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ABSTRACT 

Glaucoma is one of the leading causes of irreversible blindness, making early detection essential to prevent vision loss. 

This study aimed to develop and evaluate hybrid deep learning models for multiclass glaucoma classification using 

fundus images. A total of 6,014 retinal images from public databases were used, after undergoing cleaning, balancing, 

and stratified splitting. The VGG16, ResNet50, and EfficientNet-B0 architectures were employed as feature extractors 

combined with Cascaded Deep Forest. Evaluation included stratified 10-fold cross-validation and an independent test 

set. VGG16 + CDF achieved the best performance, with an average accuracy of 0.9320, greater stability, and better 

generalization. Statistical tests confirmed significant differences among the models, demonstrating that the proposed 

hybrid approach is a robust alternative for automated glaucoma classification. 

Palabras clave: retinal image analysis; multiclass classification; automated diagnosis; transfer learning; computer 

vision 

RESUMEN 

El glaucoma es una de las principales causas de ceguera irreversible, por lo que su deteccio n temprana es esencial para 

prevenir la pe rdida visual. La investigacio n tuvo como objetivo desarrollar y evaluar modelos hí bridos de aprendizaje 

profundo para la clasificacio n multiclase del glaucoma mediante ima genes de fondo de ojo. Se utilizaron 6014 ima genes 

retinianas de bases pu blicas, sometidas a depuracio n, balanceo y particio n estratificada. Las arquitecturas VGG16, 

ResNet50 y EfficientNet-B0 se emplearon como extractores de caracterí sticas combinados con Cascaded Deep Forest. 

La evaluacio n incluyo  validacio n cruzada estratificada de 10 pliegues y una prueba independiente. VGG16 + CDF obtuvo 

el mejor desempen o, con una accuracy promedio de 0.9320, mayor estabilidad y mejor generalizacio n. Las pruebas 

estadí sticas confirmaron diferencias significativas entre los modelos, demostrando que el enfoque hí brido constituye 

una alternativa robusta para la clasificacio n automatizada del glaucoma. 

Keywords: ana lisis de ima genes retinianas; clasificacio n multiclase; diagno stico automatizado; transferencia de 

aprendizaje; visio n por computadora
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1. INTRODUCTION  

Glaucoma is one of the leading causes of irreversible blindness worldwide and represents a major 

public health concern due to its chronic and silent progression. This optic neuropathy is 

characterized by the progressive deterioration of the optic nerve, generally associated with 

increased intraocular pressure, which leads to irreversible loss of peripheral vision. The global 

burden of the disease is expected to continue increasing, driven by population aging and 

limitations in early detection (Schuster et al., 2020; Tham et al., 2014). The asymptomatic nature 

of glaucoma during its early stages results in a high proportion of cases being diagnosed at 

advanced stages, when visual damage is already irreversible. 

Timely glaucoma detection is essential to prevent permanent vision loss; however, conventional 

diagnostic methods have important limitations. Techniques such as tonometry, optical coherence 

tomography, and automated perimetry require specialized equipment and highly trained 

personnel, restricting their accessibility in resource-limited settings (Ha & Park, 2019; Realini et 

al., 2021; Sidhu & Mansoori, 2024). Furthermore, the interpretation of ophthalmic images largely 

depends on the specialist’s experience, which introduces diagnostic variability and increases the 

risk of clinical errors (Chaurasia et al., 2025). 

In recent years, artificial intelligence, particularly deep learning, has emerged as a promising tool 

for developing automated systems to support medical diagnosis. Several studies have shown that 

convolutional neural networks can identify complex patterns in fundus images with high levels of 

accuracy, achieving performance comparable to that of human specialists in specific tasks (Chiang 

et al., 2024; Hwang et al., 2025; Ling et al., 2025). Moreover, transfer learning techniques have 

facilitated the implementation of robust models even in scenarios with limited availability of 

labeled data (Govindharaj et al., 2025). Complementarily, recent machine learning applications 

have demonstrated the potential of these techniques to identify complex patterns and construct 

predictive models in different scientific contexts (Are valo-Herna ndez et al., 2023). 

Nevertheless, despite these advances, most proposed approaches rely on unimodal data, mainly 

fundus images, which limits the comprehensive representation of the structural and functional 

complexity of glaucoma (Shi et al., 2025). In addition, challenges persist regarding heterogeneous 

image quality, the scarcity of well-annotated clinical datasets, and biases in training data, all of 

which affect model generalizability (Ilesanmi et al., 2023; S wierczyn ski et al., 2025). These 

limitations reduce the reliability of the proposed systems in real-world clinical settings. 

