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Abstract. We present a method for realtime online 3d reconstruction
of a guide-wire or catheter using 2d X-ray images, which do not have to
be recorded from diﬀerent viewpoints. No special catheters or sensors are
needed. Given a 3d patient data set and the projection parameters, we
use recursive probability density propagation to estimate a probability
distribution of the current positions of guide-wire parts. Based on this
distribution, we extract the optimal guide-wire position using regularization techniques. We describe the guide-wire position by a uniform cubic
B-spline. Experiments on simulated and phantom data demonstrate the
high accuracy and robustness of our approach.

1

Introduction

Most of the interventions of vessel diseases are performed by using catheters or
guide-wires. One of the main diﬃculties is the navigation of these wires through
the vessel system to the aﬀected vessel. The common way of doing this is using
a contrast agent and subtracted 2d X-ray images from a multi-axis angiography
system (Fig. 2, left). Obviously, navigating a wire in a complex vessel system
(e. g. brain, Fig. 2, middle left) using 2d X-ray images is not an easy task. Very
good anatomic knowledge and a proper spatial sense are required, since the Xray images do not contain any depth information. A 3d reconstruction of the
current wire position inside of a 3d patient data set would be a great support
for this diﬃcult navigation task. Uncertainties during the navigation could be
easily dissolved by rotating or zooming the 3d reconstruction.
We present a method for realtime online 3d reconstruction of a wire in a
3d patient data set (3d rotational angiography, 3DRA) using subtracted 2d Xray images. The projection parameters are well known and the X-ray images do
not have to be recorded from diﬀerent viewpoints. This is very important since
physicians do not want to change their current projection to get a 3d reconstruction of the guide-wire. They expect the reconstruction to be an additional
feature of the single position ﬂuoroscopy. Furthermore, we do not need special
catheters or sensors. Given the reconstructed 3d patient vessel system, we use
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Fig. 1. Guide-wire in a vessel phantom (phantom1): native X-ray image (left), subtracted X-ray image (middle left) and two views of the 3d reconstruction of the estimated wire in a 3DRA (middle right, right)

recursive probability density propagation [1] to build a 3d probability distribution of the current 3d position of wire parts. The representation and temporal
update of this distribution is performed by using a particle ﬁlter [2]. We extract the optimal 3d wire position using regularization techniques [3] based on
this probability distribution. The wire is represented by uniform cubic B-splines
[4]. Fig. 1 shows an X-ray image (left), the subtracted image (middle left) and
the resulting reconstruction of the estimated 3d wire position inside of a 3DRA
(middle right, right).
In the literature, one can ﬁnd diﬀerent approaches for the reconstruction of
wires in a 3DRA. Solomon et al. [5] and Woods et al. [6] use special catheters
and sensors to determine and visualize the 3d position of a catheter tip. Bender
et al. [7] use two or more X-ray images from diﬀerent viewpoints to build a
3d reconstruction of the guide-wire. By manually providing a starting point and
direction of the wire, they reconstruct it iteratively using backprojection and
comparing the backprojection to gradient images of the X-ray images. Baert
et al. [8] use a calibrated biplane angiography system for 3d reconstruction of
the guide-wire by triangulation. Therefore they need an accurate tracking of the
guide-wire in the 2d X-ray images. Point correspondences for triangulation are
extracted by using the epipolar constraint. By using an angiography system and
a 3DRA van Walsum et al. [9] estimate the 3d guide-wire position by reprojecting
the segmented wire from the 2d X-ray image. In opposite to our work, they do
not use any temporal information for the 3d position estimation. We also do not
need any special hardware, manual interaction, or an accurate 2d segmentation
of the wire.
The remainder of this paper is structured as follows: In section 2 we describe
our approach for estimating the 3d position of a wire using 2d X-ray images.
We present diﬀerent experiments on simulated and phantom data in section 3.
Conclusions are given in section 4.

