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Abstract. The paper develops the automatic methods of segmentation of the blood vessel area in the images of the multi-slice computed

tomography, allowing to separate the lumen from the atherosclerotic plaque areas. The solution is based on the application of different

implementations of thresholding, including between class variance in a bimodal mode, Gaussian mixture modeling, clustering technique,

polynomial and multilayer perceptron approximations. These methods are compared with many examples of arteries of different percentage

of the plaque occupancy in the iliac and femoral arteries. The numerical results of segmentation have been verified by the medical experts

and prove its usefulness in medical practice. The presented system can find application in an automatic evaluation of the atherosclerosis

progression/regression of patients on the basis of sequence of Computed Tomography slice images.
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1. Introduction

Thresholding is an important technique for image segmenta-

tion, that tries to identify and extract different objects existing

in the image by the analysis of the distribution of gray lev-

els or texture in image objects. In spite of existence of many

segmentation methods, such as edge detection, region grow-

ing, texture analysis, morphological watershed approaches or

multi-spectral techniques [1–6] the thresholding is still regard-

ed as the most efficient segmentation approach in medical

applications. The thresholding techniques are generally based

on either histogram or local properties of the image, such as

mean, standard deviation or gradient. If technique is depen-

dent on, say, a local average gray value, it is called “local”.

In this method the image is usually split into sub-images fol-

lowed by the calculation of thresholds for each sub-image, or

examining image intensities in the neighborhood of each pixel.

On the other side, when only one threshold is selected for

an entire image, the technique is said to be “global” and is ap-

plicable to the images of the bimodal histogram. If an image

contains more than two types of regions, it may still be possi-

ble to segment it by applying several individual thresholds, or

by using a multi-thresholding technique. With the increased

number of threshold values, the histograms become difficult to

distinguish and hence thresholding may be no longer optimal.

For medical imaging purposes segmentation is used to ex-

tract specific organs, vascular structures, tissue types (e.g. in

brain: grey, white, ventricles/CSF), or lesions. At such a vari-

ety of problems no single segmentation technique can produce

satisfactory results. The difficulties in thresholding approaches

to segmentation of medical images follow from the low con-

trast between different objects, noise or significant changes of

the same objects within different images. All of these factors

appear usually at the same time in medical images.

This paper considers and compares the application of

different techniques to the automatic recognition of the

atherosclerotic plaque areas from the lumen in the vascular ar-

teries in the sequence of the multi-slice computed tomography

(MSCT) images. Such task belongs to very difficult problems

[7–9], since the difference of intensities in both regions is of

fuzzy character and at the same time great changes between

them are observed in the analyzed sequence of images.

Most thresholding techniques are based on the statistics of

the one-dimensional histogram of gray levels [10–12]. For in-

stance, Otsu’s between-class variance (BCV) method chooses

the optimal thresholds by maximizing the variance between

classes with an exhaustive search [11, 13]. Many variations

of Otsu method have been proposed in the past. The review

of them may be found in the book [14]. The other methods

include the clustering approaches [14, 15], minimum error

thresholding [10] and Gaussian Mixture Modeling (GMM)

[14]. All of them are based on the histogram and frequen-

cy of appearing the particular intensity levels in the image.

In this paper we compare these traditional approaches to the

proposed method based on the polynomial and multilayer per-

ceptron approximations of the sorted pixel intensities.
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We present the comparison of them on the examples of

segmentation of the iliac and femoral artery areas appearing

in the images of the MSCT sequence. These arteries are iden-

tified automatically in the image slice by using the program

developed by us, which is based on the extended regional

maxima [4]. In this paper we assume that the artery area has

been already identified.

2. Methods

The recognition between lumen and plaques in the vascular

arteries represents a difficult problem, since the plaque region

is usually non-uniform, differing greatly in intensity, and of-

ten resembles lumen. This is especially true in the case of

the non-calcified plaques, slightly differing from the lumen.

The most important problem in our task is determination of

the optimal threshold value, on the basis of which the di-

vision of the artery area into lumen and plaque regions is

done.

