Chapter 6
Biomechanical Modeling of the Brain
for Computer-Assisted Neurosurgery

K. Miller, A. Wittek, and G. Joldes

6.1 Introduction

During neurosurgery, the brain significantly deforms. Despite the enormous
complexity of the brain (see Chap. 2) many aspects of its response can be reasonably
described in purely mechanical terms, such as displacements, strains and stresses.
They can therefore be analyzed using established methods of continuum mechanics.
In this chapter, we discuss approaches to biomechanical modeling of the brain
from the perspective of two distinct applications: neurosurgical simulation and
neuroimage registration in image-guided surgery. These two challenging applica-
tions are described below.'

6.1.1 Neurosurgical Simulation for Operation Planning,
Surgeon Training and Skill Assessment

The goal of surgical simulation research is to model and simulate deformable materials
for applications requiring real-time interaction. Medical applications for this include
simulation-based training, skills assessment and operation planning.

Surgical simulation systems are required to provide visual and haptic feedback
to a surgeon or trainee. Various haptic interfaces for medical simulation are especially
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useful for training surgeons for minimally invasive procedures (laparoscopy/
interventional radiology) and remote surgery using tele-operators. These systems
must compute the deformation field within a soft organ and the interaction force
between a surgical tool and the tissue to present visual and haptic feedback to the
surgeon. Haptic feedback must be provided at frequencies of at least 500 Hz [3].
From a solid-mechanical perspective, the problem involves large deformations,
non-linear material properties and non-linear boundary conditions. Moreover, it
requires extremely efficient solution algorithms to satisfy stringent requirements on
the frequency of haptic feedback. Surgical simulation is a very challenging problem
of solid mechanics.

When a simulator is intended to be used for surgeon training, a generic model
developed from average organ geometry and material properties can be used in
computations. However, when the intended application is for operation planning,
the computational model must be patient-specific. This requirement adds to the difficulty
of the problem — the question of how to rapidly generate patient-specific computa-
tional models still awaits a satisfactory answer.

6.1.2 Image Registration in Image-Guided Neurosurgery

One common element of most new therapeutic technologies, such as gene therapy,
stimulators, focused radiation, lesion generation, nanotechnological devices,
drug polymers, robotic surgery and robotic prosthetics, is that they have extremely
localized areas of therapeutic effect. As a result, they have to be applied precisely in
relation to the patient’s current (i.e. intra-operative) anatomy, directly over the
specific location of anatomic or functional abnormality [4]. Nakaji and Speltzer [5]
list the “accurate localization of the target” as the first principle in modern neuro-
surgical approaches.

As only pre-operative anatomy of the patient is known precisely from medical
images (usually magnetic resonance images — MRI), it is now recognized that the
ability to predict soft organ deformation (and therefore intra-operative anatomy)
during the operation is the main problem in performing reliable surgery on soft
organs. In the context of brain surgery, it is very important to be able to predict the
effect of procedures on the position of pathologies and critical healthy areas in the
brain. If displacements within the brain can be computed during the operation,
then they can be used to warp pre-operative high-quality MR images so that they
represent the current, intra-operative configuration of the brain, see Fig. 6.1.

The neuroimage registration problem involves large deformations, non-linear
material properties and non-linear boundary conditions as well as the difficult issue
of generating patient-specific computational models. However, it is easier than the
previously discussed surgical simulation problem in two important ways. Firstly, we
are interested in accurate computations of the displacement field only. Accuracy of
stress computations is not required. Secondly, the computations must be conducted
intra-operatively, which practically means that the results should be available to an
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Fig. 6.1 Comparison of a brain surface determined from images acquired pre-operatively with the
one determined intra-operatively from images acquired after craniotomy. Inferior (i.e. “bottom”)
view. (a) Pre-operative surface is semi-transparent; (b) Intra-operative surface is semi-transparent.
Deformation of the brain surface due to craniotomy is clearly visible. Intra-operative displace-
ments of over 20 mm have been reported in medical literature [90]. Surfaces were determined from
the images provided by Department of Surgery, Brigham and Women’s Hospital (Harvard Medical
School, Boston, MA, USA)

operating surgeon in less than 40 s [6-9]. This still forms a stringent requirement for
computational efficiency of methods used, but is much more easily satisfied than the
500 Hz haptic feedback frequency requirement for neurosurgical simulation.

Following the Introduction (Sect. 6.1), in Sect. 6.2, we describe difficulties in
modeling geometry, boundary conditions, loading and material properties of the
brain. In Sect. 6.3, we consider example application in the area of computational
radiology. Numerical algorithms devised to efficiently solve brain deformation
behavior models are described in Chap. 9. We conclude this chapter with some
reflections about the state of the field.

