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3
Equipe GALEN, INRIA Saclay-Ile-de-France, Orsay, France

Abstract. In this paper we introduce a novel hybrid graph-based approach for Guide-wire tracking. The image support is captured by steerable ﬁlters and improved through tensor voting. Then, a graphical model
is considered that represents guide-wire extraction/tracking through a
B-spline control-point model. Points with strong geometric interest (landmarks) are automatically determined and anchored to such a representation. Tracking is then performed through discrete MRFs that optimize
the spatio-temporal positions of the control points while establishing
landmark temporal correspondences. Promising results demonstrate the
potentials of our method.
Keywords: Guide-wire, tracking, MRF, simultaneous geometric-iconic
registration, landmarks matching.

1

Introduction

Several works tried to address the tracking of the guide-wires (GW) used during
cardiac angioplasty interventions for positioning surgical devices into the artery
to be cured, because a reliable localization of these wires would be valuable for
the intervention monitoring and assistance. This task inherits unfortunately important technical and theoretical challenges. Although the tip of these wires is
usually made of a more absorbent material, the main part of these wires is often
barely detectable for conventional curvilinear operators [2]. The detection literature provides numerous alternatives, such as Hessian regularized by coherence
enhancing diﬀusion [1], Vesselness [6] and phase congruency [12]. Boosted detectors combining Haar features or steerable ﬁlters and image statistics have been
used recently [14,7] but these better detectors are more complex or time consuming. The second challenge is related to the large and unforeseeable motion
of the GW, due to the combination of cardiac/respiratory motions and patient
displacement. Their accumulation cannot be easily captured using conventional
prediction mechanisms. Most of the existing tracking approaches represent GW
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with B-splines which optimal displacement is found through optimization. In
[1] Powell’s direction set method was used for tracking rigid GW tips while
[14] proposed a method carrying out a rigid alignment followed by a non-rigid
registration displacing control-points.
Other GW tracking methods can be associated with well-known contour tracking algorithms. The B-spline snakes have thus been exploited in [12] with an
external energy driven from X-ray phase congruency, an internal energy favoring low curvature and a length prior. Methods based on dynamic programming
and graphical models were also investigated. The space of possible displacements
was for instance discretized and optimal ones were determined using dynamic
programming. The CONDENSATION algorithm [8] was applied successfully to
tracking contours represented with B-splines. Nevertheless, the space of contour
localizations was reduced to a shape space. A parametrized curve tracker based
on a Markov Random Field (MRF) framework was recently proposed in [6] and
improved in [11]. The main advantage of these approaches is that they achieve
near-optimal solution at reasonable computational complexity.
Our approach lies within this scope. First, we address the low signal-to-noise
ratio by using steerable ﬁlters designed for ridge detection [9] that are enhanced
by tensor voting [4,3]. Toward coping with important displacements, we introduce a uniﬁed framework which combines an iconic B-spline tracking [6] with a
landmark matching approach [13]. We improve the iconic part by using a data
term more robust with respect to false GW detections and a prior penalizing also
wires rotations. The resulting formulation recovers both landmarks position and
the GW displacements through the use of image support and spatio-temporal
consistency. This is achieved through a two-part graph acting on the two sets
of variables which are coupled in a rigorous mathematical manner. The overall
formulation is solved using eﬃcient linear programming.

