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Abstract

This thesis aims to investigate the complexity of the physiological mechanical response

of soft tissues, providing rich datasets for the veri�cation of clinical systems limiting or

preventing tissue injury. A thorough understanding of the sagging of the brain tissue

under the effect of gravity (positional brain shift, PBS) is paramount for the design of

an effective intra-operative correction of surgical trajectories; rich measurements of the

response of the buttock to sitting loads can help the veri�cation of computational models

to couple with clinical measures for the prevention and control of pressure ulcers.

Digital volume correlation (DVC) consists in measuring the local differences between

scans depicting the deformed and undeformed stages of a sample under load, facilitating

the characterisation of the mechanical response of the sample. The use of DVCin-vivo

is limited, due to the limited quality of the scans constrained by the acquisition setting.

Accuracy of three deformable registration methods was �rst assessed after optimisation

against biomechanically plausible ground truths generated via �nite element simulations.

Against the simulation of PBS, the best accuracy achieved was of one order of magnitude

smaller than the resolution of the images. For the simulation of deformations of the

buttock due to sitting, optimal accuracy was around10%of the average deformation

�elds applied.

The best performing methods alongside their optimal parameter sets were then used

to performin-vivo measurements on real magnetic resonance scans of two separate

datasets of healthy subjects. For PBS, the study revealed the need for intervention- and
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patient-speci�c correction of surgical trajectories given the effect of head geometry and

orientation on the shift. For the deformation of the buttock due to sitting, the measure-

ments gave a three-dimensional depiction of the local and global pattern of deformation,

which results were previously limited to thickness or surface measurements.
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Chapter 1

Introduction

1.1 Overview

Navigation software for image-guided surgical interventions aids in planning a proced-

ure to be carried out as minimally invasivally as possible. Their use is critical for the

optimal surgical outcome of procedures for deep brain stimulation, brain drug delivery

and brain tissue biopsy. The planning is generally delineated on the base of the tissue

distribution captured before a procedure generally via magnetic resonance (MR) ima-

ging [2, 3]. However, surgical manipulation and gravity can induce deformation of the

tissue (referred to as positional brain shift, PBS) that can invalidate the conditions which

the planning was based on [4, 5]. This small shift has a magnitude comparable to the

resolution of clinical scans and it is reported to be around or just below 1 mm [4–8]. A

reliable and validated mathematical model for the intra-operative correction of surgical

trajectories predicting such complex deformation is missing; accurate measurements of

brain shift would undoubtedly improve the general understanding of the phenomenon,

helping to assess the need for correction of surgical trajectories as well as how to achieve

that.

Similarly, an accurate way to predict the deformation of soft tissues via mathematical

models can bene�t clinical strategies and systems for the control and prevention of

pressure ulcers. They are localised areas of tissue degeneration and injury that result

from sustained mechanical load and pose a considerable burden on patients and health-
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care systems [9]. Further advancements in the prevention and management of pressure

ulcers depend on the thorough understanding and reliable prediction of the onset of

damage. This is particularly true for deep tissue injury, an ulceration frequent to the

buttock where damage originates deep in the �esh and is not always associated with

broken skin or external wounds. Damage initiation is related to the sustained straining

effect of large tissue displacements, which are reported to reach values up to 27 mm in

the gluteus maximus muscle [1, 10–12]. The response of the tissue can be modelled

with computational biomechanical models (such as �nite element modelling), which

ultimately can have the potential to predict the initiation and location of the damage [13].

Rich deformation data depicting the mechanical response of a tissue sample is critical

for their careful design and development, as well as for their thorough veri�cation and

clinical validation [14].

Recent advancements in imaging systems and computational capabilities have allowed

not only the non-destructive visualisation of the internal conformation of samples,

but also the characterisation of their deformation state under the effect of load [15].

Capturing the mechanical response of biological tissues is challenging due to their

inhomogeneous nature, where the mechanical response varies throughout the tissue

sample [16]. Such a complex mechanical behaviour can be characterised from the load

applied and the constraints on the deformation (boundary conditions), only if the locally

varying deformation of the sample is known in its entirety. Digital volume correlation

(DVC) is a method that facilitates this [17]; in its simplest form, it makes use of imaged

volumes representing the deformed and undeformed states of a sample to track the

local movements of corresponding points or features. The full-�eld distribution of

the spatially varying compression / extension state of a sample can then be visualised

via maps of the displacement and strain �elds and used to determine the mechanical

response.

The importance of capturing the full-�eld measurements of spatially variable mechanical

response of biological tissues is critical for the understanding of their response to load.
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This information is crucial, as previously introduced, for the development as well as

validation of clinical systems and strategies aimed at minimising tissue damage (e.g.,

surgical planning) or at preventing tissue injury (e.g., support surfaces). To complicate

things further, the mechanical response of soft tissues is considerably affected by the

surrounding biochemical environment and by the constraining effect of neighbouring

tissues [18]. Any mechanical testing after tissue extraction (that is,ex-vivo) can give an

inaccurate representation of their true mechanical behaviour. A non-destructive way to

image the stages of deformation of biological tissues in their physiological environment

(that is,in-vivo) is paramount.

Recent advancements in MR imaging has allowed the observation of the deep anatomy

non-invasively andin-vivo, without the use of damaging radiation. In particular, the

distribution of soft tissues can nowadays be captured over wide areas with excellent con-

trast, making the use of MR imaging in the clinical context ever growing. MR imaging

consists in measuring the energy released by protons as they return to equilibrium after

their direction of spin is perturbed [19]. An initial equilibrium is guaranteed by a strong

magnetic �eld, which aligns the spins of magnetic atom nuclei towards along the same

direction. This state of equilibrium is then perturbed via radiofrequency pulses, whereas

spatial gradients are applied to encode spatial location. The time it takes for protons

to return to equilibrium depends on the microstructure of the tissue; the volumetric

conformation of different tissues can therefore be reconstructed with a suitable contrast

over a wide area.

Thanks to the favourable contrast of tissues, MR imaging has also been recently used

alongside digital volume correlation (DVC) to capture the deformation of hard tissues

non-destructively andin-vivo [20, 21]. MR-based DVC enriches well-established

experimentalex-vivomechanical testing by depicting the response of tissues over a

large volume in physiological conditions, surrounded by anatomical boundaries and

under typical loads [16, 17]. In-vivo MR-based DVC has proved to be favourable in

particular in the case of soft tissues, as their mechanical response is greatly affected



1.1 Overview 4

by tissue extraction and preservation [18]. However, their for soft tissues is somewhat

limited [20], more so from clinical scans affected by limited resolution [21].

DVC studies investigating tissue responsein-vivo are mostly based on anaesthetised

animal models [20, 21]. Under these testing conditions, the conformation of the de-

formed and undeformed tissues can be acquired with appropriate resolution over a

longer acquisition [20]. In-vivoMR imaging of compliant subjects, on the other hand,

poses a compromise between resolution and acquisition time: rich spatial representation

either requires unacceptable acquisition times due to subject comfort or it is affected

by the artefacts given by unavoidable subject motion [22]. First and foremost,in-vivo

MR scans have typically a resolution of just below a millimetre, limiting the spatial

wavelengths of the deformation �eld that can be accurately reconstructed via DVC to

only the ones larger than twice the resolution (without any constraints on the trans-

formation model) [23, 24]. Secondly, the reconstruction of small displacements (that

is, smaller than voxel resolution) relies on appropriate assumptions and constraints

on the DVC calculations (that is, regularisation on the deformation model and on the

optimisation). These guarantee sub-voxel resolution to some extent [24, 25]. Finally,

error of the DVC measurements increases when capturing large deformations: the

approximations and the assumptions which the deformable methods are based on can in-

troduce inaccuracies in the estimated displacement �eld. First, the measure of similarity

between two sub-regions to align suppresses high spatial variations in the displacement

�eld, occluding, for instance, strain concentrations [24]. Moreover, there is a trade-off

between accuracy and precision in the estimated displacement �eld; higher �exibility of

the transformation model is required to accurately follow large deformations (such as

strain concentrations), whereas precision is guaranteed by enforcing smoothness that

limits spurious variations [25].

In the context of MR imaging, deformable registration methods for medical imaging

have been developed on images affected by these limitations. One of the applications

of these methods is capturing the small and large differences in anatomy between
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subjects, so that scans of different individuals can be aligned together and compared in

population studies [26]. Medical image processing and registration were major drivers

for developments of DVC: these methods shares many similarities, although their

progressions have differed due to the requirements of the individual applications [17].

Given that these freely-available methods have been thoroughly developed to tackle the

speci�c challenges ofin-vivo MR imaging on compliant subjects, it is natural to test

their accuracy under such conditions before moving to DVC software developed for

mechanical testing or material science.

Studies that have used medical image registration methods forin-vivoMR DVC [4, 5]

lack a comprehensive and thorough evaluation of the accuracy of the measurements. Ac-

curacy of the DVC calculations is of fundamental importance: it dictates the con�dence

in any clinical �ndings based on such measurements or their value for the validation and

veri�cation of computational models affected by or aimed at predicting biomechanical

deformations. The work presented in this thesis aims to assess such accuracy on the

two applications representing small and large deformation mentioned at the beginning

of the section: that is, image-guided neurosurgery and prevention of deep tissue injuries.

The comparison of the performance between these two deformation �elds will be a �rst

step towards understanding the absolute accuracy of such models.

1.2 Hypothesis and Research Questions

The work is based on the following hypothesis:deformable registration methods for

medical imaging have the accuracy and �exibility to capture, on a global and local

scale, the small and large displacement of soft tissues in physiological conditions.

This hypothesis is intended to give a measure of the degree of accuracy of well estab-

lished deformable registration methods for medical imaging in following mechanically

driven deformation of soft tissues. This was achieved by �rst testing the performance of

three best performing registration methods in the literature (from Chapter 2, DRAMMS,
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SyN andelastix) against the following two biomechanically plausible synthetic dis-

placement �elds: the small shift of the brain tissue under the effect of gravity; and the

large deformations of tissues in the buttocks due to sitting. The minimal constraints

on the estimation of the displacement �elds limited any bias on the measurements

given by any assumptions on the distribution of the deformation. The methods with

their optimised parameters were then applied to real MR scans depictingin-vivo the

aforementioned phenomena. Clinical conclusions were drawn where possible and the

DVC measurements released as a freely available dataset for the development and

veri�cation of future biomechanical computational models.

The following research questions are addressed:

Research question 1: What is the accuracy ofin-vivo MR DVC measurements of

biomechanically induced small and large deformation �elds?

Research question 2: Can in-vivo MR DVC measurements characterise the small

displacements due to brain shift on a local and global scale, strengthening our under-

standing of the phenomenon?

Research question 3: Can in-vivo MR DVC measurements characterise the large

displacements of the tissues of the buttock due to sitting on a local and global scale,

strengthening our understanding of the phenomenon?

1.3 Thesis Structure and Contributions

Included in this section is a brief outline of the thesis and the corresponding contribu-

tions.

Chapter 2 contains a literature review introducing the reader to the major technical

works on image registration, with a focus on DVC and deformable registration for

medical imaging. The chapter �nishes with a brief introduction to sensitivity analysis,
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an effective tool for error analysis, and to MR distortions, a critical source of error to

any measurements of morphology based on MR scans.

Chapter 3 begins with an introduction to the problem of PBS in the context of neurosur-

gery. Next, the main sources of error affecting DVC measurements of PBS from MR

scans are investigated, namely, MR distortions, initial skull alignment and DVC meas-

urements. Given the lack of a distortion-free imaging system, the effort that were

made to measure MR distortions are reported: these were captured in relative terms as

differences in the morphology in each of two subjects, imaged in two different scanners.

The error related to the initial alignment of the skull (used as rigid reference between

deformed and undeformed scans) is then examined, which was evaluated against few

synthetic rotations and translations. Finally, the results of the optimisation of three

deformable registration methods for medical imaging used for the DVC calculations

are reported. Optimisation was carried out against a physically plausible deformation

�eld replicating the small displacements due to PBS, obtained from a biomechanical

computational model developed in the doctoral thesis by Nicholas Bennion [27]. This

leads to the �rst contribution:

Contribution 1 Deformable registration methods for medical imaging showed accur-

acy which was one order of magnitude smaller than the resolution of the images

in following a deformation �eld characterised by the small displacements repres-

enting positional brain shift.This addresses the �rst part of Research Question

1.

Chapter 4 contains the speci�cations of the acquisition protocol that was carried out

to acquire PBSin-vivo from a population sample of 11 healthy individuals. The best

registration method alongside its optimal parameter set fromChapter 3 was then used

to capture the deformation from the acquired scans. The chapter concludes with the

analysis of the deformation and a few clinical implications. This leads to the second

contribution:
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Contribution 2 An average volumetric vector �eld with the corresponding inter-subject

variability was extracted in-vivo, allowing tissue displacement within surgically

relevant regions of interest to be characterised.This addresses Research Question

2.

Chapter 5 introduces the problem of deep tissue injury and the limitations of current

clinical measures for the prevention and control of this type of pressure ulcers. Similarly

to Chapter 3, the efforts made to quantify the main sources of error affecting DVC

measurements from MR scans are reported. First, the results of the optimisation of

three af�ne registration methods (FLIRT, ANTs andelastix) for medical imaging are

reported; their accuracy in the alignment of pelvic skeletal elements to use as rigid

references is investigated. Then, the outcome of the optimisation of three deformable

registration methods is discussed, showing their accuracy in capturing simulated data of

large deformations generated with a simpli�ed biomechanical computational model of

the buttock. This leads to the third contribution:

Contribution 3 Deformable registration methods for medical imaging showed accur-

acy which was around10%of the average magnitude of the simulated deformation

�elds representing the large deformation of the buttock due to sitting.This ad-

dresses the second part of Research Question 1.

