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Abstract 

Radiotherapy aims to strike a tumour with high accuracy, but anatomic changes and internal organ 

motion introduce uncertainties and therefore large margins are conventionally used to compensate 

for this. The MR-Linac will enable target tracking prior to and during treatment which will make daily 

adjustments of a treatment plan possible. But a motion tracking of the target requires fast 3D 

imaging and image processing which are currently not viable with sufficiently low latency. In this 

project a method to estimate the motion of a target by using a parameterized motion model created 

prior to treatment and a stream of 2D images acquired during treatment was studied. The motion 

model had been parameterized by using principal component analysis (PCA). The 2D images were 

aligned to the corresponding images in the motion model through deformable image registration 

which resulted in a deformation field. Then new parameters (eigenmode weights) of the motion 

model were calculated by taking the projection of the deformation field on a vector space spanned 

by the eigenmodes of the PCA motion model. An estimation of the motion was then created by 

applying the new weights to the PCA motion model. The results were evaluated by visual comparison 

and with quantitative metrics such as the Dice similarity coefficient. The method was applied to data 

from 9 volunteers and the results confirmed that the proposed method can estimate the motion of a 

target and indicated that it is most suitable for volunteers with large intra-fraction motion. The 

results also showed that the temporal resolution of the motion model can be increased by using 2D 

images of lower spatial resolution. The created motion model can be used for many clinical 

applications like retrospectively calculating the accumulated doses in the tumour and the organs-at-

risk and potentially could be used for real-time target tracking. 
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Populärvetenskaplig sammanfattning 

Strålbehandling eller radioterapi är en cancerbehandling som använder sig av joniserande strålning 

för att förstöra eller förhindra tillväxten av tumörvävnad. Med hjälp av en linjäraccelerator, även 

kallat Linac, kan man skapa den joniserande strålningen och rikta den mot tumörområdet i patienten. 

Den joniserande strålningen kan vara skadlig även för den friska vävnaden runt omkring tumören och 

därför eftersträvas hög precision under behandlingen, för att undvika den friska vävnaden i så hög 

uträckning som möjligt. Dessvärre går det inte att träffa tumören med så hög precision som man 

skulle vilja eftersom tumören kan flytta på sig under behandlingen. För att försäkra sig om att 

tillräckligt mycket strålning träffar tumören behövs därför marginaler, vilket innebär att den friska 

vävnaden i närheten av tumören skadas i högre utsträckning. Man vill därför kunna lokalisera 

tumören under själva bestrålningen och parallellt anpassa behandlingen efter tumörens position och 

storlek, men i nuläget är detta inte möjligt. Praxis är idag att ta röntgenbilder direkt innan 

bestrålningen börjar för att granska anatomin i området och anpassa behandlingen efter det. Tyvärr 

är röntgenbilder dåliga på att avbilda mjukvävnad och för exempelvis prostatacancer är det omöjligt 

att urskilja tumören i en röntgenbild.  

Magnetresonanstomografi (MR) är en annan bildgivande teknik som ger mycket detaljerade bilder av 

mjukvävnad. Därför har man nu utvecklat en strålbehandlingsmaskin som kombinerar en 

konventionell Linac med en MR-kamera, en så kallad MR-Linac. Med en MR-Linac kan man ta skarpa 

bilder av tumörområdet både direkt före och även under bestrålning. Detta möjliggör effektivisering 

av strålbehandlingen genom att den joniserande strålningen kan riktas mer exakt mot tumören, 

vilket i sin tur kommer att minska skador av den friska vävnaden. Nackdelen med en MR är att det tar 

lång tid att samla anatomiska 3D bilder och för att kunna få en god uppfattning av anatomin under 

behandling behöver man få frekvent uppdatering av tumörens position. Därför arbetar forskare med 

att utveckla snabba och robusta metoder som skapar 3D rörelsemodeller av patientens anatomi. 

Under det här arbetet utvecklades en metod som gör det möjligt att följa och förutspå tumörens 

position under bestrålning. För detta ändamål användes en 3D rörelsemodell skapad direkt före 

behandling samt ett flöde av 2D bilder som insamlas under bestrålning. Metoden bygger på en 

bildregistrering, dvs matcha samman två bilder så att deras position överensstämmer, av 2D bilderna 

och motsvarande bilder i 3D modellen, och medföljande deformationsfält användes senare för att 

beräkna hur 3D rörelsemodellen ska uppdateras. Avslutningsvis utvärderades den uppdaterade 

rörelsemodellen både visuellt och kvantitativt genom att beräkna överlappningen för olika 

anatomiska strukturer i bilderna. Det här arbetet kom fram till att den utvecklade metoden kan 

användas för att uppdatera 3D rörelsemodellen av en patients anatomi ifall 2D bilder, som täcker 

tillräckligt stort område runt tumören, insamlas under bestrålning. Resultaten från arbetet visade 

också att den uppdaterade modellen blir mer eller mindre densamma om 2D bilder av lägre 

upplösning används. Detta innebär att man skulle kunna öka flödet av 2D bilder genom att använda 

lägre upplösning och på så sätt kunna uppdatera 3D rörelsemodellen oftare. 

Metoden som utvecklades under detta arbete skulle kunna användas för att utvärdera effekten av 

strålbehandling på ett effektivare sätt och även öka precisionen av behandlingar och därmed minska 

risken för skador på friska vävnader vilket i stort skulle leda till en förbättrad cancervård.  
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1. Introduction 

1.1 Background 

Radiotherapy is a cancer treatment that uses ionizing radiation. Often, the treatment of a patient is 

prepared by creating a sophisticated treatment plan that is optimal for every individual patient. 

Radiotherapy aims to strike the target with high accuracy to be able to deliver a high dose to the 

tumour, but anatomic changes of the target and internal organ motion hinders this and leads to 

blurring of the dose during the course of a fractionated treatment. In conventional radiotherapy, 

daily, inter-fractional, anatomical changes between the fractions are not accounted for due to poor 

visualization of soft-tissue at the time of treatment, neither is internal intra-fraction motion taken 

under consideration during beam-on time, i.e. while treating. Therefore, movable targets are treated 

with large margins which can result in unnecessarily high doses to the surrounding of the tumour. To 

reduce large margins, an adaptation of the treatment plan is necessary to compensate for and match 

the observed anatomic changes. 

Adaptive radiotherapy aims to increase the precision of radiotherapy by modifying the initial 

treatment plan during the treatment course. The modification can be applied at three different time 

points; between the fractions, immediately prior to treatment or while treating [1]. The anatomic 

changes during the treatment course are detected and corrected for by ongoing imaging of the 

target combined with image registration. However, the quality of the X-ray-based images is quite 

poor for soft-tissue and the image registration methods are not advanced enough. To fully exploit 

the potential of adaptive radiotherapy the introduction of magnetic resonance (MR) guided 

radiotherapy devices is required. 