In this work we have implemented and compared different

approaches to the determination of an optimal threshold val-

ue, allowing for the best separation between lumen and plaque

areas. The first approach, proposed by us, uses the approxima-

tion of the sorted pixel intensities, implemented here by using

polynomial and multilayer perceptron (MLP) approximating

functions. The other methods taken into account in this work

include: application of BCV, K-means clustering and GMM

based thresholding. Careful analysis of these techniques al-

lows to select these, which are the most appropriate for the

task of vascular artery area segmentation. Their common use

in the analysis of the atherosclerosis of the blood vessels leads

to the increase of the accuracy of segmentation and in conse-

quence allows the numerical parameterization of the analyzed

images.

2.1. The polynomial fitting of the sorted pixel intensities.

The starting point in this procedure is the sorted sequence of

pixel intensities. The switching from lumen to plaque is seen

in this sorted sequence as a visible bending point of differing

slope (see Fig. 1). Analyzing many images we have found that

the sorted pixel intensities for the extracted artery plane have

a very characteristic distribution. The region of pixels corre-

sponding to plaques had higher slope and larger variance than

that corresponding to pixels forming the lumen area.

The easiest way to find the point of the abruptly changing

slope of the sorted pixel intensity sequence is through the cal-

culation of the derivative of such a sequence. The derivative

curve depicts the significant change of the slope at the border

of lumen and plaque areas, easy in automatic recognition. Al-

though direct numerical calculation of the derivative by using

the local computation is theoretically possible, we have ap-

plied the functional fitting of the sorted pixel intensity curve,

avoiding in this way the problem of non-continuity of the re-

sults following from the noise. We have used the polynomial

curve fitting function described in the form

f(x) = anxn + an−1x
n−1 + ... + a1x + a0 (1)

fitted by the least-squares method. Its derivative is explicitly

given by the relation

df(x)

dx
= nanxn−1 + (n − 1)an−1x

n−2 + ... + a1. (2)

a)

b)

Fig. 1. The representation of the vascular artery area (left and right

arteries) by the sorted pixel intensity distribution: a) the real image

of the cross section of the two artery areas containing plaques, b)

the sorted pixel intensity distribution of these two arteries

The region of the fast increase of the value of the first

derivative of this polynomial shows the optimal threshold dis-

criminating the artery lumen from the calcified plaques. On

the basis of many experiments concerning different shapes

and compositions of lumen and plaque areas, performed for

50 selected MSCT images we have come to conclusion that

the appropriate threshold value leading to the proper segmen-

tation of the calcified atherosclerotic plaque areas should be

set at a point where the derivative value increases above 3.

This value has led to the segmentation results in the best way

matching the expert choice.

2.2. Application of multilayer perceptron. The multilayer

perceptron is the solution of a universal approximator that is
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able to approximate any complicated input-output mapping. It

is the popular neural network structure applying the sigmoidal

neurons [15]. The information put to the input of network is

processed locally in each unit by computing the dot product

between the corresponding input vector and the weighting vec-

tor of the neuron. Training the network to produce a desired

output vector when presented with an input vector involves

systematically changing the weights of all neurons until the

network produces the desired output (the shape of the sorted

pixel intensity values) within a given tolerance. The proce-

dure is repeated over the entire training set and the learning

is reduced to the minimization of the Euclidean error measure

over this set. The most effective learning approach applies the

gradient information and uses the second order optimization

algorithms, like Levenberg-Marquardt or conjugate gradient

applications [15]. Gradient vector in multilayer network is

computed using the backpropagation algorithm. As a result

of application of MLP the sorted pixel intensity sequence is

approximated by the following function

F (x)=

K
∑

i=1

wif(ui) + w0 =

K
∑

i=1

wif(wi1x + wi0) + w0 (3)

in which f(ui) represents the sigmoidal function f(ui) =
1/(1 + exp(−ui)), wi (i = 1, 2, . . ., K) the weights of the

output layer, wi1 the weights of the hidden layer, K the num-

ber of hidden sigmoidal neurons and x is the succeeding num-

ber of pixel. Similarly to the polynomial approximation deriv-

ative of this function allows to find the proper threshold level.