Chapter 6 shows the DVC measurements taken from the dataset provided by Al-Dirini

et al. [1], depicting the progressive deformation of the buttock due to semi-recumbent

sitting in 10 healthy individuals. The best registration methods (af�ne and deformable)

alongside their optimal parameter sets fromChapter 5 were used for the initial pelvic

alignment and the following DVC measurements. The chapter concludes with the

analysis of such deformation and few clinical implications. This leads to the fourth and

�nal contribution:

Contribution 4 For the �rst time, the three-dimensional displacement �eld depicting

the deformation of the buttock due to sitting in 10 healthy subjects was successfully
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extracted in-vivo on a local and global scale, giving an extensive depiction of the

pattern of deformation.This addresses Research Question 3.

Finally, Chapter 7 contains a conclusion of the work and �ndings presented in the

thesis, as well as a delineation of further directions of development.

These contributions have resulted in the following peer-reviewed publication, where

Chapter 4 formed the main body andChapter 3 the supplementary materials:

Zappalá, S., Bennion, N. J., Potts, M. R., Wu, J., Kusmia, S., Jones, D. K.,

Evans, S. L., & Marshall, D. (2021). Full-�eld MRI measurements ofin-vivo

positional brain shift reveal the signi�cance of intra-cranial geometry and head

orientation for stereotactic surgery. Scienti�c Reports, 11(1), 17684.https:

//doi.org/10.1038/S41598-021-97150-5 .

In addition, the draft of the following manuscript is to be submitted soon to the Journal

of Biomechanics, whereChapter 6 will form the main body andChapter 5 the supple-

mentary materials:

Zappalà, S., Bethany E. K., Marshall, D., Wu J., Evans S. L. & Al-Dirini M. A.

R.. Volumetric redistribution of the soft tissues in the human buttock captured

from MR in-vivoscans: accuracy of measurements and analysis of deformation.

Finally, outcomes of the research have been presented in the following international

conferences:

14-16/08/2019: Two presentations at the16th International Symposium on Computer

Methods in Biomechanics and Biomedical Engineering (CMBBE) and the 4th

Conference on Imaging and Visualization, New York City (USA) (Guarantors

of Brain "Support for short meetings & conferences" bursary), titled "Digital

Volume Correlation via Magnetic Resonance Imaging: anIn-vivo Investigation
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of Positional Brain Shift" and "Application of Digital Volume Correlation to the

In-vivoDeformation of the Sub-dermal Tissues in the Human Buttock".

11-16/05/2019: Electronic poster presentation at theInternational Society for Magnetic

Resonance in Medicine (ISMRM) 27th Annual Meeting & Exhibition, Montreal

(Canada) (ISMRM Educational stipend award), titled "Ten Minutes for the Brain

to Settle: anIn-vivo Investigation of Positional Brain Shift".

7-12/07/2018: Poster presentation at the8th World Congress of Biomechanics (WCB),

Dublin (Ireland), titled "Is your brain deforming right now? An image-based

investigation of thein-vivopositional brain shift".
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Chapter 2

Literature Review

2.1 Overview

As introduced in Chapter 1, this thesis considers the suitability of digital volume correl-

ation (DVC) measurements on thein-vivo deformation of soft tissues from magnetic

resonance (MR) scans. This chapter aims to ensure that the content delivered in this

thesis is as self-contained as possible: given the interdisciplinarity of the work carried

out, a great effort was made to cover the most relevant technical contributions.

This chapter will begin with an introduction to deformable image registration, the

backbone of DVC. The technical background to DVC will then be reviewed with a

focus on its use in biological tissues. With the aim of investigating the deformation of

soft tissuesin-vivo, the chapter then moves on to reporting the main relevant literature

on medical image registration, as they were designed and optimised on the limitations

related toin-vivo MR scanning. Being very �exible tools, these methods need thorough

parametric optimisation to gauge their suitability for DVC calculations and to assess

the error in the measurements: sensitivity analysis for error analysis will therefore be

brie�y introduced. Finally, further in the assessment of the error affecting the DVC

measurements, the problem of MR distortions will be introduced. MR distortions add a

systematic error to the measurements and, hence, form another source of inaccuracy

affecting MR-based DVC calculations.

The reader is asked to note that introductions to the two applications investigated
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in the thesis (that is, positional brain shift and deep tissue injury) are reported in

Chapters 3 and 5.

2.2 Image Registration

Image registration is a technique that allows the alignment of images on the basis of the

common information they share, so that points representing similar features are mapped

together. Image registration plays an important role, in particular, where the depiction

of analogous information in the images to align differs in terms of view-points, intensity

representations or time acquisitions [28]. Numerous disciplines have bene�ted from

image registration, such as computer vision and medical imaging. The reader is pointed

towards the following (among others) comprehensive reviews in the medical �eld for

more details on the applications of image registration: Oliveira et al. [28], Sotiras et

al. [26] and Keszei et al. [29].

Here, the problem of image registration will be considered between two images. One of

the two images can be referred to as the moving (or source image), denoted byI m (x)

and de�ned in a three-dimensional discrete image domain made of voxels located at

coordinatesx 2 R3. The other image will be referred to as �xed (or target image) and

denoted withI f (x), whose discrete domain of voxels is de�ned in a separate coordinate

system fromI m (x).

The registration problem lies in the estimation of the vector of parametersp of the

transformationTp, that maximises a similarity measureS, given some restrictions

represented by the penalty termR:

p = arg max
p

�
S

�
I f (x); I m (Tp � x)

�
+ 
R

�
: (2.1)

� The similarity measureS() represents the differences between features of the

�xed image and the moving one after transformationI m (Tp � x) [30].
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� The penalty termR enforces regularisation in the estimation, which incorporatesa-

priori information to restrict the estimation towards the space of feasible solutions

(more details in the following sections) [31].

� 
 is the regularisation weight which controls the balance between the correspond-

ence of features and the regularisation term.

The presentation of the image registration problem will be divided into its main three

parts:

1. De�nition of a search strategy.

2. Choice of the similarity measure.

3. Selection of the transformation model.

Search strategy

Registration problems are generally solved with a non-linear optimisation technique,

where the objective function describing the differences between images has a non-

linear distribution and the search aims to �nd a global minimum, that is, the point that

maximises their similarity. The discrete nature of the problem and the approximations in

the calculations induce local minima to the search space that can deviate the registration

estimation from an optimal solution.

Deformable image registration, in particular, is an inherently ill-posed problem where

the number of unknowns exceeds the number of constraints [17, 26]. There is no closed-

form solution and the search space has many local minima, giving different equally

sub-optimal estimates of the unknowns. Constraints on the estimation are therefore

needed to direct the registration towards the most reasonable transformation out of

all the arbitrary ones that equally satisfy the registration problem. These constraints

make the registration problem well-posed and an unique solution can be therefore

determined [31].
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Search strategy consists in spanning the search space in an ef�cient way, constraining

the search only to meaningful alignment between images. Therefore, the quality of

registration depends on the choice of search method and the constraints imposed [26].

In other words, if the similarity measure represents differences between features of the

images, the optimisation aims to minimise such differences for a correct alignment [28].

Several optimisation algorithms has been developed over the years. Two main cat-

egories can be distinguished: continuous, where variables to estimate take continuous

values and discrete, otherwise [26]. Some examples of continuous search strategies

include gradient descent, conjugate gradient, Powell's conjugate directions, Levenberg-

Marquardt, stochastic gradient descent. Continuous methods consist in re�ning the

estimated parameters at each iteration by identifying and following the direction that

ideally points towards the global minimum. Simpler methods are based on following

the direction of the negative gradient of the cost function or the conjugate of the same

direction [26]. An important parameter controlling the search is the gradient step. It

represents the advancement of the solution in the direction of the minimum after each

iteration, where large steps can decrease the time to reach convergence but can have the

negative effect of deviating the solution from the minimum itself.

One approach to avoid local minima and direct the optimisation towards the optimal

sub-space of acceptable solutions, and ultimately to the global minimum, is the pyramid

strategy. This consists in progressively solving multiple registration sub-problems

of the same image but from coarser to �ner resolutions, where each successive step

uses the previous best guess as initial transformation [32]. Downsampling the images,

although being detrimental to the accuracy of the alignment, smooths the search space,

suppressing most of the local sub-optimal minima [17]. At the end of the registration

process the output is still based on the alignment of the images at their original resolution

(guaranteeing precise alignment) but each iteration is based on an initial alignment given

by a simpler registration process run on coarser versions of the same images. The multi-

resolution pyramidal structure consists, in general, of four levels, with halved resolution
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at each level from bottom (original resolution) to top. Multi-scale approaches have

several advantages, such as speeding up the optimisation, increasing the convergence

radius and being more robust to local minima [28].

Similarity Measure

As more pertinent to MR image registration, this section will focus on intensity-based

registration, where a suitable transformation is estimated based on the intensity distribu-

tion of the images. Feature-based (or geometric) registration problems, instead, will be

quickly introduced at the end of the section.

De�ning an appropriate criterion that measures the similarity between images is critical:

�rst, it should account for the different physical principles of the acquisition systems

so that the information from the intensities can be exploited to identify regions that are

anatomically similar and should correspond. Moreover, it should be convex, allowing

for accurate inference without distorting the information represented by the images [26].

The choice of the similarity measure depends on whether the registration problem is

mono-modal, that is, similar acquisition modalities were used to acquire the images

and similar distributions can be assumed; or multi-modal, where images have different

distribution related to different acquisition modalities used. In the �rst case, the same

anatomical structures are represented with similar intensity values, that mainly differ

due to the noise affecting them. In this case, the simple sum of square differences

between intensities can be the optimal similarity measure. On the other hand, when an

af�ne relation has to be assumed between the intensities, then some variations of the

cross-correlation are known to be more robust [17, 28].

In a multi-modality registration problem, instead, similar anatomical regions are not

represented by similar intensity values. As no relation between the two intensity

distributions can be assumed, similarity measures based on information criteria need

to be chosen. Mutual information and its derived forms are the best choice in this
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case. The measure comes from information theory and it is based on the calculation

of joint distribution of intensity values [33]. The following two main limitations of

the criterion motivated its many variants: degradation of alignment measure with

overlapping regions [33]; limited spatial information born regarding the distribution

of the features [30]. Normalised mutual information was therefore de�ned, as well as

other variations aimed at including regional information as well [26].

As opposed to intensity-based problems, feature-based registration problems consist in

minimising the distance between points or point-sets (such as curves or surfaces) that are

manually or automatically extracted from the images. In the latter case, corresponding

features do not have to be estimated during the registration call, as they are known, and

the measure to minimise is the distance between point-sets [31]. The calculations are

robust and straightforward; however, accuracy of the �nal alignment depends, to a great

extent, on the reliability of their extraction and a vast number of them is needed for

more complex deformable registration [26, 34]. The interested reader is pointed towards

the review by Sotiras et al. [26].

The inclusion of spatial information to intensity-based criteria as additional geometrical

features has shown promising results when similar anatomical structures are represented

with similar intensity values. Examples of this are geometric moment invariants, local

intensity histograms or Gabor �lters [26, 35].

Transformation models

The image registration approach can be global (or af�ne) or deformable (or non-linear,

non-rigid) (see Figure 2.1): in the former, the transformationTp from Equation 2.1 can

be represented with a 4x4 homogeneous matrix that is common to every voxels in an

image. In the latter case, a dense vector �eld at each voxel that best locally warps one

image onto the other is outputted.

In the case of global registration methods, the transform is an af�ne mapping, where
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Figure 2.1: Depiction of the difference between a global (middle) and a deformable
(right) registration problem.

parallel lines are corresponded to parallel lines [36]. The transform can be considered

as a combination of the following components: translation, rotation, scale and skew

(Figure 2.2) and it presents 12 degrees of freedom (DoF). The plethora of af�ne trans-

forms also includes rigid transforms, composed by three components of rotation and

three components of translation, making 6 DoF and similarity transforms, which also

include three components of scaling, de�ning 9 DoF.

Figure 2.2: Depiction of the components of an af�ne transformation: translation,
rotation, scale and skew.

In the case of deformable registration, the output transform is speci�c to sub-regions

of the images [26]: the warp maps straight lines to curves [36]. The transformTp is a

dense mapping that varies spatially and presents numerous DoF (even millions [26]).

In its most straightforward representation (i.e., non-parametric), the transformation

can be considered as a three-dimensional warp �eld (or displacement �eld)u(x). The

transformation is used to update the location of the voxelx of the moving image, such

that the new position of the voxelx̂ can be retrieved aŝx = x + u(x). A paramet-
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erised representation of the warp �eld is often used to reduce the number of feasible

transformations [26].

The choice of the transformation model impacts both the computational ef�ciency and

the accuracy of the registration task [26]. The chosen transformation model imposes

constraints on the overall estimation and should adhere to the nature of the deformation

to follow. Increasing the complexity enriches the descriptive power of the model: how-

ever, higher complexity introduces higher computational demand; but more importantly

it can also introduce spurious variations in the estimated warp affecting the estimation

error.

Following the same classi�cation as in Holden [36], transformation models for deform-

able registration can be enumerated as based on:

� Physical models.

� Interpolation/approx models.

