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ARTICLEINFO ABSTRACT

Glaucoma is a serious eye disease that causes significant damage to the optic nerve without pain or
symptoms. Its long-term effects can lead to blindness. In this study, we designed a hybrid model,
EfficientNet-CapsNet, which has shown significant improvements and superiority over both traditional
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accuracy and efficiency makes it suitable for routine clinical environments with limited computing
resources that do not require advanced graphics processing (GPUs).
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1. Introduction
The field of medical diagnosis has witnessed great developments by integrating the advanced technologies of deep
science in particular with Image analysis and classification in medical fields, for the early detection of many
diseases, including eye diseases associated with the brain, and has become a crucial area for research and
development. This study focuses on exploring the use of the latest deep learning technologies for the early diagnosis
of brain-related eye diseases. Deep learning) DL) is used in many fields to discover new problem-solving techniques
across most disciplines, and it has shown high-quality results in image classification. Artificial intelligence
technologies are among the leading technologies in the medical field. This transformation occurred due to the
optimal performance of machine learning tools [1]. It is worth noting that deep learning tools and models diagnose
many diseases with a rate equal to, or sometimes even comparable to, that of doctors in the medical field [2].
However, challenges remain in using deep learning models in ophthalmology, this includes the accuracy of
unsupervised learning systems have limited productivity with respect to inconsistencies. Deep learning
methodologies have gained significant traction in the field of image recognition. However, challenges remain when it
comes to the use of deep learning systems in ophthalmology. Unsupervised learning systems and their limited
ability to recognize wide ranges of disorders are among the most significant challenges learning systems. There are
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many image processing techniques, including the one we will discuss: image classification. Classification is a method
of dividing an image into multiple parts or layers from which we can select the desired area .Therefore; we stop the
classification process at the point where we select the required part. One of the challenges is the confidence factor in
learning models. [3]. Many eye diseases impair vision or are associated with visual field defects [4]. Convolutional
neural networks (CNNs) are among the most widely used deep learning architectures in recent times for solving
image-related problems [5]. One of the important models used in diagnosing glaucoma is the Convolutional Neural
Network (CNN) [6]. The averaging model of multiple convolutional neural networks improves glaucoma staging
using fundus images compared to individual models. This aggregate approach is useful as a clinical decision support
system for glaucoma screening in primary care due to its optimal and stable output with a relatively small
dataset[7].

Many diseases can affect the eyes and lead to serious eye conditions [8], causing partial or total vision loss [9].
There are other causes of optic neuritis, including brain diseases. By using accurate and appropriate data mining
and classification techniques, early prediction of any disease can be effectively achieved. In the medical field,
machine learning and data mining techniques hold a prominent position, and most are successfully adopted. The
research examines list of risk factors that are being traced out in brain tumor surveillance systems [10] .In study
[11] To detect brain tumors, they proposed a methodology based on a deep learning architecture for neural
networks for classification, where the classifier identifies brain tumors in MRI images of the brain , The
methodology used consists of extracting features from MRI image data, segmenting images using Fuzzy C-means,
extracting features using Discrete Wavelet Transform (DWT), reduction using Principal Component Analysis (PCA),
and classification using DNN.

