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Abstract
Early and accurate detection of retinal fundus diseases is critical for preventing irre-
versible vision loss and supporting effective clinical decision-making. Retinal fundus
imaging is widely used for large-scale screening due to its non-invasive nature; how-
ever, the diversity and structural complexity of retinal pathologies pose significant
challenges for automated analysis. Convolutional Neural Networks (CNNs) have
been extensively employed for fundus image classification owing to their strong lo-
cal feature extraction capabilities, however, their limited ability to model long-range
contextual dependencies constraints performance in complex multi-class disease sce-
narios. Vision Transformers (ViTs), on the other hand, leverage self-attention mech-
anisms to capture global contextual information but often suffer from high computa-
tional costs and reduced effectiveness in limited-data medical imaging settings. The
study proposed a lightweight hybrid Cross-Attention Fusion Vision Transformer ar-
chitecture can be used to classify multi-class retinal diseases through fundus images.
The suggested model combines CNN-based local feature extraction and transformer-
based global contextual modelling with the cross-attention fusion mechanism, which
allows both fine-grained pathological features and holistic retinal structure to in-
teract and at the same time keep computational efficiency. The hybrid model is
specifically designed with small-scale medical data in mind and uses attention-based
interpretability, which helps to include explainable AI in the future to improve clin-
ical transparency. Experimental evaluation on publicly available fundus datasets
demonstrates that the proposed hybrid approach achieves a favorable balance be-
tween accuracy, robustness, and efficiency compared to standalone CNN and Vision
Transformer models, highlighting its suitability for automated retinal disease screen-
ing applications.

Keywords: Retinal fundus imaging; Eye disease classification; Convolutional Neu-
ral Networks (CNN); Vision Transformer (ViT); Hybrid CNN–Transformer; Cross-
attention fusion; Lightweight deep learning
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Chapter 1

Introduction

1.1 Background
With the widespread adoption of digital devices such as computers and smartphones,
prolonged screen exposure has become increasingly common in modern lifestyles.
Extended use of electronic screens is associated with visual fatigue, dryness, and oc-
ular discomfort, primarily due to reduced blinking frequency and inadequate ocular
lubrication. In the long-term, these factors lead to diminished ocular health and
poor quality of life, as well as to more demanding health care systems [4].

Fundus associate eye disease are one of the major causes of irreversible vision loss
and blindness in the world. Specifically, glaucoma, cataract, AMD and diabetic
retinopathy cause the significant share of the worldwide visual impairment and rep-
resent dangerous socioeconomic threats [2]. The conditions usually exhibit early
pathologic features in fundus images, such as optic nerve head deformity, abnor-
mality of vascular, and retinal lesions. However, initial symptoms are often asymp-
tomatic, which leads to delayed diagnosis and treatment.

Fundus imaging is a non-invasive and objective examination, which can visualize
retinal structures, morphology of optic nerves, and vascular patterns. This tech-
nique is a vital component in terms of mass screening and monitoring of diseases.
Although, the interpretation of fundus images relies heavily on experienced ophthal-
mologist and the vast amount of the imaging data or information has made manually
screening time-consuming and resource intensive [3].

Recent developments surrounding deep learning, specifically Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs) show a high potential in the
automation of fundus image analysis and glaucoma, cataract, AMD, and diabetic
retinopathy diagnostic quality [5]. Yet, the black-box character of these models
brings about several concerns with transparency and clinical trust, underscoring
the importance of developing efficient and interpretable diagnostic frameworks for
real-world deployment.

1.2 Research Objective
The principal objectives of this research are as follows:
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1. To design and implement a hybrid Convolutional Neural Network (CNN) and
Vision Transformer (ViT) architecture for multi-class eye disease classification
using fundus images.

2. To investigate how combining CNN-based local feature extraction with transformer-
based global contextual modeling improves the discrimination of visually simi-
lar retinal diseases such as glaucoma, cataract, AMD and diabetic retinopathy.

3. To conduct a comparative evaluation between CNN-only, ViT-only, and hy-
brid CNN–ViT models in terms of classification performance, robustness, and
computational efficiency.

4. To develop a lightweight hybrid architecture that balances diagnostic accu-
racy with reduced parameter count and computational complexity, making it
suitable for deployment in resource-constrained clinical settings.

5. To incorporate explainable artificial intelligence (XAI) techniques, including
Grad-CAM for CNN components and attention rollout for Vision Transformer
components, in order to provide visual interpretability of model predictions.

6. To analyze the strengths and limitations of hybrid CNN–Transformer architec-
tures for fundus image analysis and identify directions for future improvements
in automated ophthalmic diagnosis.

1.3 Problem Statement
Despite the widespread use of fundus imaging for the screening and diagnosis of
ocular diseases, accurate and scalable interpretation of fundus images remains a
significant challenge. Manual assessment by ophthalmologists is time-consuming,
subject to inter-observer variability, and increasingly impractical due to the grow-
ing volume of retinal imaging data and limited clinical resources. Automated deep
learning–based diagnostic systems have therefore gained considerable attention as a
means to support large-scale screening and early disease detection.

Convolutional Neural Network (CNN) based models have proven to be very effective
in fundus image analysis by effectively capturing both local spatial and lesion-level
patterns. However, their locality bias limits their ability to model long-range re-
lationships and global anatomical context, both of which are often critical to dis-
criminate between visually similar retinal diseases. Conversely, Vision Transformer
(ViT) models use self-attention mechanisms to capture global contextual relation-
ship, but typically require large datasets and heavy computational resources, which
make them unsuitable for deployment in resource-limited clinical settings.

Additionally, many existing deep-learning methods function as black-box models,
and therefore, offers limited interpretability of diagnostic outputs. The lack of
transparency is a hindrance to clinical trust and adoption, especially in safety crit-
ical medical applications. Although, hybrid CNN-Transformer architectures have
already been suggested to combine local and global feature representations, many
of the existing solutions rely on the heavy backbones, multi-stage pipelines or the

2



ensemble strategies that increase computational complexity and hinders real world
application.

Therefore, an effective, lightweight and interpretable hybrid deep-learning frame-
work that can effectively merge CNN-based local features extraction with transformer-
based global contextual modeling to robustly classify a multi-class of fundus image is
required. Such a framework shall be balanced between diagnostic performance, com-
putational performance and explainability so that it can be practical to implement
in automated ophthalmic screening systems.

1.4 Scopes and Challenges
However, there are significant challenges. Public datasets with high-quality and
diverse images are limited which hinders model training and adaptation. Addition-
ally, the computational expense of ViT may be impractical in clinics with limited
resources, and ensuring model consistency across varying imaging conditions and
disease severities is a significant challenge.
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Chapter 2

Literature Review

2.1 Preliminaries

2.1.1 Fundus Imaging

Fundus imaging is a widely used, non-invasive ophthalmologic imaging technique.
It captures high-resolution images of the interior parts of the eye such as the retina,
optic disc, macula, and the retinal vascular structure. These anatomical structures
provide significant visual biomarkers which aid to the diagnosis and longitudinal
changes over a wide range of both ocular and systemic pathologies like glaucoma,
cataract and diabetic retinopathy. Owing to its ability to provide objective, repro-
ducible, and clinically interpretable visual information, fundus imaging has become
a cornerstone of large-scale eye disease screening programs and an essential data
source for automated computer-aided diagnostic systems [3].

Figure 2.1: Typical steps necessary for analysis of fundus images, in this case for
early diabetic retinopathy. Adapted from Abràmoff et al. [3].

2.1.2 Convolutional Neural Networks (CNNs)

Convolutional Neural Networks (CNNs) are deep learning architectures particularly
designed to work with visual data such as images. It is commonly used in computer
vision, image recognition and natural language processing (NLP). There are three
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main components in CNN: the convolution layer, pooling layer and fully connected
layer 2.2. In the convolution layer, CNN applies filters to input regions, to extract
features while reducing parameters through weight sharing. The ReLU activation
function is used to capture complex patterns and address vanishing gradient prob-
lems. The pooling layer mainly reduces the spatial dimension by decreasing the
amount of parameter; it also decreases computational complexity within the net-
work, hence down sampling the feature maps. Max-pooling is the most common
pooling method used. Finally, for result prediction, the fully connected layer flat-
tens the data by connecting every neuron to the next layer. Additionally, strides and
padding are also used to make the architecture more efficient and preserve boundary
information for spatial and flexible processing [25].

Figure 2.2: Architecture of A Typical Deep Convolutional Neural Network (reprinted
from [42], CC BY-SA 4.0)

2.1.3 Vision Transformer (ViT)

The Vision Transformer (ViT) [30] utilizes transformers, initially developed for nat-
ural language processing, to analyze images. Vision Transformer generates a grid
of square patches from an image. According to Kameswari et al. [30], each patch
is converted to a single vector by concatenating the channels of all its pixels and
then linearly projecting it to the chosen input dimension. A learnable token is
added to consolidate global features for tasks such as categorization. The patch
embeddings are fed as input into a transformer encoder which includes alternating
multi-head self-attention and feed-forward layers. Self-attention enables the Vision
Transformer (ViT) to capture global interactions across patches, in contrast to the
local filters utilized by Convolutional Neural Networks (CNNs). ViT discards con-
volutions, depending solely on attention mechanisms. In addition to classification,
ViT is adaptable for tasks such as detection and segmentation. The scalability and
global reasoning of transformers underscore their adaptability in vision, although
with increased processing expenses. According to Dosovitskiy et al. [14], Vision
Transformer matches or exceeds the state of the art on many image classification
datasets, whilst being relatively cheap to pre-train.

2.1.4 Hybrid models of ViT-CNN

The two models Convolutional Neural Networks (CNNs) and Vision Transform-
ers (ViTs) exhibit complementary strengths for medical image analysis. CNNs are
inherently effective at extracting local spatial features making them ideal for iden-
tifying fine-grained retinal abnormalities, such as subtle vascular changes, texture
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Figure 2.3: Overview of the Vision Transformer (ViT) architecture, reprinted from
[14].

variations, and localized lesions. In contrast, Vision Transformers are designed to
model long-range dependencies through self-attention mechanisms, enabling a global
understanding of spatial relationships across the entire image. This is essential as
the manifestations of the disease may depend not only on localized features.

A hybrid CNN–ViT architecture combines these strengths by allowing local feature
representations learned by convolutional layers to be enriched with global contextual
information through transformer-based attention mechanisms. This unified repre-
sentation enables simultaneous analysis at both micro- and macro-levels, improving
the model’s ability to discriminate between visually similar disease classes. Such an
approach is particularly well suited to fundus image classification, where patholog-
ical differences are often subtle and distributed across multiple spatial scales. By
jointly leveraging local structural detail and global contextual awareness, hybrid ar-
chitectures offer a balanced and robust framework for automated fundus-based eye
disease detection, while addressing the inherent limitations of standalone CNN or
transformer models.

2.1.5 Explainable Artificial Intelligence in Fundus Image Anal-
ysis

In medical image analysis in ophthalmology, the interpretability of a model is sig-
nificant for clinical acceptance and trust. Explainable artificial intelligence (XAI)
methods focus on giving either visual or quantitative explanations that point to
areas of an image that a model has used to make a prediction, and therefore help a
clinician determine whether a diagnostic decision-making process relies on features
of medical interest.

In the case of the convolutional neural network (CNN)-based models, Gradient-
weighted Class Activation Mapping (Grad-CAM) has also been one of the most
popular XAI methods. Grad-CAM based on the use of gradient information of the
final convolutional layers to produce class-discriminative heatmaps; these maps can
be used to visualize the local retinal features, including vessels, lesions, or optic disc
areas, or hemorrhages, that affect disease classification decision-making. [7]. This
localization facility is especially useful in fundus image analysis, where fine spatial
details are usually used to detect the disease.
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Vision Transformers (ViTs), on the contrary, employ self-attention mechanisms it-
self, that model global contextual relationships across image patches. An attention-
based explanation methods, e.g. attention rollout, combine the attention weights
of transformer layers to detect which image regions contribute the most to the end
prediction. [12]. Unlike CNN-based methods, attention rollout provides insight into
how global contextual dependencies influence classification decisions, making it well
suited for analyzing distributed retinal patterns.

By combining CNN-based Grad-CAM visualizations with transformer-based atten-
tion rollout, a complementary explanation framework can be achieved that captures
both localized feature importance and global contextual reasoning. Such a dual-view
interpretability strategy enhances transparency and supports more reliable analysis
of automated fundus-based disease diagnosis systems.

Figure 2.4: Visualization of explainable AI outputs for fundus image classification.
Grad-CAM highlights discriminative local regions used by CNN-based models, while
attention rollout illustrates global contextual focus learned by the Vision Trans-
former.

2.2 Research Methodology
A comprehensive review of existing literature was conducted to understand the
evolving role of deep learning architectures in ophthalmic image classification . This
review discusses how various model families deal with the inherent challenges of fun-
dus based eye disease detection including detection of subtle lesion patterns, high
interclass similarity, and variation of image quality. Particular attention was given
to the comparative strengths and limitations of CNN and ViT as both architectures
have been widely adopted in recent ophthalmological studies. The surveyed works
were systematically categorized into three primary groups. The first group com-
prises studies that employ CNN based architectures for eye disease classification,
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leveraging strong local feature extraction and hierarchical representation learning.

The second group includes studies that explore ViT based approaches which utilize
self-attention mechanisms to capture global contextual relationships within retinal
images. This structured categorization enabled a critical assessment of how each
architecture contributes to performance,robustness and generalization. The insights
derived from these studies provide the methodological foundation for examining hy-
brid CNN Transformer models which aim to combine the complementary advantages
of both architectures. The reviewed studies within each category are discussed in
the following sections.

While the third group particularly focused on ensemble models utilizing various
CNN or Transformer backbones , it also highlighted the strengths and limitations
of hybrid architectures and their unique implementation to tackle both local and
global dependencies. Each of these models contributed into shaping our model and
identify existing gaps in such architecture and ultimately improving them .

2.2.1 Convolutional Neural Network–Based Methods for Fun-
dus Image Analysis

In this article [46], the authors propose RSG-Net, which is a custom convolutional
neural network consisting of four convolutional layers, max-pooling, batch normal-
ization, dropout, and fully connected layers. The model is trained to perform
both four-stage (multi-class) and two-stage (binary) diabetic retinopathy grading
on fundus images. The authors trained and evaluated the model on the Messidor-
1 benchmark dataset, which is a collection of 1,200 color fundus images classified
into four grades of diabetic retinopathy (0–3). Moreover, RSG-Net demonstrates
strong performance, achieving a four-stage test accuracy of 99.36%, specificity of
99.79%, sensitivity of 99.41%, very low false positive and false negative rates, and
a near-optimal AUC of 99.98%. The model performs better in four-stage classifi-
cation than a number of state-of-the-art CNN-based, transfer learning, hybrid, and
ensemble methods reported in previous studies. However, the study also recognizes
its limitations, particularly evidence of overfitting, as the applicability of the model
to other datasets and varying imaging conditions has not yet been validated.

Chakraborty et al.[38] proposed a transfer learning–based CNN model using DenseNet-
121 aided by two attention mechanisms for the binary classification of glaucoma from
fundus images. The authors trained their architecture on two standard datasets,
namely RIM-ONE and ACRIMA, where features extracted from DenseNet-121 were
further refined using the Convolutional Block Attention Module (CBAM) and the
Channel Recalibration Module (CRM). In the RIM-ONE ablation study, DenseNet-
121 demonstrated higher performance compared to other backbone architectures,
including MobileNetV2, ResNet-50, and InceptionV3. The progressive addition of
CBAM and CRM improved performance, achieving approximately 93.81% accuracy,
93.40% precision, 93.59% recall, and a 93.49% F1-score. However, the authors also
noted the need to explore more lightweight models in future work to better address
data-constrained environments.
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The authors [44] presented a deep learning architecture, Fundus-DANet, which was
applied to the OIA-ODIR multilabel dataset consisting of a total of 9,476 retinal
fundus images. The model is based on a convolutional neural network backbone
with dilated convolution layers to broaden the receptive field and capture long-
range contextual information without introducing excessive additional parameters.
Inception-ResNet-v2 serves as the core backbone of the model for deep feature ex-
traction. A Dilated Convolutional Block Attention Module (DA-CBAM) is incor-
porated on top of this backbone to enable the capture of multiscale spatial features
without reducing feature map resolution. This module extends the conventional
CBAM by integrating dilated convolution along with channel and spatial attention
mechanisms, allowing the network to focus on disease-relevant regions while sup-
pressing unnecessary background information. The architecture is also designed for
multilabel prediction, enabling the detection of multiple retinal diseases from a sin-
gle fundus image.

This paper [40] suggests the use of Deep Convolutional Ensemble (DCE), which
is an ensemble of five InceptionV3 CNN models pretrained on ImageNet and fur-
ther trained on 43,055 fundus images collected from 12 datasets using bootstrap
aggregation. The objective of the model is to distinguish between normal eyes, di-
abetic retinopathy (DR), glaucoma, and age-related macular degeneration (AMD).
The proposed DCE achieved an accuracy of 79.2%, an F1-score of 79.9%, a posi-
tive predictive value (PPV) of 85.0%, sensitivity of 79.2%, and specificity of 93.1%,
with particularly strong performance in detecting diabetic retinopathy. Notably,
the ensemble successfully identified DR cases that were misclassified as normal by
ophthalmologists. To ensure a single class prediction per image, the final decision
was concluded through majority voting across a set of five networks. However, the
study highlights the limitation connected to the use of publicly available data, where
label noise may be present as it is based on lack of standardized clinical annotations.

The authors [54] introduce RetinaDNet, a two-branch artificial intelligence archi-
tecture for retinal disease classification that incorporates both fundus images and
vessel segmentation maps generated using a U-Net model. These inputs are further
enhanced through transfer learning using backbone networks such as ResNet50, and
classification is performed using multiple classifiers, including Support Vector Ma-
chines (SVM), Multi-Layer Perceptrons (MLP), and Extreme Gradient Boosting
(XGB), whose outputs are combined through soft voting. The framework applies
preprocessing techniques such as Gaussian blur, image flipping, and Contrast Lim-
ited Adaptive Histogram Equalization (CLAHE). Vessel segmentation is optimized
using a Dice–Binary Cross-Entropy loss, while cross-entropy loss is employed for
classification. Model interpretability is achieved using Grad-CAM visualizations.
The proposed RetinaDNet achieved 99.2% accuracy for diabetic retinopathy classi-
fication and 98.8% multi-class accuracy on a merged MuReD and RFMiD dataset
consisting of 6,000 images. In addition, the model reported accuracies of 97.5% and
91% on the MESSIDOR2 and EyePACS-1 datasets, respectively. Performance im-
provements were attributed to the transfer learning strategy and the fusion of vessel
segmentation maps with original fundus images, enabling the model to learn more
discriminative retinal features and improve precision. The authors indicate that
future work will focus on further optimization of the architecture and validation on

9



Table 2.1: Comparison of CNN-Based Fundus Image Analysis Methods
Study Dataset(s) Methodology Key Metrics Main Limita-

tions
Explainable
AI(XAI)

RSG-Net [46] Messidor-1 Custom CNN with
four convolutional
layers for DR grading

Acc 99.36%,
AUC 99.98%
(4-class)

Evaluated on a
single dataset;
generalization not
demonstrated

No

DADGC [38] RIM-ONE,
ACRIMA

DenseNet-121 with
channel and spatial
attention modules

Acc ∼93%, F1
∼93%

Binary-only task;
backbone is com-
putationally heavy

No

Fundus-DANet
[44]

OIA-ODIR Inception-ResNet-v2
with dilated atten-
tion modules for
multilabel prediction

Acc ∼93% Complex archi-
tecture; no cross-
dataset validation

No

DCE Ensemble
[40]

12 public
datasets

Ensemble of five
InceptionV3 CNNs
with majority voting

Acc 79.2%, F1
79.9%

High inference cost;
affected by label
noise

No

RetinaDNet [54] MuReD,
RFMiD,
Messidor2

CNN features fused
with vessel maps and
ML classifiers

Acc 98.8%
(multi-class)

Multi-stage
pipeline increases
complexity

Yes

U-Net +
ResNet101 [41]

IDRiD,
DDR,
FGADR

CNN-based retinal
lesion segmentation
with ensembles

Dice up to 0.66 Segmentation-
focused; not a
classification model

No

additional, newly available datasets.

