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Abstract

Providing accurate image-guidance for soft-tissue
interventions remains a complex task. Most of the time,
preoperative models and planning data are no more
valid during the surgical process due to motions and
deformations of the organ of interest. In this paper, two
core components of a computer-assisted system for liver
surgery are presented. One is an ultrasound segmen-
tation techniques that allows for automatic liver ves-
sels detection and the other is a mass-spring based de-
formable model used to update the shape of 3D models.
Both have real-time capabilities and enable to update
intraoperatively the data created during the planning
phase.

1 Introduction

Fusing ultrasound (US) images with virtual informa-
tion such as CT-reconstructions has demonstrated to en-
hance both image interpretation and surgeon orientation
in patient anatomy [4]. Often, liver deformations are not
considered and rigid registration techniques are used for
data superimposition [6]. In reality, multiple factors like
abdominal cavity opening or inflating and surgical han-
dling can also cause organ deformations. A computer-
assisted system for liver surgery must account for these
deformations to reliably update the preoperative plan-
ning data during surgery. In [5], a preoperative MR vol-
ume is manually warped via 3D thin-plate splines onto
a 3D US volume reconstructed during the operation.
In [7], pre- and intraoperative vessels models are au-
tomatically non-rigidly registered with an ICP-like and
a spline-based method. An alternative solution to US-
based data is proposed in [1] to combine preoperative
images with the surgical scenario. Intraoperative organ

surface data are acquired with a laser range scanner and
a registration using ICP and finite elements (FEM) up-
date the preoperative model. In [12], a method to com-
pensate the displacements of inner organ structures (e.g.
tumor) estimates liver motions via tracked navigation
markers physically anchored in liver parenchyma.

In this article, we propose to make use of a
mass-spring network for modeling liver deformations.
Masses and springs are located on the medial axis of the
liver vascular tree. 3D points located on vessels center-
line are measured intraoperatively by segmenting navi-
gated US images to detect ellipsoidal vessels. The shape
of preoperative 3D surface meshes is updated with an
elastic registration that maps the deformable skeleton
with the data points.

2 Methods

Before the surgical intervention, during the planning
phase, 3D surface meshes of the organ are reconstructed
from segmented data of CT/MR scanner images [11]. In
case of liver resection, information concerning resec-
tion planes and security margin around the tumor can
also be added to the surgical planning. For later use in
the elastic registration, a discrete version of the vascu-
lar tree centerline, called skeleton, is generated. The
skeleton nodes will be considered as the particles of a
mass-spring deformable model (Fig. 2). A skeletoniza-
tion algorithm automatically puts nodes at bifurcations
and on long branches where important displacements
and deformations can occur [3].

2.1 Ultrasound Image Segmentation

During the intervention, actual position of the liver
vascular tree is measured by means of a navigated US
system. Navigation is possible by using a dynamic ref-

978-1-4244-2175-6/08/$25.00 ©2008 IEEE





Navigation system

US probe with marker

Ultrasound system
Box with marker
Porcine liver

Figure 3. Experimental setup

data point is also compared to the radius of the mesh
attached to its paired skeleton edge.

3 Experimental Results

The vessel segmentation method has been tested on
10 ultrasound data sets of porcine livers under isolated
perfusion guaranteeing that the vessels were not col-
lapsed. Each data set counted about a thousand of im-
ages that were recorded on the computer along with
their 3D position and orientation provided by the track-
ing device. Image processing was limited to an active
rectangular area of 295x345 pixels selected in the center
of every image (Fig. 1.c).

