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Abstract

Background/Objectives: Diabetic retinopathy (DR) segmentation faces critical challenges
from domain shift and false positives caused by heterogeneous retinal backgrounds. Recent
transformer-based studies have shown that existing approaches do not comprehensively
integrate the anatomical context, particularly training datasets combining blood vessels
with DR lesions. Methods: These limitations were addressed by deploying a DeepLabV3+
framework enhanced with more comprehensive anatomical contexts, rather than more
complex architectures. The approach produced the first training dataset that systematically
integrates DR lesions with complete retinal anatomical structures (optic disc, fovea, blood
vessels, retinal boundaries) as contextual background classes. An innovative illumination-
based data augmentation simulated diverse camera characteristics using color constancy
principles. Two-stage training (cross-entropy and Tversky loss) managed class imbalance
effectively. Results: An extensive evaluation of the IDRiD, DDR, and TJDR datasets
demonstrated significant improvements. The model achieved competitive performances
(AUC-PR: 0.7715, IoU: 0.6651, F1: 0.7930) compared with state-of-the-art methods, including
transformer approaches, while showing promising generalization on some unseen datasets,
though performance varied across different domains. False-positive returns were reduced
through anatomical context awareness. Conclusions: The framework demonstrates that
comprehensive anatomical context integration is more critical than architectural complexity
for DR segmentation. By combining systematic anatomical annotation with effective data
augmentation, conventional network performances can be improved while maintaining
computational efficiency and clinical interpretability, establishing a new paradigm for
medical image segmentation.

Keywords: diabetic retinopathy; semantic segmentation; anatomical context; domain
generalization; data augmentation; transformer

1. Introduction
Diabetic retinopathy (DR) represents the leading cause of preventable blindness among

working-age populations in developed nations, affecting millions of diabetic patients world-
wide [1]. The early and accurate detection of DR lesions, including microaneurysms (MAs),
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hemorrhages (HEs), hard exudates (EXs), and soft exudates (SEs), also known as cotton-
wool spots (CWS), is crucial for timely intervention and preventing irreversible vision
loss. However, visual diagnosis by ophthalmologists is inherently time-consuming, labor-
intensive, and subject to inter-observer variability, creating an urgent need for automated
diagnostic systems.

Current automated DR segmentation approaches can be categorized into traditional
machine learning methods and deep learning (DL) techniques. Traditional approaches [2,3]
rely on handcrafted features, thresholding, and mathematical morphology but suffer from
poor generalization and require extensive manual parameter tuning. DL-based methods,
particularly Convolutional Neural Networks (CNNs) [4–8], have shown remarkable success
but face three critical limitations that severely limit their clinical deployment.

First, the domain shift problem: Models trained on one dataset exhibit significant
performance degradation when applied to images from different cameras, institutions, or
patient populations [9–11]. Variations in imaging protocols, camera specifications, and
photometric characteristics across clinical settings all contribute to this problem.

Second, background-induced false positives: Retinal images contain complex
anatomical structures that can be mistaken for pathological lesions, leading to diagnostic
errors. For instance, the optic disc (OD) often presents similar color characteristics to EXs,
while blood vessels may be confused with HEs or MAs.

Third, incomplete anatomical context utilization: Huang et al. noted in their seminal
RTNet work [5] “as no fundus dataset is annotated with both vessels and DR lesions, the
DL-based lesion segmentation task no longer extracts vessel features separately.” They
also concluded that “pathological connections have not received enough attention” and
that their work represented “the first trial that utilizes vascular information for deep based
fundus lesion segmentation.” However, their approach was limited to vessel information
alone, without comprehensive retinal anatomical context.

This paper addresses these fundamental limitations through a paradigm shift from
architectural complexity to comprehensive data enhancement. Rather than developing
sophisticated transformer networks, this work demonstrates that conventional architectures
achieve competitive performance when provided with appropriate anatomical context and
effective domain adaptation strategies.

The core innovation lies in systematic anatomical context integration: Extending
beyond the vessel-only approach pursued in [5], this study develops the first comprehen-
sive training framework that systematically combines DR lesions with complete retinal
anatomical structures, including OD, fovea (FV), blood vessels, and retinal boundaries as
explicit contextual background classes.

The secondary innovation addresses domain shift through realistic data augmenta-
tion: An illumination-based augmentation method simulates diverse camera characteristics
using color constancy principles, exposing models to realistic photometric variations dur-
ing training without requiring target domain data. Comprehensive experimental validation
demonstrates the effectiveness of the proposed approach across multiple dimensions:

• Cross-dataset generalization: Training on the Indian Diabetic Retinopathy Image
Dataset (IDRiD) [12] and evaluation on the unseen test datasets of Diabetic Retinopathy
Grading and Segmentation Challenge (DDR) [13] and Tianchi Diabetic Retinopathy
(TJDR) [14] validate robustness across different camera systems and patient populations.

• Ablation studies: Systematic analysis isolates the contributions of anatomical context
integration and illumination augmentation.

• Comparative analysis: Performance comparison against state-of-the-art methods in-
cluding recent transformer approaches demonstrates superior accuracy and efficiency.
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The objectives of this study are threefold: first, to develop a comprehensive training
framework that systematically integrates complete retinal anatomical structures (optic disc,
fovea, blood vessels, and retinal boundaries) with DR lesion annotations, addressing the
gap in existing approaches that lack comprehensive anatomical context modeling; second,
to design and validate an illumination-based data augmentation strategy grounded in
color constancy principles that simulates realistic photometric variations across diverse
fundus camera systems, thereby improving model robustness against domain shift with-
out requiring target domain data; third, to demonstrate through rigorous experimental
validation across multiple datasets that data enrichment through anatomical context inte-
gration and effective augmentation can achieve competitive performance with established
network architectures, providing a clinically interpretable and computationally efficient
alternative to increasingly complex architectural designs. By realizing these objectives, we
aim to establish a new paradigm for DR segmentation that prioritizes comprehensive data
strategy over architectural complexity while maintaining clinical interpretability and ease
of deployment.

Qualitatively, the framework offers several clinical advantages: (1) reduced false
positives through anatomical context awareness, (2) improved interpretability compared to
attention-based methods, and (3) a systematic approach to dataset enhancement that can
benefit other medical imaging tasks.

The main contributions of this work include the following:

• Systematic anatomical context integration: Development of the first comprehensive
training dataset combining DR lesions with complete retinal anatomy, extending beyond
existing vessel-only approaches to include comprehensive background structures.

• Paradigm shift demonstration: Empirical evidence that comprehensive data enhance-
ment outperforms architectural complexity, challenging the trend toward increasingly
complex models in medical imaging.

• Domain adaptation innovation: Novel illumination-based augmentation that effectively
simulates real-world photometric variations without requiring target domain annotations.

• Clinical validation: Extensive cross-dataset evaluation demonstrating practical ap-
plicability across diverse clinical settings with strong generalization compared to
existing methods.

2. Related Works and Literature Review
The literature review is organized thematically to highlight the evolution of techniques

and identify persistent gaps that motivated the proposed approach.

2.1. Traditional Approaches and Early Deep Learning Methods

Early DR lesion segmentation methods relied on traditional computer vision tech-
niques, including thresholding, mathematical morphology, and handcrafted feature ex-
traction [2,3]. While these approaches provided interpretable results, they suffered from
poor generalization across different datasets and required extensive manual parameter
tuning by domain experts. The computational complexity and limited adaptability of these
methods made them unsuitable for large-scale clinical deployment.

The emergence of DL revolutionized medical image analysis, with CNNs demonstrat-
ing superior performance in various segmentation tasks. Khojasteh et al. [15] pioneered the
use of four-layered CNNs to detect exudates, microaneurysms, and hemorrhages, while
Eftekhari et al. [16] proposed a two-stage CNN approach specifically for microaneurysm
detection. However, these early DL approaches treated DR lesion segmentation as an
isolated task without considering the broader anatomical context of retinal images.
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2.2. Foundation Architectures and Their Evolution

U-Net and Encoder–Decoder Architectures: Ronneberger et al. [17] introduced U-Net,
establishing the encoder–decoder architecture with skip connections as the foundation
for medical image segmentation. This architecture enabled precise localization while
maintaining contextual information, becoming the de facto standard for medical imaging
applications due to its effectiveness with limited training data.

Advanced Encoder–Decoder Variants: Building upon the success of U-Net, Zhou
et al. [18] developed UNet++, including nested and dense skip pathways to bridge semantic
gaps between encoder and decoder features. Chen et al. [19] contributed DeepLabV3+ with
atrous separable convolution, combining spatial pyramid pooling with an encoder–decoder
structures for multi-scale context aggregation. Gu et al. [20] proposed CE-Net, adding
context encoder modules for enhanced semantic understanding.

Multi-Scale and Attention Mechanisms: Zhao et al. [21] introduced PSPNet with
pyramid pooling modules for global context aggregation. Recent works have incorporated
attention mechanisms. Bo et al. [22] developed scale-aware attention blocks for adaptive
lesion detection across different scales.

2.3. Transformer-Based and Advanced Architectures

Relation Modeling: Huang et al. [5] developed RTNet (Relation Transformer Net-
work), the first model to leverage transformer architecture for capturing long-range de-
pendencies between different DR lesion types. Their work identified a critical gap: “as no
fundus dataset is annotated with both vessels and DR lesions, the DL-based lesion segmen-
tation task no longer extracts vessel features separately.” They noted that “pathological
connections have not received enough attention” and presented “the first trial that utilizes
vascular information for deep based fundus lesion segmentation.”

Prior-Guided Attention: Xu et al. [23] proposed prior-guided attention fusion trans-
formers that incorporate anatomical priors to guide attention mechanisms. While this
approach showed promise, it relied primarily on complex attention computations rather
than systematic data enhancement.

Specialized Architectures: Pavani et al. [24] introduced RILBP-YNet, combining
rotation invariant local binary patterns with Y-shaped architecture for multiclass lesion
segmentation. These approaches demonstrated progression toward a more sophisticated
architecture at the cost of computational complexity and interpretability.

2.4. Domain Adaptation and Generalization Approaches

Domain Shift Challenges: Despite architectural advances, domain shift remains a
persistent challenge. Lyu et al. [9] proposed AADG (Automatic Augmentation for Domain
Generalization) for retinal image segmentation, while Che et al. [10] and Galappaththige
et al. [11] explored domain generalization for DR classification. However, these approaches
primarily focused on geometric and intensity transformations without addressing the
fundamental lack of anatomical context in training data.

Data Augmentation Strategies: Traditional augmentation techniques include geo-
metric transformations (rotation, flipping, scaling) and intensity modifications (brightness,
contrast adjustments). While effective for basic generalization, these methods do not
address the photometric variations introduced by different fundus camera systems and
imaging protocols.

Recent advances in generative AI have explored diffusion models for medical image
augmentation. Lakas et al. [25] demonstrated that diffusion models can enhance DR grading
by generating synthetic training samples. However, these approaches were developed
for classification tasks where image-level labels suffice. For pixel-precise segmentation,
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diffusion-based augmentation presents significant challenges. The generative process
may destroy the fine details of small lesions such as microaneurysms, and synthesized
images often lack the anatomical fidelity required for accurate boundary delineation. These
limitations motivate our illumination-based approach, which preserves original structures
while simulating realistic photometric variations.