6.2 Biomechanics of the Brain-Modelling Issues

When considering approaches to modeling the brain, one should clearly realize
whether the intended application is generic or patient-specific. If the biomechanical
model is constructed for a generic application, e.g. a neurosurgical simulator for
surgeon training, the typical, in some sense “average”, geometry and mechanical
properties of an organ and tissues should be modeled. If, however, a patient-specific
model is required, for example for operation planning, then clearly a “generic”
model is of little utility and patient-specific data must be incorporated in the model.
The reader is warned here that the question of how to generate patient-specific
biomechanical models quickly and reliably remains unresolved (see Chap. 9 for
current attempts to address this issue using meshless methods). Another aspect
worth considering is that for computational biomechanics to be accepted and
beneficial in clinical practice, biomechanical computations must be seamlessly
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Fig. 6.2 3D magnetic resonance image (MRI) presented as a tri-planar cross-section. Slices with
clearly visible tumors are shown in Sect. 6.3, Fig. 6.8. Public domain software Slicer (www.slicer.
org), developed by our collaborators from Surgical Planning Laboratory, Harvard Medical School,
was used to generate the image

incorporated in the clinical work flow. This can only be achieved if these computations
are conducted in real or at least close to real-time (how to achieve this is discussed
in Chap. 9).

In the remainder of this section, we will discuss the main modeling issues: geometry,
boundary conditions, loading and tissue mechanical properties.

6.2.1 Geometry

Detailed geometric information is needed to define the domain in which the
deformation field needs to be computed. Such information is provided by electronic
brain atlases described in detail in Chap. 2. In applications that do not require
patient-specific data (such as neurosurgical simulators for education and training),
the geometric information provided by these atlases is sufficient. However, other
applications such as neurosurgical simulators for operation planning and image
registration systems do require patient-specific data. This patient-specific data can
be obtained from radiological images (for examples see Fig. 6.2 and Chap. 3);
however, the quality is significantly inferior to the data available from anatomical
atlases (see Chap. 2).

The accuracy of neurosurgery is not better than 1 mm [4]. Voxel size in high-quality
pre-operative MR images is usually of similar magnitude. Therefore, we can conclude
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Fig. 6.3 (a) 2D slice of 3D brain MR volume; (b) Segmented image. Such “hard” segmentation is
necessary for finite element mesh development

that patient-specific models of the brain geometry can be constructed with
approximately 1 mm accuracy, and that higher accuracy is probably not required.
The question arises, however, of which brain structures should be explicitly included
in the model and which omitted? As described in Chap. 2, anatomists recognize
well over a 1,000 structures within the brain. Very little (if anything) is known about
relative mechanical properties of these structures. Therefore, even the most sophis-
ticated models used by the scientific community only include brain parenchyma,
ventricles, tumor (if present) and skull. A necessary step in constructing patient-
specific models of brain geometry is medical image segmentation. Segmentation is
a process that essentially explains what is what on the image, see Fig. 6.3.

Unfortunately, despite years of effort by the medical image analysis community,
a generally accepted automatic brain MRI segmentation method is not yet available.
In practice, very laborious semi-automatic or manual methods are employed [2, 10].
It is clear that if one attempted to include many brain structures in the patient-specific
biomechanical model, then one would need to identify them in the medical image
and segment them. This is a daunting task that at the time of writing does not appear
to be practical.

On the other hand, when a generic application that does not require patient-
specific data is considered, the 3D geometry of essentially all structures that might
possibly be of interest can be imported from electronic brain atlases. For example,
a hippocampus is often of interest, and its geometry and location can be clearly seen
in Fig. 2.6 of Chap. 2.

To develop a numerical model of the brain biomechanics, it is necessary to create
a computational grid, which in most practical cases is a finite element mesh (or a
cloud of points required by a meshless method, see also Chaps. 5 and 9). Because
of the stringent computation time requirements, the mesh must be constructed using
low order elements that are computationally inexpensive. The linear under-
integrated hexahedron is the preferred choice.
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Fig. 6.4 A 2D slice of the brain discretized by (a) quadrilateral finite elements; and (b) nodes of
the modified Element-Free Galerkin method. Development of a good-quality finite element mesh
is time-consuming. Generation of the meshless grid is almost instantaneous

Many algorithms are now available for fast and accurate automatic mesh genera-
tion using tetrahedral elements, but not for automatic hexahedral mesh generation
[11-13]. Template-based meshing algorithms can be used for discretizing different
organs using hexahedrons [14—16], but these types of algorithms only work for
healthy organs. In the case of severe pathologies (such as a brain tumor or severely
enlarged ventricles), such algorithms cannot be used as the shape, size and position
of the pathology are unpredictable. This is one reason why many authors proposed
the use of tetrahedral meshes for their models [6, 8, 17, 18]. In order to automate
the simulation process, mixed meshes having both hexahedral and linear tetrahedral
elements are the most convenient. Examples of such meshes are shown in Fig. 6.9
in the next section.

