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Glaucoma is a persistent optic neuropathy and a key cause of irreversible blindness in
the world. Although there are diagnostic modalities, including fundus imaging, Optical
Coherence Tomography (OCT), automated glaucoma detection is challenging because
of the low generalization and contextual sensitivity of traditional image processing
strategies. Most current approaches, which are mainly based on Convolutional Neural
Networks (CNNs), fail to learn long-range and multi-scale characteristics that would be
required to classify diseases by their stage precisely. This study aims to address these
constraints by proposing a vision transformer (ViT)-based diagnostic model that runs
solely on fundus images. The model takes advantage of the self-attention feature of ViT
to combine global and local feature realizations to provide strong differentiation
between the three stages of glaucoma, namely, mild, moderate, and severe. To enhance
discriminative learning and sensitivity to the different disease stages, a hierarchical
attention-based multi-level feature extraction module is added. As shown by
experimental analysis of the PAPILA fundus image dataset, the proposed ViT-based
model achieves much better classification accuracy, sensitivity, and specificity as
compared to the traditional CNN architectures. These findings indicate the ability of the
model to predict glaucoma reliably and timely, which provides a useful contribution to

clinicians in the monitoring and management of the disease.

1. INTRODUCTION

Glaucoma, a chronic optic neuropathy [1], is recognized as
a leading cause of irreversible blindness, with an estimated
global prevalence of over 80 million cases in 2020 [2].
Alarmingly, this number is expected to exceed 110 million by
2040 due to aging populations and increasing life expectancy.
The disease is characterized by progressive degeneration of
retinal ganglion cells and optic nerve damage, resulting in
visual field loss. Timely detection and accurate staging of
glaucoma [3] are critical to managing its progression and
mitigating vision loss, as early intervention is significantly
more effective than treatment in advanced stages. Medical
imaging technologies, such as fundus photography and Optical
Coherence Tomography (OCT) [4], have become
indispensable tools for glaucoma diagnosis. Fundus images
provide a two-dimensional view of the optic nerve head,
retinal vessels, and peripapillary region, while OCT offers
high-resolution cross-sectional images [4] of retinal layers.
However, manual analysis of these images is time-consuming
and subject to inter-observer variability, particularly in
borderline cases or early-stage glaucoma, where clinical
features can be subtle.

Automated diagnostic systems, particularly those using
deep learning, have been developed to address these
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challenges. Convolutional Neural Networks (CNNs) [5] have
been widely adopted due to their ability to process and analyze
complex medical image data. While CNNs have demonstrated
promising results, they have inherent limitations. Specifically,
CNN s rely on local receptive fields, which restrict their ability
to capture global contextual information. This limitation is
critical in glaucoma diagnosis, where subtle global patterns in
fundus and OCT images are often indicative of disease
progression [6]. Furthermore, CNNs often struggle with multi-
class classification tasks [7-9], such as categorizing glaucoma
into its various stages (mild, moderate, and severe) [10-13].
The lack of interpretability in CNN-based models also poses
challenges for clinical adoption [14-21], as healthcare
providers require transparent and explainable systems to
support decision-making. To address these limitations [22-24],
we propose a novel diagnostic framework based on vision
transformers (ViTs), a cutting-edge architecture in deep
learning. Unlike CNNs, ViTs leverage self-attention
mechanisms, allowing them to model both local and global
dependencies across entire images. This capability makes
ViTs particularly well-suited for analyzing the structural and
spatial relationships in medical images, which are critical for
accurate glaucoma detection and staging. The proposed model
incorporates a hierarchical attention-based architecture that
combines features from fundus and OCT images, ensuring
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robust feature extraction and precise classification across all
stages of glaucoma. The novelty of the proposed model lies in
its ability to integrate and process multi-modal image data,
addressing the limitations of existing methods by providing
both high diagnostic accuracy and interpretability. This
integration enables the system to identify subtle features that
are often overlooked by traditional methods, making it an
invaluable tool for early detection and effective disease
management. Additionally, the proposed model emphasizes
explainability by incorporating visualization techniques,
allowing clinicians to understand and trust the system's
predictions.