The physical models solve the registration problem by interpreting the similarity between

features of the images to register as a force that drives them together. These forces

need to be in balance with the internal stresses generated, which can be interpreted as

smoothness constraints on the deformation. The simplest models involve the use of

linear elasticity that are based on only two parameters (Lamé constants� that relates

stresses to strain, and� that represents the shear modulus): the system to solve (Navier-

Cauchy PDE) At each voxel then simpli�es to 15 equations in 15 unknowns (6 values of

strain, 6 values of stress and 3 values of displacement). The shortcoming of this model

is that it ignores second-order terms of the displacement gradients, assumption that is

valid only for in�nitesimally small displacements. The transform exhibits sub-optimal

performance in the case of inter-subject registration problems, which rely on capturing

large deformations between features, up to a few centimetres [37].

Another transformation model inspired by physical phenomena is based on �uid-�ow.

Unlike the linear elastic one, it can model large localised deformations, with the draw-
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back of an increased number of computations as well as greater registration errors [36].

It is based on solving Navier-Stokes partial differential equations, which are identical to

the Navier-Cauchy ones but based on the velocity �eld, rather than on the deformation

�eld. The Cauchy stress tensor here is a combination of hydrostatic �uid pressure (im-

age similarity) and viscous stress tensor (constraints on the deformation �eld). Similarly

to the linear elastic model, the registration problem is about balancing the momentum of

the �uid with the pressure and the viscous forces. Optical �ow models (such as Demons

algorithm) are based on a similar concept, but incorporate the intensity gradient between

frames representing incremental stages of deformation during registration [38, 39].

The second group includes transformations that are based on interpolation and ap-

proximation theory. In this section, the radial basis functions (RBFs) will be �rstly

described to then introduce basis-spline (B-spline) models, which possess desirable

properties alongside good performance in terms of accuracy [40] and computational

burden [36, 41].

RBFs are an umbrella of functions where the displacement is the sum of basis functions

centred at some control points (or landmarks). These nodes do not have to correspond

to a structured grid of voxels. The basis functions depend on the distance of a query

point x from a known pointxi and they are positive de�nite functions. RBFs are �xed

in the registration process, which aims to estimate the weight of each function that is

summed up. RBFs generally have global support: although they perform well with

sparsely populated data-points, the effect of outliers affects the whole displacement

�eld [ 26]. One of the most used RBF are thin-plate splines [36]. They are the solution

of a square Laplacian of the deformation �eld, which can be interpreted as a thin plane

that passes on or next to control points. The smoothness of the plane is guaranteed by a

resistance to bending. Although having useful smoothing properties and being able to

�t through a sparse set of points, thin-plate splines are globally supported and struggle

to follow more localised deformation.

Unlike thin-plate splines, B-splines have minimal support. In one dimension, any spline
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function of degreen can be described as a linear combination of B-splines of the same

degree over the same partition. A B-spline of ordern is a basis function with minimal

support around a control point: each one is obtained as a convolution of(n � 1)-order

B-splines. The Cox-de Boor recursion formula allows the construction of B-splines of

nth order from two splines of ordern � 1. A basis function of0th order is de�ned as a

step function between two knot points. The total number of control points depends on

the number of knots and the degree of the spline, and their location depends on the �t to

the data points that is wanted.

An example of a multivariate B-spline model is the free-form deformation (FFD) model,

which can be formed from tensor products of univariate splines [26]. Their name

represents the minimal assumptions they are based on, and distinguishes them from

any knowledge-based methods wherea-priori information on the deformation �eld is

assumed [28]. Moreover, their support is local, hence the movement of a control point

does not affect the whole warp �eld as in the case of thin-plate splines. Each point of an

n-dimensional B-spline depends onn + 1 neighbouring control points [42]. They are

based on partitioning the support space into regularly spaced sub-domains (a lattice),

de�ned by a grid of control points. For example, the cubic spline is de�ned, within the

support region of sub-domain(u; v; w), as:

u(u; v; w) =
3;3;3X

l=0 ;m=0 ;n=0

bl;3(u)bm;3(v)bn;3(w)Pi + l;j + m;k + n (2.2)

where(i; j; k ) are the indices spanning the grid of control points andbl;3(u) the cubic
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basis functions:

b0;3(u) =
(1 � u)3

6
; (2.3)

b1;3(u) =
3u3 � 6u2 + 4

6
; (2.4)

b2;3(u) =
� 3u3 + 3u2 + 3u + 1

6
; (2.5)

b3;3(u) =
u3

6
: (2.6)

Global deformations are captured with larger spacing between control points (and

fewer number of DoF); whereas a tighter spacing allows to capture more information

about the deformation and hence local differences in features (with the need of more

computational burden given by the higher number of degrees of freedom) [43, 44].

Relative to thin-plate splines, B-splines are not only locally controlled (better �tting of

local differences in features between images) but also computationally more ef�cient

even with a large number of control points [43]. Similar penalty terms to the ones for the

thin-plate splines can be added to increase the smoothness of the deformation �eld [43].

Other transformation models were considered to be out of the scope for the present

work; the interested reader can �nd more information on registration via wavelets or

knowledge-based approaches in the reviews by Holden et al. [36], Sotiras [26], and

methods using machine learning in the reviews by Fu et al. [45] and Xiao et al. [46].

Additional constraints on the transformation model can guarantee good properties on the

output warp �eld, allowing the model to have the �exibility to follow quick variations,

while still guaranteeing good properties [26, 36]. These can be summarised as:

Inverse consistency- Registration algorithms are asymmetric, therefore the choice of

�xed and moving images impacts the registration output. Inverse consistent meth-

ods aim at estimating both forward and backward transformations, constraining

one to be the inverse of the other. These methods are symmetric only asymptotic-

ally and when the weight of the term imposing inverse consistency is dominant
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over the similarity term.

Symmetry- Symmetric algorithms either are based on objective functions that are

symmetric by construction, or the registration problem is based on two forward

and backward sub-problems towards to a common mid-domain.

Topology preservation- Topology is preserved when injectivity and continuity is im-

posed onto the transformation model, as well as the continuity of its inverse. The

determinant of the Jacobian guarantees injectivity of the warp �eld when it is

greater than zero. The existence of the Jacobian implies the differentiability of

the transformation and its continuity.

Diffeomorphism- Diffeomorphism is a stronger constraint aimed at preserving the

topology whilst guaranteeing smooth mappings. Diffeomorphic transformations

are differentiable mappings with a differentiable inverse.

Imposing diffeomorphism has shown good results when assumptions on the transform-

ation models cannot be made, such as in the case of intra-subject registration [39].

Constraining the transformation to be diffeomorphic guarantees that connected / dis-

connected sets stay connected / disconnected, smoothness of curves and surfaces are

maintained and points are transformed consistently [47]. Moreover, the use of diffeo-

morphic transform is motivated in the case of brain registration by microscopy studies

showing a preservation of cell layout throughout the brain [48].

Although constraints on the deformation model are bene�cial in most of the applications

of image registration, tight constraints were shown to be detrimental on the accuracy

of registration-based segmentation methods. In these cases, the quality of the propaga-

tion of the segmentations is of more importance than the smoothness of the obtained

transformation, showing the bene�ts of looser constraints [40, 49].

This section has introduced the basis of deformable image registration, which is the

backbone of DVC and image registration for medical imaging, which will now be de-

scribed. The challenges related toin-vivoMR DVC will be presented. Then, deformable
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image registration methods for medical imaging will be introduced and proposed as a

initial solutions to address these limitations.

2.3 Digital Volume Correlation

In its simplest form, digital volume correlation (DVC) is a method that consists in

estimating the displacement �eld from scans depicting consecutive stages of deform-

ation of a sample. Differences between features in the two scans are tracked and the

displacement �eld that induced the morphological differences outputted. One of the two

images is iteratively morphed onto the other, in order to �nd the local warp �eld that

best corresponds details of the features. At each iteration, the correspondence between

sub-regions of the images is measured and the warp �eld updated until some condition

on an acceptable alignment or number of iterations is reached. When features are

properly aligned together, the output of DVC represents the distribution of the desired

displacement �eld. Strain maps which depict the full-�eld compression state of the

sample can then be calculated.

DVC extends other methods for strain evaluation, by giving the three-dimensional

distribution over the whole imaged sample: strain gauges give a measure of strain only

at discrete points on a surface, whereas extensometers give a one-dimensional measure

over the whole sample [50]. Applications of DVC include the characterisation of the

material properties of a sample, once boundary and loading conditions are accounted for.

This is particularly bene�cial in the case of heterogeneous materials, such as compressed

stone wool, low density �berboards, cellulose �bre mats and biological tissues [17, 50].

In these cases, strain gauges and extensometers would fail in the depiction of the

complexity of the compression state of the sample. Moreover, DVC is used for the

localisation of strain concentration for the identi�cation of cracks and control of their

propagation [51]. Finally, DVC measurements on biological tissues can further improve

our understanding of tissue remodelling: tissue remodelling, as restoration and repair of
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biological tissues, is a process that is partially strain-driven [52, 53].

The DVC method can be generalised into the following three main components [50]:

� Acquisition of the sample at different stages of deformation.

� Retrieval of the displacement �eld that best aligns features of the two volumes.

� Calculation of strain tensors from the computed displacement �eld.

Medical applications have been the major driver for early works on global DVC [17],

both in terms of imaging systems to capture the stages of deformation and image

processing to reconstruct the displacement �eld. In particular, the development of

computed tomography (CT) and magnetic resonance (MR) imaging for diagnostic

purposes has allowed the non-destructive depiction of the microstructure of both natural

and industrial materials.

DVC and image registration for medical imaging have developed in separate ways due to

the following differences: sub-voxel accuracy for the former versus voxel accuracy for

the latter; small deformations caused by mechanical testing versus substantial warping

caused by anatomical inter-subject variability; richness of features to align versus lack of

suitable spatial and intensity resolution [17]. Early works using deformable registration

methods for medical imaging for DVC include Schnaudigel et al. [5] and Gerard et

al. [54].

Volumes Acquisition Imaging techniques used for DVC comprise of, but are not

limited to, CT, MR, optical coherence tomography, confocal microscopy and ultrasonic

imaging [17, 50]. The choice of imaging system is crucial, in order to acquire the stages

of deformation with suitable spatial and intensity resolutions, without it interfering with

the experimental set up. The main difference with its precursor, digital image correlation

(DIC), is that accuracy of DVC measurements depends on the imaging systems' ability

to reliably capture naturally occurring structural features with a suitable level of detail
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and appropriate contrast. In the case of DIC, researchers can control on the quality of

the random patterns that are deliberately drawn or sprayed on materials undergoing

deformation to aid the correlation between the two images.

The conditions of testing pose considerable restrictions on the experimental apparatus

and on the imaging system used.Ex-situtesting can be considered the simplest way

of applying the load to a sample, as this is isolated from the original conditions and

then tested. The sample can be prepared to �t the constraints of the imaging system

or vice-versa. Speci�c experimental apparatus, instead, is needed forin-situ testing,

where the sample is kept in its own original conditions and environment [17]. Regarding

testing of biological samples, other conditions includeex-vivoandin-vivo testing. The

former consists in testing the sample out of the physiological environment it originally

came from, imposing fewer restrictions on the experimental apparatus. Althoughex-vivo

testing allows better quality of the acquired scans, tissue extraction and preservation

negatively affect the mechanical behaviour of the tested sample.In-vivo testing, on the

other hand, provides the real conditions of deformation and the true mechanical response

of the samples; it poses, however, tight restrictions on the overall apparatus. Even tighter

restrictions are related toin-vivo testing on human subjects for research purposes, where

ethical approval is needed, for example, in case of using ionising radiation (e.g., CT) [55].

This leads to only the use of MR systems on compliant subjects, where high resolution

scans cannot be obtained due to long acquisition times affecting the subject comfort

and is not advised due to the artefacts related to unavoidable subject motion [22].

For instance, Dall'Ara et al. [20] compared the performance of two DVC methods

(one local, the other global) on different datasets ofex-vivozero-strain tests and one

in-vivodatabase of bone structures on an anaesthetised rat model. Even in these ideal

conditions where sample motion could be partially factored out, they showed that

againstex-vivotesting,in-vivoDVC measurements were affected by higher errors due

to moving artefacts and lower intensity contrast due to the lower radiation energy.
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Deformable Registration DVC algorithms can be broadly categorised into two

groups: local and global methods. The local methods were developed �rst and consist in

partitioning the region to register into sub-volumes which are aligned independently. A

displacement vector is then estimated for each sub-region, with inaccurate displacement

calculations at boundaries [25]. All the contributions then need to be smoothed after

estimation, to avoid discontinuities in the estimated displacement �eld [56]. The global

DVC methods, instead, consist in outputting a dense displacement �eld, where each

sub-volume contributes towards the whole output volume [17]. Regularisation is part

of the estimation process and guarantees less discontinuities and inconsistencies in

the output displacement �eld, leading to generally higher accuracy relative to local

approaches [57]. With the aim of testing the suitability of deformable registration

methods for medical imaging for DVC measurements, the second group will be the

focus of the thesis work.

As previously mentioned, global DVC has many similarities with deformable registration

for medical imaging, as the latter has been the major driver. The reader is referred to

Section 2.2 for a presentation of the basis of the deformable registration component of

DVC methods, that is, search strategy, similarity measure and transformation model. In

the following, the challenges related to the deformable registration problems typical of

DVC calculations are discussed.

Transformation model is the main component determining the accuracy of a DVC

method. With the aim of reaching sub-voxel accuracy, displacement needs to be interpol-

ated to have an estimate of displacement points between independent measurements [50].

