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Abstract—Retinal blood vessel segmentation is crucial
for detecting and monitoring retinal disorders such as
diabetic retinopathy, age-related macular degeneration
and glaucoma. Automating the segmentation of blood
vessels leads to a reduction in the time and cost of
manual segmentation, enables large-scale clinical studies,
improves accuracy, ensures consistency, allows for real-
time analysis, and facilitates early disease detection.
The research examines the performance of 7 semantic
segmentation architectures, each combined with 10 pre-
trained backbones, on 5 publicly available fundus image
datasets. Models are trained on a NVIDIA GeForce
GTX 1080 Graphics Processing Unit (GPU), and key
hyperparameters, such as batch size, optimizers, and
learning rate schedulers, are systematically optimized.
Intersection over Union (IoU), accuracy, sensitivity, and
computational time are used as key performance indi-
cators. Approximately 97 experiments are conducted to
achieve state-of-the-art accuracies of 97.72%, 98.23%,
97.62%, 97.83%, and 98.42%, along with IoU scores of
67.82%, 66.29%, 63.89%, 71.34%, and 78.45% on the
DRIVE, STARE, HRF, HEI-MED-1, and HEI-MED-2
datasets, respectively. The best performance is achieved
using the U-Net++ architecture with ResNeSt backbone,
RAdam optimizer, and Cosine Annealing scheduler. This
combination leverages deep supervision, attention mech-
anisms, and bottleneck architectures to enhance multi-
scale feature learning, localization, robustness to image
variability, and model generalization. Although the mod-
els demonstrate strong performance, challenges remain in
addressing dataset imbalance and ensuring generalization
to unseen patient populations.
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I. INTRODUCTION

EGMENTATION of retinal blood vessels is im-
Sportant in the field of medical imaging and oph-
thalmology. It is useful for various applications like: 1)
detection of different retinal diseases, such as diabetic
retinopathy, age-related macular degeneration and glu-
coma, 2) assessment and monitoring of risks related to
disease progression, 3) automated screening programs,
tele-medicine and remote monitoring to enable periodic
screening and early disease detection for susceptible
patients, and 4) treatment planning with personalized
care. Overall, segmentation of retinal blood vessels
has a broad range of applications that contribute to
diagnosis, treatment, and research related to various
eye diseases as described by previous research [1].

Automated segmentation of blood vessels has many
advantages. First, it reduces time and cost for manual
segmentation. Second, it enables large clinical stud-
ies. Third, it improves the accuracy of blood vessel
segmentation, using sophisticated computer vision and
deep learning algorithms. Fourth, it ensures consis-
tency and reduces the risk of human error associated
with fatigue, distractions and variability in human
judgment. Fifth, it allows real-time analysis of retinal
images, especially useful in emergencies or during
surgery. Sixth, it facilitates early disease detection and
intervention [2].

Fundus cameras are the most popular devices for
large-scale population screening of retinal images be-
cause they are cost-effective, user-friendly, consistent,
accurate, and non-invasive. Open-source retinal fundus
datasets, such as DRIVE, STARE, HRF and HEI-
MED, have been used for model training, evaluation
and benchmarking. These datasets contain both the
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Fig. 1. Sample images and masks for vessel segmentation from different datasets: (a) DRIVE, (b) STARE, (c) HRF, and (d) HEI-MED

dataset.

input retinal images as well as binary masks, as shown
in Fig. 1. Automated segmentation of the blood vessels
is performed using semantic segmentation techniques,
where a semantic label is assigned to each pixel in
an image, effectively dividing the image into different
meaningful segments or regions. In semantic segmen-
tation, the model predicts as well as localizes the blood
vessels present in the image. Each pixel of the input
image is mapped to a specific class. It provides a
detailed understanding of the retinal images, allowing
clinicians to comprehend the visual context of an image
for diagnosis [3].

Conventional deep learning based semantic segmen-
tation approaches uses sliding window-based methods,
but it causes a lot of overhead because the model has
to process all the pixels over and over again. Fully
Cconvolutional Networks (FCN) proposes an encoder
and decoder-based architecture for image segmentation
rather than using fully connected networks. There are
other variants of FCN like U-Net, U-Net++, MA-Net,
LinkNet, DeepLab++ and Feature Pyramid Network
(FPN).

U-Net becomes widely adopted due to its skip con-
nections and efficient feature localization. However, the
standard U-Net struggles with class imbalance and thin
vessel segmentation. U-Net++ improves upon this with
deep supervision, a technique that introduces auxiliary
outputs at intermediate decoder stages to mitigate van-
ishing gradients and guide training, resulting in better
convergence and finer vessel detection. Attention-based
models like ResNeSt backbones further enhance focus
on small or complex vascular structures [4]. Despite
these advances, no single architecture consistently de-

livers robust performance across datasets, and chal-
lenges remain with generalization, image variability,
and optimal hyperparameter selection. This motivates
the need for a systematic comparative study. To address
the above gaps, the research:

o Benchmarks 7 semantic segmentation architec-
tures and 10 pre-trained backbone networks across
5 open-source retinal datasets.

o Identifies the best-performing architecture-
backbone combination for vessel segmentation.

o Conducts an extensive ablation study for hyper-
parameter fine-tuning conducted with 5 optimiz-
ers, 8 learning rate schedulers, and 4 different
batch sizes.

o Analyzes how architectural components, such as
skip connections, deep supervision, and attention
mechanisms, influence performance.

e Provides a comprehensive evaluation using met-
rics like IoU, accuracy, sensitivity, and computa-
tional efficiency.