By bridging the gaps in existing diagnostic methods, this
research aims to provide a transformative solution for
glaucoma management. The proposed ViT-based framework
represents a significant advancement in automated glaucoma
diagnosis, ensuring improved sensitivity, specificity, and
generalizability in multi-class classification tasks. This work
not only contributes to advancing artificial intelligence in
ophthalmology but also holds the potential to enhance patient
outcomes through timely and accurate disease detection and
staging.

1.1 Objectives

a. Develop a ViT-based diagnostic model to classify
glaucoma into mild, moderate, and severe stages using fundus
and OCT images.

b. Enhance diagnostic precision by incorporating
hierarchical attention mechanisms for robust feature extraction
and classification.

c. Validate the proposed model against existing CNN-based
methods, demonstrating improved sensitivity and specificity
for multi-class glaucoma detection.

2. LITERATURE REVIEW

Feature extraction remains fundamental when identifying
diabetic retinopathy (DR) and Glaucoma based on retinal
images. The above reviews have surveyed the deep learning
and the machine transforms in enhancing the diagnostic
precision and speed. Luo et al. [1] put forward a Multi-View
Diabatic Retinopathy Network (MVDRNet) and the attention
modules. Even though this approach brought innovation when
it comes to feature extraction, the incorporation of lesion
explanations in the enhancement of the training process and
consequently the results was not well harmonized. Equally,
Chen et al. [2] proposed a multi-scale shallow CNN-based
model for early DR recognition from retinal images. Amidst
these changes, the classification precision of the model was
also less effective at 91%—but there is always room to
improve. A CNN model proposed by Martinez-Murcia et al.
[3] was intended to perform a routine diagnosis of DR.
However, this network was not sufficient for operation in
clinical applications for the automated grading of diabetic
retinopathy. To overcome these issues, Deepa et al. [4]
proposed the Multi-Path Deep CNN (MPDCNN) for accurate
detection of DR from the fundus images. However, the model
failed to include the adoption of complex neural structures,
which are required for increased accuracy in the automated
detection of DR.

On these, Das et al. [5] proposed a deep learning
architecture using scheduled segmented fundus image features
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for DR categorization. The capsule network has been reformed
for the classification of DR by Kalyani et al. [6], focusing on
the feature extraction of the fundus images. However, both
models had a lot of limitations, one of which large inability to
make an early and accurate diagnosis, which is so important
for stopping the deterioration of vision. When it comes to
glaucoma detection, An et al. [7] introduced a machine
learning-based approach that takes 3D OCT scan data and
color fundus images. Using a macular ganglion cell layer
(GCC) mapping approach and further applying transfer
learning through CNNs, the work obtained a successful
accuracy of 96.3%. This approach demonstrated that the
glaucoma diagnostic capacity of multi-modal data could be
effectively harnessed.

Neeraj et al. [8] had claimed to make a further development
in this direction by employing Contrast Limited Adaptive
Histogram Equalization (CLAHE) for the image
preprocessing using EfficientNet and U-Net for the optic cup
as well as the disc segmentation. They used the Cup-to-Disc
Ratio (CDR) to diagnose glaucomatous conditions and
obtained 91% accuracy on standard datasets: DRISHTI-GS1
and RIM-ONE. In another study, Qaisar [9] proposed building
an automated glaucoma-deep using CNN and Deep Belief
Network (DBN) to distinguish glaucoma/non-glaucoma
images with a high accuracy level of 99% Games and
accuracies were determined on multifaceted image datasets of
DRIONS-DB and HRF. However, the interconnectedness of
the Networks was an issue of concern, crucial concerning the
applicability of such a platform in clinical practice. On the
other hand, Muthmainah et al. [10] used texture features and
optic nerve head morphology for glaucoma and healthy image
classification with accuracies of 88.3% using Support Vector
Machine (SVM) and K-Nearest Neighbors (K-NNs)
algorithms.

In the recent past, Govindan [11] employed the usage of
existing CNN structures like ResNet 50 and Inception v-3 for
the diagnosis of early glaucoma from datasets ORIGA,
STARE, and REFUGE. This system showed immense
possibilities for the accurate mass screening and the aiding of
ophthalmologists in the identification of preliminary stages. In
the study by Bragancga et al. [12], an overview of Al-based
glaucoma diagnosis systems was discussed, focusing on data
standardization and the issues that concern the database. Their
work thus focused on issues related to the adoption of Al
solutions into clinical practice while demonstrating
improvements in the glaucoma classification algorithms.

