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Abstract: Studying vascular pictures, which provide insight into the morphological alterations that have taken place, is the only way to
gain an understanding of the diseases that are at the root of the problem. The separation of vessel morphology is the most important phase
in the process of analysing vascular images. As a consequence of this, the authors of this study demonstrate the enhancement and separation
of blood arteries for images that were acquired from a wide variety of medical imaging modalities. Following the completion of image-
specific pre-processing, a VSSC Net is constructed in order to isolate the images of the retinal fundus and CA in order to isolate the blood
vessels. The two VE layers that are superimposed on top of VGG-16 are made up of the VS blocks, the SC layers, and the feature map
summation with enhanced supervision. It is possible to distinguish the trained vessels from the rest of the image by using a technique
known as feature map summation. The effectiveness of this network and the speed at which it can execute were unaffected across all
datasets.
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1. Introduction processed in order to minimize classification errors and
central reflex issues. However, because of the additional
computational burden, it is challenging to segment the
vessels that are close to the FOV's edge. After separation
by the DNN, a probabilistic method of vessel tracking
produces superior results [3].

Many image processing-based approaches are used to
segment the vessels in the CA pictures. Multiscale
approaches are the category these algorithms fall under.
Combining supervised and unsupervised learning
techniques, morphological operation-based processing,
and expanding regions less precise separation of arteries
arises from the managed method that gives the multiscale
Gaussian MF outputs to the ANN. Gaussian and Gabor’s
characteristics were combined in the vessel design. It
misses the fine after doing the binary separation of vessels
for blood. The vascular separation in the CA images is
likewise done using deep learning-based methods. For the
separation of vessels, a standard CNN was created [4].

Normal heart rate and normal vision are necessary for
survival and improved living. A unified algorithmic
method for vessel separation would benefit from saving
time and reducing complexity because the vessels are
present in the same way in both retinal fundus and CA
images obtained from different imaging modalities. But
because there are intricate vascular trees, low vessel
contrast, uneven illumination, and overlapping
background objects like bones and catheters, it is
extremely difficult [1].

Moreover, it might produce accurate separation of
vasculature using a network of progressive convolutional
layers that have learned numerous representations [2]. NN
with five layers that uses the input patch is appropriately
and immediately mapped to the vessel patch by the
autoencoder. It is susceptible to mistakes and differences
in the base connections. The no-pool CNN architecture
receives the input image patches that have been previously
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Fig I: Retinal fundus image (Chalakkal et al., 2020).

The recognized methods for vascular splitting up that
were previously stated are related to the vasculature for
particular input medical pictures like the fundus or CA as
shown in Figure I. It is located that the same techniques,
morphology-based, MF, level sets, supervised learning,
and deep learning are used for vessel separation learning
strategies. Furthermore, it is well known that vessel
morphology can be examined and used for quantitative
assessments if the blood is segmented [5].

The vases are accurate. The gold standard for vascular
disease diagnosis using fundus and CA images is known
as vessel separation. So, it would be advantageous if the
blood vessels obtained from the two different modalities
were segmented using a standard network design. Also,
the built network should operate at an ideal processing
speed and have greatly better performance [6]. It is clear
from the literature that deep learning-based approaches
demonstrate greater fundus and CA separation accuracy.
The current approaches exhibit a number of limitations for
thin or fine vessel separation, vessels near lesions, and
other difficult situations, processing time and complexity,
failure to learn pertinent features, use of several CNN
stages, and complex post-processing techniques [7].

The VSSC Net is created to automatically segment the
vessels from both the fundus and CA images after
conducting image pre-processing in order to get over these
limitations. The subsequent layers of the VSSC Net adapt
the network for accurate blood vessel separation. With the
proposed VSSC Net, issues such as low contrast micro
vessels and vessels do not cause separation performance
to decrease but rather increase pathological lesions
nearby, a central reflex, an optic disc, a boundary, uneven
lighting, bones casting shadows, etc. Moreover, the

processing time is short because VSSC Net's
computational weights are among the lowest among
networks with completely connected layers, a result [8].
The majority of current methods are trained and evaluated
using freely available public datasets. Instead of using the
online datasets, the VSSC Net is also tested using offline
hospital/clinical datasets. The VSSC Net can take any
input image size and produce a probability map that is
similar to the input image size since it is an FCN that
conducts image-to-image separation. The following
subsections provide a thorough explanation of VSSC
Net's organizational structure [9].

