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Introduction
Alzheimer’s disease is a brain disorder and that gradually, in an 

irreversible way, destroys memory and thinking skills, and ultimately 
destroy the ability to perform the simplest of tasks. The pathology 
of the disease is known to occur in the brain cells of Alzheimer’s 
patients with protein deposits called Amyloid plaques. These plaques 
not only block the communication between the nerve cells but also 
destroy the surrounding cells, resulting in neurofibrillary nods in the 
brain’s nerve cells. Growth of this compound destroys brain cells 
and decreases the levels of some chemicals that transmit message 
between nerve cells and also destroy the communication between 
cells. Diagnosis is usually done through tests such as CT Scans, MRI, 
tapes and spinal fluid tests or psychiatric tests of memory and eye 
tracking tests. Symptoms usually appear in people who are in their 
mid-sixties, but early patterns may occur between the ages of 30 and 
60. Which is extremely rare. Depression is one of the early symptoms 
of Alzheimer’s disease. About 50 percent of Alzheimer’s patients are 
said to be depressed before they lose their memory. At present, the 
treatment process means more to prevent the progression of the disease 
and to control the symptoms and psychiatric-behavioral disorders 
that result format it.1-3 Given the Alzheimer’s disease prevention and 
treatment processes, the detection of this disease through the human 
retinal blood vessels is a new achievement and could be a leap in the 
process of complete recovery. Since various methods have been used 
to identify blood vessels, this study has tried to use the simplest and 
most efficient method.

Method and materials
Data

The images used in this study included 20 images of healthy 
individuals selected from the DRIVE bank. The images above are 
584×565. The proposed algorithm has been implemented and tested 
in MATLAB software. 

Segmentation
Image segmentation is the process of segmenting a digital image 

into several parts. The purpose is to segment, simplify, or change the 
representation of an image to something that is both meaningful and 

easier to analyze. This method is usually used to find the location of 
objects and boundaries in the image. More precisely, it refers to a 
process in which each pixel is assigned a label so that the same labeled 
pixels have similar properties (Figure 1).4,5

Figure 1 Retinal blood vessels segmentation. 

Unsharp filter
This method, known as non-transparent masking, is a technique for 

sharpening images that is often available in digital image processing 
software, including MATLAB. This technique uses a single, uneven 
or unique image to create a mask of the original image. This filter is 
then combined with the original (positive) image to create a smaller 
image than the original. The resulting image, though clearer, may be 
a more accurate representation of the subject of the image (Figure 2).

Figure 2 Sharpen of the retinal blood vessels in the Unsharp filter. 
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Abstract

Today, Alzheimer’s disease is rapidly growing and spreading. The disease is caused by the 
accumulation of Amyloid plaque deposits, thereby destroying the connection between nerve 
cells and the formation of neurofibrillary nods. According to recent research, one of the 
ways to diagnose Alzheimer’s disease is by reflecting light into the patient’s retinal blood 
vessels and using a machine vision system. Therefore, in this study, we have attempted to 
introduce a method to detect human retinal blood vessels to improve the disease. In the 
above method, using DRIVE bank images, they are first clustered and after applying the 
Unsharp filter and Radon conversion, the vessel is diagnosed so that early detection of 
Alzheimer’s disease by counting the number of vessels present.    
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Radom conversion and vessel detection
By creating an initial image, a good contrast is created between the 

artery and the background. At the same time, to improve the accuracy 
of the algorithm after image segmentation in each window the image 
contrast is improved. For this purpose, a histogram matching operation 
is performed, which increases the cleaning power of the algorithm 
between the vessel segment in the window and the background of the 
window. Radon conversion is then applied to image windows whose 
contrast is improved. Radon conversion is widely used in tomography 
or crop production (image generation of data projection associated 
with cross-sectional scans of an object).6–9 Shown as output shows 
the tomographic scan. Therefore, radon conversion inversion can be 
used to reconstruct the original density of the projection data. And 
thus form the mathematical basis for tomographic reconstruction, 
called image reconstruction. Radon conversion data is often 
referred to as a Sinogram because radon conversion is a Dirac delta 
function distributed on the graph of a sine wave. As a result, the 
radon transform has a number of graphical appearance objects such 
as several sinusoidal waves with different phases and amplitudes. 
Suppose ( )f x f (x, y)= is a fully supported continuous function on 