The idea of combining an MR scanner with a conventional radiotherapy linear accelerator (Linac) was 

first described by Lagendijk and colleagues [2, 3]. The MR-Linac provides improved soft-tissue 

contrast and ability of movement tracking direct on-line while treating. The introduction of MR-Linac 

systems into radiotherapy departments will enable beam-on imaging for target tracking which will 

open completely new possibilities for daily adjustments of a treatment plan. 

An MR-Linac (Elekta Unity) has recently been installed at Uppsala University hospital and the first 

patients will be treated before the end of this year. The treatments with the Unity will be on-line 

adaptive radiotherapy, where a new treatment plan is created to fit the anatomy of every fraction 

based on a daily MR-scan with the patient on the treatment table. The intent is to provide better 

cancer treatment for the patients by improving target dose coverage while at the same time reduce 

treatment margins and thus reduce treatment side effects. This puts increased demands on intra-

fraction motion tracking for precise irradiation of the target. The integrated MR imaging of the MR-

Linac enables monitoring of the intra-fraction motion during irradiation by means of a ~5Hz stream of 

2D images. 

However, 2D images are not enough for complete motion tracking since a 3D volume is required for 

accurate real-time adaptation of the treatment, but fast 3D imaging and image processing are 

currently not viable with sufficiently low latency. Hence, 3D motion models created prior to 

treatment are a possible solution where a stream of 2D images acts as input (surrogate) to the 

model, enabling the sufficiently fast 3D anatomical update. 

A group at the department of radiotherapy at Uppsala University hospital has recently developed 

individual 3D motion models for the male pelvic region using imaging of nine healthy volunteers. For 
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each patient, there is a set of ten 3D volumes acquired consecutively one after the other at the same 

image acquisition session. The deformations are acquired through a deformable image registration 

that links the 3D volumes by using an optical flow algorithm [4]. Principal component analysis (PCA) 

[5, 6] was used to decompose the deformations into a compact model of the motion using only a 

small number of parameters. 

This project will make use of the same image data as well as the existing PCA motion models. The 

image data is divided into a training set and a test set. The training set was used in the previous work 

to create the 3D motion model and now 2D slices from the test set will act as surrogate for the 

stream of 2D images taken during irradiation. This project will implement an image registration 

between the 2D slices from the test set and the corresponding slices in the motion model in order to 

calculate new parameters (eigenmode weights) of the motion model. An estimate of the full 3D 

volume can then be created by applying the new parameters to the model. Other groups have done 

this successfully earlier, but in the thorax and abdomen [7, 8]. The created 3D volume will be 

evaluated versus the full 3D volume of the test set where the 2D slices originated from. 

 

1.2 Objective and Purpose 

Conventional radiotherapy uses large margins when treating movable targets which can result in a 

suboptimal treatment plan and that can lead to unnecessarily high doses to the surrounding of the 

tumour. In order to reduce the margins, it is necessary to modify the treatment plan to compensate 

for the changes of the target, but currently there is no sufficient method for detecting the intra-

fraction motion in the male pelvic region. Therefore, the objective of this project was to develop a 

fast and easy method for intra-fraction motion tracking in the male pelvic region and to simulate the 

workflow of estimating a full 3D volume of a patient by correlating a stream of input 2D images to an 

existing PCA motion model. This will allow to accurately detect and predict the motion of a target 

and potential clinical applications of this are to be able to (1) retrospectively calculate the 

accumulated doses in the tumour and the organs-at-risk and (2) adapt the treatment plan according 

to the 3D motion model. The overall purpose of this work is to contribute to improved cancer care by 

developing the methods of adaptive radiotherapy. 

1.3 Limitations 

This project was limited to using only three of the eigenmodes of the PCA motion model that was 

used and the input images for the studied method were restricted to sagittal slices centred at the 

mass centre of the prostate. Also, this work concentrated on estimating a full 3D anatomy around 

the prostate and not the anatomy close to the intestines. 
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2. Theory 

2.1 Image Registration 

Medical imaging is an essential component of modern health care. Usually, several images acquired 

at different times or with different imaging modalities such as MR scanner and CT scanner are made 

to provide knowledge about a patient. Combining data from different sources often yields additional 

clinical information and therefore image registration is an important part in the analysis of medical 

images. [9] 

Image registration is the procedure of spatially aligning two or more images of the same object. This 

requires finding an optimal transformation between a pair of images, a fixed and a moving image 

such that the transformed moving image is similar to the fixed, reference image [10, 11, 12]. Any 

image registration could be summarised into three basic steps [13]: 

1. Finding an initial transformation between the fixed and the moving image; 

2. Verifying the quality of the alignment of the images by estimating a similarity measure; 

3. Running some optimisation method to reach an optimal value for the similarity measure. 

Usually, image registration is formulated as an optimisation problem and the registration algorithms 

that are commonly used are iterative and aim to maximize the similarity between the fixed and 

moving image [14]. Figure 1 illustrates the general components of a registration algorithm in a flow 

chart. 

 

Figure 1:Image registration flow chart. 



4 
 

2.1.1 Transformation Models 

The first step in image registration is to find a transformation between the fixed 𝐼𝐹(𝒙) and the 

moving 𝐼𝑀(𝒙) image. This means finding a displacement or a deformation field 𝒖(𝒙) such that 

𝐼𝑀(𝒙 + 𝒖(𝒙)) is spatially aligned to 𝐼𝐹(𝒙) [15]. 

The transformation model defines what type of deformations can be applied to the moving image. 

There are many transformation models with different degrees of freedom, but the most general 

ones, ordered in increasing flexibility, are rigid, affine and deformable transformations. Which 

transformation is appropriate to used depends on the specific problem and the desired degree of 

deformation. 

The rigid transformation is very simple because it treats the moving image as a rigid body and allows 

only translations and rotations. If the moving image is also allowed to be scaled and sheared, then it 

is an affine transformation. The affine transformation has high degrees of freedom, but it preserves 

parallel lines parallel. In many applications, a rigid or affine transformation is enough to describe the 

spatial relation between two images. However, sometimes a deformable transformation is required 

to be able to align two images. Deformable transformations allow a non-uniform deformation 

between the images and each voxel can move independently in all directions. The different 

transformation models that were mentioned are shown in Figure 2. 

 

 

Figure 2: Examples of different transformation models: (a) moving image; (b) rigid transformation; (c) affine transformation; 
(d) deformable transformation. Image reference [16]. 

The transformation models can be categorised also according to their domain. If a transformation 

acts the same at every point and applies to the entire image, then it is called global. And if different 

transformations apply to different local areas of the image, then the transformation model is called 

local.  Most medical images contain local deformations and a global transformation cannot handle it 

and hence a local transformation should be used. Figure 3 illustrates the difference between a global 

and a local transformation. 
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Figure 3: The difference between global and local transformation. As it can be seen a global transformation deforms the 
entire image in the same way while a local transformation deforms local areas in different manner. Image reference [9]. 