In 2019, Phan et al. [25] used three CNN architectures, i.e.,
ResNet-152, VGG19, and DenseNet201, to create a glaucoma
diagnostic model in their investigation using 3,312 retinal
fundus images. The model was also robust to diagnoses, even
given poor-quality images, with a final area under the curve
(AUC) of 0.90 on all architectures. Liao et al. [26] suggested
EAMNet, a CNN-based model that used ResBlock
architecture on the ORIGA dataset to detect glaucoma and the
visual interpretability. The feature extraction via ResNet,
multi-layer average pooling (M-LAP) to semantically
aggregate features, and Evidence Activation Map (EAP) to
point out the pathological regions, completed the network with
an AUC of 0.88.

In the same way, a G-Net model [27] based on dual U-Net
networks on the DRISHTI-GS dataset subdivided the optic
disc (OD) and optic cup (OC) on red-channel fundus images.
The model, which had 31 convolutional, pooling, and up-
sampling layers, achieved 95.8 and 93.0 accuracy on OD and



OC, respectively. In another study based on CNNs [28], the
researchers used 1,110 OCT images to obtain 22 features and
compared them to traditional ML classifiers, which are SVM,
RF, and LR. The CNN performed better in terms of an AUC
(0.97) compared to logistic regression (AUC = 0.89). Thakur
et al. [29] developed three deep learning models that were
trained on 66,721 fundus images to predict glaucoma up to
several years before onset with AUCs of 0.88, 0.77, and 0.97
in various prediction years. A modified U-Net architecture of
optic cup segmentation based on green-channel funded images
was proposed by Lima et al. [30], and a 94% dice coefficient
was attained [31, 32] on the DRISHTT dataset.

2.1 Gaps identified from the literature

a. The current CNN-based models do not work well in
representing the spatial and morphological correlation
between the optic disc and cup areas, and thus, they lack the
accuracy to estimate the CDR, a critical glaucoma diagnostic
measure.

b. The application of deep learning models in the case of the
images of other sources or imaging equipment results in a lack
of generalization as they lack domain adaptation and transfer
learning strategies, which results in a lack of consistent
diagnostic performance.

c. Most methods use only 2D fundus images that are not
performed in 3D format and do not involve the time dynamics
of the disease, as they can offer a more detailed picture of the
optic nerve degeneration and the evolution of the discase.

d. Most state-of-the-art deep architectures are very accurate
but computationally expensive and cannot be deployed in real
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time or in resource-constrained clinical settings.

3. PROPOSED WORK

In this section, a novel approach used in this study to
perform the multi-class classification of glaucoma is presented
using the attention-ViTs model. The feature enhancement, as
well as representation learning, is improved by the self-
attention mechanisms and the transformer-based architectures
that comprise the proposed model, thus overcoming
challenges that were evident in convolutional models. The
attention-ViTs model deals with the Glaucoma diagnosis
issues effectively by paying attention to the specific critical
regions in ophthalmic images, eliminating the shortcomings
such as asymmetrical appearance of glaucoma types, has been
shown in Figure 1. This section provides the details for the
proposed model architecture and design, as well as its
implementation with a focus on the comparative analysis of
the presented methods against the existing state of the
literature.

In contrast to the standard version of vision transformer
models, which use the same self-attention on fixed-size
patches, the proposed attention-ViTs uses a Multi-Head
Hierarchical Attention Structure (MHAS) to create multi-scale
contextual representations. In addition, a module of Global
Attention Refinement centralizes the high-level semantic
dependencies in a retinal field, which increases the capacity of
the model to distinguish subtle variations of glaucomatous
changes with the disease stages.

layer

Transformer encoder

PAPILA
Dataset

embedding

| | MHAS

‘ Normalization \ (@
FFN

Figure 1. Proposed attention ViTs model for glaucoma classification

In the model, the input funds or OCT image is subdivided
into fixed-size patches, which are linearly embedded and sent
through multiple layers of transformer encoders. All encoders
have a self-attention mechanism to capture the global
contextual relationships between all regions of the image since
the model can pay attention to fine but important parts of the
eye, like the optic disc, cup, and neuroretinal rim. This
representation, based on attention, assists in the accurate
estimation of the cup-to-disc ratio and early structural
modifications related to glaucoma. The features of the output
are then categorized to identify the occurrence or
nonoccurrence of glaucoma. In general, the figure explains the
fact that the attention-ViT is based on global feature learning
and attention-based localization to improve the accuracy of
diagnoses in glaucoma detection.

