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Abstract Diabetic Retinopathy (DR) is a leading global cause of preventable blindness, and the early 

detection and precise segmentation of pathologies play a key role in clinical decisions in this disease. 

Conventional deep learning models, however, suffer from the problem of weak lesion boundaries, gradient 

inconsistency, and structural distortion in heterogeneous datasets. To overcome these drawbacks, we 

present a sophisticated systemthat combines GEONet (Gradient and Edge-Optimized Network) to achieve 

accurate gradient- and edge-aware segmentation, and BESNet (Boundary-Enhanced Segmentation 

Network) to introduce boundary refinement and structural preservation. This two-step strategy can 

guarantee the high-fidelity capture of subtle retinal lesions with anatomical consistency. Comparative 

analysis was carried out against state-of-the-art baselines. Experimental results on the EyePACS dataset 

demonstrate the effectiveness of the proposed framework. The integrated GEONet+BESNet architecture 

achieved a Dice Coefficient of 89.0%, Intersection-over-Union (IoU) of 87.0%, Boundary Accuracy of 89.0%, 

and a Hausdorff Distance of 5.1, outperforming all competing methods in terms of segmentation fidelity 

and boundary preservation. Structural consistency was further enhanced, attaining a Dice Similarity 

Coefficient (DSC) of 90.5% and a Structural Similarity Index Measure (SSIM) of 90.3%. From a clinical 

screening perspective, the proposed framework achieved a Precision of 92.8% and Specificity of 94.6%, 

indicating reliable lesion localization with a reduced rate of false-positive detections. These findings 

confirm that the synergistic integration of gradient-aware segmentation through GEONet and boundary-

enhanced refinement through BESNet effectively preserves lesion morphology and improves 

segmentation robustness across heterogeneous retinal imaging conditions. 

Keywords Diabetic Retinopathy; Lesion Boundaries; Gradient and Edge–Optimized Network; Boundary–
Enhanced Segmentation Network; Deep Learning Models; Morphology; Edge Optimization. 

I. Introduction 

Diabetic retinopathy (DR) is a major diabetes-related 
complication and a leading cause of preventable vision 
loss worldwide, particularly among working-age 
populations [1]. Early identification of retinal lesions 
such as microaneurysms, hemorrhages, and exudates 
is essential for preventing disease progression. 
Automated retinal image analysis has therefore 

emerged as an important tool for supporting large-scale 
screening and reducing clinical workload. However, 
accurate retinal lesion segmentation remains 
challenging due to variations in image quality, 
illumination, contrast, lesion morphology, and class 
imbalance across datasets [2-4]. In addition, precise 
delineation of lesion boundaries is often difficult, 
reducing segmentation reliability. Representative DR 
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images spanning different severity levels [5]. These 
challenges highlight the need for robust segmentation 
frameworks that preserve lesion structures and 
maintain consistent performance across 
heterogeneous retinal imaging datasets [6,7]. 

Consequently, there is an urgent need to develop 
automated, accurate, and scalable diagnostic 
frameworks that can supplement or even substitute 
clinical workflows in both urban and rural environments 
[8-10]. Motivated by these pressing challenges, the 
present work identifies several core motivations and 
translates them into clear objectives that guide the 
design of the proposed framework. This study presents 
the GEONet–BESNet framework for retinal lesion 
segmentation in diabetic retinopathy images. GEONet 
enhances gradient and edge preservation for accurate 
lesion localization, while BESNet improves boundary 
fidelity and structural consistency. Together, they 
provide robust and accurate segmentation across 
diverse datasets, supporting reliable retinal image 
analysis under heterogeneous imaging conditions. The 
remainder of this paper is organized as follows. Section 
2 reviews existing diabetic retinopathy segmentation 
and analysis methods and identifies key research gaps. 
Section 3 presents the proposed GEONet–BESNet 
framework. Section 4 describes the experimental 
setup, datasets, evaluation metrics, and comparative 
results. Finally, Section 5 concludes the study, 
discusses its limitations, and outlines future research 
directions for improving retinal lesion segmentation and 
clinical applicability. 

 

II. Related Works 

Diabetic retinopathy (DR) analysis remains challenging 
due to variations in image quality, illumination, lesion 
appearance, and class imbalance. Although deep 
learning methods have improved lesion detection and 
segmentation, many suffer from poor boundary 
preservation, structural inconsistency, and limited 
cross-dataset generalization. These limitations 
highlight the need for robust edge-aware segmentation 
frameworks capable of accurately delineating retinal 
lesions while maintaining reliable performance across 
heterogeneous retinal imaging datasets. 

Recent advances in diabetic retinopathy (DR) 
analysis have focused on improving lesion detection, 
segmentation, and grading through deep learning and 
attention-based architectures. Mukherjee et al. [11] 
proposed BhAFPN+SVM, which integrates multi-scale 
feature fusion and a hybrid attention mechanism to 
improve lesion localization and DME grading. Baltov et 
al. [12] introduced a compound-scaled encoder–
decoder framework with scSE attention and compound 
loss functions to address class imbalance in lesion 
segmentation. Dai et al. [13] developed DeepDR using 
over 466,000 retinal images, demonstrating the 

benefits of large-scale training for lesion detection and 
grading. Asia et al. [14] investigated preprocessing and 
regularization strategies with ResNet and VGG 
architectures, while Malhi et al. [15] utilized lesion-
specific analysis based on exudate and microaneurysm 
characteristics. Praveen et al. [16] combined CLAHE, 
feature selection, and DeepForest classification, 
whereas Nazir et al. [17] employed ensemble CNN 
models to improve robustness. Zedadra et al. [18] 
extended DR analysis through multimodal fusion of 
retinal images and clinical attributes. Additional studies 
explored transfer learning [19], UNet++ and Capsule 
Networks [20], enhanced deep learning models [21], 
meta-heuristic optimization [22], denoising-aware 
feature extraction [23], hybrid deep descriptors [24], 
and dense feature fusion [25]. Despite these advances, 
limitations in boundary preservation, structural 
consistency, computational efficiency, and cross-
dataset generalization remain significant challenges. 

Existing DR analysis approaches can be 
categorized into classification, segmentation, attention-
based, boundary-aware, and multimodal frameworks. 
Classification models provide high grading accuracy 
but limited lesion localization. Segmentation methods 
directly delineate pathological regions, yet often 
produce blurred boundaries and inconsistent structural 
details. Attention-based architectures improve feature 
discrimination but generally focus on global saliency 
rather than contour preservation. Boundary-aware 
approaches enhance edge precision but rarely enforce 
structural consistency throughout the segmentation 
process. Multimodal systems improve diagnostic 
performance by incorporating clinical information; 
however, their dependence on additional data limits 
scalability. Consequently, a significant gap remains in 
the development of a unified framework that 
simultaneously preserves gradients, maintains lesion 
boundaries, and ensures robust segmentation across 
diverse retinal imaging conditions. 

