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Comparative Evaluation of Transfer Learning 
Architectures for Glaucoma Classification

ABSTRACT
Glaucoma is a leading cause of irreversible blindness worldwide, primarily resulting from 
elevated intraocular pressure (IOP) that leads to progressive optic nerve damage. Early detec-
tion is essential to prevent permanent vision loss; however, it remains challenging due to the 
disease’s asymptomatic nature in its initial stages. This study explores the application of deep 
learning in glaucoma detection, utilizing the Xception architecture to classify glaucoma from 
retinal fundus images. A total of 6,540 retinal images were obtained from the publicly avail-
able EyePACS-AIROGS-light-V2 dataset variant designed for glaucoma detection and system-
atically divided into training, validation, and testing subsets. Data augmentation techniques 
such as image rotation, flipping, and brightness adjustments were applied to enhance model 
robustness and reduce the risk of overfitting. The performance of the Xception model was 
benchmarked against other popular convolutional neural network architectures, including 
EfficientNet B7 and ResNet-50, using key evaluation metrics: accuracy, precision, sensitiv-
ity, and specificity. The Xception model outperformed the others, achieving an accuracy of 
93%, a precision of 95%, a sensitivity of 91%, and a specificity of 94%. These results under-
score the model’s effectiveness in identifying glaucomatous patterns within retinal images. 
The comparative analysis reveals that Xception achieves the best balance between accuracy 
and computational efficiency, owing to its depthwise separable convolutional design. Beyond 
quantitative results, this study provides insight into how architectural choices affect model 
performance in ophthalmic imaging, offering guidance for developing scalable AI-assisted 
screening systems.
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1	 INTRODUCTION

Eye health affects many aspects of life. The Global Eye Health Commission on 
eye health defines that maximizing eye health contributes to well-being and health 
to achieve a good quality of life. Eye health also plays a vital role in the process of 

Helmi Imaduddin   (), 
Widi Widayat  , Ihsan 
Cahyo Utomo, Nur Rizqi 
Febriandika  , Amri Zadi 
Hudaya, Alleyda Aurora 
Yafentri 

Universitas Muhammadiyah  
Surakarta, Surakarta,  
Indonesia

helmi.imaduddin@ums.ac.id

https://doi.org/10.3991/ijoe.v22i02.58101

https://online-journals.org/index.php/i-joe
https://online-journals.org/index.php/i-joe
https://doi.org/10.3991/ijoe.v22i02.58101
https://online-journals.org/
https://online-journals.org/
https://orcid.org/0000-0001-5461-4874
https://orcid.org/0009-0009-2571-0678
https://orcid.org/0000-0001-9063-6990
https://orcid.org/0009-0007-2407-8581
mailto:helmi.imaduddin@ums.ac.id
https://doi.org/10.3991/ijoe.v22i02.58101


iJOE | Vol. 22 No. 2 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 77

Comparative Evaluation of Transfer Learning Architectures for Glaucoma Classification

realizing the Sustainable Development Goals (SDGs). Eye health problems that arise 
based on data in 2020: around 596 million individuals in the world suffer from 
distance vision problems, around 510 million individuals suffer from near vision 
problems, and around 43 million individuals experience blindness [1]. Problems 
that arise as a threat to eye health include myopia, diabetic retinopathy, retinopathy 
of prematurity, cataracts, macular degeneration, and glaucoma.

Glaucoma is a significant global health issue characterized by increased intra-
ocular pressure (IOP) that leads to progressive optic nerve damage and poten-
tially irreversible vision loss [2], [3]. It is the leading cause of irreversible blindness 
worldwide, affecting millions of individuals and posing a substantial burden on 
healthcare systems [4], [5]. The disease encompasses various subtypes, including 
primary open-angle glaucoma (POAG), angle-closure glaucoma, normal-tension 
glaucoma, and secondary glaucoma, each with distinct pathophysiological mech-
anisms and risk factors such as age, family history, ethnicity, and certain medical 
conditions such as type 2 diabetes mellitus and cardiovascular diseases [6]. Early 
detection and timely treatment are crucial to prevent the progression of glaucoma 
and subsequent vision loss.