An alternative to using the finite element method is to use one of the available
meshless methods. The problem of generating the computational grid disappears as
one needs only to drop a cloud of points into the volume defined by a 3D medical
image [19-25], see Fig. 6.4. Details of Meshless Total Lagrangian algorithm for
computing soft tissue deformations are given in Chap. 9.

6.2.2 Boundary Conditions

The formulation of appropriate boundary conditions for computation of brain
deformation during surgery constitutes a significant problem because of the complexity
of the brain—skull interface (see Fig. 5.3 in Chap. 5 on modeling the brain for injury
prevention where this problem is also highlighted).
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A number of researchers fix the brain surface to the skull [26, 27]. We do not
recommend this approach. One alternative is to use a gap between the brain and
the skull that allows for motion of the brain within the cranial cavity [9, 28-32].
Another alternative is to use a frictionless sliding (with separation) contact model
[33, 34], which can be incorporated into finite element computations very efficiently,
see Chap. 9. The reader should be warned, however, that biomechanical knowledge
about the properties of the brain—skull interface is very limited [35] and the brain-
skull interface models used in the literature are “best guesses” and their relation to
reality is unclear.

The skull should be included in the model either explicitly or in the form of an
appropriate boundary condition for the brain. As the skull is orders of magnitude
stiffer than the brain tissue, its rigidity can be assumed. The spine—spinal cord inter-
actions and constraining effects of the spinal cord on the brain’s rigid body motion
can be simulated by constraining the spinal end of the model.

6.2.3 Loading

We advocate loading the models through imposed displacements on the model
surface, [2, 9, 30, 36] see Fig. 6.5. In the case of neurosurgical simulation, this load-
ing will be imposed by known motion of a surgical tool. In the case of intra-opera-
tive image, registration the current (intra-operative) position of the exposed part of
the brain surface can be measured using various techniques [37]. This information can
then be used to define model loading.

As suggested in papers [36, 38—40] for problems where loading is prescribed as
forced motion of boundaries, the unknown deformation field within the domain
depends very weakly on the mechanical properties of the continuum. As this feature is
of great importance in biomechanical modeling, where there are always uncertainties
in patient-specific properties of tissues, it warrants more detailed discussion.

Let us look at this from the perspective of non-rigid image registration in
intra-operative image-guided procedures where high-resolution pre-operative scans
are warped onto lower quality intra-operative ones [7, 41]. We are particularly
interested in registering high-resolution pre-operative MRIs with lower quality
intra-operative imaging modalities, such as multi-planar MRIs and intra-operative
ultrasound.

This problem, when viewed from the perspective of a mechanical or civil
engineer, can be considered as follows: the brain, whose detailed pre-operative
image is available, after craniotomy, due to a number of physical and physiological
reasons, deforms (so-called brain shift). We are interested in the intra-operative
(i.e. current) position of the brain, of which partial information is provided by low-
resolution intra-operative images. In mathematical terms, this problem can be described
by equations of solid mechanics.

Consider motion of a deforming body in a stationary co-ordinate system,
Fig. 6.6.



118 K. Miller et al.

Prescribed Nodal Displacements

Fig. 6.5 Model loading through prescribed nodal displacements at the exposed brain surface
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Fig. 6.6 Motion of a body in a stationary co-ordinate system. Initial configuration, described by
upper case coordinates, can be considered as a high-quality pre-operative image. Current, deformed
configuration (described by lower-case coordinates) is unknown; however, partial information is
available from a lower resolution intra-operative image
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In the analysis, we follow all particles in their motion, from the original to the
final configuration of the body, which means that the Lagrangian (or material)
formulation of the problem is adopted. Motion of the system sketched in Fig. 6.6 can
be described by equations of motion often written in so-called weak formulation:

[, 82,V = [ f%8u,dv + [ f*8u,ds, (6.1)

where € is the Almansi strain, J“ciiﬁsij dV is the internal virtual work, J fibSuij dVis
the virtual work of external bod)vl forces (this includes inertial effects), and J. fduds

is the virtual work of external surface forces. As the brain undergoes finite deformation,
current volume V and surface S, over which the integration is to be conducted, are
unknown: they are part of the solution rather than input data. Therefore, appropriate
solution procedures which allow finite deformation must be used, see Chap. 9.
Integral equation (9.1) must be supplemented by formulae describing the mechanical
properties of materials, i.e. appropriate constitutive models. However, an important
advantage of the weak formulation is that the essential (displacement) boundary
conditions are automatically satisfied [42].

