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Abstract. The article discusses the design of appropriate methodology of seg-
mentation and visualization of MRI data to extract the blood vessels. The main
objective of the proposed algorithm is effective separation individual vessels
and adjecent structures. In clinical practice, it is necessary to assess the progress
of the blood vessels in order to assess the condition of the vascular system. For
physician who performs diagnosis is much more rewarding to perform analysis
of an image that contains only vascular elements. The proposed method of im-
age segmentation can effectively separate the individual blood vessels from sur-
rounding tissue structures. The output of this analysis is the color coding of the
input image data to distinguish contrasting behavior of individual vessels that
are at the forefront of our concerns, the structures that we need in the picture.
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1 Introduction

Current methods for noninvasive imaging of the vascular system include Doppler
ultrasonography, CT angiography (CTA) and MR angiography (MRA). MR
angiography provides examination with absence of risks that are associated with
exposure to ionizing radiation. The main disadvantages of this diagnostic method may
include higher cost of examinations and difficult accessibility. A major problem is the
inability perform examination of people with pacemakers, implanted defibrillators,
because these devices are not exclusively from non-magnetic material. MRA offers

© Springer International Publishing Switzerland 2015 43
D. Barbucha et al. (eds.), New Trends in Intelligent Information and Database Systems,
Studies in Computational Intelligence 598, DOI: 10.1007/978-3-319-16211-9_5



44 J. Kubicek et al.

contrasting view of blood vessels without contrast fluid. Currently native MRA
examination is intended for intracranial arterial and venous circulation. Currently, it is
one of the most elaborate techniques, which gives very good results [6, 7].

2 MR Angiography (MRA)

Method angiography allows examination of the blood vessels by imaging methods.
This method is normally considered non-invasive examination method. This method
allows perform examination of different body parts (e.g.. Limbs or brain). This
method can be divided into angiography with administration of contrast fluid and
without its use [10].

This contrast fluid is to enhance the contrast of the individual structures. For
example it is possible to highlight pathology, or dynamic processes. These contrast
fluids normally contain paramagnetic chelates. Subsequent contrast-enhanced
examination is appropriately timed to contrast agent was present mainly in the arterial
blood stream, or in the venous system [11].

The resulting MRA image is given by subtraction image without contrast and
image with contrast. Non-contrast MRA is used to display the bloodstream is only
flowing blood in the investigated area. Signal of surrounding stationary tissues is
intentionally suppressed [8, 9, 10, 11].

Fig. 1. MRA of lower limbs [9]
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3 The Proposed Segmentation Algorithm

Segmentation methods play a key role in the processing of medical imaging data. We
often solve the task of extracting parts of the image that exhibit specific properties.
Image data from the MRA are represented by gray-levels.

Detection of blood vessels was solved by more approaches, in particular on the
basis of edge operators. With edge detection is possible to find various objects in the
image, but it is difficult to identify them. Significant benefit of the proposed solution
is recognition of individual image elements based on the color spectrum and clearly
distinguish the image structures.

The main objective of our analysis is the separation of gray levels in the output
sets, so in order to create a contrasting color map, which represents the individual
tissue structures. For this purpose fuzzy classifier was used, which has sufficient
sensitivity to even slight contrasting shades of gray were distinguished. The histogram
of the input image is divided into K different regions, which is the first key stage
segmentation procedure, because there we specify what the difference image, we are
able to separate from each other. We assume that we have a number of recognizable
areas:

k={n}, (1)

Subsequently, histogram normalization is solved in order to eliminate outliers and
scaling of the image. The resulting histogram is restricted to the interval [0, 1].

h(i) > [0;1] @

Number of output areas is determined by the number of distinguishable peaks of the
histogram. The number of local extremes (N,,x) can be defined by:

K=N__ 3)

The final step of data preprocessing is image smoothing of lowpass filter, which is
used to remove unwanted high frequency noise [3].

For the classification of each pixel in the output sets is used fuzzy logic
rules. There it is necessary to first define the membership function for each output
region R,,.

