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 Corneal ulcers can cause permanent vision loss if not diagnosed and 

managed promptly, particularly in settings with limited access to 

ophthalmology services. This study aims to develop an automated deep 

learning approach for classifying corneal ulcer severity from fluorescein slit-

lamp images. An EfficientNetV2-S–based model is employed, incorporating 

corneal area masking to suppress non-relevant regions and class 

distribution–based augmentation to address data imbalance. To improve 

evaluation reliability, a leakage-aware data splitting strategy is applied 

before and after augmentation. Experimental results show that the proposed 

approach achieves a maximum validation accuracy of 95.93% under non-

leakage conditions for the category classification scenario, while 

maintaining high training efficiency. These results demonstrate that the 

proposed method provides a robust and efficient solution for automated 

corneal ulcer severity assessment and has the potential to support clinical 

decision-making in ophthalmic practice. 
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1. INTRODUCTION 

A corneal ulcer is a pathological condition involving damage to the corneal tissue from the epithelial 

layer to the stroma, and may result in permanent blindness if not managed appropriately [1]. According to the 

World Health Organization (WHO), the annual incidence of corneal ulcers reaches approximately 710 cases 

per 100,000 population, with vision loss caused by ocular trauma affecting 1.5–2 million individuals 

worldwide, particularly in developing countries [2]. Advanced manifestations such as corneal opacity are 

commonly observed among populations with low educational backgrounds and high-risk occupations, 

including farmers, fishermen, and manual laborers, who are frequently exposed to eye trauma while having 

limited access to timely and high-quality ophthalmic care [3]. These conditions highlight persistent 

challenges related to delayed diagnosis and accurate severity assessment of corneal ulcers. 

At present, corneal ulcer severity assessment predominantly relies on manual slit-lamp examination 

with fluorescein staining [4]. Although widely used in clinical practice, this method requires high expertise, 

is time-consuming, and is inherently subjective, leading to inter-observer variability and potential diagnostic 

delays [5]. Such limitations increase the risk of irreversible corneal damage and vision loss, underscoring the 
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growing need for automated, fast, and reliable diagnostic tools to support clinical decision-making, 

particularly in resource-limited settings [6]. 

Recent advances in deep learning have demonstrated promising performance in automated corneal 

ulcer classification using fluorescein images. Vision transformer (ViT)-based approaches have achieved 

high accuracy across multiple classification scenarios, including category, type, and grade classification 

[7]. Convolutional neural network (CNN)-based methods and hybrid architectures combining deep feature 

extractors with classical classifiers, such as DenseNet121 with support vector machine (SVM), have also 

reported strong classification performance on public datasets [8]. Other studies have explored various 

CNN architectures for ulcer type classification [9], infectious keratitis diagnosis [10], and binary severity 

classification [11]. While these approaches show encouraging results, they often suffer from high  

model complexity, limited evaluation of inference efficiency, non-end-to-end pipelines, or restricted 

classification scope. 

Despite their effectiveness, existing studies still exhibit several methodological gaps. Transformer-

based models tend to be computationally expensive and lack analysis of deployment feasibility in clinical 

environments [7]. Hybrid CNN–SVM approaches rely on separated feature extraction and classification 

stages, which may reduce adaptability to new datasets [8]. Moreover, several CNN-based studies focus on a 

single classification scenario or binary severity levels and do not explicitly address visual noise from  

non-corneal regions, such as the sclera and eyelashes, due to the absence of corneal area masking [9], [11]. 

Additionally, limited attention has been paid to data leakage issues arising from improper data splitting 

strategies, which may compromise evaluation validity and generalization performance [12]. 

To address these limitations, this study proposes an automated corneal ulcer severity classification 

framework based on the EfficientNetV2-S architecture using fluorescein slit-lamp images. The proposed 

approach integrates selective corneal area masking to suppress non-relevant visual information and class 

distribution–based augmentation to mitigate data imbalance. Furthermore, a leakage-aware data splitting 

strategy is systematically designed before and after augmentation to ensure reliable model evaluation. By 

providing an efficient end-to-end pipeline capable of handling multiple classification scenarios: category, 

type, and grade, this study aims to enhance robustness, generalization, and practical applicability of 

automated corneal ulcer diagnosis systems. 

