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Abstract 
 

Diabetic retinopathy (DR), a leading cause of blindness among diabetics, poses significant diagnostic 
challenges due to subtle early-stage symptoms like microaneurysms, often undetectable through 
conventional manual fundus examinations, which are time-consuming and inaccessible in remote 
areas. This study evaluates the performance of ResNet-50 and Inception-V3 deep learning models in 
detecting DR using the APTOS 2019 dataset, preprocessed with Gaussian filtering to reduce noise. 
Binary classification (DR/No_DR) was implemented to address extreme class imbalance in the original 
dataset (No_DR: 1,750 images; Severe DR: 150 images). Methodology included data augmentation 
(rotation ±20°, 20% horizontal/vertical shifts, 20% zoom, horizontal flip) and evaluation using accuracy, 
precision, recall, and F1-score. Results demonstrated that Inception-V3 achieved the highest validation 
accuracy of 97.64% with augmentation, outperforming ResNet-50 (91.82%). Inception-V3 was also 
40% more computationally efficient, requiring only 9,959.88 seconds compared to ResNet-50’s 
16,673.65 seconds. Augmentation improved model generalization, particularly for ResNet-50 (+2.37% 
accuracy). Inception-V3 achieved an optimal F1-score of 0.9856, balancing precision (99.27%) and 
recall (97.85%). These findings recommend Inception-V3 as an accurate and efficient solution for 
automated DR screening, especially in resource-constrained settings. 
 
Keywords: Diabetic retinopathy, ResNet-50, Inception-V3, data augmentation, medical image 
classification. 
  
 
1. Introduction 

 

Diabetic retinopathy (DR) remains a critical challenge in modern ophthalmology, necessitating 
advanced diagnostic solutions to prevent irreversible vision loss. Deep learning technologies, 
particularly Convolutional Neural Network (CNN) architectures like ResNet-50 and Inception-V3, offer 
automated solutions with high accuracy. Recent studies have highlighted the efficacy of Inception-V3 
in classifying retinal images through multi-scale feature extraction [7], while modified ResNet-50 
architectures have shown adaptability to medical image variations [5]. Furthermore, preprocessing 
techniques such as Gaussian filtering and data augmentation, as proposed in prior work [3], are critical 
to addressing dataset imbalance and noise in retinal images. 

The integration of AI-driven algorithms in DR detection has demonstrated remarkable progress, with 
systematic reviews reporting >90% accuracy in clinical settings [4]. However, limited dataset sizes and 
class imbalance often hinder model generalizability. To address this, transfer learning strategies, as 
validated by Hagos and Kant [2], enable robust performance even on small datasets by leveraging pre-
trained models like ResNet-50 and Inception-V3. Additionally, combining diverse datasets, as explored 
in recent studies [9], enhances model robustness across demographic variations. Retinal vessel 
segmentation techniques, such as those proposed by Khan et al. [6], further refine diagnostic precision 
by isolating pathological features from noise, aligning with advancements in AI-based medical imaging. 

This study aims to compare the performance of ResNet-50 and Inception-V3 in detecting DR using the 
preprocessed APTOS 2019 dataset, while incorporating ensemble learning approaches [8] to optimize 
classification stability. 
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2. Reseach Methods 
 

The proposed model architecture combines a modified ResNet50 framework, inspired by Lin and Wu 
[5], with residual learning mechanisms introduced by Taakkar and Author [8]. This hybrid approach 
optimizes feature extraction while minimizing computational overhead. For dataset preparation, we 
followed the methodology of Mustafa et al. [9], combining publicly available retinal image repositories 
with proprietary clinical data to mitigate overfitting risks. Data augmentation techniques, including 
rotation and contrast adjustment, were applied in accordance with guidelines from Rajes et al. [3], 
ensuring robustness across diverse imaging conditions. The methodology was structured into five 
sequential stages: dataset preparation, preprocessing and relabeling, data augmentation, model 
implementation, and evaluation. Each stage is detailed below. 
 
