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A B S T R A C T

Segmentation of the arterial wall boundaries from intravascular ultrasound images is an important image
processing task in order to quantify arterial wall characteristics such as shape, area, thickness and eccentricity.
Since manual segmentation of these boundaries is a laborious and time consuming procedure, many researchers
attempted to develop (semi-) automatic segmentation techniques as a powerful tool for educational and clinical
purposes in the past but as yet there is no any clinically approved method in the market. This paper presents a
deterministic-statistical strategy for automatic media-adventitia border detection by a fourfold algorithm. First,
a smoothed initial contour is extracted based on the classification in the sparse representation framework which
is combined with the dynamic directional convolution vector field. Next, an active contour model is utilized for
the propagation of the initial contour toward the interested borders. Finally, the extracted contour is refined in
the leakage, side branch openings and calcification regions based on the image texture patterns. The
performance of the proposed algorithm is evaluated by comparing the results to those manually traced borders
by an expert on 312 different IVUS images obtained from four different patients. The statistical analysis of the
results demonstrates the efficiency of the proposed method in the media-adventitia border detection with
enough consistency in the leakage and calcification regions.

1. Introduction

Intravascular ultrasound (IVUS) is a relatively new diagnostic
imaging technique introduced as a complementary modality to the
angiography. It can capture high resolution cross sectional images of
the coronary arteries by using a miniaturized ultrasound probe [1].
Consequently, it can provide a qualitative assessment of the vessels
walls as well as information about atherosclerotic lesions, plaque size
and shape. The quality of the recorded images is affected by various
artifacts such as speckle noise, acoustic shadow caused by catheter
guide wire, ring-down artifact, discontinuity at 0° in the Cartesian
domain, reverberation and non-uniform rotation distortion [2]. Typical
captured images are consisted of lumen region, vessel's walls including
media and intima layers, and adventitia region around the vessel's wall.
These regions are separated by two contours: the inner border known
as the lumen-wall interface and the outer border as the boundary
between adventitia and media [3]. Detection of coronary arterial wall
boundaries by extracting the media-adventitia contour and the lumen
contour is the first step to quantify the wall characteristics such as
shape, area, thickness and eccentricity. Hence, the IVUS image

segmentation is a challenging task in the computer based IVUS image
analysis. Manual segmentation of a sequence of IVUS images is a
laborious and time consuming procedure due to the large number of
captured images. It is also subject to large inter observer and intra
observer variations. Therefore, this fact motivated us to develop and
extend automatic segmentation techniques for arterial structure ex-
traction. This can provide us a powerful tool for education, research
and clinical purposes [4].

Numerous approaches such as probabilistic based methods, graph-
searching and deformable based models have been used for (semi-)
automatic IVUS image segmentation purpose in the past [5]. Gil and
his co-workers considered a probabilistic ellipse template to model the
shape of the arterial inner wall. The resulting initial model is then
refined based on the minimization of a cost function that can
discriminate different textures and regions within the images. Their
results showed some failures due to the initialization process of the
ellipse model. They concluded that the segmentation process can have
degenerating results even in the soft plaque. They have also reported
that the ellipse model adapts to the stent in the severe stenosis cases
due to utilizing the special threshold detection method [6]. An
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optimization framework which was based on a maximum a posteriori
estimation of the gray level variance of the image regions was proposed
by Hass et al. [7]. In this paper, the Rayleigh distribution for speckle
noise estimation and the blood flow information were used for initial
segmentation. The algorithm was a fully automated segmentation
process for 3D IVUS images with possibility of user-controlled
modifications. Also, the segmentation process was independent of the
total image brightness and the catheter position. Although their results
showed the effectiveness of their method, but there was not any
evaluation of the performance of the method in the presence of
significant calcifications and shadow disorders [7].

In the graph-search framework, a segmentation algorithm utilizing
the image intensity patterns was proposed by Sonka et al. [8]. They
showed that the proposed framework is also effective in low quality
images where the local edge gradients are not adequate for border
detection. They utilized various statistical models as the prior informa-
tion in the graph estimation process, but the incorporated knowledge in
the border extraction method was not appropriate in all images. Also
some assumptions in their segmentation process, like media thinness,
are not valid in the advance atherosclerosis cases. Sun et al. [9]
proposed a new method based on the layered optimal graph segmenta-
tion approach according to the multiple objects and surfaces approach
(LOGISMOS). In this method, lumen centerline was first extracted in
order to transform the segmentation task into an optimization problem
in the LOGISMOS-family graph based framework. Moreover, the
expert can modify the segmentation results where his information is
used to correct the previously calculated cost function and to re-
optimize the graph. Since the segmentation process generally considers
the basic shapes for vessels, it fails in local variation. Also, the
refinement process is limited by the hard shape and smoothness
constraints of the graph structure. Hence, degenerated results may
occur in special cases. In another research, Takagi et al. combined the
regional features and the intensity distribution in the radial direction to
create a cost function for the graph-based segmentation. Although their
results for ordinary IVUS images were satisfactory, however, they did
not evaluate the performance of the method in the presence of heavy
calcifications, shadow patterns and stent existence [10]. Since the
lumen and the media-adventitia borders can be defined by the closed
contours, deformable models can play a significant role in the IVUS
image segmentation [5]. Bovenkamp et al. was developed a novel
multi-agent image interpretation system. An active contour model was
propagated and refined according to the contextual knowledge. This
knowledge-based approach embedded shadow and side branch infor-
mation plus the calcification texture properties in a high level
segmentation system [11]. In their work the shadow regions larger
than 90° were not considered. Taki et al. [12] utilized both the
parametric and the geometric active contour models for the IVUS
images segmentation. They also recognized the calcified regions by
utilizing a Bayesian classifier but it was not evaluated for images with
shadow and calcification regions. A drawback of their method is that
the initialization process for media- adventitia border may fail in the
presence of disorders. A similar model that the contour was propagated
by a balloon force in the radial direction from the catheter origin was
proposed in [13]. The contour initialization was performed based on
the analysis of morphologic characteristics of IVUS images for each
frame. Utilizing the automatically and dynamically deformation prop-
erty of active contour model could produce better segmentation results.
In another research, the similarity property of the sequential frames
was accommodated in the active contour models in [14]. This method
utilized the connectivity and the relation of the frames for the
segmentation of entire sequential frames, simultaneously. Initial con-
tours were defined on the first and the last slices, as well as several
intermediate slices. No discussion was made about the low quality
images with shadow or calcified regions. Zhu et al. [1] was introduced a
new active contour model based on the gradient vector flow (GVF)
field. They reduced critical points of the contour, performed a non-

