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Abstract

Image processing techniques are critically important to adaptive radiotherapy (ART) as they

can improve the treatment and help minimise radiation toxicity. Contour delineation is one of

the essential processes in ART based cancer treatment as it can tailor the treatment to the

anatomy on any particular day, thus providing a better treatment. The aim of this research

is to study how a structurally constrained loss function influences contour delineation when

it estimates a new treatment plan by establishing a geometrical relationship between the

planning scan acquired prior to treatment and a time-of-treatment scan.

A block matching based registration method with two-pass regularisation was developed to

automate contour delineation. Using the planning scan and on-the-day-of-treatment scan, this

registration effectively restrains unnatural and unrealistic tissue deformations. These scans

were axial CT scans acquired from abdominal region for prostate cancer treatment. A two-

pass distance and neighbourhood-orientation based regularisation applied during the motion

vector estimation in the block matching based non-rigid registration was able to perform

contour delineation better than parametric (demons), non-parametric (b-spline) and state-of-

the-art (pyramidal block matching) methods. The Dice scores of the b-spline’s, demons’ and

pyramidal block matching’s average Dice scores are respectively 7.9%, 10.66% and 3.49%

lower than the Dice score of the proposed method. The averaged computational time of

disparity-regularised block matching is respectively 2.7, 1.15 and 1.8 times less than the

averaged computational time of the b-spline, demons, and pyramidal block matching. The

averaged normalised mean square error of the disparity-regularised block matching is re-

spectively 0.69, 1.06 and 3.75 times less than the averaged normalised mean square error of

the b-spline, demons, and pyramidal block matching.

The disparity-regularised block matching was modified to the Lung Computed Tomography

(CT) image analysis. The Lung CT usually has large coarser regions and disparity-regularised

block matching uses mean absolute error as the image similarity metric which does not

consider image texture. In order to include the texture information in the block matching

criteria, texture feature maps were used as a part of the block matching process along with

the voxel intensities and the displacement vector field estimation was evaluated using the

image quality metrics namely, structural similarity index (SSIM) and normalised mean squared

error. The averaged structural similarity index and the averaged normalised mean squared

error between the scans were 0.9960 and 0.4 respectively, showing that the estimated motion

vectors and displacement vector fields were closer to the ground-truth geometrical differences

between the Lung CT scans.
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To facilitate the contour delineation process, deep learning based generative adversarial net-

works were developed to generate synthetic CT and cone beam CT (CBCT) images. The

generative adversarial networks were trained as a part of the CycleGAN with a structural

constraint loss to preserve the anatomical structures in the synthetic images. The variants

of the structural similarity index metric (SSIM) were included as a training loss in the 2D

CycleGAN and the performance of the image synthesis was evaluated using the image quality

metrics such as structural similarity index, mean square error, and peak signal-to-noise ratio.

The other variants of the SSIM are multi-scale SSIM, 4-components weighted, 4-components

gradient weighted, 4-components weighted multi-scale and 4-components gradient weighted

multi-scale SSIM. From the metrics, it was observed that the 2D CycleGAN with 4-gradient

SSIM has generated synthetic images with two times better SSIM metrics than the other

2D CycleGAN variants. On the other hand, the 2D CycleGAN with 4-components gradient

weighted SSIM generated synthetic image whose mean squared error was 14% lower than

the mean squared error of other 2D CycleGAN variants. Also, both these variants generated

synthetic images with better peak signal-to-noise ratio than the rest. Similar to the 2D Cycl-

eGAN variants, the performance metrics of the 3D variants showed that the CycleGAN with

4-components gradient weighted SSIM generated better synthetic CT and CBCT images.

Finally, to understand the influence of the structural constraint loss in the contour propagation,

the 2D and 3D generative adversarial networks were merged with the two-pass regular-

ised block matching rigid registration. The contour propagation by this framework was then

assessed using clinical validation metrics and image quality metrics such as Dice score,

mean squared error and Hausdorff distance. Finally, in the block matching based non-rigid

registration, two-pass distance and orientation regularisation is a type of structural constraint

applied in the block matching process. In Image-to-Image synthesis by generative adversarial

networks, the inclusion of structural similarity index metrics in the training loss functions is also

a type of structural constraint applied in the pseudo image generation process. Overall, this

research contributes in understanding the positive impact of structural constraints in traditional

and state-of-the-art medical image processing techniques for Adaptive Radiotherapy.
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Lay Summary

Cancer Care is one of the most challenging healthcare problems faced worldwide. Particularly

improving the clinical steps is one of the significant tasks in advancing any cancer treatment.

Image-guided Adaptive Radiotherapy is a growing area in Therapeutic Radiation based Can-

cer Care. Although Adaptive Radiotherapy was able to cater current needs of the patients,

it still has the complication of radiation toxicity. Despite the usage of intermittent radiation

dosage, the patients are still prone to radiation hazards. Therefore, it is important to find ways

to reduce the risk of radiation hazards and other complications in the Adaptive Radiotherapy

practice. Of several ways to enhance Adaptive Radiotherapy, this research focuses on image

processing techniques. In adaptive radiotherapy, a planning scan and several on-the-day-of-

treatment scans are acquired, according to the number of radiation dose fractions. The aim

of this research is to establish a geometrical relationship between the planning scan and an

on-the-day-of-treatment scan and use it to alter the treatment plan eventually paving the way

to reduce radiation toxicity.