In this paper [41], Playout and Cheriet describe a tuned U-Net architecture with
a ResNet-101 encoder and Squeeze-and-Excitation blocks, pretrained on ImageNet,
as their baseline retinal lesion segmentation model. The baseline architecture is fur-
ther improved through the incorporation of generalization strategies such as model
ensembles, Stochastic Weight Averaging (SWA), and model soups to enhance cross-
dataset performance. The evaluation was conducted across five fundus datasets,
namely IDRiD (81 images), DDR (757 images), FGADR (1,842 images), Retinal
Lesions (1,593 images), and Messidor-MAPLES-DR (200 images). The proposed
baseline achieved competitive performance, reporting mean AUPR scores of 0.652
on IDRiD, 0.429 on DDR, and 0.571 on the Retinal Lesions dataset. In addition,
cross-dataset Dice scores reached 0.661 on IDRiD test sets under both fine and
coarse training combinations. However, the study also highlights several limita-
tions, including reliance on pre-existing architectures rather than introducing novel
designs, restriction of experiments to only five datasets, and reduced effectiveness of
SWA-based model soups compared to classification tasks, particularly in scenarios
with limited data and high label variance.

2.2.2 Vision Transformer–Based Approaches for Retinal Fun-
dus Image Analysis

The model Retinal ViT [43] proposed a Vision Transformer architecture for the
classification of multi label retinal disease. It addresses the limitation of single label
classification as a single eye can have multiple diseases simultaneously. Through

10



patch embedding and self attention mechanism the model ensures global features
are extracted explicitly and long-range lesion dependencies are taken in context
which CNN struggles to identify. The model was evaluated on the ODIR-2019
dataset across eight disease categories including AMD, Glaucoma, Cataract, Dia-
betic Retinopathy etc. They used weighted binary cross-entropy loss and a sigmoid-
based head for treating each label independently. The proposed non-convolutional
approach showed better results compared to the baseline CNN models, i.e., ResNet,
VGG, DenseNet, as the models achieved a higher Kappa score of 0.645 and an in-
creased F1 scores. In spite of these findings, the model is constrained with the
imbalance in the classes within the ODIR-2019 dataset and needs additional testing
on more diverse datasets so that they can be more generalized.

The main purpose of the paper [37] is to design an end-to-end pipeline to enhance
the transparency of automated glaucoma diagnosis. The proposed framework uses
YOLOv11 object detector for localizing the optic disc followed by MaskFormer seg-
mentation model with Swin Transformer backbone to accurately indicate both func-
tions, optic disc and optic cup. The final diagnosis is based on the vertical cup-to-
disc ratio (vCDR), which is a standard clinical biomarker, where a ratio higher than
0.5 is an indicator of the presence of glaucoma. The framework has shown better
performance than the traditional CNN-based U-Net models, because of ViTs abil-
ity to capture global relationships across an entire image effectively. The model
obtained segmentation Dice Similarity coefficient (DSC) of 93.83% and 93.71% for
optic disc segmentation and segmentation of the optic cup, using the REFUGE and
the ORIGA and G1020 datasets with a classification accuracy of 84.03%. A notable
limitation includes the frame’s sensitivity to image rotation; a slight rotation of 10
degrees can have a significant impact on the accuracy of vCDR estimation due to
changes in vertical dimensions of the optic disc and optic cup.

The Control-guided and Augmented Vision Transformer (CA-VisT) [39], is proposed
in order to cope with some of the drawbacks in the detection of early-stage glaucoma,
such as the limited data availability, the heterogeneity of the features distribution
as well as the similarity in structure inside the fundus images. The architecture uses
a Vision Transformer backbone instead of traditional convolutional neural networks
to enable better feature extraction and better interpretability through self-attention
mechanisms. Furthermore, the framework integrated a Conditional Variational Gen-
erative Adversarial Network (CVGAN) to augment the dataset using the synthesis
of diverse samples and a contour-guided module. This aids in robust extraction
of salient edge information of optic disc and cup, thereby enhancing object local-
ization. The study was evaluated on the SMDG dataset with 24,127 images after
augmentation. Experimental results show that CA-ViT outperformed state-of-the-
art models, and achieved 93% of accuracy, precision and recall, which is a significant
improvement over ResNet50 (72.81%) and ViT16 (73.31%). The model is able to
achieve this performance while being a lightweight model with parameters 41.1M.
Nonetheless, the robustness of the models across all stages of the disease is limited
by the class imbalance that exists in the data.

The Vision Transformer with Masked Autoencoders for large size Retinal Images
(VLMRI) model [45] used a Vision transformer (ViT) architecture which is pre-
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trained directly on large-scale retinal images using Masked Autoencoders (MAE)
for supervised learning, to classify referable Diabetic Retinopathy (rDR). The model
overcomes the limitations of CNNs and ViT on extracting global features and data
limitations, proving that domain-specific pretraining with 100k unlabeled retinal im-
ages is superior to traditional ImageNet with 1M+ images. The experimental results
on the APTOS dataset shows state-of-the art performance by achieving 93.42% ac-
curacy, 0.9825 AUC and 0.9539 specificity, significantly outperforming VGG16 and
InceptionV3 and AmInceptionV3 in clinical sensitivity, 0.9662. While the model
overcomes the limitation of capturing global dependencies with fewer data, it still
has its own drawbacks. The model includes increased computational costs due to
high-resolution inputs and lacks lesion localization for better explainability.

STMF-DRNet [50] uses a multi-branch Swin Transformer V2 to formulate high-
precision and fine-grained diabetic retinopathy (DR) grading of high-resolution fun-
dus images. The model also incorporates a global feature branch where Attention-
Based Object Localization (AOLM) and Patch-Processing modules are merged, al-
lowing the process to capture large retinal structures and at the same time isolate
sparse and subtle lesions that one branch models do not capture. The hierarchi-
cal structure of Swin Transformer, complemented with shifted-window attention
and category-specific feature fusion, achieves higher results on various metrics with
multiple datasets, such as DDR, EyePACS, and APTOS-2019. It suppresses the
background noise and improves stage separations. However, the method has cer-
tain limitations due to its multi-branch architecture high dependence on preprocess-
ing methods like Contrast-Limited Adaptive Histogram Equalization (CLAHE) and
Gaussian blur to maintain discriminatory ability.

In the study [52], AI-based diagnostic system was developed to classify the severity
of diabetic retinopathy by combining local and global image analysis. The hybrid
model is based on a ResNet-18 backbone for hierarchical local features extraction
with a Transformer encoder that considers long-range dependencies and global con-
textual correlations across the retina. Thereby overcoming the drawback of tra-
ditional CNNs that tend to poorly represent long-range correlations between the
retinal regions that are distant and signify disease progression. The model also in-
cludes a Region-of-Interest (ROI) alignment, and a bounding-box mechanism, which
focuses specifically on lesions like microaneurysms and hemorrhages„ ensuring they
are accurately integrated with global structural data. The model was trained on
the augmented APTOS 2019 dataset and validated on the IDRID dataset with a
high accuracy of 94.28 percent and assured its generalizability through constant
95.23 percent accuracy on external data. While highly effective, the limitation of
the study remains the computational complexity of the transformer mechanism, and
therefore may become difficult to implement in real-world clinical environments with
limited hardware reseources.
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Table 2.2: Comparison of Vision Transformer Fundus Image Analysis Methods
Study Dataset(s) Methodology Key Metrics Main Limitations Explainable

AI(XAI)
Retinal ViT [43] ODIR-2019 Pure ViT model with

patch embedding
and self-attention for
multi-label classifica-
tion

Kappa 0.645;
improved F1
over CNN
baselines

Severe class imbal-
ance; evaluated on a
single dataset

No

Explainable ViT-
based Glaucoma
Framework [37]

REFUGE,
ORIGA,
G1020

YOLO-based op-
tic disc localiza-
tion followed by
MaskFormer (Swin
Transformer) seg-
mentation and
vCDR-based diagno-
sis

DSC 93.83%
(OD), 93.71%
(OC); Acc
84.03%

Sensitive to image
rotation; diagnosis
depends on geomet-
ric ratios

Yes

CA-ViT [39] SMDG
(multi-source
fundus
datasets)

ViT backbone with
CVGAN-based data
augmentation and
contour-guided fea-
ture fusion

Acc 93%, Pre-
cision 93%, Re-
call 93%

Performance af-
fected by class
imbalance; relies on
synthetic data

Partial

ViT with Masked
Autoencoders
(VLMRI) [45]

APTOS-
2019

ViT pretrained on
large retinal images
using MAE for refer-
able DR classifica-
tion

Acc 93.42%,
AUC 0.985,
Sens 0.973

High computational
cost; no lesion-level
localization

No

STMF-DRNet [50] DDR, Eye-
PACS,
APTOS-
2019

Multi-branch Swin
Transformer with
global and local
attention-based le-
sion modeling

High accuracy
and Kappa
across datasets

Complex multi-
branch design;
heavy reliance on
preprocessing

No

CNN–Transformer
Hybrid DR Model
[52]

APTOS-
2019, IDRiD

ResNet-18 for local
features fused with
Transformer encoder
for global context

Acc 94.28%
(APTOS),
95.23%
(IDRiD)

Transformer in-
creases inference
cost; hardware-
intensive

No

2.2.3 Hybrid CNN–Transformer Architectures for Ophthalmic
Image Analysis

Jibon et al. [21] proposed TL-MED, an ensemble-based transfer learning frame-
work for multiclass eye disease classification using fundus images. The model in-
tegrates multiple pretrained CNN architectures, including VGG16, ResNet50, Effi-
cientNetB3, DenseNet121, and NASNetMobile, where final predictions are obtained
through softmax output averaging. The proposed ensemble achieved classification
accuracies of up to 97% on the Eye Disease Classification (EDC) dataset, demon-
strating the effectiveness of transfer learning and ensemble strategies for ophthalmic
image analysis. Moreover, the use of several deep CNN backbones greatly adds to
the increase in computational complexity, memory patterning, and inference latency.
In addition, there is no explicit model of global contextual modeling, which restricts
the range of the long-range dependencies of retinal structures captured by the frame-
work. Following these restrictions, lightweight hybrid systems that combine local
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feature extraction and global contextual representation in a single end-to-end sys-
tem are required, as it is opposed to using computationally-intensive ensemble-based
systems.

The cross dataset analysis shown by Pham et al., [31] trained their models on the
ODIR dataset and tested them on the RFMiD dataset to analyze how the mod-
els perform in generalization when the data distribution changes. Performance was
measured using per-class Area Under the ROC Curve (AUC), which is a standard
and robust metric for multi-label medical image classification.The CoAtNet model
achieved the highest overall performance, reporting an average AUC of 90.81%, out-
performing standalone CNN-based models (ResNet50, DenseNet121) and pure trans-
former models (ViT and Swin Transformer). Specifically, CoAtNet obtained the best
AUC scores for diabetic retinopathy, glaucoma, cataract, and myopia, while the Vi-
sion Transformer marginally outperformed CoAtNet only in the case of age-related
macular degeneration (AMD). These results indicate that hybrid CNN–attention
architectures exhibit superior cross-dataset generalization for most fundus disease
categories.

A recent hybrid approach [34] integrating lightweight transformers with convolu-
tional architectures was proposed through the MobileViT-Plus framework for di-
abetic retinopathy (DR) severity grading. The study introduced a parallel hy-
brid model combining a ResNet-101 backbone for local feature extraction with a
MobileViT-Plus transformer branch to capture global contextual information from
fundus images. The model was evaluated on a five-class DR dataset derived from
the Kaggle DR repository, where class imbalance was addressed through extensive
data augmentation. Performance was assessed using accuracy, F1-score, and AUC,
with the hybrid architecture achieving an accuracy of 93.67%, an F1-score of 0.937,
and a notably high AUC of 0.994, outperforming both the standalone CNN and
transformer branches. These results demonstrate the effectiveness of combining lo-
cal lesion-level features with global contextual reasoning for DR grading. However,
the study is limited to a single disease and a single dataset, with no evaluation on
other fundus pathologies such as glaucoma or cataract .

Rezaee and Farnami [33] proposed a CNN–Transformer fusion framework for dia-
betic retinopathy severity classification, demonstrating that the integration of con-
volutional feature extraction with transformer-based global contextual modeling im-
proves generalization across multiple datasets, including APTOS-2019 and IDRiD.
The model achieved over 94% classification accuracy, 91% sensitivity, a 92% F1-
score, and an AUC of 0.9638, indicating strong discriminative capability.However,
although the proposed approach performs highly, it does not put much focus on
computational efficiency and heavily depends on the aggressive data augmentation
tactics to achieve robust results. The resulting computational cost limits its appli-
cability to use in resource-limited clinical settings. Moreover, the model can only be
tested on diabetic retinopathy severity grading and not on the task of multi-disease
fundus classification, which limits its applicability to wider ophthalmic screening.

Liu et al. [22] introduced CNN-transnet, a parallel dual-branch hybrid system where
a CNN branch that includes the Xception, Coordinate Attention (CoordAtt) and
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LSTM blocks derives local retina characteristics, and a transformer branch derives
long-range dependencies on fundus images. The characteristics of the two branches
are then combined to be finally classified. The accuracy of the results was reported
as 94.72 percent on a set of four categories of eye disease classification, with an av-
erage accuracy of 80.68 percent in a set of seven categories. Nonetheless, the model
is characterized by a great level of computational complexity, about 85 million pa-
rameters, and the price of computation is 2.84 x 106 FLOPs. The authors of their
discussion admit that they do not see significant performance gains after providing
the LSTM component, which implies that substituting it with a more effective option
may be a valid solution. Also, although feature fusion is demonstrated to decrease
the need in single-feature representations and provide higher feature diversity, the
authors mention that feature fusion increases the risk of overfitting, especially in
small-data settings.

The model [26] consists of EfficientNet and ResNet backbones and a transformer
encoder to remove locality bias of CNNs and retain the powerful inductive priors
of the CNNs, which leads to an overall balanced design, consisting of 32.75 million
parameters. The accuracy (92.54), precision (92.60), recall (92.54), F1-score (92.55),
specificity (97.52) and AUC (98.82) of the proposed model on retinal image classi-
fication benchmarks are all significant absolute improvements compared to baseline
Vision Transformer models. Irrespective of these great results, the design relies on
a number of heavyweight back bones and concatenating features plans that expo-
nentially increase the number of parameters, memory traffic, and inference cost.
This poses a serious problem in implementation in the constrained resource clinical
environments even though it did better in classification.

Transformer [32] based feature extraction and feature fusion with ensemble learn-
ing are used in the multi-stage framework of MST-EDS approach with the aim
of improving the performance of eye disease classification. The suggested pipeline
combines several transformer backbones, such as ViT, DeiT, and Swin Transformer,
and a post-processing step, Principal Component Analysis (PCA), to reduce the
dimensions and a stacking scheme with a meta-learner to aggregate the predictions
of individual models. MST-EDS reported an accuracy of 97.163, precision of 97.163,
recall of 97.168 and a F1-score of 97.164 on the eye disease classification dataset,
surpassing a number of independent transformer models and intermediate hybrid
versions on the same dataset. The authors clearly recognize that the multi-stage
ensemble design is incredibly complex with regard to computation, restricting its
use in resource-bound and real-time systems, although it is performing well. Also,
the framework fails to implement explainability mechanisms, which the authors con-
sider one of the essential conditions of clinical trust, interpretability, and intensive
implementation.

Badar et al. [27] proposed MSCAS-Net, a transformer-based hybrid architecture to
fine-grained diabetic retinopathy classification, which is aimed at overcoming such is-
sues as the small appearance of lesions, an imbalance of the classes and image quality
variability. The proposed model uses Swin Transformer backbone to generate multi-
scale feature representations as well as combines self-attention and cross-attention
processes to effectively align and combine information at varying spatial resolutions.
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It was tested on several retinal fundus datasets, such as APTOS, DDR, and IDRiD
and the classification accuracy was 93.8, 89.8, and 86.7, respectively. Although the
model is doing well, it has a computed cost of about 9.2 GFLOPs and has about 31
million parameters. Besides, it can be characterized by a narrow scope with only
one type of disease and the lack of clear explainability functions, which restricts
its generalizability and clinical readability in a multi-disease ophthalmic screening
environment.

[28] In this paper they focused on the classification of retinal disease as automated
based on the OCT images using a deep learning hybrid model known as Conv-ViT.
The suggested model is composed of Inception-V3, ResNet-50 and a Vision Trans-
former (ViT) that learns to use local texture markers and global structural represen-
tations together. Outputs of all the three branches are integrated through feature-
level fusion followed by a DNN classifier. The model is tested on a publicly available
large dataset of OCT that has four categories namely: CNV, DME, DRUSEN and
NORMAL. Conv-ViT is compared with single CNN models, transformer-only mod-
els, and the current ensemble solutions. Experimental findings demonstrate better
accuracy, precision, recall, and F1-score, approximately the 94 percent compared
to the methods. The research proves that the integration of CNNs and ViTs in-
creases the strength and the ability to discriminate. However, the model is of high
computational complexity, uses only one dataset and is not cross-dataset validated.
Its applicability in real-world scenarios is also limited by the fact that multimodal
clinical data were not available.

The complete framework of a multi-task deep learning that integrated convolutional
neural networks, Vision Transformer, and Particle Swarm Optimization (PSO) [29]
was suggested to streamline the accurate diagnosis of diabetic retinopathy and
lesions localization .The framework was tested against the Diabetic Retinopathy
Two-field Image Dataset (DRTiD) which consists of macula-centered and optic disc-
centered fundus images with five severity ratings and lesion bounding boxes. The
experimental findings had high performance and attained about 98.9% classifica-
tion accuracy and the ablation experiments proved that cross-attention-based fusion
worked significantly better than simple feature concatenation. Although such en-
couraging findings have been achieved, the suggested method is based on the inputs
of the multi-view funduses and accurate lesionlevel annotations, which restricts its
application in the single-view screening context that is widely adopted in large-scale
clinical applications. Moreover, the combination of PSO and several task-specific
heads is both more complex in architecture and demands a fine-tuning of hyperpa-
rameters. Although the parameter count of the model is roughly 34.2 million and
its computational cost is only 22.6 GFLOPs per inference pass of two-view images
achievable on a workstation it would need pruning or optimization to be used in
mobile or embedded clinical systems.
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Table 2.3: Comparison of Hybrid and Ensemble-Based Fundus Image Classification
Methods
Study Dataset(s) Methodology

(Brief)
Key Metrics Main Limitations Explainable

AI(XAI)
TL-MED [21] EDC (Nor-

mal, DR,
Glaucoma,
Cataract)

Ensemble of pre-
trained CNNs with
softmax averaging

Accuracy: 97% High computational
cost; no global con-
textual modeling

No

MST-EDS [32] EDC (com-
piled fundus
datasets)

Multi-stage
ViT/DeiT/Swin
features + PCA
+ stacking meta-
learner ensemble

Accuracy:
97.163%;
Precision:
97.163%; Re-
call: 97.168%;
F1: 97.164%

Not end-to-end;
very high compute;
no explainability
module

No

Multi-task CNN–
ViT–PSO Frame-
work [29]

DRTiD (two-
field fundus
images)

Multi-view
CNN+ViT with
cross-attention fu-
sion; PSO optimizes
fusion; multi-task
(grading + localiza-
tion)

Accuracy:
∼98.9%; IoU:
∼88.7%

Requires paired
views + lesion
annotations; PSO
adds complexity;
heavy for mobile
deployment

No

MSCAS-Net [27] APTOS,
DDR, IDRiD

Swin Transformer
with multi-scale
attention fusion (self
+ cross attention)

Accuracy:
93.8% (AP-
TOS), 89.8%
(DDR), 86.7%
(IDRiD)

Transformer-heavy;
high compute (9.2
GFLOPs) and
params (∼31M); no
explainability

No

Cross-Dataset
Fundus Analysis
[31]

ODIR →
RFMiD

Hybrid CNN–
attention models
evaluated for cross-
dataset generaliza-
tion

Average AUC:
90.81% (CoAt-
Net)

No end-to-end
training; limited
disease coverage

No

MobileViT-Plus
DR Framework
[34]

Kaggle DR (5-
class)

Parallel CNN and
MobileViT branches
for DR grading

Accuracy:
93.67%, AUC:
0.994

Single disease; sin-
gle dataset evalua-
tion

No

CNN–Transformer
Fusion [33]

APTOS-2019,
IDRiD

CNN backbone fused
with Transformer en-
coder

Accuracy:
94.28%, AUC:
0.9638

High computational
overhead; DR-only
task

No

CNN–TransNet
[22]

Fundus
datasets
(4(EDC)- and
7-class)

Parallel CNN
and Transformer
branches with fea-
ture concatenation

Accuracy:
94.72% (4-
class), 80.68%
(7-class)

Very high parame-
ter count; overfit-
ting risk

No

EFFResNet-ViT
[26]

EDC CNN backbones
fused with Trans-
former encoder

Accuracy:
92.54%, AUC:
98.82%

Heavy backbone fu-
sion; high inference
cost

Yes

Conv-ViT [28] OCT dataset
(CNV, DME,
DRUSEN,
NORMAL)

Triple-stream hy-
brid: Inception-V3
+ ResNet-50 + ViT
with feature-level
fusion

Accuracy:
∼94%; Preci-
sion/Recall/F1:
∼94%

High computational
complexity; single-
dataset evaluation;
no cross-dataset val-
idation; lacks multi-
modal clinical data

No
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Chapter 3

Requirements, Impacts and
Constraints

3.1 Final Specifications and Requirements
In the following subsection, we detail the experimental environment and computing
system that was employed to train and test the proposed model.

