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Abstract
Background The condition of blood vessel network in the retina is an essential part of diagnosing various problems associ-
ated with eyes, such as diabetic retinopathy.
Methods In this study, an automatic retinal vessel segmentation utilising fuzzy c-means clustering and level sets is proposed. 
Retinal images are contrast-enhanced utilising contrast limited adaptive histogram equalisation while the noise is reduced 
by using mathematical morphology followed by matched filtering steps that use Gabor and Frangi filters to enhance the 
blood vessel network prior to clustering. A genetic algorithm enhanced spatial fuzzy c-means method is then utilised for 
extracting an initial blood vessel network, with the segmentation further refined by using an integrated level set approach.
Results The proposed method is validated by using publicly accessible digital retinal images for vessel extraction, structured 
analysis of the retina and Child Heart and Health Study in England (CHASE_DB1) datasets. These datasets are commonly 
used for benchmarking the accuracy of retinal vessel segmentation methods where it was shown to achieve a mean accuracy 
of 0.961, 0.951 and 0.939, respectively.
Conclusion The proposed segmentation method was able to achieve comparable accuracy to other methods while being very 
close to the manual segmentation provided by the second observer in all datasets.

Keywords Retina vessel segmentation · Matched filtering · Fuzzy c-means clustering · Level sets · Frangi filters · Gabor 
filters

1 Introduction

Utilising computer-assisted diagnosis of retinal fundus 
images is becoming an alternative to manual inspection of 
the fundus by a specialist, known as direct ophthalmoscopy. 
Moreover, computer-assisted diagnosis of retinal fundus 
images was shown to be as reliable as direct ophthalmos-
copy and requires less time to be processed and analysed. 
Various eye related pathologies that can result in blindness, 

such as macular degeneration and diabetic retinopathy are 
routinely diagnosed by utilising retinal fundus images [1]. 
One of the fundamental steps in diagnosing diabetic retin-
opathy is the extraction of retinal blood vessels from fundus 
images. Although several segmentation methods have been 
proposed, this segmentation remains challenging due to 
variations in retinal vasculature network and image quality. 
Currently, the main challenges in retinal vessel segmenta-
tion are the noise (often due to uneven illumination) and thin 
vessels. Furthermore, the majority of the proposed segmen-
tation methods focus on optimising the preprocessing and 
vessel segmentation parameters separately for each dataset. 
Hence, these approaches can often achieve high accuracy for 
the optimised dataset, whereas if applied to other datasets 
the accuracy will be reduced. Although vessel segmenta-
tion methods usually contain preprocessing steps aimed at 
enhancing the appearance of vessels, some approaches skip 
the preprocessing steps and start with the segmentation step.
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Nowadays, many segmentation methods rely on machine 
learning concepts combined with traditional segmentation 
techniques for enhancing the segmentation accuracy of 
their method by providing a statistical analysis of the data 
to support segmentation algorithms. These machine learning 
concepts can be broadly categorised into unsupervised and 
supervised approaches, based on the use of labelled train-
ing data. In a supervised approach, each pixel in the image 
is labelled and assigned to a class by a human operator, i.e., 
vessel and non-vessel. A series of feature vectors is gener-
ated from the data being processed (pixel-wise features in 
image segmentation problems) and a classifier is trained by 
using the labels assigned to the data. In an unsupervised 
approach, predefined feature vectors without any class 
labels are used where similar samples are gathered in dis-
tinct classes. This clustering is based on some assumptions 
about the structure of the input data, i.e., two classes of input 
data where the feature vectors of each class are similar to 
each other (vessel and not vessel). Based on the problem, 
this similarity metric can be complex or defined by a simple 
metric such as pixel intensities.

In this manuscript, a brief discussion of retinal vessel 
segmentation methods is given to provide some insight into 
different methods and is by no means an exhaustive review 
of these methods. For a detailed discussion on different ves-
sel segmentation methods please refer to [2]. Niemeijer et al. 
[3] proposed a supervised retina vessel segmentation where 
a k-nearest neighbour (k-NN) classifier was utilised for iden-
tifying vessel and non-vessel pixels by using a feature vec-
tor constructed based on a multi-scale Gaussian filter. Staal 
et al. [4] proposed a similar approach that utilised a feature 
vector constructed by using a ridge detector. Based on a fea-
ture vector constructed by using multi-scale Gabor wavelet 
filters, Soares et al. [5] proposed the use of a Bayesian clas-
sifier for segmenting vessel and non-vessel pixels. Marín 
et al. [6] proposed a neural network (NN) based classifier 
by utilizing calculated feature that use moment-invariant 
features. Retinal vessel segmentation by using a classifier 
based on boosted decision trees was proposed by Fraz et al. 
[7]. Meanwhile Ricci and Perfetti [8] proposed a classifier 
by utilising a support vector machine coupled with features 
derived that used a rotation-invariant linear operator.

The main advantage of using an unsupervised segmen-
tation approach as compared to a supervised approach is 
its independence from a labelled training data. This can be 
considered as an important aspect in medical imaging and 
related applications that often contain large data. It would be 
a tedious task for medical experts to manually label different 
structures inside the datasets. Popular unsupervised retinal 
vessel segmentation methods can be categorised as vessel 
tracking, matched filtering and morphology-based methods. 
Starting from a set of initial points defined either manually 
or automatically, vessel tracking methods try to segment 

the vessels by tracking the centre line of the vessels. This 
tracking can be done by utilising different vessel estima-
tion profiles, such as Gaussian [9], generic parametric [10], 
Bayesian probabilistic [11] and multi-scale profiles [12]. 
One of the earliest examples of vessel tracking based vessel 
segmentation methods was proposed by Yin et al. [13] based 
on the maximum a posteriori (MAP) technique. Initial seed-
ing positions corresponding to centreline and vessel edges 
were determined by using statistical analysis of intensity 
and vessel continuity properties. Vessel boundaries were 
then estimated by using a Gaussian curve fitting function 
applied to the vessel cross-section intensity profile. Zhang 
et al. [14] proposed a similar approach by combining MAP 
technique with a multi-scale line detection algorithm where 
their method was able to handle vessel tree branching and 
crossover points with good performance.

