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Retinal blood vessel segmentation remains a significant challenge, especially for small blood vessels
with diameters less than 3 pixels in the DRIVE dataset and less than 4 pixels in the STARE dataset,
owing to their low contrast and narrow structures. The aim of this study is to improve small reti-
nal blood vessel segmentation performance through an Attention V-Net architecture that integrates
attention-gating mechanisms into the skip connections of a V-Net backbone to strengthen the feature
representation of thin vascular structures. The research method involves training and evaluating the
proposed model on the DRIVE and STARE datasets using a scale-aware evaluation framework based
on pixel-pitch calibration, classifying blood vessels into small and large categories, and measuring
performance using accuracy, sensitivity, specificity, precision, Dice coefficient, and IoU. The results
show that for small vessel segmentation, the method achieves sensitivities of 0.7033 and 0.6984, Dice
scores of 0.4720 and 0.4699, and IoUs of 0.3096 and 0.3079 on the DRIVE and STARE datasets, re-
spectively. For large vessels, sensitivities of 0.9219 and 0.8851, Dice scores of 0.8031 and 0.8179, and
IoUs of 0.6719 and 0.6933 are obtained. Global evaluation yields accuracies of 0.9475 and 0.9602,
sensitivities of 0.8727 and 0.8719, and Dice scores of 0.8080 and 0.8268. In conclusion, Attention
V-Net demonstrates consistent segmentation performance across vessel scales, and the scale-aware
evaluation framework effectively reveals the performance gap between small and large vessel segmen-
tation, providing a more clinically relevant assessment than conventional global evaluation for early
diagnosis of retinal diseases.
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1. INTRODUCTION

Retinal blood vessels provide a unique opportunity for non-invasive observation of the microcirculation [1]. Pathological
alterations in these vessels are strongly linked to a range of ocular diseases, including diabetic retinopathy, glaucoma, retinal artery
occlusion, and retinal detachment, many of which can lead to significant visual impairment or blindness [2, 3]. Consequently, the
analysis of retinal blood vessels is essential for elucidating the onset and progression of eye diseases and for facilitating early diagnosis
[4]. Imaging modalities such as color fundus photography and optical coherence tomography are commonly employed to evaluate
retinal blood vessel health [5]. Nevertheless, the quality of retinal images is frequently compromised by factors including diffraction,
defocus, low contrast, and uneven illumination, which can result in suboptimal vessel visualization and hinder accurate, consistent
assessment [6, 7]. These needs underscore the necessity for an automated, objective, and robust retinal blood vessel segmentation
that performs reliably under diverse image quality [8, 9].

Recent advancements in deep learning have substantially advanced retinal blood vessel segmentation. Agustina et al. [10]
introduced CNN VV-Net, which incorporates image quality enhancement via grayscale conversion, median filtering, and CLAHE
preprocessing prior to segmentation. When evaluated on the DRIVE, STARE, and CHASEDB._1 datasets, this method achieved
97.04% accuracy, 83.55% sensitivity, and 66.40% Jaccard score on CHASEDB_1, indicating competitive performance across mul-
tiple benchmarks. Ramadhani et al. [11] presented ResVNet, a hybrid architecture that eliminates the U-Net’s bridge component,
establishes a V-Net backbone, and integrates ResNet-based residual connections into the encoder to enhance deep feature extraction.
On the DRIVE and STARE datasets, ResVNet achieved 96.57% accuracy and 82.28% sensitivity on DRIVE; however, sensitivity
and Jaccard score on STARE were limited, highlighting the need for further architectural refinement. Hernandez-Gutierrez et al.
[12] developed a lightweight U-Net with a reverse attention mechanism and a dedicated preprocessing framework, achieving a Dice
coefficient of 0.7871 and an IoU of 0.6318 on DRIVE, while utilizing only 1.94 million parameters at 208 FPS. The reverse attention
mechanism improved segmentation of thin and peripheral vessels, which are commonly missed by conventional models. Radha et al.
[13] combined an Attention U-Net with the Unfolded Deep Kernel Estimation (UDKE) method to improve semantic segmentation
performance under limited training data. Experiments on the DRIVE, STARE, and CHASE_DB datasets yielded an accuracy of
96.71% and a Dice score of 0.7228, though sensitivity remained at 75.91%, indicating ongoing challenges in detecting low-contrast
vascular structures. Despite these advancements, a common limitation is that performance evaluation is typically conducted on blood
vessels, without distinguishing between small and large vessels. This practice may obscure model deficiencies in detecting the finest
vascular structures.