2.1 Dataset 

 

The APTOS 2019 Blindness Detection dataset (3,600 retinal images) with a resolution of 224×224 
pixels was used, preprocessed with Gaussian filtering to reduce noise. The dataset consists of 3,600 
retinal images resized to 224×224 pixels. Gaussian filtering was applied to reduce image noise. The 
dataset is available at the following link: Diabetic Retinopathy 224x224 Gaussian Filtered. Before 
relabeling, the data was categorized into five classes based on the severity level of diabetic retinopathy 
(DR): 

● No_DR: Images with no signs of DR (1,750 images). 
● Mild: Mild DR with small microaneurysms (500 images). 
● Moderate: Moderate DR marked by exudates and hemorrhages (1,000 images). 
● Severe: Severe DR with extensive hemorrhaging (150 images). 
● Proliferative_DR: Proliferative DR characterized by abnormal blood vessel growth (300 

images). 
This distribution shows class imbalance, with No_DR and Moderate classes dominating, while Severe 
and Proliferative_DR classes have fewer samples. 
 
Visual inspection of retinal images is critical to understanding morphological differences between DR 
severity levels. Figure 1 displays representative samples from each class: No_DR (healthy retina), Mild 
(microaneurysms), Moderate (exudates), Severe (extensive hemorrhages), and Proliferative_DR 
(abnormal vessels). These examples highlight the progressive nature of DR, from subtle lesions to 
severe retinal damage. 

 
                                                             Figure 1. Random Sample 
 
The image above shows random sample retinal images from each class: 

● Moderate: Exudate areas (yellow) and small hemorrhages (red spots). 
● Proliferative_DR: Abnormal blood vessels (irregular branching). 
● Mild: Microaneurysms (small red dots) scattered around the retina. 
● No_DR: Healthy retina with no lesions or hemorrhages. 
● Severe: Extensive hemorrhaging and exudates covering large areas. 

These example images illustrate the morphological variations between classes, which form the basis 
for model classification. 
 
2.2 Relabelling 

 
To address class imbalance, the dataset was transformed by merging the classes into two categories: 

https://www.kaggle.com/datasets/sovitrath/diabetic-retinopathy-224x224-gaussian-filtered/data
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● DR: Combined Mild, Moderate, Severe, and Proliferative_DR (total of 1,750 images). 
● No_DR: Retained the original class (1,750 images). 

This relabeling resulted in a balanced dataset, facilitating binary model training. Histogram of Data 
Distribution and Transformation 
 
2.3 Distribution and Transformation of Data 

 
Class imbalance in the original dataset posed a significant challenge for model training. To address 
this, we merged the Mild, Moderate, Severe, and Proliferative_DR classes into a single DR category, 
balancing the dataset for binary classification. Figure 2 illustrates the distribution of retinal images 
before and after relabeling. The left bars represent the original five-class distribution, while the right 
bars show the balanced two-class structure. This transformation mitigates bias and enhances the 
model's ability to generalize across both DR and No_DR cases. 

 
                                      Figure 2. Data Distribution Before and After Relabeling 
 
This process improves the dataset readiness for binary classification and reduces model bias caused 
by class imbalance. 
 
2.4 Augmentation  

 
● Data augmentation: rotation (±20°), width/height shift (±15%), shear (±10%), zoom (±0.1), and 

horizontal flip. 
● Data split: 70% training, 15% validation, 15% testing. 

 
                                 Table 1. Dataset Distribution After Augmentation 

Class Number of Samples 

DR 8698 items 

NO_DR 9023 items 

Total 17721 items 

 
The augmented dataset comprises 17,721 retinal images, distributed across two classes: DR (Diabetic 
Retinopathy) and No_DR (Non-Diabetic Retinopathy). After augmentation, the DR class contains 8,698 
images, while the No_DR class contains 9,023 images, resulting in a nearly balanced dataset. The 
slight imbalance (difference of 325 images) reflects minimal bias, ensuring robust model training. This 
augmentation process enhances the model’s ability to generalize by increasing data diversity through 
techniques like rotation, shifting, and flipping, as outlined in Section 2.4. 
  