The problem is particularly severe in low- and middle-income countries, where the availability of 

ophthalmology specialists is limited and access to diagnostic services remains insufficient 

(Meethal et al., 2024). In Peru, glaucoma affects approximately 2% of the population over 40 years 

of age, with a high proportion of cases not being diagnosed in a timely manner, particularly in rural 

and peri-urban areas (Ministerio de Salud, 2021). This situation highlights the need for accessible 

technological solutions capable of expanding diagnostic coverage and strengthening strategies for 

the prevention of avoidable blindness. 

Despite the growing number of studies in this field, a relevant scientific gap remains: the lack of 

robust deep learning models that have been comparatively evaluated and validated under real-

world conditions and that achieve clinically useful levels of diagnostic accuracy in local 

populations. Furthermore, limited evidence is available regarding the relative performance of 
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different convolutional neural network architectures for the early detection of glaucoma using 

fundus images (Sharma et al., 2025; Shoukat et al., 2023). 

Within this context, the objective of the present study was to develop and evaluate hybrid deep 

learning-based models for the early detection of glaucoma from fundus images, with the aim of 

identifying the configuration with the best generalization capability for multiclass disease 

classification. 

2. MATERIALS AND METHODS 

This research was conducted as an applied study with an explanatory scope, using a non-

experimental, cross-sectional design. Its purpose was to develop and evaluate hybrid deep 

learning-based models for the early detection of glaucoma from fundus images. The 

methodological approach integrated pretrained convolutional neural networks as feature 

extractors and a Cascaded Deep Forest classifier to assess their ability to discriminate among 

different stages of the disease (Aljohani & Aburasain, 2024). 

The experimental framework was implemented in Python. PyTorch and timm were used for feature 

extraction through pretrained convolutional neural networks; scikit-learn was employed to 

calculate evaluation metrics and perform validation procedures; and Optuna was used for 

hyperparameter optimization. In addition, NumPy, Pandas, Matplotlib, and Seaborn were used for 

data processing, analysis, and visualization. The experiments were conducted in Google Colab with 

GPU support to accelerate computational processing. 

The methodological process included data preparation and preprocessing, the construction and 

evaluation of hybrid deep learning-based models, and validation and statistical analysis 

procedures aimed at assessing their performance in multiclass glaucoma classification (Figure 1). 

 

Figure 1. Methodological workflow of the study 
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Phase 1: Dataset 

The study used fundus images obtained by integrating multiple publicly available glaucoma-

specific datasets, including ACRIMA (Diaz-Pinto et al., 2019), RIM-ONE v1, v3 and RIM-ONE DL 

(Fumero Batista et al., 2020), GlaucomaData available on Roboflow Universe (Roboflow, 2026), 

HYGD (Abramovich et al., 2026) and BIOMISA (Hassan et al., 2018). These datasets contain retinal 

images classified into different stages of glaucoma and were developed for automated 

classification tasks using artificial intelligence techniques. 

The integrated dataset comprised 6,014 images distributed across the following categories: 

normal (3,223 images), early glaucoma (1,120 images), and advanced glaucoma (1,671 images). 

Figure 1 presents representative examples of the diagnostic categories used in the study. 

 

Figure 1. Representative samples from the dataset 

Phase 2: Data Preprocessing and Splitting 

The images underwent a preprocessing procedure aimed at ensuring dataset consistency and 

compatibility with the deep learning architectures used. First, a data-cleaning stage was 

performed, including label verification, removal of duplicate records, and inspection of 

inconsistent or low-quality images. As a result, the dataset was reduced from 6,014 to 5,478 valid 

images for experimental development (Saha et al., 2023). 

Subsequently, to reduce the bias associated with class imbalance among the diagnostic categories, 

a balancing procedure based on random selection was applied, resulting in a balanced dataset 

comprising 820 images per class and a total of 2,460 images (Owusu-Adjei et al., 2023). 

The selected images were resized to 224 × 224 pixels, normalized using ImageNet parameters, and 

converted into tensors for computational processing. This procedure standardized the input data 

and ensured compatibility with the pretrained convolutional architectures employed in the study. 

Finally, the balanced dataset was stratified into four independent subsets: training (70%), fine-

tuning (10%), hyperparameter optimization (10%), and testing (10%). This strategy enabled 

model fitting and configuration optimization while preserving a completely independent test set 

for the final assessment of generalization capability. 

Phase 3: Feature Extraction 

VGG16, ResNet50, and EfficientNet-B0 were used as deep feature extractors through transfer 

learning. Initially, the ImageNet-pretrained models were adapted using the fine-tuning subset, 

allowing their representations to be partially adjusted to the retinal image domain considered in 
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this study. The original classification layers were then removed, retaining only the representations 

generated by the internal convolutional layers (He et al., 2016; Simonyan & Zisserman, 2014; Tan 

& Le, 2019). 

