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Abstract. 

Purpose: The study evaluates EfficientNetB3 and VGG16 deep learning architectures for image classification, 

focusing on stability, accuracy, and interpretability. It uses Gradient-weighted Class Activation Mapping to improve 

transparency and robustness. The research aims to create reliable AI-based diagnostic tools. 

Methods: The study used a dataset of 4,217 color retinal fundus images divided into four classes: cataract, diabetic 

retinopathy, glaucoma, and normal. The dataset was divided into 70% for training, 10% for validation, and 20% for 

testing. The researchers used a transfer learning approach with EfficientNetB3 and VGG16 models, pretrained on 

ImageNet. Real-time augmentation was applied to prevent overfitting and improve generalization. The models were 

compiled with the Adam optimizer and trained with categorical cross-entropy loss. Early stopping was implemented to 

allocate computational resources efficiently and reduce overfitting. A learning rate scheduler (ReduceLROnPlateau) 

was added to adjust the learning rate if no significant improvement was made concerning validation loss. 

EfficientNetB3 was more efficient in model size, possessing only 12 million parameters compared to VGG16's 138 

million, making it suitable for resource-constrained mobile or embedded systems. The final evaluation was done on the 

held-out test set. 

Result: The EfficientNetB3 architecture outperforms VGG16 in classification accuracy and loss value stability, with 

an average accuracy of 93%. It also exhibits better transparency and predicted accuracy, making it a reliable model for 

medical image categorization. 

Novelty: This work introduces a novel framework integrating EfficientNetB3 architecture, stratified cross-valuation, 

L2 regularization, and Grad-CAM-based interpretability, focusing on openness and explainability in model evaluation. 
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INTRODUCTION 
With the progression of modern lifestyles, digital devices like computers, cell phones, and handheld tablets 

have become indispensable in daily activities. However, prolonged usage of these devices can result in eye-

related disorders, most notably Computer Vision Syndrome (CVS) [1], [2], which is characterized by 

symptoms such as eye fatigue, dryness, and blurred vision. Extended screen exposure and suboptimal 

ergonomic postures further exacerbate these symptoms, particularly among individuals experiencing age-

related declines in visual function. Concurrently, retinal diseases such as diabetic retinopathy, glaucoma, 

and cataracts [3] are among the leading causes of irreversible visual impairment, primarily due to the retina's 

complex and delicate structure. These diseases taken together emphasize the need of disseminating 

knowledge about eye health and implementing preventative actions to maintain optimal visual function in 

the face of fast advancing digital technology. 

 

A number of imaging modalities, such as fundus fluorescein angiography (FFA), color fundus photography 

(CFP) [4], and optical coherence tomography (OCT), have evolved into devices that are crucial in the field 

of current ophthalmology for the purpose of identifying and monitoring retinal abnormalities [5]. Among 

these methods, FFA provides helpful data on tissue perfusion and vascular leakage; CFP is usually regarded 
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as the gold standard for non-invasive visual documenting of retinal architecture and vascularity. OCT's 

sensitivity rises still further when combined with color fundus photographs. Its high-resolution features 

have shown potential for recognizing choroidal neovascularization and help to provide comprehensive view 

of the retinal layers. Retinal diseases are typically asymptomatic in their early stages; however, the damage 

to retinal tissue progresses over time.  

 

The visualization of characteristic lesions through fundus images facilitates a more objective and accurate 

diagnosis of these conditions, such as figure 1 (a) the presence of bright yellow deposits in the retina 

resulting from the leakage of fat and protein from damaged capillary blood vessels [6], [7]; (b) the absence 

of typical retinal abnormalities in some patients with diabetic retinopathy or other retinal disorders; (c) optic 

nerve damage, often indicate by an increased cup-to-disc ratio, with the optic disc appearing more 

prominent and brighter in the image [8]; and (d) cloudiness or opacity of the eye lens, particularly in the 

central area, causing light diffusion an indicative feature of cataracts [9]. 