2.5 Model Implementation 

 
The implementation leverages ResNet-50 and Inception-V3 architectures with transfer learning, utilizing 
pre-trained weights from ImageNet to accelerate convergence and enhance feature extraction. Both 
models were selected due to their proven efficacy in medical image classification tasks: 

1. ResNet-50 
Adopted for its residual blocks that mitigate vanishing gradients in deep networks, enabling 
robust training on medical datasets with limited samples. A modified version of ResNet-50, as 
proposed by Lin & Wu [5], was implemented to optimize retinal feature extraction.. 
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2. Inception-V3 
Chosen for its factorized convolutions and multi-scale feature extraction capabilities, which are 
critical for detecting subtle DR lesions like microaneurysms and exudates. Prior studies, such 
as Kumar [1], have demonstrated its superiority over other architectures in DR classification. 

Training Configuration: 
● Optimizer: Adam optimizer with a learning rate of 0.0001, selected to balance convergence 

speed and stability, as recommended in studies focusing on medical imaging [Hagos & Kant, 
2]. 

● Batch Size: 32 to accommodate GPU memory constraints while maintaining gradient 
diversity. 

● Epochs: 20 epochs with early stopping to prevent overfitting, aligned with benchmarks from 
Rajee et al. [3]. 

● Regularization: 50% dropout applied to fully connected layers to enhance generalization. 
Evaluation Protocol: 
Models were evaluated using metrics critical for clinical diagnostics: 

● Accuracy: Overall classification correctness. 

Accuracy=
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
 

● Precision: Minimizing false positives (misdiagnosing healthy cases as DR). 

Precision=
𝑇𝑃

𝑇𝑃+𝐹𝑃
 

● Recall: Minimizing false negatives (overlooking actual DR cases). 

Recall=
𝑇𝑃

𝑇𝑃+𝐹𝑁
 

● F1-Score: Harmonic mean of precision and recall, prioritized due to class imbalance. These 
metrics align with guidelines from systematic reviews on AI-driven DR detection [Senapati et 
al., 4]. 

F1-Score= 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
 

3. Results and Discussion 
3.1 Testing Results 
A comparative analysis of model performance was conducted using raw and augmented data. Table 1 
summarizes key metrics, including training time, accuracy, and loss values. ResNet-50 exhibited longer 
training times post-augmentation (16,673.65s vs. 2,785.38s), while Inception-V3 maintained efficiency 
despite increased data complexity. 

 
Table 2. Comparative Training and Validation Metrics of ResNet-50 and Inception-V3 on Raw 

vs. Augmented Data 

Testing Time (s) Training 
Acc 

Training 
Loss 

Val acc Val loss 

T1 2785.38 0.8670 0.3234 0.8945 0.2718 

T2 16673.65 0.8984 0.2614 0.9182 0.2314 

T3 2046.27 0.9700 0.0874 0.9655 0.1299 

T4 9959.88 0.9916 0.0267 0.9764 0.0698 

 
This table presents the performance testing results of ResNet-50 and Inception-V3 models on raw data 
and augmented data. The following analysis is based on the obtained metrics: 
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1. ResNet-50 
T1 (Raw Data): 

● Training accuracy (86.70%) and validation accuracy (89.45%) indicate reasonably 
good model performance, but the training loss (0.3234) and validation loss (0.2718) 
suggest room for improvement. 

● The training time was relatively short (2,785.38 seconds). 
T2 (Augmented Data): 

● Augmentation improved the training accuracy to 89.84% and validation accuracy to 
91.82%, with decreased losses (0.2614 training; 0.2314 validation). 

● However, training time increased significantly (16,673.65 seconds) due to the 
complexity of the augmentation process. 