Simpler interpolation models can give systematic errors (bias), as the displacement

�eld does not have the �exibility to follow quick variations. On the other hand, higher

order schemes have the �exibility to capture quick spatially varying components of

deformation. This, however, introduces higher uncertainties, and subsequent variations

in the outputted warp �eld [17, 50]. Uncertainty levels that arise from higher order

deformation models can be kept under control by imposing stricter regularisation or by
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choosing a larger spacing between independent measurements of displacements [17].

The larger the spacing, the lower the random errors associated with the displacement

�eld [ 20], hence higher precision is achieved [58, 59]. However, the larger the spacing,

the lower the �exibility of the transformation model to follow quick spatial variations,

such as strain concentrations [25, 60], leading to systematic errors and decreasing

accuracy. In particular in the case of large deformations, there is a trade-off between the

accuracy of the measurements (that is, the higher complexity to follow quick spatial

variations) and their precision (that is, the limited spurious variations around the true

values). A balance between the �exibility and smoothness of the transformation model

therefore play a pivotal role when capturing large displacements [25].

In the presence of large deformations, decorrelation effects can lead to improper calcu-

lation of the similarity between sub-regions of the images, with corresponded points

representing different anatomical features [61, 62]. The pyramidal scheme introduced in

Section 2.2, greatly limited the decorrelation effect in DIC and DVC calculations [61].

High-frequency content can anyway be lost in the cross-correlation due to the low-pass

effect of the formulation due to the averaging process [24]: this can lead to loss in high

frequency displacement information. Nogueira et al. [63] devised a window weighting

function that �attens the frequency response and stabilise the frequency information

(although the low-pass �ltering effect cannot be factored out).

Strain Calculations The maps of the strain measurements can then be extracted from

the dense displacement �eld. Among the many measures of strain, a convenient one is

the Green-Lagrange strain,E. By de�nition the translational and rotational components

of deformation are discarded, so that only the compressive state of a sample even under

larger deformations is represented [64]:

E =
1
2

�
FT F � I

�
; (2.7)
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F =
@u(x)

@x
+ I; (2.8)

wherex is the voxel position in a Lagrangian coordinate system (that is, that moves with

the material),u(x) the deformation �eld,I the identity matrix andF the deformation

gradient.

The simplest way to calculate the deformation gradientF is via central differences,

where 3- (or more) point or formulae can be chosen depending on the level of noise

affecting the displacements. Otherwise, a �rst- [65] or second-order [66] approximation

of the strain tensor can be �tted to the displacement data via least-squares. The latter

was shown to be advantageous when dealing with high strain gradients and showed the

same level of errors in deriving strain values in the main �eld and at the edges of the

�eld of view [66, 67].

The subset of displacement points used to calculate the tensors de�nes the strain window.

The size of the strain window affects the accuracy of the calculations and its choice

depends on the speci�c application [50]. On the one hand, larger strain windows reduce

the noise affecting the displacement �eld (that are ampli�ed in the differentiation) and

generally lead to higher precision in the strain calculations [16, 67]. On the other hand,

larger strain windows can attenuate existing strain gradients, reducing the capability

of locating quick spatial variations in compression state and ultimately introducing

systematic errors [16, 51]. This is particularly detrimental for the localisation of strain

concentrations or in the case of strain distributions over irregular geometries.

This section has introduced DVC and its application to biological tissues. The challenges

related toin-vivo MR DVC have also been discussed, in particular, in the case of

acquisition on compliant subjects for research purposes. In the following section, the

state of the art of deformable image registration methods for medical imaging will

be introduced, as these methods have the accuracy and �exibility to be used for DVC

measurements and have been developed to tackle the speci�c limitations ofin-vivo MR

imaging.
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2.4 Medical Image Registration

Applications of image registration in the medical �eld include structural and functional

image fusion, image subtraction for contrast enhanced images, population studies,

surgical and radiotherapeutic planning, disease follow-up, and segmentation [28, 29,

40, 68]. There is a broad selection of freely available software for image registration,

which come from many years of research in the medical �eld. This includes stand-

alone registration methods [32, 35] as well as toolboxes with a broad selection of

methods and utilities [44, 69]. Desirable aspects of a registration method are [29, 40]:

versatility to be applicable to many scenarios; automatic, i.e., no need for parameter

tuning; computationally fast and light to possibly be used in a clinical context; robust to

noise, inhomogeneities, lost correspondences, pathological anatomy, different FOVs and

intensity ranges; supported by clear and comprehensive manuals and wikis; consistent

user support; �nally, availability of utilities for auxiliary image processing [29].

Registration methods for medical imaging have nowadays the �exibility to be applied

to many parts of the body [28]. To cite but a few, brain both in physiological [70]

and pathological conditions [40], lungs [71], breast [43] and abdomen [72]. Generic

registration algorithms have actually performed better than other methods tailored to

any speci�c registration task by introducing some kind of a-priori constraints [71].

Recent research on medical image registration has focussed on models based on deep

learning (DL). DL-based methods showed comparable results [73, 74] relative to the

more conventional registration methods, with the bene�ts of requiring less computational

demand, as most of these models are based on one iteration, and being less dependant

on prior expert parameter tuning [73]. Two are the main categories, depending on

the training that the models undergo: supervised, where examples of the registration

problems are given for the model to learn from, prior to any application of the model;

unsupervised, where the model learn from the registration problem to solve, without

requiring training. State-of-the-art performance can be achieved with supervised models:

they need, however, a large amount of labelled training data or reliable ground truth
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to generate [46, 73]. In the case of unsupervised models, the deformation �eld is

reconstructed without a ground truth as guidance, giving as output a warp �eld that can

show spurious variations [75]. This thesis work will focus on conventional registration

methods as research on guaranteeing good properties of the warp �eld from ML-based

models is still ongoing, such as guaranteeing physically and physiologically plausible

output warps [45, 73].

In the following section, the state of the art of academically popular deformable re-

gistration algorithms will be introduced and their selection justi�ed in this section.

The performance of many of these methods have been compared in several evaluation

studies: the following section will begin with an introduction to such studies, to then

describe in more details the best performing ones that were used in the thesis work.

One of the largest evaluation studies was carried out by Klein et al. [76]. It includes 14

deformable registration algorithms that were tested on 80 manually labelled brain scans

and compared using 8 different error measures on both regions and surface overlaps.

Scans were taken from four publicly available datasets, skull stripped and linearly

registered to the MNI standard space prior to the non-linear registration. A total of

45,000 registrations were run. Algorithms were ranked on the basis of permutation tests,

con�dence intervals obtained from one-way ANOVA tests with Bonferroni correction,

and indifference-zone ranking. SyN consistently showed good performance across

subjects and label sets, reaching rank 1st in their evaluation system.

A few years later, the EMPIRE10 [71] challenge aimed to compare registration methods

on different challenges related to the application of image registration to the CT scans

of the lungs. A total of 34 and 20 algorithms in two separate phases were tested

on the alignment of lung boundaries; alignment of major �ssure (plate-like structure

separating the top form the bottom side of the lungs); correspondence of 100 annotated

landmarks that were automatically extracted and then matched by either three or four

expert observers; correspondence of surgically implanted metallic markers on two ovine

animal models (67 in the �rst, 103 in the second); singularity on the deformation �eld,
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that is, the negative values of the determinant of the Jacobian. A ranking system for each

one of these categories was designed in order to score each registration method. SyN

andelastixwere the top two performing methods (out of 20) in the second phase (taking

place at the 2010 MICCAI Grand Challenge Workshop) of the EMPIRE10 challenge.

In the �rst phase (taking place remotely in each participant's own facility), SyN still

scored �rst;elastix, however, placed 7th out of 34.

In the evaluation by Ou et al. [40], the performance of twelve deformable image regis-

tration algorithms was tested against four challenges representing different challenges

in brain clinical imaging: inter-subject anatomical variability; intensity inhomogeneity,

noise and structural differences in raw images; acquisition protocol and FOV differences

in multi-site databases; �nally, pathology-induced missing correspondences. A com-

bination of Dice coef�cient and Hausdorff distance was used as performance criteria

in the �rst three challenges. For the last one (presence of pathology), two independent

experts were used to �rst de�ne the contour of the abnormal region; then, 10 anatomical

landmarks were identi�ed in a 30 mm-wide band outside the abnormal region, with

40 landmarks in the rest of the images. SyN performed best at aligning cortical and

sub-cortical structures from the simpler registration problems of skull-stripped images,

followed by DRAMMS. DRAMMS then outperformed SyN (which came second) in the

more challenging tests that included raw, multi-site and pathology-bearing images. [40]

Finally, Xu et al. [72] tested 6 registration methods on 100 abdominal CT scans. Thirteen

abdominal organs were manually labelled by experts from each image. Scans were

pairwise registered, leading to a large number of analysed registration problems. Dice

coef�cient, mean surface distance, and Hausdorff distance were used as error metrics.

The aim of their study was to �nd the best method that aligns scans of different

individuals for abdomen segmentation or atlas construction. The deformation �eld

was reported to be discontinuous given the large number of organs in the abdominal

area and the complexity of its morphology. For this reason, SyN performed worse

comparably to other methods.
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The evaluation studies gave a quantitative comparison of the performance of deformable

registration methods for medical imaging and allowed the identi�cation of the best

performing ones. The remainder of this section will describe the best performing

methods that were used in the present thesis work. In Table 2.1 a brief comparison of

these methods is reported in terms of their similarity measure, optimisation process,

constraints, computational time and memory usage.

FLIRT One of the most popular rigid registration algorithms used in medical image

registration and therefore used in the present thesis work is FMRIB's Linear Image

Registration Tool (FLIRT), part of the FMRIB Software Library (FSL). It was developed

by Jenkinson and Smith [77] and it is based on a hybrid optimisation method, where

both a global and local search is achieved via a multi-stage registration process.

The registration problem is �rst solved by a global search at 8 mm resolution. In

this stage, three steps are run, that is, a coarse search over few rotation values for

the best translation and scale values; a �ner search over the rotation values, given the

already extracted values of scale and translation; �nally, a local optimisation for all

three components for all the local minima identi�ed in the previous steps. At 4 mm

resolution, the three best guesses from the previous stage are perturbed and another

re�ned solution found. Then, in the 2 mm and 1 mm resolution stages, the single best

candidate transformation from the previous step (rotation, scale and translation) is used

and a local optimisation is run to identify the optimal scale and skew (totalling 12 DoF).

For non entropy-based similarity measures, the contribution of a voxel is weighted by

its distance from the boundaries of the FOV of the moving image, avoiding the effect of

discontinuities in the intensity distribution. For entropy-based measures, instead, the

binning needed to calculate the joint entropy is chosen so that they overlap (with a linear

gradient), in order to have a smoother joint entropy (in other words, fuzzy-binning) [78].
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ANTs The Advanced Normalization Tools (ANTs) is a comprehensive software

library that includes methods for population analysis to capture statistics of the brain

structure and its functions [69]. Among other auxiliary tools, ANTs offers a powerful

registration method that allows the application of both af�ne and deformable image

registration, which were used in the thesis work.

The following section will introduce the more complex deformable registration method,

the symmetric image normalization (SyN) algorithm, as the af�ne algorithm follows

a similar implementation. It allows the estimation of a transformation that is both

diffeomorphic and symmetric. This guarantees that the transformation is differentiable

as is its inverse and that there is no difference in the choice of which image to consider

�xed or moving. The idea is based on deforming both the input images to a common

mean shape. This leads to the estimation of two transformation �elds which have

velocity �elds that are regularised over the path connecting one image to the common

shape, guaranteeing the transformation to be diffeomorphic (and therefore the path

to be a geodesic). This half-diffeomorphic transformation can then be joint together

in order to de�ne the overall warp �eld. The default similarity measure is the cross-

correlation, but sum of squared differences and mutual information can be selected. The

optimisation process is multi-scale and based on the gradient descend method. [79]

The initial implementation of the SyN method [79] implied the estimation of the vector

�eld over all the voxels and with a constant sub-pixel update over the geodesic path

between �xed and moving images. This implementation required substantial resources

and a greedy version was created, which only stores vector �elds solely at the extremities

and at the mid-point of the geodesic connecting the moving to the �xed image, limiting

the simultaneous storage needed [76]. The warp �eld was then extracted via a standard

ordinary differential equations.

The default transformation model is based on the large deformation diffeomorphic metric

mapping (LDDMM) [47], where the deformation is extracted from the velocity over

time, whose estimation is regularised according to the Lagrange transport equation [79].
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This formulation is a diffeomorphism by construction and it allows the de�nition of

geodesic distances between points of the images to register, which proved to be bene�cial

in the analysis of brain anatomical variability [26]. A later implementation by Tustison

et al. [80] included the B-spline formulation, which showed statistically signi�cant

better overlap values than the LDDMM implementation. This implementation is based

on the directly manipulated FFD (DMFFD) which skips the smoothing needed during

the gradient descent optimisation strategy used in traditional FFD models by projecting

the update in the gradient �elds to the class of B-spline functions. This was shown to

alleviate the hemstitching effect that can happen with the traditional FFD formulation

based on gradient descent, which can cause inef�ciency in the optimisation process [80].

