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Abstract

Glaucoma is a leading cause of irreversible blindness, often diagnosed
too late due to subtle symptoms and the reliance on manual evaluation
of retinal images. Early and accurate detection is essential for
preventing vision loss, yet conventional deep learning methods face
challenges in feature generalization and spatial attention. Existing
convolutional neural network (CNN)-based and standard GAN
approaches often underperform in preserving subtle pathological
features and attention mechanisms required for robust glaucoma
detection. Moreover, the lack of residual attention integration in
multihead architectures limits diagnostic precision. This study
proposes a novel deep learning model termed Residual Multihead
Multilayer Attention GANs (RMMLA-GANs) that combines the
strengths of Generative Adversarial Networks (GANSs), residual
learning, and multihead attention mechanisms. The generator
incorporates multi-layer residual attention blocks and self-attention
heads to enhance critical feature localization. A contrastive
discriminator improves inter-class feature separability. The model was
trained and validated using the RIM-ONE and DRISHTI-GS1 datasets.
Our RMMLA-GANs model achieved superior performance over four
existing hybrid approaches: Attention U-Net, Dense-GAN, ResNet-
GAN, and VGG-GAN. It achieved an accuracy of 96.7%, sensitivity of
97.1%, specificity of 95.4%, AUC of 0.982, and F1-score of 96.3%,
outperforming the best existing method by 3.2% in AUC and 2.8% in
sensitivity.
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1. INTRODUCTION

Glaucoma is the second leading cause of irreversible blindness
globally, affecting over 76 million people in 2020 and projected
to reach 111.8 million by 2040 [1]. Early detection and timely
intervention are crucial, as vision loss from glaucoma is typically
asymptomatic in the early stages [2]. Retinal fundus imaging
provides a non-invasive, cost-effective modality for large-scale
screening and diagnosis [3].

Despite the accessibility of retinal imaging, manual diagnosis
is time-consuming and subjective, relying heavily on
ophthalmologist expertise [4]. The variability in image quality,
the subtlety of early glaucomatous changes, and differences in
optic disc morphology present further challenges [5]. Existing
deep learning approaches either suffer from overfitting, poor
generalization to unseen datasets, or insufficient focus on
clinically relevant features like the cup-to-disc ratio [6].

Numerous models have been proposed for automated
glaucoma detection, including convolutional neural networks
(CNNs), U-Net variants, and GANs. However, they often fall
short due to three key issues: (1) lack of semantic attention to
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glaucoma-specific regions [7], (2) weak generative capacity for
augmenting clinically plausible samples [8], and (3) limited
interpretability and feature discriminability [9-11]. Models like
Dense-GAN [12], ResNet-GAN [13], and VGG-GAN [14]
introduce improvements in architecture but fail to balance detail
retention with class-specific feature enhancement [15].

This research aims to develop a novel deep learning
framework that:

1. Accurately detects glaucoma from fundus images.

2. Enhances feature learning through attention-based
mechanisms.
3. Maintains image realism and diagnostic clarity.

Outperforms existing hybrid models across clinical
metrics.

The proposed model, Residual Multihead Multilayer
Attention GANs (RMMLA-GANS), introduces several novel
components:

« A multihead attention generator that adaptively emphasizes
glaucoma-affected regions.

« Residual blocks to prevent vanishing gradients and maintain
spatial detail.

+ A contrastive learning-based discriminator to improve
feature separability and classification accuracy.

A hybrid loss function integrating perceptual, adversarial,
content, and attention regularization losses for optimal
learning.

This design addresses the challenges of realism vs.
discriminability, and local detail vs. global context. The model not
only generates high-fidelity images but also facilitates superior
glaucoma diagnosis with clinically interpretable features. It was
validated against four state-of-the-art methods, demonstrating
consistent improvements across all performance metrics.

The research contributes both a new model and a reproducible
pipeline for robust glaucoma detection, with potential to extend
toward other ocular or neurological diseases.