Overall, around 97 experiments are conducted to
determine the optimum architecture and methods for
the segmentation of blood vessels. U-Net++ architec-
ture, ResNeSt backbone, RAdam optimizer, Cosine
annealing learning rate scheduler, with a batch size
of 32 and learning rate of 0.0001, are determined as
the optimum settings for blood vessel segmentation.
U-Net++ architecture and ResNeSt backbone enable
deep supervision and attention mechanism, respec-
tively, thereby leading to multiple advantages for blood
vessel segmentation. The multiple advantages are as
follows:
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o Multi-scale feature learning captures information
at multiple image resolutions, thereby improving
the model’s ability to detect vessels of various
thicknesses and lengths

o Improved localization and boundary detection
leads to precise localization of blood vessels by
preserving finer details and accurately delineating
vessel boundaries by allowing the model to attend
to a specific region of interest

« Handling class imbalance improves the network’s
ability to focus on the minority class during
training, by directing the model’s attention to
vessel regions. It is especially useful for vessel
segmentation tasks, where the number of pixels
related to blood vessels is significantly smaller
than non-vessel pixels.

o Effective training and convergence mitigate is-
sues related to vanishing gradient during model
training, thereby reducing the need for extensive
hyperparameter tuning

« Robustness to image variability and enhanced
generalizations makes the model robust to imag-
ing conditions, patient demographics and acquisi-
tion devices, illumination, noise and other artifacts
commonly found in retinal images

o Contextual information integration enables the
model to consider global and local contextual
information, facilitating a better understanding of
the vessel structures within the broader context of
retinal images

A. Related Work

Before the widespread adoption of fully convolu-
tional networks, vessel segmentation is seen as a pixel-
by-pixel classification process, as proposed by previous
research [5-7]. To address the issue of structured
prediction, different semantic segmentation-based net-
works like FCN, SegNet, DeepLab, Mask-RCNN, and
U-Net for the segmentation of blood vessels are found
in the literature. These methods improve the ability
of the model to capture spatial context and preserve
structural information of vessels. However, their per-
formance still depends on factors, such as network
design, feature extraction capability, and the ability to
handle variations in vessel thickness and image quality.

Many studies [8—10] have proposed an FCN network
where the input image is downsampled and upsampled
to result in the segmentation map. Similarly, other
studies [11, 12] have proposed a Stationary Wavelet
Transform (SWT) along with an FCN network to
increase the number of channels in the image to cope
with varying width and direction of the vessel structure.
Then, some studies [13, 14] have proposed the SegNet

architecture, which is a variant of FCN, where the pool-
ing operations are replaced by strided convolutions.
DeepLab model is an extension to the FCN network,
which is proposed by different authors [15-17], but the
model is computationally heavy.

Next, previous studies [18-24] have proposed a
U-Net architecture with various modifications like a
local degression scheme to generate additional la-
bels, segment-level loss along with pixel-wise loss,
data-aware deep supervision to focus on thin vessels,
ResNet and DenseNet-based feature extractors. Sim-
ilarly, other research [25-30] have used multi-scale
networks based on U-Net architecture, where the first
branch takes the input image to get the preliminary
results. The subsequent branch is used to refine the re-
sults. The overall network contains a cascade of U-Net-
based modules to improve the overall accuracy of the
segmentation masks. Moreover, previous research [31,
32] has utilized MA-Net, which is a variant of U-Net
with the addition of an attention mechanism to skip
connections. Last, previous research [33] has proposed
a Capsule Network with Inception architecture, while
another research [34] have used unsupervised ensemble
learning to combine multiple segmentation results.

The research addresses the specific issues in the
existing literature. First, it analyzes multiple semantic
segmentation architectures and selects the most suit-
able architecture for vessel segmentation. Second, it
examines the performance of multiple feature extractor
backbones and identifies the most appropriate network
for the different semantic segmentation architectures.
Third, it determines the optimum hyperparameters for
the selected architecture and feature extractor. Fourth,
it benchmarks the identified architectures, models and
methods on multiple open-source datasets. Fifth, it
identifies deep learning based architectural compo-
nents, which influence the performance of semantic
segmentation.

II. RESEARCH METHOD

This section contains a detailed description of the
method used. First, it shows different deep learning
semantic segmentation model architectures and the var-
ious backbones networks. Second, it describes retinal
fundus datasets that have been considered for model
evaluation and benchmarking. Third, it has metrics that
have been used to benchmark the performance of the
model. Last, it shows architecture of the overall model
proposed for blood vessel segmentation.

Seven semantic segmentation architectures are se-
lected to ensure diversity in benchmarking different
deep learning components, such as Atrous convolu-
tions, encoder-decoder architecture, skip connections,
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scale variations, deep supervision, attention mecha-
nisms, and optimizations. For a robust evaluation, 10
encoder models are chosen to encompass a variety of
approaches. For example, there are classical Convolu-
tional Neural Network (CNN) networks, skip connec-
tions, feature concatenation, inception module, depth-
wise convolutions, attention mechanism, and search
space optimizations.

