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Abstract: The problem of segmenting retinal blood vessels in fundus images arises from the challenges of
accurately detecting and delineating vessels due to their complex structures, varying sizes, and overlapping
features. Manual segmentation is time-consuming and prone to human error, leading to inconsistent results.
Additionally, existing automated methods often struggle with low-quality images or variations in illumination,
hindering their effectiveness. Therefore, there is a pressing need for an efficient and accurate automated
system to improve segmentation outcomes for better diagnosis of retinal diseases. This study proposes a fully
automated model for blood vessel segmentation in retinal fundus images, addressing key challenges such as
poor image quality, weak vessel detection, and inhomogeneity in contrast. Macular degeneration and diabetic
retinopathy are major causes of vision impairment, making accurate retinal analysis crucial. The proposed
model enhances image quality through a novel pre-processing pipeline that includes logarithmic contrast
enhancement, noise reduction using an improved complex wavelet transform with shrinkage, and anisotropic
diffusion filtering for edge enhancement. The segmentation method combines morphological operations with
an optimized Canny edge detector, effectively identifying and segmenting blood vessels. This approach aims to
improve the accuracy and efficiency of retinal image analysis, overcoming the limitations of manual segmen-
tation and complex vascular structures. The results obtained from the DRIVE dataset achieved high values for
accuracy (Acc, 99%), sensitivity (Sen, 95.83%), specificity (Spe, 98.62%), positive predictive value (PPV, 91.34%),
and negative predictive value (NPV, 94%). In addition, the results obtained using the high-resolution fundus
dataset were equally satisfactory, achieving an Acc., Sen., Spe., PPV, and NPV of 99.11, 97.97, 98.97, 97.98, and
100%, respectively. These results outperform the gold standard and state-of-the-art schemes to date. The
proposed approach increases the performance and reliability of the process of vessel detection in fundus
images.

Keywords: segmentation, retinal blood vessels, fundus images, complex wavelet transform, anisotropic diffu-
sion filtering, DRIVE dataset, HRF dataset

1 Introduction

Quantitative analysis of retinal fundus images (RFIs) has proven to be an important tool in the diagnosis and
management of heart and eye diseases by this method for many conditions, including macular degeneration,
diabetic retinopathy (DR), glaucoma, hypertension, atherosclerosis, venous occlusion, and choroidal
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neovascularization. Investigated notably, the leading cause of vision loss worldwide is DR [1]. Accurate seg-
mentation of the retinal vasculature is essential for obtaining quantitative parameters, such as vessel tortu-
osity, thickness, length, and density, which serve as important indicators of eye health. Beyond diagnostic
applications, the segmented vascular tree is also crucial in image registration and mosaicking [2]. Other
applications are in production, optic disc localization, foveal recognition, and biometric authentication.
Figure 1 shows typical RFIs and corresponding manual blood vessels.

Figure 1: DRIVE dataset and RFI with the blood vessel structure manually drawn.

Automatic identification of different segments of blood vessels is a crucial technique in determining the
causes of many retinal disorders, including DR and macular degeneration. High density and tortuosity of the
retinal vessels, variations in size, form, and degree of overlapping all contribute to difficulties in segmentation
and tracing. The conventional way of segmenting documents based on a human expert’s input is also very
tedious and is likely to give different results each time. Consequently, the need for advanced segregation
procedures that can help diagnose pathological changes in RFIs is becoming increasingly necessary to provide
the best means of treatment for patients with a likelihood of vision loss. Novelties in image processing, as well
as the area of machine learning, have brought into existence complex automated algorithms whose goal is to
enhance both the accuracy and speed of blood vessel identification in retina images. They apply different
techniques of pre-processing like noise elimination, contrast stretching, bending, and edge detection on the
resultant image. However, current methods still face specific problems in low-quality images, changes in light
conditions, and high difficulty of vascular structures. Thus, the requirement for a sound and efficient auto-
mated method, which is capable of solving these problems and offering high performance in segmenting
retinal blood vessels, has never been before as important as now since it is highly valuable in enhancing
patient care and driving the research on retinal disorders.

Manual segmentation is a time-consuming and error-prone process, especially in cases involving complex
neural systems or large-scale images. Consequently, automated systems that can accurately segment and
extract clinically relevant features from retinal blood vessels are needed to assist ophthalmologists in early
diagnosis and treatment evaluation [3]. Nevertheless, there are some disadvantages of segmenting the vascular
tree in retinal images manually; these are time consuming and prone to inter-observers’ variability. This is
particularly true when the number of images is relatively high and where the structure of the vessel in
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question is intricate [4], making time consumption the most significant factor in the operating process of the
images [5] and tiresome to the specialists due to the complexity of the images. The consequence of processing
many images is that humans make mistakes. These are a single group of total errors, which must be eliminated
because their occurrence might contribute to diagnostic errors [6,7]. The challenges that are usually accom-
panied by the manual segmentation of the vascular tree in retinal images may easily detract from the quality
of the treatment that the patients receive and, in some extreme circumstances, even cause blindness among
these patients. On the other hand, while the field of retinal vessel segmentation has received a significant
amount of research much less has been said on the field that is rather focused on the classification of the
segmented vessels. However, it reduces the classification of arteries and veins in the automatic model of RFIs
because arteries and veins have similar descriptive characteristics, and the contrast and lighting of the fundus
image differ [8]. The two main artefacts related to the retinal images are the non-uniform contrast and the light
changes that take place in intra- and inter-images.