Although deep learning-based methods such as CNN VV-Net, ResVNet, lightweight U-Net with reverse attention, and UDKE-
based Attention U-Net have demonstrated strong overall segmentation performance, accurately segmenting small blood vessels re-
mains a significant challenge. Small blood vessels typically exhibit low contrast and very narrow diameters, often less than 65 ym
[14], which correspond to approximately 3 pixels in the DRIVE dataset and 4 pixels in the STARE dataset after pixel-pitch calibration
[15]. These properties render small vessels particularly vulnerable to information loss during downsampling and feature compression
in encoder—decoder architectures. Clinically, the integrity of small vessels is critical for the early detection of conditions such as
diabetic retinopathy, where microangiopathy initially appears in the finest vascular structures. Moreover, global performance metrics
commonly used in previous studies often obscure model deficiencies in detecting small vessels, as the dominant contribution of large
vessels inflates overall scores. To address these limitations, this study introduces a scale-aware deep learning framework based on
the Attention V-Net architecture to enhance segmentation sensitivity for small blood vessels, while maintaining sensitivity for large
blood vessels in the DRIVE and STARE datasets.

This study aims to improve retinal blood vessel segmentation, especially for small vessels that are often overlooked in standard
evaluation methods. To achieve this, the present study introduces an Attention V-Net architecture that integrates attention-gating
mechanisms into skip connections to better capture small, low-contrast vessels. A scale-aware evaluation framework is also proposed,
which separates blood vessels into small and large categories using pixel-pitch calibration based on clinical definitions of vessel
diameter. The main contributions of this study are threefold. First, the proposed Attention V-Net architecture preserves the fine
structural details of small blood vessels, which are often lost during encoding and downsampling. Second, the scale-aware evaluation
framework enables a more detailed and clinically meaningful assessment of segmentation performance for both small and large
vessels, providing a more informative alternative to conventional global metrics. Third, the proposed framework offers a clinically
meaningful evaluation strategy for vessel-scale-sensitive retinal segmentation and contributes to the development of more reliable
automated tools for early diagnosis of retinal diseases such as diabetic retinopathy and glaucoma, ultimately supporting clinical
decision-making and improving patient outcomes.
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2.  RESEARCH METHOD

This study employs a deep learning method and a quantitative experimental approach to segment retinal blood vessels in
fundus images. The method is based on a Convolutional Neural Network (CNN), namely the Attention V-Net architecture, which is
a development of V-Net that applies an attention gate mechanism to its skip connections. The attention gate mechanism allows the
model to focus on relevant features of small blood vessels while suppressing irrelevant background information, thereby improving
segmentation performance, especially for vessels with very small pixel sizes.

The case study in this study is retinal blood vessel segmentation in fundus images. Two publicly available benchmark datasets
are used: DRIVE and STARE, both widely adopted in retinal vessel segmentation research and containing cases with varying levels of
pathological complexity. A detailed description of each dataset, including image specifications, acquisition conditions, and annotation
procedures, is provided in Subsection 2.1 Data Acquisition. The stages of the blood vessel segmentation methodology in retinal
images are shown in Figure 1.
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Figure 1. Diagram of the stages of retinal blood vessel segmentation

2.1. Data Acquisition

The first dataset used in this study is the DRIVE (Digital Retinal Images for Vessel Extraction) dataset, which is publicly
available at the DRIVE repository [16]. Images were acquired with a Canon CRS fundus camera in the Netherlands, using a 45°
field of view (FOV). The DRIVE dataset comprises 40 color retinal images [17], divided equally into 20 images for training and 20
for testing [18]. All images are stored in TIF format with 8-bit color depth and a resolution of 768 x 584 pixels [9]. Approximately
25% of the images exhibit pathological signs, thereby increasing the complexity of retinal vessel segmentation [18]. The inclusion
of pathological cases renders DRIVE challenging and relevant for assessing the robustness and generalization of segmentation algo-
rithms in realistic clinical scenarios. The second dataset used in this study is the Structured Analysis of the Retina (STARE), which is
publicly available in the STARE repository [19]. This dataset was originally developed by Michael Goldbaum, MD, at the University
of California, San Diego, with support from the National Institutes of Health (NIH) and in collaboration with the Shiley Eye Center
and the Veterans Affairs Medical Center. The STARE dataset comprises 20 digital retinal images acquired with a Topcon TRV-50
fundus camera and a 35° field of view (FOV) [20]. Each image has a resolution of 605 x 700 pixels, with an effective field of
view of approximately 650 x 550 pixels. The dataset includes images from patients with diverse pathological conditions, thereby
introducing greater clinical variability compared to non-pathological datasets. All images are preprocessed to retain only the relevant
retinal region, and each image is independently annotated by two experts, yielding ground truth vessel segmentations [21].

