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Abstract

In case of a head injury or trauma a surgeon opens up the skull by remov-
ing a bone piece of the skull to either relieve pressure or get access to brain
tissue. The first option is to follow up with putting back the same skull
piece. In the circumstances this is not possible however, a surgeon must
open up the skull and form a piece using bone cement that fits the whole
during the surgery, which is time consuming This leads to an increase risk
of infection and other medical risks for the patient.

This project investigates the possibility to mathematically reconstruct
the piece missing in the skull, giving the surgeon the option to already
have a fitted piece ready before the operation begins.

The goal of the project was to investigate if a statistical shape model
could be used for cranial reconstruction. The model was built from a
data set from Skane University Hospital, it was preprocessed using Med-
viso Segment 3D Print software and all other implementation was done
in Matlab. Each skull were sampled to a point cloud, with skull radii and
thickness as parameters. The shape model was built from a point cloud
sampled from each skull. The skulls were registered to each other using
ICP registration. The resulting model reconstruct successfully a damaged
skull with 1 mm average error. Six modes were enough to account for
90% of the shape variability. The results of average error of 1 mm was
not deemed enough to be clinically useful.
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1 Introduction

1.1 Background

In circumstance of a head wound, stroke, tumour or malformations in the skull
sometimes a piece of the skull bone has to be removed either to relieve pressure
or to get access to brain tissue. In many of these events the first option is to put
back the skull piece removed when the surgery has been carried out. However
sometimes the bone piece is itself infected or defected making it unsuitable or
making it a high risk for complications when putting the bone piece back in.
For these cases cranial reconstruction surgery is needed, reconstructing the bone
part missing and surgically put it into place.

When a damaged cranium is in need of surgical reconstruction different tech-
niques are used. These techniques require that the surgeon open up the skull
and then relying on their own ability to craft and mould a piece using bone
cement that fits the cranial hole during one procedure.

Another situation where reconstruction of the skull could be beneficial is when
the skull for various reasons malformed and part of the skull is to be removed.
In a case such as this, providing a cutting guide for the surgeon of what part of
the bone to be removed, could be beneficial.

The biggest disadvantage with the current methods is that the skull is lay-
ing open for a long time which leaves the patient susceptible to an infection and
other complications. If the piece that patches the skull together is known before
the skull is being opened, that part could be manufactured before the surgery,
leading to a faster surgery with less chance of infection and complications for
the patient.

One of the key advancements in recent years that can make the method proposed
in this report viable, is that of 3D-printing custom made parts. Being able to
3D-print locally a given shape brings down both cost and time to manufacture.
While methods of 3D-printing where the parts can actually be inserted into the
body is not yet available to hospitals, there are 3D-printers which can 3D-print
plastic of which can be in contact (after decontamination) with material that
is then to be inserted into the body. That is a mould can be 3D-printed, de-
contaminated and then used to mould the piece that is to be inserted into the
patients head.

At the neurosurgical clinic at Skane University Hospital there is made about
1000 cranial surgeries per year where the skull is opened. In about 5% of these
cases there is no bone to put back, mainly because of infections or risk of in-
fections in the previously removed bone parts. In those cases bone cement is
manually formed to fit the skull hole and for these patients a method in which
a fitted bone part have been made ready before the operational procedure has



begun would be beneficial not only for the patients but for the hospital as well.

Medviso AB in collaboration with Skane University Hospital is doing a research
project on skull and wrist bone reconstruction for surgical application using
machine learning. This is part of a bigger research initiative on the Analytic
Imaging Diagnostics Arena (AIDA) platform where researches within the field
of AT and the medical clinical make cross-discipline collaborative research.

1.2 Project Objective

The goal is to build a theoretical model that successfully reconstructs a defect
cranium where the defect could be a hole in the skull or any other shape that
is common in current cranial reconstructing surgery. Because of the simpler
geometry of the cranial part than that of the face part of the skull the project
is limited to only cranial reconstruction.

1.3 Approach

To solve this problem a statistical shape model will be constructed of the human
skull. The idea is to fix a point at the centroid of the cranium and from this
point the cranium will be sampled in both longitude and latitude angles. Fur-
ther a shape model will be constructed and using principal component analysis
(PCA) a basis for the cranium can be found. A skull can then be reconstructed
by projecting it to this basis. For this method to be successful many samples of
human skulls needs to be collected.