The early model development and prototyping were done on a local workstation with
NVIDIA GeForce RTX 3060 graphics card and 16 GB of system RAM. The system
comes with a 12 th Generation Intel core i5-12600K processor with a 64-bit, x64
operating system. But all the end experiments, such as hyperparameter optimiza-
tion, ablation, and the entire training of the proposed MuninFormer model, were
performed on Kaggle cloud computing platform to benefit access to more powerful
computer graphics and guarantee the ability to be reproducible in the community
of researchers.

Kaggle platform offered the availability of NVIDIA Tesla T4 GPUs that had 16 GB
of. VRAM providing higher computational stability and efficiency with the large
amount of training needed by the hybrid CNN-Transformer architecture. All the
models were interpreted with the help of the PyTorch deep learning platform and
Python 3.10.

Table the overall specifications of the development environment on both platforms,
and presents the general development environment specifications applicable to both
platforms, while Table 3.2 contains the specifics of the Kaggle cloud infrastructure
that was used to train the final model and evaluate it.
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Table 3.1: Development Environment Specifications
Component Specification

Local Development Hardware
GPU NVIDIA GeForce RTX 3060
GPU Memory 12 GB GDDR6
System RAM 16 GB DDR4
CPU Intel Core i5-12600K (12th Gen)
Operating System Windows 11 / Ubuntu 22.04 (64-bit)

Software Environment
Programming Language Python 3.10
Deep Learning Framework PyTorch 2.0+
Model Library timm (PyTorch Image Models)
Image Processing Albumentations, OpenCV, PIL
Scientific Computing NumPy, Pandas, Scikit-learn
Visualization Matplotlib, Seaborn
Development Environment Jupyter Notebook / VS Code

Table 3.2: Kaggle Cloud Computing Infrastructure Specifications
Component Specification

Platform Details
Computing Platform Kaggle Cloud Computing
Platform Type Free Cloud-based GPU Service
Access Method Web-based Jupyter Notebooks

GPU Hardware
GPU Model NVIDIA Tesla T4
GPU Architecture Turing Architecture
GPU Memory (VRAM) 16 GB GDDR6
Tensor Cores Yes (320 Turing Gen 2)
CUDA Cores 2,560
GPU Thermal Design Power 70W

3.2 Societal Impact
The social impact of MuninFormer architecture focuses on improving rural and ac-
cessible healthcare. It effectively helps classify globally common diseases in resource
constrained regions with limited clinical capacity. Therefore, helps to improve the
socioeconomic burden on global healthcare systems. Through its enhanced features
of early and accurate classification of asymptomatic diseases, the model plays a sig-
nificant role in preventing and detecting irreversible vision loss. Delayed diagnosis or
treatment often leads to global visual impairment. Furthermore, it acts a secondary
means of making clinical decisions, to help reduce human error and inter-observer
variability in manual assesment which maybe time intensive. It is specifically pro-
posed for resource-constrained environments, thus the model’s lightweight design
lowers the difficulty for diagnosis while still maintaining better accuracy to enhance
clinical decision-making.
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3.3 Environmental Impact
The environmental impact of the research primarily stems from the energy expen-
diture during model training and evaluation which requires heavy computational
resources. Our model was designed as such to mitigate this through efficient archi-
tectural design. It uses an exceptionally lightweight model to maintain sustainability
by utilizing only 7.36 million parameters. This results in low computational demand
compared to standard Transformer models, requiring only 1.18 GFLOPs per infer-
ence at a standard 224 x 224 input resolution. Due to such compact footprint the
model makes a better energy-efficient alternative for both the development and long
term clinical use. Furthermore, the research was strategically managed through
model design and ablation studies were carefully carried out to avoid redundant
number of experiments. As a result, total carbon footprint was reduced which
comes with large-scale hardware utilization making sure the research produces an
environmentally responsible solution for global healthcare technology.

3.4 Ethical Issues
The research accounts to the importance of ethical standards in medical AI. The
research uses a publicly available, de-identified dataset handled in compliance with
medical regulations. By integrating Explainable AI techniques, the model produces
visual heatmaps highlighting the parts of retinal structure resulting in a diagno-
sis. This helps in transparency and acts as a support for better interpretability for
building clinical trust. It allows ophthalmologists to verify from the result to make
informed decisions based on lesions, deformity of optic disc etc. It only acts as a sec-
ondary clinical support tool and not a replacement, therefore medical professionals
has the final diagnostic authority. Furthermore, the study is supported by a thor-
ough and transparent documentation of methodology to reinforces accountability
and ethical integrity. This includes detailed process of data cleaning, pre-processing,
splitting, comparison of other models, mitigating biases through minimizing over-
fitting and ensuring the reliability of diagnostic output. It also ensured fairness
through internal and external cross validation of data on the proposed architecture
as well as a comparative analysis with different hybrid models.

3.5 Project Timeline and Management
The project followed a structured eight-phase timeline spanning seven months, as
summarized below:

• Phase 1–2: Literature review, problem formulation, and research design
(Month 1–3)

• Phase 3: Dataset acquisition, preprocessing, and augmentation pipeline de-
velopment (Month 4–6)

• Phase 4: Baseline model implementation and initial benchmarking (Month
7)
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• Phase 5: MuninFormer architecture design and inspired component develop-
ment (Month 8–9)

• Phase 7: Systematic ablation studies with 7 model variants (Month 10–11)

• Phase 8: Comparative evaluation, explainability analysis, and error case stud-
ies (Month 11)

• Phase 9: Final validation, thesis documentation, and code repository prepa-
ration (Month 12)

3.6 Risk Management
The MuninFormer model is designed specifically as a secondary means of support in
clinical decision rather than a standalone diagnostic system. Therefore, it should not
be used to drive treatment decisions from and should always require the authority of
experienced ophthalmologists for final diagnosis. Furthermore, key risks also lies on
the misclassification of early stage disease like Glaucoma-Normal confusion, which
could delay critical interventions if used without expert oversight.
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Chapter 4

Methodology

4.1 Methodology Overview
The current research is built on the concept of a supervised deep artificial intel-
ligence approach of automated eye disease classification in retinal fundus images.
In order to meet the objectives of high classification and explainability of models,
the proposed methodology is based on the integration of the data preprocessing,
the hybrid CNN Vision Transformer architecture, and the explainable artificial in-
telligence technologies. It is through this proposed architecture that classification
metrics have been proposed to provide a solution along with qualitative insights
that are internalized in the reasoning of the model. An architectural workflow of
the proposed methodology has been shown in figure 4.1.

The dataset that has been used in the given research is retrieved by a publicly
available Kaggle repository of labeled retinal fundus images in four categories of eye
diseases. The data set is stratified into training, validation and test set to balance
the classes to achieve unbiased analysis.

Before the model training, data cleaning and quality control process were carried out
to enhance the reliability of the dataset. Perceptual hashing and image validation
checks were used to detect duplicate and corrupt images and remove them. Poten-
tial label noise was identified in a confident learning-based method, where the high
confidence score difference in prediction was brought to attention. To determine the
balance of the data set, a class distribution analysis was done and the clean dataset
obtained was used in all the further experiments.

After cleaning the datasets, image-level preprocessing was used. Enhancing local
contrast and emphasizing the clinically of interest retinal structures was performed
by Contrast Limited Adaptive Histogram Equalization (CLAHE). Images were all
downscaled to the same fixed resolution and standard ImageNet statistic was used
to normalize them. In their training, random cropping, flipping, rotation, color per-
turbation, noise injection and coarse dropout were used as the data augmentation
methods in order to enhance the robustness and minimize the overfitting. Deter-
ministic transformations were applied to validation and test images so as to have
fair evaluation.
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A number of special components have also been added in order to improve discrim-
inative ability. The gates such as Pathology Aware Attention Pooling are selective
in highlighting disease relevant areas within the feature maps. Uncertainity Gated
Feature Fusion is used to adaptively balance the CNN and Transformer features
depending on the real time confidence of the model’s predictions.This classification
is executed based on a tight combination of expert module that permits the in-
dividualization in decision limits on the recognition of various classes of diseases.
In training, an auxillary intra class variance regularization loss is used to promote
compact feature representations as well as generalization.

The AdamW optimizer is used to perform model training with learning-rate warm-
up, cosine annealing and adaptive learning rate decay. The methods used in mitigat-
ing overfitting are regularization techniques which include label smoothing, dropout
and early stopping. The model parameters are also maintained as an exponential
moving average in order to stabilize the validation results.

Besides quantitative assessment, Explainable Artificial Intelligence (XAI) is also
added to improve the transparency of the model. Grad-CAM++ is an extension
of CNN backbone to produce class-specific localization maps, which use the regions
that make the largest contribution to the predictions of a model. Visual explanations
are superimposed on the original fundus images to give the intuitive understanding
of the work of the model. The visualization of Attention Rollout out of the trans-
former is also presented to provide an alternative interpretability to various model
components.

Accuracy, precision, recall, F1-score, and confusion matrices on validation and test
datasets are used to test model performance. By incorporating XAI into the frame-
work, it will be accurate as well as interpretable and applicable in clinical decision-
support situations.
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Figure 4.1: Methodology Overview

4.1.1 Architecture Overview

The MuninFormer architecture is a well coordinated pipeline wherein each system is
constructed upon the outputs of the other piping stage and this information is then
converted into a healthy disease prediction by a cascade of specialized processing
modules. It is important to follow the full path of data flow in the architecture,
analyzing how the information is narrowed, merged and standardized at every step.

The complete forward pass of the proposed model can be visualized under six in-
terrelated stages. At first, the input fundus image enters the two parallel feature
extraction path ways of CNN and ViT at once. The CNN branch captures the
local patterns of the fundus image and the ViT branch models the global spatial
relationships. Secondly, these diversified feature representations are mapped into a
common embedding space facillating the effective alignment and the cross modal
interaction. Thirdly, the Gradient-Balanced Cross-Modal Bridge allows the CNN
features to attend to and integrate relevant global context of the ViT features, and
balance learning cues to both arms. Fourth, the Pathology-Aware Attention Pooling
projects the entire information of the spatial CNN to a small global representation
with learned class-specific attention patterns. Fifth, the Uncertainty-Gated Feature
Fusion is a dynamical combination of the CNN and ViT global representation, which
depends on the prediction confidence of the model. Lastly the Compact Mixture-of-
Experts Classifier yields the ultimate disease outputs and the Intra-Class Variance
Regularizer which is applied to the training coding shapes the feature space to en-
courage generalization.

The difference between MuninFormer and more basic hybrid architectures is the
sophisticated interaction between these elements. Instead of dealing with CNN
and ViT branches extracted features independently where their outputs are simply
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merged,MuninFormer presents several cross-modal interaction points and adaptive
processing facilities that enable the architecture to make the most of the strengths
of each branch providing a compensation of their own weaknesses.

4.1.2 Dual Backbone Feature Extraction

4.1.2.1 Design Philosopy

The dual-backbone design is a fusion of convolutional and attention-based feature
extractors to obtain complementary retinal information. Convolutional neural net-
works focus on local pathological features including microaneurysms, exudates, and
hemorrhages with the aid of translation-equivariant local filtering, whereas vision
transformers predict long-range spatial associations between lesions and anatomical
landmarks by using self-attention. This dual-branch architecture by combining par-
allel streams of Transformer and CNN enhances the detectiveness of the model to
cracks in the middle of cluttered backgrounds. This design in particular solves the
resolution constraints that the Transformer has per say by leveraging the capability
of the CNN to retain the fine-grained structural details [48]. Extraction of cross-scale
and multi-level features is made possible by the implementation of dual backbone
architecture and helps in balancing the detailed aspect of the locality with the gen-
eral global context and thus increases the overall robustness of the model [51]. The
lightweight backbones, which are MobileNetV3-Small and ViT-Tiny, are chosen to
focus on the parameter efficiency, and the inspiration in the architectures is brought
in the following fusion and aggregation steps.

4.1.2.2 CNN Branch: MobileNetV3-Small with Feature Calibration

MobileNetV3-Small has been used as a lightweight backbone in the CNN branch
which is used for extracting local retinal texture. MobileNetV3 is a particular model
that is tailored towards the mobile environments; it has a perfect balance between
computation efficiency and high-performance in image classification [18]. Thus, it is
made sufficiently to be used and deployed in resource-limited clinical environments.

For an input fundus image x ∈ RB×3×224×224, the CNN backbone serves mainly as
a feature extractor helping to generate a spatially organized feature tensor given in
equation 4.1 rather than a final classification output.

Fraw
CNN ∈ RB×576×7×7 (4.1)

Individual feature channels are designed to capture the specific morphological signa-
tures of retinal abnormalities of the fundus images such as exudates, hemorrhages,
and microaneurysms.

To enhance the accuracy of these local descriptors before cross interaction with an-
other mode, a lightweight channel-wise calibration module [15] is integrated. This
calibration module of equation 4.2 performs global context aggregation with adaptive
channel reweighting, which allows the network to highlight diagnostically informa-
tive channels whilst cutting off less relevant responses where s denotes the learned
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channel importance weights.

Fcal
CNN = Fraw

CNN ⊙ s (4.2)

In the final stage, the calibrated feature tensors are flattened and projected into
a sequential format given in equation 4.3, preparing them for processing by the
attention layers.

Fseq
CNN ∈ RB×49×576 (4.3)

This sequential feature map is corresponding to a 7×7 spatial grid. By maintaining
the integrity of localized pathological markers, this representation provides a robust
foundation for subsequent attention-driven global modeling.

4.1.2.3 ViT Branch: Vision Transformer Tiny

Simultaneously with the CNN branch, the global contextual features are obtained
with the help of Vision Transformer Tiny (ViT-Tiny). In contrast to convolutional
architectures, Vision Transformers (ViTs) are not based on the use of convolutional
layers as feature extractors, but the ViTs model representations of global relation-
ships, with the help of self-attention mechanisms [17]. The ViT models long distance
spatial relationship by self attention and making it explicit in identification of the
distribution of lesions with respect to the anatomical landmarks like optic disc and
macula.
The input image is divided into non overlapping 16×16 patches producing 196 patch
tokens. The generated token sequences after linear and positional encoding is run
through a stack of transformer layers. As it is customary, the classification token is
abandoned and the patch-level representations are kept.

FViT ∈ RB×196×192 (4.4)

The patch-level information shown in equation 4.4 in each token is enhanced with
global information self-attention. These characteristics supplement the localized
representations of the CNN and are the source of context of global interaction that
is subsequently cross-modal.

4.1.2.4 Feature Projection to a Common Embedding Space

The CNN and ViT branches generate feature sequences which vary in channels di-
mensions. Both representations are to allow an interaction across modalities coded
into a common embedding space of size C = 192 through the use of linear transfor-
mations and layer normalization and dropout.

Fproj
CNN ∈ RB×49×192 Fproj

ViT ∈ RB×196×192 (4.5)

This correspondence shown in equation 4.5 s necessary so that the spatial tokens
of each modality can be located within a similar feature space, allowing successful
attention fusion but retaining their synergistic spatial scales.
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4.1.3 Gradient-Balanced Cross-Modal Bridge (GBCMB)

4.1.3.1 Cross-Modal Gradient Balancing and Information Exchange

A frequent issue in multimodal neural architecture is that modalities can be under-
fitted because the modalities may conflict on the gradients they give during cross-
modal fusion and the modalities do not learn equally on cross-modal fusions [53].
This is an especially acute problem in CNN hybrid models, in which CNNs gen-
erate spatially concentrated gradients based on the localized patterns, and ViTs
spread gradients more across the input picture with self-attention. Otherwise, the
imbalance can cause one of the modalities to prevail the complementary benefit of
multi-modal fusion, which is reduced during the optimization process.

The Gradient-Balanced Cross-Modal Bridge (GBCMB) is aimed at dealing with this
issue using a learnable gradient scaling mechanism embedded in a cross-attention
framework. This module fulfills two major goals: (1) allowing CNN functions to
take into account ViT-based global context, and (2) preserving the gradients be-
tween the two of the branches. GBCMB learns attention patterns with respect to
the ViT tokens (global context) are relevant to each CNN token. The gradient
balance and (local feature) will make sure that both modalities learn effectively.
Moreover, the module is used to carry out non-linear transformations in order to
combine the.transformed cross-attended information to refined and consolidated rep-
resentations.

4.1.3.2 Cross-Modal Attention Formulation

GBCMB employs a cross-attention mechanism used for respective feature embed-
dings before computing attentions [49] given in equation 4.6 in which CNN features
act as queries, while ViT features serve as keys and values. Given projected feature
sequences Fproj

CNN ∈ RB×Nc×C and Fproj
ViT ∈ RB×Nv×C , queries, keys, and values are

computed as:

Q = WQF
proj
CNN, K = WKF

proj
ViT , V = WVF

proj
ViT (4.6)

where WQ,WK ,WV ∈ RC×C are learnable projection matrices.

The cross-attention output shown in equation 4.7 is computed using scaled dot-
product attention:

Attention(Q,K,V) = softmax
(
QK⊤
√
dk

)
V (4.7)

where dk denotes the per-head embedding dimension. The softmax ensures atten-
tion weights sum to 1 across the context sequence, making them interpretable as a
probability distribution over which ViT tokens to attend to.

4.1.3.3 Implicit Gradient Balancing via Reciprocal Scaling

The key inspiration of GBCMB lies in its gradient-balancing mechanism. A learnable
scalar parameter shown in equation 4.8 β controls reciprocal scaling between the two
modalities during training:

α = clamp(β, 0.5, 2.0). (4.8)
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Our approach is also closest in CLIP with the difference that we apply the scaling
at the feature level to symmetrically regulate gradient flow between CNN and ViT
branches [19]. During the forward pass, modality features are scaled by the formula
4.9:

F̃CNN = α · Fproj
CNN, F̃ViT =

1

α
· Fproj

ViT . (4.9)

At inference time, no scaling is applied. Although the scaling in equation 4.9 is
applied in the forward pass, its primary effect manifests during backpropagation.
By the chain rule of equation 4.10, gradients with respect to the original features
satisfy:

∂L
∂Fproj

CNN

= α · ∂L
∂F̃CNN

,
∂L

∂Fproj
ViT

=
1

α
· ∂L
∂F̃ViT

. (4.10)

As a result, when α > 1, gradients flowing into the CNN branch are amplified while
those entering the ViT branch are attenuated; the opposite occurs when α < 1.
Since β is optimized end-to-end, the network adaptively reduces extreme imbalance
in learning dynamics between modalities.

Unlike explicit gradient normalization or loss reweighting techniques, this balancing
is achieved implicitly through reciprocal feature scaling, allowing standard back-
propagation without custom gradient manipulation.

4.1.3.4 Feature Refinement

The cross-attended features are further refined using a feed-forward network (FFN)
with residual connections shown in equation 4.11 and layer normalization in equa-
tion 4.12:

H = CrossAttn(F̃CNN, F̃ViT) (4.11)

Fenh
CNN = H+ FFN(LayerNorm(H)) (4.12)

The output Fenh
CNN ∈ RB×Nc×C is CNN features that have been enhanced by global

context of ViT branch. Due to cross-attention, which functions on pre-scaled fea-
tures, balanced gradient magnitude is maintained through this design from anal-
ogous to temperature based scaling in CLIP [19]. The output represents CNN
features enriched with relevant global context while maintaining balanced gradient
flow across modalities. These features are passed to the subsequent Pathology-Aware
Attention Pooling module.

4.1.4 Pathology-Aware Attention Pooling (PAAP)

The Pathology-Aware Attention Pooling (PAAP) is a class-dependent pooling scheme
that is developed in response to the problem of pooling spatial features of medical
images. The classical pooling techniques like global average pooling or max pooling
consider all the spatial locations, whereas in the case of medical images, the diagnos-
tically useful information can be concentrated in certain areas, which differ across
different types of diseases. This observation is in line with earlier work in medical
image analysis, which demonstrates that diagnostically significant patterns are usu-
ally spatially localized, and different across diseases, which in turn is the motivation
of attention-based or region-aware pooling strategies [10], [11]. PAAP surpasses this
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weakness by mastering the ability to pay attention to the most informative areas to
each pathology.

4.1.4.1 PAAP Architecture Overview

PAAP works by training individual attention questions per disease group, which
allows the model to concentrate on other parts of the image based on the pathology
under consideration. The attention mechanism gives a more important role to phys-
ical locations, which are applicable to the particular illness. The key components of
PAAP are:

• Class-Conditional Attention Queries: Separate queries are trained on
diseases classes, and the model is able to target separate regions that are best
instructive to a given pathology.

• Spatial Attention Computation: Attention weights are calculated with the
help of scaled dotproduct attention, features the queries in the CNN feature
highlighting of critical areas.