2. RELATED WORKS

Research into automated glaucoma detection using deep
learning has evolved significantly over the past decade, driven by
advances in CNNs, generative models, and attention mechanisms.

Several CNN-based architectures were initially explored for
fundus image classification. Early studies applied standard CNNs
on hand-labeled datasets with moderate success [8]. However,
these approaches often lacked localization capability, which led
to the adoption of encoder-decoder frameworks like U-Net. The
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Attention U-Net extended this by incorporating spatial attention
gates to selectively weight important features [9]. While effective
in segmentation tasks, Attention U-Net often fails to maintain
high classification accuracy in challenging glaucoma datasets,
primarily due to its limited global context modeling.

To address data scarcity and enhance variability, Generative
Adversarial Networks (GANs) were introduced in medical
imaging. Dense-GAN [10] combined dense convolution blocks in
the generator with adversarial training to improve image realism.
Despite improved texture generation, Dense-GAN often suffered
from mode collapse and failed to localize pathological features
well. Moreover, it lacked interpretability, a critical factor in
medical applications.

ResNet-GAN [11] introduced residual connections to stabilize
training and improve information flow. It demonstrated better
convergence and deeper representation learning. However, its
feature extraction was not tailored to glaucoma-specific
abnormalities such as changes in the optic cup or nerve fiber
layers. Additionally, the model tended to overfit on small datasets
and had limited generalization to unseen cases.

VGG-GAN [12], inspired by the success of VGGNet in
natural image classification, combined VGG-based feature
extraction with a GAN framework. It showed strong performance
in generating high-resolution fundus images but was
computationally heavy and insensitive to subtle medical features.
While the model excelled in aesthetic realism, it underperformed
in clinically relevant feature sensitivity.

Recent works have attempted to combine attention
mechanisms with generative models to improve both realism and
diagnostic utility. For instance, hybrid attention GANs have
shown promise in other medical imaging tasks but remain
underexplored in glaucoma-specific contexts [13].

Another limitation in existing GAN-based models is the lack
of feature discriminability in the discriminator. Most architectures
rely solely on binary classification (real vs. fake), which does not
encourage the learning of class-specific embeddings. Contrastive
learning and metric learning approaches have been proposed to
address this gap, though rarely integrated with GAN architectures
in medical diagnosis tasks [14].

Furthermore, traditional loss functions used in GANs (such as
binary cross-entropy or L2 loss) fail to account for perceptual
relevance and attention fidelity. Research has increasingly shifted
toward hybrid loss functions that include perceptual losses (using
pretrained networks like VGG), content-aware losses, and
adversarial penalties [15]. These losses help guide the model to
generate more semantically meaningful outputs and better align
with diagnostic tasks.

3. PROPOSED METHOD

The RMMLA-GANSs architecture is an advanced GAN
framework enhanced with residual skip connections, multihead
attention blocks, and multilayer spatial attention encoders. The
generator learns high-dimensional latent features of glaucomatous
regions, while the discriminator enforces feature realism and
clinical validity via contrastive learning. This design aims to
capture minute pathological features often overlooked by baseline
models.
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1) Input Preprocessing:
a) Retinal fundus images resized to 256x256 pixels.
b) Histogram equalization and CLAHE applied for contrast
enhancement.
2) Generator Design:
a) Encoder-decoder GAN structure with residual blocks.
b) Multihead self-attention integrated after each
convolution layer.
¢) Skip connections for deep feature reuse and gradient
flow.
3) Discriminator Design:
a) Contrastive loss added to standard GAN loss.
b) Classifies real/fake images and encourages inter-class
feature separation.
4) Training Strategy:
a) Adversarial and reconstruction losses combined.
b) Training with Adam optimizer, early stopping based on
validation loss.
5) Evaluation:

a) Performance evaluated using five-fold cross-validation.
b) Compared against state-of-the-art methods.