Part of the project will be to investigate skull shape surface variation and how
many skulls is required for statistical shape representation for any given skull.



2 Theory

This chapter introduces the concepts of Principal Component Analysis, Iterative
Closest Point Registration and Statistical Shape Models.

2.1 Principal Component Analysis

Principal Component Analysis (PCA) is a statistical method used on a large set
of correlated variables and produces through a linear transformation a smaller
set of uncorrelated, or orthogonal, variables. The principal components are or-
dered such that the first component contains the largest variation in the data
set and each following component, under the constraint of being orthogonal to
all previous components, contains as much variation as possible in the data set.

To perform PCA on a data set with m samples of dimension n they are placed
in a m x n matrix X with m rows and n columns, that is each row represents
a sample and each column represents a dimension of the data set. The average
of all samples is formed,

i=1
which is then subtracted from each samples in X
X=X-X. (2)

The covariance matrix is formed of the zero mean data matrix ,

1 ~_ -
C=—XTX. (3)
m

Calculating the eigenvectors of the covariance matrix satisfies,
AiVi=CV,, (4)

where there are i = 1,...,n eigenvalues with corresponding eigenvectors. The
eigenvalues satisfies the condition of A; > A;;1 and each eigenvector V; corre-
sponds to a principal component.

The PCA method is based on the assumption that variation in the data set
implies information in the data set. This means that biases that gives higher
variation for certain dimensions has to removed before PCA is being applied [5].

2.2 TIterative Closest Points Registration

Iterative Closest Points Registration (ICP) [4] is a method to align two partially
overlapping shapes using a rigid transformation. The method works iterative
and can be used on many different data types, for this report we are going to
consider two point clouds where one should be registered to the other. The ICP



registration algorithm can be summed up as:

. Rough alignment between moving and fixed shapes.

. Find corresponding points between moving and fixed shapes.

. Align corresponding points.

. Calculate alignment error of all points that found correspondence.

. Repeat 1-2-3 until threshold on error or number of iterations is reached.

B~ W N = O

Fixed Shape

Moving Shape

Moving Shape
Registered to
Fixed Shape

Figure 1: Illustration of ICP Registration.

Consider a set of moving points X and a set of fixed points Y, to register X to
Y an initial alignment is done first. The set of points in X and Y are ordered
in the matrices X and Y, where each row in respective matrix corresponds to
a point in respective set of points.

The initial rough alignment of the shapes is done by finding the best scale,
rotation and translation, by minimising;

min ||[Y — sRX + t], (5)
s,R,t

Correspondence can be found using any method of choice, for example match-
ing landmark points. For this thesis finding correspondence between points were
chosen as the closest points to another in the two sets, that is the point z; in



the set of moving points X corresponds to y; in the set of fixed points Y;

Jj =arg k,IIllin d(xiayk)axi € Xa Yk € Y (6)

)

where d(z,y) is the Euclidean distance between the two points x and y.

Alignment is done using only the subset of points in the data set that has
found a correspondence, in the case of using nearest point as correspondence
all points in the moving set will find a corresponding point on the fixed set,
though not all points on the fixed set might have a point from the moving set
corresponding to them. Alignment is done by minimising the error using scal-
ing, rotation and translation the same way initial rough alignment was done,
though only using the points that has found correspondence.

The procedure continues iterative until the alignment error, calculated using
RMS on corresponding points, is small enough or it has been iterated the num-

ber of times set as upper bound as number of iterations or a combination of
both.

2.3 Statistical Shape Models

A statistical shape model is an analytic tool geometrical properties of shapes.
The shape model uses some parameterization for the shape and models this
shapes variation through the use of statistical methods. For this project the
focus is on using PCA on a shape represented by a points cloud to model the
shape variation. Alignment or registration techniques is also commonly used.
A limitation of the shape model using PCA is that it can only represent shapes
within the linear space that the data set represent.