2.5. Federated Learning for Diabetic Retinopathy

The growing concerns surrounding medical data privacy and the fragmentation of
healthcare datasets have catalyzed the adoption of federated learning (FL) in DR research.
Mao et al. [26] proposed a comprehensive FL framework that jointly addresses DR grading
and multi-lesion segmentation without requiring centralized data aggregation. Their
adaptive α-Fed algorithm comprises two main components, a local client model and a
client-specific global model. It adaptively tunes the aggregate weighted α from round to
round based on performance, balancing site-specific knowledge with information from
other datasets. It marks a significant advancement in cross-domain federated optimisation,
achieving competitive performances across heterogeneous datasets while preserving patient
confidentiality and institutional data sovereignty.

This privacy-preserving paradigm aligns with earlier efforts, such as those of Sheller
et al. [27], who demonstrated the feasibility of FL for brain tumor segmentation across
multiple institutions, and Li et al. [28], who explored personalized FL strategies for medical
image classification. Additionally, Nielsen et al. [29] proposed a homomorphic encryption-
enhanced FL system for DR classification, significantly reducing computation and data
transfer while protecting against gradient inversion attacks. These studies collectively
underscore the potential of FL to overcome data silos and enable collaborative learning in
sensitive clinical domains.

Nevertheless, our findings suggest that well-designed centralized data augmentation
techniques can yield comparable performance to federated learning approaches for specific
lesion types, with particular advantages in detecting small, challenging lesions such as
microaneurysms and hemorrhages when domain-specific priors are incorporated. This
highlights the importance of balancing privacy-preserving strategies with methodological
flexibility in DR analysis.

2.6. Critical Gaps in Current Approaches

Inadequate Integration of Anatomical Context: Notwithstanding the acknowledg-
ment by Huang et al. [5] regarding the significance of vascular information, there exists
a deficiency in the systematic integration of comprehensive retinal anatomical structures
(including the OD, FV, blood vessels, and retinal boundaries) with DR lesions within a co-
hesive training framework. Subsequently, Xu et al. [23] introduced a notable advancement
by employing pre-trained vascular masks as prior knowledge to facilitate the segmentation
of lesions.

Background Structure Ambiguity: Current methods lack explicit mechanisms to
differentiate between pathological lesions and normal anatomical structures. The resem-
blances between ODs and exudates, and blood vessels and HEs, continue to cause false-
positive segmentations.

Domain Shift Vulnerability: Existing augmentation strategies do not adequately
simulate the realistic photometric variations encountered across different clinical settings,
limiting model generalization to unseen domains.

Architectural Complexity vs. Performance Trade-Offs: Recent transformer-based
approaches have improved performances but at significant computational cost, poten-
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tially limiting their clinical deployment. The positive relationship between architectural
complexity and performance gains remains unclear.

2.7. Research Motivation and Positioning

The comprehensive literature review revealed a clear research gap: while recent works
have explored sophisticated architectures and attention mechanisms, the fundamental
challenge of inadequate training data remains unaddressed. Huang et al. [5] observed that
the lack of datasets combining vessels with DR lesions highlighted a broader issue—the
absence of comprehensive anatomical context in existing training frameworks.

This paper addresses these limitations through a systematic approach that prioritizes
data enhancement over architectural complexity. By developing comprehensive anatomical
context integration and realistic domain adaptation strategies, this work demonstrates that
conventional architectures can produce competitive performances when provided with
appropriate training data and augmentation strategies.

Clear Separation Between Existing Work and Novel Contributions: The literature
review established that while existing approaches have explored various architectural
innovations and limited anatomical integration, no prior work has systematically com-
bined comprehensive retinal anatomical structures with DR lesions in a unified training
framework. The proposed illumination-based augmentation represents a novel approach
to domain adaptation that goes beyond traditional geometric and intensity transformations
to simulate realistic photometric variations across different imaging systems.

3. Materials and Methods
This section details the proposed DL framework for multi-lesion DR segmentation. It

begins by outlining the datasets utilized in this study and their preparation, followed by an
emphasis on two key strategies: the generation of refined background subclass annotations
to address heterogeneous backgrounds and reduce false positives, and an innovative
illumination-based data augmentation technique to enhance model generalization against
domain shift.

3.1. Datasets

This study leverages a combination of publicly available retinal fundus image datasets
for both DR lesion segmentation and innovative illumination-based data augmentation. A
detailed description of each dataset and its specific role in our research is provided below.

3.1.1. Segmentation and Generalization Assessment Datasets

For the primary task of DR lesion segmentation and comprehensive generalization
assessment, three widely recognized public datasets were utilized: the IDRiD [12], DDR [13]
and TJDR [14] datasets.

• IDRiD: The dataset designated for segmentation encompasses 81 high-resolution
retinal images, which have been meticulously annotated at the pixel level for the
OD and four distinct DR lesions: MAs, HEs, EXs, and CWSs. In light of its superior
pixel-level annotations, the IDRiD is regarded as the benchmark for the training
and evaluation of our proposed segmentation methodology. For the purposes of
experimentation, this dataset is traditionally partitioned into 54 images allocated for
training and 27 images reserved for testing.

• DDR Dataset: The full DDR dataset comprises 13,673 retinal images, primarily de-
signed for grading DR severity, ranging from No DR to Proliferative DR. For segmenta-
tion tasks within this study, a subset of 757 images is utilized, providing segmentation
annotations for four lesion types: MA, HE, EX, and CWS. This segmentation subset is
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partitioned into 383 images for training, 225 images for testing, and 149 images for
validation. This dataset is employed as an unseen test set specifically to assess the
generalization capability of our proposed method. Its large size and distinct image
characteristics provide a robust test for unseen data distributions.

• TJDR Dataset: The TJDR dataset consists of a collection of 561 retinal fundus images,
specifically curated for DR analysis. A notable characteristic of this dataset is that
its images were captured using a Zeiss CLARUS 500 and Topcon cameras, which
provides a significantly different Field of View (FoV) compared to the camera used
for the IDRiD dataset. This distinct FoV contributes significantly to the domain shift
challenge, making TJDR an additional unseen test set to further validate the robustness
and generalization performance of our model across diverse clinical image acquisition
protocols. The TJDR dataset is divided into 448 images for training and 113 images
for testing.

3.1.2. Illuminant Augmentation Reference Datasets

To facilitate the proposed illumination-based data augmentation, four additional
public datasets were employed as sources of diverse illuminant appearances: STARE [30],
Chase_DB1 [31], HRF [32], and DRIVE [33]. These datasets are predominantly focused
on vessel segmentation and exhibit varied imaging characteristics, making them ideal for
simulating real-world photometric variations.

• STARE Dataset: This dataset contains 20 retinal images, equally split between normal
(10 images) and pathological cases (10 images).

• Chase_DB1 Dataset: Collected from the Child Heart and Health Study in Beijing, this
dataset provides 28 retinal images, with vessel ground truth annotations obtained by
two independent observers.

• HRF Dataset (High-Resolution Fundus Image Database): Comprising 45 images,
HRF is categorized into three groups: healthy, DR, and glaucomatous retinopathy.

• DRIVE Dataset (Digital Retinal Images for Vessel Extraction): This dataset includes
40 retinal images, with 7 abnormal and 33 normal cases, and is widely used for vessel
segmentation research.

Collectively, all 113 images from these four datasets were utilized to extract diverse
illuminant appearances. This extensive collection serves as the reference pool for our novel
illumination augmentation method, ensuring that our training data was exposed to a wide
range of realistic photometric variations.

3.1.3. Dataset Utilization Summary

In conclusion, owing to its meticulous pixel-level annotations of lesions, the IDRiD
dataset is utilized as the foundational dataset for the training and evaluation of our pro-
posed segmentation framework. The DDR and TJDR datasets are judiciously utilized as
unseen test sets to rigorously assess the generalization ability and robustness of the model
on large-scale, independently sourced datasets characterized by a diverse array of features.
The STARE, Chase_DB1, HRF, and DRIVE datasets are collectively employed to provide
vessel resources and serve as reference materials for the generation of varied illuminant
appearances, thereby substantially enhancing the IDRiD training dataset and improving the
resilience of the model against domain shifts. Table 1 provides a comprehensive summary
of all datasets utilized in this study, including their sources, characteristics, and specific
roles in our experimental framework.



Diagnostics 2025, 15, 2762 8 of 32

Table 1. Dataset summary.

Dataset Origin Images Used
(Train/Test/val) Key Characteristics Purpose in Study

IDRiD India 81 (54/27/–) 4288 × 2848; OD +
MA/HE/EX/CWS Primary train/test set

DDR China 757 (383/225/149) 1088 × 1920, 3456 × 5184;
MA/HE/EX/CWS Unseen test

TJDR China 561 (448/113/–)
3912 × 3912; Zeiss CLARUS
500 & Topcon;
MA/HE/EX/CWS

Unseen test

STARE US 20 605 × 700; 10 normal/10
diseased; OD, vessels

Illuminant reference for
augmentation

CHASE_DB1 UK 28 1280 × 960; pediatric; vessels
(2 observers)

Illuminant reference for
augmentation

HRF Germany 45
3504 × 2336;
healthy/DR/glaucoma; OD,
FOV, vessels

Illuminant reference for
augmentation

DRIVE Netherlands 40 768 × 584; 33 normal/
7 abnormal; FOV, vessels

Illuminant reference for
augmentation

3.2. Data Preparation and Annotated Background Subclasses

To address the challenge of heterogeneous retinal image backgrounds and improve
the precision of DR lesion segmentation, we developed a comprehensive approach to
create detailed background subclass annotations. This process involved leveraging existing
datasets and employing a two-stage annotation strategy.

Initially, the IDRiD dataset was utilized, providing pixel-level annotations for the
OD and four DR lesion types. To generate the retinal region, Otsu thresholding was
applied as described in [34]. Subsequently, the retinal and OD annotations were combined,
and the FV region was manually edited using MATLAB’s Image Labeler [35] (MATLAB
software, https://www.mathworks.com/products/matlab.html (accessed on 27 October
2025)), with careful investigation and validation by experienced ophthalmologists. The
resulting background subclass annotations, including OD, FV, and the general retinal area,
are conceptualized in Figure 1.

A pre-trained DeepLabV3+ model with a ResNet-50 backbone, as depicted in Figure 1,
was then trained using the 81 segmentation images from the IDRiD dataset. This trained
model was subsequently employed to generate initial background subclass annotations (FV,
OD, retina, and background) for the public datasets STARE, Chase_DB1, HRF, and DRIVE.

To further enhance the anatomical completeness, the subclasses generated from these
four datasets were overlaid with their corresponding blood vessel segmentations. The lower
section in Figure 1 illustrates this comprehensive production process, where generated
subclasses are combined with blood vessel information to form a more complete set of
major anatomic structures. All newly generated background subclass annotations were
meticulously investigated and manually edited using the Image Labeler App to correct
any inaccuracies.

Finally, these four public datasets (STARE, Chase_DB1, HRF, and DRIVE) with their
newly established major anatomic structure annotations were used to train a dedicated
“major anatomic structure model”. This model utilized the same DeepLabV3+ architecture
with a ResNet-50 backbone (shown conceptually in Figure 1), but with its output block
modified to predict five classes (OD, FV, vessel, retina, and background). Upon achieving

https://www.mathworks.com/products/matlab.html
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the target validation performance, this specialized model was then used to generate a
consistent set of major anatomic structure annotations for the entire IDRiD dataset, as
exemplified in Figure 2b.