2

Hybrid Curve Tracking

Iconic tracking methods allow to track non-rigid structures precisely but can be
sensitive to local minima (due to erroneous image support) and, depending on
the optimization schema, can fail to account for large displacements.
On the contrary, geometric methods rely on the matching of salient structures and can therefore deal with large displacements eﬃciently. On the other
hand, deformations are sparse and incomplete since information for the motion/displacement of the structure between landmark points is not recovered.
Tracking GW during cardiac interventions involves large displacements and
non-rigid deformations. Hence we propose a uniﬁed discrete framework like [13]
combining a variant of the iconic tracking of [6] with a geometric tracking relying on landmarks extracted along the GW. This framework also model exactly
the interaction between these two parts. Without loss of generality, let us ﬁrst
consider a representation of the wire with N control-points c(i) and a set of M
landmarks p(j) extracted along the wire. These variables evolve in time towards
representing the structure of interest, or X (t) = {c(i; t), p(j; t)}.
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In terms of support, let us consider a vectorial feature image where measurements of the strength g(x; t) and the orientation θ(x; t) of the GW are combined:
F (t) = {g(x; t)cos(θ(x; t)), g(x; t)sin(θ(x; t)}. Let us also consider that for the
diﬀerent landmark points p(j; t), candidate correspondences have been determined at the frame t + 1 denoted with P = {pL (j; m; t + 1)}, where L is the
number of candidates per landmark and m ∈ {1 . . . L}. GW tracking is then
equivalent to ﬁnding the optimal conﬁguration for X (t + 1), given X (t), F (t + 1)
and pL (j; m; t + 1).
We adopt a uniﬁed ﬁrst order MRF framework combining unary and pairwise
potentials involving either the displacements li of c(i; t) or the matching lj of
p(j; t), originated from data, prior, landmarks and coupling terms:
⎛
⎞



x
μx ⎝
Vkx (lk ) +
Vk,r
(lk , lr )⎠
EMRF =


x∈

2.1

data, landmarks,
template, coupling



k∈{i,j}

k,r∈{i,j}

Iconic Graph-Based Curve Tracking

The iconic part of our framework extends the MRF-based curve tracking method
proposed in [6]. We represent the curve with a cubic B-spline based on points
c(i; t) and we build an MRF graph containing one node per control point. We
discretize the space of admissible displacements of each c(i; t) and denote with
v(li ) the admissible displacement associated with label li chosen for c(i; t). [Fig.
(2)] illustrates this procedure. Like [6], let us note with Ni (.) the basis function of
each control point, s ∈ [0, 1] the curvilinear abscissa along the spline and Ni,i+1 (.)
i (s)Ni+1 (s)
the following inﬂuence function: Ni,i+1 (s) = NN
. The spline curve
k (s)Nk+1 (s)
k
C(s) is given by: C(s) =
N
(s)c(i;
t).
Let
us
denote
with
C(s, li , li+1 ) the
i i
curve obtained when the control points c(i; t) and c(i + 1; t) are displaced by
v(li ) and v(li+1 ) respectively (and similarly C  (s, li , li+1 ) its derivative), let us
denote with < ., . > the standard scalar product. In order to introduce the image
support term, we consider the following exponential function: ψ(x) = e−γx .
We adopt two sums of pairwise potentials. The ﬁrst forces the curve towards
pixels likely to be part of the structure (the strength of the image support is important and the tangent of the curve is coherent with the local image orientation
[1]),with s(c(i; t)) being the curvilinear abscissa of c(i; t):
s(c(i+1;t))
data
(li , li+1 ) =
Vi,i+1

ψ
s(c(i;t))

| < C  (s, li , li+1 ), F (C(s, li , li+1 ); t + 1) > |
||C  (s, li , li+1 )||

ds

The second term penalizes the local changes of the curve derivatives with
respect to a template T (s) corresponding to the form of the GW in the previous frames and updated using exponential forgetting: T (s) ← memory−1
memory T (s) +
1
C(s).
It
is
more
constraining
than
length
preserving
priors
[12,6].
memory
template
(li , li+1 ) =
Vi,i+1

s(c(i+1;t))
s(c(i;t))

|| C  (s, li , li+1 ) − T  (s)||2
ds
||T  (s)||2
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However, such an approach might require too many labels to deal with large
displacements, can be sensitive to missing visual support and does not provide temporal understanding of the GW deformation. We introduced landmark
matching into our framework for tackling these concerns.
2.2

Landmarks Matching

The landmark matching part of our system adopts a fully connected pairwise
MRF, which optimal labeling indicates the candidates chosen for the matching.
In order to increase the robustness and to deal with mis-detections or erroneous
detections, we introduce a label (L+1) corresponding to absent correspondences.
We encoded a penalization of the deformation of the landmark conﬁguration
into the pairwise potentials. More precisely, the unary potentials were given
by:
Vjlandmarks (lj ) =

K
0

if lj = L + 1
otherwise

we chose the following potentials to penalize landmarks conﬁgurations changes:
landmarks
Vj,k
(lj , lk ) =

