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Abstract 
 

Vessel extraction in retina images is a primary and 

important step in studying diseases including 

vasculature changes. In this paper, a fuzzy clustering 

method based on Ant Colony Algorithm, inspired by 

food-searching natural behavior of ants, is described. 

Features of color retina images are extracted by 

eigenvalues analysis of Hessian matrix and Gabor 

filter bank. Artificial ants in the image use these 

features for searching and clustering processes. 

Experiments and results of proposed algorithm show 

its good performance in vessel extraction. This 

algorithm is tested on DRIVE database and its results 

are compared with other works using the same 

database. The accuracy of our method is 0.933 versus 

0.947 for a second observer. 

 

1. Introduction 

 
Retina fundus assessment has been greatly used 

both in the medical diagnoses and biometric 

identification systems. Analysis of the retina vessel 

structure can lead to detection of diseases that have 

structural or functional effects on vasculature. Changes 

in diameter, branching angles, tortuosity retina blood 

vessels can be indicators of dangerous diseases. The  

retina blood vessel structure is stable and unique for 

each person and imaging the retina is non-invasive; 

retina patterns can be used by human identification 

systems. The characteristics of retina cause this system 

to have more accuracy and security than other 

identification methods using biometric features such as 

face, fingerprint, palm print and etc. 

In this paper, we present an algorithm for blood 

vessel extraction from retina image. Main tool of this 

algorithm is Ant Colony Algorithm (ACA) that its 

fuzzy clustering ability is used to cluster image pixels 

into vessel and nonvessel clusters. 

Ant system was originally used by Dorigo et al [1] 

in 1996 for applying to discrete optimization problems 

such as the traveling salesman problem (TSP) and the 

quadratic assignment problem (QAP). After this 

original article many other applications of ant systems 

were reported. Ant algorithms, inspired by the real 

behavior observation of ants that can find shortest 

paths between food sources and their nest, are 

evolution methods [2]. ACA is a randomly searching 

algorithm which has parallel, robust, positive feedback 

properties as well as fuzzy clustering ability [3]. 

 In the image processing field, the ants’ 

environment search space is the digital image, such 

that the ants occupy pixels within the image, and move 

around the image. The aim of the ants is to locate and 

map out the boundaries within the image. This is 

achieved by introducing heuristic information that 

weighs higher than the probability of an ant moving 

from its current location to the allowed surrounding 

pixel that has the greatest boundary characteristics 

(greatest change in image gradient for example) [4]. 

The ability of ant colony algorithm to classify pixels 

into fuzzy clusters has been used by several researchers 

for image segmentation [3,5]. 

Proposed algorithm uses two features, including 

eigenvalues analysis of Hessian matrix and Gabor filter 

bank to move and direct ants towards vessel edges in 

retina images. 

The rest of this paper is arranged as follows: 

Section 2 reviews some related works in retina vessel 

segmentation. Then, section 3 gives an overview of 

ACA. After that, section 4 describes feature extracting 

of images. In section 5 experimental results are 

presented. Finally conclusions are described in section 

6.  

  

2. Related works 
 

Vessel segmentation in retina images has been 

investigated by many researchers and so many papers 

have been published, but here we mention only a few 

of them to compare our method with them. 

Chaudhuri et al. [6] assume that the gray-level 

profile of the cross-section of retina vessels is a 

Gaussian. Vessel that can be obtained by convolving 

vessel segments with a two dimensional matched filter 
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in various rotations and keeping only the maximum 

response. Zana et al. [7] propose an algorithm based on 

mathematical morphology and curvature evaluation. 

Proposed algorithm has various steps such as noise 

omission, detection linear patterns and linear filtering 

for deleting unwanted patterns.  Jiang et al. [8] propose 

a general framework of adaptive local thresholding 

based on a verification-based multithreshold probing 

scheme. Vessels are extracted by thresholding with 

different values and then designing verification 

procedure detecting curvilinear structures in images 

obtained by thresholding.  Staal et al. [9] present a 

ridge-base method. From the training sets, feature 

vectors are constructed that can be labeled as vessel 

and nonvessel and a KNN classifier is designed to 

determine a decision boundary between two classes. 