A. Semantic Segmentation Architectures

Seven semantic segmentation techniques are eval-
uated in the research. Models are selected based on
literature review and performance on various open-
source datasets. DeepLab addresses limitations of deep
convolutional neural networks like reduced feature
resolution, the existence of objects at multiple scales
and reduced localization accuracy using techniques like
Atrous convolutions, Atrous Spatial Pyramid Pooling
(ASPP) and Conditional Random Field (CRF), respec-
tively [35]. Atrous convolution and ASPP are applied
on the input image to result in a coarse score map,
which is four times smaller than the input image.
Hence, bilinear interpolation and CRF are used to yield
the final segmentation mask. U-Net is a fully convo-
lutional neural network, which contains an encoder, a
decoder and skip connections. The encoder (backbone)
is used for feature extraction and the decoder for
precise localization. The decoder is symmetrical to
the encoder network. Features are transferred from
encoder to decoder through skip connections. The final
layer of the decoder is a 1x1 convolution. The spatial
dimension of output is the same as the resolution of the
input image, while the number of channels represents
the classes [36].

DeepLab++ proposed by previous research [37] is a
variant of DeepLab and U-Net. Encoder in DeepLab++
contains multiple Atrous convolutions to reduce the
spatial dimension of the input and increase the number
of channels. Unlike U-Net, the decoder in DeepLab++
contains very few layers. U-Net++ in another re-
search [38] is similar to U-Net, but with additional
intermediate convolutional nodes (nested nodes) at skip
connections to bridge the semantic gap between the
feature maps of encoder and decoder. The results
in dense skip connections, thereby ensuring smooth
transfer of information from one layer to another.
Instead of concatenating feature maps from skip con-
nections as in U-Net, LinkNet, proposed by previous
research [39], uses elementwise summation to aggre-
gate features from multiple paths, reducing the compu-
tational overhead. The MA-Net architecture in previous
research [40] is like U-Net++, with the addition of
an attention mechanism. Here, self-attention is used

to capture channel and spatial dependencies and fuse
low and high-level semantic features.

B. Backbone Networks for Segmentation

The encoder network for the semantic segmentation
techniques is also called a backbone network. These
networks are similar to classification models, but the
final fully connected layers will be removed. Around
10 different state-of-the-art backbone networks are
experimented with 7 different semantic segmentation
architectures in this paper.

VGG16 is a 16-layer CNN classification model,
where the number of channels increases as the net-
work goes deeper. ResNet introduces the concept of
skip connections, where the activations from previ-
ous layers are added to layers that are much deeper
in the network, thereby enriching the feature repre-
sentation and improving the accuracy of the model.
DenseNet is similar to ResNet, but the features from
different layers are concatenated through skip connec-
tions [41]. The Dual Path Network (DPN) in previous
research [42] combines ResNet and DenseNet, both
of which have skip connections. It reduces feature
redundancy by residual paths and explores new features
by dense paths. InceptionNet, proposed by previous
research [43], consists of three convolutional layers
with different-sized filters (1x1, 3x3, and 5x5), and
there is max-pooling. The output of these four oper-
ations is concatenated. Inception-ResNet architecture
is a variant of Inception blocks with skip residual
connections. SENet in previous research [44] uses an
attention network to find channel-wise dependencies
among feature channels.

MobilenetV3 in previous research [45] introduces
depth-wise convolutional kernels and squeeze and exci-
tation operations. A large number of 1x 1 kernels and a
smaller number of 3x3 kernels are considered. GeNet,
also called GPU-efficient networks, is proposed by
previous study [46]. A lightweight Neural Architecture
Search (NAS) algorithm is used, based on the idea that
full and depth-wise convolution is preferred in initial
and final layers, respectively. The ResNeSt network
architecture, as described by previous study [47], uses
channel-wise multipath attention on various network
branches to capitalise on their ability to identify cross-
feature interaction and acquire varied representations.
A multi-path network structure (InceptionNet) is inte-
grated with the channel-wise attention (SeNet) method.
RegNet in previous research [48], focuses on searching
the design space rather than a specific configuration.
Here, the neural network can find the best design space.
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TABLE I
DATASET DISTRIBUTION.

Dataset Original Total Total Images
; Resolution  Images (256X 256)
DRIVE 565 %584 40 80
STARE 700 x 605 40 80
HRF 504 %2336 45 276
HEI-MED 1 549 x490 169 338
HEI-MED 2 768 <576 169 676
Total Images 463 1,450

C. Dataset and Evaluation Metrics

To reduce the bias caused by training the model
on a specific dataset, five different datasets are con-
sidered for model training and evaluation in the re-
search. Therefore, it leads to model generalization.
Images from these datasets are randomly shuffled and
distributed to training, validation, and test folders.
To mitigate the effects of model overfitting or bias,
augmentation techniques can be used, improving the
performance of the model.