Based on the notion that the vessel profile could be mod-
elled by using a kernel (structuring element), filtering con-
cepts try to model and segment the vessels by convolving 
the retinal image with a 2D rotating template. A rotating 
template is used to approximate the vessel profile in as many 
orientations as possible (known as the filter response) with 
the response being the highest in places where the vessels 
fit the kernel. Techniques based on filtering utilise different 
kernels for modelling and enhancing retinal vessels, such 
as matched filters [15], Gaussian filters [16], wavelet filters 
[17, 18], Gabor filters [5] and COSFIRE filters [19, 20]. 
Methods utilising morphological operations can be used 
to enhance retinal images for use with other segmentation 
methods or for segmenting blood vessels from the back-
ground [21]. Recently, deformable model-based segmenta-
tion (i.e., level sets and active contours) have been receiving 
interest for retinal vessel segmentation [22–26]. Chaudhuri 
et al. [27] proposed one of the earliest examples of filtering 
based retina vessel segmentation methods where the vessel 
profile was modelled by using 12 templates. Wang et al. [18] 
later expanded the method proposed by using multi-wavelet 
kernels [27], resulting in a higher segmentation accuracy. 
Kovacs et al. [28] proposed the use of Gabor filters for 
segmenting vessels combined with contour reconstruction 
techniques. Kande et al. [29] proposed a vessel segmenta-
tion method by using a spatially weighted fuzzy c-means 
clustering algorithm where matched filtering was used for 
enhancing retinal vessels.

Considered as one of the fundamental concepts in image 
processing, mathematical morphology could be used any-
where, from image enhancement to segmentation. Although 
mathematical morphology is primarily used for retinal vessel 
enhancement, it can also be used for vessels segmentation. 
Fraz et al. [30] proposed the use of first-order derivative of a 
Gaussian filter for initial enhancement of retinal vessel cen-
trelines, followed by a multi-directional morphological Top-
hat transform for segmenting the vessels. BahadarKhan et al. 
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[31] proposed Generalised Linear Model (GLM) and Frangi 
filters for enhancing the vessels in retinal images combined 
with Moment-Preserving thresholding for segmenting ves-
sels. Sigurosson et al. [32] proposed a hybrid method by 
using a path opening filter, followed by a fuzzy set theory 
based data fusion approach, and their proposed method was 
able to achieve good segmentation accuracy in thinner ves-
sels. Roychowdhury et al. [33] proposed an adaptive global 
thresholding method using a novel stepping criteria for reti-
nal vessel segmentation with promising results in segment-
ing thin vessels. Mapayi et al. [34] proposed an approach 
that use CLAHE based vessel enhancement and a global 
image thresholding method by applying phase congruency 
for segmenting vessels in retinal images. Mapayi et al. [35] 
proposed by use of energy feature computed through gray 
level co-occurrence matrix for adaptively thresholding the 
vessels in retinal images that can be used for vessel segmen-
tation in the green channel or grayscale retinal images.

Currently, machine learning algorithms are often utilised 
as supportive tools to automate and/or to enhance most seg-
mentation methods by providing statistical analysis on a set 
of data generated by other segmentation methods. Therefore, 
any existing unsupervised segmentation algorithm could be 
enhanced by employing and integrating machine learning 
concepts. Complex segmentation tasks and problems are 
usually solved by using a whole pipeline of several seg-
mentation algorithms belonging to various image process-
ing concepts. In this study, an automated vessel extraction 
method in retinal fundus images based on a hybrid tech-
nique, comprising of genetic algorithm enhanced spatial 
fuzzy c-means algorithm with integrated level set method 
evaluated on real-world clinical data is proposed. Further-
more, a combination of filters is utilised to enhance the seg-
mentation as each filter responded in a distinct way to dif-
ferent pixels in the image. Considering the different image 
characteristics between datasets, the segmentation approach 
can be made more robust by combining filters. As the aim 
of this study is to propose an optimal segmentation method 
for use on various datasets, the proposed method was not 

optimised for any specific dataset. The rest of the paper is 
organised as follows: Sect. 2 outlines the proposed method 
and datasets, the performance of the proposed method is 
discussed in Sect. 3 and conclusions are drawn in Sect. 4.

2  Materials and Methods

In this study, the green channel of the RGB fundus image 
was utilised as it has been shown that vessels have the 
highest contrast against the background in the green 
channel while the use of blue channel results in a small 
dynamic range and red channel offers insufficient con-
trast, as illustrated in Fig. 1. Moreover, Mendonca and 
Campilho [36] further validated the usefulness of the 
green channel by comparing different channels of RGB 
image, Luminance channel of National Television Sys-
tems Committee (NTSC) colour space and ‘a’ component 
of the “lab” image representation system where the green 
channel of RGB image was shown to have better over-
all contrast. Furthermore, like most other studies, only 
the pixels inside the field of view (FOV) of the image is 
considered for the segmentation because the pixels out-
side this area are considered as background and have no 
known medical application. Figure 2 illustrates the flow-
chart of the proposed method. These steps are discussed 
in detail in the following sections.