3.1 Working

3.1.1 Projection of input patches
In this case, each input image is segmented into small
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patches, and each patch is embedded into a higher-dimensional
space shown in Eq. (1). This transformation makes the model
more understandable of the layers of the retina and the
difference between the three types of glaucoma: mild,
moderate, and severe.

z; =W, *p, +b, (1)
where, z; is the embedding of the i patch, p; is the input
patch, and W,, b, are the learnable weights and biases of the
embedding layer.

3.1.2 Addition of positional encoding

Positional encoding is incorporated into patch embeddings
because transformers are not innately especially aware
referred to in Eq. (2). This enables the positional relation of
the patches in the image to be captured apart from the texture,
something very fundamental in recognizing other retinal
features in relation to stages of Glaucoma. Ei includes data of
the location of every image patch or token. As transformers do



not have the inbuilt spatial order information, this addition
assists the model to know the relative location of each patch in
the picture, and therefore, the model is able to learn spatial
associations efficiently in learning glaucoma features.
z; = z; + PE(i) )

3.1.3 Attention mechanism
To determine which patches are the most important for the
final classification, the model calculates attention between the
patches. This assists the model in unique areas of the retina,

such as the optic disc, which reveals how severe glaucoma is
shown in Eq. (3).

T

Attention(Q, K,V') = softmax( oK

NA

where, Q = W;ZE, K = Wkg, V= Wvg, dy is the dimensions
of the keys.

W 3)

3.1.4 Multi-head self-attention

Multi-head attention structures exist to allow different-
headed attention to capture different patch interactions shown
in Eq. (4). Thus, the combination of the outputs of these heads
will be capable of capturing diverse and rich representations
of the retinal features for better classification of glaucoma
stages.

MHSA(z) = Concat(head, head,, ..., head,)W, @)
3.1.5 Layer normalization

Layer normalization, represented in Eq. (5), thus brings
reliability to the learning process by normalizing the activation
of the layer. This is beneficial because it means that the model
must consider variability in quality and noise in images, and
this helps to improve the ability of the model to identify
features across different stages of glaucoma.

z = LayerNorm(z) (5)
3.1.6 Residual connection after attention

The information is added back to the input features by the
output of the attention mechanism represented in Eq. (6),
which is important for the model. This will enable the model
to remember some specifics from the previous layers, and
important facets of the retinal feature will not be thrown away.

z' = z + MHSA(z) (6)
3.1.7 Feed-Forward Network (FFN)

The output of the attention mechanism then goes through an
FFN introducing nonlinearity to the network represented in
Eq. (7). This results in its ability to cope with relationships in
the data, and thus it is used to differentiate between the stages
of glaucoma.

FEN(Z") =o(ZW, +b)W, +b, @)
3.1.8 Residual connection after FFN
The second type of connection is used after FFNs to

maintain useful information from the previous layers
represented in Eq. (8). It also helps the model combine low-

3855

and high-level features for a better stage classification.

" =7 + FFN(LayerNorm(z'")) (8)
3.1.9 Classification output

Since information is collected from all patches, a
classification token is used to make the final prediction
represented in Eq. (9). This makes a distinction of the type of
glaucoma as being either mild, moderate, or severe by
integrating all the learned features into one decision.

y=W*2" +b, ©)
3.1.10 Loss calculation (cross-entropy loss)

The cross-entropy function shown in Eq. (10) represents the
extra entropy of a situation or the divergence of the probability
of the predicted or modelled stages of glaucoma from the
actual stages. By reducing such loss, the model enhances its
capability of correctly placing images in the right stage of
glaucoma.