Nonetheless, diagnosing and recognizing glaucoma, especially at early stages, will 
always be tricky chiefly because of the absence of distinctive symptoms and the time 
and resource-consuming nature of monitoring [7]. In order to assist the healthcare 
practitioner in identifying the disease, conventional diagnostic modalities include 
OCT, visual perimetry, and IOPs [8]. New methods of treatment and other meth-
ods of diagnosis, including automated detection and classification systems based 
on the analysis of retinal fundus images, have begun to be developed to optimize 
and facilitate the diagnosis of glaucoma. In particular, a model based on a Stacked 
Attention U-Net has been proposed for optic disc segmentation, which has also 
demonstrated effective results with respect to glaucoma detection. This automated 
method attempts to overcome the problems of manual detection, such as the lack of 
human resources and the tediousness of the detection procedure, thereby enabling 
timely management, which lowers the chances of incurring vision problems [9]. 
In another research by Mukhlif et al., it was noted that such medical image classifi-
cation models as Xception had advantages over VGG16 and ResNet50-based models, 
assuming the images contained skin cancer data from ISIC2020 and breast cancer 
data from ICIAR2018.

The work presented in this study emphasized the model’s better than average 
accuracy and specificity, which makes it a good candidate for classification of glau-
coma [10]. The efforts of Tang and Sheykhahmad are also positive in regard to the 
Xception model, where it was reported that the model yielded 94.206% in average 
accuracy of skin cancer diagnosis using the ISIC dataset, exceeding other current 
methods [11]. Similarly, Sharma’s work was also able to show that ResNet50 and 
DenseNet-201 are useful in the classification of glaucoma with 85.43% across the 
HVD Dataset [12]. These models are characterized by deep architectures and the 
ability to learn complex features from medical images. The work done on the appli-
cation of transfer learning is not restricted to medical imaging only; other domains, 
including crop classification and code-related works, are also being performed on 
this. Antonijević et al. illustrated the usefulness of this method for crop classification 
accuracy by retraining models on specific datasets [13].

In the same manner, Mastropaolo et al. drew attention to the usefulness of trans-
fer learning for the performance of models building on code tasks [14]. Lots of things 
can be achieved also in different domains, which are cross-transferring learning. 
Also, the application of transfer learning algorithms in the analyses of the fundus 
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photographs has made it possible to recognize minute variations in the retinal struc-
ture indicating glaucoma damage.

Transfer learning has yielded promising results in the use of retinal fundus 
images for enhancing the performance of glaucoma screening. It has been shown 
that high levels of accuracy are achieved with the use of deep learning architectures 
such as DenseNet-121 in the detection of eye conditions such as glaucoma, cataracts, 
and diabetic retinopathy. Some previous works explain the usage of neoconstructs, 
in particular pre-trained models such as ResNet18 and ResNet50, with advanced 
metrics of precision, recall, and F1 score in retinal disease classification. They show 
great potential in the screening of these conditions [15]–[17]. In spite of these tech-
nological improvements, further efforts, such as the creation of more diverse and 
large datasets and definitions of appropriate uniform diagnostic standards, are still 
required to push these automated systems further and make them effective in pop-
ulations of different ethnicities. It is also necessary to highlight the role of primary 
care providers, who identify and manage large populations of patients at high risk 
for glaucoma, referring them for evaluation and treatment by specialists when nec-
essary. New treatment modalities such as topical drugs, laser interventions, and sur-
gical procedures are being developed aimed to decreasing IOP and avoiding further 
damage to the optic nerve [18]. Given the background and the aims and objectives 
of this study, this study will use Xception, the most recent version of Xception archi-
tecture, to perform glaucoma disease detection.

Due to the optimization of both efficiency and performance, Xception is par-
ticularly effective in deployment scenarios with resource constraints. Afterward, 
the efficiency is tested, and it will actually be assessed how this Xception architec-
ture compares with other transfer learning architectures such as EfficientNet and 
ResNet50 on the classification of glaucoma data. The results will present rationale 
in detail through the statistical tests of accuracy, precision, sensitivity, and specificity 
that particularly focus on the classification of the model.

This study presents a structured comparative analysis of three transfer learning 
architectures, namely 1) Xception, 2) EfficientNet B7, and 3) ResNet 50, for auto-
mated glaucoma detection using a large retinal fundus image dataset. It provides 
the first systematic evaluation of these architectures within this specific context. 
Furthermore, the study introduces an extensive data augmentation framework 
incorporating image rotations, flips, shifts, zooming, and brightness adjustments, 
which significantly enhances the model’s robustness to variations in image quality 
and acquisition conditions. The work also details finely tuned hyperparameters and 
regularization strategies, including adaptive learning-rate scheduling and dropout, 
to secure stable training convergence and strong generalization. By demonstrating 
effective transfer-learning workflows tailored for clinical scenarios with limited 
resources, this study paves the way for scalable, AI-driven early-screening solutions 
in ophthalmology.

