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Abstract
The field of computer-assisted retinal vascular segmentation is crucial since it aids in the diagnosis of disorders like diabetic 
retinopathy. The segmentation of retinal images deals with several problems, including the appearance of pseudo vasculari-
zation, difficulty in detecting thin vessels, and the enhancement of low-resolution images. This study aims to propose a new 
unsupervised method for retinal vascular segmentation that ensures high accuracy detection comparatively with previous 
studies. The proposed method can achieve good performance without prior training or turning. It is based on an efficient 
hybrid combination of many well-known intensity transformations and filters, followed by an adaptive thresholding algo-
rithm. Firstly, contrast limited adaptive histogram equalization (CLAHE) and bottom-hat (BTH) filtering are applied to 
increase the contrast between the vascular and the fundus. To bring up the vessel tree structure against a non-uniform image 
background, a Jerman filtering is performed. Then, reconstruction processes, bowler-hat (BLH) filtering, and the generated 
field of view (FoV) mask are applied to preserve image details and remove any noise. Finally, an adaptive threshold is used 
to classify vessel and non-vessel pixels. The impact of the proposed segmentation model has been evaluated on the open-
access STARE and DRIVE databases, reaching an accuracy index of 0.9618 and 0.9586, and a specificity index of 0.9810 
and 0.9874, respectively. The suggested segmentation method proved more accurate and more efficient than the results of 
some other current methods.
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1  Introduction

Ophthalmologists worldwide are known to rely on fundus 
images to diagnose and treat various eye diseases. There-
fore, it has become imperative that experts use digital image 
processing on retinal images with the main aim of analyzing 
and knowing the various features of the retina, optic disc, 
blood vessels, and macula. Computer-based analysis of the 
image has greatly contributed to detecting imbalances in 
the ocular retina, such as bleeding, aneurysms, secretions, 

and disc disorders. In addition, this analysis allows us to 
diagnose and predict certain serious diseases, like diabetes, 
glaucoma, blindness, and macular edema (Mookiah et al. 
2021; Abdulsahib et al. 2021). Generally, the segmentation 
of vessel structures from the fundus images is often manu-
ally performed, which is tedious, time-consuming, and error-
prone, especially for large population screening. Besides, 
the rating of the majority of pixels is often apparent to an 
ophthalmologist. However, some pixels, such as those at 
the border of the vessel, those of near-pathology vessels, 
and those of small vessels, are difficult to distinguish easily. 
Therefore, methods that can reduce the number of manual 
supervision while increasing speed and accuracy are needed.

In recent years, many research efforts have been made 
to address the problem of retinal image segmentation. In 
the literature, segmentation methods are categorized into 
supervised or unsupervised approaches.

Supervised techniques operate a set of samples to train 
a classifier that distinguishes between the vessel and non-
vessel pixels to produce an optimal predictive model, and 
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the set employed in this type of process is summoned 
the training set. These techniques have then branched 
into machine learning and deep learning algorithms. For 
example, random forest, support vector machine (SVM), 
k nearest neighbors (KNN), artificial neural networks 
(ANN), and others are some of the classifiers used in the 
medical field. Deep learning is considered the most effec-
tive technique as it solves the problems of conventional 
classification algorithms as it can exploit raw data without 
using handmade features via an automatic feature extractor 
(Balasubramanian and Ananthamoorthy 2021; Saravanan 
et al. 2022). However, a high-performance deep learning 
model depends on many training samples with correspond-
ing annotations, which are not consistently available, par-
ticularly for retinal vessel segmentation.

On the other hand, unsupervised segmentation meth-
ods operate without prior knowledge of the image to be 
segmented. The most common methods of unsupervised 
segmentation of retinal vessels can be classified as ves-
sel tracking, matched filtering, multi-scale, model-based 
morphology and machine learning. Many recent research 
papers have discussed these methods in detail (Mookiah 
et al. 2021; Qureshi et al. 2019). Unsupervised methods 
are advantageous in higher speed and lower computational 
complexity than supervised methods. Although the accu-
racy of unsupervised segmentation methods has been sub-
stantially improved in the previous works, these methods 
still need to raise and improve the accuracy ratio and face 
fundamental problems such as computational complexity, 
hyperparameters tuning, large memory requirements, and 
specialized hardware (Qureshi et al. 2019). In addition, 
the appearance of pseudo vascularization and the enhance-
ment of low-resolution images are also common problems 
for unsupervised as well as supervised methods, which are 
attributed to issues that may arise during the acquisition 
of the image, such as the type of the camera, noise, blur, 
and the patient’s movement.

