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ARTICLE INFO ABSTRACT

Keywords: Intravascular ultrasound (IVUS) imaging is widely known as a powerful interventional imaging modality for
Intravascular image diagnosing atherosclerosis, and for treatment planning. In this regard, the detection of lumen and med-
Ultrasound

ia—adventitia (MA) borders is considered to be a vital process. However, the manual detection of these two
borders by the physician is cumbersome due to the large number of frames in a sequence. In addition, no
approved universal automatic method has been presented so far due to the great diversity in the appearance of
the coronary artery in the images acquired by different IVUS systems. To this end, the present study aimed to
provide a new border search theory on the radial profile, based upon the nonparametric statistical approach, and
to develop a generic and fully automatic three-step process for extracting the lumen and MA borders in IVUS
frames based on the proposed theory. Thereafter, the proposed theory and three-step process were evaluated on
synthetic images, as well as on a test set of standard publicly available images, respectively. The results showed
that our three-step process could segment the borders with =0.82 and with =0.75 Jaccard measure (JM) to
manual borders in IVUS frames acquired by the 20 MHz and 40 MHz probes, respectively. Based on the results,
the lumen and MA borders can be extracted automatically, and the border extraction process can be im-
plemented in parallel for a polar image due to the capability of the present proposed method to estimate the

Border detection
Nonparametric statistics
Cubic spline

borders for each angle independently.

1. Introduction

Today, producing catheter and intravascular ultrasound (IVUS)
imaging system is currently known as the gold standard of in-vivo in-
travascular imaging for the vessel wall interrogation even after 40 years
when it was suggested by Bom et al. [1,2]. In addition to providing
quantitative information such as the luminal Cross-Sectional Area
(CSA), abluminal CSA, atheroma CSA, and vascular remodeling, IVUS is
widely used for evaluating important qualitative information such as
atheroma morphology, intervention outcome, and plaque progression
[3]. Further, IVUS can lead to improved results in the process of di-
agnosis and percutaneous coronary interventions as a complementary
and adjunctive module, along with X-ray angiography [4].

The IVUS image provides the cross-sectional view of the coronary
artery, the quality of which is evaluated by spatial and contrast re-
solution [3,5]. The transducer frequency is one of the most effective
factors in the two above-mentioned resolutions. A cross-section of the
coronary artery often consists of three layers [3]. The innermost layer is
composed of three tissues including atheroma (patient vessels), intima,
and internal elastic membrane (IEM). Regarding echogenic properties,

this layer is more separable in IVUS images than the lumen area [3].
The middle layer is composed of media and external elastic membrane
(EEM), which is usually darker in the image since it is less echogenic
than the internal layer. The outermost layer encompasses adventitia
and periadventitial and is typically brighter than the middle layer [3].
In addition, the artifact factors such as guidewire artifact, non-uniform
rotational distortion, and discontinuity at 0° [5]), and vessel mor-
phology like plaque, bifurcation, and stent [6]) can considerably affect
the appearance of the IVUS image. The aforementioned factors asso-
ciated with the quality and the appearance of the IVUS image causing
the segmentation of the IVUS image, especially the separation of the
internal and external layers have been regarded as a challenge. Further,
the (semi-)automatic segmentation methods have been emphasized for
time-saving, as well as overcoming the inter- and intra-observer var-
iations since an imaging process yields a large number of the IVUS
frames.

Regarding the classification of (semi-)automatic IVUS image seg-
mentation methods, the direct detection of the borders is considered as
one of the major categories [5]. In this category, the recent approaches
are mostly classified under the machine learning-based methods,
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deformable model-based methods, border and gradient tracking-based
methods, as well as statistical and probabilistic techniques, which will
be reviewed here (see Refs. [5-7] for further studies on the methods
published before 2014).

In machine learning-based methods, the holistic approach was in-
troduced by Ciompi et al. [8] for extracting the MA. In this method,
border detection and refinement are done in parallel. Border detection
is performed through multi-scale stacked sequential learning and hol-
istic algorithm, while border refinement is done by implementing a
matched filter. In Ref. [9], a support vector machine classifier was used
for segmenting non-artifact images by evaluating a large group of fea-
tures, and selecting the noise reduction filters and Haralick's textural
features as the most effective features. In another study, an ANN-based
hierarchical algorithm was proposed to extract the lumen and MA
borders [10]. In this method, the lumen and MA borders are estimated
by utilizing double ANN (DANN) after blurring the IVUS image. Finally,
the active contour is used for smoothing the final borders. In Ref. [11],
a three-step circulatory index-based automatic method was proposed to
extract the lumen border of images acquired by the 20 MHz probes in
the absence of other artifacts. The preprocessing includes noise elim-
ination and contrast improvement. The segmentation procedure is
performed by using k-means, along with subtractive clustering, fol-
lowed by detecting and eliminating the bifurcation regions. In the third
step, the convex hull structure technique, circulator index, and active
contour are used to estimate the final smooth lumen border. The de-
formable model was used with different initialization techniques in
order to detect the lumen and MA borders [12,13]. In Ref. [12], after
preprocessing the removal of the catheter artifact, an active contour
model, along with threshold-based initialization and maximum
brightness, was proposed for automatic extraction of the lumen and MA
borders for IVUS images with 40 MHz probes. Zakeri et al. [13] pro-
posed a fourfold deterministic statistical strategy for MA border ex-
traction in the images with 30 MHz probes in the absence of most of the
artifacts. In the first phase, a sparse binary image was created by using
the local appearance model, followed by creating a new dynamic ex-
ternal force pattern of the sparse binary image. The initial contour was
extracted by multiplying the two obtained images. The second phase
involved smoothing the initial contour. During the third phase, an ac-
tive contour was used to estimate the MA border. In addition, during
the fourth phase, called “ad-hoc”, the shadowing and calcification re-
gions are revealed and pruned at the border and. The use of image
gradient and border tracking was proposed in Refs. [14-16], respec-
tively. In Ref. [14], fast marching method (FMM), which combines the
edge contour information with region information, was proposed for
extracting the lumen and MA borders. The edge contour information
was obtained by proposing a new speed function based on the textural
gradient, and the region information was obtained through gamma
modeling for the IVUS image texture. This algorithm requires an initial
contour between the lumen and intima, as well as an initial contour
between the media and adventitia in the IVUS longitudinal-mode
image. This method was evaluated by means of a complete database
including different kinds of vessels. In Ref. [15], a two-stage process
made from the shape prior model was proposed based on the node-
weighted directed graph to extract the lumen and MA borders. During
the first stage, a prior border was estimated by minimizing the cost
function. The second stage included estimating the border location,
correcting the arc of the nodes corresponding to the borders, and
minimizing the adapted graph energy. The cost function used in this
method was designed based on the random forest classifier with respect
to the image texture and artifact, which required training. By approving
the efficiency of extremal regions in extremum levels (EREL) detector in
border detection, Faraji et al. [16] proposed an algorithm based on this
detector, along with the ellipse fitting algorithm for extracting the
lumen and MA borders in the IVUS images. EREL is a new region de-
tector, which uses the union-find sets related to the edge information, to
detect a series of unified pixels in the image. In this method, the
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selection of the appropriate EREL has become a local maxima searching
(LMS) problem, which can be resolved by measuring a series of textural
characteristics for each EREL and defining a texture score. The quan-
titative comparison of this method could confirm its success only in the
absence of artifacts for images acquired by the 20 MHz probes. The
statistical methods were proposed by Unal et al. [17] and China et al.
[18]. Further, the shape modeling of the lumen and adventitial borders
were used in Ref. [17], which necessitates the training of the model
with prior images. The nonparametric light intensity, along with global
image measurements, was proposed for extracting lumen border. Fur-
thermore, an oriented-smooth gradient was developed for MA border
extraction. In addition, two ad-hoc processes were proposed for de-
tecting calcification and bifurcation. Further, the use of multiscale
random walks was proposed for extracting the lumen and MA borders
in Ref. [18]. This procedure is performed in three steps including the
estimation of signal confidence, the initialization of contour border by
using joint learning of extraction, and the use of random walks for
extracting the final smooth border. This method requires labeled data
for training.

By considering the above-mentioned methods, the previous works
had at least one of the limitations such as the need for training and
initialization, responsiveness in normal artery image or in images with
minimum artifacts, applicability only for images with a certain probe
frequency, as well as the need for global or local processing, which
leads to the limited possibility of parallel optimization of the algorithm
procedure. Thus, it is essential to design a universal automatic method
with the capability of the parallelization, along with standard evalua-
tion. To this end, the present study aimed to provide a single-frame
universal method with minimal dependency on the global image. It was
hypothesized that the artery wall boundaries may be extracted in a
cross-sectional image at each angle independently since the IVUS image
is produced from a combination of radio frequency signals, along with
some post-processing methods. In other words, presenting a new sta-
tistical theory of radial border extraction called “radial threshold”, and
developing a border extraction procedure for the IVUS frames were
considered as the main objectives. In this regard, a theory of border
estimation on the radial profile based on the nonparametric statistical
approach is proposed to provide an independent border extraction
process at each cutting angle. In addition, the conventional analysis of
variance (ANOVA) criterion is improved by a regularization term with
respect to the features of the IVUS image. After presenting the theory, a
simple process based on this theory is proposed for extracting the lumen
and MA borders in an IVUS frame. This process consists of three main
steps. In the first step, the method introduced by Ref. [17] is improved
for removing the effect of the catheter artifact in order to make this
algorithm independent from the frame sequence. During the second
step, a sequential algorithm is obtained for estimating the lumen and
MA borders. Finally, an ad-hoc is provided for detecting and correcting
discontinuous borders. The evaluation procedure is performed based on
two datasets. First, the synthetic images with added speckle noise are
used to approve the proposed theory. Then, the three-step process of
border detection is evaluated by using the test set of standard publicly
available dataset [6] in order to provide the ground for a fair com-
parison with other previous studies.

