
HAL Id: hal-01160739
https://inria.hal.science/hal-01160739v1

Submitted on 7 Jun 2015

HAL is a multi-disciplinary open access
archive for the deposit and dissemination of sci-
entific research documents, whether they are pub-
lished or not. The documents may come from
teaching and research institutions in France or
abroad, or from public or private research centers.

L’archive ouverte pluridisciplinaire HAL, est
destinée au dépôt et à la diffusion de documents
scientifiques de niveau recherche, publiés ou non,
émanant des établissements d’enseignement et de
recherche français ou étrangers, des laboratoires
publics ou privés.

Constraint-Based Simulation for Non-Rigid Real-Time
Registration

Hadrien Courtecuisse, Igor Peterlik, Raffaella Trivisonne, Christian Duriez,
Stéphane Cotin

To cite this version:
Hadrien Courtecuisse, Igor Peterlik, Raffaella Trivisonne, Christian Duriez, Stéphane Cotin.
Constraint-Based Simulation for Non-Rigid Real-Time Registration. Medicine Meets Virtual Real-
ity, Feb 2014, Manhattan Beach, California., United States. �hal-01160739�

https://inria.hal.science/hal-01160739v1
https://hal.archives-ouvertes.fr


Constraint-Based Simulation for
Non-Rigid Real-Time Registration

Hadrien COURTECUISSE a,b Igor PETERLIK a Raffaella TRIVISONNE a,b

Christian DURIEZ b Stéphane COTIN a,b

a Institut Hospitalo-Universitaire, Strasbourg, France
b SHACRA Project, INRIA, France

Abstract. In this paper we propose a method to address the problem of non-rigid
registration in real-time. We use Lagrange multipliers and soft sliding constraints to
combine data acquired from dynamic image sequence and a biomechanical model
of the structure of interest. The biomechanical model plays a role of regulariza-
tion to improve the robustness and the flexibility of the registration. We apply our
method to a pre-operative 3D CT scan of a porcine liver that is registered to a se-
quence of 2D dynamic MRI slices during the respiratory motion. The finite ele-
ment simulation provides a full 3D representation (including heterogeneities such
as vessels, tumor, . . . ) of the anatomical structure in real-time.
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1. Introduction

Recent advances in the field of real-time simulation of deformable tissues may open the
possibility to use simulations not only for training but also for pre and intra-operative
support. Virtual simulations of anatomical structures could provide a strong support for
the diagnostic phase, but also during the intervention in combination with augmented
reality systems. Surgical simulations could result in significant decrease of risks for pa-
tients, and time/cost of the interventions. This is an important challenge in a context
where a series of worldwide directives aims at optimizing the use of medical resources.

In this paper, our goal is to provide a full 3D model (including heterogeneities,
tumors and vascular system. . . ) of the liver during the respiration cycle. We acquired a
pre-operative CT scan of a liver, and we aim at registering the segmented model to 2D
dynamic slices acquired with MRI. We introduce a constraint-based method to couple
a priori information provided a biomechanical model and intra-operative data obtained
from image-based tracking of the surface of the liver in MRI slices.

2. Literature Review

2.1. Liver Motion and Deformable Registration

During the respiration cycle, the organs in abdominal cavity undergo important motion,
mainly induced by the motion of diaphragm. In [13], the cranio-caudal translation is re-



ported as the dominant component of the liver motion during respiration (12–26 mm),
compared to anterior-posterior (1–12 mm) and lateral (1–3 mm) motions. However, it is
stated that purely rigid transformation is not sufficient to model the liver motion suffi-
ciently during respiration, as some parts of the organ undergoes significant displacements
(up to 35 mm) which cannot be captured with rigid registration.

The deformable registration is a well established area of research relying on biome-
chanical model of domain being registered. In the following we briefly survey relevant
methods presented in the area of deformable registration, usually in context of preopera-
tive planning and intra-operative guidance [3].

A 3D registration of intra-operative MR brain images is proposed in [5]: the model is
based on linear elasticity discretized by the finite element method. The method is driven
by active surface matching which deforms the boundary of brain in one acquired image
towards the boundary in the following scan. The image warping based on finite element
method is developed in [16]. The hyperelastic formulation is employed and the warping
is applied in several domains, e.g. to measure strain in coronal artery or quantify mor-
phology changes in mouse brain. A multi-organ deformable image registration based on
mechanical model simulated with finite elements is developed in [2]. The model driven
by surface deformation and displacements of landmarks is used to analyze and predict
the motion of abdominal organ during respiration. Minimization of landmark displace-
ments is used to drive the deformable registration of mouse brain in [8]: several regu-
larization terms based on finite element formulation are compared including diffusion,
linear and non-linear elasticity.