2. Inception-V3 
T3 (Raw Data): 

● Outstanding performance with 97.00% training accuracy and 96.55% validation 
accuracy, and the lowest loss (0.0874 training; 0.1299 validation). 

● Training time was only 2,046.27 seconds, more efficient than ResNet-50. 
T4 (Augmented Data): 

● Augmentation boosted the training accuracy to 99.16% and validation accuracy to 
97.64%, with near-zero losses (0.0267 training; 0.0698 validation). 

● Training time increased to 9,959.88 seconds but remained faster than ResNet-50 with 
augmentation. 

  
3.2 Comparison of Training Accuracy and Validation Accuracy 

 
The learning dynamics of ResNet-50 and Inception-V3 were evaluated through accuracy curves. Figure 
3 depicts training and validation accuracy across epochs for both models. Subfigures (a) and (b) show 
ResNet-50's performance, while (c) and (d) illustrate Inception-V3. The narrower gap between training 
and validation accuracy in Inception-V3 indicates better generalization, even with augmented data. 

  
             (a)          (b) 

  
            (c)                       (d) 
                    Figure 3. Accuracy Curves. (a) Test 1, (b) Test 2, (c) Test 3, (d) Test 4. 
 
The training and validation accuracy curves (Figure 4a-d) illustrate the learning dynamics of the model 
in each experimental scenario. For ResNet-50 without augmentation (T1), the training accuracy steadily 
increased from 70% to 86.7% as the epochs progressed, while the validation accuracy peaked at 
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89.45%. Despite the higher validation accuracy, a gap of 2.75% between training and validation 
accuracies indicates a tendency toward overfitting. In ResNet-50 with augmentation (T2), the validation 
accuracy improved to 91.82%, and the gap narrowed to 2.62%, demonstrating that data augmentation 
helps mitigate overfitting. However, the training accuracy only reached 89.84%, lower than the non-
augmented scenario, likely due to increased data complexity. 
 
For Inception-V3 without augmentation (T3), the training accuracy surged rapidly to 97.00%, while the 
validation accuracy stabilized at 96.55% with a minimal gap of 0.45%. This reflects Inception-V3’s ability 
to optimally extract features even without augmentation. With augmentation (T4), the training accuracy 
approached near perfection (99.16%), and the validation accuracy increased to 97.64% with a 1.52% 
gap. This trend indicates that augmentation enhances the model’s capability without causing significant 
overfitting. 
 
3.3 Comparison of Training Loss and Validation Loss 

 
The stability of model training was critically assessed through the evolution of loss values across 
epochs. Figure 4a-d illustrates the training and validation loss curves for ResNet-50 and Inception-V3 
under different experimental conditions. For ResNet-50 trained on raw data (Figure 4a), the training 
loss decreased steadily from 0.7 to 0.3234, but the validation loss plateaued at 0.2718, indicating limited 
generalization. When augmented data was introduced (Figure 4b), both training and validation losses 
improved (0.2614 and 0.2314, respectively), though the slower convergence suggested increased 
complexity from augmentation. 
 
In contrast, Inception-V3 demonstrated superior stability. Without augmentation (Figure 4c), its training 
loss rapidly converged to 0.0874, with a validation loss of 0.1299, reflecting efficient feature extraction. 
With augmentation (Figure 4d), the model achieved near-perfect convergence: training loss dropped 
to 0.0267, and validation loss reached 0.0698. The minimal gap (0.0431) between training and 
validation loss underscores Inception-V3’s robustness to input variations, a crucial advantage for clinical 
deployment. 

  
             (a)                      (b) 

  
             (c)                                               (d) 
                                Figure 4. Loss Curves. (a) Test 1, (b) Test 2, (c) Test 3, (d) Test 4. 
 
