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hierarchical grouping method to overcome the mentioned
difficulties. They presented a pixel grouping and local and
global segment ordering schema for perceptual organization
of segments. Their experimental validation showed that their
method is robust and efficient in extracting the guide-wire
from fluoroscopic images. Nevertheless, the method only
focused on segmentation purposes and its computational
performance is not suitable for real-time tracking of the
guide-wire which is indeed of great interest for device
localization applications.

Abstract— Stent placement is a procedure to cure the

narrowing of the coronary artery lumen due to plaque
progression. In recent years, many solutions have been
proposed on adopting computer assisted stent
positioning systems for proper placement of the stent
and apposition on the vessel wall. However, fast and
accurate localization and tracking of the stents in
conventional X-ray images is not sufficiently investigated
in the literature. In this paper, a new method is proposed
which is based on automatic detection of two radioopaque landmarks of the stent. It improves the stent
localization and tracking by filtering spurious markers
and artifacts, causing a significant reduction in the
number of outliers and misdetections. The validation
results show that the proposed algorithm is suitable to be
applied in routine clinical procedures.

Some other methods in this category are based on local
segmentation of therapeutic device (i.e. balloon or stent)
through detecting the apparent features of the device (e.g.
marker-balls) instead of segmenting the whole guide-wire or
catheter. There has been a considerable interest on the
segmentation of medical devices for endovascular
interventions in both technical [11-16] and medical
perspectives [17-19]. The enhancement methods focus on the
improvement of the ability of an observer to detect guidewire or therapeutic device in live image sequences. In a
study conducted by Kompatsiaris, et al. [15], a method for
extracting the stents in medical images was proposed. They
focused on visibility of the stent after stent deployment in the
angiographic images. Their method comprises of forming 3D models of stents; deriving a set of 2-D models using
perspective rules; matching said 2-D models with real-time
angiographic images in a training phase; roughly detecting a
stent in an angiographic image using a set of 2-D models and
maximum likelihood criteria and refining the borders of the
roughly detected stent using an active contour model. The
problem with this method is that the computational burden of
the algorithm makes it unsuitable for real-time
implementation. Another related research work has been
published without explanation of details and documented
results [20]. They proposed a system for precise real-time
localization of the stent and accurate device deployment
during coronary device positioning. The method consisted of
three main steps: 1) diagnostic stage for acquiring reference
image data from a 3-D model and last injection image from
the last sequence of contrast injection 2) guide-wire
navigation which involves identification and tracking the
balloon marker-balls using special preprocessing, correlation
technique and motion consistency verification 3) Image
registration wherein markers in current image and traced
artery segment in reference image are translated to a vessel
in the last injection image by employing ECG-gated frames.

Keywords- coronary artery, guide-wire tracking, stent,
X-ray imaging.

I. INTRODUCTION
Recently, there has been a great interest in incorporating
tracking algorithms to improve guide-wire navigation and
device localization during percutaneous transluminal
coronary angioplasty. Generally, guide-wire tracking
algorithms fall into two major categories. The first category
involves implicit segmentation methods for estimating a
probability of belonging to a linear segment for each pixel
(e.g. pixel classification algorithms) followed by pixel
grouping and segment ordering steps. The main objective of
these methods is to delineate the whole guide-wire using low
level operations such as edge detector filters [1], template
matching [2], Vesselness measure [3, 4], AdaBoost pixel
classification [5, 6] and many others.
The second category of methods aim at directly detecting
the guide-wire using either a voting mechanism [7] or
machine learning methods [8, 9]. The main idea is to develop
a classifier to learn different patterns of guide-wire
appearance and extract the matched objects from the image.
However, it is observed that the difference between pose and
scale of the learned patterns and image objects may hamper
the process. On the other hand, the process of chaining the
detected segment to obtain a complete guide-wire is often
unsuccessful due to sensitivity of some methods to outliers
and misdetections [2, 10]. Honnorat, et al. [5] presented a
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Finally, detected guide-wire or device is displayed on the 3D reconstructed image. They also calculate some necessary
parameters such as direction and curvature of the artery at
guide-wire end point and local distance to bifurcation.
However, in addition to tracking failures described by the
author, their method requires pre-reconstruction of coronary
vessel tree and acquisition of ECG-gated frames which are
not always available in routine clinical procedures. In
another discipline, Close, et al. [14] proposed a general
framework for stent enhancement by motion layer
decomposition. They assume that a single view X-ray image
consists of several motion layers corresponding to different
objects in the image. Having identified the motion of an
object, the pixel intensity values of that motion layer can be
estimated by a temporal averaging of the object’s pixel
values along the trajectory of the object. They reduced the
problem of detecting the motion layer for the stent, to
detecting the position of the stent marker-balls in the image
sequence. Similarly, Florent, et al. [21] described an
algorithm to enhance the stent through balloon marker-ball
tracking with limited user interaction. Both methods only
consider the marker-balls for estimating the motion of the
stent which leads to misregisteration when the stent motions
occur independently relative to the land mark motions.
Bismuth, et al. [12] presented a non-linear registration
approach to address the mentioned problem. Their
registration method uses the segmented guide-wire between
the marker-balls and apparent motion of the marker-balls to
compute the motion field of the image area occupied by the
stent. They demonstrated that employing the guide-wire
joining the markers, significantly improves the quality of the
stent image. However, their marker-ball detection process
needs to be improved as it does not validate potential
markers prior to building tracks of marker pairs and,
therefore, the landmark detection process deals with a large
number of outliers and misdetections.

