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Abstract. Deformable guide-wire tracking in fluoroscopic sequences is a chal-
lenging task due to the low signal to noise ratio of the images and the apparent
complex motion of the object of interest. Common tracking methods are based
on data terms that do not differentiate well between medical tools and anatomic
background such as ribs and vertebrae. A data term learned directly from fluoro-
scopic sequences would be more adapted to the image characteristics and could
help to improve tracking. In this work, our contribution is to learn the relation-
ship between features extracted from the original image and the tracking error. By
randomly deforming a guide-wire model around its ground truth position in one
single reference frame, we explore the space spanned by these features. There-
fore, a guide-wire motion distribution model is learned to reduce the intrisic di-
mensionality of this feature space. Random deformations and the corresponding
features can be then automatically generated. In a regression approach, the func-
tion mapping this space to the tracking error is learned. The resulting data term is
integrated into a tracking framework based on a second-order MAP-MRF formu-
lation which is optimized by QPBO moves yielding high-quality tracking results.
Experiments conducted on two fluoroscopic sequences show that our approach is
a promising alternative for deformable tracking of guide-wires.

1 Introduction
During the last decade, the success of angiographic interventions relied on the ability
of physicians to navigate in the patient’s anatomy based only on their mental three-
dimensional representation of the human body as well as on the haptic feedback from
the instruments. Recent advances in computer aided planning and navigation techniques
offer great potential of minimizing the risk of complications and improving the preci-
sion. In the case of angiographic applications, the most common imaging modality is
X-ray fluoroscopy. Currently, in order to monitor guidance procedures, a roadmap, e.g.
a digital subtracted angiography (DSA) showing vessel anatomy, is computed during
the intervention. Unfortunately, such roadmaps cannot directly be fused with the intra-
operative fluoroscopic sequence due to misalignment caused by respiratory motion. A
fundamental step toward a successful integration of any navigation application into clin-
ical routine is the estimation and compensation of such respiratory motion.

Determining this spatio-temporal information is a challenging task due to the fact
that fluoroscopic X-ray images have a low signal to noise ratio, are subject to big
changes in contrast and suffer from background clutter in the abdominal area. More-
over, the apparent motion of the guide-wire is a combination of multiple components.
The major motion in the chest is caused by patient breathing. A second, deformable
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component results from forces applied to the guide-wire by the physician and by sur-
rounding organs which are subject to non-uniform motions during the breathing cycle.
Furthermore, the guide-wire may sometimes partially vanish.

A recent approach dealing with the problem of guide-wire tracking in fluoroscopy is
[5]. In this work, Heibel et al. proposed a scheme for deformable tracking based on a
MAP-MRF formulation. However, their data term does not differentiate well between
medical tools and anatomic background such as ribs and vertebrae. A learned data term
being more robust and adapted to the image characteristics of fluoroscopic sequences
could help to further improve the tracking. Since MRF formulations are derivative free
optimization procedures, they ease the integration of such learning based energies for
which analytical derivatives are hard to derive if possible at all. Learning permits to
model complex relationships between the information contained in the images and the
quality of alignment.

In the context of guide-wire tracking, we can distinguish two kinds of learning ap-
proaches: First, methods for the detection of the guide-wire in each frame and second,
methods used for learning a data driven energy. A learning-based tracking approach
by detection based on marginal space learning was presented by Barbu et al. in [1].
Later, Wang et al. proposed in [11] the combination of learning-based detectors and
online appearance models. In the case of energy learning, Nguyen et al. [7] addressed
the problem of modeling the error surface of parametric appearance models in order
to minimize the number of local minima for image alignment and recently Pauly et
al. suggested in [8] to learn the statistical relationship between two different imaging
modalities to model a data term for multi-modal rigid registration.

In this work, our contribution is a learning approach for deformable tracking: we
propose to learn a data term based on the relationship between features extracted from
the original image and the tracking error. As features, we introduce local mean or-
thogonal intensity profiles representing information contained in the original image.
Since deformable transformations have a high number of degrees of freedom, the in-
trisic dimensionality of the space spanned by these features is high. However, typical
guide-wire deformations are lying on a subspace we propose to learn to reduce the com-
plexity of our problem. A set of random deformations is then generated automatically
and applied to the ground truth position of the guide-wire on a single reference image.
A training set of data points from the corresponding local mean orthogonal profiles and
their associated tracking error values is thereby created. Learning is then performed on
this dataset with a support vector regression. The resulting data term is integrated into
a tracking framework based on a MAP-MRF formulation which is solved with higher-
order clique reduction techniques. Due to the higher-order nature of our problem and
since we are dealing with non-submodular energy functions we chose a combination of
the recently proposed reduction scheme of Ishikawa [6] and the QPBO [4] optimizer
supporting improvements in order to deal with unlabeled nodes [9].

