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Abstract. A method is presented to extract and track the position of
a guide wire during endovascular interventions under X-ray fluoroscopy.
The method can be used to improve guide wire visualization in the low
quality fluoroscopy images. A two-step procedure is utilized to track the
guide wire in subsequent frames. First a rough estimate of the displace-
ment is obtained using a template matching procedure. Subsequently,
the position of the guide wire is determined by fitting the guide wire to
a feature image in which line-like structures are enhanced. In this opti-
mization step the influence of the scale at which the feature is calculated
and the additional value of using directional information is investigated.
The method is applied both on the original and subtraction images. Us-
ing the proper parameter settings, the guide wire could successfully be
tracked based on the original images, in 141 out of 146 frames from 5
image sequences.

Keywords: guide wire tracking, medical image processing, interventional
radiology

1 Introduction

Endovascular interventions are rapidly advancing as an alternative for conven-
tional invasive open surgical procedures. During interventions a guide wire is
advanced under fluoroscopic control. Accurate positioning of the guide wire and
the catheter with regard to the vasculature is a prerequisite for a successful
procedure. Owing to the low dose used in fluoroscopy in order to minimize the
radiation exposure of the patient and radiologist, image quality is often limited.
Additionally, motion artifacts owing to patient motion and guide wire motion,
further limit image quality. Therefore, a method to extract and track guide wires
is presented which can deal with the low signal-to-noise ratio inherent to fluo-
roscopic images, and disappearance of the guide wire in a few frames owing
to motion blur. The method can be used to improve guide wire visualization,
potentially enabling a reduction in radiation exposure. It can also be used to
detect the position of the guide wire in world coordinates for registration with
preoperatively acquired images as a navigation tool for radiologists.

S.L. Delp, A.M. DiGioia, and B. Jaramaz (Eds.): MICCAI 2000, LNCS 1935, pp. 727–734, 2000.
c© Springer-Verlag Berlin Heidelberg 2000



728 S.A.M. Baert et al.

2 Methods

In order to represent the guide wire, a spline parameterization is used. For all
experiments in this paper, we used a third order B-spline curve defined by:

C(u) =
p∑

i=0

Ni,3(u)Pi 0 ≤ u ≤ 1 (1)

where Pi denote the control points (forming a control polygon) with p the num-
ber of control points and Ni,3(u) are the third degree B-spline basis functions
defined on the non-periodic knot vector

U = {0, . . . , 0, u4, . . . , um−4, 1, . . . , 1} (2)

where m is the number of knots.
In order to find the spline in frame n+1 if the position in frame n is known, a two-
step procedure is introduced. First, a rigid translation is determined to capture
the rough displacement of the spline. Next, a spline optimization procedure is
performed in which the spline is allowed to deform for accurate localization of
the guide wire. These steps can be understood as a coarse-to-fine strategy, where
the first step ensures a sufficiently good initialization for the spline optimization.

2.1 Rigid Transformation

In order to obtain a first estimate of the displacement, a binary template is
constructed based on the position in the present frame. The best location of
this template in the new frame is obtained by determining the highest cross
correlation with a certain search region in this image (or features derived from
it; see section 2.3). This template matching technique is based on the assumption
that a local displacement, d = (dx, dy), of a structure in one image I0 can be
estimated by defining a certain window W (say K ×L pixels in size) containing
this structure, and by finding the corresponding window in a second image I
in the sequence by means of correlation. The correlation coefficient (CC) is
computed as:

CC(d) =
∑

x∈W [I0(x) − 〈I0〉W ][I(x + d) − 〈I〉W,d]√∑
x∈W [I0(x) − 〈I0〉W ]2

∑
x∈W [I(x + d) − 〈I〉W,d]2

(3)

where

〈I0〉W =
1

KL

∑
x∈W

I0(x) and 〈I〉W,d =
1

KL

∑
x∈W

I(x + d) (4)

denote the mean values of the image intensities in the respective windows.
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2.2 Spline Optimization

After the first step is carried out, the spline is optimized under internal and
external forces. The internal constraints are related to the geometry of the curve
and influence the length (first derivative of the B-spline) and the bendedness
(second derivative of the spline). This curvature (K) is computed as:

K =
∫ 1

0

|C′(s) × C′′(s)|
L3

ds (5)

where L is the length of the curve given by

L =
∫ 1

0

C′(s)ds (6)

The parameters for the curvature are set sufficiently large to avoid strange shapes
of the spline and sufficiently small to ensure that the internal forces only have
a small influence on the total spline energy. For the external forces, the image
intensity or a feature image derived form it (see section 2.3) is used. The spline
contains four or five control points and one hundred sample points. The spline
is optimized using Powell’s direction set method [1].