3.1 PREPROCESSING

Effective input preprocessing is a critical component in the
performance of deep learning models in medical imaging where
image clarity, contrast, and feature distinction directly impact
model accuracy. The proposed RMMLA-GANs model
incorporates a robust preprocessing pipeline to optimize input
retinal fundus images for feature extraction. This stage involves
image resizing, intensity normalization, contrast enhancement,
and augmentation. The steps ensure standardized input for the
generator and improved attention focus during training.

3.1.1 Image Resizing and Normalization:

Retinal fundus images vary in resolution and aspect ratio
across datasets. To maintain consistency across training batches,
all images are resized to a fixed resolution of 256x256 pixels
using bicubic interpolation. Let lraw represent the original image

and lresized the output:
lresizea (X, ¥) = Bicubic(l ,,, 256 x 256) @)

Post-resizing, pixel values are normalized to the range [0,1]
using min-max normalization:
| (X y) _ Iresized (X7 y) B mln(l resized)
norm \ "1 - -
max(l resized ) - mm(l resized )

This normalization ensures that all inputs contribute equally
to the loss gradients during training.

raw?

@

3.1.2 Contrast Enhancement:

The next step involves enhancing image contrast to emphasize
subtle features in the optic disc and cup. This is particularly
important for glaucoma, where pathological changes are often
faint. Two key techniques are used: Histogram Equalization (HE)
and Contrast Limited Adaptive Histogram Equalization
(CLAHE).
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HE globally stretches contrast by equalizing the histogram of
pixel intensities, while CLAHE performs localized enhancement,
limiting amplification of noise. The transformation function for
CLAHE is given by:

Inorm (X’ y) ~ Hiocal
Ulocal

Tclahe (X7 y) = Cllp[ L I‘min ' Lmaxj (3)
where puocal and oiocal denote local mean and standard deviation in
a contextual region, o controls the contrast gain, and Lmin, Lmax are
clip limits. A comparison of preprocessing effects is shown in
Table.1.

Table.1. Pixel Intensity Ranges Before and After Preprocessing

Image Type Meap Std Vi_sibl(_e Noise

Intensity|Dev|Optic Disc| Level

Raw Image 112.4 126.3] Low High
After HE 135.7 |42.1| Moderate |Moderate

After CLAHE| 142.9 |48.3] High Low

As seen in Table.1l, CLAHE significantly increases mean
intensity and standard deviation, enhancing fine structures like the
optic disc and cup while minimizing noise amplification.

3.2 DATA AUGMENTATION

To prevent overfitting and increase model generalization, data
augmentation is employed. Techniques include:

* Rotation (x15°)

* Horizontal/Vertical Flipping

» Zoom (90-110%)

* Brightness Shifting (x10%)

The augmented image laug is represented as:

Iaug = T (Iclahe) (4)

where T is a composition of random affine and photometric
transformations.

3.3 FINAL NORMALIZATION FOR GENERATOR
INPUT

Before feeding into the RMMLA-GANs model, final pixel
values are standardized to zero mean and unit variance:

1. (X,y)—
() =204 ©

This helps accelerate convergence and improve gradient
stability during adversarial training. The preprocessing pipeline
(see Table.l) significantly enhances image quality, preserves
diagnostic features, and ensures consistency across datasets.
These steps play a foundational role in enabling the residual and
attention modules in RMMLA-GANs to focus effectively on
glaucomatous patterns. By combining statistical normalization
with contrast enhancement and augmentation, the input
preprocessing ensures the model learns from clinically relevant
features and improves classification performance.
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3.4 GENERATOR DESIGN IN RMMLA-GAN

The generator in RMMLA-GANSs plays a pivotal role in
synthesizing enhanced retinal fundus images by learning to
highlight pathological regions indicative of glaucoma. It is
architected to retain crucial spatial information through residual
connections, and to focus on glaucoma-relevant features using
multihead attention mechanisms. The generator follows an
encoder-decoder architecture enriched with residual blocks and
multilayer attention modules.

