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corrupted by strong artifacts around the stent which originate
from physical interactions between X-rays and the metallic
stent. To the best of our knowledge, there exists no dedicated
method to confidently segment stents in such images in an
unsupervised fashion. As a consequence, people still use
simple approaches such as manual thresholding which fails in
complex cases. Thus, such cases are discarded from clinical
data sets despite their medical interest [16].

A. Our experimental data

Our images consist of X-ray scans (CT and mCT) of stents
from the Geprovas database [11]. Our data thus consist of
cubes of grayscaled voxels. Such a dataset is challenging
because of the heterogeneity of the data linked with the stent
model, the presence of calcifications, the stent deterioration,
the device used for image acquisition and the wide variety of
failure causes. Some slices of these data cubes are visible in
Figure 1, where the stent artifacts are notable.

B. Stent segmentation in medical data

We now give a brief overview of the work achieved by other
researchers to perform stent segmentation in medical images.
Relatively few works deal directly with the topic.

Works such as [9] or [10] that also address stent segmenta-
tion are not suitable for us since they do not consider the
stent in a calcified environnement. Calcifications and stent
are so close in appearance and sometimes in geometry that
dedicated methods need to be developped to distinguish both
classes during segmentation. Moreover, we have to discard
approaches such as [5] since they are stent specific and we
need our method to be independent on the stent model to
process our data.

Abstract—We propose a new methodology for the segmentation 
of stents in 3D X-ray acquisitions. Such data are often corrupted 
by strong artifacts around the stent, requiring the development 
of a robust algorithm: because of the medical application, we 
need to produce an accurate segmentation. Moreover, we aim at 
developping a robust technique that can handle heterogeneous 
data. We propose a two-step, coarse-to-fine a pproach, t hat han-
dles the corrupted cases. This approach leads to satisfying results 
that we illustrate in the context of metallic artefact reduction.

Index Terms—image segmentation, probabilistic and statistical 
models, metal artifacts, X-ray imaging

I. INTRODUCTION

Stent has become a standard treatement to cardiovascular 
diseases. Yet, its in vivo behaviour is far from being fully 
understood [11]. The amount of medical images is constantly 
growing offering new opportunities to learn from clinical
cases. The interactions between the stent struts and the cal-
cifications a re b elieved t o b e a  m ajor c ause o f f ailure o f the
treatments based on the implantation of a stent. The study of 
such interactions by combining information of both CT and
micro-CT (mCT) scans1 is a new approach to the problem and
requires the development of new imaging tools able to finely 
segment the metallic stent components.

The most complex images to process often include a broken
stent in a calcified e nvironnement. T he i mage i s a lso often
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1CT scan images are the clinical standard data while mCT scan images are 
acquired during studies subsequent to the explantation of the stented artery. 
The latter offer a much better resolution.



(a) mCT scan

(b) CT scan

Fig. 1: Example of input data (2D views), we see the complex
environnement in which the stent lies: artifacts and calci-
fications are notable. Some stent, calcification and artifact
components are indicated by, respectively, red, blue and green
arrows. We note the resolution differences between CT scans
and mCT scans.

However, the problem of stent segmentation is somehow
very close to the problem of blood vessel segmentation (see
[12] for a review on the topic which concerns traditional ap-
proaches). Notably, some multi-scale filters have met success
in the task of blood vessel segmentation [6] [14], these meth-
ods will be used for comparisons in the result section. During
the last years, deep learning approaches are performing state
of the art results in the context of supervised segmentation.
Results using this technique are also available for 3D vessel
segmentation [13], and could potentially be adapted to 3D
stent segmentation. However, this goes out of the scope of
this article which deals with unsupervised segmentation.

Finally, a point should be made about a very close and
active research topic which is that of Metal Artifact Reduction
(MAR) [17] [19]. MAR focuses on improving the quality of
images corrupted by metallic artifacts. As opposed to this
litterature we do not aim at reconstructing the original image
with reduced artifacts: the purpose of this article is to precisely
perform segmentation in presence of artifacts. However, since
many MAR approach first relies on a segmentation of the
metallic elements in the image, the work presented in this
article contributes to the improvement of MAR techniques.
This will be explored in the last section of this article.