2.2. Data Splitting

Data were partitioned at the file level using a stratified random seed to ensure reproducibility and maintain the distribution of
data characteristics, including pathological variations, across subsets. The datasets were divided into training and validation sets at
an 80:20 ratio, with 80% allocated to training and 20% to validation [22]. This approach reduces overfitting and enables the model
to learn statistically meaningful features rather than memorizing the training data [23]. To prevent data leakage, patch extraction was
performed after the data split, ensuring that patches originated only from images designated for training or validation. Table 1 outlines
the data-splitting strategy used in this study. The DRIVE and STARE datasets are each divided into training and validation subsets.
Specifically, the DRIVE datasets include 16 training and 4 validation images, whereas the STARE datasets include 12 training and 4
validation images. This approach facilitates robust model training and supports reliable evaluation on previously unseen data.

Table 1. Data Splitting

z Training  Validation
DRIVE 16 Images 4 Images
STARE 12 Images 4 Images

Retinal Blood Vessel, ... (Hendra Wijaya)
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2.3. Preprocessing

Preprocessing is a critical step in retinal vessel segmentation from fundus images, as it directly enhances image quality and
improves segmentation performance [24]. In the present study, the preprocessing stage was conducted as follows. Green channel
extraction is commonly employed in retinal vessel segmentation because it provides higher contrast between blood vessels and the
retinal background than the red and blue channels [25]. Additionally, the green channel exhibits lower noise levels and reduced
susceptibility to oversaturation, thereby facilitating the preservation of fine and low-contrast vascular structures [18, 26]. These
properties enhance its ability to highlight fine, low-contrast vascular structures, thereby enabling clearer separation between vessels
and the background as expressed in Equation 1.

G

“RtG+B (1)

g
Here g denotes the normalized green intensity, and R, G, and B represent the red, green, and blue channel intensities, re-
spectively. This normalization improves robustness to illumination variations. After green channel extraction, contrast enhancement
was conducted using Contrast Limited Adaptive Histogram Equalization (CLAHE), which is effective for medical images exhibiting
non-uniform intensity distributions [27]. In contrast to global histogram equalization, CLAHE enhances contrast locally by applying
histogram equalization to small image tiles. This approach preserves fine retinal vascular structures under uneven illumination con-
ditions [28]. To mitigate noise amplification, a clip limit parameter was implemented [29]. The average intensity within each tile was
calculated as expressed in Equation 2.

N’I"XN’I"Y
N,

gray

Navg = (2)

where N, x and N,y denote the tile dimensions, and Ng,.q, represents the number of gray level intensities. The clip limit is
then calculated as expressed in Equation 3

Ncr = Nclip X Navg 3)

where N_CLdenotes the maximum allowable histogram count per tile. In this study, a clip limit of 2.0 and an 88 tile grid
are applied to balance local contrast enhancement and noise suppression. After CLAHE, Min—max normalization is used to enhance
the contrast of retinal images, thereby improving the distinguishability of blood vessels from the background. This procedure is
essential for achieving accurate segmentation, particularly in low-contrast images, and helps reduce misclassification errors [30, 31].
The effectiveness of min—-max normalization in enhancing segmentation performance has been extensively documented in previous
studies [29]. The normalization process is defined where IV, x and N,y denote the tile dimensions, and Ng,.q, represents the number
of gray level intensities. The clip limit is then calculated as expressed in Equation 4.

Ima:v - Imzn

Inorm (l‘, y) = (4’)

Where, I(x,y) denotes the original pixel intensity at coordinates (x,y), while 1,4, and L,,,;, represent the minimum and maxi-
mum intensity values in the image, respectively. The normalized pixel value at (x,y) is then scaled to the range [0,1]. Figure 2 shows
the preprocessing results of (a) the original image, (b) the green channel, and (c) CLAHE.

Figure 2. Preprocessing results are presented for (a) the original image, (b) the green channel, and (c) the CLAHE
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2.4. Patching

After preprocessing, a patch-based approach was used to train the model on retinal images, enabling it to learn local vascular
structures without relying on full-resolution images. Random patch extraction increases data variability and stabilizes training,
particularly for limited datasets [32], while preserving computational efficiency and segmentation performance [33]. In this study,
random patches measuring 256 x 256 pixels were extracted from each image in both the training and validation sets, with 400 patches
per image. Patches were sampled within the region of interest (ROI), defined as areas with an average ROI value greater than 0.75,
to ensure adequate coverage of the retinal field of view. To address class imbalance and ensure sufficient vessel representation, each
selected patch was required to contain at least 200 vessel pixels. Table 2 presents the patching results for each dataset. The DRIVE
datasets yielded 6,400 training patches and 1,600 validation patches, whereas the STARE datasets yielded 4,800 training patches and
1,600 validation patches. The variation in the number of training patches reflects the differing numbers of original images across
datasets. The number of validation patches was held constant to facilitate fair and consistent model evaluation.