Boundary conditions may prescribe kinematic variables such as displacements
and velocities (essential boundary conditions) or tractions (natural boundary condi-
tions, these also include point forces). It should be noted that “boundary conditions”
do not have to be applied at the physical boundary of the deforming object.

Depending on the amount of information about the intra-operative position of the
brain available from intra-operative imaging modalities, brain registration can be
described in mathematical terms as follows:

Case I: Entire boundary of the brain can be extracted from the intra-operative image.
Mathematical description:

— Known: initial position of the domain (i.e. the brain), as determined from pre-
operative MRI

— Known: current position of the entire boundary of the domain (the brain)

— Unknown: displacement field within the domain (the brain), in particular current
position of the tumor and critical, from the perspective of a surgical approach,
healthy tissues

No information of surface tractions is required for the solution of this problem.
Problems of this type are called in theoretical elasticity “pure displacement
problems” [43].

Case II: Limited information about the boundary (e.g. only the position of the brain
surface exposed during craniotomy) and perhaps about current position of clearly
identifiable anatomical landmarks, e.g. as described in [44]. No external forces
applied to the boundary. Mathematical description:

— Known: initial position of the domain (i.e. the brain), as determined from
pre-operative MRI
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— Known: current position of some parts of the boundary of the domain (the brain);
zero pressure and traction forces everywhere else on the boundary

— Unknown: displacement field within the domain (the brain), in particular current
position of the tumor and critical healthy tissues

Problems of this type are very special cases of so-called “displacement —
traction problems” that have not, to the best of our knowledge, been considered
as a separate class and no special methods of solution for these problems exist.
In Miller [45], it was suggested to call such problems “displacement — zero
traction problems”.

The solution in displacements for both pure displacement problems and
displacement-zero traction problems is only very weakly sensitive to mechanical
properties of the deforming continuum. To see why let us first consider an (over-
simplified) linear-elastic case. Then the following simple dimensional reasoning
applies: The loading is provided by the enforced motion of boundaries measured
in meters [m]; the result of computations are displacements measured in [m];
therefore the result cannot depend on the stress parameter measured in [Pa=N/m?].
We should note here that the result can depend on (dimensionless) Poisson’s ratio
and on (dimensionless) ratios of stress parameters if the model contains different
materials with different stiffness. In the general non-linear case, the displace-
ment results will still remain insensitive to the stress parameter appearing in the
non-linear material law, but may depend on the particular form of that law. This
dependency can, however, be expected to be rather weak. The explicit demon-
stration of this was given in [38, 40] where the shapes of compressed and extended
cylinders were shown to be essentially independent of the material law used for
the cylinder’s material, see Fig. 6.7.

In the case of the full-scale brain deformation computation, our experience
confirms the expected insensitivity of computed displacement fields to chosen tissue
constitutive models [30]. This result is important because it demonstrates the utility
of computational biomechanics even in the most common situation when the patient-
specific mechanical properties of tissues remain unknown.

6.2.4 Models of Mechanical Properties of Brain Tissue

The first question to address is whether a single-phase continuum model for the
tissue should be used or if bi-phasic and even more complicated multi-phase models
are preferable. Many researchers conclude that the brain is obviously a hydrated
tissue and therefore use bi-phasic models based on consolidation theory, see e.g.
[46] and references cited therein. We are of the opinion that bi-phasic, consolidation
theory-based models are inconsistent with brain tissue behavior observed in simple
experiments. For example, no leakage of CSF was observed in brain tissue samples
loaded by CSF pressure difference [47]. Another argument against using bi-phasic
models is that during numerous unconfined compression experiments [48], we never
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Fig. 6.7 Shapes of cylinders modeled as Extreme-Mooney and Neo-Hookean materials. (a) com-
pression by 10, 20 and 30%. (b) extension by 10, 20 and 30%. Z/H denotes a dimensionless co-
ordinate along the height of the cylinder. f(Z) stands for the shape of the side of the deformed
cylinder. Shape of a cylinder made from a “real” material is expected to fall between the two
extremes

observed fluid leaking from the side of the samples. Such leakage is predicted by a
bi-phasic theory. Therefore, in the remainder of this chapter, we will discuss only
single-phase modeling approaches.

