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Abstract.
We present a method allowing for intra-operative targeting of a specific anatomical feature. The method is based on a registration of 3D pre-operative data to 2D
intra-operative images. Such registration is performed using an elastic model reconstructed from the 3D images, in combination with sliding constraints imposed
via Lagrange multipliers. We register the pre-operative data, where the feature is
clearly detectable, to intra-operative dynamic images where such feature is no more
visible. Despite the lack of visibility on the 2D MRI images, we are able both to
determine the location of the target as well as follow its displacement due to respiratory motion.
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1. Introduction and Context
Medical imaging is by now one of the essential aspects to perform most of the ordinary
daily surgeries. It represents not only a support for diagnostics, but also an actual operative instrument during particular therapeutic procedures. Typically, tomography techniques (CT and MRI) guarantee better results due to their accuracy into tissues differentiation and the consequent amount of information provided. In order to exploit the precision and the efficiency of these techniques, and to optimize as well the working environment for the operators, new procedures have been developed involving the combined
use of tomography and robotic systems. So far it has concerned mainly percutaneous interventions, spacing from cryoablation for prostate cancer to neurosurgical applications.
Each technique presents its benefits and drawbacks: CT scans are faster and can provide particularly detailed anatomical representations of high contrasted organs; on the
other hand they involve X-rays absorption. MRI images, being based on magnetism, do
not have any absorbed dose, moreover they offer an excellent contrast of soft tissues;
the main disadvantages are the length of the procedure as well as the necessity of totally non-ferromagnetic equipment. From a physiological point of view, organs are not
static objects and even the simplest breathing motion can induce shape deformations.
These modifications may invalidate the preoperative planning since the location of internal structures may significantly vary. Modern MRI allow for dynamic scanning without

any artifacts due to movement, but it is for now restricted to only one plan of acquisition.
Therefore, given the absence of any volumetric information, some anatomical structures
might be excluded. In this paper we extend the method presented in [4]. We aim to target
an inflame porcine gallbladder as during as a robotic MRI-guided percutaneous procedure. We show that 3 orthogonal MRI slices are sufficient to perform an entire 3D registration of a preoperative segmented CT scan. Lastly, as the dynamic motion of the liver
can only be acquired along a single plan at time, we show how to combine static slices
with a single dynamic acquisition in order to provide an entire volumetric interpolation
of the breathing motion.

2. Literature Review
The advantages of surgical robots and manipulators are well recognized (from daily assistance to telesurgery) [5]. In particular, MRI compatible robots are being developed
for biopsies [13], prostate cancer [1] and even neurosurgical applications [10]. Typically,
at the beginning of the intervention, clinicians select a couple of images and manually
define a trajectory and some landmarks, in order to fix an entry point, a needle orientation and an approximative path. The robotic system will then semi-automatically proceed towards the target following the set trajectory. One remaining limitation is that initially chosen images may be suitable to plan needle insertion but far from the target.
A real-time system tracking is then necessary to specifically take into account all the
deformations caused by external forces or natural motions (such as breathing) [12].
Augmented Reality is an active research area which allows overlaying key informations on the top of medical images, such as the location of a tumor. It is a promising
technique for mini invasive surgery assistance as well as for robotic-assisted procedures
[7]. Most of augmented reality systems are still limited to rigid registration, but it has
been reported (for instance for the liver motion) that purely rigid transformation is not
sufficient for most of the surgeries. Recently, biomechanical models have been used for
their ability to regularize the ill-posed non rigid registration problem. [8] uses a Finite
Element model and the iterative closest point (ICP) algorithm for the registration of muscular structures. [14] proposed a physics-based shape matching (PBSM) method based
on an electrostatic formulation. An elastic body is electrically charged to slides toward
an oppositely charged rigid shape. [2] formulated the non rigid registration problem as an
inverse mechanical problem. The method provides a set of boundary conditions bringing
the FE model to the desired geometrical deformations.
The above methods require a complete segmentation of intraoperative surfaces but,
as stated above, dynamic MRI acquisition is only possible along a single orientation at
a time. In [9], the boundary of the liver surface is extracted and tracked from a laparoscopic camera during the intervention, but the tracking method may occur into camera
occlusions. [6] use a linear elastic FE model of the brain that is driven by active surface
matching of one acquired image during brain shift, but no significant dynamic motion
are taken into account. In [4] a 3D volume is registered with 3 orthogonal sequences
of dynamic MRI recorded one after an other and synchronized manually. We propose
an extension of this method where a single dynamic slice is combined with static MRI
slices. The main contributions of this work are: register a generic organ with missing
complete volumetric information, target an anatomical feature not visible in MRI images,
and perform all these operations with a combination of dynamic and static mode.