The remainder of the paper is organized as follows: Section 2 presents our regres-
sion approach to define an optimal data term for guide-wire tracking. Section 3 reports
experiments performed on two fluoroscopic sequences. Results show that our approach
presents a promising alternative for guide-wire tracking in fluoroscopic sequences. Sec-
tion 4 concludes the paper and gives an outlook on future work.



A Machine Learning Approach for Deformable Guide-Wire Tracking 345

2 Methods

2.1 Problem Statement

The goal of tracking is to identify the relative motion of an object in a series of con-
secutive frames. In most tracking algorithms, we can distinguish two phases: first, the
detection of the object of interest in the initial frame followed by the actual tracking
in each new frame given previous positions. In this paper, we focus on the problem
of tracking a guide-wire through a fluoroscopic sequence knowing its initial position.
Let us denote C our guide-wire model and {It}t∈{0,...,T} the set of consecutive images
in which we want to track the guide-wire. In fluoroscopic images, guide-wires appear
as curvilinear structures which can be represented as B-spline curves. The advantage
of such a representation is its low-dimensionality, its implicit smoothness and its local
support of control points. Our guide-wire model C is defined as the following linear
combination of control points:

C(s) =
M∑

i=1

Ni(s)Pi where s ∈ [0, 1] (1)

where Ni denote the basis functions and Pi the positions of M control points. By using
this model, we want to estimate the optimal curve parameters, i.e. the best configuration
of the control points, to match the visible structures in an image, and this, knowing
its previous position. The tracking problem can be then formulated as a maximum a
posteriori estimation:

C∗
t = argmax

Ct

P (It|Ct)P (Ct) (2)

where C∗
t is the best curve estimate at instant t. P (It|Ct) is the likelihood of observing

the data knowing the model and P (Ct) the prior or probability of the current curve
configuration. Let us assume the likelihood to follow a Gaussian distribution and the
prior a Gibbs’ distribution, we can then reformulate Eq.2 as an energy minimization:

C∗
t = argmin

Ct

(Edata(It|Ct) + Ereg(Ct)) (3)

Ereg(Ct) is a regularization term which constraints the space of possible model config-
urations. Assuming constant length of guide-wire segments in fluoroscopic sequences,
we define the regularization term in order to penalize changes in length:

Ereg(Ct) =
∫ 1

0

(
1 − ‖C′

t(s)‖
‖C′

0(s)‖
)2

ds (4)

where C′
t and C′

0 are the first derivatives at instant t and 0 respectively. Thank to the
inherent smoothness of a B-spline representation, higher-order terms can be discarded.
Edata(It|Ct) can be seen as a data term which drives the model according to the current
image:

Edata(It|Ct) =
∫ 1

0

Φ(It(Ct(s))) ds (5)

A common choice for Φ is a function which enhances tubular structures similar to the
ridgeness measure proposed by Frangi et al. [3]. Such measures can be tuned to empha-
size only structures of the scale of the guide-wire and to remove outliers such as ribs
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or vertebrae. However, since the data term is only evaluated along the current position
of the curve, the main drawback is a very low capture range and a lack of robustness in
terms of outliers or partial occlusions.

Instead of relying on the feature image intensities along the curve profile, we propose
to extract features from the unprocessed image orthogonally to the curve, namely local
mean orthogonal intensity profiles. We can then model a data term by learning a func-
tion Ψ relating the space M spanned by these features and the tracking error. By using a
single fluoroscopic image and a set of local displacements around the ground truth posi-
tion of our guide-wire, we can sample the space M by extracting the local mean orthog-
onal intensity profiles associated to each displaced curve. Each of these “points” of M
is then associated to a tracking error derived from the corresponding curve parameters,
hereby generating a set of data points. Finally Ψ is modeled by performing a regression
on these points. The following section presents how to extract the mentioned features.

2.2 Local Mean Orthogonal Profiles

In a fluoroscopic image, a human being may recognize the guide-wire because of its
curvilinear aspect and its darker intensities compared to its environment. For this rea-
son, a common method would be to enhance this structure and to keep track of it along
the sequence by using a data term based on the intensity profile along the curve. Un-
fortunately, in the case of larger displacements between two consecutive frames, it is
hard to relocate the guide-wire in a heterogeneous region containing outliers without
any information about the search direction. Indeed, such data terms suffer from an ex-
tremely narrow valley around the global extremum. To overcome this problem and ben-
efit from an increased capture range, we propose features which describe the intensity
profiles orthogonally to the curve. First, we subdivide our curve Ct into n segments{
Sk

t

}
k∈{1,...,n}. Each segment Sk

t is a spline we characterize by the following descrip-

tor J k
t :

