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An Automatic Segmentation for Determination of 1V
Vessel Boundaries

Mazhar B. Tayel, M. A. Massoud, and Y. F. Shehata

Abstract—Coronary heart disease ranks as the top disease
which causes the death in the Egypt. Intravascular (IV)
ultrasound imaging is used along with X-ray coronary
angiography to detect vessel pathologies. This paper introduces
three automated approaches for detection of lumen and
media-adventitia borders in 1V images. In the first method, a
2D median filter is used to initialize the lumen and
media-adventitia contours. The second method uses the
Lucy-Richardson method and the 2D median filter to determine
the lumen border. Method three is a combination of two
methods to combine their advantages. The catheter boundaries
were automatically determined. This method shows a higher
accuracy and ability to work under artifacts and noisy
conditions.

Index Terms—Intravascular, segmentation, median filter,
lucy-richardson method.

I. INTRODUCTION

According to the latest WHO data published in 2011
coronary heart deaths in Egypt reached or 21.73% of total
dept. The age adjusted death rate was 173.98 per 100,000 of
population ranks Egypt #33 in the world and #7 in the Middle
East, not only but also coronary heart disease is rank #1 of
Top 20 Causes of Death in Egypt [1]. Because of the death
rate in Egypt, research effort must be directed to decrease this
rate by early determination of coronary heart disease.

Intravascular ultrasonic  (IVUS) examinations are
generally performed prior to vessel intervention treatments,
such as balloon angioplasty, atherectomy, and rotablator,
laser or stent deployment [2].

IVUS exam is a catheter-based technique that renders 2D
cross-sectional image of the coronary arteries, and provides
information concerning the lumen and wall morphology [3].

IVUS used along with X-ray coronary angiography to
detect vessel pathologies [4]. In the IV, wvessel is
characterized by two distinct borders: the lumen border
which corresponds the lumen -wall interface, and the media-
adventitia border which represents the boundary between the
media and adventitia [5]. Fig. 1 shows the Lumen and
Media-adventitia borders of typical IVUS image.

Segmentation of arterial wall boundaries is still an
important problem. Much researches have been done to give
better segmentation result for better diagnostics, evaluation
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and therapy planning.
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Fig. 1. A typical IVUS image.

The previous segmentation of IVUS works can be divided
in many methods. These methods are based on automated
methods, output of segmentation methods, and techniques
used for segmentation.

Commonly the segmentation of an IVUS image is
performed manually by an expert. When some kinds of user
interaction are required, semi-automatic methods are used
[6]-[14]. Automatic methods are used when the user
interaction isn't required [15]-[20].

In the output of segment process, several techniques have
been proposed for the automatic 1VUS border segmentation.
Automatic 1VUS border segmentation methods can be
designed to segment the borders such as: Lumen border [21],
Media-adventitial border [22], [23], or both of the lumen and
the Media-adventitial borders [3].

According to segment process techniques, there are many
ways introduced. As edge detection techniques, in [18],
Canny edge detection with different sigma is used to segment
IVUS Dborders. Also a texture information extraction
technique is used to segment I\VVUS images, in [3], the author
uses multilevel discrete wavelet frames decomposition along
with the intensity information for contour initialization. In the
same Yyear, [19] uses a discrete wavelet packet transform
along with k-means clustering for contour initialization.

Probabilistic techniques also applied for segmentations,
[13] uses the minimization of a probabilistic cost function
using gray level histograms for lumen identification.

As a machine learning approach, in [11], a Hopfield neural
network is used to modify and minimize the energy function;
in [24], data sets are used to learn what pixels the human
observer most often chooses for border pixels, then uses the
learned system to detect border.
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The median filter is particularly good at removing outliers
and is edge-preserving [25], in IVUS image analysis the
median filter was usually used in preprocessing of the image
[4], in [26], the median filter was used for filtering the initial
contour.

Finally, analysis applied to IVUS images not only for
detecting borders but also for detecting plaques, identifing
types of plaques, and identifing bifurcations [27].

Il. METHODS
Three different methods are introduced in this work.

A. The First Introduced Method
The first proposed algorithm for detection of lumen and

media-adventitia borders in IVUS is shown in Fig. 2.

Features Extraction Refinement

Fig. 2. The flow chart of the first method.

The IVUS image contours detection is obtained by
applying two sub-stages. The first one is conversion of an
image into polar coordinates and the second one is removal of
the catheter and noise.

The IVUS images include not only tissue and blood
regions, but also the outer boundary of the catheter itself. The
latter defines a dead zone of radius equal to that of catheter,
where no useful information is contained. The following
equation is used to remove the catheter-induced artifacts;

I(r,6)=0,f0rr<(§+d) D

where | is intensity at coordinate point (r, ©), D is the
diameter of catheter, and d is a small constant[3].
Results of preprocessing steps are shown in Fig. 3.