2

Method

The method we propose consists of two parts. First, we build with every new
X-ray image a probability distribution of the currently possible 3d positions of
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wire parts using the 3DRA, the prior knowledge of the wire position, i. e. the
probability distribution of the last timestep, and the prior 2d X-ray images. This
is done by recursive probability density propagation using a particle ﬁlter [2].
In combination with a state estimator (e. g. maximum a posteriori or maximum
likelihood), a particle ﬁlter is a powerful tool for state estimation. Platzer et al.
[10] use a particle ﬁlter for 3d blood ﬂow reconstruction from 2d angiograms.
Unfortunately, using a particle ﬁlter for state estimation is – due to practical
reasons – only possible if the state space is low dimensional. Since a generic,
complex 3d path of a wire cannot be described by just a few parameters, it is not
promising to apply regular state estimation techniques. However, a particle ﬁlter
still provides an eﬃcient way to describe and update multi-modal probability
distributions. The second part of our method consist of extracting the optimal
wire position from this probability distribution using regularization techniques.
2.1

Probabilistic Estimation of the 3d Wire Position

Projecting 3d data into a 2d image plane causes information loss and creates
ambiguities. Recursive probability density propagation [1] allows dissolving such
ambiguities by integrating temporal information. In the context of our problem,
it can be written as

 


p (xt | ot ) ∝ p (ot | xt ) p xt | xt−1 , ot−1 p xt−1 | ot−1 dxt−1 . (1)
   




likelihood

update

recursion

Where xt ∈ R3 is some point in the 3DRA and ot = o1 , o2 , . . . , ot  are the
observations, i. e. subtracted X-ray images of the wire, until some point in time t.
Recursive probability density propagation consists of three parts. The recursion
p(xt−1 | ot−1 ) is the reason why only the current observation is needed to
update the distribution, i. e. the knowledge of the last timestep. Due to a lack
of information we choose the initial 3d wire distribution p(x0 ) to be a uniform
distribution inside of the patient vessel system.
In order to predict, where wire parts could move to in the next time step, the
update probability distribution




N d(xt , xt−1 ) | μ, σ 2


p xt | xt−1 , ot−1 ∝
,
N (d(xt , xt−1 ) | μ, σ 2 ) p xt−1 | ot−1 dxt−1 d
∈Ω

(2)
is used. In the literature [1], the update distribution does not depend on the old
observations ot−1 . However, eq. (1) can be easily transformed to integrate the
old observations into the update distribution. The normal distribution in the
numerator and denominator with mean μ and variance σ 2 describes where wire
parts could move to, given their current position. Important for this distribution
is the shortest distance d(xt , xt−1 ) between the past and the current point considering the vessel structure. This shortest distance calculation is based on the
3DRA using graph-theoretical methods. Since we suppose that the wire never
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leaves the vessel system, the distance to some point xt outside of it is inﬁnite.
The denominator of eq. (2) prevents single high peaks in the 3d wire probability.
This is achieved by decreasing the probability that wire parts move to positions
where the 3d wire probability is already high. This normalization is restricted
to a local space Ω around xt . The size of this space aﬀects the smoothing. Note
that this is very important, since otherwise single parts of the wire would get a
much higher probability than other parts, which conﬂicts the prior information
that each part of the wire should have the same probability. For the realisation
using a particle ﬁlter, this means that it might happen that the particles tend
to cluster at a small space instead of along the complete wire. This is because
with every iteration more particles are drawn from the area with the higher
probability.
The third part of the recursive probability density propagation is the likelihood
p(ot |xt ) ∝ max
ot (i∗ , j ∗ ) N (i − i∗ , j − j ∗ | 0, Σ)
∗ ∗

(3)

(i ,j )

which is used to integrate the actual observation ot , i. e. the subtracted X-ray
image, into the 3d wire probability distribution. Where (i, j) are the image coordinates of the projected 3d point xt and ot (i, j) is the gray value of the observation at this position weighted by a Gaussian kernel N (·, · | 0, Σ). The projection
parameters are known by the angiography system which recorded the 2d X-ray
image. In order to prevent higher probabilities in areas where the projected wire
is crossing itself, we use the maximum instead of a sum.
2.2