 

 

2. METHOD 

This study employs a deep learning-based approach to automatically classify the severity of corneal 

ulcers using fluorescein images. The overall methodology is organized into several sequential stages, as 

illustrated in Figure 1. The process begins with image acquisition and preprocessing to improve image 

quality and prepare the dataset for analysis. The next stage involves model development using a deep 

learning architecture for corneal ulcer severity classification. Finally, the trained model is evaluated using 

performance metrics to assess its classification accuracy and reliability. These stages provide a systematic 

and reproducible framework for the proposed research methodology. 

 

 

 
 

Figure 1. Research methodology for corneal ulcer severity classification using deep learning-based approach 
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2.1.  Corneal ulcer dataset 

The fluorescein eye image dataset used in this study is a secondary dataset. This dataset was 

obtained from the research [13]. This dataset consisted of 712 fluorescein-stained eye images collected from 

patients with varying degrees of corneal ulcers at the Zhongshan Ophthalmology Center at Sun Yat-sen 

University. The fluorescein eye image dataset is divided into three categories, namely category, type, and 

grade [13]. The following is a detailed explanation of the three scenarios. 

i) The category scenario represents the general type of corneal ulcer and is divided into three subclasses: 

category 0, category 1, and category 2. Category 0 (point-like corneal ulcer) refers to small, dot-shaped 

ulcers that are generally mild and commonly appear during the early stage of inflammation or healing. 

Category 1 (point-flaky mixed ulcer) represents a combination of point and flaky ulcer patterns 

irregularly distributed across the cornea, indicating a more severe condition. Category 2 (flaky corneal 

ulcer) refers to larger flaky lesions with clear boundaries that may lead to corneal scarring and vision 

loss [14]. 

ii) The type scenario provides a more detailed description of ulcer morphology based on lesion shape and 

size. This scenario consists of five subclasses: type 0, type 1, type 2, type 3, and type 4. Type 0 

indicates a normal corneal epithelium without ulceration. Type 1 (micro punctate) represents small 

scattered lesions on the corneal surface. Type 2 (macro punctate) indicates larger punctate lesions, while 

type 3 (coalescent macro punctate) describes larger lesions that merge or appear closely grouped.  

Type 4 refers to ulcer patches measuring ≥1 mm, indicating more severe corneal damage [13]. 

iii) The grade scenario describes the severity and spatial distribution of corneal ulcers based on the affected 

corneal quadrants [15]. This scenario is divided into five subclasses: grade 0, grade 1, grade 2, grade 3, 

and grade 4. Grade 0 indicates no ulceration, whereas grades 1 to 3 represent ulcer involvement in one, 

two, and three or four corneal quadrants, respectively. Grade 4 indicates ulcers located in the central 

optical zone of the cornea, which is the most critical region affecting vision [16]. The representation of 

the corneal quadrants used in the grade scenario is illustrated in Figure 2. 

 

 

 
 

Figure 2. Quadrant representation in corneal ulcers [10]  

 

 

2.2.  Preprocessing of corneal ulcers 

Preprocessing is the initial stage of data preparation applied to fluorescein eye images before  

they are used for training machine learning models. This stage aims to improve data consistency, reduce 

irrelevant visual information, and ensure that the images are suitable for effective feature learning. In this 

study, preprocessing consists of data organization, corneal area masking, data augmentation, image resizing, 

and normalization. 

i) Data organization: corneal ulcer images were organized based on their directory structure and file 

naming conventions to ensure systematic data handling. The images and corresponding labels were 

integrated into a dataframe using the Pandas library [17], including the creation of image path 

references and standardized scenario labels. This step ensures consistency between image data and 

labels for subsequent preprocessing and modeling stages [18]. 

ii) Corneal area masking: corneal masking was performed using the OpenCV library [19] to remove 

non-corneal regions, such as the sclera and surrounding background structures. A binary mask image 

in PNG format was used to define the corneal region. The masking process involved inverting the 

mask using the bitwise_not function, followed by applying the bitwise_and operation to preserve the 

corneal area while suppressing irrelevant regions. As a result, the output image retained only the 
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corneal region as the primary area of interest for model training. An example of the masking result is 

presented in Figure 3. 

