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Structures Detection: Application to Vessel 
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Abstract- In medical images linear patterns such as blood 

vessels are important structures for computer-aided diagnosis 

and follow-up of many diseases. Moreover, image processing 

techniques are required to extract suitable information about 

vascular tree and its alteration. Analyzing of retinal blood vessel 

is critical work for the investigation of some diseases. In this 

study, we present an automated method for detecting retinal 

vasculatures based upon Radon transform. In preprocessing, we 

used top-hat transformation and averaging filter. Our main 

processing was included applying Radon transform, vessel 

certifying, and vessel refinement. Comparing the results of our 

method with gold standard showed that our results have more 

than 93% for true positive rate. In conclusion, it is possible to use 

Radon transform for vessel segmentation in fluorescein 

angiography fundus images, with acceptable sensitivity and 

specificity, as a necessary step in some diagnostic algorithm for 

retinal pathology. 

I. INTRODUCTION 

EYE makes retina to be the only part of body where vascular 
network is directly visible. The fundus of eye is affected by 

some form of diseases, and these changes are needed to be 
identified by a trained observer like an ophthalmologist. 
Retinal vessels are one of the retinal landmarks that are 
affected by some diseases, i.e. the analysis of vasculature 
network in the retina is really critical for the exploration of 
some diseases. These changes in retinal vasculature include: 
microaneurysms (MAs), hemorrhages (HEs) and angiogenesis 
even increasing in vessel tortusity, and arteriolar-venular 
diameter that are important signs of some diseases like: 
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diabetic retinopathy (DR), glaucoma, and retinopathy of 
prematurity . 

Generally, the detection of retinal blood vessels can help to 
determine the severity and progress of different diseases. In 
other words, the retinal vessels' structure is an important 
feature that reveals more information related to diseases that 
are reflected in the form of determining abnormalities in terms 
of diameter, color, and tortuosity. Thus, valuable methods of 
retinal vessel detection are required. 

However, there is a problem in this matter, most detection 
and segmentation methods need highly-trained experienced 
people [1]. In other words, the major problem in automated 
detection system is mapping of some objects by hand that 
requires both training and skills besides, this procedure gets 
lots of time as well as associated with error and fatigue. 
Furthermore, this clinical analysis is based on ophthalmologist 
idea that may not be repeatable. On the other hand, color 
fundus images are inexpensive and non-invasive, and most of 
significant objects are visible in this type of images but could 
not utilize as gold standard for diagnosis. Fluorescein 
angiography (FA) fundus images allow for detection of retinal 
vessel with much higher sensitivity and considered as gold 
standard procedure. 

Utilizing digital fundus imaging assists us in exploring 
digital data obtained from computerized techniques for 
automated detection. That means, one possible solution for 
these problems is to use Computer Assisted Diagnosis (CAD) 
systems. If we use automated techniques in the procedure of 
diagnosis and segmentation, controlling specific diseases 
would be significantly facilitated [2]. 

Several methods have been proposed in the literature to 
address these problems including matched filtering [3], 
threshold probing method [4], morphological operators [5, 6], 
region growing [7], and tracking [8, 9]. 

This study explains a novel vessel detection method in FA 
fundus images, based on Radon transform (RT) and evaluate 
the result of this method on normal images and those affected 
by DR. The goal of this work was to develop automated 
algorithm for detecting retinal vessel network related to DR. 

II. MATERIAL AND METHOD 

A total number of 120 FA images were captured from both 
left and right eyes of patients referred to Khatam-Al-Anbiya 
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Eye Hospital in Mashhad. We evaluate the efficiency of our 
method on our database as named in MUMS-DB (Mashhad 
University Medical Science Database). This consisted of 20 
images in train set, and 100 images in test set (80 cases with 
DR, in different stage of DR as case group, and 20 without 
DR). Images were taken with a field of view of 500 Mydriatic 
retinal camera under the same lighting conditions. The 
acquired image resolution was 2896 x 1944 Tag Image File 
Format (TIFF). 