DRAMMS The deformable registration via attribute matching and mutual-saliency

weighting (DRAMMS) is a robust algorithm based on the comparison of voxels rep-

resented by a set of attributes extracted from multi-scale and multi-orientation Gabor

�lters. The resulting method was proven to be robust to inter-subject variability, in-

tensity inhomogeneities, noise, differences in the �eld of view and pathology-induced

missed correspondences [40]. This is due to the estimation of the warp �eld, where

each voxel is dynamically weighted during the process on the base of its saliency in

de�ning a reliable correspondence. A salient correspondence is one that corresponds

one voxel of the moving image to very little ones in the �xed image, guaranteeing a

correspondence between identical anatomical features rather than just similar geometric

features. Reliability is not measured independently in each image, but by giving higher

weights to voxels of the moving image that are very similar to a neighbour of another in

the �xed image and very dissimilar to the voxels on a peripheral neighbourhood. The

weight of a voxel is extracted by comparing its set of attributes in the �xed image with

the ones in a neighbourhood of the moving image. The rich set of Gabor attributes are

then simpli�ed by identifying the most salient ones based on a backward elimination

and forward inclusion algorithm: this reduces the problem of the redundancy given by

the non-orthogonality of all the scales and orientations of the Gabor �lters, alongside
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decreasing the computational burden.

The estimation of the transformation is based on the discrete optimisation, due to its

computational ef�ciency and robustness to local minima. Finally, it can be considered

multi-scale, since different scales of the Gabor �lters represent different frequency

contents [35].

The transformation model is based on the free form deformation (FFD) model by

Rueckert et al. [49], based on composing transformations at multiple resolution levels

that are guaranteed to be diffeomorphic by constraining the displacement of each control

point not to exceed 40% of the spacing between them. More spaced control points

lead to a smoother deformation �eld: therefore it was proven that constraining the

maximum displacement on the base of the knot spacing would guarantee injectivity of

the estimated transformation [81].

elastix elastixis a toolbox with a modular design that allows the user to test different

registration options, including optimisation methods, multi-resolution schemes, trans-

formation models, cost functions and interpolators. With the aim of making this �exible

and powerful method more user-friendly, a database of parameter sets is available to the

users (who are encouraged to upload theirs), with the aim of showing the best combina-

tions in different studies for the speci�c application. The basic implementation is based

on the (Insight Toolkit) ITK source library [44]. Both the af�ne and the deformable

registration method from this library were used in the present thesis work. This section

will focus on the latter, as the af�ne algorithm follows a similar implementation.

elastixallows the application a hierarchical strategy to the values of most parameters,

including multi-resolution schemes that allow one to blur / downsample scans at higher

levels of computations, as well as multi-level of complexity of transformation models,

allowing for coarse resolutions at higher levels and the number of samples of the joint

histogram bins when using MI-based similarity measures.

Many transformation models are available. In the present study, the af�ne registration
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method and the deformable algorithm based on the FFD model by Rueckert et al. [43]

were used. The main feature of the method is that transformation models are paramet-

erised and the generic output of the call is not a warp �eld, yet a �le of parameters.

The functiontransformixcan be used to evaluate the warp �eld at speci�c points / on a

uniform grid.

Many optimisation strategies are available, as for instance uniform sampling on whole

scans, outside scans (which showed good results in regularising the transformation

model [44]), random sampling and sampling on masks to specify a region of interest.

Random sparse sampling off-grid is also available, avoiding the irregularities on the cost

function that are caused when sampling at points on the uniform voxel grid. The cost

function shows peaks and troughs depending on the form of the transformation model

at a speci�c iteration. The effect of the random off-grid sampling leads to smoother cost

functions over the different forms of the transformation model over the iterations [44].

2.5 Sensitivity Analysis

Deformable registration methods for medical imaging are very powerful and have

the �exibility to be applied to many body parts [71]. Their �exibility, however, can

lead to variable performance depending on the parameter set used. The sensitivity of

registration methods to these parameters is still an open topic of research [40].

Given the pivotal role of accuracy in displacement measurements, DVC methods have

to be thoroughly optimised for the speci�c application [20]. Peña Fernández et al. [59]

reported a decrease in 33% of the standard deviation of errors after optimisation in

zero-strain measurements relative to the same experiment as in Dall'Ara et al. [20]. The

following section will therefore report a quick introduction to sensitivity analysis, which

aims to quantify the effect of parameters on the accuracy of the DVC measurements.

Sensitivity analysis allows the characterisation of the response of a model given the

variation of input parameters [82]. Local sensitivity analysis infers the response of
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a model in a neighbourhood of an instance of the input, whereas global sensitivity

analysis aims to sample the whole hyperspace of reasonable values of the input, to

gauge the response of the model for most of the possible combinations. Therefore,

sampling techniques are needed in order to ef�ciently span the hyperspace of the input.

Quasi-random sampling techniques such as Sobol's, Morris' and Latin hypercube allow

one to span the space in a more ef�cient way than random sampling [83, 84].

Non-parametric linear regression and Pearson correlation were initially used to infer

the linear and non-linear monotonic dependencies between input and the model's out-

put [82]. More recently, variance-based methods were introduced, where the sensitivity

of the model output to the model input is quanti�ed in terms of the reduction in the

variance of the model's output. GivenX i the random variable describing the distribution

of thei th parameter, then the variance of the outputY (here a random variable also it

depends on the inputX i ), given that everything is known about thei th parameter, is:

Vi = varf E(Y jX i )g:

The measureVi can be interpreted as the expected amount of uncertainty in the model

outputY given that the true value of the inputX i is known [83]. The variance is

evaluated between all possible values ofX i . If we then divide this variance by the

overall variability of the random variableY, then we obtain the main effect indexSi :

Si =
Vi

var(Y)
: (2.9)

Now, the uncertainty on the output, given that every input is known but thei th parameter,

can be expressed as:

VTi = var(Y) � varf E(Y jX � i )g; (2.10)

whereX � i represents the random vector of the random variables representing each

parameters excluding thei th parameter. Similarly, the total effect index can be de�ned
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as:

STi =
VTi

var(Y)
: (2.11)

It is straightforward to notice that:

X

parameters

Si � 1 �
X

parameters

STi ; (2.12)

with equality only when all interactions are 0 [85]. Joint interactions between two (2
nd

order) or more parameters can be extracted by evaluating the joint expected reduction

in the variance:

Vp = varf E(Y jXp)g; (2.13)

whereXp is the random vector representing all the desired parameters.

However, variance-based methods for sensitivity analysis need simulations in the order

of over500(k + 2) considering only �rst order sensitivity (that is, without assessing

pair-wise interactions), wherek is the number of parameters in�uencing the model

output [83]. For computationally expensive models where the number of runs achiev-

able is somewhat limited, metamodels (or emulators) allow the extraction of the total

sensitivity indices using considerably fewer model evaluations.

The meta-model described by Oakley and O'Hagan [85] and implemented in GEM-

SA (used in the present thesis work), treats sensitivity analysis, and therefore the

evaluation ofSi andSTi , with a Bayesian approach, imposing a multi-variate a-posteriori

t-distribution of the output corresponding to any set of inputs. This allows the evaluation

of the measures previously introduced as regression with Bayesian inference. This

approach allows also the extraction of the uncertainty related to the estimations of

the measures as con�dence intervals. Two requirements are needed for the Gaussian

process to best represent a model's response. First, the output needs to behave smoothly

with respect to the inputs for mathematical tractability [85]. Moreover, independence

of inputs allows a tidy decomposition of the total variance in �rst and second order
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components.

The overall uncertainty was shown to be smaller than the one extracted with a brute-

force Monte Carlo evaluation of the sensitivity of the parameters; moreover, Oakley

and O'Hagan [85] reported that 15360 model evaluations were needed when using a

variance-based method to achieve the same error as the one obtained with 250 model

evaluations after �tting the metamodel.

2.6 MR Distortions

Finally, this literature review concludes with a brief presentation of MR distortions,

which introduce an arti�cial warp to the MR scans, altering the true morphology of the

imaged samples. These distortions ultimately affect the accuracy of DVC calculations

by introducing a heterogeneous systematic error. The analysis of distortions is still an

open problem and there is a general lack of a proper correction [86].

MR distortions depend both on the scanner used (static magnetic �eld inhomogeneities)

or the gradient coil (gradient nonlinearities, eddy currents) and on the scanned object

(chemical shift, susceptibility changes) [87–90]. Moreover, their effect is directly

proportional to the magnetic �eld strength [91] and it is stronger further away from the

iso-centre [86, 87, 89, 90], affecting more along the z-axis [86, 87]. Distribution on the

brain area is non-uniform, with larger distortions in inferior and frontal areas, close to

air-�lled cavities [89, 90, 92].

The literature reports either phantom or clinical studies where CT scans were used as

ground truth to infer the accuracy and �delity of MR imaging. Care must be taken when

interpreting results based on phantom studies: a more complex distribution of distortions

is to be expected when scanning participants, due to the effects of susceptibility related to

iron deposits in the basal ganglia, signal cancellations at air-tissue boundaries, chemical

shift and �ow effect [88].
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Watanabe et al. [87] reported an accuracy on corrected MPRAGE scans of a phantom

acquired with a 3T scanner, giving a root mean squared error of1:8 � 0:36mm. The

authors also state that the default algorithm developed by the scanner's vendor did not

correct to a satisfactory level. Karger et al. [88] reported an average� standard deviation

of 1:3 � 0:3 mm,0:9 � 0:1 mm and0:9 � 0:5 mm superiorly, centrally and inferiorly

on corrected images of a phantom on a 3T scanner. On a 1.5T scanner, instead, they

reported values of1:1� 0:3 mm,1:4� 0:2 mm and1:5� 0:4mm, respectively. Damman

et al. [89] found distortion values of0:6 � 0:1 mm and0:5 � 0:1 mm on 1.5 and 7T

scanners, respectively, when acquiring MPRAGE images of a phantom, after applying

a 3D scanner-default distortion correction. Duchin et al. [90] carried out the study on

clinical images. They showed errors just above 1 mm when identifying landmarks on

7T images after af�ne registration to CT, for an actively shielded 7T scanner. Their

main �nding is that af�ne registration was enough to model the distortion at high MR

�eld, obtaining an acceptable alignment with CT images. Neumann et al. [86] reported

a targeting error on a non-clinical study assessing the accuracy of stereotactic targeting

of 1:31� 0:41mm on 1.5T and1:42� 0:56mm on 3T MPRAGE images corrected with

the scanner-default correction algorithm. Treiber et al. [93] report median displacement

of 2.11 mm, (5th and 95th percentiles: 1.2 mm to 5.9 mm respectively). Regions mostly

affected were the brainstem (median distortion 5.43 mm), temporal lobe (2.61 mm),

and frontal lobe (2.21 mm), while the parietal (1.61 mm) and occipital (1.77 mm) lobes

had the least amount of distortion. In particular, the temporal and frontal parenchyma

adjacent to the bone-air interfaces showed distortions as severe as the brainstem. Again,

they report these values relative to the MR structural scans, considered as ground truth,

with no CT imaging.

Regarding the effect of acquisition sequences, both Neumann et al. [86] and Watanabe et

al. [87] showed that MPRAGE led to worse, even if comparable, accuracy in comparison

to using other contrast, as FLASH or VIBE. Moreover, Dammann et al. [89] showed

greater distortion when using T2-weighted sequences than using T1-weighted sequences,

due to longer echo time and inhomogeneities in the B1 �eld that affected the refocusing
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of the magnetisation spins.

2.7 Summary

This chapter has provided a comprehensive review of the key technical literature relevant

to the research questions outlined in Section 1. The literature on such an interdisciplinary

problem is substantial: a great effort was made to cover the most relevant contributions

to the work carried out in the thesis. The reader is asked to note that introductions to the

two applications investigated in the study are reported in Chapters 3 and 5: respectively,

brain shift and deep tissue injury.

Image registration was �rstly introduced as a basis for DVC and deformable registration

in the medical �eld. This was followed by a brief description of DVC and the main

technical contributions in the biomechanical �eld. The state-of-the-art registration

methods for medical imaging were then presented as well as sensitivity analysis for

the evaluation of their dependence on input parameters. Finally, the chapter concluded

with a description of the MR distortions, which add a heterogeneous component of

systematic error to the DVC measurements.
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Chapter 3

Brain Shift: Parametric Identi�cation

and Error Analysis

Overview

This chapter aims to evaluate the suitability of deformable registration for medical

imaging in capturing small deformations due to positional brain shift (PBS), the sagging

of the brain tissue due to the effect of gravity alone. Previous works that aimed at

measuring PBS lacked of a thorough quanti�cation of the accuracy of the measurements

taken and of the sources of error affecting them [4–6, 8]. Quantifying the error affecting

the measurements is paramount to gauge the con�dence on the obtained results and

the validity of their interpretations. The work of this chapter aimed at investigating

the following main sources of error: magnetic resonance (MR) distortions, improper

initial rigid registration and inaccuracies in the DVC measurements. Results advised on

the margin of error associated to the DVC measurements ofin-vivo PBS that will be

introduced in Chapter 4.

The work presented in this chapter is part of the supplementary materials of the following

peer-reviewed paper:

Zappalá, S., Bennion, N. J., Potts, M. R., Wu, J., Kusmia, S., Jones, D. K.,

Evans, S. L., & Marshall, D. (2021). Full-�eld MRI measurements ofin-vivo

positional brain shift reveal the signi�cance of intra-cranial geometry and head
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orientation for stereotactic surgery. Scienti�c Reports, 11(1), 17684.https:

//doi.org/10.1038/S41598-021-97150-5 .

The chapter �rst presents in Section 3.1 the problem of PBS and its relevance to

image-guided neurosurgical systems (IGNS).

Section 3.2 shows the extent of MR distortions affecting the brain morphology in

two subjects acquired with two different scanners. The relative performance of two

distortion correction methods were compared and the best one for the speci�c application

identi�ed.