For the shape analysis in this report the following procedures was used:

Let X;, i = 1...n, be n number of shapes. Where X; is a vector represent-
ing a point cloud of our given shape. Align the shapes to one another, rigid or
non rigid methods, for example using Procrustes analysis. Calculate the mean
value of all shapes, X = %2?21 X;, and subtract the mean from each shape,
X, = X; — X. Do PCA on the set {Xi,i = 1...n}, calculate the covariance
matrix C = %XTX and solve for eigenvalue and eigenvectors A\;V; = V;C.
The eigenvectors V;, j = 1...m are the modes in our shape model where the
eigenvalues \; represents significance of variation in corresponding mode V.

The set of our eigenvectors or modes V; is a basis for where we can project
new shapes. Where the representation of a new shape S in this shape model
will can be formed by S = X+ V(S—X) which will be the closest approximation
of S, that minimises the quadratic error, in this linear space that the basis V
spans [6].



3 Materials and Methods

3.1 Data

The skulls come in the Digital Imaging and Communications in Medicine (DI-
COM) file format. DICOM is a standardised medical imaging file format used
world wide. The DICOM file format contains in addition to the scanning data
of the skull also information of the person scanned, device information etc. For
this project, the persons were deidentified, removing some of the otherwise avail-
able information. The information used in this study was the CT slices of the
skull and information about resolution and slice thickness.

3.1.1 Data from Skane University Hospital

The data was collected came from CT scans of the skulls at the Skane Univer-
sity Hospital. A total of 30 skulls were provided for the study. The skulls were
from patients already undergoing CT scans used for clinical investigation and
ethical permission was waived by ethics committee (Dnr 2019-02264) provided
that complete and irreversible anonymisation was performed prior to analysis.

Age span and gender of the persons in the data are unknown. And since the data
is anonymized no other information of how good the data represents the general
population is known. Because of the anonymisation knowledge about the data
sets skewness remains unknown. While precautions can be made against having
a too small data set by adding more skulls, not knowing how well they represent
the general population would still remain an issue.

Spatial Resolution [mm]
X vy V7

0.4297 | 0.4297 | 0.5000
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3.1.2 Data from The Cancer Imaging Archive

In order to get access to more data for the shape model other sources for data
were investigated. One place to find medical data is The Cancer Imaging Archive
(TCIA) which is an open source image archive of many types of medical images.
One type of the images stored is CT scans of patients with cancer in the neck,
throat or head. The data for this type of cancer often provided with CT scans
of the whole cranium which is what desired for this project. A number of
500 CT scans of neck, throat or cancer in the head was found. However after
initial investigation it was found that the spatial resolution of the relevant CT
scans found at TCIA was too low with a spatial resolution below 1 mm, in
some directions the resolution was as bad as 3 mm, as seen in Figure 2 which
considering the skull bone thickness varying from 3-14 mm [1] is far too low
with the current approach.

Resolution for CT scans from TCIA

-
T T T T T T T T T

32r B

w
T
o]

AT © 1

[
m
T
I

[l
™
T
1

ol @

z resolution [rm]
[ou]
Eo
T
L

[N
[
T
I

1 1 L 1 1 o 1 1 1 1 L
0 02 04 06 08 1 12 14 16 18 2
¥ resolution [mm)

Figure 2: The spatial resolution for the CT images found at the TCIA data
base. Each dot represents the x and z resolution for a single CT scan of the
head.
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3.2 Software

For screening the data, Segment 3D Print was used. Segment 3D Print is a
Matlab based medical imaging software developed by Medviso AB. The soft-
ware reads DICOM files that can be looked at which allowed for screening the
data. Segment 3D Print also made it possible to make some simple but effec-
tive preprocessing; segmentation, cropping, smoothing among other features.
Finally Segment 3D Print also made it possible to extract a file of the skull that
could be analysed by user made tools in the Matlab environment.

DE0 Q) R rEe@®
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Figure 3: Overview of the Segment 3D Print interface.

The Matlab environment was used to do the programming and analysis of the
data. The Matlab 2018b version was used. Matlab 2018b had support for some
mathematical packages and graphical features not present in earlier version.
Some open source packages supporting efficient computation was used to reduce
processing time.

3.3 Hardware

A computer with the following specification were used for the computational
workload.