We asked an expert ophthalmologist to mark vascular tree 
in these images using added transparent layer on images. 
Vascular map according to manual detection was saved in 
ground truth file. 

A. Preprocessing stages 
Preprocessing steps help us to decrease background 

variation. Two parts of fundus image preprocessing step 
described in this study, including: Applying top-hat 
transformation and filtering the image. 

Top-hat transformation: The so-called morphological top
hat transformation of an image, denoted h, is defined as: 

h= f - (fob) (1) 

Note thatfis the input image, and b is the structure element 
function. 

For the task of segmenting retinal features, from 
background this grey-scale transformation is well-suited. It 
gave a high degree of differentiation between features and 
background. A top-hat transformation was based on a disk 
"structuring element" whose diameter, empirically, was 
found 25 pixels that give the best compromise between the 
complete segmentation between the features and background. 
(Fig. 1) 

Fig. 1. (a) FA fundus image; (b) top-hat result and contrast stretching. 

Filtering a region: In this situation we used an averaging 
filter with size of 75 pixels on the result of image from the last 
section (top-hat result) after that, we subtract the image from 
the last section with the result of applying the averaging filter. 
This section was applied for a better removing of the 
background variation for a better detecting of vessels. Fig. 2 
shows the fmal result of preprocessing. 

(a) (b) 

Fig. 2. (a) top-hat result; (b) result of subtraction of top-hat and filtered top
hat image. 

B. Main processing 
The results of preprocessing stages were utilized as input 

images for main processing. In this study a Radon transform
based algorithm was proposed for detection of vessel tree. 
Multi-overlapping window: In the proposed algorithm fundus 
image was partitioned into overlapping widows. To find 
objects on border of sub-images, we have to define an 
overlapping pattern of sliding windows. To determine the size 
of each sub-image or sliding window we used our knowledge 
database. In this regard, sizes of targeted object specify the 
size of the windows (n). 

If window's step is equal to one, we will search every pixel 
of images just one time and sub-images only touch each other 
without any overlapping and if step is defined as two or more, 
then we go (nlstep) pixel each time either in horizontal and 
vertical sliding then each pixel would belong to up to n2sub
images. (See Fig. 3.) 

n/srep 

n 

Fig. 3. Window size and overlapping ratio (n, step). 

Radon Transform (RT): RT is the integral transform 
consisting of the integral of a function over straight lines. RT 
is at the center of mathematical model for measurements made 
in x-ray computed tomography (CT). This model is later 
inversed and used to reconstruct images of organs inside the 
human body. 

RT of a continuous two dimensional function R is defined 
by: 

Re(s) = J J R(x,y) r5(s - x cose - y sine) dx dy (2) 
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In equation (2), 0 denotes the Dirac delta function which 
picks out the path of the line whose distance to the origin is s 
and the angle of its normal vector with the x axis is (J. 

The quantity Re(s) in (2) may be interpreted as the one
dimensional function Re(s) of a single variable s with 8 as a 
parameter, and this Re(s) is referred to as a parallel 
projection. 

RT makes our algorithm sturdy and less sensitive to noise 
than other algorithms, because intensity variations due to noise 
tend to be omitted by process of integration. 

RT is able to transform line-containing images into a 
domain where each line in the image gives a peak or a vaHey 
in Radon domain. For line detection some numerical data such 
as line width, and line angle could be achieved directly from 
Radon matrix 

III. DETECTION OF RETINAL VESSEL 

Blood vessels can be described as bright curvilinear objects 
opposite of a darker background with unclear edges. The 
retinal blood vessels are non-uniform in intensity, length, and 
width throughout the image. Global methods that attempt to 
detect over the whole image are not powerful when dealing 
with blood vessels. 

Our algorithm was composed of 4 steps: 

1. Sub-images generation 
2. applying Radon Transform 
3. Candidate vessel certifying 
4. Vessel refinement 

For extracting retinal blood vessels, a Radon-transform
based approach is utilized. 