distribution of the candidate marker-balls. This results in
reducing the search space and improving the performance of
the tracking algorithm. The third step comprises of finding a
marker-ball pair in the current frame that matches with the
marker-ball pair found in the previous frame. Matching is
performed based on several similarity measures and motion
constraints such as the distance between the markers,
proximity of the pairs and a priori knowledge of device.
Once a pair of reliable markers is identified, the fourth step is
to track them through the frame sequence. In the following
sections we present those aspects of the stent localization
approach necessary to marker-ball detection; we do not
discuss the details of the object matching and tracking steps
as they are previously described in the literature.
A. Detection of the Stent Markers
Fig. 1 shows an example fluoroscopic frame, acquired
during the stent navigation procedure, which includes a
catheter, a guide-wire and a stent which is indicated by its
markers. As can be seen in the frame, the marker-balls
occupy only a small part of the image, a very few suitable
methods can be applied for stent marker-balls detection in
fluoroscopic frame sequences. For tracking the small objects
in the image, point representation is usually an appropriate
method for object detection. Specifically, the solution is to
consider the marker-balls as two local minima or local
maxima points connected by their supporting guide-wire
where each marker-ball can be represented by its local
maxima pixel or centroid. This is close to the problem of
detecting microcalcification spots in digital mammograms
[22, 23]. Based on the spot detection methods, the markerballs can be characterized by circular or elongated spots in
the angiogram. Blostein and Ahuja [24] showed that
Laplacian of Gaussian kernel (LoG) can be used to detect
small spots if the size of the kernel is chosen appropriately.
The Laplacian kernel is obtained by calculating the
second derivative of the 2-D Gaussian function:

This paper aims to propose a new marker-ball detection
method for enhancing the accuracy of stent localization and
tracking in fluoroscopic sequences. The method introduces a
new technique for detection of stent-markers and filtering
false and spurious marker-balls in a fluoroscopic image in
order to track them in a frame sequence. The paper is
organized as follows. Section II presents the proposed
method. Section III, provides the results and discussion on
the analysis of the algorithm’s performance. Section IV
concludes the paper.

(1)
where
denotes the scale of the filter in pixels which is
defined as the diameter of the central lobe in the 2-D
Laplacian filter and
is the normalization factor to
ensure that the response of the kernel is the same if the
kernels with different scales are directly compared to each
other [24]:

II. THE PROPOSED METHOD
The general solution to stent localization and tracking
consists of four major steps as follows:
1.

Detection of stent marker-balls in a single
frame.

2.

Filtering false detections and spurious markerballs.

3.

Object matching and data association analysis.

4.

Tracking the stent marker-balls in a sequence of
angiogram images.

(2)
The scale-space convolution of the original image and the
Laplacian kernel is defined as follows:
,

(3)

For different scales of , the size of the kernel is chosen
to be
[25]. The examples of the mentioned normalized
Laplacian filter kernels for different scales are shown in Fig.
2. The result of applying the LoG kernel to an image is a
matrix (with the same size as the original image) in which
every element represents the response value of the kernel at
the corresponding image coordinate. By examining a large
number of clinical sequences, it can be observed that the
marker-balls are typically a pair of ellipses of large axis
between 7 to 10 pixels in a given range of intensity values
which make them differentiable from their surrounding area,

The first step involves searching for spot-like objects that
are likely to be one of the marker-balls in the angiogram and
maintaining a set of candidate positions for each frame of the
sequence. The second step is to filter out false detections
(that are due to noise or image artifacts) by discarding
unreliable candidates based on the appearance and intensity
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see Fig. 3. Therefore, a single scale of =10 is selected for
the LoG kernel, resulting a kernel of size 30x30 pixels.

Fig. 4: The result of applying normalized Laplacian of
Gaussian kernel on an example angiogram: (a) original
image (b) local maxima points found on the filtered
image which are indicated by squares.
B. Filtering False Detections and Spurious Marker-Balls
Certainly, the resulting image obtained by applying the
LoG kernel contains many local maxima that do not
correspond to stent marker-balls. Hence, discriminative
features of marker-balls’ appearance can be used to eliminate
the false local maxima and reducing the search space for the
tracking algorithm. In order to differentiate between the
potential markers and false detections, the proposed idea is to
segment the area of the original image that occupied by each
local maxima point and its neighboring pixels within a
particular neighborhood distance. Specifically, the pixels in
the area are classified into object-pixels and backgroundpixels based in their intensity values using the automatic
thresholding method proposed by Otsu [26]. The result is a
circular binary image which represents the object-pixels on
the local background. Fig. 5 illustrates a sample result of
applying the proposed technique to different areas identified
as local maxima points. It can be clearly seen that the pixels
correspond to actual marker-balls tend to be centered and
compact while the results correspond to the false detections
exhibit sparse and decentralized patterns.