3. Methodology
The tracking method takes as input: an initial 2D segmentation of the liver’s outline and a
continuous flow of dynamic MRI slices. The initial segmentation is manually performed
by an operator (fig. 1(a)), thanks to highly contrasted MRI images, this operation is easily
performed and can be even more facilitated with the use of a tactile device (1(b)). The
outline of the segmentation is then discretized providing a set a sparse control points
located on the surface of the liver (see 1(c)).

(a) Initial image

(b) Manual annotation

(c) Image filtering

(d) Outline tracking

Figure 2. FE collision model of
the liver

Figure 1. We manually defined the contour of the liver
applying some filters to enhance the quality of the image and we used OpenCV library to track the contour
(in red) in the sequence of dynamic 2D MRI slices

The MRI MAGNETOM® Aera SIEMENS 1.5 T allows to get, in dynamic mode,
2.5 acquisitions per second of a given slice. This frequency is sufficient to capture the
dynamic behavior of tissues during breathing cycles without any artifacts due to organs’
motion. In order to reduce the noise, both a Gaussian and a Threshold filter are applied
to the acquired the images (see 1(c)). An optical flow algorithm provided by OpenCV
is then used to track the displacement of the liver’s initial boundary in the dynamic sequence (see Fig. 1(d)). Finally, based on the position and orientation of the MRI slices,
a set of sparse 3D control points p located on the liver’s surface can be reconstructed.
The porcine liver and its gallbladder have been segmented from a preoperative CT scan;
a tetrahedral mesh was generated to support FE computations (see Fig. 2).
We use the corotational FE approach [11] to deal with non-linear deformations. The
deformation of the model is given by the dynamic equation:
Mq̈ + Bq̇ + F(q, q̇) + H(q, p, λ ) = 0

(1)

where F(q, q̇) are internal volumes forces for given positions q and velocities q̇. M and
B are respectively the mass and the damping matrices. H(q, p, λ ) gathers the constraints
forces λ for given positions q and p.
The location of the corresponding control points p on the liver’s surface is not
known. This problem is solved employing the Iterative Closest Point (ICP) method as
described in [4]. At the beginning of each simulation step, each control point is associated with its respective nearest triangle on the surface of the segmented liver. We assume
that this association stays constant within a simulation step (see [3] for details), allowing
to define the Jacobian of Constraints J and the violation of constraint δ = p − q̄, defined
as the distance between p and its respective closest projection on liver’s surface q̄:

Mq̈ + Bq̇ + F(q, q̇) + J λ = 0
(2)
JT q̄ = δ
Due to off-plan motions, tracked points may not be associated with the same positions on the liver’s surface. We use then sliding constraints (see [4]) allowing the FE
model to slide around the configuration, minimizing the mechanical energy needed to
perform the registration. A normal direction n is associated to each constraint from
Bezier subdivision of liver triangulation surface. After the resolution, λ is computed such
that no violation remains in n-direction (δ = 0), with any tangential force.
A Backward Euler implicit time integration is used to perform the simulation. It involves a non-linear problem solved with a single iteration step of the Newton solver. After the linearization, the problem is written as an augmented linear system: Ax + Jλ = b
where A = h1 M + B + h ∂∂ Fq , x and b being respectively the increment and residual
in the Newton solver (see [3] for details). The Schur complement method is used to
solve the augmented linear system, involving the computation of the compliance matrix
W = JA−1 JT that relates the mechanical coupling between constraints.
The constrained problem has a solution if and only if all the constraints are exactly
verified at the end of each simulation step. However, the tracking method may generate
outliers resulting in a non physically plausible deformation. To avoid excessive deformations of the biomechanical model, a soft compliance factor Wsoft is added to the compliance matrix: (W + Wsoft ) λ − δ = 0, where Wsoft is a diagonal matrix whose coefficients
are directly related to the confidence of the tracking method. Instead of deforming the FE
liver model, higher compliance allows moving outliers on liver’s surface if the necessary
energy is be too high to satisfy the constraint. Thanks to variations in compliance it is
possible to combine dynamic constraints with static ones.