Fig. 2. Original IVUS image (a) and the corresponding polar coordinate
images before (b) and after (c) the removal of catheter-induced artifacts.

1) Features extraction

e  Lumen contour initialization:

The lumen border is a border between dark region and
semi-dark region of an image. The following algorithm is
used to determine the lumen border.

1) Find the value of r corresponding to each © degree at 1(6,

)

2) If the value of gray level pixel of r is higher than the
minimum intensity value of the wall of vessel.

3) Then save it in the border array under index of ©.

4) The initial contour of the lumen border is a 360 values {r1,
r2,r3, ...... , 360} vector.

*  Media-adventitia contour initialization:

The high intensity pixels in the first region was replaced by
the average of pixels intensity, and then apply the 2D Median
filter with [15 < 15] mask to smooth the image, then search
about pixels that are most like to the media-adventitial border
by applying the following algorithm:

1) Trace each © degree in I(O, )

2) Smoothing data of 1(6, all) and save it in temp vector.

3) Find the max value in the temp vector and its index

4) Then save this index value in the border array under index
of 6.

The initial contour of the media-adventitia border is a 360
values {r1,r2,r3, ...... , r360} vector.

2) Refinement

For Lumen contour fast refinement, a smooth operation by
5 x5 windows is applied and repeated five times. For
accurate refinement of the media-adventitia border, the
following mean value formula is applied to initial point
which has smaller value than a boundary of media-adventitia
contour.

(max(L) + d) + L(i)
2

T@) = (2)
where L is the set of points of the Lumen contour, T is the
limit contour, and the d is a small constant value.

A7 =<7 smooth window is applied and repeated 20 times to
smooth the contour. Finally the average of limit value is taken
to find the refinement Media-adventitia contour.

B. The Second Introduced Method

In this method the de-blurring filter using
Lucy-Richardson with 7 <7 mask and 2D filter with 15x15
mask are applied simultaneously before the preprocessing of
method (1). After preprocessing, the algorithm completes
steps as method (1). The flowchart of method (2) is illustrated
in Fig. 4.

C. The Third Introduced Method

This method is a combination of the two previous methods,
method (2) is better than method (1) in detecting the lumen
border, and method (1) is better than method (2) in detecting
the media-adventitial border, so method (3) improves
detection of lumen and media-adventitial borders. The
flowchart of this method is composed of two channels as
shown in Fig. 5.

1) Channel (1)

1) Convert the image from Cartesian to polar.

2) Apply the 2D median filter with 15x15 mask.

3) Trace the lumen border using the IVUS saved image.
2) Channel (2)

1) Apply the de-blur image using the Lucy-Richardson
method,

2) Apply the 2D median filter with 15%15 mask,

3) Convert the image from Cartesian to polar, and
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4) Trace the media-adventitial border using the IVUS saved
image.

After completing the steps of the two channels, refinement
contours of lumen border and media-adventitial border are
begun, and followed by the conversion image from polar to
Cartesian coordinate. The previous steps are repeated for
each frame.

a) The block diagram of the second method.

b) The flowchart of the second method.
Fig. 4. The block diagram and flowchart of the second method.

D. Test of the Algorithm

The Bland-Altman and the linear regression plots are
common statistical analysis methods to evaluate vessel
segmentation in 1IVUS imaging. Finally, performance factors
like the mean, the minimum, and the maximum of the error
are very important to compare the methods with each other.

The test of the algorithm was implemented on Samsung
computer with OS Windows 7, a 2.53 GHz Intel Core i3
processor, and a 4GB RAM. The program was written and
executed in MATLAB, version 7.8.0.347 (R2009a) 64-bit
software.

The test of the algorithm consists of three stages: manual
table stage, automatic table stage, and statistical analysis
stage.

1) Manual table stage

This stage is applied to calculate the data of lumen and
vessel taken manually by expert doctor.
After scanning the image, the following steps have been
done;
1) Read the image with red contour as the lumen border and
green contour as media-adventitial border.

220

2) Trace the red pixels to detect the lumen border. Convert
the red pixels to white pixels by threshold, and fill the
area inside this contour. Then determine the area of the
white object, and save it as the lumen cross section area
(LCSA) according to this image.

3) Apply the previous step for green pixels which represent
the media-adventitial border to determine the vessel cross
section area (VCSA).

4) Calculate the vessel wall cross section area (WCSA) by
Subtract LCSA from VCSA. Then store them as one line
on table named manual table.

5) Repeat the previous steps for each frame.

=

Mo
Yes

Fig. 5. The flowchart of the method (3).

2) Automatic table stage

This stage is designed to calculate LCSA, VCSA, and
WCSA using the proposed algorithm. Steps of this stage are
similar to manual table stage except in (b), the red contour
illustrates the lumen border and blue contour illustrates the
media-adventitial border.

3) Statistical analysis stage

The statistical analysis stage is used to evaluate the
performance of the proposed algorithm on 92 IVUS images.
These steps are as follows:

1) Convert area unit from pixel to mm2

2) Calculate the average area of the automatic and the
manual LCSA, VCSA, and WCSA.