N

1 A
= — Y CrossEntropy (v;, ¥;)
N i=1

L (10)

Algorithm 1. Glaucoma classification using attention ViTs
# Input: Image data X , labels Y , parameters
Wy, Wi, Wy, Wy, Wy, Wy, by, b,
# Output: Trained vision transformer
1. Initialize parameters (Wy, Wy, Wy, Wy, W1, W5, by, by)
2. Define learning rate ‘eta’ and number of epochs
numepochs
3. FOR epoch = 1 to numepocns:
a. FOR each image in the dataset:
i. Divide image into patches pq,p,,..
Splitimage(ximage)
ii. Compute patch embeddings:
z; = W, xp; + b,
iii. Compute query, key, and value:
Q=W,z,K=WezV =Wz
iv. Compute scaled dot-product attention:

-
Attention(Q,K,V) = softmax(%)V
k

»Pp =

v. Compute multi-head attention:
MHSA(z) =
Concat(head, head,, ..., head,)W,
vi. Add & normalize:
z = LayerNorm(z)
7' = z+ MHSA(z)
vii. Pass through FFN:
FFN(z") = o(ZW, + b))W, + b,
viii. Add & normalize:
z'"" =7+ FEN(LayerNorm(z"))
ix. Apply CLS token for classification:
y=W,xz"g+b
x. Compute loss using cross-entropy:
N

L= %ZCrossEntropy(yi, i)
i=1
b. Update parameters using gradient descent:
W =W —eta * (m;:;s)
4. Return trained parameters and final model.




4. RESULTS AND DISCUSSION

In this section, we provide a detailed analysis of the
attention-ViTs model for glaucoma classification. The
performance of the model is compared with three existing
approaches: Evaluating them with performance measures
including accuracy, precision, recall, Fl-score, and AUC
based on the proposed MPDCNN, MVDRNet, and CNN-
DBN. The results are presented by different plots; the most
popular one is the region under curve (ROC), as it shows that
the model sensitivity and specificity are balanced properly.
Table 1 represents the hyperparameters used to evaluate the
proposed and state-of-the-art models.

Dataset: PAPILA [13] is glaucoma glaucoma-related
dataset that has fundus images and clinical data from the
patients. It includes segmentations of the optic disc and cup,
along with labels for three distinct classes: normal eyes, eyes
with glaucoma, and eyes potentially having glaucoma. It also
allows researchers to build and test deep learning models for
diagnosing glaucoma and to differentiate between its different
types, and perhaps help in early diagnosis and consequently
early treatment.

Table 1. Hyper parameter

Parameter
Dataset

Description / Setting
PAPILA fundus image dataset
1,488 fundus images
(3 classes: Healthy, Mild, Severe)

Total Images

at the same epoch. The high performance of attention-ViTs is
explained by its self-attention mechanism, that is, the feature
of identifying and focusing on the most significant retinal
areas, i.e., the optic disk, cup, and neuroretinal rim, which
makes it more likely to realize the difference between low,
moderate, and severe stages of glaucoma.

Conversely, the CNN-based models, such as CNN-DBNS,
MVDRNet, and MPD-CNN, mainly use the convolutional
kernels that can only capture the local spatial information but
cannot always emphasize the global views of the image.
Consequently, such models can fail to capture subtle structural
differences in the world that are suggestive of the development
of glaucoma early on. Although CNN-DBNs take advantage
of hierarchical learning of features, and MPDCNN increases
feature depth by using multi-path designs, they are all
restricted to their localized receptive fields. MVDRNet
proposes better feature fusion, though the lack of an efficient
attention mechanism means that it does not dynamically
highlight any important areas of pathology. Thus, CNN
architectures are rather reasonable, but fail to capture the
overall spatial relationships, which results in relatively lower
accuracy when compared to the attention-ViTs model.

Figure 3 shows the precision, demonstrating each model's
precision scores achieved at each epoch to the 100th epoch.
According to the above graph, the proposed attention-ViTs
attains the highest precision of 83% at 100 epochs of training.
CNN-DBNs get 81%, MVDRNet gets 80%, and MPDCNN
gets 79%. The false positive rate bar in the figure also suggests
that the attention-ViTs model finds fewer healthy check
patients, thereby classifying healthy patients correctly. This is
important in the diagnosis of glaucoma, where false-positive
values result in patients undergoing unnecessary surgeries.