Given the earlier issues, they can be solved in high per-
formance through a hybrid combination of many intensity 
transformations and filters. This paper proposes an unsu-
pervised approach for retinal blood vessel segmentation, 
which can extract good vessel segmentation images with-
out the need for prior training or turning. In the follow-
ing, some research questions are formulated to indicate 
the focus of the research on the one hand and clarify the 
contribution of our study on the other hand. The first ques-
tion is: what are the main contributions of the suggested 
method? Second, how does the proposed method improve 
low and varying contrast and eliminate noise? Finally, 
how do we prevent background pixels from overlapping 
in segmentation and reduce the mathematical operations? 
Hence, our contributions and the strong points of this 
paper are given as follows:

–	 An unsupervised method for retinal blood vessel segmen-
tation providing high accuracy detection is developed. 
It is based on a new hybrid combination of many well-
known tools.

–	 A new method to create the mask is proposed to reduce 
the mathematical operations and increase the segmenta-
tion’s effectiveness. In addition, it enables us to bypass 
the use of those given in the database, which are usually 
not properly prepared.

–	 Contrast enhancement of the retina image and detail pre-
serving are performed using the CLAHE and BTH filter-
ing.

–	 Extraction of the vessel tree structure is subjected to the 
Jerman filtering, noting that this hybridization of filters 
overcomes the difficulty of choosing the suitable filters 
to eliminate poor contrast in retina images found in other 
methods (Wang et al. 2019).

–	 Denoising the improved retinal image and the appearance 
enhancement of delicate vessels are achieved using the 
reconstruction operations and BLH filtering.

–	 To prevent background pixels from overlapping in seg-
mentation, the generated mask is placed as a last-ditch 
enhancement in the retina image.

–	 Adaptive thresholding is carried out for binarizing the 
enhanced images obtained through different phases. 
Therefore, the proposed method is more effective than 
other methods in terms of segmentation accuracy.

The remainder of this paper is organized into seven main 
sections. Section 2 reviews related work in retinal blood ves-
sel segmentation. Section 3 explains basic concepts that help 
understand the proposed methodology. Section 4 provides 
a detailed explanation of the steps followed in the proposed 
method. Section 5 presents the experiment and evaluation 
parts, and Section 6 presents the results and discussions of 
the paper. Finally, Sect. 7 yields the conclusion.

2 � Related works

Segmentation and analysis of blood vessels by image pro-
cessing are crucial in various fields of medicine. Several 
researchers have provided efficient algorithms for extract-
ing and analyzing retinal vessels in fundus images that fall 
into a general category: supervised and unsupervised. This 
section presents a brief discussion of retinal vessel segmen-
tation using unsupervised methods to overview the various 
methods.

In literature,(Azzopardi et al. 2015) proposed a filter 
that selectively responds to vessels’ structure. It is based 
on a combination of shifted filter responses (COSFIRE) 
to detect the vessels’ tree. The validation of this method 
on open-access data sets showed its efficiency in reducing 



325A high accuracy segmentation method for retinal blood vessel detection based on hybrid filters…

1 3

computational complexity. In addition, (Lázár and Hajdu 
2015) suggested a segmentation method that is based on 
combining a region growing procedure with a hysteresis 
thresholding scheme, which depends on the response of 
adjacent pixels similarity vector. Furthermore, (Soomro 
et al. 2018) used principle component analysis (PCA) prior 
to gray-scale conversion to achieve a considerable improve-
ment insensitivity. Varying scales of these components were 
employed for normalization, followed by anisotropic diffu-
sion to target narrow vessels. However, the main criticism of 
the use of denoisers for restoring the fundus image is their 
inability to address both the additive and multiplicative noise 
cases simultaneously. Alternatively, a suitable approach may 
be figuring out and addressing the dominant noise case only. 
In this regard, it can be argued that speckle, owing to its 
multiplicative nature and dense concentration, dominantly 
impacts the structural details compared to the effect caused 
by the systematic additive noise. Hence, prioritizing the 
removal of speckle patterns from the retinal fundus image 
can significantly improve the quality. A recent study (Kha-
waja et al. 2019) demonstrated such an approach, whereby a 
state-of-the-art speckle denoiser, namely probabilistic patch 
based (PPB) denoiser (Deledalle et al. 2009), was used to 
improve the performance of an unsupervised retinal vessel 
segmentation framework. This scheme separately detected 
small and large vessels, though PPB denoiser was essentially 
used to improve the detection of large vessels.

Furthermore, some research has been based on attempts 
to suggest ways to improve retinal image contrast (Da Rocha 
et al. 2020). For example, an unsupervised segmentation 
method, based on corrected morphological and fractal 
dimensions, to improve the texture between retinal vessels 
and the background in a fundus image was suggested by 
(Wang et al. 2019). First, the morphological factor com-
bined with linear structural elements removes the lesion 
and light reflection. Then, the blood vessels are extracted 
using multi-threshold and fractal dimensions. The proposed 
method has been tested on STARE, DRIVE, and HRF public 
databases. After that, (Neto et al. 2017) suggested a way to 
improve the contrast of the inverted green layer of the raw 
image and to apply a local threshold based on the cumulative 