Veins, arteries, and capillaries can be easily seen on the fundus where no other part of the body can he
seen. Diameters of the vessels in the fundus are the primary actionable signs of various retinal and cardio-
vascular pathological conditions. Hence, there is a necessity of proper delineation of vessels from the retina to
diagnose and conduct screening for these diseases. Over the past few years, great efforts have been devoted to
the study of retinal vessel segmentation. This study offers a detailed discussion of automated retinal vessel
segmentation methods, categorized according to the type of work presented and organized chronologically,
ranging from prior methods to those in the deep learning era, including unsupervised and supervised ML
classification. Singh et al. solved the difficult problem of blood vessel division in color fundus images by deep
learning, which is usually done by experienced clinicians [9]. To improve the effectiveness of this procedure,
the researchers used five state-of-the-art deep learning architectures (U-Net, DenseU-Net, LadderNet, R2U-Net,
and ATTU-Net) and a new network design known as R2-ATT U-Net for precise delineation of the RBVT. On the
STARE dataset, for patch extraction, they considered 10,000 patches per image for processing, 8,000 of them for
training, and 2,000 for testing purposes. Besides accuracy (Acc), sensitivity (Sen), specificity (Spe), and AUC
were employed for the evaluation of the general performance of the models. These models yielded LadderNet
to be the model with the best Acc of 0.971, slightly exceeding the result of the enhanced R2-ATT U-Net. However,
there are several limitations in this study: the applicability of the proposed methodologies is only based on the
STARE dataset that may not include all possible clinical situations; all the experiments were conducted on
fixed resolution images; the proposed methodologies should be validated with more number of datasets in the
future studies. Almeida et al. provided an efficient automated technique to segment the blood vessels from the
fundus image for diagnosing ROP Plus Form, an eye disease that causes blindness [10]. The pipeline utilizes
techniques like CIELAB enhancement and vesselness filtering, attaining an intricate exactness of 0.94 for the
Clarity RetCam3, while the DRIVE Database attained 0.95. As a result of the experiments, it has an acceptable
level of Spe and Sen demonstrating the clinical relevancy of the presented method. However, the drawback is
the dependence on certain types of imaging systems and possible variability of the clinical application of the
results. In this way, Das et al. proposed a new framework for extracting the blood vasculature from RFIs by
utilizing the Hessian-based Frangi vesselness filter to make thin structures stand out and reduce intensity
variations between thick and thin arterial tree partitions [11]. They examine the filter using an experimental
design of the U-Net model and determine Acc, recall, Spe, precision, and F1 score on multiple datasets,
achieving a high Acc of 99.05-99.84%. Although the finding fairly shows that the proposed filter has achieved
good improvement in the vessel segmentation techniques, this study does not adequately assess the filter’s
robustness in terms of clinical application, which may reduce its practicality. Altogether, this study extends
helpful knowledge for disease diagnosis through automated analysis of retinal images.

Another study by Kaur and Brar proposed a blood vessel segmentation approach that combines the Sine
Tree-Seed Algorithm and Fuzzy C-mean for enhanced segmentation in RFIs [12]. This method of image
enhancement uses adaptive histogram equalization for the enhancement of contrast and uses average filtra-
tion to reduce the amount of noise on an image prior to using STSA and FCM for the extraction of blood vessels.
The approach is analyzed on the DRIVE and STARE datasets to show better efficacy than the existing techni-
ques. Yet, the applied specific datasets in the study restrain the generalization of the approaches for a wide
range of clinical conditions. Addanki and Sumathi focused on DR, one of the major diabetic complications that
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cause blindness among diabetic patients, through the advent of a current deep learning model, the DRLeU-Net,

to perform segmented blood vessels from RFIs [13]. This method improves the general U-Net structure, which is

beneficial in boosting actual time application, bearing in mind that it mitigates time and space dimensions. The
evaluation was carried out on a publicly available dataset, and real results were also encouraging: AUC of

0.988, 10U of 0.94, and the equality found the proposed method to be superior to others in a number of ways.

However, the work may be constrained and perhaps depend on a particular dataset and may need to be tested

on other data sets before being generalized.

The proposed work presents a novel, fully automated system for segmenting blood vessels and quantifying
clinical features within RFIs. The segmentation process comprises three primary stages: (1) a new image pre-
processing pipeline, (2) a novel, fully automated segmentation method, and (3) a novel blood vessel linking
algorithm. The main contributions of this work in every stage can be summarized as follows:

* A new pipeline is implemented to optimize RFI quality for enhanced blood vessel visibility. It uses a
logarithmic transform, an innovative denoising approach rooted in an improved complex wavelet transform
(I-CWT), a shrinkage process, and finally, an anisotropic diffusion filtering.

* We present a novel, fully automated segmentation method using an initial morphological filtering step (with

linear structuring elements), followed by an advanced and optimized Canny edge detector.

A novel blood vessel linking algorithm is proposed to address the problem of discontinuous vessel segments

and branches, enhancing the precision of extracted clinical features, such as vessel length, thickness, and

tortuosity.

To assess the performance of the proposed blood vessel segmentation algorithms, the well-known DRIVE and

high-resolution fundus (HRF) datasets of RFIs are employed. These datasets have been used because they

often contain so-called ground truth (GT) images that were drawn by hand, allowing the proposed approach
to be evaluated in terms of the degree of convergence it maintains with these GT images for segmentation
results.

