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Abstract

Pre-operative brain images that are registered oael@vant intra-operative images can
enhance neuronavigation during image-guided surdaryhis work, the accuracy of non-
rigid registration results based on biomechanicatletling is compared with those of rigid
registration for 33 cases of neurosurgery. Pasestific biomechanical models were
implemented using specialised non-linear finitevadat procedures in order to predict the
deformation fields within the brain. The proceduntiise the Total Lagrangian formulation
with explicit time stepping and dynamic relaxatidde used patient-specific finite element
meshes consisting of hexahedral and non-lockinghtetral elements, together with realistic
material properties for the brain tissue and appatg contact conditions at the boundaries.
The loading was defined by prescribing deformationsthe exposed brain surface in the
craniotomy area. The computed deformation fieldsewased to warp the pre-operative
images. An edge-based Hausdorff distance metriedoas Canny edges was developed for
evaluation of accuracy of registration results gghme intraoperative images. Subsequently, a
test for difference in proportions for the pairedrple design was conducted to test the
hypothesis that the proportion of patients for whamproved neuronavigation can be
achieved due to application of biomechanical mdxdeded non-rigid registration is same as
that of rigid registration. This hypothesis waseotgd on the basis of results obtained from
statistical analysis. The outcome of the analysiggsests that non-linear biomechanical

models can be regarded as one possible methodoobwing neuronavigation.

Keywords. Brain shift, non-rigid registration, non-linear mechanical models, Hausdorff

distance
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1. Introduction

Malignant glioma is the most common primary braimour in adults. It generally presents
with epilepsy, cognitive change, headache, dysphasiprogressive hemiparesis (Davies et
al., 1996). Diagnosis is usually achieved by appate imaging studies followed by biopsy
or neurosurgical resection (Thomas and Graham, 1986ar-total surgical removal is
desirable for delayed malignant progression (Bemgenl., 2006, Berger and Rostomily,
1997, Keles et al., 2001, Nakamura et al., 200€praeier et al., 1996, Scerrati et al., 1996),
decreased risk of seizures (Luyken et al., 20089, jgrolonged survivallt is difficult to
achieve due to the uncertainty in visual distintid gliomatous tissue from adjacent healthy
brain tissue. More complete tumour removal can bhiexed through image-guided
neurosurgery that uses intra-operative magnetiongexce images (MRIs) for improved
visualization. The efficiency of intra-operative sualization and monitoring can be
significantly improved by fusing high resolutionepoperative imaging data with the intra-
operative configuration of the patient's brain. Sltan be achieved by updating the pre-

operative image to the current intra-operative igunéation of the brain through registration.

During neurosurgery, however, the brain deformstaupO mm in some cases(Wittek et al.,
2007). This deformation is due to several factarshsas loss of cerebrospinal fluid (CSF),
gravity, administered drugs, tissue resection amthowal, intracranial pressure, etc.
According to Nabavi and his colleagues (Hu et20Q7) gravity alone can cause a very wide
range of brain shift (0-50mm) throughout the cowsaeurosurgery (see Figure 1.1). It is
believed that brain shift contributes to the inaacy of neuro-surgical navigation systems

more than anything else (Skrinjar et al., 2001).

Intra-operative imaging is the most straight fordvavay to capture the brain deformation
during surgery. Intra-operative MRI scanners argy \v@&xpensive and often cumbersome.
Hardware limitations of these scanners make itaisifde to achieve frequent whole brain
imaging during surgery. As an alternative the pperative MRI can be updated to the
current configuration of the operating room. Thentemporary way to update the pre-
operative image is to non-rigidly register it withe intra-operative image. However, this

approach still requires frequent acquisition of th&a-operative images. An alternative



approach is to acquire very rapid sparse intraaiper data and predict the deformation for

the whole brain.

(1.1.a) (1.1.b)
Figure 1.1: An example of craniotomy induced bshift. (a) pre-operative MRI and (b)

intra-operative MRI. Contour of the pre-operativaib surface is shown in green

The Intelligent Systems for Medicine Laboratory WWVA has developed a suite of
algorithms, for real time prediction of the braiefarmation from sparse intra-operative data
(Joldes et al., 2009d, Joldes et al., 2010). In pnavious publications the accuracy of
predicted brain shift was demonstrated with sbhimtmy cases (Wittek et al., 2007, Joldes
et al., 2009a). Recently we developed an edge-bidaeddorff distance measure (Garlapati
et al.,, 2012) to evaluate the accuracy of regisinaiguantitatively. The accuracy of
registration results obtained from our algorithnd aigid registration (as implemented in ITK
and 3D Slicer) were compared for five clinical cas@he results showed higher registration
accuracy for our algorithm than the rigid registiat However, evaluation of registration
result on a large number of clinical cases is megubefore our algorithm can be integrated in

a commercially available neuro-navigation system.