distribution. Finally, the results are refined with morpho-
logical processes that reduce noise and residual harshness 
in the image. Another way to improve the fundus image of 
the retina (Wang et al. 2021) is to simultaneously correct the 
lighting, improve details, and suppress noise. This method 
divides the raw image into three layers to correct uneven 
lighting in the base layer, and weighted fusion improves 
details and suppresses noise and artifacts. Among the most 
recent articles published, the authors of this study (Mahtab 
and Hossein 2022) developed an enhanced active contour 
method that extracts thin vessels and ridges very well using 
a discrete wavelet transform for energy reduction. Segmen-
tation is divided into two sections using the minimization 
formula: foreground and background. They discovered that 
foreground pixels matter more than background pixels. As a 
result, they altered the minimization formulation to give the 
foreground greater importance. The optimization procedure, 
which works instead of reinitialization, is the second half of 
the innovation. The evolution in the iterated process might 
sometimes impair the evolution’s stability. To avoid destroy-
ing evolution’s stability, they employed an optimization 
method formula to retain the contour on the image’s edges. 
The efficacy of the method was assessed on the DRIVE data-
base. The obtained results show the limits of the method to 
provide high accuracy detection.

3 � Preliminary

As mentioned above, the proposed method for retinal vascu-
lar segmentation is a hybrid combination of many well-know 
tools. In this section, we present the mathematical tools and 
techniques used in our segmentation method to enable a 
reader to assess our results. It is well-known that the image 
of the retina consists of three channels: red, green, and blue 
(Fig. 1). The red channel is supersaturated, and the blue one 
is poorly lit to reveal the blood vessel. On the other hand, 
the green channel is considered vascular detection due to 
the large contrast between the blood vessels and their back-
ground. Thus, the image analysis is conducted on the green 
channel (Azzopardi et al. 2015).

Fig. 1   Color retinal image and its channels on STARE database. a RGB input image. b Red channel. c Green channel. d Blue channel
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3.1 � Contrast limited adaptive histogram 
equalization (CLAHE)

CLAHE is a method widely used in the processing of bio-
medical images and signals. Its main interest lies in making 
the interesting portions of an image more visible. CLAHE 
is an improved type of adaptive histogram equalization 
(AHE) (Pizer et al. 1987) developed by Zuiderveld (Zuider-
veld 1994). CLAHE reduces the noise amplification prob-
lem by segmenting an image into small interrelated areas 
called tiles and applying histogram equalization over each 
tile. Figure 2 illustrates the concept of contrast enhance-
ment with CLAHE, where the image is displayed at the top 
before the contrast is enhanced, while the image below is 
displayed after the contrast enhancement, correction of light-
ing is applied to increase the luminance and brightness of 
the image.

3.2 � Morphological operation

Morphological image processing is a mathematical tool that 
modifies or extracts information about the shape inside the 
image (I) and its structure. A small matrix known as the 
structural element (S) is used to accomplish this process-
ing. In common, the structuring (S) component is a matrix 
that only includes (0) and (1) and that can have any size and 
shape. It should be noted that there are many morphological 
processes such as dilation (⊕) , erosion (⊖) , and so on. All 

existing morphological processes are built on a combination 
of these two operations, for instance, morphological open-
ing (◦) and closing (⋅) (Koschan and Abidi 2008), which are 
defined as:

Dilation

Erosion

Opening

Closing

where, the role of opening operation (◦) is to keep patterns 
dark and features on the one hand, and to suppress bright 
appearances on the other hand. The closing operation (⋅) pre-
serves the bright features while suppressing the dark scores.

3.2.1 � Bottom‑hat (BTH) filtering

In digital image processing and mathematical morphology, 
bottom-hat (BTH) filtering is used for various tasks such 
as background equalization, image enhancement, feature 

(1)𝛿S(I) = I ⊕ S

(2)𝜖S(I) = I ⊖ S

(3)𝛾S(I) = 𝛿S
(
𝜖S(I)

)
= (I ⊖ S)⊕ S = I◦S

(4)𝜙S(I) = 𝜖S
(
𝛿S(I)

)
= (I ⊕ S)⊖ S = I ⋅ S

Fig. 2   The concept of the 
CLAHE operation
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extraction, and others. The purpose of its use in improving 
the images of the retina is its effective ability to enhance the 
appearance of the eye’s retinal vessels that appear black in 
a background that is considered less black. Bottom-hat fil-
tering (BTH) process based on subtract the input image (I) 
from the result �S(I) of performing a morphological closing 
operation (⋅) on the input image (I) . The closure performs 
a dilation (⊕) followed by Erosion (⊖) . The result is filling 
holes and connecting objects nearby. The equation of the 
BTH filtering is given as follows:

In the suggested method, the BTH filter is used immediately 
after the extraction of the green channel. Its role is to pre-
pare and enhance the appearance of the image components, 
mainly the vessels. The filter settings are chosen after many 
experiments, and at the end, the value 11 is chosen for the 
structural element with the square shape, for it gives satis-
factory results.