The organization of this work is as follows: Section 2 presents the proposed methodology for segmenting
blood vessels and quantifying associated clinical parameters. The results and discussion for segmenting blood
vessels and quantifying are presented in Section 3. Section 4 shows how the features of vessel blood are
calculated, whereas Section 5 deals with the thickness of vessel blood. Finally, conclusions are given in Section
6, followed by some suggested future works.

2 The proposed system

Exploiting the model proposed for the segmentation of retinal blood vessels in fundus images in this study, eye
care givers are able to screen diseases such as DR within a short span of time and obtain either the semi-
automated or fully automated results. In addition, through telemedicine, providers of the eye can use remote
and distributed fundus imaging in mainly local primary care and central ones to enhance the screening,
which, in turn, requires the needed treatment. Telemedicine initiatives can, therefore, be supported by
automated retinal screening models, of which the recommended model is proposed in this study. The proposed
automated model concerns the web-based upload of the images of the retina for a specialist to provide
evaluation results after analyzing the reports. There are two areas of contribution to this study: (i) design
of a fully automated segmentation model that can boost the different anatomical areas in RFIs and interlink
them, and (ii) design of a fully automated hybrid segmentation model for merging the different RFIs.

The novel automated system for segmenting retinal blood vessels and quantifying associated clinical
features proposed is presented in Figure 2. Intended to increase diagnostic precision and decrease ophthal-
mologist burden, the system has three principal stages: image pre-processing, segmentation, and clinical
feature extraction. An initial image pre-processing stage was implemented to enhance image quality for
subsequent analysis. This involved the application of logarithmic transformation, [-CWT, and anisotropic
diffusion filtering to optimize contrast, amplify blood vessel visibility, and reduce noise, respectively.
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Figure 2: Automated system proposed for segmenting blood vessels and quantifying associated clinical parameters. Source: Images
obtained from DRIVE dataset.

Subsequently, a segmentation process was employed, incorporating morphological operations and an
enhanced Canny edge detector to precisely delineate blood vessel structures. To bridge vessel discontinuities,
a linking algorithm was applied. Finally, in the clinical feature extraction step, the segmented vessels are
characterized to derive essential measures such as vessel roadmap of the proposed method for vessel seg-
mentation and clinical feature extraction tortuosity and thickness and the overall length. These features are
essential for the early indication of diseases such as retinopathy and cardiovascular diseases. The extracted
clinical features can be used to evaluate the condition of the patient and produce knowledge to diagnose
prematurely. This way, the system saves a substantial amount of time that ophthalmologists would otherwise
spend diagnosing eye diseases manually, acting much faster and more accurately. This automated approach
also enables retinal telemedicine because it enables healthcare professionals to upload images of the retina
remotely and analyze them to increase the accessibility of retinal screening programs. Figure 3 illustrates the
proposed methodology for connecting blood vessel segments (BVSs), presenting the discontinuities and the
process to connect the blood vessel isolated segments.

V

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

Figure 3: Steps for linking the algorithm: (a) initial segmented image, (b) disconnected vessel endpoints highlighted (red circles), (c)
binary circular structures superimposed, and (d) linked blood vessels. Images obtained from DRIVE dataset.
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2.1 Image pre-processing stage

The primary objective of this stage is to enhance the retinal image quality by addressing non-uniform

illumination, contrast normalization, and background noise reduction. The proposed image pre-processing

pipeline consists of the following steps:

1. Green channel extraction: Isolating the green component from the color retinal image.

2. Illumination correction and contrast enhancement: Applying a logarithmic transformation to rectify
uneven illumination and accentuate edge structures within the retinal image.

3. Noise reduction: Employing an improved dual-tree complex wavelet transform-based denoising technique
to decompose the image and suppress noise through a shrinkage process.

4. Edge enhancement: Implementing anisotropic diffusion filtering to amplify the visibility of blood vessel
edges in the RFL

Apparently, human observers can identify the blood vessel structures in images of full-color contrast,
though the proposed approach entails a computational maze through the three-color bandwidths, thereby
protracting time in generating the final images with the segregated blood vessels. To counter this, the pre-
sented morphological filtering algorithm begins with the process of selecting the green channel of the input
image. This channel offers superior differentiation between background and retinal blood vessels compared to
other color channels, as illustrated in Figure 4c.

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

Figure 4: Comparative analysis of a color retinal image with its constituent color channels: (a) original image, (b) red channel, (c) green
channel, and (d) blue channel. Images obtained from DRIVE dataset.

The steps followed by the segmentation algorithm are presented for an example image in Figure 5.
Logarithmic transformation is a mathematical technique for enhancing contrast in retinal images [15]. This
method effectively maps narrow pixel values with low intensities to a broad spectrum of output intensities. As
a result, the dark areas of the image are stretched to greater intensity, resulting in a noticeable increase in the
overall image contrast and brightness. When logarithmic functions are applied to pixel values, the method
compresses high-intensity values, broadens low values, and thus highlights details that are normally not
visible in contrast retinal images in a few cases are highlighted (Figure 5c). This technique has shown promise
to improve visualization of vital structures in the retina and subsequently facilitates imaging analysis and used
for diagnosis. A logarithmic transformation can be applied to the input image within the proposed system as
follows:

r’=c- log1 + f). M

The modified output image, denoted as r”, is generated through the application of a logarithmic transfor-
mation to the green channel of the input image, represented by f. A constant value of 0.5 is assigned to
parameter c. Logarithmic transformations are commonly employed to amplify the intensity levels within
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Figure 5: Sequential overview of the proposed system’s output stages: (a) original input image, (b) isolated green channel, (c) image
transformed by the logarithmic method, (d) result of applying the I-CWT, (e) output following adaptive AD filtering, (f) image after
undergoing morphological operations, (g) final edge-detected image, and (h) superimposed visualization of the extent of the segmented
image on the automated segmented image on the original retinal image. Images obtained from DRIVE dataset.

an image. Its particular efficacy lies in enhancing the visibility of details present in low-intensity regions. This
technique is especially valuable for accentuating salient features when the image undergoes subsequent
transformational processing.

