
Page 1 of 6

                     Original Article

Citation: Ravikrishna B, Chandrashekar P, Akhil K, Akhilesh N. Vessel Nerves Extraction and Segmentation 
using Frangi Filter and Multiresolution Techniques. GJEIIR. 2025;5(4):076.

Global Journal of Engineering Innovations & 
Interdisciplinary Research

GJEIIR. 2025; Vol 5 Issue 4

Vessel Nerves Extraction and Segmentation 
using Frangi Filter and Multiresolution 
Techniques

B Ravikrishna1, P Chandrashekar2, K Akhil2, N Akhilesh2

1Associate Professor, Department of Artificial Intelligence and Data Science, Vignan Institute of Technology and Science, 
Hyderabad, India
2UG Student, Department of AI&DS, Vignan Institute of Technology and Science, Hyderabad, India

Correspondence
Dr. B. Ravikrishna
Associate Professor , Department of 
Artificial Intelligence and Data Science, 
Vignan Institute of Technology and Science, 
Hyderabad, India

 

•	 Received Date: 25 May 2025

•	 Accepted Date: 15 June 2025

•	 Publication Date: 27 June 2025

Keywords

Fundus images; eye diseases; CLAHE; Frangi; 
multiresolution techniques ; Hessian vessel 
Ness ; Gaussian filter

Copyright

© 2025 Authors. This is an open- access article 
distributed under the terms of the Creative 
Commons Attribution 4.0 International 
license.

Introduction
Retinal imaging, which captures the retina, 

blood vessels, and optic nerve, is a vital tool 
for optometrists in diagnosing and managing 
various ophthalmic conditions. Computer-
assisted methods for detecting blood vessels 
have become essential in studying eye 
diseases such as diabetic retinopathy (both 
proliferative and non-proliferative), cataracts, 
glaucoma, and vein occlusion. According 
to the American Diabetes Association, 
approximately 4.2 million Americans were 
affected by diabetic retinopathy, and 2.3 
million by glaucoma in 2011 [1]. Accurate 
segmentation of blood vessels is a critical task 
but faces several challenges. Retinal images 
often include other structures like the optic 
disk, fovea, epithelium, and exudates, which 
can interfere with segmentation. Additionally, 
retinal veins vary widely in thickness and 
tortuosity, with thinner vessels often appearing 
less illuminated than the background, further 
complicating detection [2]. Analyzing retinal 
images manually is time-consuming and 
expensive, making automated segmentation 
an essential step to assist ophthalmologists 
in diagnosing specific eye diseases efficiently 
[3].

Generally, image processing thresholding 
techniques are divided into parametric and 
non-parametric approaches. 

Abstract

Blood vessels of fundus images identification holds an important position for identifying many eye 
diseases. It suggests a simplified method, with which the detection process is accelerated, so far as 
the efficiency of its results is concerned. Starting from the input image, enhanced through Contrast 
Limited Adaptive Histogram Equalization, increases blood vessels' visibility. To isolate the optic disc, 
a morphologically processed version of the image is subtracted from the enhanced image. By using 
this Frangi algorithm and some multiresolution techniques like up sampling and down sampling. 
Hessian vessel Ness and gaussian filter ensures the accuracy of the system by playing a vital role in 
the main methodology of the system.    This version maintains the technical details while presenting 
the information in a more natural, reader-friendly manner.Future scope can be established using many 
integration techniques like artificial intelligence. In conclusion the model accelerate the time and 
accuracy in computer aided diagnosis regarding retinal fundus images.

Parametric methods rely on the estimation 
of probability density functions for modeling 
each class, which can berestrictive and 
computationally intensive. Non-parametric 
approaches, however, rely on criteria such as 
inter-class variance, entropy, or error rates to 
validate threshold values. These methods are 
known for their robustness and accuracy and 
can even function as optimization techniques 
[4].Several developments in this area have 
been proposed. For example, [5] develops 
and compares several global thresholding 
techniques. A GLCM-based approach for vessel 
segmentation is described in [6]. On the other 
hand, [7] proposes an automated technique that 
uses a combination of local and global features 
for vein segmentation in ophthalmoscopic 
images. In [8], a global thresholding technique 
is proposed that employs pre-processing steps 
such as LoG filtering and Gabor wavelets.