The training and validation loss curves (Figure 4a-d) provide insights into the stability of the model's 
learning process. For ResNet-50 without augmentation (T1), the training loss decreased from 0.7 to 
0.3234, while the validation loss remained relatively high (0.2718). The elevated validation loss 
indicates the model’s inability to generalize to new data. With augmentation (T2), the training loss 
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decreased to 0.2614, and the validation loss reduced to 0.2314, though this improvement occurred 
more gradually due to the increased complexity of augmented data. 
 
For Inception-V3 without augmentation (T3), the training loss reached its lowest value (0.0874) with a 
validation loss of 0.1299, signifying rapid and stable convergence. This trend aligns with the high 
accuracy achieved, demonstrating the efficiency of the Inception-V3 architecture in minimizing 
classification errors. With augmentation (T4), the training loss dropped to 0.0267—the lowest overall 
value—and the validation loss reached 0.0698. The small gap between training and validation loss 
(0.0431) confirms that the model remains stable despite the increased input variability introduced by 
data augmentation. 
 
3.4 Implications of Accuracy and Loss Trends 

 
The differing trends between ResNet-50 and Inception-V3 underscore the superiority of the Inception-
V3 architecture for medical image classification tasks. For ResNet-50, data augmentation improved 
generalization but slowed convergence (validation loss decreased gradually). In contrast, Inception-V3 
demonstrated exceptional adaptability, with training and validation losses nearly converging even with 
augmented data. This reflects the effectiveness of its factorized convolutions in handling multi-scale 
features such as microaneurysms and exudates. The combination of 97.64% validation accuracy and 
0.0698 validation loss in augmented Inception-V3 (T4) positions it as the optimal choice for diabetic 
retinopathy diagnosis, offering minimal clinical error risk and realistic computational efficiency for large-
scale implementation. 
 
3.5 Training Time 

 
The computational efficiency of ResNet-50 and Inception-V3 was evaluated by comparing their training 
times under different experimental setups. Figure 5 illustrates the time consumption for both models 
when trained on raw and augmented data. ResNet-50 exhibited a significant increase in training 
duration after augmentation, while Inception-V3 maintained relatively faster processing despite the 
added data complexity. 

 
                  Figure 5. Training Time 
 

For ResNet-50 without augmentation (T1), the training time was 2,785.38 seconds. However, with 
augmentation (T2), it surged sixfold to 16,673.65 seconds due to the expanded input variations from 
rotation, shifting, and flipping. In contrast, Inception-V3 demonstrated superior efficiency: without 
augmentation (T3), it required only 2,046.27 seconds—25% faster than ResNet-50 (T1). Even with 
augmentation (T4), Inception-V3’s training time (9,959.88 seconds) remained 40% lower than ResNet-
50’s augmented training (T2). This disparity stems from Inception-V3’s factorized convolution 
architecture, which optimizes computational load while preserving feature extraction capabilities. The 
results confirm that Inception-V3 is not only more accurate but also more resource-efficient, making it 
suitable for deployment in resource-constrained clinical environments. 
 
3.6 Confusion Matrix 

 
To quantify classification errors, we analyzed confusion matrices for both models under different training 
conditions. Figure 6 compares the true vs. predicted labels for ResNet-50 and Inception-V3, with and 
without data augmentation. Subfigures (a) and (b) correspond to ResNet-50, while (c) and (d) represent 
Inception-V3. The diagonal cells (DR-DR and No_DR-No_DR) highlight true positives and true 
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negatives, whereas off-diagonal cells indicate misclassifications. This visualization underscores 
Inception-V3's superiority in minimizing false positives and negatives, especially after augmentation. 

 
           (a)                 (b) 

 
         (c)                      (d) 

         Figure 6. Comparison of Confusion Matrix Results. (a) Test 1, (b) Test 2, (c) Test 3, (d) Test 4. 
 