Thus, discussing brain disorders that significantly affect optic nerves and general vision, it becomes impractical to
enumerate countless cases comprehensively. The early diagnosis facilitated by these technologies is critical in
addressing these enormous challenges. With improved diagnostic capabilities and innovative treatments, we can
aspire to protect and improve visual health in individuals affected by these conditions. Due to recent developments
in computing technology of massive datasets Due to the enormous amount of big data, the need arose to use
artificial intelligence technologies, which have shown capabilities equal to or sometimes even surpassing human
capabilities in diagnosing diseases [12]. [13] In this evaluation of fundus images of diabetic patients, a deep
machine learning-based model demonstrated high accuracy and sensitivity in detecting diabetes needs therapeutic
doses. There is still a real need for more research to determine the applicability of this algorithm to clinical samples
and its identification whether the use of the algorithm can lead to a significant improvement in healthcare and
outcomes compared to the current objective assessment. Deeper neural networks face training challenges.
Therefore, in this research, we present a residual learning framework to facilitate the training of much deeper
networks than those previously used. Computer-aided diagnostic (CAD) systems involve multiple stages, including
rim detection, segmentation, and classification within fundus images. Traditional deep learning methods relied on
manual feature extraction; however, the widespread adoption and application of deep learning models has inspired
researchers to use deep learning methodologies in the diagnosis of diabetic retinopathy. Consequently, numerous
deep learning models have been proposed, each with its own advantages and disadvantages, which researchers
address in their studies. Furthermore, they are deepening their research into practical and successful methods,
especially in the field of disease diagnosis, most notably diabetes. The researchers also offer valuable perspectives
on possible future avenues of exploration within this domain [14] .

Despite significant advances in deep learning for medical imaging, fundamental gaps remain. Current models often
produce results with accuracy ranging from 90% to 99%][11,16]. And these high-performance models require highly
sophisticated GPU infrastructure, which often involves using an ideal dataset or enormous computing resources.
Furthermore, traditional convolutional neural network (CNN)-based approaches frequently fail to preserve the
anatomical and spatial relationships within the optic nerve head, relationships essential for accurate glaucoma
diagnosis. To address the gaps mentioned above, this study contributes to this field by achieving the following
objectives:

- Developing a hybrid diagnostic framework: Designing and implementing a hybrid model (EfficientNet-CapsNet)
that integrates the feature extraction power of EfficientNet with the spatial hierarchy preservation of the Capsule
Network ,specifically for the task of automated glaucoma detection [1].
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- Computational Feasibility Optimization: To achieve an ideal balance between diagnostic accuracy and
computational efficiency, ensuring that the model remains functional in routine clinical settings with limited
resources (CPU) without requiring expensive GPU infrastructure

- Establishment of a production-ready screening tool: Develop a robust, real-time prediction system capable of early
glaucoma detection , which affects millions of people worldwide and is known as the "silent thief of sight" due to its
often asymptomatic in its early stages [15], thereby contributing to global efforts to prevent irreversible blindness
through accessible mass screening [12].

The contributions of this research are summarized as follows:

The primary contribution of this study is the development of a new hybrid EfficientNet-CapsNet diagnostic
framework that integrates the improved feature extraction of EfficientNet with the spatial hierarchy preservation of
capsule networks. It is worth noting that the traditional convolutional neural network cannot maintain the
anatomical relationships within the optic nerve. The hybrid model achieved a test accuracy of up to 80.7%,
significantly outperforming both the independent convolutional neural network architecture (64.2%) and the
CapsNet architecture (60.8%). Furthermore, this model will provide an alternative solution in real-world clinical
settings operating with limited computing resources.