Experimental results show that the mechanical response of brain tissue to external
loading is very complex. The stress—strain relationship is clearly non-linear with no
portion in the plots suitable for estimating a meaningful Young’s modulus. It is also
obvious that the stiffness of the brain in compression is much higher than in exten-
sion. The non-linear relationship between stress and strain—rate is also apparent.
Detailed exposition of the current knowledge about mechanical properties of brain
tissue is given in Chap. 4. Here we only discuss modeling issues directly pertinent
to modeling neurosurgery.
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The great majority of brain models assume brain tissue incompressibility and
isotropy (see also Chaps. 4 and 5). The assumption of incompressibility is not
contentious. Whether it is reasonable to assume brain tissue to be isotropic
(i.e. mecha-nical properties to be the same in all directions) is less clear, especially in
view of the obviously directional character of white matter fibers. Brain tissues do
not normally bear mechanical loads and do not exhibit directional structure, pro-
vided that a large enough length scale is considered. Therefore, they may be assumed
to be initially isotropic, see e.g. [49—57]. When modeling brain deformations during
surgery, we need to keep in mind that the accuracy of displacement computations
rarely needs to be better than about 1 mm — the claimed accuracy of neurosurgery.
Therefore, “average isotropic” properties at the length scales relevant to surgical
procedures are most probably sufficient. These properties are relatively well
accounted for by an Ogden-type hyperviscoelastic model [54] described in Chap. 4,
equations (4.4) and (4.5).

Average properties, such as those described above, are not sufficient for patient-
specific computations of stresses and reaction forces because of the very large vari-
ability inherent to biological materials. This variability is clearly demonstrated in the
biomechanics literature, see e.g. [54, 58—60]. Unfortunately, despite recent progress
in elastography using ultrasound [61] and magnetic resonance [62—64], reliable
methods of measuring patient-specific properties of the brain are not yet available.

Nevertheless, as shown in the previous section on modeling loading, a lot can be
achieved even without a patient-specific model of brain tissue mechanical proper-
ties if the model is loaded by the enforced motion of a boundary and the problem is
formulated as a pure displacement or displacement-zero traction problem. As the
computed results are then almost insensitive to the assumed mechanical properties
of the tissue, we advocate using the simplest model that is compatible with finite
deformation solution procedures: a Neo-Hookean model:

S =g (13 —%I{)C1)+k(J—1)JéC1, (6.2)

where O’S is, the second Piola-Kirchhoff stress, 7 is the first invariant of the devia-
toric Right Cauchy Green deformation tensor C (the first strain invariant), J is the
determinant of the deformation gradient (representing the volume change), 1, is
the 3 x3 identity matrix, u is the shear modulus, and k is the bulk modulus of the
material.

The accuracy of this approach is demonstrated in the next section.

6.2.5 Model Validation

For mathematical modeling and computer simulation to be of any practical use — to
be reliable [65] — the results derived from the models must be known to lie within
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the prescribed margins of accuracy. As we have seen in Chap. 5, ascertaining
that this is the case when modeling high-speed impacts and brain injury is a very
difficult task. Modelers of the brain for neurosurgery are, however, in a better
position — they have to their disposal intra-operative imaging modalities (see Chap. 3)
providing images that can be used for a relatively straightforward validation of the
results of computer simulations of brain deformations.

Biomechanical models of the brain contain a lot of simplifying assumptions to
make them mathematically and computationally tractable. To be of practical use,
solutions to these models must be obtained in real or close-to-real time. Therefore,
often non-standard, specially designed solution algorithms and software implemen-
tations are used (see Chap. 9). It is very important, and unfortunately overlooked by
many researchers, that the biomechanical model and solution method be validated
separately! For, if we evaluated a “software system” consisting of implemented
non-standard solution algorithms to a complicated biomechanical model and found
discrepancies when compared with experiments, we would have no indication
whether these discrepancies are due to inappropriate modeling assumptions or
faulty numerical procedure (or both).

We recommend that the new real-time solution algorithms be verified against
well-established solution procedures implemented in commercial software. The
assumptions of the biomechanical model need to be evaluated against available
experimental data. The biomechanical model should then be validated by compar-
ing the solutions computed using established numerical procedures and the experi-
ment. If these hurdles are cleared and it can be also demonstrated that replacing
established numerical procedures with the specialized ones developed for real-time
applications does not affect the computed results, then one may treat the “software
system” with some confidence.