DRIVE, STARE, HRF and HEI-MED datasets are
popular datasets used for blood vessel segmentation.
These open-source datasets contain input images and
annotations of blood vessels in the form of mask
images. It can be observed from Table I that HRF
has the highest resolution of input images, and the
HEI-MED 2 dataset has the largest number of images.
After combining the images from all datasets, the
overall number of images is 463, which can be used
to train and evaluate the model. The original input
resolution of the fundus images is high, so the images
are cropped to a resolution of 256x256. The cropped
images are filtered to ignore less relevant images.
Hence, overall, there are 1,450 images from 5 datasets
with a resolution of 256 x256.

There are various evaluation metrics in the liter-
ature, like False Positive (FP), True Positive (TP),
False Negative (FN), True Negative (TN), sensitivity,
Precision, specificity, accuracy, and Intersection over
Union (IoU). IoU is the preferred metric for evalua-
tion of image segmentation-based models due to its
ability to capture both localization and spatial overlap,
making it suitable for a wide range of segmentation
scenarios, especially when dealing with imbalanced
classes or complex segmentation tasks. IoU is de-
fined as %. For benchmarking the algorithm
with state-of-the-art, apart from IoU, other metrics
like sensitivity and accuracy are also used. Sensitivity

can be defined as Accuracy is defined as
(TP+TN)
(Total number of pixels in image) *

__TP
(TP+FN)"

D. Diabetic Retinopathy Detection Model Architecture

Blood vessel segmentation consists of two classes:
blood vessels and background. For training the seman-
tic segmentation model, all five datasets are merged
into a single dataset, and the images are shuffled and
distributed into training, validation, and test datasets.
As the resolution of the original input images is high,
the images are cropped into smaller images of size
256x256. Filtering techniques are applied to exclude
input images where the proportion of retinal pixels is
below a predefined threshold relative to background
pixels. Specifically, images are discarded if fewer than
25% of their pixels have grayscale intensity values
greater than 100, effectively removing regions that
do not contain retina. Both the input images and
the corresponding mask images are streamed to the
semantic segmentation architecture, in batches of 32.

Around 7 different segmentation architectures are
considered with 10 different backbones (encoders) in
the research. Then, 5 different optimizers are evaluated
along with 8 learning rate schedulers. In Fig. 2, the U-
Net++ architecture with ResNest backbone is shown
as an example.

The models considered as backbones are pre-trained
on the ImageNet dataset. The decoder network is
designed to be symmetric to the backbone. The weights
of all the layers of the backbone and decoder are fine-
tuned using the cropped images from five datasets.
Skip connections are used to connect the backbone
with the decoder. The output of the segmentation
architecture is passed through a Sigmoid activation to
result in a mask output. During the model training
phase, RAdam is used as the optimizer with a Learning
Rate (LR) of 0.0001, and a Cosine annealing LR
scheduler is used to alter the LR. The predicted mask
image is compared with the manually labeled mask
image (ground truth), and loss is estimated using the
Dice loss function. Based on the estimated loss, the
weights of the model are updated over multiple epochs.
The models are trained for 30 epochs and evaluated
for different metrics like IoU, sensitivity, accuracy and
computation time required for training and inferring
from the model over a batch of data.

III. RESULTS AND DISCUSSION

This section contains several explanations. First,
it shows detailed analysis of the results when the
7 different semantic segmentation architectures and
10 different backbones are fine-tuned on 5 different
datasets. Second, it has extensive ablation study to
select the optimum methods and hyperparameters in-
cluding batch size, optimizer and learning rate decay
function. Last, it includes comprehensive performance
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Fig. 2. Architecture of the proposed vessel segmentation network.

analysis of the selected models on open source datasets
and benchmarking with techniques proposed in litera-
ture.

A. Performance Analysis of Different Semantic Seg-
mentation Architectures and Backbones

For vessel segmentation, images from all five
datasets are merged for training as well as for valida-
tion. Seven semantic segmentation architectures were
evaluated using ten different backbone networks. The
experiments are conducted with a batch size of 16,
employing the Adam optimizer with a learning rate
of 0.0001, a multi-step learning rate scheduler, and
Jaccard Loss. The goal is to identify the most effective
combination of segmentation architecture and back-
bone, with the results summarized in Table II and a
plot available in Fig. 3.

Usage of CRF-based post-processing and absence of
encoder-decoder based architecture in DeepLab leads
to relatively lower IoU and higher model training time.
In DeepLab++, the encoder and the decoder modules
are not symmetric, and there are only two layers in
the decoder. Hence, the IoU score of the DeepLab++
architecture is lower than that of U-Net-based architec-
tures. U-Net achieves a good performance because of
several reasons. First, it is weighted loss function. It is
especially useful when the background is more com-
pared to the vessels. Second, skip connections prevent
vanishing and exploding gradients. Third, absence of