 

  
 (a) diabetic retinopathy    (b) normal      (c) glaucoma             (d) cataract 

Figure 1. Illustrative images showcasing multiple eye conditions 

Current research in retinopathy emphasizes early diagnosis to prevent serious complications. Image 

analysis is employed to extract critical features from fundus images, while machine learning techniques are 

leveraged to develop reliable classification models due to their strong generalization capabilities. To 

enhance model performance, image augmentation techniques such as rotation, shifting, zooming, and 

lighting variations are applied to expand training data and mitigate overfitting risks [10]. In classifier 

development, two primary approaches are utilized: classical image processing and pattern recognition 

methods, as well as artificial neural network-based approaches. Classical methods require manual feature 

extraction, whereas neural networks perform more effectively with large datasets but are less optimal when 

data is limited. Since diabetic retinopathy fundus datasets are typically domain-specific and limited in size, 

classical methods combined with machine learning are deemed more suitable in this context. An ensemble 

method emerges as a key strategy in this study. The approach combines transfer learning with deep learning-

based CNN architectures [11], [12], including foundational CNN models [13], modern CNNs 

(EfficientNetB3) [14], and pre-designed CNNs (VGG16) [9], [15]. 

 

The comparative analysis of deep learning models for early disease detection demonstrates the superior 

performance of modern CNN architectures, particularly the EfficientNet family. This superiority is further 

corroborated by studies across medical domains: EfficientNetB attained 93.47% accuracy in lung cancer 

detection from CT scans [14], 92.07% [16] in breast histopathology classification, 90,8% for canine 

cataracts [17], latest research for fundus diseases had result about 87% [18] and EfficientNetB3 with 

squeeze-and-excitation block detects diabetic retinopathy from fundus images with 88.74% accuracy [19]. 

The consistent high performance across diverse imaging modalities (fundus photography, CT scans, and 

histopathology slides) establishes EfficientNet architectures as the optimal choice for automated medical 

diagnosis systems, combining high accuracy with computational efficiency for clinical deployment. 

 

Additionally, data augmentation is applied to enrich the training dataset, alongside fine-tuning neural 

networks pre-trained on large-scale datasets such as ImageNet. This combined methodology is expected to 

improve both accuracy and generalization capabilities in diabetic retinopathy fundus image classification. 

This study aims to enhance the accuracy of eye disease diagnosis by implementing the EfficientNetB3 deep 

learning model. The novelty of the research lies in its use of a lightweight yet effective architecture for 

detecting retinal medical conditions. The developed model is expected to assist medical professionals in 

early detection [14] and automated diagnosis, while also serving as a reference for advancing machine 

learning applications in healthcare. 
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METHODS 

The use of appropriate research instruments is essential for ensuring the effective implementation and 

successful outcomes of a study, enabling accurate data collection and analysis through suitable techniques. 

This study employed both hardware and software tools. The hardware utilized included a system equipped 

with an RTX 3070 GPU, AMD Ryzen 7 5500 processor, 16 GB of RAM, a 512 GB SSD, and the Windows 

11 operating system. For the software components, the study made use of Python along with several 

supporting libraries, including OS, NumPy, pandas, computer vision library, matplotlib, TensorFlow, and 

Scikit-learn. The methodological approach focused on image classification using the EfficientNetB3 and 

VGG16 models, incorporating cross-validation and image augmentation techniques to classify eye diseases 

based on the provided image dataset. 

 

This study adopts an experimental approach by applying deep learning methods to classify 4217 fundus 

images into various disease categories [18]. Two model architectures are compared in this research: 

EfficientNetB3 and VGG16. Both are transfer learning-based models pre-trained on the ImageNet dataset. 

The dataset consists of retinal fundus images, which are divided into three subsets: 70% for training, 10% 

for validation, and 20% for testing. Each subset contains subfolders representing specific eye disease 

classes. For cross-validation purposes, data from the training and validation folders were merged into a 

single Data Frame, which was used throughout the training and evaluation process. Data preprocessing 

involved image augmentation to increase data diversity and prevent overfitting. The augmentation process 

included random rotations, horizontal and vertical shifts, zooming, shearing, lighting variations, and 

horizontal flipping. These transformations aim to enable the model to recognize disease patterns in a 

generalized manner, independent of specific imaging conditions. Model construction was carried out by 

leveraging the EfficientNetB3 and VGG16 architectures without their top classification layers. The base 

convolutional layers of both models were initially frozen to retain the learned features from ImageNet. New 

custom classification layers were added, including a dropout layer with a rate of 0.5 and a fully connected 

dense layer with L2 regularization where (𝜆 = 0.001), aimed at reducing overfitting and improving 

generalization. These were then extended with several fully-connected (dense) layers to perform final 

classification. During initial training, some of the early layers in each model were frozen to retain their pre-

trained weights, while the remaining layers were fine-tuned using the research dataset. The models were 

compiled using the Adam optimizer with a learning rate of 0.0001 [20], loss was calculated using the 

categorical cross-entropy approach, and model performance was assessed based on accuracy metrics. An 

overview of the research workflow is illustrated in the following figure 2. 
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Figure 2. Flow method EfficientNetB3 and VGG16 