Then, an I-CWT was carried out as a dependable image denoising method to denoise the retinal image
without losing the details of blood vessels, including edges and curves (Figure 5d). Classical methods of
denoising based on wavelets are known to have some disadvantages, for example, shift sensitivity, oscillatory
artefacts, aliasing, and insufficient directionality [16]. In this work, an I-CWT, including a shrinkage process,
was used to reduce the noise and enhance the weak patterns of the retinal blood vessel in the image. Wavelet
shrinkage denoising is primarily based on thresholding wavelet coefficients, as for the core idea of wavelet-
based shrinkage denoising. A lot of coefficients have small values, and several coefficients may contain very
negligible values, which indicate the noises and small features of the images, whereas the coefficients with
high amplitudes contain significant features of the images. In order to get enhanced visibility of the blood
vessels, an AD filter [17] was applied as follows:

IV =0+ Aoy Wl + ¢ Vs I + ¢ Ve I+ o Vi ITE, )
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where t is the threshold value used to enable/disable a pixel, which can be optimized in the binary classifica-
tion process (see Section 3.3), and A is subject to 0 < A < 1/4. In our study, the values for A and ¢t parameters are
considered to be 0.20 and 5, respectively. It is equally important to look at the value of A = 0. These values of N =
20 and t = 5 have been chosen after some empirical optimization done during the study. In this way, different
models using these particular values were validated, among others, by testing them on other data splits, where
the results showed that such values provided fairly good and steady performance in the case of binary
classification tasks balancing precision and recall. Since A belongs to the range of values 0 < A < 1/4, such
selection provides enough freedom in the model while still avoiding excessive regularization, which will help
to retain the high efficiency of the algorithm. Furthermore, if we compare it with other possible values, then
A=0. 20, t =5 offered better performance in terms of high Acc and Fl-scores without considering computa-
tional time. The rationale for choosing the examined parameter values in this research anchors on the
empirical findings and theoretical analysis presented here. Additionally, I refers to the vessel blood sample,
the ¢ factors represent the transmission coefficients that are reorganized each repetition as a brightness
gradient function, t is the restatement index, and V denotes the near neighbor modifications in all the
directions, north (), south (S), east (E) and west (W), as follows:

Wwlij = Ii-1j — I, 3)
Vslij = Lvij — L, 4)
VeLj = Lij — L, (5)
Vwlj = Ljj1 — L. (6)

The effect of this filtering is shown in Figure 5e, where the blood vessels appear smoother compared to
that in Figure 5d, allowing for improved subsequent traceability.

2.2 Image segmentation stage

This phase is composed of two groups of operations. First, morphological operations to extract accurately the
image components, and then the detection procedure of edges, which follows the following four steps: noise
reduction, vessel segmentation, morphological refinement, and vessel linking.

2.2.1 Morphological operations

Morphological operations have demonstrated efficacy in characterizing and representing the geometric struc-
tures within an image, focusing on shape attributes rather than pixel intensities. The key examples of
extracted features include boundaries, skeletons, and convex hulls [18]. In this work, the proposed morpho-
logical operations consist of a sequential application of several image processing techniques, such as (i) an
opening operation utilizing a 3-pixel disk-shaped structuring element, (ii) background subtraction to isolate
foreground objects from the image background, (iii) to apply a sigmoid function to the image in order to
mitigate the impact of non-uniform illumination, and (iv) an erosion process to enhance the visibility of retinal
blood vessels (Figure 5f).

2.2.2 Edge detection

The suggested blood vessel detection approach was designed to meticulously retain the salient structural
features of vessel boundaries while effectively suppressing irrelevant artefacts. As illustrated in Figure 5g,
the methodology comprises the following sequential steps: (i) noise reduction, (i) vessel segmentation, (iii)
morphological refinement, and (iv) vessel linking.
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(1) In relation to noise reduction, the image is subject to another morphological operation of a two-dimen-
sional Gaussian filter, which has the effect of reducing noise, which was produced during earlier mor-
phological operations. The 2D Gaussian filter is a non-uniform low-pass filter whose 2D filter coefficients
are computed from the following Gaussian form:

xiay?
2

e

N

20

Gox.y) = 2102

Here, (0,0) is the filter center, and o refers to the standard deviation of the Gaussian filter.