This geometrical relationship provides the anatomical differences that have occurred in the

patient since the planning scan has been acquired. Using the identified geometrical rela-

tionship, the existing treatment plan will be modified. The modified treatment plan aids in

customising the radiation dosage at every dose fraction eventually reducing the radiation

toxicity. The proposed method has joined an improved traditional method with a state-of-the-

art method. In doing so, this research has investigated the significance of including anatomical

information in both traditional and state-of-the-art image processing techniques. Further, the

proposed method has been tested whether it improves the alteration of a treatment plan

using standard performance evaluation methods. Therefore, this research has established

that including anatomical information in the process of establishing a geometrical relationship

between the planning scan and an on-the-day-of-treatment scan is important. Consequently,

this increases the possibility to reduce the radiation hazards which in turn improves the overall

cancer treatment.
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Chapter 1

Introduction

1.1 Adaptive Radiotherapy

Cancer Research UK [1] reported that Prostate Cancer (PCa) is one of the most common

causes of death in male cancer patients in the UK with a mortality rate of 47 per 100,000

which is 7% of all cancer induced deaths as of 2016. Extensive research and discoveries in

the field of prostate cancer such as Screening, Prevention, Diagnosis, and Prostate Cancer

Management via surgery and therapies (Chemotherapy, Radiotherapy, Androgen-Deprivation

Therapy etc.), have aided in the understanding of the disease and paved the way for further

advancements [2]. Radiotherapy (RT) is a cancer treatment method that uses scan data from

different diagnostic and functional imaging systems [3]. The aim of this treatment is to shrink

the tumour and kill the cancerous cells with little to no side effects [4–6].

RT uses several sources for data acquisition that facilitates the initial diagnosis, treatment

planning, dosage administration and post therapy monitoring [7]. When RT is altered during

the treatment course to take account of patient-specific issues and changes in the body,

it is known as Adaptive Radiotherapy (ART). The patient-specific issues are mostly patient

setup errors caused by the shifting of the organs during the scan acquisition or the treatment

administration. The changes in the body are sets of systemic changes including weight,

tumour, geometric and biological elements along with the random changes such as organ

deformation, changes in rectal filling and respiration, and peristalsis motion. These changes

can occur over time, varying from seconds to hours. So, ART implementation is often divided

into three main classes: (a) offline between treatment fractions, (b) pre treatment online

(instant) and (c) real-time. The most important steps [8] are indicated in Figure 1.1.

1



1.1. Adaptive Radiotherapy 2

Figure 1.1: Adaptive radiation therapy workflows with online, offline, and real-time
approaches. [8]

Offline ART addresses the systematic and progressive changes that occur during the treat-

ment. In the offline ART based plan modifications, the adjustments in the patient’s treatment

plans are carried out after the current treatment fraction based on the changes observed

during the radiation administration. These adjustments might require further processes such

as follow-up contouring, planning, and patient-specific quality assurance. Pre-treatment online

ART is the process in which the patient treatment plan is adjusted before treatment delivery

while the patient is in the treatment position. This pre-treatment modification particularly

focuses on the interfractional target and organ displacement. For the variations such as

respiration, internal changes, and peristalsis motion, that occur while treatment is in progress,
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real-time ART attempts to automatically adapt during the treatment delivery without any hu-

man intervention. The step to find whether the contours are satisfactory could be found in both

online and offline adaptation in the ART workflow commanding the entire treatment process.

Also, in the ART workflow, the contour delineation is performed by clinicians, radiographers,

and physicians assisted by image processing techniques which are indicated at every step in

the treatment procedure. This brings in the importance of image processing in ART.

1.2 Role of Image processing in Adaptive Radiotherapy

Image acquisition is one of the essential steps for ART, providing sufficient information for

tumour/Organs-at-Risk (OAR) delineation, accurate dose calculations, and assessment of

image quality [8]. A number of key imaging methods are currently used in several ART work-

flows. Since multiple modalities are involved in the ART workflow, image registration is used

to geometrically relate different scans. Image registration is used to determine the spatial

relationship between two images. In medical imaging, image registration makes an attempt to

relate the size, shape, position of objects in the images, regardless of the imaging modality

and the time of acquisition. Due to the above-mentioned reason, image registration is used

in ART for treatment planning, treatment assessment, and patient-position verification [9]. In

treatment planning, image registration techniques are used by physicians to fit multiple sets

of data (both mono-modal and multi-modal) to outline anatomical structures and plan target

volumes. In treatment assessment, multi-modal imaging, for example, Computed Tomography

(CT) and Cone-beam Computed Tomography (CBCT) are used to evaluate the distribution

of targeted dosage (e.g., in treatment planning). Finally, image registration is also used to

verify patient positioning before or during treatment. Therefore, several image processing

techniques conjointly contribute to the clinical ART practice.

1.3 Motivation and Contribution

Cancer Research UK formulated a ten-year plan for the Radiotherapy in UK along with NHS

England in 2014 [10]. Overall, the plan involved improving the cancer management, clinical

workflow and several other aspects of Radiotherapy. From them, few plans that were focusing

on the technological aspects of Radiotherapy were listed below. They were,

• To increase the usage of CBCT image guidance.

• To integrate Magnetic Resonance Imaging (MRI) based guidance into

• To incorporate CBCT in treatment dosage planning

• To increase the usage of deformable registration software that facilitates multi-modal

imaging in Radiotherapy

• To integrate automatic adaptive re-planning techniques and quality checking methods.
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Similar to Cancer Research UK and NHS England, NHS Scotland came up with a three year

plan (National Radiotherapy Plan 2022-2025) [11] in 2022. The key technological aspects of

the Plan were,

• To include MRI in Radiotherapy procedure

• To explore the potential of technology, for example Artificial Intelligence (AI) for seg-

mentation.

• To optimise overall efficiency by incorporating relevant software advancements.