The process begins with data preparation and model definition, followed by cross-validation using the 

Stratified K-Fold method [21]. Once the best-performing model is identified, it is retrained using the 

combined training and validation datasets, then evaluated on the held-out test dataset, which was never used 

during training or validation. The evaluation includes measuring accuracy and loss, and generating a 

confusion matrix and classification report with precision, recall, and F1-score for each class, reported both 

individually and as macro and weighted averages. Model predictions are further interpreted using Grad-

CAM (gradient-weighted Class Activation Mapping), which highlights regions of the retinal fundus image 

that influence the model’s decisions. This visualization overlays a heatmap on the original image, helping 

to understand how the model classifies each case. 

 

Collecting dataset image 

The Kaggle platform offers freely available datasets for the aim of machine learning research. Photographs 

of color fundus photography (CFP) taken under a range of conditions were gathered from there.   Kaggle's 

choice was based on its ability to offer well-structured pre-labeled datasets that allow effective data 

organization for the aim of model development.   Four main categories define the photographs in this 

collection: cataracts, glaucoma, diabetic retinopathy, and normal eyes.   Every category consists of enough 

variation in terms of image angles, lighting conditions, and image quality to guarantee the most efficient 

model training and evaluation.   Four categories were equally distributed out of the about 4217 images 

gathered.   The variety of the dataset allows the model to be trained to precisely recognize and distinguish 

between different eye diseases, so enabling a diagnosis that is both more dependable and more swiftly in 

medical uses. 
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Figure 3. Labeling of color fundus photography for disease identification 

Preprocessing 

Several cautious phases of data preparation were carried out in this work to ensure that the data were ready 

enough for the phase of deep learning model training. Retinal fundus photos in the collection have been 

divided into subfolders based on their labels for eye illnesses. Figure 4 presents a pictorial representation 

of the used methods of data preparation. Beginning the processing procedure was combining data from the 

training and validation folders into a single Data Frame structure. Using K-Fold Cross Validation [22] 

needed this integration since stratified splitting depending on class labels rely on consolidated data kept in 

a single structure. Then there are steps in picture augmentation and preprocessing. All retinal fundus photos 

were reduced to 256 × 256 pixels in order to provide constant input dimensions for the model design and 

normalized to ensure consistent input scale and improve training efficiency. For multi-classification, labels 

were one-hot encoded. To prevent overfitting and improve generalization, real-time augmentation was 

applied including rotation, translation, zoom, shear, brightness change, and horizontal flipping. 

 

 
Figure 4. CFP processing stage 

Additionally changed were pixel values to suit a realistic range for neural network performance. Variance 

in the training set was increased and overfitting risk was reduced by random data augmentation. Among 

the augmenting techniques were zooming, shearing, brightness change, horizontal flipping, random 

rotation, horizontal and vertical shifting. 
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Label encoding then transformed image labels into numerical form to enable training for multi-class 

classification. The stratified K-fold method was then used to separate the dataset so that the labels remained 

distributed proportionately across all of the many folds. As part of the transfer learning strategy, the training 

method used two distinct deep learning architectures: VGG16 and EfficientNetB3, both of which used 

pretrained ImageNet. Accuracy, loss values, confusion matrix, and classification reports were among all 

the records on training and evaluation outcomes. Additionally, to improve model interpretability, the Grad-

CAM (gradient-weighted Class Activation Mapping) technique was used to identify the precise regions of 

the retinal fundus image that the model concentrated on during prediction. 

 

Training 

Prior to model training, the preprocessed and augmented retinal fundus images were structured in a format 

compatible with deep learning frameworks. Each image was resized to 256 × 256 pixels with three RGB 

color channels and categorized according to its respective class label [23]. The training process was 

conducted in two main stages. The first stage involved the application of Stratified K-Fold Cross Validation 

with five folds (5-fold), aimed at comprehensively evaluating the model’s performance across various data 

distributions and mitigating the risk of overfitting. In each fold, the model was trained on a subset of the 

training data and validated on a separate subset, maintaining class distribution balance throughout. The 

accuracy and loss from each fold were recorded and averaged to determine the overall model performance. 