linear filtering method on the GVF field and utilized a balloon snake in
their proposed model. They reported that their method could overcome
on the problem of local convergence in the evolution process, but the
accuracy of their method was affected in the presence of severe
artifacts. In their technique the shape of the vessels can affect the
performance of the segmentation process. Also, it may fail in the case of
poor quality images, especially leakages can happen in regions with
branches or veins. Other researches for the IVUS image segmentation
based on the active contour framework can be found in [15–17].

Destrempes et al. [18] introduced a new 2D fast marching method
(FMM) for IVUS image segmentation of the coronary arteries. The
basic FMM speed function was developed based on the regional
information and gradient based contour features of IVUS images.
Probability distribution function of each region was estimated on each
frame based on the manual extracted initial contour. Their evaluation
included problematic conditions such as the presence of calcifications,
branches and stents. Their method is robust in the presence of various
artifacts, but the manual initialization of the algorithm is tedious and
time-consuming. Gao et al. [19] was proposed an automatic framework
for lumen and media- adventitia borders detection in IVUS images. It
was based on region-growing and an unsupervised clustering algo-
rithm. After contour extraction, a refinement algorithm was used
according to the curvature of the contours and the gray scale values.
Also, the mathematical morphological (opening and closing) operators
were utilized to improve the results of the final segmentation. Their
method could work on IVUS images with only soft plaques and small
calcifications. L. Lo Vercio et al. [20] was also evaluated the influence of
different textural, gradient and morphological descriptors in IVUS
image segmentation process. After image filtering and edge enhance-
ment process, many features were extracted which were then go under
a sequential forward selection method which then finally feed into a
SVM classifier.

In this paper, we propose a deterministic-statistical strategy for
automatic media-adventitia border extraction which is a fourfold
algorithm. The proposed algorithm is consisted of the preprocessing
phase, automatic initial contour detection phase, active contour
segmentation phase, and refinement contouring phase. In the first
step, we label IVUS image pixels in the sparse representation based
classification framework utilizing the local appearance model [21].
Then, a sparse edge pattern based on the dynamic directional
convolution vector field (DDCVF) [22] is constructed from the filtered
image. Finally, the interested binary image is obtained by multiplying
of the two resulting images for initial contour detection. In the second
step, the initial contour is extracted in Cartesian coordinate, smoothed
by a robust smoothing algorithm [23], and refined in without shadow
calcification regions. As the third step, the dynamic directional vector
field convolution active contour model [24] is used to segment the
original IVUS image. Finally in the last step, the extracted media-
adventitia border is refined in the leakage and the calcification regions
according to the image texture patterns. The efficiency of the proposed
high level segmentation algorithm is evaluated by comparing the
resulting borders to those manually traced borders by an expert for
the 312 different IVUS images collected from four patients. The
statistical analysis of the results demonstrated the effectiveness of the
proposed method in the media-adventitia border detection with
enough consistency in the shadow and calcification regions.

The rest of the paper is organized as follows. In continue, Sections
2–4 describe the general strategy, the development frameworks, and
the methods and materials of the proposed algorithm in details
respectively. Results and discussions are presented in Section 5.
Finally, Section 6 concludes the paper.

2. General strategy

The proposed algorithm for media-adventitia border extraction in
this work includes four main steps of: Preprocessing, Automatic initial
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contour detection, Active contour segmentation and finally Refinement
of the extracted contours. In the first step, a sparse binary image is built
to be used for contour initialization in the second step. Next, the
extracted initial contour is refined in those calcification regions where
no any shadow is. Then, a dynamic directional vector field convolution
active contour model is used for automatic image segmentation in the
polar coordinate, as the third step. Finally contour refinement is
accomplished by identification of the major calcifications and shadow
regions, which lead us to the media-adventitia border extraction. In
continue, these steps are explained in more details.

2.1. Preprocessing

1. Label the input IVUS image based on the sparse representation
classification utilizing the local appearance model.

2. Sparse edge pattern construction and external force definition based
on the dynamic directional convolution vector field on the filtered
image.

3. Convert the initial binary image obtained by multiplying the two
archived images (of steps 1 and 2) to the Cartesian coordinate.

2.2. Automatic initial contour detection

1. Extract the initial contour from the initial binary image in the
preprocessing step.

2. Smooth the initial contour by the robust smoothing algorithm.
3. Refine and re-smooth the initial contour in calcifications without

shadow regions.

2.3. Active contour segmentation technique

1. Convert the initial contour to the polar coordinate.
2. Segment the original image by the dynamic directional vector field

convolution active contour model utilizing the achieved initial
contour.