A technique based on Sum of Squared Differences (SSD) metric regularized with
diffusion term applied to brain registration is presented in [12]. A geometrical mapping
between the regular grid of image data and non-uniform FE mesh is presented, result-
ing in fast model-based image registration. In [9] preoperative 3D CT images are regis-
tered to either 3D or 2D intra-operative scans. While the registration is driven by opti-
mization of similarity metrics (squared differences, mutual information and correlation
ratio are considered), the mechanical model based on linear elasticity is used to regu-
larize the solution. The method is tested on breast phantom. Multi-modality registration
for image-guided prostate intervention is described in [7]: in the preoperative phase, a
finite element patient specific model is built using the preoperative MR data and a set
of deformations corresponding to different boundary conditions and randomly sampled
material properties is computed and evaluated statistically using PCA. During the inter-
vention, the ultrasound image is processed to extract the features and the likelihood is
iteratively maximized resulting in warped MR data registered to the actual configuration
of the prostate gland.

Liver deformation during respiration is studied in [11]. To address the issue a non-
rigid registration framework relying on mesh-based inverse kinematics is presented.
In [6], the biomechanical model of liver based on pre-operative CT images is used to
estimate the actual position of a tumor based on tracking of surface features extracted
from a laparoscopic camera during the intervention. Unlike our approach, elastic springs
are used to provide a coupling between tracked features and the biomechanical model.
In this paper, we introduce a constraint-based solution to allows the liver to “slide” along
the control points defined by the outline of the liver. Our method allows robust non rigid
registration and converges toward the configuration minimizing the amount of energy
necessary to satisfy the constraints.



3. Methodology

3.1. Contour tracking and CT Semgentation

The model of the liver was constructed using contrast-enhanced CT data acquired on a fe-
male pig. The liver was segmented using semi-automatic methods available in ITKSnap1

(see Fig. 1). A tetrahedral mesh was obtained from the segmented maps using CGAL2.
Then a sequence of MRI slices was acquired (every 0.4175 second) in both coronal and
sagittal axis, to capture the respiratory motion.

Figure 1. Data acquisition: (left) Semi automatic segmentation of a CT data acquired on a female pig using
ITKSnap; (right) Contour tracking of the liver using optical flow algorithm. We manually defined a set of points
(in green) located on the contour of the liver and we used OpenCV library to track the contour (in red) in the
sequence of dynamic 2D MRI slices.

We manually defined a set of points on the boundary of the liver in the initial coronal
and sagittal slices. These positions were tracked with an optical flow method available
in OpenCV3 (see Fig. 1). Knowing the position and orientation of the MRI slices, we
obtain a set of sparse 3D control points that describe the motion (in the MRI plane) of
the surface of the liver during the breathing cycles.

3.2. Simulation of Deformable Bodies

Finite Element Method (FEM) is best suited to handle material non-linearities as the
constitutive law can be used explicitly. We use the corotational FEM introduced by [10];
while handling large displacements properly, it is restricted to small strain. In quasi static
scenario, the governing differential equation at equilibrium for a time t is given by

f (qt)+B(q̇t)+ f+JT
λ = 0 (1)

where f are external forces (such as gravity), f (qt) are the internal volumes forces at a
given position q and B(q̇t) a damping factor (obtained with Rayleigh damping). JT and
λ are respectively the Jacobian of the constraints and the associated constraint forces
(see below) to register the model. At each time step, f (qt) is evaluated with a first order
linearization (see [1] for details):

1www.itksnap.org
2www.cgal.org
3http://opencv.org/



f qt ≈ f (qt−1)+K(qt−1)dq (2)

where K is the stiffness matrix that depends on the positions of the deformable body, and
dq = qt −qt−1 the difference of positions. Replacing (2) in (1) gives:

[−B(q̇t)−K(qt−1)] dq = f+ f (qt−1) +JT λ . (3)

Defining δ as the initial interpenetration of the time step, C = ( 1
h B+K)−1 the compli-

ance matrix and W = JCJT the Delassus operator. λ can be obtained with the Schur
complement method (see [4] for details) by solving the system

W λ +δ = 0. (4)

3.3. Pairing Image Data and Simulation

Due to the plane motion, the control points provided by the MRI slices cannot be asso-
ciated statically with the same material point in the liver. At each time step, the Itera-
tive Closest Point (ICP) method [14] is used to bind the control points with their respec-
tive nearest triangle on the surface of the segmented liver. In Fig. 2(a) the control points
(green) are associated (red lines) with the closer surface of the object (orange).

(a) (b) (c) (d)

Figure 2. Binding process of the control points and the FE structure.