2	 MATERIALS AND METHODS

This study includes several important steps as follows: The first step is the collect-
ing of retinal images, followed by preprocessing of the data. The dataset was divided 
into training, validation, and testing subsets for purposes of creating and testing the 
model. This phase of the research entails the creation of the machine learning model 
that is capable of classifying an image in terms of whether it indicates glaucoma or 
not. The functional capabilities of the model, including accuracy, precision, recall, 
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and other measures, are then measured and evaluated using the confusion matrix. 
Figure 1 presents the general research process of the study, outlining the complete 
process that has been undertaken in order to meet the aims of the study.

Fig. 1. Research process

2.1	 Data retrieval

The images used in this study were retinal fundus images available in the 
Kaggle dataset. Although the original EyePACS dataset is for diabetic retinopa-
thy, this study specifically uses the EyePACS-AIROGS-light-V2 variant designed for 
glaucoma detection [19], [20]. A total of 6,540 retinal fundus images were included 
in the dataset, comprising 3,270 glaucomatous and 3,270 non-glaucomatous sam-
ples, ensuring a balanced dataset. In order to achieve adequate training, valida-
tion, and testing of the machine learning frameworks developed in this study, the 
dataset was systematically divided into these subsets. A total of 6,540 images of the 
retinal fundus were contained in the dataset, out of which three main subsets were 
formed. The training set comprised 5,000 images, the testing set had 1,000 images, 
and the validation set contained 540 images. The proportion of the dataset is shown 
in Table 1.
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Table 1. Dataset proportion

Subset Images

Training 5,000

Testing 1,000

Validation 540

Total 6,540

The dataset division is comprehensively described to improve the performance 
and generalization ability of the machine learning model. The training set occupies 
the largest portion so that the model is exposed to a variety of retinal images, both pos-
itive and negative for glaucoma, so that it can learn the various characteristics of each 
class. The validation set acts as a bridge between the training and testing phases, pro-
viding an objective evaluation for model performance and facilitating hyperparame-
ter tuning during the training process. Meanwhile, the testing set is used to assess the 
overall prediction accuracy and the model’s ability to generalize to completely new 
data. This procedure is crucial to ensure that the model not only recognizes glaucoma 
patterns in the training data but also remains reliable when applied to retinal images 
in real clinical scenarios [21]. Figure 2 shows a visual representation of retinal images 
with referable glaucoma (RG) and non-referable glaucoma (NRG) conditions, illus-
trating the morphological differences that form the basis of the model’s classification. 
This visual recognition not only facilitates manual verification by ophthalmologists 
but also serves as a benchmark for the algorithm’s success in extracting and distin-
guishing pathological features that are crucial for early glaucoma diagnosis.

Fig. 2. Retinal images dataset

In addition, the careful splitting of the data is also emphasized for models that 
are expected to yield high reliability when performance metrics are reported. Data 
partitioning in terms of training, validation, and test data partitions prevents the 
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challenge of overfitting, in which a model would simply try to memorize every piece 
of data presented at training and not learn how to generalize. Therefore, refraining 
from training the execution of the task while keeping the test data separate from the 
training data allows for a reliable evaluation of the model’s performance in glaucoma 
detection within retinal fundus images that were not included in the training set.

2.2	 Data augmentation

The augmentation propels the available information into the learning style 
explanatory transformation processes as part of the steps. This process ensures 
that the given dataset can be more effective and more focused so as to enhance the 
efficiency of the classification model that is about to be constructed. In this work, 
we used several data augmentation techniques to enhance the number of training 
images so that overfitting of the model is minimized and the generalization ability 
of the model is enhanced. This implies that any augmentation considered has to be 
proceded by the process of resizing the images to 224 × 224 for ResNet-50, 299 × 299 
for Xception, and 600 × 600 for EfficientNet-B7. Adjusting the image size ensures 
uniform input dimensions and compatibility across different deep learning model 
architectures.

This section will discuss how data augmentation is carried out and the parame-
ters that were utilized and deliberately set. First, we previously used a width_shift_
range and height_shift_range of 0.5 each. This technique enables the surface of the 
image to be shifted up to fifty percent of the image’s dimension in both horizontal 
and vertical orientations so that the position of the objects can be changed in the 
image, and thus the model trained can be able to tolerate changes in the location of 
the objects. Vertical and horizontal alterations are also performed, namely horizon-
tal_flip and vertical_flip, which allow the image to be changed both horizontally and 
vertically, thereby enhancing variations with respect to the position of the objects. 
This is useful in cases when the objects do not have a consistent direction, and the 
direction of the objects has to be changed to assist the model in learning better.