iii) Data augmentation: data augmentation was applied after dataset splitting to increase data variability and 

balance the number of samples across classes. The augmentation process utilized the 

ImageDataGenerator module from TensorFlow [4] with several transformations, including horizontal 

and vertical flipping, rotation, and zooming. Augmentation was selectively applied to minority classes 

to maintain class balance [20]. The training and validation data ratio remained consistent at 80:20 after 

augmentation. A summary of the augmented dataset distribution is presented in Table 1. 

iv) Image resizing: the EfficientNetV2-S model has an input image size of 224×224 pixels [21]. In the 

original dataset, the fluorescein eye image was 2592×1728 pixels. In this study, the image size was 

adjusted to 224×224 pixels. This step is important to ensure that the image matches the specifications 

required by the model without omitting important details in the image. 

v) Data normalization: it is the last stage of the sub-stage of data preprocessing carried out in this study. 

The purpose of normalization is to help the model training process run faster and more effectively. Each 

pixel on the input image has a value from the range of 0–255. Therefore, normalization is done on each 

grayscale image by dividing the pixel value by 255, resulting in a new value with a range of 0–1 [22]. 

 

 

 
 

Figure 3. Example of corneal area masking applied to fluorescein images 

 

 

Table 1. Summary of dataset distribution after augmentation 
Scenario Original train/val Added train/val Final train/val 

Category 569/143 289/73 858/216 
Type 569/143 1,621/407 2,190/550 

Grade 569/143 521/132 1,090/275 

 

 

2.3.  Data splitting 

The data is divided into two, namely training data (train_df) and validation (val_df) with a ratio of 

8:2. This means that as much as 80% is for training data and 20% is for validation data. The division of data 

is divided into two classes because of the small amount of data and there is an imbalance in the amount of 

data between the classes. Each scenario implements .copy() to duplicate the initial dataframe. Each dataframe 

will contain only the file name, image directory, and label name attributes that are relevant to that scenario. 

The dataframe of each scenario is defined as df_cat for categories, df_type for the type, and df_grade for 

grade. Thus, the data for each scenario can be managed separately, making it easier to analyze and train 

specific models on each data characteristic. Next, each scenario dataframe will be divided into training and 

validation data. The data sharing ratio is 80% for training data and 20% for validation data. Data sharing is 

carried out using the functions in the ScikitLearn Module, namely train_test_split() [23]. Variable Dataframe 

differentiated by data type and scenario type. 

 

2.3.1. Data splitting to prevent data leakage 

In processing medical images, especially eye images with fluorescein, data leakage is very 

important to repair. This is because medical images are obtained from different patients, so that later it will 

affect follow-up research, namely diagnosis [24]. Data leakage occurs when image augmentation is done 

before data sharing. Data leakage can be avoided by sharing data first before the augmentation stage to 

ensure that the validation data does not contain images of the same patients as the training data.  

Thus, validation data will provide more accurate results because it consists of data that the model has never 

seen and studied. Therefore, data sharing is important to do after image masking and before augmentation in 

data preprocessing [25]. 
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2.3.2. Data splitting under data leakage conditions 

Data leakage needs to be tested by creating conditions where data leakage occurs to compare the 

results of data leakage and not. Using the image data generator (IDG) in the data preprocessing in each 

augmentation process will result in different image variations, thus avoiding duplication [26]. In this study, 

data leakage can be carried out by re-arranging training and validation data that have been augmented and 

separated previously. Data augmentation is done once, and the results can be compared. If the data has been 

combined, then the data will be redistributed using the stratified sampling method [27] with the same ratio of 

80:20. This can cause the image data of eye ulcers with fluorescein from the same patient to be in both 

training and validation data. The results of the model performance evaluation using data leakage can be used 

to compare with the results of model performance evaluation without data leakage conditions. 
 