From the above-mentioned plans, we can notice that the NHS has incorporated CBCT in

Radiotherapy only after few years. In addition, MRI is still not a part of the treatment procedure

in NHS Scotland. From this, it can be observed that the time duration for any technological

inclusion in clinical treatment procedure for NHS is several years. Since 2014, there has

been significant rise in the technological advances of multi-modal image registration and AI

research trends, and yet they are not the part of the clinical radiotherapy practice. Few key

implementation challenges in NHS radiotherapy centres until 2022 highlighted by [12] were,

• organs-at-risks were not outlined as per the trial protocol.

• Larger volumes and plans did not include excursions of smaller volumes

• and plans.

• Smaller plans were less well optimised than larger plans resulting in cases where

organs-at-risks doses were higher for smaller plans compared to medium or large plans.

• Centres were unable to schedule treatment and imaging for plan of the day.

As indicated in [12] it is important to conduct research that bridges the wide gap between

the engineering research and the clinical practice. Hence, there is a dire need in the clin-

ical community to incorporate automatic re-planning and AI. In spite of their needs, there

are numerous reasons that discourage the clinical practitioners to include the technological

advances of non-rigid registration. Some of the key reasons are listed as follows,

• Utilising information from images of different modalities

• Unnatural and unrealistic deformations by image registration methods, due to

– motion discontinuity,

– correspondence ambiguity, and

– intensity consistency.

• Challenges in automatic outlining/re-planning, such as,

– algorithms are less consistent and unreliable,

– most techniques were developed with limited available dataset, and

– techniques are less robust struggling in real life scenarios



1.3. Motivation and Contribution 5

The aim of this research is to be a stepping stone to bridge the decades’ old gap between

image processing techniques and clinical practice by addressing these significant reasons. In

addition to this, for the clinicians and radiographers, it takes several days to outline contours

on scans through which the treatment planning is developed. This increases the time duration

for the treatment plans to be adjusted in-between the treatment fraction. This will be achieved

by,

• developing a time bounded registration technique whose cost function was constrained

using structural information from images, and

• improving I2I synthesis to propagate the structural and intensity information from a

modality to another using loss functions that were constrained by structural similarity

indices.

Mitigation of the toxicity due to therapeutic radiation is one of the key areas that needs

attention in ART [10–12]. Several studies have investigated the progression of toxicity in

ART, for example Normal Tissue Complication Probability (NTCP) [13–15]. However, the

scope of this thesis is to improve the treatment planning aspect of ART, by developing a

robust computer-assisted plan adaptation framework. The treatment planning contours are

usually delineated/sketched by clinical radiographers and customising them in-between the

fractions of radiation dose administration (inter-fraction) or during the radiation administration

(intra-fraction). The contouring is very challenging because any changes in the treatment

plan requires verification and checking their suitability at every stage. Further, the contour

delineation is a very laborious task. It is because, at every slice location in the planning CT,

all organs must be outlined and any adjustments must be applied manually.

This makes the workflow of ART very challenging and time consuming, eventually taxing the

efforts of clinical radiographers. The anatomical changes caused by inter-fraction or intra–

fraction motion usually imprint on the medical images acquired at various stages. This study

focuses only on the organ motions during the inter-fraction and intra-fraction and excludes

any patient setup errors. This study is to facilitate the ART to customise the treatment plan-

ning during the time period between any two successive scans. This customisation allows

the reduction of planning target volume, consequently increasing the possibility of toxicity

reduction. Therefore, this study aims not only to assist the clinicians in contour delineation but

enables the possibilities of dose reduction for the patient.
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1.3.1 Research Objectives

Objective 1:

To propose a method to automate contour delineation using the planning scan and

on-the-day-of-treatment scan that effectively restrains unnatural and unrealistic tissue

deformations.

Contribution 1:

A non-iterative, non-pyramidal block matching based registration that used distance and

orientation based regularisation was introduced in Chapter 4, to overcome the unnat-

ural and unrealistic tissue deformations and perform automatic contour delineation. The

unnatural and unrealistic tissue deformations were caused through the displacement

fields estimated by both existing and state-of-the-art non-rigid registration techniques

in ART. This was mainly due to the non-inclusion of anatomical constraints in their

regularisation techniques. Further, most non-rigid registration techniques were iterative

and time unbounded. Hence, a block matching based non-rigid registration method

with two-pass regularisation technique was developed to overcome these challenges in

Chapter 4. The proposed method has included anatomical constraints as regularisa-

tion, further, it is non-iterative, computational time bounded, and validated by the clinic

based performance metrics. These factors would be a stepping stone towards it being

a part of the ART clinical practice.

A distance based regularisation was applied during the motion vector estimation. And,

in the second pass, both distance and neighbourhood-orientation based regularisation

was applied. This regularisation was a part of the motion vector estimation. That is,

it is not a post processing technique for the estimated motion vectors that smooths

the displacement vector field but a regularising constraint that was employed while the

vectors were calculated. This regularisation enabled the block matching based non-rigid

registration to apply structural constraints on the block matching process consequently

restraining the unnatural and unrealistic tissue deformations.

Publication:

Durai Arun Pannir Selvam, David I. Laurenson, William H. Nailon, Duncan B. McLaren,

"Localised 3D disparity regularisation for improving contour propagation in Adaptive

Radiotherapy," Proc. SPIE 11596, Medical Imaging 2021: Image Processing, 115962U

(15 February 2021); https://doi.org/10.1117/12.2580574

Objective 2:

The proposed method must have the possibility to extend its capability to other as-

pects of medical image analysis. That is, it should potentially be able to solve similar

challenges with appropriate moderation where two different scans must be related

geometrically.
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Contribution 2:

A modified disparity-regularised block matching technique was introduced in Chapter 5,

to perform image analysis that geometrically characterises the pulmonary fibrosis. The

image analysis methods that monitor the progress of pulmonary fibrosis were based on

lung volumetric changes. Further, the available image analysis methods were unable

to geometrically characterise the progression of pulmonary fibrosis. Several non-rigid

registration has included texture information in its method but it made them to be very

computationally complex and intensive. Hence, a method was proposed in Chapter

5, to geometrically characterise the progression of pulmonary fibrosis which has less

computational complexity.

