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Abstract. As interventional magnetic resonance imaging (iMRI) is get-
ting closer to clinical practice, new means of visualization and naviga-
tion are required. We present an approach to create a virtual endoscopic
view inside the human aorta in real-time. In our approach, defined cross-
sectional slices are acquired and segmented in a highly optimized fashion.
A geometric shape model is fit to the segmentation points and contin-
uously updated during the intervention. The physician can then view
and navigate inside the structure to plan the intervention and get im-
mediate feedback about the procedure. As a component of this system,
this work focuses on the segmentation of the cross-sectional images and
the fitting of the shape model. We present a real-time 2D segmentation
implementation for this application domain and a model fitting scheme
for a generalized cylinder (GC) model. For the latter we employ a new
scheme for choosing the local reference frame.

1 Introduction

Magnetic resonance imaging (MRI) has been receiving growing attention as guid-
ance modality for minimally invasive procedures. Unlike X-ray fluoroscopy or
computed tomography (CT), interventional MRI does not expose patient or
physician to potentially harmful ionizing radiation. Also MRI shows detailed
soft tissue contrast.

Commercially available MR scanners and their user interfaces are mainly tai-
lored to diagnostic tasks. Visualization of scanned image slices and volumes is
optimized for visual inspection on a high-definition display. Interventional MRI
on the other hand requires real-time presentation of the acquired image data in
the most meaningful way for the physician. Different approaches to MR image
visualization for interventional procedures have been proposed. Current tech-
niques include 2D image display of single or multiple slices in real-time [1,2], 2D
projections of magnetic resonance angiography (MRA) data [3] and 3D volume
rendering [4].

As off-line diagnosis tool, virtual endoscopy has been investigated over the last
10 years and found its way into clinical practice, e.g. for the detection of polyps in
the colon. In [5], the authors propose real-time virtual endoscopy as a new naviga-
tion tool for MR-guided interventions. In contrast to diagnostic virtual endoscopy,
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Fig. 1. Data flow in the real-time virtual endoscopy system

the 3D view reflects changes of the anatomy in real-time. The view is continuously
updated using on-line MR acquisition, segmentation, and modeling.

In this work we focus on techniques for MR-guided interventions in the hu-
man aorta. Coarctation (narrowing) and aneurysms (enlargements) are exam-
ples of aortic defects that can be treated by minimally invasive catheter based
procedures under X-ray or MRI guidance. During the treatment, a stent graft
is inserted and deployed at the appropriate position. We hypothesize that 3D
monitoring methods can help improve the accuracy of stent placement as well
as reduce the chance of accidental tissue rupture, and improve early detection
of complications.

For real-time interaction with the MR scanner we used a communication
framework as described in [5]. It provides means of changing slice position and
orientation during scanning as well as sending the resulting image data to the
processing system.

The planned workflow is as follows. Image slices are acquired perpendicular
to the aorta’s main axis. The scanned images are first subject to segmentation.
Here, points on the aortic wall are extracted and their 3D position is determined
by applying the (known) transformation of the image slice. After segmentation,
the 3D coordinates of the contour points are added to the cloud of data points.
An optimization is continuously fitting and updating the aorta model to best
match the point cloud. The coherence information of contour points within one
slice is not necessary in our approach, thus leading to a more general system
that can easily be extended to other organs. Using the current model shape
knowledge, new image slices are requested from the scanner. The layout of the
system is depicted in figure 1.

Therefore, as a component of such a real time interventional system, we
present methods for (1) optimized segmentation of the aorta and (2) a mod-
ified generalized cylinder (GC) model, both suitable for real time application. In
particular, this work describes a GC model [6] for the human aorta that is us-
able in the real-time MRI scenario. A novel reference frame scheme is introduced
to solve the problem of singularities in the Frenet-Serret frame. The presented
approach is kept general, making it easily adaptable to other organs.
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We also present a highly optimized segmentation using Geodesic Active Con-
tours suitable for real-time MRI.

2 Method

2.1 Segmentation of the Aortic Cross-section

Oriented roughly perpendicular to the aorta’s main axis, the image slices of
the healthy aorta exhibit a more or less circular cross-section. In case of a
pathology, e.g. an aneurysm, the contour can diverge even to a concave shape.
To handle this variability, segmentation is performed using a level set based
approach.

The interventional scenario imposes severe constraints on acquisition and pro-
cessing time. Feedback of the intervention should be less than a second. To
achieve reasonable update detail the system should be able to acquire and pro-
cess at least 5 frames per second with an in-plane resolution of about 2 mm.

Description of the segmentation method. We segment the aortic cross-
section using Geodesic Active Contours [7]. An initial curve C0 (see below) is
placed in the image and deformed by a curvature dependent speed κ and a
constant speed ν in curve normal direction n according to equation (1). g is in-
versely related to the edge strength which is calculated from the input intensities
I. It acts as a stopping function and slows down or stops the curve evolution
at object boundaries. The second part of the right hand side in equation (1)
constitutes an edge attraction speed in normal direction which increases the
robustness for partially weak boundaries or boundaries with small gaps [7], a
highly desirable property for images with reduced quality due to rapid acquisi-
tion times.