This approach made it possible to leverage visual patterns previously learned from large datasets 

while specializing the deep representations for multiclass glaucoma classification. It also reduced 

the computational complexity associated with fully training deep neural networks. 

The deep representations generated by each architecture were transformed into feature vectors 

and used as inputs to the hybrid classifier. Vector dimensionality varied according to the 

architecture: VGG16 generated 4,096-dimensional feature vectors, ResNet50 generated 2,048-

dimensional vectors, and EfficientNet-B0 generated 1,280-dimensional vectors. 

Phase 4: Hyperparameter Optimization 

The configuration of the hybrid models was optimized using the Bayesian search algorithm 

implemented in Optuna. During this stage, multiple combinations of hyperparameters associated 

with the Cascaded Deep Forest classifier were explored, including the number of cascade layers, 

number of estimators, maximum tree depth, minimum number of samples per leaf, and feature-

selection strategies (Akiba et al., 2019). 

Optimization was performed using the subset allocated for hyperparameter tuning to identify the 

best-performing configurations for each convolutional architecture. Accuracy was used as the 

primary optimization criterion, prioritizing overall classification performance in the multiclass 

glaucoma problem. 

The search process consisted of 30 optimization trials, allowing different configurations within the 

hyperparameter space to be explored and the best-performing configuration for each hybrid 

architecture to be selected. The test set remained completely independent throughout this stage, 

preventing information leakage and reducing bias in the final assessment of model generalization. 

Phase 5: Construction of Hybrid Models 

Once the optimal configurations had been identified during the optimization stage, the hybrid 

models were constructed by integrating the convolutional architectures previously described for 

deep feature extraction with a Cascaded Deep Forest (CDF) classifier. The vector representations 

generated by the feature extractors were used as inputs to the hybrid models. 

The Cascaded Deep Forest classifier consists of multiple sequential layers of Random Forest and 

Extra Trees models organized in a cascade structure. At each level, the class probabilities 

generated by the classifiers were concatenated with the original feature vectors, enabling the 

construction of progressively more discriminative representations (Breiman, 2001; Geurts et al., 

2006; Zhou & Feng, 2019). 

This approach combined the automatic feature-extraction capability of deep learning with the 

generalization ability of decision-tree-based methods, promoting more robust learning for 

multiclass glaucoma classification. 

Phase 6: Cross-Validation of the Hybrid Models 

Once the optimal configurations had been established during the optimization stage, the hybrid 

models were evaluated through stratified 10-fold cross-validation applied to the training set. This 
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procedure preserved the proportion of diagnostic categories within each partition and provided a 

more robust and consistent assessment of model performance. 

In each fold, metrics for assessing multiclass classification performance were calculated, including 

accuracy, macro precision, macro recall, macro F1-score, and macro AUC-ROC. The results 

obtained across the different iterations were then averaged to estimate the overall performance of 

each hybrid model during validation (Hicks et al., 2022). 

Phase 7: Statistical Analysis and Final Evaluation 

Based on the metrics obtained from stratified 10-fold cross-validation, an inferential statistical 

analysis was performed using accuracy values as the primary criterion for comparing the VGG16 

+ CDF, ResNet50 + CDF, and EfficientNet-B0 + CDF hybrid models. The nonparametric Friedman 

test was used for the overall comparison among configurations because the same partitions were 

used to evaluate all models. Pairwise comparisons were subsequently performed using the 

Wilcoxon signed-rank test with Holm correction to identify specific differences between 

architectures (Dems ar, 2006). 

Additionally, each model was evaluated using the independent test set, which had not been used 

during training, optimization, or cross-validation. This evaluation enabled the final generalization 

capability of the models to be estimated under a completely independent scenario. 

3. RESULTS AND DISCUSSION 

3.1. Final dataset distribution 

The cleaning and balancing process yielded a more consistent and balanced dataset for 

experimental development. Table 1 presents the image distribution across the various stages of 

the applied preprocessing.  

