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Abstract: Retinopathy is one of the diabetic patient's complications. This has no early warning signs. Modern 
researches in image processing could help in early diagnosing retinopathy and consequently avoid diabetes patient's 
blindness. This research proposes a new method in handling the matched filter to extract blood vessels with high 
accuracy. High pass, Laplacian, Soble and Laplacian of Gaussian are four types of matched filters are used and the 
result performance is calculated by ROC curves. According to the results of proposed methods, Laplacian of 
Gausian method provides best performance in comparison with previous work. 
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1. Introduction 

Diabetic retinopathy (DR) is a common 
complication of diabetes, it is the leading cause of 
blindness in the working population of western 
countries [1], however, early detection combined with 
appropriate treatment and management can prevent 
the loss of vision in up to 95% of cases [2, 3­5]. 

Diabetic retinopathy is the manifestation of 
systemic disease which affects up to 80% of all 
patients who have had diabetes for 10 years or more 
[6], this high prevalence of diabetes therefore makes 
mass screening an expensive and time consuming 
process. It has been shown that an automated system 
could greatly reduce the workload by filtering out 
50% of the screening population [7], therefore, there 
has been an increase in the application of digital 
image processing techniques for automatic detection 
of DR [8]. 

Screening for DR with the use of seven­field 
stereo fundus photography read by a trained reader is 
the current, non­invasive gold standard. Diabetic 
retinopathy grading using the fundus images is 
significantly more sensitive than standard 
opthalmoscopy, which can miss approximately 50% 
of subjects with only microaneurysms, resulting in 
under reporting of DR prevalence rates by 
approximately 10% [9,10]. 

A large retrospective analysis of 10,000 
consecutive patient visits was performed, but it was 
concluded that automated detection of DR using 
published algorithms cannot yet be recommended for 
clinical practice. In addition, it was also concluded 
that if the algorithms can be improved, such a system 

may lead to improved prevention of blindness and 
vision loss in patients with diabetes [11]. 

Fundus photography and computer algorithms 
can be combined to automatically detect and grade 
DR [12]. Acquisition of digitized retinal images allow 
for novel image analysis methods and Web­based 
connectivity to create models of remote, computer­
assisted, or even automated diagnosis and 
management of diabetic retinopathy. Several systems 
are in development and are currently being clinically 
validated [13,14]. 

The algorithms described by many authors 
involved four features namely; area of blood vessels, 
exudates, haemorrhages and microaneurysms [15­19]. 

There have been many approaches to vessel 
detection in retinal images, Gardner, Sinthanayothin, 
and Goldbaum investigated different combinations of 
edge detection or matched filter methods with 
artificial neural networks [20­22]. Meehan analysed 
the vessel width and used edge detectors for finding a 
suitable piece of vessel [23]. Gagnon utilized a 
recursive dual edge tracking based on Canny 
algorithm and connectivity recovering starting at the 
optic disk [24]. 

The main problems in former studies had been 
the need for user­interaction, the presence of the optic 
disk or intensive computations due to pre­processing. 
Other difficulties were posed by the use of large 
kernels or by processing each single pixel in the 
image, poor scaling with the image size or not 
providing partial results if there was a computational 
deadline. Additionally, many algorithms need a 
particular environment and definite image resolution 
or image size. 
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The newly developed algorithm for retinal vessel 
detection overcomes many described problems by 
Collorec [25]. The handling of the discontinuous 
regions by depending on local contrast, edge 
information and noise is much improved. The 
computational efficiency of the newly developed 
algorithm makes it highly sensitive for detection of 
retinal blood vessels. 

Methods of blood vessel segmentation generally 
fall into three categories; first, is the window based 
method [26­29], which calculate the symmetry of each 
pixel with the surrounding pixels window for a given 
model against the pixel`s surrounding window, 
second, is the classifier based [30,31], and third, is the 
tracking based [32­34]. 

Among the various retinal vessel extraction 
methods, the matched filter (MF) method, one of the 
widow based method for vessel segmentation, is a 
representative one and it has advantages of simplicity 
and effectiveness [35]. 

This paper makes use of previously four known 
mathematical filters with an added new modifications 
for accurate detection of changes to the retinal blood 
vessels in comparison with the normal exist fundus 
photographs. These morphological changes could be 
used as early detectors for DR. 
 
2. Material and Methods 

Retinal blood vessel detection through 
segmentation of the retinal vasculature is very 
important for many reasons; many information about 
the patient health could be determined and diagnosed 
well, as well as it is important for spatial alignment 
and image registration for vascular change detection 
process. 