• Aggregation: The features that are attended are concatenated and somehow
aggregated to constitute a condensed global representation that is projected
to the embedded dimensional for classification.

4.1.4.2 Class-Conditional Attention Modeling

In contrast to generic attention systems that are taught one global significance dis-
tribution, PAAP uses its own set of learnable attention queries under every class.
These queries are not anatomically fixed points, but acquire to encode spatial pat-
terns giving the most valuable indicators of a certain pathology. This design enables
other classes of diseases to serve other parts of the same image.

Our pathology-aware attention pooling is inspired by query-based attention mecha-
nisms such as DETR [13], but differs in that we employ class-specific sets of learnable
queries to capture heterogeneous disease-related spatial patterns.The PAAP frame-
work incorporates a trainable query shown in equation 4.13 allowing the model to
iteratively refine the values through backpropagation.

Q ∈ RK×Q×C (4.13)

where K is the number of classes, Q denotes the number of queries per class, and
C is the embedding dimension. The querying of multiple queries by class enables
the model to learn complementary spatial patterns, e.g. a variety of lesion types or
spatial patterns related to a single disease.

4.1.4.3 Spatial Attention Computation

The spatial attention computation used in our model follows the query-based at-
tention mechanism used in DETR[13] which extends with class-specific queries to
enable pathology-aware spatial pooling. Attention weights, on each class k and
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query q, are computed on spatial tokens with scaled dot-product attention shown in
equation 4.14.

Ak,q = softmax
(
Qk,qK

⊤
√
C

)
(4.14)

where Ak,q ∈ RN . This operation allows each query to sequentially attend to every
spatial positions, selecting the features whose patterns perfectly match the charac-
teristics of the previously learned classes.

We derive the attenuated representation for every class-query pair using the following
equation 4.15.

Zk,q = Ak,qV (4.15)

In the equation Zk,q represents a query-specific summary vector and class-specific
summary vector acquired through weighted spatial CNN features by their relevance
to a given pathology.

4.1.4.4 Aggregation and Global Representation

In every class, the features attended of all queries are put together to create a
class-level representation, which represents several spatial features of the pathology.
When the predictions of the classes cannot be trusted during initial stages of training,
representations of classes are summed up with a uniform average between classes
shown in equation 4.16.

Z =
1

K

K∑
k=1

Concat(Zk,1, . . . ,Zk,Q). (4.16)

Our single-class average-out method and combination of various query-level repre-
sentations with linear projection is inspired by the query-based attention model, like
DETR[13], and the need to find reliable class predictions in systems where the class
prediction is less reliable. This combination approach is stable in learning and pro-
vides the opportunity of all classes to aid the pooled representation. The resulting
vector shown in equation 4.17 is reconstructed back into the embedding dimension.

Fglobal
CNN = WoutZ, (4.17)

where Wout ∈ RC×(Q·C). The multi-query representation is concatenated and the
projection matrix Wout reduces it into a global feature representation of fixed di-
mension, which allows complementary spatial evidence to be easily integrated.

4.1.5 Uncertainty-Gated Feature Fusion (UGFF)

Uncertainty-Gated Feature Vision (UGFF) serves as an adaptive mechanism that
integrates global features from CNN and ViT backbones by weighting their contri-
butions according to input specific predictive uncertainty. The confidence of predic-
tions that the model provides depends on the inputs. The uncertainty-gated aspect
of the feature fusion is based on uncertainty-weighted learning models [9], and ex-
panded to adaptively combine CNN and Transformer representations depending on
input-specialized predictive uncertainty. CNN features prove to be more reliable on
some images with obvious local lesions and ViT features are more reliable on some
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images with diffuse patterns. The variability is handled by UGFF shown in fig-
ure 4.2 which modulates the contribution of each modality dynamically depending
on the estimated uncertainty of the model.

Figure 4.2: The attention maps for CNN, ViT, and their fused representation based
on uncertainty.

4.1.5.1 UGFF Architecture

UGFF consists of the following key components:

• Uncertainty Estimation: To estimate the uncertainty of the model, a
lightweight head that takes the concatenated CNN and ViT features is used
to determine the confidence of the model on a per-input basis. The signal of
uncertainty directs the fusion process and the model is able to highlight the
most dependable modality of each input.

• Modality-Specific Feature Processing: All modalities (CNN and ViT)
are processed separately by an independent processing path before fusion to
transform and normalize the modality.

• Uncertainty-Guided Fusion: The processed CNN and ViT features are
mixed with weights which get dynamically updated according to the uncer-
tainty value. CNN features are more weighted when the uncertainty is great
and equally both modalities are weighted when the uncertainty is small.

• Fusion Alignment: The resulting fused representation is in turn projected
to a shared embedding space via a linear projection matrix which ensures
the desired combination of CNN and ViT features and provides the fused
representation with downstream classification.

4.1.5.2 Uncertainty Estimation

UGFF estimates a scalar uncertainty shown in equation 4.18 where value for each
input using the concatenated global CNN and ViT features.

fcomb = Concat
(
Fglobal

CNN ,Fglobal
ViT

)
(4.18)

where fcomb ∈ R2C . The concatenated vector fcomb ∈ R2C jointly encodes local CNN
evidence and global ViT context, serving as the input to the uncertainty estimation
head.

The proposed uncertainty estimation head is based on the principle of learnable gat-
ing mechanisms of mixture-of-experts models, which generates a scalar uncertainty
score which flexibly changes multimodal feature contributions[8]. This combined

31



representation is processed by a lightweight uncertainty estimation head given in
equation 4.19 implemented as a two-layer multilayer perceptron in equation 4.20.

h = ReLU(W1fcomb) (4.19)

u = σ(W2h) (4.20)

where W1 ∈ RC
2
×2C , W2 ∈ R1×C

2 , σ(·) denotes the sigmoid function, and u ∈ [0, 1]
represents the estimated uncertainty. Values close to zero indicate high confidence,
while values close to one indicate high uncertainty.The figure 4.3 highlights an
overview of the uncertainty estimation.

Figure 4.3: UGFF Feature Space Visualization Before and After Fusion.

4.1.5.3 Modality-Specific Feature Processing

As is customary in multimodal learning, every modality is represented by a separate
projection and normalization path before fusion, or can be represented by an embed-
ding head like those of CLIP [19], but modality-specific. Before fusion, each modal-
ity is passed through an independent processing path to enable modality-specific
transformation and normalization shown in equation 4.21 and equation 4.22.

F̃CNN = GELU
(
LN(WCNNF

global
CNN )

)
(4.21)

F̃ViT = GELU
(
LN(WViTF

global
ViT )

)
(4.22)

where WCNN,WViT ∈ RC×C and LN denotes layer normalization.

4.1.5.4 Uncertainty-Guided Fusion

The processed features are combined using uncertainty-dependent weights by the
equation 4.23.

wCNN = 0.5 + 0.3u, wViT = 0.5− 0.3u (4.23)

This formulation ensures that the weights are positive and sum to one for all values
of u. When uncertainty is low, both modalities contribute equally. The more un-
certain they are, the more they are emphasized on CNN features, which indicates
their strength to localized pathological evidence.

The fused representation is computed as shown in the equation 4.24.

Ffused = wCNN · F̃CNN + wViT · F̃ViT. (4.24)
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The uncertainty-dependent weighting is based on the principle of uncertainty-aware
gating applied to previous results and generates a convex mixture of CNN and ViT
representations, which is positive and stable [8], [9].The fused representations shown
in equation 4.25 are ultimately projected into a shared embedding spacing through
a linear layer to ensure proper dimensional consistency. space 4.25:

Ffused = WfusionFfused, (4.25)

where Wfusion ∈ RC×C . This linear projection uses a learnable transformation which
reencodes the uncertainty weighted features into a single embedding space in dimen-
sion C. The projection matrixWfusion ∈ RC×C can be trained to optimally combine
and re-scale the fused representation, reducing biases related to modality that are
added in the process of weighted fusion. By reconciling the features obtained from
different modailities, this procedure facilitates deeper synergy between the CNN and
ViT elements. Ultimately, it generates a standardized and a fixed global represen-
tation which is optimized for the final classification task. A visual representation
has been shown in figure 4.4.

Figure 4.4: Uncertainty vs Prediction Accuracy of UGFF

4.1.5.5 Learning Dynamics and Output

The uncertainty estimation head is trained in the end to end without supervision.
Using backpropagation, the network is able to learn values of uncertainty that en-
hance the performance of classification by giving preference to the more accurate
modality with each input.

The last output Ffused ∈ RC is the input to the next Compact Mixture- of-Experts
classifier, and the uncertainty values are a signal to be understood, the signal of the
certainty of the model on its predictions.

4.1.6 Compact Mixture-of-Experts Classifier (CMOE)

Compact Mixture-of-Experts (CMOE) is a small scale implementation of MoE that
operates with a small number of experts, and shallow networks of experts. CMOE is
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a small classification component that is intended to substitute a single large classifier
with a network of expert networks that are specialized. Every specialist is concerned
with training a small decision boundary of various dimensions of the classification
problem. The suggested CMOE classifier is based on the paradigm of mixture-of-
experts, which uses a set of lightweight expert networks and a gating mechanism
based on input, and uses load-balancing regularization against expert collapse[1], [8].
The model makes use of a gating network to assign dynamic weights to every expert
in accordance with the input features. This enables specialization to be adaptive
without making the models more complex as a way of guaranteeing efficient and
effective classification.

4.1.6.1 CMOE Architecture

The CMOE architecture consists of multiple expert networks and a gating network.
The key components of the architecture are as follows:

• Expert Networks: CMOE is based on E expert networks, each of which is
a two-layer small MLP. These professionals have the specialization of learning
tight decision boundaries that concentrate on various facts of the classification
task.

• Gating Network: The gating network identifies the relative significance of
every expert on a particular input. It gives a probability distribution of the
experts with respect to the input features.

• Expert Aggregation: Individual experts come up with class logits and the
end result is determined as a weighted average of all the individual expert out-
puts. The gating mechanism modulates the weighting coefficients adaptively
and conditioned on the specific features of the input data.

• Load Balancing Regularization: CMOE has a load balancing regularizer
to maintain balanced expert usage and eliminate collapse (when the majority
of inputs are directed to one expert), where the load balancing regularizer will
be punitive against unbalanced expert utilization.

4.1.6.2 Expert Networks

CMOE consists of E expert networks, each implemented as a small two-layer MLP.
Each specialist is trained as a two-layer lightweight multilayer perceptron, with
the typical mixture-of-experts formulation, in which each specialist is trained on
specialized decision functions on the input feature space [1]. Given the fused global
feature vector Ffused ∈ RC , the output of the e-th expert is computed as shown in
eqaution 4.26.

oe = We,2 ReLU(We,1Ffused) (4.26)

where We,1 ∈ RD×C , We,2 ∈ RK×D, D denotes the expert hidden dimension, and
K is the number of classes. The small hidden dimension encourages each expert to
learn compact, specialized decision boundaries.
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4.1.6.3 Gating Network

A gating network determines the relative contribution of each expert for a given
input. The gating network is a standard mixture-of-experts model, it is a softmax-
normalized distribution over experts that depend on the input features [1]. The
gating logits are computed as shown in equation 4.27.

g = softmax(WgateFfused) (4.27)

where Wgate ∈ RE×C and g ∈ RE is a probability distribution on experts. Soft
gating makes sure that the experts are differentiable and play a role in the final
prediction.

4.1.6.4 Expert Aggregation

The end prediction is the weighted average of expert predictions, according to the
conventional mixture-of-experts combination process [1]. The prognosis of each ex-
pert is generated, and the overall prognosis is acquired as a weighted sum according
to equation 4.28.

y =
E∑

e=1

ge · oe (4.28)

In this formulation, the classifier is able to take a combination of several specialized
views with adjustments to the importance of experts on a sample-by-sample basis.

4.1.6.5 Load Balancing Regularization and Output

CMOE uses a load balancing regularization term to avoid the phenomenon of expert
collapse, in which the gating network directs most of the inputs to one expert. Expert
usage is a moving average that is exponential shown in equation 4.29.

ue ← αue + (1− α)E[ge] (4.29)

where α is a smoothing coefficient. In order to avoid the risk of expert collapse,
we use a load-balancing regularization method, similar in use to previous mixture-
of-experts models, that promotes equal use of experts in training [8]. The load
balancing loss rewards the failure to follow the uniform utilization of the experts as
given in equation 4.30.

Lbalance = λ
E∑

e=1

(
ue −

1

E

)2

(4.30)

This regularization encourages balanced expert participation while preserving clas-
sification performance. This standardization will encourage equal professional par-
ticipation and sustain the performance of the classification.

It uses the resulting logits y ∈ RK to calculate the primary classification loss. The
gating probabilities can bring further insights on the interpretability as they indicate
the experts lend themselves most to every prediction.
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4.1.7 Intra-Class Variance Regularization (ICVR)

The proposed intra-class variance regularization shares the same concept with the
previous literature that has regularized the idea of compact class-wise feature dis-
tributions to enhance generalization, like center loss and Fisher-based discriminant
objectives [6]. Intra-Class Variance Regularization (ICVR) is a training-time reg-
ularization method that promotes compact distributions of features within each of
the classes and is aimed at improving the generalization of a model. The topology of
the learned feature space is very critical in the generalization of a model. Features
that belong to the same or similar class are likely to be dispersed in models that
are prone to overfitting and this leads to brittle decision boundaries. In contrast,
robust models with high generalization capacity structure the representation space
such that features belonging to the same category form dense and distinct clusters
with clear inter-class margins.

The explicit method to do this in ICVR punishes variance in the distribution of
features of each group, thus encouraging more reliable and general decision bound-
aries. ICVR facilitates the reduction of intra-class scattering to make the model
learn to arrange the class features in a compact way, without changing the forward
architecture of the model. This norming procedure is an additional loss to the main
training goal, which brings about the stabilization of the feature space and decreases
overfitting.

4.1.7.1 Centroid Estimation

ICVR maintains a running centroid for each class in the embedding space. The
suggested intra-class regularization of the variance is largely similar to center-based
compactness of features goals, featuring momentum-steadied centroid of classes and
uncoupled proxy objectives to stabilize training [6]. Let Ffused ∈ RB×C denote the
fused feature representations and y ∈ {1, . . . , K}B the corresponding class labels.
For each class k, a centroid µk ∈ RC is updated using a momentum-based scheme
shown in equation 4.31.

µk ←

{
mk, if nk = 0

γµk + (1− γ)mk otherwise
(4.31)

where mk is the mean feature vector of class k in the current batch, nk tracks whether
the centroid has been initialized, and γ ∈ [0, 1) is the momentum coefficient. This
update stabilizes centroid estimates by reducing sensitivity to batch-level noise.

4.1.7.2 Variance Regularization Loss

The intra-class variance loss given in equation 4.32 penalizes the average squared
distance between features and their corresponding class centroids.

LICVR =
1

K

K∑
k=1

Ei:yi=k

[∥∥∥F(i)
fused − stopgrad(µk)

∥∥∥2

2

]
(4.32)

The centroid vectors 4.32 are detached from the computational graph to prevent
trivial solutions in which centroids move toward individual samples rather than
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guiding feature learning.

Averaging across classes ensures balanced regularization even under class imbalance.

4.1.7.3 Integration with Training Objective

ICVR is applied only during training and acts as an auxiliary regularization term.
The total training objective shown in equation 4.33 is given by:

Ltotal = LCE + Lbalance + λICVRLICVR (4.33)

where LCE denotes the primary classification loss, Lbalance is the mixture-of-experts
load balancing loss, and λICVR controls the strength of the regularization. A small
weighting factor ensures that ICVR promotes compact feature clusters without dom-
inating the optimization process.

4.1.8 Training Methodology

4.1.8.1 Loss Function

The training objective combines a primary classification loss with auxiliary regular-
ization terms that promote balanced expert utilization and robust feature geometry.
The total loss is defined as in equation 4.34.

Ltotal = LCE + Lbalance + λICVRLICVR (4.34)

where LCE denotes the cross-entropy classification loss, Lbalance is the mixture-of-
experts load balancing loss, and LICVR is the intra-class variance regularization term.
The weighting factor λICVR is set to a small value to ensure regularization does not
dominate the optimization process.

To reduce the issue of overconfident predictions, label smoothing is applied on the
classification targets as shown in equation 4.35.

ỹk = (1− ϵ)yk +
ϵ

K
(4.35)

where yk is the one-hot label, K is the number of classes, and ϵ = 0.08. TThis leads
to calibrated probability estimates better and enhances generalization.

4.1.8.2 Optimizer Configuration

The model is trained using the AdamW optimizer with the following hyperparam-
eters: learning rate 3 × 10−5, weight decay 0.025, β1 = 0.9, β2 = 0.999, and nu-
merical stability constant ϵ = 10−8. AdamW is selected for its decoupled weight
decay, which provides consistent regularization across both pretrained and newly
introduced parameters. The relatively low learning rate is chosen to preserve the
pretrained features of MobileNetV3 and ViT-Tiny while allowing fine-tuning on the
fundus imaging domain.
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4.1.8.3 Learning Rate Scheduling

The optimization process follows a learning rate protocol that incorporates an initial
warmup phase which is followed by a cosine annealing decay schedule. During the
warmup phase (first 15 epochs), the learning rate increases linearly from near zero
to the initial learning rate. This is followed by cosine annealing in equation 4.36
until convergence, allowing smooth decay of the learning rate:

η(t) = ηmin +
1

2
(ηmax − ηmin)

[
1 + cos

(
π

t− Twarm

Tmax − Twarm

)]
(4.36)

In addition, a ReduceLROnPlateau strategy is applied as a supplementary mecha-
nism to reduce the learning rate when validation performance stagnates.

4.1.8.4 Exponential Moving Average

An exponential moving average (EMA) shown in equation 4.37 of model parameters
is maintained during training.

θEMA = αθEMA + (1− α)θ (4.37)

with decay factor α = 0.9995. EMA weights are used exclusively for validation and
final evaluation, providing more stable and reliable performance estimates.

4.1.8.5 Gradient Stabilization

To prevent gradient explosion, particularly in the presence of transformer compo-
nents and multiple auxiliary losses, gradient norms are clipped to a maximum value
of 1.0 as given in equation 4.38.

∥∇L∥ ← min(∥∇L∥, 1.0) (4.38)

4.1.8.6 Early Stopping

Training is terminated early if validation accuracy fails to improve for 80 consecutive
epochs. Additionally, training is stopped if the gap between training and validation
accuracy exceeds 5% after sufficient convergence, preventing excessive overfitting.

4.1.8.7 Batch Configuration

A batch size of 20 is used during training to balance gradient stability and memory
constraints. For validation and testing, a larger batch size of 40 is employed to
improve computational efficiency, as gradients are not required.

4.2 Model Specification
The classification of medical images has a number of challenges that essentially differ
with ones that are faced during natural image classification. The pathologic char-
acteristics tend to be delicate, spatially confined, and extremely not only different
in the same diagnosis group. Moreover, medical data are generally small and can
have the unavoidable annotation errors. These properties require a model structure
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that puts emphasis on robustness, adaptive reasoning and interpretation instead of
bare representational ability. Therefore, the proposed model has clear architectural
mechanisms that will deal with these obstacles on the levels of representation, fu-
sion, and decision making.

The suggested architecture MuninFormer adheres to the design of hybrid convolu-
tional and transformer based architectures. The main reason behind this selection is
that Convolutional Neural Networks (CNNs) and Vision Transformers (ViTs) com-
plement each other. CNNs offer high inductive bias of local spatial microtextures
like lesions, vascular anatomy and texture abnormalities, which play a vital role in
medical images. Their capability of modeling long-range dependencies is however
limited. Vision Transformers, by contrast, are quite effective at learning the con-
textual relationships globally by using self-attention, but usually have to be trained
on large datasets to generalise effectively. The proposed architecture will integrate
the two paradigms to help capture both the fine-grained local pathology and global
anatomical context jointly with the preservation of data efficiency.

