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Abstract: 

Introduction: Diabetic Retinopathy (DR) is a vision-threatening complication of diabetes that requires early and 

accurate diagnosis. Deep learning offers promising solutions for automating DR classification from retinal images. 

This study compares the performance of two convolutional neural network (CNN) architectures—ResNet-50 and 

DenseNet-121—for classifying DR severity levels. Methods: A dataset of 2,000 pre-processed and augmented retinal 

images was used, categorized into four classes: normal, mild, moderate, and severe. Both models were trained using 
two approaches: standard train-test split and Stratified K-Fold Cross Validation (k=5). Data augmentation techniques 

such as flipping, rotation, zooming, and translation were applied to enhance model generalization. The models were 

trained using the Adam optimizer with a learning rate of 0.001, dropout of 0.2, and learning rate adjustment via 

ReduceLROnPlateau. Performance was evaluated using accuracy, precision, recall, and F1-score. Results: ResNet-50 
outperformed DenseNet-121 across all evaluation metrics. Without K-Fold, ResNet-50 achieved 84% accuracy 

compared to DenseNet-121’s 80%; with K-Fold, ResNet-50 scored 83% and DenseNet-121 81%. ResNet-50 also 

demonstrated better balance in class-wise classification, with higher recall and F1-score, especially for moderate and 

severe DR classes. Confusion matrices confirmed fewer misclassifications with ResNet-50. Conclusions: ResNet-50 
provides superior accuracy and robustness in classifying DR severity levels compared to DenseNet-121. While K-Fold 

Cross Validation enhances model stability, it slightly reduces overall accuracy. These findings support the use of 

ResNet-50 in developing reliable deep learning-based screening tools for early DR detection in clinical practice. 

Keywords: Deep Learning, DenseNet-121, Diabetic Retinopathy, Image Classification, ResNet-50. 
Dataset link: https://www.kaggle.com/datasets/tanlikesmath/diabetic-retinopathy-resized 

 

1. Introduction 

Diabetic Retinopathy (DR) is a major complication of diabetes that can lead to blindness if not detected and 

treated early [1]. The increasing prevalence of diabetes has made DR a growing concern, with approximately 

1.5% of the Indonesian population affected [2]. [3] Early detection is critical but remains challenging due to the 

limitations of manual diagnosis, which relies on expert evaluation, is time-consuming, and is prone to human error 

[4]. 

Deep learning, particularly Convolutional Neural Networks (CNNs), has demonstrated remarkable success in 

medical image analysis, offering a potential solution for automating DR classification [5]. Among CNN 

architectures, ResNet-50 and DenseNet-121 are widely used due to their ability to extract deep features from 

images [6]. [7] ResNet-50 introduces residual learning, allowing deeper networks without vanishing gradients, 

while DenseNet-121 employs dense connectivity to improve feature propagation and efficiency [8]. However, 

few studies have directly compared these architectures in DR classification, highlighting a gap in research [9]. 

https://doi.org/10.56705/ijodas.v6i1.232
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This study aims to compare ResNet-50 and DenseNet-121 in classifying Diabetic Retinopathy using retinal 

images [10], [11]. [12] A dataset consisting of 2000 retinal images categorized into four DR severity levels is 

used, and the models are evaluated using Stratified K-Fold Cross Validation (k=5) and a non-K-Fold approach 

[13]. Performance is assessed through accuracy, precision, recall, and F1-score, providing insights into the most 

effective model for automated DR detection [14], [15]. 

The key contribution of this research lies in its comparative analysis of these architectures, offering a 

benchmark for future deep learning-based DR classification systems [16]. The findings can help optimize AI-

driven early screening tools, supporting ophthalmologists in accurate and efficient diagnosis [17]. 

2. Method: 

This study employs a quantitative experimental approach by implementing deep learning for the classification 

of Diabetic Retinopathy (DR) based on retinal images. Two Convolutional Neural Network (CNN) architectures, 

ResNet-50 and DenseNet-121, are compared to evaluate their effectiveness in classifying DR severity levels. The 

models are tested using two validation strategies. 

a. Stratified K-Fold Cross Validation (k=5) – to address class imbalance in the dataset and enhance model 

generalization. 

b. Without K-Fold – as a comparison to evaluate the model's performance using a standard dataset split. 