0
if lj = L + 1 or lk = L + 1
otherwise
min (||u(j, lj , k, lk ) − u(j, k)||2 , Γ )

u(j, lj , k, lk ) = pL (j; lj ; t + 1) − pL (k; lk ; t + 1)
u(j, k) = p(j; t) − p(k; t)

This term aims at imposing geometric consistency between the location of landmarks in successive frames by considering their relative positions. The graphmatching cost increases with the Euclidean norm of the diﬀerence between the
vector u(j, k) describing the conﬁguration in the last frame and an admissible
conﬁguration u(j, lj , k, lk ). If distances and orientations of landmarks pairs are
preserved, then the cost is low. [Fig. (2)] presents example of matchings.
2.3

Coupled Markov Random Field for Hybrid Tracking

The hybrid model that we propose combines the two previous parts. The coupling
term aims at imposing consistency between the iconic tracking and the geometric
matching. As opposed to [13] where an approximation was used, we adopt an
exact formulation that expresses consistency using singleton and pair-wise terms.
Let us denote with wj (lj ) the displacement of the interest points p(j; t) corresponding to its matching with the candidate pL (j; lj ; t+1) and with sj ∈ [0, 1] its
curvilinear abscissa. As in the previous section, vi (li ) denotes the displacement of
the control point c(i; t) with respect to the frame t, and Ni (.) the basis function
of c(i; t). The following constraint is to be satisﬁed: i Ni (sj )vi (li ) = wj (lj )
which imposes that the landmark displacement produced by the control points
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motion is the same as the one determined from the matching. This constraint is
converted into an energy term through penalization of the Euclidean distance:


Ni (sj )vi (li ) − wj (lj )||2 =
Ni (sj )Nk (sj ) < vi (li ), vk (lk ) >
Ej ({li }, lj ) = ||
i

−2



i=k

Ni (sj ) < vi (li ), wj (lj ) > +

i



Ni (sj )2 ||vi (li )||2 + ||wj (lj )||2

i

that converts the coupling constraint exactly into a sum of unary and pairwise
potentials (contrary to [13] that minimizes only an upper bound of this energy).
Such an approach does not insure that the spline tracking will be guided by
the geometric matching, since diﬀerent displacements of the c(i; t) could lead
to the same displacement of p(j; t). This can be easily addressed by adding
pair-wise ”rigidity” constraints to each landmark vicinity v(j):

Erj ({li }) =
||vk (lk ) − vk+1 (lk+1 )||2
k∈v(j)

leading to the following coupling term:
 coupling


 coupling
Vk
(lk ) +
Vk,r
(lk , lr ) =
Ej ({li }, lj ) + δ
Erj ({li })
k

3

k,r

j

j

Experimental Validation

In this section, we apply our approach to GW tracking in ﬂuoroscopic sequences.
3.1

Steerable Filters Regularized by Tensor-Voting

We extracted the GW support with the most sensitive second order ﬁlter [9],
which response is obtained (like Hessian response) by the eigen-decomposition of
a matrix built using second order derivatives of the image. As we are interested
in detecting dark structures, we considered the opposite of the main eigenvalue
when it was negative (and a null response otherwise).
Towards improving their overall response, we used a fast variant of tensor
voting (TV) introduced in [3]. Let us denote with ĝ(x; t) and θ̂(x; t) the response
and the orientation provided by the steerable ﬁlter at location x in the frame t.
We chose the following voting ﬁeld (with notations [3], and we set σT V = 4.5):
V (r, φ) =

1 − 2σr2 2
1 + cos(4φ) sin(4φ)
e T V cos4 (φ)
sin(4φ) 1 − cos(4φ)
16

Like [3], we used this ﬁeld to compute the new responses g(x; t) and orientations
θ(x; t), combined into the regularized ﬁeld F (x; t):
F (x; t) = (F (x; t)x , F (x; t)y ) = (g(x; t)cos(θ(x; t)), g(x; t)sin(θ(x; t)))
[Fig. (1)] illustrates that the TV regularization clearly improves the results (contrary to the replacement of the Hessian by a steerable ﬁlter).
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Fig. 1. (i) proportion of pixels extracted by Hessian and steerable ﬁlters regularized
by TV belonging to the wire (estimated with 3 images by ranking pixels by decreasing
ﬁlter response). (ii) norm of the steerable ﬁlter response and of the TV output.