2. Related Work

Glaucoma is a serious disease, and many authors have dedicated their research to its early detection, in order to
prevent the condition from worsening and leading to blindness. Adridn Sinchez-Morales, Juan Morales-Sanchez and
other authors in studies [10], a deep learning model based on the Nearest Neighbor (K-NN) algorithm was
presented, along with models of different nature (convolutional neural networks, CapsNet networks, and
convolutional auto encoders) in search of diversity. Another study [11] The CapsNet model was applied to extract
features from retinal fundus images in cases of glaucoma or non-glaucoma. In its methodology, it used two classes of
retinal images. The frequency distribution equation was adopted to reduce image variance. As a result, CapsNet
achieved an accuracy of 90.90%. Study [16] this research explores the development of a novel automated model for
the diagnosis and classification of multiple retinal diseases using deep learning. The proposed technique comprises
three processes: preprocessing, feature extraction, and classification. Next, AlexNet and ResNet models are used for
preprocessing the image to extract feature vectors. The extracted feature vectors are then routed to CNNs and DNNs
to identify retinal disease categories. Thanks to the outstanding performance of deep learning, it led to improved
diagnosis and performance. The ResNet-CNN model achieved better performance with an accuracy of 98.84%. We
note in the following article that [17], Abhishek Pal, Manav Rajiv Murthy, and others propose EyeNet: a garden
technology in glaucoma diagnosis. The network consists of a combination of a deep convolutional auto encoder and
a traditional CNN classifier. The convolutional auto encoder is trained to learn important patterns/features for
feature classification, and it also handles small datasets. The reconstructed outputs from the decoding unit showed
that these two models could be combined as proposed for classification. Experimental results show that G-EyeNet
has achieved an improvement and a higher level of accuracy for deep learning algorithms. We can benefit from this
study [18] this research proposes a new method (MGLCM-DF) for obtaining high-resolution MRI brain classification.
It incorporates a modified method for separating tissue characteristics (MGLCM). In addition to the deep learning
(DL) features. In the proposed MGLCM-DF model, MGLCM tissue features and deep learning features were manually
extracted from brain MRI and thus combined as a single feature to extract the MRI image. The MGLCM-DF model has
given rise to a new technique in combining MGLCM with DL techniques to improve brain MRI images. The MGLCM -
DF model demonstrated a classification accuracy of 99.30% on a set of brain MRI images from patients. This model
could be further developed to provide valuable insights into brain tumor diagnosis.

The clinical experience of the physician is an essential tool in the diagnosis of optic nerve disease. Such that, in
clinical practice, physicians spend a significant portion of their time diagnosing and interpreting medical images,
this is a definite waste of time and effort .This study presents a novel fractional Wright function approach as a
reduction technique to enhance the performance of edgeless active perimeter segmentation. The proposed 3DACWE
method with FWF offers high accuracy and efficiency compared to the original 3DACWE method, but it may
encounter the problem of increased processing time. This method opens up prospects for a more advanced future in
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brain tumor diagnosis [19]. We also benefit from Syna Sreng , Noppadol Maneera and others from their study [20]
that presents an Automated initial glaucoma screening based on quantitative analysis of fundus images greatly
assists ophthalmologists in detecting glaucoma more quickly and lower material cost. This consists of, Optic disc
segmentation was performed using five different deep algorithms, and then the features extracted from the
segmented optical disc area were worked on as input data to train a classifier to predict the presence of glaucoma in
test images. Some authors like Fatima Ghani, Usman Sattar and other that they said in their study [3] before that,
too many models of Neural Networks segmentation were planned. Many computer scientists have conducted
research to improve the quality and accuracy of classification performance, but artificial neural networks are not
sufficient. For this reason, we proposed the V-3 invention approach for image processing based on CNN .This model
demonstrates a fundamental solution in addressing the model accuracy problem, and highlights Inception-V3 and
Vgg-16.After implementation, the Inception-V3 model achieved relatively better results compared to the Vgg-16
model. The objectives achieved will be explained later. In this paper, we used the Google CoLab platform for
analysis; therefore, access to RAM was limited, preventing to avoid general analysis. This research demonstrates a
fundamental solution to the model accuracy problem and highlights the Inception-V3 and Vgg-16 models.

Although deep learning has achieved significant results in this field, its accuracy is only moderate in mild and early-
stage cases of the disease. Therefore, in this paper, we present a hybrid automated model for classifying eye injuries,
capable of distinguishing between healthy and pathological images. Thus, we trained is to achieve the highest levels
of accuracy compared to previous studies. This will be accomplished by integrating different preprocessing methods
and data expansion techniques to enhance the accuracy of the results and increase the appropriate sample size for
the dataset [21]. Therefore, the following table presents a selection of the most prominent previous studies that
addressed this field, explaining the methodologies used, the results achieved, and the most important challenges
that were faced.

