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Abstract: Retinal vessel segmentation is fundamental for quantitative retinal vascular analysis; how-

ever, accurate delineation remains challenging because of nonuniform illumination, low-contrast capil-

laries, pathological lesions, and variations in image acquisition. This study presents a rule-based unsu-

pervised retinal vessel segmentation framework based on decision-level adaptive late fusion, in which 

six complementary local adaptive thresholding methods are integrated and subsequently refined 

through luminance validation, hysteresis reconstruction, component cleanup, elongation filtering, and 

boundary smoothing. In this context, unsupervised denotes that no statistical segmentation model is 

trained using manual vessel annotations; instead, fixed parameters and fusion weights are determined 

from a small development subset, while all evaluation images remain unseen during method develop-

ment. The proposed framework was evaluated on 135 independent retinal fundus images from the 

DRIVE, STARE, CHASE_DB1, HRF, and LES-AV datasets using an eroded field-of-view protocol. 

It achieved an image-weighted Dice coefficient of 0.7104 (95% bootstrap confidence interval: 0.7005–

0.7205), an IoU of 0.5539, a sensitivity of 0.7544, a specificity of 0.9597, a balanced accuracy of 0.8570, 

and a clDice score of 0.7395. Compared with fixed majority voting, the proposed adaptive late fusion 

strategy significantly improved segmentation performance in 128 of 135 test images, yielding a mean 

Dice improvement of 0.0270 (paired Wilcoxon, Holm-adjusted p = 7.67 × 10⁻²¹). Although segmen-

tation performance remains limited for complex pathological images, particularly in the HRF dataset, 

the proposed framework demonstrates consistent cross-dataset performance, transparent decision-

making, and strong reproducibility, providing an effective alternative when interpretable, training-free 

retinal vessel segmentation is required. 

Keywords: Adaptive late fusion; Fundus imaging; Image segmentation; Local adaptive thresholding; 

Morphological refinement; Retinal vessel segmentation; Training-free segmentation; Unsupervised 

segmentation. 

 

1. Introduction 

Retinal fundus imaging is a fundamental, non-invasive diagnostic modality for the early 
detection and longitudinal monitoring of severe ocular and systemic diseases, including dia-
betic retinopathy, glaucoma, and hypertension [1]. Quantitative assessment of retinal vascular 
morphology, such as vessel tortuosity, branching angles, and vascular density, provides clini-
cally important biomarkers for disease diagnosis and progression [2]. However, manual pixel-
wise delineation of retinal vessels is labor-intensive, inherently subjective, and susceptible to 
considerable inter-observer variability [3]. These limitations motivate the development of au-
tomated retinal vessel segmentation frameworks that are accurate, robust, and reproducible. 
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Recent advances in supervised deep learning have substantially improved retinal vessel 
segmentation performance. Nevertheless, their practical deployment remains constrained by 
the availability of representative annotated datasets and the effects of acquisition-domain var-
iation [4]. Supervised models require manually annotated images to optimize their parameters 
[5], while producing high-quality medical annotations is expensive and time-consuming [6]. 
Furthermore, performance may degrade when models trained on standardized datasets are 
applied to images acquired under different imaging conditions, including variations in spatial 
resolution, illumination, imaging devices, and pathological characteristics. 

To reduce this dependency on annotated training data, deterministic rule-based ap-
proaches remain an attractive alternative, particularly those based on local adaptive thresh-
olding [7]. However, individual thresholding algorithms exhibit inherent trade-offs between 
preserving low-contrast capillaries and suppressing false-positive responses, with perfor-
mance varying across imaging conditions and retinal pathologies [8]–[10]. Existing multi-
threshold approaches attempt to alleviate these limitations through algorithm fusion; how-
ever, most rely on static majority voting strategies that remain vulnerable to correlated errors 
and image-dependent variability. 

To address these challenges, this study proposes a rule-based unsupervised retinal vessel 
segmentation framework based on morphological refinement and adaptive decision-level late 
fusion. Instead of relying on a fixed consensus strategy, the proposed framework combines 
six complementary local adaptive thresholding methods to generate multiple binary vessel 
candidates, which are subsequently refined through luminance validation, hysteresis recon-
struction, component cleanup, elongation filtering, and boundary smoothing. In this study, 
unsupervised indicates that no statistical segmentation model is trained using manual vessel 
annotations. Instead, a small development subset is used solely to determine fixed algorithm 
parameters and fusion weights, while all reported evaluation images remain completely unseen 
throughout method development. The primary contributions of this work are summarized as 
follows: 

• An adaptive decision-level late fusion strategy that dynamically adjusts voting strictness 
according to the global agreement among multiple thresholding outputs for each retinal 
image. 

• A morphology-guided refinement pipeline that integrates local luminance validation and 
elongation-based filtering to suppress non-vascular structures while preserving vessel 
continuity. 

• A leakage-controlled experimental evaluation on 135 held-out retinal fundus images 
from five public datasets, including confidence interval estimation, paired statistical test-
ing, topology-aware and boundary-based evaluation metrics, stage-wise ablation analysis, 
and pathology-stratified performance assessment. 
 

The remainder of this paper is organized as follows. Section 2 reviews existing retinal 
vessel segmentation methods and identifies the limitations of supervised, rule-based, unsu-
pervised, and decision-level fusion approaches. Section 3 describes the proposed framework, 
including preprocessing, multi-variant vessel extraction, and adaptive decision-level late fu-
sion. Section 4 presents quantitative and qualitative evaluations, ablation studies, comparisons 
with constituent and published methods, pathology-stratified analyses, and a discussion of 
the proposed framework's limitations. Finally, Section 5 summarizes the main findings, dis-
cusses future research directions, and concludes the paper. 

2. Literature Review 

This section reviews recent advances in retinal vessel segmentation to establish the meth-
odological context of this study. It examines the strengths and limitations of prevailing super-
vised and deterministic rule-based approaches, identifies the unresolved trade-offs associated 
with existing local thresholding techniques, and motivates the development of the proposed 
adaptive decision-level late fusion framework. 

2.1. Supervised Segmentation 

Recent progress in retinal vessel segmentation has been driven predominantly by super-
vised deep learning architectures, particularly convolutional neural networks (CNNs) and U-
Net variants [11]. By learning hierarchical feature representations directly from annotated 
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data, these models have achieved excellent performance on standardized retinal image bench-
marks [12]. Nevertheless, their deployment in routine clinical practice remains constrained by 
annotation availability, operational cost, and acquisition-domain variability [13]. 

Supervised models require representative pixel-level annotations to optimize network 
parameters [14]. In ophthalmic imaging, generating such annotations is labor-intensive, ex-
pensive, and inherently affected by inter-observer variability [6]. Moreover, segmentation per-
formance may deteriorate when models trained on one imaging domain are applied to external 
datasets acquired under different conditions [15]. Variations in native image resolution, illu-
mination characteristics, imaging devices, and pathological manifestations can substantially 
affect generalization performance, as observed across datasets such as DRIVE, HRF, and 
CHASE_DB1 [16]. In addition, the limited interpretability of many deep learning models may 
reduce diagnostic transparency in clinical applications [17]. Consequently, deterministic rule-
based segmentation methods remain an attractive alternative when representative annotations 
are unavailable, or model retraining is impractical. 