J k
t =

1
q

q∑

j=1

Λk,j
t , (6)

with q being the number of sample points along this segment. Λk,j
t is an orthogonal

intensity profile whose rth element is defined as:

Λk,j
t (r) = It

(
Sk

t (u) + r · n(u)
)

(7)

where n(u) is the normal vector at point u = (j − 1)/(q − 1) and r ∈ {−R, ..., R}.
The dimensionality of this vector is 2R + 1 which corresponds to the length of the
profile centered on the segment. Note that since only the profile’s shape is of interest,
each profile Λk,j

t is normalized between 0 and 1. Taking the mean over the segment
provides a feature vector which is more robust to noise and outliers. Each curve Ct is
then described by the following set

{J k
t

}
k∈{1,...,n}.

2.3 Data Points Generation by Motion Learning

The goal of our approach is to learn a function Ψ relating the local mean orthogonal
profiles and the tracking error:

Ψ : M → R, (8)
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with good characteristics for tracking purposes, namely convexity and smoothness.
Therefore, the space M spanned by these features needs to be sampled thoroughly
as a function of the relative displacement. Since the guide-wire is a deformable struc-
ture, the intrisic dimensionality of our features according to free deformations would be
high and thus, hard to sample. However, in a real fluoroscopic sequence, a guide-wire
is not subject to free deformations. Indeed, main displacements are due to breathing
motions and additional small deformations. This means that in reality, our features do
not describe the full space M but lie on a lower dimensional subspace. To reduce the
complexity of our problem, we propose to learn the deformation probability distribution
from a real sequence. Thus, random displacements can be automatically generated to
build our training dataset.

Learning guide-wire Motions: During a sequence, each segment Sk
t of our curve Ct is

subject to a series of consecutive displacements we denote
{
Dk

t

}
t∈{0,...,T−1}. Each Dk

t

is modeled by a vector containing the displacements of sample points of the segment
between 2 consecutive frames. Its jth element is defined as:

Dk
t (j) = Sk

t+1(u) − Sk
t (u) (9)

These vectors are collected for all segments along the whole sequence and grouped in

a training set D =
{
Dk

t

}k∈{1,...,n}
t∈{0,...,T−1}. To learn the underlying probability distribution

of these displacements, we propose to model it with a gaussian mixture model G. The
parameters of G can be estimated by using Expectation-Maximization. Once we have
learned our gaussian mixture model, we can generate random segment displacements
{Di}i∈{1,...,Q} from this probability distribution.

Data points generation: As shown on Fig.1, by using a reference fluoroscopic im-
age, e.g. the first frame of the sequence, we can generate local mean orthogonal pro-
files {Ji}i∈{1,...,Q} by perturbating the segments of the ground truth curve with the
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Fig. 1. Data term learning: by perturbating the ground-truth curve from a single frame with ran-
dom displacements, we can build a training set of local mean orthogonal profiles with their asso-
ciated tracking errors
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randomly generated displacements {Di}i∈{1,...,Q}. The corresponding tracking error
Ei associated to each Ji is computed as follows:

Ei = ‖Di‖2 (10)

This procedure permits us to generate the set of pairs {(Ji, Ei)}1,...,Q, on which the
regression will be performed to learn our function Ψ .

2.4 Learning Data Term through Support Vector Regression

From previously generated data points, the function Ψ can be learned through non-
parametric support vector regression. Let us consider the problem of fitting a function
on the set of Q data points {(Ji, Ei)}i∈{1,...,Q}. Ψ is modeled as the following function:

Ψ(J ) = 〈w , J 〉 + b, (11)

where w is a weighting vector of dimensionality dim(M) and b a bias. This can be
written as a convex optimization problem [10]:

minimize
1
2
‖w‖2

subject to:

{Ei − 〈w , Ji〉 − b ≤ ε
〈w , Ji〉 + b − Ei ≤ ε

(12)

This aims at minimizing the norm of w to penalize the model complexity and the re-
gression errors on the data points with a regression tolerance denoted by ε. Equation
(12) corresponds to minimizing the following functional:

minimize
1
2
‖w‖2 + C

Q∑

i=1

(
ξ+
i + ξ−i

)

subject to:

⎧
⎨

⎩

Ei − 〈w , Ji〉 − b ≤ ε + ξ+
i

〈w , Ji〉 + b − Ei ≤ ε + ξ−i
ξ+
i , ξ−i ≥ 0

(13)

where C weights the impact of the errors and thus the flexibility of the model. According
to the Representer theorem, a solution wopt of this minimization is always a linear
combination of the training vectors in M with weights {αi}i∈{1,...,Q}:

wopt =
Q∑

i=1

αi Ji (14)

which leads to the following model:

