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Abstract. We present a new algorithm for the non-rigid registration of 3D Mag-
netic Resonance (MR) intraoperative image sequences showing brain shift. The
algorithm tracks key surfaces (cortical surface and the lateral ventricles) in the
image sequence using an active surface algorithm. The volumetric deformation
field of the objects the surfaces are embedded in is then inferred from the dis-
placements at the boundary surfaces using a biomechanical finite element model
of these objects. The biomechanical model allows us to analyse characteristics
of the deformed tissues, such as stress measures. Initial experiments on an intra-
operative sequence of brain shift show a good correlation of the internal brain
structures after deformation using our algorithm, and a good capability of mea-
suring surface as well as subsurface shift. We measured distances between land-
marks in the deformed initial image and the corresponding landmarks in the target
scan. The surface shift was recovered from up to 1cm down to less than 1mm, and
subsurface shift from up to 6mm down to 3mm or less.

1 Introduction

The increased use of image guided surgery systems for neurosurgery has brought to
prominence the problem of brain shift, the deformation the brain undergoes after cran-
iotomy, as well as deformations due to tumor resection. These deformations can signif-
icantly diminish the accuracy of neuronavigation systems, and it is therefore of great
importance to be able to quantify and analyse these phenomena. The subject has re-
cently lead to considerable interest in the medical image analysis community [1, 2, 3,
4, 5, 6, 7, 8, 9].

Most of the work that has been done in the field of intraoperative volumetric image
alignment is mainly based on image related criteria [10, 8, 4] . Physical deformation
models have also been proposed to constrain a deformation field computed from image
data using elastic [11, 12] or even viscous fluid deformation models [13, 14]. However,
these models do not account for the actual material characteristics of the brain, because
the matching is done minimizing an energy measure that consists of a weighted sum
of an image similarity term and a relaxation term representing the potential energy of
a physical body (e.g. elastic). Therefore, the actual physics of the phenomenon cannot
not be properly captured by these models.

There has also been a significant amount of work directed towards simulation us-
ing models driven by physics-based forces such as gravity. Skrinjar et al. [15, 7] have
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proposed a model consisting of mass nodes interconnected by Kelvin models to simu-
late the behavior of brain tissue under gravity, with boundary conditions to model the
interaction of the brain with the skull. Miga et al. [3, 5, 6] proposed a Finite Element
(FE) model based on consolidation theory where the brain is modeled as an elastic body
with an intersticial fluid. They also use gravity induced forces, as well as experimentally
determined boundary conditions.

Even though these models are very promising, it remains difficult to accurately es-
timate all the forces and boundary conditions that interact with the model.

It is only recently that biomechanical models have been explicitly proposed to con-
strain the deformation of images [16, 9]. Currently, the drawback of such methods is
that they either require user intervention, or another means to compute the forces (or
correspondances) applied to the model. Another drawback is that these later methods
have only been applied to 2D images thereby limiting the clinical utility and the possi-
bility to efficiently assess the accuracy of the method.

Our ultimate goal is to be able to do prediction of deformation during surgery with
the goal of improving intraoperative navigation and tumor resection, and of reducing
the amount of intraoperative imaging that is necessary. To be able to do this, one first
needs to validate the non-rigid deformation model. Intraoperative MRI provides excel-
lent contrast and spatial resolution, which makes it an ideal testbed for developing and
validating nonrigid deformation methods.

We propose a new integrated approach that uses surface-based correspondences to
drive a biomechanical model of the brain instead of using estimates of forces that are
often difficult to accurately determine. The correspondances are computed using one or
multiple active surfaces that are deformed onto the target image. The correspondances
between landmark surfaces in the preoperative and intraoperative scans provide an im-
plicit way to compute the forces the model has undergone.

2 Theory

So far, we have limited our model to linear elasticity, as it has been shown that soft
tissue deformation can be modeled quite accurately using linear elasticity in the case of
small strains [17, 18]. However, our algorithm can easily be used with other constitutive
materials such as viscous fluids, etc. The following sections will successively review the
theory of finite element modeling and address the FE meshing issue, explain how we
have used these principles to solve active surface problems, as well as the way we use
it for computing a biomechanical volumetric deformation field.