fully connected layers leads to lower computation time.
A disadvantage of the U-Net is that skip connections
do not contain any dense layers or attention networks.
Unlike U-Net, where the feature maps between the skip
connections are concatenated, in LinkNet, the feature
maps are added. It reduces the computational overhead
in LinkNet, but it compromises IoU. The attention
mechanism in MA-Net makes the network slower but
more accurate compared to the U-Net architecture. U-
Net++ incorporates several dense connections between
the encoder and decoder, resulting in more detailed fea-
ture maps and achieving the highest IoU score among
the evaluated architectures. However, this improvement
comes at the cost of increased computational complex-
ity. The FPN architecture, which utilizes feature maps
at multiple scales, achieves better IoU scores compared
to the standard U-Net architecture. This multi-scale
processing, however, leads to longer training times
than the U-Net. Additionally, the absence of dense
connections between the encoder and decoder in FPN
results in a lower IoU score relative to U-Net++.
Table III presents the performance of the U-Net++
architecture with different backbones, reporting IoU
alongside computational metrics, including training
and inference times. VGG16 has the least IoU score
among all the different backbones, as the model does
not have skip connections to prevent vanishing or
exploding gradients. It is also slow because of a
large number of parameters and computations. ResNet-
based model achieves better performance compared
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TABLE II
COMPARISON OF VARIOUS SEMANTIC SEGMENTATION ARCHITECTURES ACROSS MULTIPLE BACKBONE NETWORKS.

Batch 16, Adam, LR 1074, Multi-Step LR Scheduler, Jaccard Loss

Semantic segmentation architectures: IoU for vessels
Backbone

DeepLab  DeepLab++  U-Net  LinkNet = MA-Net FPN U-Net++

VGG-16 56.16 58.54 60.48 59.95 62.75 61.59 63.33

ResNet 57.52 60.68 61.29 60.74 63.28 62.19 64.14

Inception-ResNet 58.36 60.53 61.77 61.75 63.87 62.72 64.62

% DenseNet 61.53 63.12 64.84 64.10 66.36 65.67 67.69
; DPN 59.64 61.56 63.08 63.13 64.81 63.73 65.93
2 MobileNet-V3 58.55 61.22 62.80 62.96 64.23 62.96 65.65
= GeNet 58.32 60.97 62.17 62.05 63.46 62.23 65.02
SENet 62.20 64.62 65.86 65.85 67.22 66.86 68.71

RegNet 62.52 65.73 66.38 66.30 67.86 66.23 69.23

ResNeSt 64.31 66.23 67.78 66.75 68.49 68.12 70.63

ResNeSt ToU (Background) 94.47 95.84 95.94 95.65 96.22 95.53 96.46
ResNeSt Train time (min/epoch) 9.64 6.57 5.47 5.11 7.36 6.32 10.42

Note: Bold values indicate the best performance. It has Learning Rate (LR) and Feature Pyramid Network (FPN).

loU across Architectureswith ResNeSt backbone

70.63
67.78
66.23
Deeplab++ U-Net U-Net++
loU across backbones with U-Net++ architecture
70.63

68.71
67.69
' i )

Fig. 3. Vessel Intersection over Union (IoU) comparison of different semantic segmentation architectures across multiple backbone networks.
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TABLE III
PERFORMANCE METRICS OF U-NET++ WITH DIFFERENT BACKBONE NETWORKS: BATCH 16, ADAM, LEARNING RATE (LR) OF
10*4, MULTI-STEP LR SCHEDULER, AND JACCARD LOSS.

Backbone U-Net++ ToU U-Net++ Training U-Net++ Inference
Vessels ~ Background ~ Time (min)/epoch) Time (ms)
VGG16 63.33 93.63 4.87 87
ResNet 64.14 93.37 3.83 84
Inception-ResNet 64.62 93.51 4.64 76
DenseNet 66.66 94.87 441 79
DPN 65.93 94.27 11.91 89
MobileNet-V3 65.65 94.11 1.41 73
GeNet 65.02 93.72 2.49 75
SENet 68.71 95.64 10.57 95
RegNet 69.23 96.26 11.83 91
ResNeSt 70.63 96.46 10.42 95

Note: Bold values indicate the best performance.

to VGG16, because of the skip connections. It is
also faster than other attention-based networks, densely
connected models and inception-based networks. Dif-
ferent filter sizes used in InceptionResNet improves
the IoU of the model by enabling it to handle different
sizes of blood vessels in the image. Hence, the IoU of
InceptionResNet is better than ResNet, but slower com-
pared to other backbones. In DenseNet, as the features
from the skip connections are concatenated, it results in
strengthened feature propagation and increased feature
redundancy. It results in higher IoU, but larger model
training and inference time. In DPN, the feature maps
from DenseNet and ResNet are added and then split
randomly. The size of the feature map results in higher
computation, and randomness results in lower IoU.
The attention mechanism used in SeNet highlights the
significant features like vessels and biomarkers, leading
to a higher IoU score, compared to non-attention-
seeking networks. However, SeNet is slower compared
to other models.

MobileNetV3 architecture takes the least training
and inference time, because of features like depth-
wise convolutions. As the model uses an attention
mechanism on top of InceptionResnet, the IoU of
MobileNetV3 is better than that of InceptionResnet.
GeNet is the second fastest model, but with a lower
IoU because of the removal of dropout and attention
mechanism. RegNet model searches the best design
space to identify the most suitable model. The IoU
of RegNet is the second highest, but this also leads
to longer training time. ResNeSt is a combination of
InceptionNet and SeNet, so it achieves the highest
IoU. The attention module results in an increase in
computation time for model training and inference.