2.2. Unsupervised Thresholding 

To overcome the dependency on annotated training data, deterministic rule-based seg-
mentation methods employ mathematical heuristics to distinguish retinal vessels from the 
surrounding background [18]. Because retinal fundus images often exhibit pronounced illu-
mination gradients, central light reflexes, and local contrast variation, conventional global 
thresholding techniques, such as Otsu's method, generally produce unsatisfactory segmenta-
tion results [19]. Consequently, most classical approaches rely on local adaptive thresholding, 
where the threshold for each pixel is estimated from statistics computed within its local neigh-
borhood [20]. 

The six thresholding methods considered in this study adopt different statistical formu-
lations. Niblack, Sauvola, Wolf, and Phansalkar estimate thresholds from combinations of 
local mean intensity and local dispersion, whereas Bradley compares each pixel with its local 
mean, and Bernsen derives thresholds from local intensity extrema and contrast measure-
ments [21]. Owing to these different formulations, segmentation performance varies with 
algorithm parameters, illumination conditions, pathological structures, and vessel caliber. 
Consequently, no single thresholding method consistently achieves both high vessel sensitiv-
ity and effective suppression of false-positive responses across diverse retinal images [22]. 

Thresholding methods that aggressively preserve weak local contrast generally improve 
the detection of fine capillaries but are also more susceptible to background noise and lesion-
induced false positives [23]. Conversely, more conservative thresholding strategies suppress 
noise more effectively but frequently produce fragmented vessel networks and reduced con-
tinuity [24], [25]. Although morphological post-processing can partially alleviate these limita-
tions, it cannot completely eliminate the inherent trade-offs associated with individual thresh-
olding formulations. These complementary strengths and weaknesses provide the primary 
motivation for integrating multiple thresholding outputs within a unified decision-level frame-
work. 

2.3. Fusion Strategies 

To balance the complementary strengths and weaknesses of individual thresholding 
methods, numerous retinal vessel segmentation studies have explored multi-method fusion 
strategies [26]. Existing approaches commonly combine multiple binary vessel masks using 
logical operations, such as Boolean AND/OR, or simple majority voting to generate a con-
sensus segmentation [27]. Although these decision-level fusion strategies generally improve 
robustness compared with a single thresholding method, they remain susceptible to correlated 
errors among the constituent algorithms [28]. When several thresholding methods respond 
similarly to bright lesions, peripheral shadows, or other non-vascular structures, majority vot-
ing may reinforce rather than suppress these shared false-positive responses [29]. Moreover, 
fixed voting thresholds assume consistent image quality and therefore cannot adequately ac-
commodate the substantial variation in illumination, contrast, and signal-to-noise ratio ob-
served across retinal fundus images. 

These limitations motivate a more flexible deterministic fusion strategy that considers 
not only the number of votes but also the consistency of the segmentation evidence and the 
structural characteristics of retinal vessels [30]. Accordingly, the proposed framework 
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incorporates image-level adaptive vote selection, local luminance validation, and morphology-
guided refinement while preserving fully deterministic and auditable decision rules. 

In parallel with the development of rule-based approaches, recent retinal vessel segmen-
tation research has increasingly adopted transformer-based architectures, domain-generaliza-
tion techniques, self-supervised learning, and lightweight neural networks. Transformer and 
attention mechanisms enhance long-range contextual representation, whereas domain-gener-
alization and self-supervised methods aim to improve robustness across imaging domains and 
reduce annotation dependency. Lightweight architectures reduce computational complexity 
while maintaining competitive segmentation performance. Despite these advances, all of 
these methods remain dependent on learned feature representations and parameter optimi-
zation. Consequently, they address a different operational scenario from the deterministic 
framework proposed in this study and are included here to establish methodological context 
rather than to serve as protocol-equivalent baselines. 

Table 1 summarizes representative retinal vessel segmentation methods according to 
their underlying methodology, fusion or representation strategy, dataset, training requirement, 
and principal limitation. Unlike previous studies, the proposed framework combines multiple 
local adaptive thresholding methods through adaptive decision-level late fusion followed by 
deterministic morphological refinement, thereby maintaining complete interpretability while 
avoiding statistical model fitting. 

Table 1. Methodological comparison of representative retinal vessel segmentation methods. 

Study Methodology 
Fusion / Representation 

Strategy 
Dataset(s) Learning Strategy Primary Limitation 

Nandy and 
Banerjee [21] 

Local adaptive thresh-
olding 

Independent Niblack and 
Sauvola thresholding 

DRIVE 
Fixed empirical pa-

rameters 

Single-threshold formula-
tion with limited adapta-

bility 

Zhou et al. 
[31] 

Line detector + Hid-
den Markov Model 

Thick- and thin-vessel inte-
gration 

DRIVE, STARE 
Parameterized opti-

mization 
Sensitive to acquisition 

variability 

Mahapatra et 
al. [32] 

Frangi enhancement + 
spatial FCM 

Filter enhancement and clus-
tering 

DRIVE, STARE, 
HRF 

Parameter optimiza-
tion 

Dataset-dependent pa-
rameter tuning 

Khan et al. 
[33] 

Multiscale directional 
filtering 

Separate processing of thick 
and thin vessels 

DRIVE, STARE, 
CHASE_DB1 

Fixed empirical pa-
rameters 

Multiple manually con-
figured filters 

Qu et al. [34] Two-path CNN 
Learned multiscale feature 

representation 
DRIVE, STARE, 

CHASE_DB1 
Supervised learning 

Annotation and domain 
dependence 

Hu et al. [35] Domain generalization 
Domain-invariant feature 

learning 
Multiple datasets 

Supervised domain 
generalization 

Requires source-domain 
optimization 

Tu et al. [36]; 
Tong et al. 

[37] 

Self-supervised and 
lightweight networks 

Pretrained representation 
and transformer features 

DRIVE, STARE, 
CHASE_DB1 

Self-supervised pre-
training / fine-tuning 

Dependence on learned 
representations 

Proposed 
Local adaptive thresh-
olding + morphology 

Adaptive decision-level late 
fusion 

DRIVE, STARE, 
CHASE_DB1, 
HRF, LES-AV 

Fixed parameters se-
lected from develop-

ment subset 

Sensitivity to pathology 
and fixed parameter con-

figuration 

 

Because the proposed framework combines completed binary segmentation masks, the 
integration process is classified as decision-level (late) fusion rather than feature-level fusion. 
Furthermore, the term adaptive refers exclusively to the deterministic adjustment of voting 
thresholds according to image-level agreement among the constituent segmentations. It does 
not imply online parameter optimization, statistical learning, or adaptive model training. 