3.4.1 Architecture Overview:

The generator is designed to map an input image
Lo €0 2°%*10 an output I, which is a denoised, enhanced
representation that facilitates glaucoma detection. It comprises:

» Encoder path: series of convolutional layers to capture
features

» Residual multihead attention blocks: applied at each
encoding depth

 Decoder path: transposed convolutions for reconstruction

» Skip connections: for retaining spatial and low-level
features

3.4.2 Residual Block Formulation:

Residual learning improves gradient flow and prevents
vanishing gradients. A residual block can be defined as:

y=F (x{W})+x (6)
where F (x) represents a stack of convolution, batch

normalization, and activation functions applied to input x and the
shortcut connection X is added back to preserve identity features.
These blocks are essential for capturing the subtle textures
associated with glaucomatous regions.

3.4.3 Multihead Self-Attention Mechanism:

To enhance focus on informative regions like the optic cup,
the model employs multihead self-attention layers inspired by the
Transformer architecture. Attention computes relationships
between spatial features using:

Attention(Q, K,V) = softmax{QKTj )

Ja.

where, Q, K, and V represent the query, key, and value matrices
derived from the input feature map, and dk is the dimensionality
of the keys. Multihead attention expands this by running h such
attention operations in parallel:

MultiHead(Q, K,V) = Concat(head, ,...,head, )W°  (8)

Each head allows the generator to attend to different parts of
the image, aiding the identification of complex patterns that
differentiate glaucomatous regions.

3.5 DECODER PATH AND SKIP CONNECTIONS

The decoder reconstructs the enhanced image from deep
features using transposed convolutions. Skip connections
between encoder and decoder layers transfer fine-grained details,
formulated as:

d, = Deconv(e,,,) +€

)
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where d; is the decoder feature at level i, e; is the encoder feature
at the same level, and Deconv denotes transposed convolution.
This strategy helps in preserving edge definitions and optic disc
structure.

3.6 ACTIVATION AND OUTPUT

Each block uses LeakyReL U as activation for better handling
of negative inputs, and the final layer uses a Sigmoid function to
output pixel values between 0 and 1.

Table.2. Configuration of Generator Layers

Layer Type Kseirzréel Filters|Stride A"At\:)e&?;%n %ﬂ;%‘ét
S?_”e‘gi[y)g D0l 33 | 64 | 2 | No |128x128x64
Residual Block| 3x3 64 1 Yes |128x128x64
CoMED T | 3x3 | 128 | 2 M“'(tg)‘ead 64x64x128
zgann\fggsed 3x3 64 2 No  |128x128x64
?sti'g#féid) Ix1 | 3 | 1 No | 256x256x3

As shown in Table.2, attention is applied at critical feature
bottlenecks, and residual connections are implemented
throughout. This enhances the model’s ability to emphasize
glaucomatous signs while reconstructing high-quality output
images.

The RMMLA-GANSs generator combines the strengths of
residual learning, multihead attention, and U-Net-style skip
connections to focus on subtle yet critical features within retinal
fundus images. The integration of these mechanisms allows the
generator to learn a highly discriminative and spatially-aware
representation of glaucoma-affected areas, crucial for accurate
and explainable diagnosis. The architecture (Table.2) ensures
spatial localization, deep feature extraction, and stability during
adversarial training, leading to improved diagnostic performance
over baseline methods.

3.7 DISCRIMINATOR DESIGN IN RMMLA-GANS

The discriminator in RMMLA-GANSs plays a critical role in
ensuring that the generated retinal fundus images are not only
visually realistic but also diagnostically relevant for glaucoma
detection. Unlike conventional GAN discriminators that simply
distinguish between real and fake images, the proposed
discriminator incorporates contrastive learning, multi-scale
feature extraction, and deep supervision to enhance inter-class
separability and intra-class consistency. This dual-purpose
discriminator acts both as a binary classifier and a feature critic.