The rest of this paper is organized as follows. Section 2 presents the
IVUS synthetic images and the dataset used in this research, explains
the preliminaries for the theory, represents the theory, and proposes a
theory-based process, respectively. Section 3 provides the evaluation
results of the proposed theory, as well as the proposed process. Section
4 highlights the strengths and weaknesses of the proposed process. Fi-
nally, the conclusions are provided in Section 5.
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2. Materials and method
2.1. Materials

The present study was conducted by using two image datasets. The
first set includes synthetic images containing the speckle noise. The
structure of these images is similar to the IVUS image. The speckle noise
is added to the primary image using a general model for the speckle
noise given by Ref. [19]:
Ispeckled =I+nxI (€D}
where [ indicates the input raw image and n represents the random
noise with uniform distribution, mean 0, and standard deviation v. The
value of standard deviation v is such initialized that a wide range of
PSNR can be obtained.

The second set includes the publicly available data introduced for a
challenge [6] (http://www.cvc.uab.es/IVUSchallenge2011/dataset.
html). In this data collection, clinical recordings are in such a way
that they can cover various conditions including different types of
plaques such as lipidic, fibrotic and calcified plaques, as well as dif-
ferent morphologies of the coronary such as the presence of bifurcation,
shadows, proximity of the probe to the vessel. Due to the large number
of frames in an IVUS pullback, a subset of significant frames was ex-
tracted in order to involve minimum consecutive frames to support the
state-of-the-art segmentation algorithms [6]. The data collection con-
sisted of two datasets:

Dataset A: This dataset includes 77 single frames of the in-vivo
coronary arteries taken from 22 different patients by using an iLab IVUS
-Boston Scientific device, equipped with a 40 MHz Atlantis SR 40 Pro
catheter. These data features represented a good diversity of artifacts,
especially a frame without any artifact or plaque, 7 frames containing
plaques but no artifacts, 16 frames with bifurcation, 22 frames with
stent, 8 frames with side vessel, 42 frames with shadow artifact, 36
frames with artificial effect of guidewire, and 39 frames with catheter
touching the lumen (some frames included multiple artifacts). In ad-
dition, all of these frames included ring-down artifact and calibration
square. Further, the average (standard deviation) measure of lumen and
media areas, and stenosis degree were 10.62 (5.62) mm? and 18.27
(6.70) mm?, and 57%(14%), respectively.

Dataset B: This dataset included 435 frames of the in-vivo coronary
arteries taken from 10 different patients by using a Si5-Volcano
Corporation device, equipped with a 20 MHz Eagle Eye monorail ca-
theter. In addition, this dataset encompasses 20-50-successive-frame
sequences. Further, it involves less artifact diversity than dataset A.
Particularly, the dataset consists of 225 frames without artifacts, 60
with bifurcation, 94 containing side vessel, and 106 with shadow ar-
tifact (some frames included multiple artifacts simultaneously). It is
worth noting that all the frames in this dataset contained plaques.
Furthermore, unlike dataset A, the frames of dataset B are devoid of
ring-down artifact and calibration square. In addition, the mean
(standard deviation) measure of lumen and media areas, and stenosis
degree are 8.68 (3.23) mm? and 15.59 (4.47) mm? and 54% (9%),
respectively.

In addition, the images were independently annotated by four ex-
perts for both lumen and MA borders in both datasets A and B. The
experts were all physicians. They worked daily with the specific IVUS
imaging system, and were related to the different medical centers [6].
Further, two of the experts repeated their annotations after a week [6].

In the next procedure, each of the two datasets (A and B) was di-
vided into training and test sets. One-quarter of each dataset was se-
lected as the training set and another three-quarter were regarded as
the test set. In this study, the test set of datasets including 58 and 326
IVUS B-mode images was respectively used for dataset A and B.
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2.2. Theory preliminaries

Otsu's technique [20] is considered as the most well-known
threshold-based segmentation method, which is based on the between-
class variance at gray levels. However, a large number of researchers
have developed the method due to its limitations. The within-class
variance (WCV) at gray levels is a method proposed for overcoming the
limitation of the presence of bias at the threshold value for the non-
uniform distribution of gray levels in image regions [21]. On the other
hand, in addition to the gray level information, the spatial distribution
of the gray levels is very effective in segmentation, which was ignored
in Otsu's method. The two-dimensional (2-D) thresholding was in-
troduced as the main solution for adding the spatial information to the
segmentation procedure [22] although it involves considerable com-
putational loads [22]. Therefore, in order to reduce the computational
load while establishing the result's reliability, the extended thresh-
olding was proposed, along with the fast 2-D thresholding [23]. In this
method, the 2-D density function maps to a one-dimensional function.

Based on the experimental results, there are some parameters
causing the limitations in all the Otsu-based segmentation methods
such as small object size, small mean difference between the objects,
large variance of the objects, and low SNR of the image [24]. During the
past decade, researchers have focused on eliminating any limitation of
Otsu's method with respect to their own specific segmentation purpose.
Accordingly, the segmentation of a small object (defect) by scaling
Otsu's primary criterion is regarded as one of the proposed methods in
this regard [25,26]. By adding a comparative complementary term to
Otsu's primary criterion, the problem of segmenting large-variance
objects was resolved [27].

However, most of the above-mentioned limitations coincided with
ultrasound imaging in its global state. Therefore, the Otsu's approach
cannot yield reliable results for the global state of ultrasound images,
except for specific cases. A specific case includes the cases in which at
least one of the intended objects is homogenous or the objects have the
same dimensions [28]. However, these two prerequisites do not ne-
cessarily occur in the IVUS images since higher levels of correlation are
negligible and occur only in dense objects such as a calcified region and
the regions of interest (ROI) are commonly smaller than the background
in the IVUS images. In this regard, some researchers used the Otsu's
approach as a preprocessing for IVUS image segmentations. Sofian et al.
[29] detected the MA boundary by using a threshold based method and
implemented the Otsu's approach, along with an empirical thresholding
and the binary — morphological operations. However, this method
cannot be performed generally due to the use of empirical thresholding.

According to the Otsu's approach, the dependence of the approach
on the single brightness intensity distribution, and the analysis of var-
iance (ANOVA) criterion are considered as the main reasons for such an
event. Subsequently, the prior suggestions are provided for each of the
cases by presenting the specifications and features found in the IVUS
images.

In addition, the brightness intensity distribution in the IVUS images
strongly depends on the position of the pixels. For example, Fig. 1(a)
illustrates a 40 MHz IVUS frame, along with the brightness intensity
distribution of the whole image (no highlight), lumen region (red
highlight), and media region (green highlight). As shown, defining the
brightness intensity distribution function for a spatial range (spatial
threshold) may reveal significant difference in the densities although
the global brightness intensity distribution has no clear separation
points in order not to extract different textures by the intensity
thresholding. By considering the catheter structure in the IVUS ima-
ging, the spatial dependence of the brightness intensity distribution of a
frame can be summarized to the radius and angle variables [30,31].
Regarding the IVUS sequential angular imaging, the present study
aimed to limit the texture border search space to each angle because the
problem of searching for the texture border is converted into finding the
appropriate radius at each angle in such a case as displayed at Fig. 1 (a)
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Fig. 1. (a) A 40 MHz IVUS frame [6] with intensity distribution of the global image (no highlight), intensity distribution of lumen area (red highlight), intensity
distribution of media area (green highlight); (b) IVUS polar image as a set of the radial images and selection of the seed point.

in yellow arrows. Further, it is considered as the main idea in the
present work, i.e. the estimation of a radial threshold for the radial
distribution of the brightness intensity at a certain angle.

In the present study, assuming the use of WCV (equality of weighted
class variances or equality of dimensions [28]), as well as the in-
compatibility with the IVUS image, it was proposed to improve the
WOCV criterion by a regularization term embracing the extent of equality
of WCV.

2.3. Primary definitions used in theory

In the proposed theory, the polar image is defined as a set of the
radial images (Fig. 1(b)) and a set of the radial discrete points (known
as seed points) is considered for each angle. Here, the angle resolution
of radial images named “search zone box” is 1°. For each seed point, the
radial image is divided into two parts in the upward and downward
directions. Table 1 indicates the variables in these two parts of the
radial image, along with the definition of each of them. Further, the
following notations are used:

Py, = P(A) ; Probabilty of A 2)
P# = P(BIA) ; the conditional probability of B given A 3)
Table 1
The list of the variables used in the radial image as well as their definitions.

Variable Definition

RI Radial Image

N Total number of pixels in RI

Nyp Total number of pixels in upward of RI

Nan Total number of pixels in downward of RI

nR® Number of pixels at level i intensity in RI

nk Number of pixels at level i intensity in upward of RI

13

2.4. Radial threshold theory

It is assumed that each pixel of the radial image has L different gray
levels ([1,...,L]). In addition, each radial image has R different discrete
radii, known as seed points ([1,..., R]). Further, a normalized histogram
is used to calculate the gray level probability distribution function in
the radial image. The occurrence probability of brightness intensity i in
the radial images is calculated as follows:

4

Now, the radial image is segmented into the upward and downward
classes by selecting a seed point k. The following equation is obtained
by using the conditional probability law for the upward class:

k k
P(Cy) = P = o = L = B!
Np Kk (5)
Similarly, equation (6) is used for the downward class:
nX — n} N k
P(C — P_dn — i i  _ k
(Can) = B N-k N-k' N-k' (6)

where C,, indicates the pixels in the radial discrete position [0,1, ..., k]
and Cy, represents the pixels in the radial discrete position [k + 1, ...,
R]. The mean of the classes is as follows:

L

L k
B R T V{0
up (k) i;l ; El x = Pl o
L L R k
N ipin_ N M M®R) - M(k)
#dn(k)—i;lPl —Z}l Nk - 1-P( ®

where M(k) is the first-order cumulative moment of the distribution of
class k:

~

e
N 9

-

M) =

L
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and P(k) is the occurrence probability of class k:

k
Pk) = —
©=x3 10
Further, the variance of the classes is used as follows:
L L nk
Oap(k) = D (i = w2 PP = 7 (i = ) =
v ; ’ ; Kk an
L L n R n k
2 ; 2 pdn : 2 i T
Udn(k) = Z (l - :udn) Pl = Z (l - ludn) N1,
pust pust N-k (12)

In order to evaluate relative dispersion of the classes, the individual
class variance weighted by its respective class probability is used as
follow [32]:

2 _ g2
gy = WO

13)

where w represents the class probability (P(k) = k/ ~ and 1-P(k), espe-
cially in the present study).