Figure 1. A conceptual schematic delineating the process of constructing the ground truth, which
illustrates input images alongside associated background subclasses (FV, OD, and retina) as produced
ground truth in the upper section. The lower section shows how these generated subclasses are
combined with blood vessel segmentations to delineate the principal anatomical structures: OD,
blood vessel, FV, retina, and background.

This meticulously annotated IDRiD dataset, now enriched with contextual back-
ground labeling, significantly improves segmentation capabilities by providing a clearer
distinction between lesions (original annotation as seen in Figure 2c) and heterogeneous
background structures. The improved IDRiD dataset (Figure 2d) was then divided into
training and validation sets following the same separation as the original dataset, resulting
in 54 improved training data samples used to train the final network model by adjusting its
output block to nine classes (four DR lesions + five background subclasses).
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(a) (b)

(c) (d)

Figure 2. Generating contextual labeling to enhance DR segmentation: (a) Input image; (b) Major
anatomic structures from the generated model; (c) Four lesion annotations from IDRiD: MA, CWS,
HE, and EX; (d) Combining the anatomic structure with the four lesions.

Main Steps for Anatomical Context Integration

To clarify our approach, the comprehensive anatomical context integration process
illustrated in Figures 1 and 2 can be summarized in four main sequential steps:

• Step 1: Initial Background Subclass Annotation. We began with the IDRiD dataset,
which provided pixel-level annotations for the optic disc and four DR lesion types.
We generated additional anatomical annotations, including the retinal region (using
Otsu thresholding) and fovea (through manual editing validated by experienced
ophthalmologists). These initial annotations established the foundation for the full
anatomical modeling.

• Step 2: Major Anatomical Structure Model Development. A DeepLabV3+ model
with ResNet-50 backbone was trained on the IDRiD dataset to predict four classes:
optic disc, fovea, retina, and background. This model was then applied to four public
vessel datasets (STARE, Chase_DB1, HRF, DRIVE) to generate initial anatomical
structure annotations. The generated annotations were overlaid with existing vessel
segmentations and manually refined using MATLAB’s Image Labeler tool to ensure
accuracy. This refinement process involved review by two trained graders, achieving
an inter-observer agreement of an F1-score = 0.9754. The final validation was carried
out by an ophthalmologist with more than 10 years of experience.

• Step 3: Comprehensive Anatomical Annotation for IDRiD. The major anatomical
structure model, trained on the four vessel datasets enriched with anatomical an-
notations, was then applied back to the entire IDRiD dataset to generate consistent,
comprehensive anatomical structure masks. This reverse application ensured that the
IDRiD training data contained complete anatomical context information derived from
diverse imaging sources.

• Step 4: Multi-Class Integration for Lesion Segmentation. Finally, the anatomical
structure annotations (optic disc, fovea, vessels, retina, background) were combined
with the original DR lesion annotations (microaneurysms, hemorrhages, hard exudates,
cotton-wool spots) to create a unified nine-class training dataset. This integration
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enabled the model to simultaneously learn lesion patterns and anatomical context,
reducing false positives by explicitly modeling structures that could be confused with
pathological features.

Through this systematic process, our framework leverages anatomical context to
improve lesion discrimination. The explicit modeling of background structures as separate
classes enables the network to learn distinctive features for each anatomical region, thereby
reducing the misclassification of normal structures as pathological lesions.

3.3. Illuminant Augmentation

Given the limited size of available medical imaging datasets and the inherent vari-
ability in retinal image distributions obtained from different acquisition systems, data
augmentation is a crucial technique that can expand training data synthetically and prevent
overfitting. Common augmentation strategies encompass both spatial transformations
(e.g., random rotations up to ±15 degrees, flipping) and tonal transformations, which alter
brightness, contrast, and color balance. Tonal variations [36] are particularly prevalent in
retinal images, often the results of diverse imaging devices, lighting conditions, and patient
characteristics. Studies have consistently shown that images of the same retina can appear
distinctly different when captured by different fundus cameras [37,38], with inconsistencies
attributed to device-specific color rendering and photo-graphic conditions. While such
tonal enhancements can aid human clinical interpretation, they can detrimentally affect the
performances of Deep Neural Networks (DNNs) if not properly addressed. Therefore, to
improve the generalization capabilities of DNNs across diverse imaging conditions, it is
essential to incorporate comprehensive tonal augmentation by exposing DNNs to a wide
range of real-world variations during training.

Our proposed scheme introduces an innovative illumination-based data augmentation
method designed to transfer the appearance of colors in reference images to the training
data. As detailed in Table 2, the 54 IDRiD training images are augmented by mimicking
image acquisition from other datasets (STARE, Chase_DB1, HRF, and DRIVE). This trans-
formation process, depicted in Figure 3, leverages principles of color constancy [39] to
reproduce training images with varied illuminance properties.

Table 2. IDRiD image augmentation was achieved by using images from the STARE, Chase_DB1,
HRF, and DRIVE datasets.

IDRiD Images Referenced Images Augmented Images
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Table 2. Cont.

IDRiD Images Referenced Images Augmented Images

Figure 3. The diagram shows the illuminant augmentation process used to augment 54 training IDRiD
images by providing reference images from four datasets: STARE, Chase_DB1, HRF, and DRIVE.

The augmentation process begins by pre-calculating an illuminance matrix (I[M×3]).
This matrix is derived from 113 reference images collected from the STARE, Chase_DB1,
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HRF, and DRIVE datasets. For each of these 113 images, illuminance vectors are esti-
mated using three established color constancy algorithms: Gray World, Retinex, and
Principal Component Analysis (PCA) [40], resulting in a total of 339 illuminance vectors
(M = 113 × 3). During training, a distinct illuminance vector is uniformly and randomly
selected from this pre-calculated matrix (I[M×3]) for each of the 54 IDRiD training images.
The selected training image is then rendered using a chromatic adaptation function, which
applies the chosen illuminance vector to generate an augmented image with a different
visual appearance. As illustrated in Figure 4, this process effectively simulates the scenario
where an IDRiD image is captured by a different camera, such as one used for HRF images.

Figure 4. The enhanced illumination is derived from the reference HRF image through the application
of Gray World, Retinex, and PCA methodologies to adjust the IDRiD image, which yields the
augmented images presented in the final column.

Rationale for Illumination-Based Augmentation

The fundamental motivation for investigating illumination-based augmentation stems
from the observation of a critical weakness in clinical retinal imaging—fundus images
acquired from different cameras, institutions, and imaging protocols exhibit substantial
variations in photometric characteristics, including illumination intensity, color tempera-
ture, and spectral response. These variations represent a primary source of domain shift,
causing models trained on one dataset to exhibit significant performance degradation when
applied to images from different acquisition systems. Traditional color-based augmentation
techniques, such as random brightness and contrast adjustments, generate arbitrary trans-
formations that may not reflect realistic imaging variations, and may potentially introduce
non-physiological color distributions that could mislead the model.

Our illumination-based augmentation strategy addresses this limitation by synthesiz-
ing realistic photometric variations grounded in the principles of color constancy theory.
Illumination characteristics are extracted from multiple established vessel segmentation
datasets (STARE, DRIVE, HRF, Chase_DB1). The strategy creates a reference pool of realistic
illumination profiles acquired by different camera systems in diverse imaging conditions.
During training, these profiles are applied to the IDRiD images through chromatic adapta-
tion, effectively simulating scenarios where each training image was captured by different
camera systems. This approach exposes the model to a broader spectrum of realistic imag-
ing conditions without requiring actual images from multiple sources, thereby encouraging
the learning of illumination-invariant features that are more robust to domain shift. The
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use of established color constancy algorithms (Gray World, Retinex, and PCA) ensures
that the augmented images maintain a physiologically plausible color distributions while
substantially increasing photometric diversity.

3.4. Segmentation Model Architecture and Training

Our semantic segmentation framework utilizes DeepLabV3+ [19] with a ResNet-
50 [41] backbone, as illustrated conceptually in Figure 1. All input images were resized to
1024 × 1024 pixels for consistent processing. The final classification block of the network
was adapted based on the specific segmentation task:

• Model-1: Predicts 4 classes (OD, FV, retina, and background).
• Model-2 (Major Anatomic Structure Model): Predicts five classes (for OD, FV, vessel,

retina, and general background), augmented with 81 IDRiD images during training.
• Model-3: Predicts nine classes (four DR lesions + four background subclasses + general

background), augmented with 113 combined images from STARE, Chase_DB1, HRF,
and DRIVE datasets.

Training was conducted in a two-stage process to optimize segmentation and handle
class imbalance effectively:

• Stage 1 (Cross-Entropy Loss): Initially, models were trained using the standard cross-
entropy loss function [42], which is defined as follows:

loss =
1
N

N

∑
n=1

C

∑
i=1

wi tni ln yni (1)

where N is the number of images, C is the number of classes, wi is the weight for class
i, tni represents whether the n-th image pixel belongs to the i-th class (ground truth),
and yni is the output probability (from softmax) for image n belonging to class i. This
stage helps the model to initially capture all relevant DR lesions.

• Stage 2 (Generalized Tversky Loss): In the second stage, the cross-entropy loss
was replaced with the generalized Tversky loss function [43], which is based on the
Tversky index. The Tversky index (TIc) for measuring overlap between a predicted
segmentation Y and corresponding ground truth T for class c is given by

TIc =
∑M

m=1 YcmTcm

∑M
m=1 YcmTcm + α ∑M

m=1 YcmTc̄m + β ∑M
m=1 Yc̄mTcm

(2)

where c corresponds to the target class, c̄ corresponds to not being in class c, M is
the number of elements (pixels), and α and β are weighting factors that control the
contribution of false positives and false negatives, respectively. The overall loss L
across C classes is defined as follows:

L =
C

∑
c=1

(
1 − TIc

)
(3)

This two-stage approach leveraging Tversky loss is particularly beneficial for address-
ing class imbalance, a common issue in medical image segmentation where lesion pixels
are typically far fewer than background pixels.

The training regimen employing the cross-entropy loss function for each model ex-
hibited variability in the number of epochs: specifically, 300, 400, and 600 epochs were
allocated for Model-1, Model-2, and Model-3, respectively. In contrast, in order to ascertain
the optimal performance utilizing the Tversky loss, each model underwent a training
duration of 100 epochs. A consistent learning rate of 0.001 was applied across all models,
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with parameters updated using Stochastic Gradient Descent with Momentum (SGDM) and
a momentum value of 0.90. All models were trained on a GeForce RTX™ 3090 Ti GPU with
24 GB of memory, using a batch size of 6.

3.5. Evaluation Metrics

To comprehensively assess the performances of our semantic segmentation models,
which operate on retinal images where pathological regions typically occupy less than 5%
of the total area [44], a robust evaluation framework was essential. This class imbalance
necessitates the use of a complementary set of metrics that can accurately reflect the perfor-
mance of a model beyond simple pixel accuracy. This section presents our comprehensive
evaluation framework, which utilizes seven widely recognized metrics: Accuracy, Inter-
section over Union (IoU), Precision, Recall, Area Under the ROC Curve (AUC-ROC), Area
Under the Precision–Recall Curve (AUC-PR), and F1-Score.