This paper reports our initial effort to design tatistical hypothesis testing system to
demonstrate the efficacy of our algorithms for ie@giided neurosurgery on a large sample
of neurosurgery images. In order to do so the algm errors for biomechanics-based
registration algorithm developed at ISML and trggdiregistration were computed for thirty
three neurosurgery cases. A criterion for succéssfiistration was then defined based on the

alignment error. Then a significance test for défece in success proportion (Connor, 1987)



was done to reject the null hypothesis that thep@ion of patients for whom improved
neuro-navigation can be achieved is same for hgith and non-rigid registration. Our initial
results with these thirty three cases are encoogags a statistically significant difference in
success proportion between the two algorithms wheeaed. It leads us to believe that even

for larger sample sizes our algorithm will perfosignificantly better.

2.Methods

33 Cases of neurosurgery were obtained from oualmmiator's database (Computational
Radiology Lab, Harvard Medical School), and in ordeavoid selection bias, the cases were

selected at random.

2.1 Patient-specific biomechanical model of brain

The generation of patient-specific biomechanicatlet@f brain requires construction of the
computational grid, assignment of mechanical priggrenforcing boundary conditions and

loading.
2.1.1 Computational grid generation
A three dimensional (3D) surface model of eachgoés brain was created from segmented

pre-operative magnetic resonance image (MRI). Tdrenrhyma, ventricles and tumour was

segmented using 3D slicemyw.slicer.org (Slicer).

The meshes were constructed using low-order elesr{énéar tetrahedron or hexahedron) to
meet the computation time requirement. In geneedahedral elements are preferred to
model behaviour of almost incompressible contirika brain. Linear tetrahedral elements
are not used to avoid volumetric locking (Bathe9@)9 Although fast and accurate
algorithms are available for automatic generatidntedtrahedral meshes(Viceconti et al.,
2004), only few template-based algorithms are atb&el for meshing using hexahedra (Owen,
2001, Viceconti and Taddei, 2003) . However, tatgbased algorithms cannot be used to

mesh tumours due to the unpredictable nature obtmrgrowth. Therefore, mixed meshes



having both hexahedral and tetrahedral elemened@mninantly hexahedra) were used to
automate the mesh generation process. To prevenmetric locking the tetrahedral
elements with average nodal pressure (ANP) fornaugtloldes et al., 2009c) was used. In
addition an efficient hourglass control mechanisaswuilt for the hexahedral elements in
order to eliminate the instabilities known as zengrgy mode (Joldes et al., 2008a). The
meshes were generated using IA-FEMesh (Groslandalet 2009) and Hypermesh
(commercial FE mesh generator by Altair of Troy, MBA). An example of the brain mesh
is shown in Fig 2.1.

Figure 2.1: An example of patient -specific braiasin (case no 07; no of elements 99974 and
no of nodes 32023).

2.1.2 Displacement loading

There are always uncertainties regarding the pasigecific properties of the living tissues.

In order to lessen the effects of such uncertantiee models were loaded by prescribing
displacements on the exposed part of the braimsarfFigure 2.2). For this type of loading
the unknown deformation field within the brain dege very weakly on the mechanical

properties of the brain tissues (Wittek et al., 200

At first the pre-operative and intra-operative aboate systems were aligned by rigid
registration. Then the displacements at the medlesitocated in the craniotomy region (see
Figure 2.3) were determined by B-spline non-rigidface registration of the intra-operative
and pre-operative brain surface.



Prescribed Nodal
Displacements

Figure 2.2: Model loading through prescribed natigplacements at the exposed brain

surface

4 Dié)lacement field

Figure 2.3: Determining displacement field

2.1.3. Boundary conditions

During craniotomy cerebral fluid (CSF) can leaknfrehe subarachnoid space and create a
gap between brain and skull. The stiffness of thél $s several orders of magnitude higher
than that of the brain tissue. Therefore, in ordedefine the boundary conditions for the
unexposed nodes of the brain mesh, a contact aceerfJoldes et al., 2008b) was defined
between the rigid skull model and the deformabl@rb(Figure 2.4). The interaction was
formulated as a finite sliding, frictionless coritdetween brain and skull. This contact
formulation prevents the brain surface form penietgethe skull by checking the nodes of the
brain mesh for penetration (Joldes et al., 2008b).