Regarding the limitations of ANOVA, it is proposed to add a reg-
ularization term to the WCV in order to control the changes in WCV and
preserve the initial condition of the ANOVA to achieve a desirable
threshold k:

aiwev (k) = Aoy (k) + (1 = )og (k) a4
where

(k) = P(k)ag, (k) + [1 — P(k)]og, (k) @15)
is the WCV criterion, and

oz (k) = |P(k)ag, (k) — [1 = P(k)]og, (k)| 16)

is named “differential variance”. Compared to other regions in the ra-
dial image, more changes around a border leads to closer values of the
upward and downward weighted variances, which results in creating
smaller differential variance. 1 ranged within [0,1] is considered as the
weighting parameter. In the present study, the value of 1 = 0.5 was
selected (refer to Section 3.2).

The optimal k value, which leads to the smallest o2y, value, can be
obtained by a sequential search structure for the interval of [1,...,R]:

koPt = argmin {oZycy}

ke[l....R] a7)

In addition, this theory can be generalized to the images with the
multiple textures, which can be accomplished by repeating the search
for the upward and downward parts of the k%" point obtained from the
previous step.

2.5. Proposed border detection process

Fig. 2 displays different steps of the proposed border detection
process as detailed in the following subsections.

2.5.1. Preprocessing

The image is converted from Cartesian coordinates into Polar co-
ordinates since the structure of the proposed algorithm is based on two
parameters of radius and angle in the image in the most basic step. The
polar image is named Ip,. In addition, this conversion includes two
other advantages such as automatic removal of the image area with a
radius larger than the effective imaging depth, and the possibility of
simple removal of the position of the catheter and its artifact in the
image by knowing the appropriate radius.

The calibration square artifact is regarded as one of the artifacts in
the IVUS images, which causes errors in estimating the correct border.
Such an artifact can be removed by using the feature of this square in
the image. These positions in the image have the maximum brightness
intensity for the number of bits per pixel. Therefore, the calibration
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square in the image is removed by replacing the number of pixels with
maximum brightness intensity with the global image mean:

1
Ly arg(I l=2"—1) = 1 l(l])
Po(r,s e MXNOSiz:SM "
0<j<N (18)

where M and N indicate the dimensions of the image in the polar co-
ordinates and n represents the number of bits per pixel.

Further, the optimized version of the technique in Ref. [17] is used
to estimate the radius of catheter artifact. First, the algorithm should be
changed in such a way that, in case of the presence of no catheter ar-
tifact, only the actual diameter of the catheter is removed and mistaken
removal of the lumen area (false positive) is minimized since it is used
to evaluate the generality of algorithm. For this purpose, in the polar
image, the minimum radius with non-zero brightness intensity in the
whole image and the value of brightness intensity for all the angles in
the image are set equal to the maximum brightness intensity of the
image:

Ipot (tmin- €) = max(Ip,) for = [0.360) 19
where,
Tnin = min[arg(lpol * 0))

r (20)

Second, a frame with the rotation of the same frame relative to the
catheter center is used as the algorithm input in Ref. [17] instead of
considering a series of consecutive frames as the input. In other words,
an image with the distinct contrast between the artifact and non-artifact
pixels is created by calculating the global minimum between the image
itself and the rotated images, due to the circularity of the catheter ar-
tifact in Cartesian coordinates. The rotation action in the Cartesian
coordinates is equivalent to the shift of the same image in the Polar
coordinates. Therefore, in order to calculate the global minimum be-
tween the image and rotated images, we have:

min

Imin(r . 9) =
i=kdp ¥ ke[o.%)

I;Jol r. 8
21

where Ili,o, represents the image shifted in polar coordinates by i. In this
study, the rotation angle step Agp was selected equal to 18'. Fig. 3 il-
lustrates the removal steps of the calibration square artifact, as well as
estimating the radial position of the catheter artifact and its removal.

2.5.2. Edge detection

Algorithm-1

First, Regularized WCV (RWCV) criterion is calculated for the radial
image of angle i and accordingly its minimum point is selected as the
most obvious border in the image by using equations (4)- (17). Re-
garding the larger radius of the MA border than the lumen border, as
well as the explanations on various types of border brightness textures
in the IVUS images provided in section 1, this point is labeled as the MA
border named By (i) in the global state. In terms of the radial position,
the lumen border is located at a smaller radius relative to the MA
border. Therefore, at each angle, the function of RWCV criterion is re-
calculated for the upward part of the MA-labeled point by using
equations (4)- (17) and its minimum point is selected as the radial
position with the second degree of importance and labeled as the lumen
border named By (i). The same procedure is done for the radial image of
all angles.

Since the proposed algorithm is based on the radial brightness in-
tensity distribution, the algorithm output is sensitive to the presence of
the artifacts. Therefore, the border should be corrected while facing
such circumstances. The detection and correction of such cases are
described in Algorithm 2.



A. Kermani, A. Ayatollahi

Computers in Biology and Medicine 104 (2019) 10-28

{ \
: I:> Difficultv Detection

Difficultv Modification

Difficultv Elimination

Lumen border extraction using
the proposed theory in the upward

Border Modification

Cartesian to polar

MA border extraction using

coordinate Converting

Calibration square
Removing

Catheter Artifact Removing

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
the proposed theory :
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
)

Y ————————————— e

Fig. 2. Flow diagram of the proposed border detection process.

Algorithm-2: Ad-hoc

The main idea of algorithm-2 is based on comparing the variation of
two continuous borders obtained from juxtaposing the labeled points.
For this purpose, two sets of the points obtained from Algorithm-1 in-
cluding the lumen border points, B;, and the MA border points, By
are used. This algorithm is composed of the following steps:

1. Difficulty detection: First, the MA border is selected as the re-
ference border, and the first-order derivative of this border (equivalent
to angle-to-angle difference) is calculated. The derivative is considered
as a vector quantity, the variations and sign of which indicate whether
it is higher (+sign) or lower (- sign) at the given angle, compared to its
previous angle.

For simplicity, it is first assumed that the problem which can be
automatically detected is the presence of calcific plaque, which is

Convert to Polar
coordinates

Firgd pixels with
(2 -1) intensity

known as a dense plaque, which causes shadowing. Then, the most
distinct border in the image is related to the calcific region at the
starting angle of the calcific region, which is close to the lumen border.
Therefore, at this angle, the estimated MA border undergoes a sudden
change, leading to a derivative with a high value and negative sign.
Then, at the end angle of the calcific region, the newly-labeled border
approaches the MA border again, which leads to high value and a po-
sitive sign of derivative in the estimated MA border at this angle. In
order to determine these points, instead of using a constant threshold,
the values of the derivative at each angle with the Euclidean distance of
the MA border are compared with all the points of the lumen border. To
this aim, a circle with the border point as its center and a diameter
equal to the derivative value is considered at each angle of the MA
border. A variable named “Difficulties” is initialized at its index by the

Add catheter
line

Remove
calibration

Fig. 3. Preprocessing steps: The removal steps of calibration square artifact as well as estimating the radial position of the catheter artifact and its removal for a

sample IVUS Frame.
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The Difficulty Detection Algorithm:

1: B, <—Lumen border
2: Byy <—Media-Adventitia Border
dB
. &98ma
3: Dy 20

4: For i=1 to number of angle do

S: For j=1 to number of angle do
N . Dma

6 I d(GBua). G, B) <[22

7 Difficulties(i) (_sign(DMA(i))

8: break

9: Else

10: If j== number of angle

11: Difficulties(i) <0

12: End if

13: End if

14: End For

15 Fnd Far

¥
Euclidian distance

Fig. 4. Pseudocode of the difficulty detection step.

number of the circle center and is assigned by the sign of the derivative
of the MA border if there is a point of the lumen border within the
circle. Otherwise, the value of Difficulties at its index by the number of
the circle center is equal to zero.

Considering the artificial effect of the guidewire, it is observed that
it has the same effect as the dense plaque at the output of Algorithm-1.
The above-mentioned method can recognize the presence of the
guidewire artifact properly since the most distinct border is close to the
catheter in this type of artifact. Fig. 4 displays the pseudocode related to
this step.

2. Difficulty Modification: There is no problem if the first and last
non-zero values of the Difficulties are —1 and +1, respectively.
However, when the first non-zero value of the variable is + 1 and its last
non-zero value is —1, it means that the calcific region is located at the
cutting angle of converting the Cartesian into Polar coordinates.
Therefore, in this case, the “Difficulties” variable is initialized as —1 for
the start angle (0°) and +1 for the end angle (359°) in order to create a
complete revolution at the border.

When the first non-zero value of the variable is + 1, but its last non-
zero value is not —1, it implies the occurrence of an error in detecting
such an angle status. In this case, from the start angle up to the first —1
value, the Difficulties will be assigned with O until removing all the
angles which have been mistakenly selected as the endpoint.

The procedure described in the previous paragraph is performed
similarly for the end angles. In other words, when the last non-zero
value of the variable is — 1, but its first non-zero value is not + 1, means
that a mistake occurs in selecting the end angle as the starting point of
the calcific region. In such circumstance, inversely from the last angle
up to the first +1 value, the “Difficulties” is assigned 0 until all the
angles which have been mistakenly selected as the endpoints are re-
moved.

The last two procedures have no priority over each other so that
their order cannot have any effect on the final result.

3. Difficulty Elimination: The obtained “Difficulties” is used to re-
move the MA and lumen borders at those angles with the starting and
ending points specified in this variable. The removal of borders begins
at the index of the first —1 value and continues up to the index of the
first +1 value. This procedure is similarly performed for all —1 and +1
pairs in the Difficulties. In fact, this procedure leads to the removal of
the estimated borders located in the discontinuous region.