2.4.  Proposed model architecture for automated classification of corneal ulcer severity 

Figure 4 illustrates the proposed EfficientNetV2-S architecture for corneal ulcer severity 

classification, consisting of the pre-trained model and the fine-tuned model. Figure 4(a) presents pre-trained 

EfficientNetV2-S architecture used for feature extraction, while Figure 4(b) shows the fine-tuned architecture 

proposed for corneal ulcer severity classification. The pre-trained EfficientNetV2-S model used in this study 

was obtained from the tf.keras.applications module and had been previously trained on the ImageNet dataset 

containing 1,000 classes. Fluorescein images with a resolution of 224×224 pixels were used as input, while 

the extracted features were processed using a GlobalAveragePooling2D layer [28], followed by a dense layer 

with ReLU activation and a final softmax classification layer [29]. The proposed architecture was designed as 

an efficient end-to-end model with relatively low computational complexity and potential integration into 

clinical decision-support systems for early corneal ulcer diagnosis [30]. EfficientNetV2-S was selected 

because it is a lightweight and modern architecture that remains relatively underexplored for fluorescein 

image classification in ophthalmology, while the selective fine-tuning strategy was intended to improve 

model generalization on limited datasets. 
 

 

  
(a) (b) 

 

Figure 4. Proposed EfficientNetV2-S architecture for corneal ulcer severity classification (a) pre-trained 

model and (b) fine-tuned model 
 
 

2.5.  Classification model training 

In this study, the model was trained for 50 epochs using early stopping and adaptive learning rate 

strategies to improve convergence efficiency. The early stopping mechanism was configured with a patience 

value of 10 epochs, meaning that training was automatically terminated if no performance improvement was 

observed for 10 consecutive epochs. In addition, the learning rate was adaptively adjusted using the 

ReduceLROnPlateau strategy based on the validation loss metric, with a patience value of 5 epochs and a 

reduction factor of 0.2. The minimum learning rate was limited to 0.000001 to prevent excessively slow 

training [31]. For the final performance evaluation, the validation dataframe (val_df) was also used as the test 

dataframe (test_df). These strategies were implemented to maintain training stability and improve the 

model’s generalization capability for corneal ulcer classification. 
 

2.6.  Evaluation metrics 

To comprehensively evaluate the performance of the proposed corneal ulcer classification model, 

multiple evaluation metrics are employed in addition to overall accuracy. In medical image analysis tasks, 

relying solely on accuracy is widely recognized as insufficient due to class imbalance and the high clinical cost 

of misclassification, particularly in disease detection scenarios [32], [33]. Therefore, this study evaluates 
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model performance using accuracy, sensitivity (recall), specificity, and the area under the curve (AUC), which 

are commonly recommended metrics in medical artificial intelligence evaluation frameworks [34], [35]. 

Accuracy measures the overall correctness of the classification, while sensitivity reflects the 

model’s ability to correctly identify positive ulcer cases, which is critical for minimizing missed diagnoses 

and delayed treatment [36]. Specificity evaluates the ability of the model to correctly identify negative cases, 

thereby reducing false-positive predictions that may lead to unnecessary clinical interventions [37]. In 

addition, the AUC metric provides a threshold-independent assessment of classification performance by 

quantifying the trade-off between sensitivity and specificity, making it particularly suitable for evaluating 

diagnostic reliability in ophthalmic imaging applications [38], [39]. For multi-class classification scenarios 

(category, type, and grade), sensitivity and specificity are computed using a macro-averaging strategy to 

ensure balanced performance evaluation across all classes, regardless of class distribution [40]. Collectively, 

these metrics offer a more clinically meaningful assessment of the proposed model and facilitate fair 

comparison with previous studies in automated corneal ulcer classification. 
 
 

3. RESULT AND DISCUSSION 

The data preprocessing stage is carried out to increase the variety of training data and prepare the data 

so that the training process can run effectively. This stage starts from loading data into the dataframe, masking 

the corneal area, and adding data with augmentation. It continues with adjusting the image size and normalizing. 
 