. The radon  conversion will be equal to:

                            
( )

L

Rf L f (x) dx= ∫
                                          (1)

Parameterization of any straight line L with respect to the length of 
the arc z can always be written as follows:

           ( )( ) ( ) ( ), ( ) ( sin cos , - cos sin )α α α α= + +x z y z z s z s

                                                                                                        (2)

Where s is the distance L from the origin and the angle that the 
normal vector L makes with the x axis. The values ​​(a, s) can be 
considered as coordinates over the space of all lines in 2R , and radon 
conversion can be expressed in these coordinates by the following 
equation:

                                                                                                      (3)

As stated, radon conversion is based on integral absorption, 
and because the window diameter is longer than its side length, the 
maximum radon conversion is more likely to occur along the diameter. 
To solve this problem, first apply a circular mask to each window and 
then apply radon to it.

Validation of the vessel with its refinement
Verification of vessel segment detection in the process window is 

performed by checking the maximum amplitude value. Thus, the value 
of the maximum amplitude is compared with a threshold value and 
is confirmed if the detection accuracy is greater. If the vein segment 
is confirmed, the vein refinement stage will match the appearance of 
the vein fragment with the original vein fragment to obtain a good 
appearance and will be ignored if the candidate vein fragment is not 
approved. In order to obtain a proper representation of the diagnosed 
vessel fragment, first an approximate representation of the vessel is 
obtained with respect to the values ​​and relationships of the preceding 
stage, and then by comparing this approximate representation 
with the original vessel fragment, an accurate representation of 
the vessel is obtained. To approximate the vein, the interval of the 
rods corresponding to the vessel segment is first determined. This 
interval revolves around the rod where the maximum is located. After 
calculating the interval above, a white square m × m is drawn on a 
black square, which is the approximate representation of the vein. To 

compare the approximate representation with the actual vessel segment 
and to obtain an accurate representation of the vessel segment, first the 
main window being processed is converted into a binary image where 
the white pixels represent the pixel-related pixels and the black pixels 
represent the pixels. Are related to the background. The threshold 
value used to binary the window is an average of two average values. 
Finally, by performing a logical AND between the binary window 
and the approximate representation, a precise representation of the 
fragment of the exposed vessel is obtained (Figure 3).10–15

Figure 3 View the detailed image of the Vein. 

Conclusion
 To obtain the final representation of the retinal image veins, the 

fragments of veins revealed in different windows must be combined. 
Precise window displays are used to combine the results. So that two 
adjacent windows are overlapping, considering the overlap. In non-
overlapping areas, the end result is the exact window display, but in 
the overlapping areas, the results of two adjacent windows are OR 
consistent. After combining the results of all the windows, a binary 
image is obtained, the white pixels of which represent the arteries 
revealed by the retina image. Consequently, for each value of t, the 
final vascular representation was calculated for each of the 20 images 
and by comparing each result image with the corresponding detection 
result, both TPR and FPR rates were obtained for that image. The 
quantity of TPR is the ratio of the number of pixels in the result image 
correctly identified as a vessel to the total number of pixels in the 
result manual and the FPR is the ratio of the number of pixels in the 
result image that are mistakenly referred to as The veins are detected 
by the total number of non-vein pixels thus manually. Then the mean 
TPR and FPR values ​​of all images were obtained for corresponding t. 
Due to the above process, it is now possible to diagnose Alzheimer’s 
disease by counting blood vessels in the retina.
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