Data Split Training: 70%, Validation: 15%, Testing: 15%
Relsfﬁ ugt?0n Resized to 224 x 224 pixels
Image normalization (0—1 scaling), optic disc-
Preprocessing  centered cropping, contrast enhancement using
Steps CLAHE, and noise removal using median
filtering
Random rotation (£15°), horizontal/vertical
Data . . ..
Augmentation flip, zoom (0.9—1.1.), br1ghtne§s variation
(£20%), and slight Gaussian blur
Model Attention-ViTs (vision transformer with
Architecture MHAS and Global Attention Refinement)
Baseline CNN, ResNet-50, DenseNet-121, and Standard
Models for .
. ViT
Comparison
Optimizer Adam optimizer
Learning Rate 1 x 10* (decayed by 0.1 every 10 epochs)
Batch Size 32
Number of
Epochs >0
Loss Function Categorical Cross-Entropy
Evaluation Accuracy, Precision, Recall, F1-Score, and
Metrics AUC

Framework /
Environment

Python 3.10, TensorFlow 2.15 / Keras, trained
on NVIDIA RTX 3080 GPU with 16 GB
VRAM

The discussion brings focus to the meanings of the observed
results regarding strengths in the proposed model and
drawbacks in the existing methods. This section strengthens
the argument about the applicability of the proposed model in
real-life glaucoma diagnosis by reviewing the behaviour of the
evaluation measures and presenting a rationale for the
superiority of the developed technique.

Figure 2 demonstrates the comparison of the accuracy of the
suggested attention-ViTs model and the existing CNN-based
models in 100 epochs. The proposed attention-ViTs attains the
best accuracy of 89 percent compared to CNN-DBNs (84
percent), MVDRNet (83 percent), and MPDCNN (81 percent)
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Figure 3. Precision




080 ~* MPDCNN
—m— MVDRNet
0787 ..a- CNN-DBNs |
0.76{ —¥ Attention-ViTs it =" _e
_w ;,I/
= 0.74 e
S e
& 0721
0.70 =
. 4 /."
068 A& 7
S
0661 W .7
v
20 40 60 80 100
Epochs
Figure 4. Recall

Figure 4 shows the recall plot, on the other hand, depicts the
capacity of all models to accurately give true glaucoma
detections. The following is evident from the plot: attention-
ViTs starts with an 81 percent recall value at 100 epochs.
CNN-DBNSs ranks second with 79%; MVDRNet, third with
77%; and MPDCNN, fourth with 76%. The current figure
reveals that attention-ViTs have superior performance in
correctly identifying true glaucoma samples, more so the
severe ones. As for the current models, effective though they
are, there are known to be some drawbacks, particularly those
models that do not aim at all forms of glaucoma: for example,
on the moderate and severe forms, some percentage of them
might be left unnoticed. This is so because such models are not
as effective as others in the accurate representation of the
feature intersections within images. Benefit-ViTs have an
attention mechanism to attend to critical regions for the
improved detection of glaucoma.

Figure 5 shows the F1-score plot representing proposed and
existing models from the harmonic mean of the precision and
recall scores. Attention-ViTs provide the highest F1-score of
82% at 100 epochs. The relatively lower performance is
attributed to CNN-DBNs with an accuracy of 80%, MVDRNet
with 79% and MPDCNN with an efficiency of 78%. The
figure shows that, in terms of recall/precision balance,
attention-ViTs is the most stable and promising model of all
the evaluated models in terms of overall classification
accuracy. The current models, while fitting, the indices of
correlation do not reach the same level of balance, and that is
why the F1-scores are lower. Selective attention-ViTs has the
characteristic of focusing on important features in images,
achieving higher precision without reducing recall capability,
making it a better tool for classifying glaucoma.
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Figure 6 shows the loss plot depicts the trainable regulator
temporal loss and other loss values of the models for all 100
epochs. According to the figure, attention-ViTs has the least
loss of 0.34 at 100 epochs. CNN-DBNs comes next with a loss
of 0.35, MVDRNet reaches 0.36, and for MPDCNN, the
obtained loss is 0.37. The plot also predicts that the attention-
ViTs converge faster and more efficiently, hence showing that
attention-ViTs can capture the most significant features for the
glaucoma classification more than any other model. The slow
convergence to a low loss value indicates that the current
models contain waste within their training strategy. The ViTs’
attention mechanism is a good strategy as compared to other
state-of-the-art models, as it has less loss and is faster for
learning and performs better in glaucoma classification.