2.4. Refinement of the resulted contour

1. Detect the major calcification and shadow regions.
2. Convert extracted contour to Cartesian coordinate.
3. Pruning process for elimination of the miss-diagnostic pixels as

calcifications.
4. Refine the contour in the detected calcification and shadow regions.
5. Convert the final contour to the polar coordinate.

Before describing the proposed segmentation algorithm, we have a
brief review on the image processing frameworks utilizing in the
algorithm development process.

3. An overview on the development frameworks of the
proposed segmentation process

3.1. Sparse representation framework

The sparse representation framework has recently received a great
deal of attention to solve various problems in the signal and image
processing fields and computer vision [25–27]. Intensive investigations
about motivations, challenges and application of the dictionary learn-
ing algorithms in the sparse representation framework were performed
in [21]. In continue the most important issues about this framework
are discussed.

3.1.1. Sparse coding
A dictionary is formed from k atoms that are collected as n-

dimensional column vectors in a matrix D d d d R=[ , ,…, ]∈k
n k

1 2
× . When

k n( > ), these atoms, d{ }i i
k
=1, are utilized as the over-complete basis

for signal reconstruction. In order to approximate the signal x R∈ n

based on the linear combination of the dictionary atoms in the sparse
representation framework, we have:

α c subjecttox D α= arg min = . .
α

0
(1)

where α R∈ n is known as the sparse code of the signal x. α 0 is the l0
norm of the coefficient α [28].

This problem is NP-hard and the approximated solution can be
achieved by several pursuit algorithms, including the matching pursuit
algorithm (MP) [29] and the orthogonal matching pursuit algorithm
(OMP) [30].

3.1.2. Reconstructive dictionary learning
The aim of dictionary learning algorithms is to obtain the optimum

sparse approximation for a set of m training signals x{ }i i
m
=1 by calculat-

ing the best reconstructive dictionary D R∈ n k× . During the dictionary
learning process, the reconstructive dictionary and the sparse codes are
simultaneously computed according to the optimization problem
formulated as:

D A X D A α L i{ , } = arg min − . ∋ < ∀ .
D A

F i
,

2
0

(2)

Training samples x{ }i i
m
=1and sparse codes α R{ } ∈i i

m k
=1 are arranged as

column vectors in the matrixes X x x x R=[ , , … ∈ ]m
n m

1 2
× and

A α α α R=[ , , … ∈ ]m
k m

1 2
× , respectively. L is the sparsity constraint. The

maximum number of the utilized atoms in the sparse decomposition
process of each training sample is bounded by this constrain [28].

To solve the optimization problem several dictionary learning
algorithms, including the Method of Optimal Directions (MOD) [31]
and (K-SVD) [32] were introduced.

3.1.3. Classification based on sparse representation
In order to have a classification based on the sparse representation

framework, we assume a set of l learned dictionaries, D R{ } ∈i i
l n k
=1

× to
use for sparse approximation of a set of signals x R{ } ∈j j

n n
=1
i from class i.

Now, to classify a test sample signal x R∈ n, the following equation can
be utilized:

r x D x D α λ α i l( , ) = arg min[ − . + . ]; =1, …., .i i
α

i 2
2

0
(3)

where r x D( , )i i is the residual value of the test signal approximation
over the i-th dictionary. This equation is a transformation, T R R: →n l,
that can map the desired test signal x R∈ n into the residual vector
r r r r R=[ , , … ∈ ]l

l
1 2 by applying the matching pursuit algorithms. Finally,

the minimization rule is applied to assign a label to the test signal
[33,34]:

label r x D= arg min ( , ).
i l

i i
=1,…., (4)

3.2. Dynamic directional gradient vector field (DDCVF)

Due to the unknown location of the snake before initialization
process, a dynamic directional field should be utilized for the external
force construction in the level set segmentation framework [22,35]. To
create this field, a directional edge map is utilized. Hence after
smoothing the original image with a 2d-Gaussian filter, the positive
boundary is defined:

fd x y max gr x y fd x y min gr x y( , ) = ( ( , ),0); ( , ) = − ( ( , ),0).xory xory xory xory( )
+

( ) ( )
−

( )

(5)

and a negative boundary

fd x y min gr x y fd x y max gr x y( , ) = − ( ( , ),0); ( , ) = ( ( , ),0).xory xory xory xory( )
+

( ) ( )
−

( )

(6)

where gr x y( , )x or y( ) are gradients of the smoothed image in the xand
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ydirections. Also, fd x y( , )x or y( )
+ and fd x y( , )x or y( )

− are defined as the
directional edge gradients in x y± and± respectively. Consequently, the
directional edge map is defined as [22]:

fd x y fd x y fd x y fd x y fd x y( , ) = [ ( , ), ( , ), ( , ), ( , )]x x y y
+ − + −

(7)

Now, we utilize this directional edge map to build the DDCVF field.
This field has almost robustness to initialization and disturbance with
the large capture range. It is calculated by the convolution operation
between a special kernel and the directional edge map:

u x y fd x y uc x y u x y fd x y uc x y( , ) = ( , )* ( , ) and ( , ) = ( , )* ( , ).x k x k
+ + − − (8)

v x y fd x y vc x y v x y fd x y vc x y( , ) = ( , )* ( , ) and ( , ) = ( , )* ( , ).y k y k
+ + − −

(9)

where u x y u x y v x y v x y[ ( , ), ( , ), ( , ) , ( , )]+ − + − are the components of the
dynamic direction vector field in the x± and y± respectively. Also,
Kl x y uc x y vc x y( , ) = ( ( , ), ( , ))k k is a vector field kernel so that uc x y( , )k

and vc x y( , )k are its horizontal and vertical components defined as:

⎡
⎣⎢

⎤
⎦⎥

kl x y mk x y r ε nl x y
x
r

y
r

( , ) = mk(x, y)nl(x, y)with ( , ) = ( + ) and ( , )

= − ,− .