3.1.  Results of the image masking stage 

The masking process was carried out to eliminate noise outside the corneal area using the OpenCV 

module. Figure 5 illustrates the corneal image preprocessing step, showing the comparison between the 

original fluorescein image and the masked corneal region. Figure 5(a) shows the original fluorescein image, 

while Figure 5(b) presents the masking result in which regions outside the cornea are suppressed using black 

pixels, allowing the corneal area to become the primary focus for model training. After masking, data 

augmentation was applied to generate additional image variations and balance the number of samples in each 

class. The augmentation process was performed using ImageDataGenerator with several transformations, 

including horizontal and vertical flipping, rotation, and zooming. The dataset was divided into training and 

validation sets using an 80:20 ratio across the category, type, and grade classification scenarios. To avoid 

data leakage, augmented images derived from the same original image were carefully separated between the 

training and validation sets. This strategy ensured that model evaluation was conducted using unseen data 

and provided a more reliable assessment of model performance. 
 
 

 
(a) (b) 

 

Figure 5. Corneal images before and after masking (a) the original fluorescein image and (b) the masked 

corneal region 
 
 

3.2.  Classification model training results 

The results of the machine learning modeling stages are divided into three stages, namely the results 

of model initiation, the results of model training, and the results of model training evaluation. This stage 

produced three pre-trained CNN models. These models were able to classify corneal ulcers based on three 

scenarios, namely category, type, and grade. 
 

3.2.1. Model initiation results 

The model initialization in this study was performed by combining the pre-trained EfficientNetV2-S 

architecture with fully connected layers for category, type, and grade classification of corneal ulcers. The 

EfficientNetV2-S model was obtained from the tf.keras.applications module and had been previously trained 

on the ImageNet dataset. The category classification model consisted of 21,646,179 total parameters, while 

the type and grade classification models each contained 21,648,229 parameters. 
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Model training evaluation was conducted to analyze the learning performance during the training 

process. Figure 6 illustrates the training evaluation results of the category classification model using the 

EfficientNetV2-S architecture over 50 epochs. Figure 6(a) presents the training and validation loss curves, 

while Figure 6(b) shows the training and validation accuracy curves for the category classification scenario 

using the EfficientNetV2-S architecture. The model achieved the highest validation accuracy of 95.93% at 

epoch 24, while the lowest validation loss of 0.1292 was observed during the early training stage. These 

results indicate that the proposed model was able to learn relevant image features effectively while 

maintaining stable validation performance. 
 

 

  
(a) (b) 

 

Figure 6. Evaluation results of the category classification model training (a) training and validation loss 

curves and (b) training and validation accuracy curves 
 

 

Overall, the training process for the non-leakage category scenario required approximately  

33 minutes. In this scenario, the model achieved the highest validation accuracy of 95.93% at epoch 24. 

Under leakage conditions, the category classification model obtained a maximum validation accuracy of 

87.91% at epoch 30, while the lowest validation loss of 0.5292 was recorded at epoch 10. Meanwhile, the 

type classification scenario with leakage data achieved the highest validation accuracy of 97.99% at  

epoch 36, with the lowest validation loss of 0.1070 obtained at epoch 22. These results indicate that the 

proposed preprocessing and data-splitting strategy contributed to stable model performance and reduced the 

impact of data leakage during evaluation. The summarized training results are presented in Table 2. 
 

 

Table 2. Summary of fine-tuned EfficientNetV2-S training results 
Scenario Data condition Best validation accuracy (%) Best validation loss Epoch 

Category Non-leakage 95.93 0.9193 24 

Category Leakage 87.91 0.5292 30 

Type Leakage 97.99 0.1070 36 

 
 

3.3.  Comparison with previous studies and performance discussion 

Table 3 summarizes a comparison between this study and relevant previous works on corneal ulcer 

classification using fluorescein images, highlighting differences in methodology, classification scope, and 

performance. The comparison focuses on the learning architectures, classification scenarios, and reported 

evaluation results to provide a clear contextual understanding of existing approaches. This analysis helps 

position the contributions of this study in relation to prior research and supports a more comprehensive 

interpretation of the experimental findings. 

As summarized in Table 3, previous studies have shown that deep learning–based approaches are 

effective for corneal ulcer classification using fluorescein images. Transformer-based methods [7] achieved 

high classification accuracy but generally require higher computational complexity, while hybrid  

CNN-classifier approaches [8] may have limited adaptability due to their non end-to-end structure. Other 

CNN-based studies [9], [11] mainly focused on specific classification scenarios, limiting their applicability in 

broader clinical settings. 