Figure 2.4: The nodes where boundary and contaxtitons are applied
Load nodes and contact nodes

2.1.4 Mechanical propertiesof theintracranial constituents

Despite continuous efforts (Sinkus et al., 2005/levliand Chinzei, 2002), commonly
accepted non-invasive methods for determining paspecific constitutive properties of the
brain and other soft organs’ tissues have not ldeseloped yet. Constitutive models of the
brain tissue applied for computing the brain defation for non-rigid registration vary from
simple linear-elastic model (Warfield et al., 2000)Ogden-type hyperviscoelasticity (Miller
and Chinzei, 1997, Wittek et al., 2007) and bi-phasodels relying on consolidation theory
(Miga et al., 2001). However the strength of thedelling approach used in this study is that
the calculated brain deformations depend very weaki the constitutive modehnd
mechanical properties of the brain tissues. Thehh@akean constitutive model (Yeoh, 1993)
is used for the brain parenchyma and tumour aastdeen indicated in the literature (Miller
and Chinzei, 1997) that hyperelastic constitutivedels are the best to represent the steady
state behaviour of the brain tissue. Based on Xiperemental data by Miller and Chinzei
(Miller and Chinzei, 2002), Young’'s modulus of 30B@ was selected for the parenchyma.
The Young's modulus for tumour was assigned twoesinlarger than for parenchyma,
keeping it consistent with the experimental datéSafkus et al., 2005). As the brain tissue is
almost incompressible, Poisson’s ratio 0.49 wassehadfor the parenchyma and tumour
following (Wittek et al., 2007). Following (Witte&t al., 2007) the ventricles were assigned
properties of very soft compressible elastic saolith Young's modulus of 10 Pa and
Poisson’s ratio of 0.1. Density 1000kg/m3 was ehofor parenchyma and tumour and

ventricles.



The material properties are summarised in table2:

Table 2: Summary of the material properties usedhfe brain mesh

Young’s modulus| Poisson’s ratio Density
(Pa) (kg/m’)
Brain Parenchymg 3000 0.49 1000
Tumour 6000 0.49 1000
Ventricles 10 0.10 1000

2.1.4 Algorithmsfor integration of equations of solid mechanics

An efficient algorithm for integrating the equatsaf solid mechanics has been developed by
(Miller et al., 2007). The computational efficienaf/this algorithm is achieved by using - 1)
Total Lagrangia{TL) formulation(Miller et al., 2007) for updatintpe calculated variables;
and 2) Explicit Integration in the time domain candadl with mass proportional damping. In
the TL formulation, all the calculated variablesidls as displacements and strains) are
referred to the original configuration of the arsagl continuum (Joldes et al., 2009b). The
decisive advantage of this formulation is that dérivatives with respect to spatial
coordinates can be pre-computed which greatly esgitite computation time in comparison
to Updated Lagrangian formulation used in vast migjoof commercial finite element
solvers such as LSDYNA, ABAQUS (Miller et al., 2Q0The Total Lagrangian formulation
also leads to a simplification of material law imyplentation as these material models can be

easily described using the deformation gradiedtéioet al., 2009d).

In addition to that application of the Total Laggéan formulation simplifies the material law
implementation since the hyperelastic material ngydich as the neo-Hookean model used
here for the brain parenchyma and tumour, can biéyedescribed using the deformation
gradient. In explicit time integration, the centdifference method is applied in this study
where the displacement at timeAt-(At is the time step) is solely based on the equiifrat
time t. This makes the treatment of nonlinearitiesy straightforward and no iterations are

required. By using a lumped (diagonal) mass matitie equations of motion can be



decoupled and no system of equations is needed smlved. Computations are done at the
element level eliminating the need for assembliregdtiffness matrix of the entire model. As
a result application of explicit integration caeduce by an order of magnitude the time
required to compute the brain deformations in campa to implicit integration typically
used in commercial finite element codes (such @sL&-DYNA, ABAQUS) for steady state
solutions(Wittek et al., 2010). Combining the egplintegration in time domain with mass
proportional damping provides further increase Ime tcomputational efficiency when
reaching the steady state solution without compsorgithe solution accuracy (Joldes et al.,
2009d).

These algorithms are also implemented in GPU (N¥IDésla C1060 installed on a PC with
Intel Core2 Quad CPU) for real time computatiorttsat the entire model solution takes less

than four seconds on a commodity hardware (Joldals, 2010).