To ensure successful communication between CNN and ViT branches, extracted fea-
ture projections of both backbones are mapped into an embedding space of fixed
dimensionality. This is required to ensure the two branches are together since they
are different significantly in their feature statistics, spatial resolution and seman-
tic structure. Let Fcnn ∈ RB×Ncnn×C and Fvit ∈ RB×Nvit×C denote features of the
projected CNN and ViT feature sequences respectively. Linear projection and then
normalization make sure that the two modalities play a similar role in the fusion pro-
cess, thus enhancing training, steadiness and the averting of premature pre-emption
of one branch by the other. The comparison of the extraction of local and global
features with CNN and ViT backbones, respectively, is presented in Figure 4.5.
These two streams of features are then projected to the same dimension embedding
space where they are then fused to create cross-modal interaction and balance on
propagated gradients.
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Figure 4.5: Dual Feature Extraction of CNN and ViT branches

One of the most perilous issues in the hybrid architectures is the unbalanced gradi-
ent flow during training whereby one of the modalities continues to receive gradient
updates that are disproportionately huge. This may result in inadequate exploita-
tion of the complementary arm and poor feature learning. To overcome this prob-
lem, Gradient-Balanced Cross-Modal Bridge is provided. In this module, the cross-
attention of CNN and ViT features are performed with adaptive scaling in training
to equalize the magnitude of the gradient. The design explicitly controls the learning
dynamics instead of implicitly balancing the system, hence both the local and global
representation are optimized together in the course of training. Figure 4.6 gives
us an overview of the architecture of the Gradient-Balanced Cross-Modal Bridge
(GBCMB). The CNN feature tokens serve as query in a cross-attention operation
on ViT tokens, and allow injecting the global contextual information into spatially
localized representations. Adaptive feature scaling is used in training which also
implicitly controls the magnitude of cross-modal gradients leading to optimization
stability without explicit gradient normalization.
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Figure 4.6: Proposed Gradient-Balanced Cross-Modal Bridge

After cross-modal interaction, the model has to combine spatial features into a small
global representation that can be classified. Conventional global average pooling is a
situation in which the spatial locations are equally important, which is not the case
for clinical reality in which the pathological regions tend to be localized and depen-
dent on classes. In order to eliminate this shortcoming, a Pathology-Aware Atten-
tion Pooling mechanism is utilized. In this module, learnable and class-conditional
query vectors are introduced that consider spatial characteristics concerning partic-
ular types of diseases. Given a set of class-specific queries Qk and feature keys K,
attention weights are computed as in the given equation 4.39

Ak = softmax
(
QkK

⊤
√
d

)
(4.39)

where d denotes the embedding dimension. The attention-weighted resulting fea-
tures highlight the diagnostically significant areas and generate interpretable atten-
tion maps which conform to clinical expectations.
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Figure 4.7: Proposed Pathology-Aware Attention Pooling

Figure 4.7 depicts that PAAP substitutes the traditional global pooling with class-
conditional multi-query attention that selectively chooses the spatial features of the
pathology-relevant regions.

Although both CNN and ViT branches play valuable roles, their relative contribu-
tion to information is valuable. Samples have different levels of importance. On
ambiguous or blurry images usually strident local features can be more predictive,
and in more distinct cases, global contextual reasoning may dominate. In order to
allow this variability, an Uncertainty-Gated Feature. Mechanism of fusion is pre-
sented. The present module approximates a scalar uncertainty value u ∈ [0, 1] of
the composite feature representation and bases on it to adjust the adaptive weight-
ing of inputs of every branch. The fused feature representation Ffused given in the
equation 4.40 is computed as

Ffused = α(u)Fcnn + β(u)Fvit (4.40)

where α(u) and β(u) are monotonic functions of the estimated uncertainty. Such an
adaptive fusion approach allows input based reasoning that is especially crucial in
the medical decision making scenarios.

To achieve the last classification step, a Compact Mixture-of-Experts (CMOE) clas-
sifier will be used instead of a single monolithic classifier. Task Medical classification
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tasks are usually associated with inter-class complexities in which some class differ-
ences are more difficult compared to others. The decision boundaries are learned by
one classifier and this makes the model more complex as well as prone to overfitting.
The proposed design breaks this task into several lightweight network of experts
each of which focuses on various aspects of the classification problem. A gating net-
work attaches weights to input dependent on each expert and the eventual forecast
is given as a weighted sum of expert outputs. The design encourages specialization
with efficiency of parameters.

Even in an architecturally regularized model, deep models can still overfit on in-
stance specific features instead of being able to learn features that are invariant
across all classes. In order to counterbalance this threat, Intra-Class Variance Reg-
ularization (ICVR) mechanism is introduced in the training. This auxiliary goal
makes features of the same class to clump closely around a centroid of the class in
the embedding space. Officially, the regularization loss minimizes the mean squared
error between feature vectors and centrals of the classes and thus encourages tight
and discriminative class representations. This limitation is a supplement to conven-
tional regularization methods like dropout and weight decay.

A key feature of the suggested design is that the interpretability would be created as
a result of the architecture and not something that would be brought up as a post-
hoc analysis. The pooling mechanism generates attention maps, the uncertainty
estimates generated during fusion and expert selection probabilities generated by
the classifier give several perspectives of understanding model behavior. This de-
sign option promotes openness and promotes confidence in clinical implementation
conditions.

Finally, interpretability, adaptability, training stability, and representational power
compromise purposefully in the proposed model design. The design has a problem
focus and each design element is presented to solve a certain shortcoming noticed
in the traditional methods. This pre-specification forms a platform on which the
implementation and experimental evaluation in later chapters will be based.

4.2.1 Datasets

This study utilizes two publicly available retinal fundus image datasets: the Eye
Disease Classification (EDC) dataset and the AMDNet23 dataset. Each dataset
serves a distinct purpose within the experimental pipeline, enabling both multi-
disease classification analysis and dataset-level distribution assessment.

4.2.2 Eye Disease Classification (EDC) Dataset

In the study, a dataset which was publicly available was used which included images
of retinal fundus. The Kaggle dataset of Eye Disease Classification [20] is made up
of 4,217 color retinal fundus pictures split into four separate categories as shown in
figure 4.9. The catagories are Normal (1,074 images), Diabetic Retinopathy (1,098
images), Cataract (1,038 images) and Glaucoma(1,007 images). All the images are
coded with a single label of a class referring to one ocular condition. The balance
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between images distribution is approximately even as depicted in Figure 4.8 and
each with about 1,000 images of the different classes obtained by different sources
which includes databases like IDRiD, HRF and Ocular Recognition. This diversity
introduces differences in resolution, color and image device features which are to be
standard pretraining model training.

(a) Class Distribution (Bar Chart)

(b) Class Distribution (Pie Chart)

Figure 4.8: Distribution of eye disease classes within the studied dataset
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Figure 4.9: Sample retinal fundus images for each disease class: Cataract, Diabetic
Retinopathy, Glaucoma, and Normal.

4.2.3 AMDNet23

The AMDNet23 dataset [47] is a curated collection of 2,000 high-quality retinal
fundus images compiled from six publicly available sources, namely Ocular Disease
Recognition, DR_200, Fundus Dataset, RFMiD, HRF, and ARIA. The dataset con-
tains four balanced disease classes—Normal, Diabetic Retinopathy, Cataract, and
Age-related Macular Degeneration (AMD)—with 400 images per class. All images
were enhanced using advanced preprocessing techniques, including gamma correc-
tion and Contrast Limited Adaptive Histogram Equalization (CLAHE), to improve
visual clarity and diagnostic relevance. AMDNet23 is designed to support research
in deep learning–based ocular disease detection and multi-class fundus image clas-
sification.
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Figure 4.9: Class-wise distribution of the AMDNet23 dataset

4.2.4 Dataset Cleaning

To prevent data redundancy on the datasets and potential information leakage,
the dataset was screened for duplicate and near-duplicate images using perceptual
hashing. Each image was converted to grayscale and processed using a difference-
hash–based method, enabling detection of visually identical or highly similar sam-
ples despite minor pixel-level variations. This procedure identified three duplicate
groups, including cases where identical images appeared across different class di-
rectories on the EDC dataset and on the AMDNet23 Dataset 157 duplicate images
were identified and removed.
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Table 4.1: Dataset cleaning and quality control summary.
Check Count
Duplicate images removed on EDC 3
Duplicate images removed on AMDNet23 157

4.2.5 Dataset Preprocessing

We train the fundus image image dataset in our pipeline with extensive data aug-
mentation and preprocessing procedures that are medical imaging specific. The
preprocessing includes CLAHE (Contrast Limited Adaptive Histogram Equaliza-
tion) that is especially useful with fundus images due to the ability to improve local
contrast to display blood vessels, lesions, and other pathological phenomena.

4.2.5.1 Training Augmentation Pipeline

For training, we apply the following augmentation sequence using the Albumenta-
tions library:

1. CLAHE Enhancement: Applied with clip limit of 2.0 and tile grid size of
8×8 with probability p = 0.5. This adaptive histogram equalization enhances
local contrast while preventing over-amplification of noise.

2. Random Resized Crop: Images are randomly cropped and resized to 224×
224 pixels with scale range (0.8, 1.0) and aspect ratio range (0.9, 1.1). This
introduces translation and scale invariance.

3. Geometric Transforms: Horizontal flip (p = 0.5), vertical flip (p = 0.3),
and rotation within ±10 (p = 0.5) are applied to increase data variability.

4. Color Augmentation: Either ColorJitter (brightness, contrast, saturation
±0.15, hue ±0.05) or RandomBrightnessContrast (±0.15) is applied with com-
bined probability p = 0.5.

5. Blur/Noise Injection: Either Gaussian blur (kernel size 3–5) or Gaussian
noise (variance 5–20) is applied with probability p = 0.2 to improve robustness.

6. Coarse Dropout: Random rectangular regions (1–6 holes, size 8–20 pixels)
are filled with zeros with probability p = 0.15, acting as regularization.

7. Normalization: Images are normalized using ImageNet statistics (mean =
[0.485, 0.456, 0.406], std = [0.229, 0.224, 0.225]).

4.2.5.2 Validation/Test Preprocessing

For validation and testing, we apply a deterministic preprocessing pipeline:

1. CLAHE Enhancement: Applied with probability p = 1.0 to ensure consis-
tent contrast enhancement across all evaluation images.

2. Resize: Images are resized to 231×231 pixels (approximately 1.03× the target
size).
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3. Center Crop: A center crop of 224× 224 pixels is extracted.

4. Normalization: Same ImageNet statistics as training.

4.2.6 Dataset Splitting

The dataset is split into training, validation, and test sets using stratified sampling
to maintain class distribution across all splits. The split ratios are 70% for training,
15% for validation, and 15% for testing. Algorithm 1 presents the dataset splitting
and loading procedure.

Algorithm 1 Dataset Splitting and Loading
Require: CSV file with image paths and labels, Image directory
Ensure: Training, Validation, and Test DataLoaders
1: Load dataset CSV into DataFrame D
2: Extract labels y ← factorize(D[‘label’])
3: // First split: 70% train, 30% temporary
4: idxtrain, idxtemp ← StratifiedSplit(D, test_size = 0.30, stratify = y)
5: // Second split: 50% validation, 50% test (of the 30%)
6: idxval, idxtest ← StratifiedSplit(idxtemp, test_size = 0.50, stratify = y[idxtemp])
7: Create Dtrain ← FundusDataset(D[idxtrain], train_transform)
8: Create Dval ← FundusDataset(D[idxval], val_transform)
9: Create Dtest ← FundusDataset(D[idxtest], val_transform)

10: return DataLoader(Dtrain, batch_size=20, shuffle=True)
11: return DataLoader(Dval, batch_size=40, shuffle=False)
12: return DataLoader(Dtest, batch_size=40, shuffle=False)

4.3 Implementation of Selected Design
This section is about the process description of the implementation of the proposed
MuninFormer architecture to classify fundus images. Its implementation includes
the full pipeline of data preprocessing, model training and visualization of explain-
ability. All the elements were introduced in Python with PyTorch as the main deep
learning platform.

4.3.1 Training Configuration

We configure a set of training hyperparameters to ensure stable optimization and
effective generalization of the proposed MuninFormer model. The model is trained
for a maximum of 300 epochs using a batch size of B = 20, which balances mem-
ory consumption and gradient stability for the dual-backbone architecture. Fundus
images are resized to 224× 224 pixels, and the task involves four disease categories:
cataract, diabetic retinopathy, glaucoma, and normal.

The search algorithm uses a starting learning rate of 3× 10−5 that is gradually in-
creased in the initial 15 epochs to stabilize the initial training dynamics, especially
with attention-based components. Learning rate is then scaled down to the lowest
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value which is 1 × 10−6. The weight decay along with the label smoothing are im-
plemented to promote regularization to reduce the overfitting, whereas the gradient
clipping is employed to avoid irregular updates. Early termination of training at
80 epochs of patience is taken when the performance ceases to increase. Also, con-
vergence and generalization are further stabilized with exponential moving average
(EMA) of model weights.

Parameter Value Description
Maximum Epochs 300 Upper limit for training iterations
Batch Size 20 Samples processed per training

step
Initial Learning Rate 3× 10−5 Learning rate after warmup
Minimum Learning Rate 1× 10−6 Lower bound for learning rate de-

cay
Warmup Epochs 15 Linear warmup period for stable

training
Weight Decay 0.025 L2 regularization coefficient
Label Smoothing 0.08 Regularization to prevent over-

confidence
Gradient Clip Norm 1.0 Maximum allowed gradient mag-

nitude
Early Stopping Patience 80 Epochs without validation im-

provement
EMA Decay 0.9995 Exponential moving average coef-

ficient

Table 4.2: Training configuration and hyperparameters

4.3.2 Model Architecture Hyperparameters

In our implementation, we have used the following architectural hyperparameters as
summarized in Table 4.3. These values were obtained by systematic experimentation
to obtain the best performance within the parameter budget constraint.
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Parameter Value Description
Image Size 224× 224 Input resolution for both back-

bones
CNN Backbone MobileNetV3-Small Lightweight CNN for local feature

extraction
ViT Backbone ViT-Tiny-Patch16 Vision Transformer for global

context
Shared Embedding Dimension 192 Common projection space dimen-

sion
Number of Classes 4 Disease categories in fundus

dataset
Dropout Rate 0.15 Applied in projection layers
Number of Experts (CMOE) 4 Specialized classifier networks
Expert Hidden Dimension 48 Internal dimension of each expert
PAAP Queries per Class 3 Learnable attention queries
Cross-Attention Heads 4 Multi-head attention in GBCMB

Table 4.3: Model Architecture Hyperparameters

4.3.3 Inspired Component Loss Weights

To balance the various loss terms in our multi-objective training, we configure spe-
cific weights for each auxiliary loss component. The Intra-Class Variance Regulariza-
tion (ICVR) loss is weighted by λICV R = 0.05, which encourages tight clustering of
same-class features without overpowering the primary classification objective. The
Mixture-of-Experts (MoE) load balancing loss is weighted by λMoE = 0.1, which
promotes uniform utilization of all expert networks.
The total loss function is formulated as shown in the equation 4.41:

Ltotal = LCE + λICV R · LICV R + λMoE · Lbalance (4.41)

where LCE is the cross-entropy classification loss with label smoothing of 0.08.

4.3.4 Model Architecture Implementation

The MuninFormer model is implemented as a PyTorch nn.Module class integrating
all five inspired components. Figure 4.10 illustrates the complete architecture flow.
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MuninFormer Architecture Flow

Input Image (224× 224× 3)
↓

CNN Backbone (MobileNetV3-Small) → Feature Calibration → CNN
Features

ViT Backbone (ViT-Tiny) → ViT Features (exclude CLS)
↓

Feature Projection to Common Space (d = 192)
↓

GBCMB: Gradient-Balanced Cross-Modal Bridge
↓

PAAP: Pathology-Aware Attention Pooling
↓

UGFF: Uncertainty-Gated Feature Fusion → Uncertainty Score
↓

CMOE: Compact Mixture-of-Experts Classifier → Gate Probabilities
↓

Output Logits (4 classes)

Figure 4.10: MuninFormer Architecture Flow Diagram

4.3.4.1 Backbone Integration

The pre-trained backbones are integrated using the timm library:

• CNN Backbone: MobileNetV3-Small is loaded with features_only=True
and out_indices=[4] to extract the final convolutional feature maps without
the classification head. A lightweight channel attention module (Squeeze-and-
Excitation style) is applied for feature calibration.

• ViT Backbone: ViT-Tiny-Patch16-224 is loaded with num_classes=0 to
obtain transformer encoder outputs. The CLS token is excluded, and patch
tokens are used as spatial features.

Both feature sets are projected to the common embedding dimension (d = 192)
through linear layers followed by LayerNorm and Dropout.

4.3.5 Inspired Components Implementation

This subsection details the implementation of each inspired component in the Munin-
Former architecture, providing both algorithmic descriptions and explanations of the
underlying mechanisms.

4.3.5.1 Pathology-Aware Attention Pooling (PAAP)

PAAP replaces standard global pooling with class-conditional attention, enabling
the model to focus on disease-specific regions in fundus images shown in 2. Unlike
conventional pooling that treats all spatial locations equally, PAAP learns separate
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attention patterns for each disease class, allowing the model to identify pathology-
specific features such as hemorrhages for diabetic retinopathy or optic disc changes
for glaucoma.

Algorithm 2 PAAP Forward Pass
Require: Input features X ∈ RB×N×C , Class queries Q ∈ RK×Q×C

Ensure: Pooled features Z ∈ RB×C , Attention maps A ∈ RB×K×Q×N

1: K ← WK ·X ▷ Key projection: [B,N,C]
2: V ← WV ·X ▷ Value projection: [B,N,C]
3: Qexp ← expand(Q,B) ▷ Expand queries: [B,K,Q,C]
4: // Compute attention scores
5: A← softmax

(
Qexp·KT

√
C

)
▷ [B,K,Q,N ]

6: // Attend to values
7: Zattended ← A · V ▷ [B,K,Q,C]
8: // Average across classes and queries
9: Zflat ← mean(Zattended, dim = 1) ▷ [B,Q,C]

10: Zflat ← reshape(Zflat, [B,Q× C])
11: Z ← Wout · Zflat ▷ Output projection: [B,C]
12: return Z, A

4.3.5.2 Uncertainty-Gated Feature Fusion (UGFF)

UGFF addresses the challenge of combining CNN and ViT features by learning to
adaptively weight each modality based on estimated prediction uncertainty. When
the model is uncertain about an input, it shifts the weighting toward the more
robust CNN features; when confident, it can leverage the ViT’s global context more
heavily 3.

Algorithm 3 UGFF Forward Pass
Require: CNN features FCNN ∈ RB×C , ViT features FV iT ∈ RB×C

Ensure: Fused features Ffused ∈ RB×C , Uncertainty u ∈ RB×1

1: Fconcat ← concat(FCNN , FV iT ) ▷ [B, 2C]
2: // Estimate uncertainty
3: u← σ(MLPuncertainty(Fconcat)) ▷ [B, 1], σ = sigmoid
4: // Process each modality
5: F ′

CNN ← GELU(LayerNorm(Linear(FCNN)))
6: F ′

V iT ← GELU(LayerNorm(Linear(FV iT )))
7: // Compute adaptive weights
8: wCNN ← 0.5 + 0.3× u ▷ Range: [0.5, 0.8]
9: wV iT ← 0.5− 0.3× u ▷ Range: [0.2, 0.5]

10: // Weighted fusion
11: Ffused ← Wfusion · (wCNN ⊙ F ′

CNN + wV iT ⊙ F ′
V iT )

12: return Ffused, u
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4.3.5.3 Gradient-Balanced Cross-Modal Bridge (GBCMB)

GBCMB addresses a critical training challenge in hybrid architectures: the gradi-
ent imbalance between CNN and ViT branches. During backpropagation, gradients
flowing through cross-attention can have vastly different magnitudes for each modal-
ity, causing one branch to dominate learning. GBCMB introduces learnable scaling
factors that automatically balance gradient flow during training 4.

Algorithm 4 GBCMB Forward Pass
Require: Query features FQ ∈ RB×NQ×C , Context features FC ∈ RB×NC×C

Ensure: Enhanced features Fout ∈ RB×NQ×C

1: if training mode then
2: γ ← clamp(γlearnable, 0.5, 2.0)
3: F ′

Q ← FQ × γ ▷ Scale query
4: F ′

C ← FC/γ ▷ Inverse scale context
5: else
6: F ′

Q ← FQ; F ′
C ← FC

7: end if
8: // Cross-attention
9: Fnorm ← LayerNorm(F ′

Q)
10: Fattn,_← MultiHeadAttention(Fnorm, F

′
C , F

′
C)

11: Fres ← FQ + Fattn ▷ Residual connection
12: // Feed-forward network
13: Fout ← Fres + FFN(LayerNorm(Fres))
14: return Fout

4.3.5.4 Compact Mixture-of-Experts Classifier (CMOE)

CMOE replaces the standard single-head classifier with multiple specialized expert
networks, each potentially learning to recognize different aspects of the input. A
gating network is trained to send the inputs to the best suited experts so that
specialization is achieved, and computational efficiency exists in algorithm 5.
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Algorithm 5 CMOE Forward Pass
Require: Input features X ∈ RB×C , Number of experts E = 4
Ensure: Logits Z ∈ RB×K , Gate probabilities G ∈ RB×E

1: // Compute gating weights
2: G← softmax(Wgate ·X) ▷ [B,E]
3: // Get predictions from all experts
4: for e = 1 to E do
5: Ze ← Experte(X) ▷ [B,K], Expert: Linear-ReLU-Linear
6: end for
7: Zstack ← stack([Z1, ..., ZE]) ▷ [B,E,K]
8: // Weighted combination
9: Z ←

∑E
e=1 G[:, e]× Zstack[:, e, :] ▷ Einstein summation

10: // Update expert usage statistics (training only)
11: if training mode then
12: expert_usage← 0.9× expert_usage + 0.1×mean(G, dim = 0)
13: end if
14: return Z, G

A critical challenge in mixture-of-experts models is “expert collapse,” where the gat-
ing network learns to route all inputs to a single expert, leaving others unused. To
prevent this, we track exponential moving averages of expert usage during training
(Lines 11-13). The load balancing loss (defined in Section 4.3.3) penalizes deviation
from uniform expert usage by the equation 4.42

Lbalance = 0.1×mean
(∣∣∣∣expert_usage− 1

E

∣∣∣∣) (4.42)

The gate probabilities G returned by this module provide interpretability, showing
which experts are most active for different inputs. This can reveal whether experts
specialize for different disease types or image characteristics.