II. FINE AND UNSUPERVISED STENT SEGMENTATION

This section step-by-step describes the whole segmentation
process to segment stents in X-ray scans corrupted by artifacts.
In this unsupervised segmentation problem two classes are of
interest, we call them the stent class and the rest class. Figure 2
summarizes the whole process.
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Fig. 2: Diagram of the fine stent segmentation step.

A. Preprocessing for a coarse segmentation

In this section we present an approach for a first coarse
segmentation of the stent which will serve as an initialization
of a probabilistic fine segmentation method. Those algorithms
correspond to the Preprocessing section of Figure 2.

The Frangi filter [6] is first performed and we keep only
voxels whose probability to belong to a tubular structure is
above a certain threshold (dependent on the nature of the
image we want to segment). A region-growing algorithm
is performed in 3D to select only the biggest connected
component. A watershed algorithm [8] is performed on
every slice to separate connected components that should be
disjoint but still appear stuck together because of the artefacts.

Remark: A step of upsampling is needed for images of very
low resolution such as CT scans (see, e.g, Figure 1b). The
idea is that the stent parts on the image should be increased
up to a certain width (we used 10 pixels in our applications)
so that the successive filters used for segmentation show
responses.

Remark: The Frangi filter is the most important part of the
Preprocessing pipeline. The subsequent HMC algorithms can
be seen as a statistical refinement of the Frangi filter response,
increasing the robustness of the latter.

B. Fine segmentation with Hidden Markov Chains

A fine segmentation step is needed to recover the smooth
and regular stent shape. Moreover this refinement step
should not require any prior knowledge about the stent
structure due to the heterogeneity of the data. The Hidden
Markov Chains (HMC) are an intuitive way to introduce
dependence between neighboring voxels to get the desired
processing on the stent [1]. The novelty of our approach
also lies in the choice of the HMC path and in the noise model.



Fig. 3: The HMC path illustrated on 3 successive slices.

1) The HMC path: When using a HMC to segment an
image, one must carefully consider its path through the image,
i.e. the 3D image data must be ordered into a 1D sequence.
A classical way to do this for the whole data cube is to use a
3D Hilbert-Peano scan, as applied in [2].

However, we propose another kind of path to handle the
artifacts. Each connected component (of the stent class from
the coarse segmentation) of each slice is visited using a snail
path (snail paths are described in [18]). The sense of rotation
is alternated between the snails path. This way, physical
continuity in the path is simulated, gathering all the stent parts
in a 1D sequence which allows efficient computation. Such a
path is particularly suited to get a smoothed and regular surface
for tubular structures [4]. Moreover, in the HMC model one
has to learn the transition probabilities between the classes. A
small morphologic dilation is then performed over the result
of the coarse segmentation for the snail path to be a little
bigger than the connected components isolated during the
coarse segmentation. Thus, we make sure that all the voxels
belonging to the stent class are part of the sequence of pixels
to classify.

Figure 3 illustrates our choice for the path of the Markov
chain through the slices of our data cubes.

2) The HMC model: We follow the statistical approach also
developped in [4]. We refer the reader to the latter article
for all the details about the statistical modeling. In our work,
the hidden variables take the value of stent or rest forming
the segmentation image. The observed variables represent
the pixel values of the observed scan. The unsupervised
parameter estimation is carried with the Stochastic Expectation
Minimization (SEM) algorithm [3].

3) Improving the noise model to handle strong artefacts:
Classically, such as in [4], the noise model in an HMC is
chosen to be a mixture of Gaussian laws (MoG). Similarly to
[15], we propose to work with a noise model involving mixture
of exponential laws (MoE) to improve the results. Indeed, "all-
or-nothing" behaviour enabled by using the exponential law
seemed particularly suits to handle the strongest artifacts. The

exponential probability density function is given by:

f(x;λ, δ) =

{
λ exp (−λ (x− δ)) x > δ

0 x ≤ δ,
(1)

where (λ, δ) ∈ (R+∗,R) are the new parameters to estimate
for each class in the SEM procedure.