γ−

(10)

where mk(x, y) is the magnitude of the vector filed kernel at position
(x, y) and nl(x, y) is the unit vector that is pointing to the vector filed
kernel origin. The parameter ε is a small positive value to avoiding
division to zero at the origin (0, 0). Also, the positive parameter γ can
control the decreasing slope of the kernel. r x y= +2 2 is the distance
of each point from the origin [22].

Finally to the external force construction, suppose α as the contour
normal direction at a special pixel. Since cosα is the x direction
component of the normal vector and sinα is the y direction compo-
nent. Now by utilizing Eqs. (8) and (9), the horizontal and the vertical
external force components, F F F=[ , ]ext x y , are defined as [22]:

F u x y cosα u x y min cosα= ( , )* max( , 0) − ( , )* ( , 0).x
+ − (11)

F v x y sinα v x y min sinα= ( , )* max( , 0) − ( , )* ( , 0).y
+ − (12)

3.3. The robust smoothing algorithm

To smooth the extracted media-adventitia contour, the robust
smoothing algorithm is utilized. This fast algorithm is based on a
robust version of a discretized smoothing spline method that deals with
the missing and outlying data. Considering the simplest one-dimen-
sional model for the noisy signal x :

x x ε= ˆ+ . (13)

where x̂ is the estimated smoothed version of x and the parameter ε is

defined as a mean zero Gaussian noise with an unknown variance.
Now, the classical smoothing approach based on utilizing a penalized
least squares regression is applied to solve the smoothing problem of
Eq. (13). Therefore, the final minimization problem is formulated as
below [23]:

F x x x sP x( ˆ) = ˆ − + ( ˆ).2 (14)

where ⋅ is the Euclidean norm symbol. In addition, the roughness of
the smoothed data is reflected by the penalty term P (.). The positive
scalar parameter s can control the degree of smoothing process.

By expressing the penalty term as a second-order divided difference
of desired signal x̂ [23], the minimization problem of Eq. (14) is
converted into a linear equation system that is solved by the Cholesky
decomposition algorithm. Also for automatic estimation of the smooth-
ing parameter, s, the generalized cross-validation (GCV) method [36] is
utilized.

4. Methods and materials

4.1. Preprocessing

Before the initial contour extraction, we need an initial binary
image. To create this special image, we first build two sparse images
named sparse edge pattern and sparse segmented image. Then, the
initial binary image is achieved by multiplying of the two obtained
images. This strategy will be resulted in a more accurate initial contour
detection in the local minima regions like non homogeneities in the
media-intima regions and the no shadow calcification regions.

4.1.1. Sparse edge pattern construction
To build the sparse edge pattern, we utilize the concept of the

directional edge map. The negative boundary edge map in Eq. (6) is
utilized to create external force in Eqs. (11) and (12). Now, the sparse
edge pattern, S, is defined as:

S F N F N that N
gr x y
Normg

N
gr x y
Normg

= × + × =
( , )

, =
( , )

.x x y y x
x

x
y

(15)

where gr x y( , )x( ) and gr x y( , )y( ) are gradients of the smoothed image in

the x and ydirections respectively. Also, Normg gr gr= +x y
2 2 . The

sparse edge map obtained based on the DDCVF field is shown in Fig. 1.

4.1.2. Sparse segmented image construction
To build the sparse segmented image, we consider the media-

adventitia border detection problem as a patch based classification
problem. The local image appearance model is utilized for feature
vector extraction. Each patch is classified based on two classes of high

Fig. 1. Left to Right: an original IVUS image, the sparse edge map and its corresponding sparse segmented image based on sparse representation.
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level gray value pixels (calcification and normal adventitia textures) or
the low level ones (lumen and media textures). Hence, we first describe
the local image appearance model. Then the classification process
based on the sparse representation framework will be explained.

4.1.2.1. Local image appearance model. To feature vector extraction,
the concept of the local image appearance model is utilized. As
mentioned before, the intensity of IVUS images suffers from some
inherent characteristics such as speckle, attenuation, shadows,
calcification and signal dropout due to the acquisition orientation
dependency. These characteristics can make degeneracy results in all
segmentation algorithms based on gray level value. But, a local image
such as a patch that is centered at a spatial point can provide more
reliable and significant local appearance information. Consequently, a
classical feature vector based on local gray value information can be a
powerful tool for classification in the sparse representation framework.
Extracted features have enough information about intraclass differency
and interclass coherency of the region of interest. Accordingly,
classification task is enhanced by the extracted feature vector instead
of utilizing only the gray value of the pixels. Since media, adventitia and
other tissues have special local appearance differences in IVUS images-
media is seen as a thin black line while adventitia has high echogenicity
features and bright appearance [1] – a feature vector based on the pixel
intensity is created. This feature vector, f R∈i

N , that can describe
characteristics of a pixel in location si is made by N entries, including:

1) the gray level values of a n n× square neighborhood that is centered
at location si: a column vector G s( i.

2) The mean value of the neighborhood pixels: G s( )i .
3) The gray level values of a second n n× square neighborhood

centered at location si extracted from a contour-enhanced version
of the original images: a column vector CG s( )i .