2.1.2 Similarity Measure [17] 

After you have chosen a transformation between the fixed and the moving image you need to find a 

way to verify the quality of the alignment. This is done by estimating a similarity measure that is 

defined by a function which is called a metric. There are several choices for the similarity measure, 

but all metric functions can be categorised as either feature-based or intensity-based. The first one 

employs extracted features in the images and the second one makes use of the correlation of 

intensities in the images. 

The selected features in the images can be artificial objects, i.e. artificially implanted on the patient, 

or anatomical structures that are well shown in the images. The features can also be automatically or 

manually extracted, but the second is very time-consuming and difficult. The feature-based metrics 

estimate the image similarity by defining corresponding structures in both the fixed and moving 

image. The structures can be points, lines or surfaces. Metric functions that use points as features 

are defined by the sum of the squared distances between the corresponding points. When lines and 

surfaces are used instead, the metric function calculates the overlap between the corresponding 

structures. Feature-based metrics are simple to use but the disadvantage is that only the selected 

features contribute to the similarity measure and the information in the rest of the images is 

unemployed. 

When feature-based metrics are insufficient to use in a particular problem then there are intensity-

based metrics. Those exploit information from the entire images and make use of the correlation of 

the pixel intensities. The intensity-based metrics apply different mathematical similarity measures 

like the sum of squared differences, cross-correlation and mutual information to evaluate the image 

similarity. The first two methods are only suited for two images that display the same contrast, i.e. 

for images from the same modality, while the last method, mutual information can be used to 

register images with different contrast. The mutual information metric is independent of absolute 

intensity values and instead detects the degree of mutual information in the fixed and moving image. 

Therefore, this measure is often a good choice for registration of medical images. 
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2.1.3 Optimisation Methods [17, 15] 

Reaching the optimal value of the similarity measure is an optimisation problem and commonly an 

iterative optimisation algorithm is used to be able to do this in an effective way. Generally, in image 

registration, a gradient descent and a hierarchical method are employed. The first method searches 

for the optimal value by taking steps proportional to the negative gradient of the metric function. It 

can be combined with a hierarchical method which applies reduction of data complexity or reduction 

of transformation complexity or both to speed up the optimisation algorithm. It is desirable to start 

the registration process with images of lower complexity, i.e. the original images may be smoothed 

and downsampled. Then the complexity can be successively increased and the images re-registered 

by using the last registration as a starting point. In image registration performing this reduction of 

data complexity is called using a pyramid. The transformation complexity can be reduced by starting 

with less degrees of freedom for the transformation model and gradually increase it. For instance, 

one can start with an affine transformation and then apply a deformable transformation. In this way 

a hierarchical method can reduce computation time significantly and may improve the registration of 

the images. 

2.1.4 Optical Flow Algorithms 

Optical flow algorithms are local transformation models that are suitable for registration of medical 

images acquired with the same type of modality. Optical flow is the distribution of apparent motions 

of objects between two consecutive image frames [4]. The optical flow is presented by a vector field 

where each vector shows the displacement in each voxel from the first frame to the second frame. 

The general optical flow algorithm is based on three assumptions: 

• Brightness constancy – the pixel intensity of an object is the same in every frame. 

• Small motion – objects do not move more than a few pixels. 

• Spatial coherence – neighbouring pixels have similar motion. 

The first assumption implies that the fixed and moving image must be from the same modality and 

using a hierarchical optimisation method with a pyramid can make it easier to accomplish the second 

and the third assumptions. 

The set of image data that is used in this project fulfil all three assumptions and therefore optical 

flow algorithms are a perfect option for image registration method. The algorithm that was used was 

a Horn-Schunck algorithm [4] that minimizes the following function: 

 
𝐸 = ∬ [(𝐼𝑥𝑢 + 𝐼𝑦𝑣 + 𝐼𝑡)

2
+ 𝛼2(‖∇𝑢‖2 + ‖∇v‖2)] 𝑑𝑥𝑑𝑦, 

(1) 

where 𝐼𝑥, 𝐼𝑦 and 𝐼𝑡 are the derivatives of the image intensity along the 𝑥, 𝑦 and time dimensions 

respectively, (𝑢, 𝑣) is the vector displacement field and 𝛼2 is a smoothing factor. The first term in 

Equation (1) describes the change of image intensity while the second term is a smoothing term that 

restricts sharp gradients in the displacement field. Larger values of 𝛼2 lead to smoother displacement 

field.  
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2.2 Evaluating Registration 

After you have performed an image registration on a set of images it is recommended to evaluate 

the registration, but it is not an easy task since you usually do not know which voxel in the fixed 

image corresponds to which voxel in the deformed moving image. There are many different methods 

for verifying how successful the registration is, both visually and with quantitative metrics and below 

are presented the methods used in this project. 

2.2.1 Visual comparison 

The first step in evaluating an image registration is to compare the fixed and the deformed moving 

image side by side, by examining how similar they are to each other. It is good to concentrate on 

parts of the image that are of importance to the specific application. For mono-model images, as it is 

in this project, one can subtract the signal from the fixed and the deformed moving image and look 

at the difference image. The difference image of a successful registration would be a noisy image 

without any edges [15]. 

2.2.2 Dice Similarity Coefficient  

A simple and well-established quantitative metric for evaluating an image registration is the Dice 

similarity coefficient (DSC) [18]. The DSC calculates the spatial overlap between two segmentations 

and is defined as follow:  

 
𝐷𝑆𝐶(𝑋, 𝑌) =

2|𝑋 ∩ 𝑌|

|𝑋| + |𝑌|
 , 

(2) 

where X and Y represent the binary segmentations in the fixed and the deformed moving image, ∩ is 

the intersection and | | indicates the number of elements in the set. The value of DSC ranges 

between 0 and 1 where a perfect overlap between the segmentations gives DSC = 1 and DSC = 0 

denotes no overlap. Which value of DSC corresponds to a good overlap is difficult to say because it 

depends on the shape of the segmentations. For complex anatomical structures as blood vessels, a 

DSC of 0.8 would correspond to a very good overlap while for large spherical structures DSC should 

be over 0.9 [15]. Therefore, one must consider the shape of the segmentations when comparing 

measured DSC from different studies. 

2.2.3 The Determinant of the Jacobian 

Evaluating the image registration by only comparing the deformed moving image to the fixed image 

is not always sufficient. Even if the deformed image matches exactly the fixed image, this does not 

say anything about the deformation field. Therefore, the deformation field needs to be inspected 

and examined for singularities. Looking at the determinant of the Jacobian of the deformation field 

can help because it gives information about local volume changes in the image. A value above 1 

means local expansion and a value below 1 represents local compression of the volume. If the 

determinant of the Jacobian is negative, that means that the transformation is causing “folding” in 

the image which is not desirable [15]. Ideally, one should strive to achieve no negative values of the 

determinant and as smooth deformation field as possible. However, one should take into account 

expected local expansions and contractions and base this on prior knowledge of anatomical changes. 
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2.3 Principal Component Analysis 

Principal component analysis (PCA) [6] is a statistical method in linear algebra that reduces the 

dimensionality of a complex data set by converting the original set of correlated variables into a new 

set of uncorrelated variables called principal components. 