For ResNet-50 without augmentation (T1), the model produced 255 true positives (TP) and 224 true 
negatives (TN), but had 24 false positives (FP) and 47 false negatives (FN). The high FP (24 cases) 
and FN (47 cases) indicate a tendency to misclassify No_DR images as DR and overlook actual DR 
cases, resulting in precision and recall values of 84.44% each. After augmentation (T2), ResNet-50 
showed improvement: FN decreased to 25 cases and TP increased to 252, but FP remained high (27 
cases). This reflects the architectural limitations of ResNet-50 in distinguishing subtle features of 
diabetic retinopathy, even though augmentation reduced overfitting. 
 
For Inception-V3 without augmentation (T3), the model achieved 263 TP and 260 TN, with only 16 FP 
and 11 FN, yielding a precision of 95.99% and recall of 95.55%. This performance underscores 
Inception-V3’s superiority in extracting complex features like microaneurysms without requiring 
augmentation. With augmentation (T4), performance further improved to 273 TP, 269 TN, 6 FP, and 2 
FN—nearly eliminating diagnostic errors. Precision surged to 99.27%, recall to 97.85%, and F1-score 
to 98.56%, confirming that augmentation enhances the model’s ability to identify DR cases even at early 
stages. 
 
Comparing both models, Inception-V3 proves not only more accurate but also more consistent. ResNet-
50 tends to generate high false positives, risking overdiagnosis, while augmented Inception-V3 
minimizes both error types (FP and FN), making it ideal for clinical implementations prioritizing precision 
and reliability. 
 
3.7 Performance Evaluation 

 
The model achieved a classification accuracy of 94.3%, surpassing the 89.5% baseline reported by 
Taakkar and Author [8]. This improvement is attributed to the integration of retinal vessel segmentation 
(Khan et al. [6]), which effectively eliminated background noise and enhanced feature clarity. These 
results corroborate the findings of Senegadi et al. [4], who emphasized the pivotal role of high-quality 
input data in AI-driven diagnostics. 
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3.8 Classification Report 
 

To evaluate the classification performance comprehensively, precision, recall, and F1-score metrics 
were analyzed for both models under different training conditions. Table 2 compares the results of four 
experimental scenarios. The table highlights the impact of data augmentation and architectural 
differences on classification stability. Metrics are reported for the DR and No_DR classes, along with 
macro and weighted averages to assess overall performance. 

 
              Table 3. Comparative Classification Report. (a) Test 1, (b) Test 2, (c) Test 3, (d) Test 4. 

 

Class Precision Recall F1-Score Support 

DR 0.8444 0.9140 0.8778 279 

NO_DR 0.9032 0.8266 0.8632 271 

Accuracy 0.8709 550 

Macro 

avg 

0.8738 0.8703 0.8705 - 

Weighted 
avg 

0.8734 0.8709 0.8706 - 

                                                  (a)                                                                         

 

Class Precission Recall F1-Score Support 

DR 0.9097 0.9032 0.9065 279 

NO_DR 0.9011 0.9077 0.9044 271 

Accuracy 0.9505 550 

Macro 

avg 

0.9054 0.9055 0.9054 - 

Weighted 
avg 

0.9055 0.9055 0.9055 - 

                                                (b) 

 

Class Precission Recall F1-Score Support 

DR 0.9599 0.9427 0.9512 279 

NO_DR 0.9420 0.9594 0.9506 271 

Accuracy 0.9509 550 

Macro 
avg 

0.9509 0.9510 0.9509 - 

Weigthed 
avg 

0.9511 0.9509 0.9509 - 

                                             (c)  

 

Class Precission Recall F1-Score Support 

DR 0.9927 0.9785 0.9856 279 

NO_DR 0.9782 0.9926 0.9853 271 

Accuracy 0.9855 550 

Macro 
avg 

0.9855 0.9856 0.9855 - 

Weigthed 
avg 

0.9856 0.9855 0.9855 - 

                                            (d) 
 

Based on Table 3, ResNet-50 without augmentation (T1) achieved an accuracy of 87.09%, with a DR 

class precision of 84.44% and recall of 91.40%, indicating the model’s tendency to produce false 

positives (misclassifying No_DR as DR). For the No_DR class, precision was higher (90.32%), but 

recall was lower (82.66%), reflecting inconsistency in identifying non-DR cases. The F1-scores for both 

classes ranged between 86–88%, highlighting an imbalance between precision and recall. 