To make a first accuracy evaluation of vessels centers
detection and quantify the number of incorrectly seg-
mented vessels, a comparison with data obtained from a
manual segmentation has been conducted. The manual
segmentation (M) consisted in clicking on the center
of every visible vessel appearing in the active rectangle
used by the automatic method (A). A script has been
used to automatically compute the difference between
the number of detected vessels per image inM and A
and the distance between corresponding centers in both
sets. If the number of detected vessels in A was larger
than inM, the difference was considered as an indica-
tor of false positive detections. A vessel was consid-
ered being correctly detected when its center in A was
located in a radius of 10 pixels (1̃mm) around a ves-
sel center in M. Overall, an average of about 45% of
the vessels were correctly detected and less than 10%
were outliers. Fig. 4 illustrates this result with the green
points computed from manually segmented centers and
the red points surrounded by ellipses being from the au-
tomatic method.

To discard some improbable segmentation, experi-
mentally based position and shape filters were also ex-
ecuted after the ellipse fitting. In fact, it has been ob-
served that often vessels close to image boundaries are
incorrectly segmented due to the Gaussian filter of the
multi-scale algorithm. Thus, vessels closer than 5 mm

to the boundaries were ignored. Moreover, based on
anatomical knowledge, ellipses were considered to be
valid when both their average radius and axes ratio were
bounded within minimum and maximum values. Valid
radius interval was set between 1 and 7 mm, while the
average ratio was between 0.4 and 2.5.

Since the segmentation method performs in two dis-
tinct steps by first detecting the vessels and then ex-
tracting their contour and fitting them with ellipses, two
computation times were recorded. In average, if no ves-
sel was detected the processing took about 18 ms on a
2.4 GHz Intel Core 2 Quad CPU with 3 GB of RAM.
Extracting the contours of detected vessel raised the
mean processing time to 24 ms but this also depends on
how many vessels are detected. Nevertheless, the time
of computation has been about 10 times accelerated by
rewriting the MATLAB algorithms in C++.

To test the elastic registration, several CT datasets of
human patients have been used to produce 3D models
of hepatic veins. The meshes were processed to extract
their skeleton and build the deformable model. 3D data
points have been generated from the model skeleton
to simulate intraoperative measurements. Point coordi-
nates were computed by regularly sampling the skeleton
edges and random noise (σ = ±2 mm) was added. Fur-
thermore, 10% of outliers was also added to the volume
occupied by the data points. Finally, points belonging to
a vessel branch were manually displaced to simulate a
local deformation of about 2 cm (Fig. 2). Spring param-
eters of the physical model and damping factors were
manually tuned in order to keep realistic the deforma-
tions and avoid numerical instabilities due to the explicit
Euler integration scheme. A force model linearly pro-
portional to the square distance of point pairs was used
(fext

i = kpδ(ei, dj)2).
An initial rigid registration of the model with the

data points was achieved by manually selecting 3 cor-
responding points in both sets in the area of main ves-
sels branches. This operation was performed with the
mouse but could also be achieved by indicating approx-
imately the location of the vessel branches directly with

Figure 4. 3D data points produced by
manual (green) and automatic (red) seg-
mentation.



the navigated US probe.
In these conditions, the elastic registration has con-

verged to a stable solution in less than 5 s. Similar
experiments with different amplitudes of deformations
varying from 1 to 5 cm were performed. Generally,
in cases where the outliers were sufficiently distributed
over the volume and not confined at the same location,
the model was correctly registered to the data points
with a millimeter accuracy.

4 Conclusions and Future Work

Compensating intraoperatively the motions and de-
formations of soft organs is required for providing ac-
curate and reliable computer-assistance in surgery. In
that purpose, a framework for image-guidance in liver
surgery is being developed and two key components
have been presented in this paper. One is a fast ultra-
sound vessel segmentation method allowing to measure
the actual 3D position of liver vessels during the in-
tervention. The second one is an non-rigid registration
method that deforms the preoperative 3D model of the
vascular network by applying forces on its mass-spring
skeleton. Experiments on real and simulated data have
demonstrated their real-time capabilities.

Further experiments on porcine livers are ongoing
for assessing the registration accuracy. For this, CT
datasets of livers under deformation will be used as gold
standard for comparison. Increasing the vessel detec-
tion certainty of the ultrasound segmentation method by
tracking the vessels over the frames is also part of our
short term objectives.
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