The derivative value can be easily determined on the basis of

function (3) as following

dF (x)

dx
=

K
∑

i=1

wif(ui) (1 − f(ui))wi1. (4)

a) b)

c) d)

Fig. 2. The approximation approach to the segmentation: a) the polynomial function and MLP approximation of the sorted pixel intensity

of the atherosclerotic artery of Fig. 1, b) their derivative functions with the threshold values pointed by the vertical lines, c) the artery area

inside of the green envelope divided into lumen and plaque (white area) after application of polynomial approximation and d) after MLP

approximation
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We have applied this method as an alternative to the poly-

nomial approximation. The optimal threshold corresponds to

the pixel intensity in the region of the fast increase of the value

of the first derivative of the approximating function. Figure 2

presents the application of both approximation approaches to

the determination of the thresholding problem for the image

of Fig. 1a. Figure 2a presents the shape of the polynomial

approximation (PA) and MLP approximating functions (ML-

PA). They differ very slightly. On the basis of their derivatives

(Fig. 2b) we have got the segmented arteries (the area inside

of the green envelope) divided into lumen and plague (white

area) as presented in Fig. 2c and 2d. At the assumed criterion

of the first derivative (the level of 3) the optimal threshold

value is set to 1513 (in polynomial approximation) and 1572

(in MLP approach). According to medical expert opinion the

MLP result fits better the real division of the artery area into

lumen and plaques.

2.3. The method of between-class variance. This classical

algorithm is based on the statistics of pixel intensity values

and was introduced by Otsu [11] for determining an optimal

threshold segmenting the image into nearly uniform regions.

According to the Otsu method many relevant threshold values

are tried and the mean and variance of both classes as well as

BCV are calculated for each of them. The bimodal gray-level

histogram is normalized and regarded as a discrete probability

distribution function p(i) that is, p(i) = ni/M , where ni is

the frequency of the gray level i and M is the total number

of pixels in the image. If the histogram is divided into two

classes by the gray-level intensity t (potential threshold), then

the probabilities of the respective classes can be expressed as

p1(t) =
t

∑

i=0

p(i), (5)

p2(t) =

N−1
∑

i=t+1

p(i). (6)

Denoting by m1(t), m2(t) the means of these two classes

at the actual threshold value t, where mj =
t

∑

i=0

ip(i)/pj(t)

(j = 1, 2) the value of BCV is defined in the form [11]

BCV (t) = p1(t)p2(t) (m2(t) − m1(t))
2 . (7)

Application of BCV criterion to the determination of the opti-

mal threshold of the image of Fig. 1a has generated the value

equal 1670, significantly different from both approximation

approaches.

2.4. K-means clustering. The unsupervised classification,

called clustering, can be also used to provide the natural

grouping of the multidimensional data set. This approach re-

quires to determine the initial number of classes K and initial

positions of their centroids. The adaptation of cluster centers

is done by minimizing the sum of the within-cluster vari-

ances [15]

Q =

K
∑

j=1

n
∑

i=1

∥

∥

∥
v

j
i − cj

∥

∥

∥

2

, (8)

where v
j
i is the i-th image sample of j-th class and cj the

center defined as the mean of v
j
i ∈ Kj . The K-means [15]

assumes that each vector vi belongs to only one cluster cj .

There exists also the generalization of K-means in the form of

so called fuzzy C-means [15] in which the vector vi belongs

simultaneously to all classes with some membership values

changing from zero to one.

The idea of application of clustering to the segmentation

is to pick a threshold such that each pixel on each side of

the threshold is closer in intensity to the mean of all pixels

on that side than the mean of all pixels on the other side

of the threshold. Since the ranges of pixel intensities of both

regions usually overlap, the algorithm tries to minimize the

area under the histogram for one region that lies on the other

region’s side of the threshold. Application of K-means clus-

tering to the image of Fig. 1a has resulted into the value of

threshold equal 1632.