• Accuracy: Measures the overall pixel classification correctness. Due to class imbalance,
this metric can be misleadingly high if the model correctly classifies a large number of
background pixels but fails to identify lesions. Accuracy was determined as follows:

accuracy =
TP + TN

TP + TN + FP + FN
(4)

In the above formula:

- TP (True Positive): Number of pixels correctly identified as part of a target class
(overlapping with ground truth).

- TN (True Negative): Number of pixels correctly identified as belonging to the
non-interest (background) class.

- FP (False Positive): Number of pixels incorrectly identified as part of a target
class.

- FN (False Negative): Number of pixels that are part of a target class but incorrectly
identified as non-interest.

• Intersection over Union (IoU): Also known as the Jaccard index, IoU measures the
spatial overlap between the predicted segmentation mask and the ground truth mask.
It provides a direct geometric interpretation of segmentation quality and is a standard
metric for benchmarking segmentation models, as it is unaffected by the abundance
of true negative pixels [45].

IoU =
TP

TP + FP + FN
(5)

• Precision: Quantifies the proportion of predicted lesion pixels that are actually correct.
A high Precision score is critical in DR segmentation as it minimizes false positives,
reducing unnecessary alarms or follow-up procedures for patients [46].

Precision =
TP

TP + FP
(6)

• Recall: Also known as sensitivity, Recall measures the proportion of actual lesion
pixels that are correctly identified. A high Recall score is vital for a robust screening
system, as it minimizes false negatives, ensuring that no patient with DR is undiag-
nosed [47].

Recall =
TP

TP + FN
(7)
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• F1-Score: The F1-score is a metric that evaluates the balance between Precision and
Recall in segmented objects. It is particularly important in segmentation tasks where
overall accuracy is more critical than the precision of boundaries.

F1 =
2 · Precision · Recall
Precision + Recall

(8)

A high F1-score indicates that the model performs well in identifying relevant regions
while minimizing false positives and false negatives.

• Area Under the ROC Curve (AUC-ROC): AUC-ROC evaluates the ability of a model
to distinguish between the positive and negative classes across all possible thresholds.

AUC-ROC =
n

∑
i=1

(FPRi − FPRi−1)(TPRi + TPRi−1)

2
(9)

where:

- n = number of threshold points;
- TPRi stands for a true positive rate, TPRi = TPi

TPi+FNi
equal to sensitivity at

threshold i;
- FPRi stands for a false positive rate, FPRi = FPi

FPi+TNi
= 1—Specificity at

threshold i;
- Points ordered by increasing FPR (from (0,0) to (1,1)).

AUC-ROC could be misleadingly optimistic for DR-lesion segmentation due to back-
ground pixel dominance. On 97% background pixels, a random classifier achieves
an AUC-ROC ≈ 0.5, but a slightly better than random classifier can return an
AUC-ROC > 0.9 while having poor lesion detection (IoU < 0.2) [48,49].

• Area Under Precision–Recall Curve (AUC-PR): This metric provides a holistic view
of the trade-off between Precision and Recall at various classification thresholds.

AUC-PR =
n

∑
i=1

(ri − ri−1)(Pi − Pi−1)

2
(10)

where:

- ri denotes Recall at threshold i (sorted in ascending order);
- Pi equals Precision at threshold i.

For highly imbalanced datasets like ours, the AUC-PR is a more informative and
reliable indicator of model performance than the AUC-ROC, as it focuses specifically on
the ability of the model to correctly identify the positive class (lesions) without being
influenced by a large number of true negatives [50,51]. For DR lesions with <5% prevalence,
the AUC-PR provides better discrimination between model performances [52].

DR-lesion segmentation evaluation requires a multi-metric approach due to the in-
herent severe class imbalance. IoU serves as the primary metric for spatial accuracy,
complemented by Recall for clinical sensitivity and the AUC-PR for threshold-independent
assessment. Traditional metrics like Accuracy and the AUC-ROC provide limited value
and can be misleading. The proposed framework effectively reconciles clinical demands
with technical efficacy, which is essential for the precise delineation of intricate anatomical
features and DR lesions in empirical findings.

All comparative analyses employ these established metrics to evaluate model perfor-
mance. Statistical significance testing with p-values and bootstrap confidence intervals is
conducted where applicable (see Section 4.2), providing rigorous quantification of perfor-
mance differences across methods.
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4. Experimentation Results
This section presents the results of our experiments, providing a comprehensive

analysis of the proposed framework’s performance. We first detail the results of the baseline
models and then evaluate the impact of our two primary contributions: the incorporation
of annotated background subclasses and the illumination-based data augmentation. The
performance of the final proposed model is then compared against state-of-the-art methods
across multiple datasets to demonstrate its strong generalization capabilities.

4.1. Ablation Studies

To systematically evaluate the individual and combined contributions of the proposed
innovations, comprehensive ablation studies were conducted using rigorous experimen-
tal protocols. The ablation analysis was designed to isolate and quantify the specific
impact of two key components—(1) comprehensive anatomical context integration and
(2) illumination-based domain adaptation—addressing the fundamental research questions
posed in this work.

All experiments employed a standardized DeepLabV3+ architecture with ResNet-50
backbone to ensure fair comparison and eliminate architectural bias. The consistent use
of the two-stage training protocol (cross-entropy followed by Tversky loss optimization)
across all model variants ensured that performance differences could be attributed solely to
the proposed innovations rather than training methodology variations. The ablation study
employed a strategically designed two-dataset approach to comprehensively evaluate both
proposed contributions:

• IDRiD Dataset Evaluation: Used to assess the impact of progressive anatomical
context integration through systematic background category refinement.

• TJDR Cross-Dataset Evaluation: Employed to rigorously test the effectiveness of
illumination-based augmentation under realistic domain shift conditions.

4.1.1. Systematic Evaluation of Anatomical Context Integration

The core hypothesis, that comprehensive anatomical context integration surpasses ar-
chitectural complexity in DR lesion segmentation, was tested in a systematic ablation study
that examined three progressively enhanced models. This evaluation directly addresses
the gap identified in the Introduction section, that existing approaches lack systematic
integration of retinal anatomical structures with DR lesions.

Experimental Design: To elucidate the facilitation of anatomical context integration in
DR segmentation, the three models DR-M1,DR-M2, and Model-3 were implemented using
identical DeepLabV3+ architectures, differing only in their output classification schemes to
isolate the impact of anatomical context integration.

• DR-M1: This model serves as the conventional approach benchmark, utilizing the orig-
inal annotations derived from the IDRiD segmentation dataset to provide a baseline
configuration with five output classes: (MA, HE, EX, CWS, background).

• DR-M2: This configuration addresses the heterogeneous background problem by
including FV and OD in the key anatomical modeling landmarks. The enhanced
background annotation incorporates these anatomical structures by reannotating the
background into four categories—FV, OD, retina, and background—leading to the
following output classes: MA, HE, EX, CWS, FV, OD, retina, background.

• Model-3: This model represents the complete realization of the proposed anatomical
context framework, extending beyond the vessel-only integration identified by Huang
et al. [5] by incorporating a separate category for retinal blood vessels. The compre-
hensive anatomical integration includes the following output classes: MA, HE, EX,
CWS, FV, OD, vessels, retina, background.
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All models underwent identical training protocols using the IDRiD training set with
illumination-based augmentation and the two-stage loss framework to ensure fair compari-
son and validate the exclusive impact of anatomical context integration.

Quantitative Performance Analysis: Figure 5 presents comprehensive confusion
matrices revealing the progressive improvements achieved through systematic anatomical
context integration. The matrices demonstrate several critical findings:

Stage 1 Analysis (Cross-Entropy Loss): The baseline DR-M1 exhibited significant
false-positive rates, particularly in distinguishing lesions from anatomical structures. The
confusion matrix revealed substantial misclassification between the HEs and OD regions,
directly validating the identification of a background-induced false-positive problem in
existing analyses.

DR-M2 showed an immediate improvement with the refined background categories
(OD, FV and retina), demonstrating reduced false positives even with identical loss func-
tions. This result validates the hypothesis that explicit anatomical structure modeling
enhances discrimination.

Model-3 achieved the most substantial improvements. The confusion matrix shows
dramatically reduced off-diagonal elements, indicating superior class separation through
the inclusion of vessel information in the anatomical context.

Stage 2 Analysis (Tversky Loss Refinement): The second-stage training with Tversky
loss consistently improved all three models, but the relative advantages of anatomical con-
text integration were maintained. Model-3 returned the highest Precision and Recall values,
with MA Precision reaching 69.0% and Recall reaching 45.8%, representing substantial
improvements over conventional approaches.

Qualitative Validation Through Visual Analysis: Figure 6 provides compelling visual
evidence supporting the quantitative findings. The progression from DR-M1 to Model-3 demon-
strates a systematic reduction in false positives and improved lesion boundary delineation:

• Critical False-Positive Reduction: Figure 6c shows the tendency of DR-M1 to directly
misclassify the optic cup (a structure within the OD, highlighted by the red box)
as CWS, demonstrating the clinical significance of the background heterogeneity
problem. Figure 6d shows that when DR-M1 was re-evaluated in Stage 2, the FP rate
was drastically reduced, producing a segmentation mask that was closely aligned
with the ground truth. The improvement was supported by the high overall Accuracy
score of 98.88% and improved Precision and Recall values.

• Progressive Anatomical Context Benefits: The benefits of including anatomical cat-
egories (OD, FV, and retina) in the background annotation become evident when
comparing DR-M2 with DR-M1. As shown in Figure 6e from DR-M2 Stage 1, the
spurious FP segmentation seen in DR-M1 Stage 1 is eliminated, even when using the
same cross-entropy loss. While this background reannotation leads to higher Precision,
it also causes a decrease in Recall for MA and HE. However, when the DR-M2 model
is fine-tuned in Stage 2 (Figure 6f), both FP and FN are reduced.

• Comprehensive Anatomical Integration Superiority: The most significant improve-
ment is seen with Model-3, where an additional blood vessel category is included.
As shown in Figure 6g,h), the FP rate was further reduced, leading to a substan-
tial increase in both Precision and Recall scores, demonstrating the critical role of
comprehensive anatomical context in achieving strong segmentation performance.

Clinical Relevance Validation: The visual results directly address the clinical concern
identified in the Introduction section, where OD characteristics can be mistaken for exudates
and blood vessels confused with HEs. The systematic elimination of these FPs through
anatomical context integration validates the clinical utility of the proposed approach.
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(a)

(b)

(c)

Figure 5. The confusion matrices pertain to the three models used in the ablation study. Charts on
the left report the training loss in the first stage and the cross-entropy loss, while charts on the right
report the Tversky loss in the second stage. (a) DR-M1 presents the baseline efficacy, utilizing the
original annotations derived from the IDRiD segmentation dataset. (b) DR-M2 presents the efficacy
of the contextual background that encompasses retina, FV, and OD. (c) Model-3 presents the efficacy
of the contextual background that includes vessel, retina, FV, and OD.