2.1  Dataset

Publicly accessible digital retinal images for vessel extrac-
tion (DRIVE) [4], structured analysis of the retina (STARE) 
[37] and Child Heart and Health Study in England (CHASE_
DB1) CHASE_DB1 [38] datasets used in this study are 
amongst the most popular datasets used for developing and 
testing the performance of various retinal segmentation 
methods. Datasets used also provide corresponding vessel 
segmentations manually done by different experts and are 
considered as the ground truth segmentation.

Fig. 1  Color fundus image and it’s different RGB channels. a RGB image, b red channel, c green channel and d blue channel
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DRIVE dataset includes 40 colour fundus images that 
were equally divided into training and testing sets. For 

each image in the dataset, a FOV mask along with manual 
expert segmentation of the corresponding vessel tree (one 
expert for the training set and two experts for the testing 
set) were provided. A Canon CR5 non-mydriatic camera 
with a FOV of 45° and bit-depth of 8-bit was used to cap-
ture the images with a resolution of 768 × 584 pixels. Fig-
ure 3 illustrates an image from the test set with its respec-
tive manual vessel segmentation.

STARE dataset includes 20 colour fundus images with 
half of them containing signs of different pathologies. For 
each image in the dataset, manual segmentation of cor-
responding vessel tree done by two experts are provided. 
A canon TopCon TRV-50 fundus camera with FOV of 35° 
and bit-depth of 8-bit was used to capture the images with 
a resolution of 700 × 605 pixels. Figure 4 illustrates an 
image from this dataset with its respective manual vessel 
segmentation.

CHASE_DB1 dataset includes 28 color fundus images 
from patients participated in the child heart and health 
study in England. For each image in the dataset, manual 
segmentation of corresponding vessel tree done by two 
experts are provided. A Nidek NM 200D fundus camera 
with FOV of 30 degrees and bit-depth of 8-bit was used to 
capture the images with a resolution of 1280 × 960 pixels. 

Fig. 2  Flowchart of the proposed vessel segmentation method

Fig. 3  a An image from the DRIVE test set with its respective manual vessel segmentation the b first observer and c second observer

Fig. 4  a An image from the STARE test set with its respective manual vessel segmentation the b first observer and c second observer
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Figure 5 illustrates an image from this dataset with its 
respective manual vessel segmentation.

As seen from the sample images, the ground truth seg-
mentation can be considered highly subjective as the man-
ual segmentation provided by the first observer in DRIVE 
and CHASE_DB1 datasets includes finer segmentation 
for thinner vessels in contrast to STARE dataset where 
the manual segmentation provided by the second observer 
includes the finer segmentation.

2.2  Performance Measures

True positive (TP) denotes vessel pixels correctly segmented 
as vessel pixels while true negative (TN) denotes non-ves-
sel pixels correctly segmented as non-vessel pixels. False 
positive (FP) denotes non-vessel pixels segmented as vessel 
pixels, while false negative (FN) denotes vessel pixels seg-
mented as non-vessel pixels.

Sensitivity represents the probability that the segmen-
tation method will correctly identify vessel pixels and is 
computed by:

Specificity is the probability that the segmentation 
method will correctly identify non-vessel pixels. Specific-
ity is computed by:

Accuracy represents the overall performance of a seg-
mentation method and is computed by:

The area under a receiver operating characteristic (ROC) 
curve, also known as AUC shows the performance of the 
segmentation and is determined based on the combination of 

Sensitivity =
total TP

total TP + total FN

Specificity =
total TN

total TN + total FP

Accuracy =
total TP + total TN

total TP + total FP + total TN + total FN

sensitivity and specificity. In this study AUC was calculated 
by the following formula [39–41]:

It should be noted that an AUC of 0.50 or less means that 
the segmentation is purely based on random guessing and is 
not useful while an AUC of 1 means that the segmentation 
algorithm is able to segment all pixels correctly.

2.3  Preprocessing

The extracted green band from the original fundus image 
was first filtered by using a 3 × 3 median filter to reduce the 
image noise. As retina fundus images show high contrast 
around the edges of the image resulting in false positive 
vessels being detected around the edges of the image and the 
edges are smoothed by using the method proposed by [19]. 
Initial FOV mask was computed by thresholding the lumi-
nance channel on CIElab colour space [42] calculated from 
the original RGB fundus image. Then, the mask was dilated 
by one pixel iteratively where the value of the new pixel was 
calculated as the mean value of its 8-connected neighbour-
ing pixels. This process was repeated 50 times to ensure that 
no false vessels will be detected near the FOV border.

Then, contrast limited adaptive histogram equalisation 
(CLAHE) algorithm [43] was used to enhance the contrast 
between vessels and background with the clip limit empiri-
cally set at 0.0023. CLAHE improves the local contrast by 
not over amplifying the noise present in relatively homoge-
neous regions and was used in many retina vessel segmenta-
tion methods. Next, the noise was suppressed by having the 
images opened morphologically by using a circular structur-
ing element with a radius of 8 pixels. Finally, the image was 
further enhanced by using a combination of Top-hat and 
Bottom-hat morphological operations as illustrated in Fig. 6.