Table 1. Distribution of the dataset during the cleaning and balancing process 

Stage Normal Early glaucoma Advanced glaucoma Total 
Integrated dataset 3223 1120 1671 6014 
Cleaned dataset 2979 828 1671 5478 
Balanced dataset 820 820 820 2460 

3.2. Model Performance 

Stratified cross-validation revealed differences in the performance of the hybrid models evaluated 

for the multiclass classification of glaucoma. Table 2 presents the average results obtained for the 

metrics of accuracy, macro-precision, macro-recall, macro-F1-score, and macro-AUC-ROC. In terms 

of accuracy, VGG16 + CDF achieved the highest average value (0.9320), followed by ResNet50 + 

CDF (0.8966) and EfficientNetB0 + CDF (0.8310). A similar trend was observed across the other 

evaluation metrics, with VGG16 + CDF consistently yielding the highest values during cross-

validation. These differences highlight variations in the architectures' ability to represent 

discriminative patterns associated with glaucoma diagnostic categories. 

Table 2. Average results from 10-fold stratified cross-validation 

Model Accuracy Precision macro Recall macro F1-score macro AUC-ROC macro 
VGG16 + CDF 0.932041 0.932804 0.932002 0.932036 0.991054 

ResNet50 + CDF 0.896646 0.903249 0.896572 0.896878 0.980329 
EfficientNetB0 + CDF 0.831012 0.835778 0.831075 0.831260 0.948292 
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The variation in accuracy across the different folds revealed differences in the stability of the 

evaluated hybrid models (Figure 2). Overall, VGG16 + CDF demonstrated the most consistent 

performance across iterations, maintaining the highest accuracy values in the majority of the 

analyzed folds. Meanwhile, ResNet50 + CDF showed intermediate variability, whereas 

EfficientNetB0 + CDF exhibited the greatest fluctuations and the lowest relative values during the 

experimental process. 

 

Figure 2. Accuracy behavior during stratified cross-validation 

The confusion matrices revealed distinct classification patterns among the evaluated hybrid 

architectures (Figure 3). VGG16 + CDF concentrated the highest number of correct classifications 

along the main diagonal, performing particularly well in the advanced glaucoma and early 

glaucoma categories, with 541 and 519 correct classifications, respectively. ResNet50 + CDF 

maintained competitive performance, although it exhibited a higher number of misclassifications 

between the early glaucoma and normal categories. Meanwhile, EfficientNetB0 + CDF showed the 

greatest dispersion of errors, particularly in identifying early glaucoma cases, where more 

frequent confusion with the other diagnostic categories was observed. 

 

Figure 3. Confusion matrices by model 
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3.3. Statistical comparison between models 

To determine whether the differences observed among the evaluated hybrid models were 

statistically significant, an inferential analysis was conducted using the accuracy values obtained 

during 10-fold stratified cross-validation. Table 3 presents the descriptive statistics for each 

evaluated architecture. Overall, VGG16 + CDF recorded the highest mean accuracy and the highest 

confidence interval among the models analyzed, while ResNet50 + CDF showed intermediate 

performance. Meanwhile, EfficientNetB0 + CDF exhibited the lowest average values during the 

cross-validation process. 

Table 3. Descriptive statistics for accuracy 

Model Mean Std. deviation Lower 95% CI Upper 95% CI 
VGG16 + CDF 0.9320 0.0204 0.9175 0.9466 

ResNet50 + CDF 0.8966 0.0277 0.8768 0.9165 
EfficientNetB0 + CDF 0.8310 0.0252 0.8130 0.8490 

Prior to the comparative analysis, the distribution of accuracy values was assessed using the 

Shapiro-Wilk test. The results showed that at least one of the evaluated architectures did not meet 

the normality assumption (p < 0.05); therefore, non-parametric tests were selected for the 

statistical comparison between models. 

The Friedman test revealed statistically significant differences among the evaluated hybrid models 

(Table 4). The results yielded a value of χ² = 16.67 and a significance level of p = 0.00024, 

indicating significant differences in the performance of the architectures during stratified cross-

validation. Additionally, Kendall's coefficient of concordance (W = 0.83) demonstrated a high level 

of consistency in the ranking of the models across the different folds evaluated. 

Table 4. Friedman test result 

Metric Friedman,s χ² p-value Kendall’s W 
accuracy 16.666667 0.00024 0.833333 

Post-hoc comparisons using the Wilcoxon test with Holm correction revealed statistically 

significant differences among the evaluated hybrid architectures (Table 5). Specifically, VGG16 + 

CDF showed significant differences compared to ResNet50 + CDF and EfficientNetB0 + CDF, also 

exhibiting the largest mean difference relative to the latter architecture. Likewise, ResNet50 + CDF 

showed significant differences compared to EfficientNetB0 + CDF. These results confirm the 

differences previously observed during cross-validation and support the relative superiority of 

VGG16 + CDF in terms of overall performance. 