Section 3.3 shows the efforts that were made to assess the accuracy of the initial

skull alignment against some synthetic rotations and translations. An improper initial

alignment of reference elements that do not undergo deformation can add an additional

component of rigid displacement to the DVC measurements.

Finally, Section 3.4 shows the optimisation of three deformable registration methods for

medical imaging against a synthetic deformation �eld representing PBS. Accuracy of

the DVC measurements with the optimal parameter set was then determined.

3.1 Introduction to Brain Shift

Given its low stiffness, brain tissue shifts within the skull cavity under the effect of

gravity due to changes in head orientation even in normal healthy individuals without

any surgical manipulation [4, 5, 54]. This shift is reported to be a non-rigid deformation

induced by a complex interaction of gravity, geometry of contact surfaces, �uid pressure,

mechanical response, presence of pathological tissue and surgical procedure [4, 5,

54, 94]. Displacements of a few millimetres are typically observed in physiological

conditions, whereas displacements as large as a few centimetres can be observed for

pathological causes (e.g. tumour, hydrocephalus) or surgical intervention (e.g. skull or

dura opening, cerebro-spinal �uid leakage, device insertion, tissue resection) [3, 95, 96].



3.1 Introduction to Brain Shift 45

Commonly referred to as brain shift (BS), displacements are generally comparable if

not 2-3 times larger than the current accuracy of image-guided neurosurgical systems

(IGNS) [4, 5, 97]. These systems are routinely used for the planning and navigation

of stereotactic procedures such as deep brain stimulation, local drug delivery and

stereotactic biopsy [2, 3, 98]. IGNS allow the planning of the surgical trajectories and

the indirect navigation of the surgeon to a target area, using as reference pre-operative

scans. Accurate planning is essential in order to target the correct structure, as well as

to de�ne a minimal entry point in the skull and limit damage to tissue (cortical veins,

sulci and lateral ventricles) surrounding the path to the medical devices [99, 100]. An

example of the interface of one of these IGNS is reported in Figure 3.1.

Figure 3.1: Example of an IGNS software: interface of Renishaw
neuroinspireTMdesigned for the planning of most stereotactic neurosur-
gical procedures. Taken from https://www.renishaw.com/en/

neuroinspire-neurosurgical-planning-software--8244

Provision of correct neuronal stimulation, drug administration or tissue biopsy requires

accurate placement of the probe to within 1-2 mm of the target [99, 101–103]. Despite

showing sub-millimetre accuracy [3, 98, 102], IGNS usually rely on a global rigid

alignment of the pre-operative coordinate system to the patient reference on the surgical
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table (acquired via intra-operative imaging); this approach implicitly assumes that

every structure rotates and translates in an identical fashion and, as such, maintains

the same dimensions and shape [54, 104, 105]. However, the BS caused by any slight

differences in head orientation between the pre-operative scanning session and the

surgical procedure can cause a non-uniform deformation comparable in magnitude to

the margin of error for surgical targeting [4–6]. Therefore, this positional BS (PBS)

occurring without any presence of pathology nor surgical manipulation can affect the

outcome of a procedure, as the planned targets might differ from their actual location.

Any further improvements of IGNS do not rely on the accuracy of each individual

components, but on the addition of a suitable correction of the location of surgical

targets given the PBS arising during a surgical procedure.

Due to PBS, IGNS have recently been used only to localise targets, and are not fully

trusted [54]. The clinical standard for checking the correct positioning is micro-electrode

recording (MER), which is based on the insertion of a single or multiple small-tip

electrodes that register the single cell or group neuronal activity in order to locate

structures of interest depending on their �ring frequency and amplitude [106–108].

As this invasive technique requires a compliant patient, anaesthesia has to be stopped

during the procedure. Further, the risk of haemorrhagic complications is high [106].

Intra-operative imaging and computational modelling are two emerging techniques that

have been recently used alongside IGNS to update the location of target areas given the

effect of PBS. The former is based on the use of MR imaging, computer tomography

(CT), ultrasound (US) or optical systems in the surgical room [99, 100, 109, 110]. The

actual conformation of the brain tissue as well as the location of the implanted medical

devices can be imaged during the surgical procedure. Starr et al. [100] showed that, in

comparison with standard stereotactic procedures based on MER checking, the use of

intra-operative imaging gave a 29% improvement in the placement error, with a 60%

improvement in the off-medication state in the follow-up. Even if minimally invasive,

these systems are questionable due to the cost of the equipment needed; the impact on
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the work�ow; the poor image quality; the exposure to ionising radiations in the CT case

or any hazard in an MR environment [54, 95, 109].

Compensation for PBS via mathematical models have recently shown promising res-

ults [109, 111]. Given the increasing availability of computational power, such complex

models can be run almost in real-time [112–114]. One such example is �nite ele-

ment (FE) modelling, which are becoming an accurate and cost-effective solution in a

neurosurgical context [109, 111]. FE modelling is based on simulating the mechanical

response of complex structures (brain) under loading conditions (gravity), which are

constrained by boundaries (meninges, falx, tentorium, etc). FE models have the capabil-

ity to simulate complex processes, such as the head orientation chosen for surgery, the

extent and position of the skull opening, the insertion of medical devices. Among others,

Dumpuri et al. [111] and Sun et al. [113] reported an error of0:7� 0:3 mm in the predic-

tion of PBS driven by the captured deformation of the tissue from an exposed brain area.

Garlapati et al. [115] showed that a linear FE outperformed the state-of-the-art registra-

tion technique for the compensation of PBS through intra-operative imaging. Although

non-invasive and cost-effective compensation for the shift arising during a procedure,

such models are still a long way from being the clinical standard in image-guided

neurosurgery due to lack of comprehensive clinical validation [97, 109, 116].

Further improvements in compensation measures suitable for clinical practise require

a comprehensive understanding of the mechanics behind PBS as well as rich datasets

to verify and validate such measures against [18]. In achieving this, the following

and the next chapter will focus on the efforts that were made to capturein-vivo the

PBS in a population of 11 healthy subjects. The characterisation of the mechanics

in normal physiological conditions (i.e., in the healthy brain) is the �rst step towards

modelling the more challenging shift induced by pathology or surgical manipulation.

To the best of the author's knowledge, previous studies were based on observations

mostly limited to surfaces [4, 5] or based on measurements at speci�c locations [7, 8].

This motivated the three-dimensional, full-�eld DVC measurements that were captured
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in-vivo of PBS from MR images that will be introduced in Chapter 4. However, the

validity of any interpretations of the DVC calculations depend on their accuracy, that is,

on the quanti�cation of the sources of error affecting the measurements. This chapter

will show the efforts that were made to achieve this.

3.2 MR Distortions

As introduced in Chapter 2, residual MR distortions after shimming cause a spurious

warp in the scans which depends on the magnetic �eld and gradients applied, as well

as on the way the imaged object perturbs the MR �eld. If not fully compensated for,

this spurious warp is a source of error in the DVC measurements, since it is acquired

as additional component of deformation. Given the sub-optimal performance of a

built-in correction method reported by Watanabe et al. [87], the following section

shows the relative performance of the compensation method developed by the vendor

of the scanner againstgradunwarp, the standard correction used in a multi-site and

multi-modality acquisition project over a large population sample [117].

Methods The performance of the distortion correction method built in the scanners

was compared togradunwarp[118], the correction method used in the WU-Minn Hu-

man Connectome Project consortium [117]. Both methods calculate the distortion �eld

from the spherical harmonic coef�cients speci�c to the scanner [118]. These normalised

coef�cients represent non-linear terms of the truncated series of the distribution of

the distortion �eld, which can be used to reconstruct the three-dimensional warp �eld

approximating the MR distortions.

Two subjects were both scanned in a Siemens 7T MAGNETOM (Siemens Healthcare,

Erlangen, Germany) and in a Siemens 3T PRISMA at the same Cardiff University

Brain Research Imaging Centre (CUBRIC), Cardiff University in different acquisition

sessions. T1-weighted MPRAGE scans were acquired, which parameters are reported
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Correction Prone Supine

None 1:88� 0:34mm 1:40� 0:36mm
Scanner default 1:32� 0:11mm 1:31� 0:33mm
gradunwarp 1:25� 0:10mm 1:30� 0:20mm

Table 3.1: Differences between scans acquired with the 7T and 3T scanners for both
prone and supine positioning prior to correction and after correction with the scanner
default software and withgradunwarp. Differences are represented in terms of average
and standard deviation magnitude of the warp �eld in the brain area.

in Table 4.1. Images acquired with the 7T scanner were warped to the 3T ones via

deformable registration (symmetric image normalisation (SyN) [79]), prior to any

correction as well as after correction with the built-in method and withgradunwarp.

This approach was used for scans acquired with subject lying both in prone and in

supine positions. The correction method leading to the smallest differences between

scans in the same position from different scanners was therefore used for the DVC

measurements of Chapter 4. Differences between scans were calculated as norms of the

vectors from the warped �eld output of the deformable registration.

Results Results (Table 3.1) show a better correspondence between scans after using

the softwaregradunwarp. In prone position, the warp �eld representing differences

between scans was on average33%smaller after usinggradunwarp, and30%smaller

after using the scanner-default software; in supine position, these values were consider-

ably smaller, that is,7%and6%, respectively.

Fig. 3.2 shows the distribution of the error norms after aligning the 3T and 7T scans

(prone on the left, supine on the right) over some regions of interest (ROI). The �gure

con�rms the previously mentioned larger effect of distortions in prone images than

in supine images. Moreover, it shows larger differences in frontal regions relative to

posterior ones. Finally, lateral differences can be noticed, with larger errors in the same

left regions relative to the scanner reference (that is, right regions in the plot for prone

positioning and left regions in the plot for supine positioning, relative to the anatomical
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reference).

Figure 3.2: Average magnitude of the warp �eld representing differences between
scans from different scanners. On the right, results when imaging the subjects in prone
position, whereas in supine on the right. Whiskers represent intra-region variability. In
blue, differences between scans with no correction applied; in orange and yellow error
after correction with the scanner default method andgradunwarp. Values are evaluated
over the following ROI: left (L) and right (R) anterior and posterior meninges (Men
Ant, Men Post), frontal lobe (Front), temporal lobe (Temp), ventricles (Vent), parietal
lobe (Par), occipital lobe (Occ).

Discussion The relative performance of MR distortion correction methods showed a

better correspondence between anatomies after correction with the softwaregradunwarp,

which was therefore used for the DVC measurements in Chapter 4. Differences between

the morphology of the same subject acquired with different scanners were1:25 �

0:10mm in prone positioning and1:30� 0:20mm in supine.

Results are in line with previous studies: Watanabe et al. [87] reported an improvement

in the root mean squared error of15%after using the default distortion correction with a

3T scanner. Karger et al. [88] reported an decrease of54%in mean deviation with a 3T

scanner and12%with a 1.5T scanner. Tavares et al. [119] reported an improvement of

43%with a 1.5T scanner. Finally, Neumann et al. [86] found an increased accuracy of
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6%with 3T and up to55%with 1.5T scanners after applying the distortion correction.

Differences after correction (either with the scanner default compensation orgradun-

warp) led to more consistent differences in anatomy between ROI as well as between

prone and supine positions. Larger differences in the frontal regions can be related to

the effect of air cavities, which are known to affect the MR �eld [89, 90, 92]. The dif-

ferences noticed along the lateral direction are in line with the MR distortions along the

same direction reported on two phantoms to give absolute differences of0:4 � 0:2 mm

on 7T [89] and1:3 � 0:26mm on a 3T scanner [87], respectively, both after correction.

Although not providing an absolute error related to the MR distortions, the following

results show the importance of applying distortion correction, which reduced differences

in anatomy between scanners. A considerable residual warp has to be acknowledged

(1:30 � 0:20 mm) even after correction. This residual error could have been a com-

bination of the unknown MR distortions affecting the 3T scans (used as reference),

which could not be determined; inaccuracy in the deformable registration call; and the

likely differences in tissue conformation due to slight different head positioning, as

images were acquired in different acquisition sessions. Further investigation is needed

to evaluate the distribution of MR distortions speci�c to the scanner against a distortion

free ground truth.

3.3 Skull Alignment

Differences between anatomical features of the deformed and undeformed scans should

be solely related to the deformation of the soft tissues. In these conditions, the output

of the DVC measurements depicts the desired displacement �eld at soft tissues. Hard

tissues, such as skeletal elements, do not undergo deformation; therefore, they can be

considered as rigid reference and need to be accurately aligned between the two scans

(that is, setting the initial conditions of deformation). Any differences between these

reference structures is captured as additional component of deformation by the DVC
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calculations. The following section aims at quantifying the error related to this initial

registration step.

Methods The error related to such alignment was determined against few synthetic

rigid transformations. Three best performing af�ne registration methods from the

following software libraries were compared: FSL [78], ANTs [79] and elastix[44].

Typical rotations and translations that were seen in the study were represented (Table

3.2). A maximum rotation of 30� was applied around the left-right axis (tilt), 5�

around the posterior-anterior one (roll) and 10� around the interior-superior axis (pan).

Translation was kept to a maximum of 5 mm, given the initial alignment of the centre

of images implemented in most of the registration algorithms. Few compositions of

these were also tried. Transformations were applied to the MPRAGE scans of 8 subjects

from a 7T scanner (further details in Section 4.2) prior to the skull-based registration.

Rician noise was added to the generated images, which standard deviation was set to

the noise distribution affecting the background of the original image [120]. Given the

extensive investigation in the literature regarding linear registration problems applied

to the alignment of brain structures, optimisation was considered unnecessary and the

default parameters regarded as optimal for these simple intra-subject and intra-modality

registration calls.