Among the evaluated backbones, ResNeSt and Mo-
bileNetV3 are selected for further ablation studies
based on their superior IoU and computational ef-
ficiency, respectively. U-Net and U-Net++ are cho-

sen for additional benchmarking due to their strong
performance across different backbone networks. This
choice helps to balance between accuracy and compu-
tational cost, instead of focusing only on one aspect.
It also allows analysis of how different architectural
components like attention and lightweight convolutions
influence the performance. At the same time, limiting
the combinations reduces the experimental complexity
while still covering the most relevant design variations.

B. Hyperparameter Tuning and Ablation Study

Based on the obtained IoU scores from Tables II
and III, U-Net++ with ResNeSt is employed to identify
the most suitable optimizers, learning rate schedulers,
batch sizes, loss functions, and learning rates for
vessel segmentation. The initial parameters considered
in the ablation study include a batch size of 16,
Adam optimizer, a learning rate of le-4, a multi-step
learning rate scheduler, and a Jaccard loss function.
Using these baseline settings, the optimal combinations
of optimizers, learning rate schedulers, batch sizes,
loss functions, and learning rates are determined, as
summarized in Tables IV to VII. Subsequently, an
integrated model is trained using the best-performing
hyperparameters detailed in Table VIIL.

The IoU score for vessel segmentation with different
optimizers is shown in Table IV. Adam [49], builds
upon the concepts of RMSProp [50], by incorporat-
ing both adaptive learning rates and momentum to
accelerate convergence. As a result, Adam generally
performs better than RMSProp. Further variants, in-
cluding NAdam [51], AdamW [52], and RAdam [53],
extend Adam through modifications such as Nesterov
momentum, decoupled weight decay, and rectified
adaptive learning rates, respectively, thereby improv-
ing stability and achieving higher IoU performance.
Nesterov momentum in NAdam leads to better IoU
compared to Adam. In AdamW, the weight decay is
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TABLE IV
INTERSECTION OVER UNION (IOU) FOR BLOOD VESSELS USING
DIFFERENT OPTIMIZERS.

TABLE V
PERFORMANCE OF U-NET++ WITH RESNEST UNDER
DIFFERENT LEARNING RATE SCHEDULERS.

U-Net++, ResNeSt, Batch 16, Learning Rate (LR) 1074, Multi-Step
LR Scheduler, and Jaccard Loss

U-Net++, ResNeSt, Batch 16, Adam, Learning Rate (LR) 10—, and
Jaccard Loss

RMS-prop ~ Adam (Original) ~ NAdam

70.37 70.63 70.81
Note: Bold value indicates the best IoU.

AdamW
71.01

RAdam
71.42

decoupled from the gradient-based update, leading to
better regularization and better model generalization.
One of the main problems with the Adam optimizer
is bad convergence because of an undesirably large
variance in the LR during the early stages of model
training due to the usage of a limited amount of
training samples.

In early training stages, the adaptive learning rates
can fluctuate wildly, especially with small batch sizes
or sparse gradients for the Adam and NAdam opti-
mizers for binary segmentation tasks. RAdam intro-
duces a rectification term that adapts the variance of
the learning rate based on how many training steps
have occurred. This leads to more stable learning,
less overfitting, and better convergence from the start.
Blood vessel segmentation is a binary segmentation
that involves a blood vessel class that has fewer
pixels compared to the background pixels (non-blood
vessels). RAdam’s adaptive learning rate with rectified
variance helps to maintain gradient stability even when
the positive class (blood vessel) is underrepresented.
It is critical when the loss is highly sensitive to a
few pixels (e.g., Dice loss or Focal loss). RAdam
is especially effective for binary image segmentation
because it introduces rectified updates that stabilize
early training, making it well-suited for blood vessel
segmentation, where the dataset is relatively small, and
it also has class imbalance.

Different LR schedulers are experimented with U-
Net++ and ResNeSt architecture, as shown in Table V.
The constant LR scheduler has no LR decay and
leads to suboptimal convergence for binary segmen-
tation tasks. It results in the lowest IoU score for the
segmentation of blood vessels. Multiplicative, linear,
and exponential LR schedulers are similar, where they
introduce simple decay, which may decay too fast if
it is not configured well, leading to underfit and lower
IoU scores. Linear LR scheduler leads to a gradual
reduction of LR, but it is not optimal unless used
with warm-up strategies. Step LR scheduler leads to a
sudden drop of LR, which is required especially during
the plateaus. Multistep LR drops LR at specific epochs,
which can be tuned to task-specific learning phases. It
is especially useful when the dataset is imbalanced, like

LR Scheduler ~ Vessel ToU LR Vessel IoU
Scheduler

Constant 55.65 Step 70.16

Multiplicative 56.78 Multistep 70.63
(Original)

Linear 67.28 Cos anneal- 71.25
ing

Exponential 67.79 Cos 70.90
annealing,

warm restart

Note: Bold value indicates the best Intersection over Union (IoU).

TABLE VI
EFFECT OF BATCH S1ZE ON U-NET++ WITH RESNEST
PERFORMANCE.

U-Net++, ResNeSt, Adam, Learning Rate (LR) 10’4, Multi-Step LR
scheduler, and Jaccard Loss

ToU for Vessels
Parameters

Batch 32 Batch 4

Vessel IoU 71.94 70.63 70.02 69.58
Note: Bold value indicates the best Intersection over Union (IoU).