4.3.5.5 Intra-Class Variance Regularization (ICVR)

ICVR improves the discriminability of learned features by encouraging samples of
the same class to cluster tightly in the feature space. This regularization supplements
the cross-entropy loss which merely guarantees that the boundaries of classes are
accurate but does not directly promote tight class clusters shown in algorithm 6.
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Algorithm 6 ICVR Forward Pass
Require: Features F ∈ RB×C , Labels y ∈ RB, Centroids µ ∈ RK×C

Ensure: ICVR loss LICV R

1: if not training mode then
2: return 0
3: end if
4: // Update centroids with momentum
5: for k = 1 to K do
6: maskk ← (y == k)
7: if sum(maskk) > 0 then
8: Fk ← F [maskk] ▷ Features of class k
9: F̄k ← mean(Fk, dim = 0)

10: µk ← 0.9× µk + 0.1× F̄k ▷ Momentum update
11: end if
12: end for
13: // Compute intra-class variance loss
14: LICV R ← 0
15: for k = 1 to K do
16: maskk ← (y == k)
17: if sum(maskk) > 1 then
18: Fk ← F [maskk]
19: dk ← ∥Fk − µk∥22 ▷ Squared distances to centroid
20: LICV R ← LICV R + mean(dk)
21: end if
22: end for
23: return LICV R/K

4.3.6 Training Protocol

The entire training process incorporates all the elements that are well planned by
optimization plans. The entire training loop is shown in algorithm 7.
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Algorithm 7 MuninFormer Training Protocol
Require: Training data Dtrain, Validation data Dval, Configuration cfg
Ensure: Trained model M∗

1: Initialize model M ← MuninFormer(num_classes = 4)
2: Initialize EMA model MEMA with decay = 0.9995
3: Initialize optimizer O ← AdamW(M.params, lr = 3× 10−5)
4: Initialize learning rate schedulers: CosineAnnealing, ReduceLROnPlateau
5: Initialize loss function LCE ← CrossEntropyLoss(label_smoothing = 0.08)
6: best_acc← 0, no_improve← 0
7: for epoch = 1 to 300 do
8: M.train()
9: if epoch ≤ 15 then

10: lr ← 3× 10−5 × epoch
15

11: Update O learning rate
12: end if
13: for each batch (X, y) in Dtrain do
14: O.zero_grad()
15: ŷ, aux_data←M(X, labels = y)
16: Lcls ← LCE(ŷ, y)
17: Laux ← aux_data[‘icvr_loss’] + aux_data[‘moe_balance_loss’]
18: Ltotal ← Lcls + Laux

19: Ltotal.backward()
20: O.step()
21: Update EMA model: MEMA.update(M)
22: end for
23: val_acc← evaluate(MEMA,Dval)
24: if val_acc > best_acc then
25: best_acc← val_acc
26: M∗ ←MEMA.state_dict()
27: no_improve← 0
28: else
29: no_improve← no_improve + 1
30: end if
31: if no_improve ≥ 80 then
32: break
33: end if
34: end for
35: return M∗

Explanation of Algorithm 7: TThe training process incorporates the best train-
ing deep neural networks by integrating training optimization techniques that guar-
antee stable convergence and good generalization.

4.3.7 Exponential Moving Average (EMA)

EMA given in equation 4.43 maintains a smoothed version of model weights updated
at each training step:
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θ
(t)
EMA = α · θ(t−1)

EMA + (1− α) · θ(t) (4.43)

and α = 0.9995 is the decay factor and θ(t) are the current model weights. EMA
has a number of advantages such as less noise in weight updates resulting in a more
continuous convergence, which generally facilitates better generalization compared
to raw training weights and is an implicit ensemble across training trajectory.

4.3.8 Evaluation Function

To evaluate the model performance based on various measures such as accuracy,
macro F1-score,preciison,recall and confusion matrix that are applicable in medical
image classification, we develop a holistic evaluation function.

Algorithm 8 Model Evaluation
Require: Model M , Test DataLoader Dtest, Class names
Ensure: Metrics dictionary containing accuracy, F1-score, precision, recall, confu-

sion matrix
1: M.eval()
2: Initialize lists: all_preds← [], all_targets← []
3: loss_sum← 0
4: for each batch (X, y) in Dtest do
5: with no_grad():
6: ŷ,_←M(X)
7: loss_sum← loss_sum + CrossEntropy(ŷ, y)× |X|
8: all_preds.append(argmax(ŷ, dim = 1))
9: all_targets.append(y)

10: end for
11: ypred ← concatenate(all_preds)
12: ytrue ← concatenate(all_targets)
13: // Compute metrics
14: accuracy←

∑
(ypred==ytrue)

|ytrue|
15: f1← f1_score(ytrue, ypred, average = ‘macro’)
16: precision← precision_score(ytrue, ypred, average = ‘macro’)
17: recall← recall_score(ytrue, ypred, average = ‘macro’)
18: cm← confusion_matrix(ytrue, ypred)
19: return {‘acc’ : accuracy, ‘f1’ : f1, ‘precision’ : precision, ‘recall’ : recall, ‘cm’ :

cm}

4.3.9 Explainability Implementation

The explainability module provides visualization methods for model interpretation,
enabling clinicians to understand the model’s decision-making process.

4.3.9.1 GradCAM++ for CNN Features

GradCAM++ is implemented using forward and backward hooks to capture activa-
tions and gradients from the CNN backbone’s final convolutional block.
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Algorithm 9 GradCAM++ Visualization
Require: Model M , Input image X, Target class c (optional)
Ensure: Heatmap H ∈ R224×224

1: Register forward hook on target layer to capture activations A
2: Register backward hook on target layer to capture gradients G
3: X.requires_grad← True
4: ŷ,_←M(X)
5: if c is None then
6: c← argmax(ŷ)
7: end if
8: // Backward pass for class c
9: one_hot← zeros_like(ŷ); one_hot[0, c]← 1

10: ŷ.backward(gradient = one_hot)
11: // GradCAM++ weighting
12: G2 ← G2; G3 ← G3

13: αnum ← G2

14: αdenom ← 2×G2 +
∑

h,w(A)×G3 + ϵ
15: α← αnum/αdenom

16: w ←
∑

h,w(α× ReLU(G)) ▷ Weights per channel
17: H ← ReLU(

∑
c(w × A)) ▷ Weighted combination

18: H ← interpolate(H, size = (224, 224))
19: H ← normalize(H)
20: H ← H0.6 ▷ Gamma correction
21: return H

4.3.10 Model Integration

The complete MuninFormer model was implemented by integrating all components
into a single PyTorch nn.Module. Table 4.4 summarizes the final model configura-
tion.

Table 4.4: Final Model Configuration
Parameter Value
Total Parameters 7.36 Million
Input Size 224× 224× 3
Embedding Dimension 192
Number of Classes 4
PAAP Queries per Class 3
CMOE Experts 4 (hidden dim: 48)
Cross-Attention Heads 4
Dropout Rate 0.15

The model architecture follows the data flow: Input → Dual Backbones → Feature
Projection → GBCMB (bidirectional) → PAAP → UGFF → CMOE → Output
Logits.
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4.3.10.1 Parameter Count Verification

The model parameter count was verified to meet the design target of 8–10 million
parameters:

Table 4.5: Parameter Count by Component
Component Parameters
MobileNetV3-Small Backbone 1, 529, 968
ViT-Tiny Backbone 5, 717, 416
Feature Projections 73, 856
PAAP Module 111, 060
UGFF Module 112, 132
GBCMB Module 296, 832
CMOE Classifier 38, 404
Lightweight Calibration Module 12,288
Other Components (norms, dropouts, etc.) 15,044
Total 7.36M

The total of approximately 7.36 million parameters falls within the design target
range of 8–10 million, confirming successful implementation of a compact yet capable
architecture.

4.3.11 Final Model Specification

Table 4.6 summarizes the final model specifications achieved through our implemen-
tation.

Table 4.6: Final Model Specifications
Specification Value
Total Parameters 7.36 Million
Trainable Parameters 7.357 Million
Input Size 224× 224× 3
Output Classes 4
Inspired Components PAAP, UGFF, GBCMB, CMOE, ICVR
Backbone Networks MobileNetV3-Small + ViT-Tiny
Framework PyTorch 2.0+
Training Hardware NVIDIA CUDA GPU,Kaggle Cloud (NVIDIA Tesla T4)

The implementation achieves the design target of approximately 8–10 million param-
eters while incorporating all five inspired components for enhanced medical image
classification performance. This modular architecture enables the verification of ev-
ery component separately and the end-to-end training of the entire system with the
standard deep learning practices.
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Chapter 5

Result Analysis

5.1 Performance Evaluation
This section discusses the evaluation criteria used to assess the performance of the
model, focusing on key metrics such as accuracy, precision, recall, and the confusion
matrix. The testing methods used to evaluate the model’s performance include the
train-test split.

5.1.1 Evaluation Metrics

In order to fully assess the performance of the proposed model and the baseline
models, we used a set of evaluation metrics that are widely applied to multi-label
classification, especially to the medical analysis of images. As one fundus image
can have more than one concurrent ocular pathology, the measures of evaluation are
not adequate through the conventional use of one label per image. Thus, threshold-
dependent and threshold-independent measures were employed to identify various
model performance characteristics in the entire range of diseases.

All performance measures were calculated with the help of macro-averaging in or-
der to cope with the asymmetric disease labeling. In this method, the metrics are
initially computed separately in terms of each class and averaged between all the
classes in equal measure. This allows the contribution of every disease to the total
evaluation of the dataset, irrespective of the frequency of occurrence in the dataset.

Besides predictive performance, we also provide various measures of model complex-
ity to determine how well it is computed. These are the total number of trainable
parameters, the number of floating-point operations (FLOPs), and the size of stor-
age of the model. These measures can be used together to give an understanding of
the resource needs of each model.

Through the reporting of both complexity and performance measures, we can com-
pare the performance and complexity measures in a balanced and more balanced way
that takes into account not only the predictive accuracy but also the computational
feasibility. The overall review is crucial to the assessment of the appropriateness of
the models to clinical implementation in the real world, where resource efficiency is
a major factor of concern.
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5.1.1.1 Accuracy

Accuracy is the percentage of the right classification of samples out of all evaluated
samples. It is calculated by the following equation 5.1

Accuracy =
TP + TN

TP + TN + FP + FN
(5.1)

with TP (true positives) indicating how many of the positive samples were correctly
predicted, TN (true negatives) indicating how many of the negative ones were cor-
rectly predicted, FP (false positives) indicating how many negative ones were falsely
identified as positive, and FN (false negatives) indicating how many positive ones
were falsely identified as negative.

Accuracy is an overall measure of the classification performance which is intuitive
and measures the fraction of correct prediction. But in class-imbalanced datasets,
accuracy can be misleading because high scores can be obtained by promoting the
majority class. As such, accuracy is claimed as well as class-balanced measures such
as macro-F1 to maintain a more holistic analysis.

5.1.1.2 Precision and Recall

Precision and recall evaluate a classifier’s performance with respect to positive pre-
dictions and actual positive samples, respectively. Precision is defined in the equa-
tion 5.2:

Precision =
TP

TP + FP
(5.2)

where TP (true positives) denotes the number of correctly predicted positive samples
and FP (false positives) represents negative samples incorrectly classified as positive.

Recall measures the model’s ability to correctly identify all positive samples and is
defined in the following equation 5.3:

Recall =
TP

TP + FN
(5.3)

where FN (false negatives) denotes the number of positive samples incorrectly clas-
sified as negative.

Precision reflects how reliable positive predictions are, while recall indicates how
effectively the model captures all relevant positive cases. Recall is specifically sig-
nificant in the medical image classification to reduce missed diagnoses and precision
respectively are used to minimize false alarms.

5.1.1.3 Macro-F1 Score

The Macro-F1 score determines the performance of classification by computing the
F1-score of each individual class and averaging them (without weighting). In each
of the classes k, the F1-score is given in the following equation 5.4:

F1k =
2 · Precisionk · Recallk
Precisionk + Recallk

(5.4)
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where Precisionk and Recallk denotes the precision and recall for class k.
The Macro-F1 score is then computed by the following equation 5.5:

F1macro =
1

K

K∑
k=1

F1k (5.5)

in which K is the number of classes altogether.
Macro-F1 is very useful in determining the performance on skewed data sets, as
it gives equal weight to all classes without weighting them, and is therefore more
appropriate in that scenario. where is the total number of classes.

5.1.1.4 Per-Class Performance Metrics

Besides aggregate scores, per-class precision, recall and F1 scores are also used. has
been reported to give fine-grained details about performance in classes. Such an
analysis is especially significant in the medical use, where other applications should
be distinguished classification errors may have clinical implications of various types,
including incorrect diagnoses.

5.1.1.5 Confusion Matrix

Prediction errors are analyzed in more detail using a confusion matrix C ∈ RK×K .
Ci,j is the number of the samples of class i that are expected to be of class j. A
correct prediction is diagonal and the incorrect prediction is the off-diagonal that
emphasize examples of confusion between certain pairs of classes.

5.1.1.6 Model Complexity Metrics

The effectiveness of the suggested model besides predictive performance is in ad-
dition. It is measured in terms of the number of parameters, the computational
complexity in GFLOPs, and model size in mega bytes (MB). The metrics give an
idea on the viability of the implementation of the model in resource-constrained
environments.

Number of Parameters: The count of parameters indicates the overall number
of weights which can be learned in the model such as convolutional kernels, linear
projection matrices and bias values. It is computed in the equation 5.6:

Params =
L∑
l=1

|Wl| (5.6)

In which, Wl represents the space of learnable parameters in layer l, and L represents
the number of layers. A smaller number of parameters suggests the smaller size of
the model and fewer memory requirements.

GFLOPs: The GFLOPs is a unit of measure of computational complexity, which
is a count of giga floating point operations. The quantity of arithmetic operations
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needed to process a single input while forward pass is being initiated shown in
equation 5.7.

GFLOPs =
Total FLOPs per forward pass

109
(5.7)

The lower GFLOPs translate to the lower cost of computation, faster inference, and
in better adavantages for real time or edge device deployment scenarios.

Model Size: Model size, which is reported in megabytes (MB) is the size of mem-
ory which is needed to store the model parameters. It is computed by the following
equation 5.8:

Model Size (MB) =
Params× b

8× 106
(5.8)

where b denotes the number of bits used to represent each parameter (e.g., b = 32 for
single-precision floating-point). Smaller model sizes can enable easy storage, load
faster and run on devices with small memory storage.

5.1.2 Quantitative Results and Analysis

The suggested MuninFormer model shows good and high performance within both
evaluation datasets. As in Table 5.1, MuninFormer is an achiever of precision of
94.31% on the EDC dataset [20], with a close value (94.28%) of precision, recall
(94.24%), and F1-score (94.26%), which represents equal classification behavior. The
model also performs better on the AMDNet23 dataset [47] achieving an accuracy of
97.57%, the precision of 97.61%, the recall of 97.50% and F1-score are 97.53%. Such
a steady consistency between accuracy and recall are especially significant to medical
diagnosis, where false positive as well as false negative can occur critical clinical
implications. The findings indicate the strength of the findings and the generational-
ness.generalization ability of MuninFormer on the various fundus imaging standards.
A figure 5.1 showing their performance metric in barchart has also been provided.

Dataset Accuracy (%) Precision (%) Recall (%) F1-score (%)

EDC [20] 94.31 94.28 94.24 94.26
AMDNet23 [47] 97.57 97.61 97.50 97.53

Table 5.1: Quantitative metric performance of MuninFormer model on EDC and
AMDNet23 datasets
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(a) EDC dataset (b) AMDNet23 dataset

Figure 5.1: Final test performance of MuninFormer on (a) EDC and (b) AMD-
Net23 datasets

Table 5.2 and table 5.3 reveals that there is a high-level of class-wise discrimination
with the proposed MuninFormer model in both datasets. Diabetic Retinopathy in
EDC dataset is of high quality with a high accuracy, recall, and F1-score of 99.39,
which implies it is highly reliable to identify it and is essential in clinical interven-
tion to be done at an early age. The classification of cataracts is also strong with a
precision of 97.38, and a recall of 95.51. On the contrary, Glaucoma and the Normal
classes perform relatively poorly on EDC with the recall of 91.39 and the precision of
89.57, respectively. These findings indicate that there are difficulties that are related
to delicate early-stage visual patterns and feature overlap between the healthy and
mildly affected cases. MuninFormer shows remarkably good results on all categories
of the AMDNet23 dataset, with almost perfect recall in AMD (100%), and perfect
precision in Cataract (100%), whereas Diabetes and Normal classes have F1-scores
of over 95. Altogether, the findings suggest that MuninFormer is effective in gener-
alization between datasets and provides opportunities to improve it by introducing
better class balancing, disease-specific features learning, and inclusion of multi-scale
clinical cues.

Class Precision (%) Recall (%) F1-score (%)

Cataract 97.38 95.51 96.44
Diabetic Retinopathy 99.39 99.39 99.39
Glaucoma 90.78 91.39 91.08
Normal 89.57 90.68 90.12

Table 5.2: Per-class performance of MuninFormer on EDC dataset [20].

Class Precision (%) Recall (%) F1-score (%)

Cataract 100.00 99.00 99.50
AMD 97.39 100.00 98.68
Diabetes 97.89 93.00 95.38
Normal 95.15 98.00 96.55

Table 5.3: Per-class performance of MuninFormer on the AMDNet23 dataset [47].

Figure 5.2 shows the trainer loss convergence curve and validation loss conver-
gence curve of the proposed MuninFormer model between the EDC and AMDNet23
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datasets. The two scenarios have a comparable training and validation loss of ap-
proximately 1.4 that implies that both have low initial discriminative ability prior to
feature learning.The curves follow a sharp upward trend during the initial training,
and the training loss reduces faster than the validation loss, which points to the
extraction of features and dynamic optimization.

(a) EDC dataset (b) AMDNet23 dataset

Figure 5.2: Training and validation loss curves of the proposed MuninFormer
model on EDC and AMDNet23 datasets

In the case of EDC dataset, training loss stably approaches 0.33 during later epochs,
whereas the validation loss approaches with smooth and little variation which implies
that overfitting is controlled and there is good generalization. The near intersection
of the two curves during the training process is an indication of balanced learning
behaviour and good regularisation.

The same convergence trend is found on the AMDNet23 dataset where a more pro-
nounced and sustained reduction in validation loss is found. The minimum loss is
achieved at epoch 143 that is taken as the best checkpoint to be evaluated finally.
The convergence and gap between the training and validation curves is also smooth,
which is an additional factor that demonstrates that the learning is stable and has
a high level of generalization on unknown data.

In general, these loss curves indicate that in both datasets, MuninFormer could con-
verge reliably and remain stable when trained longer and does not overfit too much,
which shows how well this model can be used in medical image classification.

The computational efficiency of the proposed MuninFormer model is analyzed to
assess its suitability for resource-constrained deployment. As shown in Table 5.4,
the model requires only 1.18 GFLOPs per forward pass at 224 × 224 × 3 input
resolution, significantly lower than conventional deep convolutional and transformer
architectures that often exceeds from 5-15 GFLOPs. This low computational cost
enables smooth inference on devices with limited processing capabilities without
requiring specialized hardware acceleration.
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Metric Value

Input Resolution 224× 224× 3
Trainable Parameters 7.36 M
Model Size 28.11 MB
GFLOPs (per forward pass) 1.18 G
Inference Time (ms) 11.13 ms

Table 5.4: Computational complexity and memory footprint of the proposed
MuninFormer model

The model’s memory footprint is equally compact at 28.11 MB with 7.36 million
parameters, facilitating efficient storage and faster loading on edge devices. The
inference time of 11.13 ms per image enables near real-time processing suitable for
time-sensitive clinical applications.

The combination of low GFLOPs, compact model size, and fast inference demon-
strates a favorable balance between computational efficiency and diagnostic accu-
racy, making MuninFormer well-suited for deployment on mobile devices, portable
diagnostic tools, and real-time clinical decision-support systems.