2.5. Gaussian mixture modeling. Thresholding based on the

mixture modeling assumes that the pixel values forming each

group are Gaussian distributed. The modes are the bumps in

the image histogram and correspond to the certain regions of

the image, where the number of pixels attaining those values

are relatively high. Assuming the existence of K groups of

pixels, each characterized by its mean mi (i = 1, 2, . . ., K)

and appropriate standard deviation σi independent on the

threshold, the model of pixel value distribution may be de-

scribed by

f(x) =

K
∑

i=1

Aie
−(x−mi)

2/2σ2

i . (9)

Identifying the probability density function (pdf) parameters

of the pixel intensity values of the whole image we can use

this knowledge to find the probability of any pixel value be-

longing to different groups (modes) of the image. Mixture

modeling is a technique for estimating the pdf of pixel val-

ues belonging to different classes. In this method the pdf of

pixel distribution is estimated as a frequency of occurrence

of this grey level in the histogram of the image. If we have

K modes (classes) in the pdf of pixel values we may say,

that x may come from any of those K densities with different

probability.

The initialization of the classes is usually started by ap-

plying K-means clustering. Once a mixture model is fitted to

the image pdf, we can assign pixels to different classes on the

basis of the final estimated posterior probabilities, i.e. assign-

ing the pixel xj to the class that produces the highest value of

probability. The details of this approach can be found in [14].

This method of segmentation will be called further GMM.

Applying this method of thresholding to the image of Fig. 1a

we have found the optimal threshold value equal 1543, very

close to both approximation approaches.

272 Bull. Pol. Ac.: Tech. 63(1) 2015



Thresholding techniques for segmentation of atherosclerotic plaque and lumen areas in vascular arteries

2.6. Comparative analysis of methods for identification of

atherosclerotic plaque areas. In the first step of compari-

son we present the exemplary results of division of the artery

area into lumen and atherosclerotic plaque regions by using

different methods of thresholding. Figure 3 depicts the graph-

ical presentation of the results of separation of both (left and

right) arteries in one slice image of the patient (Fig. 3a) in-

to two regions: the lumen and calcified plaques by applying

the polynomial approximation (Fig. 3b), MLP approach (Fig.

3c), BCV (Fig. 3d), K-means clustering (Fig. 3e) and GMM

(Fig. 3f). The brown lines represent the circumference of the

localized artery and the area inside the dark blue envelope

– the plaque regions. As it is seen the most compatible re-

sults of segmentation (the size, shape and location of plaques)

correspond to the application of GMM and MLP.

The same task of segmentation was performed by the med-

ical expert, who has drawn manually the regions of lumen and

plaques in the analyzed image. According to him the most ac-

curate division into lumen and plaque areas has been obtained

by the MLP approximation and GMM methods.

In a general case the automatic identification of atheroscle-

rotic changes creates two tasks: the estimation of the number

of classes and recognition of regions of artery belonging to

each class. Both tasks are strictly connected with each other.

In general, three types of the atherosclerotic changes should

be taken into account.

1. All pixels represent artery lumen with contrasted blood:

the simplest case – only one recognized class (the lumen).

2. Some pixels represent artery lumen and some calcified

atherosclerotic plaque areas – two classes for recognition

(the first class – lumen and the second – calcified plaques).

3. Some pixels represent artery lumen, some calcified

atherosclerotic plaques and some – the non-calcified

plaques (most often lying between the first two) – three

classes for recognition (class 1 – lumen, class 2 – calcified

plaques and class 3 – non-calcified plaques).

However, the great changes of the intensity values with-

in each class of the MSCT images constitute a problem, not

only between slices belonging to different patients, but also

within the sequence of slices for the same patient. This is the

result of different distribution of contrast in the arteries. The

observed differences of the threshold values at recognition be-

tween artery lumen and calcified plaque were quite large (for

example 1416 in the first slice, 1540 in the second and 1630

in other slices, all generated by the same method for the same

patient).

a) b) c)

d) e) f)

Fig. 3. The graphical results of segmentation of the image of the left and right arteries into lumen and calcified plaque regions: a) original

image, and the results of b) polynomial approximation, c) MLP, d) BCV, e) K-means clustering, f) GMM methods
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a) b)

c) d)