Table 1 some previous studies, drawbacks and results
Ref Method

Drawback Result

[11] Applying the CapsNet | The sources did not | The CapsNet model
model to extract features | mention any specific | achieved an accuracy of
from fundus images, | flaws in this study, but | 90.90% in classifying
using a frequency | they generally pointed to | glaucoma.

distribution equation to | training stability
reduce contrast. challenges and  the
computational
requirements of the
CapsNet models.
[16] An automated model | No specific flaws were | The ResNet-CNN model

based on preprocessing, | detailed in the text; | achieved outstanding

using AlexNet and | however, the model is

ResNet to extract image
features, then classifying
them via CNN and DNN

complex and involves
multiple stages of feature
extraction and
classification.

performance with an
accuracy rate of 98.84%.
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[18] The MGLCM-DF model | The model relied on the | The model demonstrated
integrates manually | manual extraction of | a very high classification
extracted MRI tissue | tissue features before | accuracy of 99.30% on a
features (MGLCM) with | integration, which may | setof brain MRI images.
deep learning  (DL) | reduce the system's full
features. automation.

[19] The Wright function | The study indicated that | The proposed method
approach as a reduction | this approach may face | (3DACWE with FWF)
technique to improve the | the problem of increased | achieved high accuracy
performance of active | processing time. and efficiency compared
peripheral segmentation to the original method.
(3DACWE method) in
MRI images

[3] The (V-3) approach to | The researchers faced | The Inception-V3 model
image processing is | limitations in accessing | achieved relatively better
based on convolutional | random access memory | results compared to the
neural networks, with a | (RAM) on the Google | Vgg-16 model in image
focus on comparing the | CoLab platform, which | processing.
performance of | prevented them from
Inception-V3 and Vgg-16 | conducting a
models. comprehensive  overall

analysis.

Despite the varying accuracy rates in previous studies, the intrinsic value of this research lies in presenting a hybrid
model (EfficientNet-CapsNet) that balances diagnostic accuracy and efficiency, making it a system ready for
resilience in resource-limited environments and capable of ensuring accurate anatomical relationships of the eye
and correcting results in 90% of cases of blindness through early detection.

3. Methodology
3.1 Ethical Statement and Data Use

This study uses the EyePACS-AIROGS dataset, a publicly available and a nonymized repository hosted on the Kaggle
platform. Since the data consists of de-identified secondary retinal fundus images obtained from recognized
international research institutions, it complies with international standards of medical research ethics and clinical
data processing. The dataset has been reviewed by medical professionals to ensure its suitability. It is used in this
study for strictly non-commercial educational purposes, aimed at improving initial diagnostic capabilities.

3.2 Study Design

Following the ethical guidelines and data sources outlined above, the objective of this study is to design and evaluate
the proposed architectural components of the hybrid model using specific subsets of the EyePACS-AIROGS dataset.
Our analysis involved 2000 images for the traditional CNN and CapsNet models, and 850 images for the EfficientNet-
CapsNet (Hybrid) model. These images were sourced from reputable international research institutions and
underwent thorough review by medical professionals to ensure compliance with clinical data management
standards and medical research ethics intended for glaucoma research and organized into standardized training,
testing, and evaluation sets, were used. Each set was divided into normal (NRG) fundus images. To define normal
cases, we adopted the disc-to-nerve ratio criterion as shown in Figure 1 If the ratio is less than 0.4, the eye is normal
and disease-free (NRG), as shown in Figure 2. If the optic disc lumen diameter ratio is greater than 0.6, the eye is
affected by glaucoma (RG), as illustrated in Figure 3. For accurate evaluation, the dataset was divided into three
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subsets: training (70%), validation (15%), and testing (15%), with five-fold cross-validation applied to the hybrid
model to ensure consistency of results and prevent over-allocation.