3) Calculate the difference in area between the automatic
and the manual LCSA, VCSA, and WCSA.

4) Using steps (a) and (b) to plot the Bland-Altman diagram
of the differences in area between the automated and the
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manual segmentation LCSA, VCSA, and WCSA.

5) Using linear interpolation fit algorithm to plot the linear
regression of the differences in area between the
automated and the manual segmentation.

6) Calculate the performance factors (mean of absolute error,
the standard deviation of the error, the max., and min.
error).

Using previous steps to plot the error figures of LCSA,
VCSA, and WCSA.

I11. RESULT AND DISCUSSION

Bland-Altman of LCSA Bland-Altman of VCSA Bland-Altman of WCSA

Method (2) is the best method for the LCSA performance
factors, and

Method (3) is the best method for the WCSA performance
factors with min error. Finally, Fig. 9 shows the standard
deviation and the mean error of our methods. Fig. 10 shows
the automatic segmented images, and the manually
segmented images.

Bland-Altman of LCSA Bland-Altman of VCSA Bland-Atman of WCSA
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Fig. 6. The bland-altman and linear regression plots of the differences
between automated (method 1) and manual segmentation, LCSA: lumen
cross-sectional area, VSCA: vessel cross-sectional area, WCSA: wall
cross-sectional area.
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If the manual method represents the reference data which
are compared with three different proposed automated
methods to get the statistical analys. Table I shows the
parameters of the statistical analysis. The Bland- Altman and
linear regression plots are shown in Fig. 6-Fig. 8 for Method
(1) to (3), for typical images acquired by the mechanical
IVUS imaging system.

Table Il shows error parameters. From Table Il, it is found
that:

Method (1) is the best method for the VCSA performance
factors,
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Fig. 7. The bland-altman and linear regression plots for the differences
between automated (method 2) and manual segmentation, LCSA: lumen
cross-sectional area, VSCA: vessel cross-sectional area, WCSA: wall
cross-sectional area.
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Fig. 8. The bland-altman and linear regression plots for the differences
between automated (method 3) and manual segmentation, LCSA: lumen
cross-sectional area, VSCA: vessel cross-sectional area, WCSA: wall

cross-sectional area.

TABLE I: THE ERROR ANALYSIS TO EVALUATE THE THREE PROPOSED METHODS

Method (1) Method (2) Method (3)

LCSA VCSA WCSA LCSA VCSA WCSA LCSA VCSA WCSA

Mean differences (mm?) -0.1131 -0.1042 0.0089 -0.1109 -0.1512 -0.0403 -0.1125 -0.1506 -0.0381
Standard deviation +0.1004 #).1571 30.1257 +0.1000 +0.1640 +).1287 +0.1001 +0).1638 +0).1285
Slope 0.9140 0.6481 0.7781 0.9162 0.8072 0.4226 0.9151 0.8096 0.4180

intercept 0.0567 1.0913 0.3248 0.0545 0.5037 0.7816 0.0551 0.4961 0.7904

TABLE Il: THE ERROR ANALYSIS TO EVALUATE THE THREE PROPOSED METHODS
Method (1) Method (2) Method (3)

LCSA VCSA WCSA LCSA VCSA WCSA LCSA VCSA WCSA

Mean Absolute Error 0.1189 0.1629 0.0985 0.1167 0.1752 0.1090 0.1182 0.1745 0.1090
Standard deviation 0.0934 0.0939 0.0780 0.0930 0.1378 0.0787 0.0931 0.1378 0.0772
Max Error 0.4217 0.4457 0.3124 0.4188 0.6327 0.2963 0.4224 0.6302 0.2953
Min Error 0.0047 0.0026 0.0020 0.0035 0.0024 0.0006 0.0021 0.0010 0.0005
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Fig. 9. The mean error a) and standard deviation b) of the three proposed methods.

Fig. 10. The experimental results from typical images acquired with mechanical IVUS imaging system, (a) Automatic segmented image, (b) Manually
segmented image.

IV. CONCLUSION

The proposed technique is composed of three different
methods for detection of lumen and media-adventitia borders
in IVUS images. It is a fully automated technique. The
catheter region was automatically discarded. The technique
had the ability to work under artifacts and noisy conditions.
The de noising of image depends on the type and position of
the filter which was used. Our proposed methods
experimentally evaluated in large data sets (92 frame) of
IVUS images derived from human coronary arteries
“iCrossTM Boston Scientific system”. The fully automated
test of the algorithm was designed to test our proposals
performance using the MATLAB® program.

To get performance factors of VCSA, method (1) was
recommended. Method (2) was recommended for LCSA, and
method (3) for WCSA and it had min error. Moreover, the
technique had several clinical applications. It could facilitate
plague morphometric analysis i.e. plan-metric, and wall
thickness calculations.
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