Fig. 4. The comparative results of segmentation of two cases: a) the view of the iliac artery slice and b) external iliac artery passing into

femoral artery, c) the threshold values for the iliac and d) for external iliac artery, estimated by different methods

Figure 4 shows the results of thresholding two images of

iliac (Fig. 4a) and external iliac passing into femoral (Fig. 4b)

arteries at application of different methods: polynomial ap-

proximation (PA), multilayer perceptron approximation (ML-

PA), Gaussian mixture modeling (GMM), BCV and K-means

clustering represented in Fig. 4c and 4d. The horizontal ax-

is represents the pixels arranged in increasing order, and the

vertical axis presents their intensity values. The positions of

optimal thresholds pointed by different methods are represent-

ed by the vertical lines in Figs. 4c and 4d, respectively.

As we can see the application of different methods re-

sults in different values of optimal threshold. Close analysis

of many slice images have revealed that GMM and MLP ap-

proximation produce the most stable and accurate threshold

values and are closest to the human expert choice. Therefore

in further analysis only these two approaches are used.

Let us assume now the most general case considering the

division of artery plane into 3 regions. In the case of appli-

cation of PA it is reflected by 2 sections of the highest slope

of sorted pixel intensity separated by the middle one of the

significantly lower slope. In the case of GMM we identify

three bumps in the histogram of pixel intensities.

In general case we should assume 3 regions (classes) ex-

isting in the artery: the lumen, calcified plaques and non-

calcified plaques. The automatic class recognition has been

obtained in our solution by adding the step of evaluating the

variances of the intensity of pixels within each region. On

the basis of the performed experiments we have found that if

the variance of pixels belonging to the region of the largest

mean is smaller than 3000, then the calcified atherosclerotic

plaques are not present in this region and all pixels represent

the artery lumen (one class region). In the other case, pixels

of this region represent calcified atherosclerotic plaques (the

non-calcified plaques should be placed only in region of low-

est means). If the second case happens (the considered pixels

represent the calcified plaques) we have to decide if the mid-

dle region represents the lumen or also the calcified plaques.

To solve this dilemma we have applied again the observations

regarding the variance of pixel intensities.
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a)

var = 153

b)

th = 1533

c)

th1 = 1499

th2 = 1280

Fig. 5. The results of recognition of the lumen and plaques areas in the arteries: a) only lumen recognized, b) lumen and calcified plaques

(the blue color), c) lumen, calcified plaques (blue color) and non-calcified plaques (yellow color). The middle column shows the variance

(in the first case) and threshold values applied in the division of the artery areas

When the variance of pixel intensity in the middle re-

gion is greater than 10000 it represents the calcified plaque;

in the other case – the lumen area. When the middle region

represents plaque area, the class of the lowest mean repre-

sents lumen. However, when the middle class is interpreted

as the lumen, the region of the curve with lowest mean value

should be statistically evaluated and then recognized either as

a lumen (if variance is small) or non-calcified atherosclerotic

plaque area in other case.

Figure 5 presents the results of segmentation of MSCT im-

ages at different advancement of atherosclerosis. The first row

(a) depicts a fragment of a slice image containing the arteries

without plaques. The variance of the sorted pixel intensity was

equal 153 being the evidence of only lumen existence. The

second row depicts the situation of splitting the artery area

into lumen and calcified plaques. The optimal threshold value

in this case was equal 1533. The last row (c) represents the

case with three regions: lumen, calcified plaque region (white)

encircled by the blue envelope and non-calcified plaque area

encircled by white line. In the last case there were 2 thresh-

old values equal th1 = 1499 and th2 = 1280, used to separate

lumen, calcified and non-calcified plaques.

3. Results and discussion

3.1. The analyzed data base. The performance of an auto-

matic system of the atherosclerotic changes identification and

quantization in the vascular arteries was checked on the data

base of MSCT slice image sequences obtained for 128 pa-

tients at different stages of atherosclerotic changes in the iliac

and femoral arteries. The cases were collected by the vascu-

lar surgery experts from the Department of Vascular Surgery

of Military Institute of Medicine, Warsaw, within the patients

who were the candidates for the endovascular or surgical in-

tervention.