AUC =
sensitivity + specificity

2

Fig. 5  a An image from the CHASE_DB1 test set with its respective manual vessel segmentation the b first observer and c second observer
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2.3.1  Gabor Filtering

For enhancing the small vessels inside the image, a Gabor 
wavelet-based filter was used. For 2D images (spatial Gabor 
filter), convolution was used for applying Gabor’s filters 
where varying kernels were defined as Gaussian kernels 
modulated by a sinusoid [44]. By using a Cartesian basis as 
the centre, these kernels were defined based on an abscissa 
with orientation θ. Gaussian and sinusoid components of 
the Gabor’s filter K�,�,� ,�,� can be independently customised:

where, the Gaussian component was customised by its devia-
tion σ and a spatial aspect ratio γ defining the ellipticity of 
the circular Gaussian and the sinusoid was customised by 
a spatial wavelength λ and a phase offset ϕ. The Gabor’s 
kernel was expressed by using the orientation θ, and with a 
change of both scale defined by the size of pixel (vx, vy) and 
by a translation of the centre of the kernel (ic,jc):

where

(1)K�,�,� ,�,�(x, y) = exp

(
−
x2 + �2y2

2�2

)
cos

(
2�

x

�
+ �

)

(2)K�,�,� ,�,�(i, j) = exp

(
−
x�2 + �2y�2

2�2

)
cos

(
2�

x�

�
+ �

)

(3)x� =
(
i − ic

)
vx cos � +

(
j − jc

)
vy sin �

A Gabor kernel was made of parallel stripes with differ-
ent weights, inside an ellipsoidal envelope with the kernel 
parameters controlling the size, orientation, the position of 
these stripes. The wavelength λ, specified in pixels, repre-
sented the wavelength of the filter. This value was used in 
scaling the stripes, whereas by modifying the wavelength, 
the overall sizes of the stripes were modified with the stripes 
kept at the same orientation and relative dimensions. This 
wavelength should be more than 2 and was often chosen to 
be less than the fifth of the image dimension (because of the 
influence of image borders). The angle of the parallel stripes 
was specified by using the orientation θ. By modifying θ, the 
kernel can be rotated and oriented at the desired position. 
The shift of the cosine factor was represented by the phase 
offset ϕ. The symmetry of the kernel was determined by 
ϕ, whereas by modifying the shift, positions of the inhibi-
tory and excitatory stripes were changed. The kernel was 
symmetric for a phase shift of ϕ = 0 and asymmetric for a 
phase shift of ϕ = π/4. Ellipticity was represented by using 
the aspect ratio γ. For a ratio of 1, the support is circular, 
whereas larger ratio results in smaller but higher (number of) 
stripes and a smaller ratio results in longer strips. The band-
width b was used as a replacement for the Gaussian devia-
tion σ by analogy to the animal visual system [45]. After the 
Gabor filtering, the image background was computed and 

(4)y� =
(
i − ic

)
vx sin � +

(
j − jc

)
vy cos �

Fig. 6  A sample image from the DRIVE dataset with different pre-
processing steps illustrated. a Color fundus image, b CIElab color 
space luminance channel, c FOV mask, d RGB color space green 

channel, e image after median and morphological filtering, f morpho-
logical Top-hat, g morphological Bottom-hat and h image after mor-
phological filtering
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removed by subtracting the filtered image from the median 
filtered image with a large kernel, followed by morphologi-
cal Top-hat filtering for enhancing the vessel structure by 
using a circular structuring element with aradius of 8 pixels.

2.3.2  Frangi Filtering

Frangi filters [46] were first proposed for use in coronary 
artery segmentation by enhancing the vessel profiles. Hes-
sian matrix based Frangi filter is a popular approach that is 
both efficient and requires less computation time [47]. The 
Hessian matrix is constructed by computing the vertical and 
horizontal diagonals of the images second order derivative. 
The Hessian-based vessel-ness filter can be defined as:

where the pixel of interest is defined by x, the standard devi-
ation for computing the Gaussian derivative of the image is 
denoted as σ and f represents the filter. The hessian matrix 
can be defined as:

where Hxx, Hxy, Hyx and Hyy represent the images directional 
second-order partial derivatives. Let’s denote λ1 and λ2 as 
the eigenvalues of H where they are used for determining 
the probability of the pixel of interest x being a vessel based 
on the following notions:

Then, the Hessian-based Frangi filter can be defined as:

where Rb and a are used for differentiating linear struc-
tures from blob like structures, while β and S are being 
used for differentiating background and vessels with the 
controlling parameters set empirically (α = 0.9, � = 13 , 
� = {1, 1.1, 1.2, 1.3,… , 4} . The smoothing parameter σ 
was chosen to be varied from 1 to 4 in increments of 0.1 
as it provided the best overall vessel enhancement. Select-
ing a small σ value will lose some thicker vessel details, 
whereas selecting a fixed large σ value will lose thinner 
vessel details. By varying the smoothing parameter σ and 
retaining the maximum pixel value from different scales, it 
is ensured that the vessels are enhanced and details are kept 

(5)F(x) = max� f (x, �)

(6)H =

(
Hxx Hxy

Hyx Hyy

)

(7)|𝜆1| ≤ |𝜆2| > 0 and f (x, 𝜎) = 0

(8)f (x) =

⎧⎪⎨⎪⎩

0, if𝜆2 > o

e

�
−

R2
b

2𝛼2

��
1 − e

�
S2

2𝛽2

��
, elsewhere

(9)Rb =
||�1||
||�2||

, S =

√
�2
1
+ �2

2

as much as possible. Figure 7 illustrates the vessel enhance-
ment resulting from different values of σ on a sample image 
and Fig. 8 shows the matched filtering steps and their effect 
on the image.

2.4  Fuzzy Clustering

Fuzzy set theorem, introduced by Zadeh [48] and its adaptation 
for image processing by Bezdek [49] is one of the most used 
and researched image segmentation algorithms. In this study, 
soft clustering (fuzzy c-means) was used as each pixel can 
belong to many clusters based on a membership degree, result-
ing in better performance in images with poor contrast, region 
overlapping and inhomogeneity of region contrasts, as com-
pared to hard clustering (k-means) where each pixel belongs to 
a single cluster. The use of clustering-based machine learning 
method was proposed as it was not dependent on the labelled 
training data. In clustering-based machine learning methods, 
there is only one set of feature vectors without any class label-
ling as these approaches gather similar samples in clusters. As 
traditional fuzzy c-means (FCM) algorithm, where clustering 
is only based on image intensities is very sensitive to noise, 
and the addition of spatial relations between pixels was pro-
posed by many researchers to improve the performance [50, 
51].