How accurate should the results of the computational biomechanics model
of the brain be? Accuracy of manual neurosurgery is not better than 1 mm.
The voxel size of currently the best available experimental tool for model validation —
the intra-operative MRI — is of the same order. Therefore, the computed intra-
operative displacements do not need to be more accurate than about 1 mm. We may
note here that, paradoxically, this accuracy requirement is much less stringent
than what we are used to in traditional engineering disciplines. How about
stresses? In image-guided surgery applications, we are not interested in stress
distributions, only in the displacement field. This is one of the reasons simple
constitutive models of the brain tissue can be used. However, for surgical simula-
tion applications, we need to compute reaction forces on surgical tools that
will be displayed to the user through a haptic interface. At present, there is no
consensus regarding how accurate this haptic feedback should be to facilitate the
user’s realistic experience. Given the present state of biomechanical knowledge,
the best that can be achieved is qualitative agreement between real and computed
interaction forces (see e.g. [55]). This is despite examples of excellent agreement
between computations and phantom experiments [66] as well as controlled
in vitro experiments [67].
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6.3 Application Example: Computer Simulation
of the Brain Shift

A particularly exciting application of non-rigid image registration is in intra-
operative image-guided procedures, where pre-operative scans are warped onto
sparse intra-operative ones [7, 41]. We are especially interested in registering high-
resolution pre-operative MRIs with lower quality intra-operative imaging modali-
ties, such as multi-planar MRIs and intra-operative ultrasound. To achieve accurate
matching of these modalities, precise and fast algorithms to compute tissue defor-
mations are fundamental.

Here we present the analysis of five cases of craniotomy-induced brain shift
representing different situations that may occur during neurosurgery [2].

6.3.1 Generation of Computational Grids: From Medical
Images to Finite Element Meshes

Three-dimensional patient-specific brain meshes were constructed from the
segmented pre-operative MRIs (Fig. 6.8) obtained from the anonymized retro-
spective database of Computational Radiology Laboratory (Children’s Hospital,
Boston, MA). The parenchyma, ventricles and tumor were distinguished in the
segmentation process, Fig. 6.8.

Because of the stringent computation time requirements, the meshes had to
be constructed using low order elements that are not computationally expensive.
The under-integrated hexahedron with linear shape functions is the preferred
choice due to its superior convergence and accuracy characteristics. To partly
automate the meshing, we used mixed meshes consisting of both hexahedral
and tetrahedral elements with linear shape functions (Fig. 6.9, Table 6.1).
The meshes were built using IA-FEMesh (a freely available software toolkit for
hexahedral mesh generation developed at the University of Iowa) [68] and
HyperMesh™ (a high-performance commercial finite element mesh generator
by Altair, Ltd. of Troy, MI, USA). Following the literature [69, 70], hexahedral
elements with Jacobian of below 0.2 were regarded as unacceptably poor
quality and replaced with the tetrahedral elements. Because of irregular geom-
etry of ventricles and tumor, vast majority of tetrahedral elements were located
in the ventricles and tumor as well as in the adjacent parenchyma areas. It took
between 1 and 2 working days for a graduate student (assisted by an experi-
enced finite element analyst) to generate the brain mesh for each of the craniotomy
cases analyzed in this study.

As the parenchyma was modeled as an incompressible continuum, average nodal
pressure (ANP) formulation by [71] was applied to prevent volumetric locking
(i.e. artificial stiffening due to incompressibility) in the tetrahedral elements.
We refer to these elements as non-locking ones.
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Fig. 6.8 Pre-operative T1 MRI showing tumor location in five craniotomy cases analyzed in this
study. White lines indicate the tumor segmentations

To eliminate instabilities (known as zero-energy modes or hourglassing) that
arise from single-point integration, the stiffness-based hourglass control method by
[72] was used for under-integrated hexahedral elements.

The non-locking tetrahedron and the hourglass control method are described in
detail in Chap. 9.

6.3.2 Loading, Boundary Conditions and Brain Tissue
Constitutive Model

There are always uncertainties regarding the patient-specific properties of the
living tissues. To reduce the effects of such uncertainties, we loaded the models
by prescribing displacements on the exposed (due to craniotomy) part of the brain
surface (Fig. 6.5). As discussed in Sect. 6.2.3, for this type of loading the unknown
deformation field within the brain depends very weakly on the mechanical
properties of the brain tissues. The displacements for loading the models were
determined from distances between the pre-operative and intra-operative cortical
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Table 6.1 Summary of the patient-specific brain meshes used in this study. Every node in the mesh
has three degrees of freedom

Case 1 Case 2 Case 3 Case 4 Case 5

Number of hexahedral 14,447 10,258 10,127 9,032 8,944
elements

Number of tetrahedral 13,563 20,316 23,275 23,688 21,160
elements

Number of nodes 18,806 15,433 15,804 14,732 14,069

surfaces segmented in the MRIs. The correspondences between the pre-operative
and intra-operative surfaces were determined by applying the vector-spline regular-
ization algorithm to the surface curvature maps [73, 74].