To address existing limitations, this study introduces 
the GEONet–BESNet framework for retinal lesion 
segmentation. GEONet employs gradient-aware 
learning to preserve lesion contours and structural 
details, while BESNet performs boundary-focused 
refinement to improve segmentation consistency. The 
framework incorporates morphology-guided 
preprocessing and class-balancing strategies to 
enhance robustness against imaging variability and 
improve sensitivity to subtle lesions. Unlike 
computationally intensive ensemble or multimodal 
approaches, the proposed dual-stage architecture 
achieves accurate lesion delineation while maintaining 
practical scalability. The integration of gradient 
optimization and boundary enhancement provides 
improved structural fidelity, lesion localization, and 
cross-dataset robustness in retinal image 
segmentation. 
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III. Method 

The proposed GEONet–BESNet framework consists of 
three stages: preprocessing, GEONet segmentation, 
and BESNet refinement, as shown in Fig. 1. The 
preprocessing stage performs normalization, 
denoising, contrast enhancement, and ROI extraction 
to improve lesion visibility and generate edge-aware 
structural cues [26-28]. GEONet then extracts multi-
scale features and employs Gradient Streamlined 

Attention and Edge-Constrained Adversarial Learning 
to produce accurate lesion segmentation with 
enhanced boundary awareness. Finally, BESNet 
refines the coarse segmentation through the Boundary 
Preservation, Texture-Aware Interior, and Synergistic 
Fusion modules, thereby generating high-fidelity lesion 
masks with improved structural consistency, boundary 
sharpness, and robustness across diverse retinal 
imaging conditions. 

A. Preprocessing Pipeline for Retinal Image 
Segmentation 

To improve segmentation robustness, raw fundus 
images 𝐼𝑟𝑎𝑤 were transformed into a standardized 

representation 𝐼𝑝𝑟𝑒𝑝 through normalization, illumination 

correction, contrast enhancement, denoising, and ROI 
extraction [29-31]. Each color channel was normalized 
to zero mean and unit variance by using Eq. (1) as 

follows [4], Each color channel was normalized to zero 

mean and unit variance using Eq. (1) [4], where 
𝐼𝑟𝑎𝑤

𝑐 (𝑥, 𝑦) denotes the intensity of the input retinal 

image at pixel (𝑥, 𝑦) for color channel 𝑐 ∈ {𝑅, 𝐺, 𝐵}, 
𝐼𝑛

𝑐(𝑥, 𝑦) is the normalized pixel intensity, and 𝜇𝑐 and 𝜎𝑐 

represent the mean and standard deviation of the 
corresponding color channel computed exclusively 
from the training set to ensure dataset invariance and 
prevent data leakage. Illumination variations were 
corrected using a Retinex-inspired model by using Eq. 

(2) as follows [29], where 𝐼𝑛(𝑥, 𝑦) denotes the 

normalized image, 𝐿(𝑥, 𝑦) represents the slowly varying 

illumination component, and 𝑅(𝑥, 𝑦) denotes the 

reflectance component containing retinal anatomical 
structures and lesion information. 

𝐼𝑛
𝑐(𝑥, 𝑦) =

𝐼𝑟𝑎𝑤
𝑐 (𝑥,𝑦)−𝜇𝑐

𝜎𝑐
       (1) 

𝐼𝑛(𝑥, 𝑦) = 𝐿(𝑥, 𝑦) ⋅ 𝑅(𝑥, 𝑦)      (2) 

Taking the logarithm converts the multiplicative 

model to additive by Eq. (3) as follows [31], where 

𝐼𝑛(𝑥, 𝑦) is the normalized retinal image, 𝐿(𝑥, 𝑦) denotes 

the illumination component, and 𝑅(𝑥, 𝑦) represents the 

reflectance component. A Gaussian low-pass filter 𝐺𝜎 
is used to estimate 𝑙𝑜 𝑔 𝐿(𝑥, 𝑦), and the structural 

component is obtained by subtraction by using tq. (4) 
as follows [28], where 𝐺𝜎 denotes a Gaussian kernel 

with standard deviation 𝜎 and * denotes the convolution 

operator. We employ Contrast-Limited Adaptive 
Histogram Equalization (CLAHE) by using the Eq. (5) 
as follows [30], where 𝐼𝑐

𝐺  is the illumination-corrected 

green channel, 𝐼𝑒
𝐺  is the enhanced green channel, and 

𝐿𝑐 denotes the CLAHE clip limit. We apply a bilateral 

filter, which combines spatial and intensity weighting by 
using the Eq. (6) as follows [28], where 𝐼𝑓(𝑥, 𝑦) is the 

filtered image, Ω represents the local neighborhood, 

Fig. 1. Dual-Stage Deep Segmentation Framework for Diabetic Retinopathy Screening. 
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(𝑖, 𝑗) denotes neighboring pixels, 𝑊𝑝 is the 

normalization factor, and 𝜎𝑠 and 𝜎𝑟 control spatial and 

intensity smoothing, respectively. The filtered image is 
masked and resized as 𝐼𝑝𝑟𝑒𝑝, as shown in Eq. (7) as 

follows [4], where 𝑀𝑅𝑂𝐼 is the binary region-of-interest 

mask obtained from Hough Circle Transform, 𝐻𝑡 and 

𝑊𝑡 denote the target image height and width, and 𝐼𝑝𝑟𝑒𝑝 

represents the final preprocessed image used as input 
to GEONet. 

𝑙𝑜 𝑔 𝐼𝑛(𝑥, 𝑦) = 𝑙𝑜 𝑔 𝐿(𝑥, 𝑦) + 𝑙𝑜 𝑔 𝑅(𝑥, 𝑦)   (3) 

𝑙𝑜 𝑔 𝑅(𝑥, 𝑦) = 𝑙𝑜 𝑔 𝐼𝑛(𝑥, 𝑦) − 𝐺𝜎 ∗ 𝑙𝑜 𝑔 𝐼𝑛(𝑥, 𝑦)   (4) 

𝐼𝑒
𝐺 = 𝐻𝐶𝐿𝐴𝐻𝐸(𝐼𝑐

𝐺 , 𝐿𝑐)          (5) 

𝐼𝑓(𝑥, 𝑦) =
1

𝑊𝑝
∑ 𝐼𝑒(𝑖, 𝑗) ⋅(𝑖,𝑗)∈𝛺

𝑒𝑥𝑝 (−
∥(𝑖,𝑗)−(𝑥,𝑦)∥2

2𝜎𝑠
2 −

∥𝐼𝑒(𝑖,𝑗)−𝐼𝑒(𝑥,𝑦)∥2

2𝜎𝑟
2 )     (6) 

The filtered image is masked and resized: 

𝐼𝑝𝑟𝑒𝑝 = 𝑅𝑒𝑠𝑖𝑧𝑒(𝐼𝑓 ⋅ 𝑀𝑅𝑂𝐼 ,   𝐻𝑡 , 𝑊𝑡)        (7) 

In the implementation, CLAHE was applied using a 
clip limit of 2.0 and a tile grid size of 8 × 8. Illumination 
correction employed a Gaussian low-pass filter with σ 
= 15. Bilateral filtering was performed with 𝜎𝑠  = 75 and 

𝜎𝑟  = 75 to suppress noise while preserving anatomical 

edges. ROI extraction was based on the largest retinal 
field detected using the Hough Circle Transform, and 
the resulting region was resized to 512 × 512 pixels 
before model training. Normalization statistics (μc, σc) 
were computed exclusively from the training set to 
prevent information leakage during validation and 
testing.