Extraction of the Optimal Wire

We use uniform cubic 3d B-splines [4] SC (r) : [0, 1] → R3 to describe the 3d wire
position. The appearance of a B-spline is deﬁned by the position of its control
points C = {c0 , c1 , . . . , cm }, ck ∈ R3 . As start and end of the spline, we use the
ﬁrst and last control point, respectively: SC (0) = c0 , SC (1) = cm .
Given the probability distribution p(xt | ot ), which is caused by the wire, we
want to extract the 3d wire position, i. e. the spline control points. Obviously this
is an ill-conditioned problem which cannot be solved without specifying further
constraints. But it can be solved using regularization techniques [3]. We search
for the optimal spline control points
1
Cˆ = argmax
C

1
log p (SC (r) | ot ) dr +α

0




probability



0



|SC

1


length



SC (r) dr (4)
2

(r)| dr −β
0







smoothness

by maximizing an objective function which consists of three parts. The searched
spline should stride an area with high probability and maximize length and
smoothness. The parameters α and β weight the diﬀerent parts of the objective function. Since the probability of any 3d point outside of the vessel system
is zero, the spline cannot leave it. We use Powell’s method [11] for optimization.
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Experiments

We tested our method on two simulated sequences based on the 3DRA of a half
brain (sim1 and sim2, 300 images each) and on two sequences using real X-ray
images (Fig. 1, left) of a vessel phantom (phantom1, 186 images and phantom2,
231 images). Fig. 2 (middle left, middle right) shows the two 3d data sets. Each
of these data sets is scaled to a size of 2563 voxels resulting in a voxel size of
0.765 mm for the phantom and 0.539 mm for the brain data set. An impression of
the diﬀerent sequences is given in Fig. 1 and Fig. 2 (right). Each of these images
shows the estimated 3d wire position after the last image from the viewpoint
where the 2d X-ray images of the respective sequence are taken. The 3d data
sets and the X-ray images are recorded on a Siemens Artis zee C-arm system
(Fig. 2 (left), image resolution: 1240 × 960, pixel size 0.308 mm × 0.308 mm).
We use a 33 × 33 Gaussian kernel to build the 2d probability distribution of
eq. (3). We choose μ = 7.5 and σ 2 = 2.5 for eq. (2) and our particle set consists
of 15000 particles. To reach realtime performance in our experiments, we use
a graph, which is based on the thinned vessel system of the 3DRA, for the
distance calculation inside of the vessel system. This graph is also used to ﬁnd the
longest possible wire given the 3d wire probability distribution what simpliﬁes
the extraction of the optimal wire and to decide how many spline control points
are necessary for the wire representation.
In order to show the accuracy of our method, we analyze the error of the
wire tip and the complete wire. The ground truth 3d and reprojected 2d wire
position of the simulated sequences are well known. For the phantom sequences
only the manually extrated 2d ground truth is given. Thus we analyze just the
accuracy of the reprojected wire of these sequences. We calculate the 2d and 3d
Euclidean distance between the estimated wire tip and the ground truth wire tip.
To evaluate the error of the complete wire, we calculate the shortest Euclidean
distance between each pixel (voxel) of the estimated wire to some pixel (voxel) of
the ground truth wire. Note that this evaluation rates an estimated wire which
is too short in comparison to the ground truth wire too good. However, this case

Fig. 2. Siemens Artis zee C-arm system (left, www.siemens.com). 3d half brain data
set used for the simulated (middle left) and the 3d phantom data set used for the
phantom sequences (middle right). 3d visualization of the estimated wire after the last
image of the sequence sim1 of subtracted X-ray images (right). The viewpoint of this
image is similar to the viewpoint where the X-ray images are taken.
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Fig. 3. Quantile plots of the 2d and 3d (only simulated sequences) error of the wire
tip (top left) and the complete wire (top right) of each sequence. Error of the wire tip
for each timestep of the sequences phantom1 (bottom left) and sim1 (bottom right).
The overall median (quantile 0.5) error for the wire tip is 2.52 mm and 0.47 mm for the
complete wire. Explanations for temporarily larger errors are given in section 3.1.