3. Proposed Method 

This section describes the proposed rule-based unsupervised retinal vessel segmentation 
framework. The framework does not train or fit a statistical segmentation model. Instead, 
manual vessel annotations from the development subset were used only to determine fixed 
algorithm parameters, morphological variants, and fusion weights. After this development 
stage, all segmentation procedures and decision rules remain fixed throughout evaluation. 
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3.1. General Framework 

The overall workflow of the proposed framework is illustrated in Figure 1. First, all ret-
inal images, reference annotations, and field-of-view (FOV) masks are spatially standardized 
to establish a common processing scale. The valid FOV is then eroded to suppress peripheral 
imaging artifacts before segmentation. For each of the six local adaptive thresholding meth-
ods, the standardized green channel is smoothed using its selected Gaussian scale, enhanced 
using Contrast-Limited Adaptive Histogram Equalization (CLAHE), and converted into an 
initial binary vessel mask. The corresponding enhanced image is subsequently used to estimate 
an optic-disc candidate and generate three morphological variants (Base, Traced, and Open). 
The selected variants are integrated through adaptive decision-level late fusion, followed by 
luminance validation, hysteresis reconstruction, component cleanup, elongation filtering, and 
boundary smoothing. Finally, the refined vessel mask is restricted to the valid FOV and eval-
uated against the aligned reference annotation. 

 

Figure 1. Overall workflow of the proposed rule-based unsupervised retinal vessel segmentation 
framework. 

3.2. Preprocessing 

The preprocessing stage standardizes image geometry and enhances vascular contrast 
before segmentation. It consists of four sequential operations: spatial normalization, green-
channel extraction, Gaussian smoothing, and local contrast enhancement. 
1. Spatial Dimension Normalization 

Retinal datasets possess varying native resolutions (e.g., 565 × 584 in DRIVE versus 700 
× 605 in STARE). The retinal field is estimated from its boundary, cropped, scaled to a retinal 
diameter of 1,984 pixels, and centered on a 2,048 × 2,048 canvas. This normalization makes 
subsequent pixel-scale parameters approximately comparable; it is not evidence of resolution 
invariance. Intensity images are resized using bicubic interpolation. Manual references and 
FOV masks undergo the identical crop, translation, and scale transformation using nearest-
neighbor interpolation to preserve binary labels. Filename, image dimensions, and overlay 
alignment are checked before evaluation. This transformation is formulated as: 

𝐼scaled = 𝒫2048 (ℬ𝑠(𝐼crop)) (1) 
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𝑠 =
1984

𝑑retina
 (2) 

where 𝐼crop is the retinal bounding crop, 𝑑retina is its estimated retinal diameter, ℬ𝑠 de-

notes bicubic scaling by factor 𝑠, and 𝒫2048 centers the scaled retinal field on a 2048 × 2048 
canvas. The identical crop, scale, and centering transformation is applied to the reference 

annotation and FOV mask using nearest-neighbor interpolation rather than ℬ𝑠. 
2. Spectral Component Isolation:  

The green spectral component exhibits the highest optical absorption rate by retinal he-
moglobin. Isolating this channel maximizes the visual contrast between the vascular network 
and the surrounding retinal background, which is essential for accurate intensity-based bina-
rization. The extraction is defined as: 

𝐼𝑔(𝑥, 𝑦) = 𝐼𝑠𝑐𝑎𝑙𝑒𝑑(𝑥, 𝑦, 2) (3) 

where 𝐼𝑔 represents the extracted single-channel intensity matrix, and the index 2 denotes 
the extraction of the green channel from the RGB color space. 
3. Stochastic Noise Suppression:  

Raw fundus captures frequently contain high-frequency stochastic sensor noise that local 
thresholding algorithms often misclassify as micro-vessels. A Gaussian filter is applied to at-
tenuate these microscopic artifacts without severely degrading the boundary gradients of thin 
capillaries, expressed as: 

𝐼smooth
𝑘 (𝑥, 𝑦) =∑𝐼𝑔

𝑢,𝑣

(𝑥 − 𝑢, 𝑦 − 𝑣)𝐺𝜎𝑘(𝑢, 𝑣) (4) 

𝐺𝜎𝑘(𝑢, 𝑣) =
1

2𝜋𝜎𝑘
2 exp [−

𝑢2 + 𝑣2

2𝜎𝑘
2 ] (5) 

where 𝐼smooth
𝑘  is the image smoothed for threshold family 𝑘, 𝐺𝜎𝑘  is the two-dimensional 

Gaussian kernel, and 𝜎𝑘 is selected separately for each family using the development subset 
(Table 2). 
4. Local Histogram Equalization:  

Global thresholding fails in retinal imagery due to the central light reflex and severe 
illumination gradients, such as peripheral vignetting. Contrast-Limited Adaptive Histogram 
Equalization (CLAHE) is utilized to normalize contrast within discrete localized tiles, effec-
tively highlighting fine vessels in under-illuminated regions while preventing the over-ampli-
fication of background noise. This localized enhancement is given by: 

𝐼clahe
𝑘 = 𝒞CLAHE(𝐼smooth

𝑘 ;  𝑁𝑥 × 𝑁𝑦 ,  𝐶limit) (6) 

where 𝐼clahe
𝑘  is the enhanced image for threshold family 𝑘, 𝒞CLAHE denotes contrast-lim-

ited adaptive histogram equalization, 𝑁𝑥 ×𝑁𝑦 = 8 × 8 is the tile grid, and 𝐶limit = 0.01 is 

the clip limit. Each method-specific enhanced image 𝐼clahe
𝑘  is used for its corresponding op-

tic-disc estimate, morphological variants, and local threshold calculation. 

3.3. ROI Localization 

The ROI localization phase delineates the valid retinal field and estimates an optic-disc 
candidate. These spatial constraints provide the valid processing region and the anchor re-
quired for subsequent morphological reconstruction. The procedure is executed through the 
following sequential steps: 
1. Field of View Estimation:  

Fundus images are strictly confined to the retinal projection within a circular camera 
aperture, often leaving dark peripheral regions that produce false-positive gradients during 
local binarization. A binary Field of View (FOV) mask is established and subsequently mor-
phologically eroded to contract the boundary inward, thereby safely excluding these severe 
peripheral illumination artifacts. This operation is defined as: 
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𝑀𝐹𝑂𝑉 = 𝑀𝑖𝑛𝑖𝑡𝑖𝑎𝑙 ⊖𝑆𝑑𝑖𝑠𝑘(𝑟𝑒𝑟𝑜𝑑𝑒) (7) 

where 𝑀𝐹𝑂𝑉 is the refined valid region mask, 𝑀𝑖𝑛𝑖𝑡𝑖𝑎𝑙 is the initial binary aperture mask, ⊖ 

denotes the morphological erosion operator, and 𝑆𝑑𝑖𝑠𝑘(𝑟𝑒𝑟𝑜𝑑𝑒) is a two-dimensional disk-

shaped structuring element with a radius 𝑟𝑒𝑟𝑜𝑑𝑒 = 8 pixels. 
2. Optic Disc Localization:  