4. Border Modification: The piecewise interpolation technique is
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used to complement the border at the removed angles. Since this pro-
cess is performed in the polar coordinates, both lumen and MA borders
form a closed curve in the Cartesian coordinates, and such a closed
curve is converted into a restricted curve in the polar coordinates. In
order to maintain the curve closed structure in the Cartesian co-
ordinates, the value of the curve, as well as the values of the first and
second derivatives of the border at the start angle should be equal to
that of the end angle in the polar coordinates. Hence, the periodic cubic
spline method is used to achieve the maximum smoothness at the
cutting angle of the conversion from the Cartesian into polar co-
ordinates [33].

Ci(0). 6:<6<6,
5(6) =14 (o). 0, <0< 6
Cnfl(e)' 6VL—] S 6 S en (22)

where each C; = a; + b;6 + ¢;0% + d;6° is considered as a cubic func-
tion, which involves the two following end conditions, in addition to
the continuity in the first and second derivatives at the border points:

D'[S(61)] = D[S (6ena)] (23)

D*[S(61)] = D?[S (Bena) ] 24

where D'[...] represents the rth-order derivative, S(x) is the estimated
piecewise polynomial, and 6; and 6,,4 indicate the initial and end angles
of the polar image, respectively. The applied interpolation features the
lowest rate of Runge's phenomenon, compared to the common in-
tegrated interpolation methods. By considering all the boundary con-
ditions, the equation is converted into a tridiagonal linear system with a
single unique solution [33]. Once the piecewise polynomial is calcu-
lated, the lumen border named BL,, and MA border named BM4 are
extracted for discrete points with 1-degree resolution in the polar co-
ordinates. Then, the moving average is used to obtain a quantitatively
smooth border:

S

Caisli] = Baiali + j)

1
— X
M 0 (25)

<.
Il

S

. 1 . .
CaLuto [l] = M X Baliuo [l +]]
(26)

]
o

J
where M indicates the number of points involved in the averaging
process. Regarding the limited lateral resolution in the IVUS imaging
[31] and the cut of frequency (f,) of the moving average filter [34], the
optimal value of M is selected equal to 31:

0.443 0.443
Moy = —— X F = —— X 360 =31
e 0 @7)

where F; (frequency sampling) is equal to the number of border points
(360), ry represents the mean of the lateral resolution (150um), Pd is
considered as pixel resolution mean (30um), and - is the notation of the
largest integer less than or equal to the variable. Finally, the border
points are converted to the Cartesian coordinates. An example of the
lumen and MA borders before and after applying Algorithm-2 is shown
in Fig. 5.

2.6. Evaluation metrics

Three sets of metrics are used to evaluate the borders obtained by
the proposed process. The first set includes three standard metrics,
namely Hausdorff distance (HD), Jaccard measure (JM), and percen-
tage of area difference (PAD), which were used in Ref. [6], as well as all
the methods utilizing the standard dataset. Selecting these metrics will
provide the ground for a fair comparison between the method proposed
in the present work and other methods.

HD calculates the maximum distance of the minimum Euclidean
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Fig. 5. An example of the points on the lumen(red) and MA(green) borders: (a) before applying algorithm-2, and During step-by-step implementation of algorithm-2:
(b) two sample circles along with their corresponding centers that cover the points of the Lumen boundary (blue: positive derivative, yellow: negative derivative), (c)
Difficulties variable, (d) elimination of the MA and lumen borders located in the discontinuous region, (e) cubic spline interpolation along with the smoothing

procedure.

distance between any point on a border and another border [35]:

D(Cuuto- Crnan) = max | min a — b

aeCauto| beCiman (28)
where Cyy and Cyyqy, indicate the automatic and manual borders, re-
spectively, and II-Il is considered as the Euclidean distance. In the pre-
sent study, the two-sided HD, measured in millimeter, was used as
follows [6]:

HD(Cauto~ Cman) = max{D (Cauur Cman)~ D(Cmarv Cauto)} (29)

JM calculates the ratio of the overlapping area of the automatic and
manual borders to the total area of both borders [6]:

Rauto n Rman

JM (Rauro- R =
( auto man) Raum U Rman

(30)
where Ry, and Ry, indicate the areas shared by the Cpuo and Cpgn
borders. The JM measure value ranges between 0 and 1.

PAD calculates the relative difference between the areas obtained
from the automatic (Agy,) and manual (A,,,,) borders:

|Aauto — Aman |

PAD (Aquto- Aman) =
Aman

(€3]

In this research, the PAD value was expressed as a number between
0 and 1.

In addition, the paired t-test with a significance level of 0.05
(alpha = 0.05) was conducted in order to compare the method used in
the present work with those of other studies which used the joint
standard dataset. Since the number of the samples is more than 30 (the
sample size of the test set of dataset A and B is 58 and 326, respec-
tively), and the real variance of the population is unknown, the use of
the t-test is more rational than the other parametric and non-parametric
tests although none of the calculated measures has a normal distribu-
tion [36]. In addition, the significance level of 0.05 is a feasible level for
conducting research work although the lower significance level (e.g.
0.01) has a lower type I and II errors [37].

Regarding the second set, the comparisons were made between the
average lumen diameter (ALD) of the automatic border and that of the
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manual border, as well as between the lumen area (LA) of automatic
border and LA of the manual border by involving the latest up-to-date
applications of the IVUS imaging for the luminal measurement pur-
poses, especially stenting. Further, the regression analysis was used to
compare these two parameters quantitatively. Thus, the ALD is defined
as follows:

L X
ALD = = Y 2%,

N3 (32)
where N indicates the total number of the points within the border
curve and 7 represents the radius of the ith point related to the center of
the catheter.

Given the third set, three standard position error measures such as
Maximum distance error (MaxD), Mean distance error (MeanD), and
Mean signed distance error (MSD) [38], along with the wall thickness
measure like wall thickness error (WTE) [39] were used to analyze the
clinical aspects of the proposed process.

With respect to position error measures, the distance of each pixel of
the automatic border to the closest point on the manual border is cal-
culated as follows [38]:
D¢pan (@) = min lla — bll

beCman

(33)

where a represents the pixel of the automatic border, Cy,,, indicates the
manual border, and II-Il is regarded as the Euclidean distance. MaxD
calculates the maximum of Dg,,,, as follows [38]:
MaxD = max (Dg,,,(a))

agCauto

(34)

where C,y, indicates the automatic border. In this study, MaxD was
measured in millimeter. MeanD calculates the mean of D,,,, as follows
[38]:

MeanD = mean(Dg,,,(a))

agCauto

(35)

In this study, MeanD was measured in millimeter. MSD calculates
the signed mean of Dg,,,, [38]:
MSD = mean(SgnD(a))

aeCauto

(36)
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where SgnD(a) weights the value Dg,,,(a) depending on whether the
pixel a lies inside or outside of the manual border [38]. In this study,
MSD was measured in millimeter.

Regarding the wall thickness error, the average wall thickness of
each frame was calculated for both automatic and manual borders.
Further, the cumulative distribution and regression analysis were used
in order to evaluate this measure quantitatively.

3. Results

In this section, the proposed theory is used to evaluate the synthetic
images first. In this regard, a qualitative comparison was made between
the radial threshold theory and the Otsu's method. Then, the proposed
RWCV criterion was compared with the common criteria used in the
previous studies, followed by the evaluation of the parameter A varia-
tions. In the next procedure, the proposed border detection process was
evaluated both quantitatively and qualitatively. In the quantitative
evaluation, the proposed process with/without ad-hoc (Algorithm-2)
was self-evaluated and accordingly the obtained results were compared
(self-evaluation). The quantitative results are reported in a series of
tables. Regarding the self-evaluation, the metrics associated with the
stenting applications and the metrics of clinical evaluation (the third set
of defined metrics) were investigated separately, along with the stan-
dard metrics presented in Ref. [6] In addition, the sensitivity analysis of
the proposed process was reported. Further, the proposed method was
compared with the previous methods which used the standard data
during recent years via the statistical t-test (comparative evaluation).
Regarding the qualitative evaluation, two sets of images are shown to
analyze faster and easier. First, out of each available dataset, a sample
image with no artifact-no plaque, no artifact-with plaque, bifurcation,
stent, side vessel, shadow, guidewire artifact, and catheter one vessel
wall categories, are shown along with the borders obtained from the
automatic method, as well as the borders extracted by an expert.
Second, out of each dataset for each border are displayed by three
images with the worst, moderate, and best border extraction results,
respectively.

3.1. Evaluation of radial threshold theory

The first row in Fig. 6 illustrates the result of implementing the
proposed radial threshold search theory in a synthetic image (Fig. 6(a))
with three ranges of speckle noise. In addition, the results of the Otsu's
[20] method for the same image were provided in the second row of the
same figure. Although the proposed theory aimed to estimate the radius
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as threshold, the Otsu's method sought to estimate the brightness in-
tensity as the threshold. However, based on a qualitative comparison
made between the results provided in two rows of the figure, it is ob-
vious that segmentation through radial threshold method is closer to
the ground truth image, compared with the segmentation by the Otsu's
method.

In order to determine the effect of the weight parameter A, the ra-
dial threshold theory was investigated by the RWCV criterion for A¢(0.1]
on a synthetic image with PSNR = 11.5dB by using the JM. Fig. 7(b)
represents the JM for A variations. A = 0.5 was selected for the purpose
of the present study since this metric displays minimum variations in
the range of (0.1-0.95) for 1 values.