For the n - th classifier is used expression p,(f(x)). There are many kinds of
membership functions, but not all are suitable classifiers. The optimum properties
have function of triangular shape (TS). Based on these facts, we have used for our
algorithm pseudo trapeziodal shape membership function (PTS).
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Fig. 2. The shape of the PTS function [4]

Individual blood vessels is segmented in successive iteration steps. The first step of
the iteration is defined by:

S =max i (f(x)) @)

The output of this procedure is to determine the maximum individual classification
sets. This output is often insufficient, because the image data are suppressed noise that
is transmitted to the output of segmentation, which degrades the quality of the entire
segmentation process. For this reason, we have to evaluate the competence of pixels
intended use of the operator, which is invariant to noise. For each channel of segmen-
tation, we used the median, which is invariant to noise. The output of the segmenta-
tion procedure using the median is defined as [1], [3], [4]:

S = med (i, (f(x))) )

3.1  Structure of the Proposed Algorithm

The structure of the proposed algorithm segmentation of MRA data to extract the
blood vessels can be summarized in three basic steps:

Data preprocessing - there is performed histogram normalization and the definition
of each output regions. The number of regions is determined by the number of
distinguishable peaks of the histogram. This phase determines how deep we are able
to perform the final segmentation and how many objects we are able to distinguish
from the input data.

Process of Filtration — for filtration is used low-pass filter. This phase is in the
structure of the proposed methodology optional. It is used especially when the image
data are suppressed by high frequency noise. Noise has a negative impact on the
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quality of the segmented images, after removing noise we are able to achieve a
smooth contour segmentation.

The process of segmentation - in this key phase of segmentation individual pixels
are grouped into output sets on the basis of their properties using the membership
function. The aim is the separation of shades gray that represent the blood vessels
and the removal of remaining tissues that belong to the background of images.
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Fig. 3. The structure of the proposed segmentation procedure

4 Testing of the Proposed Algorithm

For testing of the algorithm, we used a series of MRA images 60 patients. The main
requirement is approximation of vessels by the color model that separates the blood-
stream from the background and subsequent filtering to display only vascular struc-
tures. Benefit of the proposed solution is the choice of output sets, which allows
in-depth analysis even tissues that are poorly recognized. In the first part of the analy-
sis we performed mapping of carotid arteries in order to detect the main trunk of the
carotid artery.



48 J. Kubicek et al.

Fig. 4. MRA image of carotid arteries

Fig. 5. Evaluation of the number output sets - 18 (maximum) on the left and 4 on the right
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Fig. 7. Filtered image of carotid arteries - 4 sets (left) and tresholded image (right)

We used two segmentation outputs for 4 and 18 output sets. From this view, it
appears that it is not always desirable to select the maximum number of output sets as
the optimal solution. When comparing the number of output regions can be seen that
the filter 18 suppresses the set portion of the structure that includes the blood stream
and provides to the physician significant diagnostic information.

In the following part of the analysis, we focused on MRA sequences that generate
areas of tibia and pelvis. There is the same requirement, and that separation of the
bloodstream from the background.
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Fig. 8. MRA image of tibia (top left), 13 output sets (top right), filtered image (bottom left) and
tresholded image (bottom right)

When comparing the images of the carotid arteries and tibia is at first sight that the
tibia images are suppressed by more noise. This negative image component is
transferred to the segmentation result and acts as an artifact. These image series have
lower resolution, which is reflected on the resulting color map that is not fluent in
some places.
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Fig. 9. MRA image of the pelvic bottom (top left), 5 output sets (top right), filtered image
(bottom left), thresholded image (bottom right)

5 Conclusion

The main goal, which is described in the article is the development of a segmentation
method that is able to reliably separate the blood vessels from the other structures.
The proposed methodology is developed primarily for image data from MRA. The
main requirement is only the detection of blood vessels, without the adjacent
structures. This task is relatively easily implemented, because segmentation based on
fuzzy logic is able to sharply demarcate the different tissue structures and choice of
appropriate thresholding can be displayed only vessels that are at the forefront of our
concerns. Another significant advantage is the high sensitivity of the algorithm even
in places where there is only small changes in contrast. In a future time, we would
like to focus on the calculation torturozity of vascular system from segmented data.

This parameter is very important because we get information about the curvature of
the vessels, which corresponds with a vascular condition.
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