is handled by the wire tip error. Since the metric sizes of each pixel and voxel
are known, we present the distances in millimeters.
Fig. 3 shows quantile plots of the wire tip error (top left) and of the complete
wire error of each sequence (top right). An overview of the median (quantile 0.5)
errors of each single sequence and of all sequences (all) is presented in Table 1.
The median error of the reprojected wire tip is 2.52 mm and 0.47 mm for the
complete wire. In section 3.1, we describe reasons for temporarily larger errors.
Our approach takes 1.48 seconds for processing a timestep on an Intel Pentium
4 2.8 GHz with 1 GB RAM. Note that since a particle ﬁlter can be completely
parallelized, much better runtimes are possible on a modern multi core system
using an optimized implementation.
3.1

Reasons for Inaccuracies

A reason for small errors are ghosting artefacts. These artefacts are created by
the X-ray detector due to a temporal averaging of the X-ray images. An example
for a ghosting artefact is displayed in Fig. 4 (left). Because the wire is moved
quite fast it seems to have two tips. Also most of the time the estimated wire
tip position is slightly in front of the real wire tip position, since eq. (4) beneﬁts
long wires and the observation is slightly blurred.
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Table 1. Median errors in millimeters for each single and for all sequences (all)
error [mm]

phantom1

phantom2

sim1

sim2

all

2.27
0.14

3.24
0.64

2.22 (1.71)
0.52 (0.55)

2.90 (1.98)
0.47 (0.45)

2.52 (1.88)
0.47 (0.50)

cath. tip 2d (3d)
catheter 2d (3d)

Fig. 4. Ghosting artefact (left), example for an ambiguity in phantom1: X-ray image
(middle left), (incorrectly) estimated wire (middle right, right)

Most of the larger errors can be explained by ambiguities of the 3d catheter
position in the 2d X-ray images. Fig. 3 (bottom left) shows the 2d error of the
wire tip for each timestep of the phantom1 sequence. Most of the time, this error
is really low, but in the second part of the sequence, the error gets suddenly very
large. The reason for this is the ambiguity shown in Fig. 4 (middle left). Because
of an overlapping vessel, the 3d position of the wire cannot be estimated correctly.
The (incorrectly) estimated wire is shown in Fig. 4 (middle right, right). Fig. 3
(bottom right) shows the 2d and 3d error of the wire tip in sequence sim1. At
the start and in the middle of this sequence, the 3d error suddenly increases,
while the 2d error stays low. The reason for this is that the wire is moving in
the direction of the optical axis of the X-ray detector. Hence the 3d position of
the wire tip cannot be estimated correctly. However, the reprojected 2d position
is still quite accurate.
Note that in each of these cases our method is robust enough to return very
quickly to a high accuracy as soon as the ambiguities are resolved. Furthermore,
many of these ambiguities can easily be resolved by using a second pair of X-ray
source and detector with a diﬀerent viewpoint, which could be easily provided
by a biplane system. In this case, the likelihood in eq. (1) would consist of two
observations.

4

Conclusions

We presented a new approach for realtime online 3d guide-wire reconstruction
using 2d X-ray images, which do not have to be recorded from diﬀerent viewpoints. This meets the clinical needs since physicians do not want to change their
current projection to get a 3d reconstruction of the guide-wire. By using recursive probability density propagation, we built a 3d probability distribution of the
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positions of wire parts based on a 3d patient data set and 2d X-ray images. In
order to represent and update this multi-modal distribution, we used a particle
ﬁlter. To extract the optimal 3d wire position from this distribution, we applied
regularization techniques. We described the 3d wire position by a uniform cubic
B-spline. Our method does not need any special catheters or sensors. Performing
diﬀerent experiments on simulated and phantom data showed the high accuracy
of our method (Table 1). We achieved a median error of the reprojected wire tip
of 2.52 mm. The median error of the reprojected complete wire was 0.47 mm. The
achieved median 3d error is 1.88 mm for the tip and 0.50 mm for the complete
wire.
In our future work, we will improve the accuracy of our approach by using a
biplane angiography system. In order to better model the guide-wire behaviour
we will also add a speed estimation of the guide-wire tipp. We will also implement
our approach using multi processing techniques. The clinical evaluation of our
approach is imminent.
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