The discriminator D is structured as a multi-layer CNN with
progressively increasing filter depth. It receives as input either a
real fundus image lr.a Or a generated image lgen, and outputs two
components:

+ Adversarial Probability Output Daav: Probability that the
input is real.

» Latent Embedding z: Deep feature vector used for
contrastive loss.
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This dual-output framework encourages the discriminator to
perform fine-grained judgment beyond visual realism.

3.7.1 Feature Extraction and Convolutional Layers:

Each layer of the discriminator is composed of:

+ 2D convolution

« Batch normalization

* LeakyReLU activation

« Dropout (0.3 for regularization)

The convolution operation at layer | is denoted as:

fO =ag(BNWO * £ 1pMY) (10)

where o is the LeakyReLU activation, **x denotes convolution,
BN is batch normalization, and f(0)=linpuf{®* = linpuf©@=linput.
3.7.2 Contrastive Learning for Class Separation:

To improve glaucoma discrimination, contrastive loss is
applied to the latent embedding z from the penultimate layer. This
loss maximizes the distance between embeddings of different
classes and minimizes it for the same class:

Lonrase = A= Y)-max(0,m=[1z, —z; [)* +y-llz—z; [P (11)
where,

Z;, z;: latent features of image pairs

ye{0,1}: label indicating same (1) or different (0) class

m: margin (set to 1.0)

This forces the discriminator to be more semantically aware
and assists the generator in producing diagnostically useful
outputs.

3.7.1 Final Output and Loss Function:

The final adversarial score is computed via a fully connected
layer with sigmoid activation:

Dadv (I) = O-(vac ' f ® + bfc) (12)

The overall discriminator loss L,
entropy (BCE) and contrastive loss:

Ly =Lg +4-L

contrast

combines binary cross-

(13)

where, A is a hyperparameter (set to 0.5) balancing the contrastive
term.

3.7.2 Configuration of Discriminator Layers:

The Table.3 presents the configuration of key discriminator
layers:

Table.3. Discriminator Architecture Configuration

o o] Q00 | oo
Comyrety &3 | 64 | 2 (12802864 O0REL
Lomkyrery| &3 | 128 | 2 |axbaxtas|{T0NEC
Eggﬁlyzgetu 3x3 | 256 | 2 | 32x32x256 O cOm
Elgtten+ - | 512 i 1x512 Ie_r?wtsgédingz
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FC +
Sigmoid

Real/Fake

) 1 ) decision

1x1

As shown in Table.3, the discriminator is designed to extract
progressively deeper features and produce both a class prediction
and a semantic embedding for contrastive supervision. The
discriminator in RMMLA-GANSs is more than a binary classifier,
it is a feature-aware critic that guides the generator toward
producing medically informative images. By combining
convolutional discriminative capabilities with contrastive loss-
based supervision, it ensures that generated images are not only
visually plausible but also semantically accurate. This
discriminator design significantly contributes to the high
performance of the model, especially in sensitivity and AUC
metrics critical for glaucoma diagnosis.

3.8 TRAINING STRATEGY FOR RMMLA-GANS

The training strategy of RMMLA-GANSs is designed to ensure
stable convergence, semantic learning, and diagnostic
performance for glaucoma detection. It employs adversarial
training, residual and attention module optimization, and a hybrid
loss function that combines adversarial, perceptual, contrastive,
and content-aware losses. The generator and discriminator are
optimized in alternating steps to maintain a competitive dynamic
that improves both image realism and clinical relevance.

3.8.1 Adversarial Training Loop:

The RMMLA-GANs model follows a two-player minimax
game between the generator G and discriminator D. The objective
is:

ming max,, E,_,_[log D(X)]+E,_, [logd-D(G(2)] (14)

where, x is the real fundus image and z is the input noise/image
fed into the generator. The generator learns to produce glaucoma-
relevant outputs that fool the discriminator, while the
discriminator improves at identifying generated (fake) images.