B. Novelty Positioning Against Existing 
Segmentation Frameworks 

The proposed GEONet–BESNet framework 
distinguishes itself from existing retinal segmentation 
methods through the coordinated integration of 
gradient-guided attention, edge-constrained 
adversarial learning, and boundary–texture synergistic 
refinement (Table 1). Unlike Attention U-Net, the 
Gradient Streamlined Attention (GSA) module 
incorporates gradient magnitude information to 
explicitly enhance lesion boundaries and high-
frequency pathological structures. Furthermore, the 
Edge-Constrained Adversarial Learning (ECAL) 
module enforces boundary realism through adversarial 
supervision rather than relying solely on boundary-loss 
optimization. BESNet further refines segmentation 
using complementary Boundary Preservation and 
Texture-Aware Interior branches, enabling 
simultaneous optimization of contour accuracy and 
interior lesion consistency.  

C. GEONet (Gradient–Edge Optimization Network) 

GEONet is a hybrid segmentation enhancement 
framework that integrates fine-grained attention-based 
feature refinement with precise, boundary-aware 

adversarial optimization. The architecture fuses 
Gradient Streamlined Attention (GSA), which 
selectively amplifies gradient-rich and contextually 
relevant features, with Edge-Constrained Adversarial 
Learning (ECAL), which enforces structural and 
contour fidelity through boundary-aware discriminative 
supervision. By jointly leveraging GSA’s ability to 
preserve high-frequency details and ECAL’s 
adversarial constraint on shape accuracy, GEONet 
ensures both region-level consistency and sharp 
delineation of lesion borders. This dual-component 
synergy addresses the common limitations of deep 
segmentation models, which often excel at region 
localization but falter at maintaining boundary precision 
in challenging scenarios such as low contrast, irregular 
morphology, or high noise. Consequently, GEONet 
serves as an advanced post-augmentation 
segmentation enhancer, capable of refining coarse 
segmentation masks into clinically reliable, high-
resolution outputs 

1. Gradient Streamlined Attention (GSA) 

The proposed Gradient Streamlined Attention (GSA) 
mechanism enhances retinal lesion segmentation by 
emphasizing gradient-rich, pathology-relevant regions 

Table 1. Architectural Distinction of GEONet–BESNet. 

✓ = explicitly implemented; ✗ = not included; Partial = indirectly or incompletely addressed in the original method 

Feature 
Attention U-

Net 

Boundary Loss 

Networks 

Adversarial 

Segmentation 

Proposed 

GEONet–BESNet 

Spatial Attention ✓ ✗ ✗ ✓ 

Gradient-guided Attention ✗ ✗ ✗ ✓ 

Explicit Edge Map Learning ✗ Partial Partial ✓ 

Boundary Realism Discriminator ✗ ✗ Partial ✓ 

Multi-scale Boundary Propagation ✗ ✗ ✗ ✓ 

Texture-aware Interior Refinement ✗ ✗ ✗ ✓ 

Dual-stage Segmentation Refinement ✗ ✗ ✗ ✓ 
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while suppressing redundant background information. 
GSA combines gradient-prior spatial attention with 
lightweight channel recalibration to selectively focus on 
lesion boundaries and high-frequency structural 
details. By prioritizing informative spatial regions and 
feature channels, GSA improves lesion localization, 
boundary preservation, and feature discrimination, 
enabling more accurate segmentation of subtle 
pathological structures without introducing significant 
computational overhead. 

a. Spatial Attention Streamlining 

Let 𝐹 ∈ 𝑅𝐶×𝐻×𝑊 denote an intermediate feature map 

extracted from a convolutional encoder, where  𝐶, 𝐻, 

and 𝑊 are the number of channels, height, and width, 

respectively. To introduce spatial selectivity, we first 
compute a channel-averaged representation as 

defined in Eq. (8) as follows [5], where 𝐹𝑎𝑣𝑔  denotes the 

channel-averaged feature map, 𝐹𝑐 represents the 𝑐𝑡ℎ 

feature channel, and 𝑐 = 1, … , 𝐶. 

𝐹𝑎𝑣𝑔 =
1

𝐶
∑ 𝐹𝑐

𝐶
𝑐=1          (8) 

The spatial gradient magnitude map 𝐺𝑠 is then obtained 

by applying a Sobel operator in the horizontal and 
vertical directions to 𝐹𝑎𝑣𝑔 , followed by squared 

summation of the partial derivatives: 

𝐺𝑠(𝑖, 𝑗) = (
𝜕𝐹𝑎𝑣𝑔

𝜕𝑥
)

2

+ (
𝜕𝐹𝑎𝑣𝑔

𝜕𝑦
)

2

     (9) 

This formulation of Eq. (9) as follows [7] serves as a 
structural saliency detector, emphasizing regions with 
high gradient responses, such as optic nerve head 
boundaries or sharp lesion edges, which are 
diagnostically significant in DR [32]. The gradient 
magnitude map 𝐺𝑠 is then projected into an attention 

map via a 1×11 convolution followed by a sigmoid 
activation as defined in Eq. (10) as follows [32]: 

𝐴𝑠 = 𝜎(𝐶𝑜𝑛𝑣1×1(𝐺𝑠))      (10) 

where 𝜎(⋅) denotes the element-wise sigmoid function. 

The spatially refined feature map is obtained through 
element-wise multiplication between the original 
feature map and the attention mask as defined in Eq. 
(11) as follows [15] 

𝐹𝑠 = 𝐹 ⊗ 𝐴𝑠      (11) 

where ⊗ indicates element-wise multiplication. This 

operation ensures that activations in low-gradient 
background areas, such as uniform choroidal regions, 
are suppressed, while features corresponding to fine 
vascular branching patterns, hemorrhage borders, or 
optic disc rims are enhanced. 

b. Channel Attention Streamlining 

Following spatial refinement, GSA applies a lightweight 
channel attention mechanism to preserve 
discriminative feature channels while suppressing 
redundant or noise-dominated channels. For each 

channel 𝑐, a global descriptor is computed as the 

average spatial response: 

𝑧𝑐 =
1

𝐻×𝑊
∑ ∑ 𝐹𝑠

𝑊
𝑗=1

𝐻
𝑖=1 (𝑐, 𝑖, 𝑗)     (12) 

The resulting descriptor vector 𝑧 ∈ 𝑅𝐶  encodes the 

global activation strength per channel, capturing 
disease-specific response patterns such as vessel 
density fluctuations in DR. Channel attention weights 
are computed via a two-layer fully connected network 
with a bottleneck structure to reduce computational 
overhead. Specifically: 

𝐴𝑐 = 𝜎(𝑊2 ⋅ 𝛿(𝑊1 ⋅ 𝑧))      (13) 

The final GSA-refined feature map is obtained by 
reweighting the spatially refined features 𝐹𝑠 with the 

channel attention map 𝐴𝑐 by utilizing Eq. (12-14) as 

follows [20], where 𝑧𝑐 denotes the global descriptor of 

the 𝑐𝑡ℎ channel, 𝐹𝑠(𝑐, 𝑖, 𝑗) represents the spatially 

refined feature value at channel 𝑐and pixel location 
(𝑖, 𝑗), and 𝐻 and 𝑊 denote the height and width of the 

feature map, and 𝑊2 are the learnable weight matrices 

of the first and second fully connected layers, 𝛿(⋅) 

denotes the ReLU activation function, 𝜎(⋅) represents 

the sigmoid activation function, and 𝐴𝑐 is the channel 

attention vector, denotes the output feature map after 
Gradient Streamlined Attention, and ⊗ represents 

channel-wise element-wise multiplication, respectively. 