3.2.2 � Bowler‑hat (BLH) filtering

The BLH filter combines the outputs of morphological open-
ing processes, which are executed on the image (I), as they 
are executed in two parallel tracks using different struc-
tural elements (Sazak et al. 2019). The first track uses the 
structural elements of the disk (Sd) with varying radii (d), 
is obtained:

where, (Sd) is the structuring elements of diameter 
d ∈

[
1, dmax

]
 and dmax is the expected maximum vessel 

size and the parameter specified by the user. The second 
track uses the structural elements of line (Sd,�) with varying 
radii(d) and rotation(�) , it can be written as:

where, (Sd,�) structuring elements of line and each line is of 
length d ∈

[
1, dmax

]
 with a width of 1 pixel, and orientation 

� ∈ [0, 180).
Then, the final results of the second track have been sub-

tracted from those of the first track. The results of the two 
tracks are taken and linked between as follows:

To test the effectiveness and the capacity of this filter in 
terms of promoting the appearance of the vessels, the same 
experiments were repeated, in the same way as with the pre-
vious filter, in order to prepare the image for the segmenta-
tion step.

(5)BTH = �S(I) − I

(6)I disk = I◦Sd ∶ ∀d ∈
[
1, dmax

]

(7)Iline = max
�

({
I◦Sd,� ∶ ∀�

})
∶ ∀d ∈

[
1, dmax

]

(8)BLH = max
d

(||I line − I disk
||
)

3.3 � Jerman filtering

Jerman filtering (Jerman et al. 2016) is a filter that has been 
designed on the basis of enhancement filters (Frangi et al. 
1998; Sato et al. 2000; Li et al. 2003; Erdt et al. 2008; Zhou 
et al. 2007). This filter is able to differentiate between differ-
ent local structures, using the second order intensity deriva-
tives for Hessian matrix at each point in the image I(x, y) . To 
intensify the local structures of different sizes, the analysis is 
usually carried out on a Gaussian scale space (Voorn et al. 
2013) of the image I(x, y).

The Hessian matrix of (2D) image I(x, y) at a scale (s) is 
defined as:

The eigenvectors of a Hessian matrix explain the main local 
directions of curvature with eigenvalues (�) corresponding 
to their magnitude. Selective improvement and enhancement 
of local image structures, based on background brightness 
versus shape and foreground, can be produced by study-
ing and analyzing the magnitudes and the signs of Hes-
sian eigenvalues. Consequently, the latter can distinguish 
between tube-like, blob-like, and plane-like features in a data 
set by decomposing the eigenvalue of the Hessian matrix. 
The contrast is maximized by harmonizing the enhancement 
function with eigenvalues, and it is performed by multiscale 
filtering on the extracted vessels of different scales (s). The 
scaling factor (s) values are determined according to the 
expected maximum and minimum size of the structures of 
interest. The modified Frangi enhancement function for 2D 
images is given by:

In the Frangi filtering (Frangi et al. 1998), the improvement 
function is proportional to the magnitude of the squared 
eigenvalues. A modified form of Jerman filter for (2D) vas-
cularity enhancement is given by:

where, ��(s) define as :

(9)G(x, y, s) =
1

2�2
e
−

x2+y2

s2

(10)H(x, s) =

(
B ⋅

�2

�x2
G(x, y, s)

)
∗ I(x, y)

(11)F = exp

(
1 −

(
�2
1
+ �2

2

)
2k2

)

(12)Vp =

⎧⎪⎨⎪⎩

0 if 𝜆2 ≤ 0 ∨ 𝜆𝜌 ≤ 0

1 if 𝜆2 ≥ 𝜆𝜌∕2 > 0

𝜆2
2

�
𝜆𝜌 − 𝜆2

��
3

𝜆2+𝜆𝜌

�3
otherwise
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where (�) is tuned to obtain the enhancement independently 
of the relative brightness of the structures. Often times, a 
value of (�) is chosen between zero and one. A decrease 
in (�) generally leads to an increase in (��) , since there is a 
higher probability that (𝜆2 > 𝜆𝜌∕2) , for which (��) is set to 
(1). The result is, in general, a more consistent response to 
the bright structures for (𝜆 < 1) (Meleppat et al. 2019). In 
our approach, Jerman filtering is used to increase the clar-
ity and contrast of the blood vessels in the retinal image. 
Table 1 all the symbols that are used in the equations with 
their meanings.

3.4 � Reconstruction

Morphological reconstructions are useful for creating an 
image from small components or removing features from 
an image without changing the shape of its objects. Such 
constructions are also used to divide images by counting the 
number of objects present and removing shadows. Morpho-
logical reconstructions are usually applied to binary or gray 
images. The reconstruction process involves two images: 
the mask (I) and the marker (h). Reconstructions are carried 
out on the marker (h) image, generally created by dilation or 
erosion to the mask image. The marker (h) image can also be 
used from existing images, as in our case. To perform this 
operation, the marker (h) image must have the same dimen-
sions as the mask (I) image (Lei et al. 2018).