The morphological approaches vary from 
each other. It first knows the shape of vessels, 
then it applies the morphological operators on 
vessels to extract. For example, [9] illustrates 
an approach by applying the concept of 
morphological bit-plane slicing for detecting 
the vessel. Unsupervised methods are mainly 
based on the principle that objects with similar 
patterns normally have comparable feature 
vectors. In [10], a technique combining a 
matched filter with the first-order derivative 
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of Gaussian (FODG) is proposed that can efficiently separate 
vessels from the background. Supervised techniques label the 
pixels as vessel or non-vessel using feature vectors extracted 
from the training data. For example, [11] provides a supervised 
approach using an ensemble classifier for the vessel extraction 
process. Such approaches rely on large annotated datasets to 
train models that are capable of high-accuracy segmentation 
by learning from a wide range of vessel characteristics, such as 
intensity, edge sharpness, and orientation.

Model-based methods use explicit vessel models that guide 
the segmentation. Typically, the models are constructed to 
emphasize the geometric and intensity-based properties of the 
vessels[12]. For instance, Zhao et al. presented a technique in 
[13] for the application to ensure efficient detection of both 
large and thin vessels. The methods can be beneficial where the 
topological connectivity or connectivity is important in vessel 
applications.

Considering the past research, it can be seen that various issues 
related to vessel detection and segmentation can be resolved 
using novel techniques and approaches[14]. In this paper, an 
approach consisting of three steps is presented to improve the 
process of vessel segmentation.

The first step is the preprocessing of input images using 
Contrast Limited Adaptive Histogram Equalization (CLAHE). 
It enhances local contrast and provides fine details, which help 
in the detection of fine structures[15]. Then, it extracts the green 
channel from the input images because the most information 
related to vessel segmentation is usually found in this channel, 
which has greater contrast in medical and biological images.

The second step uses a multiresolution approach and down 
samples the images in various resolutions. This facilitates the 
analysis of images on different scales, thereby encompassing 
both larger and smaller vessels[16]. For each of these resolutions, 
Frangi filters are applied to detect tubular structures. The Frangi 
filter is very suitable for the detection of vessels since it enhances 
features that look like elongated and curvilinear shapes, similar 
to those of vascular structures[17].

In the final step, the images processed at different 
resolutions are upsampled and combined to produce a single 
binary interpolated image. This merged image integrates the 
information across scales and highlights vessel structures, 
including fine vessel nerves, ensuring a comprehensive and 
accurate representation of the vascular network.

 The image illustrates the complex network of retinal blood 
vessels over three sections. The first is the original fundus 
image-a color view of the back of the eye-showing the optic disc, 
major blood vessels, and surrounding structures in their natural 
state. The second part is a more contrasted, grayscale version 
of the same image, enhanced to make better visualization of 

the vascular network possible. The third section zooms in on 
one area, where it shows dense and intricate networks of tiny 
vessels. A red circle around an area of interest will highlight 
the microvasculature in all its detailed glory. This detailed 
visualization is of key importance for understanding the ocular 
health because it depicts the structure and function, which 
is the hallmark in the diagnosis and monitoring of diabetic 
retinopathy, glaucoma, and macular degeneration. Such detailed 
visualization is enabled by the advanced imaging techniques and 
would advance the study and management of ocular diseases.
Methodology. 

Preprocessing is critical to achieve precise segmentation of 
the vessels because, more often than not, the images used do 
contain uneven illumination and other varied contrasts. The 
problem necessitates the need for an initial preprocessing 
of images using a three-stage approach designed to increase 
clarity and quality in vessel segmentations. The process starts 
with image enhancement, applying Contrast Limited Adaptive 
Histogram Equalization (CLAHE) to enhance the visibility of 
fine details and improve contrast. This helps bring out vessel 
structures that may not be easily detectable in the original images 
due to low contrast or poor lighting. In the following step, the 
process of vessel segmentation is carried out by applying the 
Frangi method. This method is designed particularly to identify 
structures in the form of tubes or curved lines in an image and, 
therefore, is perfect for blood vessels. It enhances the shapes 
of the image features which resemble elongated structures. 
Lastly, the segmented image is subjected to morphological 
cleaning. This step is critical in removing small noise artifacts 
or irrelevant structures that could have been incorporated during 
the segmentation process. The refined output of segmentation 
ensures that the final image contains clean and well-defined 
vessels. This three-step approach is simple and effective, 
addressing common challenges in fundus image processing. 
It not only improves the accuracy of vessel segmentation but 
also results in cleaner and more interpretable images for further 
analysis. The entire process is visually summarized in Fig. 1, 
highlighting each step and its contribution to the final output.