The developed method was modified to estimate motion/displacement for scans that

had large coarser regions. To solve this, suitable modifications were performed on the

two-pass regularised block matching based registration method. That is, along with

the voxel intensities, texture feature maps were used as a part of the block matching

process. These modification not only enabled the proposed method to employ structural

constraints using voxel intensities but also the texture features to restrict the tissue

deformation even for scans that has large coarser regions.

Publication:

Durai Arun Pannir Selvam, David I. Laurenson, William H. Nailon, Duncan B. McLaren,

"Lung CT analysis using 3D Disparity-regularised Block matching for Stereotactic Ablat-

ive Body Radiotherapy," International Conference on Medical Imaging and Computer-

Aided Diagnosis - MICAD 2022, Springer-MICCAI, [Paper accepted]

Objective 3

The proposed method must be able to facilitate the real clinical ART setting that involves

several imaging modalities. The proposed method with suitable modifications must be

able to automatically delineate contours even for the multi-modal images along with the

goals mentioned in Objective 1.

Contribution 3:

An approach to include multi-component SSIMs in the training loss function of deep

learning based image-to-image synthesis has been introduced in Chapter 6, to propag-

ate structural information from one domain to another and improve the image quality of

synthetic images. One of the key limitations of deep learning based methods to be

included in the clinical practice is its dependency in data. Either the models are trained

in too few datasets, making it less robust or they are over-fitted to the available data.

Further, the deep learning neural networks that perform image-to-image synthesis were

generating unrealistic synthetic images. Researchers were carried out to improve the

structural quality of these synthetic images through developing architectures or loss

functions. These loss functions in the literature included structural information partially
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in one form or the other. Hence, an approach to investigate the metrics that includes

the complete structural information in the image-to-image synthesis were carried out in

Chapter 6.

A deep learning based generative adversarial network was developed to generate

synthetic images of one modality from images from another modality. This paved the

way for the block matching based registration technique to relate two scans of different

modality geometrically. Also, the impact of different structural constraints based loss

functions, i.e, structural similarity indices in Image-to-Image synthesis was studied by

comparing the image quality metric based performance of the generative adversarial

networks. From the image quality metrics, it was found that, any deep earning based

generative adversarial network that performs the Image-to-Image synthesis for Adaptive

Radiotherapy must include the structural constraints as a part of the training loss. Thus,

a deep learning based generative adversarial network which was trained using struc-

tural constraints along with the other losses when merged with the two-pass regularised

block matching rigid registration was able to automatically delineate contours using the

multi-modal images without unnatural and unrealistic tissue deformations.

Manuscript in preparation:

Durai Arun Pannir Selvam, David I. Laurenson, William H. Nailon, Duncan B. McLaren,

"Influence of SSIM variants as structurally constrained loss functions in CT-CBCT syn-

thesis for Adaptive Radiotherapy."

Overall Research Outcome:

From this research, a computer assisted contour delineation method that could alter the

treatment plan was demonstrated. This method will be able to handle mono-modal and

multi-modal images. This treatment re-planning approach has the potential to reduce

the toxicity due to therapeutic radiation in cancer patients. In addition to the above, this

study also brings the importance of including structural constraints in medical image

processing techniques where, two different structurally constrained loss functions will

be used in two different settings. In the block matching based non-rigid registration,

a two-pass distance and orientation regularisation is a type of structurally constrained

loss function applied in the block matching process. The improvement in the motion

estimation by the block matching criteria when added with a structurally constrained

loss function will show that a traditional medical image processing technique performs

well when suitable structurally constrained loss function was included as a part of the

technique.

In the same way, any structural similarity index metric is a kind of structurally con-

strained loss function. When it is added with the training loss function of the generative

adversarial networks for Image-to-Image synthesis, a significant improvement in the
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image quality of the synthesised image will be observed. While the investigation to

find the suitable structural similarity index metric for better pseudo/synthetic image

synthesis is conducted, the importance of including of structural similarity index metrics

in the training loss functions will also be highlighted. Thus the impact of the structurally

constrained loss functions in traditional and deep learning based methods involved in

contour delineation will be characterised in this study. Overall, this research will pave

way for further knowledge that could aid in understanding the impact of structurally con-

strained loss functions in medical image processing techniques, may it be in the form of

a modification in a traditional method or in a state-of-the-art method like machine/deep

learning based approaches.

1.4 Outline of the thesis

In Chapter 2, the image processing techniques involved in Adaptive Radiotherapy are intro-

duced. Chapter 2 lays the foundation of Image-guided Adaptive Radiotherapy (IGRT) and the

geometric uncertainties along with its mitigation. With the foundations laid out in Chapter 2,

Chapter 3 provides the background for the medical image registration in IGRT. The rigid and

non-rigid registration techniques used in IGRT were defined and discussed along with state-

of-the-art and their limitations. Chapter 4 introduces the disparity-regularised block matching

(DBLM) to address the challenges of the non-rigid registration in IGRT by including a structur-

ally constrained loss function. This chapter describes the DBLM methodology whose results

were highlighted and discussed. The feasibility of extending the DBLM for other medical

applications will be introduced in Chapter 5 along with its results and discussion. Chapter

6 characterises the impact of including a structurally constrained loss function in the pseudo

image synthesis. After discussing the DBLM’s limitation, this chapter discusses the CycleGAN

based image synthesis, their loss functions and the contour propagation framework. Following

them, this chapter analyses the impact of the structurally constrained loss in the 2D and

3D based image synthesis and their impact in contour propagation. Finally the thesis ends

with the Conclusion in Chapter 7 that encompasses the research outcomes and the future

research.