3.5 � Adaptive thresholding

Thresholding is the process of converting a grayscale image 
into a binary image. The two main kinds of threshold tech-
niques are global and local adaptive threshold. In many 
cases, we cannot segment an image with a single global 

(13)𝜆𝜌(s) =

⎧
⎪⎨⎪⎩

𝜆3 if 𝜆3 > 𝜏 maxx 𝜆3(x, s)

𝜏 maxx 𝜆3(x, s) if 0 < 𝜆3 ≤ 𝜏 maxx 𝜆3(x, s)

0 otherwise

(14)Mr = I − h

threshold due to the variable contrast in images, the imaging 
artifacts and the illumination changes. Hence, local adaptive 
threshold was developed to overcome the limitations of the 
global threshold by using diverse thresholds at each pixel 
location in the image. The local threshold (T) value in the 
adaptive threshold can be based on several statistics, such as 
the mean operation as follows:

where, (T) is the threshold of the local neighborhood of 
(W ×W) pixels surrounding each pixel. The choice of W is 
critical. It must be large enough to cover enough background 
and foreground pixels at each point. However, it should not 
be so large that it affects the threshold. (C) sets the thresh-
old above the general image noise variance in uniform pixel 
areas (Solomon et al. 2011).

Several attempts to improve the performance of the tra-
ditional thresholding techniques have been proposed in the 
literature (Chow and Kaneko 1972; Bradley and Roth 2007). 
In this context, the authors in Bardozzo et al. 2021 have 
proposed an interesting local adaptive thresholding method, 
which is logically based on the Bradley algorithm. The 
authors presented an optimization methodology in order to 
use fuzzy integrals (Dimuro et al. 2020), specifically Sugeno 
integrals. Generally speaking, fuzzy-based adaptive thresh-
olding algorithms have demonstrated that they can achieve 
a higher accuracy on the one hand, but they are drastically 
slow on the other hand. To remedy this problem, the authors 
calculated fuzzy integral images with algorithms based on 
the summed-area table. Several experiments have been 
conducted to show the efficiency of the proposed method. 
The main disadvantage of this method is that it requires two 
steps to process the image: computing the fuzzy integral 
image FAi

 , followed by an adaptive binarization using the 
FAi

 . These two steps are time-consuming compared with the 
traditional method. In addition, it was noted that this method 
has some parameters that must be tuned to optimize the seg-
mentation result.

Furthermore, after several experiments conducted on reti-
nal images, we opted for traditional adaptive thresholding, 
presented above, due to its simplicity and effectiveness in 
segmenting thick and thin blood vessels in retinal images, 
especially after thorough preprocessing.

3.6 � Conversion to L*a*b color space

The original image is taken in the RGB color space. Fre-
quently, images are converted from one color space to 
another to facilitate image processing and analysis. In cer-
tain color spaces, the properties or characteristics of the 
objects of interest appear better when separated from oth-
ers. Therefore, in this paper, we convert an RGB image to 
another color space called L*a*b (Zhang and Wandell 1997) 

(15)T = mean + C

Table 1   Meaning of symbols

Symbol Meaning

B Normalization factor
G Gaussian function
s Scale (size) factor
�
1
 , �

2
Eigen values

k Controls the sensitivity
� Regularization factor
�� Regularized eigen value of �

2
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in order to reduce the color dimension, which allows us to 
achieve better separation between intensity groups and to 
make a mask to the original image (Demirkaya et al. 2008). 
The L*a*b color space was derived from the CIE XYZ tris-
timulus value specified by three components: A luminos-
ity channel L*, and two chromaticity channels a* and b*. 
Channel a* is represented in green-red and Channel b in 
blue-yellow. All color information is included in channels 
a* and b* (Koschan and Abidi 2008).

3.6.1 � Mask generation

In the field of medical image segmentation, and especially 
in the processing of fundus images, researchers exclude the 
dark background of the image and confine the segmenta-
tion to the structures of interest. To reduce the mathematical 
operations and increase the segmentation’s effectiveness, the 
mask image created is generally a binary image that contains 
two values: zero (0) for the background and one (1) in the 

structures of interest. To do so, the image to be segmented is 
multiplied by the created mask image to generate an image 
without background pixels. The field-of-view mask (FoV) 
employed in the proposed method is designed by converting 
the RGB fundus image to the color space L*a*b. Then, the 
b chromaticity channel is selected and made into a binary 
image. After that, the morphological erosion operation is 
applied with the structure element having the shape of a 
disk and with the size 6. Figure 3 shows an example of the 
FoV mask created according to the suggested method of 
mask generation.

4 � Proposed method

One major challenge in retinal image analysis is low and 
varying contrast, especially for accurate vessel segmenta-
tion. To address this issue, we need to improve the quality 
of the retinal image to preserve detail, eliminate poor con-
trast, and denoise. For this, the suggested method contains 
a succession of many well-known intensity transformations 
and filters in order to prepare the retinal image for the seg-
mentation step. The main steps of the proposed method are 
given in Table 2.