Table 2. Patching results of DRIVE and STARE training and validation data

No Datasets Training Validation
1 DRIVE 6400 patches 1600 patches
2 STARE 4800 patches 1600 patches

Figure 3 presents the patch extraction process from a retinal image. The left panel shows the original retinal image, which
displays the complete retinal visual field. The yellow box delineates the region of interest (ROI) selected for patch extraction. The
red arrow demonstrates the correspondence between the ROI in the original image and the extracted patch. Patch 1 and Patch 2 on
the right are representative examples of smaller images extracted from distinct locations within the ROI.

Original Image Patch 2

Figure 3. Patching results

2.5. Attention V-Net Architecture

The standard U-Net architecture comprises three main components: an encoder, a bridge, and a decoder, forming a U-
shaped structure. Reyes-Figueroa and Rivera [34] introduced a modification that removed the bridge component, resulting in an
encoder—decoder structure that visually resembles the letter V. This variant, termed V-Net, connects the encoder directly to the de-
coder via skip connections, without an intermediate bridge layer. This approach has been adopted in retinal vessel segmentation
research, including ResVNet [11] by Ramadhani et al. and VV-Net [12] by Agustina et al [10]. Building on this foundation, this
study proposes Attention V-Net, which integrates attention-gating mechanisms into V-Net’s skip connections to improve the feature
representation of thin, low-contrast retinal blood vessels. Figure 4 presents the proposed Attention V-Net architecture.

The model accepts a 256x256x 1 patch as input within a fully convolutional framework (NonexNonex 1), allowing flexible
inference across different spatial dimensions. The encoder consists of three sequential feature extraction stages. Stage E1 applies
two Conv2D layers (64 filters, 3x3 kernels, same padding, He normal initialization), each followed by Batch Normalization and
ReLU activation. Spatial Dropout (rate = 0.3) is applied after the first layer. The stage concludes with 2x2 max-pooling (stride 2),
resulting in an E1 feature map of 256 x256x64. Stage E2 uses the same structure with 128 filters and 2x2 max-pooling, producing
an E2 feature map of 128 x128x128. Stage E3 maintains the convolutional structure with 256 filters but omits pooling, yielding an
E3 feature map of 64 x64 x256. This two-downsampling design prevents excessive feature compression and preserves fine structural
details of small blood vessels. In accordance with the V-Net definition by Reyes-Figueroa and Rivera [34], no bridge component is
included; E3 functions both as the decoder input via upsampling and as the gating signal for the first attention gate.

The decoder consists of two attention-gated upsampling stages. In the first stage (D2), E3 is upsampled using 2x2 UpSam-
pling2D to 128x128x128. An attention gate (Att2) refines the E2 skip connection with E3 as the gating signal. Specifically, E2

Retinal Blood Vessel, ... (Hendra Wijaya)



556 O ISSN: 2476-9843

is projected via a 2x2 convolution with stride 2 (theta_x, 128 filters), while E3 is projected via a 1x1 convolution (phi_g, 128 fil-
ters). The summed projections are processed through ReLLU, a 1x 1 convolution (psi, 1 filter), and sigmoid activation to generate an
attention coefficient map. After 2x2 upsampling, this map is applied element-wise to the E2 features, yielding the refined attention
feature att2. The upsampled E3 and att2 are concatenated (128 x 128 x384) and processed by two Conv2D layers (128 filters, 3x3,
Batch Normalization, ReLU, Spatial Dropout 0.3), producing the D2 feature map of 128 x128x 128. In the second stage (D1), D2 is
upsampled to 256 x256x 128, and an attention gate (Attl) refines the E1 skip connection using D2 as the gating signal, following the
same procedure as Att2 but with 64 filters for both theta_x and phi_g projections. The upsampled D2 and refined attl are concatenated
(256256 192) and processed by two Conv2D layers (64 filters, 3 x 3, Batch Normalization, ReLU, Spatial Dropout 0.3), yielding a
D1 feature map of 256x256x64. A final 1x1 convolution with sigmoid activation generates a binary segmentation probability map
of 256x256x 1.