Assume that you have a data set that consists of N observations of M possibly correlated variables 

represented by a 𝑀 × 𝑁 matrix 𝑫 =  (𝑑𝑚,𝑛), where 𝑚 = 1, ⋯ , 𝑀 and 𝑛 = 1, ⋯ , 𝑁. By using 

principal component analysis, new uncorrelated variables can be found, each being a normalised 

linear combination of the original variables. The number of distinct uncorrelated variables, i.e. 

principal components will be the min(𝑀, 𝑁 − 1) and therefore if 𝑀 >> 𝑁 − 1 the dimensionality of 

the data set will be significantly reduced. 

Principal component analysis can be done by eigenvalue decomposition of a data covariance matrix. 

The covariance matrix of 𝑫 describes the correlations between the elements in 𝑫 and is equal to 

 𝑪 = 𝑫𝑫𝑇 . (3) 

To identify the principal components of the data set the eigenvectors and the eigenvalues of the 

covariance matrix 𝑪 must be determined by diagonalizing 𝑪. And then, the eigenvectors will be the 

principal components and their eigenvalues are a measure of the variance along the directions of the 

eigenvectors. That means that the eigenvector or principal component corresponding to the largest 

eigenvalue contains the most information about the data set and therefore the principal components 

are ordered by their eigenvalues, from largest to smallest. Figure 4 shows a data set of N 

observations and two variables, 𝑚1 and 𝑚2 which are correlated with each other. By calculating the 

eigenvectors of the covariance matrix of  𝑚1 and 𝑚2, two other variables can be found that will be 

uncorrelated, and they are presented in Figure 4 as two orthogonal vectors scaled by the square root 

of the corresponding eigenvalue. 

 

 

 

1st principal component 

2nd principal component 

m1 

m2 

Figure 4: An illustration of how PCA can be applied on a data set of N observations and M = 2 variables, m1 and 
m2. Image reference [22]. 
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2.4 Motion Model Using PCA 

A deformable image registration results in a deformation field that describes the displacement in 

every voxel. For a 3D image, the dimension of the deformation field is 3𝑀, where 𝑀 is the total 

number of voxels in the image. In the case of medical images, the displacements of all voxels in the 

image due to organ motion and deformation are strongly correlated, for anatomical reasons [19]. 

This indicates that the underlying dimensionality of the deformation field is much smaller than 3𝑀 

and therefore PCA could be used to reduce the complexity of the deformation field. 

The deformation field at time point 𝑗 is given by 

 𝒑𝑗 = [𝒙1, 𝒙2, ⋯ , 𝒙𝑀]𝑇 ∈ 𝑹3𝑀 , (4) 

where 𝒙𝑖 is the displacement of the voxel 𝑖 at time point 𝑗. A matrix 𝑷 of dimension 3𝑀 × 𝐽 can be 

constructed such that 

 𝑷 = [𝒑1, 𝒑2, ⋯ , 𝒑𝐽]
𝑇

. (5) 

The covariance matrix of 𝑷 is 

 𝑪 = 𝑷𝑷𝑇 . (6) 

The eigenvectors 𝒒𝑖 of the covariance matrix 𝑪 are called eigenmodes or principal components and 

define independent modes of the deformation. In order to find the eigenvectors 𝒒𝑖 and their 

corresponding eigenvalues 𝜆𝑖, 𝑪 must be diagonalized. Since the dimension of the covariance matrix 

is 3𝑀 × 3𝑀, where 𝑀 is typically in the order of 106, diagonalizing 𝑪 directly is computationally 

prohibitive. However, 𝑪 is constructed from only 𝐽 (≪ 3𝑀) deformation vectors and therefore there 

are at most 𝐽 − 1 eigenvectors of 𝑪 having nonzero eigenvalues. In this case the much smaller 

implicit covariance matrix �̃� of dimension 𝐽 × 𝐽 can be diagonalized instead, where 

 �̃� = 𝑷𝑇𝑷. (7) 

Let 𝜆�̃� and 𝒒�̃� be an eigenvalue respective an eigenvector of �̃�. Then 

 𝑷𝑷𝑇(𝑷𝒒�̃�) = 𝑷(𝑷𝑇𝑷𝒒�̃�) = 𝜆�̃�𝑷𝒒�̃�. (8) 

Hence 𝑷𝒒�̃� is an eigenvector of 𝑪 and 𝜆�̃� is the corresponding eigenvalue. Additionally, 

 𝑡𝑟(𝑪)̃ = 𝑡𝑟(𝑪) = ∑ 𝜆�̃�
𝑖

, (9) 

where 𝑡𝑟( ) is the trace operation and 𝜆�̃� are nonzero eigenvalues of �̃�. 

Therefore, the eigenvalues 𝜆𝑖 and the eigenvectors 𝒒𝑖 of the covariance matrix 𝑪 can be calculated 

by diagonalizing the implicit covariance matrix �̃�, where  

 𝜆𝑖 = 𝜆�̃� (10) 

and 

 𝒒𝑖 =  𝑷𝒒�̃�, (11) 

where 𝑖 = 1, 2, ⋯ , 𝐽. 
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Now a new deformation field, that is a good approximation of the original deformation field can be 

constructed by setting up a weighted sum of 𝐿 dominating eigenmodes, i.e. the 𝐿 eigenvectors with 

the largest eigenvalues [19]. The resulting PCA motion model 𝒑 is then expressed as: 

 
𝒑 = ∑ 𝑤𝑖𝒒𝑖

𝐿

𝑖

, 
 
(12) 

where = 1, 2, ⋯ , 𝐿 , |𝒒𝑖| = 1 and 𝑤𝑖 are the eigenmode weights of the eigenmodes 𝒒𝑖. 

With other words, the space of the deformation field has been spanned with new orthogonal basis 

vectors that are defined by the eigenmodes. 

 

2.5 Calculating Eigenmode Weights 

From Equation (12) in Section 2.4 it can be seen that the eigenmode weights are given by the 

projection of the vector 𝒑 on the vector space spanned by the eigenmodes 𝒒𝑖 [19], which is true 

since the eigenmodes 𝒒𝑖 are orthogonal to each other. Hence, the eigenmode weights can be 

calculated by taking the following scalar product: 

 𝑤𝑖 = 𝒑 ⋅ 𝒒𝑖 , (13) 

where 𝑖 = 1, 2, ⋯ , 𝐿 and |𝒒𝑖| = 1.  
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3. Materials and Method 

3.1 Materials 

3.1.1 Data Set 

The materials used in this project comes from earlier work at Uppsala University hospital and include 

an image data set, a set of PCA motion models and a set of segmented anatomical structures. 

The image data comes from 9 healthy volunteers. For each volunteer, there is a set of MR images in 

the male pelvic region, consisting of 10 3D volumes acquired consecutively one after the other at the 

same image acquisition session, i.e. 3D images of the same volume or region in the body acquired 

under 10 different time frames. The settings used for acquiring the images are presented in Table 1 

below. The image data is divided into a training set and a test set. The training set is made of the first 

6 3D volumes and the test set is made of the remaining 4 volumes, i.e. volume 7, 8, 9 and 10 (see 

Figure 6). Earlier, the training set had been used to construct PCA motion models and now in this 

project, the test set was used as input data or surrogate for the proposed method and also for 

evaluating the results. 