After that nonlabeled feature vectors can be classified. 

Niemeijer et al. [10] also use KNN classifier to 

distinguish vessel and nonvessel classes, but the 

feature vectors consist of the Gaussian and its 

derivatives up to order 2 at particular scales. Martinez-

Perez et al. [11] consider the gradient magnitude of the 

image intensity and the largest eigenvalues of Hessian 

matrix as two features. The pixels in images are 

divided by a multiple pass region growing procedure 

using the histogram of two features.   

 

3. Ant colony algorithm 
 

Ant colony algorithms are a brunch of swarm 

intelligence, the research field which is based on the 

behavior of real world insect swarms as a problem 

solving tool. ACA takes inspiration from the foraging 

behavior of ants and their ability to find optimal path 

between food sources and their nest. During randomly 

searching food process, every ant releases a substance 

called pheromone in order to mark some favorable path 

that should be followed by other members of the 

colony. Pheromone concentration becomes weaker 

because of evaporation with time lasting. Ants can 

detect pheromone and they tend to follow a trail that 

contains a higher concentration of pheromone deposit. 

If a path is selected by more ants, its pheromone 

concentration will be stronger. Thus more ants are 

attracted to select this path. Hence a positive feedback 

is formed. Therefore ants can quickly find the shortest 

way (the most preferred way) to the food sources. 

Ant colony fuzzy clustering algorithm is 

mathematically described as follows: 

Each pixel in the image,  1, … , , is 

considered as one ant. These ants with different feature 

vectors search food sources. The distance of any pixel 

 to  is  calculated by Euclidian distance as 

following: 

 (1) 

     

where  is dimension of feature vector, and  is 

weight factor of every feature determined by the 

importance of each feature for clustering. Let  be 

clustering radius, pheromone concentration 

(information amount), , on path ,  is estimated 

based on whether the Euclidean distance, , is in 

clustering radius  or not: 10  (2) , The probability of the path ,  selected by ants is 

dependent upon pheromone concentration on this path 

and heuristic function: 

∑ 0  (3) 

 here  is the amount of pheromone on the path ,  so far,  is heuristic function value for 

path , ,  and  are two parameters that determine 

the influence of the information amount and heuristic 

function respectively.  , 1,2, … ,  

is the set of all available paths. When ants move, the 

amount of pheromone deposited on path ,  is 

updated by: ́ Δ  (4) 

 where  is evaporation rate and represents the 

decreasing of pheromone concentration with time 

going on, Δ  is the augmentation of path 

information amount in this circulation: Δ  (5) 

here  is the amount of pheromone that kth ant 

deposit on path , . 

The choice of heuristic function, , is highly 

application specific and plays an important role in 

probability of choosing path. In ACA for fuzzy 

clustering, , is set to be corresponding to the inverse 

of Euclidian distance between feature vectors of pixel  

and clustering center  as following: ∑  (6) 

At the end of each circulation, clustering center will 

be updated by: 1
 (7) 
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  is a number of elements in the cluster . 

The resulting ACA fuzzy clustering can be 

summarized as following: 

1) Initialization of parameters , , , , ,  , , . 
2) Obtaining of features vector for each pixel. 

3) Calculating  between feature vectors of 

pixel  and clustering center  by Equation (1). 

If , heuristic function and pheromone 

concentration are obtained by Equations (6) 

and (2). 

4) Calculating the probability of choosing path ,  according to Equation (3) as the 

membership degree of pixel  in cluster . If 

this membership is bigger than , the 

deposited pheromone on this path will be 

updated by Equations (4) and (5), otherwise it 

will be classified at next iteration. 

5) Updating clustering centers according to 

Equation (7) and merging clusters if the 

distance of their centers less than . 

6) If there is any unclassified pixel, return to step 

3.     