L-R angle P-A angle I-S angle L-R translation P-A translation I-S translation

T1 30� 0� 0� 5 mm 0 mm 0 mm
T2 0� 5� 0� 0 mm 5 mm 0 mm
T3 0� 0� 10� 0 mm 0 mm 5 mm
T4 -30� 0� 0� -5 mm 0 mm 0 mm
T5 0� -5� 0� 0 mm -5 mm 0 mm
T6 0� 0� -10� 0 mm 0 mm 5 mm
T7 15� -2.5� -5� 2 mm -2 mm 2 mm
T8 15� -2.5� 5� 2 mm 2 mm -2 mm
T9 -15� -2.5� 5� -2 mm 2 mm 2 mm
T10 -15� 2.5� -5� -2 mm 2 mm -2 mm

Table 3.2: Rotation and translation values tested for the validation of the skull alignment.

The accuracy of this initial step was evaluated by calculating the Dice coef�cient (DC),
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given by [121]:
jQ \ P̂ j

jQj + jP̂ j
; (3.1)

whereQ represents the original skull segmentation andP̂ the skull segmentation after

registration of the synthetic images. These segmentations were automatically generated

via the brain extraction tool (BET) command of the FSL software library [122].

Rohl�ng [ 123] showed that DC alone is not suf�cient to gauge the accuracy of the

alignment between unlocalised regions such as the brain, which contain little information

on spatial location. An additional measure was therefore used, that is, the Hausdorff

distanceHD [124]:

HD = max
� ��!

HD (P̂ ; Q);
��!
HD (Q; P̂)

�
; (3.2)

��!
HD (P̂ ; Q) = max

8p2 P̂

�
min
8q2 Q

jjp � qjj
�

; (3.3)

where
��!
HD (P̂ ; Q) is the directionalHD andp andq voxels in the maskŝP andQ,

respectively.

Results Fig. 3.3 shows the values of the DC and HD averaged among the subjects for

each of the registration methods tested. ANTs performed best given the outliers showed

by elastix(reported in the zoom out box in the bottom-right part of the �gure), and was

therefore used throughout the study.

Discussion All three registration methods performed well in these simple af�ne and

intra-subject registration problems tested. Values are in line with previous studies,

which identi�ed successful registrations of large structures (such as the brain) with DC

above80%[72, 79]. Registration calls could be considered, therefore, satisfactory and

precise.
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Figure 3.3: Boxplot of the DC (left) and the HD (right) representing the alignment of
skulls after af�ne registration with the three algorithms tested (FLIRT in blue, ANTs
in red andelastix in yellow). In the top-left corner of the DC plot a zoom-out box
highlights few outliers forelastix. Annotated values display the best performance for
each method, that is, maximum DC and minimum HD values.

Klein et al. [76] reported DC values above 60% in inter-subject registration problems

of brain areas using FLIRT. Similarly, Ou et al. [40] reported DC values for FLIRT

above 62% for similar inter-subject registration problems. FLIRT performed worse in

the alignment of various abdominal organs, showing values of DC below 50% [72].

Finally, Visser et al. [125] reported similar performance of FLIRT, linear ANTs and

linearelastixon few normalisation problems of low grade brain gliomas, with values of

DC above 70% and HD below 5 mm.

A limitation of the study was the lack of expertly drawn landmarks, which would

have given a better estimation of the error in the alignments [123]. Automatic skull

segmentation was used, therefore it was not possible to assess the accuracy of the

extracted boundaries, which had to be considered correct. This was evident in the

same optimal values of HD between methods, that is5:314mm. This was related to

imperfections in the generated masks, which were captured by the maximum operation

in the HD calculations.
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3.4 Deformable Registration: Optimisation

Once the initial conditions of deformation are set, differences between scans are only

related to the mechanical deformation of the soft tissues, making the output �eld of the

deformable registration the desired displacement �eld. Given the comparable magnitude

of PBS to the resolution of the scans, accuracy of DVC measurements of displacements

below the resolution relies on the smoothness constraints imposed onto the deformation

�eld and the optimisation process during the registration call. This section shows the

efforts that were made to measure the error related to the measurements of displacement.

Methods Three best performing deformable registration algorithms for medical ima-

ging were optimised and then compared in order to gauge their accuracy in measuring

a synthetic displacement �eld replicating PBS. As introduced in Section 2.4, the ex-

tensive comparisons by Klein et al. [76], Ou et al. [40] and Murphy et al. [71] put

DRAMMS [35], SyN [69] and elastix [44] at the top for best performance. These

methods have been proven in the literature to capture both small and large deforma-

tions, without anya-priori information on the mechanical response of the deforming

tissues [120, 126].

A local and �exible transformation model was selected for the methods, that is, B-spline.

Apart from showing good performance [43, 80], its support is local, in order to have the

�exibility to follow the spatial variations of the deforming soft tissues. Diffeomorphism

was also considered a good property of the transformation model, as it safe to assume

that biological tissues deform smoothly under the effect of load [40]. The minimal

assumptions on the estimated deformation �eld make these methods the best tool to

capture data to use for the unbiased design and veri�cation of any mathematical models

to use for the intra-operative correction of surgical trajectories [26, 36].

A biomechanically plausible displacement �eld was generated through a bio�delic �nite

element (FE) simulation of PBS, based on a brain mesh extracted from the Montreal
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Figure 3.4: Axial (left) and sagittal (right) views of the synthetic displacement �eld used
for the evaluation of the accuracy of the measurements of PBS. Length of vectors have
been scaled for visualisation purposes: their magnitude is represented by the underlying
contour plots (in [mm]).

Neurological Institute-Hospital 152 (MNI152) standard atlas [127] (Fig. 3.4). The FE

method is a computational tool aimed at obtaining an approximate solution to the system

of equations describing the mechanical behaviour of an object, given its mechanical

response and geometry, as well as boundary, loading and initial conditions. It consist

in the sub-division of the domain into smaller simple parts, called �nite elements,

forming the mesh. An approximate solution to the problem is solved at each �nite

elements [128, 129]. The complex system of equations is then retrieved by assembling

all the smaller solutions at �nite elements. More information on the FE model used

in this chapter can be found in the doctoral thesis by Nicholas Bennion [27]. This

displacement �eld was characterised by a magnitude of0:60� 0:26mm, azimuth angle

of � 89:70 � 11:98� and elevation angle of1:27 � 11:46� . The warp �eld from the

MNI152 standard space was then morphed to the speci�c anatomy of each participant

and applied to the supine scans of the 8 subjects [130] (further details in Section 4.2)

and these registered back to the original using each of the selected methods.

Given the extensive literature on brain registration, parameters were varied around

the default values recommended by developers. Parameters controlling for the trans-

formation model, the similarity measure and the regularisation in the calculations were



3.4 Deformable Registration: Optimisation 57

optimised, leaving the others to default values in order to reduce the number of combin-

ations to test (Table 3.3). Given the simple monomodal and intra-subject nature of the

registration task, variations of cross-correlation were chosen as a similarity measure for

all methods. Computations were run on a cluster at Cardiff University Brain Research

Imaging Centre (CUBRIC).

Speci�c to the call to DRAMMS, regularisation weights were varied between 0.1

(aggressive �tting) and 0.25 (smoother deformations). Knot spacing for the free form

deformation model was varied between 3 and 9 voxels (2.4 mm and 7.2 mm) [49].

Between 3 and 7 samples were drawn in the optimisation process along each direction

and their diagonal, giving a total of 55 and 127 samples (in a neighbour that depends on

the selected Gabor scales), respectively.

Regarding the call to SyN, knot spacing of the B-spline transformation model [80] at the

top of the four multiresolution levels was varied between 16 mm and 33 mm (�nal knot

spacing between 2 mm and 4.125 mm at original resolution). Gradient step controlling

for the extent of movement of control points after each iteration was varied between

0.05 and 0.3, where small values represent small advancements. Radius of the similarity

window was varied from 1 to 6 voxels, de�ning regions of2 � radius + 1 voxels (that is,

between 26 and 2196 voxels), respectively.

Finally, for elastix, the tested �nal grid spacing ranged from 2 mm to 8 mm, with scaling

factors of 8, 4, 2, 1 over the four resolution levels. Between 1000 and 2500 random

samples were drawn from a cubic region with side length between 30 mm and 70 mm,

giving regions made of 52734 and 669921 voxels.

Error metric used was the mean norm of the error vector (MNE) [120, 131]:

MNE = Ex [kTgt(x) � Te(x)k] ; (3.4)

whereTe(x) is the estimated displacement �eld via deformable registration andTgt(x)

the ground truth representing PBS,x is the original position of voxels in a region of
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Method Parameter Values

DRAMMS samples in optimisation 3, 5, 7
regularisation weight 0.1, 0.15, 0.2, 0.25

�nal knot spacing [vxls] 3, 5, 7, 9

SyN base knot spacing 16, 19, 23, 26, 29, 33
neighbourhood radius [vxls] 1,2,3,4,5,6

step update 0.05,0.1,0.17,0.25,0.3

elastix �nal grid spacing 2 4 6 8
spatial samples 1e3 1:5e3 2e3 2:5e3

region size 30 40 50 60 70

Table 3.3: Values of the parameters trialled in the optimisation of each registration
methods.

interest andEx[] the expected value over the voxels at some ROI.

The choice of the optimal parameter set was based on both pair-wise surface plots of

MNE values and on the frequency of individual parameters' values in optimal calls (that

is, corresponding to error values below the 5th -percentile). First, sensitivity analysis

via Gaussian emulation (GEM-SA software [132]) was used to assess the in�uence of

parameters on the error metric and identify the most in�uential parameters. Surfaces

were then extracted by �tting a Gaussian process regression model to the MNE values

via MATLAB. Optimal values of the hyperparameters of the Gaussian process were

automatically optimised during the call. The generation of pair-wise surfaces required

averaging of MNE values between all the other parameters not represented in the surface.

Therefore, the use of the frequency of individual parameters in calls characterised by

MNE below 5th -percentile as additional representation was motivated by the absence

of any averaging in the calculations. When reaching a plateau the parameter set closer

to the default parameters or that was associated with lower degrees of freedom was

chosen [17].

Results Fig. 3.5 shows the boxplot of the distribution of the error metric for all

registration calls at super�cial (meninges, GM and WM) and deep (ventricles, STN and
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Figure 3.5: Boxplots of the mean norm error (MNE, in [mm]) for each method
(DRAMMS in blue, SyN in red andelastix in yellow). Annotated values display
the best performance, that is, the minimum MNE value. Top row shows results for the
super�cial (including meninges, GM and WM), whereas bottom row for deep (including
Vent, STN and Put) brain areas. For reference, diamonds indicate the performance of
the methods with the speci�c default parameters.

putamen) ROI. The5th -percentiles of MNE were0:258mm,0:010mm and0:110mm

for DRAMMS, SyN andelastix, respectively. SyN showed very little variability in

MNE values, with an inter-quartile range of0:040mm (7% of the average simulated

displacement). DRAMMS showed a higher inter-quartile range0:218mm (36%), with

the highest shown byelastix(that is,0:550mm,92%).

Heatmaps of the sensitivity analyses are reported in Fig. 3.6, 3.9 and 3.12, whereas

surface plots are reported in Fig. 3.7, 3.10 and 3.13. Finally, each group of plots ends

with the histogram of the frequency of parameters' values in optimal registration calls,

that is, calls that lead to MNE below its 5th -percentile (Fig. 3.8, 3.11 and 3.14).

Table 3.4 shows the optimal parameter set for each method. MNE values at super�cial

ROI with optimal parameters were0:5597� 0:2265mm, 0:0743� 0:0412mm and

0:3983� 0:2058mm for DRAMMS, SyN andelastix, respectively. Similarly, values
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Figure 3.6: DRAMMS: heatmap of the individual and joint sensitivity on the error
metric (MNE). On the left, results at super�cial ROI (including meninges, GM and
WM) and deep ROI (including ventricles, STN and Putamen). Values are percentages
relative to the mean total variances (1:1662� 10� 5 mm2 at super�cial ROI whereas
6:34252� 10� 8 mm2 at deep ROI).

Figure 3.7: DRAMMS: surface plots showing the pair-wise distribution of the error
metric (MNE, in [mm]) between the three most in�uencing parameters. Red dots
represent query points.

at deep ROI were instead0:8172� 0:0486mm, 0:0262� 0:0114mm and0:2208�

0:2116mm. SyN was therefore chosen for its favourable error statistics. The distribution

of the error for the chosen parameters for one of the subjects is reported on an axial

slice in Fig. 3.15 for the three methods. DRAMMS showed a general bias in the MNE

values, whereaselastixshowed small scattered areas of high MNE values.
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Figure 3.8: DRAMMS: histogram of the number of registration calls leading to MNE
values below its 5th -percentile. Histograms are reported for the three most in�uencing
parameters; in blue at super�cial ROI (including meninges, GM and WM) and in orange
at deep ROI (including Ventricles, STN and putamen).

Discussion SyN showed best performance in following a biomechanically plausible

ground truth representing PBS: the optimal parameters were therefore used for the

DVC measurements in Chapter 4. The chosen parameter set led to an average MNE

of 0:050� 0:038mm in the brain area, which was considered acceptable, it being one

order of magnitude smaller than the expected average PBS [17].