Chapter 2

Image processing in Image-guided

Adaptive Radiotherapy

2.1 Introduction

Imaging and image processing techniques are the key image-based activities involved in ART,

hence they are the backbone of IGRT. In that sense, the clinical workflow of the ART is

discussed in this chapter to layout where this research fits in the ART along with associated

imaging modalities and image processing techniques. Added to that, it is necessary to list

out the geometric uncertainties in image processing techniques of ART are provided in this

chapter, in the context of treatment planning(re-planning). Since this research is focused on

the offline adaptation of the treatment planning, image registration is defined in the context

of ART in this chapter. Finally, this chapter outlines the fundamentals and the details of the

datasets to setup the foundation of this research’s framework.

2.2 Image-guided Adaptive Radiotherapy

IGRT often uses different imaging modalities such as Computed Tomography (CT), MRI,

Positron Emission Tomography (PET) and Ultrasound (US) for disease severity assessment

and target delineation through, toxicity reduction, dose distribution, and treatment plan adapt-

ation [9,16]. IGRT gives accurate treatment and reduced margins by providing the possibility

of online correction of the deviation of the target. Setup errors and target volume errors are

the broad categories of target deviations. The setup errors define the deviation of the target

from the planned treatment beam. When the original target has changed to patient’s elastic

changes, they are called as target volume errors. The elastic changes in patients are due to

the anatomical changes caused by treatment effects or normal physiologic processes. The

anatomical changes by treatment effects are usually due to weight loss or tumour shrinkage.

Some of the normal physiologic processes are organ motion and day-to-day variations in blad-

der filling. A complex correction procedure that modifies the initial treatment plan with respect-

ive to the current changes by utilising different imaging modalities is known as Image-guided

10
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Figure 2.1: Image-guided Adaptive radiation therapy workflow [9].

Adaptive Radiotherapy. The steps in the IGRT are (1) initial planning, (2) image-guided setup,

(3) repeat imaging and adaptive planning, and (4) treatment delivery as illustrated in Figure

2.1 [9], where the components of IGRT and ART are indicated by the upper and lower boxes.

Using single simulation CT along with images from other modalities, initial planning is done

to establish baseline target volume and functional activity levels. Positional interventions are

taken care of by the image guidance. The adaptive re-planning performs corrections for the

elastic anatomical and functional changes.

In the Treatment simulation step, the CT simulation geometrically relates the radiation beam

and the patient anatomy. In the ART and IGRT, the Target delineation is one of the most critical

component because during this step the radiographers and clinicians co jointly draw contours

on the anatomical structures. This contouring process attempts to match the radiation patterns

and spatial dose distribution with the target while avoiding the normal organs for conformal

radiotherapy. Therefore, contouring the normal organs is equally important comparing the

delineation of the target volume. During the Treatment planning step, the target position

and critical structures are visualised along with the planned radiation beams. This is done

by defining the radiation dose distribution with respect to the machine reference point. The

treatment plan are designed to cover larger area than the target to ensure it receives the

radiation, unavoidably irradiating the normal surrounding tissues more than the target. Not

only the treatment plan has a large target coverage, the treatment plan cannot be altered

reflecting any anatomical changes in the interim periods. These reasons make the original

treatment plan sub-optimal mandating the need of new plan during the treatment.
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As indicated in the Figure 2.1, the initial target/tumour delineation are altered through adaptive

feedback. IGRT is one of the ART methods where several imaging systems are involved in the

planning and administration [17,18], enabling significant dosimetric benefits to reduce poten-

tial toxicity by having a conformal radiation dose distribution through IGRT [19]. The treatment

plan is designed by clinicians based on a single scan of the patient’s anatomy. However, the

time taken for the clinicians taken to delineate contours and organise the treatment plan is

in the order of days. Therefore, representing the target volumetric changes is necessary to

customise the radiotherapy. For this, repetitive volumetric imaging is performed through which

geometrical relationships with the planning scan can be established. Using the relationship

between planning scan and inter-fraction scans, the workload on recontouring can be re-

duced. In this sense, to establish the elastic anatomical changes, non-rigid registration is the

right candidate. But, even after years of research and development, the non-rigid registration

struggles to be the part of ART clinical practice because of its limitations such as unnatural and

unrealistic deformations. Therefore, a non-rigid registration that describes tumour shrinkage,

rectal gas filling, bladder filling, or any other organ changes will aid automatic re-contouring

(re-planning) eventually reducing the time and workload for the clinicians. This paves the way

the importance for monitoring the anatomical changes during the treatment course in the ART.

2.3 Imaging in IGRT

2.3.1 Imaging modalities

Imaging modalities in the IGRT that are involved in the geometric uncertainties correction

strategies can be broadly categorised as radiation based and non-radiation based systems

[20,21]. As the name implies, non-radiation system uses ultrasound, camera-based systems,

electromagnetic tracking systems and MRI-based systems [9]. Ultrasound was used as clin-

ical tool for sites such as prostate, abdomen and breasts. Camera-based systems which are

also known as optical imaging is partially meant only for monitoring a patient’s treatment

surface to track the inter-fraction motion. Electromagnetic tracking systems are mostly used

for real time tracking of the tumour motion using wireless transponders (beacons) and tracking

stations. This technique requires invasive procedure of implanting beacons inside the body.

MRI-based system are used for localisation. Also, it is aimed at integrating the target imaging

and radiation therapy delivery system, despite the challenges of integration and limitations of

MRI.
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Radiation-based systems that are commonly used in IGRT are electronic portal imaging

detectors, cone-beam CT kV and MV imaging, fan-beam kV CT, fan-beam MV CT and hy-

brid systems [21]. The electronic portal imaging detectors replaced the early film based

imaging technology. The cone-beam CT kV and MV imaging were the volumetric guidance

systems directly mounted on the linear accelerators. The fan-beam kV CT nicknamed as

CT-on-rails was introduced to immobilise the patient during the therapy. The fan-beam MV CT

was onboard with the linear accelerators providing the imaging and treatment beams together.