(ii) According to the vessel segmentation, an enhanced Canny edge detector was utilized to precisely
delineate the blood vessel network. To enhance image quality prior to edge detection, a Gaussian filter
was initially applied to attenuate noise levels. Subsequently, the gradient magnitude and direction were
calculated for each pixel within the enhanced image. A non-maxima suppression algorithm was then
employed in conjunction with hysteresis thresholding to identify and mark edge pixels based on their
gradient characteristics. The primary motivation for implementing the enhanced Canny edge detector
was to address several critical limitations inherent in standard edge detection techniques. Specifically, the
modified algorithm aimed to reduce false edge responses, minimize the omission of genuine edges, and
enhance the Acc of edge localization relative to the GT. By achieving these objectives, the enhanced Canny
edge detector is expected to significantly contribute to the precise detection of retinal blood vessels.

(iii) In the third step, a closing morphological operation (called morphological refinement) was performed to
maintain the real thickness of the detected vessels as well as to remove noise within the segmented image.

(iv) Finally, a new blood vessel linking algorithm is performed to overcome the shortcomings in which the
segmented blood vessels of the retinal image appear to be discontinuous due to several effects as obscured
vessel segments or image noise. This proposed algorithm was executed in three stages: (a) initially, a
skeletal representation of the blood vessels within the segmented retinal image was generated, and their
endpoints were identified; (b) subsequently, a circular structural element, with a radius equivalent to half
the maximum distance between any two vessel segments, was centered at each vessel endpoint, and (c)
intersections of these elements defined possible associability to connect the vessel segments. Figure 5c and
d shows the effect of applying this algorithm.

In conclusion, the thinning that has been applied to the whole image allowed one-pixel width lines to run
through the vessel endpoints only but maintain the structures of the detected vessels, as shown in Figure 5d.

3 Experimental results

This section presents a comprehensive evaluation of the novel, fully automated system designed in this work
for retinal blood vessel segmentation. To assess the system’s performance and accuracy, extensive experi-
ments were conducted utilizing the challenging DRIVE [14] and HRF [19] datasets. The methodology involves a
detailed description of the employed datasets, followed by a rigorous analysis of the proposed segmentation
system, including comparisons to GT data and state-of-the-art methods. The system development and experi-
mentation were executed using MATLAB R2019a on a Windows 10 Pro platform equipped with an Intel(R) Core
(TM) i7-4510U CPU and 4 GB RAM.

3.1 DRIVE and HRF datasets

The efficacy of the proposed segmentation approach was evaluated using the publicly accessible DRIVE and
HRF RFI datasets. Renowned for their associated GT images, meticulously annotated by multiple human
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experts, these datasets facilitate rigorous performance assessment. By comparing segmentation results against
the GT, the system’s reliability and efficiency can be objectively measured. The objective of these datasets is to
foster comparative analyses and advancements in automated blood vessel segmentation within retinal fundus
imagery.

The DRIVE dataset [14] constitutes a collection of 40 color retinal images partitioned into training and
testing subsets, each containing 20 images. Accompanying each image is a mask delineating the field of view
(FOV) and a corresponding GT image. Expert annotations were provided for blood vessels in the training set
images, which were subsequently utilized to optimize the proposed segmentation algorithms’ parameters.
Conversely, the testing set’s vessel annotations were independently generated by two experts to ensure
unbiased performance evaluation. Derived from a cohort of 400 diabetic patients aged 25-90 in the Nether-
lands, the dataset comprises 33 images without DR and 7 with mild early-stage indications. Taken with a Canon
CR5 non-mydriatic 3-CCD camera with an FOV of 45°, the images are 8-bit color and are 768 x 584 pixels in TIFF
(Tag Image File Format) format. Some original sample RFIs, along with the GT provided manually from the
DRIVE dataset, are shown in Figure 6.

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

Figure 6: Sample of an image from the DRIVE dataset: (a) original fundus image, (b) FOV mask, (c) manual segmentation by expert 1, and
(d) manual segmentation by expert 2.

The HRF dataset [19] comprises 45 RFIs obtained from three distinct patient cohorts: the lowest level of
vascular endothelial growth factor expression was observed in healthy controls, intermediate in DR patients,
and highest in glaucoma patients. Each group provided 15 monochromatic images obtained with a mydriatic
CANON CF-60UVi fundus camera with a 60-degree FOV. These are 24-bit color JPEG images in the size of 3,504 x
2,336 pixels and the size of each pixel is 6.05 pm x 6.46 um. In this study, the HRF dataset was used for
evaluating the proposed model. Some sample images from the HRF dataset are depicted in Figure 7, along with
their GT segmentations. For the comparison of the image within the region of interest, the FOV masks are
circular binary masks (Figure 7b). All the images were manually segmented for blood vessels by three retinal
image interpretation experts for each image.

(a) (b)

Figure 7: Samples of the HRF dataset: (a) original image, (b) field of view (FOV) mask, and (c) ground truth segmentation done by human
annotator.
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3.2 Evaluation matrices

Using a binary classification, the input image is divided into vessel and non-vessel pixels by the proposed
algorithm. If a pixel is correctly segmented as a vessel and also exists in the GT image, then it is said to be a true
positive. On the other hand, the pixel that is detected by the algorithm as a vessel and is not marked as a vessel
in the GT map is considered a false positive (Table 1). To assess the efficacy of the proposed algorithms, five
standard quantitative metrics were computed: Acc, Sen, Spe, PPV, and NPV. These metrics are computed as
averages across the dataset. The following nomenclature is employed in this work: TP for true positives, TN for

Table 1: Confusion matrix definition

Vessel present Vessel absent
Vessel detected P FP
Vessel not detected FN TN

true negatives, FP for false positives, and FN for false negatives.
Acc is defined as the percentage of correctly classified pixels to the total number of pixels within the FOV
mask, given by
TP + TN

Acc = . 8
T TP+EN + IN +FP )

Sen is the ratio of TP to the total number of vessels given by

TP
= —, 9
Sen P+ T 9

Spe is the ratio of TN to the total number of non-vessels pixels, expressed by

N
__IN 10
SP® = TN+ P (10)

PPV is the proportion of TP pixels out of the whole referred pixels, given by

TP

PPV = —.
TP + FP

aan
Finally, the NPV is the ratio of the TN pixels, which is the non-vessel pixels over the total number of pixels
predicted as non-vessel, for instance, background. It can be calculated as

N
NPV = ———. 12
TN + FN 12
The interpretation of the confusion matrix, together with the employed performance metrics, is given in

Table 1.