Hence the feature vector for each pixel is consisted of:

f G s G s CG s= [ ( ) , ( ), ( ) ] .i i
t

i i
t t (16)

4.1.2.2. Patch based image classification in the sparse representation
framework. As mentioned beforehand to build the sparse segmented
image, we consider the media-adventitia border detection problem as a
patch based classification problem. In this framework, an image is
divided into the overlapped patches. Then each patch is classified based
on two classes of high level gray value pixels (calcification and normal
adventitia textures) or the low level ones (lumen and media textures).

Accordingly, the initial overlap patches are first randomly chosen from
the mentioned regions. The size of each patch is [3,3]. Then the feature
vector is extracted from each patch based on Eq. (16). Now, two initial
dictionary versions of the image patches are trained by the K-SVD
method [30] in Eq. (2). Finally, IVUS image segmentation is performed
as a patch-by-patch classification procedure based on the two sets of
trained dictionaries. Consequently, each test IVUS image is segmented
by (1) extraction of the feature vector,x, from each patch per pixel by
Eq. (16), (2) transformation of the extracted feature vector to the
residual vector r by Eq. (3), and (3) assignment of a label to the
considered patches, label ∈ {1,2}, by Eq. (4). Fig. 1 shows the results of
the first step segmentation of an IVUS image based on the sparse
representation framework.

4.1.3. Convert the initial binary image to the Cartesian coordinate
As mentioned beforehand, to build the initial binary image, we

multiple sparse segmented image obtained by the classification based
on sparse representation framework and sparse edge pattern achieved
by DDCVF. This strategy can make more accurate initial contour
extraction especially in the local minima regions like no shadow
calcification regions. Finally, the initial binary image is converted to
the Cartesian coordinate utilizing in automatic initial contour extrac-
tion for active contour based segmentation. Fig. 2 shows the initial
binary image and its thresholded version in the Cartesian coordinate
(with threshold equal to 150) of the corresponding image in Fig. 1.

4.2. Automatic initial contour detection

To automatic initial contour definition, its approximation is first
extracted. Then a special refinement algorithm is utilized to modify it
on the multi calcification without shadow regions.

4.2.1. Extract an approximated initial contour
To extract the initial contour in the Cartesian coordinate, all pixels

are investigated from the top of the initial binary image. The first non
zero pixel of each column are chosen as a candidate for the initial
contour pixels. If no any pixel is found for a column, the chosen pixel of
its neighborhood is repeated. Then, the resulting contour is smoothed
by the robust smoothing algorithm [23]. For smoothing, we utilize the
Algorithm 1.

Algorithm 1.

1. Automatic estimation of the smoothing parameter s.
2. Refining the estimated parameter: searching for a robust smoothing

Fig. 2. Initial binary image and its conversion in the Cartesian coordinate.
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algorithm, we found out that if the parameter s is set to a value less
than 0.1, then adding a bias value can produce a fine contour.
Therefore the value for parameter s is set to 0.1 which is multiplied
by 104, for a better smoothing in this application.

3. Finally, the robust smoothing algorithm [23] is applied to obtain the
smoothed approximated initial contour.
Fig. 3 shows the smoothed initial contour of the corresponding

image in Fig. 1.

4.2.2. Refine the approximated initial contour
The contour propagation based on the active contour segmentation

method can fail in images with high level inhomogeneities in the
media-intima region and in the non shadow calcification regions.
Hence refinement of obtained contour is so essential in the mentioned
regions. Since the corresponded regions exist before the real media-
adventitia border, the maxima parts of the obtained contour can be
represented their location. Accordingly, Algorithm 2 is proposed to
initial contour refinement.

Algorithm 2.

1. Detect the critical points/pieces of the initial contour: Gradient of
the initial contour in the x direction is zero (Fig. 4(a) – red squares).

2. Select the maxima of the detected pieces: Before the start of the
maxima parts, the x direction gradient is negative (before first zero
value) named h1 and after the end of one (after the last zero value)
the x direction is positive, h2. Fig. 4(b) shows the selected two parts
of the initial contour as the maxima parts.

3. Find the start and the end of the candida regions needing correction
around the maxima regions: The first pixels with the opposite x
directions gradient to the start and the end of the detected maxima
parts, h1 and h2 respectively, are chosen as the interested pixels
named j1 and j2. Fig. 4(c) shows these interested pixels. To avoid
extreme missing in the media-adventitia parts detected as the
maxima parts, seeking of the interested pixels is limited to start
and end pixels shown in Fig. 4(d).

start h confidence end h confidence= 1 − , = 2 + .value value (17)

confidence = 0.2 ratio of the initial contour perimeter.value (18)

If no start and end pixels found, the start and the end pixels of the
initial contour are utilized instead.

Now, if j1 is located between h1 and start points, it will be chosen
for the start point of the search interval in the next step, otherwise
the start point will be used. Also if j2 is located between h2 and the
end points, it will be selected as the end point of the search interval,
otherwise the end point is utilized. Fig. 4(e) and (f) show the start and
the end points of the search intervals for each maxima part extracted
in step 2 of the Algorithm 2, which are named sp and ep respectively.

4. Find the candida interval in the y direction: The maximum interval

below the elected maxima parts are extracted from the obtained
initial binary image in Section 4.1.3. For implementation, we have
two main searches from the mean pixel between h1 and h2 named h
to sp and ep pixels, named int1 and int2 respectively as shown in
Fig. 4(g). In each main search, we count the number of zero gray
value pixels of each row below the pixel h and above sp or ep pixels. If
reaching to the no zero value in the initial binary image before sp or
ep pixel, counting is stopped for each row. Finally, the rows with the
maximum number of the zero value pixels are chosen and named i1
and i2 as shown in Fig. 4(h), green lines.