2.2. Evaluation of registration accuracy

The accuracy of image registration is assessedvhiuaing the registered pre-operative
image using intra-operative image as ground triittere is no universally accepted “gold
standard” for validation of image registration teicfues yet (Chakravarty et al., 2008).
Although similarity metrics such as mutual inforioatand correlation ratio are available for
rapid and automatic evaluation of image registrattbey do not provide the alignment error
in terms of Euclidean distance (Rexilius et al.0P0 Therefore, validation of image
registration has been often done using comparigwden landmarks that were manually
selected by experts in the respective MRIs(Fereamat., 2002, Hu et al., 2007). Though the
interpretation of the results of landmarks-basdalaton is straightforward, determining the

position of landmarks relies on the experiencenoéepert (Miga et al., 1999).

Hausdorff Distance is a similarity metric that acampute registration error in an objective,
automatic and fast manner. In a recent study of regearch group, the ventricles were
segmented from the registered pre-operative imagetlae intra-operative image, and the
point sets representing the surfaces of both tbegmentations were compared using a point-
based Hausdorff Distance metric(Wittek et al., 20Huch methods are time consuming,

labour-intensive and subjective to human errorgi¢Fav et al., 2008). To overcome these



short comings an objective evaluation method basedanny edges(Canny, 1986) of two
dimensional images in the axial and sagittal plamas developed recently (Garlapati et al.,
2012). In this study, edge-based Hausdorff Distane&ric was used in evaluation of image

registration accuracy.

Hausdorff distance is a popular measure to -cakeulsimilarities between images
(Huttenlocher et al., 1993). The Hausdorff distarc@sed to compare two sets of feature
points. According to traditional point-based Hau$dalistance, if A = {a, ..a,} and

B ={b, ..b,} are two feature point sets that include pointsesponding to the non-zero
pixels on the canny edge images, then the diraditgdnce between theh(A, B) is defined

as the maximum distance from any of the pointhenfirst set to the second one and can be

defined as follows:
h(A,B) = argmaxges[argming,cg|la — bl|; ] 1)
h(B,A) = argmax,cgargminge,||b — all,] (2)

The Hausdorff distance, HD between two points A Bnid H(A4, B) which is the maximum

of the two directed distances and is defined deva
H(A,B) = max(h(4, B), h(B, A)) (3)

In order to remove outliers the percentile Hauddalittance is proposed with some

modification (Zhao et al., 2005) and the directesdashce is defined as follows:

h,(A,B) = P qealargmingep|la — bl|;] (4)

Where P Bf'percentile oflargmin,eg|la — bl|,]

In order to measure misalignments between two makditages the distance between local
features in two images such as MRI contour linelsrain tumour can be used. In order to do
so, edge-based Hausdorff distance is proposedidncase directed distance between two

sets of edges is defined as follows:
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WhereA¢ = {a$, ...a%,} andB¢ = {bf, ... bg,} are two sets of edges.

e ey — :
h.(A4¢ B¢) = argmaxaieeAe[argmmb]eEBe

The quantity1|a{3 — b]-e|| in EqQ. 5 is the point-based Hausdorff distance/ben two point
sets M= {ny,..m,} and T= {,, ... t,,} representing edges andby respectively. The edge-

based Hausdorff Distance is then defined as follows
H, (A% B®) = max(h,(A°% B®), h.(B®, A®%)) (6)

Similar to the percentile point-based Hausdorftahise, the percentile edge-based Hausdorff
distance can be constructed as follows:

hpe(4, BS) = P o selargminyecgellag — bf|] (7)

This percentile edge-based Hausdorff distance ifulsin two ways: it can enable
identification of potential outlier edge pairs aodn report Hausdorff distance values for

different percentiles (Mostayed et al., 2013) .

In this method, the edges shorter than 5 mm aegatefrom the images, as in comparison to
brain dimension (approximately 150 mm), this dimensis insignificant. The edges are

made consistent with respect to each other usiegrolund-trip threshold procedure as
described in our previous paper (Garlapati et2012). The purpose of this is to remove
features that have no correspondence. The roundhteshold in this study is set to 2 mm.

The three dimensional (3D) MRI images, being coragamwere cropped only to include
region of interest (ROI) enclosing the tumour dmel ¢raniotomy area. Subsequently, a single
two dimensional (2D) representative image was abthifrom these 3D images in both axial
and coronal planes. The edge-based HD metric i@ tesevaluate the non-rigid registration
accuracy by comparing each warped pre-operativenge with the corresponding intra-
operative image. Similarly, for rigid registratiopte-operative images are compared with
corresponding intra-operative images. The origimalge resolution of the images are 0.938
x 0.938 x 2.5 mrh(all the cases except case-07,case-16 and case-8859 x 0.859 x 2.5

mm°® (case-07,case-16 and case-33); whereas to inc@e@sision of Canny edges in

10



axial/coronal 2D images the original 3D imagesrasampled to a resolution of 0.5x0.5x0.5

mm’.