 

Figure 1. K-Fold Cross Validation 

Model evaluation is conducted using accuracy, precision, recall, and F1-score, with further analysis using a 

confusion matrix to understand misclassification patterns for each DR category. 

Data Selection 

The dataset used in this study is Processed_Augmented_Dataset, sourced from Kaggle, which has undergone pre-

processing and data augmentation. The dataset consists of 2000 retinal images, categorized into four classes: 

a. Normal Eye 

b. Mild DR 

c. Moderate DR 

d. Severe DR 

Data augmentation was applied to address class imbalance in the raw dataset and to improve the model's generalization 

capability. The process aimed to generate new data variations from existing images without altering their labels. The 

augmentation techniques included random rotation, vertical/horizontal flipping, zoom in/out, and translation, resulting in a 

total of 6,800 augmented images. 

The dataset is divided into three main parts: 

a. Training data: Used to train the model 

b. Validation data: Used to prevent overfitting during training 

c. Testing data: Used to evaluate the final model performance 

For the non-K-Fold method, the dataset is split into 80:20 for training and validation. In K-Fold Cross Validation, the 

dataset is divided into five folds, ensuring that each class is evenly distributed across all iterations of training. To evaluate 
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model performance, 5-Fold Cross Validation was used. In this method, the dataset was split into five equal parts. Each 

iteration used four folds (5,120 images) for training and one-fold (1,280 images) for validation. This approach, applied on 

80% of the total dataset (6,400 images), is considered one of the most reliable techniques for estimating a model’s ability to 

generalize on unseen data. 

Tools and Technology Used 

This study utilizes various tools and technologies to build, train, and evaluate the deep learning models, including: 

a. Programming Language: Python 

b. Optimizer Adam [18] 

c. Deep Learning Frameworks: TensorFlow and Keras [19] 

d. Pretrained Models: ResNet-50 and DenseNet-121 

e. Augmentation Techniques: ImageDataGenerator to enhance image variability 

Call-backs Used: 

a. EarlyStopping: Stops training if no improvement in performance is detected. 

b. ModelCheckpoint: Saves the best model based on validation performance. 

c. ReduceLROnPlateau: Reduces the learning rate if the performance stagnates. 

Model training is performed using GPU acceleration to speed up computations, as deep learning requires high 

processing power for handling image data 

Data Collection Process 

The data collection process involves several steps: 

a. Downloading the dataset from Kaggle, which has been curated and labelled based on DR severity levels. 

b. Pre-processing data, including: 

1. Pixel value normalization to a range of [0,1] to match CNN input requirements. 

2. Resizing images to 224×224 pixels to fit the ResNet-50 and DenseNet-121 architectures. 

3. Data augmentation using ImageDataGenerator to increase image variations, such as rotation, flipping, and 

brightness adjustments 

c. Splitting the dataset into training, validation, and testing according to the validation method used. 

d. Training the models using the preprocessed dataset, with hyperparameter tuning to optimize model performance. 

Data Analysis Methods 

Model evaluation is conducted using key performance metrics to assess prediction quality: 

a. Accuracy: Measures the percentage of correct predictions compared to the total test data [20]. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 (1) 

 

b. Precision: Calculates the model’s accuracy in identifying each DR class [21]. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 (2) 

 

c. Recall: Measures how well the model recognizes each DR category [22]. 

𝑹𝑒𝑐𝑎𝑙𝑙
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 (3) 
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d. F1-Score: A combination of precision and recall to ensure balanced evaluation [23]. 

𝑭1 − 𝑆𝑐𝑜𝑟𝑒 = 2.
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 .  𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑅𝑒𝑐𝑎𝑙𝑙
 (4) 

TP : is a prediction result that is positive and correct. 

TN : is a prediction result that is negative and correct. 

FP : is a prediction result that is positive but incorrect. 

FN : is a prediction result that is negative but incorrect. 

e. Confusion Matrix: Used to analyze misclassification patterns and determine if the model frequently 

misidentifies certain categories [24], [25]. 