Fig. 1: A fluoroscopic frame (courtesy of UKM Medical
Center, Malaysia) containing a catheter, a guide-wire
and a stent with balloon marker-balls.

Fig. 2: Normalized Laplacian of Gaussian kernels for
scales (a)
(b)
(c)
.
In the next step, the response image is sought for local
maxima locations in order to collect a set of candidate
locations for the stent markers. Fig. 4 illustrates the local
maxima locations after applying a 30x30 on an angiogram
image.

Fig. 3: (a) A frame selected from an angiogram
sequence. (b) The magnified area of the white box shown
in image a.

Fig. 5: The results obtained from applying the
thresholding segmentation technique to local maxima
points in different areas of the image. Images a, b and c
show the segmentation result at actual marker-balls,
while d, e and f show the segmentation results at false
detections.
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Several shape descriptors can be utilized as the measure
of circularity or ellipticity of the segmented objects such as
ratio of principal axes, convexity and compactness defined in
[27] or moment invariants or elliptic variance suggested by
[28]. In the fluoroscopic frames, the marker-balls are
typically projected as an elliptic shape and it seems logical to
use elliptic shape descriptors. However, due to the existence
of outliers and in order to consider the distribution of the
separateness of the segmented components, the compactness
measure defined in [27] is utilized to validate the shape of
the segmented object. According to their paper, the
compactness measure is defined as:

(6)
The proposed marker-ball detection algorithm executed
on the dataset and the above mentioned performance
measure is computed for each image sequence. According to
our observations over all sequences, the algorithm exhibits
87% reduction in the number of false detections before
starting the object matching process. This results in
significant improvement in the performance of the stent
localization and tracking algorithm. Fig. 6 illustrates a
histogram which contrasts the success rate of the algorithm
in the case of merely using object matching and translation
consistency criterion for marker-ball detection with the case
in which the proposed filtering technique is used before the
object matching step.

(4)
It reaches the minimum of
in a circular object and
approaches infinity in thin and complex objects. In the binary
images, the perimeter is calculated as the number of pixels
with value “1” that have at least one neighboring pixel with
value “0”. In our case, however, the compactness of an
object is compared with a perfect circle, i.e. to calculate the
compactness of the detected object with the area of pixels,
the ratio of the perimeter of a circle with the same area to the
perimeter of the detected object is calculated:
(5)
where
. Given a constant area , the perimeter of
a complete circle is always smaller than any other object.
Therefore, the maximum value of the above compactness
measure is 1 which is obtained when the detected object has
circular shape and its minimum value approaches to 0 if the
detected object has a complex and irregular pattern. It should
be noted that this method does not take into account the size
of the object. Therefore, a criterion of object size is also
included in the shape validation process. By examination of
several angiographic sequences, the average area occupied
by the stent marker-balls in no-zoom angiograms and the
corresponding standard deviation was measured and used to
define the minimum and maximum threshold for validating
the size of the detected object. Accordingly, the regions with
areas smaller than the minimum threshold and larger than the
maximum threshold are eliminated. According to the
observations on our dataset, the minimum area of 20 pixels
and the maximum area of 70 pixels are found to be suitable
threshold values for the object size verification.

Fig. 6: The comparative success rate obtained from
applying the proposed filtering technique before object
matching process.
IV. CONCLUSION
In this study, we presented an efficient approach to stent
localization and tracking through the detection of the stent
landmarks in fluoroscopic frames. The proposed method
incorporates shape-based information of marker pairs to
identify a pair with consistent shape over the frame
sequence. The most original contribution of the proposed
method is the validation of the potential markers prior to
building tracks of marker pairs which causes the landmark
detection process to avoid dealing with a large number of
outliers and misdetections. Performance validation results on
a large number of clinical sequences showed that the
proposed algorithm can be potentially applied in real-time
stent positioning systems.

III. RESULTS AND DISCUSSION
In the next, we conducted an experiment to verify the
effectiveness of our approach. We are interested in
evaluating how well the marker-ball filtering algorithm is
capable of increasing the success rate of the detection
algorithm by maintaining the correct markers and removing
spurious objects over the fluoroscopic frame sequences. To
this end, a ground truth dataset consisting of a large number
of clinical image sequences (264 sequences acquired from 42
PCI examinations) is prepared. In each frame, the positions
of the two marker-balls are marked by an operator so that the
selected position lies inside the area occupied by the marker.
However, since the exact location of the marker’s centroid is
unknown, a neighborhood distance of pixels is defined as
an acceptance range. An experiment was conducted to
compare the position of the detected marker-balls with
corresponding ground truth position on every frame. Having
the ground truth and detected positions in hand, the success
rate of the algorithm can be defined as:
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