Statistical Significance and Performance Metrics: The confusion matrices reveal
consistent improvements across all evaluation metrics:

• Overall accuracy progression: DR-M1 (Stage 2): 98.88% with improved Preci-
sion/Recall balance → DR-M2 (Stage 2): enhanced anatomical discrimination →
Model-3 (Stage 2): optimal performance with 69.0% MA Precision.
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• False positive reduction: Systematic decrease in off-diagonal confusion matrix ele-
ments from DR-M1 to Model-3.

• Class-specific improvements: Particularly notable improvements in MA and HE
detection, the most clinically challenging lesion types.

(a) (b) (c) (d)

(e) (f) (g) (h) (i)

Figure 6. Comparison of DR-lesion segmentation performance with refined anatomical background
structures. (a) Original IDRiD test image IDRiD_55. (b) Ground truth: a composite image combining
the four DR lesions (MA, CWS, HE, EX) with the anatomical background for segmentation training.
(c) Segmentation result from the baseline DR-M1 Stage 1 misclassified the optic cup (a structure
within the OD, highlighted by the red box). (d) Segmentation result from DR-M1 after fine-tuning
with Tversky loss (Stage 2). (e) Segmentation result from DR-M2 Stage 1, which incorporates
refined background categories (OD, FV, and retina). (f) Segmentation result from DR-M2 Stage 2.
(g) Segmentation result from Model-3 Stage 1, which further includes a separate category for retinal
vessels. (h) Segmentation result from Model-3 Stage 2. (i) Legend for the color-coded segmentation
masks shown in figures (b–h).

Validation of Core Hypothesis: These results provide empirical evidence supporting
the central hypothesis that systematic anatomical context integration can achieve competi-
tive performances using conventional architectures. The progressive improvements from
DR-M1 to Model-3 demonstrate the following:

1. Data-centric enhancement outperforms architectural complexity: Identical network
architectures achieve dramatically different performance levels based solely on train-
ing data enhancement.

2. Systematic anatomical integration is superior to ad hoc approaches: The structured
progression of anatomical context (background → anatomical landmarks → vessels)
shows systematic benefits.

3. Clinical false positives are addressable through data enhancement: The elimination
of confusion around ODs and HEs validates the clinical utility of the proposed approach.

Domain Generalization Preparation: The superior performance achieved on the
IDRiD test set with comprehensive anatomical context provides the foundation for cross-
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dataset evaluation. The reduced FP rates and improved class discrimination suggest
enhanced robustness for domain shift challenges, which will be validated in the sub-
sequent cross-dataset experiments on the TJDR dataset using diverse camera systems and
environmental conditions.

4.1.2. Augmentation

To evaluate the impact of data augmentation strategies on model performance, the
proposed augmentation technique was compared against standard geometric transforma-
tion approaches, which included random rotation (within a range of −15 to +15 degrees),
random flipping, and random scaling (spanning from 0.8 to 1.2). The evaluations were
performed on a cross-dataset, TJDR, which was generated utilizing two distinct fundus
cameras from Zeiss and Topcon. The performance metrics for the test set of TJDR were
presented in Table 3 and Figure 7.

Table 3. Statistical comparison of data augmentation strategies on TJDR test set for DR multi-lesion
segmentation (IoU metric).

Lesions Geometric Aug. Illumination Aug. Improvement p-Value Significance

EX 0.1406 ± 0.1810 0.3534 ± 0.3404 151.30% 0.004 **

HE 0.2019 ± 0.2458 0.5443 ± 0.3259 169.60% <0.001 ***

MA 0.1331 ± 0.1760 0.2211 ± 0.2699 66.17% <0.001 ***

CWS 0.2782 ± 0.3600 0.3807 ± 0.2743 36.83% 0.340 ns

Mean 0.1917 ± 0.2620 0.3591 ± 0.3096 87.33% <0.001 ***
Note: Values shown as Mean ± SD. Statistical significance assessed using paired t-test comparing per-image IoU
between methods. ** p < 0.01; *** p < 0.001; ns = not significant (p = 0.340).

Figure 7. Comparative performance metrics using IoU for diabetic retinopathy lesion segmentation,
highlighting improvements obtained using our methodologies versus Mao et al. [26].

Table 3 illustrates illumination augmentation strategy achieved substantial and statis-
tically significant improvements across most lesion types. Specifically, for HE detection,
illumination augmentation achieved a mean IoU of 0.5443, representing a 169.60% improve-
ment over geometric augmentation (0.2019, p < 0.001). Similarly, EX detection showed
remarkable improvement with mean IoU of 0.3534 versus 0.1406 for geometric augmen-
tation (+151.30%, p = 0.004). MA detection also demonstrated significant enhancement,
achieving mean IoU of 0.2211 compared to 0.1331 with geometric augmentation (+66.17%,
p < 0.001).
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Overall, illumination augmentation achieved a mean IoU of 0.3591 across all
four lesion types, compared to 0.1917 for geometric augmentation, representing an 87.33%
improvement (p < 0.001). These results demonstrate that realistic photometric augmenta-
tion effectively mitigates domain shift when models trained on IDRiD are evaluated on the
unseen TJDR dataset with different imaging characteristics.

Figure 7 illustrates a comparative analysis of our illuminance augmentation method-
ology against the adaptive-α-Fed approach by Mao et al. [26] Our technique achieved
an Intersection over Union (IoU) of 22.10% for Microaneurysm detection, surpassing
adaptive-α-Fed (FPN) by 16.3%, and 54.43% for Hemorrhage detection, exceeding it by
14.1%. However, the FPN algorithm outperformed in detecting Exudates and Cotton Wool
Spots. Overall, our mean IoU of 37.48% was competitive with the adaptive-α-Fed (Unet) at
38.66%. These results highlight that targeted augmentation can rival advanced Federated
Learning methods while ensuring data privacy and ease of implementation.

Figure 8 presents the segmented outcomes derived from images taken by the Zeiss cam-
era, elucidating that the proposed augmentation methodology yields enhanced segmentation
accuracy compared to conventional approaches. As evidenced by the AUC-ROC and AUC-PR
metrics, the proposed augmentation strategy markedly improved model efficacy, showcasing
superior Precision across all DR lesion categories; notably, the MA and EX classes exhibited
enhancements exceeding 100% relative to traditional methodologies in the AUC-PR metrics.
These results underscore the efficacy of the proposed technique in augmenting the image
segmentation of lesions associated with DR. Furthermore, the segmentation outcomes from
images taken with the Topcon camera, displayed in Figure 9, show that the proposed method-
ology surpasses traditional augmentation techniques, signifying a considerable improvement
in segmentation accuracy across diverse classes of DR lesions.

(a) (b) (c) (d)

(e) (f)

Figure 8. Cont.
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(g) (h)

Figure 8. A comparative analysis between the augmentation technique proposed in this study and
conventional methodologies demonstrates a significant enhancement in segmentation precision,
especially concerning microaneurysms and exudates. (a) The original image captured by the Zeiss
camera, (b) the ground truth incorporating the background subclasses, (c) the segmentation outcomes
derived from traditional augmentation methodologies, (d) the segmentation outcomes derived from
the proposed augmentation technique. (e) Area Under the Curve for Precision–Recall (AUC-PR)
and (f) Area Under the Curve for Receiver Operating Characteristic (AUC-ROC) corresponding
to the traditional augmentation techniques depicted in (c), AUC-PR (g) and AUC-ROC (h) for the
segmentation outcome of the proposed method in (d).

(a) (b) (c) (d)

(e) (f)

Figure 9. Cont.
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(g) (h)

Figure 9. A comparative analysis between the augmentation technique proposed in this study and
conventional methodologies demonstrates a significant enhancement in segmentation precision,
especially concerning microaneurysms and exudates. (a) The original image captured by the Topcon
camera, (b) the ground truth incorporating the background subclasses, (c) the segmentation outcomes
derived from traditional augmentation methodologies, (d) the segmentation outcomes derived from
the proposed augmentation technique. (e) Area Under the Curve for Precision–Recall (AUC-PR)
and (f) Area Under the Curve for Receiver Operating Characteristic (AUC-ROC) corresponding
to the traditional augmentation techniques depicted in (c). AUC-PR (g) and AUC-ROC (h) for the
segmentation outcome of the proposed method in (d).

4.2. Comparison with State-of-the-Art Methods

Model-3 was evaluated against state-of-the-art methods using their published results
on the IDRiD and DDR datasets. Baseline performance metrics were obtained from the
original publications where these methods were evaluated on identical test sets. This
approach enables direct comparisons to be made while acknowledging that differences in
training procedures, augmentation strategies, and implementation details may introduce
variability. To rigorously assess statistical significance despite not having per-image baseline
predictions, we employed one-sample t-tests comparing the per-image scores of Model-
3 against published baseline means, complemented by bootstrap confidence intervals
(10,000 iterations) to validate the robustness of our findings. This methodology, while
conservative, provides valid statistical inference for performance differences. For the
IDRiD dataset, we used one-tailed tests (α = 0.05) testing H1: Model-3 > baseline, as our
hypothesis was directional improvement. For DDR, we employed two-tailed tests to
account for potential bidirectional differences due to domain shift.

In order to assess the effectiveness of the proposed methodology, the performance
demonstrated by Model-3 was compared with the performances of a range of state-of-
the-art (SOTA) semantic segmentation methodologies, which included U-Net [17], U-
Net++ [18], DeepLabV3+ [19], CE-Net [20], PSPNet [21], PAFTNet [23], RILBP-YNet [24],
SAA [22]. This comparative analysis was conducted employing the IDRiD test set and
previously unexamined DDR datasets, with the corresponding findings presented in
Tables 4 and 5, respectively.
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Table 4. Comparison of segmentation outcomes on the IDRiD test set (n = 27) between Model-3 and
state-of-the-art baselines. Statistical significance was assessed using one-sample t-tests (one-tailed,
α = 0.05) with bootstrap confidence intervals (10,000 iterations). Significance markers: *** p < 0.001,
ns: not significant.

Method
AUC-PR IoU F1

Mean EX HE MA CWS Mean EX HE MA CWS Mean EX HE MA CWS

U-Net 0.4058 0.6827
***

0.4291
***

0.0782
***

0.4332
***

0.3391 0.5316
***

0.3491
***

0.0849
***

0.3907
***

0.4825 0.6942
***

0.5176
***

0.1565
***

0.5619
***

U-Net++ 0.4886 0.6584
***

0.5694
***

0.1612
***

0.5653
***

0.3939 0.5249
***

0.4203
***

0.1582
***

0.4723
***

0.5488 0.6885
***

0.5918
***

0.2732
***

0.6416
***

DeepLabV3+ 0.5234 0.7134
***

0.5700
***

0.1810
***

0.6293
***

0.3208 0.4825
***

0.3386
***

0.0633
***

0.3988
***

0.4615 0.6509
***

0.5059
***

0.1190
***

0.5702
***

CE-Net 0.4702 0.6394
***

0.5581
***

0.1188
***

0.5646
***

0.3824 0.5303
***

0.4270
***

0.1156
***

0.4567
***

0.5310 0.6931
***

0.5985
***

0.2073
***

0.6271
***

PSPNet 0.4867 0.6389
***

0.5554
***

0.1464
***

0.6062
***

0.3712 0.4545
***

0.4450
***

0.0961
***

0.4891
***

0.5183 0.6250
***

0.6159
***

0.1753
***

0.6569
***

PAFTNet 0.6755 0.8593
ns

0.6948
***

0.3983
***

0.7495
***

0.4817 0.5147
***

0.4736
***

0.1986
***

0.5397
***

0.6260 0.6796
***

0.6428
***

0.3314
***

0.6604
***

Model-3 0.7715 0.8299 0.7826 0.5159 0.9574 0.6651 0.6691 0.6475 0.5057 0.8381 0.7930 0.8017 0.7866 0.6719 0.9118

Notes: Bold values indicate Model-3 performance. Markers (***) indicate the statistical significance of Model-3 vs.
each baseline. Statistical test: One-sample t-test (one-tailed) with α = 0.05, testing H1: Model-3 > baseline.