In the first step, the FoV mask is created by converting 
the color image to the space L*a*b (explained in detail in 
the subsection Fig. 3). The resulting mask has been used in 
the penultimate stage before the vessels’ segmentation and 
extraction. This step aims to reduce the calculation complex-
ity on the one hand and to increase the segmentation accu-
racy on the other hand. It should be emphasized that, during 
our experiments, the accuracy rate is low in the absence of 
the FoV mask. Then, due to the higher contrast of the green 
channel of the RGB retina image, it has been extracted in the 
second step, and the analysis is performed on this channel 
as shown in Fig. 5c. Despite the high variability rate, the 
analyses indicate that the green channel alone is insufficient 
for successful clustering.

Accordingly, to clarify the vessels and the background 
of the image to improve the assembly performance, some 

Fig. 3   Mask generate. a, b RGB images of STARE and DRIVE data-
bases, c, d FoV mask generated with our proposed method for the 
STARE and DRIVE databases, respectively

Table 2   The main steps of the proposed method

Proposed method

1. Generate a mask based on the fundus images
2. Extract the green channel
3. Normalized image output and apply CLAHE
4. Perform the BTH filtering and Jerman filtering on the resulting image
5. Implement reconstruction on the image from step 3 with the image from step 4
6. Use BLH filtering on the resulting image
7. Apply the mask generated on the resulting image
8. Segment the image using adaptive thresholding
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intensity transformations and enhancement filters have been 
applied to the retina image. The intensity transformation 
applied in the third step is CLAHE Fig. 5d, which is com-
monly used as a primary enhancement as it helps improve 
image contrast while preserving image components.

In the fourth step, the BTH and Jerman filtering have been 
applied. The BTH filter highlights the blood vessels in the 
retina and makes them more visible, as it contributes to the 
non-protrusion of the lens of the eye Fig. 5e. Then, to make 
thin and large blood vessels stand out and to define the edges 
and curves well, the Jerman filtering has been used Fig. 5f.

After that, the image (figure d with figure f) has been 
reconstructed in the fifth step to preserve its objects Fig. 5g. 
BLH filtering has been used as a final tool before perform-
ing the segmentation of an image Fig. 5h, as this filtering 

Table 3   Parameters used

Parameters Value

CLAHE Default parameters
Bottom hat filtering Shape (square)

SE (11)
Jerman filtering Default parameters
Bowler-hat filtering Shape (default parameters)

� = 15, � = 10
Adaptive thresholding W

Stare
 = 55, W

Drive
 = 150

C
Stare

 = 0.05, C
Drive

 = 0.01

Fig. 4   The flow chart of the proposed method for retinal image segmentation

Fig. 5   Sample image from the STARE database illustrating the vari-
ous stages of our method. a Original image, b FoV mask, c green 
channel, d CLAHE, e image after bottom-hat filtering, f Jerman filter-

ing, g image reconstruction, h image after bowler-hat filtering, and i 
image segmentation results.
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eliminates noise significantly. In the last step, adaptive 
thresholding has been applied for pixel classification and 
retinal vessel extraction, as illustrated Fig. 5i.

The flow chart of the proposed method applied for retinal 
vessel segmentation is illustrated in Fig. 4, and the Table 3 
contains the various values used in the proposed method. In 
addition, visual examination of retinal vascular segmenta-
tion with treatment phases for our proposed method using 
STARE (Hoover et al. 2000) is depicted in Fig. 5.

5 � Experiments

This section is devoted to the experiments carried out to 
validate the proposed method. It is organized into two main 
subsections: The first presents the databases used to evalu-
ate the performance of the proposed method. The second 
subsection presents the adopted validation methodology. The 
latter compares the images segmented by our method with 
those segmented manually by different experts, where this 
comparison is evaluated using specific ratios to measure the 
performance and accuracy of the segmentation method.

5.1 � Database

The availability of publicly accessible image databases is an 
essential factor underpinning the evolution of feature extrac-
tion approaches. This necessity has pushed several research 
companies to make their retinal image databases available 
publicly. For instance, STARE (Hoover et al. 2000), and 
DRIVE (Staal et al. 2004) are open for researchers. These 
two databases are among the most popular databases used 
to develop and test the performance of various retinal seg-
mentation methods, which allows us to perform quantitative 
comparisons with a state-of-the-art method. In addition, one 
of the key reasons we chose these databases, they also pro-
vide corresponding ground truth images of the blood vessel. 
Table 4 displays some of the characteristics of these data-
bases upon which the performance of the proposed method 
can be evaluated.

Noting that the databases STARE and DRIVE have inde-
pendent and identically distributed images. In addition, the 
databases STARE and DRIVE contain a small number of 
images (20 and 40 images, respectively), which are carefully 
chosen to avoid biased data.

5.2 � Validation

The quality and efficiency of any proposed vascular seg-
mentation methodology depend on its ability to correctly 
distinguish between vessels and background pixels. There-
fore, the performance is assessed by comparing the achieved 

segmentation results with those calculated manually, follow-
ing four parameters:

–	 TP: Number of pixels in the structures of interest (ves-
sels) detected correctly.