3.2

Landmarks Extraction

Working with the regularized responses more reliable, we used the main eigenvalue of this tensor (inspired from structure tensor [5]) for landmarks detection:
T (x; t) =



2

e

− ||x−y||
2σ 2
L

y

F (y; t)2x
F (y; t)x F (y; t)y
F (y; t)x F (y; t)y
F (y; t)2y

This tensor favors pixels where strong and parallel responses accumulate. We set
σL = 2.5. In order to take the local orientation into account when choosing the
matching candidates pL (j; m; t+1), we selected the L candidates y with the best
matching scores (where < .|. > denotes the inner product between matrices):
Mj (y) = < T (p(j; t); t)|T (y; t + 1) >
3.3

Implementation Details

First, we used a conventional multi-resolution strategy on the GW deformation
search as suggested in [14]. We provided the spline at time 0 and the border of
the ﬁeld of view to our system and we forced the ﬁrst control point to lie on
this border if necessary. Besides, we updated the control points for keeping them
equally distributed along the spline before processing every new frame in order
to prevent a slow degeneracy of the spline. We made landmark detection more
homogeneous along the GW by deﬁning intervals of ﬁxed length along the curve
and choosing at most one landmark in each of them. FastPD [10] was used for
minimizing EMRF . We adressed abrupt elongations of the GW by elongating
the tip of the curve in the direction of its tangent d before the control-points
update. We appended pixels q while: ψ(< d, F (q) >) < 0.4.
3.4

Validation

Validation was performed on 20 long ﬂuoroscopic sequences of 200 frames of
sizes between 512 and 1000 pixels covering a broad variety of clinical situations.
The parameters were set using the ﬁrst three sequences and performances were
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(a)

(b)

(c)

Fig. 2. (a) spline (green) landmarks detected along the previous spline (yellow) matching candidates (blue) and candidates chosen (red). (b) Mean tracking performances
(measured every 25 frames for each experiment). [6] has been applied with a vesselness
at scale 1.8 like our ﬁlters and λ = 0.7. The database for result [14] is diﬀerent. (c)
comparison of MDR obtained with [6] (blue boxes) and with our method (black boxes).

estimated on the other ones. We set μdata = μtemplate = 1.0, μlandmarks =
2.10−4 , μcoupling = 3.10−5 , δ = 0.1,  = 0.9, K = 45000 for the landmarks
not matched, displacements steps equal to (25.0)2−τ , τ ∈ {0, . . . 4} and we
sampled 25 displacements according to the sparse pattern [6]. We set L = 24,
γ = 6.10−3 ,Γ = 500 and memory = 7.
We measured missed detection rate (MDR) and false detection rate (FDR)
for a distance of 5 pixels and for every 25 frames (2.5 seconds). These rates [14]
correspond respectively to the proportion of pixels of the ground truth that lie
too far from the spline and to the proportion of the spline that lie too far from
the ground truth. [Fig. (2)] presents our results. [6] performs better than the
iconic part of our model alone due to our worse displacement sampling and a
diﬀerent choice of initialization. Our complete method, however, outperforms [6]
because the landmark matching both prevents the tracker from being mislead by
local energy minima and preserves global spline conﬁguration. We measured a
distance between the tip of our tracker and the tip of the GW equal to 12.5±11.5
pixels at the end of the sequences, what is acceptable since the GW tip is easy
to locate. Our implementation processes one frame in 2 secondes (Intel Xeon 2.8
GHz) but would dramatically beneﬁt from an adaptation to GPU.

4

Conclusion

In this paper we have presented a uniﬁed framework for geometric-iconic parametrized curves tracking. This novel framework achieves promising performances
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on an extremely challenging task: the tracking of guide-wires in ﬂuoroscopic sequences during cardiac angioplasty. One might investigate a GPU implementation achieving real-time and application of the method to a clinical setting.
From a theoretical point of view, estimating uncertainties of the obtained solution might be helpful both for the quantitative interpretation of the result and
for eﬃcient parameterization of the search space. Another promising direction is
to introduce long term memory through a dynamical system that could separate
the diﬀerent motion models.
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