Figure 1. Basic vessel nerve structure

 
Pre-processing 

Vesselextrac�onandpost- 
processing 

Outputimage 

 Guassian cleaningtoremovenoise 

Vesselextrac�onusing 
Frangi filter method 

Down sampling 

 

Contrastlimitedadap�vehistogram 
equaliza�on (CLAHE) 

Inputimage 

Figure 2: Model of the proposed method
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Pre-processing
Preprocessing is a critical step to ensure higher accuracy and 

reliability in analyzing medical images, especially for tasks like 
blood vessel segmentation. It involves a series of techniques 
that improve image quality and make subsequent processing 
steps more effective. By enhancing the images and removing 
noise, preprocessing increases the system's robustness and 
ensures better performance in detecting and analyzing vessels.

One of the main motivations to preprocess images is that of 
preparing them for accurate segmentation so that the contrast 
and clarity of the images are improved. In fundus images, 
a green channel is found especially useful as it shows more 
contrast between blood vessels and the surrounding background 
as opposed to the red or blue channels. This is what makes 
the green channel best suited for vessel segmentation.The 
preprocessing stage generally encompasses two major steps: 
Vessel Enhancement

This step uses Contrast Limited Adaptive Histogram 
Equalization, which is a strong enhancement technique in 
images. CLAHE increases the visibility of fine vessel structures 
by locally adjusting the contrast in different parts of the image. 
It is helpful in bringing out vessels that are faint or may not be 
clearly visible because of poor contrast or uneven lighting. 
Optic Disk Removal

The optic disk is a bright, circular area in fundus images where 
the blood vessels converge. Its presence can interfere with the 
correct detection of vessels. To correct this, a morphologically 
opened version of the image is generated. This version 
emphasizes larger, smooth areas like the optic disk. Subtracting 
this from the enhanced image isolates the blood vessels while 
minimizing the effect of the optic disk, thus allowing for cleaner 
segmentation.Overall, these preprocessing steps are aimed at 
optimizing the images such that the vessel structures become 
more apparent and noise or irrelevant features become less 
distracting. This will set a good foundation for subsequent 
stages of accurate and reliable vessel segmentation.
Contrast limited adaptive histogram equalization (CLAHE)

Contrast Limited Adaptive Histogram Equalization is a more 
powerful technique for improving contrast, especially in cases 
where finer details have to be accentuated. Unlike traditional 
histogram equalization, which shifts the contrast of the whole 
image, CLAHE operates locally by dividing the image into 
smaller regions called tiles. The tiles are contrast enhanced so 
that subtle features are visible but with a limit to avoid over-
enhancement and the amplification of noise. The tiles are then 
merged in a seamless manner through bilinear interpolation, 
where there are no visible transitions across boundaries. This 
approach does not only enhance important details but also keeps 
a natural appearance, especially effective for applications such 
as medical imaging where clarity and precision are essential.
Optic disk removal

The optic disk is a bright and circular area in the fundus images 
where blood vessels converge. Although this region is of interest 
in retinal analysis, its brightness and structure may interfere 
with the segmentation process by classifying the vessels within 
it as being part of the optic disk. Therefore, it is necessary to 
remove the optic disk from the image to obtain correct vessel 
segmentation. This can be done by two-step processes:
Morphological Filtering

The first step consists of applying the morphological opening 

operation on the enhanced image. A ball-shaped structuring 
element with a specified radius and height (commonly set at 4) 
is employed to smooth out and promote larger, more circular 
features such as the optic disc. Morphological opening allows 
for effective separation and cleaning up of the optic disc while 
reducing the effects of smaller tubular structures, such as blood 
vessels.
Subtraction

Subtracting the isolated optic disk morphology from the 
enhanced image with morphological filtering will get the desired 
image. Thus, subtraction removes the region that includes the 
optic disk so that only the blood vessels and the background 
remain, which will result in a cleaner image where the 
interference due to the optic disk is removed from the vessels.

This preprocessing step ensures that the vessels in the optic 
disk region are precisely detected and classified as being part 
of the vascular network, rather than misclassified. Fig. 2 This 
shows the sequence of progression of the preprocessing stages 
beginning from the original fundus image to the green channel 
extraction, application of CLAHE for image enhancement, 
average filtering, and finally optic disk removal. Together, 
the above steps ensure optimizing inputs of images for more 
effective segmentation and analysis.

Figure 3. Green channel and contrast stretched image

The image provided depicts two versions of a retinal fundus 
image. Green-channel image. This may be one color channel 
taken from the original color image and is helpful in pointing 
out specific features due to different colors in the retina revealing 
different structures. On the right side, you see the "Contrast 
stretched image." It is a processed version of the original image 
where contrast has been enhanced. You will be able to see all 
the details in the image, especially finer blood vessels and other 
structures which might not be visible at all in the original image.