Input 256 x 256 x 1 Qutput 256 x 256 x 1
Concatenate ‘upt" & ‘att1"
Skip Connection KEn2EGanv)
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Figure 4. Proposed Attention V-Net Architecture

2.6. Pixel Pitch Calibration

Retinal vessel classification based on size requires pixel-pitch calibration. This process converts vessel diameters from mi-
crometers (um) to pixel units. In clinical practice, small vessels are defined as those with diameters less than 65 um [14]. To ensure
consistency between clinical definitions and digital image representation, pixel pitch is estimated for each dataset using the field of
view (FOV) and anatomical retinal dimensions. In the DRIVE datasets, with a 45° FOV, the pixel pitch is about 22.40 ym. As a
result, a 65 um vessel corresponds to roughly 3 pixels. In the STARE datasets, the FOV is 35°, and the pixel pitch is about 16.08
pm. This indicates that a 65 um vessel spans approximately 4 pixels. Following this calibration, vessels smaller than 3 pixels in
the DRIVE datasets and vessels smaller than 4 pixels in the STARE datasets are classified as small. All other vessels are considered
large. This method grounds vessel classification in physiologically consistent retinal proportions instead of arbitrary pixel thresholds.

2.7. Blood Vessel Separation

Vessel separation is achieved by classifying vascular structures as small or large vessels based on local diameter estimation.
Diameter estimation uses a distance transform applied to the binary vessel image, which measures the distance from each vessel
pixel to its nearest background pixel. The maximum distance along the vessel centerline defines the local radius, and the vessel
diameter is determined as twice this value. Skeletonization is applied to reduce vessels to a single-pixel width while preserving their
topology, thereby producing a stable centerline. In junction regions, points with more than 2 connections are removed to prevent bias
in diameter estimation, yielding independent vessel segments. The average diameter of each segment is subsequently calculated from
the distance-transform values along the skeleton.

Vessel segments are then classified as small or large using thresholds determined by pixel pitch calibration: less than 3 pixels
for the DRIVE datasets and less than 4 pixels for the STARE datasets. To minimize fragmentation of large vessels due to local
diameter variations, morphological closing is applied to preserve structural continuity. Area-based filtering is also used to eliminate
small objects that are likely to represent noise. This methodology enables vessel separation based on geometric and morphological
characteristics, resulting in a classification that is more anatomically consistent than intensity-based methods.
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2.8. Experimental Setup

The implementation was written in Python on Google Colab, using an NVIDIA A100 GPU to accelerate training of deep
learning models. Experiments were performed using Python 3 and the TensorFlow framework, with support from additional libraries
such as Albumentations, OpenCV, NumPy, Pandas, Matplotlib, and Scikit-learn for data preprocessing, analysis, and visualization.
In addition to the cloud-based environment, initial processes such as data processing, code management, and documentation were
performed on a personal computer (PC) equipped with a 12th-generation Intel Core i7-1260P processor (2.10 GHz), 16 GB of RAM,
and Windows 11 Pro 64-bit.

During model training, a batch size of 32 and a maximum of 100 epochs were used. Several optimization strategies were
implemented to maintain model performance, including ModelCheckpoint to save the best model based on the validation Dice coeffi-
cient, ReduceLROnPlateau to adaptively adjust the learning rate when validation loss stagnated, and EarlyStopping to automatically
terminate training if no performance improvement was observed over a specified number of epochs.

2.9. Evaluation Metrics

Performance assessment of medical image segmentation models is essential for verifying the reliability and accuracy of retinal
vascular structure delineation. In these tasks, each pixel is assigned to one of two classes: blood vessels (foreground) or background.
Segmentation performance is quantified using a confusion matrix, which summarizes classification outcomes as true positives, true
negatives, false positives, and false negatives. Six primary evaluation metrics are utilized in this study. Accuracy quantifies the overall
correctness of predictions by calculating the proportion of correctly classified pixels across the entire image [35]. Sensitivity measures
the model’s ability to detect vessel regions by comparing correctly identified vessel pixels to all true vessel pixels [13]. Precision
indicates the reliability of vessel predictions by evaluating how many predicted vessel pixels correspond to the ground truth [13].
Specificity evaluates how effectively the model distinguishes background regions from vessel structures, expressed as the proportion
of correctly classified background pixels [12]. The Dice Coefficient evaluates spatial overlap between the predicted segmentation and
the reference annotation [12]. Intersection over Union (IoU) measures overlap between predicted and reference masks by comparing
their intersection and union [35]. The combined use of these metrics enables a comprehensive evaluation, particularly for addressing
class imbalance in retinal images, where background pixels greatly outnumber vessel pixels. The evaluation metrics employed in this
study are calculated using Equations 5, 6, 7, 8, 9, and 10.