Figure 7 indicates the ROC curves of the proposed
attention-ViTs model along with three comparative models,
MPDCNN, MVDRNet, and CNN-DBN, to classify glaucoma.
It measures the classifier’s performance when changing the
decision thresholds for each model at the same time, for
constructing the ROC curve. From the figure, we can see that
the proposed attention-ViTs model has scored the highest
AUC result of 0.93 as compared to other models. This proves
that attention-ViTs performs well when it is used to classify
between glaucoma and non-glaucoma based on the changing
classification threshold. Specifically, among the existing
models, MPDCNN outperforms others in terms of AUC with
an average rate of 0.89, followed by MVDRNet with 0.85 and
CNN-DBNs with an average rate of 0.81 only. The plot shows
that MPDCNN achieves the closest result to the proposed
model, while losing sensitivity at lower FPRs. Surprisingly,
unlike previously mentioned models, MVDRNet and CNN-



DBNs present a sequence of decreased TPRs at corresponding
FPRs, illustrating the models’ incapability of reliably
differentiating true glaucoma cases. The diagonal grey line
with aSER = 0.50 denotes the random classifier. The figure
shows that all the models are better off than random guessers
and that attention-ViTs steeply rise towards the top-left corner,
which is a sign of near-perfect classification.

The relative analysis of all the models is provided in Table
2. The attention-ViTs model is evidently the best with the
highest accuracy (89%), precision (82%), recall (81%), and
F1-score (82%) with the least loss (0.33). This is due to its high
performance attributed to the self-attention mechanism that
enables the model to learn the long-range dependencies, as
well as emphasis on the diagnostically critical areas like optic
disk, cup, and neuroretinal rim. This attention-based
architecture assists the model to the effect distinguishing
between low, moderate, and severe stages of glaucoma.

The CNN-based architecture ranks among the most
performing with CNN-DBNS and CNN-MVDRNet at a strong
but marginally lower accuracy of 84 and 83 percent,
respectively. The CNN-DBNS model is advantageous since it
has hierarchical deep feature representation in terms of stacked
convolutional and deep belief networks, which enhance local
pattern recognition. MVDRNet, however, uses multi-view
fusion of features and thus is more successful in processing the
complicated retinal structure, but retains the lack of the global
context of transformer models. The lowest performance
among the deep learning models is that of MPD CNN, with
81% accuracy, because it is based on the local receptive fields
and is unable to form global structural relationships.

Instead, ResNet is more effective than its CNN variants (85
percent accuracy) because the residual connections involved
in it allow the network to train more deeply without loss of
information, maintaining important features of the optic nerve.
Although it is clinically interpretable, the CDR-based
approach is not as accurate as (82% accuracy) as it mostly uses
manually created segmentation of the optic disc and cup to
compute the CDR. This approach is sensitive to changes in
illumination and noise, which minimizes its strength on
different data sets.

Overall, the attention-ViTs model clearly outperforms in all
indices, as it can extract global features, localize attention, and
generalize well. CNN-based and ResNet models are reliable,
and their local receptive fields are limited, whereas traditional
CDR-based models have interpretability at the expense of
precision and flexibility.

Table 3 compares the proposed and existing models. The
models of glaucoma detection that have been described in the
table and analyzed comparatively demonstrate that the
attention-ViTs model is superior to the currently used models
like MPDCNN, MVDRNet, CNN-DBN, ResNet, and the
CDR-based one. The attention-ViTs model has the highest
AUC (0.95) and the smallest confidence interval (95%) (0.11)
and the least p-value (0.006), which proves that its results are
significant. This indicates the high generalization aspect of the
model and the ability to have a strong diagnostic accuracy in
different retina images.

Comparatively, the traditional CNN-based models, such as
MPDCNN (AUC 0.86) and MVDRNet (AUC 0.88),
demonstrate moderate levels of discriminative performance,
whereas CNN-DBNs (AUC 0.89) and ResNet (AUC 0.90) are
more powerful but still fail to process as many global
relationships as well as fine structural features that can detect
glaucoma progression. The CDR-based method (AUC 0.85),
which is computationally efficient, with low inference time
(10 ms/image) but is highly sensitive to noise and cannot be
used on large-scale or complex data, is based on handcrafted
optic disc and cup segmentation.