2.4.1  Fuzzy c‑Means Algorithm

As a fuzzy clustering method, fuzzy c-means algorithm was 
based on the representation of clusters by their respective cen-
tres by minimising a quadratic centre. The data space X = {x1, 
x2,…,xN} can be clustered by minimising the objective func-
tion J with respect to cluster centres (ci) and membership 
matrix u by:

Based on the following constraints:

where U = [uij]C×N represents the matrix for membership 
function, d(xj, ci) is the matrix representing the distance 
between xj and cluster center ci , C represents the number of 
clusters, N is the number of data points in search space and 
M represents the fitness degree where (m > 1). Equation (10) 
can be solved by converting to an unconstraint problem by 
Lagrange multiplier. Membership degree and cluster cen-
tres were calculated by using an alternating calculation as 
they cannot be simultaneously calculated. Convergence was 

(10)J =

N∑
j=1

C∑
i=1

um
ij
d2
(
xj, ci

)

(11)

∀j ∈ [1,N] ∶

C∑
i=1

uij ∀j ∈ [1,N], ∀i ∈ [1,C] ∶ uij ∈ [0, 1]
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achieved by alternatively fixing the classes and calculating 
the membership function, followed by fixing the member-
ship function and calculating the cluster centres. Algo-
rithm 1 represents the pseudo code for FCM clustering.

In the case of image segmentation, the gray value of 
the pixel I is represented by xi, N represents the total num-
ber of pixels, the number of clusters (regions) is repre-
sented by C, distance between cluster centre cj and pixel 

Fig. 7  A sample image from DRIVE dataset and effects of different Frangi filter smoothing parameters. a Input image, b 
σ = {1,1.1,1.2,1.3,…,4}, c σ = 1, d σ = 2, e σ = 4 and f σ = 8
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xi is represented by d2(xi, cj) and the membership degree 
between pixel xi and cluster cj is represented by uij.

2.4.2  Fuzzy c‑Means Algorithm Enhanced with Genetic 
Algorithm

The main disadvantage of the FCM algorithm is its 
intendancy to get trapped in local minima, metaheuris-
tic approaches, such as genetic algorithms (GA), tabu 
search (TS), simulated annealing (SA), ant colony based 
optimisation (ACO) and their hybrids were proposed by 
many researchers to overcome this limitation [51–54]. 
Metaheuristics can perform well on noisy images and the 
initial solutions from them are often very close to optimal 
cluster centres [55]. Inspired by the evolution theory and 
natural selection, genetic optimisation was proposed by 
Srinivas [56], it is a population-based stochastic optimi-
sation algorithm where each chromosome can represent a 
solution with a sequence of genes representing cluster cen-
tres in FCM. Each successive population is created based 
on survival and reproduction of the fittest chromosomes 
based on a fitness function with a termination criterion 
based on the number of iterations or reaching an optimised 
fitness function [57]. In order to produce the initial popula-
tion P, FCM is run n times, producing a chromosome of 

size C (number of clusters). Afterward, the fittest chromo-
somes were selected based on:

Where, f represents the fitness, J is the objective function 
(Eq. 10) and k is a constant (set as 1) where maximisation of 
the fitness function f results in minimisation of the objective 
function J . A proportional selection algorithm known as the 
Roulette Wheel selection was applied afterward to determine 
the number of copies of a chromosome going into mutation 
and crossover pool:

Each chromosome was then crossed with a single point 
crossover with a fixed probability of μc and then fitness val-
ues were recalculated with FCM the method. Each chro-
mosome then mutated with a very small probability �m . A 
random number δ ∊ [0, 1] was then generated and the chro-
mosome was mutated by:

(12)f =
k

J

(13)pi =
fi∑N

j=1
fi

(14)
{

v ± � ∗ v, v ≠ 0

v ± �, v = 0

Fig. 8  A sample image from the DRIVE dataset with different matched filtering steps illustrated. a Input image, b combined Gabor filter 
responses, c Gabor enhanced image, d estimated background, e morphological top-hat and f Frangi matched filtered image
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where v represents a specific the gene in the chromosome. 
Stopping criterion can be based on the following conditions:

(1) If after nerp iterations, no significant improvement is 
achieved in the objective function.

(2) Number of the iterations reaching maximum nbmaxiter.

As discussed earlier, incorporation of spatial features of 
the image in the FCM algorithm is crucial to achieve a good 
accuracy in complicated images. Ahmad et al. [52] proposed 
a new constrained objective function as:

Chen et al. [50] later proposed an update to the Eq. (15), 
replacing it with:

With cluster center and membership degrees calculated by:

where x̄ is the filtered image x , NR and xr represent the car-
dinality and neighborhood of the neighbors of pixel xj and 
α controls the effect of the neighborhood term.