Table 1: Acquisition settings for MR image. 

Setting Value 
TR [ms] 5069 

TE [ms] 103 

Flip Angle [degrees] 90 

FOV [mm] 432 x 432 x 140 – 576 x 576 x 140 

Voxel size [mm] 1 x 1 x 2 

Dynamics 10 

Acq. Time [s] 760 – 916 

 

The set of PCA motion models consists of 5 principal components for each volunteer where the first 

component is the one with the highest eigenvalue and therefore contains the most information 

about the pattern of the motion. Each principal component is represented by a vector field. 

 

 

 

 

 

 

 

 

 



12 
 

The set of segmented anatomical structures includes manually drawn ROIs over the organs prostate, 

bladder and rectum. The segmented anatomical structures of one volunteer can be seen in Figure 5. 

 

 

Figure 5: Anatomical MR images and respective segmented structures in the transverse (a) and sagittal (b) plane. The 
structure in dark grey is prostate, the structure in grey is bladder and the white structure is the rectum. 

3.1.2 Model construction 

During a previous project, a group at the department of radiotherapy at Uppsala University hospital 

used the image data to develop individual 3D motion models for the male pelvic region. The training 

test was used to develop a 3D motion model for each of the 9 volunteers by first linking the 3D 

volumes through image registration and then using principal component analysis to decompose the 

deformations into a compact characterization of the motion. For the image registration, an optical 

flow algorithm with the parameters presented in Table 2 was employed. The algorithm that was used 

also stopped the registration process at the next highest resolution, i.e. the images were never 

upsampled and re-registered at the finest image resolution, in order to obtain a smoother 

deformation field. 

Table 2: Parameters for the optical flow algorithm that was used. 

Setting Value 
Smoothing factor alpha 10000 

Iterations 10 

Downsampling steps 4 

Downsampling factor 2 

 

As a reference or fixed image for the registration the last volume in the training set was used, i.e. the 

6th volume. Then principal component analysis was applied to the deformation field from the image 

registration to reduce the complexity of the field. This work resulted in a set of PCA motion models. 

Figure 6 presents an illustration of how the image data was divided into a training and a testing set 

and how those were used. 

(a) (b) 
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Figure 6: An illustration of data division and construction of PCA motion models. 

3.1.3 Software 

The software used in the project is MICE Toolkit [20, 21], which is a user-friendly graphical 

programming user interface for visualizing, manipulating and analysing medical images. 

All generated data from MICE were imported into Microsoft Excel to compile it and then analyse it. 
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3.2 Method 

3.2.1 Workflow 

All simulations, calculations and visualising of images were performed in MICE Toolkit. An example of 

how a workflow in MICE looks like is illustrated in Figure 7. This workflow measures the Dice 

similarity coefficient between two volumes where the final result is presented in a table. 

 

Figure 7: An example of a workflow in MICE. 

Before giving a detailed description of the methods, the overall approach of this project will be 

briefly summarized. The basic idea is that some slices of a volume in the test set are aligned to the 

corresponding slices in the reference volume, i.e. 6th volume, through image registration. This results 

in a deformation field that is used to calculate new eigenmode weights. Then an estimate of the full 

3D volume can be created by applying the new weights to the motion model. Finally, the created full 

3D volume is evaluated by visually comparing it with the “true” volume, but also by calculating the 

overlap between segmented anatomical structures in the created volume and the “true” volume. By 

the “true” volume it is meant the 3D volume in the test set from which the input slices were 

extracted and which we are trying to create an estimation of. 
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Figure 8: An illustration of the method that was used to calculate new eigenmode weights. 

3.2.2 Updating Motion Model and Creating a Full 3D Volume 

The first step of the implementation of this project was to extract slices from different volumes. This 

was chosen to be done by first estimating the coordinates of the mass centre of the segmented 

prostate in the reference volume and then extract several sagittal slices that are centred at the mass 

centre of the prostate. Those sagittal slices were extracted from a volume in the test set and also 

from the reference volume. Next step was to perform an image registration between the slices. It 

was chosen to use the same image registration method as the one used in the previous project to 

create the motion model (see Section 3.1.1). The slices from the reference volume acted as a fixed 

image and the slices from the test set acted as a moving image. Next step was to calculate the new 

eigenmode weights and it was done by taking the scalar product between the deformation field from 

the image registration and the principal components from the motion model. Those steps in the 

implementation of the method are presented in Figure 8 with a simple illustration. Then the motion 

model could be updated by multiplying the principal components with the new weights. In this 

project it was chosen to use only the first two weights and principal components to update the 

motion model. However, it was tested on two volunteers to update the motion model by using only 

one weight and one component and also three weights and three components. An estimate of the 

full 3D volume could now be created by applying the deformation field of the updated motion model 

and applying it to the reference volume. 

3.2.3 Resample of Test Set  

It was wanted to know if using input images of a lower resolution would give the same results. To be 

able to test this, before performing the image registration the images from the test set were 

downsampled and then resampled to the resolution of the reference volume. It was chosen to 

downsample the images to a voxel size of 2.5 x 2.5 x 2.5 𝑚𝑚 and 5.0 x 5.0 x 5.0 𝑚𝑚. Then the new 

eigenmode weights were calculated according to Section 3.3.1 and compared to the results when 

using high-resolution images. This was applied to two of the volunteers, the ones with most intra-

fraction motion. 
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3.2.4 Evaluation 

The success of the method used in this project was verified by visual comparison, but also with 

quantitative metrics such as the Dice similarity coefficient of segmented anatomical structures and 

the determinant of the Jacobian of the deformation field. Several steps in the workflow were 

evaluated. Those are the image registration, the deformation field of the updated motion model and 

the created 3D volume. 

For the image registration, a visual evaluation was performed by visualizing the registered slices 

beside the slices from the reference volume and comparing them to each other but concentrating 

mostly on prostate, bladder and rectum. The images were also subtracted from each other to get the 

difference image. The deformation field of the image registration was inspected visually to check 

whether it is smooth or not around prostate, bladder and rectum. The deformation field was also 

examined for singularities by computing the determinant of the Jacobian of the field and checking if 

there are any negative values. Finally, the overlap between the registered and the reference images 

was estimated. For this purpose, the set of segmented anatomical structures was used. The 

deformation field of the image registration was applied to the segmented structures in the volume 

from the test set and after that the Dice similarity coefficient for prostate was calculated. 

The deformation field of the updated motion model was visually evaluated by checking how smooth 

it is. Again, the determinant of the Jacobian of the deformation field was computed and searched for 

negative values. 