CPU Intel i7-6700HQ
RAM 16 GB DDR4
GPU | GeForce GTX 960M
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3.4 Algorithm

Set of Skulls for Single Damaged Skull
Model Building for Hole Reconstruction
Segmenting Segmenting
Cropping Cropping
Mesh Mesh
Sampling Sampling
Registration Registration
( Parameter
Build Shape Model Reconstruction using
\ Shape Model

[ Hole Interpolation ]

.
[ 3D Printing ]

Figure 4: An overview of the algorithm flow chart. To the left the flow chart
for building the shape model. To the right the flow chart to reconstruct a hole
of a skull.
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3.5 Screening

A necessary condition for the skull to be part of the statistical model were that
all parts of the cranium were intact and no parts were missing. No holes or
defects were allowed and the whole skull had to be part of what was scanned.
The motivation for this criteria is that the PCA builds up a statistical model
using the covariance of the whole data set, if there is missing values for a part
of the data set no covariance can be calculated.

A spatial resolution of at least 1 mm was initially determined necessary for
the skull to be considered of high enough resolution for it to be part of the
model. This was motivated by if the spatial resolution of the scan was too low
the resulting CT scan sometimes failed to pick up thin bone parts, especially
the forehead was sensitive because of the sinus cavities inside the bone at the
forehead. This was the case for many of the skulls in the TCIA data set men-
tioned earlier. Further a high resolution was motivated by that you need data
of a high resolution if you want to measure the error of high resolution.

Because of practical implementation restriction all skulls had to be roughly
oriented in the same direction.

Figure 5: An example of a defective skull that was manually removed from the
data set while screening. Three smaller holes in the back of the head would
have made the PCA incomplete.
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3.6 Preprocessing, segmentation, cropping

The CT scans contains radiodensity, measured in the unit of Hounsfield [HU],
for each voxel. Different parts of the human body has different attenuation
which makes it possible to see the morphology of different organs, tissues or
fluids in the human body. An example of a CT scanned human skull is shown
in Figure 6.

Figure 6: Unsegmented skull, selected slices preview. Top left - transervsal slice,
bottom left - sagittal slice, bottom right - coronal slice, top right - segment
preview

Because bone has higher attenuation than other human tissue in general seg-
mentation of the cranium can be done with a simple threshold, that is all voxels
with data for attenuation within a certain interval is to be considered bone. The
interval chosen for radiodensity is 800 — 2000 HU. In Figure 7 the result of the
segmentation is shown.

15



Figure 7: Segmented skull with threshold, selected slices. Red/pink colour
corresponds to segmented parts of the skull made of bone.

One problem with the segmentation of the cranium was that it also picks up
other non human material, this can be seen in Figure 8. These non bone parts
picked up by the threshold was removed using software tools that enables ob-
jects non touching objects to be sorted by size, since the cranium always was
the biggest segmented object it was selected to be kept while other segmented
objects where removed. In Figure 7 there is visible segmented bone parts, in the
middle of the skull of the transversal and sagittal slice, that could later disturb
the sampling of the skull. These unwanted segmented bone parts had to be
removed as well and it could be done using the same ”choose largest object”
tools as mentioned previously.
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Figure 8: Segmented skull with threshold, viewed with 3D viewer.

Another software feature used to get a desirable result were a filling out cavities
feature, this was however mostly done to simplify the geometry for computations
done later in the program and it didn’t have an impact on the final statistical
model.

The craniums were, after proper segmentation, cropped with a transversal crop
in such a manner that the complicated geometry that the face and lower half of
a human skull contains were removed. To ensure that the cut was consistently
made at the same place for all skulls a landmark was chosen as where the zy-
gomatic bone connects to the frontal bone at the forehead, also known as the
temple, this can be seen in Figure 9. The landmark was clearly seen in the 2D
slice viewer, as well with how other desirable or undesirable parts of the skull
would be included or excluded from the selected crop. The annotation of the
landmark was done by the student himself.

17



Figure 9: Chosen landmark for transversal crop marked with red square at the
zygomatic bone.

The result of the skull being segmented and cropped can be seen in Figures 10,
11 and 12. A comparison can be done with Figure 10 and Figure 7.
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Figure 10: Cropped skull with threshold, viewed in selected slices.

Figure 11: Cropped skull, viewed with 3D viewer.
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Figure 12: Cropped skull, viewed from below with 3D viewer.
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3.7 Making Holes

For each skull four damaged skulls were created for the purpose of testing the
skull reconstruction algorithm. The holes were placed on the front, back and
both sides of the upper part of the skull. The size of the holes were about 3 x 2
cm.