∂tC = g(κ + ν)n − (∇g · n)n (1)

We use the Perona-Malik diffusivity [8] given by equation (2) as stopping
function g. λ is a contrast parameter which controls the decrease of the stopping
function with increasing edge strength. The gradient is approximated using the
Sobel Operator.

g(x) =
1

1 +
(

|∇I(x)|
λ

)2 . (2)

The curve evolution defined in equation (1) is tracked by the level set frame-
work according to equation (3) [7]. The curve is embedded as the zero level set of
the 2D level set function φ. In contrast to an explicit parametric representation,
this implicit representation does not require any (re-)parameterizations during
the evolution.

∂tφ = |∇φ|
(

div
(

g
∇φ

|∇φ|

)
+ νg

)
. (3)

We use a semi-implicit numerical implementation of the level set PDE. This
permits large time steps and thus only few updates of the level set function are
required until the object boundaries are reached by the deforming curve.



Modeling the Human Aorta for MR-Driven Real-Time Virtual Endoscopy 473

(a) (b) (c)

Fig. 2. (a) Linked list structure to maintain the narrow band rows (b) Placement of
the initial curve C0 (c) Extraction of the final curve. See text for details.

A semi-implicit formulation usually comes with the burden of a high com-
putational effort per update. In [9], a discretization of equation (3) is proposed
which allows the application of the Additive Operator Splitting technique [10].
Thereby the computational effort is drastically reduced, and an overall speedup
of an order of magnitude compared to an explicit formulation of the level set
PDE is reported.

The Narrow Band approach [11] is used to further increase the efficiency of the
segmentation algorithm. The computational domain is restricted to grid points
in a neighborhood around the zero level set, thus reducing the complexity from
O(N2) to O(N) for a N × N grid. We use the linked list structure proposed
in [12] to maintain which grid points are part of the narrow band. Figure 2
(a) shows the structure describing the narrow band rows. A modified Chamfer
distance transformation [13] is used to re-initialize the narrow band once the
zero level set comes close to its boundary.

Placement of the initial curve. The initial curve C0 is placed within the
cross-section and expanded in order to recover the boundary. Given estimates
ĉ and d̂ on the center and approximate diameter of the cross-section from our
model of the aorta, the initial curve is set to a circle around ĉ, as illustrated
in figure 2 (b). The radius ri is set to a smaller value than half the diameter
d̂ in order to ensure that the initial curve is within the cross-section also for
inaccurate estimates.

Extraction of the final curve. The level set function takes a steady state
when the deforming curve has reached the object boundaries. The final curve is
then extracted in sub-grid accuracy using the Marching Squares algorithm (see
figure 2 (c)).

2.2 Aorta Model

Geometric shape models and their application in medical image analysis have
been studied extensively. A survey of methods can be found in [14].

A common deformable model for cylindrical structures is the generalized cylin-
der model [6]. A generalized cylinder consists of a 3D space curve, called spine or
centerline, and a variable 2D cross-section function. The modeled surface is then
defined by sweeping the cross-section function along the spine using some sweep
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rules. However, this formulation has several weaknesses, e.g. the occurrence of
discontinuities at certain points. To overcome those problems, several extensions
have been proposed, e.g. [15,16].

We employ a circular cross-section function. This scheme models the healthy
aorta as well as aortic abnormalities such as coarctation or aneurysm reason-
ably well while providing numerical stability for the model optimization process
detailed below. In order to fit the model to the segmented surface points we
define a cost functional that measures the quality of the fit. We then derive the
Euler-Lagrange equation and perform the optimization by gradient descent.

Equation 4 depicts the cost functional, where c : [0, 1] �→ R
3 defines the center-

line curve and r : [0, 1] �→ R the radius function of the cross-section parametrized
over the same interval. The function Γσ : R �→ R denotes the gaussian kernel
weighting the influence of data points. Parameter ŝi refers to the projection of
data point pi onto the centerline curve as shown below. The fixed start and
end points of the curve are x0 and x1. The cost functional is regularized by the
second and third term, weighted with factors λ and μ, respectively.

I(c, r) =

1∫

0

1
N

N∑
i=1

Γσ(s − ŝi)(||c(s) − pi|| − r(s))2 ds + (4)

λ

1∫

0

1
2
||∇c(s)||2 ds + μ

1∫

0

1
2
r′(s)2 ds

c(0) = x0 , c(1) = x1 , ŝi = arg min
s

||c(s) − pi|| (5)

The corresponding Euler-Lagrange equations give rise to the gradient descent
equations

∂c
∂t

(s) = − 1
N

N∑
i=1

Γσ(s − ŝi) (||c(s) − pi|| − r(s))
c(s) − pi

||c(s) − pi||
− λΔsc(s) (6)

and
∂r

∂t
(s) = − 1

N

N∑
i=1

Γσ(s − ŝi) (||c(s) − pi|| − r(s)) − μ
∂2

∂s2 r(s) . (7)

Defining a reference frame. When sweeping a 2D shape along a 3D space
curve, one has to define the frame of reference, i.e. the local coordinate system
for the cross-section function. This is important for building a 3D mesh and for
generalizing the cross-section function.