Optic nerve

Healthy optic nerve Optic nerve with glaucoma

Fig. 1 Representation of the healthy and glaucoma optic disc and optic cup

Fig. 2 NRG- (non-glaucoma) / disc-to-nerve ratio <0.4

Fig. 3 Glaucoma-RG/ Disc-to-nerve ratio > 0.6

The selected data consisted of (NRG), representing the normal, healthy, disease-free state, and (RG), representing
cases with glaucoma. To obtain satisfactory results, and due to data limitations, random horizontal inversion
techniques and slight rotation (+8°) were employed to generalize the model to real-world clinical settings where
access to large-scale data may be difficult, achieving a maximum testing accuracy of 80.7%.

Each methodological step of the study is explained, as illustrated in Figure 4. The sequential structure of the work is
shown, starting with the initial data collection stage, followed by filtering, classification, and preprocessing, then
model training and inference. It concludes with the performance and interpretability evaluation stage.
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Performance Evaluation

DATA PREPROCESSING MODEL TRAINING: CNN:64.2% | CapsNet:60.8% |
"Image Resizing: 224x224 Architectures Trained: EfficientNet-CapsNet:80.7%"
ImageNet Normalization ¢ Traditional CNN
¢ Capsule Network (CapsNet)
o o EfficientNet-CapsNet

(Pretrained)

DATA INPUT \
"Release-crop Dataset

NRG & RG Fundus Images

Inference Ready
Clinical Deployment

Fig.4 End-to-End Research Methodology Workflow

3.3 Preprocessing for Data

The data selected for the study were systematically processed to preserve clinical characteristics when used in basic
machine learning models. The RGB three-color format was adopted. A 224x224 pixel resolution was chosen to
ensure a balance between computational efficiency and complete preservation of clinical data characteristics.

The pixel values were calibrated using ImageNet statistics (mean = [0.485, 0.456, 0.406], standard deviation =
[0.229, 0.224, 0.225]), a standard process that takes advantage of the predictions of the pre-trained model, with the
gradient flow being stabilized during training. For the training set only, we applied data augmentation techniques to
enhance the model's robustness and prevent over-customization: random horizontal flip (p=0.5) to simulate
different patient orientations, slight rotation (+¥8°) to account for minor differences in camera angle, and color
oscillation (brightness/contrast=0.2) to handle the lighting fluctuations encountered in clinical environments .The
test images underwent only basic initial processing without any enhancement, to ensure the reliability of the
assessment of the real-world model's performance. This process produces a good balance between maintaining
diagnostic accuracy and enabling efficient deep learning training using standard computing resources.

3.4 Architecture and Training for the Model
This section includes three deep learning infrastructures developed for glaucoma detection, along with their
standardized training settings.

3.4.1 Traditional Convolutional Neural Network (CNN)
The structure of a convolutional neural network (CNN) is characterized by a hierarchy of convolutional layers:
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Input Layer
224 x 224 x 3

A\ ]
Conv2D (32 filters, 3x3)

\4
Max Pooling (2x2)

\I/

Conv2D (64 filters, 3x3)

7

AN 74

Max Pooling (2x2)

\4

Conv2D (128 filters, 3x3)

\V/4

Global Average Pooling

]
v

Dense (128) + Dropout

\4

Dense (2) + Softmax

Fig. 5 The architecture of the Convolutional Neural Network (CNN)

The proposed CNN architecture receives RGB images of size 224x224 as input. Three convolutional layers of
increasing filter depth (32, 64 and 128) are used, each followed by maximum pooling for ReLU activation and spatial
down sampling. Global mean pooling is used to reduce the feature's dimensionality, followed by a fully connected
layer of outlier regularization. The last softmax layer performs binary classification.After applying this conventional
convolutional neural network architecture to a glaucoma dataset; a test accuracy of 64.2% was achieved. Although
this performance provides a reasonable basis for classifying medical images, a clear deficiency emerges in
conventional convolutional networks when applied to detecting complex retinal diseases without extensive prior
training or specialized architectural optimizations. Hence, this result serves as a benchmark for evaluating the
relative improvements achieved by the CapsNet and EfficientNet-B0 architectures in subsequent experiments.