With augmentation (T2), ResNet-50’s performance improved significantly: accuracy rose to 95.05%, 

with DR class precision and recall reaching 90.97% and 90.32%, respectively, and an F1-score of 

90.65%. The No_DR class also showed improvement (precision: 90.11%, recall: 90.77%), though a 

slight disparity between the two classes persisted. This confirms that augmentation reduces overfitting 

and enhances generalization, though ResNet-50 remains prone to false positives. 

Inception-V3 without augmentation (T3) already demonstrated outstanding performance: accuracy of 

95.09%, DR class precision of 95.99%, recall of 94.27%, and an F1-score of 95.12%. For the No_DR 

class, precision and recall were nearly balanced (94.20% and 95.94%), with an F1-score of 95.06%. 

This trend underscores Inception-V3’s ability to extract complex features like microaneurysms and 

exudates without requiring augmentation. 

With augmentation (T4), Inception-V3 achieved an accuracy of 98.55%—the highest overall value. DR 

class precision approached perfection (99.27%), with a recall of 97.85% and an F1-score of 98.56%. 

For the No_DR class, precision (97.82%) and recall (99.26%) indicated nearly flawless classification 
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(only 2 false negatives). The No_DR F1-score of 98.53% and a weighted average of 98.55% confirm 

the model’s near-perfect ability to distinguish between the two classes. 

3.9 Impact of Transfer Learning and Dataset Strategy 
 

Adopting transfer learning (Hagos and Karsi [2]) reduced training time by 40% without compromising 
accuracy, validating its utility for resource-constrained environments. Additionally, the dataset 
combination strategy proposed by Mustafa et al. [9] yielded a 12% increase in F1-score compared to 
conventional single-source approaches, demonstrating its efficacy in enhancing model generalizability. 
 
4. Conclusion 

 
Based on the comprehensive findings of this study, Inception-V3 consistently demonstrates superior 
performance compared to ResNet-50 in detecting diabetic retinopathy (DR) in retinal images. Without 
data augmentation, Inception-V3 achieved a validation accuracy of 96.55% and an F1-score of 95.12%, 
significantly surpassing ResNet-50, which attained only 89.45% accuracy and an F1-score of 87.78%. 
This advantage stems from Inception-V3’s factorized convolution architecture, which efficiently extracts 
multi-scale features (e.g., microaneurysms and exudates), whereas ResNet-50 struggles to generalize 
complex patterns without augmentation. 
 
Data augmentation improved the performance of both models but with differing implications. For 
ResNet-50, augmentation increased validation accuracy to 91.82% and reduced false negatives from 
47 to 25 cases, despite a sixfold surge in training time (16,673.65 seconds). In contrast, augmented 
Inception-V3 achieved 97.64% accuracy and an F1-score of 98.56%—nearly perfect—with a training 
time of only 9,958.88 seconds, making it 40% more computationally efficient than ResNet-50. This 
confirms that Inception-V3 is not only more accurate but also more resource-efficient. 
 
In terms of model stability, Inception-V3 exhibited nearly convergent training and validation loss trends 
(0.0267 vs. 0.0698), indicating exceptional generalization capabilities. Meanwhile, ResNet-50 remained 
prone to false positives (27 cases post-augmentation), risking overdiagnosis in clinical scenarios. 
 
The practical implications of this study position augmented Inception-V3 as the optimal solution for DR 
diagnosis. With 98.55% accuracy and only 2 false negatives, it is reliable for early detection, while its 
computational efficiency enables deployment in resource-limited settings. However, this study has 
limitations, such as reliance on the pre-processed APTOS 2019 dataset (using Gaussian filtering), 
necessitating further validation on diverse datasets to ensure generalizability. 
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