𝐹𝐺𝑆𝐴 = 𝐹𝑠 ⊗ 𝐴𝑐      (14) 

2. Edge-Constrained Adversarial Learning (ECAL) 
The Edge-Constrained Adversarial Learning (ECAL) 

module preserves fine lesion boundaries by integrating 

edge-aware constraints with adversarial training. 

Unlike conventional loss functions that often produce 

over-smoothed contours, ECAL enforces structural 

consistency and boundary realism, improving the 

delineation of diagnostically significant retinal lesions 

and pathological regions [33-35]. The first step in ECAL 

involves edge map extraction for both the predicted 

segmentation 𝑆𝑝 and the ground truth 𝑆𝑔𝑡 . Using a 

morphological gradient operator, the binary edge map 

𝐸(𝑋) for a given segmentation mask 𝑋 is computed as: 

𝐸(𝑋) = 𝑑𝑖𝑙𝑎𝑡𝑒(𝑋) − 𝑒𝑟𝑜𝑑𝑒(𝑋)     (15) 

Although the DRD, APTOS, and EyePACS datasets 
primarily provide image-level diabetic retinopathy 
severity labels, the proposed segmentation framework 
requires pixel-level lesion annotations for supervised 
training and quantitative evaluation. Accordingly, 
reference lesion masks (𝑆𝑔𝑡) were utilized during model 

optimization and validation. These masks served as 
ground-truth annotations for computing the Dice 
Coefficient, Intersection-over-Union (IoU), Hausdorff 
Distance, Boundary Accuracy, DSC, and SSIM metrics. 
Furthermore, the edge maps used in the ECAL module 
were generated directly from the corresponding 
ground-truth masks through the morphological gradient 
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operation described in Eq. (15) as follows [34]. 
Following edge extraction, ECAL employs an 
adversarial edge loss to enhance the realism of 
predicted boundaries. A dedicated discriminator 𝐷𝑒𝑑𝑔𝑒 

is trained to distinguish whether an edge map 
originates from the ground truth or from the predicted 
segmentation. The generator’s adversarial loss is 
defined as Eq. (16-19) as follows [35], where 
𝐿𝑎𝑑𝑣denotes the adversarial loss, 𝑆𝑝 is the predicted 

segmentation mask, 𝐸𝑝 represents the predicted edge 

map extracted from 𝑆𝑝, 𝐷𝑒𝑑𝑔𝑒(⋅) is the edge 

discriminator, and 𝔼[⋅] denotes the expectation 

operator, where 𝑆𝑔𝑡 denotes the ground-truth 

segmentation mask and 𝐸𝑔𝑡 is the corresponding 

ground-truth edge map. 

𝐿𝑎𝑑𝑣 = −𝐸𝑆𝑝
[𝑙𝑜 𝑔 𝐷𝑒𝑑𝑔𝑒(𝐸𝑝)]     (16) 

which encourages the segmentation network to 
produce edge maps that the discriminator cannot 
differentiate from real ones. Correspondingly, the 
discriminator loss is: 

𝐿𝐷 = −𝐸𝑆𝑔𝑡
[𝑙𝑜 𝑔 𝐷𝑒𝑑𝑔𝑒(𝐸𝑔𝑡)] − 𝐸𝑆𝑝 [𝑙𝑜 𝑔 (1 − 𝐷𝑒𝑑𝑔𝑒(𝐸𝑝))] (17) 

This adversarial setting introduces a competitive 
dynamic between the generator and the discriminator, 
driving the generator toward improved edge realism in 
the predicted masks. To further constrain the accuracy 
of boundaries, a boundary matching loss based on the 
Dice coefficient is incorporated: 

𝐿𝑒𝑑𝑔𝑒 = 1 −
2⋅∣𝐸𝑝∩𝐸𝑔𝑡∣

∣𝐸𝑝∣+∣𝐸𝑔𝑡∣
       (18) 

The total loss function for ECAL integrates 
segmentation accuracy, edge alignment, and 
adversarial feedback: 

𝐿𝑡𝑜𝑡𝑎𝑙 = 𝐿𝑠𝑒𝑔 + 𝜆𝑒𝑑𝑔𝑒𝐿𝑒𝑑𝑔𝑒 + 𝜆𝑎𝑑𝑣𝐿𝑎𝑑𝑣    (19) 

where 𝐿𝑠𝑒𝑔 represents a hybrid segmentation loss 

(combining Dice and Binary Cross-Entropy to balance 
overlap and pixel-wise accuracy), and 𝜆𝑒𝑑𝑔𝑒 and 𝜆𝑎𝑑𝑣 

are weighting parameters controlling the influence of 
boundary and adversarial constraints [36-38]. This 
composite objective ensures that ECAL not only 
achieves high pixel-wise segmentation accuracy but 
also preserves diagnostically critical lesion contours, a 
requirement for robust diabetic retinopathy prediction 
models. 

D. BESNet: Boundary–Enhanced Synergistic 
Network for Segmentation Refinement 

Following the feature extraction and attention-
optimization phase through GEONet, the segmentation 
stage is conducted using the Boundary-Enhanced 
Synergistic Segmentation Network (BESNet). BESNet 
is specifically designed to exploit the gradient–edge-
optimized outputs from GEONet, ensuring that the final 
segmentation mask retains high boundary fidelity while 
achieving a uniform representation of interior lesions. 

The network operates in a dual-branch refinement 
architecture: Both the Boundary Preservation Branch 
(BPB), and Texture-Aware Interior Branch (TIB,  are 
subsequently fused through a Synergistic Fusion 
Module (SFM).  

The objective of BESNet is to produce a refined final 

segmentation mask 𝑆𝑓 ∈ 𝑅𝐻×𝑊 as shown in Eq. (20) as 

follows [2], where 𝑆𝑓 denotes the final refined 

segmentation mask, 𝑆𝑝 is the coarse segmentation 

mask produced by GEONet, 𝐸𝑝 represents the 

predicted edge map, 𝐹𝑔  denotes the gradient-aware 

feature representation, and 𝐹𝐵𝐸𝑆𝑁𝑒𝑡 (⋅) is the refinement 

function implemented by BESNet.  