3.3 DRIVE dataset results

Initially, the efficacy of our segmentation system in identifying retinal blood vessels is assessed using the
DRIVE dataset. Rigorous experiments were conducted on the training set images to optimize the parameter
values for maximizing segmentation accuracy. For example, in the suggested morphological filtering approach
(equation (2)), A and t were established at 0.20 and 5, respectively. A 7 x 7 pixel Gaussian filter was employed,
while the low and high thresholds were fixed at 25 and 40, respectively. A binary classification process was
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employed to categorize each pixel within the image as either a vessel or non-vessel based on a threshold value
t. To optimize the threshold, a segmentation accuracy metric was calculated for a series of 100 experiments. In
each iteration, the threshold value ¢t was incremented by 0.1. The results for the evaluation metrics considered
are given in Table 2 for the testing set of the DRIVE dataset.

Table 2: Comparative analysis of metrics for the proposed segmentation system using the DRIVE dataset (testing set)

Matrices Observer 1 Observer 2 Average
Acc 98.67 99.33 99

Sen 95.39 96.27 95.83
Spe 99.11 98.13 98.62
PPV 90.12 92.56 91.34
NPV 92.23 95.78 94

Bold values represent higher value per parameter.

Table 2 shows the qualitative performance of the proposed segmentation system to the testing set of the
DRIVE dataset observed by two observers. The system achieves high results, demonstrating 98.67% Acc
according to Observer 1 and 99.33% for Observer 2. This means that the system is very efficient in defining
true retinal vasculature pixels of an image (av. 99%). The value for Sen, which in a way calculates the TP, is also
good with a mean of 95.83%, but as we can see, it is somewhat lower than the Acc of the algorithm. This implies
that although the system has high detection of blood vessels, there exists a possibility of some TP being missed.

Another positive result can be observed when it comes to the level of Spe, where there is an average of
98.62%. These results indicate that the system is effective at recognizing areas that are NOT part of the vessel.
Observer 1 recorded 99.11% Spe, which is slightly higher than Observer 2 with 98.13%. In the case of PPV, the
percentage of correctly identified vessel pixels, we can observe more variation between the observers with the
average PPV of 91.34%. This value is not bad and implies that there is a moderate rate of FP for the given data.
The NPV, which indicates the overall performance of the algorithm in correctly classifying non-vessel pixels, is
also very high, with an average of 94%, thus offering great assurance in classifying non-vessel areas.

Overall, this research demonstrates that the system possesses favorable results in all the metrics for its
performance, especially Acc and Spe since these are significant factors when it comes to segmentation in
medical image applications. The trade-offs are slightly lower Sen and PPV, which points to the opportunities
for optimizing its functioning and decreasing the number of FP and FN results. The differences between the
observers mean that while the fully automated system was quite stable in the assessment of the video, it could
be improved in its equality for different reliable evaluators. With the objective of evaluating our proposed
vessel segmentation against several conventional methods, a comparison of results was performed and is
shown in Table 3, using the DRIVE dataset.

Table 3: Comparison of vessel segmentation algorithms using the DRIVE dataset

Ref. Acc Sen Spe PPV NPV
Jin et al. [20] 96.97 78.94 98.70 85.37 —
Dasgupta and Singh [21] 95.33 76.91 98.01 84.98 —
Yang et al. [22] 95.83 73.93 97.92 77.70 97.53
Kishore and Ananthamoorthy [23] 94.1 69.9 95.8 85.5 94.8
Tamim et al. [24] 96.07 75.42 98.43 86.34 96.53
Yang et al. [25] 95.22 71.81 97.47 89.23 98.5
Yang et al. [26] 94.21 75.60 96.96 78.54 96.44
Keerthiveena et al. [27] 94.71 92.7 95.6 92.49 95.7
This work 99.33 96.27 98.13 92.56 95.78

Bold values represent higher value per parameter.
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The suggested system performs far better than all the competing methods in terms of almost all the
assessment parameters, including Acc (99.33%) and Sen (96.27%). It also proves that we have very high
accuracy of the proposed system for the classification of both vessel and non-vessel pixels. This is clearly
evident from the outstanding Sen score, as depicted from the capability of the vessel pixels detection; hence, it
has a low probability of omission on true vessel pixels.