For each threshold family, an optic-disc candidate is estimated as the maximum of a 
strongly smoothed version of the corresponding enhanced image inside the valid FOV. This 
location provides the anchor used to construct that family's Traced variant: 

(𝑥od
𝑘 , 𝑦od

𝑘 ) = argmax
(𝑥,𝑦)∈ΩFOV

 (𝐺𝜎od ∗ 𝐼clahe
𝑘 )(𝑥, 𝑦) (8) 

where (𝑥od
𝑘 , 𝑦od

𝑘 ) is the candidate location for family 𝑘, ΩFOV is the valid FOV, and 𝐺𝜎od 

is a Gaussian kernel with 𝜎od = 35 pixels. This is an intensity-based candidate location ra-
ther than a separately validated optic-disc segmentation. 
3. Structural Seed Generation:  

A method-specific circular seed region is constructed around the candidate location for 
morphological reconstruction: 

𝑀seed
𝑘 (𝑥, 𝑦) = 𝟏 [(𝑥 − 𝑥od

𝑘 )
2
+ (𝑦 − 𝑦od

𝑘 )
2
≤ 𝑟od

2 ] (9) 

where 𝑀seed
𝑘  is the binary anchor mask and 𝑟od = 160  pixels. Spatial standardization 

makes this fixed radius approximately comparable across datasets; it does not establish scale 
invariance. 

3.4. Base Segmentation 

The base segmentation phase translates the enhanced continuous-tone image into dis-
crete binary representations of the vascular network. Because no single local thresholding 
metric performs optimally across all vessel thicknesses and contrast variations, this framework 
executes a heterogeneous array of binarization models in parallel. To further isolate true vas-
cular structures from algorithmic noise, each thresholded output is subjected to specific mor-
phological filtering, producing three distinct variants (Base, Traced, and Open) per algorithm. 
The procedure is executed through the following sequential steps: 
1. Local Adaptive Thresholding:  

Varying pathologies, central light reflexes, and uneven background intensities require 
threshold surfaces computed from local pixel neighborhoods rather than global statistics. Six 
distinct local thresholding functions—Sauvola, Bradley, Phansalkar, Wolf, Bernsen, and 
Niblack—are applied independently to the preprocessed image to generate an initial set of 
raw binary masks. This parallel binarization is generalized as: 

𝑀base
𝑘 (𝑥, 𝑦) = Φ𝑘(𝐼clahe

𝑘 (𝑥, 𝑦);𝑤𝑘 , 𝜃𝑘) ∩ 𝑀FOV(𝑥, 𝑦) (10) 

where 𝑀base
𝑘  is the FOV-restricted binary output of threshold family 𝑘, Φ𝑘 is the corre-

sponding threshold function, and 𝑤𝑘 and 𝜃𝑘 are its development-selected window size and 
principal parameter, respectively. 
2. Structural Connectivity Tracing:  

Local thresholding inherently produces isolated islands of false-positive noise in the ret-
inal background. Morphological reconstruction by dilation is employed to preserve only the 
contiguous vascular tree, discarding independent noise artifacts. The predefined optic disc 
region serves as the intersection seed, ensuring that only structures physically connected to 
the central anatomical anchor are retained: 

𝑀trace
𝑘 = 𝜌

𝑀base
𝑘 (𝑀seed

𝑘 ∩𝑀base
𝑘 ) (11) 

where 𝑀trace
𝑘  is the reconstructed Traced variant and 𝜌

𝑀base
𝑘 (⋅) denotes morphological re-

construction by dilation under the constraining mask 𝑀base
𝑘 . 
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3. Morphological Area Opening:  
While the tracing operation guarantees macro-connectivity, some algorithms generate 

highly sensitive boundary noise or "hairy" artifacts that are weakly attached to the main ves-
sels. A targeted neck-cut sequence is applied via erosion to detach these weakly connected 
pixels, followed by an area-opening filter to eliminate them. The vessels are subsequently 
dilated back to their original morphological boundaries and intersected with the base mask to 
prevent artificial expansion: 

𝑀𝑒𝑟𝑜𝑑𝑒𝑑
𝑘 = 𝑀𝑏𝑎𝑠𝑒

𝑘 ⊖𝑆𝑑𝑖𝑠𝑘(𝑟1) (12) 

𝑀𝑜𝑝𝑒𝑛
𝑘 = (γ𝑎𝑟𝑒𝑎(𝑀𝑒𝑟𝑜𝑑𝑒𝑑

𝑘 , 𝐴𝑚𝑖𝑛) ⊕ 𝑆𝑑𝑖𝑠𝑘(𝑟1)) ∩ 𝑀𝑏𝑎𝑠𝑒
𝑘  (13) 

where 𝑀𝑜𝑝𝑒𝑛
𝑘  is the cleaned area-open mask, ⊖ and ⊕ are the morphological erosion and 

dilation operators, respectively. 𝑆𝑑𝑖𝑠𝑘(𝑟1) is a disk structuring element with a radius of 1 

pixel, and 𝛾𝑎𝑟𝑒𝑎 removes connected components with fewer than 𝐴𝑚𝑖𝑛 = 50 pixels. 
This multi-variant approach yields a comprehensive set of 18 distinct binary representa-

tions of the vascular network, providing the necessary methodological and morphological 
diversity for the subsequent adaptive ensemble fusion phase. Parameter selection retained one 
variant from each family for fusion. The complete development-selected configuration is re-
ported in Table 2. 

Table 2. Threshold configurations selected using the development subset 

Threshold 

method 

Selected 

variant 
Window 

Principal 

parameter 
Gaussian σ 

Development 

Dice 

Sauvola Base 71 k=0.15 3.00 0.7265 

Bradley Open 63 t=10 3.00 0.7260 

Phansalkar Base 79 k=0.20 3.00 0.6896 

Wolf Base 71 k=0.15 2.25 0.7251 

Bernsen Traced 15 contrast=0.09 3.00 0.7071 

Niblack Traced 63 k=−0.40 1.50 0.6980 

 

Phansalkar constants were fixed at 𝑅 = 0.5, 𝑝 = 2, and 𝑞 = 10. Common settings were 
CLAHE with an 8 × 8 tile grid and clip limit 0.01, FOV erosion radius 8 pixels, optic-disc 

smoothing 𝜎 = 35 pixels, and structural seed radius 160 pixels. 