Most of the edges used for HD computation havereesponding edge in the other image.
Some of the Canny edges in the images do not mprése same anatomical feature, and

therefore lack correspondence. The presence offmichleads to unusually large values of

edge-based HD metric values—these are considetidrspand excluded from the final HD
analysis, as they do not indicate registration emucorrectly. These outliers are identified

from the slices under observation.

2.3 Statistical analysis

In order to make reliable decisions in medical aesie, appropriate and adequate statistical
analysis is necessary (Cadarso-Suarez and Gondaleteiga, 2007). To demonstrate the
validity of conclusions of this work we need to id@sand apply an appropriate hypothesis
test. A hypothesis test involves two opposing ligpses: a null hypothesis denotedHhy

and alternative hypothesis denoted By In order to determine whether there is enough
evidence from the sample to rejétfwe calculate P-value. Then we compare the computed
P-value that is probability of rejecting the nulpothesis of a study when in fact the
hypothesis is true with level of significance. For any value @fif P-value is less thaa, Hg

can be rejected. A value of 0.05 is often usedrfdrhe smaller the P-value, the stronger the

weight of evidence favouring the rejectionHy.

2.3.1 P-value calculation

P-value is the estimated probability of rejectihg tull hypothesis of a study when in fact
the hypothesis is true (Goodman, 1999). It indedte extent to which the sample evidence

supports the decision to rejdds.

P-value = probability of observing a value of the test statistics as extreme or mor e extreme than

the observed statistic calculated from samples, given Hyistrue (Shaffer, 1995).
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ConsideringQ; andQ, are two distinct populations angd — p, is the difference between
proportions in each population to be studied isagqgtine difference in sample proportions
1 — p, from large independent random samples of sizeffom Q; and sizesn, from Q,
Then

D=3t (8)

ny

=

and
= ©)
Wherex,; andx, are the number of "YES" responses (false null tygpsis) in the respective

samples. Under the assumptions that the true piopsrare equal

Pooled sample proportion p = % (10)
1 2

Pooled sample proportion is the proportion of titaltnumber of "YES" responses from both
samples combined. Using the value of the pooledgkaproportion the standard error can be

calculated as follows

1

SE = sqrep+ (1 =)+ [(5-) + () (11)

n;

The test statistics is a Z score (Z) defined byftlewing equation

_ b1~ D2
z =2 (12)

On the other hand, whep, — p, , the difference between proportions in each patpr to

be studied, is equal to some fixed value other #&ain, and is equal tbthen

7 = @178 (13)
SE

The test statistic is Z score and, the P-valuecassal with this score can be calculated from

the normal distribution curve or calculator.

12



2.3.2 Computation of P-value of the test for differencein proportions

In order to compare biomechanical model-based tragjisn method with rigid registration of
pre-operative and intra-operative MRI’'s, which istandard method currently available to
patients (Warfield et al., 2005, Jolesz et al.,2@value, which is used to test for difference

in proportions of the paired-sample design (Conh®887) is performed.

The null hypothesis is as follows:

Hypothesis (to be rejected by the proposed stutigre will be no statistically significant
increase in the proportion of neurosurgery patierftr whom accurate data for
intraoperative navigation is obtained, when usingr diomechanics-based method as

compared to rigid registration.

To reject the hypothesis, P-value is calculatech bot zero and non-zero values of delta
(difference in proportions that we would like totelet). The success criterion for the test is

based on

1. Edges registered successfully: The percentile-HEriomealue curve provides the
percentage of edges successfully registered. Tlye elbtection accuracy is
limited to image resolution. The alignment erragsléghan two times the in-plane
resolution of intra-operative image is consideredeptable. For cases analysed
here, have different image resolution. For cas&s-c8se-16 and case-33, the in
plane image resolution is 0.859 and thus the aabé&palignment error should be
less than or equal to 2*0.859 which is 1.7 mm. Edage having HD value less
than 1.7 mm was considered as successfully registienr these cases. For the
remaining cases the image resolution is 0.938 &nd the edges having HD
metric value less than 2*0.938 or 1.9 mm was casidl as successfully

registered.

2. The HD metric values at higher percentiles, whicidicgate the extent of
misalignment in edges that have not been succésségistered. It is useful to
consider the 100, 95 and 75-percentile HD metricies for this purpose. It is

13



important to note that the obvious outliers, itke edges with no correspondence
have been removed from the percentile-HD metriclygisa The secondary
criterion is especially useful, when both rigid andn-rigid registration have

approximately the same percentage of successtdigtered edges.