2.5  Level Set Refinement

Contrary to methods where pixels are clustered for segmenta-
tion, level sets rely on boundary tracking by dynamic variations. 
Unlike active contours where a parametric characterisation of 
contours is utilised, level set methods embed them as a time-
dependent partial differential equation (PDE) function �(t, x, y) 
[58]. Let us denote an image I on domain Ω with C representing 
a closed curve and its zero level set description as:

The goal is matching the interior to the ROI and exterior 
to the background by evolving the curve C. To represent 

(15)J =

N∑
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ij
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)
+
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(19)

⎧⎪⎨⎪⎩

C = {x𝜀Ω ∶ 𝜙(x) = 0,}

interior(C) = {x𝜀Ω ∶ 𝜙(x) < 0}

exterior(x) = x𝜀Ω ∶ 𝜙(x) = 0

the interior of curve C, a smoothed Heaviside step function 
H�

(
∅
)
 is utilised while the exterior of the curve C is calcu-

lated by (1 − H�

(
�
)
) as:

whereas the area adjacent to the curve C is represented by a 
smoothed Dirac function δɛ as:

The evolution of ∅ can be resolved by:

where the normal direction is denoted by ||∇�|| , the initial 
contour is �0(x, y) and the comprehensive forces including 
internal (interface geometry) and external (image gradient) 
forces are denoted by F [58]. To stop the level set evolution 
near-optimal solution, an edge indication function g is uti-
lised for regulating the force F:

where I represent the image, Gσis the Gaussian smoothing 
kernel and ∇ represents image gradient operation. It should 
be noted that function g is near zero in variation boundaries 
otherwise it is a positive value. The overall level set segmen-
tation can be represented as:

where mean curvature is approximated as div
(
∇�

/||∇�||
)
 

and v represents a customised balloon force. As regu-
lar level set converts a 2D image into a 3D segmentation 
problem, grid space and time step should comply with the 
Friedrichs–Lewy (CFL) condition [58] and many other con-
straints. An updated level set segmentation can be given as 
[59]:
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where �
(
∅
)
 incorporates image gradient and �

(
∅
)
 denotes 

the Dirac function. Individual contributions of these terms 
are controlled by constants λ, v and �. Leveraging the FCM 
clustering, an approximation of extracted contours in regions 
of interest can be used for determining the controlling 
parameters for initialisation and evolution of level sets [59]. 
Let’s assume that the region of interest in clustered FCM is 
Rk ∶

{
rk = �nk, n = x × Ny + y

}
 and then the level set func-

tion �0(x, y) can be initiated with a binary image BK obtained 
from thresholding Rk with b0(∊(0, 1)) as BK = RK ≥ b0.

As there are several parameters to control the level set evo-
lution, it is desired to approximate them as best as possible 
for an accurate segmentation with several rules proposed for 
this approximation. A larger time step τ accelerates the level 
set evolution in the expense of possible boundary leaks, less 
detailed but smoother segmentation can be achieved by a larger 
value of G� and for a stable level set evolution(τ × μ) < 0.25 is 
desired. Although the specific adaptation of these parameters 
for each image is desired, it is practically infeasible to manu-
ally adjust these values in medical imaging. However, based on 
the initial level set function ∅0 obtained from FCM clustering, 
these values can be estimated on each specific image. Initially, 
the length l and area α are calculated by:

Heaviside function H
(
∅0
)
 is defined as:

(27)
�
(
g, �

)
= ��

(
�
)
div

(
g
∇�
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)
+ vg�

(
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)

(28)l = ∫
I

�
(
�0
)
dxdy

(29)� = ∫
I

H
(
�0
)
dxdy

As the initial level set function ∅0 can approximate the 
true boundaries closely, it is possible to take a conservative � . 
Remaining variable will be set as:

In the formulation of the standard level set, the direction of 
evolution is determined by balloon force v, the positive values 
of v lead to shrinking and negative values lead to expansion. 
Taken as a constant, larger value of v leads to faster evolutions 
but slower evolutions are preferable near the object bounda-
ries. Being constant, a decision has to be made on the selec-
tion of a positive or a negative value as it can affect the final 
segmentation dramatically. By utilising the initial FCM clus-
tering, it is possible to adjust the direction and magnitude of 
balloon force on a pixel specific level by taking the degree of 
membership (or PL

i
 ) of each pixel as an indicator of distance 

of the pixel μk to the component of interest Rk , leading to a 
slower evolution and a faster evolution with ∅ being near or far 
from the true border, respectively. The enhanced balloon force 
matrix G(Rk)( ∊ [ − 1, 1]) is represented as:

Based on Eqs. (32), (27) can be rewritten as:

With the balloon force derived, the level set will be slow 
near object boundary and will become dependent on 
smoothing function without the need for any manual inter-
ventions. There might be small blob-like regions comprised 
of unconnected pixels wrongly identified as vessels in retinal 
images due to noise or anatomical structures. As a result, 
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Fig. 9  An image segmented by the proposed method. a Color fundus image, b initial clustering by FCM and c segmented vessel tree after level 
set refinement
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the segmented image is post-processed by removing blob-
like and unconnected regions, containing less than 30 pixels. 
Figure 9 illustrates the proposed segmentation on a sample 
image from the DRIVE dataset.

3  Results and Discussion

In this study, similar to the majority of other studies, the 
proposed method was compared to the ground truth seg-
mentations provided by the first observer (mentioned as 
the first expert in some publications) in CHASE_DB1 and 
STARE datasets and the test set of the DRIVE dataset. Since 
CHASE_DB1 and STARE datasets do not provide the FOV 
masks and to make the proposed method compatible with 
other datasets, FOV mask in this study was automatically 
generated and no FOV masks supplied in datasets were used 
in this study. All experiments were done by using MATLAB 
2013a on an HP ProBook (2.3 GHz Intel Core i5 Processor, 
4 GB RAM). Table 1 demonstrates the performance of the 
proposed method as compared to the most recent segmenta-
tion methods for STARE and DRIVE datasets, while Table 2 
shows a comparison of the proposed method and other state-
of-the-art segmentation techniques in the CHASE_DB1 
dataset. Please note that character “-” in tables indicated that 
the performance metric was not implemented by the authors 

Table 1  A comparison between different retinal vessel segmentation methods evaluated using DRIVE and SATRE datasets