Computationally, the attention-ViTs model takes a little
longer time to train (39 s/epoch) and inference time (17
ms/image) than the conventional CNN models. Nevertheless,
this trade-off is well compensated by the importance of its
great accuracy gain and clinical reliability. Its transformed
attention system can improve the interpretability of model
decisions, which should enable clinicians to visualize regions
that led to the diagnosis. Moreover, the design of the model
enhances the use of the graphics processing unit to accelerate
its application, which would be scalable and can be integrated
into automated screening systems to perform real-time
glaucoma evaluation.

Table 2. Comparative performance of proposed and state-of-the-art models

Model Accuracy Precision Recall F1-Score Loss
MPDCNN 81 79 78 77 0.36
MVDRNet 83 80 79 79 0.35
CNN-DBNs 84 81 80 80 0.34

Attention-ViTs 89 82 81 82 0.33

ResNet 85 81 80 81 0.34

CDR-based model 82 80 79 80 0.35

Table 3. Comparative performance of proposed and state-of-the-art models using AUC, CI, p-value, and inference times

Model AUC 95% CI p-value Training Time Inference Time
MPDCNN 0.86 +1.8 0.041 28 12
MVDRNet 0.88 +1.6 0.032 31 14

CNN-DBNs 0.89 +1.5 0.028 33 15
ResNet 0.9 +1.4 0.021 35 16
CDR-based model 0.85 +1.7 0.037 26 10
Proposed attention-ViTs 0.95 +1.1 0.006 39 17

5. DISCUSSION

The attention-ViTs model, offered as a proposal, showed

better results in glaucoma classification than the traditional
CNN and the standard ViT structure. This is because an
MHAS and a global attention refinement module have been
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added that, jointly, allow the model to achieve good
performance by providing a way to capture a multi-scale of
local optic disc-based features as well as global retinal
relationships. The model can distinguish mild, severe, and
healthy cases by prioritizing clinically significant regions,
including the optic cup, neuroretinal rim, which allows better
discriminatory diagnostics. In comparison to CNN-based
models, which are based on a fixed receptive field, the
transformer-based system dynamically assigns attention to
pertinent spatial locations, which enhances the detection of the
subtle glaucomatous changes that can easily remain
undetected at an earlier stage. Moreover, it can be seen that the
decision-making process proposed by the model is close to the
ophthalmic diagnostic reasoning, which increases the
interpretability and clinical applicability of the proposed
model. The global attention mechanism is associated with
enhanced generalization that makes the performance
consistent even when the illumination and image quality vary.
These results indicate that the suggested attention-ViTs
architecture not only works better in quantitative terms but
also assigns some meaningful visual representations that it
offers, and thus, it is a valid and explicable model to use in
clinical practices in the early detection and staging of
glaucoma and staging in the real world.

6. CONCLUSION

This work proposes a new method for multi-class
classification for glaucoma using the attention-ViTs model.
Further, based on the strengths of typical attention
mechanisms, the proposed model specifies its focus on the
essential image features in medical images for improved
glaucoma differentiation between different categories.
Further, unlike most convolutional techniques, the attention-
ViTs technique allows the model to focus on important areas
of the input data, which correlates with glaucoma detection
complexities. The study compares the proposed attention-
ViTs model with three conventional models: MPDCNN,
MVDRNet, and CNN-DBNs. The incorporation of improved
feature extraction and classification proves useful in handling
issues related to do with minor classes of glaucoma
presentation. The latter shows that the attention-ViTs model
yields appreciable outcomes in effectively discerning multiple
classes of glaucoma and thus its practical applicability.

Specifically, this work highlights the necessity of including
paying attention to and other novel methods based on attention
mechanisms in deep learning-based algorithms for solving
medical diagnosis problems. By integrating a sustainable,
futuristic solution to technology with what has become an
urgent matter of concern in healthcare — early detection of
glaucoma — the proposed model opens the possibility of
increased diagnostic accuracy and reliability, as well as
freedom from interpretational ambiguity of Al-based
diagnoses. As future work, it is possible to work on
introducing the attention-ViTs architecture to a wide variety
of ophthalmic conditions and improve the development of on-
the-fly diagnosis systems to further expand its role in the fields
of medical imaging and healthcare technology.
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