3. Results

The prescribed displacement loading that was toapplied on the patient-specific
biomechanical models was categorised on the bakisnagnitude of corresponding

displacements in table 3.1:

Table 3.1: Percentile analysis of magnitude of gibed loading for various neurosurgery

cases

Case| 100-Percentile; 90-Percentile | 75-Percentile| 50-Percentile| Comments
No | Displacement| Displacement | Displacement| Displacements about
Loading (mm) | Loading (mm) | Loading (mm)| Loading (mm) deformation
01 5.01 3.12 2.32 1.65 Large
02 6.01 5.13 4.49 2.71 Large
03 3.66 201 1.55 1.06 Small
04 6.07 4.98 2.82 1.96 Large
05 5.62 3.42 2.67 1.85 Large
06 4.15 251 1.57 0.95 Small
07 9.87 6.47 2.77 0.85 Large
08 7.30 4.42 2.12 1.40 Large
09 3.98 2.70 2.17 1.46 Large

14



10 4.43 3.21 1.92 1.01 Large

11 5.21 3.21 2.31 1.46 Large

12 8.92 5.37 2.84 1.46 Large

13 2.59 2.01 1.63 0.94 Small
14 9.36 7.53 5.70 2.60 Large

15 3.11 2.18 1.80 1.27 Small
16 5.77 4.03 2.26 0.98 Large

17 3.00 2.35 1.81 1.17 Small
18 4.23 2.52 1.85 1.38 Small
19 9.07 5.69 3.19 2.14 Large

20 5.08 2.65 1.76 0.78 Small
21 3.22 244 1.58 1.20 Small
22 3.21 243 1.93 1.25 Small
23 2.78 241 1.83 1.19 Small
24 1.16 0.71 0.62 0.45 Small
25 3.21 2.34 1.73 1.08 Small
26 5.37 158 1.10 0.66 Small
27 0.74 0.64 0.50 0.32 Small
28 4.87 3.24 1.96 1.54 Small
29 4.48 3.29 2.14 1.22 Small
30 2.28 153 1.24 0.97 Small
31 2.05 1.30 0.92 0.64 Small

15



32

3.81

2.39

1.80

1.46

Small

33

4.28

3.94

3.50

2.86

Large

From table 3.1, it is clear that 14 cases have iderably high deformation, and the

remaining 19 cases have small deformation. Casm82Zase 33 were analysed in a previous

study using different evaluation method (Wittelakt 2010).

For all large deformation cases and one small detion case (case-03), a qualitative

comparison between the contours of warped pre-tipergre-operative and intra-operative

surfaces, overlaid on intra-operative images, wasiar out at the exposed surface of the

brain as shown in the figures 3.1, in both axial earonal planes.

16
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Figure 3.1: Contours of warped pre-operative, perative and intra-operative images
overlaid on intra-operative images (Green lineoisgre-operative surface, red line is for

intra-operative surface and white line is for wakpee-operative surface)

For 14 larges deformation cases, comparison betweatours shows that the difference
between warped pre-operative and intra-operativiaces is less than that of pre-operative
and intra-operative surfaces. On the other hahdhi@e contours are very close and almost

similar in case of the one small deformation case.

Registration accuracy for these 15 cases of cramptinduced brain-shift was analysed by
comparing the 2D Canny edges of representativeesafjwarped pre-operative images with
the corresponding intra-operative images using #@dged HD metric, in both axial and
coronal planes. The overlaid Canny edges for ngid-rand rigid registration accuracy

evaluation, are shown in figure 3.2.
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Figure 3.2: Overlaid Canny edges for non-rigidtflahd rigid registration (right) accuracy
evaluation, in axial plane (the number on each emdenotes a particular casehe green
portion represents overlapping edges, the blueigmntifies non-overlapping edges of the

deformed pre-operative image and the red partiitksihon-overlapping edges of the intra-

operative image. The number on each image dengiadiaular neurosurgery case.
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Figure 3.3: Overlaid Canny edges for non-rigidtflahd rigid registration (right) accuracy

evaluation, in coronal plane (the number on eacggrenotes a particular case). The green
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portion represents overlapping edges, the blueigmntifies non-overlapping edges of the
deformed pre-operative image and the red partiitksihon-overlapping edges of the intra-

operative image. The number on each image dengiadiaular neurosurgery case.

Overlaid Canny edge images are qualitative indrsabb the degree of misalignment between

the images being compared. It was observed fronotleglaid Canny edge images that the

misalignments between the intra-operative and vehrpee-operative images are less in
comparison to those between the pre-operative ana-operative images for all cases with

considerably high craniotomy—induced deformations.