Overall, these images have been used in the diagnosis and 
analysis of eye conditions, in particular diabetic retinopathy, 
a complication of diabetes that affects the blood vessels in the 
retina.
Vessel segmentation and post-processing

While several segmentation methods based on clustering 
techniques have been proposed, most of them fail to produce 
optimal results. To overcome this, an efficient combination of 
preprocessing techniques is applied before segmentation, which 
significantly improves the performance of the system. After 
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results of the algorithm with manually labeled data to see how 
well it performs. Sensitivity(also called the true positive rate) 
tells us how well the algorithm detects the actual vessels in the 
image, showing how many real vessels were correctly identified. 
Specificity (or true negative rate) measures how well the system 
avoids false positives, or identifying non-vessel areas as vessels, 
essentially telling us how well it distinguishes background 
from vessels. Precision (or positive predictive value) shows 
how accurate the algorithm's positive predictions are—when it 
identifies something as a vessel, how often is it right? Negative 
Predictive Value (Npv) measures how well the system predicts 
non-vessel areas, telling us how often the regions marked as 
not containing vessels are truly empty. False Discovery Rate 
(FDR) is the proportion of false positive detections, indicating 
how often the algorithm mistakenly labels areas as vessels when 
they aren't. Matthews's Correlation Coefficient (MCC) gives 
a comprehensive score of the performance of the algorithm, 
taking into consideration correct and incorrect predictions in 
order to give a well-balanced view. Accuracy measures how the 
results of segmentation are consistent with the manually labeled 
images to indicate the overall success of the process. Together, 
these measures give a comprehensive view of how well the 
segmentation algorithm works.

preprocessing, vessel detection is performed to ensure accurate 
segmentation he frangi filter has gained wide application in 
medical images in terms of the detection of blood vessels because 
it extends the enlongated  structures this kind of filter analyses 
second derivates to find curvature and structure orientation 
and thus works particularly to show features like those seen in 
vessels the process is initiated by applying the frangi filter
Post-processing

The final image obtained after the process of segmentation 
might still contain unwanted pixels that may be misclassified 
as blood vessels. To avoid such type of misclassifications, 
morphological cleaning operation is provided to remove these 
extraneous pixels. This cleaning step refines the segmentation 
by removing small artefacts and only keeping those which are 
the actual ones. The output images resulting from different 
datasets after such a cleaning operation

Figure 4. Segmentation results

The images include retinal fundus photographs of the back of 
an eye, where the retina resides. A characteristic of such images 
is the appearance of a red background by virtue of the blood 
vessels present. In the middle of each image is the light-colored 
circular area and must be the optic disc. Some images may have 
small, yellowish spots that could represent conditions such as 
drusen, exudates, or other abnormalities. Though suggestive 
of conditions like age-related macular degeneration (AMD) or 
diabetic retinopathy, 

These images illustrate the vasculature of the retina following 
image processing procedures. The white vessels against a 
black background stand out, giving the appearance of a web of 
branching lines. Vessel appearance can differ from one image to 
another due to differences in methods of processing, quality of 
the image, or conditions of the retina itself.  This segmentation 
method applies the Frangi filter, a strong technique that enhances 
tubular structures like blood vessels while suppressing irrelevant 
background noise. It works on the basis of the analysis of the 
image's second-order derivatives in order to highlight vessel-
like features according to curvature and orientation. Following 
application of the Frangi filter, vessel segmentation is done 
followed by evaluation with the metrics mentioned above. The 
performance of a segmentation process is measured with several 
important measures that will help us understand how accurate 
and reliable the algorithm is. These measures compare the 

Metric Formula
Sensitivity (Se) TP/TP+FN
Specificity (Sp) TN/TN+FP
Positive Predictive Value TP/TP+FP
Negative Predictive Value TN/TN+FN
False Discovery Rate FP/FP+TP
Accuracy TP+TN/TOTAL

TABLE 1 : PERFORMANCE METRICS

Table 1 is a graph of the values of several measures of 
performance for the new method. The performance values of 
the proposed segmentation technique with the Frangi filter are 
average sensitivity Se, specificity Sp, positive predictive value 
PPV, negative predictive value NPV, false discovery rate FDR, 
Matthews's correlation coefficient MCC and accuracy ACC as 
0.675, 0.988, 0.821, 0.954, 0.194, 0.623, and 0.946, respectively.
Result and discussion