Fundus photographs were taken, collected, and 
stored using STARE database, these images were then 
processed using four types of filters; High pass filter, 
Laplacian filter, Soble filter and Laplacian of 
Gaussian filter with a new modification for these 
mathematical filters. The results of this new 
modification on the filters were compared to detect 
the best filter for detecting retinal blood vessel in 
fundus images. 

2.1 Images database: 
There are many images databases like DRIVE 

database (Digital Retinal Images for Vessel 
Extraction) as well as STARE database (STructured 
Analysis of the Retina) are used to evaluate 
segmentation performance. In this work STARE 
database was used to evaluate our algorithm 
performance. Database was twenty retinal fundus 
images captured by a TopCon TRV­50 fundus camera 
with 35 degree field of view. Each image with a 
resolution of 605 x 700 pixels, each pixel is 24­bits. It 
also contained ground truth image which are an 

accurate segmented images for blood vessels, they 
were carefully labelled by specialist hand as shown if 
Fig. 1 [36]. 

  

(a) (b) 
Fig.1: One of STARE data base images. (a) Ground 
truth image. (b) Color image. 

 
2.2 Blood Vessels Segmentation: 
Mathematical image filtration is an operation can 

be used to perform a specific task on the image, it may 
be used to enhance the image structure like the 
sharpening appearance of blood vessels, and also it 
can assist to extract the blood vessels from fundus 
images. 

As shown in fig.1, blood vessels and capillaries 
appear in the image as non­straight lines, they are with 
different color from the background. High pass image 
filtering can be used to extract these lines from fundus 
images. High Pass, Laplacian, Soble, and Laplacian of 
Gaussian filters are four types of matched filters had 
been used severally for vessels exteraction. 

Detecting blood vessels using MF method is 
usually done by thresholding after filtering process, 
the result of this detection is not only detects vessels 
but also non­vessels, like the edges of bright blobs and 
red lesions in the original image. 

Blood vessels extraction using mentioned filters 
is done according to the following algorithm: 

Filter is rotated many times depending on the 
angular steps to cover the 360 degrees, then applying 
these rotated patterns to the image, this spin is done to 
obtain white walls to the blood vessels in all possible 
directions. 

Image is processed by each rotated filter kernel 
"ker" using shift and multiply operation, the kernel is 
shifted over the image and multiply its values with the 
corresponding pixels of the input image "InIm", for 
kernel with MxM dimension, the output image 
"OutIm" could be calculated according to the 
following formula: 

  (1) 
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Choosing the maximum pixel value from the 
same location of these images, a new image is 
obtained with white walls to the vessels in all 
directions. 

  (2) 
c) Automatic thresholding stage is finally applied 

to enhance the image to an adequate level to observe 
the blood vessels clearly. 

  (3) 
The used filters are similar in their target, they 

are used to extract the blood vessels from the retinal 
image, but they are different in their shape, the 
difference is common in the filter kernel values and 
arrangement as the following: 

A) High pass filter: 
The following matrix is an example of 3 by 3 

kernel for high pass filter. 

 

(4) 

This filter is not only used to detect, enhance 
edges and removes low­frequency components such 
as the background image, but also passes high­
frequency components like walls of blood vessels. 

B) Laplacian filter: 
This type is another way to detect the blood 

vessels walls, it used to compute the second derivative 
of the image, this type can be described as the 
following kernel. 

 

(5) 
 

C) Soble filter 
This filter could be described by two basic edge 

detection routines like the following kernels; 

, 

 

(6) 
 

By these two kernels edges are detected by 
applying these patterns simultaneously to the image, 
but in this work one of the two patterns is sufficient to 
detect the blood vessels, while the second is obtained 
from rotation. 

D) Laplacian of Gaussian (LOG) filter: 
Gaussian filter is added before Laplacian filter in 

this type inorder to enhance the filter quality, as 
Laplacian filter is sensitive to noise. This filter also 
described as negative Laplacian as the central value is 
negative. This filter could be described by the 
following image. 

 

 
Fig. 2: Surface representation of Laplacian of 
Gaussian filter. 

 
In this paper we propose a novel method, the 

central value of The High pass, Laplacian, Soble, and 
Laplacian of Gaussian filters had been shifted from 
the centre of the matrix to one side instead. These new 
irregular filters are able to detect the edges in one side 
only, and by rotating the filters on angular steps, the 
walls of the blood vessels are obtained in all possible 
directions as shown in fig. 3. 

 

 
Fig. 3: Six rotations of high pass filter, 60 degree for 
each rotation. 
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Inspecting the resultant image after applying this 
new pattern; we could easily notice the following 
changes in the image; first, more details appear as 
shown in Fig. 4b, second, the details make the image 
looks like volume in three dimensions. 