In addition, we implement a zoom_range of 0.15. This means that the image can 
be enlarged or reduced to 15% of the original size, and therefore the model will 
learn to regard objects at various perspectives. To inject into the empty pixels that 
remain due to augmentation operations such as shift and zoom, fill_mode with the 
value of “constant” and cval of 0.1 is applied in this case. It makes sure that blank 
spaces surrounding the main image (due to image augmentations) are filled by a 
certain value so as to protect the data integrity. Finally, all images were resized con-
sidering the following rescaling factor = 1/255. All pixel values in this range [0,1] 
normalization of the temperature decreases the training time of the model as well 
as enhances convergence of gradient descent optimization by eliminating the initial 
pixel values range of [0, 255], which might hinder the model’s convergence. Overall, 
this exhaustive preprocessing not only helps build an effective and accurate clas-
sification model but also extends to making great impacts, especially in the area of 
medical imaging and disease diagnosis, such as glaucoma.

2.3	 Transfer learning

Transfer learning has grown into a prominent machine learning paradigm, espe-
cially in image classification tasks [22]. Such models ease the application of existing 
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general knowledge from big data sources to specific problem areas where only a few 
data resources are available in order to minimize unnecessary errors. This method 
is very useful in medical imaging, where the major hindrance is lack of ample data. 
The following sections study how different CNNs classify glaucoma and the signifi-
cance of transfer learning in other areas related to medicine.

Especially in medical imaging, large annotated datasets are seldom accessible, 
thus disfavoring traditional machine learning methods; transfer learning comes in 
handy. Reis et al. demonstrated that using pretrained models such as InceptionV3 
and DenseNet121 improved the classification of medical datasets, including chest 
X-ray and diabetic retinopathy images [23]. Medical imaging has one area that 
transfer learning enhances—glaucoma imaging. Researchers can substantially 
advance the diagnostic power in this area by employing already trained CNNs 
and engaging in novel approaches like classifier fusion and teacher-student sys-
tems. Although this section centers around medical contexts, it should be empha-
sized that the concepts of transfer learning are not limited to this sphere, and such 
features of learning can be observed in many other fields as well. Building upon 
these concepts, the next stage involves the training and fine-tuning of selected 
architectures.

2.4	 Training model

This study incorporates three well-known deep architectures that have proven 
to have the best results in the image classification tasks; these include Xception, 
EfficientNet B7, and ResNet50. These three models are utilized in a binary clas-
sification problem, where the data set used comprises a total of 6,540 images 
that have undergone an augmentation procedure. Data augmentation improves 
and adapts the images with the use of enhancements such as rotation, flipping, 
zooming in, or altering the lighting conditions. This technique is useful to improve 
the generalization ability of the model, especially in instances where one has a 
small dataset.

The data distribution used comprises 5000 images for training, 1000 images for 
testing, and 540 images for validation. Thus, the percentage of validation data was 
determined in a way that it would, at all costs, facilitate proper and fair validation 
of the model during the training phase, so much so that the underlying cause of 
reducing training data would not be compelling. To ensure fairness across architec-
tures, each model was retrained using its optimal native resolution: 224 × 224 for 
ResNet-50, 299 × 299 for Xception, and 600 × 600 for EfficientNet-B7 while keeping 
all other hyperparameters consistent. This design mitigates potential resolution- 
induced bias and yields more reliable inter-model comparisons.

The training processes adopted a two-class bowl with a sigmoid activa-
tion function in the output layer in order to help the model produce probabil-
ities on the two classes depending on the nature of the task, which is binary. 
The prediction error of the model is computed using a binary cross-entropy 
loss function, which is a function of only two classes and measures the differ-
ence between the emission and the target variable of the model. To combat 
the problem of overfitting, a ratio of 0.5 as a dropout level was used on the last 
fully connected layer during the training process. Dropout is one of the use-
ful techniques whereby during each iteration, a certain number of units are 
turned off, resulting in low correlation between neurons and hence enhanc-
ing the performance of the model on new data. Although models were trained  
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for 15 epochs in this study, validation accuracy trends suggest possible under- 
fitting. Future work will extend training with adaptive early stopping to ensure 
full convergence.