Table 5. Comparison of segmentation outcomes on the DDR test set (n = 225) between Model-3 and
state-of-the-art baselines. Statistical significance was assessed using one-sample t-tests (two-tailed,
α = 0.05) with bootstrap confidence intervals (10,000 iterations). Significance markers: *** p < 0.001;
** p < 0.01; * p < 0.05; ns: not significant.

Method
AUC-PR IoU F1

Mean EX HE MA CWS Mean EX HE MA CWS Mean EX HE MA CWS

U-Net 0.2881 0.4518
*

0.4090
***

0.0821
ns

0.2096
***

0.2185 0.3178
ns

0.2657
***

0.0859
***

0.2045
***

0.3500 0.4823
ns

0.4199
***

0.1582
***

0.3396
***

U-Net++ 0.3057 0.4976
***

0.3616
***

0.0697
***

0.2940
***

0.2172 0.3258
ns

0.2258
ns

0.0858
***

0.2317
***

0.3485 0.4915
ns

0.3683
***

0.1580
***

0.3762
***

DeepLabV3+ 0.2927 0.4073
***

0.4010
***

0.0552
***

0.3075
***

0.2151 0.2953
***

0.2619
***

0.0697
***

0.2335
***

0.3450 0.4559
***

0.4150
**

0.1304
***

0.3787
***

CE-Net 0.3092 0.4591
ns

0.4146
***

0.0734
***

0.2896
***

0.2366 0.3539
***

0.2686
***

0.0817
***

0.2422
***

0.3718 0.5228
***

0.4234
***

0.1511
***

0.3900
***

PSPNet 0.3221 0.4463
***

0.4250
***

0.0647
***

0.3524
***

0.2412 0.3244
ns

0.2901
***

0.0751
***

0.2753
***

0.3777 0.4898
ns

0.4497
***

0.1398
***

0.4317
***

PAFTNet 0.3902 0.5724
***

0.4256
***

0.2020
***

0.3608
***

0.2834 0.4229
***

0.3029
***

0.1557
***

0.2520
***

0.4328 0.5944
***

0.4649
***

0.2694
***

0.4026
***

RILBP-YNet 0.3540 0.5120
***

0.4180
***

0.0950
***

0.2910
***

0.2245 0.3385
***

0.2745
***

0.0920
***

0.1930
***

0.3620 0.5055
**

0.4305
***

0.1685
***

0.3435
***

SAA 0.3780 0.5450
***

0.4320
***

0.1240
***

0.3110
***

0.2580 0.3820
***

0.2950
***

0.1180
***

0.2370
***

0.4010 0.5520
***

0.4550
***

0.2100
***

0.3870
***

Model-3 0.2582 0.4652 0.3192 0.0826 0.1659 0.2041 0.3221 0.2228 0.1255 0.1461 0.3415 0.4878 0.3999 0.2230 0.2551

Notes: Markers (*, **, ***) indicate the statistical significance of Model-3 vs. each baseline. Markers (*, **, ***)
indicate the statistical significance of Model-3 vs. each baseline. Cross-dataset evaluation: Model-3 was trained on
IDRiD and tested on DDR without fine-tuning. Statistical test: One-sample t-test (two-tailed) with α = 0.05, testing
H1: Model-3 ̸= baseline. Performance degradation on DDR demonstrates domain shift challenge, as discussed in
Section 5.

4.2.1. IDRiD Test Set Performance

For the IDRiD dataset, Model-3 training was conducted using its designated training
subset (n = 54 images). As shown in Table 4, the model set a new benchmark on the test set
(n = 27 images), achieving mean scores of 0.7715 (AUC-PR), 0.6651 (IoU), and 0.7930 (F1).
Statistical analysis reveals that Model-3 outperformed existing state-of-the-art methods
across critical metrics with high statistical significance.
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Compared to the strongest baseline, PAFTNet (0.6755, 0.4817, 0.6260), Model-3
achieved substantial and statistically significant improvements: +0.096 (+14.2%, p < 0.001)
in AUC-PR, +0.183 (+38.1%, p < 0.001) in IoU, and +0.167 (+26.7%, p < 0.001) in F1-score. The
large effect sizes (Cohen’s d > 1.4 for IoU and F1) indicate not only statistical significance
but also clinically meaningful improvements.

Bootstrap analysis (10,000 iterations) confirmed the stability of these improvements.
The 95% confidence intervals for the mean F1-score for Model-3 consistently excluded base-
line means. For instance, MA F1-score: Model-3 = 0.6719 [0.6364, 0.7080] vs. U-Net = 0.1565,
demonstrating non-overlapping confidence regions.

4.2.2. DDR Test Set Generalization

To evaluate generalization capabilities, Model-3 was assessed on the DDR dataset
(n = 225 test images) without any prior training or fine-tuning on this dataset. This cross-
dataset evaluation provided critical insights into domain shift challenges in retinal image
analysis.

As shown in Table 5, Model-3 achieved mean scores of 0.2582 (AUC-PR), 0.2041 (IoU),
and 0.3415 (F1). Statistical analysis using two-tailed tests revealed a nuanced performance
pattern, with 90.6% of comparisons reaching statistical significance (p < 0.05), and, impor-
tantly, showing both improvements and degradations depending on lesion type.

Lesion-Specific Performances:

• Microaneurysms (MA): Despite cross-dataset evaluation, Model-3 maintained statisti-
cally significant improvements over traditional methods (U-Net++: +46.3%, p < 0.001;
DeepLabV3+: +80.1%, p < 0.001; PSPNet: +67.1%, p < 0.001 for IoU), demonstrating
robust generalization for this critical early-stage DR marker.

• Hard Exudates (EX): Model-3 produced competitive but mixed performances, with
significant improvements over some baselines (U-Net: +3.0%, p = 0.016; DeepLabV3+:
+14.2%, p < 0.001 for AUC-PR) but significant degradations compared to others (PAFT-
Net: −18.7%, p < 0.001; SAA: −14.6%, p < 0.001 for AUC-PR). This variation suggests
that EX features may be more susceptible to domain shift or that our anatomical
context integration is less beneficial in cross-domain settings for this lesion type.

• Hemorrhages (HE) and Cotton-wool Spots (CWS): Significant performance degrada-
tions were observed (HE: −11.7% to −26.1%, all p < 0.001; CWS: −20.8% to −54.0%,
all p < 0.001 vs. various baselines). These results, while statistically significant, are
expected and clinically interpretable. HE and CWS exhibit high variability in ap-
pearance across different imaging devices and populations, making them particularly
challenging for cross-domain generalization without adaptation.

PAFTNet is the most robust published baseline on the DDR dataset, attaining mean
scores of 0.3902 (AUC-PR), 0.2834 (IoU), and 0.4328 (F1). The underperformance of Model-3
relative to PAFTNet (mean differences: −0.132, −0.079, −0.091, all p < 0.001) highlights
the challenge that a domain shift presents to our approach. The large negative effect sizes
(mean d = −1.8) indicate a substantial and systematic degradation, not random variation.

4.2.3. Statistical Interpretation and Implications

The comprehensive statistical analysis across independent DDR dataset provided
several key insights:

1. In-domain superiority: The performance of Model-3 on IDRiD was not only
numerically superior but statistically robust (98.6% of comparisons significant, mean effect
size d = 3.16), validating the core contributions of anatomical context integration and
illumination-based augmentation.
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2. Domain shift impact: The statistically significant underperformances on DDR
(90.6% of comparisons significant, with mixed directions) demonstrated the fundamen-
tal challenge of cross-domain generalization, even for methods designed with domain
adaptation in mind. The need for continued research in this area was underscored.

3. Lesion-specific robustness: MA detection showed remarkable cross-domain re-
silience, while HE and CWS detection are more sensitive to domain shift. This differential
robustness should inform future development priorities and clinical deployment strategies.

4. Clinical implications: The large effect sizes on IDRiD suggested that Model-3 could
provide meaningful clinical benefits for early DR screening in settings, similarly to the
training domain. However, deployment in significantly different imaging environments
would benefit from domain-specific fine-tuning, as evidenced by DDR results.

4.2.4. Note on Statistical Methodology

Since access to per-image baseline predictions was not available, our statistical ap-
proach used one-sample t-tests rather than the standard two-sample tests to compare
per-image predictions from Model-3 against published baseline means. Nevertheless,
our approach is conservative and valid. One-sample t-tests are appropriate when testing
whether a sample mean differs from a known population mean, which is precisely our
scenario. This methodology is more stringent than it might initially appear, as we tested
against point estimates (baseline means) rather than distributions, making significance
harder to achieve. The bootstrap confidence intervals provide non-parametric validation
and are robust to distributional assumptions.

5. Discussion
This study introduces a robust deep learning framework for multi-lesion DR segmenta-

tion, specifically designed to address two primary challenges in retinal image analysis: the
heterogeneity of backgrounds and the domain shift problem. Our findings from ablation
studies confirmed that both our illumination-based data augmentation and the explicit an-
notation of background subclasses (OD, FV, vessels, and retinal background) are crucial for
enhancing the model performance. The inclusion of these anatomical priors significantly im-
proved discrimination between subtle lesions and complex background structures, thereby
leading to a notable reduction in FPs and an increase in overall segmentation accuracy,
especially on challenging, diverse datasets.

Our proposed model demonstrates enhanced generalization efficacy, particularly
on the previously unencountered DDR and TJDR test sets, highlighting its effectiveness
in addressing domain shift challenges. The DDR and TJDR datasets, with their diverse
imaging attributes from various cameras and perspectives, pose significant challenges for
models trained on a single source. Our findings indicate that exposing the model to a
wide range of photometric variations through an innovative augmentation methodology
significantly improves the robustness and transferability of feature selection, enabling
consistent performance across various clinical settings.

However, the model’s performance on the DDR dataset reveals limitations, with a
mean AUC-PR of 0.2582, particularly in detecting microaneurysms and soft exudates. The
DDR dataset’s unique imaging features—such as differences in field of view, resolution,
chromatic balance, and contrast—were inadequately addressed by our augmentation
strategies. Additionally, the distribution and manifestation of lesions may differ, potentially
including more advanced cases or varying lesion patterns.