–	 TN: Number of background pixels detected correctly.
–	 FP: Number of background pixels detected as the struc-

tures of interest pixels (vessels).
–	 FN: Number of pixels in the structures of interest (ves-

sels) detected background pixels.

These parameters are illustrated in Fig.  6 by compar-
ing sample images from the STARE and DRIVE databases. 
The images in Figure 6c, f show a group of colors: the white 
TP color represents the blood vessels in the retina that have 
been properly divided. However, the purple FP and green 
FN colors aim to show the flaws in the proposed method that 
should be addressed. In order to determine and to compare the 

Table 4   Characteristics of databases

Database STARE DRIVE

Number of image 20 40
Testing (20)
Training (20)

Camera TopCon TRV-50 Canon CR5
FoV 35◦ 45◦

Mask of FoV Unavailable Available
Spatial resolution 605 × 700 565× 584
Bit 24 24
Format PPM JPEG
Ground truth Available Available

Fig. 6   A comparison between the ground truth and the image 
obtained through the proposed method in STARE and DRIVE data-
base. a, d ground truth in STARE and DRIVE database respectively, 
b, e segmentation images results with our proposed method, and c, f 
images of congruence, and the difference between ground truth and 
segmentation images results
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performance of the proposed method with the results of some 
other current methods, certain ratios are selected:

Sensitivity

Specificity

Accuracy

Matthews correlation coefficient

 Precision

F1 score

(16)Sn =
TP

TP + FN

(17)Sp =
TN

TN + FP

(18)Acc =
TP + TN

TP + TN + FN + FP

(19)

MCC =
TP ⋅ TN − FP ⋅ FN√

(TP + FP) ⋅ (TP + FN) ⋅ (TN + FP) ⋅ (TN + FN)

(20)Pr =
TP

TP + FP

(21)F1 =
2TP

2TP + FP + FN
= 2 ×

Sn × Pr

Sn + Pr

6 � Results and discussion

This section presents the results obtained from the experi-
mental evaluations. Besides, an in-depth analysis of the 
results achieved is also carried out. Noting that the experi-
ments have been conducted using MATLAB.

In order to further illustrate the effectiveness of the sug-
gested method of retinal vascular segmentation, experimen-
tation has been carried out on two well-known open-access 
databases, STARE and DRIVE. Based on these databases, 
the results achieved are compared with those obtained by 
some of the unsupervised methods from the literature. The 
vascular segmentation is assessed using sensitivity (Sn), 
specificity (Sp), accuracy (Acc). Indeed, the higher values 
of these coefficients can be interpreted as better perfor-
mance. The Table 5 compares the performance of different 
methods for retinal vessel segmentation on the STARE data-
base. Sixteen works retained in this study (Fraz et al. 2012; 
Fathi and Naghsh-Nilchi 2013; Azzopardi et al. 2015; Zhao 
et al. 2015; Oliveira et al. 2016; Zhang et al. 2016; Neto 
et al. 2017; Zhao et al. 2017; Khomri et al. 2018; Soomro 
et al. 2018; Khawaja et al. 2019; Wang et al. 2019; Shah 
et al. 2019; Roy et al. 2019; Da Rocha et al. 2020; Mahtab 
and Hossein 2022). It can be observed that the specificity 
and the accuracy indicators are better, reaching values of 
(Sp = 0.9810) and (Acc = 0.9618) , respectively. It can also 
be noticed that (Shah et al. 2019) obtained such a high sen-
sitivity (Sn = 0.8949) at the same time the cost of the accu-
racy reaching the value of (Acc = 0.9354) . Therefore, it is 

Table 5   Comparison with 
state-of-the-art methods on the 
STARE database

Bold values represent the best results

STARE
Year Sn Sp Acc Method

Fraz et al. (2012) 2012 0.7311 0.9680 0.9442 Mathematical morphology
Fathi and Naghsh-Nilchi (2013) 2013 0.8061 0.9717 0.9591 Multi-scale
Azzopardi et al. (2015) 2015 0.7716 0.9701 0.9497 Matched filtering
Zhao et al. (2015) 2015 0.7800 0.9780 0.9560 Model based method
Oliveira et al. (2016) 2016 0.8254 – 0.9532 Matched filtering
Zhang et al. (2016) 2016 0.7791 0.9758 0.9554 Matched filtering
Neto et al. (2017) 2017 0.8344 0.9443 0.8894 Matched filtering
Zhao et al. (2017) 2017 0.7890 0.9780 0.9560 Model based method
Khomri et al. (2018) 2018 0.7371 0.9620 0.9400 Multi-scale
Soomro et al. (2018) 2018 0.7840 0.9760 0.9510 Mathematical morphology
Khawaja et al. (2019) 2019 0.7980 0.9732 0.9561 Machine learning
Wang et al. (2019) 2019 0.7654 0.9735 0.9502 Mathematical morphology
Shah et al. (2019) 2019 0.8949 0.9390 0.9354 Multi-scale
Roy et al. (2019) 2019 0.4317 0.9718 0.9488 Matched filtering
Da Rocha et al. (2020) 2020 0.7932 0.9664 0.9533 Mathematical morphology
Mahtab and Hossein (2022) 2022 0.7336 0.9741 0.9430 Model based method
Proposed method 2022 0.7253 0.9810 0.9618 Matched filtering
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pertinent to note that the sensitivity index achieved by the 
our method (Sn = 0.7253) is much closer to the literature 
values.