3.5. Ensemble Fusion 

The ensemble-fusion stage combines the development-selected binary representations 
into a single binary vascular mask. Because simple majority voting can preserve correlated 
errors among component masks, the proposed framework employs weighted late fusion with 
deterministic threshold adjustment. Global voting coherence, a local luminance constraint, 
and sequential geometric refinement are used to suppress a proportion of the non-vascular 
responses retained by the component masks. The procedure is executed through the follow-
ing sequential steps: 
1. Weighted Voting Logic:  

The development-selected morphological variant from each threshold family contrib-
utes to the weighted consensus surface. Fixed heuristic integer weights, established during 
development, specify the relative contribution of each selected variant. These weights are 
neither statistically fitted coefficients nor quantities recalculated during inference. The 
weighted consensus surface is defined as: 

𝑉(𝑥, 𝑦) = ∑𝑤𝑘

6

𝑘=1

⋅ 𝑀𝑣𝑎𝑟𝑖𝑎𝑛𝑡
𝑘 (𝑥, 𝑦) (14) 

where 𝑉(𝑥, 𝑦) represents the accumulated voting score at each spatial coordinate, 𝑀variant
𝑘  

is the selected morphological mask (Base, Traced, or Open) for threshold family 𝑘, and 𝑤𝑘 
denotes its fixed weight. The fixed integer weights are Bradley-Open = 3, Sauvola-Base = 2, 
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Wolf-Base = 2, and Phansalkar-Base, Bernsen-Traced, and Niblack-Traced = 1 each, yielding 
a maximum vote of 10. These are heuristic ranks based on development performance, not 
learned coefficients. 
2. Dynamic Consensus Evaluation:  

Fusion strictness is selected deterministically according to the global coherence of the 

weighted voting surface. The agreement ratio (𝐴𝑅) measures the proportion of voting-posi-
tive pixels that also satisfy the high-agreement bound within the valid FOV. This ratio deter-

mines the thresholds for the high-confidence structural seeds (𝜏seed) and the permissive re-

construction network (𝜏net): 

𝐴𝑅 =
∑ 𝟏(𝑥,𝑦)∈ΩFOV

[𝑉(𝑥, 𝑦) ≥ 𝜏high]

∑ 𝟏(𝑥,𝑦)∈ΩFOV
[𝑉(𝑥, 𝑦) ≥ 𝜏low] + 𝜀

 (15) 

where ΩFOV denotes the valid field of view, 1[⋅] is the indicator function, and 𝜀 is machine 

epsilon, included to prevent division by zero. The static voting-score bounds are 𝜏high = 7 

and 𝜏low = 1. Thus, 𝐴𝑅 is the number of pixels inside the FOV with a weighted score of at 
least 7 divided by the number receiving a weighted score of at least 1. The default reconstruc-

tion thresholds are 𝜏seed = 7 and 𝜏net = 4, for a maximum weighted score of 10. When 

𝐴𝑅 > 0.45, they are relaxed to 𝜏seed = 6 and 𝜏net = 3; when 𝐴𝑅 < 0.20, they are in-

creased to 𝜏seed = 8 and 𝜏net = 5. Otherwise, the default values are retained. These rules 
were fixed during development; therefore, adaptation denotes deterministic threshold selec-
tion rather than online learning. 
3. Background Luminance Validation:  

A separate validation image is formed from the standardized green channel using Gauss-

ian smoothing with 𝜎lum = 2 pixels and CLAHE. A 51-pixel box filter estimates its local 
background, and pixels are retained when they are darker than that background by the fixed 

offset 𝛿: 

𝐼lum = 𝒞CLAHE(𝐺𝜎lum ∗ 𝐼𝑔; 8 × 8,0.01) (16) 

𝐼bg = ℬ51(𝐼lum) (17) 

𝑀lum(𝑥, 𝑦) = 𝟏[𝐼lum(𝑥, 𝑦) < 𝐼bg(𝑥, 𝑦) − 𝛿] (18) 

where ℬ51 denotes a 51 × 51 box filter with replicated boundary padding, 𝜎lum = 2 pixels, 

and 𝛿 = 0.002. The validation image 𝐼lum  is separate from the method-specific images 

𝐼clahe
𝑘 . 

4. Dual-Threshold Hysteresis Integration:  
To construct the final contiguous network, high-confidence pixels are utilized as struc-

tural seeds and morphologically reconstructed into the broader, luminance-validated voting 
network. This dual-threshold hysteresis recovers thin, low-contrast capillaries that lack suffi-
cient independent voting weight, provided they physically connect to the primary vascular 
tree: 

𝑀net(𝑥, 𝑦) = 𝟏[𝑉(𝑥, 𝑦) ≥ 𝜏net] ∩ 𝑀lum(𝑥, 𝑦) ∩ 𝑀FOV(𝑥, 𝑦) (19) 

𝑀fused = 𝜌𝑀net
(𝟏[𝑉(𝑥, 𝑦) ≥ 𝜏seed] ∩ 𝑀net) (20) 

where 𝑀net is the luminance-validated, FOV-restricted permissive network; 𝑀fused is the 

reconstructed fusion mask; and 𝜌𝑀net
(⋅) denotes morphological reconstruction under 𝑀net. 

5. Morphometric Elongation Filtering:  
Pathological lesions and residual noise clusters frequently present as compact morpho-

logical islands, whereas genuine vessels are elongated and tubular. A geometric heuristic is 

applied to systematically eliminate non-vascular structures by evaluating the Fill Ratio (𝐹𝑅) 
of every independent connected component 𝐶𝑖: 
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𝐹𝑅(𝐶𝑖) =
𝐴(𝐶𝑖)

𝜋[𝐿major(𝐶𝑖)/2]
2
+ 𝜀

,   𝐶𝑖  is retained if 𝐹𝑅(𝐶𝑖) ≤ 0.20 (21) 

where 𝐴(𝐶𝑖) is the component area in pixels, 𝐿major(𝐶𝑖) is its major-axis length, and 𝜀 pre-

vents division by zero. Components with 𝐹𝑅(𝐶𝑖) > 0.20 are removed. Before elongation 
filtering, connected components smaller than 50 pixels are removed, and holes up to 20 pixels 
are filled. The fill ratio is computed as component area divided by the area of a circle whose 
diameter is the component major-axis length. 
6. Boundary Regularization:  

Morphological Boolean operations and discrete pixel voting inherently introduce artifi-
cial, jagged boundary artifacts. To reflect the natural, continuous morphology of retinal ves-
sels, a final spatial regularization is performed via slight Gaussian smoothing and binarization: 

𝑀final(𝑥, 𝑦) = 𝟏[(𝐺𝜎𝑏 ∗ 𝑀filtered)(𝑥, 𝑦) > 0.5] ∩ 𝑀FOV(𝑥, 𝑦) (22) 

where 𝜎𝑏 = 1 , 𝑀filtered  is the mask after cleanup and elongation filtering, 𝐺𝜎𝑏  is the 

Gaussian smoothing kernel, and the final FOV intersection reproduces the implementation's 

last masking operation. Smoothing uses 𝜎 = 1 pixel followed by binarization at 0.5. 

4. Results and Discussion 

This section evaluates the proposed rule-based unsupervised retinal vessel segmentation 
framework using a strictly held-out protocol. It first describes the experimental setting, eval-
uation datasets, region of interest, and performance measures. The quantitative analysis then 
presents dataset-specific and pooled performance, followed by controlled ablation studies, 
comparisons with the selected constituent threshold outputs and published methods, pathol-
ogy-stratified analysis, and qualitative assessment together with the principal methodological 
limitations. 