3.4.2 Capsule Network (CapsNet)

Based on previous work by researchers, we implemented a structured capsule network to capture spatial
hierarchies that may be effective for diagnosing glaucoma:
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N
Input Image
224 x 224 x 3
\ J
\/
Conv2D Feature Extractor
(ReLU, low-level features)
\ J
7
Primary Capsules Layer
32D x (8x8x32) Capsules
Squashing Non-linearity
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16D RG:16D
\ | J
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Dynamic Routing
Algorithm (3 Iterations)

\ ! J

WV
Classification by Vector
Length (Capsule Norm
Computation)
\ J

Fig.6 CapsNet Architecture Diagram

Although the test accuracy reached 60.8%, which represented a relatively low performance, difficulties were
observed regarding the stability of the training for such tasks. Furthermore, it appeared to place a significant burden
on the response of limited computing units without advanced infrastructure.

3.4.3. EfficientNet-CapsNet Hybrid Model

After achieving an accuracy rate of 64.2% using traditional convolutional neural networks and 60.8% using
CapsNet, with limited data, it was observed that capturing structural differences was difficult, and training
instability was present in limited infrastructures. In light of these challenges, an EfficientNet-Caps hybrid model was
proposed, capable of combining computational efficiency with diagnostic accuracy. However, it's important to
remember that CapsNet m

Maintains the basic spatial hierarchy and anatomical relationships.

The original outer layer (1000 classes) has been replaced with a binary NRG/RG classification head consisting of:
-Global Average Pooling2D (7x7 — 1280 feature)

-Dropout(0.2) To organize

-Dense(128, ReLU) intermediate layer
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-Dense(2, Softmax) Final layer
Two-stage training strategy:

1- Classifier training: Freezing the base layers LR=1e-3 (5 epochs)
2- Full fine-tuning: Edit all layers LR=1e-5 (10 epochs)

Based on the above, ImageNet's feature-rich visual representations have proven ideally effective in detecting:
a-Optical disc/cup border variations

b-Obvious cup-disc abnormalities

c-Clinically known retinal imaging abnormalities

This organization achieved a test accuracy of 78.5-83.0% (5-fold CV: 80.7£1.8%), confirming the superiority of
EfficientNet-CapsNet Hybrid Model as a superior model for clinical glaucoma screening with limited datasets.

Table 2: Comparative Performance of Proposed Architectures

Models Test Accuracy Dataset Size Parameters Training Time
CNN 64.2% 2000 1.2M Fast

CapsNet 60.8% 2000 1.8M Slow
EfficientNet-CapsNet 80.7% 850 5.3M Medium

Figure 7 shows a comparison of the learning curves between the three models, highlighting the high stability and
training efficiency of the EfficientNet-BO model, which achieved the highest test accuracy of 80.7%.

Model Performance Comparison - Glaucoma Classification

=== CNN (64.2%)
904 === CapsNet (60.8%)
—a— EfficientNet-CapsNet

[ EfficientNet-CapsNet: Best Model]

Test AccuTiacy (%)
[*2)
o

40

2 4 6 8 10 12
Training Epochs

Fig. 7 Learning Curves Comparison
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4. Results

When the proposed EfficientNet-CapsNet hybrid model was applied to the selected data, a superior average test
accuracy of 80.7% (5-fold cross-validation: 80.7 + 1.8%) was achieved, with a performance range of 78.5% to
83.0%. This significantly outperforms the independent CNN (64.2%) and CapsNet (60.8%) models, as shown in
Table 3. The learning curves (Figure 7) confirm the training stability and efficiency of the hybrid model.
Furthermore, the operating parameters in Table 4 demonstrate the model's strong diagnostic capabilities, including
an NRG accuracy of 82.4%, an RG recovery of 77.2%, and an overall F1 score of 80.1%.