The performance of the whole segmentation process is 
measured using a set of key mathematical metrics: sensitivity 
Se), specificity (Sp), precision (Ppv), negative predictive value 
(Npv), false discovery rate (FDR), Matthews's correlation 
coefficient (MCC), and accuracy (Acc). These metrics help 
in understanding the quality of the segmentation that can 
be achieved by quantifying the number of true positives, 
true negatives, false positives, and other related parameters. 
Sensitivity tells about the percentage of truly positive values 
correctly identified whereas specificity refers to the proportion 
of the true negatives detected. Positive and negative predictive 
values point to the proportion of positive

These results show that the proposed method, using the Frangi 
filter for vessel enhancement, can detect blood vessels with high 
accuracy compared to many existing methods. The proposed 
method is also compared with other existing techniques in terms 
of Se, Sp, and Acc.
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The processed retinal fundus images provide clear views of 
the blood vessels in the retina, especially when put against a 
dark background for better contrast, making the blood vessels 
stand out white. It is in the white blood vessels that appear like 
a branching network of lines where the visualization of the 
vascular structure of the retina takes place. There might be a 
variation in appearance from one image to the other, which may 
have been due to the techniques used in processing, differences 
in image quality, or perhaps just differences in the health and 
underlying conditions of the retina. For example, some may 
exhibit vessels more clearly than others with noise or artifacts 
due to the methods used in image enhancement.

These processed images are very valuable in various fields, but 
especially in medical applications in diagnosing and researching 
diseases of the eye. This enables health professionals and 
researchers to examine the characteristics of blood vessels in 
the retina - such as their width, length, and branching patterns 
- and determine whether there may be abnormalities such as a 
narrowing or blockage in the vessels, which can be an indicator 
of diabetes-related retinopathy, glaucoma, or hypertension. 
These images will help to identify the problem and aid in 
early diagnosis and intervention, thus allowing for the better 
management and treatment of eye diseases.

The image presents a comparison of retinal vessel segmentation 
results using different methods. The "Fundus" column shows 
the original eye images. "Ground Truth" displays the accurate 
vessel segmentations, while "Ours" showcases the results 
obtained using the Frangi algorithm. Other columns like "Unet," 
"M-Alexnet," "DENnet," and "DeepVessel" likely represent 
results from other segmentation models. This comparison 
allows for a qualitative assessment of the Frangi algorithm's 
performance in detecting and outlining blood vessels within the 
fundus images, although quantitative metrics are necessary for 
a comprehensive evaluation.

The proposed model for vessel and nerve extraction greatly 
overcomes the challenges associated with existing systems by 
incorporating innovative methodologies to improve accuracy, 
robustness against noise, and the ability to perform multi-scale 
analysis. Leverage advanced image processing techniques 
such as the Frangi filter, combined with AI-driven adaptive 
mechanisms, the model enhances segmentation precision even 
in challenging scenarios. This is very impactful in the early 
diagnosis and monitoring of critical conditions such as diabetic 
retinopathy, glaucoma, and other vascular-related diseases. 
Facilitating accurate and reliable analysis, the model not only 
contributes to advancements in medical imaging but also 
holds promise for better patient outcomes through timely and 
informed medical interventions.This model of vessel and nerve 
extraction, therefore, marks a very important step forward in 
the fields of medical imaging and disease diagnosis. Traditional 
methods often tend to be less accurate and less reliable, 
especially in noisy or complex environments, where sometimes 
diagnoses go missed or incorrect. The new model developed in 
this work addresses all these issues by incorporating state-of-
the-art techniques, such as the Frangi filter for enhancing the 
vessel and AI-driven algorithms for adaptive processing. These 
innovations ensure the model is able to accurately identify 
and segment vessels and nerves even in the most challenging 
scenarios, including low-contrast or noisy medical images. 
It distinguishes the approach as it does a multi-scale analysis 
to capture information both at macro and micro levels. It is 
significant to diagnose those subtle abnormalities that indicate 
early stages of diseases such as diabetic retinopathy and 
glaucoma, in which early treatment is highly effective. Also, it 
shows robustness against noise for assured performance under 
suboptimal imaging conditions, as may occur in low-resource 
settings or in older devices.

This model will advance the field of medical imaging by 
providing accurate and consistent results, while also supporting 
healthcare professionals in providing timely and accurate 
diagnoses. Better patient care and improved outcomes for vision 
and vascular health are the ultimate outcomes of this progress.

Figure 5. Segmented nerves with in  fundus images

Figure 6. Performance of different algorithms
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