4.1. Experimental Setup 

All experiments were conducted in MATLAB on a workstation equipped with an AMD 
Ryzen 7 5700U processor and 32 GB of memory. Independent images were processed in 
parallel. The DRIVE training partition [38] (20 images) was reserved exclusively for method 
development. Eight deterministically selected and evenly spaced images were used to deter-
mine the reported parameter configuration, whereas the remaining 12 DRIVE training images 
were excluded from both parameter selection and performance evaluation. The held-out eval-
uation comprised 135 previously unseen retinal fundus images from DRIVE test (20), 
STARE [39] (20), CHASE_DB1 [40] (28), HRF [41] (45), and LES-AV [42] (22). No held-
out reference annotation was used to determine threshold parameters, morphological vari-
ants, fusion weights, or refinement settings. 

Performance was evaluated within the corresponding field of view after applying an 
eight-pixel erosion. Dice, IoU, precision, sensitivity, specificity, balanced accuracy, accuracy, 
HD95, and clDice [43] were calculated. Balanced accuracy was defined as the arithmetic mean 
of sensitivity and specificity. Because the framework produces binary segmentation masks 
rather than calibrated probability maps, ROC AUC was not reported. Unless otherwise stated, 
pooled results are presented as the image-weighted mean across all 135 evaluation images to 
account for the unequal number of samples contributed by each dataset. Ninety-five-percent 
confidence intervals were estimated using image-level bootstrap resampling. Statistical signif-
icance for paired ablation experiments was assessed using two-sided Wilcoxon signed-rank 
tests with Holm adjustment across the nine reported evaluation metrics for each specified 
pairwise comparison. 

4.2. Held-Out Performance 

Table 3 summarizes the held-out segmentation performance of the proposed framework 
on each evaluation dataset together with the pooled results across all 135 retinal fundus im-
ages. The proposed framework achieved an overall accuracy of 0.9380. The corresponding 
95% bootstrap confidence intervals were 0.7005–0.7205 for Dice, 0.5424–0.5655 for IoU, 
0.6712–0.7118 for precision, 0.7405–0.7679 for sensitivity, 0.9564–0.9628 for specificity, 
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0.8510–0.8626 for balanced accuracy, 58.20–68.20 pixels for HD95, and 0.7291–0.7489 for 
clDice. For reference, the dataset-macro Dice score was 0.7185, although the image-weighted 
average is considered the primary summary because the datasets contain unequal numbers of 
evaluation images. 

Across the five datasets, Dice exceeded 0.70 for DRIVE, STARE, CHASE_DB1, and 
LES-AV, whereas HRF produced the lowest overlap (0.6763). DRIVE achieved the highest 
precision but the lowest sensitivity, indicating a relatively conservative segmentation that fa-
vors false-positive suppression. STARE obtained the highest clDice, suggesting the strongest 
preservation of vascular connectivity, while LES-AV achieved the highest Dice despite ex-
hibiting the largest HD95, demonstrating that favorable region overlap does not necessarily 
imply optimal boundary localization. These observations highlight the complementary nature 
of overlap, boundary-distance, and topology-aware metrics and support the use of multiple 
evaluation criteria rather than relying solely on accuracy or specificity in a highly background-
dominated segmentation task. 

Table 3. Held-out segmentation performance of the proposed framework across five retinal fundus 
datasets. 

Dataset (n) Dice IoU Precision Sensitivity Specificity 
Balanced 
Accuracy 

HD95 
(px) 

clDice 

DRIVE (20) 0.7382 0.5859 0.8309 0.6705 0.9793 0.8249 67.86 0.7398 

STARE (20) 0.7286 0.5759 0.7260 0.7580 0.9630 0.8605 60.44 0.7954 

CHASE_DB1 (28) 0.7068 0.5479 0.6501 0.7824 0.9517 0.8670 55.44 0.7277 

HRF (45) 0.6763 0.5138 0.6003 0.7847 0.9470 0.8659 47.53 0.7224 

LES-AV (22) 0.7428 0.5946 0.7739 0.7300 0.9748 0.8524 101.16 0.7381 

All images (135) 0.7104 0.5539 0.6917 0.7544 0.9597 0.8570 62.83 0.7395 

 

Based on these results, the proposed framework demonstrated consistent segmentation 
performance across five datasets acquired under different imaging conditions without dataset-
specific parameter adaptation or model retraining. Although performance decreased on the 
more challenging HRF dataset, the reduction remained moderate relative to the overall pooled 
results, indicating that the fixed rule-based pipeline generalized reasonably well despite sub-
stantial differences in image resolution, illumination characteristics, and pathological com-
plexity. This behavior is consistent with the objective of the proposed framework, namely to 
provide an interpretable and reproducible segmentation strategy that maintains stable perfor-
mance across heterogeneous retinal datasets rather than optimizing specifically for a single 
benchmark. 

4.3. Controlled Ablation 

To quantify the contribution of each processing stage, a controlled ablation study was 
conducted by sequentially enabling the proposed fusion and refinement components. The 
image-weighted results are summarized in Table 4. 

Table 4. Image-weighted performance of the controlled fusion and refinement stages. 

Configuration Dice IoU Precision Sensitivity Specificity Balanced Accuracy HD95 clDice 

Fixed majority 0.6834 0.5236 0.6405 0.7684 0.9463 0.8574 52.68 0.7063 

Fixed weighted 0.6757 0.5151 0.6204 0.7789 0.9406 0.8598 52.95 0.7107 

Adaptive weighted 0.6722 0.5113 0.6113 0.7848 0.9375 0.8611 53.43 0.7075 

+ luminance validation 0.6722 0.5112 0.6124 0.7824 0.9381 0.8602 53.40 0.7074 

+ hysteresis 0.6753 0.5147 0.6191 0.7792 0.9401 0.8597 55.47 0.7143 

+ cleanup 0.6754 0.5149 0.6194 0.7792 0.9402 0.8597 55.78 0.7160 

+ elongation 0.7104 0.5539 0.6916 0.7545 0.9596 0.8571 62.77 0.7342 

+ smoothing (Complete) 0.7104 0.5539 0.6917 0.7544 0.9597 0.8570 62.83 0.7395 

 
As shown in Table 4, replacing fixed majority voting with fixed weighting or determin-

istic adaptive threshold selection alone did not improve Dice performance. Likewise, 
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luminance validation produced only negligible changes. Hysteresis reconstruction provided a 
modest improvement in overlap and centerline preservation, while the subsequent cleanup 
stage yielded only a marginal additional benefit. In contrast, elongation filtering produced the 
largest performance gain. Relative to the cleanup stage, Dice increased by 0.0349 and preci-
sion by 0.0722, whereas sensitivity decreased by 0.0247 and HD95 increased by 6.99 pixels. 
These results indicate that suppressing compact non-vascular structures substantially reduces 
false-positive responses but may also remove short vessel fragments. 