Thus, CT based imaging modalities play a huge part as image-guidance system in the ART

clinical practice [16, 17]. For all these radiation-based systems, gold seeds or coils (fiducial

markers-landmarks in images) are implanted requiring an invasive procedure carrying the risk

of bleeding, infection, and patient discomfort as that of a biopsy procedure [22]. Despite having

the above-mentioned risks and disadvantages like the limited image resolution and the image

acquisition time, CT image based guidance has the advantage of detecting the inter-fractional

tissue changes like prostate deformation, rectal distension and bladder filling. This allows for

onboard (real time) re-planning and dose volume histogram calculation, enabling its usage in

both online and offline IGRT strategies. In particular, helical or spiral tomography scanners

like the CT and cone-beam CT (CBCT) are the focus of this study, since the data for this work

is from these modalities.

2.3.2 CT and CBCT

X-ray CT imaging modality is commonly used in the treatment planning phase of the ART

workflow. The conventional CT scanner rotates an array of detectors around an object and

acquires the X-ray after it passed through the object from the source. In the earlier generation

scanners [23], parallel X-ray beam was projected to the object along with the combined

rotation of the source-detector arrangement. Then the scanners were advanced to the fan

beam projection and only the detectors were rotated to reduce the scanning time. The general

objective of any CT scanner is to acquire two-dimensional (2D) projections i.e. sinograms from

multiple angles and then to apply reconstruction algorithms to generate a three-dimensional

(3D) volumetric representation of the scanned object [24].

In principle, both CT and CBCT scanners fall under the category of multi-slice spiral/helical

X-ray rotating scanner having similar image acquisition procedures with few significant differ-

ences. For instance, CT uses fan beam projection whereas CBCT uses cone beam projection.

However, unlike CT, the CBCT has exposed gantry, flat panel detector, and covers the entire

field of view within a single acquisition. The geometry of the CT and CBCT scanners are

illustrated in Figure 2.2 [25]. In terms of the radiation doses, the CBCT units have approximate

dose range of 5-1073 microSieverts [26] which is comparatively lower than that of the radiation
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(a) CT scanner geometry

(b) CBCT scanner geometry

Figure 2.2: The projection system of X-ray based scanner in three-dimensional
perspective [25].
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dose of the CT, i.e. at least 1200 microSieverts (which maybe more higher depending on the

field selected to scan). Also, the voxels of a CBCT scan is isotropic (i.e. the sizes are equal

in all three dimensions) but the CT voxels are non-isotropic whose size are equal in two

dimension except the third dimension which is usually the z-plane [26].

2.4 Image processing in IGRT

In human anatomy, there are three body planes which are notional geometric planes. They

are coronal or frontal, transverse and sagittal planes [27] as shown in Figure 2.3a. The data

for this study were all acquired from the transverse plane. In medical imaging there are key

DICOM [31] attributes and definitions that needs to be mentioned. For instance, a pixel is the

smallest unit and basic element of an 2D image whereas for a 3D image it is the voxel. Intensity

is the value given to every voxel and the ratio between its largest and smallest possible value is

the dynamic range. DICOM attributes such as Structure Set ROI Sequence and Registration

Sequence are relevant for the contour outlining and registration in Adaptive Radiotherapy. The

coordinates of the clinical contours are saved and accessed as Structure Set ROI Sequence

in RT structure file along with the registration parameters between two different reference

coordinate systems. Figure 2.3b illustrates different coordinate systems and the 3D image

with voxel parameters. Other key DICOM attributes that are essential are Slice Thickness,

Pixel Spacing, Image Position Patient and Image Orientation Patient.

Image acquisition, reconstruction, denoising and registration are the vital image processing

techniques in IGRT. In CT image acquisition, the goal is to estimate the linear attenuation

coefficient (β ) which indicates the magnitude of attenuation that has occurred in a location

defined by a reference location system i.e. a unit per centimetre (cm−1). The raw projection

profile data collected from the detector array undergoes some preliminary pre-processing after

which such data is conditioned. At this stage, image reconstruction techniques like back-pro-

jection, iterative methods, analytic methods, and algebraic reconstruction methods are used to

convert the projection profile data i.e. attenuation readings into the CT numbers. The relation

between CT numbers and the attenuation coefficients is given in Equation 2.1, where βt is the

measured tissue’s attenuation coefficient and βw is water’s attenuation coefficient and 1000 is

the contrast factor that makes it into Hounsfield (HU) scale. And, when the contrast factor is

changed from 1000 to 500, the CT number is referred as EMI numbers. Figure 2.4a shows the

relation between the CT numbers and different tissues with the corresponding gray levels [29].

CT number (HU) =
βt −βw

βw
×1000 (2.1)
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(a) Anatomical planes of the human
body [27].

(b) 3D array with [X,Y,Z] as word coordinates and [i,j] as voxel row-column indices [28].

Figure 2.3: The arrangement of 3D scans as medical images
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(a) CT number with corresponding Gray
levels (b) Voxel intensities in CT image

(c) Voxel arrangement and visualisation as
3D CT image (d) 3D CT image array

Figure 2.4: CT volume representation [29].
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Figure 2.5: Contours of GTV, CTV, PTV and organs at risk (bladder and rectum) [30]

Using the reconstruction techniques, the CT numbers are computed as exhibited in Figure

2.4b [29] and then assigned to the spatial coordinates of the 3D volume array as voxel

intensities as shown in Figures 2.4c and 2.4d [29]. Followed by the image reconstruction,

the next possible step is the image denoising. Since the scanned image is from the detector

array, random electrons (random noise in detector array circuit) causes noisy reconstructed

image. In order to denoise the image, a low pass smoothing filter such as median filter is used

on the CT image eventually improving the signal-to-noise ratio. Once the image conditioning

is done, further image processing techniques will be carried out.