TP+ TN

Aceuracy = b TN+ FP+ FN ©)
Sensitivity = T.Pj—’i—iPFN 6)
Precision = TPj—ﬂi-ipFN @)
Specificity = % ®)
Dice = 57p +2§£ Y FN ®

Tl = TP+]7;}];+ FN (10)

3. RESULT AND ANALYSIS
3.1. Training Process

The training process is evaluated by analyzing learning curves that depict the progression of loss and Dice coefficient on the
DRIVE and STARE datasets. Figure 5(a—d) presents the training and validation loss and Dice coefficient curves for the proposed
Attention V Net on the DRIVE and STARE datasets. For the DRIVE datasets (Figures 5(a) and 5(b)), both training and validation
losses decrease rapidly during the initial epochs and stabilize after approximately 15 epochs. The Dice coefficient increases steadily
and converges, with only a minimal gap between the two curves, which indicates stable training and strong generalization. In contrast,
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for the STARE datasets (Figures 5(c) and 5(d)), the training loss is lower than the validation loss, and the training Dice coefficient
is higher than the validation Dice. The more pronounced gap between training and validation curves reflects the greater complexity
and structural variability of retinal vessels in the STARE datasets. However, the validation curves remain stable and do not diverge,
suggesting that the proposed model maintains reliable generalization performance even on more challenging data.

Loss Curve Dice Curve Loss Curve Dice Curve
— Train i — = Train
06 Validation 0.6 Validation 08
0.7
05 05 07
0.6
2 g 04 0.6
204 1
= a

o 5 10 15 20 25 30 35 o 5 10 15 20 25 30 35 6 10 20 30 "Iﬂ o 10 Z‘ﬂ 30 ’l‘ﬂ
Epoch Epoch Epoch Epoch
(a) (b) (c) (d)

Dice

Figure 5. Training curves on the DRIVE and STARE datasets: (a) Loss DRIVE, (b) Dice DRIVE, (c) Loss STARE, (d) Dice STARE

3.2. Blood Vessel Separation Result

Retinal vessels are classified into small and large categories to facilitate a more detailed assessment of segmentation perfor-
mance. This classification is achieved by estimating local vessel diameter using a distance transform applied to the binary vessel
image, followed by projection onto the centerline derived from the skeleton. Diameter thresholds are established using pixel-pitch
calibration, with thresholds set at 3 pixels or fewer for the DRIVE datasets and 4 pixels or fewer for the STARE datasets. Figure 6
presents the categorization of retinal vessels into large and small groups for the DRIVE and STARE datasets. The ’Original Ground
Truth” displays the reference annotations that include all vascular structures. This separation is conducted exclusively for analytical
purposes, allowing vessels to be grouped by size rather than indicating direct outputs of the proposed model. The "Large Vessels” and
”Small vessels” present the results of dividing the ground truth into two main categories. The overlay offers a combined visualization,
with small vessels highlighted in red and large vessels in white. This approach enhances the visualization of the spatial distribution
and structural differences among vessel types. Large vessels are visually thicker and more continuous, while small vessels are thinner,
more dispersed, and exhibit greater structural complexity.

DRIVE

STARE

Ground Large Blood Small Blood Overlay
Truth Vessels Vessels :

Figure 6. The result of separating large and small blood vessels

3.3. Global Segmentation Result on the STARE and DRIVE Datasets

Global segmentation performance was evaluated for all vascular structures using the DRIVE and STARE datasets. As shown in
Table 3, Attention V Net demonstrates consistent segmentation performance across both datasets. On the DRIVE datasets, the model
achieves an accuracy of 0.9475, sensitivity of 0.8727, specificity of 0.9587, a Dice score of 0.8080, and an IoU of 0.6781, reflecting
a balanced trade off between vessel detection and background suppression. For the STARE datasets, accuracy increases to 0.9602,
with corresponding improvements in the Dice score (0.8268) and IoU (0.7065), indicating more stable segmentation performance on
data with greater structural variability. These performance differences primarily reflect inherent datasets characteristics, while the
overall results confirm consistent model behavior in global evaluation.
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Table 3. Global DRIVE and STARE Evaluation Results Attention V-Net

No Datasets Acc Sen Spe Pre Dice IoU
1 DRIVE 09475 0.8727 0.9587 0.7557 0.8080 0.6781
2 STARE 09602 0.8719 09707 0.7984 0.8268  0.7065

Figure 7 presents retinal vessel segmentation results generated by Attention V-Net on the DRIVE and STARE datasets. The
predicted segmentations demonstrate strong concordance with the ground truth, especially in the preservation of major vessels and
well-defined branches. Minor discontinuities persist in very thin vessels, highlighting persistent challenges in segmenting small-
diameter structures. In summary, the visual comparison suggests that Attention V-Net achieves consistent vessel representation
across both datasets without evident loss in segmentation quality.