Boundary smoothing produced almost no change in regional overlap compared with 
elongation filtering alone (raw p = 0.194; Holm-adjusted p = 0.266), but significantly im-
proved centerline agreement, increasing clDice by 0.0053 (median paired change = +0.00378; 

raw p = 1.67 × 10⁻²³; Holm-adjusted p = 1.50 × 10⁻²²). Relative to fixed majority voting, the 
complete framework improved Dice in 128 of 135 evaluation images, with a mean Dice in-

crease of 0.0270 (median = +0.01836; raw p = 1.28 × 10⁻²¹; Holm-adjusted p = 7.67 × 10⁻²¹). 
Improvements were observed in Dice, IoU, precision, specificity, and clDice, whereas sensi-
tivity and HD95 deteriorated slightly. Balanced accuracy showed no statistically significant 
difference (median = −0.0001; raw and Holm-adjusted p = 0.612). 

The selected standalone thresholding methods achieved global Dice scores of 0.6842 
(Sauvola-Base), 0.6726 (Bradley-Open), 0.6718 (Wolf-Base), 0.6088 (Niblack-Traced), 0.5840 
(Bernsen-Traced), and 0.5319 (Phansalkar-Base). The complete framework exceeded every 
selected constituent segmentation in Dice, although Sauvola-Base retained a lower HD95 
(52.90 pixels). The per-dataset Dice results for each ablation stage are summarized in Table 
5. 

Table 5. Per-dataset Dice scores for the controlled fusion and refinement stages. 

Configuration DRIVE STARE CHASE_DB1 HRF LES-AV 

Fixed majority 0.7271 0.6967 0.6519 0.6573 0.7252 

Fixed weighted 0.7250 0.6961 0.6350 0.6482 0.7201 

Adaptive weighted 0.7221 0.6927 0.6294 0.6447 0.7190 

+ luminance validation 0.7212 0.6930 0.6273 0.6462 0.7189 

+ hysteresis 0.7238 0.6945 0.6358 0.6477 0.7204 

+ cleanup 0.7238 0.6945 0.6364 0.6477 0.7206 

+ elongation 0.7382 0.7284 0.7066 0.6765 0.7427 

+ smoothing (Complete) 0.7382 0.7286 0.7068 0.6763 0.7428 

 

The per-dataset analysis demonstrates a consistent pattern across all five evaluation da-
tasets. Adaptive threshold selection and luminance validation alone produced little improve-
ment in regional overlap, whereas elongation filtering consistently generated the principal in-
crease in Dice regardless of dataset characteristics. Boundary smoothing had minimal influ-
ence on Dice but consistently improved centerline preservation. Overall, these observations 
indicate that the primary benefit of the proposed framework arises from morphology-guided 
refinement rather than from adaptive voting alone, emphasizing the importance of structural 
false-positive suppression in achieving robust vessel segmentation across heterogeneous ret-
inal images. 

4.4. Benchmarking Analysis 

To provide performance context, Table 6 compares the proposed framework with rep-
resentative retinal vessel segmentation studies evaluated on shared datasets. The proposed 
results correspond to the held-out evaluation protocol used in this study. Published binary F1 
scores are reported as Dice whenever the conventional binary definition was employed, 
whereas unavailable values are indicated by a dash. 

The results in Table 6 should be interpreted as contextual rather than direct head-to-
head comparisons because preprocessing procedures, FOV definitions, reference annota-
tions, dataset partitions, and parameter-selection protocols differ across studies. Conse-
quently, statistical superiority cannot be inferred from these comparisons alone. Several su-
pervised or parameter-optimized methods reported higher Dice scores on the shared datasets. 
For example, Zhou et al. [31] achieved higher overlap on DRIVE and STARE, while 
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Mahapatra et al. [32] reported higher Dice on HRF. Conversely, the proposed framework 
exceeded the Dice reported by Mahapatra et al. [32] on STARE. These differences are ex-
pected because the compared methods operate under substantially different assumptions. In 
contrast to supervised or optimization-based approaches, the proposed framework does not 
require model training, dataset-specific optimization, or learned feature representations. 

Table 6. Contextual comparison with representative retinal vessel segmentation methods. 

Dataset Method Dice Sensitivity Specificity Accuracy 

DRIVE Proposed method 0.7382 0.6705 0.9793 0.9390 

 Zhou et al. [31] 0.7781 0.7262 0.9803 0.9475 

STARE Proposed method 0.7286 0.7580 0.9630 0.9422 

 Zhou et al. [31] 0.7764 0.7865 0.9730 0.9535 

 Mahapatra et al. [32] 0.7129 0.6846 0.9802 0.9601 

 Khan et al. [33] – 0.8078 0.9721 0.9586 

HRF Proposed method 0.6763 0.7847 0.9470 0.9321 

 Mahapatra et al. [32] 0.7445 0.7132 0.9814 0.9615 

 

The observed performance therefore reflects the trade-off between interpretability and 
segmentation accuracy. Fixed local thresholding rules and morphology-based refinement can-
not exploit contextual image features as effectively as learned representations, particularly 
under severe pathological conditions or substantial acquisition variability. Moreover, elonga-
tion filtering intentionally suppresses compact false-positive structures to improve precision, 
but this may remove short vessel fragments, leading to reduced sensitivity and increased 
HD95. Lesions and abnormal illumination may also satisfy the same local intensity character-
istics as retinal vessels, further limiting deterministic rule-based discrimination. 

These results indicate that adaptive decision-level late fusion provides competitive and 
reproducible segmentation performance while maintaining complete interpretability and in-
dependence from statistical model fitting. Rather than competing directly with state-of-the-
art supervised models under identical optimization settings, the proposed framework offers 
an alternative operating paradigm for applications where transparency, reproducibility, and 
freedom from annotated training data are primary design objectives. 

4.5. Pathology-Stratified HRF Analysis 

To further examine the effect of retinal pathology on segmentation performance, the 
HRF dataset was analyzed separately for the healthy, glaucomatous, and diabetic retinopathy 
subgroups. The subgroup-specific results are summarized in Table 7. 

Table 7. Pathology-stratified performance of the proposed framework on the HRF dataset. 

HRF subgroup         
(n = 15 each) 

Dice Precision Sensitivity HD95 (px) clDice 

Healthy 0.7414 0.6941 0.7972 42.45 0.7818 

Glaucoma 0.6618 0.5773 0.7784 53.11 0.7022 

Diabetic retinopathy 0.6257 0.5295 0.7786 47.03 0.6833 

 

As shown in Table 7, segmentation performance declined progressively from healthy 
images to glaucomatous and diabetic retinopathy cases. Dice decreased from 0.7414 for 
healthy images to 0.6618 for glaucoma and 0.6257 for diabetic retinopathy. The reduction 
was accompanied primarily by a decrease in precision, whereas sensitivity remained compar-
atively stable across the three subgroups. HD95 increased for glaucomatous images, while 
clDice followed the same decreasing trend as Dice, indicating reduced preservation of vascu-
lar connectivity under pathological conditions. 