2.1 Finite Element Model

Assuming a linear elastic continuum with no initial stresses or strains, the potential
energy of an elastic body submitted to externally applied forces can be expressed as
[19] 1:

E =
1
2

∫
Ω

σT ε dΩ +
∫

Ω

Fu dΩ (1)

1 Superscript T designs the transpose of a vector or a matrix
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where u = u(x, y, z) is the displacement vector, F = F(x, y, z) the vector representing
the forces applied to the elastic body (forces per unit volume, surface forces, or forces
concentrated at the nodes), and Ω the body on which one is working. ε is the strain
vector, defined as
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and σ the stress vector, linked to the strain vector by the constitutive equations of the
material. In the case of linear elasticity, with no initial stresses or strains, this relation is
described as

σ =
(
σx, σy, σz , τxy, τyz , τxz

)T = Dε (3)

where D is the elasticity matrix characterizing the properties of the material [19].
This equation is valid whether one is working with a surface or a volume. We model

our active surfaces, which represent the boundaries of the objects in the image, as elas-
tic membranes, and the surrounding and inner volumes as 3D volumetric elastic bodies.

Within a finite element discretization framework, an elastic body is approximated
as an assemblage of discrete finite elements interconnected at nodal points on the ele-
ment boundaries. This means that the volumes to be modeled need to be meshed, i.e.,
divided into elements. In [9], Hagemann et al. propose to use the pixels of the image as
basic elements of his FE mesh. This approach does not take advantage of the intrinsic
formulation of FE modeling, which assumes that the mechanical properties are constant
over the element, suggesting that one can use elements covering several image pixels.
Also, when performing computations in 3D, which is eventually what is needed for
medical applications, the amount of degrees of freedom will be far too large (for a typ-
ical 256x256x60 intraoperative MRI, this means about 12 million degrees of freedom
!) to perform efficient computations in a reasonable time, even on high performance
computing equipment.

Most available meshing software packages do not allow meshing of multiple ob-
jects [20, 21], and are usually designed for regular and convex objects, which is often
not the case for anatomical structures. Therefore, we have implemented a tetrahedral
mesh generator specifically suited for labeled 3D medical images. The mesher can be
seen as the volumetric counterpart of a marching tetrahedra surface generation algo-
rithm. A detailed description of the algorithm can be found in [22]. The resulting mesh
structure is built such that for images containing multiple objects, a fully connected and
consistent tetrahedral mesh is obtained with for every cell, a given label correspond-
ing to the object the cell belongs to. Therefore, different biomechanical properties and
parameters can easily be assigned to the different cells or objects composing the mesh.
Boundary surfaces of objects represented in the mesh can be extracted from the mesh as
triangulated surfaces, which is very convenient for running an active surface algorithm.

The continuous displacement field u within each element is a function of the dis-
placement at the nodal points of the element uel

i weighted by its shape functions Nel
i =

Nel
i (x, y, z) .

u =
Nnodes∑

i=1

Nel
i uel

i (4)
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The elements we use are tetrahedra (Nnodes = 4) for the volumes and triangles
for the membranes (Nnodes = 3), with linear interpolation of the displacement field.
Hence, the shape function of node i of element el is defined as: Nel

i = K
(
ael

i + bel
i x +

cel
i y + del

i z
)
, where K = 1

6V el for a tetrahedron, and K = 1
2Sel for a triangle. The

computation of V el, Sel (volume, surface of el) and other constants is detailed in [19].
For every node i of each element el, we define the matrix Bel

i = LiN
el
i . The func-

tion to be minimized at every node i of each element el can thus be expressed as :

E(uel
i ) =

∫
Ω

Nnodes∑
j=1

uel
i

T
Bel

i

T
DBel

j uel
j + FNel

i uel
i dΩ (5)

We seek the minimum of this function by solving for dE(uel
i )

duel
i

= 0. Equation (5) then

becomes : ∫
Ω

Nnodes∑
j=1

Bel
i

T
DBel

j uel
j dΩ = −

∫
Ω

Nnodes∑
j=1

FNel
i dΩ (6)

This last expression can be written as a matrix system for each finite element:

Keluel = −Fel (7)

Matrices Kel and vector Fel are defined as follows: Kel
i,j =

∫
Ω

Bel
i

T
DBel

j dΩ, Fel
j =∫

Ω
FNel

i dΩ; where every element i, j refers to pairs of nodes of the element el (i and j

range from 1 to 4 for a tetrahedron – 1 to 3 for a triangle). Kel
i,j and are 3 by 3 matrices,

Fel
j is a 3 by 1 vector. The 12 by 12 (9 by 9 for a triangle) matrix Kel, and the vector Fel

are computed for each element and are then assembled in a global system Ku = −F,
the solution of which will provide us with the deformation field corresponding to the
global minimum of the total energy.

We now have constitutive equations that model surfaces as elastic membranes and
volumes as elastic bodies.