Subsequently, the proposed radial threshold theory was evaluated
in terms of the proposed RWCV criterion (A = 0.5), the common WCV
criterion [20], and the modified WCV criterion presented in Ref. [27]
(WCV plus discrepancy factor). To this aim, the radial threshold method
was performed with each criterion in a wide range of the input image
PSNRs, and the JM of the segmented image was calculated compared to
the ground truth image. Fig. 7(c) displays the variation of JM related to
the PSNR image for each criterion. Three major points can be inferred
from this diagram. First, the proposed criterion yields higher JM values
for low PSNRs. Second, the proposed RWCV criterion is more robust in
case of PSNR variations. Finally, the proposed theory is highly stable for
PSNR greater than 13 dB. Fig. 7(d) illustrated each of the criteria for a
sample radial image depicted in Fig. 7(a). In addition, Fig. 8 displays
the receiver operating characteristic (ROC) of the proposed RWCV
along with ROC of the common criteria used in the previous studies. As
shown, the area under ROC (AUC) was involved. Regarding the ROCs
and AUGs, it is concluded that the proposed algorithm has a high ac-
curacy (no matter what type of criterion is used), and the proposed
RWCYV criterion improves the overall AUC value by 0.05.

3.2. Quantitative analysis of border detection process

3.2.1. Quantitative self-evaluation

In this section, a self-evaluation was performed on the proposed
method with/without ad-hoc using JM, HD, and PAD in order to prove
the capability of the proposed method to extract the lumen and MA
borders, as well as proving the effectiveness of the ad-hoc (Algorithm-
2). Based on this evaluation, the contours obtained from the automatic
method were compared with the mean of two manual contours. Tables
2 and 3 represent the performance of the proposed process with/
without the ad-hoc algorithm, along with intra- and inter-observer
evaluations for each individual category, and the general performance

15 250 300 350

0 ( d2)00

Fig. 6. (a) A sample synthesis image, and the result of implementing the proposed radial threshold theory (green lines in first row) and the Otsu's method (second

row) for three PSNR, (b) PSNR = 26 dB, (c) PSNR = 20dB, (d) PSNR = 17 dB.
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Fig. 7. (a) Sample synthesis image, (b) JM metric variations for 1 variations, (c) JM metric variations related to the image PSNR for three criteria: RWCV (the
proposed criterion), WCV [20], and WCV with discrepancy factor [27], (d) RWCV, WCV, and WCV with discrepancy factor for Angle = 100° in (c).
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Fig. 8. ROC curves of the proposed method for RWCV (the proposed criterion),
WCV [20], and WCV with discrepancy factor [27] (The AUCs are included in

the legend).

of the proposed algorithm with/without ad-hoc for Dataset A and B,
respectively. The evaluation of the proposed method indicated that
both metrics yield reliable results, compared to the intra- and inter-
observer evaluations. In addition, the proposed method could exhibit
higher accuracy for dataset B than dataset A regarding the general
performance.

Regarding the general performance of the proposed process, the ad-
hoc algorithm yielded the mean improvement of 0.10, 0.89 mm, and
0.13 in JM, HD, and PAD, respectively, for the MA border, and the
mean improvement of 0.09, 0.16 mm, and 0.22 in JM, HD, and PAD,
respectively, for the lumen border, compared to the process without the
ad-hoc algorithm in case of applying dataset A. Further, the general
performance of the proposed process with the ad-hoc led to the mean
improvement of 0.03, 0.34mm, and 0.08 in JM, HD, and PAD,

respectively, for the MA border, and mean improvement of 0.07,
0.20 mm, and 0.21 in JM, HD, and PAD, respectively, for the lumen
border, compared with the process without the ad-hoc in case of dataset
B. In general, the improvement was seemingly less in dataset B, which
can be related to the higher precision of the initial border extraction in
this dataset. Furthermore, the highest improvement rate in dataset A
was achieved at the MA border for the non-artifact category (i.e. mean
improvement of 0.21, 0.77 mm, and 0.41 for JM, HD, and PAD, re-
spectively). Regarding dataset B, the highest improvement rate was
obtained for the MA border and the side vessel category with the mean
improvement of 0.06, 0.53 mm, and 0.23 for JM, HD, and PAD, re-
spectively.

Fig. 9 displays the linear regression of the ALD for the automatic
method, compared to the manual method, and the linear regression of
two manual borders obtained by two independent experts. In addition,
Fig. 10 illustrates the linear regression of the LA for the automatic
method compared to the manual method, and the linear regression of
two manual areas obtained by two independent experts. As observed in
Figs. 9 and 10, the linear regression analysis of the ALD and LA a very
high correlation was reported between the automatic and manual seg-
mentation of the lumen border in dataset B and high correlation be-
tween automatic and manual segmentation of the lumen border in
dataset A.

Table 4 presents the position error measurement of the lumen and
MA borders, along with measuring the wall thickness error. Compared
to the intra- and inter-observer evaluations in case of applying dataset
A, the absolute position error of the proposed process yielded the mean
absolute position error of less than 0.28 mm for the lumen border, and
the mean absolute position error of less than 0.5 mm for the MA border.
Further, the absolute position error of the proposed process yielded the
mean absolute position error of less than 0.05 mm for the lumen border,

and the mean absolute position error of less than 0.17 mm for the MA
border, compared to the intra- and inter-observer evaluations in case of
applying dataset B. In general, the MeanD was less in dataset B, due to
the lower resolution of the vessel walls in this dataset. Furthermore,
MSD of the proposed process is superior to inter-observer evaluation for
the lumen and MA borders in case of applying both datasets A and B. In
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Table 2
Performance of the proposed process with/without the ad-hoc (algorithm-2), along with intra- and inter-observer evaluations for each individual category and the
general performance of the proposed process for dataset A. The bold texts represent the final results of the proposed process.

Lumen A Media A
JM HD PAD M HD PAD
General performance Algl? 0.68 (0.11) 1.62 (0.76) 0.38 (0.24) 0.65 (0.11) 2.21 (0.88) 0.25 (0.18)
Algl + Alg2” 0.77 (0.13) 1.46 (1.23) 0.16 (0.15) 0.75 (0.13) 1.32 (0.99) 0.12 (0.12)
Intra-Obs* 0.86(0.10) 1.04(0.95) 0.10(0.10) 0.87(0.11) 1.14(1.00) 0.11(0.14)
Inter-Obs’ 0.92(0.06) 0.67(0.52) 0.05(0.06) 0.91(0.07) 0.85(0.60) 0.06(0.07)
No Artifact Algl 0.63 (0.14) 1.60 (0.62) 0.66 (0.45) 0.69 (0.10) 1.47 (0.74) 0.47(0.23)
Algl + Alg2 0.78 (0.13) 0.97 (0.42) 0.22 (0.31) 0.90 (0.04) 0.70 (0.30) 0.06 (0.03)
Intra-Obs 0.95(0.02) 0.30(0.13) 0.00(0.00) 0.96(0.01) 0.24(0.04) 0.01(0.01)
Inter-Obs 0.92(0.06) 0.61(0.51) 0.05(0.06) 0.94(0.02) 0.34(0.01) 0.03(0.01)
Plaque Algl 0.67 (0.10) 1.62 (0.67) 0.41 (0.27) 0.65 (0.11) 2.23 (0.88) 0.25 (0.17)
Algl + Alg2 0.77 (0.12) 1.44 (1.14) 0.15 (0.13) 0.75 (0.13) 1.33 (0.97) 0.12 (0.12)
Intra-Obs 0.86(0.10) 1.04(0.91) 0.10(0.10) 0.87(0.11) 1.09(0.97) 0.11(0.14)
Inter-Obs 0.92(0.05) 0.65(0.51) 0.04(0.05) 0.91(0.07) 0.86(0.62) 0.07(0.08)
Bifurcation Algl 0.68 (0.14) 1.97 (1.30) 0.23 (0.29) 0.64 (0.11) 2.47 (0.86) 0.22 (0.13)
Algl + Alg2 0.64 (0.14) 2.76 (1.67) 0.26 (0.17) 0.72 (0.14) 1.49 (1.13) 0.15 (0.17)
Intra-Obs 0.88 (0.08) 0.88(0.80) 0.05(0.04) 0.86(0.12) 1.34 (1.31) 0.11(0.12)
Inter-Obs 0.91 (0.05) 0.73(0.64) 0.05(0.05) 0.89(0.06) 1.08 (0.62) 0.08(0.07)
Stent Algl 0.71 (0.08) 1.49 (0.53) 0.34 (0.19) 0.68 (0.10) 1.94 (0.67) 0.22 (0.16)
Algl + Alg2 0.80 (0.11) 1.31 (1.08) 0.14 (0.12) 0.71 (0.14) 0.96 (0.79) 0.12 (0.15)
Intra-Obs 0.86(0.09) 1.02(0.75) 0.07(0.08) 0.86(0.11) 1.06(0.75) 0.13(0.15)
Inter-Obs 0.91(0.08) 0.71(0.65) 0.05(0.08) 0.91(0.06) 0.79(0.57) 0.07(0.07)
Side Vessels Algl 0.66 (0.09) 1.56 (0.51) 0.49 (0.23) 0.66 (0.10) 2.16 (0.99) 0.27 (0.22)
Algl + Alg2 0.80 (0.06) 0.98 (0.38) 0.10 (0.09) 0.81 (0.11) 1.52 (1.12) 0.14 (0.14)
Intra-Obs 0.82(0.09) 1.22(0.75) 0.14(0.10) 0.86(0.11) 1.27(0.90) 0.12(0.16)
Inter-Obs 0.92(0.06) 0.55(0.40) 0.04(0.05) 0.89(0.10) 1.05(0.84) 0.10(0.11)
Shadow artifact Algl 0.68 (0.11) 1.54 (0.67) 0.40 (0.27) 0.63 (0.11) 2.38 (0.94) 0.20 (0.13)
Algl + Alg2 0.77 (0.12) 1.40 (1.08) 0.15 (0.13) 0.72 (0.13) 1.51 (1.08) 0.14 (0.14)
Intra-Obs 0.85(0.09) 1.03(0.88) 0.10(0.09) 0.89(0.08) 1.06(0.92) 0.07(0.07)
Inter-Obs 0.91(0.05) 0.70(0.55) 0.05(0.06) 0.92(0.07) 0.79(0.64) 0.06(0.07)
Guidewire artifact Algl 0.65 (0.11) 1.94 (0.86) 0.39 (0.30) 0.65 (0.12) 2.45 (1.01) 0.23 (0.13)
Algl + Alg2 0.73 (0.14) 1.83 (1.46) 0.17 (0.14) 0.73 (0.13) 1.60 (1.11) 0.13 (0.11)
Intra-Obs 0.88(0.08) 0.92(0.81) 0.08(0.09) 0.87(0.10) 1.08(0.96) 0.13(0.16)
Inter-Obs 0.93(0.05) 0.56(0.44) 0.04(0.06) 0.91(0.06) 0.78(0.57) 0.07(0.08)
Catheter 1 vessel wall Algl 0.69 (0.11) 1.44 (0.55) 0.38 (0.28) 0.63 (0.11) 2.30 (0.80) 0.25 (0.20)
Algl + Alg2 0.77 (0.11) 1.30 (0.95) 0.14 (0.12) 0.75 (0.13) 1.19 (0.84) 0.11 (0.11)
Intra-Obs 0.86(0.11) 0.99(1.01) 0.10(0.12) 0.86(0.13) 1.17(1.05) 0.12(0.17)
Inter-Obs 0.92(0.06) 0.59(0.44) 0.04(0.06) 0.92(0.07) 0.80(0.56) 0.06(0.08)
@ Algorithm-1.
> Algorithm-2(ad-hoc).
¢ Intra-observer.
4 Inter-observer.
addition, Fig. 11 demonstrates the cumulative distribution of the ab- segmentations, respectively. The longitudinal image indicates the cut-
solute and signed WTE between the proposed method and manual plane of 150°. In addition, the vessel wall volume of the pullbacks
borders, along with evaluating the intra- and inter-observer. Regarding obtained by the proposed method was calculated, along with the
the absolute wall thickness error of the proposed process compared to manual segmentation. Further, the regression analysis was used to
the intra- and inter-observer evaluations, the mean WTE difference is compare quantitatively. As illustrated in Fig. 13, the automatic detec-
less than 0.37 mm and 0.13 mm for applying dataset A and B, respec- tion of stenosis, which is very important from a clinical point of view, is
tively. possible by considering the low error values of the average wall
In order to evaluate the clinical relevance of the proposed algo- thickness of the proposed process compared to the manual segmenta-
rithm, the wall thickness and vessel wall volume were estimated tions, as well as the high correlation of the vessel wall volume between
throughout the spatial distribution of the coronary artery. The clinical the proposed process and manual segmentations.
evaluation was performed on the test set of this dataset since the dataset In order to evaluate the reliability of the proposed method, the ROC
B consisted of 10 distinct patients (2 patients in the train set, and 8 curve is demonstrated in Fig. 14. Furthermore, the intra- and inter-
patients in the test set), in which each patient has a series of 20-50 ECG observer ROCs are plotted. As shown, the AUCs are included.
gated frames. The length of the examined vessels ranges between 1.5 The One-at-a-time (OAT) [40] method was used to analyze the
and 2.5 cm due to the pullback speed of 0.5 mm/s. In order to show the sensitivity of the proposed process. In this method, a variable is
reliability of the algorithm during a pullback, the average wall thick- changed while other variables are fixed during an experiment [40]. The
ness during a pullback, and the vessel wall volume of a pullback were proposed three-step process includes angle resolution of the radial
implemented. Fig. 12 displays two critical results of 8 patients in the images as the main variable. namely search zone box. Regarding the
test set of dataset B which had maximum wall thickness error, along search zone box, the proposed three-step process was repeated for five
with artery borders obtained by the proposed method and the manual dimensions of the search zone box including 1 (the proposed search
segmentation delineated by experts by considering the average wall zone box), 5, 10, 15, and 20°, along with WTE was calculated for both
thickness during a pullback. Red and green color curves are related the datasets A and B. Fig. 15 and Table 5 represent the results. Narrower
lumen and MA borders, respectively. However, dashed and solid curves search zone box leads to less wall thickness error. The proposed search
indicate the borders of the proposed method and manual zone box could yield the mean WTE improvement of 0.13mm and
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Table 3
Performance of the proposed process with/without the ad-hoc (algorithm-2), along with intra- and inter-observer evaluations for each individual category, and the
general performance of the proposed process for dataset B. The bold texts represent the final results of the proposed process.