DRIVE

Image Ground Attention Image Ground Attention
truth V-Net truth V-Net

Figure 7. Global attention V-Net segmentation results

3.4. Large Segmentation Result on the STARE and DRIVE Datasets

The evaluation was extended to large vessels to assess the proposed model’s ability to segment dominant vascular structures,
with particular attention to continuity and structural clarity. The results presented in Table 4 indicate that large vessel segmentation
generated by Attention V-Net closely matches the ground truth across both datasets. For the DRIVE datasets, a Dice score of 0.8031
and an Intersection over Union (IoU) of 0.6719 indicate substantial spatial similarity between the predicted large vessels and the
reference annotations. The precision of 0.7149 suggests a relatively low false-positive rate. In the STARE datasets, higher Dice
(0.8179) and IoU (0.6933), along with improved precision (0.7741), indicate that large-vessel segmentation aligns more closely with
the ground truth. These observed differences primarily reflect inherent characteristics of the dataset. Overall, the results confirm the
consistent accuracy of Attention V-Net in delineating large-vessel structures.

Table 4. Large DRIVE and STARE Evaluation Results of Attention V-Net

No Datasets Acc Sen Spe Pre Dice IoU
1 DRIVE 09546 09219 0.9585 0.7149 0.8031 0.6719
2 STARE 09622 0.8851 09706 0.7741 0.8179  0.6933

Figure 8 presents representative large-vessel segmentation results generated by Attention V-Net on the DRIVE and STARE
datasets. The predicted segmentations demonstrate strong concordance with the ground truth annotations, particularly for major
vessels and well-defined branches. Vessel contours are generally smooth and continuous, with only minor discrepancies near certain
boundary regions. These results suggest that Attention V-Net accurately represents large-vessel regions with high similarity to the
ground truth, and prediction errors are limited and do not substantially affect the overall segmentation outcome.

STARE

Image Large Blood Attention Image Large Blood Attention
Vessels V-Net Vessels V-Net

Figure 8. Large Blood Vessel Segmentation Results of Attention V-Net
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3.5. Small Segmentation Result on the STARE and DRIVE Datasets

The results for small vessels segmentation in Table 5 underscore the inherent challenges of this task across both datasets. For
DRIVE and STARE, Dice scores (0.4720 and 0.4699) and IoU values (0.3096 and 0.3079) are markedly lower than those reported for
global and large-vessel evaluations, which reflects the thin, fragmented, and low-contrast characteristics of small vessels. However,
sensitivities approaching 0.70 indicate that Attention V-Net can detect a substantial proportion of small vessels, though with limited
precision. These results indicate that scale-aware evaluation offers a more realistic and informative assessment of segmentation
performance and establish small vessels analysis as the primary contribution of this study.

Table 5. DRIVE and STARE Small Vessels Evaluation Results

No Datasets Acc Sen Spe Pre Dice IoU
1 DRIVE 09505 0.7033 09585 0.3595 0.4720 0.3096
2 STARE 09504 0.6984 0.9586 0.3586 0.4699  0.3079

Figure 9 presents representative small-vessel segmentation results from Attention V-Net on the DRIVE and STARE datasets,
with magnified regions highlighting thin vessel structures. The predicted segmentations capture a subset of low-contrast, small vessels
and generally follow the ground-truth patterns, although discontinuities and fragmentation persist in certain areas. These findings
underscore the increased challenge of segmenting small vessels compared to larger ones. The visual results align with the scale-aware
quantitative evaluation and indicate that emphasizing small vessels yields a more realistic assessment of model performance, which
represents the primary contribution of the proposed approach.

DRIVE
STARE

Image Small Blood Attention
Vessel V-Net

Image Small Blood Attention
Vessel V-Net

Figure 9. Small Blood Vessel Segmentation Result of Attention

3.6. Discussion

Experimental results indicate that Attention V-Net achieves stable, competitive performance on the DRIVE and STARE
datasets. Although overall improvements are modest, scale-based analysis reveals that the most significant differences occur in
small-vessel segmentation, which is particularly challenging due to the thinness and low contrast of these structures. In contrast,
performance on large vessels remains similar. Comparisons with recent methods further indicate that the proposed model achieves
competitive results on key metrics, despite variations in experimental configurations.