Compared with Jin et al. [20] and other advanced methods, while the Spec (98.13%) of the proposed system
is slightly lower than the rest of the methods compared, the proposed system is superior in other aspects. Here,
the Spec score has also remained high so that the proposed system achieves a high level of possibility to detect
the non-vessel pixels. The PPV of the proposed system, which is 92.56%, shows that it has a high degree of
accuracy in detecting true vessel pixels from the vessel group. This is particularly important in diagnostics,
where false alarms are massively detrimental since patients may be subjected to invasive procedures that are
not required. Also, the NPV of 95.78% transmits that 95.78% of the negative cases or those that are not
associated with the disease also accurately had negative tests. This value also enhances the confidence of
the system in detecting the non-vessel pixels and hence reduces the tendency of the system to miss out on some
pixels as wrong.

In comparison with the methods worked out at the present state of the art, like Keerthiveena et al. [27],
where they have the highest value of 92.7% for Sen, our proposed system provides even higher results both in
terms of Sen, Acc, and PPV. This means that the proposed system is fairer and stronger to address the problem
of vessel segmentation than previous studies since it reduces comparative results on FP and FN cases. Due to
the high accuracy and sensitivity of the proposed system, the suggested approach would be very beneficial
where an extremely accurate and sensitive segmentation of the retinal vessels is needed, for example, in the
clinical context. In diseases such as DR or macular degeneration, it is very important to be able to distinguish
vessels with a relatively low error rate.

3.4 HRF dataset results

This section gives the performance assessment of the proposed vessel segmentation method utilizing the HRF
database. The same parameter configuration optimized on the DRIVE dataset was employed for consistency.
To assess the performance, the usual five standard evaluation metrics were computed by comparing the
algorithm outputs to GT images provided within the HRF dataset. The resulting metrics are tabulated in
Table 4.

Table 4: Comparative assessment of the proposed approach for the HRF dataset

Matrices The proposed system
Acc 99.11

Sen 97.97

Spe 98.97

PPV 97.98

NPV 100

Table 4 shows how the proposed segmentation method has a very high level of accuracy and can be
considered robust. Specifically, with an Acc of 99.11%, the system works reliably in the detection of the retinal
vessels, thus suggesting that it correctly classified most of the pixels contained in the images. A Sen of 97.97%
underlines the ability of the system to identify TPs, meaning almost all real-life structures of vessels are
detected. This is important in areas such as medicine, where the absence of vessel structures can result in
wrong identification. Furthermore, a value of 98.87% for Spe comprises the precise recognition of the non-
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vessel regions, thus reducing wrong localization or excessive segmentation of the image. The PPV was 97.98%,
giving the measure on how accurately detects the vessel pixels by the system, thus showing that in case the
system recognizes a pixel as part of a vessel, then it will most probably be right. Last, an ideal NPV of 100%
means that none of the pixels, which have been classified as non-vessel, actually contain vessels; thus, there is
no possibility of FN results. Following the same strategy of comparison with DRIVE dataset, a comparative
analysis of our blood vessel segmentation methods against contemporary state-of-the-art methods was con-
ducted utilizing the HRF dataset. These results are tabulated in Table 5.

Table 5: Comparison with vessel segmentation methods using the HRF dataset

Ref. Acc Sen Spe PPV NPV
Kishore and Ananthamoorthy [23] 99.6 76.52 98.5 87.9 96
Yang et al. [26] 95.17 79.15 96.76 70.79 97.90
Yang et al. [22] 95.49 72.65 97.40 70.03 97.711
Yan et al. [28] 94.37 78.81 95.92 66.47 -
Upadhyay et al. [29] 95.2 75 97.2 727 -
This work 99.11 97.97 98.97 97.98 100

Based on Table 5, it is possible to conclude about high general performance level and the best results in
Sen and NPV, which are both significant for medical image analysis. The suggested system yields an Acc of
99.11%, which is slightly lower than Kishore and Ananthamoorthy’s method (99.6%), showing that this method
yields a high reliability of the classification of vessel and non-vessel pixels. In the case of Sen, the proposed
system achieves the best result, which is 97.97%; that is, it can identify TPs at 97%, which means that almost all
blood vessels are correctly segmented. This is very important in diagnosis because the next closest figure to the
Sen score in the rest of the methods is much lower (72-79%). The system also has a very good Spe of 98.87%,
having a correct identification of no-vessel areas with low FPs. Also, a PPV of 97 98% is higher than other
compared methods and gives a good level of confidence in the identified vessel pixels into their respective
classes. Its perfect NPV of 100% is redoing, especially in the aspect that it guarantees that none of the vessel
pixels are obscured as background, which leads to highly fatal diagnostic negligence.

4 Clinical features

Alterations in the retinal blood vessel morphology, such as changes in tortuosity, density, thickness, and length or
the emergence of retinal lesions, have been correlated with the development of cardiovascular and retinopathic
diseases. Consequently, automated quantitative analysis of these vascular abnormalities holds significant potential
for ophthalmologists and eye specialists in early detection, severity assessment, and treatment monitoring of
various retinopathies. The primary objective of this study is to establish an automated procedure for comprehen-
sively analyzing the retinal blood vessel network. A crucial component of this process involves the precise and
objective extraction of a range of morphological features directly from the detected blood vessels. These features
for vessels, indicative of retinal vascular health, include (i) length, (ii) density, (iii) tortuosity, and (iv) thickness.

4.1 Vessel length

To measure the length of each retinal blood vessel segment (RBFVS), the skeleton of the vessel was first
identified. Then, the total distance between the consecutive pixels within the segment was computed by the
following equation:
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N-1
Vessel length = ) \/(Xi—l =X+ Oy — W%, 13)

i=1

where (x;, y;) define the coordinates of the sequence of pixels for the considered BVS, and N represents the
total quantity of pixels.