Method DRIVE dataset STARE dataset

Sensitivity Specificity Accuracy AUC Sensitivity Specificity Accuracy AUC 

Second observer 0.776 0.972 0.947 0.874 0.895 0.938 0.934 0.917
Supervised segmentation methods
Staal et al. [4] – – 0.946 – – – 0.951 –
Soares et al. [5] – – 0.946 – – – 0.948 –
Lupascu et al. [60] 0.720 – 0.959 – – – – –
You et al. [61] 0.741 0.975 0.943 0.858 0.726 0.975 0.949 0.851
Marín et al. [6] 0.706 0.980 0.945 0.843 0.694 0.981 0.952 0.838
Wang et al. [18] – – 0.946 – – – 0.952 –
Unsupervised segmentation methods
Mendonca and Campilho [36] 0.734 0.976 0.945 0.855 0.699 0.973 0.944 0.836
Palomera et al. [62] 0.660 0.961 0.922 0.81 0.779 0.940 0.924 0.859
Martinez et al. [63] 0.724 0.965 0.934 0.844 0.750 0.956 0.941 0.853
Al-Diri et al. [22] 0.728 0.955 – 0.841 0.752 0.968 – 0.860
Fraz et al. [30] 0.715 0.976 0.943 0.845 0.731 0.968 0.944 0.849
Nguyen et al. [64] – – 0.940 – – 0.932 –
Bankhead et al. [17] 0.703 0.971 0.937 0.837 0.758 0.950 0.932 0.854
Orlando and Blaschko [65] 0.785 0.967 – 0.876 – – – –
Azzopardi et al. [19] 0.766 0.970 0.944 0.868 0.772 0.970 0.950 0.871
Zhang et al. [66] 0.712 0.973 0.938 0.842 0.717 0.948 0.948 0.832
Asad and Hassaanien [1] – – – – 0.748 0.954 0.934 0.851
Zana and Klein [67] 0.697 – 0.938 – – – – –
Zhao et al. [41] 0.744 0.978 0.953 0.861 0.786 0.975 0.951 0.880
Mapayi et al. [35] 0.763 0.963 0.946 0.863 0.763 0.966 0.951 0.864
BahadarKhan et al. [31] 0.774 0.980 0.960 0.877 0.788 0.966 0.951 0.877
BahadarKhan et al. [39] 0.746 0.980 0.961 0.863 0.758 0.963 0. 946 0.860
Dai et al. [68] 0.736 0.972 0.942 0.854 0.777 0.955 0.936 0.866
Proposed method 0.761 0.981 0.961 0.871 0.782 0.965 0.951 0.873

Table 2  A comparison between different retinal vessel segmentation 
methods evaluated using CHASE_DB1 dataset

Method Sensitivity Specificity Accuracy AUC 

Second observer 0.767 0.985 0.969 0.876
Azzopardi et al. [19] 0.758 0.958 0.938 0.858
Fraz et al. [7] (super-

vised)
0.722 0.971 0.946 0.846

Chaudhuri et al. [27] 0.282 0.926 0.848 0.604
Hanwimaluang et al. 

[69]
0.508 0.943 0.913 0.726

Chakraborti et al. [70] 0.528 0.959 0.929 0.744
Proposed method 0.738 0.968 0.939 0.853
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in their respective papers. While it is possible to increase the 
segmentation accuracy of the proposed method by select-
ing preprocessing and filtering parameters for each dataset 
separately, the goal of the study is to propose a method that 
could be used on a variety of datasets and images. Although 
the proposed method is considered as an unsupervised seg-
mentation, the results achieved are comparable to super-
vised segmentation methods while the processing time and 
computation requirements are notably lower, making the 
proposed method applicable for use in batch processing on 
large screenings. As mentioned, supervised segmentation 
methods require the computation of large pixel-wise feature 

vectors coupled with difficulties in training an efficient clas-
sifier, making them computationally demanding and time-
consuming in batch applications.

Moreover, only some of the methods have outlined their 
preprocessing steps in detail [5, 7, 18, 19, 36, 39, 41, 61]. 
The results obtained on the DRIVE dataset showed that 
the proposed method was amongst the top methods with 
an AUC of 0.871, accuracy of 0.961, sensitivity of 0.761 
and specificity of 0.981. In the case of the results obtained 
from the STARE dataset, with an AUC of 0.873, accu-
racy of 0.951, sensitivity of 0.782 and specificity of 0.965, 
the proposed method was also amongst the top methods 

Table 3  A comparison between the runtime of different unsupervised retinal vessel segmentation methods

Method Processing time 
per image (s)

Computational resources Development environment

BahadarKhan et al. [39] 1.5 Intel Core i3 CPU running at 2.53 GHz coupled with 4 GB RAM MATLAB
Bankhead et al. [17] 22.4 MATLAB
Azzopardi et al. [19] 11.8 MATLAB
Dai et al. [68] 106 MATLAB
Vlachos and Dermatas [71] 9.3 MATLAB
Zhao et al. [41] 4.6 Intel Core i3 CPU running at 3.1 GHz coupled with 8 GB RAM MATLAB & C++
Mapayi et al. [35] 2.6 Intel Core i5 CPU running at 2.30 GHz coupled with 4 GB RAM. MATLAB
Asad and Hassaanien [1] 165 Intel Core i3 CPU running at 2.53 GHz coupled with 3 GB RAM MATLAB
Proposed Method ~ 30 Intel Core i5 CPU running at 2.30 GHz coupled with 4 GB RAM. MATLAB