Figure 5.3 indicates the confusion matrices of the suggested MuninFormer model
on EDC and AMDNet23 test sets. Both cases have high levels of diagonal domi-
nance, which is a sign of credible separation of classes into disease categories. On
EDC dataset, Diabetic Retinopathy has almost perfect recognition (164/165 correct)
which shows that the model can take into account certain pathological characteris-
tics. Cataract is also very strong (149/156 correct) and most misclassifications are
detected as Normal possibly because of global blur patterns and not local lesions.

(a) EDC dataset (b) AMDNet23 dataset

Figure 5.3: Confusion matrices of the proposed MuninFormer model on the EDC
and AMDNet23 test sets

The majority of the errors on EDC can be observed between the Glaucoma and the
normal classes, where minor structural indicators like early optic disc alterations
are harder to differentiate. Conversely, the AMDNet23 data is more separated in
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terms of classes, with AMD having a perfect recall and low ambiguity between
classes. Generally, the confusion matrices suggest that the MuninFormer is trained
to learn clinically meaningful representations, and wrongfully identified examples
mainly consist of the similar image classes, which opens future research directions
by using disease-specific supervision and learning features based on optic discs in
particular.

Table 5.5 summarizes the class-wise AUC performance of the proposed MuninFormer
model on the EDC and AMDNet23 datasets. On the EDC dataset, MuninFormer
achieves a high macro-average AUC of 0.9886, indicating strong overall class dis-
crimination. Diabetic Retinopathy exhibits perfect separability (AUC = 1.0000),
while Cataract also demonstrates strong discriminative capability (AUC = 0.9924).
Comparatively lower AUC values are observed for Glaucoma (0.9853) and Normal
(0.9727), which is consistent with previously observed confusion between these vi-
sually similar categories.

Class AUC (AMD) AUC (EDC)

AMD (Age-related Macular Degeneration) 1.0000 –
Cataract 1.0000 0.9924
Diabetic Retinopathy 0.9996 1.0000
Glaucoma – 0.9853
Normal 0.9997 0.9727

Macro-average 0.9999 0.9886

Table 5.5: Comparison of ROC–AUC scores for AMD and EDC datasets (one-vs-
rest).

On the AMDNet23 dataset, MuninFormer demonstrates near-perfect discrimination
across all classes, achieving a macro-average AUC of 0.9999. All disease categories
record AUC values close to or equal to 1.0000, reflecting highly separable feature
representations and strong generalization performance. Overall, the consistently
high AUC scores across both datasets confirm the robustness of MuninFormer in
distinguishing both pathological and normal fundus conditions, while highlighting
the increased difficulty of Glaucoma-related discrimination in more heterogeneous
datasets such as EDC.

5.1.3 Explainability and XAI Result Analysis

5.1.3.1 Qualitative Analysis of Model Attention

Figure 5.4 compares qualitatively explainability outputs of the three interpretability
mechanisms of cataract classification based on three CNN branches, Grad-CAM++,
attention rollout based on the Vision Transformer branch.
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Figure 5.4: Qualitative results of explainability outputs of glaucoma classification
with Grad-CAM++ ( CNN ), attention rollout ( ViT ).

The visualizations of the Grad-CAM++ highlight local high-activation points mainly
on dense patterns of opacification and shadows at the lens. Although such maps
are effective in extracting local cues relevant to cataract formation, the patterns of
attention seem to be fragmented and sometimes they are vulnerable to background
light, indicative of the locality bias of convolutional neural networks.

Compared to, Vision Transformer branch attention rollout results contain smoother
and more globally distributed attention maps. These visualizations point to the
fact that the transformer serves wider retinal structures and not individual areas.
Nevertheless, the resulting attention is usually diffuse and less likely to be focused
on clinically significant cataract areas which can lower its suitability in localized
pathological interpretation.
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5.2 Analysis of Design Solutions
This chapter gives a detailed review of the suggested MuninFormer architecture,
in terms of accuracy, efficiency, feasibility, and clinical applicability. The discus-
sion shows the strengths and limitations of the model based on ample experimental
findings and the ablation study done.

5.2.1 Solution Overview

MuninFormer is a lightweight hybrid CNN-Transformer architecture, which tackles
the major clinical needs, such as high diagnostic performance, parameter perfor-
mance, explainability, and strong multi-class separation between cataract, diabetic
retinopathy, glaucoma and normal images. The model combines complementary fea-
ture extractor pathways through the MobileNetV3-Small as backbone, which corre-
sponds to local pathological information capture, and the Vision Transformer Tiny,
which corresponds to the global capture of the spatial relationships of fundus images.
To improve performance and clinical interpretability, Muninformer encompasses a
number of new elements, such as gradient-balanced cross-modal fusion to integrate
CNN-ViT stably, uncertainty-regulated fusion to make decisions adaptively, a sim-
ple mixture-of-experts classifier to specialize to pathology, and intraclass variance
regularization to require discriminative and compact representations.

5.2.2 Deployment Feasibility

The model can be highly implemented on the clinical workstations and cloud sys-
tems and can be easily implemented on edge and mobile devices with optimization.
It is possible to train with a single consumer-level GPU and inference can be per-
formed by a CPU. MuninFormer works with standard RGB fundus images and
gives the probability of classes, scores of uncertainty, and maps of spatial attention.
The pipeline for deployment assists with the transformation to optimized inference
formats to facilitate customization into clinical processes.

5.2.3 Strengths of the Proposed approach

MuninFormer is a hybrid CNN-Transformer architecture that has very high param-
eter efficiency, allowing the model for both local and global features accurately and
can be still deployed on small-scale hardware. Through the attention maps it pro-
vides strong clinical explainability. This model has an impressive state-of-the-art
performance capability, and it can provide steady and replicable training, detect di-
abetic retinopathy, classify multiple diseases, infer in real-time, and has a low false
negative rate, which is highly important in patient safety.

5.2.4 Limitation and Weakness

MuninFormer also possesses a number of technical and clinical drawbacks, such as
slower inference as compared to pure CNN models when using attention mechanisms
and a higher complexity in deploying the model on ultra-low-power devices. The
deterministic input resolution can limit the detection of fine details and the use
of two CNN-ViT pathways can require a larger model than a single-path one, but
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knowledge distillation may overcome this. The domain of some cases has a variation
in performance in comparison to disease classes, and generalization can be influenced
by a change in imaging devices or population, which implies that domain adaptation
is needed. Although the model is quite effective in cataract detection, more extensive
and more heterogeneous datasets will be necessary to achieve a truly error-free and
perfect performance across all disease classes to improve the generalization of the
results to different imaging equipment and patient groups. Moreover, the model is
restricted to single-image fundus analysis, has no multi-modes and temporal analysis
and low interpretability of expert specialization and incomplete analysis of failure
cases.

5.2.5 Ablation Studies

The ablation study investigates the effect of removing different components of the
MuninFormer model. The goal is to assess how each design choice contributes to
the overall performance. The following table 5.6 and table 5.7 presents the results
of removing each key component and compares the performance metrics.

Model Variant Accuracy (%) F1-score (%) Precision (%) Recall (%)
Full Model 94.31 94.26 94.28 94.25
without PAAP 90.94 89.89 90 89.8
without UGFF 91.4 91.99 92 92
without GBCMB 91.63 91.46 91.5 91.4
without CMOE 91.94 91.88 91.9 91.9
without ICVR 92.64 92.89 92.9 92.9
Vanilla Base 87.42 86.37 86.5 86.3

Table 5.6: Ablation Study Results 1: Impact of Removing Model Components

Model Variant Params (M) GFLOPs Size (MB)
Full Model 7.36 1.18 28.24
without PAAP 7.17 1.18 27.53
without UGFF 7.24 1.18 27.81
without GBCMB 7.06 1.15 27.11
without CMOE 7.32 1.18 28.10
without ICVR 7.36 1.18 28.24
Vanilla Base 6.72 1.15 25.81

Table 5.7: Ablation Study Results 2: Impact of Removing Model Components

5.2.5.1 Phase 1: Full Model

The full model achieves the best performance, with:

• Accuracy: 94.31%

• F1-score: 94.26%

• Precision: 94.28%
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• Recall: 94.25%

This configuration includes all components of the proposed model, demonstrating
well-balanced performance across all metrics. The model is 7.36 million parameters
and 28.24 MB, which is highly accurate with a good utilization of resources.

5.2.5.2 Phase 2: without PAAP (Pathology-Aware Attention Pooling)

The removal of PAAP in the model significantly affects its performance, especially
its accuracy (90.94%). PAAP enables the model to feature the disease-relevant parts
of the images, which is important in the medical image classification tasks.

• Accuracy: 90.94% (down by 3.37% from the full model)

• F1-score: 89.89% (lower by 4.37%)

This decrease shows how essential is PAAP in enhancing the model to focus on
pertinent information in the picture.

5.2.5.3 Phase 3: without UGFF (Uncertainty-Gated Feature Fusion)

Without using UGFF leads to a reduced decrease in performance and accuracy
decreases to 91.4%. UGFF changes the output of CNN and ViT features dynamically
depending on the uncertainty of the model that assists the model to utilize both
features.

• Accuracy: 91.4% (down by 2.91% from the full model)

• Precision: 92% (lower by 2.28%)

This implies that UGFF stabilizes the contribution of the two modalities, and re-
moval of the same does not significantly deteriorate performance.

5.2.5.4 Phase 4: without GBCMB (Gradient-Balanced Cross-Modal
Bridge)

When GBCMB is removed, the model’s performance drops to 91.63% in accuracy, in-
dicating the importance of balancing gradients between the CNN and ViT branches
to prevent one modality from dominating.

• Accuracy: 91.63% (down by 2.68% from the full model)

• F1-score: 91.46% (down by 2.80%)

Although the drop is not drastic, GBCMB helps maintain balance in learning, and
its removal affects performance slightly.
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5.2.5.5 Phase 5: without CMOE (Compact Mixture-of-Experts Classi-
fier)

Removing CMOE results in a small drop in performance, with accuracy dropping to
91.94%. CMOE helps the model specialize in different classification tasks, improving
overall performance through expert specialization.

• Accuracy: 91.94% (down by 2.37% from the full model)

• F1-score: 91.88% (down by 2.38%)

The reduction of accuracy in model without CMOE indicates the significance of
CMOE, although it is not as crucial as other components.

5.2.5.6 Phase 6: without ICVR (Intra-Class Variance Regularization)

Removing ICVR slightly improves performance with an accuracy of 92.64%. This
suggests that the regularization provided by ICVR, which minimizes intra-class vari-
ance, may be causing the model to be overly constrained.

• Accuracy: 92.64% (up by 1.33% from the full model)

• F1-score: 92.89% (up by 1.63%)

The improvement in performance after removing ICVR suggests that it may be
limiting the model’s ability to fully capture class variability.

5.2.5.7 Phase 7: Vanilla Base Model

The Vanilla Base model, which likely only includes a basic CNN or ViT architecture
without any of the advanced components, performs the worst, with accuracy of
87.42%. This indicates the significant impact of advanced design choices, such as
PAAP, UGFF, and CMOE, on performance.

• Accuracy: 87.42% (down by 6.89% from the full model)

• F1-score: 86.37% (down by 7.89%)

This model serves as a baseline, highlighting the importance of the complex archi-
tecture and design components in achieving high performance.
A detailed table 5.8 has been provided also forecasing the impacts and reasons.

73



Phase Variant Acc (%) ∆Acc Impact Summary

0 Full Model 94.31 – All components enabled, yield-
ing balanced spatial attention,
adaptive fusion, expert special-
ization, and compact feature
learning.

1 without PAAP 90.94 −3.37 Loss of class-aware spatial at-
tention dilutes localized patho-
logical cues, causing the largest
performance drop.

2 without UGFF 91.40 −2.91 Static fusion prevents
uncertainty-adaptive weighting
of CNN and ViT features,
reducing robustness.

3 without GBCMB 91.63 −2.68 Unbalanced cross-modal gra-
dients weaken CNN–ViT
alignment and complementary
learning.

4 without CMOE 91.94 −2.37 Removing expert specialization
limits adaptive decision bound-
aries across disease patterns.

5 without ICVR 92.64 −1.67 Lack of intra-class compact-
ness increases feature disper-
sion, slightly harming general-
ization.

6 Vanilla Base 87.42 −6.89 Absence of all proposed mech-
anisms highlights their cumu-
lative contribution to perfor-
mance.

Table 5.8: Ablation study showing the contribution of each architectural component.
∆Acc denotes accuracy drop relative to the full model.

5.2.5.8 Key Insights

• PAAP has the largest impact on performance, particularly improving accuracy
by ensuring that the model attends to the disease-relevant areas in images.

• UGFF and CMOE provide flexibility and improve performance, though their
removal does not drastically hurt accuracy.

• GBCMB and ICVR have more moderate effects on performance but still con-
tribute positively to model stability and generalization.

• The Vanilla Base model underperforms significantly, validating the importance
of advanced architectural components like PAAP, UGFF, and CMOE.
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5.3 Final Design Adjustments
Following initial experiments and performance evaluation, several critical design
adjustments were implemented to optimize the MuninFormer architecture. This
section is the account of the process of refining the final configuration through an
iterative approach.

5.3.1 Backbone Selection and Optimization

5.3.1.1 Initial Approach

EfficientNet-B0 was used in the early experiments as the CNN backbone in the
model and ViT-Tiny as the global context model. Although this combination had
an accuracy rate of 91.71% on validation, a number of limitations were realized.
The first constraint was the small CNN capacity where EfficientNet-B0 turned out
to be inadequate in extracting the pathological information in fundus images. A
size constraint was the parameter size because scaling to EfficientNet-B2/B3 was
more than 15M parameter size constraint that would destroy our novelty also high
capacity backbones were proving overfitting.

5.3.1.2 Performance-Driven Adjustment

With the help of the ablation experiments and the baseline comparisons, the back-
bone structure was optimized:

CNN Backbone: EfficientNet → MobileNetV3-Small

• Rationale: The best balance is provided by MobileNetV3-Small (576 chan-
nels, 1.53M parameters).

• Advantage: Light architecture places parameter budget in innovative parts.

• Medical Imaging Specificity: DIn the local feature extraction (lesions,
hemorrhages), depthwise separable convolutions should be used.

• Performance Impact: Better generalization; no worse performance than
EfficientNet-B0.

ViT Backbone: Maintained ViT-Tiny

• Decision: ViT-Tiny (192-dim, 12 layers, 5.52M parameters) that is retained.

• Justification: Stability Proven stable with 16x16 patch size and 224x224
fundus images.

• Alternative Consideration: Swin-Tiny and DeiT-Tiny tested but no sig-
nificant improvement was indicated.

Table 5.9 illustrates performance performance of backbone selection.

75



Configuration Params (M) Val Acc Test Acc Status

EfficientNet-B0 + ViT-Tiny 9.21 91.71% – Underfitting
EfficientNet-B2 + ViT-Tiny 13.29 – 92.89% Over-budget
MobileNetV3-S + ViT-Tiny 7.05 95.09% 94.31% Final

Table 5.9: Backbone Configuration Comparison

5.3.2 Hyperparameter Tuning

5.3.2.1 Training Configuration Refinement

According to the results of a long empirical test, the following hyperparametric
structure shown in table 5.10 ended up being chosen so that it can be optimized
steadily, generalize and for efficient utlization of resources. The table 5.10 sum-
marises every utlization that has been tested and then selected. The learning rate
was adjusted in the range [1× 10−5, 1× 10−3], to which a last value of 2× 10−4 was
added to give a constant convergence. Oscillations in training do not occur. The
batch size was changed to 16, 32, 64 and then a value of 20 was selected because it
provided an acceptable ratio between the memory of the GPU for training stability
and memory limitations. The decay of weight was tested between 0.001 and 0.1
for the last setting of 0.05 which gives the best regularization and less overfitting.
The probability of dropping out was varied between 0.0 and 0.5 which is a wide
range and 0.3 was observed to be effective in enhancing generalization by allevi-
ating co-adaptation of features. The method of label smoothing was proposed to
refine calibration of models, where a is a constant smoothing factor of 0.1 showing
steady increases in performance. Exponential Moving Average (EMA) decay was
tested within the value of 0.99 to 0.9999. The maximum value of decay of 0.9999
was used to stabilize evaluation metrics when it was within training. Lastly, the
weighting factorλICVR was adjusted in the interval of 0.01 to 0.1, and a final value
0.05 to provide a balance contribution between the primary loss and the regulariza-
tion term of the ICVR. Finally, this combination of hyperparameters is a success as
it resulted in better convergence behavior and to improve generalization across the
tested datasets.

Hyperparameter Initial Tested Range Final Rationale

Learning Rate 3e-4 [1e-5, 1e-3] 2e-4 Stable convergence
Batch Size 32 [16, 64] 20 Memory + stability
Weight Decay 0.01 [0.001, 0.1] 0.05 Optimized regularization
Dropout 0.1 [0.0, 0.5] 0.3 Overfitting prevented
Label Smoothing 0.0 [0.0, 0.2] 0.1 Calibration
EMA Decay – [0.99, 0.9999] 0.9999 Stable eval
λICVR – [0.01, 0.1] 0.05 Balance

Table 5.10: Hyperparameter Optimization Results of initially tested models
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5.3.3 Summary of Design Adjustments

The given table 5.11 gives us an overview of the design evolution from our initial
architecture to the final architecture MuninFormer. The table emphasizes on the
empirical contribution of each architecture and the adjustments done while train-
ing. We replaced the EfficientNet-B0 backbone with MobileNetV3-Small which re-
sulted in a significant performance improvement of 3.38% because of enhanced pa-
rameter performance and an enhanced feature extraction with limited constraints.
The implementation of suggested GBCMB and UGFF fusion mechanisms instead
of concatenation of simple features caused the biggest individual improvement of
5.11% which proves effectiveness of organized cross-modal communication and self-
integration of features. Conversion between a GRU based classifier to add a CMOE
classifier of four experts further improved the performance by 0.95% which indicates
that the specialization of experts is a beneficial factor in discrimination by classifica-
tion. The adoption where 12 learnable queries were used to find the PAAP pooling
strategy resulted in a 1.2% increase in improvement as it enables richer global con-
text aggregation and increases the interpretability. Further regularization with the
ICVR constraint added quality of 0.63% by favoring small and discriminative em-
beddings. Lastly, the cosine has to be replaced by the learning rate of ReduceLROn-
Plateu which enhanced convergence stability and contributed to a 0.78% increment
in performance. These designs led to a collective outcome by an incremental gain
of 5.11% increasing the overall accuracy of 89.2% of the initial model to the final
model MuninFormer to 94.31%. Thus it validates the functionality of the developed
architectural and optimization decisions.

Adjustment From To Impact Justification

CNN Backbone EfficientNet-B0 MobileNetV3-S +3.38% Param efficiency
Fusion Strategy Simple concat GBCMB + UGFF +5.11% Cross-modal learning
Classifier GRU-based CMOE (4 experts) +0.95% Specialization
Pooling Global Average PAAP (12 queries) +1.20% Explainability
Regularization Standard + ICVR +0.63% Compact embeddings
LR Schedule Cosine ReduceLROnPlateau +0.78% Adaptive convergence

Cumulative MahinFormer V1 MuninFormer +5.11% Final design
89.2% 94.31%

Table 5.11: Design Evolution and Performance Impact

5.4 Statistical Analysis

5.4.1 Internal Validation by K-Fold Cross Validation

To test the generalization ability of MuninFormer, and to eliminate the possible over-
fitting training data bias caused by single train-test division, we used 5-fold stratified
cross-validation on two retinal disease image data categories; EDC and AMDNet23
with 4 classes each. Stratified folding ensures that the distribution of classes was
even across each folds, resulting in strong estimate of performance. Each fold was
trained independently with the same and consistent hyperparameters (number of
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epochs 100, batch size 20, learning rate 3e-5 and validation value was accumulated
to determine the model stability.

Figure 5.5: Five-fold cross-validation confusion matrices of the proposed model on
AMDNet23 Dataset.

Figure 5.6: Five-fold cross-validation confusion matrices of the proposed model on
EDC Dataset.

Our 5-folds validation result on EDC yielded the mean accuracy of 95.04% (+-
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1.07%), with the fold-level accuracy going from 94.07% (Fold 3) to 96.80% (Fold 5).
The incredibly low standard deviation (1.07%) and coefficient of variation (1.13%)
show exceptional consistency. Class-wise analysis showed that cataract detection
had 99.0% precision while diabetic retinopathy and normal classes had more than
94% accuracy. Glaucoma is the most difficult class, and even averaged 191 correct
predictions with consistent performance for all folds.

On AMDNet23, our results achieved a mean accuracy of 94.78% ±1.84% , and
the performance varied from 92.46% (Fold 5) to 96.74% (Fold 1). Though having
a slightly higher variance than EDC (CV = 1.94%), the results were very stable.
Notably, the classification of cataract also achieved a precision of 99.0% again show-
casing the strength of its architecture. AMD (91.6%) and diabeteic retinopathy
(90.2%) classes were more challenging and still showed clinically acceptable accu-
racy but normal fundus images were classified with 97.2% accuracy.