5. Eliminate the not correct part of the initial contour: The pixels of the
initial contour in the interval [sp, ep] are removed.

6. Refinement the initial contour in the deleted regions: For each main
search in part 4, we start an investigation in the y direction. The first
no zero pixel in the initial binary image between i1 row and sppixel
and i2 row and eppixel in are considered as the new pixels of the
initial counter, respectively.

7. Smoothing the corrected initial contour: The same smoothing
method like the Algorithm 1 is used for the contour smoothness.
Due to the multi calcifications IVUS images, we utilize two times of

the Algorithm 2 to achieve the final version for the initial contour
shown in Fig. 4(j). This tact can present appropriate results in
inhomogeneities of the media-intima region and also in not shadow
calcification regions. We can see the final initial contour in polar and
Cartesian coordinates in Fig. 3.

4.3. Active contour segmentation technique

For the media-adventitia segmentation and contour propagation,
the active contour model introduced in [35,37,38] is utilized. The
converted version of the final initial contour in the Cartesian coordinate
is considered as the initial contour for active contour propagation
shown in Fig. 3. Also, the DDCVF field is utilized as the external force
in the active contour model. Utilizing dynamic directional field is
indispensable due to the subject that not all parts of the initial contour
may fall exactly inside the media-intima regions; ones may be in the
adventitia region. Fig. 3 shows active contour segmentation results for
the corresponding image in Fig. 1.

4.4. Refinement contour

In the active contour segmentation results based on the DDCVF, we
can find leakage on shadow regions, and false border in the extreme
calcified regions in some IVUS images. Hence, we refine the segmenta-
tion results in the mentioned regions according to the Algorithm 3. In
this process, we utilize the binary image extracted by the classification
in the sparse representation framework in the Cartesian coordinate
instead on the sparse edge map duo to the exact extraction of the
calcification regions based on Algorithm 3.

Fig. 3. Left to right: the initial contour before refinement; the final initial contour in the Cartesian coordinates; final initial contour converted into the polar coordinate; and the
segmented image by active contour model.
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Algorithm 3.

1. Cut the original image: Since the calcification detection based on
thresholding algorithms in the original image can make mistakes a
lot in our image database, we utilized the cutoff version of the
original image. Therefore, the image is cut by finding the first pixels
belong to the obtained contour in x± and y± directions as shown
in Fig. 5.

2. Calculate pixels characterized as the calcifications: Whereas the
calcification regions have the bright pattern in the IVUS images, we
can extract these interested regions based on the threshold algo-
rithms. So, the pixels with the maximum and the minimum gray
value of the cutoff version of the original image is calculated,
named maxiumgray and minimumgray, respectively. Then an automated
threshold is defined as:

ratio
minium
maxium

Thresh ratio= ; = (1 − ) − 0. 2.value
gray

gray
value

(19)

The obtained threshold can recognize the calcification regions well,

but other high gray value pixels not calcified are also detected by the
extracted threshold. The candida pixels can be seen in Fig. 5 for an
IVUS image.

3. Calculate circle regions utilizing in the pruning process: To extract
the only calcified regions from the candida pixels obtained in step
2, we defined three regions. First, we consider a circular shape
model for vessels. Then, the center, the minimum radius, the
maximum radius and the mean radius of the extracted contour in
Section 4.3 are calculated by following equations:

Center mean s i m radius S Center= ( ) , = 1, … , = − .i i 2
2

(20)

radius radius radius min radiusmax _ = max ( ), min _ = ( ).
(21)

mean radius mean radius radius_ = (max _ , (min _ ). (22)

where si is ith pixel location; m is the count of pixels constructing
the contour. Also, . 2 is the Euclidean norm symbol.

Fig. 4. Different steps of Algorithm 2 (refer to text). (For interpretation of the references to color in this figure, the reader is referred to the web version of this article).
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Finally, three mentioned circular regions are defined. The center
calculated in Eq. (20) is utilized as their centers. The radius of the
first circle is considered as the mean _radius named circle .mean For the
second circle, the _radiusmax is utilized named circle .max The third
circle with radius equal to _radius1. 5 × max is named circle .great
The defined regions are shown in Fig. 6.

4. Convert to the Cartesian coordinate: As the pruning process can
easily implement in the Cartesian coordinate, the extracted contour
and all circular regions are converted into this domain as shown in
Fig. 6.

5. Pruning process based on the location: As mentioned beforehand,
all major calcification textures in the media region can make
mistakes in border detection. Accordingly, we developed a twofold
pruning process based on the location. In the first step, all candida
calcified pixels in the adventitia region means under the circlemax
were deleted. as shown in Fig. 7. For the second step, we define the
maximum width of a calcification according to the subject that the
calcification regions are created in the media- intima regions, not
lumen. We have:

width radiusmax _ = max _ /2. (23)

Then, we extract the first non zero pixels of each column of the
initial binary contour from the end to the top named _pixelend . This
concept is shown in Fig. 7. Now, each candida pixel with the
distance more than _widthmax from its corresponding _pixelend in
the y direction is deleted, because of having a width more than the
reasonable defined _widthmax in Eq. (23). Fig. 8 is shown the
remained pixels.

6. Pruning process based on shadow existence: The major calcifica-
tion regions are followed with shadow in below. This shadow is
characterized with zero value pixels in the extracted initial binary
image. Therefore, we calculate the median value under each
reminded pixel from the three defined circle regions. If any of
three median values not to be zero, the candida calcified pixel is
also eliminated. Fig. 7 is shown the remained candida pixels.