For optimization purposes, the model was initialized with a static learning rate 
of 0.001. In practical terms, since it is necessary for the training process to reach 
the tolerable convergence criteria, there exists a learning rate reduction policy that 
must be triggered when the metric does not improve for three successive epochs. 
A reduction factor of 0.25 is employed, which is aimed at lowering the learning 
rate in increments lest the model need to readjust in the final stages of training. 
The total number of epochs used to train the model was 15, wherein each epoch 
the model weights were changed with respect to the training data that was made 
available. The parameters involved in the training of the model are presented 
in Table 2.

Table 2. Parameter training

Parameter Value

Learning rate 0.001

Loss Cross entropy

Epochs 15

Dropout 0.5

Activation function Sigmoid

2.5	 Evaluation

The evaluation is one of the most critical steps in any machine learning study 
meant to quantify the classification achieved by the model. The focus here is on the 
ability of the model to convert the information obtained from the training data to the 
new data through the application of the predictions from the testing data. As far as 
the present research is concerned, some of the metrics used for evaluation include 
accuracy, sensitivity, specificity, and precision.

Accuracy is the metric predominantly used, which computes the ratio of all the 
correct predictions occupiers [24]. Class imbalance is common in most health-related 
datasets; therefore, additional metrics beyond accuracy are necessary for a mean-
ingful evaluation. Sensitivity represents the ratio of true positives to all actual posi-
tive samples, while specificity measures the proportion of true negatives among all 
actual negative cases. Precision quantifies the ratio of true positives to all predicted 
positives. Using these complementary metrics, this study provides a comprehen-
sive assessment of each model’s capability to classify retinal images for glaucoma 
detection.

3	 RESULT AND DISCUSSION

In this study work, the researchers employed three transfer learning architec-
tures, namely, Xception, EfficientNet B7, and ResNet50, to identify the disease of 
glaucoma using retinal images. From the classification results, it was observed 
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that all three models were observed to have performed well in detecting various 
forms of glaucoma, which suggests that the models have some level of effective-
ness that could see use in a clinical setting. As per the tests done, the Xception 
model was noted to be the best in glaucoma image classification among the other 
models. In particular, the model yielded 93% accuracy, 95% precision, 91%, 
and 94% for sensitivity and specificity, respectively. The resultant metrics con-
firmed the model’s extreme distinction between glaucoma and no-glaucoma ret-
inal image potentials, which were rated higher than other models, including the 
Xception model.

The EfficientNet B7 model, on the other hand, was also impressive, as its per-
formance analysis showed an accuracy of 91%, with precision, sensitivity, and 
specificity values of 92%, 91%, and 92%. Though slightly lower than the Xception 
model, these results still show that, although at a reasonable percentage level, the 
level of glaucoma detection was still quite high. The same approach was applied 
to the ResNet50 model that performed the worst among the tested models at 89%, 
88%, 90%, and 88% on accuracy, precision, sensitivity, and specificity, respectively. 
However, in the other two models, these values still exhibit acceptable performance 
but are not the highest. The performance evaluation of all models is presented in 
detail in Table 3. It is also the key result of the study that deep learning models, and 
especially the Xception model, have a notable potential in increasing the accuracy of 
glaucoma detection by analyzing retinal images.

Table 3. The performance of models

Architecture Accuracy Precision Sensitivity Specificity F1-Score AUC-ROC

Xception 0.93 0.95 0.91 0.94 0.93 0.96

EfficientNet B7 0.91 0.92 0.91 0.92 0.91 0.95

Resnet50 0.89 0.88 0.90 0.88 0.89 0.93

Based on Table 3, we can see that the Xception model does not only have good 
accuracy but also has good precision, sensitivity, and specificity too. High sensitivity 
means that the model is good at identifying patients suffering from glaucoma, and 
high specificity means that the model has mastered the ability to separate normal 
patients from those with the disease. To relax even more these restrictions on the 
Xception model’s authors and provide more coverage to this section of the paper. 
Figures 3, 4, and 5 present the training accuracy graphs of the EfficientNet-B7, 
ResNet-50, and Xception models, respectively, over 14 epochs. In Figure 3, the 
EfficientNet-B7 model demonstrates a smooth and consistent improvement in train-
ing accuracy, with validation accuracy surpassing 91% early in the training phase, 
indicating strong generalization performance. Figure 4 shows the ResNet-50 model 
achieving a steady rise in training accuracy from approximately 58% to 89%, while 
the validation accuracy remains flat in the early epochs before increasing signifi-
cantly after epoch 6, suggesting a delayed convergence due to deeper network adap-
tation. Meanwhile, in Figure 5, the Xception model achieves rapid improvements 
in both training and validation accuracy within the first few epochs, maintaining 
93% performance throughout the training process. This reflects the effectiveness 
of depth-wise separable convolutions in accelerating convergence while preserving 
model accuracy and stability.
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Fig. 3. Training process of EfficientNet B7