The age of the patients ranged from 40 to 86 years (aver-

age 65 years) and the MSCT images were collected with-

in the years 2006–2010. Effectively 434 segments of the

arteries were distinguished and analyzed. Only the arteries

with continuous MSCT imaging of their lumen were tak-

en into account. The cases of not continuous artery lumen

or with aneurysm were not evaluated in this study. All im-

ages were collected by using the 64-slice General Electric

(Fairfield, CT, USA) MSCT. Computed tomography of ili-

ac and femoral arteries was performed with a standardized
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optimized contrast-enhanced protocol (120 kVp, 180 mAs,

collimation 64×0.625 mm, pitch 0.5). All patients received

150 ml contrast material (Iomeron 400 mg/ml Bracco, UK)

with SmartPrep. Image reconstructions were made with a

250 mm field of view, a matrix size of 512×512, a slice

thickness of 0.625 mm, an increment of 0.625 mm, and at

application of standard reconstruction filter. The MSCT im-

ages were stored in DICOM format ver. 3.

3.2. Comparison of automatic results of segmentation

with the human experts. In further analysis we concentrate

on two methods: the MLP approximation of the sorted pixel

intensities and Gaussian mixture modeling found by us as the

most successful in analyzing the atherosclerotic cases.

In the first experiments we have selected 300 slices coming

from one patient, for whom we made the manual assessment

(done by experts) regarding the number of the classes and

proper ranges of the threshold values, to get the acceptable

recognition between artery lumen and plaques. The compar-

ison of results of an automatic segmentation with MLP ap-

proximation and GMM methods will be presented first in a

graphical form. To increase the stability and accuracy of re-

sults of the thresholding procedure and to involve the actual

experience into the processing of the image sequence we have

additionally applied the on-line adaptation of the threshold

value for the next slice by taking the average of six last ap-

plied threshold values. The comparative results, concerning

the rate of decrease of the artery lumen for the succeeding

300 slice images of one patient are presented in Fig. 6.

It is seen that all applied methods produce the results,

which are well compatible with each other. The general trend

of the change of the lumen decrease was the same for all of

them, although there are some small local discrepancies.

Table 1 presents the mean values of the rate of decrease

of the lumen for all analyzed slice sequences of Fig. 6. We re-

late the results of our two methods of an automatic threshold

determination and the results of the manual adjustment of the

threshold value made by two experts. The difference between

them is treated as an estimation error.

The presented results show that practically in all cases the

application of MLP and GMM with the adaptive adjustment

of the threshold has led to the estimation error of very small

values. Fully acceptable is also the level of the maximum

absolute error of estimation, caused by the single missegmen-

tation, that may happen sometimes. The observed decrease

of the mean error for all slices under investigation, obtained

thanks to application of the adaptation technique, is on the

level of 30% (in comparison to the fixed value of threshold).

Comparing GMM and MLPA we may note some superiori-

ty of MLPA (0.15% and 0.42% of mean errors compared to

1.95% and 1.38% of GMM).

Fig. 6. The comparison of the artery lumen decrease rate for the MSCT slice sequence at application of GMM and MLPA methods and 2

medical experts

Table 1

Numerical comparison of the artery lumen decrease evaluation

Expert 1 as a reference Expert 2 as a reference

Mean lumen
decrease

[%]

Mean error
[%]

STD
of error

Max absolute
error
[%]

Mean error
[%]

STD
of error

Max absolute
error
[%]

Expert 1 15.27 – – – 0.57 2.08 14.81

Expert 2 14.70 0.57 2.08 14.81 – – –

GMM 13.32 1.95 2.44 11.40 1.38 2.77 13.58

MLPA 15.12 0.15 2.15 13.41 0.42 3.02 13.41
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[Fig. 7]
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Fig. 7. The comparison of the artery lumen decrease evaluation for sample series of the MSCT images at application of the moving average

over 5 slices. The presented results are related to MLPA, GMM and human expert. Left column presents the lumen decrease (in %) and the

right one the corresponding difference between our automatic methods and manual human expert estimations [colour on-line]

In medical practice the important is the decrease of the

lumen averaged over few slices. Taking into account that

the thickness of single MSCT slice is 0.625 mm, the total

thickness over 5 slices corresponding to approximately 4 mm

length was taken as a standard. We have applied such mov-

ing average of the results and compared it with the manual

results of the expert. Figure 7 presents the graphical com-

parison of lumen decrease in the sequence of MSCT slices

for 5 exemplary cases corresponding to five different patients.