What follows is the outline for the rest of the paper. The
related work is briefly described in part 2, and the
methodology and the theoretical foundations of the
methods used are described in section 3. The simulation
results and analysis are presented in section 4. For the
paper’s final section, “key findings” we summarize the
most important results.

2. Existing Work Done:

Medical Image Repository: The researchers can evaluate
the performance of the created algorithms with results
produced by other researchers thanks to a publicly
accessible medical picture database. The database
typically includes the colour/grayscale photos and the
manually segmented ground truth for the vessels. The
following subsections provide the retinal fundus database
and the CA database utilized for vascular separation [10].
This database was used to conduct studies comparing
methods for segmenting retinal, a few researchers utilized
it to study blood arteries. The colour fundus photos have
a 565 by 584-pixel resolution [11]. The 40 photos are
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chosen at random from a group of 400 patients with DR.
It is separated into training and test sets, with 20 photos in
each. It is possible to manually segment the training and
test images. For the test photos, there are two manual
separations available, however, the first one is taken as the
actual situation. The other can be used to evaluate
separations produced by ophthalmologists as opposed to
computer-simulated separations [12].

A prestigious university started the STARE initiative, and
they contributed a database with 400 photos of the retinal
fundus. In this database, a set of 20 photos for the
separation of blood arteries is available, of which 11
images have pathologies. The image has a resolution of
around 605 by 700 pixels, with 8 bits in each colour
channel [13]. The FOV has a 650 by 500-pixel diameter.
The manual separations of the first observer are used as
the benchmark to validate the separation performance. It
is a complicated dataset that evaluates the noise's
robustness [14].

A reputable Institute's Cardiology Department has given
the XCA database ethical clearance for use in the
separation of blood vessels study. The first 100 photos
from the dataset are utilized for vessel separation
algorithm training, while the remaining 30 images are
used for algorithm testing [15].

This feature extraction and selection is challenging and
demands in-depth understanding. Deep learning-based
approaches could provide solutions to the challenges in
separation  tasks  without employing artificial
characteristics to train the network as the CNN develops
[16]. Because CNN makes use of numerous convolutional
layers that mimic the human brain, this methodology
offers superior separation performance. On occasion, it
was even able to find the vessels that even a skilled
ophthalmologist could not differentiate. Therefore,
conducting the feature extraction operation does not
necessitate considerable mathematical expertise. Instead
of being labour-intensive, it is heavily machine-intensive
[17-18].

A few academicians have developed an approach in which
CNN is used to extract features, which are then fed into
the RF classifier for separation. Both adjustments in
rotation and scale have no effect on it. Even near diseased
lesions and portions of thin arteries, it demonstrates
improved separation [19].

Several researchers employ a straightforward two-layer
patch-based CNN to segment vessels in the XCA pictures.
Although this approach is less complicated, the separation
accuracy is rather low. Using a retinal image dataset made
up of 4 lakh image patches, a DNN is created with the
presence and absence of a pooling layer. Both DNNs'
training phases make use of the pre-processed and
enhanced patches. The no-pool DNN outperforms the
competition as computing complexity rises, and it is

resistant to FP, FN, and central vessel reflex difficulties.
Deep CNN and probabilistic tracking are used to find the
blood vessels. After probabilistic tracking, the segmented
vessel partially removes the optic disc [20-22].

The Purpose of the Research Work

1) To develop an algorithm using VS-SC CNN for vessel
separation.

2) To analyse and visualize vessel morphology to identify
vascular disorders.

3.  The Proposed Work:

In contrast to traditional methods, deep learning-based
approaches improve separation accuracy in both the
fundus and CA, as evidenced by the existing literature.
Thin or fine vascular separation, vessels near the lesions
and other tough situations, processing time and
complexity, failing to learn key features, utilisation of
several CNN stages, and complex post-processing
procedures are all areas where current systems fall short.
In order to get over these limitations, we developed the
VSSC Net to automatically segment the vessels in the
fundus and CA images following image pre-processing.
There are several layers that work together to fine-tune the
VSSC Net for accurate blood vessel separation.