Batch 16 (Original) Batch 8

blood vessel segmentation datasets. IoU score of Multi-
step LR is higher than Step LR scheduler, but lower
than cosine annealing LR schedulers. Cosine annealing
LR scheduler allows for a smoother decay of LR,
thereby allowing finer convergence without aggressive
LR drops. Cosine annealing LR with warm restarts
helps escape local minima by periodically increasing
the LR. It is especially useful for long training where
avoiding overfitting is the key. Cosine annealing LR
schedulers result in the highest IoU compared to all
the other schedulers.

Different batch sizes are experimented with, as
shown in Table VI. A batch size of 32 is the maximum
value that can be considered because of the GPU
capacity and the input image resolution. The other
batch sizes considered for evaluation are 16, 8, and
4. It can be observed from the results that a batch size
of 32 leads to the highest accuracy. The IoU of the
algorithm increases when the batch size increases too.
When a larger number of examples are considered as a
batch, the model generalizes better, thereby leading to
a smoother gradient curve and faster model training.

Loss functions are used to measure the overlap be-
tween the predicted segmentation map and the ground
truth. The Dice and Jaccard loss functions used [54]
are evaluated under different learning rates. The results
are summarized in Table VII.

In blood vessel segmentation, the foreground (blood
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TABLE VII
COMPARISON OF LOSS FUNCTIONS AND LEARNING RATE (LR) FOR U-NET++ WITH RESNEST.

U-Net++, ResNeSt, Batch 16, Adam, and Multi-Step LR Scheduler

Jaccard Loss: IoU for Vessels

Dice Loss: IoU for Vessels

Parameters (IoU)

10~* (Original) 1072 107% 107* 107® 107°
Vessel 70.63 43.89 68.05 71.35 49.52 67.39
Note: Bold value indicates the best Intersection over Union (IoU).
TABLE VIII
RESULTS OF ABLATION EXPERIMENTS.
Hyperparameters Architecture + Backbone Vessel IoU  Background IoU  Train (Min/Epoch)

U-Net + MobileNetV3 62.80 93.19 0.74
Batch 16 + Adam + 1074, Multi-Step, and Jaccard Loss U-Net + ResNeSt 67.78 95.28 5.78
U-Net++ + ResNeSt 70.63 96.46 10.42
U-Net + ResNeSt 68.55 96.11 3.20
Batch 32 + RAdam + 10~ %, Cos Annealing, and Dice Loss U-Net++ + MobileNetV3 65.83 94.78 1.21
U-Net++ + ResNeSt 72.76 97.84 8.97

Note: Bold values indicate the best performance.

vessels) is represented by very few pixels compared
to the background (retina). Dice loss handles this
better because it emphasizes true positives. In contrast,
Jaccard loss gives equal penalty to false positives
and false negatives, making it less forgiving when
tiny positive regions are missed. Dice loss produces
smoother gradients, especially early in training, which
helps the network to converge faster and more stably.
Jaccard loss has sharper transitions, which can make
optimization unstable in cases with sparse positives.
In vessel segmentation, missing thin vessels is a bigger
issue than detecting some background as a vessel. Dice
loss, by prioritizing recall through its weighting of true
positives, helps the model to detect finer structures. In
summary, Dice loss is more effective than Jaccard loss
for binary, sparse, and highly imbalanced segmentation
tasks, such as blood vessel segmentation in fundus
images. It can also be observed that a learning rate of
0.0001 yields better IoU compared to other learning
rates.

Optimum hyperparameters, identified in previous
experiments, are used for the ablation study, as shown
in Table VIII. A few of the observations are: 1)
changing the backbone from MobileNetV3 to ResNest
improves the IoU significantly and 2) changing the
architecture from U-Net to U-Net++ and fine-tuning
the hyperparameters improves the IoU. It can be noted
that U-Net++ with ResNest architecture, with a batch
size of 32, RAdam optimizer, Dice loss, and Cosine
annealing LR scheduler results in the best IoU score.

In the research, there is an attempt to train and
evaluate the model on each dataset separately, but
it results in a lower IoU. The results in Table IX
suggest that, to achieve a higher IoU, the model has

to be trained on the consolidated dataset containing
the training samples from all datasets and evaluated
on each dataset separately.

The main intent of the research is to identify the
key architectural components of deep learning that
influence the performance of the semantic segmenta-
tion model by extensively experimenting with various
semantic segmentation architectures, feature extractor
backbones, and hyperparameters. It can be observed
from the results that skip connections (U-Net archi-
tecture) improve the IoU by around 1.5%, while deep
supervision (U-Net++ architecture) improves the IoU
by a further 3%. Encoder based on attention mech-
anisms (ResNeSt) further upgrades the performance
by around 2.5%. In summary, a combination of skip
connections, deep supervision, attention mechanism,
and hyperparameter tuning results in state-of-the-art
performance on multiple fundus datasets.

C. Comparison with State-of-the-Art

Most of the state-of-the-art papers have reviewed
and used sensitivity and accuracy to benchmark their
models. Hence, sensitivity and accuracy are calculated
along with IoU for the models developed in this
research. Table X indicates the results of benchmark-
ing of the proposed U-Net++ model with methods
proposed in the literature on the DRIVE and STARE
datasets.