 

4. Retina image feature extraction 
 

The main aim of this work is to detect vessel in 

retina image. Thus, the methods for feature extraction 

must be used so that they can extract features 

emphasizing the vessel characteristics. The more 

proper features are chosen, the more accurate and 

efficient algorithm is. Therefore eigenvalues analyses 

of Hessian matrix and Gabor filter bank are used 

because of their suitable performance in curvilinear 

structures detection.  

 

4.1.  Eigenvalues analysis of Hessian matrix 
 

Application of Hessian matrix to detect and analyze 

line-like structures has been investigated in many 

literatures and it is also used for segmentation and 

visualization of curvilinear structures in medical 

images [12,13]. The Hessian matrix is defined as: 

 (8) 

where the second-order spatial derivative, , is 

calculated by convolution between the input image and 

scaled second-order derivative of Gaussian filter: , ; .⁄  (9) 

 is the standard deviation of Gaussian filter and it 

represents the length scale factor of filter and , ; 12  (10) 

in fact , ;  is a Gaussian kernel filter that omits 

most of the structures in image with a length less than 

 by convolving with image.  The eigenvalues and 

eigenvectors of Hessian matrix denote vessel’s 

intensity and direction properties. Let  and  

be eigenvalues of Hessian matrix in specific  

as | | | |. The maximum eigenvalues,  , is corresponding to ridge-like structures in 

image with length  and has maximum response in 

vessels with the width equal to  in the retina image. 

Since the first feature is formed by keeping maximum 

 in different  for each pixel. The range of  is 

dependent on range of vessel width in the image. 

 (11) 

 

4.2.  Gabor filter bank 
 

 Gabor filter are linear filters which are used in 

image processing for edge detection. They are obtained 

by modulating a sinusoid with a Gaussian and they are 

selective in orientation and frequency. They enhance 

features orthogonal to their major axis, and suppress 

those along it [14]. Actually, in frequency domain, they 

can be considered as excellent band-limited filters that 

only pass certain frequency.  

For feature extraction, Gabor filters consisting of a 
pair of even and odd symmetric filters are used. These 

filters have a relative phase of  in the Fourier domain 

and are able to selectively enhance symmetric (even, 

line-like) and anti-symmetric (odd, edge-like) features.  

In this paper, we use a family of Gabor filter that 

defined as follows: , ; , , , , cos 2  cos sin  sin cos  
 

(12) 

where,  is spatial aspect ratio and specifies the 

ellipticity of the support of the Gabor function and can 

vary in a limited range of 0.23 0.92. The value 0.5 is used in our simulation and it is constant.  

is the standard deviation of Gaussian factor and 

determines the size of receptive field, the parameter  

represents the wavelength of the cosine factor and 

affects preferred spatial frequency, 1/ , of the Gabor 

function. The ratio ⁄  determines the spatial 

frequency bandwidth, which affects the number of 

visible excitatory and inhibitory stripe zones of   

receptive field (Fig. 1). The value ⁄ 0.56 which is 

corresponding to a bandwidth of one octave at half-

response is used in the simulations of this study. Thus 

 and  are not independent and only one of them is a 

free parameter.  is the orientation of the normal to 
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parallel stripes of a Gabor function and denotes the 

orientation of the Gabor filter from 0 to  (Fig. 2)   and 

finally, the parameter  ( , ) is phase offset 

and specifies the symmetry of Gabor function with 

respect to the center of the receptive field: For 0 

and  the function is symmetric (even); for 2⁄  and  2⁄  it is antisymmetric (odd) 

and all other cases are asymmetric mixtures of these 

two.    

The magnitude and direction of variations in image 

intensity describe line and edge features contained in 

the image. The energy field is defined as the vector 

magnitude of the filter outputs obtained by convolving 

the even and odd parts of Gabor filter of orientation  
with the image, I: 

 (13) 

where  and  are real ( 0) and imaginary 

( 2⁄  part of Gabor filter in the direction  , 

respectively. The energy is maximum, if there are 

edge, line and features combining elements of both in 

this direction.   

For feature extraction, a filter bank of even and odd 

filters in various  is convolved with image and its 

energy field in each   is calculated. The maximum 

energy response across the filter bank at each pixel of 

the image defines the second feature in retina images.      

  max  (14) 

 

5. Experiments and results 
 

To show the performance of algorithm, it has been 

tested on one of the public database published in 2004. 