Lumen B Media B
JM HD PAD JM HD PAD
General performance Algl?® 0.77 (0.09) 0.58 (0.28) 0.31 (0.17) 0.79 (0.11) 0.98 (0.56) 0.21 (0.28)
Algl + Alg2" 0.84 (0.07) 0.38 (0.26) 0.10 (0.08) 0.82 (0.11) 0.64 (0.41) 0.13 (0.11)
Intra-Obs® 0.88(0.05) 0.28(0.13) 0.11(0.08) 0.92(0.03) 0.24(0.12) 0.06(0.04)
Inter-Obs 0.93(0.05) 0.17(0.13) 0.04(0.06) 0.95(0.03) 0.14(0.10) 0.03(0.03)
No Artifact Algl 0.75 (0.08) 0.66 (0.23) 0.35 (0.15) 0.85 (0.06) 0.66 (0.27) 0.11 (0.09)
Algl + Alg2 0.85 (0.07) 0.36 (0.21) 0.10 (0.08) 0.87 (0.05) 0.43 (0.23) 0.11 (0.06)
Intra-Obs 0.88 (0.05) 0.28 (0.13) 0.11 (0.08) 0.92 (0.03) 0.24 (0.12) 0.06 (0.04)
Inter-Obs 0.93 (0.05) 0.17 (0.13) 0.04 (0.06) 0.95 (0.03) 0.14 (0.12) 0.03 (0.03)
Plaque Algl 0.77 (0.09) 0.58 (0.28) 0.31 (0.17) 0.79 (0.11) 0.98 (0.56) 0.21 (0.28)
Algl + Alg2 0.85 (0.07) 0.38 (0.26) 0.11 (0.08) 0.82 (0.10) 0.64 (0.41) 0.13 (0.11)
Intra-Obs 0.88(0.05) 0.28(0.13) 0.11(0.08) 0.92(0.03) 0.24(0.12) 0.06(0.04)
Inter-Obs 0.93(0.05) 0.17(0.13) 0.04(0.06) 0.95(0.03) 0.14(0.10) 0.03(0.03)
Bifurcation Algl 0.71 (0.10) 0.77 (0.30) 0.40 (0.22) 0.70 (0.12) 1.50 (0.56) 0.39 (0.38)
Algl + Alg2 0.83 (0.07) 0.47 (0.32) 0.12 (0.08) 0.74 (0.13) 0.99 (0.53) 0.22 (0.20)
Intra-Obs 0.88 (0.04) 0.30 (0.12) 0.09 (0.06) 0.92 (0.02) 0.24 (0.09) 0.06 (0.03)
Inter-Obs 0.92 (0.07) 0.18 (0.21) 0.05 (0.09) 0.95 (0.04) 0.15 (0.13) 0.03 (0.03)
Side Vessels Algl 0.83 (0.07) 0.41 (0.26) 0.21 (0.12) 0.71 (0.12) 1.30 (0.66) 0.39 (0.38)
Algl + Alg2 0.85 (0.08) 0.34 (0.32) 0.11 (0.09) 0.77 (0.12) 0.77 (0.46) 0.16 (0.13)
Intra-Obs 0.88 (0.05) 0.30 (0.13) 0.10 (0.08) 0.92 (0.04) 0.24 (0.11) 0.06 (0.04)
Inter-Obs 0.91 (0.05) 0.20 (0.11) 0.06 (0.05) 0.95 (0.03) 0.15 (0.10) 0.03 (0.04)
Shadow artifact Algl 0.82 (0.08) 0.44 (0.31) 0.22 (0.13) 0.68 (0.11) 1.42 (0.48) 0.33 (0.38)
Algl + Alg2 0.83 (0.07) 0.36 (0.22) 0.11 (0.07) 0.72 (0.12) 1.01 (0.39) 0.12 (0.13)
Intra-Obs 0.88 (0.05) 0.31 (0.13) 0.11 (0.08) 0.92 (0.04) 0.27 (0.15) 0.06 (0.05)
Inter-Obs 0.93 (0.05) 0.18 (0.14) 0.04 (0.06) 0.96 (0.03) 0.14 (0.10) 0.02 (0.02)

a

Algorithm-1.
b Algorithm-2(ad-hoc).
Intra-Observer.

4 Inter-Observer.

0.28 mm for dataset A and B, respectively, compared to the largest using the dataset [6] (Table 6). The empty row in the table means that

search zone box of the OAT experiment. the researchers did not implement their method for that specific cate-
gory of data. Paired sample t-test at the significance level of 5% is used

3.2.2. Comparative quantitative analysis to show whether the metric difference between the proposed method
In this regard, the general performance of the proposed method was and state-of-the-art is significantly different or not. As shown in Table 7,
compared with all the recent studies, which evaluated their methods by the order of comparing the metrics is JM, HD, and PAD. In this table,

(a) (b) (c) (d)
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Fig. 9. (a and b) Linear regression of the ALD in the borders obtained by the proposed method in comparison to ALD in two manual borders obtained by two experts,
(c) linear regression of the ALD of two manual borders obtained by two independent experts, (d) linear regression of the ALD of two manual borders obtained by an
expert over a discontinuous interval (The first and second rows are related to dataset A B, respectively).
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Fig. 10. (a and b) Linear regression of the LA of the borders obtained by the proposed method in comparison to LA of two manual borders obtained by two experts,
(c) linear regression of the LA of two manual borders obtained by two independent experts, (d) linear regression of the LA of two manual borders obtained by an
expert over a discontinuous interval (The first and second rows are related to dataset A B, respectively).

the “+” sign for each metric indicates the distinction and superiority of
the proposed method to the one in the intended previous study, while
the “-” sign for each metric represents the distinction and weakness of
the proposed method, compared to the method used in the previous
work. In addition, the “N” sign for each metric means that there is no
significant difference between the two methods. The empty column
means that the previous study failed to provide any results for this
category.