2.3 Feature Image

It has previously been shown [2] that using original images for the matching and
optimization steps, the guide wire could not effectively be tracked due to pres-
ence of other objects in the image. Therefore a feature image in which line-like
structures are enhanced is used to determine the optimal spline position.

In order to enhance elongated structures in the image, the eigenvalues of the
Hessian matrix are calculated at scale σ. This Hessian matrix is defined as:

H =


Lxx Lxy

Lxy Lyy


 (7)

where Lxy represents the convolution with the scaled Gaussian derivative

Lxy = L ∗ ∂2

∂x∂y
G(x, σ) (8)

and G(x, σ) is given as

G(x, σ) =
1

2πσ2
e−

(
x2+y2

2σ2

)
(9)

The corresponding eigenvalues are given by:

λ1,2(x, σ) =
1
2

(
Lxx + Lyy ±

√
(Lxx − Lyy)2 + 4L2

xy

)
(10)
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Let λ1 denote the largest absolute eigenvalue. On line-like structures λ1 has a
large output. Since we are interested in dark elongated structures on a brighter
background, only positive values of λ1 are considered; pixels with negative values
of λ1 are set to zero. The feature image is subsequently constructed by inverting
this image since the optimization is based on a minimum cost approach, see
Figure 1. Next to the eigenvalues, the eigenvectors give insight in the orientation

Fig. 1. The original image (left) and the feature image computed with the eigen-
values of the Hessian matrix with σ = 1.5 (right).

of the line structure. Therefore, in the optimization scheme, we also investigated
the use of this directional information to effectively attract the guide wire only
to line structures with similar orientation. Hereto, the inner product between
the spline and the orientation of the feature is used given by

O(x̂i) = λ1(ê2 · x̂i) (11)

where ê2 is the normalized eigenvector corresponding to λ2 and x̂i is the nor-
malized first derivative of the spline in sample point i.

To enable a coarse-to-fine strategy and to reduce sensitivity to noise, the feature
image can be calculated at multiple scales (σ). We compare the use of the eigen-
value image calculated on the original image with computing the feature image
on subtraction images. These images are obtained by subtracting the first frame
from frame n. The first frame is used to ensure sufficient guide wire movement
so as to make it clearly visible in the subtraction image. In our experiments we
used image sequences with a maximum of 49 frames. For longer sequences it will
be better to subtract for example frame n− 20 from the present frame, to limit
the effects of background motion. Alternatively, methods for motion correction
in subtraction techniques can be used [3].
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2.4 Images

The method was applied on five image sequences, three sequences of the thorax
and two abdominal image sequences, with a sequence length between 14 and
49 frames. An overview of these sequences is given in Figure 2. Only J-tipped
guide wires were used during the interventions. The image series were acquired
on a H5000 (4 sequences) and a H3000 (1 sequence) X-ray fluoroscopy system
(Philips Medical Systems, Best, the Netherlands).

Fig. 2. Three non-subsequent frames of the sequences I to V (left to right) used
during the evaluation of the method.

3 Results

We compared the performance of the method on the Hessian feature image
calculated on the original image with the one calculated on the subtraction
image using different scales (σ). In the spline optimization step, we compared
the use of the scalar feature image and the vector feature image (see section 2.3).
Evaluation of the tracking algorithm is difficult since no ground truth is available.
In order to determine the effectiveness of the guide wire tracking procedure, the
number of frames that could not be tracked was determined based on visual
inspection of the results. When the spline model lies on top of the tip of the
guide wire, the result was rendered as correct.
Table 1 summarizes the tracking results. Results without first applying a rough
registration are not listed. These results were worse for every image sequence,
which shows the need for a rough initialization before spline optimization.
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Table 1. Number of frames correctly tracked

Seq. I Seq. II Seq. III Seq. IV Seq. V

Hessian σ = 1 12/14 24/25 14/28 28/30 49/49
σ = 1.5 12/14 25/25 25/28 30/30 49/49

Original σ = 2 9/14 24/25 23/28 29/30 49/49
image σ = 3 1/14 14/25 9/28 13/30 2/49

Orientation σ = 1 12/14 24/25 17/28 27/30 49/49
σ = 1.5 12/14 25/25 25/28 30/30 49/49
σ = 2 10/14 25/25 22/28 30/30 49/49
σ = 3 2/14 24/25 3/28 16/30 38/49