A geometrically straightforward choice is the Frenet-Serret reference frame,
as it was used in [15]. It defines the local coordinate system by the tangent,
normal, and binormal vectors of the spine curve. Let again c denote the spine
curve; we assume natural parametrization for simplicity. Then the basis vectors
of the Frenet-Serret frame are defined as

Z =
dc
ds

, X =
dZ
ds

||dZds ||
, and Y = Z × X. (8)
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As mentioned above, this formulation suffers from instabilities of the second
derivative, which may lead to discontinuities. We employ here a less general,
but more stable reference frame. We choose a fixed vector W that is known to
be non-collinear to the spine curve at any point. This can be done by applying
prior knowledge of the organ to be modeled; in our case we chose W to be the
normal vector of the coronal plane, in which the aorta roughly stretches. The
basis vectors are then defined by

Z =
dc
ds

, X = Z × W, and Y = Z × X. (9)

3 Results

Segmentation and model fitting was tested on real time TrueFISP (SSFP) MR
image series acquired orthogonal to the long axis of the aorta in three healthy
volunteers, with TE 1.48, TR 2.96, FL 70, and acquisition matrix size ranging
from 88 × 128 to 138 × 192; pixel size was 1.77 × 1.77 mm, slice thickness 6
mm. The scans were performed on a Siemens 1.5T Espree with parallel imaging
(GRAPPA factor 2).

3.1 Segmentation Accuracy

The 2D segmentation was performed on a total of 2416 slices, some exhibiting low
resolution, severe noise, or blood flow artifacts. Evaluation by a clinical expert
showed no or very minor deviations from the true contour in 98.3% of the cases,
while the remaining 1.7% were still rated clinically usable. Segmentation time
per slice was less than 1 msec.

3.2 Model Fitting with Synthetic Data

To assess the accuracy of the model optimization procedure we first used a
synthetically generated point cloud of known properties as data base. Uniformly
distributed points were sampled on the surface of an idealized aorta model. The
centerline was discretized in 35 piecewise linear segments and initialized as a
straight line between start and end point. The radius function was initialized
zero everywhere. Some sample images of the model after various numbers of
iterations are shown in figure 3.

Model fitting was carried out for different numbers of data points, the results
are shown in the table below. The detected centerline was very close to the
theoretical position with a mean square error (MSE) around 10−5 (spine length
≈ 2.57). Denser point clouds led to a more precise result.

number of data points 100 200 500 1000
MSE ×10−5 4.622 3.148 2.770 2.576
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0 iterations 1 iteration 5 iterations 10 iterations 20 iterations 30 iterations

Fig. 3. Model fitting progress for synthetic data set of 200 points

3.3 Model Fitting with Real Data

Finally we evaluated the accuracy of the model on real data. Consecutive image
slices were cut out from a 4D data volume and the aortic cross-section was
segmented using the method described in section 2.1. The resulting model and
a sample endoscopic view of it are shown in figure 4. Visual inspection showed
good correspondence in most areas. Outliers did not have a big influence on the
result, which is due to the smooth structure of the aorta and the model.

Fig. 4. Aorta model created from real human MRI data (left) and sample virtual
endoscopic view (right)

4 Discussion and Future Work

We presented a method for segmenting and modeling the human aorta suitable
for real-time virtual endoscopy. The highly optimized Geodesic Active Contour
segmentation allows processing of an image slice in less than 1 msec. We derived
and tested a variational fitting scheme for a generalized cylinder model to a
dynamic point cloud. Furthermore, a new local reference frame was implemented
for the model. The segmentation and model can now be integrated into the real
time acquisition and feedback system described in [5].

We plan to extend the GC model by attaching a finite element mesh to the
tubular GC surface to better model local deformations, which will be especially
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important when applying the method to structures with more complex shape
such as the left atrium.

The influence of motion was neglected in our model so far. Possible sources
of displacements are the cardiac and respiratory cycles, as well as patient move-
ment during the intervention. To cope with the periodic cardiac motion, we are
extending the model to 4D with imposed constraints on timepoint-to-timepoint
displacement. When addressing respiratory and external patient motion, one
must consider in-plane as well as through-plane displacements. Respiratory gat-
ing methods during the acquisition as well as registration and/or quality control
measures may be required depending on the exact application. And finally, we
plan to develop an update strategy for the real time model based on local ge-
ometry and phase of the interventional procedure.
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