Finally, the created 3D volume was examined. To verify the success of the estimation of the 3D 

volume from the test set, a visual evaluation was performed by visualizing the created 3D volume 

beside the “true” volume from the test set and comparing them to each other, but concentrating 

again on prostate, bladder and rectum. The images were also subtracted from each other to get the 

difference image. The difference between the 3D volumes, depending on how many slices were 

used, was also estimated by visual comparison. Then, the overlap between the created 3D volume 

and the “true” volume was evaluated by applying the deformation field of the updated motion 

model to the segmented structures in the reference volume and then the Dice similarity coefficient 

for prostate, bladder and rectum was calculated. 

3.2.5 Comparison with a Static Model  

The simplest model that could be used to describe the motion of an object is a static model, i.e. a 

model that does not change with time. Therefore, it was desired to compare the updated motion 

model with a static model to see if it is worth updating the motion model. This was performed by 

comparing the overlap between the created 3D volume and the “true” volume from the test set and 

the overlap between the reference 3D volume and the “true” volume. 

3.2.6 Implementation 

The procedures described in the sections above were implemented for each of the 4 volumes in the 

test set and also for 4 different numbers of sagittal slices: 2, 8, 30 slices and the whole volume. All 

those simulations were applied to each of the 9 healthy volunteers with an exception, Section 3.2.3, 

where it was applied only to two of the volunteers, the ones with most intra-fraction motion. It was 

chosen to include the whole volume in the simulations with the intention to use the results as 

reference, since using the whole volume gives the best outcome of this method.  
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4. Results 

4.1 Evaluation of Image Registration 

The image registration of the input images was examined visually. In the region of the prostate, 

bladder and rectum the registered slices looked similar to the fixed slices and there was nothing that 

looked strange in those areas. Only very close to the edges of the volume or around the intestines 

the registered images could have black pixels. The results from the image registration are shown in 

Figure 9. The difference images consisted mostly of noise around the prostate, bladder and rectum, 

as it was desirable. 

 

Figure 9: Verification of the quality of the image registration. The pictures to the left show a slice at the edge of the volume, 
the pictures at the middle show a slice around the intestines and the pictures to the right show a slice at the middle of 
prostate. 

Fixed Image 

Deformed Moving Image 
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The deformation field of the image registration was examined visually and the field was smooth 

around prostate, bladder and rectum. The determinant of the Jacobian of the deformation field 

contained some negative values close to the edges of the volume or around the intestines, but no 

negative values in the region of interest. However, it should be pointed out that the number of 

negative values increased with decreasing number of input slices. 

Most image registrations of the whole volume did not lead to an increased overlap of the prostate 

compared to without registration. For three of the volunteers, the Dice coefficient increased with 

1 − 2% and for two other volunteers it increased with 3 − 5%. Those increases occurred always for 

the 3D volumes that are further from the reference 3D volume. Calculated Dice coefficients for 

prostate are presented in Figure 10. It can be seen in the box plot that the variation in the Dice 

coefficient after registration among the volunteers was reduced. It can also be seen that the over-

limit doesn’t change so much, but the under-limit increased significantly. 

 

 

Figure 10: A box plot visualising the Dice coefficient. One box contains data from all 9 volunteers. The whiskers extending 
down and up show the minimum respective the maximum value of DSC among all volunteers. The ‘x’ represents the mean 
value and the horizontal line represents the median of DSC. The plot shows data only for the last 3D volume, i.e. 10th volume 
in the test set. 
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4.2 Eigenmode Weighs 

For all volunteers except one, the magnitude of the eigenmode weighs decreased with decreasing 

number of slices used. Most of the time, using 2 slices resulted in 𝑤𝑖 that was only 2 − 10% of 𝑤𝑖 

when using the whole volume. Often but not always, 𝑤𝑖 was larger the further away you come from 

the reference volume. 

 

Figure 11: Calculated eigenmode weights for volunteer 1. Different colours represent different number of slices used. Blue 
represents 2 slices, orange 8 slices, grey 30 slices and yellow the whole volume. 

Figure 11 and Figure 12 show the calculated first three eigenmode weights for the healthy volunteers 

with most intra-fraction motion, i.e. volunteer 1 and volunteer 6. 

 

Figure 12: Calculated eigenmode weights for volunteer 6. Different colours represent different number of slices used. Blue 
represents 2 slices, orange 8 slices, grey 30 slices and yellow the whole volume. 
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4.3 Evaluation of Updated Motion Model  

The deformation field of the updated motion model was examined visually and the vector field was 

smooth around the prostate, bladder and rectum and this was confirmed by the lack of negative 

values of the determinant of the Jacobian of the deformation field in those areas. 

 

4.4 Visual Evaluation of Created 3D Volume 

When the created 3D volume was visually compared to the “true” 3D volume they did not align 

perfectly but they were very similar to each other, especially in the region around prostate, bladder 

and rectum (see Figure 13). Only around the intestines, the volumes did not match so well. 

 

 

Figure 13: Comparison between the "true" (a) and the created (b, c) 3D volume. (b) shows the created volume when using 
the whole volume and (c) shows the created volume when using 2 slices. The figure shows a slice in the transverse plane 
where all structures of interest, i.e. prostate, bladder and rectum are visible. 

3D volumes that were created by registering the whole volume or only 2 slices were also compared 

to each other visually. Those volumes were more or less identical to each other. There were very 

small differences around prostate, bladder and rectum and the differences were almost 

indistinguishable by the human eye (see Figure 13(b) and Figure 13(c)). Figure 14(b) and Figure 14(c) 

show a transverse slice where the difference between the two volumes is most apparent. In the 

figure, it can be seen that the alignment of the bladder is not so good. 

(a) (b) (c) 
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Figure 14: Comparison between the "true" (a) and the created (b, c) 3D volume. (b) shows the created volume when using 
the whole volume and (c) shows the created volume when using 2 slices. The figure shows a slice in the transverse plane 
where the created volume when using 2 slices is different from when using the whole volume. 

 

  

(a) (b) (c) 
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4.5 Dice Similarity Coefficient for Created 3D Volume 

The calculated overlap between the created 3D volume and the “true” volume and the overlap 

between the reference 3D volume, i.e. the 6th volume from the training set and the “true” volume 

are presented in Figure 15. The figure shows only results from the 10th volume. For one of the 

volunteers, the Dice coefficient for prostate increased with 2% when the whole volume was used as 

input. For the same volunteer, the Dice coefficient for bladder increased with 3% when 30 slices 

were used and with 6% when the whole volume was used. 

 

 

 

Figure 15: A box plot showing the Dice coefficient for prostate, bladder and rectum from the last volume in the test set, i.e. 
the 10th volume. Every box contains data from all 9 volunteers. The whiskers extending down and up show the minimum 
respective the maximum value of DSC among all volunteers. The ‘x’ represents the mean value and the horizontal line 
represents the median of DSC. The first box from the left presents the overlap between the reference and the “true” volume, 
i.e. DSC for the static model. The remaining boxes present the overlap between the created and the “true” volume. 