Moreover, a likelihood score comparison was conducted and
we showed that exponential laws fitted better the empirical
distribution (obtained after the coarse segmentation) for the
stent class and the rest class than the gaussian laws.

III. RESULTS

A. Unsupervised stent segmentation results on CT and mCT

The task of unsupervised segmentation in X-ray scans is
a complex problem. Notably, artifact and calcification pixels
are close to the stent pixels both in intensity, geometry and
localization, which tends to produce stent false-positive pixels
with the common algorithms mentionned above. We begin by
illustrating segmentations by our fine segmentation method,
the RORPO filter2 segmentation [14], the manual thresholding
segmentation and the Frangi filter2 segmentation [6]. The
last two approaches are still the most common approach for
metallic stent segmentation. Note that all methods operate
in 3D but 2D slices are first presented for a better visual
assessment of the results. Figure 4 illustrates the unsupervised
segmentation experiments. Figure 5 illustrates some segmented
3D meshes of broken stents.

The absence of ground truth forces us to qualitative as-
sessment of the segmentations. Our algorithm is the most
likely to offer a precise refinement over the stent pixels as
well as avoiding false positive resulting from calcifications or
artefacts.

It is notable that the results from the three methods we
compare our method with depend on a final step of manual
thresholding. On the contrary, our algorithm does not need
such manual intervention since the statistical refinement is
fully automatic, avoiding a time consuming step for the expert
which is also subject to the operator subjectivity.

B. Application to MAR

As stated in the introduction, we can apply our new metal
segmentation method to improve Metal Artifact Reduction
(MAR) procedures. Beam Hardening Correction (BHC) is
built upon the Linear Interpolation (LI) technique and they
form the most classical approaches to MAR [17] [19]. This
section shows, through Figure 6, on various CT scans, that
we are able to restaure images with reduced artifacts using
our fine statistical segmentation followed by BHC. Results are
compared to a manual segmentation, to a segmentation based
on Frangi filter and to a RORPO-based segmentation, all three
followed by BHC. Such results highlight the importance of the
metallic segmentation step in MAR problems.

2 This filter response over the data cube is manually segmented afterwards,
with a global threshold.
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Fig. 4: Unsupervised stent segmentation of stents in different scans, with different methods. The scales used in the Frangi filter
are {3, 6, 9}. The scales used in the RORPO filter are {100, 150, 200}.

Fig. 5: 3D view of segmented mCT of stents from the database.
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Fig. 6: MAR with the BHC algorithm when using different metal segmentation techniques. The last row, which is the one
including our segmentation technique, shows restaured images less affected by the artifacts. This can be seen especially in the
center region of the stent. Artifacts may be hard to see on the original slices because of the image dynamic range. The scales
used in the Frangi filter are {3, 6, 9}. The scales used in the RORPO filter are {100, 150, 200}.

C. Effects of the mixture of exponential

This last subsection illustrates the refinement introduced by
the use a noise model involving a mixture of exponential laws,
which better reflects the nature of the artifacts in the images.
Indeed, as depicted in Figure 7 on two cases with very strong
artifacts, the recovered stent structure is much thinner and
much more circular as the original metallic structure of the
stent.

IV. CONCLUSION

In this article we developped an automatic and unsupervised
segmentation technique for metallic stents in complex and
corrupted images. It is suitable in CT and mCT images.
Using a dedicated statistical construction, our novel algorithm

is robust to artifacts and to calcifications and constitutes an
improvement over classical segmentation techniques of noisy
tubular structures. We proved the interest of our approach for
the problem of metallic artifact reduction.

Further work might consider complexifying the noise model
to take into account the correlated noise, which has been
proven possible within the Hidden Markov Models family [7].
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Fig. 7: 3D segmentation of two stents via manual thresholding
(Thresh.), MoG approach and MoE approach.
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