Upon completion of the cross-validation phase, the model demonstrating the highest performance was 

selected for retraining using the combined training and validation datasets. The final model was then 

evaluated on the test dataset, which had been previously set aside. Training was performed using the Adam 

optimization algorithm configured with a learning rate of 0.0001, a batch size of 32, and a maximum of 15 

epochs. Early stopping was implemented with a patience of 3 epochs and a minimum delta of 0.0001 to 

prevent overfitting. Additionally, the ReduceLROnPlateau learning rate scheduler was applied, reducing 

the learning rate by a factor of 0.1 when no improvement in validation loss was observed for 5 consecutive 

epochs, with a minimum learning rate set at 1e−6, employing categorical cross-entropy as the loss function 

and accuracy as the performance evaluation metric. Early stopping tracked the validation loss (val_loss) 

during training. Should no significant change be observed over consecutive epochs, the training process 

was automatically ended and the weights with best performance were maintained. Among the training 

process outputs were test accuracy, test loss, a confusion matrix, a classification report containing accuracy, 

recall, and F1-score for every class. In addition employed to show the areas of the retinal fundus pictures 

most influencing the predictions of the model was Grad-CAM (gradient-weighted class activation 

mapping), so enhancing the interpretability of the automated diagnostic system. 

 

Evaluation 

Determining the effectiveness of the created system and its dependability in classifying color fundus images 

depends on first model evaluation.  Two approaches of evaluation are used: qualitatively and quantitatively.  

Performance of the model was evaluated quantitatively using metrics including classification accuracy, F1-

score, mean matrix values, accuracy and loss curves, and the confusion matrix.  Concurrently for a 

qualitative evaluation, gradient-weighted Class Activation Mapping (Grad-CAM), graphically depicting 

the Convolutional Neural Network (CNN) decision-making process, was applied.  By stressing the parts of 

the input image most affected on the classification output, this method offers information on the capacity 

of the model to discover clinically significant characteristics. 

 

 The quantitative technique is implemented by computing generally used classification assessment metrics 

derived from the confusion matrix.  The confusion matrix is a tabular showing of every class in the dataset's 

accurate and false prediction count.  Several formulas obtained from this matrix let one evaluate the model's 

performance. 

Table 1. Parameters on a confusion matrix 
 Actually Positive (1) Actually Negative (0) 

Predicted Positive 𝑇𝑝 𝐹𝑝 

Predictive Negative 𝐹𝑛 𝑇𝑛 

 

Table 1 lists the derived projected results of the confusion matrix.  T pertains to the properly categorized 

normal occurrences; the value I show shows the number of anomalous events that are appropriately 

identified.  Conversely, F denotes anomalous events mistakenly labeled as normal and F indicates normal 

events that have been mistakenly categorized as anomalies.  Every deep learning classifier is extensively 

evaluated using several significant criteria: recall [24], accuracy [25], precision, and the F1-score [26]. 
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Usually calculated based on the confusion matrix, these assessment measures are absolutely important for 

assessing the performance of binary classification algorithms. 

 

Accuracy is given by      

Accuracy =  
TP + TN

TP + TN + FP + FN
     (1) 

 

Precision is given by 

Precision =
𝑇𝑃

𝑇𝑃+𝐹𝑃
      (2) 

Recall is given by 

Recall =
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (3) 

 

F1-score is given by 

𝐹1-Score = 2 ×
Precision×Recall

Precision+Recall
     (4) 

 

According to the F1 score, which is sometimes referred to as the F-measure, the accuracy of a model is 

determined by a balance between recall and precision.  One can find it by computing the proportion of true 

positive [27] forecasts versus the overall count of true and false positive outcomes.   

 

Recall simultaneously divides the total number of actual positive samples by the number of true positives 

to properly identify all relevant positive cases. In the case of multi-class classification as investigated in 

this work, macro average and weighted average methods [28], [29] are used to combine the evaluation 

measures amongst all classes.  The macro average, which gives equal weight to every class, computes the 

mean of every metric regardless of the overall case count in any class.  This approach ensures that every 

class contributes equally to assess the overall performance.  One can create the macro average 

mathematically as follows: 

Macro-F1 =
1

𝑛
∑ 𝐹1𝑖

𝑛
𝑖=1       (5) 

 

Unlike the macro average, the weighted average provides weights based on the number of instances per 

class thereby include the proportion of samples in every class.  This method assures that classes in more 

samples contribute more importantly generally to the total determine. The weighted average is 

mathematically formulated as follows: 

 

Weighted-F1 = ∑
𝑁𝑖

𝑁total

𝑛
𝑖=1 × 𝐹1𝑖     (6) 

 

Reviewing accuracy and loss graphs during the training period helped to guarantee the stability of the 

learning process and lower the overfitting risk. Usually, accuracy should increase as epochs go while loss 

should drop. Training and validation accuracy differ noticeably enough to indicate overfitting is occurring. 