2.4.1 Geometric uncertainties in IGRT and its mitigation

As an example, an axial CT scan of the abdomen is illustrated in Figure 2.5 with the few

organs outlined. The Gross Tumour Volume (GTV) is the region where the abnormal tissue

is measured and Clinical Target Volume (CTV) is where it is suspected that disease might

have microscopic extensions. The Planning Target Volume (PTV) is where the clinicians and

radiographers plan to irradiate and deliver therapeutic dose after taking all misalignments and

deviations into account. In IGRT, the GTV, CTV and PTV decide the margins of the radiation

incidence [30] as illustrated in Figure 2.5. According to the PTV’s margin, the toxicity of the

organs-at-risk i.e. OAR, nearby the cancerous tissue increases, which is a major setback

in ART [32]. Toxicity and several negative side effects have been reported [33] and these
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behave as a limiting factor for the treatment, in-spite of its excellent biochemical control [34–

36]. This explains the importance of the margins drawn over the scanned slices. However, the

margins tend to have misalignments and deviations during treatment planning. In treatment

planning, the CTV tends to move around due to normal anatomical and physiological reasons

and the PTV drawn by radiographers and clinicians are large enough to accommodate these

variations. These margin deviations in ART are usually caused by the geometric uncertainties

due to target delineation, inter-fraction motion and intra-fraction motion [19].

The geometric uncertainties during target delineation depends on the quality of the source

imaging modality and the variability in the target definition. Intra-fraction motion describes the

variability of the target position during the delivery of radiation fraction. A very good example of

this motion is the rectal peristalsis and rectal filling during the dose delivery for PCa treatment.

Inter-fraction motions are usually from the daily setup variation. There are offline and online

strategies to reduce these deviations [37]. To compare the limitations, online strategies re-

quire more information from daily imaging, typically before every treatment fraction, whereas,

an offline strategy uses the acquired scans without immediate intervention. However, both

strategies mandates the involvement of images from multiple imaging modalities [5, 9, 37],

for example CT, CBCT and MRI. Hence, image registration technique is mandate in tracking

these spatial misalignments between two images [38].

2.5 Medical image registration in IGRT

Image Registration (IR) is the automatic alignment process of two images which may have

different levels of spatial similarity [38, 39]. The objective of the image registration is to char-

acterise the relationship of spatial coordinates of corresponding points of the said images and

estimate a geometric transformation. In order to do that, an optimisation process is framed

as shown in Figure 2.6 [40]. In a typical image registration process, the moving image is

iteratively transformed with reference to the fixed image and at each iteration the registration

parameters are validated by a similarity metric. The transformation process includes the image

re-sampling using the interpolator and the metric is the fitness value of the objective function

of the optimiser. In Medical Image Registration (MIR), the geometrical similarity is measured

between the sinogram projections rather than the original image emphasising the importance

and its dependency on the other image processing techniques in medical imaging [39,41,42].

Some of the key applications of MIR in IGRT are patient positioning, auto-segmentation for

adaptive planning, automatic contouring and dose accumulation.
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Figure 2.6: A generic image registration framework [40].

Figure 2.7: Clinical workflow of IGRT with role of MIR

2.5.1 Contour propagation using medical image registration

In the IGRT treatment procedure, as discussed earlier, it is a common practice to utilise

different imaging modalities to provide different anatomical and physiological information from

the subject. For instance, CT provides good spatial accuracy along with the electron density

data required for dose calculation but has poor soft-tissue contrast. MRI provides an excellent

soft-tissue visualisation. Therefore, CT is used for treatment planning as well as the calculation

of the dose accumulation and MRI is preferred for target delineation. More recently, the

information about the intra-fractional and inter-fractional anatomical changes during the IGRT

is gathered by CBCT due to its ability to localise tumour, register the changes and recalculate

the dose distribution [43, 44]. Hence, IGRT for Prostate Cancer treatment involves CT MRI,

and CBCT in the treatment procedure [6].
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Figure 2.8: Contour propagation framework in IGRT
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In the IGRT for PCa treatment, axial scans of the abdomen are acquired from CT, CBCT, and

MRI [8], which demands image registration caused by the anatomical changes due to normal

physiology or radiation. The role of image registration in the clinical workflow of the IGRT in

this study is shown in Figure 2.7. We can find that the target delineation component of the

IGRT workflow shown in Figure 2.1, which is expanded in the Figure 2.7. The planning scan

acquisition is followed by the planning scan outlining done by the clinicians. The organs/tissue

outlining is the most burdensome task for any clinical specialist. Then, the daily treatment

scans, which will be shortly called as treatment scans, are acquired at in a regular time interval

(treatment scan acquisition). In the analysis and plan modification step, the re-planning will be

done using those treatment scans. In order to assist the clinicians in the re-planning process,

the rigid and non-rigid registration are key components as highlighted in the Figure 2.7. Figure

2.8 shows the overall contour propagation framework used in this study [37].

As illustrated in the Figure 2.8, the treatment planning (planning mask generation) is per-

formed using the CT and the treatment progression is monitored using CBCT. The objective is

to alter these outlines or contours (planning mask) based on the intra-fractional and inter-frac-

tional anatomical changes during the radiation treatment using medical image registration.

Medical image registration is employed on the planning CT and intermittent CBCT scans to

characterise these changes geometrically and morph (warp) the contours, eventually making

IGRT, ’adaptive’. This image-based intervention must be robust, since the tumour localisation

and identification are directly related to both the linear accelerometer’s target position and the

collimator’s pattern. Added to that an image-based decision system that aids ART needs to

be accurate and precise.