Previous research has used a CNN-based architec-
ture for the segmentation of blood vessels, leading to
lower accuracy and sensitivity [6]. Another research
has used a DeepLab semantic segmentation model
where CRF-based post-processing and the absence of
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TABLE IX
PERFORMANCE OF THE MODEL WHEN TRAINED ON INDIVIDUAL DATASETS VS CONSOLIDATED DATASET.

U-Net++ + ResNeSt + Batch 32 + RAdam Learning Rate (LR) 10~% + Cosine Annealing LR Scheduler + Dice Loss

Vessel IoU (Test Data)

Dataset Train Time (Min/Epoch)

Train and Test on Each Dataset Separately

Train on Consolidated Dataset, Test on Each Dataset

DRIVE 0.27 65.12 67.82
STARE 0.37 64.48 66.29
HRF 1.50 62.43 63.89
HEI-MED-1 1.94 69.12 71.34
HEI-MED-2 4.11 77.66 78.45
Note: Consolidated training improves vessel Intersection over Union (IoU) across datasets.
TABLE X
COMPARISON WITH METHODS PROPOSED IN THE LITERATURE.

Proposed Model from Table VIII: U-Net++, ResNeSt, Batch 32, RAdam, LR 10_4,

Cosine annealing scheduler, Dice loss, and Intersection over Union (IoU) for blood vessel

segmentation: 72.76%

Research DRIVE STARE

Sensitivity ~ Accuracy  Sensitivity ~ Accuracy

[6]: Custom CNN 78.37 96.13 - -

[16]: DeepLab 74.12 95.85 71.30 94.89

[9]: Feature Pyramid Network (FCN) 77.09 96.33 - -

[20]: U-Net 75.81 96.12 76.33 96.10

[30]: U-Net 79.63 96.72 80.03 96.88

[24]: U-Net + Custom CNN 84.33 - - -

[28]: U-Net + VGG - - 79.48 96.48

Proposed model 85.25 97.72 83.87 98.23

Note: Bold values indicate the best performance.

an encoder-decoder architecture reduces the perfor-
mance of the model [16]. Then, previous research has
proposed FCN for segmentation, where skip connec-
tions are not used. Therefore, it degrades the per-
formance of the model [9]. Similarly, another study
has proposed a U-Net model based on a DenseNet
encoder [20]. Then, previous research has used U-
Net architecture-based cascades with ResNet and In-
ceptionNet backbones, respectively [30]. Then, U-
Net-based architecture with custom CNN and VGG
backbones is proposed [24, 28]. However, the U-Net
architecture does not use deep supervision and an
attention mechanism. Hence, the U-Net++ architecture
and ResNeSt backbone identified in this research com-
fortably outperform methods proposed in the literature
for all experimented datasets.

IV. CONCLUSION

Automated vessel segmentation is essential for the
detection and monitoring of retinal diseases like di-
abetic retinopathy. In the research, an attempt has
been made to train, evaluate, benchmark and analyze
the performance of 7 different semantic segmentation
architectures with 10 state-of-the-art pre-trained back-
bones on 5 different open-source fundus datasets for
the segmentation of retinal blood vessels. A compre-
hensive analysis is conducted to identify the optimum

hyperparameters like optimizers, schedulers, and batch
sizes. Overall, around 97 different experiments are con-
ducted. U-Net++ segmentation architecture, ResNeSt
backbone, RAdam optimizer, Cosine annealing learn-
ing rate scheduler, Dice Loss and a batch size of 32 are
identified as the best settings for vessel segmentation.
The proposed techniques result in state-of-the-art accu-
racy of 97.72%, 98.23%, 97.62%, 97.83% and 98.42%,
along with IoU scores of 67.82%, 66.29%, 63.89%,
71.34%, and 78.45% for DRIVE, STARE, HRF, HEI-
MED-1 and HEI-MED-2 datasets, respectively.

In conclusion, the research provides a systematic
benchmark of segmentation architectures, backbones,
and hyperparameter choices for retinal vessel segmen-
tation and identifies the combination of U-Net++ with
ResNeSt as the most effective. By integrating deep
supervision and attention mechanisms, the research
advances the state of the art in automated retinal vessel
analysis. The researchers believe these findings con-
tribute to the broader field of medical image analysis
and offer a strong foundation for developing robust
clinical decision support systems for retinal disease
screening and monitoring.

Despite the strong performance, certain limitations
remain. The research relies on publicly available
datasets, which may not fully capture the diversity of
real-world clinical populations, and dataset imbalance
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continues to be a challenge. Imaging artifacts, illumi-
nation variability, and differences across acquisition
devices may also affect generalization. In addition,
training on higher-resolution images or larger datasets
is limited by computational resources, and external val-
idation with unseen hospital datasets is not performed.
Addressing these challenges opens directions for fu-
ture work, such as fine-tuning models for biomarker
segmentation in diabetic retinopathy and age-related
macular degeneration, fusing vessel segmentation with
biomarker and disease classification models, employ-
ing generative augmentation techniques to mitigate
data imbalance, implementing cascaded segmentation
models on more powerful GPUs, and optimizing de-
ployment for mobile and point-of-care devices.
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