Registration accuracy of both non-rigid and rigadistrations, for the 15 cases was computed
in axial and coronal planes, and the results apgvsh figure 3.4. The percentile-HD metric

values for non-rigid and rigid registrations welet{gd together in order to compare them

with ease.
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Figure 3.4: Percentile-HD metric values for axiadlaoronal plane (red is for Rigid

100-percentile, 90-percentile and 75-percentilerf@ric values for non-rigid and rigid
registrations in both axial and coronal planeslfocases, are shown in table 3.2. 3.3 and 3.4

respectively:
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Table 3.2: 100-percentile HD metric values in mm

20

L
40 60

80

Percentile of HD metric

registration and blue is for Biomechanical modellbased method)

100

CASE NO | Biomechanical Modelling-based non-rigid Rigid Registration
registration
Axial Plane Coronal Plane Axial Plane Coronal Plan

CASE 01 4.12 3.64 6.10 5.00
CASE 02 3.91 3.61 6.02 2.50
CASE 03 3.50 3.50 3.50 4.03
CASE 04 2.00 3.04 5.70 6.50
CASE 05 3.53 3.50 4.00 4.30
CASE 07 3.16 2.50 6.27 4.03
CASE 08 4.30 4.30 6.10 5.50
CASE 09 3.20 3.20 4.50 6.10
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CASE 10 3.61 3.50 4.61 4.53
CASE 11 4.53 4.95 5.00 6.27
CASE 12 4.12 2.83 541 4.24
CASE 14 4.12 2.22 5.52 2.83
CASE 16 2.50 3.00 4.61 5.22
CASE 19 4.92 2.69 6.33 3.81
CASE-28 3.20 4.00 3.64 5.32
Table 3.3: 90-percentile HD metric values in mm
CASE NO | Biomechanical Modelling-based non-rigid Rigid Registration
registration
Axial Plane Coronal Plane Axial Plane Coronal Plan

CASE 01 3.24 3.15 4.24 3.20
CASE 02 3.54 2.67 4.93 2.50
CASE 03 2.50 2.27 2.24 2.20
CASE 04 1.80 2.66 2.94 3.81
CASE 05 2.24 3.20 3.20 3.64
CASE 07 2.83 2.24 3.65 3.54
CASE 08 3.60 3.20 4,51 3.88
CASE 09 2.12 2.23 2.69 2.77
CASE 10 3.00 3.00 2.83 3.45
CASE 11 3.78 3.50 4.06 3.91
CASE 12 2.94 2.69 3.37 3.00
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CASE 14 3.62 2.20 3.80 2.66
CASE 16 2.50 2.24 4.50 2.93
CASE 19 2.97 2.29 3.94 2.92
CASE-28 1.80 2.00 2.94 3.86
Table 3.4: 75-percentile HD metric values in mm
CASE NO | Biomechanical Modelling-based non-rig Rigid Registration
registration
Axial Plane Coronal Plane Axial Plane Coronal Plan

CASE 01 2.55 241 2.92 2.12
CASE 02 2.82 2.27 3.20 2.50
CASE 03 2.11 2.12 2.07 2.06
CASE 04 1.80 1.80 2.50 2.70
CASE 05 2.08 2.62 2.30 3.16
CASE 07 1.80 1.80 2.92 2.50
CASE 08 2.83 3.00 3.00 3.20
CASE 09 1.80 2.00 2.06 2.01
CASE 10 1.46 1.94 1.75 2.15
CASE 11 3.20 3.03 3.20 3.29
CASE 12 2.15 2.22 2.00 2.82
CASE 14 2.59 2.12 2.83 2.31
CASE 16 1.99 2.08 3.61 2.50
CASE 19 2.53 1.87 2.92 2.50
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CASE-28 1.50 1.44 2.12 3.20

Percentile-HD metric values and the percentagaioessfully registered edges are used in
tandem to assess the registration accuracy. Theemée-HD metric value curves for 14 of
the 15 cases analysed, depicted clear improvemeheiaccuracy of the non-rigid registered
pre-operative images in comparison to the rigiélgistered pre-operative images. These are
the cases with considerably large craniotomy-indugeformations. On the other hand, for
case-03, which has low craniotomy-induced deforomatthere was insignificant difference
between the percentile-HD metric curves of nondrighd rigid registrations, implying that
there is insignificant improvement due to the aggilon of biomechanical modelling-based
registration.

It was observed that the 100-percentile HD metdtues are larger for rigid registrations,
when compared to the corresponding non-rigid regjisih values for each case. The only
exception is case-03, which was classified as dl sle@rmation case. Among the cases with
considerably large deformation such as case-02]@0epercentile HD metric was 2.11 mm
higher for rigid registration than that of non-dgiegistration in axial plane, which clearly

indicates an improvement in accuracy. In coronahe) this difference is 0.53 mm.