(a) Top view. (b) Bottom view.

Figure 13: Example of holes generated to create test data. Here all holes are
shown on a single skull for the purpose of presentation, in the project they were
all done on a different skull copy.

3.8 Mesh

The segmented and cropped skull, both with and without holes, in the format of
a 3D voxels containing data about the presence of bone within it, was converted
to a triangular mesh where the outer wall of the mesh approximated the outer
wall of the cranium and the inner wall of the mesh approximated the inner wall
of the cranium. This allowed for measuring of distance between the inner and
outer wall of the skull, which was used in the parameterization of the skull.

3.9 Skull Sampling

The skulls were sampled to a points cloud to build up the shape model. The
skull triangular mesh was sampled using rays shooting out from a centre point
chosen by the user. The rays were chosen such that it sampled a sphere evenly
along the surface. An assumption was made regarding the shape of the skull
cranium that is quite spherical and therefore a good sampling of a sphere would
imply a good sampling of a skull. The sampling was done with about 2000
points.
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Initially, an idea was to create the set of rays used for sampling by creating
a grid in the polar coordinate system and then transform that to the Carte-
sian coordinate system. The advantage of this method would have been that it
would be simple to implement and there would for each ray have been a clear
neighbouring ray along the latitude and longitude axis, a property that might
have been proven useful. This method was ultimately discarded because of the
skewness it introduced to distribution of the sampled points.

The chosen sampling method used was instead to sample a half sphere in layers,
where each layer was separated by a fixed arc length and where the number of
sample point in each layer was approximated to the circumference divided by
this arc length. Given that no perfect sample method of the sphere exists where
the sampled points is equidistant, this method was considered good enough for
the purpose of this project. In Figure 14, a sampled half sphere with this method
is shown.

Sampled Sphere

Figure 14: Sphere sampled with rays ordered in layers. The rays intersection
points are spread out evenly on the sphere

To sample the skull a point of centre of where the rays would start had to be
chosen. Different methods were considered, to use the centre of mass of the
skull or to fit a sphere to the skull, ultimately the method chosen was to take
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the point of the skull and project it down to the transversal plane used to crop
the skull. An example of a skull sampled with rays using the method described
can be found in Figure 15.

Sampled Skull

Sampled Paints
#  Centre Point

Figure 15: An example of a sampled skull. Every point represents the average
of where the inner and the outer skull wall was penetrated by a ray.

The skull was sampled by a ray, represented by the point on the half sphere
with the same centre, shot out from the chosen centre point of the skull and
penetrating the inner and outer wall of the skull cranium. For each sampled
point on the skull three properties were saved, the index of the ray, the distance
from the centre point to the point in the middle of the outer and inner skull
wall and the thickness of the skull wall.

3.10 Registration

Initially it was thought no registration were to be needed, since the skulls were
already aligned in roughly the same orientation in the data set. It was also
investigated if the shape model would model any misalignment and solve it.
Even if it was possible to make it work without registration it was decided that
registration could improve the result. Using registration motivates that we can
be sure each point on the skull corresponds to each other, and not only rely-
ing on a guess that our naive sampling is good enough to get point to point
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correspondence correct. The purpose of registration was thus both to match
correspondences between data points and to strengthen our model with math-
ematically motivated methods.

To get something to register against an average skull was calculated. This skull
had to be calculated using the naive assumption that each skull index point
corresponds to each other in each skull. This proved to give a good enough
average skull to have something to register towards.

When registering correspondences of two points, for example point x; on the
average skull and point y; on the skull which we are to register, they were con-
sidered to correspond to each other if and only if z; is the closest point among
all points on the average skull to y; and y; is the closest point among all points
on the skull to registered to x;. This creates a problem however where there is
a high likelyhood that at least some points on each skull doesn’t correspond to
any point on the average skull, this is because the average skull and the skulls
we wish to register consist of the same amount of points and even given that
they are of a similar shape its unlikely to get a one to one match for every point
in the data set. To solve this problem the skulls were densely sampled while
keeping the average skull as an average of the sparsely sampled skulls. This cre-
ated a situation that while every point on the skull won’t find a corresponding
point on the average skull, each point on the average skull is very likely to find
a corresponding point on the skulls to be registered.