 

  
(a) (b) 

Fig. 4: High pass filter result (a) Normal high pass 
filter result. (b) New high pass filter result 

 
2.3 Automatic thresholding 
Thresholding is done using maximum local 

entropy of the image. The threshold value "S" that 
would be used in object­background classification is 
the maximum value of local entropy of the object and 
the background can be written as: 

 
The entropy H of an image is defined as: 

 
Where the quadrants of co­occurrence matrix 

shown in following figure are calculated using the 
following relations: 

 

 
Threshold value using local entropy could be 

now calculated using the following programming 
steps: 
Build co­occurrence matrix of given gray scale image 
 CoOcuMx 
Calculate the probability of co­occurrence matrix  
prob 

From 1 to 255 
Calculate PA and PD then their entropy  EntroA & 
EntroD 
Sum EntroA & EntroD  Store in array  EntroSum 
End 
location of Max of EntroSum  The threshold value 

2.4 Statistical analysis 
To compare different retinal vessel segmentation 

algorithms, we used the corresponding TPR (true 
positive rate), and the FPR (false positive rate). These 
performance measures were defined and widely used 
in literature [37­45]. 

The TPR is defined as the ratio of the number of 
correctly classified vessel pixels to the number of total 
vessel pixels in the ground truth. The FPR is defined 
as the ratio of the number of non­vessel pixels but 
classified as vessel pixels, to the number of non­vessel 
pixels in the ground truth. The hand­labelled images 
by the first human expert were used as ground truth. 
 
3. Results 

The four rotating filters with the new 
modification were applied on selected images from 
STARE database. 

 

  

(a) (b) 

  

(c) (d) 

Fig. 5: Extracted retinal blood vessels. (a) High pass 
filter result. (b) Laplacian filter result. (c) Soble filter 
result. (d) Laplacian of Gaussian filter result. 

 
The first three; High pass, Laplacian and Soble 

Filters (fig. 6 a, b, and c) gave output blood vessels 
pictures which are nearly similar, and the resulted 
image showed additional white pixels connected with 
the blood vessel walls, which needs further smoothing 
operation to rectify this defect. It is also clear that the 
center of the vessels is not white, which needs 
morphological filling operation to be resolved. 
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The Laplacian of Gaussian filter output image 
showed supreme results over the other three filters. It 
represented smooth blood vessels, moreover this filter 
extracted and showed tiny blood vessels that couldn't 
be shown in the other applied filters (fig. 6 d). 

The performance comparison of these filters was 
evaluated by ROC curve for thresholding stage of the 
four types of filters as shown in fig. 7. Performance of 
Laplacian of Gaussian has the best performance as it 
has a breaking point up to 90% true positive rate. True 
positive rate of Laplacian filter is similar to the that of 
High pass filter as they have breaking point about 
75%, but Soble filter got the lowest performance; it 
has about 70% true positive rate. 

 
 

 
Fig. 6: ROC curves comparison of the four types of 
filters. 

 
Sensitivity and Specificity were calculated for 

the four filters, where the Laplacian of Gaussian filter 
had the maximum values followed by other filters as 
shown in table 1. 

 
 

Table 1: Comparison of Sensitivity and Specificity for 
the four filter types. 
Filter type Sensitivity Specificity 
High pass filter 0.646 0.930 
Laplacian filter 0.634 0.940 
Soble filter 0.646 0.898 
Laplacian of Gaussian 
filter 

0.766 0.985 

 
The following curves are a comparison between 

the best result of this work –LOG­ and some results of 
previous work. 

 
Fig. 7: Comparison of ROC curves between LOG and 
previous works. 
 
4. Conclusion and Future Work 

Segmentation using irregular form of matched 
filters for detecting retinal blood vessels in fundus 
images is a very important operation to prevent the 
danger of blindness of diabetic patients as well as for 
other purposes like image registration. 

Four MF are used in this paper in irregular form, 
results of these filters were compared using the ROC 
curve, and the Laplacian of Gaussian filter gave the 
highest sensitivity (0.766), and specificity (0.985). 
Also after the comparison with the previous work, it 
was one of the best rest. 

This result could be concluded as; the vessel wall 
cross­section in a retinal image is LOG shaped, it has 
the highest spatial frequency at the wall edge then 
decrease gradually to the vessel center, this feature is 
repeated for the next wall of the vessel. If this 
property can be properly used, it is possible to 
distinguish the symmetric vessel structures from those 
asymmetrical non­vessel edges in a simple but 
efficient way, and hence the vessel extraction 
accuracy can be improved. 

In the future work, image registration is an 
essential step for image comparison in order to easily 
diagnose DR. 
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