2.2 Active Surface Algorithm
The active surface algorithm deforms the boundary surface of an object in one image
of the sequence towards the boundary of the same object in the next image of the se-
quence. The surface is modeled as an elastic membrane, which we deform iteratively
onto the target scan by applying image-derived forces. As proposed in [23], the tempo-
ral variation of the surface can be discretized using finite differences, provided the time
step τ is small enough. Using the previously obtained relation for elastic bodies (see eq.
7), this yields the following semi-implicit iterative equation 2:

ut − ut−1

τ
+ Kut = −Fut−1

(8)

Classically, the image force F is computed as a decreasing function of the gradient
so as to be minimized at the edges of the image. To increase the robustness and the
convergence rate of the process, we have computed the forces as a steepest gradient
descent on a euclidean distance map we efficiently compute from the target object [24].
More details about our active surface algorithm can be found in [25].

2 Superscript t refers to the current temporal iteration.
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2.3 Inferring Volumetric Deformations from Surface Deformations

The deformation field obtained for the boundary surfaces is then used in conjunction
with the volumetric model to infer the deformation field inside and outside the boundary
surfaces. The idea is to apply forces to the boundary surfaces that will produce the same
displacement field at the boundary surfaces that was obtained with the active surface
algorithm. The volumetric biomechanical model will then compute the deformation of
the surrounding nodes in the mesh.

Let ũ be the vector representing the displacement to be imposed at the boundary
nodes. Hence, the forces (see eq. 7) needed to impose these displacements to the volume
can be expressed as :

F = Kũ (9)

The solution of the equilibrium equations with these forces will provide us with
the displacement at all the nodes in the volumetric mesh with the imposed displace-
ments at the nodes of the boundary surfaces delimiting the objects represented in the
mesh. Biomechanical parameters such as the stress tensors can then be derived from the
displacements at the nodes using the stress-strain relationship (eq. 3) for every node i:

σi =
∑

el|i∈el

Dεi =
∑

el|i∈el

DLiN
el
i ui (10)

3 Experiments

3.1 FE Model Generation

To build our brain model, we segmented the brain out of the initial intraoperative MRI
using our directional watershed algorithm [26]. The volume was further simplified using
mathematical morphology to obtain a smooth surface. Figure 1 shows cuts through a
sample tetrahedral mesh of the brain overlayed on the corresponding initial image. Note
that the mesh has been adaptively refined in the neighborhood of the lateral ventricles,
so as to ensure sufficient resolution of the surfaces for the active surface algorithm.

a) b) c)

Fig. 1. Axial (a), sagittal (b), and coronal (c) cuts through tetrahedral mesh of the brain overlayed
on corresponding cuts through preoperative image.

An isotropic linear elastic material is characterized by two parameters: Young’s
elasticity modulus E and Poisson’s ratio ν [19]. They determine the elastic behavior of
the object. The choice of these values is of course critical to the reliability of a physics
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based deformation model. Their determination has not been addressed very consistently
in the literature as the coefficients used often differ significantly from study to study and
do not always include the physical units of the values. Recently, Hagemann et. al.[9]
published a comparative study of brain elasticity coefficients proposed by different au-
thors, and came to the conclusion that for their application, the only comparable and
meaningful values presented by other authors are the ratios of the coefficients for brain
and skull. Since we are only interested in modeling the brain, and not the skull, we have
chosen to use the parameters Miga et al. [6] obtained with in-vivo experiments instead
(E = 3kPa, ν = 0.4).

We have implemented our own FE algorithm, both for the active surface matching
and for the volumetric biomechanical deformation. The assembly and solving of the
linear matrix systems have been parallelized using the PETSc library [27]. The entire
deformation algorithm, using a mesh with approximately one hundred thousand tetra-
hedra, only takes about 30 minutes on a Sun Ultra 10 440MHz workstation. Using 4
CPUs, the computation time can be reduced to 10 minutes. The average size of the
edges of the larger tetrahedra was approximately 15 mm, while the smallest tetrahe-
dra (in the neighborhood of the ventricles) had edges of 1.5 mm. However, it must be
noted that the meshing algorithm yields even smaller tetrahedra in the neighborhood of
boundary edges. Before we applied our algorithm, the images have been aligned using
our rigid registration algorithm based upon maximization of mutual information [28]
so as to account for patient movement within the magnet during the operation.