The results represent the moving average of lumen decrease

at application of the window equal 5 (the left column) and

the error of estimation of this decrease with respect to the

manual assessment of the expert, treated as the reference

(the right column of the figure). The curves compare the re-

sults of application of MLPA (dashed line), GMM (dot line)

and the manual assessment made by the human expert (solid

line).

The average error of estimation of the lumen decrease

(measured in percentage) for all slices of these 5 images (over

1000 analyzed images) was equal to 1.64% at the application

of MLP approximation and 1.71% for GMM approach.

3.3. The numerical characterization of the pathology of

artery. The results of the computer segmentation of the artery

allow to characterize the atherosclerotic changes in the numer-

ical way by using additional mathematical tools based on the

statistics. The most important factor is the level of decrease

of the artery lumen, defined as a ratio between the artery

lumen (the area without recognized atherosclerotic plaques)

and the total area of lumen and plaques taken together. The

other measure is defined on the basis of the area of ellipse

described on the recognized artery. This area is treated as

the approximation of the original lumen area. The ellipse is

characterized by the length of the major and minor axes.
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On the basis of the above discussion the following statisti-

cal descriptors for numerical evaluation of the atherosclerotic

changes in four anatomical parts (iliac and femoral branches

and iliac and femoral common arteries) can be defined:

F1 – Mean artery lumen decrease [%],

F2 – Maximum artery lumen decrease [%],

F3 – Mean artery lumen area [mm2],

F4 – Minimum artery lumen area [mm2],

F5 – Mean lumen decrease in femoral artery [%],

F6 – Mean lumen decrease in iliac artery[%],

F7 – Mean lumen decrease related to the ellipse area in the

femoral artery [%],

F8 – Mean lumen decrease related to the ellipse area in the

iliac artery [%],

F9 – The percentage of the plaque participation in the MSCT

image sequence.

They represent the most interesting measures from the

medical point of view useful for finding points in arteries,

crucial from the surgical point of view. All these parameters

can be determined only by the computerized system, since it

is practically impossible to do it manually by an expert. In

the final investigations of the atherosclerotic plaques we have

used the whole data base of 121 patients selected by medical

experts.

In the first case we limit the presentation of detailed nu-

merical results concerning these measures to the MSCT se-

quences of only 10 randomly selected patients, as presented

in Table 2, in which the notation R refers to the right and L

to the left artery.

Table 2

The collected quantitative evaluation of the atherosclerosis for the set

of 10 patients (2689 images)