 

To further understand the model's classification process for making decisions from an interpretability 

perspective, a qualitative method was employed in addition to the quantitative evaluation.  One of the 

methods applied for this goal is gradient-weighted Class Activation Mapping (Grad-CAM) [30], it is a 

visualizing tool stressing the parts of an input image regarded important by the model while making specific 

classification decisions.  Grad-CAM relates the gradients of the target class in relation to the generated 

feature maps from the last convolutional layer. The Grad-CAM [31], [32] activation map is the last result 

of this process; one is able to obtain it through using the following equation : 

 

𝐿Grad-CAM
𝑐 = ReLU(∑ α𝑘

𝑐 𝐴𝑘
𝑘 )     (7) 

 

Let 𝐴𝑘 denote the activation of the 𝑘𝑡ℎ feature map, and α𝑘
𝑐  represent the average gradient weight of the 

class score with respect to the feature map, mathematically formulated as follows: 

 

α𝑘
𝑐 =

1

𝑍
∑ ∑

∂𝑦𝑐

∂𝐴𝑖𝑗
𝑘𝑗𝑖        (8) 
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where 𝑦𝑐 is the model output for class 𝑐 and 𝑍 denotes the total number of elements in the feature map. The 

ReLU activation function is applied to emphasize features that positively contribute to the prediction 

outcome. 

 

Through the resulting Grad-CAM activation maps, it becomes possible to visually identify specific regions 

of the retinal fundus images that are primarily attended to by the model during the classification process. 

These highlighted areas commonly correspond to key anatomical structures such as the optic disc, macula, 

or blood vessels, which are also critical regions in clinical diagnoses made by ophthalmology professionals. 

 

RESULTS AND DISCUSSIONS 

The performance comparison between the EfficientNetB3 and VGG16 models was evaluated using K-Fold 

cross-validation, focusing on mean accuracy and mean loss as primary indicators. As illustrated in Figure 

5, EfficientNetB3 achieved a slightly higher mean accuracy compared to VGG16. Despite its slower 

training time (58 seconds per epoch compared to 41 seconds for VGG16), EfficientNetB3 was significantly 

more efficient in terms of model size, containing only 12 million parameters compared to VGG16's 138 

million. This makes EfficientNetB3 better suited for deployment in mobile or embedded systems with 

limited resources, indicating its superior ability to correctly classify fundus images across various eye 

disorders. Meanwhile, VGG16 demonstrated a lower mean loss, suggesting fewer extreme prediction 

errors. Overall, the training results demonstrated that both models exhibited competitive performance. 

However, EfficientNetB3 consistently outperformed VGG16 in terms of accuracy and reliability, 

particularly in the multi-class classification of eye diseases with high visual similarity. These findings 

highlight each model’s generalization capability and lay the groundwork for further evaluation of class-

wise metrics and interpretability in the subsequent analysis. 

 

 
Figure 5. Cross-validation performance comparison 

 
Figure 6. Model learning performance 

Quantitative results revealed that the classification model based on the EfficientNetB3 architecture 

achieved high and stable performance. Overall, the model reached an accuracy of 93%, indicating a high 

proportion of correct predictions on the test data. Additionally, the precision, recall, and F1-score metrics 
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offered detailed insights into the performance of each class. Among the four classified categories of 

cataract, diabetic retinopathy, glaucoma, and normal. The diabetic retinopathy class achieved the highest 

performance with an F1-score of 0.98, followed by the cataract class with 0.95. Although the glaucoma 

class obtained the lowest F1-score of 0.89, this still reflects the model's good capability in recognizing its 

corresponding visual patterns. The normal class recorded an F1-score of 0.91. Furthermore, the macro 

average and weighted average values of all metrics indicated the model’s consistency in handling both 

balanced and imbalanced class distributions, with an overall F1-score of 0.93. 

 

Figure 6 illustrates the trend of increasing accuracy and decreasing loss during the model training process. 