To define the boundary conditions for the remaining nodes on the brain model
surface, a contact interface was defined between the rigid skull model and areas of
the brain surface where the nodal displacements were not prescribed. This formula-
tion prevents the brain surface from penetrating the skull while allowing for friction-
less sliding and separation between the brain and skull, see Chap. 9 for details.
Although modeling of the brain-skull interactions through a sliding contact with
separation may be viewed as an oversimplification since the anatomical structures
forming the interface between the brain and skull are not directly represented, such
modeling has been widely used in the literature when computing the brain deforma-
tions during brain shift [9, 29, 75].

Despite continuous efforts (see Chap. 4), commonly accepted non-invasive
methods for determining patient-specific constitutive properties of the brain and
other soft organs’ tissues have not been developed yet. Constitutive models of the
brain tissue applied for computing the brain deformation for non-rigid registration
vary from simple linear-elastic model [76] to Ogden-type hyperviscoelasticity [9]
and bi-phasic models relying on consolidation theory [77]. However, as explained
in more detail in Sect. 6.2.3, the strength of the modeling approach used in this
study is that the calculated brain deformations depend very weakly on the constitu-
tive model and mechanical properties of the brain tissues. Therefore, following [33],
we used the simplest hyperelastic model, the Neo-Hookean [78].

Based on the experimental data by Miller et al. [55] and Miller and Chinzei [54]),
the Young’s modulus of 3,000 Pa was assigned for the brain parenchyma tissue. For
the tumor, we used the Young’s modulus two times larger than for the parenchyma.
This is consistent with the experimental data of [63]. As the brain and other very
soft tissues are most often assumed to be incompressible, the Poisson’s ratio of
0.49 was used for the parenchyma and tumor. Following [9], the ventricles were
assigned the properties of a very soft compressible elastic solid with Young’s modulus
of 10 Pa and Poisson’s ratio of 0.1 to account for possibility of leakage of the cere-
brospinal fluid from the ventricles during surgery.
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6.3.3 Results and Validation

In image-guided surgery, accuracy of tissue motion prediction is typically assessed
by evaluating the accuracy of alignment between the registered position of the
pre-operative image predicted by the non-rigid registration and the actual patient
position established by an intra-operative image or navigation system. Universally
accepted “gold standards” for such evaluation have not been developed yet [79].
Objective metrics for the alignment of the image can be provided by automated
methods using image similarity metrics, e.g. Mutual Information [80, 81] and
Normalized Cross-Correlation [82]. From the perspective of validation of biome-
chanical models for computing the deformation field within the brain, one of the key
deficiencies of such metrics is that they quantify the alignment error in terms that do
not have straightforward geometrical interpretation in terms of Euclidean distance.
Therefore, validation of predictions obtained using biomechanical models has
often been done using landmarks manually selected (by neuroradiology experts) in
the MRIs [6, 29]. Although interpretation of the results of landmarks-based validation
is very straightforward, the method provides accuracy estimation only at the landmark
locations. Furthermore, determining these locations is typically very time-consuming
and its accuracy relies on the experience of an expert [83].

Another option is to use the 95-percentile Hausdorff distance between sets; in
our case non-rigidly registered pre-operative surfaces of the tumor and ventricles
and surfaces of the tumor and ventricles obtained from the intra-operative image
segmentation. We have followed this procedure in [2]. However, the resulting
Hausdorff distances are highly sensitive to the segmentation accuracy. We feel that
the qualitative results in the visual form of overlayed images are more reliable and
convincing.

A detailed comparison between the contours of ventricles in the intra-operative
images and the ones predicted by the finite element brain models is presented in
Figs. 6.10 and 6.11. The comparison indicates good overall agreement between the
predicted and actual intra-operative contours with the differences not exceeding the
voxel size of the image (0.86x0.86x2.5 mm?®). However, some local misalignment
between these contours is clearly visible. Examples of such misalignment include
the third ventricle area in Case 2 (Figs. 6.9 and 6.11b) and the posterior horn of the
left lateral ventricle in the area adjacent to the tumor in Case 5 (Fig. 6.11).

Five cases of craniotomy-induced brain shift analyzed here are characterized by
tumors located in different parts of the brain. Comparison of the pre-operative,
intra-operative and registered images indicates that detailed information about
anatomical structures required for building accurate biomechanical models may be
difficult to obtain for tumors that affect geometry of such structures. For instance, in
Case 5, the posterior horn of the left lateral ventricle was compressed by the tumor.
Consequently, a large part of the horn could not be seen in the pre-operative images
(Fig. 6.11). This, in turn, limited the accuracy when simulating the posterior horn
of the left lateral ventricle in the biomechanical model for predicting the brain
deformations in Case 5, which led to local misregistration (Fig. 6.11).