Ψ(J ) =
Q∑

i=1

αi 〈Ji , J 〉 + b (15)

Finally, the global data term computed on all segments can be written as:

Elearn
data (Ct) =

1
n

n∑

k=1

Ψ(J k
t ) (16)
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3 Experiments and Results

In the following experiments, we show the successful application of our machine learn-
ing approach for the tracking of guide-wires in fluoroscopic images. The two sequences
we used for our experiments were accquired during liver chemoembolizations. In this
procedure, a guide-wire is inserted into the femoral artery and threaded into the aorta.
The catheter is then advanced into the hepatic artery. Once the branches that feed the
liver cancer are reached, the chemotherapy is infused. In both sequences, the catheter is
already inserted in the artery and we aim at recovering from breathing motions.

Motion learning: A set of inter-frame segment displacements is computed from a ref-
erence sequence where the guide-wire positions were manually annotated. A gaussian
mixture model is then fitted to this dataset by using EM algorithm. The analysis of
Bayes’ Information Criterion leads to the choice of two gaussian components.

Data term learning: A quadratic B-spline is fit to each hand-labeled point set by
minimizing discontinuities in the second derivative [2]. Given the previously learned
gaussian mixture model, a set of Q = 3000 random segment displacements is auto-
matically generated. By perturbating the ground-truth curve from a single frame with
these random displacements, we can build a training set of 3000 local mean orthogonal
profiles with their associated tracking errors. Note that the choice of Q is a compromise
between complexity and accurate modeling of the data term. During the experiments
profiles with different radii are evaluated. Finally, the data term is learned by perform-
ing a support vector regression.

Tracking experiments: Experiments are conducted on two clinical sequences of 142
and 228 frames with a resolution of 512 × 512 pixels and respective pixel spacings of
0.432 × 0.432 mm and 0.308 × 0.308 mm. In order to evaluate the tracking results,
guide-wires are manually annotated in each frame. The following distance measure has
been used throughout all experiments to assess the quantitative tracking quality:

χ =
1
2

⎛

⎝ 1
|Ct|

∑

xi∈Ct

min
y∈CGT

d(xi, y)2 +
1

|CGT|
∑

yj∈CGT

min
x∈Ct

d(x, yj)2

⎞

⎠ . (17)

Here CGT is the manually annotated curve and Ct the tracking result of an individual
frame.

Results: Tab.1 shows mean errors on whole sequences where the data term is trained on
the first frame of one sequence, and tested in tracking in both sequences. Submillimeter
yet subpixel tracking accuracy can be achieved with our learned data-term and this, for
a frame rate of 1.5 frame/s on a 3 Ghz duo core. Moreover, cross-validation illustrates
the robustness of our approach even if it has been trained on another sequence showing
different contrasts, motions and background. Note that since the Seq.1 presents motions
of higher amplitude, its mean error is slightly bigger than for the other sequence. The
great advantage is the ability to model the convexity and smoothness of this term. In-
deed, its convexity properties can be designed by replacing the tracking error function
10. The choice of hyper-parameter C from equation (13) influences the flexibility of the
regression and thus the smoothness of the resulting function.
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Table 1. Tracking errors in real fluoroscopic sequences

Tracking Results
Trained on Seq.1 Seq. 2
Tested on Seq.1 Seq.2 Seq.1 Seq.2

Profile Radius 5 pixels 10 pixels 5 pixels 10 pixels 5 pixels 10 pixels 5 pixels 10 pixels
χ mean (mm2) 0.7115 0.5249 0.1636 0.1622 0.6632 0.5815 0.1796 0.1700

χ std dev (mm2) 0.4289 0.2715 0.1633 0.1185 0.6184 0.3366 0.1771 0.1645

4 Discussion and Conclusion

In this work, our contribution was to learn the relationship between features extracted
from an unprocessed image and the tracking error in order to model a data term. Exper-
iments conducted on two fluoroscopic sequences show that our approach is a promising
alternative for deformable guide-wire tracking. Indeed, our method is robust to changes
in contrast, background clutter and partial occlusions of the guide-wire during the se-
quence, and this, even if training was performed on another dataset. Since the feature
space under free deformations is high-dimensional, we proposed to model the distri-
bution of the reduced space of typical guide-wire motions with a gaussian mixture
model. In turn, this permitted us to automatically generate random guide-wire defor-
mations from this distribution for the sake of regression. Going further, the space of
relative motions between consecutive frames could be constrained during tracking to
expected guide-wire motions. In future work, we will explore the possibility of deriv-
ing an adapted regularization term from this motion distribution model.
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