The registration was done using Iterative Closest Point Registration (ICP). The
whole registration procedure can be summarised as:

1. Calculate average skull of sparsely sampled skull.
2. Register densely sampled skulls to the average skull using ICP.
3. Find correspondences from registered skull to average skull.

One problem that couldn’t be circumvented was that for certain skull no points
were matching the criteria for correspondence at the edge of the skulls. This
was because when the skull were registered the skull were tilted or aligned such
that there were no overlapping area for that part of the skull. This created a
problem that if one desired to have a complete data set these points had to
removed from the model. The points removed from the model is illustrated in
Figure 16.
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Figure 16: Points removed from the model because no correspondences could
be registered for every skull in the data set. The skull is shown upside down.

3.11 Shape Model

To construct the shape model the registered point cloud was used for each skull.
Because of the relative few skulls available, the shape model was built using the
leave one out method. That is the shape model was constructed using every
skull in the data set except the one skull we want to reconstruct. Since all
skulls had multiple copies of themselves with manual holes added, the number
of shape models were the same as the number of skulls.

The data was normalised so that for all skulls being part of the data set building
the shape model, the average variance over skull radii and thickness parameters
respectively was equal to one another. The mean skull of this normalised data
set was subtracted and PCA was performed as specified in theory section.

3.12 Parameter Reconstruction

The damaged skull has an incomplete set of points in their point cloud rep-
resentation, x. First we have to remove the average skull from the damaged
skull

) (7

x=x-X
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where X is the average skull used for the shape model. Projecting it on the
basis the shape model creates will reconstruct an estimate the missing points.
The projection can be solved by minimising;:

min %~ Vi (8)

where V is the basis from our shape model, X is the parameters for our damaged
skull vector and p is the coefficients we want to solve for so that Vu forms the
least square projection of X on the basis V.

In the skull vector X we got missing values representing parameters where there
is a hole, where no value from radii or thickness could be retrieved in the sam-
pling. This must first be addressed before the least square projection can be
solved. Let {I} form the set of indexes where we got missing values in X and
remove every column in X and V with an index in I. Forming the new skull
vector x and basis V. This let’s us solve the least square only for those param-
eters in our model where we got sampled values in X.

The reduced least squares projection can now be formulated,
min | = Vil (9)
We solve it by forming the Moore-Penrose inverse,
p=VITV)"1vTx, (10)
and solves for our coefficients u. In practise this was solved using the Matlab

backslash operator ”\”, which is both more computationally and numerically
efficient.

We can form the projection by multiplying with our complete basis V and
adding our mean skull X, thus forming the estimate X of x,

x =V +Xpu. (11)

X represents an estimate of the damaged skull. To get the parameters just for
the reconstructed hole area those columns with index in I of x is retrieved.
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3.13 Hole Interpolation

The shape model gives the radii and thickness for points in an sparse grid rep-
resenting the reconstructed area of the skull. Which needs to be transformed
to a 3D voxel object. The parameters for the hole was converted from radii
and thickness to inner and outer bone wall intersection point. The two points
were transformed from the Cartesian to the polar coordinate system and a lin-
ear interpolation was done in this space. It was done in the polar coordinate
system because this results in a more natural curvature for the interpolated hole.

The interpolation made the sparse parameters to a dense set of points rep-
resenting the start and end of the inner and outer skull wall respectively. The
voxels between these set of points where then considered to be bone.

Figure 17: Example of an hole interpolation converted to 3D voxels.

3.14 3D printing

A skull with manually made holes along with the skulls interpolated holes were
3D printed. This was important to get a visual and physical feedback on the
success of the hole interpolation to discuss where it was lacking or succeeding
in quality. The 3D printing was done at the Skane University Hospital with a
3D Raise Pro 3D printer.
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4 Results

The two tasks of the project were to study both the shape variability and recon-
struction techniques for the human skull. The results concerning shape variabil-
ity is shown by looking at the variability and correlation of the parameters of the
skulls used in the data set. The reconstruction result was based on the perfor-
mance on how good the shape model was to reconstruct the missing parameters
of the holes made on each skull.

4.1 Shape variability

The modes for the different shape models became very similar, as evident in the
Figure 18. Since leave-one-out-method was used to get the most of the data set,
the difference between the data sets for each shape model is just one data set.
It is also clear that a few modes, about six of them, makes up more than 90%
of the variability.