Fig. 6.10 The registered (i.e. deformed using the calculated deformation field) pre-operative
contours of ventricles (white lines) and tumor (black lines) imposed on the intra-operative MRI.
Three transverse image sections are presented for each case, selected so that the tumor and ventricles
are clearly visible. The images were cropped and enlarged. (a) Case 1; (b) Case 2; (¢) Case 3;
(d) Case 4; and (e) Case 5. For Case 2 (row B — left-hand-side figure), note the differences between
registered contours and intra-operative image in the third ventricle area
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Fig. 6.11 Close-up at Case 5: (a) The segmented intra-operative image; (b) The segmented
pre-operative image. Segmentation of the ventricles is indicated by white lines and segmentation
of the tumor by black lines. Note the appreciable differences in shape and size of the posterior horn
of left lateral ventricle between the intra-operative and pre-operative images in the area adjacent to
the tumor. The horn is appreciably larger in the intra-operative than pre-operative image, which
indicates that it was compressed by the tumor

6.3.4 Discussion

In this example, we used finite element meshes consisting of hexahedral and
tetrahedral elements combined with the specialized non-linear (i.e. including
both geometric and material non-linearities) finite element algorithms (see Chap. 9)
to predict the deformation field within the brain due to craniotomy-induced brain
shift. Despite abandoning unrealistic linearization (i.e. assumptions about infini-
tesimally small brain deformations during craniotomy and linear stress—strain rela-
tionship of the brain tissues) typically applied in biomechanical models to satisfy
real-time constraints of neurosurgery, we were able to predict deformation field
within the brain in less than 40 s using a standard personal computer (with a single
3 GHz dual-core processor) and less than 4 s using a graphics processing unit
(NVIDIA Tesla C870) for finite element meshes of the order of 18,000 nodes and
30,000 elements (~50,000 degrees of freedom).

Despite the fact that we used only very limited intra-operative information
(deformation on the brain surface exposed during the craniotomy) when prescribing
loading for the models and did not have patient-specific data about the tissues’
mechanical properties, our application of the specialized non-linear finite element
algorithms made it possible to obtain a very good agreement between the observed
positions in the intra-operative MRIs and predicted positions and deformations
of the anatomical structures within the brain (Figs. 6.10 and 6.11). Nevertheless,
before non-linear biomechanical models using state-of-the-art finite element algo-
rithms, such as those applied in this example, can become a part of clinical systems
for image-guided neurosurgery, reliability and accuracy of such models must be
confirmed against a much larger data sample.
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6.4 Conclusions

Computational mechanics has become a central enabling discipline that has led to
greater understanding and advances in modern science and technology [84]. It is
now in a position to make a similar impact in medicine. We have discussed modeling
approaches to two applications of clinical relevance: surgical simulation and
neuroimage registration. These problems can be reasonably characterized with the
use of purely mechanical terms such as displacements, internal forces, etc. Therefore,
they can be analyzed using the methods of continuum mechanics. Moreover, similar
methods may find applications in modeling the development of structural diseases
of the brain [28, 85-87].

As the brain undergoes large displacements (~10-20 mm in the case of a brain
shift) and its mechanical response to external loading is strongly non-linear, we
advocate the use of general, non-linear finite element procedures for the numerical
solution of the proposed models.

The brain’s complicated mechanical behavior — non-linear stress—strain, stress—
strain rate relationships and much lower stiffness in extension than in compression —
require very careful selection of the constitutive model for a given application.
The selection of the constitutive model for surgical simulation problems depends on
the characteristic strain rate of the process to be modeled and to a certain extent
on computational efficiency considerations. Fortunately, as shown in Sect. 6.2.3
and [30], the precise knowledge of patient-specific mechanical properties of brain
tissue is not required for intra-operative image registration.

A number of challenges must be met before Computer-Integrated Surgery
systems based on computational biomechanical models can become as widely
used as Computer-Integrated Manufacturing systems are now. As we deal with
individual patients, methods to produce patient-specific computational grids quickly
and reliably must be improved. Substantial progress in automatic meshing methods
isrequired, or alternatively meshless methods may provide a solution. Computational
efficiency is an important issue, as intra-operative applications, requiring reliable
results within approximately 40 s, are most appealing. Progress can be made in non-
linear algorithms by identifying parts that can be pre-computed, and parts that do
not have to be calculated at every time step. One such possibility is to use the Total
Lagrangian Formulation of the finite element method [65, 88, 89], where all field
variables are related to the original (known) configuration of the system and there-
fore most spatial derivatives can be calculated before the simulation commences
during the pre-processing stage. Implementation of algorithms in parallel on networks
of processors and harnessing the computational power of graphics processing units
provide a challenge for coming years.
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