3.8.2 Hybrid Loss Function for Generator:

The generator is trained with a composite loss function that
incorporates several terms:

LG:/’Ladv'Ladv—i_/?“ ‘L

perc

+A

perc cont *

L

cont

+A

attn

L

attn

(15)

where, Ly, : Adversarial loss from GAN, L . : Perceptual loss

perc

using VGG features, L, : Content loss (pixel-wise MSE) and
L., : Attention regularization loss and A: Balancing coefficients,

attn
shown in Table.4. The adversarial loss drives realism, perceptual
loss promotes feature fidelity, content loss ensures spatial
accuracy, and attention loss encourages focus on optic disc/cup
regions.

3.8.3 Discriminator Loss with Contrastive Term:

The discriminator loss combines standard binary cross-
entropy and contrastive loss to enhance inter-class feature
separation:

LD = LBCE (16)

This design helps the discriminator differentiate subtle
glaucomatous changes even in high-quality generated images.

+A

contrast ~

L

‘contrast
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3.9 TRAINING PHASES AND SCHEDULE

Training proceeds in two distinct phases:

« Phase 1: Pre-train the generator for 10 epochs using content
and perceptual losses only (without adversarial feedback),
which stabilizes initial weights.

* Phase 2: Full adversarial training of GAN for 100 epochs
with full loss function.

Both networks are optimized using Adam optimizer with:
» Learning rate: 2x10742

* Betas: (0.5,0.999)

« Batch size: 16

« Gradient clipping: 1.0 to avoid exploding gradients

A dynamic learning rate scheduler is used to reduce the
learning rate by half every 25 epochs based on validation loss
stagnation.

Table.4. Generator Loss Weights

Loss Component (Weight (A)
Adversarial Loss 1.0
Perceptual Loss 0.8

Content Loss (MSE) 1.0
Attention Loss 0.5
Contrastive Loss (D) 0.5

As shown in Table.4, the loss weights are carefully balanced

to encourage image realism while ensuring medical

interpretability and diagnostic value.

3.10 REGULARIZATION AND STABILITY
TECHNIQUES

To avoid mode collapse and overfitting, the following
techniques are used:

« Spectral Normalization in discriminator layers
+ Dropout (rate 0.3) in dense layers

« Instance Noise: Gaussian noise with standard deviation
decreasing from 0.1 to 0.01 during training

« Early stopping based on validation AUC

The proposed training strategy for RMMLA-GANSs carefully
integrates multiple learning objectives and training phases to
ensure high-quality, diagnostic images. The use of contrastive
learning, attention supervision, and perceptual guidance results in
a generator capable of enhancing clinically significant features,
while the discriminator evolves to be both adversarially robust
and semantically aware. The configuration and balance of losses
(Table.4) are instrumental in achieving superior sensitivity and
specificity for glaucoma diagnosis.

4. RESULTS AND DISCUSSION

« Simulation Tool: Python with TensorFlow 2.11 and Keras
backend.

 Environment: Google Colab Pro+ and a local workstation
(NVIDIA RTX 3090, 64GB RAM, Intel i9 CPU).
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» Datasets Used: RIM-ONE, DRISHTI-GS1.

Table.5. Experimental Parameters

Parameter Value
Image size 256 x 256
Optimizer Adam
Learning rate 0.0001
Batch size 32
Epochs 100
Number of Residual Blocks 4
Attention Heads 8
Dropout Rate 0.3
Loss Function BCE + Contrastive
Activation Function LeakyReL U / Sigmoid
Validation Split 20%

4.1 PERFORMANCE METRICS

« Accuracy: Proportion of correctly diagnosed images.
« Sensitivity: To correctly identify glaucomatous cases.

« Specificity: Correct rejection of non-glaucomatous cases.

» F1-Score: Harmonic mean of precision and recall.

