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Abstract

This thesis focuses on the comprehensive investigation of retinal disorders, emphasizing early
detection to prevent irreversible damage and vision loss. Diagnosing retinal diseases such as
Glaucoma, Macular Edema (ME), Hypertensive Retinopathy (HR), Diabetic Retinopathy (DR),
and Age-related Macular Degeneration (AMD) remains a significant challenge, particularly
because early-stage manifestations are often subtle and difficult to detect. The growing
prevalence of diabetes and hypertension has led to a rapid increase in retinal disorders, further
straining healthcare systems already facing a shortage of expert ophthalmologists. In this
context, recent advancements in automated medical image processing have emerged as
promising solutions, reducing diagnostic time and minimizing human errors while supporting
clinical decision-making.

The primary objective of this research is to develop deep learning—based frameworks capable of
detecting both structural alterations and clinical indicators in retinal images to enable accurate
and timely diagnosis. The study investigates multiple retinal components, including retinal
vessel maps, Optic Disc (OD), Optic Cup (OC), and pathological features such as retinal fluids
and drusen from Optical Coherence Tomography (OCT) scans. By integrating structural and
pathological analysis, the proposed system aims to improve early-stage detection and patient
outcomes.

Despite numerous existing studies, substantial research gaps remain in enhancing the robustness
and decision-making capability of automated systems. The first major contribution of this work
is the development of a novel multistage dual-decoder deep learning architecture named
“Multistage DPIRef-Net.” This model performs precise segmentation of retinal blood vessels
and further classifies them into arteries and veins to support accurate diagnosis. The architecture
addresses limitations associated with pooling and striding operations by enhancing low-level
feature representation, thereby preserving fine vascular details and reducing blurred boundaries.
Extensive evaluations on publicly available benchmark datasets demonstrate the robustness and
generalization ability of the proposed vessel segmentation framework.

To further enhance diagnostic performance, this research incorporates multimodal image
analysis using both fundus photographs and OCT scans. Retinal abnormalities such as
microaneurysms, haemorrhages, and soft exudates are detected from fundus images using a
dual-encoder, single-decoder architecture termed “Residual Inception Local Binary Pattern—

based Y-Net (RILBP-YNet).” This model combines convolutional feature extraction with



textural analysis through Local Binary Patterns (LBP) computed at multiple radii (1, 3, 5, and
7). The integration of texture-based and deep convolutional features strengthens feature learning
and improves the detection accuracy of pathological signs, along with optic disc segmentation.
The second major contribution involves depth-wise retinal analysis using OCT imaging to detect
fluid accumulation between retinal layers. A U-Net-inspired model, “FAM-U-Net,” is proposed
to identify retinal fluid regions. The architecture integrates multiscale feature representations
using feature pyramid channels and dilated convolutions to enhance inter-pixel dependencies.
Additionally, Convolutional Block Attention Modules (CBAM) and a Deep Aggregation
Pyramid Pooling Module (DAPPM) are incorporated to refine salient feature maps and improve
localization of fluid regions.

As a third contribution, clinically significant biomarkers such as the Artery-to-Vein Ratio (AVR)
and Cup-to-Disc Ratio (CDR) are computed from segmented retinal structures to assist in
detecting Hypertensive Retinopathy, Diabetic Retinopathy, and Glaucoma. Furthermore, a
transformer-based multimodal deep learning network is developed to generate a unified
diagnostic report by jointly analyzing fundus and OCT images through self-attention
mechanisms.

Comprehensive qualitative and quantitative evaluations are conducted on multiple public
datasets, including INSPIRE-AVR, DRIVE, ORIGA, DRISHTI, UCSD, RETOUCH,
OPTIMA, and DUKE, along with real-time clinical datasets collected from eye hospitals. The
experimental results demonstrate that the proposed frameworks outperform existing state-of-
the-art methods, offering a robust, efficient, and clinically relevant solution for automated retinal

disease detection.

Vi
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