3.3. Qualitative analysis of border detection process

Fig. 16(a) and (b)display the frames with the various categories for
dataset A and dataset B, respectively. Since dataset B lacks the stent,
guidewire artifact, and catheter one vessel wall artifact, their corre-
sponding positions in Fig. 16 (b) were remained empty. As illustrated,
the lumen and MA borders obtained from the proposed process are
shown with the continuous red and green curve, respectively. Further,
the lumen and MA borders which were obtained manually (first expert
of [6]) are shown with red and green dashed curves, respectively.

Regarding a large number of frames in the datasets, three types of
results including worst, moderate, and best were provided for dataset A
and B in the first and second rows of Fig. 17, respectively, in order to
achieve a further intuitive understanding of the extracted borders. In
this regard, JM was used for ranking the results obtained for borders,

Table 4

although other metrics led to the same result. Furthermore, the visual
evaluation indicates the success of the proposed method in detecting
the lumen and MA borders.

4. Discussion

The present study included two main parts. First, a border estima-
tion theory was presented on the radial profile to investigate whether it
can detect the borders in the synthetic images similar to the IVUS
images. The mean value of 0.92 for JM obtained for a wide range of
PSNRs in the IVUS-like synthetic images confirmed the possibility of the
border detection by using the proposed theory for the images similar to
the structure of the IVUS images.

The qualitative comparison (Fig. 6) related to the border estimation
results for the synthetic image, which is close to the structure of the
IVUS image, indicated the superiority of the proposed method over the
Otsu's method. In addition, this theory is considered as the first step in
the radial border search (a border search on the radial profile) in the
image, which features the capability to implement the parallel proces-
sing independently for each angle. Further, in order to increase the
flexibility and stability of the proposed theory, the WCV criterion was
regularized by using the differential variance term. As illustrated in
Fig. 7, an increase of above 7 dB in the dynamic range and improve-
ment of above 0.05 in the AUC of the algorithm could exhibit the

The position error measurement of the lumen and MA borders, along with the wall thickness error measurement.

Metric

Dataset A Dataset B
Proposed Method Inter-Obs Intra-Obs Proposed Method Inter-Obs Intra-Obs
Lumen Border MaxD 1.33(0.95) 0.83(0.63) 0.56(0.40) 0.37(0.26) 0.27(0.13) 0.16(0.12)
MeanD 0.42(0.26) 0.22(0.16) 0.14(0.10) 0.12(0.07) 0.1(0.04) 0.05(0.03)
MSD 0.01(0.33) —0.04 (0.20) 0.04 (0.11) —0.03 (0.11) 0.07 (0.05) 0.01 (0.04)
MA Border MaxD 1.78(1.07) 1.00(0.81) 0.76(0.52) 0.64(0.41) 0.22(0.12) 0.14(0.10)
MeanD 0.70(0.46) 0.33(0.30) 0.20(0.16) 0.22(0.13) 0.08(0.04) 0.05(0.03)
MSD —0.16 (0.64) 0.12 (0.30) 0.00 (0.19) 0.08 (0.15) 0.04 (0.05) 0.01 (0.04)
Wall thickness WTE 0.51(0.45) 0.28(0.24) 0.14(0.14) 0.16(0.13) 0.07(0.06) 0.03(0.03)
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Fig. 11. Cumulative distribution of the Wall Thickness Absolute (c and d) and Signed Errors between the proposed method and manual borders (a and b) (blue
curves), along with inter- (red curves) and intra-observer (green curves) variabilities (a and c are related to dataset A while (b and d) are related to dataset B.

outstanding superiority of the proposed criterion to the common WCV
criterion. The mean value of 0.92 for JM obtained for a wide range of
PSNRs in the IVUS-like synthetic image confirms the possibility of the
border estimation by using the proposed theory in the images with the
speckle noise similar to the structure of the IVUS images.

Second, a sequential three-step process was suggested based on the
radial threshold theory to extract the lumen and MA borders. The first
step dealt with preprocessing in order to eliminate the effects of

Wall Thickness (cm)
Wall Thickness (cm)

0.75 1 1.25 15
Artery Length(cm)

(a)

L

1.75 2

catheter artifact and calibration square artifact. Notwithstanding the
identical basics, this step features two major advantages compared with
the preprocessing method presented in Refs. [16,17]. First, the removal
of the catheter artifact is accomplished through a single frame. Second,
unlike the methods proposed in Refs. [16,17], the algorithm cannot
lead to a false positive in the case of an input frame with no artifact. In
this study, despite the presence of no catheter artifacts in dataset B,
dataset A contained the catheter artifact. In the next step, the
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Fig. 12. The average wall thickness (the second row), along with the artery borders obtained by the proposed method and the manual segmentation delineated by
experts (the first row): (a) patient #9, (b) patient #10 (Red and green color curves belong to the lumen and Media-Adventitia (MA) borders, respectively).
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Fig. 13. (a) Linear regression of the vessel wall volume obtained by the proposed method in comparison to the volumes obtained manually, (b) linear regression of
the vessel wall volume obtained by two independent experts, (c) linear regression of the vessel wall volume obtained by an expert over a discontinuous interval.

0.4

True Positive rate

0.3

0.2 |

0.1 |

oL L

0.9

0.8

0.7

0.6

0.5

0.4

True Positive rate

proposed method (AUC = 0.880)
Inter-Obs (AUC = 0.95)
Intra-Obs (AUC = 0.98)

0.1

] 0 1 1 L

0.1

02 03 04 05 06
False Positive rate

(a)

0.7 0.8 0.9

proposed method (AUC = 0.930)
Inter-Obs (AUC = 0.99)
Intra-Obs (AUC = 0.98)

L L | I |

0.1 0.2 0.3

1 I
0.4 0.5 0.6 0.7 0.8 0.9 1

False Positive rate

(b)

Fig. 14. ROC curves of the proposed process, along with intra- and inter-observer variabilities in dataset A (a), and dataset B (b) (The AUCs are included in the

legends).
’61 - |G S —— 4+ H A ’61 = v 777777 HHHHH A
° °
gs| F-{ T - —- |+t §5 R 1 F--—-——- Hb 4
x x
8 — ~ } ________ ; " 2 10 ———___/ ) % _______
g 10| F /l‘ 4 b % = —
N o B N
515 —— T e S5 b————— | e B
e [ F : 1 F
e %] —L
@ 20| b —— T }» 777777777 1+ ++ 20| A A —— — — — \ —————— [H-HH -+
0 05 1 15 2 0 01 02 03 04 05 06 07 08 09 1
Wall Thickness Absolute Error (mm) Wall Thickness Absolute Error (mm)
(a) (b)
Fig. 15. The wall thickness absolute error of the proposed process for five search zone box dimensions in dataset A (a), and dataset B (b).
Table 5
WTE for five dimensions of the search zone box in 1 (the proposed search zone box), 5, 10, 15, and 20 degrees
Search zone box (degree) Dataset A Dataset B
20 15 10 5 1° 20 15 10 5 1°
WTE (mm) 0.64(0.51) 0.63(0.49) 0.61(0.50) 0.58(0.48) 0.51(0.45) 0.44(0.15) 0.38(0.19) 0.37(0.18) 0.35(0.19) 0.16(0.13)

2 Proposed Method.

estimation process of the lumen and MA borders was presented. Finally,

an ad-hoc algorithm was proposed to refine the final borders.

Regarding all the three metrics such as PAD, JM, and HD (Tables 2
and 3), the proposed ad-hoc algorithm yielded positive results for all

categories, except for the bifurcation category in the 40 MHz frames

(dataset A). Thus, the entire proposed process proves to have high ac-
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curacy for the IVUS frames without artifact (with/without plaques) for
the lumen and MA border detection in both datasets A and B. Regarding
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Table 6

General performance of the proposed method compared with all the recent studies which have evaluated their methods using the standard dataset [6].

Media B

Media A

Lumen B

Lumen A

PAD

HD

JM

PAD

HD

JM

PAD

HD

JM

PAD

HD

JM

0.13 (0.11)
0.19 (0.18)

0.16 (0.15) 0.84 (0.07) 0.38 (0.26) 0.11 (0.08) 0.75 (0.13) 1.32 (0.99) 0.12 (0.12) 0.82 (0.11) 0.64 (0.41)
0.87 (0.06) 0.30 (0.20) 0.08 (0.09) 0.77 (0.17) 0.67 (0.54)

1.46 (1.23)

0.77 (0.13)

Proposed Method
Faraji et al. [16]

1.22 (0.72) 0.13 (0.15)

0.84 (0.10)

Essa et al. [15]

0.09 (0.07)
0.14 (0.12)
0.06 (0.05)
0.16 (0.09)
0.11 (0.11)
0.11 (0.12)

0.29 (0.17)
0.51 (0.25)
0.34 (0.14)
0.46 (0.30)
0.42 (0.22)
0.38 (0.26)

0.88 (0.06)
0.83 (0.08)
0.88 (0.05)
0.79 (0.08)
0.81 (0.09)
0.84 (0.08)

Jodas et al. [11]

0.19 (0.12)
0.10 (0.12)
0.22 (0.14)
0.11 (0.12)
0.14 (0.17)

1.78 (1.13)
1.16 (1.12)
1.70 (1.09)
1.32 (1.18)
1.20 (1.03)

0.75 (0.11)
0.85 (0.12)
0.72 (0.12)
0.80 (0.14)
0.83 (0.12)

Wang et al. [6]

1.18 (1.02) 0.10 (0.11) 0.91 (0.04) 0.31 (0.12) 0.05 (0.04)

0.86 (0.11)

Destrempes et al. [6,14]

Alberti et al. [6]

1.57 (1.03) 0.14 (0.16) 0.79 (0.11) 0.60 (0.28) 0.19 (0.19)

0.80 (0.13)

Exarchos et al. [6]

Mendizabal et al. [6,41]
Ciompi et al. [6,8]

0.12 (0.12)
0.21 (0.16)
0.23 (0.19)