A. Sub-images generation 
To detect blood vessels, in each of the local windows, sub

vessels should be extracted. The size of window (n) has a 
direct influence on the accuracy of our results. A small/large 
(n) would cause extract thin/thick vessels precisely. For 
adjusting the (n) value a good association of thin and thick 
vessels can be done. Size of window, n, was chosen bigger 
than width of the biggest vessel in pixel (n was usually twice 
bigger than the width of thickest vessel in image, n=30 pixels). 
Another important parameter which affected the algorithm's 
validity was the window's step because non-overlapping 
windows limit the efficiency of the detected vessels extremely. 
Thus, in the proposed system, a parameter step is used which 
defines the adjacent windows overlapping ratio. The speed of 
algorithm depended on the step value, in other words, if we 
increase the step, the computation burden of algorithm is 
increased exponentially and vice versa. In this study the 
optimum of step was selected 5 pixels empirically. 

B. A pplying Radon Transform 
The high contrast between blood vessels and image 

background in FA images caused the vessels to be associated 
with peaks in the Radon space. 

Although there is fine contrast, before applying RT we 
enhance the quality of sub-images. Image enhancement that 
introduced in preprocessing improves the sub-image contrast 

and causes more differentiation between sub-vessels and 
background as well as increases the total accuracy. 
The RT of a functionj(x, y) , Re(s) , is defined in equation (2). 
In our case, both x and y in equation (2) are equal to n. But 
there was one problem in this manner, because of the 
existence of more diagonal pixels than other directions, the 
amplitude of projection in diagonal directions (8=45', 8=135', 
s=nv2) is higher than other directions, thus the peak of RT is 
more likely to happen in diagonal directions. To eliminate the 
diagonal effect, we used circular mask, at first, the input sub
image was masked. The masking process is shown in Fig. 4. 

(a) (b) (e) 
Fig. 4. Masking process. (a) Original sub-image; (b) applied mask; (c) masked 

sub-image. 

The RT, even in the presence of noise, produces peaks in the 

(p, rp) domain from lines in the image domain. The longer the 
line in the image domain, the stronger the maximum peak in 
the transformed domain will be. 
Due to the fact that, blood vessel network varies in length and 
curvature, it is critical to have multiple partitions. Then RT 
was applied to the masked image. As considered, sub-vessels 
in sub-images are associated with peaks in Radon space; 
therefore, at this stage peaks should be detected. 
The peak and the corresponding projection angle were 
detected in the filtered RT. The profile in which peak 
occurred, was a candidate that might contain a sub-vessel. 
This profile was further analyzed for validation of candidate 
sub-vessel. 

C. Candidate vessel detection 
In this level, we compared the peak amplitude with a 
predefined threshold. If the peak amplitude was bigger than 
threshold, the detected sub-vessel was confirmed and the 
algorithm should calculate sub-vessel's width. For this goal, 
the normalized profile was used. The result of separating the 
subtracted profile by window size was the normalized profile. 
The local vessel mask was processed in the following sections 
for vessel map extraction. 

In Fig 5, ip was the peak's index associated with the sub
vessel's centerline. The interval [imin , imax ] around ip was the 
sub-vessel's thickness. 

w = imax - imin+ 1 (Width of drawn line = w) (3) 
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Fig. 5. Profile of Radon Transform in e= 1350 from Fig. 4. 

P(imaxJ = a x P(ip) 

P(imiJ = a x P(ip) 

(4) 

(5) 

(6) 

In equations (5) and (6), a is a constant (O<a<l) and P 
denotes profile. 
Sub-vessel mask is prepared by using imax , imin projection 
angle (0), and window size (n), which presents coarse sub
vessel's coverage area in the sub-image. 