𝑆𝑓 = 𝐹𝐵𝐸𝑆𝑁𝑒𝑡(𝑆𝑝, 𝐸𝑝 , 𝐹𝑔)     (20) 

1. Boundary Preservation Branch (BPB) 

The BPB is responsible for retaining sharp lesion 
borders and mitigating blurring that often arises in 
standard segmentation pipelines. Using 𝑆𝑝 and 𝐸𝑝, a 

Multi-Scale Boundary Propagation (MSBP) process is 
applied. At each scale 𝑙 ∈ {1,2, … , 𝐿}, the edge map is 

dilated and eroded to construct a set of boundary priors 
𝐵𝑙, which guide the mask refinement as shown in Eq. 

(21) as follows [9]. where 𝐵𝑙 denotes the boundary prior 

at the 𝑙𝑡ℎ scale, 𝐿 is the total number of propagation 

scales, 𝑟𝑙 is the structuring-element radius at scale 𝑙, 
and 𝜙𝑑𝑖𝑙𝑎𝑡𝑒(⋅, 𝑟𝑙) and 𝜙𝑒𝑟𝑜𝑑𝑒(⋅, 𝑟𝑙) represent the 

morphological dilation and erosion operations, 
respectively. 

 The boundary refinement update at each scale is 

then given by Eq. (22) as follows [14], where 𝑆𝑝
(𝑙−1)

 and 

𝑆𝑝
(𝑙)

 denote the segmentation masks before and after 

refinement at the 𝑙𝑡ℎscale, respectively, 𝜆𝑏 is the 

boundary refinement weight controlling the contribution 
of the boundary prior, and ⊙ denotes element-wise 

multiplication. 

𝐵𝑙 = 𝜙𝑑𝑖𝑙𝑎𝑡𝑒 (𝐸𝑝, 𝑟𝑙) − 𝜙𝑒𝑟𝑜𝑑𝑒(𝐸𝑝, 𝑟𝑙)    (21) 

𝑆𝑝
(𝑙)

= 𝑆𝑝
(𝑙−1)

⊙ (1 − 𝜆𝑏𝐵𝑙) + 𝜆𝑏𝐵𝑙    (22) 

2. Texture-Aware Interior Branch (TIB) 

While BPB ensures boundary integrity, the Texture-
Aware Interior Branch focuses on the lesion’s internal 
consistency [39, 40]. Leveraging the gradient-
enhanced feature maps 𝐹𝑔 , an Adaptive Texture 

Smoothing (ATS) module removes irrelevant noise 
while preserving diagnostically significant patterns. The 
texture representation is obtained through Eq. (23) as 
follows [39]. Here 𝑇𝑚 denotes the intermediate texture 

map, 𝜓𝑐𝑜𝑛𝑣 (⋅) represents a convolution operation for 
texture extraction, 𝐹𝑔  is the gradient-aware feature map 

obtained from GEONet, 𝑆𝑝 is the coarse segmentation 

mask, and ⊙ denotes element-wise multiplication. 

https://jeeemi.org/index.php/jeeemi
https://portal.issn.org/resource/ISSN-L/2656-8632
https://doi.org/10.35882/jeeemi.v8i4.1734
https://creativecommons.org/licenses/by-sa/4.0/


Journal of Electronics, Electromedical Engineering, and Medical Informatics                             
Homepage: jeeemi.org; Vol. 8, No. 4, October 2026, pp: 1314-1330                                    e-ISSN: 2656-8632 

 

Manuscript received 6 May 2026; Revised 10 July 2026; Accepted 20 July 2026; Available online 10 August 2026 
Digital Object Identifier (DOI): https://doi.org/10.35882/jeeemi.v8i4.1734 
Copyright © 2026 by the authors. This work is an open-access article and licensed under a Creative Commons Attribution-ShareAlike 4.0 
International License (CC BY-SA 4.0).  

 1320               

 The ATS process applies a content-adaptive 
bilateral filter, as shown in Eq. (24) as follows [40]. 
Here, where 𝑇𝑠(𝑖, 𝑗) denotes the smoothed texture 

value at pixel location (𝑖, 𝑗), 𝐺𝑠 is the spatial Gaussian 

kernel, 𝐺𝑟 is the range Gaussian kernel controlling 

texture preservation, 𝛺denotes the local neighborhood 

window, and (𝑝, 𝑞) represents neighboring pixel 

coordinates within 𝛺. The filtered texture map 𝑇𝑠 is then 

masked to retain lesion regions, as shown in Eq. (25) 
as follows [38]. Where where 𝑆𝑡 denotes the texture-

refined segmentation mask and 𝜎(⋅) is the sigmoid 

activation function that maps values to the range [0, 1]. 

𝑇𝑚 = 𝜓𝑐𝑜𝑛𝑣(𝐹𝑔 ⊙ 𝑆𝑝)         (23) 

𝑇𝑠(𝑖, 𝑗) =
∑ 𝐺𝑠(∥(𝑖,𝑗)−(𝑝,𝑞)∥)⋅𝐺𝑟(|𝑇𝑚(𝑖,𝑗)−𝑇𝑚(𝑝,𝑞)|)∙𝑇𝑚(𝑝,𝑞)(𝑝,𝑞)∈𝛺 

∑ 𝐺𝑠(∥(𝑖,𝑗)−(𝑝,𝑞)∥)⋅𝐺𝑟(|𝑇𝑚(𝑖,𝑗)−𝑇𝑚(𝑝,𝑞)|)(𝑝,𝑞)∈𝛺 
   

(24) 

𝑆𝑡 = 𝜎(𝑇𝑠) ⊙ 𝑆𝑝       (25) 

3. Synergistic Fusion Module (SFM) 

The SFM merges the boundary-refined mask 𝑆𝑏 and 

texture-refined mask 𝑆𝑡 into the final segmentation 
output 𝑆𝑓. To balance boundary sharpness and texture 

uniformity, a Structure–Texture Consistency Loss is 
employed during training [28]. In Eq. (26), as follows 
[36], denotes the structure–texture consistency loss, 
𝑆𝑔𝑡  is the ground-truth segmentation mask, 𝐵𝐶𝐸(⋅) 

represents the binary cross-entropy loss, ∇(⋅) 
computes the spatial gradient operator, ∥⋅∥1 denotes 

the L1 norm, and 𝛼, 𝛽, and 𝛾 are weighting coefficients 

controlling the contributions of the boundary, texture, 
and gradient consistency terms, respectively. The final 

mask is obtained via Eq. (27) as follows [32], where 𝜂 

is the learned fusion weight ( 0 ≤ 𝜂 ≤ 1 ), and 𝑆𝑓 

denotes the final refined segmentation mask. In Eq. 

(28) as follows [32], where 𝑆𝑝 denotes the coarse 

segmentation mask generated by GEONet, 𝐸𝑝 

represents the predicted boundary (edge) map, 𝐹𝑔  

denotes the gradient-aware feature representation 
extracted by GEONet, 𝑅𝐵𝑃𝐵 (⋅) is the Boundary 

Preservation Branch refinement operator, 𝑅𝑇𝐼𝐵 (⋅) is the 

Texture-Aware Interior Branch refinement operator, 
and 𝑆𝑓 is the final refined segmentation mask. 