Both data sets showed coefficient of variation less than 5% for the reliability of sta-
tistical performance. A substantial difference between the two proposals was also
demonstrated in the EDC dataset by 42% lower variance than AMDNet23, which in-
dicates more homogeneous image characteristics. Cross-dataset comparison showed
the difference in accuracy across these two datasets to be as small as 0.26% (95.04%
vs 94.78%), which demonstrates the good transferability of MuninFormer across dif-
ferent data distributions and data acquisition protocols.

Through Internal Stratified K-Fold Cross Validation, we proved MuninFormer per-
formed with > 94.5% as mean accuracy with <2% as standard deviation on both
datasets, proving it to be a robust model that has not overfitted and is very gen-
eralizable. The outcome of being similar across all 10 folds (5 per dataset) assures
the stability of the architecture and its clinical viability. Class specific analysis por-
trayed cataract detection to be the most reliable finding (with a precision of 99%)
and continue to focus on the AMD and diabetic conditions. These results validates
MuninFormer’s potential for prospective clinical validation studies and real world
deployment.

5.4.2 External Validation: Leave-One-Out Cross Validation

Figure shows the confusion matrices of cross-dataset external validation of the pro-
posed MuninFormer model by the use of Leave-One-Out Cross-Validation (LOOCV).
The assessment was performed on common classes, that is, cataract, diabetes, and
normal. The performance of the cataract classification on the confusion matrix is
very high and 1005 samples were correctly classified with a negligible misclassifica-
tion. This shows that there is high generalization between cataract-related features
in datasets. The model is however characterized by significant loss in diabetes recog-
nition where most of diabetic samples are mistakenly classified as normal. This
implies that diabetes-specific features of AMDNet cannot be transferred to EDC
with much success. Normal samples get moderate performance with the main con-
fusion being normal and cataract classes. The same tendency is noted in the case
of training on EDC and testing on AMDNet. Detection of cataracts is still strong
with high accuracy and recall. In comparison, diabetes classification has very low
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predictive performance, and the majority of the diabetic samples predicted as nor-
mal. This wrong placement portrays how diabetic features learning is sensitive to
domain peculiarities. The normal type has both a bias towards correct prediction
and is significantly overlapping diabetes.

Figure 5.7: Cross-dataset confusion matrix of the Munin Former model trained on
AMDNet and evaluated on EDC data using LOOCV.

Figure 5.8: Cross-dataset confusion matrix of the Munin Former model trained on
EDC and evaluated on AMDNet data using LOOCV.

A key observation is the asymmetric behavior observed in cross-dataset generaliza-
tion. Munin Former is also more efficient on AMDNet and EDC compared to using
the opposite. This means that feature representations that are offered by AMDNet
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are richer or more diverse, and thus transfer learning is more effective. On the other
hand, EDC training results in a more limited feature space to generalize to AMDNet.

Clinically, the fact is that the model is highly reliable in the detection of cataracts
is promising, since it shows that the model can be used to uncover visually salient
conditions consistently. Nevertheless, the common confusion between diabetes and
normalcy is a major weakness since it will result in under-diagnosis during actual
screening. This indicates how improved learning of features, like domain adaptation,
class-specific augmentation, or multi-dataset training, can be used to make diabetes
sensitive.

Munin Former shows good cross-dataset results in cataract detection, and thus is
effective in identifying prominent and visually salient structural features. Conversely,
the classification of diabetics is always ineffective because of the existence of minor
visual changes and the existence of high inter dataset changes. Even though LOOCV
makes it clear that the model is stable, cross-dataset testing demonstrates that there
are serious generalization constraints to diabetes detection in cross-dataset testing,
and that domain adaptation or better feature learning will have to be considered in
future applications.

5.5 Comparisons and Relationships
This section presents a comprehensive comparison between the proposed Munin-
Former model and representative CNN–Transformer hybrid architectures reported
in the literature. The comparison focuses on two key aspects: classification per-
formance and computational complexity, which together determine the practical
suitability of a model for medical image analysis.

5.5.1 Performance Comparison with Existing Hybrid Models
on EDC dataset

Table 5.12 compares MuninFormer against several state-of-the-art CNN–ViT hybrid
models trained on the EDC dataset using accuracy, F1-score, precision, recall, pa-
rameter size and floating-point operations (GFLOPs). Whereas Table 5.13 compares
the computational requirements of the evaluated models in terms of model size and
inference time. These metrics collectively reflect overall correctness, class balance,
and robustness to misclassification.

81



Figure 5.9: Comprehensive metric performance of CNN–ViT hybrid models on EDC
Dataset

Figure 5.10: Comprehensive model complexity performance of CNN–ViT hybrid
models on EDC Dataset

Model Params (M) GFLOPs Accuracy F1-score Precision Recall

MobileViT [34] 4.94 1.44 0.9442 0.9434 0.9434 0.9435
MaxViT [24] 30.41 5.42 0.9537 0.9531 0.9534 0.9537
CoAtNet [31] 26.67 4.23 0.9419 0.9414 0.9422 0.9410
ConvNeXtV2 [36] 27.87 4.47 0.9489 0.9492 0.9481 0.9484
LeViT [16] 7.01 0.31 0.8743 0.8726 0.8739 0.8722
ConViT [28] 5.52 1.26 0.9419 0.9409 0.9411 0.9410
EffResNet-ViT [26] 32.75 – 0.9254 0.9258 0.9250 0.9255
CNN-Trans [22] 85.0 2840 0.9472 – – –
MuninFormer 7.36 1.18 0.9415 0.9412 0.9421 0.9407

Table 5.12: Performance and computational comparison of CNN+ViT hybrid mod-
els with proposed model
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Model Size (MB) Inference Time (ms)

MobileViT [34] 18.85 7.13
MaxViT [23] 115.99 23.07
CoAtNet [31] 101.74 11.67
LeViT [16] 26.74 13.41
ConvNeXtV2 [36] 106.314 7.12
ConViT [28] 21.05 13.85
EffResNet-ViT [26] – 40.43
CNN-Trans [22] – –
MuninFormer 28.11 11.13

Table 5.13: Model size and inference time comparison of CNN+ViT hybrid models
with proposed model

As shown in tables 5.12 and and table 5.13, the proposed MuninFormer demon-
strates a highly favorable balance between classification performance and compu-
tational efficiency when compared with state-of-the-art CNN–ViT hybrid architec-
tures. A detailed figure 5.9 and figure 5.10 has also been provided showcasing our
performance metrics. While MaxViT achieves the highest raw accuracy (95.37%)
and F1-score (95.31%), this improvement comes at the expense of substantially in-
creased complexity, requiring 30.41 million parameters, 5.42 GFLOPs, a model size
of 115.99 MB, and an inference time exceeding 23 ms, which limits its suitability for
resource-constrained or real-time clinical settings. In contrast, MuninFormer attains
competitive performance with an accuracy of 94.15% and an F1-score of 94.12%,
while maintaining closely aligned precision (94.21%) and recall (94.07%), indicating
balanced and reliable diagnostic behavior across disease categories. MuninFormer
has a similar level of predictive performance, but requires a much smaller num-
ber of parameters and a smaller computational cost than other architectures with
the same level of accuracy, e.g. CoAtNet and ConViT. Despite having the lowest
GFLOPs, LeViT has greatly lower accuracy, which demonstrates that lightweight
transformers are not suitable to perform complex tasks in medical imaging, although
EffResNet-ViT and CNN-Trans do not achieve their claimed performance scores or
show missing values. Notably, MuninFormer employs only 7.36 million parameters,
requires 1.18 GFLOPs, occupies 28.11 MB of storage, and achieves an inference time
of 11.13 ms, outperforming heavier transformer-based models in efficiency while re-
maining competitive with lightweight hybrids such as MobileViT. Overall, these
results demonstrate that MuninFormer delivers near state-of-the-art performance
with markedly lower computational demands, making it a more practical and scal-
able solution for real-world medical diagnosis applications.

5.5.2 Performance Comparison with Existing Hybrid Models
on AMDNet23 dataset

A thorough comparison of MuninFormer with various state-of-the-art transformer
and hybrid architecture trained on the AMDNet23 dataset, in terms of model com-
plexity, computational cost, performance measures and deployment efficiency is pro-
vided in Table 5.14 and Table 5.15.
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Figure 5.11: Comprehensive metric performance of CNN–ViT hybrid models on
AMDNet23 Dataset

Figure 5.12: Comprehensive model complexity performance of CNN–ViT hybrid
models on AMDNet23 Dataset

Model Params (M) GFLOPs Accuracy Precision Recall F1-score

MaxViT [23] 30.41 60.81 0.9875 0.9875 0.9875 0.9875
CoAtNet [31] 14.63 29.26 0.9875 0.9877 0.9875 0.9875
ConViT [28] 5.52 11.04 0.9775 0.9776 0.9775 0.9775
MobileViT-Plus [35] 4.39 8.78 0.9675 0.9680 0.9675 0.9672
ConvNextV2 [36] 14.99 29.97 0.9850 0.9854 0.9850 0.9850
MobileViT [34] 4.94 9.88 0.9725 0.9729 0.9725 0.9724
MuninFormer 7.36 1.18 0.9757 0.9761 0.9750 0.9753

Table 5.14: Performance and computational comparison of CNN+ViT hybrid mod-
els with proposed model

We can see from figure 5.11 and figure 5.12 MuninFormer presents a good balance
between the accuracy, computing efficiency, and the model compactness. Its per-
formance relative to bigger and heavier architectures and its capability to be used

84



Model Size (MB) Inference Time (ms)

MaxViT [23] 115.99 30.20
CoAtNet [31] 55.81 11.38
ConViT [28] 21.05 9.12
MobileViT-Plus [35] 16.75 8.10
ConvNextV2 [36] 57.16 6.71
MobileViT [34] 18.85 7.91
MuninFormer 28.11 11.13

Table 5.15: Model size and inference time comparison of CNN+ViT hybrid models
with proposed model

in real-time and resource-constrained environments highlights the strength and the
aptitude of the architecture to be used in practical deployment conditions. As re-
flected in Table 5.14 and Table 5.15, the proposed MuninFormer has a very good
balance between performance and efficiency as compared to the current CNN-ViT
hybrid models. Whereas large-scale architectures, like MaxViT and CoAtNet, are
the highest-accuracy (0.9875) and F1-score (0.9875) but have a very high compu-
tational cost of 60.81 and 29.26 GFLOPs with 30.41M and 14.63M parameters,
respectively. By contrast, MuninFormer uses only 1.18 GFLOPs with 7.36M pa-
rameters, which is a radical decrease in the computational complexity, but still
provides a strong accuracy of 0.9757 and F1-score of 0.9753. MuninFormer has
the same or higher performance at a much lower cost of computation compared
to lightweight models like ConViT (11.04 GFLOPs, 5.52M parameters, 0.9775 ac-
curacy) and MobileViT-Plus (8.78 GFLOPs, 4.39M parameters, 0.9675 accuracy).
Equally, ConvNeXtV2 achieves 0.9850 accuracy with 29.97 GFLOPs and 14.99M
parameters, which shows the efficiency edge of MuninFormer. Regarding precision
and recall, MuninFormer has a moderate score (0.9761 and 0.9750 respectively), and
its performance is comparable to heavier models, but it outperforms a number of
lightweight models. Deployment wise, MuninFormer has a moderate model size of
28.11 MB and an inference time of 11.13 ms, which is a bit higher than some mobile-
oriented ones, but still significantly lower than large models such as MaxViT (115.99
MB, 30.20 ms). All in all, these findings indicate that MuninFormer is a state-of-
the-art and has the least computational requirement of the models compared, which
makes it especially suitable in real-time and resource-constrained applications.

5.5.3 Connection between Architecture Design and Experi-
enced Performance on Proposed Model

The comparative outcomes reflect the obvious connection between the model perfor-
mance and the architecture design options. The models that use heavy transformers
to obtain good accuracy imply more depth and more parameterization, but Munin-
Former uses specific architectural mechanisms to obtain competitive results.

Pathology-Aware Attention Pooling permits the class-level spatial aggregation which
enhances the sensitivity to localized disease patterns. UncertaintyGated Feature Fu-
sion is a dynamic feature fusion between CNN and ViT, which enhances the ability
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against indefinite input. The Compact Mixture-of-Experts classifier also enables
special purpose decision boundaries without an extraordinary increase in the pa-
rameter.

These components make MuninFormer perform better or as well as bigger hybrid
models and be computationally efficient. The findings indicate that adaptive mech-
anisms with proper design can be more efficient than unselective model scaling;
especially in the field of medical imaging where interpretability, efficiency, and ro-
bustness are greatly required.

In general, the comparative analysis proves the usefulness of the suggested design and
proves that MuninFormer is a well-balanced design in terms of precision, efficiency,
and feasibility.

5.6 Discussions
The following chapter is the discussion of the results of this experiment in detail, dis-
cussion of their interpretation, implications of the result in practice, and limitations
of the result. The goal is to contextualize the work of the proposed MuninFormer
architecture to the real-life medical imaging environment and to seek the directions
to future improvement.

5.6.1 Interpretation of Results

Through the experimental findings, MuninFormer can attain high and balanced
classification of various retinal diseases. The high correlations between accuracy,
precision, recall and F1-score points to the fact that the predictor is reliable. It
is especially important that, model does not discriminate against one type of error
or the other, which is particularly important in medical diagnosis where both false
positives and false negatives can have serious clinical consequences. The ablation
studies reveal that the effect of one particular architectural element on performance
is not directly caused by that particular element, but rather the interaction be-
tween a variety of mechanisms. Pathology-Aware Attention Pooling makes valuable
contributions to the model capacity to focus on diagnostically relevant sites and
Uncertainty-Gated Feature Fusion makes them more robust in a dynamic way of
balancing local and global features. The Compact Mixture-of- Experts classifier
also enhances the decision making process, by enabling special logic for various dis-
ease patterns.The Intra-Class Variance Regularization stabilizes the learned feature
space and reduces size clusters of classes and encourages more generalization.

The results of the comparative analysis with the existing CNN-Transformer hybrid
models indicate that MuninFormer can reach performance comparable to the state-
of-the-art architecture and at the same time, it has significantly lower computational
complexity. This implies that the development of adaptive mechanisms, which are
carefully designed, might prove more effective than merely increasing the levels of
model depth or of the number of parameters.
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5.6.2 Practical Implications

Clinically, the findings suggest MuninFormer can be a valid decision-support system
to predict automated screening of retinal diseases. Its neutral classification effects
lessen chances of systematic bias against categorized disease groups, making the
clinical work more reliable.

The use of MuninFormer in the primary care centers or in mobile screening units is
because of the relatively low cost of computation and moderate size of the models,
which is applicable in resource-limited environments. Transparency further improves
with the interpretability provided by the attention-based mechanisms and expert
gating so that clinicians can have an insight into the areas and decision processes
that lead to each prediction. Moreover, MuninFormer is designed in a modular way
and can be altered or expanded depending on a particular clinical need. As an illus-
tration, the cases that are ambiguous may be identified by the uncertainty estimates
so that the overall diagnostic safety is enhanced.

5.6.3 Limitations

Despite such a good performance, there are some weaknesses. The model is first
trained, and tested on few datasets, which may lack the variation a real clinical set-
ting may encounter, such as variation in imaging equipment, acquisition procedures,
or patient demographics.

Second, the proposed architecture is computationally as efficient relative to large
transformer models; however, it is more sophisticated than conventional CNN-based
architectures. As a result, it may show limitations to low power devices in terms of
deployment without further optimization or model compression.

Third, the formulation at hand is single image based, and does not directly combine
longitudinal or temporal patient data, which can provide more diagnostic context.
Furthermore, even though attention maps are somewhat interpretable, they cannot
be employed to deliver the causal explanations of the phenomena and rather are to
be interpreted cautiously. Lastly, the ablation analysis measures the contribution of
the individual components alone, but relationships between components in various
clinical states are also worth additional research.

Finally, the ablation analysis evaluates the contribution of individual components
in isolation, but interactions between components under different clinical conditions
warrant further investigation.
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Chapter 6

Conclusion

6.1 Key Findings
The objective of this research is to explore the potential of hybrid Vision Transform-
ers (ViTs) models in ophthalmology, specifically in detecting globally affected eye
diseases. Diseases such as glaucoma, cataract, diabetic retinopathy and age-related
macular degeneration are among the leading causes of irreversible vision loss world-
wide, and their early diagnosis is critical for effective clinical intervention. While
fundus imaging is a non-invasive and information-rich diagnostic modality, the huge
amount of retinal data and the subtle differences between visual differences of each
disease class make manual analysis impractical and labour intensive. Therefore, the
study describes a light-weight yet powerful hybrid deep learning framework combin-
ing the complementary capabilites of Convolutional Neural Networks (CNNs) and
Vision Transformers (ViTs). The MuninFormer architecture is designed to overcome
the inherent limitations of standalone CNN and ViT models.

The developed model provides a balanced amount of local lesion level features, as
well as global retinal health. The framework involves a combination of several com-
plementary elements in order to enhance performance. GBCMB allows a balanced
flow of information between CNN and ViT branches and stabilizes the training and
avoids the dominance of one modality over the other. PAAP has the advantage
of boosting discrimination based on classes by giving attention to the pathology-
related parts of the retina. UGFF assigns modality contributions in a way that is
adaptive to predictive uncertainty, and is more robust to noisy or ambiguous inputs.
Lastly, CMOE classifier and ICVR collaboratively boost the generalization, by less-
ening overfitting and augmenting the inter-class distinctions in the embedding space.

A major contribution of the work lies in the introduction of a number of inspired
architectural components to improve the performance and interpretability. In re-
cent researches, hybrid CNN-Transformers models are seen to be more effective than
its standalone counterparts as they leverage both local and global representation.
Although, majority of the designs implemented are based on massive backbones,
ensembles, or multi-stage pipelines, adding complexity and inference cost. Addition-
ally, many studies are focused on single diseases or binary classification and lacks
the incorporation of explainability, despite the fact that it is of crucial importance
when it comes to clinical trust. Overall, it highlights the gap for end-to-end, inter-
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pretable hybrid models which balance performance, efficiency for efficient multi-class
classification of eye diseases and transparency in a real-world clinical setting.

6.2 Contributions
As a means of bridging the gap between research and improving real-world health-
care, analysis of the most common retinal diseases has been narrowed down specif-
ically to achieve faster and efficient detection deployment in resource-constrained
clinical environments. By combining GRAD-CAM++ for CNN-based features and
attention rollout for transformer-based representations the model offers complemen-
tary explanations of both local and global features for its output. These visual
explanations highlight clinically meaningful regions such as optic disc deformation,
vascular abnormalities, and lesion clusters, to deliver transparency and build trust
in the automated decision making of the diagnostic system.

Extensive experimental evaluation on publicly available fundus datasets showed the
proposed hybrid model receives superior or comparable performance as compared to
CNN-only and ViT-only baselines, with a significantly lower parameter and compu-
tational complexity. Performance metrics such as accuracy, precision, recall, macro-
F1 score, and per-class evaluation showed that multi-class discrimination was better,
particularly for visually similar disease categories. Ablation studies further validated
the contribution of each inspired components; resulting in measurable performance
degradation in the parameters when one or more modules were removed, thereby
proving the efficacy of the modules within the architecture.

6.3 Future Work
Future studies can also investigate the use of cross-dataset validation to determine
generalization of different populations and imaging conditions. Clinical variables,
optical coherence tomography or patient history are multi-scale or multi-modal in
nature and may also be incorporated to further increase diagnostic accuracy. More-
over, light model compression algorithms and hardware-sensitive optimization can
be used to facilitate wider application in point-of-care environments. There must
also be further research on multi-class disease classfication with broader range of
diseases.We will also focus on extending the proposed framework to larger, clinically
curated opthalmic datasets covering a wider range of retinal diseases, enabling more
comprhensive academic and translational research beyond commonly used bench-
mark repositoreis.

Altogether, the results show that MuninFormer is a powerful and effective method of
automated classification of retinal diseases with interpretability and strength, which
should be complemented by further development and overall validation. In conclu-
sion, this research has proved that a properly designed hybrid CNN-Transformer
architecture with cross-detection and detecting uncertainty-aware mechanisms can
effectively balance the accuracy-efficiency and interpretation of retinal diseases. The
suggested framework possesses significant architectural innovations and lays a solid
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foundation for further research in explainable and deployable ophthalmic diagnostic
systems. With further validation and extension, such models have major potential
in aiding large-scale screening and helping clinicians get an early and reliable diag-
nosis of eye diseases. Vision is a fundamental necessity of life. Therefore, we seek
to improve and enhance the quality of life for individuals worldwide.
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