  



23 
 

4.6 Resample of Test Set 

On two of the volunteers it was tested to use 2D slices of lower resolution. How much the calculated 

eigenmode weights 𝑤𝑖 varied from the 𝑤𝑖 when using the original, non-resampled images were very 

different. There were some outliers, but for voxel size of 2.5 x 2.5 x 2.5 𝑚𝑚, the difference in 𝑤𝑖 was 

less than 10% and less than 20% for voxel size of 5.0 x 5.0 x 5.0 𝑚𝑚. The results are presented 

below in Figure 16. 

 

 

Figure 16: A graph of 𝑤𝑖 for resampled images against the reference w. The dotted line represents  𝑤𝑟𝑒𝑠 = 𝑤𝑟𝑒𝑓. Blue points 

correspond to voxel size of 2.5 𝑥 2.5 𝑥 2.5 𝑚𝑚 and orange points correspond voxel size of 5.0 𝑥 5.0 𝑥 5.0 𝑚𝑚. 

For one of the two volunteers, the image registration with resampled images was also evaluated. For 

voxel size of 2.5 x 2.5 x 2.5 𝑚𝑚, the Dice coefficient for prostate was the same as when using the 

original, non-resampled images and for voxel size of 5.0 x 5.0 x 5.0 𝑚𝑚, the Dice coefficient was 

between 0% and 2% lower. For the same volunteer, the overlap between the created and the “true” 

3D volume was also calculated when using resampled images. Both for voxel size of 

2.5 x 2.5 x 2.5 𝑚𝑚 and 5.0 x 5.0 x 5.0 𝑚𝑚, the Dice coefficient did not change, it was the same as 

when using the original images. 
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5. Discussion 

The aim of this work was to develop a fast and easy method to update a 3D motion model of a 

patient which could be used in radiotherapy for daily adjustments of a treatment plan. The basic idea 

of the method was to perform image registration on 2D images and use the resulting deformation 

field to calculate new parameters or eigenmode weights for the motion model. This was done by 

taking the projection of the deformation field on the vector space spanned by the eigenmodes of the 

PCA motion model. It was shown that the developed method can be used to update a 3D motion 

model if sufficient amount of 2D slices are used as input and it was also shown that by using 2D slices 

of lower resolution the temporal resolution of the motion model can be increased. 

This method was intended to be used when treating cancer in the male pelvic region, mostly prostate 

cancer, with an MR-Linac. Hence, we were interested in tracking the motion around the prostate, 

including the bladder and rectum. Since the prostate is located in the middle of this area it was 

decided to extract 2D slices around the mass centre of the prostate. It was also chosen to extract the 

2D slices in the sagittal plane since in that plane one gets the best view over the prostate, bladder 

and rectum all three together. It is possible that it is better to centre the 2D slices at another point 

and in another plane, but it was not investigated in this project. Yet we believe that 2D sagittal slices 

acquired around the mass centre of the prostate would provide the most information about the 

motion in the pelvic region. 

In this project different number of 2D slices were used as input. It was decided to apply the method 

on input data consisting of 2, 8 or 30 slices or the whole volume. The aim was to find the minimum 

number of input slices that could be used to get an estimation of the motion in the pelvic region. The 

reason behind including the whole volume as input, despite the fact that this is not practical in 

clinical applications, was to use the results as a reference since using the whole volume as input 

would provide the best output of this method. 

The only optimisation process that was included in this method in order to update the 3D motion 

model was the image registration of the 2D slices. The image registration method that was used was 

the same, an optical flow algorithm, as the one that was used in the previous work to create the PCA 

motion models. It was decided to do so because we believed that this registration method is 

appropriate for this image data set since it was evaluated in the previous work. However, the 

evaluation of the registration that was performed in this project showed that for most of the 

volunteers the overlap of the prostate was not better after registration. The reason for this could be 

the fact that the overlap before registration was already very high, 0.97 − 0.98. Since the image 

registration was not perfect, this part of the method was the biggest source of uncertainty and error 

in the final results. Any imperfections in the alignment of the images would propagate to the created 

3D volume. The other source of uncertainty and error was the PCA motion model because it was 

based on an image registration that was neither perfect. But quantifying this error was beyond the 

scope of this project. 

The calculated eigenmode weights were very different depending on the number of input slices that 

were used. Using two slices resulted in 𝑤𝑖 that was only 2 − 10% of 𝑤𝑖 when using the whole 

volume, which can be seen in Figure 11 and Figure 12. Figure 15 shows that using the whole volume 

could also result in better overlap between the segmented structures compared to using only two 

slices and therefore, one would expect that the created 3D volumes would look different for various 

number of slices that were used, but this was not the case. Indeed, the created 3D volumes were 

almost identical regardless the number of input slices as it is shown in Figure 13(b) and Figure 13(c). 
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Visual differences between the 3D volumes appear in the area around the intestine, see Figure 14(b) 

and Figure 14(c), and those differences could be the reason for the big difference in Dice coefficient 

for the bladder. But as mentioned earlier the area around the intestine was not of interest. Hence, 

this suggests that only few slices could be used as input to get almost the same estimation of the 

anatomy of a patient as when using the whole volume. To be certain, the method should be tested 

on more healthy volunteers with larger intra-fraction motion in the pelvic region. 

Most simulations and calculations were performed using the first two eigenmode weights and their 

principal components but for two of the volunteers, the simulations were performed with only one 

and also with three eigenmode weights. The reason behind that decision was the study of Söhn et al. 

[19] which showed that the inter-fraction motion in the male pelvic region can be sufficiently 

described by ≤ 4 eigenmode weights of the PCA eigenmodes and therefore it was assumed that 

three eigenmode weighs should be enough to describe the intra-fraction motion, which was 

confirmed by our results.  As predicted, the overlap of the segmented structures was greater when 

using two weights compared to using only one weight and it was also seen that adding additional 

third weight did not improve the overlap. Therefore, it can be concluded that using two eigenmode 

weights and their principal components gives a good representation of the motion. However, from 

those simulations something unexpected was found. The weights were not always arranged in order 

of magnitude, i.e. 𝑤1 > 𝑤2 > 𝑤3 did not always apply. Then it was shown that in the case of 𝑤3 >

𝑤2, the overlap of the final 3D volume is greater when 𝑤3 is used instead of 𝑤2. Therefore, it can be 

concluded that not the first two but the biggest two eigenmode weights should be used to update 

the motion model. The reason for this could be that the pattern of intra-fraction motion has changed 

after the reference volume and therefore the principal components are no longer arranged in order 

of how much information they contain about the motion. Hence, the third principal component may 

now describe the motion better than the second principal component. 

Real-time adaptive radiotherapy, i.e. modifying the treatment plan while treating requires fast 3D 

anatomical update of the target. To be able to collect input images more frequently and hence 

increase the temporal resolution of the motion model, the 2D images could be acquired at a lower 

resolution. This was tested on images with voxel size of 2.5 x 2.5 x 2.5 𝑚𝑚 and 5.0 x 5.0 x 5.0 𝑚𝑚. 