Fig. 4. Training process of ResNet-50

Fig. 5. Training process of Xception
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The results indicate that the Xception architecture demonstrates superior perfor-
mance in glaucoma classification compared to EfficientNet-B7 and ResNet-50. This 
superiority can be attributed to its use of depth-wise separable convolutions, which 
decompose standard convolutions into spatial and channel-wise operations. This 
design enables the network to capture fine-grained, localized features of the optic 
disc and cup regions, which are critical biomarkers for glaucomatous damage, while 
maintaining computational efficiency.

In contrast, the ResNet-50 architecture, which relies on residual connections to 
preserve gradient flow in deep networks, primarily focuses on global contextual 
information. While this aids in feature stability, it may reduce sensitivity to sub-
tle local variations essential for early glaucoma detection. Similarly, EfficientNet-B7, 
which employs compound scaling to optimize depth, width, and resolution simul-
taneously, generally performs best at higher image resolutions. Since our dataset 
resolution was standardized for computational efficiency, EfficientNet-B7’s potential 
was likely underutilized in this context.

From a clinical perspective, these findings underscore the value of architectures 
optimized for localized feature extraction in ophthalmic imaging tasks. The Xception 
model’s balance between diagnostic accuracy and computational cost suggests its 
strong suitability for real-world deployment in resource-limited screening environ-
ments where rapid inference and model efficiency are crucial.

Overall, this comparative evaluation provides not only empirical evidence of 
Xception’s effectiveness but also architectural insight into how CNN design choices 
influence feature learning behavior in medical image analysis. These observa-
tions may guide future research toward more targeted model selection and opti-
mization for disease-specific diagnostic applications. Clinically, the results indicate 
that Xception provides an effective trade-off between accuracy and computational 
demand, making it suitable for integration into screening tools deployed in low- 
resource environments where real-time processing is essential.

4	 CONCLUSION

The results provide insight into the architectural trade-offs among leading transfer 
learning models, guiding researchers in choosing efficient frameworks for real-world 
ophthalmic screening deployments. We have created and evaluated a classification 
model for glaucomatous disease based on the Xception approach, which is highly effi-
cient for image classification tasks. The results validate our initial hypothesis that the 
Xception architecture, with its depth-wise separable convolutions, yields superior per-
formance in glaucoma detection tasks. The algorithm created is capable of realizing 
a significant level of accuracy in the detection of glaucoma from retinal images, with 
values reaching 93% accuracy, 95% precision, 91% sensitivity, and 94% specificity. This 
is consistent with previous studies, which report that there can be improved perfor-
mance in the diagnosis of eye disease when transfer learning approaches are utilized.

To conclude, the findings provide evidence that in order to further improve the 
ability to classify disease using advanced deep learning architectures, including the 
Xception, it will be revolutionary to change the clinical practice of managing ocular 
disease, especially glaucoma. It is acknowledged that more sophisticated neural net-
works have the ability to improve the processes of diagnosis and thereby enhance 
the efficiency and the effectiveness of disease control measures, which include the 
timing of the diagnosis and, by extension, the outcomes of the patients, which in 
some cases can be life-threatening.

https://online-journals.org/index.php/i-joe


iJOE | Vol. 22 No. 2 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 87

Comparative Evaluation of Transfer Learning Architectures for Glaucoma Classification

Furthermore, effectively extending the generalization performance of the devel-
oped glaucoma detection models will depend on the incorporation of the general 
datasets since a more general dataset includes a wider diversity of retinal images 
from several populations and conditions. Though large datasets mainly serve to 
improve the learning ability of the models, they also add more power to the testing 
procedures, indicating how well the model will perform. This is of special impor-
tance because it is likely that these models will be deployed in a clinical setting where 
it is ideal for broader generalization to novel data outside those witnessed during 
training. In addition, use of additional types of information, such as patient age, 
wiping gender information, or medical records, including treatments conducted and 
diagnoses made, could be added potentially in the future and can prove important. 
This would facilitate the construction of more complete models that would recog-
nize multiple more aspects of glaucoma risk and allow more efficient diagnosis of 
the disease.
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