7. Detect the maximum interval around the detected calcified pixels:
A similar strategy like Algorithm 2. Step 4 is utilized. We find the
maximum interval below the candida pixels with zero gray value.

Fig. 5. Left image: The cutoff original image segmented by active contour model, Right image: the calcification candid pixels extracted based on the Algorithm 3, part 2. (For
interpretation of the references to color in this figure, the reader is referred to the web version of this article).

Fig. 6. The defined circular region in the polar and the Cartesian coordinates. The red contour is the boundary extracted by the active contour model. The cyan circle is the circlemean. The

yellow circle is the circlemax . The green circle is the circle .great The blue pixels is according to the calcified candid pixel in Fig. 5. (For interpretation of the references to color in this figure

legend, the reader is referred to the web version of this article).
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Fig. 7. Left to right: The remained calcified candid pixels above the circlemax, The remained calcified candid pixels based on Eq. (24), The remained calcified candid pixels based on

algorithm 3. Part 6 as the final extracted calcification regions.

Fig. 8. Extracted media-adventitia border in the Cartesian and the polar coordinates by the proposed segmentation system.

Fig. 9. Different IVUS image segmentation, the media-adventitia border, yellow contour obtained manually by the expert. The red one obtained automatically by the proposed
segmentation system. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article).
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For implementation, we have two searches for each row from the
candida calcified pixel to its corresponding circlemax pixel. For each
row, zero value pixels are counted in x± directions. If reaching to a
no zero value in the initial binary image, or a pixel belongs to the
initial contour, counting is stopped. Now, we have d1 and d2
columns as the start and end of the intended interval based on the
selected rows with the maximum number of zero gray values. Now
the maximum intended interval is defined as the region between s1
and s2 so that:

extend d d

s d extend ands d extend

s s

= 2− 1
10

,

1 = 1 − 2 = 2 + ,

max _interval = [ 1, 2].

size

size size

(24)

The reason for interval extending is the subject that usually the
length of the calcification region is more than its corresponding
shadow. The extendsize is achieved by trial and error.

8. Eliminate the extracted counter by the active contour segmentation
process in the calcification regions: We eliminate the initial counter
in each max _interval calculated around each candida calcified pixel.
We can see that also all the calcification pixels not found in Fig. 7,
but the procedure introduced in step 7 can detect the eliminated
interval to refinement the contour well.

9. Refinement the contour in the deleted regions: In the deleted
regions, we utilize the pixels of the circlemax for contour refinement.
Utilizing the circlemax instead of the interpolation process [5] can
prevent missing in contour refinement due to the subject that if the
complicated patterns of the IVUS images make mistakes in the
maximum interval extraction process, degenerated results are
achieved by the interpolation process. It should be noted that the
intended process can also make mistakes in the major calcification
regions, but we do conciliation between little error in contour
refinement in the calcification below regions and degenerated

achieved results by the interpolation process.
If the first or the last column of the contour image is refined, we

have the refinement process in the not corrected last or first part of
the contour, respectively. This tact is taken because that some
classification regions are divided into the two parts in the polar
coordinate, some part in the first and the rest in the end.

10. Refinement the contour in the shadow regions: If we find any
column in the initial binary image with all zero elements from the
circlemean location to the circlegreat location, we replace the extracted
contour pixels by the pixels of the circlemax for each column.

11. Convert to the polar coordinate: The corrected contour in the
Cartesian coordinate as shown in Fig. 8 is converted into the polar
coordinate.

12. Little smoothness: To obtain the final contour, the robust smooth-
ing algorithm [23] is utilized on the corrected contour with
estimated smoothing parameter multiplied with 102 for little
smoothing. The extracted media-adventitia border is shown in
Fig. 8.

5. Results and discussion

5.1. Study group

The utilized IVUS image dataset is a sequence of IVUS images from
six different patients with ages between 32 and 68 years old. These
images were gathered from the Volcano therapeutics INC ultrasound
system; model Invision TM, IVG-EE. They were acquired by utilizing a
30-MHz transducer at a pullback speed of 0.55 m/s and a grabbing rate
of 10 frames/s. Two patient's data are utilized in the sparse representa-
tion based classification step and in the construction of our algorithm
for contour refinement. The others are used for the evaluation of the
proposed segmentation system. The number of frames in the evalua-
tion step for the utilized patient sequence is 60, 71, 76 and 105,
respectively. The size of each image is 500×500 pixels. All images are
resized to 256×256 pixel images to decrease consumed time of the
segmentation procedure. The evaluation of the proposed system
capability in the sense of media-adventitia contour extraction is
performed by comparing the achieved results to those produced
manually by the IVUS expert.

5.2. Criteria on algorithm parameter values

Most of the utilized parameters in the different steps of the
proposed segmentation algorithm are not critical and the heuristically
chosen values work with satisfactory behavior. Some details about the
parameter initialization are describe as follows: In the classification
step based on the sparse representation, the patch size is [3, 3], the
sparsity parameter, L, is set to 3, the number of the atoms utilizing as
the trained data is 100 for each region; the defined iterations in the MP
algorithm is 1000 unless reaching to the convergence in the recon-
struction process with the 0.01 error value. To build the initial binary
image, a zero mean Gaussian filter with size [7, 7] and the standard
deviation 10 is utilized to make the directional edge map. The
parameter γ as the slop decreasing controller in the DDCVF field
creation is set 2. In the active contour segmentation algorithm, the
coefficient for the curvature term is set 5 and the one for the edge map

Table 1
Achieved results for the media-adventitia contour extraction based on the mentioned statistical metrics by comparing to the gold standard.