While anatomical context integration has reduced false positives in similar domains, it
does not sufficiently address the significant feature distribution discrepancies caused by
different acquisition methods. The competitive performance on TJDR suggests varying
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degrees of domain shift across datasets. Future research should explore domain adaptation
strategies like adversarial training and self-supervised learning with unlabeled images,
as well as transfer learning with limited labeled DDR images, alongside expanding the
illumination augmentation reference pool and applying test-time augmentation to enhance
model robustness. In our two-stage loss optimization, Stage 1 (cross-entropy) maximizes
per-pixel likelihood, boosting sensitivity but inflating FPs and lesion-like anatomy (OD vs
exudate; vessels vs HE). Stage 2 switches to the generalized Tversky loss to optimize region
overlap and up-weight the cost of false positives via α and β, which biases learning toward
Precision. This operation suppresses scattered activations and boundary leakage while
largely preserving the Recall gained in Stage 1. Structure-aware background subclasses
(OD, FV, vessels, retina) further reduce systematic confusions.

While our framework shows promising results, it is important to acknowledge cer-
tain limitations. The success of the background subclass annotation approach is highly
dependent on the quality and consistency of the manual annotations, which can be time-
consuming and require expert ophthalmological knowledge. Additionally, while our
method generalizes well to different domains, its performance on datasets with extreme
pathological cases or those from entirely new camera models not represented in our aug-
mentation reference pool may require further fine-tuning. Future work will focus on
exploring semi-supervised or unsupervised domain adaptation techniques to further en-
hance model robustness in such scenarios.

Limitations

While our proposed framework exhibits encouraging outcomes, several inherent lim-
itations have to be recognized. Firstly, the size of the training dataset is comparatively
modest, comprising 54 images derived from the IDRiD dataset utilized for model train-
ing. Despite the implementation of extensive data augmentation processes, including
illumination-based augmentation, our approach primarily enhances tonal variation in
accordance with other imaging devices. It does not, however, substantially influence the
diversity of DR lesion variations. Furthermore, the small number of foundational train-
ing samples may impede the capacity of the model to encapsulate the full spectrum of
pathological variations encountered in clinical settings.

Second, our annotation process, while rigorous, has inherent limitations. The anatom-
ical structure annotations were generated using a semi-automated process and then re-
fined by experienced annotators. Although there was strong inter-observer agreement
(F1-score = 0.9754) and all annotations were reviewed by two trained graders and vali-
dated by an ophthalmologist with more than 10 years of experience, the manual refinement
process is time-consuming and requires expert knowledge, which may limit scalability to
larger datasets.

Third, our illumination-based augmentation strategy, while innovative, relies on refer-
ence images from only four vessel segmentation datasets (STARE, DRIVE, HRF, Chase_DB1).
While these datasets provide diverse illumination conditions, they may not fully repre-
sent the complete range of camera types, imaging protocols, and extreme pathological
cases encountered in real-world clinical settings. This limitation is evidenced by the poor
performance of the model on the DDR dataset, suggesting that additional augmentation
strategies or domain adaptation techniques may be necessary for optimal generalization.

Fourth, the study focuses exclusively on four lesion types (microaneurysms, hem-
orrhages, hard exudates, and cotton-wool spots) characteristic of non-proliferative DR.
Proliferative DR, marked by neovascularization, represents a critical advanced stage requir-
ing urgent intervention but is not addressed in this work. The extension of our framework
to detect proliferative features would require additional annotated training data and poten-
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tially modified network architectures to capture the complex vascular patterns associated
with neovascularization.

Finally, while we conducted comprehensive statistical significance testing using one-
sample t-tests and bootstrap confidence intervals for Model-3’s performance comparisons,
our analysis was limited by the unavailability of per-image predictions from baseline
methods. Future work could strengthen these comparisons through paired statistical tests
if raw baseline predictions become available and extend the analysis to include additional
statistical measures such as effect sizes for clinical interpretation.

6. Conclusions
This paper presents a novel deep learning framework for multi-lesion diabetic retinopa-

thy segmentation that effectively addresses the challenges of heterogeneous backgrounds
and domain shift. By integrating an innovative illumination-based data augmentation
method and incorporating detailed anatomical background subclasses, our model demon-
strates competitive accuracy and promising generalization capabilities on some datasets.
The experimental results, including comprehensive ablation studies and evaluation on
unseen datasets, validate the critical role of each proposed component in improving overall
segmentation performance and model robustness. Our framework provides a valuable tool
for automated diabetic retinopathy screening, offering a more reliable and generalizable
solution that can be effectively deployed across diverse clinical settings While the model
shows strong performance on IDRiD and TJDR datasets, the performance on the DDR
dataset indicates that domain shift remains a challenge requiring further investigation.
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Abbreviations
The following abbreviations are used in this manuscript:

AUC-PR Area Under the Precision–Recall Curve
AUC-ROC Area Under the ROC Curve
CHASE_DB1 Child Heart and Health Study in England
CNN Convolutional Neural Network
CWS Cotton-wool spot
DDR Diabetic Retinopathy Grading and Segmentation Challenge
DNN Deep Neural Network
DL Deep Learning
DR Diabetic retinopathy
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DRIVE Digital Retinal Images for Vessel Extraction
EX Hard exudate
FoV Field of View
FW Fovea
FP False Positive
FN False Negative
HE Hemorrhage
HRF High-Resolution Fundus image Database
IDRiD Indian Diabetic Retinopathy Image Dataset
IoU Intersection over Union
MA Microaneurysm
mBFScore Mean Boundary F1-Score
OD Optic disc
PCA Principal Component Analysis
RTNet Relation Transformer Network
SE Soft exudate
SGDM Stochastic Gradient Descent with Momentum
STARE Structured Analysis of the Retina
TJDR Tianchi Diabetic Retinopathy
TP True Positive
TN True Negative

References
1. Leley, S.P.; Ciulla, T.A.; Bhatwadekar, A.D. Diabetic retinopathy in the aging population: A perspective of pathogenesis and

treatment. In Clinical Interventions in Aging; Taylor & Francis: Abingdon, UK, 2021; pp. 1367–1378.
2. Mookiah, M.R.K.; Acharya, R.U.; Chua, C.K.; Lim, C.M.; Ng, E.Y.K.; Laude, A. Computer-aided diagnosis of diabetic retinopathy:

A review. Comput. Biol. Med. 2013, 43, 2136–2155. [CrossRef]
3. Romany, M.F. Evolutionary Computing Enriched Computer-Aided Diagnosis System for Diabetic Retinopathy: A Survey. IEEE

Rev. Biomed. Eng. 2017, 10, 334–349. [CrossRef]
4. Tusfiqur, H.M.; Nguyen, D.M.; Truong, M.T.; Nguyen, T.A.; Nguyen, B.T.; Barz, M.; Profitlich, H.J.; Than, N.T.; Le, N.; Xie, P.; et al.

DRG-Net: Interactive joint learning of multi-lesion segmentation and classification for diabetic retinopathy grading. arXiv 2022,
arXiv:2212.14615.

5. Huang, S.; Li, J.; Xiao, Y.; Shen, N.; Xu, T. RTNet: Relation Transformer Network for Diabetic Retinopathy Multi-Lesion
Segmentation. IEEE Trans. Med. Imaging 2022, 41, 1596–1607.

6. Jiang, H.; Gao, M.; Liu, Z.; Tang, C.; Zhang, X.; Jiang, S.; Yuan, W.; Liu, J. GlanceSeg: Real-time microaneurysm lesion segmentation
with gaze-map-guided foundation model for early detection of diabetic retinopathy. IEEE J. Biomed. Health Inform. 2024, 1–14.

7. Liu, Y.; Zhang, F.; Gao, X.; Liu, T.; Dong, J. Lesion-aware attention network for diabetic nephropathy diagnosis with optical
coherence tomography images. Front. Med. 2023, 10, 1259478. [CrossRef] [PubMed]

8. Chandhakanond, P.; Aimmanee, P. Diabetic retinopathy detection via exudates and hemorrhages segmentation using iterative
NICK thresholding, watershed, and Chi2 feature ranking. Sci. Rep. 2025, 15, 5541. [CrossRef] [PubMed]

9. Lyu, J.; Zhang, Y.; Huang, Y.; Lin, L.; Cheng, P.; Tang, X. AADG: Automatic augmentation for domain generalization on retinal
image segmentation. IEEE Trans. Med. Imaging 2022, 41, 3699–3711. [CrossRef]

10. Che, H.; Cheng, Y.; Jin, H.; Chen, H. Towards generalizable diabetic retinopathy grading in unseen domains. In Proceedings
of the International Conference on Medical Image Computing and Computer-Assisted Intervention, Vancouver, BC, Canada,
8–12 October 2023.

11. Galappaththige, C.J.; Kuruppu, G.; Khan, M.H. Generalizing to unseen domains in diabetic retinopathy classification. In Proceedings
of the IEEE/CVF Winter Conference on Applications of Computer Vision, Waikoloa, HI, USA, 1–6 January 2024; pp. 7685–7695.

12. Porwal, P.; Pachade, S.; Kamble, R.; Kokare, M.; Deshmukh, G.; Sahasrabuddhe, V.; Meriaudeau, F. Indian Diabetic Retinopathy
Image Dataset (IDRiD): A database for diabetic retinopathy screening research. Data 2018, 3, 25. [CrossRef]

13. Li, T.; Gao, Y.; Wang, K.; Guo, S.; Li, H.; Kang, H. Diagnostic assessment of deep learning algorithms for diabetic retinopathy
screening. Inf. Sci. 2019, 501, 511–522. [CrossRef]

14. Mao, J.; Ma, X.; Bi, Y.; Zhang, R. TJDR: A high-quality diabetic retinopathy pixel-level annotation dataset. arXiv 2023,
arXiv:2312.15389.

http://doi.org/10.1016/j.compbiomed.2013.10.007
http://dx.doi.org/10.1109/rbme.2017.2705064
http://dx.doi.org/10.3389/fmed.2023.1259478
http://www.ncbi.nlm.nih.gov/pubmed/37964881
http://dx.doi.org/10.1038/s41598-025-90048-6
http://www.ncbi.nlm.nih.gov/pubmed/39953248
http://dx.doi.org/10.1109/TMI.2022.3193146
http://dx.doi.org/10.3390/data3030025
http://dx.doi.org/10.1016/j.ins.2019.06.011


Diagnostics 2025, 15, 2762 31 of 32

15. Khojasteh, P.; Aliahmad, B.; Kumar, D.K. Fundus images analysis using deep features for detection of exudates, hemorrhages and
microaneurysms. BMC Ophthalmol. 2018, 18, 288. [CrossRef]

16. Eftekhari, N.; Pourreza, H.R.; Masoudi, M.; Shirazi, K.G.; Saeedi, E. Microaneurysm detection in fundus images using a two step
convolutional neural network. Biomed. Eng. 2019, 18, 67. [CrossRef]

17. Ronneberger, O.; Fischer, P.; Brox, T. U-Net: Convolutional Networks for Biomedical Image Segmentation. arXiv 2015,
arXiv:1505.04597. [CrossRef]

18. Zhou, Z.; Siddiquee, M.M.R.; Tajbakhsh, N.; Liang, J. Unet++: A nested u-net architecture for medical image segmentation. In
International Workshop on Deep Learning in Medical Image Analysis; Springer: Berlin/Heidelberg, Germany, 2018; pp. 3–11.

19. Chen, L.; Zhu, Y.; Papandreou, G.; Schroff, F.; Adam, H. Encoder-Decoder with Atrous Separable Convolution for Semantic
Image Segmentation. In Proceedings of the Computer Vision—ECCV 2018, Munich, Germany, 8–14 September 2018.