For this purpose, on a black n x n block a white line was 
drawn which its angle equals to projection angle 0 and its 
position was determined by imin and imax width of drawn line 
determined by w. A sample of Local Vessel Mask (LVM) is 
shown in Fig. 7. 

D. Vessel Refinement 
The output of previous section, candidate vessel detection, 

represents sub-vessel which lays in the sub-image (L VM). 
However, it is not a good representation, because the drawn 
white line and the real sub-vessel may not fully cover each 
other and this phenomena decreases the quality of final 
detected vessel map and also disturbs the extracted statistical 
information. 

Two gray level means were computed. First one (ml) was 
the mean of those pixels in inverted preprocessed G channel of 
sub-image (Pg), located on white ribbon of L VM and second 
one (m2) was the mean of those pixels' gray level, which their 
corresponding pixels in L VM located on black background. 

To improve the quality of extracted sub-vessels in the sub
image, the L VM should be compared with real sub-vessels. 
For this purpose, sub-image was thresholded to make a binary 
sub-image (BSI), in which white pixels, (PBSI = 1), represent 
vessel area and black pixels, (PBSI = 0), represent background. 
Essentially all white pixels in the acquired binary image are 
not associated with vessel pixels because image thresholding 
is a noise-sensitive process. In our algorithm, L VM is 
compared with BSI to achieve a fine representation of sub
vessels and the result is named Fine Local Mask (FLM). This 
process is done through a logical AND as shown in (12). 

FLM (i,j)=LVM(i,j)AND BSJ(i,j) [i,j =1,2,3, . . .  n] (7) 

Fig. 6 shows the process of vessel refinement. 

(a) (b) (e) (d) 
Fig. 6. (a) Original sub-image; (b) binary sub-image; (c) local vessel mask 

[result of profile in Fig. 6]; (d) fine local mask of sub-image. 

At last, FLM are merged to obtain the vessel map of the input 
image. In order to merge FLM, adjacent masks are put beside 
each other considering the overlapping ratio; on the 
overlapping region a logical OR is performed. The merging of 
two adjacent masks is shown in Fig. 7. 

� 

a 

n 

Fig. 7. Merging process. (a), (b) FLM of adjacent sub-image; (c) merged 
mask. 

The extracted blood vessels were checked by an 
independent ophthalmologist and the algorithm was evaluated 
subjectively. 

I.) Ib) 

Fig. 8. (a) Original image from MUMS; (b) final result of vessel detection. 

IV. RESULTS 

To calculate efficiency of proposed method and also 
compare the results with other reported algorithm, it is 
necessary to check all pixels of final vessel segmentation 
binary images with ground truth file. 

Every pixel belongs to vessel segment in ground truth file 
and detected as a vessel pixel in final vessel mask in 
automated method (1 's in binary image), considered to be a 
true positive (TP). Pixels which are falsely masked as vessel in 
output image of automated method considered to be false 
positive (FP) and those vessel pixels which is missed in 
automated method considered to be false negative (FN). True 
negative (TN) pixels are those belong to background in both 
ground truth files and also automated method results. 

True positive rate (TPR) and false positive rate (FPR) for 
automated method comparing to ground truth files are 
calculated using MA TLAB code for each image. 

All images were processed with our algorithm, and the TPR 
was achieved by the ratio of the number of true pixels hand 
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labeled as a blood vessel to the total number of hand labeled 
pixels. 

Used parameters were shown in Table I. 

ROC curve plotted to show the effect of t parameter in our 
data sets. Parameter t is predefined threshold that show the 
presence or absence of sub-vessel in each sub-image. To plot 
ROC curve for MUMS-DB, t parameter change from 0.0 to 
10.0 with stepping of 0.1. For every step we have plotted the 
ROC curve in terms ofTPR and FPR. Fig. 9. Our results show 
more than 93% for TPR. 
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Fig. 9. ROC curve for different t. 

The extracted blood vessels were evaluated by a physician 
and the performance of the algorithm was checked. The 
acquired results demonstrate the high accuracy of our 
algorithm in vessel extraction and robustness against noise. 