0.57 (0.39)
0.64 (0.48)
0.76 (0.48)

0.17 (0.14) 0.84 (0.10)
0.76 (0.13)
0.74 (0.17)

1.78 (0.83)

0.76 (0.11)

0.14 (0.13)
0.15 (0.12)

0.47 (0.39)

0.47 (0.22)

0.81 (0.12)
0.77 (0.09)

Unal et al. [6,17]

Downe et al. [6,42]
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the MA border, in the case of the non-artifact frames, the mean value of
JM was equal to 0.9 and 0.87 in dataset A and B, respectively, with the
standard deviation of smaller than 0.05 (Tables 2 and 3). The small
value of the standard deviation of JM at both frame frequencies ac-
counts for the robustness and generality of the proposed process in
terms of selecting the MA border in the non-artifact images. Further, the
proposed process can extract the lumen border in non-artifact frames in
both datasets A and B with the precision close to the golden standard
[6]. Similarly, the proposed process features the capability of high-re-
liability segmentation of the lumen and MA borders for the IVUS frames
in the presence of plaque, stent, side vessel, guidewire, and catheter one
vessel wall. Considering the bifurcation category, the proposed process
is able to extract both lumen and MA borders reliably in the frames of
dataset B, as well as the capability of acceptable extraction of the MA
border in the frames of dataset A. Consequently, the worst case of the
border detection process occurred in the bifurcation category. In terms
of luminal measurement, the very high correlation of ALD in the pro-
posed process with the manual border (r = 0.94), as well as that of LA
in this process with the manual border (r = 0.94) indicated the high
stability and accuracy of the proposed method in estimating the di-
mensions of the luminal area in dataset B. Similarly, the dimensions of
the luminal area with the high correlation of ALD in the proposed
process with the manual border (r = 0.75) was estimated in dataset A,
along with the high correlation of LA in this process with the manual
border (r = 0.74). Regarding the position error measurement, the
MeanD lower than 0.5 mm and 0.17 mm for dataset A and B, respec-
tively, indicates high accuracy of the proposed method in estimating
positions of vessel walls. Regarding the wall thickness measurement,
the mean WTE difference of lower than 0.37 (in case of the both da-
tasets A and B), as well as the very high correlation of the obtained
volume by the proposed process with the manually obtained volume (in
case of the dataset B) confirmed the capability of the proposed method
to use for the clinical aspects. Regarding the sensitivity, the OAT ex-
periment indicates the important role of the search area of the proposed
method to estimate the lumen and MA borders.

In order to compare the proposed method with those proposed in
the previous studies, comparing the proposed method with those pro-
posed for both datasets A and B, as well as the proposed method with all
methods in previous studies were considered. Table 7 indicates the
comparison, along with the positive and negative points. Since the time
of the standard data was provided by Ref. [6], two general methods
were proposed to date for both datasets A and B by Destrempes et al.
[6,14] and Exarchos et al. [6]. Compared with Exarchos's method, the
proposed method has a single negative point for dataset A and two
positive points for the dataset B for the lumen border. In addition, re-
garding the MA border, the proposed method has one negative and two
positive points for dataset A and B, respectively, compared with Ex-
archos's method. Therefore, it is clear that the proposed method has
distinct superiority for both lumen and MA border detections in case of
dataset B although Exarchos's method exhibits relative superiority for
the dataset A. The semi-automatic method presented by Destrempes
et al. [6,14] was recognized as the most efficient method in Ref. [6].
Regarding the comparison between the proposed method and [6,14],
the superiority of its method in both datasets and both lumen and MA
borders is obvious although it is limited by its semi-automatic nature.
Comparing the proposed method with other methods in terms of the
lumen border for the dataset A indicates its similarity with the method
of Wang et al. [6], superiority over that of Alberti et al. [6], and
weakness compared with Mendizabal-Ruiz et al. [6,41]. Further, in
terms of detecting the lumen border in dataset B, the proposed method
could exhibit its superiority over that of Wang et al. [6], Exarchos et al.
[6], Downe et al. [6,42], Unal et al. [6,17] and weakness compared
with Faraji et al. [16] and Jodas et al. [11]. Furthermore, the MA
border detection for dataset A represents the superiority over that of
Ciompi et al. [8] and weakness compared with Essa and Xie [15]. In
addition, the proposed method was shown to have less accuracy only
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Table 7

Statistical significance results for dataset A and B by using the paired t-test at 5%.
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Faraji Essa Jodas Wang Destrempes Alberti Exarchos Mendizabal Ciompi Unal et al. Downe
et al. et al. et al. etal. [6] etal [6,14] et al. [6] et al. [6] et al. [6,41] et al. [6,8] [6,17] et al.
[16] [15] [11] [6,42]
Proposed Lumen-A NNN -N- + N + NN- -NN
Method Media-A -NN -NN -NN N+ +
Lumen-B - - - N+ + + + + + + N NNN + + + + + +
Media-B  + N + + N + --N + N + + + +
Dataset A Dataset B

. y Shadow

Plaque Bifurcation Artifact
Stent Side vessel Guld_ewnre

Artifact

Catheter 1
vessel wall

(0)

(b)

Fig. 16. MA (green) and lumen (red) borders of the frames with different categories in dataset A (a) and dataset B (b). (c) arrangement of the categories in (a) and (b)
(The obtained borders by the proposed method and by an expert [6] are shown with the continuous and dashed curves, respectively).

Dataset A

Dataset B

Fig. 17. MA (green) and lumen (red) borders of frames for dataset A (the first row) and dataset B (the second row): (a) worst performance, (b) medium performance,
(c) best performance (The obtained borders by the proposed method and by an expert [6] are shown with continuous and dashed curves, respectively).

than that of Ciompi et al. [6,8], although it is superior to the method of
Downe et al. [6,42], Faraji et al. [16], and Unal et al. [6,17] in terms of
the MA border detection in case of dataset B.

In the frames with bifurcation, the MA border (and consequently
lumen border) is not completely visible in the image due to the
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penetration depth limitation of the IVUS imaging. The proposed theory
relies on such a problem. Regarding the proposed RWCV criterion,
when there is no distinct border at the radius of the image, the uni-
formity of the RWCV at any point of the radius causes the radial
threshold to incline toward the value equal to half of the image radius,
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which results in occurring a cutting with high slope for the MA border
within the border estimation process. Consequently, since the lumen
border estimation is limited to the selected radius of MA border and due
to the lack of a border in the region of interest, the lumen border in-
clines toward being half of the MA border radius. However, the pro-
posed ad-hoc algorithm detects this sudden change in the border and
estimates the correct border by removing the incorrect border and using
interpolation. If a region with no clear border is large in relation to the
entire image, a reduction occurs in the reliability of interpolation,
which results in estimating the borders incorrectly (Fig. 16). Obviously,
with regard to the sequential procedure of the proposed process, the
sensitivity of the lumen border estimation in the images with bifurca-
tion becomes higher than that of the MA border. Accordingly, the mean
value of JM reduced by 0.64 for the lumen border in the images with
bifurcation. Investigating this metric for the lumen and MA borders,
along with the results presented in Fig. 16, indicates the effect of bi-
furcation dimensions on the accuracy of border extraction. First, it
seems that the removal of a relatively large area by the ad-hoc algo-
rithm and subsequent interpolation of that range occurs in other cate-
gories such as shadow artifact and stent. However, the proposed ad-hoc
algorithm is reliable in such cases since the vessel geometry in these
categories has a structure resembling a closed curve. Such a claim is
confirmed by the mean JM values of 0.80 and 0.71 for the lumen and
MA borders, respectively, in the stent category and the JM values of
0.77 and 0.72 for the lumen and MA borders, respectively, in the
shadow artifact category for dataset A. Similarly, regarding dataset B,
the mean JM values of 0.72 and 0.83 for the lumen and MA borders,
respectively, were improved, compared with the values of 0.82 and
0.83 for the lumen and MA borders, respectively, before applying the
ad-hoc algorithm.

Apart from the above-mentioned points, the major advantage of the
proposed method lies in the proposed radial threshold theory. The
proposed method, in addition to being automated, is capable of esti-
mating the lumen and MA borders for each angle independently. Thus,
the border search process can be implemented for a polar image in a
parallel processing structure. In addition, the number of determinant
angles of the border can be decreased or increased to control the pro-
cessing load. Further, this method can be generalized to extract the
borders in the IVUS longitudinal-mode images, which is widely used to
register the IVUS sequences.

5. Conclusion

In the present study, a single-frame universal process was presented
based on a new statistical method. For this purpose, a border search
theory on the radial profile was proposed first in order to provide the
independence of the border extraction process at any cutting angle from
the other angles. This theory was based on a nonparametric statistical
technique, which eventually led to the definition of a new threshold
called “radial threshold”. Then, a three-step process based on this
theory was proposed to extract the lumen and MA borders in the IVUS
frames. The first step included preprocessing, the Cartesian-to-polar
coordinates conversion, and removal of the artifact effects. During the
second step, a sequential algorithm was proposed for the lumen and MA
border extractions based on the proposed theory. Finally, an ad-hoc
procedure was proposed for detecting, labeling, removing, and com-
pensating the discontinuous borders.

The proposed method was evaluated in two stages by means of two
datasets. The first dataset included the synthetic images similar to the
structure of the IVUS image with the speckle noise for different PSNRs,
which was used in evaluating the radial threshold theory and regular-
ized criterion. The second dataset was a standard publicly available
dataset acquired by two different 20 and 40 MHz probes by comparing
the proposed method with those of previous studies. Based on the re-
sults, the proposed method was close to the best method for the frames
acquired by the 40 MHz probes featuring an obvious superiority to the
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gold standard among all existing methods for the frames acquired by
the 20 MHz probes.

Further studies can be conducted for developing the proposed
method to extract the vessel walls of a sequence in the IVUS long-
itudinal-mode image. In addition, the proposed theory can be evaluated
to segment the images having a radial profile such as intravascular
optical coherence tomography (IVOCT) images.
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