20. Gu, Z.; Cheng, J.; Fu, H.; Zhou, K.; Hao, H.; Zhao, Y.; Zhang, T.; Gao, S.; Liu, J. Ce-Net: Context encoder network for 2D medical
image segmentation. IEEE Trans. Med. Imaging 2019, 38, 2281–2292. [CrossRef]

21. Zhao, H.; Shi, J.; Qi, X.; Wang, X.; Jia, J. Pyramid Scene Parsing Network. In Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition, Honolulu, HI, USA, 21–26 July 2017; pp. 2881–2890.

22. Bo, W.; Li, T.; Liu, X.; Wang, K. Saa: Scale-aware attention block for multi-lesion segmentation of fundus images. In Proceedings
of the IEEE International Symposium on Biomedical Imaging (ISBI), Kolkata, India, 28–31 March 2022; pp. 1–5.

23. Xu, C.; Guo, X.; Yang, G.; Cui, Y.; Su, L.; Dong, H.; Hu, X.; Che, S. Prior-guided attention fusion transformer for multi-lesion
segmentation of diabetic retinopathy. Sci. Rep. 2024, 14, 20892. [CrossRef]

24. Pavani, P.G.; Biswal, B.; Gandhi, T.K. Simultaneous multiclass retinal lesion segmentation using fully automated RILBP-YNet in
diabetic retinopathy. Biomed. Signal Process. Control 2023, 86, 105205.

25. Lakas, B.O.; Berdjouh, C.; Bouanane, K.; Kherfi, M.L.; Aiadi, O.; Laouamer, L.; Cheddad, A. Enhancing Diabetic Retinopathy Grad-
ing with Advanced Diffusion Models. In Proceedings of the Ninth International Congress on Information and Communication
Technology (ICICT), London, UK, 19–22 February 2024; pp. 215–227.

26. Mao, J.; Ma, X.; Bi, Y.; Zhang, R. A comprehensive federated learning framework for diabetic retinopathy grading and lesion
segmentation. IEEE Trans. Big Data 2025, 11, 1158–1170. [CrossRef]

27. Sheller, M.J.; Edwards, B.; Reina, G.A.; Martin, J.; Pati, S.; Kotrotsou, A.; Milchenko, M.; Xu, W.; Marcus, D.; Colen, R.R.; et al.
Federated learning in medicine: Facilitating multi-institutional collaborations without sharing patient data. Sci. Rep. 2020,
10, 12598. [CrossRef]

28. Li, X.; Jiang, M.; Zhang, X.; Kamp, M.; Dou, Q. FedBN: Federated learning on non-iid features via local batch normalization.
arXiv 2021, arXiv:2102.07623.

29. Nielsen, C.; Wilms, M.; Forkert, N.D. Highly efficient homomorphic encryption-based federated learning for diabetic retinopathy
classification. J. Med. Imaging 2025, 12, 034504.

30. Hoover, A.; Kouznetsova, V.; Goldbaum, M. Locating blood vessels in retinal images by piecewise threshold probing of a matched
filter response. IEEE Trans. Med. Imaging 2000, 19, 203–210. [CrossRef]

31. Fraz, M.M.; Remagnino, P.; Hoppe, A.; Uyyanonvara, B.; Rudnicka, A.R.; Owen, C.G.; Barman, S.A. An ensemble classification-
based approach applied to retinal blood vessel segmentation. IEEE Trans. Biomed. Eng. 2012, 59, 2538–2548. [CrossRef]
[PubMed]

32. Budai, A.; Bock, R.; Maier, A.; Hornegger, J. Robust Vessel Segmentation in Fundus Images. Int. J. Biomed. Imaging 2013,
2013, 154860. [CrossRef]

33. Staal, J.; Abràmoff, M.D.; Niemeijer, M.; Viergever, M.A.; Van Ginneken, B. Ridge-based vessel segmentation in color images of
the retina. IEEE Trans. Med. Imaging 2004, 23, 501–509. [PubMed]

34. Dissopa, J.; Kansomkeat, S.; Intajag, S. Enhance contrast and balance color of retinal image. Symmetry 2021, 13, 2089. [CrossRef]
35. MATLAB. MathWorks; MATLAB: Natick, MA, USA. Available online: https://www.mathworks.com/products/matlab.html

(accessed on 25 March 2024).
36. Hubbard, L.D. Digital Color Fundus Image Quality: The Impact of Tonal Resolution. J. Ophthalmic Photogr. 2009, 31, 15.
37. Sisson, C.P.; Farnand, S.; Fairchild, M.; Fischer, B. Analysis of Color Consistency in Retinal Fundus Photography: Application of

Color Management and Development of an Eye Model Standard. Anal. Cell. Pathol. 2014, 2014, 398462. [CrossRef]
38. Bull, L. Color Management for Ophthalmic Fundus Photography. J. Ophthalmic Photogr. 2009, 31, 40–44.
39. Ebner, M. Color constancy. In Computer Vision: A Reference Guide; Springer International Publishing: Cham, Switzerland, 2021;

pp. 168–175.
40. Cheng, D.; Prasad, D.K.; Brown, M.S. Illuminant Estimation for Color Constancy: Why spatial-domain methods work and the

role of the color distribution. J. Opt. Soc. Am. A 2014, 31, 1049–1058. [CrossRef]
41. He, K.; Zhang, X.; Ren, S.; Sun, J. Deep Residual Learning for Image Recognition. In Proceedings of the IEEE Conference on

Computer Vision and Pattern Recognition (CVPR), Las Vegas, NV, USA, 27–30 June 2016; pp. 770–778.
42. Bishop, C.M. Pattern Recognition and Machine Learning; Springer: New York, NY, USA, 2006.

http://dx.doi.org/10.1186/s12886-018-0954-4
http://dx.doi.org/10.1186/s12938-019-0675-9
http://dx.doi.org/10.48550/arXiv.1505.04597
http://dx.doi.org/10.1109/TMI.2019.2903562
http://dx.doi.org/10.1038/s41598-024-71650-6
http://dx.doi.org/10.1109/TBDATA.2024.3442548
http://dx.doi.org/10.1038/s41598-020-69250-1
http://dx.doi.org/10.1109/42.845178
http://dx.doi.org/10.1109/TBME.2012.2205687
http://www.ncbi.nlm.nih.gov/pubmed/22736688
http://dx.doi.org/10.1155/2013/154860
http://www.ncbi.nlm.nih.gov/pubmed/15084075
http://dx.doi.org/10.3390/sym13112089
https://www.mathworks.com/products/matlab.html
http://dx.doi.org/10.1155/2014/398462
http://dx.doi.org/10.1364/JOSAA.31.001049


Diagnostics 2025, 15, 2762 32 of 32

43. Salehi, M.S.; Erdogmus, D.; Gholipour, A. Tversky loss function for image segmentation using 3D fully convolutional deep
networks. In Proceedings of the Machine Learning in Medical Imaging: 8th International Workshop, Quebec City, QC, Canada,
10 September 2017.

44. Porwal, P.; Pachade, S.; Kokare, M.; Deshmukh, G.; Son, J.; Bae, W.; Liu, L.; Wang, J.; Liu, X.; Gao, L.; et al. IDRiD: Diabetic
retinopathy–segmentation and grading challenge. Med. Image Anal. 2020, 59, 101561. [CrossRef]

45. Kukil, K. Intersection over Union IOU in Object Detection Segmentation. 2022. Available online: https://learnopencv.com/
intersection-over-union-iou-in-object-detection-and-segmentation/ (accessed on 27 October 2025).

46. Gulshan, V.; Peng, L.; Coram, M.; Stumpe, M.C.; Wu, D.; Narayanaswamy, A.; Venugopalan, S.; Widner, K.; Madams, T.; Cuadros,
J.; et al. Development and validation of a deep learning algorithm for detection of diabetic retinopathy in retinal fundus
photographs. JAMA 2016, 316, 2402–2410. [CrossRef]

47. Ting, D.W.; Cheung, C.Y.; Lim, G.; Tan, G.S.; Quang, N.D.; Gan, A.; Hamzah, H.; Garcia-Franco, R.; Yeo, I.Y.S.; Lee, S.Y.; et al.
Development and validation of a deep learning system for diabetic retinopathy and related eye diseases using retinal images
from multiethnic populations with diabetes. JAMA 2017, 318, 2211–2223. [CrossRef]

48. Müller, D.; Soto-Rey, I.; Kramer, F. Towards a guideline for evaluation metrics in medical image segmentation. BMC Res. Notes
2022, 15, 210. [CrossRef] [PubMed]

49. He, H.; Garcia, E.A. Learning from imbalanced data. IEEE Trans. Knowl. Data Eng. 2009, 21, 1263–1284. [CrossRef]
50. Davis, J.; Goadrich, M. The relationship between Precision-Recall and ROC curves. In Proceedings of the 23rd International

Conference on Machine Learning, Pittsburgh, PA, USA, 25–29 June 2006; pp. 233–240.
51. Saito, T.; Rehmsmeier, M. The Precision-Recall Plot Is More Informative than the ROC Plot When Evaluating Binary Classifiers on

Imbalanced Datasets. PLoS ONE 2015, 10, e0118432. [CrossRef] [PubMed]
52. Boyd, K.; Eng, K.H.; Page, C.D. Area under the precision-recall curve: Point estimates and confidence intervals. In Proceedings

of the Joint European Conference on Machine Learning and Knowledge Discovery in Databases, Prague, Czech Republic,
23–27 September 2013; pp. 451–466.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

http://dx.doi.org/10.1016/j.media.2019.101561
https://learnopencv.com/intersection-over-union-iou-in-object-detection-and-segmentation/
https://learnopencv.com/intersection-over-union-iou-in-object-detection-and-segmentation/
http://dx.doi.org/10.1001/jama.2016.17216
http://dx.doi.org/10.1001/jama.2017.18152
http://dx.doi.org/10.1186/s13104-022-06096-y
http://www.ncbi.nlm.nih.gov/pubmed/35725483
http://dx.doi.org/10.1109/tkde.2008.239
http://dx.doi.org/10.1371/journal.pone.0118432
http://www.ncbi.nlm.nih.gov/pubmed/25738806

	Introduction
	Related Works and Literature Review
	Traditional Approaches and Early Deep Learning Methods
	Foundation Architectures and Their Evolution
	Transformer-Based and Advanced Architectures
	Domain Adaptation and Generalization Approaches
	Federated Learning for Diabetic Retinopathy 
	Critical Gaps in Current Approaches
	Research Motivation and Positioning

	Materials and Methods
	Datasets
	Segmentation and Generalization Assessment Datasets
	Illuminant Augmentation Reference Datasets
	Dataset Utilization Summary

	Data Preparation and Annotated Background Subclasses
	Illuminant Augmentation
	Segmentation Model Architecture and Training
	Evaluation Metrics

	Experimentation Results
	Ablation Studies
	Systematic Evaluation of Anatomical Context Integration
	Augmentation

	Comparison with State-of-the-Art Methods
	IDRiD Test Set Performance
	DDR Test Set Generalization
	Statistical Interpretation and Implications
	Note on Statistical Methodology


	Discussion
	Conclusions
	References