4. Results
In order to validate our method, we evaluate the error between the registered mesh and
its actual position into MRI images; this error is calculated as the distance between the
surface of the registered mesh and some control points outlining the contour of each
anatomical feature on MRI images.
To have the information as global as possible, we acquired MRI dynamic data along
9 different orientations. Given an average porcine respiratory rate of 15-20 breaths per
minute and an MRI-acquisition frequency of 0.4 Hz for each dataset we selected the
10 images corresponding to a single breathing cycle. Such slices have been then syn-
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Table 1. Average distance between registered mesh and control points on MRI images

chronized setting as init the slice corresponding to the maximum inspiration and control
points have been selected onto starting image.

Figure 3. Examples of constraints configurations. We captured 9 MRI-images along coronal, sagittal, and
axial plan in order to roughly span the whole abdominal volume (image top left). We combined the slices in
order to create configurations of constraints with different orientations. The notation Ci Ai Si indicates the slices
and their level within the abdominal volume (0 center, max proximal, min distal) Figures show the registration
testing different configurations. Validation points change color according to the registration’s result: the greener
they are, the more the mesh is close to such control points. In general, a constranints configuration could be
working for the liver but not for the gallbladder (i.e. C0 Amax S0 , image bottom right)

For the static part, each test was performed activating a set of 3 different constraints
at once, while the control points for the validation distance were considered in the whole
area. For each test, we registered the liver changing one constraint (i.e. MRI-slice) per
time; in particular, we chose the most external ones (min,max), defining the boundary of
our volume. Results of the average error of gallbladder and liver registration, as well as
the configuration of the slices, are shown in (Fig. 3).
Outcomes are rather satisfying: average deviations float around 2 mm, except for
the combination of constraints the distal axial slice. In order to achieve optimal results,
two criteria must be fulfilled by a constraint: it must be set on a region with high volume
density and it has to present a not generic contour.” In this case, such axial image, not only
belongs to a restricted portion of the liver, but its outline doesn’t give enough information
about the shape. The best result is achieved with the combination of central coronal,
central axial and proximal sagittal. Furthermore, we show how a combination of three
slices is preferable in respect of a single constraint (Tab. 1).
We performed dynamic tests using the best constraints-combination deriving from
static tests (i.e. C0 A0 Smax ). Each real-time simulation was performed for 16s to record
at least 4 breathing cycles; picks in (Fig. 4 represents maximum inspiration phase. We
proposed a registration combining dynamic and static slices, despite our method could
give good results using three dynamic constraints at the same time (fig. 4); we chose such
heterogeneous configuration since a configuration with three dynamic orthogonal plans is
not clinically realizable yet. However, the choice of the dynamic slice should still respect
criteria of included volume’s percentage and outline’s specificity: the combination C0 A0
Smax with the coronal slice in dynamic mode, is the one giving the smallest deviation. In
general, such dynamic/static combinations are possible applying an higher compliance
to static slices, in order to let control points move more easily. Lastly, we tested t fourth
combination of three static constraints: as shown in (Fig. 4), in case of breathing a static
registration would give a more significant error.
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Figure 4. Average errors between registered surface and image control points during dynamic registrations.
Here we show the results for both the liver and the gallbladder when using different combinations. With the
static combination C0 A0 Smax is hard to follow the breathing motion; the dynamic combination C0 A0 Smax
shows good results, yet it’s not clinically useful; the best configuration is C0 A0 Smax where only the coronal
slice is in dynamic mode. The registration process is generally completed after 6-7s for all the combinations,
as shown in the x-axis. After this first phase, errors tend to be stationary with an oscillatory pattern due to
respiratory motion.

5. Conclusion
We proposed a method for non-rigid registration on dynamic data. We combined 2D MRI
images with physics-based simulation to provide a 3D representation of the liver during
breathing motion. As future work we first plan to perform a quantitative evaluation of the
compliance and its influence on the simulation; the main objective would be to find the
optimal value to drive the simulation. In addition, we will implement the method to work
with a single dynamic constraint, so that registration could be performed on ultrasound
images.
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