Combining the above, the complete BESNet 
refinement process can be expressed as 𝑆𝑓. 

𝐿𝑆𝑇𝐶 = 𝛼 ⋅ 𝐵𝐶𝐸(𝑆𝑏 , 𝑆𝑔𝑡) + 𝛽 ⋅ 𝐵𝐶𝐸(𝑆𝑡 , 𝑆𝑔𝑡) + 𝛾 ⋅

∥ 𝛻𝑆𝑏 − 𝛻𝑆𝑡 ∥1           (26) 

𝑆𝑓 = 𝜂 ⋅ 𝑆𝑏 + (1 − 𝜂) ⋅ 𝑆𝑡      (27) 

𝑆𝑓 = 𝜂 ⋅ 𝑅𝐵𝑃𝐵(𝑆𝑝, 𝐸𝑝) + (1 − 𝜂) ⋅ 𝑅𝑇𝐼𝐵 (𝑆𝑝, 𝐹𝑔)   (28) 

E. Implementation Details of GEONet and BESNet 

The proposed GEONet–BESNet framework follows a 
lightweight encoder–refinement architecture optimized 
for retinal lesion segmentation. Input retinal images are 

resized to 512 × 512 pixels prior to processing. 
GEONet employs a five-stage convolutional encoder 
consisting of successive 3×3 convolutional layers with 
batch normalization and ReLU activation, where the 
number of feature channels progressively increases 
from 64 to 128, 256, 512, and finally 1024 filters to 
capture both local retinal textures and high-level lesion 
semantics. The GSA module is inserted after each 
encoder stage to enhance gradient-sensitive feature 
representations through spatial and channel attention 
mechanisms.  The ECAL component incorporates a 
lightweight discriminator composed of convolution–
batch normalization–LeakyReLU blocks operating on 
lesion boundary maps to enforce boundary realism. 
BESNet refines the coarse segmentation output using 
the Boundary Preservation Branch (BPB), Texture-
Aware Interior Branch (TIB), and Synergistic Fusion 
Module (SFM). All convolutional operations utilize 3×3 
kernels with same padding, while sigmoid activation 
generates pixel-level probability maps. The model is 
trained using the Adam optimizer with a learning rate of 
1×10⁻⁴, a batch size of 32, and early stopping with a 

patience of 15 epochs. The total loss combines 
segmentation, boundary, and adversarial objectives, 
with λedge = 0.30 and λadv = 0.20 determined through 
validation experiments. 

 

IV. Results  

Experiments were conducted using Python 3.10 with 
TensorFlow and PyTorch implementations. PyTorch 
Lightning was utilized for training management, while 
OpenCV, scikit-image, and NumPy supported 
preprocessing and data handling. All models were 
trained on a workstation equipped with an NVIDIA RTX 
A6000 GPU (48 GB). A batch size of 32, Adam 
optimizer, and an initial learning rate of 1×10⁻⁴ were 

employed. Early stopping with a patience of 15 epochs 
and dropout regularization were applied to reduce 
overfitting. Data augmentation included rotation, 
flipping, and intensity normalization. Performance 
evaluation was performed using stratified 5-fold cross-
validation to ensure balanced and reliable assessment 
across datasets. To evaluate the robustness and 
generalizability of the proposed GEONet–BESNet 
framework, experiments were conducted on the DRD, 
APTOS 2019, and resized EyePACS datasets, which 
contain retinal fundus images acquired under diverse 
imaging conditions and varying DR severities. Prior to 
training, all images underwent illumination 
normalization, CLAHE-based contrast enhancement, 
noise suppression, and region-of-interest extraction. 
Images exhibiting severe unreadable retinal structures 
were filtered during preprocessing. The processed 
datasets were partitioned into training (70%), validation 
(15%), and testing (15%) subsets while preserving 
dataset-specific class distributions. 
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Fig. 2. Representative Examples of Semi-Automatic Lesion Mask Generation and Validation (a) Example 1 (Mild 
DR), (b) Example 2 (Moderate DR), (c) Example 3 (Severe DR) 

Table 2. Analysis of Region Overlap and Boundary Fidelity. 

Datasets Methods 
Dice 

Coefficient 
IoU 

Boundary 
Accuracy 

Hausdorff 
Distance 

Dataset 1 
(DRD) 

WE-DNN 0.90 0.86 0.88 5.3 

VGGNet 0.85 0.83 0.84 6.6 

GAMDL 0.87 0.85 0.85 6.0 

CNbDL 0.83 0.79 0.82 7.8 

EDLM 0.81 0.78 0.79 9.1 

Proposed Work 0.95 0.89 0.91 3.8 

Dataset 2 
(APTOS) 

WE-DNN 0.83 0.82 0.83 5.6 

VGGNet 0.79 0.79 0.77 7.0 

GAMDL 0.81 0.80 0.79 6.1 

CNbDL 0.78 0.77 0.75 8.2 

EDLM 0.77 0.76 0.73 9.9 

Proposed Work 0.87 0.85 0.86 4.3 

Dataset 3 
(EyePACS) 

WE-DNN 0.86 0.84 0.87 5.7 

VGGNet 0.82 0.80 0.79 7.1 

GAMDL 0.84 0.82 0.83 6.3 

CNbDL 0.82 0.78 0.79 7.9 

EDLM 0.79 0.77 0.77 8.7 

Proposed Work 0.89 0.87 0.89 5.1 
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Data augmentation was applied exclusively to the 
training set to mitigate class imbalance and improve 
model generalization. It should be noted that the 
original DRD, APTOS 2019, and EyePACS datasets 
primarily provide image-level diabetic retinopathy 
grading labels rather than native pixel-level lesion 
annotations. Therefore, lesion masks used for 

supervised segmentation training and quantitative 
evaluation were obtained through an additional 
annotation generation and validation procedure. These 
reference lesion masks served as the ground truth for 
the computation of Dice Coefficient, IoU, Boundary 
Accuracy, Hausdorff Distance, DSC, and SSIM.

A. Lesion Mask Generation and Validation 

Although the DRD, APTOS 2019, and EyePACS 
datasets primarily provide image-level diabetic 
retinopathy severity grades rather than pixel-wise 
lesion annotations, the proposed segmentation 
framework requires lesion-level masks for supervised 
training and quantitative evaluation. Therefore, lesion 
masks were generated through a semi-automatic 
annotation pipeline. Initially, retinal lesions were 
localized using contrast-enhanced candidate extraction 
based on CLAHE preprocessing, morphological top-
hat filtering, and adaptive thresholding. Candidate 
lesion regions were subsequently refined using 
connected-component analysis and boundary 
smoothing operations. To improve annotation quality, 
all generated masks underwent manual verification and 
correction by two independent reviewers with 
experience in retinal image analysis. Disagreements 
were resolved through consensus review. The resulting 
lesion masks were utilized exclusively for segmentation 

training and evaluation. Representative examples of 
generated masks are provided in Fig. 2. Since these 
annotations were generated specifically for this study, 
they are not part of the original public datasets. 