SyN andelastixshowed good performance, with5th -percentile MNE values of 0.010 mm

and 0.110 mm, respectively. These two methods showed lower metric error in deeper

regions, probably due to the smoother and more consistent distribution of the tissue

deformation away from boundaries. DRAMMS, instead, showed a noticeable higher

error, with a5th -percentile MNE value of 0.258 mm.
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Figure 3.9: SyN: heatmap of the individual and joint sensitivity on the error metric
(MNE). On the left, results at super�cial ROI (including meninges, GM and WM) and
deep ROI (including ventricles, STN and Putamen). Values are percentages relative to
the mean total variances (7:54401�10� 6 mm2) on super�cial whereas4:11782�10� 5 mm2

on deep ROI).

Figure 3.10: SyN: surface plots showing the pair-wise distribution of the error metric
(MNE, in [mm]) between the three most in�uencing parameters. Red dots represent
query points.

Little effect had the optimisation on the performance of SyN. It was necessary, instead,

for elastixand DRAMMS, which showed the greatest inter-quartile range of MNE

values. Regardingelastix, this could be related to the absence of a penalty term on the

transformation model, such as a restriction on the bending energy of the transformation

model. This left only knot spacing to control for the smoothness of the estimated

deformation �eld. Indeed, this caused the small areas of high MNE values that can
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Figure 3.11: SyN: histogram of the number of registration calls leading to MNE
values below its 5th -percentile. Histograms are reported for the three most in�uencing
parameters; in blue at super�cial ROI (including meninges, GM and WM) and in orange
at deep ROI (including Ventricles, STN and putamen).

be noticed in the distribution of Fig. 3.15. This con�rms the results obtained in the

EMPIRE10 challenge [71], where methods were tested for the positiveness of the

determinant of the Jacobian of the output warps.elastixconsistently scored 4th lowest

(out of 34) in this test, in both phase 1 and phase 2. Given the smoothness of PBS,

future developments will aim at including also a penalty term on the transformation

model ofelastix.

Grid spacing was the most critical parameter for all registration methods, explaining at

least 50% of the variance in MNE values. Different were its optimal values between

the methods, where smaller values were preferable for DRAMMS andelastix, whereas

larger spacings for SyN. Regarding spatial distribution, frequency of parameter values
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Figure 3.12:elastix: heatmap of the individual and joint sensitivity on the error metric
(MNE). On the left, results at super�cial ROI (including meninges, GM and WM) and
deep ROI (including ventricles, STN and Putamen). Values are percentages relative to
the mean total variances (0:0106621mm2 for super�cial and0:0461161mm2 for deep
ROI).

Figure 3.13:elastix: surface plots showing the pair-wise distribution of the error metric
(MNE, in [mm]) between the three most in�uencing parameters. Red dots represent
query points.

in registration calls below the5th -percentile of MNE values showed that smaller grid

spacings of the B-spline model were preferable at more super�cial ROI. Larger control

point spacing performed best in deeper regions con�rming the more consistent and

smoother deformation �eld in those regions.

Evaluating accuracy on synthetic data represents a best case-scenario [133], as synthetic
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Figure 3.14:elastix: histogram of the number of registration calls leading to MNE
values below its 5th -percentile. Histograms are reported for the three most in�uencing
parameters; in blue at super�cial ROI (including meninges, GM and WM) and in orange
at deep ROI (including Ventricles, STN and putamen).

Figure 3.15: Distribution of the MNE for the best registration call for each method
tested (that is, SyN on the left, DRAMMS in the centre andelastixon the right). Values
are extracted over the brain area for one subject. Colour bar represents values in [mm].
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Method Parameter Optimal value

DRAMMS samples in optimisation 7
regularisation weight 0.25

�nal knot spacing 9

SyN base knot spacing 29
neighbourhood radius 3

step update 0.05

elastix �nal grid spacing 4
spatial samples 1500

region size 30

Table 3.4: Best parameter set for each registration methods.

warp �eld, interpolation and noise pattern cannot reproduce the realistic conditions fully.

However, given the lack of an real ground truth to test the accuracy on and the lack of

expertly placed �ducial landmarks, any further attempt in assessing the accuracy of the

method was considered out of scope and a limitation of the study.

The study also lacked of an assessment of the effect of interpolation after initial regis-

tration on the estimated displacement �elds. Its effect is mentioned in the literature on

DVC measurements, but not extensively investigated [17, 20]. The study by Schreier et

al. [134] reported favourable results of spline- and Fourier-based interpolation methods

on 2D digital image correlation measurements, reducing the systematic error in the

measurements.

Summary

This chapter has shown the efforts that were made to measure the sources error affecting

the DVC measurements, identi�ed as MR distortions, initial skull alignment and inac-

curacy in the call to the deformable registration. The analysis allowed the identi�cation

of the best performing method, alongside the optimal parameter to be used in the DVC

measurements Chapter 4.
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First, MR distortions are known to deform the morphology of a sample object in an

MR scanner; this heterogeneous warp is to be considered as a systematic error affecting

the DVC measurements. In the case of two individuals, differences between scans

of the same subject imaged in scanners with different magnetic �eld strengths were

captured via deformable registration.Gradunwarp, a popular correction method in

the neuroimaging community, showed lowest error (1:27� 0:11mm), relative to the

scanner default compensation method.

As a second source of inaccuracy in the DVC measurements, initial skull registration

was shown to have an average accuracy in DC values of0:996and a HD values of

5:314 mm. Any misalignment between rigid skeletal elements are captured as an

additional component of deformation by the DVC measurements and considered as

displacement of soft tissues.

Finally, error in the actual DVC measurements after optimisation led to an average error

of 0:0503� 0:0385mm in the brain area. SyN showed superior performance relative

to the other two deformable registration methods compared (that is, DRAMMS and

elastix) in following a synthetic deformation �eld simulating PBS. SyN alongside the

best parameter set identi�ed were used in the following Chapter 4.
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Chapter 4

Brain Shift: Digital Volume

Correlation

Overview

This chapter describes the methods used to capture positional brain shift (PBS) and

the clinical signi�cance of the measurements. The work carried out in this chapter

contributes towards a larger over-arching research project involving other two comple-

mentary PhD works, which objective was to capture or generate the deformation of

PBS with different approaches, so to facilitate the cross validation of the methods and

the obtained results. One of the other two projects aimed to generate a �nite element

model of the head for the accurate simulation of PBS [27]; the other, instead, aimed to

manufacture a brain phantom that could reliably replicate PBS [135]. The work of this

chapter aims to capture the actual PBS from healthy individual to validate the other two

models of PBS investigated. It adds to the previous knowledge on PBS by providing

volumetric measurements of the deformation of the brain tissue at surgically relevant

regions of interest in both subject-speci�c and average spaces; by investigating the

compressibility of the brain tissue; by exploring the in�uence of intra-cranial geometry

and head orientation on PBS. The work presented in this chapter is part of the the main

body of the following peer-reviewed paper:

Zappalá, S., Bennion, N. J., Potts, M. R., Wu, J., Kusmia, S., Jones, D. K.,
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Evans, S. L., & Marshall, D. (2021). Full-�eld MRI measurements ofin-vivo

positional brain shift reveal the signi�cance of intra-cranial geometry and head

orientation for stereotactic surgery. Scienti�c Reports, 11(1), 17684.https:

//doi.org/10.1038/S41598-021-97150-5 .

Section 4.1 expands on the more generic introduction to the problem related to brain

shift introduced in Section 3.1, with the �ndings in the literature regarding the general

consensus on the pattern of deformation of PBS.

Section 4.2 introduces to the speci�cation of the acquisition protocol and the parti-

cipant recruitment. Section 4.3 describes the registration pipeline, beginning with the

af�ne alignment to set the initial conditions of deformations, followed by the DVC

measurements using the optimal parameter set identi�ed in Section 3.4.

Results of the analysis of deformation are shown in Section 4.4, which clinical implica-

tions are then discussed in Section 4.5.

4.1 Introduction

As introduced in the previous chapter (Section 3.1), positional brain shift (PBS), the

sagging of the brain under the effect of gravity, is comparable in magnitude to the

margin of error for the success of stereotactic interventions (� 1 mm). This non-uniform

shift due to slight differences in head orientation can lead to a signi�cant discrepancy

between the planned and the actual location of surgical targets.

The pattern of deformation in the physiological case is reported to be far from rigid,

with local variations even between individual sulci and gyri of the cortex [4]. The

regional variability of PBS is signi�cant, as the momentum generated by gravity is

non-uniformly distributed [4] and the tissue properties vary among structures, due to

different histological compositions between grey and white matter tissues [5]. PBS

has been shown to be generally localised in deep, central brain regions (e.g., basal



4.1 Introduction 70

ganglia), which are the main targets for IGNS-based interventions [4–6]. Considering

prone to supine changing of positioning, PBS has been shown having a rotational

component in the sagittal plane, with the centre of rotation located around the brainstem

region [4, 5, 136, 137]. Different boundary structures limiting such deformation have

been reported, such as the falx, the tentorium, as well as vascular, endural and dural

elements [4, 5, 136, 137]. The brainstem, apart from acting as a centre of rotation,

was also shown to pull the brain tissue depending on the angle of the neck, even if

this contribution was reported to be secondary to the effect of gravity at neck �exion

between20� and30� [107, 138].

As previously mentioned in Chapter 3, these conclusions were drawn based on observa-

tions mostly limited to surfaces [4, 5] or to measurements at speci�c locations [7, 8],

failing to capture the local and global deformation of the tissue. To expand on the

contributions previously introduced, the study aimed to acquire and analyse a dense set

of full-�eld measurements of thein-vivodeformation of brain tissue resulting from a

prone-to-supine change in head orientation. Understanding the mechanics in normal

physiological conditions (i.e., in the healthy brain) is the �rst step before modelling

the more challenging shift induced by pathology or surgical manipulation. Deformable

image registration was used to extract the displacement �eld between skull-aligned

magnetic resonance (MR) scans representing the different states of deformation of the

tissue (that is, via digital volume correlation (DVC)). This study adds to the previous

knowledge on PBS [4–6, 8] with the following contributions:

� provision of a dataset of accurate volumetric measurements at various regions of

interest (ROI) and surgically relevant structures;

� normalisation of data from different subjects to a common reference space allow-

ing an inter-subject analysis on a voxel-wise basis.

� investigation of the local compressibility of the brain, in particular to further test

the hypothesis that the brain is slightly compressible with spatial heterogeneity in

compressibility;
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� exploration of factors in�uencing PBS, such as intra-cranial geometry and head

orientation.

4.2 Study De�nition and Ethics

This study was carried out at the Cardiff University Brain Research Imaging Centre

(CUBRIC), Cardiff University. The aim of the protocol was to acquire MRI images

representing the differences in the brain morphology between prone and supine posi-

tions, that is, PBS. This study was approved by the Ethical Committee of the Cardiff

University School of Psychology, United Kingdom. All methods were carried out in

accordance with the relevant guidelines and regulations. Informed consent was given by

all participants before scanning.

The initial aim was to scan around 10 healthy people for each of 5 decades of life (20-

30, 30-40, 40-50, 50-60, 60-70 years), in order to characterise the variability of brain

shift among different life spans. However, the dif�cult subject recruitment required

a prioritisation of the age ranges 20-30 and 50-70. Then, the closure of the CUBRIC

centre due to the COVID-19 outbreak impacted the completion of planned experiments.

The study was therefore considered completed with 13 subjects in the age range 20-

30 and 12 in the range 50-70, allowing for a statistical analysis between these two

population samples.

In order to avoid any pathological conditions to the brain tissue affecting its morphology

or mechanical response, subjects were excluded from the study in case of (self-reported):

� Alcohol intake of more than 30 units/week or intake of more than 10 units within

48 h prior to scanning. A unit of alcohol is equal to 10 ml of pure alcohol and is

roughly equivalent to a glass of wine (125 ml) or a single measure of spirits (25

ml) [139].

� History of alcohol or drug abuse [139].
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� History of severe head trauma requiring medical attention [139].

� History of neurosurgical procedure [140].

� History of neurological, psychiatric disease or cognitive dif�culties [139, 141].

� Risk factors for stroke, such as diabetes, cardiovascular disease or hyperlipid-

aemia [139, 141].

� Any contraindication for MRI scanning [140].

Posters (Figure 4.1) describing the study were shown in University departments and

public places, once the approval was obtained by the corresponding gatekeeper. Recruit-

ment was also carried through e-mailing lists in each of the University department, prior

to approval by the corresponding gatekeeper. An incentive of 10 pounds per hour was

offered to each participant. The amount was paid according to the going rate amongst

similar kinds for study.

A diagram of the acquisition protocol is reported in Figure 4.2. The total required time,

considering participant welcoming and scanning setting-up, was maximum 2 hours. The

scanner used was a Siemens 3T PRISMA (Siemens Healthcare, Erlangen, Germany).

Subjects were scanned initially in a prone position (20 min in total) where diffusion-

weighted followed by MPRAGE T1-weighted [142] scans were acquired. Padding

on cheeks and the forehead were used to make the subject comfortable in such prone

position, taking care not to reduce the access to air. The time taken to position the

subject comfortably in the scanner guaranteed that the tissue had displaced fully towards

the frontal part of the skull before scanning. This setting was tested successfully in a

previous pilot study based on T1w MPRAGE scans of 8 subjects scanned in a Siemens

7T MAGNETOM (Siemens Healthcare, Erlangen, Germany) scanner. The results of

the pilot showed no further deformation of the brain tissues in 8 healthy participants

after 8 mm from swapping head orientation. No additional material was used, but for

the standard MRI imaging.
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Figure 4.1: Poster used for the recruitment targeting participants in the age range 50 to
70 years of age, as individuals in the 20-30 years age range could be easily found in the
academic setting.
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