In this context, the same remarks can be made in the 
case of the DRIVE database. The Table 6 compares the 
performance of the proposed method with state-of-the-art 
methods. As for specificity (Sp = 0.9874) and accuracy 
(Acc = 0.9586) , they are considered the best with respect of 
the works retained. In contrast, the sensitivity index achieved 
by our method is equal to (Sn = 0.6595).

To better understand the effectiveness of the pro-
posed method, we extended the evaluation by using the 
MCC, Pr and F1 score metrics, as described in Table 7. 
Thus, for the MCC coefficient, our method reaches val-
ues of (MCC = 0.7211,MCC = 0.7193) on STARE and 
DRIVE, respectively, which are satisfactory since the 
MCC coefficient varies between −1 and 1. While the 
precision (Pr = 0.7625,Pr = 0.8381) and the F1 score 
(F1 = 0.7389,F1 = 0.7315) achieved on the STARE and 
DRIVE databases are within the normal range of the field 
of medical image segmentation.

In general, the proposed method has achieved good 
results in terms of accuracy and specificity indexes in both 
databases, which confirms once again the reliability of the 
proposed method.

7 � Conclusion

In this paper, we proposed a new method using hybrid filters 
that precede the vessel segmentation step to enhance low 
and varying contrast on the one hand, and to reduce noise 
surges in devices on the other hand. For that reason, CLAHE 
and morphological filters have been used for low-frequency 
noise and vessel enhancement. In addition, the Jerman filter-
ing has also been used to illustrate wide and thin vessels in 
images. Furthermore, the created mask has been employed 
to reduce the mathematical operations and increase the seg-
mentation’s effectiveness. Finally, adaptive thresholding has 
been utilized to extract vessel features and segment image 
pixels into the vessel and non-vessel images. These steps 
greatly enhance the efficiency of vessel detection capabili-
ties. The suggested method has been tested on established 
clinical databases STARE and DRIVE. It outperforms the 
most recent methods with significant improvements, particu-
larly in detection accuracy.

As a future scope, it will be interesting to extend the 
results of this paper to predict various retinal diseases 
like glaucoma, diabetic retinopathy, age-related macular 

Table 6   Comparison with 
state-of-the-art methods on the 
DRIVE database

Bold values represent the best results

DRIVE
Year Sn Sp Acc Method

Fraz et al. (2012) 2012 0.7152 0.9759 0.9430 Mathematical morphology
Fathi and Naghsh-Nilchi (2013) 2013 0.7768 0.9759 0.9581 Multi-scale
Azzopardi et al. (2015) 2015 0.7655 0.9704 0.9442 Matched filtering
Zhao et al. (2015) 2015 0.7420 0.9820 0.9540 Model based method
Oliveira et al. (2016) 2016 0.8644 0.9464 0.7425 Matched filtering
Zhang et al. (2016) 2016 0.7743 0.9725 0.9476 Matched filtering
Neto et al. (2017) 2017 0.7806 0.9629 0.8718 Matched filtering
Zhao et al. (2017) 2017 0.7820 0.9790 0.9570 Model based method
Khomri et al. (2018) 2018 0.7390 0.9740 0.9450 Machine learning
Soomro et al. (2018) 2018 0.7450 0.9620 0.9480 Mathematical morphology
Khawaja et al. (2019) 2019 0.8027 0.9733 0.9561 Multi-scale
Wang et al. (2019) 2019 0.7287 0.9771 0.9443 Mathematical morphology
Shah et al. (2019) 2019 0.7760 0.9724 0.9473 Multi-scale
Roy et al. (2019) 2019 0.4392 0.9622 0.9295 Matched filtering
Da Rocha et al. (2020) 2020 0.8100 0.9593 0.9462 Mathematical morphology
Mahtab and Hossein (2022) 2022 0.7831 0.9553 0.9372 Model based method
Proposed method 2022 0.6595 0.9874 0.9586 Matched filtering

Table 7   The results obtained using other metrics on STARE and 
DRIVE databases

Database MCC  Pr F
1
 

STARE 0.7211 0.7625 0.7389
DRIVE 0.7193 0.8381 0.7315
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degeneration, and so on. For this purpose, a promising ave-
nue of research is to record in context histories the data in 
order to perform the segmentation of retinal blood vessels 
for disease prediction (Bala and Chana 2015; Rosa et al. 
2015; da Rosa et al. 2016; Dupont et al. 2020; Filippetto 
et al. 2021).
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