For the cases analysed in this study, the percerdbgdges successfully registered for both
biomechanical modelling-based non-rigid registratamd rigid registration are summarised
as follows in table 3.5. The edges with misaligninehless than two times the in-plane
resolution of intraoperative image were considesedcessfully registered (1.7 mm or 1.9

mm, depending on the image resolution).

Table 3.5: Percentage of edges successfully registe

Percentage of edges successfully registered
CASE NO Axial Slice Coronal Slice
Biomechanical Rigid Biomechanical Rigid
Modelling- Modelling-
based non-rigid based non-rigid
registration registration
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Case-01 51 49 51 58
Case-02 44 34 66 62
Case-03 66 70 71 69

Case-04 97 53 79 58
Case-05 69 59 38 23
Case-07 69 32 71 39
Case-08 24 22 54 56
Case-09 76 56 74 64
Case-10 88 76 75 71
Case-11 32 35 45 42

Case-12 67 66 65 29
Case-14 53 44 69 64
Case-16 71 43 52 54

Case-19 62 52 75 57
Case-33 86 60 89 16

The percentage of edges successfully registeredesas a partial indicator of the accuracy

of registration. Almost all of the 15 cases hawghkr percentage of successfully registered

edges, when compared to that of rigid registratexcept few cases where the values are

close to each other.

Based on the successful improvement of neurosurgiagigation criteria mentioned in

section 2.3 the responses for the fifteen casebeaummarised as follows table 3.6:

Table 3.6: Responses based on successful improveeaurosurgical navigation criteria

due to non-rigid registration.

CASE No | Biomechanical Modelling-based non-rigidRigid Registration results Successful
registrationSuccessful
CASE-01 YES NO
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CASE-02 YES NO
CASE-03 YES YES
CASE-04 YES NO
CASE-05 YES NO
CASE-07 YES NO
CASE-08 YES NO
CASE-10 YES NO
CASE-11 YES NO
CASE-12 YES NO
CASE-14 YES NO
CASE-16 YES NO
CASE-28 YES NO
CASE-29 YES NO
CASE-30 YES NO

Based on the responses in the table 3.6, and t&@davation that all the remaining small
deformation cases (18 cases) experience a similprovement in neuronavigation due to
both non-rigid and rigid registrations, the P-valgel.24692E-05 for zero difference in
proportions The P-values for different values of differencepimoportions are as follows in
table 3.7:

Table 3.7: P-Values at various values of differeimggroportions

Ddta P-Value

0% 1.24692E-05

30



20% 0.00457

25% 0.021419568

The P-values were calculated for various valuedifeérence in proportions ar. Ford = 0 or
equal proportions, P-value is very small in comguamito the level of significanee whereas
for difference in proportion values up to 25%,sitiéss than the level of significance. These
values indicate strong weight of evidence favoutimg rejection oHy. Thus the hypothesis
“There will be no statistically significant increag the proportion of brain surgery patients
for whom accurate data for intraoperative navigatiare obtained when using our
biomechanics-based non-rigid registration as coethty standard methods” can be rejected

with confidence.

4. Discussion

In this study, we present a comparison betweenrekalts obtained from biomechanical
modelling-based non-rigid registration to that afid registration. For obtaining the

craniotomy-induced deformation fields, finite eletheneshes consisting of both hexahedral
and tetrahedral elements with specialized non-tifiade element algorithms were used. The
resolution of pre-operative images used in thislig low, which has made the work more

challenging. The statistical analysis is strongugioto reject the hypothesis.

From the results presented in Section 3, it is appathat the application of the intra-
operative deformations predicted using patienti§pelsiomechanical models warp pre-
operative images ensures higher registration acguthan that of rigid registration.
Biomechanical models are very effective in neurgsty cases, where intraoperative brain
shift is large (for cases such as case-07). Anatlsinctive advantage of the biomechanical
models is that, they do not require the intra-ofpezamage at all to compute deformation.
Only the displacement of a limited number of poiats the exposed (during craniotomy)

intra-operative brain surface is required.
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Our experience has demonstrated that the intraatiperMRI is very useful in ensuring
complete resection, particularly of low grade tumsouHowever, this often comes at the
expense of significantly longer operating timeswad as being resource intense. The use of
comprehensive biomechanical computations in theabipg theatre may present a viable and
economical alternative to intra-operative MRI witietter accuracy. Thus the results
presented in this report have the potential toiBggmtly advance the way imaging is used to

guide the resection of brain tumours.
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