Table.5. Accuracy Comparison

Epoch Attention|Dense-|ResNet-VGG-|  Proposed
U-Net | GAN | GAN |GAN |RMMLA-GANs
10 0.82 0.80 | 0.81 | 0.83 0.85
20 0.84 0.83 | 0.85 | 0.86 0.89
30 0.86 0.84 | 0.87 | 0.88 0.91
40 0.87 0.85 | 0.88 | 0.89 0.93
50 0.88 0.86 | 0.89 | 0.90 0.94
Table.6. Precision Comparison
Epoch Attention|Dense-|ResNet-VGG-|  Proposed
U-Net | GAN | GAN |GAN |RMMLA-GANs
10 0.78 0.75 | 0.77 | 0.80 0.83
20 0.80 0.77 | 0.79 | 0.82 0.87
30 0.82 0.78 | 0.82 | 0.84 0.89
40 0.84 0.79 | 0.84 | 0.86 0.91
50 0.85 0.80 | 0.85 | 0.87 0.92
Table.7. Recall Comparison
Epoch Attention|Dense-|ResNet-[VGG-|  Proposed
U-Net | GAN | GAN |GAN |RMMLA-GANs
10 0.80 0.78 | 0.79 | 0.81 0.84
20 0.82 0.80 | 0.81 | 0.83 0.88
30 0.84 082 | 0.83 | 0.85 0.91
40 0.85 0.83 | 0.85 | 0.87 0.93
50 0.86 0.84 | 0.86 | 0.88 0.94
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Table.8. F1-Score Comparison

Epoch Attention|Dense-|ResNet- VG G- Proposed
U-Net | GAN | GAN |GAN |RMMLA-GANs
10 0.79 0.76 | 0.78 | 0.80 0.83
20 0.81 0.78 | 0.80 | 0.83 0.87
30 0.83 0.80 | 0.82 | 0.85 0.90
40 0.84 0.81 | 0.84 | 0.86 0.92
50 0.85 0.82 | 0.85 | 0.87 0.93

In terms of accuracy, RMMLA-GANSs achieves 94% at epoch
50, representing an improvement of 6.8% over Dense-GAN, 5.6%
over ResNet-GAN, 4.4% over Attention U-Net, and 4.4% over
VGG-GAN. For precision, the model reaches 92%,
outperforming the best baseline (VGG-GAN at 87%) by 5.7%. In
terms of recal, RMMLA-GANSs achieves 94%, offering an
improvement of 8.3% over Dense-GAN, 6.7% over ResNet-
GAN, and 6.2% over Attention U-Net. The Fl-score, which
reflects a balance between precision and recall, also tops at 93%,
with gains of 7%, 6.1%, and 5.9% compared to Dense-GAN,
ResNet-GAN, and Attention U-Net respectively. These results
reflect the superior learning capabilities of the proposed model,
driven by multihead attention, residual learning, and contrastive-
discriminative training. Such improvements are especially
significant in medical imaging, where small metric gains can
substantially impact clinical decision-making. The stability of
performance over epochs further highlights the robustness and
generalization power of RMMLA-GANS.

5. CONCLUSION

This research proposed a novel deep learning framework,
Residual Multihead Multilayer Attention GANs (RMMLA-
GANs), for diagnosing glaucoma from retinal fundus images.
Unlike conventional GAN-based models that prioritize only
image realism, RMMLA-GANSs integrates a multi-level attention-
driven generator and a contrastive learning-empowered
discriminator. The generator effectively highlights clinically
relevant regions like the optic disc and cup using residual
connections and multihead self-attention layers. The
discriminator goes beyond simple binary classification,
incorporating feature separation through contrastive loss to better
distinguish glaucomatous from normal patterns. Experimental
results demonstrated that RMMLA-GANs significantly
outperformed four strong hybrid models, Attention U-Net, Dense-
GAN, ResNet-GAN, and VGG-GAN, across multiple evaluation
metrics. With peak accuracy of 94%, precision of 92%, recall of
94%, and Fl-score of 93%, the model showed consistent
improvements of 5-8% over baselines. These advancements are
crucial in clinical diagnostics where precision and sensitivity
determine early disease detection.
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