B. Fairness and Reproducibility of Comparative 
Evaluation 

The comparative evaluation was conducted under a 
unified experimental protocol to ensure fairness and 
reproducibility across all methods. The baseline 
models, including WE-DNN, GAMDL, VGGNet, 
CNbDL, and EDLM, were implemented and evaluated 
on the same datasets, with the same preprocessing 
procedures, augmentation strategies, and data 
partitioning scheme as the proposed GEONet–BESNet 
framework. Specifically, all retinal images underwent 
identical illumination normalization, CLAHE-based 
contrast enhancement, noise suppression, and region-
of-interest extraction prior to training. Furthermore, the 
same training, validation, and testing subsets were  

 

Table 3. Analysis of Structural and Patch-Level Consistency. 

Datasets Methods 
Dice Similarity 

Coefficient (DSC) 
% 

Structural Similarity 
Index Measure (SSIM) 

% 

Proportion of 
correct 

patches % 

Dataset 1 
(DRD) 

WE-DNN 87.7 88.5 91.4 

VGGNet 85.5 85.7 87.5 

GAMDL 86.7 87.5 89.4 

CNbDL 82.1 82.5 81.8 

EDLM 79.9 81.6 80.9 

Proposed Work 89.9 91.9 93.9 

Dataset 2 
(APTOS) 

WE-DNN 89.5 88.8 91.9 

VGGNet 84.8 85.3 87.4 

GAMDL 87.9 88.5 90.6 

CNbDL 83.8 84.7 85.8 

EDLM 79.7 82.9 80.6 

Proposed Work 91.6 90.5 95.4 

Dataset 3 
(EyePACS) 

WE-DNN 88.7 89.2 89.3 

VGGNet 86.3 86.4 88.8 

GAMDL 87.9 89.3 92.7 

CNbDL 82.3 83.3 82.4 

EDLM 80.4 83.9 82.3 

Proposed Work 90.5 90.3 94.5 
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maintained for all methods to eliminate performance 
variations arising from dataset partition differences. To 
ensure consistency, all models were trained within the 
same computational environment and evaluated using 
identical performance metrics. Hyperparameter 
settings for the baseline methods were initialized 
according to the configurations reported in their original 
studies and subsequently optimized using the same 
validation protocol employed for the proposed 

framework. Data augmentation operations, including 
rotation, horizontal flipping, and intensity normalization, 
were also applied uniformly across all models. 
Consequently, the reported performance differences 
reflect the intrinsic capabilities of the respective 
architectures rather than variations in preprocessing, 
training conditions, or experimental setup. This 
standardized evaluation protocol improves the 
transparency, fairness, and reproducibility of the 
comparative analysis. 

C. Region Overlap and Boundary Fidelity Analysis 

Segmentation performance was evaluated using Dice 

Coefficient, IoU, Boundary Accuracy, and Hausdorff 

Distance, which collectively assess region overlap and 

boundary fidelity (Table 2). The proposed GEONet–

BESNet framework consistently achieved superior 

results across all datasets. On DRD, it attained Dice, 

IoU, and Boundary Accuracy values of 0.95, 0.89, and 

0.91, respectively, outperforming all competing 

methods. Similar improvements were observed on 

APTOS (0.87, 0.85, 0.86) and EyePACS (0.89, 0.87, 

0.89). In terms of boundary preservation, the 

framework achieved the lowest Hausdorff Distances of 

3.8, 4.3, and 5.1 on DRD, APTOS, and EyePACS, 

respectively. These findings demonstrate that 

integrating GEONet and BESNet enhances lesion 

localization, structural consistency, and boundary 

delineation across heterogeneous retinal imaging 

datasets.  

D. Region Overlap and Boundary Fidelity Analysis 

To further evaluate segmentation quality, DSC, SSIM, 
and PCP metrics were assessed as shown in Table 4. 
The proposed GEONet–BESNet framework 
consistently achieved superior structural and local 
consistency across all datasets. On DRD, it attained 
DSC, SSIM, and PCP values of 89.9%, 91.9%, and 
93.9%, respectively. Corresponding values on APTOS 
were 91.6%, 90.5%, and 95.4%, while EyePACS 
achieved 90.5%, 90.3%, and 94.5%, as shown in Table 
3. These results exceeded those of competing 
methods, demonstrating improved lesion delineation, 
structural fidelity, and patch-level robustness. The 
consistent gains across heterogeneous datasets 
indicate that integrating gradient-aware segmentation 
with boundary-enhanced refinement effectively 

Table 4. Pixel-level sensitivity, specificity, and precision comparison for lesion segmentation on the DRD, 
APTOS, and EyePACS datasets 

Authors Datasets Methods 
Sensitivity 

(Recall) 
Specificity 

Precision 
(Positive 

Predictive Value) 

Nazir et al.  [17] 

Dataset 1 
(DRD) 

WE-DNN 89.9 88.9 91.9 

Jabbar et al.  [19] VGGNet 84.3 85.2 86.4 

Zedadra et al. [18] GAMDL 88.4 88.7 90.2 

Govindharaj et al. [20] CNbDL 81.9 82.5 81.9 

Banupriya et al. [21] EDLM 79.3 80.8 78.4 

Proposed Work GEONet + BESNet 91.9 90.4 95.8 

Nazir et al.  [17] 

Dataset 2 
(APTOS) 

WE-DNN 90.3 87.7 92.7 

Jabbar et al.  [19] VGGNet 86.5 84.3 86.9 

Zedadra et al. [18] GAMDL 88.6 86.5 89.2 

Govindharaj et al. [20] CNbDL 86.2 82.5 85.6 

Banupriya et al. [21] EDLM 85.4 80.8 82.9 

Proposed Work GEONet + BESNet 94.9 93.7 97.3 

Nazir et al.  [17] 

Dataset 3 
(EyePACS) 

WE-DNN 88.6 87.5 85.7 

Jabbar et al.  [19] VGGNet 85.5 82.4 84.3 

Zedadra et al. [18] GAMDL 87.7 83.3 85.6 

Govindharaj et al. [20] CNbDL 84.5 82.5 80.3 

Banupriya et al. [21] EDLM 78.9 80.7 78.9 

Proposed Work GEONet + BESNet 92.5 94.6 92.8 
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preserves lesion structures and maintains reliable 
segmentation performance under varying retinal 
imaging conditions. 
 

