer to identify which regions of the image were
activated by the model. To highlight the regions essential for the model's prediction, we created Grad-CAM by computing
the gradients of the anticipated class concerning this activation map. This heatmap was then superimposed onto the original
image to visualize the regions contributing the most to the model's decision-making process. For visualization purposes, we
plotted the original image, the Grad-CAM heatmap, and the overlay image. This allowed us to understand the reasoning
behind the model's prediction; sample output is shown in Figure 3. This all-encompassing strategy made it easier to
comprehend how the model made decisions and gave its predictions important interpretability.

4. RESULTS AND DISCUSSION

The prepared VGG16_ANN models trained for 10 epochs, each consisting of batches. Throughout the training, accuracy
improves from 53.70% to 73.34%, while loss decreases from 2.9404 to 0.7363. Validation accuracy reaches 72.01% at the
end of training, with a corresponding loss of 0.7698. These metrics indicate progressive improvement in the model's
performance on both training and validation data. Figures 8 and 9 show the Loss and Accuracy Graphs for 10 epochs.

After training the model to generate Grad-CAM visualizations, the activation function of the last layer is changed to linear
and the heatmap is generated with the last layer of VGG16. From the table, it is evident that the model’s performance
improved significantly during the training process. The training loss, which began at 1.8, dropped to 0.7 by the 9th epoch.
This decrease indicates that the model has become better at reducing errors in the training data. Likewise, the validation loss
also fell, going from 1.0 to 0.7, which points to the model’s improved ability to generalize new data. The training accuracy
increased from 62% to 74%, demonstrating the model’s enhanced accuracy in predicting the training data. Similarly,
validation accuracy improved from 64% to 74%, showing that the model's predictions on unseen data became more reliable
as training progressed. These changes suggest that the model was able to learn effectively and generalize well, resulting in
better performance on both training and validation datasets. To visualize a comparison between the original images and the
areas of interest identified by the model, the technique known as Grad-CAM is utilized. These regions—often referred to as
"attention regions'—are emphasized to shed light on the aspects of the picture that most strongly influence the model's
predictions.
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In this process, Grad-CAM produces heatmaps that show the relative importance of various image regions for the
categorization decision made by the model. These heatmaps are then overlaid onto the original images using the Matplotlib
library, a versatile plotting tool in Python commonly used for data visualization. By overlaying the Grad-CAM heatmaps
onto the original images, we generate visuals that highlight the regions of the image that the model utilizes as the basis for

diabetic retinopathy predictions.
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The figures referenced as Figures 4, 5, 6, and 7 depict these visualizations. Each figure displays an original image alongside
its corresponding Grad-CAM heatmap overlay, highlighting the regions deemed crucial by the model for predicting diabetic
retinopathy. These visualizations improve the interpretability and comprehension of the deep learning network's predictions
and provide insightful information about how the algorithm makes decisions.The training process spans 10 epochs, during
which both accuracy and validation accuracy steadily improve, while loss steadily decreases. This indicates the model's
progressive enhancement in learning and generalization. Following the training phase, Grad-CAM visualizations are

generated to interpret the model's decisions. By overlaying heatmaps onto original images, the regions crucial for predictions
are highlighted.

From the table, it is evident that the model’s performance improved significantly during the training process. The training
loss, which began at 1.8, dropped to 0.7 by the 9th epoch. This decrease indicates that the model has become better at reducing
errors in the training data. Likewise, the validation loss also fell, going from 1.0 to 0.7, which points to the model’s improved
ability to generalize new data. The training accuracy increased from 62% to 74%, demonstrating the model’s enhanced
accuracy in predicting the training data. Similarly, validation accuracy improved from 64% to 74%, showing that the model's
predictions on unseen data became more reliable as training progressed. These changes suggest that the model was able to
learn effectively and generalize well, resulting in better performance on both training and validation datasets.

accuracy 5
0.749 s loss

| trarang_loss

val_loss

——_framing_accuracy os1

val_accuracy e

0 2 L o ]
epochs

Fig. 9. Train and Test Loss graph for Vgg16_ANN model Fig. 10. Train and Test Accuracy graph for
Vggl6_ANN model

TABLE Il Accuracy, Loss comparison of the model

Epoch [Training LossValidation Training \Validation
Loss IAccuracy IAccuracy

1 1.8 1 0.62 0.64

2 1.5 0.9 0.65 0.66

3 1.2 0.85 0.68 0.68

4 1 0.8 0.7 0.7

5 0.9 0.78 0.71 0.71

6 0.85 0.75 0.72 0.72

7 0.8 0.73 0.73 0.73

8 0.75 0.72 0.73 0.73

9 0.72 0.71 0.74 0.74

10 0.7 0.7 0.74 0.74

The goal of this work is in alignment with the increasing demand for interpretability and transparency in artificial intelligence
(Al) systems, especially when it comes to deep learning and image classification applications. DL models, such as VGG16,
often function as powerful black-box systems, capable of making complex decisions but lacking transparency in how those
decisions are made. This opacity might make it difficult to diagnose possible biases or errors and to comprehend the internal
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workings of the model. Researchers and practitioners can obtain significant insights into the model's decision-making process
by employing techniques such as Grad-CAM to visualize the regions of input images that contribute most to the model's
predictions.

These visualizations provide a window into the "thought process" of the model, highlighting the areas of the image that, in
this scenario, have the most influence on the classification decisions made with diabetic retinopathy. Understanding the
model's behavior in this way serves multiple purposes. Firstly, it facilitates interpretability, allowing stakeholders to
comprehend why the model made a particular prediction. This insight is crucial in domains where decisions impact human
lives, such as healthcare, as it enables clinicians to trust and verify the model's decisions. Also, it can help guide modifications
and enhancements by pointing up possible biases or errors in the architecture of the model or training set.

5. CONCLUSION

This work demonstrates Transfer learning with pre-trained model VGG16 for image classification tasks and XAl tech-
niques, such as Grad-CAM, gives predictions from the DL model visual explanations. This approach can help com- prehend
and improve the model’s performance by offering insightful information about the model’s decision-making process. DL
models have shown promise in DR detection, yet their” black-box™ nature often hampers interpretability and trust in their
decision-making processes. To address this challenge, we explored the application of XAl techniques. This work provides a
comprehensive approach to training CNNs, interpreting their predictions, and enhancing their understanding of deep learning
models’ behavior, functioning as a useful tool for machine learning applications and jobs involving image classification.
This research contributes to the ongoing efforts in leveraging advanced machine learning methods for medical image analysis
while addressing the critical need for interpretability and transparency in health- care Al systems.
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