4.2 Vessel density

The density of the retinal blood vessels was determined by calculating the percentage of the total surface area,
which was occupied by the blood vessel pixels given by

2The vessel pixels
Am ’

Vessel density = (14)
where Ny is the total sum of pixels for all the vessels presents in the image, and Ay is the total area of the
foveal image (mm?).

4.3 Vessel tortuosity

Its objective is to establish the average tortuosity coefficient of the total retinal vasculature. From the initial
framework of the blood vessels, the branch points created in the vascular network were mapped to split the
length of each BVS into a total number of b branch segments according to the following summation:

BVS=5+ S+ .. +8, (15)

where s; is the length of the ith branch segment within the BVS.
Therefore, the tortuosity BVS coefficient index (TC) is calculated as

b
TC(BVS) = Y Siengin(M)/Sstraigni(M), (16)
n=1
where Siengm(n) is the nth vessel branch length (equation (13)) and Sgyaigne(n), the straightforward distance
between endpoints of the nth vessel branch segment, is estimated as follows:

Sstraight = \/(XN - Xl)z + (YN ) )2 s @an

where N is the number of fundamental pixels acquired from the branch of the blood vessels, and (x, y) are the
pixel coordinates in each branch of the blood vessels. Finally, the average tortuosity coefficient of the whole
blood vessel network was calculated using the mean of the tortuosity coefficients, which had been estimated
for every blood vessel. The equation represents the Euclidean distance between two points, specifically
(x,y;) and (xy, yy), which are the coordinates of the first and last pixels in a blood vessel branch, respec-
tively. The significance of this calculation lies in its contribution to determining the tortuosity coefficient, a
measure of how much a blood vessel deviates from a straight path, calculated by comparing the actual curved
length of the vessel (Siengm), With its straight-line distance between the endpoints (Sraignt). A perfectly straight
vessel would yield a tortuosity coefficient of 1, as Siengm = Sstraight- However, as the vessel curves, Siengm becomes
longer than Sgraigne, resulting in a tortuosity coefficient greater than 1. The average tortuosity coefficient for the
entire retinal vasculature is then calculated by averaging the tortuosity coefficients of all individual branches.
This coefficient provides a valuable indicator of the overall curvature or tortuosity of the blood vessel network
in the retina.
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4.4 Vessel thickness

Retinal blood vessel thickness is thus defined as the mean diameter of the retinal vasculature in this work. A
distance transform was performed on the inverse of the binary blood vessel image to determine the Euclidean
distance of every vessel pixel to the nearest border. Pixels with maximum distance values were identified as
the vessel centerlines. A tolerance was applied to account for floating-point computations. The average of all
calculated distances represented the vessel's half-width, and the vessel thickness was determined by doubling
this value.

5 Conclusion

This work presents a new model for the segmentation of blood vessels in RFIs, where problem areas like low
contrast, weak edges’ detection, and inconsistent contrast have been enhanced. Macular degeneration and DR
are leading causes of reduced visual acuity; therefore, proper analysis of the retina is important. The proposed
model improves the quality of the image through a new pre-processing step that comprises logarithmic image
enhancement noise removal by use of an I-CWT, followed by shrinkage and anisotropic diffusion pre-proces-
sing for improving intensity at edges. The type of segmentation used in the work employs morphological
operation in conjunction with a modified Canny edge detector to segment and classify blood vessels.
Quantitative analysis of the RFIs has been reported for the screening, diagnosis, and therapeutic mon-
itoring of ophthalmologic diseases, including choroidal neovascularization, glaucoma, DR, hypertension and
arteriosclerosis, vein occlusion, and macular degeneration. From these diseases, macular degeneration and DR
are considered to cause vision loss significantly. Blood vessel segmentation is one of the prerequisites for
quantitative analysis of RFIs, and the images of the retinal fundus where several of the most valuable clinical
characteristics, such as tortuosity, thickness, length, and density of blood vessels, can be derived from the tree
of segmented vessels. The outcomes calculated were Acc, Sen, Spe, PPV, and NPV, with an average value using
the DRIVE dataset of 99, 95.83, 98.62, 91.34, and 94%, respectively (Table 2). Moreover, the same outcomes

generated with the help of the HRF were Acc, Sen, Spe, PPV, and NPV, with average values of 99.11, 97.97, 98.97,

97.98, and 100%, respectively (Table 4). These results are compared with the gold standard and state of the art,

and, in both cases, it seems to be the best as per prominent features.
The limitations of this study can be summarized as follows:

(i) Low-quality images: while the proposed model deals with drawbacks such as low image quality and
contrast in fundus images, it is prone to more intensive noise, occlusions, and artefacts in practical clinical
applications and may have a limited ability to generalize to other datasets.

(i) Dependency on pre-processing techniques: segmentation reliability mainly concerns the pre-processing
methodology, including logarithmic contrast enhancement and anisotropic diffusion filtering. Any dis-
tortion in image quality affects the performance of these steps, and the results may not always be uni-
form, especially when dealing with complicated cases.

(iii) Limited dataset validation: it has been tested on DRIVE and HRF sets, but its performance on various other
datasets of retinal images or in more diverse pathologies has not been determined, which limits its
usefulness for a variety of patients in clinical practice. For future work, it is recommended to use a
new swarm optimization algorithm to select the best features and propose new deep/machine learning
for classifying the images.
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