3.2 Active Surface Matching

The active surfaces are extracted from the intraoperative scan at the start of surgery,
before opening the dura mater (see Figure 2a), and deformed towards the brain in a later
intraoperative image (see Figure 2b). One can very clearly observe that the deformation
of the cortical surface is happening in the direction of gravity and is mainly located
where the dura was removed. Also, one can observe a shift, as well as a contraction of
the lateral ventricles. Figure 4 shows the 3D surface deformation field the brain and the
ventricles have undergone. One can very well observe that the shift is mainly affecting
the left part of the ventricles, while the displacement of the lower parts is mostly due to
volume loss.

a) b) c)

Fig. 2. Axial cut through initial (a and b) and deformed (c) active surfaces overlayed on corre-
sponding slice of (a)initial; b,c)target) intraoperative MR image
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3.3 Volumetric FE Deformation

The deformation field obtained with the active surface algorithm is then used as input
for our biomechanical FE model. The algorithm yields a deformation vector for every
node of the mesh. These displacements can then be interpolated back onto the image
grid using the shape functions within every element of the FE mesh (see eq. 4). Figure
3 shows a slice of the deformed image as well as the image of the difference with the
target. One can observe that the algorithm captured the surface shift and the ventricular
thinning very accurately. The gray-level mean square difference between the target scan
and the deformed original scan on the image regions covered by the mesh went down
from 15 to 3. However, one can also notice that the left ventricle (lower one on the
Figure) was not able to fully capture the thinning. This is due to the approximate model
of the lateral ventricles we used in this experiment.

a) b) c) c)

Fig. 3. Slice 29 of a) initial scan b) target scan c)initial scan deformed using our algorithm
d)difference between target scan and deformed initial scan.

Figure 6 shows orthogonal cuts through the target intraoperative scan with transpar-
ently overlayed color-coding of the intensity of the deformation field. The arrows show
the actual displacement of the nodes of the mesh. The extremely dense vector field in
the neighborhood of the lateral ventricles is due to the adaptive refinement of the mesh
at these locations.

Figure 5a shows the obtained deformation field overlayed on a slice of the initial
scan, and Figure 5b shows the same slice of the initial scan deformed with the ob-
tained deformation field. Several landmarks have also been placed on the initial scan
(green crosses) and deformed onto the target scan (red crosses), and these last landmarks
have also been overlayed on the target scan for comparison with the actual deformed
anatomy.

Similar landmarks as those shown on Figure 5 have been placed on 4 different slices
where the shift was most visible, and the distance between deformed landmarks and tar-
get landmarks (not represented here for better visibility) have been measured. The sur-
face based landmarks on the deformed scan were within 1mm of the landmarks on the
target intraoperative scan. The errors between the landmarks placed in between the mid-
sagittal plane and the cortical surface were within 2-3mm from the actual landmarks.
The largest errors were observed at the level of the mid-sagittal plane and ventricles,
which can be explained by the fact that the surface matching of the ventricles was not
perfect. Nevertheless, the algorithm reduced the distance between landmarks in the ini-
tial and the target scans from up to almost 1cm to less than 1mm for the surface-based
landmarks, and from up to 6mm to 3mm or less for the sub-surface landmarks.
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4 Discussion and Conclusion
We have presented a biomechanical FE deformable model for the registration of image
sequences showing brain shift. The biomechanical model is driven by imposing dis-
placements to key boundary surfaces. The displacements at the boundary surfaces are
computed using an active surface algorithm.

The algorithm provides us with a physically realistic deformation field and also
allows us to inspect the characteristics of the deformed objects. This can be very useful
for the inspection of stresses induced by the deformation of certain objects on their
surroundings.

Our algorithm was able to track the surface shift the brain undergoes very accu-
rately and partially correct for the subsurface shift. In the experiment we presented, the
brain was considered to be an homogeneous elastic body. Further improvements of the
algorithm include the modeling of different intracranial structures, and the assignment
of the corresponding material properties. Also, we plan to investigate if changing the
elasticity coefficients and introducing anisotropy (by modifying the elasticity matrix D
appropriately) can improve the non-rigid registration.
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a) b)

Fig. 4. 3D surface renderings of active surfaces(a) brain surface, b)lateral ventricles) with color-
coded intensity of deformation field

a) b) c)

Fig. 5. a)Volumetric deformation field and initial landmarks (green) overlayed on initial intra-
operative image slice, b) Same slice of deformed initial image with deformed initial landmarks
(red), c) Same slice of target image with deformed landmarks

a) b)

Fig. 6. 3D Volumetric Deformation field (downsampled 12x, scaled 2x) with orthogonal cuts
through target intraoperative MR image and transparently overlayed color coded intensity of the
deformation field a)Axial view, gravity is downwards. b)Coronal view, gravity goes from left to
right
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