Drive database has been made available by staal et al 

[9].The set of 40 images has been divided into a 

training and a test set, both containing 20 images. 

Vessels in test set were manually segmented by two 

observers, one as gold standard (Ground Truth) and the 

other for comparing proposed algorithms by 

researcher. For the training test, a single manual 

segmentation is available. The images were captured 

using a Canon CR5 non-mydriatic 3CCD camera with 

a 45 degree field of view. The images are 768 584 

with 8 bits per color plane. 

 Features are extracted from only green band of 

color images. As stated previously, the range of  in 

Gaussian filter for eigenvalues analysis is adapted 

corresponding to vessel width in image, in this paper, 

the range from 2 to 12 is used that covers all vessel 

widths in the image. Gabor filter bank consists 12 

orientation between 0 and  and image is convolved 

with odd and even pairs of filter at each orientations. 

Fig. 3 shows the results of features extraction for a 

retina subimage. Fig. 3(a) is subimage and Fig. 3(b) 

gives its Hessian matrix feature when 2 12 and 

Fig. 3(c) shows its Gabor filer feature when 4, ⁄ 0.56, 0.5, 12⁄  0, … ,11.    
 Proposed method is compared with other methods 

using Drive database based on concepts of Accuracy, 

Sensitivity and Specificity. Accuracy is measured by 

adding up all correctly identified vessel and 

background pixels by algorithm and dividing this by 

the total number of pixels in the field of view. The 

sensitivity is measured by adding up all correctly 

identified vessel pixels in the field of view and 

dividing this by the total number of vessel pixels in the 

ground truth. The specificity is the total number of 

correctly identified background pixels divided by the 

total number of background pixels in the field of view 

in the ground truth. 

An ROC curve is produced for methods that the 

intensities of the pixels in their resulting image can be 

interpreted as posterior probabilities. The ROC curve 

plots the fraction of vessel pixels actually classified as 

vessel pixels (true positive fraction) against the fraction 

of non-vessel pixels classified as vessel pixels (false 

positive fraction). In fact, the ROC curve depicts 

sensitivity versus 1-specificity that the sensitivity and 

specificity are obtained by thresholding the result 

images at various thresholds and using the 20 test 

images in the DRIVE dataset. Fig. 4 shows the ROC 

curve for proposed algorithm. The area under 

curve,  , can indicate the performance of the system. 

  

Figure 1. Gabor filter kernels with values of the

bandwidth parameter of 0.5, 1 and 2 octave,

from left to right. The other parameters are as

follows: , , . , , [16]. 

Figure 2. Gabor filter kernels with values of 

the orientation parameter of 0, 45 and 90, from 

left to right. The other parameters are as 

follows: , , . , . , [16].
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The system has better performance if it has more , 

that is, its ROC curve is closer to the top left corner  

(true positive fraction=1 and false positive fraction=0).  

Table.1 presents evaluations made with the test set 

using the first hand-segmented images as ground truth 

and the second hand-segmented images as a human 

observer that the result images are thresholded at the 

level where the average accuracy on the training set of 

DRIVE database is maximum. Besides,  is given in 

Table.1 for methods which have ROC curve.           

Testing results by ACA on the first and second 

image of test set in Drive database are given in Fig. 5 
when 1, 1.5, 50, 8, 0.9, 0.9.      

 

6. Conclusions 
 

In this paper, an algorithm for extracting vessels in 

retina images is presented. Experiments show its 

remarkable results in vessel detection. Choosing proper 

feature extraction methods causes algorithm to become 

more robust. ACA and its fuzzy clustering ability can 

be used in processing of other medical images if the 

suitable features of image, being able to move ants 

towards desirable objects in image, are extracted. 
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(c) (b) (a) 

Figure 5. Testing results by proposed algorithm: (a) and (d) original images, (b) and (e) ground 

truth, (c) and (f) segmented images by Fuzzy ACA 
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