The results from both models are compared to determine the most effective CNN architecture for Diabetic 

Retinopathy classification, as well as to assess the impact of K-Fold Cross Validation on model performance 

3. Results and Discussion 

Results 

The dataset used in this study underwent a series of preprocessing steps to ensure data quality and consistency before 

training the model. The preprocessing steps included pixel value normalization to the [0,1] range, resizing images to 224×224 

pixels, and data augmentation techniques such as rotation, flipping, and brightness adjustments to increase variation in retinal 

images. 

After preprocessing, the dataset was divided into training (train), validation (validation), and testing (test) data, with an 

80:20 ratio in the non-K-Fold method, while Stratified K-Fold Cross Validation (k=5) was used to improve class balance 

and model generalization. The model evaluation results are presented in the Table 1: 

Table 1. Model Performance Comparison on Test Data 

Model LR OP Accuracy Precision Recall F1-Score 

ResNet-50 (Without K-Fold) 0,0001 Adam 0,84% 0,84% 0,84% 0,84% 

DenseNet-121 (Without K-Fold) 0,0001 Adam 0,80% 0,80% 0,79% 0,79% 

ResNet-50 (With K-Fold) 0,0001 Adam 0,83% 0,83% 0,83% 0,83% 

DenseNet-121 (With K-Fold) 0,0001 Adam 0,81% 0,81% 0,81% 0,80% 

From the Table 1, it can be seen that ResNet-50 without K-Fold achieved the highest accuracy of 84%, while 

DenseNet-121 without K-Fold reached 80%. The K-Fold Cross Validation method slightly reduced accuracy, but 

provided a more stable model in detecting different DR classes. 

A confusion matrix graph was also used to observe misclassification patterns across the four DR categories.  

 

Figure 2. Confusion Matrix ResNet-50 Without (Left) and With (Right) K-Fold 
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Figure 3. Confusion Matrix DenseNet-121 Without (Left) and With (Right) K-Fold 

 

 

Figure 4. Accuracy and Loss ResNet-50 Without(Left) and With(Right) K-Fold 

 

 

Figure 5. Accuracy and Loss DenseNet-121 Without(Left) and With(Right) K-Fold 

The confusion matrix on the training and validation data for the ResNet-50 model shows strong performance 

in classifying images correctly. In one result, the model correctly predicted 287 images for the Severe class, 255 

for Normal, 255 for Mild, and 267 for Moderate. In another result, it correctly classified 310 Severe, 297 Normal, 
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314 Mild, and 308 Moderate images. The dark blue diagonal in the matrix illustrates a high number of correct 

classifications across all classes, indicating good model accuracy. 

The training and validation accuracy graph for ResNet-50 shows a consistent increase in training accuracy 

throughout the training process. The validation accuracy also improves initially but later fluctuates, suggesting 

signs of slight overfitting. Despite this, the model maintains stable performance overall. Similarly, the training 

loss continues to decrease, while validation loss also decreases in the early stages before fluctuating slightly. The 

relatively small gap between training and validation loss at the end indicates that the model generalizes well, even 

though some overfitting occurs. 

In the case of the DenseNet-121 model, the confusion matrix also shows good classification performance. The 

model correctly predicted 276 Severe, 241 Normal, 248 Mild, and 252 Moderate images in one result, and 306 

Severe, 300 Normal, 305 Mild, and 304 Moderate in another. The high concentration of correct predictions on the 

diagonal of the matrix highlights the model’s reliability in recognizing each class. 

The training and validation accuracy graph for DenseNet-121 indicates a steady rise in training accuracy. 

Validation accuracy increases early on but later fluctuates, indicating a potential for slight overfitting, similar to 

ResNet-50. The gap between training and validation accuracy toward the end is relatively large, suggesting that 

although the model learns the training data well, its performance on unseen data may vary slightly. The training 

loss decreases steadily, and while validation loss shows some fluctuations, the gap between them remains small, 

indicating the model still performs effectively with a reasonable level of generalization. ResNet-50 demonstrated 

better performance than DenseNet-121 in terms of accuracy and classification balance. 

a. K-Fold Cross Validation produced a more stable model, but slightly reduced overall accuracy.  

b. Higher recall in ResNet-50 indicates that the model is better at recognizing all DR severity levels, reducing 

the likelihood of undetected cases. 