Table 5. Wilcoxon post hoc comparisons with Holm correction 

Comparison Mean difference 
Raw p-
value 

Adjusted p-value 
(Holm) 

VGG16 + CDF vs ResNet50 + CDF 0.035395 0.019531 0.019531 
VGG16 + CDF vs EfficientNetB0 + CDF 0.101028 0.001953 0.005859 

ResNet50 + CDF vs EfficientNetB0 + CDF 0.065634 0.001953 0.005859 

The distribution of accuracy values obtained during cross-validation revealed consistent 

differences among the hybrid architectures evaluated (Figure 4). VGG16 + CDF exhibited the 

highest median and lower relative dispersion compared to the other models, whereas 

EfficientNetB0 + CDF showed the lowest values and greater variability across folds. These results 

reinforce the differences identified through inferential statistical tests. 
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Figure 4. Accuracy distribution by model 

3.4. Generalization on the test set 

Evaluation on the independent test set revealed differences in the generalization capability of the 

hybrid models assessed (Figure 5). Overall, VGG16 + CDF maintained the highest accuracy values 

during both cross-validation and testing, while also exhibiting lower relative dispersion across 

folds. ResNet50 + CDF showed intermediate performance, whereas EfficientNetB0 + CDF recorded 

the lowest overall performance and greater relative variability. Additionally, a decrease in accuracy 

was observed on the test set compared to the average values obtained during cross-validation—

an expected outcome when evaluating images not used during model training and optimization. 

These results demonstrate that VGG16 + CDF exhibited the most consistent generalization 

capability for multiclass glaucoma classification. 

 

Figure 5. Model performance on the test set 
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3.5. Discussion 

The evaluated hybrid models demonstrated competitive performance in the multi-class 

classification of glaucoma using fundus images, showing that combining deep feature extraction 

with classification via Cascaded Deep Forest constitutes an effective strategy for the automated 

detection of the disease. Among the architectures analyzed, VGG16 + CDF exhibited the best 

performance in both cross-validation and the independent test set, while also demonstrating 

greater stability across folds and more consistent generalization capability compared to ResNet50 

+ CDF and EfficientNetB0 + CDF. 

The results obtained align with those reported by Sharma et al. (2025), who developed a hybrid 

system for automated glaucoma screening using fundus images, achieving high levels of sensitivity 

and specificity. Similarly, the present research demonstrated that integrating convolutional 

architectures with Cascaded Deep Forest maintained robust performance during cross-validation 

and evaluation on unseen data. Chaurasia et al. (2025) noted that model performance tends to 

decline when evaluated on external or independent datasets a pattern also observed in this study 

when comparing cross-validation results with the test set. 

Compared to approaches based exclusively on deep convolutional networks, the results suggest 

significant advantages of the proposed hybrid model. Shoukat et al. (2023) reported high accuracy 

levels using ResNet50 for glaucoma detection; however, in this study, the ResNet50 + CDF 

combination showed inferior performance compared to VGG16 + CDF. This behavior demonstrates 

that the performance of a convolutional architecture can vary depending on the classification 

strategy employed and the characteristics of the dataset used. Furthermore, the confusion 

matrices revealed greater difficulty in distinguishing between the early-stage and advanced-stage 

glaucoma categories a finding consistent with the clinical complexity of the disease and the 

presence of visual patterns that partially overlap across stages. 

Although recent studies such as those by Hwang et al. (2025) and S wierczyn ski et al. (2025) 

highlight the potential of multimodal and multisensory approaches to enhance automated 

glaucoma diagnosis, the results of this research demonstrate that competitive performance can be 

achieved using only fundus images and hybrid models with lower computational complexity. This 

increases the potential applicability of the proposed approach in resource-limited settings and 

identifies the incorporation of multimodal strategies as a future direction to further strengthen 

the system's clinical generalization capability. 

CONCLUSIONS 

The hybrid approach, based on convolutional neural networks for feature extraction and Cascaded Deep 

Forest for classification, demonstrated competitive performance in the multi-class classification of 

glaucoma using fundus images. The results showed that combining deep learning with tree-based methods 

is effective for automated glaucoma detection. Among the evaluated architectures, VGG16 + CDF achieved 

the best performance in both cross-validation and the independent test set, exhibiting greater stability and 

generalization capability than ResNet50 + CDF and EfficientNetB0 + CDF. Furthermore, statistical tests 

confirmed significant differences between the models, supporting the robustness of the approach. 

Confusion matrices revealed greater difficulty in distinguishing early-stage from advanced-stage glaucoma, 

owing to the complexity of the disease's progression. Nevertheless, the model shows potential as a support 

tool for automated screening. Incorporating multimodal approaches, interpretability techniques, and more 

diverse datasets is recommended to enhance the model's generalization and clinical applicability. 
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