Mean Cumulative Mode Significance with Standard Deviation
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Figure 18: Mean cumulative significance for the modes in the shape models with
bars showing standard deviation.

28



The covariance matrix, Figure 19, for the shape models can give us some insight
on how different parameters is correlated. The covariance is stronger for radii
parameters, also remember that the data set was normalised so that the average
variance for radii and thickness parameters were the same.
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Figure 19: Covariance matrix for shape model. Top left quadrant; radial pa-
rameters covariance, bottom right quadrant; thickness parameters covariance.
Top right and bottom left quadrants, radii to thickness and thickness to radii
covariance.

To showcase a number of results in this report a projection of the result on the
skull will be shown. This is done by taking the contour of the average skull as
seen from above and then projecting the result of each parameter on that skull.
This is one as to get a feeling for which parts of the skull that got affected and
not only reference no parameter indexes.
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The correlation is projected on the average skull. In Figure 20 and 21 the cor-
relation between a radii parameter on the forehead and the back of the head
respectively have been projected on a skull. The radii has high positive cor-
relation locally around the parameter position and negative correlation with
parameters on the opposite side of the head.

Covariance for radii parameters with parameter number:997
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Figure 20: Covariance for radii parameter number 997 (marked with a blue dot),
with other radii parameters projected on the skull.

Covariance for radii parameters with parameter number: 1245
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Figure 21: Covariance for radii parameter number 1245 on the forehead (marked
with a blue dot), with other radii parameters projected on the skull.
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The correlation for thickness parameters was also projected on a skull, see Fig-
ures 22 and 23. It is evident that the correlation is weaker overall, but there is
some structure locally around the parameter.

Covariance for thickness parameters with parameter number:3107
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Figure 22: Covariance for thickness parameter number 3107 on the back of the
head (marked with a blue dot), with other thickness parameters projected on
the skull.

Covariance for thickness parameters with parameter number:3355
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Figure 23: Covariance for thickness parameter number 3355 (marked with a
blue dot), with other thickness parameters projected on the skull.
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In figures 24 and 25 the correlation for a parameter on the side of the head is
shown for radii and thickness respectively. As with previous projections it is
clear that the correlation for radii is stronger than for thickness.

Covariance for radii parameters with parameter number:880
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Figure 24: Covariance for thickness parameter number 880 on the side of the
forehead (marked with a blue dot), with other radii parameters projected on
the skull.
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Figure 25: Covariance for thickness parameter number 2990 (marked with a
blue dot), with other thickness parameters projected on the skull.
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The variance of radii and thickness parameters is shown in Figure 26 and 27.
For the radii the parameters varies more at the forehead. For the thickness
parameters the variance is the biggest at the place of the sinuses (In Swedish:
bihélor) at the skull forehead. Also note the the different scale for each figure.

Radii Parameter Variation [mm)]

Figure 26: Variation of the radii parameter projected on skull.

Thickness Parameter Variation [mm)]

Figure 27: Variation of the thickness parameter projected on skull.
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4.2 Parameter Reconstruction

The parameter reconstruction error were an average of 0.95 mm for radii and
1.0 mm for thickness, see Tabular 1. However the reconstruction error varied
for each skull. In Figure 28 the average RMS error for each skull is shown.

Mean RMS Error
Radii 0.9529 4+ 0.3422
Thickness 1.0203 £+ 0.3236

Table 1: Mean RMS Error for all 29 skulls with 95% standard deviation.
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Figure 28: RMS error for all skulls for both radii and thickness.
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As seen in Figure 28, skull number 19 were particularly difficult for the shape
model to reconstruct and in Figure 29 the residual for all parameters is shown
in more detail. This also shows what a typical error residual looks like for a
skull.

Reconstruction Error for Skull 19
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Figure 29: Reconstruction error for skull 19, the skull with highest average
reconstruction error.

35



Taking a look at the reconstructed error projected on the skull number 1 in
Figure 30 and 31 we can note the error for thickness is more noisy than for
radii. While some parts of the skull is reconstructed quite successfully, there
are some parts which the shape models fails to reconstruct properly and these
parts are as well more noisy for the thickness parameters.
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Figure 30: Top view of skull number 1, with the reconstructing error for radii
parameters projected on the skull.
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Figure 31: Top view of skull number 1, with the reconstructing error for thick-
ness parameters projected on the skull.
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The mean absolute reconstruction error for all skulls is shown in Figure 32 and
33. For radii the mean absolute error is bigger in the front of the skull, for
thickness the error is the biggest near the centre line of the skull.