1. In our work, we use V 1 and V 2 in addition to the
VGG-16 to fine-tune the vessel extraction.

2. In a nutshell, the unique feature map summation is
combined with the SC layers and the VS blocks to
form the V layers. To improve feature learning and
propagation, the VGG-16 uses these layers to filter
the wvascular features from the intermediate
convolutional layers.

3. The VS blocks in V 1 squeeze the feature maps to
retrieve the important vessel data. While using VE 2,
features are gathered via an enlargement of the
feature maps. Additionally, the network is able to
learn fine-tuned vessel properties and reduce the
presence of noisy objects thanks to the feedforward
and feedback connections between the SC layers.

4. VGG-16 and SC layers in V 1 and V 2 features are
combined in the feature map summation, which is
the fourth layer. Individual loss/sigmoid functions
then guide the succeeding feature mappings. After
fusing each loss and sigmoid separately and then
weighting the result, the final probability map may
be retrieved. For the purpose of performance
evaluation, the probability map has been binary-
segmented.

In spite of obstacles such low contrast microvessels,
vessels proximal to pathological lesions, central reflex,
optic disc, boundary, non-uniform lighting, covering
shadow of bones, etc., the proposed VSSC Net maintains
or even improves its separation performance. In addition,
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the VSSC Net's small computational weights mean it can
be processed quickly compared to other networks with
fully connected layers.

Input Image

Base Network

V-1 Layer (VS1-VS4)

V-2 Layer (VS5-VS7)

Ground Truth

Weighted output hybrid

Vessel Probability Map

Fig 11: The Proposed Block Diagram.

For this purpose, we will use a pre-trained version of the
VGG-16 network (4 stages). It facilitates the transfer of
knowledge. With the VGG-16, the convolutional layers
become deeper from fine to coarse feature learning. As
blood vessels are delicate structures, just the first four
stages of VGG-16 are needed. The four-stage VGG-16
can be seen at the top of Figure Il. There are many training
parameters included in this base network.

This new framework was created to separate the vessel-
specific features from the VGG-16 network's globally-
learned features. It has two levels of VV, numbered V-1 and
V-2. Layers 1 and 2 are made up of VS blocks, SC layers,
and a summed feature map using a separate loss/sigmoid
function.

4.1. V-1 Layer:

At this layer, the VS blocks are used to first extract the
ROI from the activation map outputs of the base network.
To learn vessel traits at different scales, the SC layers then
do a better job of spreading them around inside and
amongst the V'S blocks through feedforward connections.
The process of acquiring multiscale feature maps involves
the execution of specialised feature map summing. For
more efficient gradient propagation, each multiscale
feature map is supervised independently using
loss/sigmoid.

4.2. VS Layer:

Further convolutional layers using big filter sizes will
increase the computational complexity because to the
large number of feature maps used by each convolutional
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layer in the base network. Moreover, there is no
requirement for so many feature maps. In order to reduce
the depth dimension by 1/8, feature map pooling uses 11
convolution with a stride of 1. In practise, we find that 1/8
is sufficient to give more advanced features with a lower
computing burden.

4.3. VE-2 Layer:

The VS and SC layers are produced when S1, S2, and S3
are fed into the V 2 layer, respectively. The three SC
layers communicate with one another in a feed-back
fashion, spreading the learnt features throughout. The
multi-scale feature maps that result from the averaging are
then supervised independently using the loss/sigmoid
functions.

4. Result and Analysis:

For an in-depth look at how well the VSSC Net segments
data, the performance evaluation is crucial. The
effectiveness measurements are the sensitivity,
specificity, accuracy, and AUC whose formula is given
below.

Senstivity = % X100 Q)
Specificity = aninp X100 )
Accuracy = TWATe X100 3)

Total data Sample

Table I displays the average values for all performance metrics across all datasets.

Data Set Enactment processes Implementation Time
SN SP ACC AUC Sole Image | Complete
Data set

DRIVE 0.8124 0.9821 0.9724 0.9815 0.24 2.32
STARE 0.8721 0.9824 0.9745 0.9921 0.23 1.85

HRF 0.7182 0.9854 0.9624 0.9624 0.15 4.35
CHASE 0.7341 0.9875 0.9687 0.9714 0.24 2.52

DB1

The binary segmented images, as can be seen, mimic the
ground truth in a way that is very similar. The cardiologist
was unable to identify all of the fine blood arteries, but the
Net was able to. The photos contained within the DRIVE
and STARE standard datasets have been segmented

properly and with improved performance. The time it
takes to produce the probability map for a single image
takes less than 0.3 seconds on average, and the time it
takes to produce the map for the entire dataset is less than
5 seconds.
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Fig I11: Performance Measure comparison of different dataset.
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Fig 1V: Execution time comparison of different dataset.