Number Patient SI OF EF PAD HD MD

1 0.975 ± 0.007 0.967 ± 0.013 0.018 ± 0.016 2.423 ± 1.658 0.536 ± 0.068 0.071 ± 0.065
2 0.966 ± 0.011 0.959 ± 0.021 0.026 ± 0.014 2.618 ± 1.861 0.758 ± 0.065 0.122 ± 0.085
3 0.973 ± 0.015 0.969 ± 0.019 0.023 ± 0.019 2.181 ± 1.426 0.585 ± 0.068 0.095 ± 0.043

Fig. 10. The Bland-Altman plots for the area values of all IVUS images in our database
calculated 1) manually by the expert and 2) automatically by the proposed segmentation
method.
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is considered 2.7. The number of iterations is set 50 unless reaching to
the convergence in the contour propagation process with the 0.001
error value.

5.3. Statistical metrics

Several different metrics are used for performance analysis of the
proposed segmentation method. Accordingly, the Dice coefficient or
similarity index (SI), overlap fraction (OF), extra fraction (EF) [39] and
the percentage of area difference (PAD) are utilized as the region based
evaluation metrics [13]. Also, the Bland-Altman plots are utilized for
more comparing [40]. These plots are known as the scatter plots of the
difference against mean between two measurements [5,40]. In our
evaluation, the Bland-Altman plots are performed for the area measure
of the manual and automated extracted contours. Moreover, the
Hausdorff distance (HD) and the mean distance (MD) [13] are utilized
as the boundary based metrics.

5.4. Results

We present the segmentation results on the dataset with the
extreme outlier rejection process. The achieved automated results for
the several IVUS images are displayed in Fig. 9. Result comparing with
the gold standard can demonstrated the efficiency of the proposed
segmentation system for IVUS image segmentation. The results show
that the proposed algorithm has satisfactory outcomes in the calcifica-
tion and side branch opening regions.

The quantitative comparative results are summarized in Table 1 for
each patient. In particular, a Dice index value of 0. 971±0. 011, an
overlap fraction index of 0. 963 ± 0. 018, an extra fraction index of
0. 022 ± 0. 015 and a PAD measure of 2. 465 ± 1. 626 were obtained.
For the boundary based metrics, the overall Hausdorff distance was
0. 654 ± 0. 107 and the mean distance was 0. 088 + 0. 078.

The high value of Dice index, as a measure of similarity between the
expert defined contours and those automatically extracted contours,
indicates the good performance of the proposed algorithm. Also, the
high value of the OF index or the low value of EF/PAD index shows the
efficiency of the proposed algorithm in IVUS image segmentation task.

HD index is defined as the greatest distance from a point in the
manually extracted contour to the closest one in the automated
segmented contour. MD index is also considered as the mean distance
of points in manually and automatically extracted contours. The
achieved results demonstrate the high capability of the proposed
algorithm for IVUS image segmentation purposes in the sense of
distance measures.

The Bland-Altman plots are shown in Fig. 10. It can be seen that the
97% of the difference for the area values is less than two standard
deviations. Also, the mean value of the differences is relatively close to
0. Some outlier results are occurred in the very high calcification
regions not exactly detected, needing to enhance the refinement
contour step of the algorithm, but the overall results indicate the
accuracy and the consistency of the proposed segmentation method.

6. Conclusion

Vessel border detection has an important role in the IVUS image
studying and analyzing. In this paper, we presented a deterministic-
statistical strategy for automatic media-adventitia border detection in
IVUS images. We combined the classification based on the sparse
representation framework utilizing the local appearance model and the
dynamic directional convolution vector field to build a sparse edge
pattern for automatic contour initialization. The obtained initial
contour is refined and then smoothed by a robust smoothing algorithm
in the Cartesian coordinate. Dynamic directional active contour model
utilizing the extracted initial contour propagates to the original border.
At the end, the extracted media-adventitia border is corrected in the

leakage and major calcifications based on the image texture patterns.
The performance of the proposed method was evaluated using different
standard measures. Manually extracted borders which were produced
by an expert were considered as the gold standard. Our results
demonstrate the effectiveness of the proposed method for media-
adventitia border detection even for low quality images suffering from
guide-wire artifacts, gaps, shadow areas and calcifications regions.
Moreover, the accuracy of the proposed method is satisfactory in the
multiple calcification regions. In the presence of thrombus, the
segmentation results are also satisfactory due to the textural patterns
of the thrombus disorders which are used in the classification frame-
work based on the sparse representation with the local appearance
model. To make more generalization of the algorithm for the stent
applications, another preprocessing step is necessary. We suggest, first
to detect the almost line pattern of the stent position in the Cartesian
coordinate. Then the pixels with high gray value below the extracted
stent position are chosen as the candidate pixels of the initial contour.
Finally, by applying the smoothing and refinement steps the final initial
contour will be achieved. The major limitation of the proposed
algorithm is in the vessels with stenosis. To solve this problem, utilizing
the information from last frame in the proposed method is essential. By
calculating the area of the boundary from the last frame and using a
particular threshold, the stenosis frame can be detected. It can be
concluded that the proposed segmentation algorithm can potentially
provide a suitable framework for incorporating information from
sequential frames, leading towards a more general and accurate
segmentation technique. As a part of our future work, we will
investigate the influence of such parameters as the patch size and the
sparsity level on the segmentation results, utilize other classification
frameworks in the preprocessing step, enhance the contour refinement
method in the major calcification regions, try to implement our overall
system in the Cartesian coordinate, and extend the method to a similar
framework for lumen border detection.
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