Fig. 10  A visual comparison between different retinal vessel segmen-
tation methods on a sample image from the DRIVE dataset. a Color 
fundus image, b manual segmentation, c proposed segmentation, d 

method by Bankhead et al. [17], e method by Vlachos and Dermatas 
[71], f method by Martinez-Perez et al. [63], g method by Azzopardi 
et al. [19] and h method by BahadarKhan et al. [39]
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proposed for retinal vessel segmentation with compara-
ble performance to human segmentation. Although the 
CHASE_DB1 dataset has received less interest from 
researchers, the proposed method was able to achieve 
comparable results as compared to other methods with an 
AUC of 0.853, accuracy of 0.939, sensitivity of 0.738 and 
specificity of 0.968. As seen, the results are comparable 
to most recent supervised and unsupervised segmenta-
tion methods from the literature. It should be noted that 
the first observer has segmented thinner vessels in the 
CHASE_DB1 and DRIVE datasets as compared to the 
second observer, while the second observer has segmented 
thinner vessels in the STARE dataset as compared to the 
first observer resulting in a higher vessel segmentation 
sensitivity, as seen in Table 1.

The average processing times among various vessel seg-
mentation methods are compared in Table 3. The proposed 
method required an average of 30 s to segment an image, 
making it comparable to most methods from the literature. 
Figures 10 and 11 show a visual comparison between the 
segmentation performance of the proposed method and 
other state-of-the-art methods for a sample image from the 
STARE and DRIVE datasets, respectively. As it can be seen, 
the proposed method was able to provide acceptable seg-
mentation accuracy with low levels of artifacts and noise. 
Although the visual comparison is considered purely subjec-
tive, it can still emphasise the positive and negative points of 
various segmentation approaches in support of quantitative 
results. As seen, thin vessels and noise in the image represent 
major challenges in retinal vessel segmentation. Furthermore, 
images from STARE dataset are considered to have an inferior 

quality as compared to the DRIVE dataset, resulting in a lower 
performance.

Another advantage of the proposed method can be seen in 
pathological retinal images where non-vessel pixels can be 
easily identified as vessel pixels, degrading the usefulness of 
the segmentation. As illustrated in Figs. 12 and 13, the pro-
posed method was able to provide less noisy segmentation as 
compared to other methods from the literature in pathological 
retinal images from the DRIVE and STARE datasets, respec-
tively. Moreover, Fig. 14 compares the performance of the 
proposed method and the provided ground truth segmenta-
tion in some sample pathological images from the DRIVE 
and STARE datasets, respectively, while Fig. 15 illustrates the 
performance of the proposed method and the provided ground 
truth segmentation in some sample pathological images from 
the CHASE_DB1 dataset. The CHASE_DB1 dataset contains 
non-uniform background illumination with central vessels 
reflexes in most images and low contrast across the dataset 
where these issues result in lower segmentation accuracy, and 
consequently low interest to include this dataset in the develop-
ment and testing of retinal segmentation methods.   

4  Conclusions

Vessel segmentation can be considered as one of the main 
steps in retinal automated analysis tools. In advanced reti-
nal image analysis, the segmented vasculature tree can 
be used to calculate the vessel diameter and tortuosity, 
discriminating veins and arteries along with measuring 
the arteriovenous ratio. Furthermore, segmented retinal 

Fig. 11  A visual comparison between different retinal vessel segmen-
tation methods on a sample image from the STARE dataset. a Color 
fundus image, b manual segmentation, c proposed segmentation, d 

method by Azzopardi et al. [19], e method by Vlachos and Dermatas 
[71], f method by Martinez-Perez et al. [63], g method by Bankhead 
et al. [17] and h method by BahadarKhan et al. [39]
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Fig. 12  A visual comparison between different retinal vessel segmen-
tation methods on a pathological sample image from DRIVE dataset. 
a Color fundus image, b manual segmentation, c proposed segmenta-

tion, d method by Dai et al. [68], e method by Bankhead et al. [17] 
and f method by BahadarKhan et al. [39]

Fig. 13  A visual comparison between different retinal vessel segmen-
tation methods on a pathological sample image from STARE dataset. 
a Color fundus image, b manual segmentation, c proposed segmenta-

tion, d method by Bankhead et al. [17], e method by Azzopardi et al. 
[19] and f method by BahadarKhan et al. [39]
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Fig. 14  A visual comparison between the proposed retinal vessel 
segmentation method and the ground truth on sample pathological 
images from DRIVE and STARE datasets. a Color fundus image 

from DRIVE dataset, b Color fundus image from STARE dataset, c, e 
manual segmentation and d, f proposed segmentation

Fig. 15  A visual comparison between the proposed retinal vessel segmentation method and the ground truth on sample pathological images from 
CHASE_DB1 dataset. a, d Color fundus image, b, e manual segmentation and c, f proposed segmentation
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vessels can be utilised as features for retinal disease clas-
sification and systematic disease identification systems, 
such as diabetes, stroke or hypertension. In this study, 
a retinal vessel segmentation algorithm based on fuzzy 
c-means clustering and level set method was proposed. 
Utilising morphological processes, the CLAHE and 
matched filtering techniques, the images were enhanced 
before the fuzzy clustering of vessel pixels. Finally, the 
vessels were segmented by a level set approach. The pro-
posed segmentation method was validated on publicly 
accessible data sets by using common validation metrics 
in retinal vessel segmentation where the results on DRIVE 
(Sensitivity = 0.761, Specificity = 0.981), STARE (Sen-
sitivity = 0.782, Specificity = 0.965) and CHASE_DB1 
(Sensitivity = 0.738, Specificity = 0.968) were shown to 
be comparable to other methods from the literature. The 
proposed method was able to handle noisy and pathologi-
cal images and produce good segmentation, especially in 
thinner vessels while being computationally efficient.
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