Mean Absolute Reconstruction Radii Error [mm]
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Figure 32: Mean absolute reconstruction error for radii projection on skull.
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Figure 33: Mean absolute reconstruction error for radii projection on skull.
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5 Discussion

A method for reconstructing the skull with an average error of 1 mm has suc-
cessfully been done. From a collected experience of examples within this study,
application on real world cases and 3D printing selected cases, although the
average error is 1 mm there is a possibility of a reconstruction produced with an
error of up to 5 mm, which is too large to be clinically useful. A 5 mm gap in
the border would be easily palpable by the patient by just feeling on the their
own skull. Instead to have a reliable method one has to consider the biggest
errors on any skull in the data set. This strongly points to that the number of
skulls in the data set is too small.

The results showed that there were a lot more correlation for the radii pa-
rameters than for the thickness parameters. This probably has to do with that
the radii parameters were affected by the chosen method for cropping of the
skull, choosing skull centre, sampling of skull. The correlation that so clearly
can be seen in Figure 20 and Figure 21 is thus of a nature implying little of the
actual skull shape, even though the information of that kind surely is available
in the covariance matrix, it cannot be seen in the figures shown but is instead
drowned by other information.

Another result probable because of alignment error is the negative correlation
we can see with thickness parameters at the sinuses with the back of the head,
figure 23. When the head is tilted backwards or forward it moves the sinuses
and changes which parameter index the sinuses belongs to. This is believed to
be the cause of the negative correlation as seen in the figure.

The average reconstruction error in millimetre was slightly higher for thick-
ness than radii, Tabular 1. This was the case even though the variation for radii
was higher than thickness, Figure 26 and Figure 27. As discussed previously the
correlation for the radii parameters were high but biased because of probable
aligning error. We can draw the conclusion that the shape model can compen-
sate for this bias since the resulting error for radii is smaller than for thickness.

The mean absolute error for radii seen in Figure 32 shows that the biggest
reconstruction error is retrieved at the forehead of the skull. If we compare
this with the parameter variation shown in Figure 26 we can see this coincides
somewhat with where the parameter variation is the largest. For the thickness
of the skull, the biggest variation were around the sinuses of the skull, however
this the shape model is able to reconstruct quite successfully, instead most of
the error is along the centre line of the skull. This also coincides where there is
a lot of variation for the thickness parameters of the skull, next to the sinuses
at the forehead. We can draw the conclusion that while higher variation for
parameters doesn’t necessary imply that there will be a higher reconstruction
error, it is one of the factors that may cause the error to increase. The recon-
struction error projection plots shows an overall noisy result. This is probably
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because of the lack of a bigger data set.

In figure 25, which shows how thickness on the side of the skulls is correlated
with thickness on other parts of the skull one can see that there is correlation
between the thickness on both sides of the skull. This was expected because
of the symmetry in the human skull. This can be compared to the symmetry
along the middle part of the skull seen in figures 22 and 23.

5.1 Future Work

The cropping of the skull and the subsequent registration of points were two
steps in the procedure that could probably be improved. They both impact the
end result and while the shape model can to some extend compensate for this,
it is believed it cannot to it fully. The cropping should be improved so that it
is not simply a transversal crop, this is too much affected by how the patient
have been placed during the scanning procedure. Another issue is that no cut
by a plane will remove all non desired parts without removing parts of the skull
that should be part of the model. A whole different approach for cropping is
therefor proposed, perhaps a the cooperation of a radiologist as well as other
tools is needed. Another aspect of the project that could have been improved
is to use a bigger data set to capture a bigger shape variability among skulls.

In this report we discussed using a more traditional statistical method to model
the skull shape. It would however also be interesting to see what the a modern
AT based approach could accomplish. For such a method, the preprocessing and
parameterization in this report could still be used. The focus could be on build-
ing another method for parameter reconstruction that doesn’t use PCA. One
advantage with such a method is that it could be better at catching nonlinear
relationships. [4]
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