V. DISCUSSION AND CONCLUSION 

In this study, we detect retinal blood vessel network without 
interference of any ophthalmologist by using automated 
algorithm system. An important issue in this study was to use 
the combination of RT and multi overlapping window to find 
the vascular tree as well as applying accurate preprocessing 
step on FA fundus images. 

An automated system would save the workload of well-paid 
ophthalmologists, letting hospitals and eye clinics to use their 
resources in other important tasks. It could also be possible to 
screen more people and more often with the help of an 
automatic system, since it would be more inexpensive than 
screening by humans. 

In addition, the detection and removal of the retinal blood 
vessel can facilitate detection of features that are sign of some 
diseases such as MAs, HEs, and any changes in blood vessels 
like neovascularization and venous changes. 

On the other hand, another application for retinal vascular 
detection technique is recognizing the identity of persons [10] 
because vascular network are as the fingerprint in 
identification. For usual images, in our algorithm, it is 
common to accept more than 93% of vessel pixels. According 
to TPR, FPR and also ROC curve, results of this method seem 
to be one of the appropriate reported results in vascular 
segmentation in FA fundus images. 

For segmentation of retinal blood, Martinez-Perez et al. 
presented an automated technique in FA retinal images and 
red-free based on multiscale feature extraction. Comparison of 
their algorithm with first public database yields values of 
75.05% TPR and 4.38% FPR. Second database values are of 
72.46% TPR and 3.45% FPR. But their results are not 
sensitive enough to evaluate the performance of vessel 
geometry identification [II]. The methods based on 
morphological processing were for Zana and Klein [6, 12] that 
had very good results in blood vessel segmentation in 
fluorescein angiograms images. The negative point of their 
technique again is the detection of edge of optic nerve head 
(ONH) as a vessel incorrectly. Walter et al. used image 
processing techniques for blood vessel detection. Firstly, they 
remove all non-elongated steep gray-level variations. The size 
of the linear segments was chosen in order to eliminate the 
biggest vessels in some of the directions. For detection of the 
edges they applied the well-known Log-Filter. Morphological 
alternating sequential filter is used in other to reduce the noise 
but to preserve the borders and final thresholding [13]. 
Accurate vessel detection based on robust algorithm, in terms 
of blood widths and continuity, will let the detection of 
morphological changes caused by the disease such as: change 
in diameters, tortusity, length and angle of bifurcations, etc. 
[14] and even change in topological structure [15, 16]. 

Most of studies in this field are vessel detection based on 
morphological processing and vessel tracking that in some of 
them detection of other retinal land mark such as ONH are 
mandatory, key points of the algorithms. But another 
advantage of our algorithm there is no need for the algorithm 
to identify the blood vessel to identify the location of ONH. 

The results proved that, it is possible to use algorithms for 
assisting an ophthalmologist to segment fundus images into 
normal parts and lesions, as the result, supporting the 
ophthalmologist in their decision making. 

Moreover, vascular detection method, used in this project, 
was assessed and compared with other methods and datasets. 
We tested our algorithm in 2 color databases. We evaluated 
our algorithm in DRIVE database and compared it with 
MUMS-DB color database. Sensitivity of this novel method 
was reported and published to be more than 90%, for each of 
these two color databases [17]. 

The quality of our segmentation depends on some 
parameters such as the length of our window (n), measure of 
step, line validation thresholding, etc. 

Our algorithm has some important characteristics in the 
detection of vascular structure in retinal images that include: 
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1. This algorithm was able to determine the location, 
width, and angle of vessels. 

2. Because of the characteristic of the algorithm which is 
integral transformation and robust to noise. 

3. By combining the two methods of RT and multi 
overlapping window, performance of algorithm in the 
detection of thick and even thin vessels was 
acceptable. 

4. In procedure of vessel detection the edge of the ONH 
wasn't being selected as a vessel correctly. 
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