Table 3: Performance Comparison

Model Accuracy Sensitivity Specificity (Recall, | F1-Score
(Recall,+) -)
CNN 64.2% 71.4% 57.0% 57.8%
CapsNet 60.8% 68.2% 53.4% 54.1%
EfficientNet- CapsNet 80.7% 82.8% 78.6% 80.1%
Table 4: Details the operational parameters( NRG, RG)
Mode Accuracy | Accuracy Recovery | Accuracy Recovery F1
NRG NRG RG RG
CNN 64.2% 66.1% 71.4% 61.8% 54.3% 57.8%
CapsNet 60.8% 62.3% 68.2 58.9% 50.1% 54.1%
EfficientNet- CapsNet 80.7% 82.4% 84.1% 78.9% 77.2% 80.1%

5. Discussion

This research presented a hybrid scientific and practical model, EfficientNet-CapsNet, for diagnosing glaucoma, with
a testing accuracy of 80.7%. This study represents a significant contribution to the field of medical image
recognition.

1- The EfficientNet-CapsNet model was primarily used for extracting high-level features. It relies on
extracting depth, width, and resolution, which produces optimal visual representations. These features
allow for direct manipulation of determinants in fundus images, such as: Changes in the optic disc and pupil.

2- Strengths: The RGB three-color system was adopted with a size of 224x224x3 pixels in real time, to meet
the challenges of imaging medical data.

3- Due to the dimensional mismatch that emerged when combining pre-trained feature maps with capsule
routing layers, we introduced a projection matrix with adaptive clustering. This ensured a seamless flow of
data between the EfficientNet-BO backbone and the CapsNet architecture, while preserving the spatial
hierarchy of functions.

While we agree that accuracy is a standard criterion, our proposed model prioritizes clinical diagnosis. As shown in
Table 3, the proposed hybrid model achieved a sensitivity of 82.8% and a specificity of 78.6%, two of the most
important factors for early glaucoma detection and reducing undiagnosed cases. Although studies have reported
accuracy levels exceeding 90%, these models often rely on sophisticated GPU infrastructures and massive datasets.
Our model, achieving 80.7% accuracy, is specifically designed for resource-limited clinical environments using
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standard CPUs, providing a scalable and computationally feasible solution for comprehensive screening without
compromising the fundamental anatomical and spatial relationships within the optic nerve head.

6. Conclusion

In this work, an efficient hybrid architecture, EfficientNet-CapsNet . Proposed and evaluated using deep learning
models for the automatic detection of glaucoma in fundus images. A systematic comparison was performed using
clinically validated datasets (EyePACS). The results showed that the EfficientNet-CapsNet hybrid model
outperformed all other models with an average accuracy of 80.7% and a standard deviation of +1.8%. It also
outperformed both CNN (64.2%) and CapsNet (60.8%) in extracting both the fine-grained features and spatial
hierarchy necessary for optic nerve segment assessment. While there has been much research in glaucoma
detection, most has relied on discrete CNNs and simplified clustering techniques, leading to inconsistent results due
to their limited generalizability across different imaging modes and their inability to preserve the anatomical state
of the optic nerve head. Our hybrid model bridges this gap by combining the computationally efficient composite
expansion of EfficientNet with the conformal routing of CapsNet and robust structural representation.

This model demonstrates high performance suitable for practical use at a minimal computational cost (224x224
input size). This efficiency enables large-scale clinical screening in resource-limited settings, where early detection
can prevent a high percentage (90%) of glaucoma-related blindness [12]. Promising future insights for research
along the same lines can be achieved by integrating multimodal data (including optical coherence tomography
measurements) and interpretation techniques to enhance physicians' confidence in the true diagnosis.

In conclusion, this study demonstrates that the proposed EfficientNet-CapsNet architecture, which represents a
realistic diagnostic model in a clinical setting and possesses reasonable computational feasibility, enhances practical
media applications. With further validation and refinement, these systems have the potential to significantly
contribute to global efforts for early detection and improved risk classification, with the aim of reducing the burden
of blindness caused by glaucoma.
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