Table 6 presents a comparison of small-vessel segmentation performance across the DRIVE datasets. The proposed method
shows a higher sensitivity (0.7033) than UN-LPCOS (0.6757), indicating enhanced detection of small-vessel structures. Additionally,
the method exhibits strong performance in accuracy (0.9505), specificity (0.9585), Dice coefficient (0.4720), and Intersection over
Union (IoU) (0.3096), although these metrics are not reported for UN-LPCOS. While direct comparison is limited, these results
indicate that the proposed method effectively captures fine vascular structures.

Table 6. Comparison of DRIVE small vessels evaluation results with other models

No Model Acc Sen Spe Pre Dice IoU
1 UN-LPCOS [14] - 0.6757 - - - -
2 Proposed 0.9505 0.7033 09585 0.3595 0.4720 0.3096
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A comprehensive comparison using the DRIVE datasets Table 7 demonstrates that the proposed Attention V Net achieves
competitive results across key evaluation metrics. The model yields Dice and IoU scores marginally higher than those of Performance
Aware U Net and Lightweight U Net, while maintaining accuracy comparable to BVU Net and U Net. Minor variations in accuracy
and specificity among the methods reflect a trade off between vessel detection and background suppression, aligning with the design
objective of enhancing vessel representation. Although experimental settings and metric reporting vary across studies, these findings
indicate that the proposed approach delivers balanced and competitive performance in retinal vessel segmentation.

Table 7. Comparison of The Evaluation Results of All DRIVE Vessels With Other Methods

No Model Acc Sen Spe Pre Dice ToU
1 Lightweight U-Net and Reverse Attention [12] 09113  0.7421  0.9837 - 0.7871  0.6318
2 BVU-Net [35] 0.9636  0.7871  0.9810 - - 0.65
3 Edge-Aware U-Net [36] 09701  0.7719  0.9799 - 0.8021  0.6513
4 VV-Net [10] 0.9627  0.8438 - 0.7595 - 0.6628
5 ResV-Net [11] 0.9657  0.8228 - 0.7957 - 0.6761
6 Proposed 0.9475 0.8727 09587 0.7557 0.8080  0.6781

Table 8 presents a comparison of global segmentation performance on the STARE datasets. The proposed method shows com-
petitive results, achieving a Dice score of 0.8268 and an IoU of 0.7065, surpassing methods such as Edge-Aware U-Net (0.8021) and
RCAR U-Net (0.7850). Additionally, it achieves the highest sensitivity (0.8719), which reflects improved detection of vascular struc-
tures. Although some methods do not report all metrics, these findings indicate that the proposed model offers balanced performance
in both segmentation accuracy and detection capability.

Table 8. Comparison of The Results of The Evaluation of All STARE Vessels With Other Methods

No Model Acc Sen Spe Pre Dice IoU AUC
1 Unfolded Deep Kernel Estimation—Attention U-Net [13]  0.9671  0.7591  0.9837 0.7264 0.7228  0.5945 -
2 BVU-Net [35] 0.9639 0.7935 0.9852 - 0.7716 0.63 -
3 RCAR-Unet [37] 0.9594  0.6979  0.9905 - 0.7850  0.6461  0.9708
4 VV-Net [10] 0.9658  0.8278 - 0.7673 - 0.6538 -
5 Edge-Aware U-Net [36] 0.9691 0.6912  0.9911 - 0.8021  0.6513 -
6 ResV-Net [11] 0.9671  0.7944 - 0.7944 - 0.6505 -
7 Proposed 0.9602 0.8719 09707 0.7984 0.8268 0.7065 -

4. CONCLUSION

The proposed Attention V-Net model demonstrates consistent and competitive performance in retinal vessel segmentation on
the DRIVE and STARE datasets. The model achieves robust results in global and large-vessel segmentation, with Dice scores exceed-
ing 0.80 and Intersection over Union (IoU) values up to 0.70, reflecting accurate delineation of major vascular structures. In contrast,
segmentation of small vessels remains challenging, as indicated by lower Dice and IoU values, although a sensitivity approaching
0.70 suggests reasonable detection capability. These results underscore that scale-aware evaluation offers a more comprehensive
assessment of model performance, particularly by elucidating limitations in small-vessel segmentation. Future research will aim to
enhance the continuity of small vessels and assess the proposed approach on additional datasets to further evaluate generalization.
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