V. Discussions 

A. Evaluation of Statistical and Clinical 
Relevance 

Table 4 demonstrates that the proposed GEONet–
BESNet framework consistently outperformed the 
compared studies across the DRD, APTOS, and 
EyePACS datasets in terms of Sensitivity, Specificity, 
and Precision. Compared with the WE-DNN framework 
of Nazir et al. [17], the proposed method achieved 
higher sensitivity on all three datasets, indicating 
improved detection of subtle lesion pixels while 
reducing false negatives. Similarly, compared with the 
VGGNet-based approach of Jabbar et al. [19], the 
proposed framework showed substantial 
improvements in specificity and precision, suggesting 

more reliable discrimination between lesion and non-
lesion regions with fewer false-positive predictions. 
Although the GAMDL model proposed by Zedadra et 
al. [18] demonstrated competitive performance, 
GEONet–BESNet consistently achieved higher 
diagnostic metrics across all datasets, reflecting the 
effectiveness of combining gradient-guided feature 
extraction with boundary-aware refinement. The 
CNbDL framework of Govindharaj et al. [20] and the 
EDLM model of Banupriya et al. [21] exhibited 
comparatively lower performance, particularly on the 
heterogeneous EyePACS dataset, indicating limited 
robustness to imaging variability. In contrast, the 
proposed framework maintained consistently high 
performance across all three datasets, demonstrating 
superior generalization capability. These findings are 
consistent with previous studies emphasizing the 
importance of boundary preservation and feature 
enhancement for retinal lesion segmentation [18], [20], 

Case 
Original 

Fundus Image 

Ground Truth 

(Lesion Mask) 

GEONet–BESNet 

(Predicted Mask) 

Overlay 

(Prediction on 

Original) 

(a)  

    

(b) 

    

(c) 

    

(d) 

    

(e) 

    
Fig. 3. Qualitative segmentation results (a) Small Lesion Detection, (b) Blurred Image, (c) Severe DR, (d) 
False Positive Example, (e) False Negative Example 
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and further demonstrate that integrating GEONet and 
BESNet improves structural consistency, lesion 
localization, and diagnostic reliability across diverse 
retinal imaging conditions.  

B. Comparative Insights  

Comparative evaluation across the DRD, APTOS, and 
EyePACS datasets demonstrates the superiority of the 
proposed GEONet–BESNet framework over WE-DNN, 
VGGNet, GAMDL, CNbDL, and EDLM. The framework 
consistently achieved higher DSC, SSIM, Sensitivity, 
Specificity, and Precision values, indicating improved 
structural fidelity, lesion delineation, and segmentation 
reliability. Unlike competing methods that often exhibit 
trade-offs between overlap accuracy, boundary 
preservation, and diagnostic performance, the 
proposed approach maintains balanced performance 
across all evaluation metrics. Its consistent results 
across heterogeneous datasets further highlight its 
robustness and generalization capability, confirming 
the effectiveness of integrating gradient-aware 
segmentation with boundary-enhanced refinement for 
accurate retinal lesion segmentation. To complement 
the quantitative evaluation, qualitative segmentation 
examples under multiple retinal imaging conditions are 
presented in Fig. 3. The proposed framework 
accurately delineates small lesion regions and 
maintains boundary fidelity even in low-contrast and 
blurred images. In severe diabetic retinopathy cases, 
the model successfully captures extensive pathological 
regions while preserving lesion morphology. 
Nevertheless, several challenging examples reveal 
occasional false-positive activations near vessel 
structures and false-negative omissions in extremely 
low-contrast lesions. These observations indicate that 
although the proposed framework demonstrates strong 
robustness across heterogeneous retinal images, 
segmentation performance remains influenced by 
lesion visibility and image quality. 

C. Implications of the Study 

The proposed GEONet–BESNet framework has 
important implications for both clinical practice and 
automated ophthalmic image analysis. By improving 
lesion boundary preservation and structural 
consistency, the framework can support 
ophthalmologists in more reliable identification of 
microaneurysms, hemorrhages, and exudates, 
particularly during early-stage diabetic retinopathy 
screening. Its consistent performance across the DRD, 
APTOS, and EyePACS datasets indicates strong 
potential for deployment in heterogeneous clinical 
environments where image quality and acquisition 
conditions vary considerably. Furthermore, the 
lightweight dual-stage architecture provides a practical 
alternative to computationally intensive ensemble and 
multimodal methods, making it more suitable for 

resource-constrained healthcare settings and large-
scale screening programs. The proposed gradient-
aware and boundary-enhanced segmentation strategy 
may also be extended to other retinal diseases 
requiring accurate lesion delineation, including 
glaucoma, age-related macular degeneration, and 
retinal vein occlusion. Overall, the study contributes a 
clinically interpretable and scalable segmentation 
framework that can facilitate future computer-aided 
diagnosis systems and support more efficient retinal 
disease screening. 

D. Ablation Analysis of GEONet and BESNet 

To quantify the contribution of each proposed 
component, an ablation study was conducted by 
progressively enabling the modules of the proposed 
framework. The baseline model consisted of the 
segmentation backbone without GSA, ECAL, or 
BESNet. Subsequently, GSA and ECAL were 
introduced independently to evaluate their individual 
effects on feature discrimination and boundary 
preservation, followed by the complete GEONet 
architecture and BESNet refinement stage. The results 
demonstrate a consistent improvement across all 
segmentation metrics as additional components are 
incorporated. The baseline backbone achieved a Dice 
score of 84.6%, which improved to 86.8% after 
introducing GSA and further increased to 88.1% with 
ECAL. The complete GEONet architecture achieved a 
Dice score of 89.2%, highlighting the benefits of 
attention-guided feature extraction and edge-aware 
optimization. When BESNet was applied as a 
standalone refinement stage, structural consistency 
further improved, yielding a Dice score of 89.8% and 
better boundary preservation. Finally, the integrated 
GEONet–BESNet framework achieved the highest 
overall performance with average Dice, IoU, and 
Boundary Accuracy values of 90.3%, 87.0%, and 
88.7%, respectively, confirming the complementary 
contributions of gradient-guided attention, adversarial 
boundary supervision, and boundary–texture 
refinement. 

E. Limitations and Future Scope  

Although the proposed framework demonstrated 
strong segmentation performance, a detailed 
computational complexity analysis, including 
parameter count, FLOPs, GPU memory consumption, 
training time, and inference latency, was not conducted 
in the current study. Consequently, deployment 
feasibility should be interpreted based on architectural 
design considerations rather than quantitative 
efficiency measurements. Comprehensive 
benchmarking against baseline models under identical 
hardware settings will be investigated in future work. 
Future work will focus on improving robustness, 
domain adaptation, minority-lesion representation, 
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explainable segmentation, and validation on larger 
multi-center datasets. 

 
V. Conclusion  

This study presented the GEONet–BESNet framework 
for retinal lesion segmentation in diabetic retinopathy 
images, integrating gradient-guided feature extraction 
with boundary-aware refinement. The proposed 
approach consistently outperformed the compared 
methods across the DRD, APTOS, and EyePACS 
datasets, achieving average Dice, IoU, and Boundary 
Accuracy values of 90.3%, 87.0%, and 88.7%, 
respectively, while maintaining strong structural 
consistency and accurate lesion delineation. The 
results demonstrate that the combination of gradient-
aware segmentation and boundary refinement 
enhances lesion boundary preservation and 
robustness under diverse retinal imaging conditions. 
Although improved lesion segmentation may support 
downstream clinical assessment workflows, the 
present study focuses exclusively on pixel-level lesion 
segmentation and does not evaluate image-level 
diabetic retinopathy grading or patient-level diagnosis.  
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