Significant Findings 

The performance comparison between ResNet-50 and DenseNet-121 shows that ResNet-50 performs slightly 

better than DenseNet-121. ResNet-50 achieved a higher accuracy (84%) compared to DenseNet-121 (80%), 

indicating that this model makes correct predictions more frequently. Precision, recall, and F1-score are also 

higher in ResNet-50, meaning the model is better at recognizing each class in a more balanced manner. While 

DenseNet-121 still demonstrates good performance, it is slightly lower compared to ResNet-50. 

The performance comparison between ResNet-50 and DenseNet-121 using K-Fold Validation also indicates 

that ResNet-50 performs slightly better than DenseNet-121. ResNet-50 achieved a higher accuracy (83%) 

compared to DenseNet-121 (81%), showing that this model makes correct predictions more frequently. Precision, 

recall, and F1-score are also higher in ResNet-50, indicating that the model is better at identifying each class more 

evenly. DenseNet-121 still performs well, but slightly lower compared to ResNet-50. 

a. ResNet-50 outperforms DenseNet-121 in DR classification, particularly in accuracy and recall. 

b. K-Fold Cross Validation helps mitigate class imbalance, although it slightly lowers accuracy. 

c. Data augmentation contributes to improved model generalization, as evidenced by evaluation results on 

test data. 

Discussion 

Interpretation and Evaluation of the Results 

Based on the experimental results, ResNet-50 proved to be more effective than DenseNet-121 in DR 

classification tasks. This can be attributed to the residual learning architecture in ResNet-50, which allows deeper 

network training without losing essential information. Additionally, the use of Stratified K-Fold Cross Validation 

helped address class imbalance, ensuring a more stable model in detecting all DR categories, although it slightly 

reduced overall accuracy. 

Relationship with Previous Studies 

The findings of this study align with previous research, which has shown that ResNet-50 outperforms other 

architectures in medical image classification, particularly in detecting fine details that differentiate disease 
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categories. Other studies have also found that DenseNet-121 is advantageous in parameter efficiency, but in the 

case of DR classification, ResNet-50's residual learning approach proves to be more effective in boosting model 

accuracy. 

Practical Implications of the Research 

The results of this study have several important implications: 

a. Using ResNet-50 in automated diagnostic systems can improve the speed and accuracy of early DR 

detection. 

b. Implementing deep learning in ophthalmology can help reduce the workload of ophthalmologists by 

automating the analysis of thousands of retinal images. 

c. K-Fold Cross Validation can be applied to other medical classification models to minimize bias caused 

by class imbalance. 

Research Limitations 

Several limitations of this study include: 

a. The dataset was limited to 2000 retinal images, which may not fully represent real-world data complexity. 

b. The study only compared two CNN architectures (ResNet-50 and DenseNet-121) without considering 

other models such as EfficientNet or Inception. 

c. Computational cost analysis was not conducted, which is an important factor in implementing AI-based 

systems in clinics or hospitals. 

Recommendations for Future Research 

a. Using a larger and more diverse dataset to improve model generalization. 

b. Comparing more CNN architectures to identify the best-performing model for DR classification. 

c. Implementing the model in cloud-based or mobile applications, allowing for real-world medical 

application use. 

4. Conclusion 

This study compared the performance of ResNet-50 and DenseNet-121 in classifying Diabetic Retinopathy 

(DR) using retinal images. The findings show that ResNet-50 consistently outperformed DenseNet-121, achieving 

higher accuracy and better class recognition, particularly in critical DR stages like Moderate and Severe. The 

application of K-Fold Cross Validation improved model robustness and class balance, despite a slight decrease in 

overall accuracy. These results demonstrate that ResNet-50 is more effective and reliable for DR classification 

tasks, while also highlighting the potential of deep learning models in supporting automated early diagnosis. This 

research emphasizes the value of model comparison and proper validation techniques in medical imaging. For 

future work, using larger, more diverse datasets, evaluating other CNN architectures, and analyzing computational 

efficiency for clinical deployment are strongly recommended. The study contributes as a practical reference for 

developing AI-based diagnostic tools in ophthalmology. 
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