The method is improved by ensuring that the normals defined by the outline in the
MRI sliced have the same orientation as the normals of the FE mesh. Indeed, in Fig. 2(b)
the distance criterion is not sufficient since all the control points are associated with the
same side of the object and the constraints cannot be satisfied. In Fig. 2(c), we define a
set of normals aiming inside the liver, and in Fig. 2(d) the control points are associated
with the closer triangle whose normal is oriented in the same direction.

3.4. Constraint-Based Registration

Using a proximity collision detection, the control points qi are associated with their re-
spective closer points qs on the surface of the liver. The proximity information is refor-
mulated on the Degrees of Freedom of the FE mesh using a mapping matrix J that links
the positions from the contacts space to the motion space (see [15] for details):

δ = dot(qi −Jqs,nc) (5)

where δ is the violation of the constraints, and nc is the normal of the nearest triangle.



At each time step a new paring procedure is called, and a single Lagrange multiplier
is associated with each control point. Following [4], the constraint equations are solved
(i.e. δ = 0) at the end of each time step. As for the constraints in equation (5), qs must
be located on the tangential plane given by nc at the end of the time step (see Fig. 3).

(a) Step 1 (begin) (b) Step 1 (end) (c) Step 2 (begin) (d) Step 2 (end))

Figure 3. At the end of each time step, the constraints are satisfied by simultaneously deforming the FE
structure (orange) and moving the control points (green) along the tangential plane (blue) given by the normal
(red) of the nearest triangle. 3(a), 3(b), 3(c) and 3(d) represent a configuration of two consecutive time step,
respectively before and after the constraint resolution.

Image-based tracking methods still suffer from lack of accuracy and stability. There-
fore, although the control points are expected to remain on the boundary of the liver, it is
not always the case in practice.

Figure 4. The white contour is directly given by image-based tracking where the top right control point has
been intentionally displaced above the liver. The orange shape is the wireframe surface of the FE mesh and the
green shape is the resulting polyhedron using soft constraints.

In order to improve the robustness of the method, a compliance factor is associated
such that both the biomechanical model and the control outline can be deformed during
the constraints resolution (see Fig. 4). Equation (4) is then replaced by:

(W+Wsoft)λ +δ = 0 (6)

where Wsoft is a diagonal matrix whose coefficients are directly related to the confidence
of the tracking method.

4. Results

We registered a preoperative CT scan acquired with MAGNETOM® Aera SIEMENS 1.5
T, to a sequence of 2D dynamic MRI slices acquired with a SOMATOM® Definition
AS 128 slices. A sequence of 46 MRI slices was acquired (every 0.4175 second) in both



coronal and sagittal axis. We manually defined 18 and 12 points on the boundary of the
organ in the initial coronal and sagittal slices. The resulting FE mesh was composed of
1,294 nodes and 4,579 linear tetrahedral elements (see Fig. 5).

The FE mesh was then initialized sufficiently close to the MRI data. Soft sliding
constraints are defined between the FE mesh and the control points. The liver is rapidly
re-oriented, deformed and stabilized towards the configuration minimizing the amount of
energy necessary to satisfy the constraints. The virtual model follows the motion of the
control points and provides a full 3D representation (including vessels) of the respiration
cycles (see Fig. 5). Finally, the system is solved in real-time with an average framerate
of 76 FPS (1 second is simulated in 0.65 second).

Figure 5. Full 3D registration of the liver CT preoperative scan to the sequence of 2D dynamic MRI slices.
Large deformations and rotations are applied to the mesh , and the method remains stable and real-time during
the breathing cycle.

A preliminary validation of our method was performed comparing the CT and MRI
images as follows. First, the initial and deformed FE meshes were used to calculate the
displacement field using the constraints driven by the contour extracted from a chosen
MRI slice. Second, the displacement field was then used to warp the pre-operational CT
volume. Finally, a slice corresponding to the location of the MRI aqusition plane was
extracted from both the initial and warped CT data. The results presented in Fig. 6 show
a good match between the target MRI and slice extracted from warped CT data, not only
w.r.t. the overall shape of the liver, but also when comparing the positions of internal
vascular structures.

(a) Initial CT (b) Model-registed CT (c) Target MRI image

Figure 6. Preliminary validation: the initial CT data (a) are registered to target MRI (c) resulting in (b).



5. Conclusion

We proposed a method for non-rigid real-time registration. We combined advanced imag-
ing techniques with a physics-based simulation to provide a 3D representation of the liver
during the respiration motion. Our method relies on a generic constraint-based frame-
work to solve both sliding and soft constraints. As future work we plan to incorporate
anatomical landmarks constraints during the registration. The generic nature of our ap-
proach allows adding such constraints, which may be useful to avoid local minimum
during the solving process.
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