No
of

patient
Artery F1 F2 F3 F4 F5 F6 F7 F8 F9

1
R 12.1 32.4 130.5 27.1 9.3 22.6 11.1 27.5 79.1

L 10.3 31.4 129.7 10.6 7.9 22.5 10.6 38.0 72.0

2
R 0.2 10.2 70.4 35.1 0.0 0.4 1.7 8.7 3.1

L 0.0 4.5 66.2 24.7 0.1 0.0 2.7 1.4 1.7

3
R 3.0 25.7 48.1 25.8 0.1 17.3 1.8 24.0 20.7

L 0.7 18.1 49.4 20.3 0.0 4.5 1.5 9.5 8.1

4
R 8.4 33.8 172.8 69.6 6.8 11.1 8.8 14.8 67.1

L 9.3 45.1 143.1 73.2 8.5 20.7 10.7 27.9 41.8

5
R 1.4 23.8 49.0 12.1 1.4 1.3 4.3 5.2 19.1

L 1.5 25.3 56.7 15.2 0.5 3.8 4.0 8.5 19.8

6
R 9.0 35.4 163.4 62.1 8.0 10.3 10.6 14.7 70.9

L 11.0 47.2 136.7 70.4 9.7 21.1 11.7 26.7 47.5

7
R 10.5 58.9 79.0 23.1 11.6 8.4 21.0 12.2 78.2

L 5.2 28.4 79.6 31.9 4.2 9.3 7.8 13.1 54.4

8
R 16.9 76.0 97.0 26.1 11.0 36.2 13.8 45.2 68.9

L 12.5 69.0 110.4 16.7 8.1 11.0 11.0 35.8 81.9

9
R 4.6 24.7 106.6 35.4 1.3 9.7 3.4 11.5 51.5

L 3.4 29.7 75.7 19.1 1.2 8.8 3.4 11.4 40.3

10
R 13.3 31.6 123.1 44.0 14.5 8.3 18.9 11.5 94.7

L 9.3 25.8 138.7 34.6 10.0 6.7 13.0 16.4 93.0

Mean 7.1 33.9 101.3 33.9 5.7 11.7 8.6 18.2 50.7

It is a general opinion, that the ellipse approximation of

the artery plane is more restrictive than the real area of artery.

It has been confirmed by the numerical results concerning

the values of F7 and F8 measures. As a result of introducing

the ellipse approximation, the average artery lumen decrease

measure has changed from 5.7% (F5) to 8.6% (F7) for the

iliac and from 11.7% (F6) to 18.2% (F8) for the femoral

artery.

The next results concerning the statistics of the left and

right arteries parameters (from F1 to F9) have been estab-

lished for all 121 patients considered in the experiments. They

are presented in Table 3 in the form of mean values and stan-

dard deviations as well as the ranges of their changes within

this group of patients. The results show that these measures

are varied in a very wide range for different patients, according

to the advancement of the atherosclerotic changes. However,

we have not observed the significant differences correspond-

ing to the left and right arteries. The specific results com-

paring the clinical evaluation of the atherosclerotic changes

obtained by using our system will be presented in the other,

more clinically oriented paper.

Table 3

The summary of the quantitative automatic evaluation of the arteries for all

121 patients (∼270 images per patient)

Right artery Left artery

mean±std range mean±std range

F1 6.44±6.69 0–27.6 6.28±7.12 0–34.9

F2 33.34±22.52 2.2–98.4 33.32±21.15 0–94.8

F3 87.14±41.72 22.5–201.4 82.33±42.49 23.4–207.0

F4 25.76±13.11 1.0–69.6 26.18±15.35 2.6–73.2

F5 4.90±6.46 0–35.1 4.66±6.24 0–37.9

F6 11.10±11.20 0–47.4 10.74±11.31 0–60.4

F7 8.67±8.10 1.0–48.6 8.10±7.16 0.3–39.1

F8 16.18±13.33 0.4–70.6 16.06±13.86 0.5–81.0

F9 42.70±26.34 1.3–99.6 41.56±26.61 0–99.3

4. Conclusions

The paper has presented and compared different approaches

to the image segmentation by using thresholding. We have

compared such methods as BCV, GMM, clustering approach

and application of polynomial and MLP approximations of

the sorted pixel intensities. On the basis of many numerical

experiments concerning segmentation of the iliac and femoral

artery areas in the images of the MSCT slice sequences we

have found that MLP approximation and GMM provide the

most accurate and repeatable results of recognition between

lumen and atherosclerotic plaque regions. The results of such

recognition are applied in the numerical parameterization of

the atherosclerotic changes and the paper presents some cho-

sen results of such analysis.

The approach presented in the paper may be applied to in

vivo MSCT image sequence of the femoral and iliac artery

vessels to identify and estimate artery atherosclerosis plaque

burden and its feature parameterization. The segmented im-

ages can be used in major vessels to evaluate the risk of
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atherosclerosis. The results of our investigations may be al-

so helpful for medical experts in solving many problems of

vascular MSCT imaging such as: isolation of plaques from

the lumen region or multiple lesions in the artery, percentage

occlusion or narrowing of lumen in vascular segment as well

as localization of the occlusion in the artery.
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