Fig V: The real-world retinal fundus images, vessel map and the binary separation are presented vertically from the top to

The VSSC Net is also used to evaluate the performance of
the system on real-world, hospital-collected photos.
Retinal pictures with vessels split are displayed in Figure
V. The fundus pictures in the first two rows are the typical
ones. As seen in the third column, DR patients' exudates
indicate active disease. The patient's retinal pictures
caused by AMD are displayed in the fourth column.

bottom.

Since the vessels are assumed to have a Gaussian
distribution, the 33 Gaussian convolution is used to detect
and highlight the vessel regions in the VS blocks and SC
layers. The proper vessel extraction at each granularity
relies heavily on the choice of values for the Gaussian
kernels. The V 1 VS blocks are used as a starting point for
designing a more complex network. To increase the
receptive field of the underlying layers, the VS block uses

International Journal of Intelligent Systems and Applications in Engineering

IISAE, 2023, 11(8s), 242-250 | 247



more vessel-specific Gaussian convolutions. In order to
objectively evaluate factors like vessel visibility, the CNR
is used. A higher CNR value means the blood vessels are
more easily visible. Based on the data in Table II, it
appears that the feature propagation strategy allows the

SC layers to achieve superior vessel visibility compared
to VS blocks. Although SC 2 has a lower CNR than VS 2,
subjective analysis reveals the presence of low-contrast
vasculature.

Table I1: Quantitative analysis of the vessel visibility using CNR in the V-1 layers.

Metric V-1 layer
VS1 VS 2 VS3 VS 4
CNR 0.285 0.512 0.883 0.534
SC1 SC2 SC3 SC4
CNR 0.5012 0.3514 0.9151 0.5514

Table I1: Quantitative analysis of the vessel visibility using CNR in the V-2 layers.

Metric V-2 layer
VS5 VS 6 VS7
CNR 1.235 1.124 0.9824
SC5 SC6 SC7
CNR 5.816 3.452 3.124
It appears from Tables Il and Il that the feature additional individual supervision make up each of the V

propagation strategy helps the SC layers achieve good
vessel visibility, in contrast to the VS blocks. Although
SC 2 has a lower CNR than VS 2, subjective analysis
reveals the presence of low-contrast vasculature. When
compared to the results of SC 1, SC 2, and SC 3, SC 4's
qualitative analysis reveals a disorganised image that fails
to highlight the vessels. In comparison to the V-1 layer,
the V-2 layer significantly improves vessel visibility while
simultaneously decreasing background noise.

5. Conclusion:

Diseases of the vasculature (such as DR, hypertension,
cardiovascular, and cerebrovascular illnesses) are
intricately interwoven with the process of retinal blood
vessel separation. It is widely agreed that proper vessel
separation is the first and most important step in
diagnosing disorders affecting the retinal fundus and the
CA vascular systems. The existing literature reveals that,
despite the differences in vessel lengths and patterns, the
vessels are similar enough that the same methods may be
used for vessel separation in both images.

Hence, a vessel separation and classification network
(VSSC Net) is introduced, which can extract vessels from
XCA and retinal fundus pictures. The Net consists of two
V layers on top of the underlying VGG-16 network. The
VS blocks, SC layers, and feature map summation with

layers. The performance measures on the four fundus
datasets and two CA datasets are used to evaluate the
binary vessel separation pictures. On all datasets, the
VSSC Net is able to improve Acc values. The Net also
earns the top AUC values on the DRIVE and STARE
datasets. In addition, the real-world retinal fundus and CA
images obtained from the local hospital showed improved
separation outcomes. Hence, this Net can separate the
blood vessels from many types of medical imaging data.
The SC layers and VS blocks use improved feature
learning and propagation to pinpoint the precise location
of the vessel features. Via a process of feature map
summing, the trained vessels can be isolated from the rest
of the image. For each dataset, this network's efficiency
and speed of execution were not affected.
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