Hessian σ = 1 9/14 18/25 17/28 23/30 49/49
σ = 1.5 9/14 11/25 20/28 28/30 49/49

Subtraction σ = 2 8/14 11/25 22/28 28/30 48/49
image σ = 3 2/14 1/25 22/28 28/30 48/49

Orientation σ = 1 9/14 22/25 14/28 13/30 49/49
σ = 1.5 10/14 11/25 16/28 29/30 49/49
σ = 2 11/14 11/25 20/28 29/30 48/49
σ = 3 1/14 10/25 20/28 27/30 48/49

Using the feature image computed on the original image for the registration and
optimization step, we can observe from Table 1 that the scale σ = 1.5 appears
to be the optimal scale. With these settings, the guide wire could successfully be
tracked in 141 out of 146 frames. In sequence I the tracking failed in 2 frames
owing to line-like structures in the neighborhood of the guide wire. Motion blur
due to a fast movement of the tip of the guide wire caused a mismatch in the
registration step in 3 frames of sequence III. These failures appeared only in a
single frame. Without manual intervention, the guide wire was tracked correctly
in the subsequent frames. If other scales (σ) are used during the eigenvalue com-
putation, the performance of the tracking method becomes worse. For smaller σ,
the tracking results, especially the matching step, is influenced by image noise.
Conversely, at larger σ, broader line-like structures are more enhanced, so that
the guide wire is not always detected correctly.

If we use orientation information instead of scalar information in the optimiza-
tion step, the same results are obtained for σ = 1.5. The failures on this scale
were obtained in the matching step and they could not be corrected using dif-
ferent external energy forces in the spline optimization step. On a larger scale
(σ = 3), the tracking results improved for sequence II and V. Using orientation
information, the spline is less attracted to enhanced structures with an orienta-
tion that differs form the orientation of the spline. The optimization improves
the localization of the spline which subsequently influences the registration step
in the next frame.

If the eigenvalues of the Hessian matrix are calculated for the subtraction image,
good results are obtained in the last two sequences, but the tracking failed most
of the times in sequence I, II and III. These sequences are very noisy and by
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performing digital subtraction, the noise level is amplified. Using the orientation
instead of scalar information in the optimization step for the subtraction images,
the performance of the method hardly changes. An example of the good tracking
results for sequence III and IV obtained with σ = 1.5 is shown in Figure 3 and 4.

Fig. 3. Three frames (frame 2, 10 and 25) of sequence III, which gives an im-
pression of the tracking results. The method was applied on the feature image
in which the eigenvalues of the Hessian matrix were calculated with σ = 1.5 on
the original images of the sequence.

4 Discussion

There is relatively little literature on tracking guide wires from 2D fluoroscopy
images. In [4], guide wire tracking is used to evaluate the possibility of extract-
ing myocardial function from guide wire motion. However, guide wire tracking
is only performed in a single frame and not in time. Some other work is aimed
at the tracking of guide wires during endovascular interventions to control the
position of a catheter inside the human body with external devices [5,6] (active
tracking), or to reconstruct 3D catheter paths [7]. The presented method is a
new approach to improve visualization and localization during endovascular in-
terventions.

Based on the tests in the previous section, a number of conclusions can be
drawn. First, the use of the cross-correlation step is helpful, as it supplies a
good initialization for the subsequent fitting procedure. It is a known drawback
from snake algorithms [8] to be sensitive to the initialization, and using the first
rough alignment this is circumvented. Second, the scale parameter at which the
feature image was computed is essential. It has to be selected sufficiently large
to reduce sensitivity to noise, and sufficiently small to ensure that other line-like
structures at a larger scale are not enhanced.

For the best parameter settings, the feature image containing the eigenvalues of
the Hessian matrix gave the best overall results. The guide wire was success-
fully tracked in 141 out of 146 frames from 5 sequences. Subtracting a previous
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Fig. 4. Three frames (frame 4, 11 and 22) of sequence IV, which gives an im-
pression of the tracking results. The method was applied on the feature image
in which the eigenvalues of the Hessian matrix were calculated with σ = 1.5 on
the subtraction images of the sequence.

image from the current frame can help if there are elongated structures in the
neighborhood of the spline, but the movement of the guide wire tip has to be
large enough to get a good result. Using orientation information instead of scalar
information in the optimization step gave some improvement on larger scales.
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