The accuracies for both training and validation sets progressively increase, reaching near-optimal levels by 

epoch 10, indicating that the model is learning progressively. No significant difference was observed 

between training and validation accuracy, suggesting that the model did not experience overfitting. 

Similarly, the loss curves show a consistent downward trend for both datasets, indicating that the model 

successfully achieved optimal convergence. 

 

 
                           (a) Original                                                (b) Grad-Cam 

Figure 7. Grad-CAM Visualization of Model Attention on each color fundus photography 

Figure 7 presents a comparison between the original fundus image (a) and its corresponding Grad-CAM 

visualization (b). The red regions indicate areas that most strongly influenced the model’s classification 

decision, while the blue regions represent areas with minimal contribution. In this example, the model 

concentrates its attention on the central region of the retina, likely encompassing the optic disc or macula, 

structures commonly associated with clinical indicators of ocular diseases. This visualization confirms that 

the model’s predictions are not generated randomly but are based on clinically meaningful visual features, 

thereby reinforcing the interpretability of the model. 

 

Table 2. Classification evaluation results by class 
Class Precision Recall F1-Score Support 

Cataract 0.94 0.97 0.95 105 

Diabetic Retinopathy 0.98 0.97 0.98 111 

Glaucoma 0.93 0.86 0.89 102 
Normal 0.89 0.93 0.91 108 

Macro Avg 0.93 0.93 0.93 426 

Weighted Avg 0.93 0.93 0.93 426 

 

The highest performance was achieved by the diabetic retinopathy class as shown in Table 2, with an F1-

score of 0.98. In contrast, the glaucoma class had the lowest F1-score (0.89), though it remained within a 

reasonably high range. Precision and recall values were balanced across all classes, indicating that the 

model was unbiased toward specific classes and maintained stable classification performance 

 

Figure 8, illustrates the performance of the proposed model in classifying four retinal fundus images 

conditions, namely cataract, diabetic retinopathy, glaucoma, and normal. The model demonstrates high 

accuracy in identifying diabetic retinopathy, with 108 out of 111 instances correctly classified. This result 

indicates the model's strong capability in detecting distinct pathological features such as hemorrhages, 

microaneurysms, and exudates. Similarly, cataract is accurately classified in 102 instances, with only minor 

misclassifications, suggesting the model's effectiveness in recognizing characteristic signs like lens opacity 

or reduced retinal clarity. 
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On the other hand, the classification of glaucoma presents some challenges. A total of 14 samples were 

misclassified, with seven labeled as cataract and seven as normal. This confusion is likely caused by 

overlapping visual patterns in the optic disc region or subtle changes in the retinal nerve fiber layer, which 

may not be distinctly captured. The normal class was classified correctly in 100 cases, although a small 

number of images were misinterpreted as having disease characteristics. In general, the model has strong 

cross-class generalizability with little bias. Confusion analysis shows that the model is accurate in 

identifying serious retinal abnormalities, but it also shows where the model may need some improvement, 

especially in glaucoma identification. 

 

By providing the formulae for accuracy, precision, recall, and F1-score, we can ensure that the assessment 

criteria are legitimate. In order to evaluate the model's categorization performance objectively, some 

standard calculations are used. 

 

 
Figure 6. Confusion matrix efficientNetB3 model 

CONCLUSION 

This study conducted a thorough assessment of the EfficientNetB3 and VGG16 architectures for classifying 

retinal fundus images, focusing on both their prediction accuracy and the interpretability of the models. The 

EfficientNetB3 model consistently outperformed VGG16 in terms of accuracy and stability, achieving a 

93% accuracy on the test dataset. Visualization using Grad-CAM confirmed the model’s focus on clinically 

relevant regions such as the optic disc and macula, reinforcing its reliability in detecting key pathological 

features. The integration of stratified cross-validation, transfer learning, L2 regularization, and Grad-CAM 

provided a robust and explainable framework for medical image classification, with strong generalization 

across diabetic retinopathy, cataract, glaucoma, and normal classes. 

 

From a medical standpoint, it is important to acknowledge that such analyses are only valid when based on 

clinically acquired fundus images, particularly those obtained through Color Fundus Photography (CFP). 

While the model shows potential for early screening, its outputs should not be considered final diagnostic 

results. The expertise of medical professionals, especially ophthalmologists, remains essential to validate 

and interpret findings comprehensively. AI-based predictions can augment but not replace clinical 

judgment. Therefore, the collaborative integration of AI tools and healthcare expertise is key to delivering 

safe, effective, and accountable medical diagnostics. 
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