                ISSN: 2252-8938 

Int J Artif Intell, Vol. 15, No. 4, August 2026: 3603-3613 

3610 

In contrast, this study addresses category, type, and grade classification using a unified 

EfficientNetV2-S framework. In addition, the proposed approach explicitly evaluates model performance 

under leakage and non-leakage conditions to improve evaluation reliability. The results indicate that corneal 

area masking and class distribution–based augmentation contribute to improved model generalization, 

particularly under non-leakage settings. Despite having lower model complexity than transformer-based 

approaches, EfficientNetV2-S achieved competitive validation performance, suggesting a balanced trade-off 

between accuracy, efficiency, and robustness for automated corneal ulcer diagnosis applications. Although 

external dataset validation was not conducted, the leakage-aware evaluation strategy and comparison with 

previous studies provide indirect evidence of the model’s generalization capability. 
 

 

Table 3. Category leakage training results 
Study Dataset Method Classification task Key limitations 

Alakuş and 
Baykara [7] 

SUSTech-SYSU 
(712 images) 

ViT Category, type, 
grade 

High model complexity; 
inference efficiency not evaluated 

Susila [8] SUSTech-SYSU 

(712 images) 

DenseNet121+SVM Category, type, 

grade 

Non end-to-end pipeline; limited 

adaptability 
Sevli [9] SUSTech-SYSU 

(712 images) 

CNN-based models 

(AlexNet, VGG16) 

Ulcer type 

classification 

Focused on a single classification 

scenario 

Hu et al.[10] Clinical dataset 
(2757 images) 

Multiple DL models incl. 
EfficientNetV2M 

Keratitis diagnosis Lower accuracy; not focused on 
severity grading 

Gross et al. [11] SUSTech-SYSU 
(712 images) 

CNN (VGG, ResNet) Binary severity 
classification 

Limited to two severity levels 

This study Fluorescein slit-lamp 

images 

EfficientNetV2-S+corneal 

masking+leakage-aware 
splitting 

Category, type, 

grade 

Focused on image-based features 

only 

 

 

3.4. Discussion on generalization and external validity 

Although this study primarily used internal validation on the SUSTech-SYSU fluorescein image 

dataset, several strategies were implemented to improve model generalization. A leakage-aware data splitting 

strategy was applied to prevent overly optimistic performance estimation and ensure strict separation 

between training and validation data. In addition, corneal area masking and class distribution–based 

augmentation were used to reduce dataset-specific bias and improve robustness to variations in illumination, 

lesion appearance, and imaging conditions commonly found in clinical practice. Due to the limited 

availability of publicly accessible fluorescein datasets with consistent annotations, external validation could 

not be performed. Nevertheless, the experimental findings are consistent with previous studies [7]–[11], as 

summarized in Table 3. Future work will focus on multi-center and cross-dataset evaluations to further assess 

model generalization in diverse clinical settings. 

 

 

4. CONCLUSION 

This study presents an end-to-end deep learning framework for automated corneal ulcer severity 

classification based on the EfficientNetV2-S architecture using fluorescein slit-lamp images. The primary 

technical contribution lies in the integration of corneal area masking and leakage-aware data splitting into the 

training pipeline, which effectively enhances feature focus and mitigates evaluation bias commonly present 

in medical image classification tasks. Experimental results demonstrate that the proposed strategy improves 

model stability and generalization, with non-leakage training achieving a peak validation accuracy of 95.93% 

in the category classification scenario, while leakage conditions consistently lead to performance degradation 

due to overfitting. From an artificial intelligence perspective, the proposed framework offers a robust and 

computationally efficient solution that balances model complexity and predictive performance, making it 

suitable for real-world deployment in intelligent clinical decision support systems. The lightweight nature of 

EfficientNetV2-S enables fast inference while maintaining high classification accuracy across multiple 

severity scenarios. Future studies will extend this work by evaluating the proposed model on external and 

multi-center datasets to further validate its generalizability and support scalable clinical adoption. 
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