The results from that test were very favourable and positive. The results showed that the eigenmode 

weights did not differ so much. Unfortunately, by looking only at the calculated weights it was 

impossible to say which resolution of the images would give the same final result as using the original 

images. But for voxel size of 5.0 x 5.0 x 5.0 𝑚𝑚, the Dice coefficient for the image registration was 

lower which suggest that using this image resolution could decrease the quality of the created 3D 

volume. Still, those results were the most promising results that were obtained from the project and 

they indicate that low-resolution input images could be used without losing any information about 

the motion. We believe that the reason behind this is the fact that the magnitude of intra-fraction 

motion in the male pelvic region is of higher order than the resolution of the original images, 

~0.8 𝑚𝑚 and as long the voxel size of the input images is lower than the magnitude of the motion 

then no information about the motion will be lost. 

The quantitative metric that was used to verify the success of the image registration and the 

estimation of the 3D volume was the Dice similarity coefficient. It is a simple and well-established 

quantitative metric for evaluating image registrations, but it has some weaknesses. The Dice 

coefficient was calculated by using segmented structures that are binary images. The deformation 

field of the updated motion model was applied to the segmented structures but since those are 

binary images, the same interpolation method as for the 2D images could not be used, but the 

nearest-neighbour interpolation had to be used. This implies that displacements that are smaller or 
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larger than the voxel size of the binary images will not be applied correctly to the segmented 

structures and therefore the overlap between the segmented structure will be less than the overlap 

in the 2D images. Hence, it can be presumed that the calculated Dice coefficients are a bit lower than 

they should be and this contributes to the error in the results. One way to overcome this problem 

could be to upsample the binary images before applying the deformation field, but this was not done 

in this project. 

Unfortunately, for most of the volunteers, any improvement of the Dice coefficient compared to the 

static model could not be seen. It is because the intra-fraction motion for most of the volunteers was 

too small and the image registration method that was used did not manage to align the small 

deformations caused by the motion. For only two of nine volunteers the intra-fraction motion was 

large enough to be able to see a clear improvement when using this method. We think that this PCA 

motion model and the method that was used to update it would work better on patients with larger 

intra-fraction motion and in the case of small motion it is probably better to use a static model. But it 

must be emphasized that this method will always result in the same or better motion model than the 

static model which means that using this method should not lead to magnifying the uncertainties in 

the radiation treatment. It would be interesting to test this method on more volunteers with larger 

intra-fraction motion to see what the results would be. 

At the very end of the project, it was found that the principal components were not normalised 

correctly. The set of PCA motion models that was used consisted of 5 principal components. Each 

component was represented by a vector field 𝒒𝑖 in a subset 𝑆 in 𝑹3. The subset 𝑆 was of the same 

size as the reference 3D volume and each vector field 𝒒𝑖 was normalised to the subset S. When 2, 8 

or 30 slices were used as input, the same slices were also extracted from the vector field 𝒒𝑖 and thus 

a smaller vector field 𝒒𝑖
′ was obtained which was not normalised anymore. In order to use the vector 

field 𝒒𝑖
′, it should have been normalised. The consequence of this is that the calculated eigenmode 

weights 𝑤𝑖 are incorrect with a factor equal to the norm of the vector field 𝒒𝑖
′, i.e. |𝒒𝑖

′|. Therefore, 

the results that are affected by this are (1) the calculated eigenmode weights 𝑤𝑖 for input images of 

2, 8 and 30 slices, but not for the whole volume and (2) the calculated overlap of the created 3D 

volume, again for input images of 2, 8 and 30 slices, but not for the whole volume. Due to time 

limitation, it was not possible to recalculate the eigenmode weighs and the Dice coefficients, but this 

implies that the difference in 𝑤𝑖 when using different number of input slices will not be that large as 

our results show. This also implies that the difference between the calculated Dice coefficient of the 

created 3D volume will be less. However, for one of the volunteers 𝑤𝑖 was recalculated and the 

results support the assumption that the differences in 𝑤𝑖 between different number of input images 

would be smaller. The recalculation showed that before, 𝑤1(2 𝑖𝑚𝑎𝑔𝑒𝑠) was on average 3% of 

𝑤1(𝑤ℎ𝑜𝑙𝑒 𝑣𝑜𝑙𝑢𝑚𝑒) and now, with a vector field normalised correctly, 𝑤1(2 𝑖𝑚𝑎𝑔𝑒𝑠) was on 

average 16% of 𝑤1(𝑤ℎ𝑜𝑙𝑒 𝑣𝑜𝑙𝑢𝑚𝑒). All this means that if the vector field 𝒒𝑖
′ had been normalised 

correctly we would have obtained results that would have supported the conclusion even more, that 

only few slices could be used as input to get almost the same estimation of the anatomy of a patient 

as when using the whole volume. 

This study has shown that the proposed method can be used for estimating the full 3D patient 

anatomy in the male pelvic region. The results showed that the method is better than the static 

model when large deformations occur in the prostate, bladder and rectum. Also, resampling the 

input images demonstrated clearly that the calculated eigenmode weights did not differ so much. 

Therefore future research on this work includes applying the method on data from healthy 

volunteers with larger intra-fraction motion and further investigation of the potential of low-

resolution input images.  
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6. Conclusion 

This work presents a method for estimating the motion of a target in the male pelvic region during 

radiation treatment with an MR-Linac, based on a PCA motion model created prior to treatment and 

a stream of 2D images acquired during treatment. According to the results that were obtained, an 

input of 30 or more sagittal slices, voxel size of 1.0 x 2.0 x 1.0 𝑚𝑚 and FOV of roughly 

30 x 120 x 225 𝑚𝑚, focused at the mass centre of prostate should be used to be able to detect the 

small intra-fraction motion in the male pelvic region. But currently, it would take inconveniently long 

time to acquire those images while treating. Nevertheless, the difference between 3D volumes 

created by using 2 slices and the whole volume, respectively was almost indistinguishable by a 

human eye, suggesting that a good estimation of the 3D anatomy of a patient can be created by 

using only a few input images. Furthermore, the fact that input images of lower resolution give the 

same results as the original high-resolution images opens the opportunity of acquiring a volume of 

the same size for much shorter time and thus making it possible to increase the temporal resolution 

of the motion model. 

The conclusion that can be drawn from this project is that the proposed method is robust since it 

should not introduce more uncertainties in the estimation of the motion of a target compared to the 

static model and therefore it could be applied in adaptive radiotherapy. For instance, the method can 

be used to retrospectively calculate the exact accumulated doses in the tumour and the organs-at-

risk. We see potential that the method could be used also for real-time adaptation of a treatment 

plan while treating and in order to increase the temporal resolution of the updated model, we 

recommend that the use of low-resolution input images should be investigated further on volunteers 

with larger intra-fraction motion. 

There is very little research on methods for motion correction in the male pelvic region and 

therefore, in this project, a method for updating a 3D motion model was proposed. I believe that the 

results from this work will contribute to the development of the methods of MR-guided radiotherapy 

and thus lead to less negative side effects and improved cancer treatments.  
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