The relatively stable sensitivity suggests that the proposed framework continues to iden-
tify most major vascular structures even in diseased retinas. Instead, the principal source of 
performance degradation is the increased number of false-positive responses, reflected by the 
substantial reduction in precision. Bright lesions, exudates, hemorrhages, and abnormal 
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illumination patterns may satisfy local intensity and morphological criteria that resemble reti-
nal vessels, causing non-vascular structures to survive the deterministic refinement stages. 

These findings identify an important limitation of the proposed rule-based framework. 
Although the fixed decision rules generalize reasonably well across heterogeneous datasets, 
they remain sensitive to lesion-induced appearance changes that cannot be distinguished using 
local intensity and geometric information alone. Consequently, the present results should not 
be interpreted as evidence of pathology robustness but rather as an indication of the operating 
conditions under which deterministic segmentation remains effective. 

4.6. Qualitative Interpretation and Limitations 

Representative qualitative results are presented in Figure 2, including the original retinal 
fundus image, the CLAHE-enhanced image, the aligned expert annotation, the final segmen-
tation produced by the proposed framework, and the six constituent thresholding outputs. 
This comparison enables visual assessment of the contribution of adaptive late fusion and 
morphological refinement beyond the individual thresholding methods. 

 

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

     
(f) (g) (h) (i) (j) 

Figure 2. Representative qualitative comparison of retinal vessel segmentation. (a) Original retinal 
fundus image; (b) CLAHE-enhanced image; (c) aligned reference annotation; (d) proposed segmen-

tation; (e) Bernsen; (f) Bradley; (g) Niblack; (h) Phansalkar; (i) Sauvola; (j) Wolf. 

The qualitative examples are consistent with the quantitative results reported in the pre-
ceding sections. The proposed framework generally preserves the continuity of the principal 
vascular network while suppressing many isolated false-positive structures that remain visible 
in the individual threshold outputs. The morphology-guided refinement stages contribute to 
cleaner vessel boundaries and improved structural consistency, whereas residual errors occur 
predominantly around pathological regions, weak capillaries, and areas with pronounced illu-
mination variation. These observations are consistent with the improvements in Dice, preci-
sion, and clDice obtained after elongation filtering and boundary smoothing, as well as the 
remaining reductions in sensitivity and boundary accuracy observed during the ablation anal-
ysis. 

Within its intended operating scope, the proposed framework demonstrates several prac-
tical advantages. A single fixed parameter configuration was evaluated across five independent 
datasets without dataset-specific optimization, the complete framework outperformed every 
selected constituent thresholding method in pooled Dice, and it improved upon fixed major-
ity voting for 128 of 135 evaluation images. In addition, the explicit intermediate representa-
tions—including individual threshold masks, weighted voting maps, reconstruction stages, 
and rejected connected components—provide complete transparency of the segmentation 
process, facilitating interpretation, debugging, and reproducibility. These characteristics dis-
tinguish the proposed framework from learning-based methods whose internal feature repre-
sentations are generally less interpretable. 

Despite these strengths, several limitations remain. Parameter configuration and fusion 
weights were determined from only eight development images in the DRIVE training parti-
tion, and the weighting strategy remains heuristic. Spatial normalization to a fixed 2,048-pixel 
retinal diameter may not fully accommodate images with substantially different anatomical 
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scales. The framework produces binary segmentation masks rather than calibrated confidence 
maps and exhibits reduced performance on pathological HRF images. Furthermore, the 
Traced variants depend on an intensity-based optic-disc candidate, and the study does not 
include prospective clinical validation, common-protocol reimplementation of published 
methods, or controlled runtime comparisons with optimized learning-based approaches. The 
parallel thresholding branches and sequential morphological refinement also increase compu-
tational cost despite image-level parallel execution. 

Future work will investigate nested cross-dataset parameter selection, scale-adaptive spa-
tial parameters, automatic optimization of fusion weights without introducing test-set leakage, 
more robust anatomical anchoring, leave-one-threshold-out fusion analysis, continuous con-
fidence-map generation, topology-aware refinement, broader evaluation across imaging de-
vices and pathological conditions, hybrid integration with self-supervised learning, computa-
tional optimization, and downstream retinal vascular measurements. 

Overall, this study demonstrates that adaptive decision-level late fusion can provide a 
transparent and reproducible alternative to learning-based retinal vessel segmentation when 
annotated training data are unavailable, or interpretability is a primary design requirement. 
While the proposed deterministic framework does not aim to replace state-of-the-art super-
vised models, it establishes a strong, interpretable baseline that can serve as a complementary 
foundation for future hybrid retinal vessel segmentation methods. 

5. Conclusions 

This study presented a rule-based unsupervised retinal vessel segmentation framework 
based on adaptive decision-level late fusion and sequential morphological refinement. The 
proposed framework combines six complementary local adaptive thresholding methods with-
out statistical model fitting or annotated training data, providing a transparent and fully re-
producible segmentation pipeline. Using a strictly held-out evaluation comprising 135 retinal 
fundus images from five public datasets, the complete framework achieved an image-
weighted Dice score of 0.7104 and clDice of 0.7395. The proposed framework consistently 
outperformed every selected constituent thresholding output and improved Dice for 128 of 
135 evaluation images relative to fixed majority voting. The ablation study further demon-
strated that the principal performance gain originated from morphology-guided refinement, 
particularly elongation filtering, while adaptive decision-level weighting alone provided lim-
ited benefit. These findings indicate that combining complementary thresholding methods 
with structural refinement produces more reliable vessel segmentation than any individual 
thresholding approach. 

The results also highlight the practical strengths of the proposed framework. A single 
fixed parameter configuration generalized across five independent datasets acquired under 
different imaging conditions without dataset-specific optimization, while maintaining com-
plete interpretability throughout every stage of the segmentation process. Consequently, the 
proposed framework provides a reproducible classical alternative for retinal vessel segmenta-
tion in applications where methodological transparency, deterministic behavior, and inde-
pendence from trained segmentation models are primary design requirements. Nevertheless, 
several limitations should be acknowledged. The framework remains dependent on develop-
ment-set parameter selection, heuristic fusion weights, fixed spatial normalization, and inten-
sity-based optic-disc localization for the Traced variants. Performance also decreases in 
pathological retinal images, reflecting the inherent limitations of deterministic local intensity 
rules when confronted with lesion-induced appearance changes. Furthermore, the framework 
produces binary segmentation masks rather than calibrated confidence estimates and intro-
duces additional computational cost through parallel thresholding and sequential refinement. 

Overall, the proposed framework should be regarded as an interpretable and reproduc-
ible rule-based segmentation approach rather than a replacement for state-of-the-art learning-
based methods or evidence of clinical readiness. The future research directions discussed in 
Section 4.6 provide a roadmap for extending the present framework toward more adaptive, 
topology-aware, and hybrid segmentation strategies. 
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