2.6 MIR Validation using Performance Metrics

Performance metrics that validate the accuracy of the MIR techniques [38,45] can be categor-

ised into image quality and clinical validation. In this section, only the metrics that were

used in this study are defined. Mean absolute error, mean square error, normalised mean

square error, peak signal-to-noise ratio, normalised cross correlation and structural similarity

index are the image quality metrics used in this study. The Dice score is usually used in

the validation of the segmentation algorithms. Since, in this study, the contours outlined by

the clinicians are propagated, the Dice score and Hausdorff Distance can be considered as

metrics that perform clinical validation of the contour estimation.
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In this thesis, the metrics are defined using the signal IM and its estimate ÎM, where M

represents any modality of an image, say CT or CBCT. The Mean Absolute Error (MAE) [46]

is the average of the voxel-to-voxel intensity differences of total elements in all dimensions N

and with N = ni ×n j ×nk, the MAE is given by,

MAE =
1

Nv

Nv

∑
n=x,y,z

|IM(x,y,z)− ÎM(x,y,z)| (2.2)

The Mean Squared Error (MSE) [42,46] is the average of the squared voxel-to-voxel intensity

differences of total elements. The MSE becomes Normalised Mean Absolute Error (NMSE)

when the MSE is divided by the energy of signal and its estimate. The energy of a signal

is given by, EIM = 1
N ∑

N
n=x,y,z I(x,y,z)2 and consequently the energy of the signal’s estimate

EÎM
uses the same definition. With these energy definition the MSE and NMSE is given by

the following equations. And, the normalised mean squared error extends into Peak Sig-

nal-to-Noise Ratio (PSNR), a metric that measures whether the voxel intensities are evenly or

sparsely distributed in the estimate. Thus, when the square of the maximum voxel intensity is

divided by the MSE and the logarithm of the dividend it gives the PSNR [47]. The Normalised

Cross Correlation (NCC) [48] is defined by the mean µ and the standard deviation σ of the

signal and its estimate.

MSE =
1

Nv

Nv

∑
n=x,y,z

|IM(x,y,z)− ÎM(x,y,z)|2 (2.3)

NMSE =
MSE√

EIM ×
√

EÎM

(2.4)

PSNR = 10× log10

(MAX2

MSE

)
(2.5)

NCC =
1

Nv

Nv

∑
n=x,y,z

(IM(x,y,z)−µIM)(ÎM(x,y,z)−µÎM
)

σIM σÎM

(2.6)

Another intensity based metrics is the Mutual Information [48, 49] which is derived from the

entropy and joint entropy for given images A and B. Equations 2.7 and 2.8 defines the entropy

of images A and B respectively with a and b as their voxel intensities. With the joint entropy

defined in Equation 2.9, the mutual information was defined in the Equation 2.10.

H(A) =−∑
a

pA(a) log pA(a) (2.7)

H(B) =−∑
b

pB(b) log pB(b) (2.8)
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H(A,B) =−∑
a,b

pAB(a,b) log pAB(a,b) (2.9)

MI = H(A)+H(B)−H(A,B) (2.10)

The above metrics are more inclined to the voxel intensity values and the Structural Similar-

ity Index (SSIM) [50] attempts to establish resemblance between the structural components

of the signal and its estimate. The structural components of the SSIM are luminance, contrast

and structure which are defined in Equation 2.11.

SSIM(IM, ÎM) =
(2µIM µÎM

+ c1)(2σIM ÎM
+ c2)

(µ2
IM
+µ2

ÎM
+ c1)(σ2

IM
+σ2

ÎM
+ c2)

(2.11)

The Dice Similarity Coefficient (DSC) [51] measures the mean volume overlap between

the structures, contours and binary masks. Here, the Dice score was calculated between

the predicted contours/masks with the clinician’s contours/mask according to Equation (2.12)

where Vt is the actual structural volume outline by clinicians and Ve is the mask estimate.

DSC = 2× |Ve ∩Vt |
|Ve|+ |Vt |

(2.12)

The Hausdorff distance [52] is the maximum distance of a set to the nearest point in the

other set measuring how distant two subsets of a metric space are from each other. Equation

(2.13) defines the Hausdorff distance, where a and b are points of sets A and B respectively,

and d(a,b) is the Euclidean distance between a and b.

HD(A,B) = max
a∈A

{
min
b∈B

{
d(a,b)

}}
(2.13)

While DSC measures the overall agreement between two contours, Hausdorff distance

measures the disagreement representing a single large error between contours. Hence, both

volumetric agreement based metric and distance disagreement based metric were considered

to evaluate the contour estimation.

2.7 Details of the datasets

In this thesis, three study datasets are considered for the hypothesis evaluation, namely Blar,

cfLungDNA and PRINTOUT datasets. These datasets were collected as a part of several

clinical research studies conducted in the Edinburgh Cancer Care, Western General Hospital

funded by the NHS Scotland. The subjects consented for the research and every researcher

including the thesis authour has signed the confidentiality contracts to gain access for the

data. All data has been anonymised for the research purposes, however, they are not publicly

available. All the datasets are collected from subjects suffering from cancer such as bladder,

lung, and prostate cancer. The Blar dataset has axial abdominal scans of CT. The cfLungDNA
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has follow-up CBCT scans of lungs. The PRINTOUT dataset has axial abdominal scans from

CT and CBCT. These 3D medical image specifications and other associated definitions are

the fundamental information that will be carried out throughout this thesis which then will be

referred whenever required.

2.7.1 Blar Dataset

The aim of the Blar study was to improve the treatment of bladder cancer patients [53]. The

planning scans were all acquired with an empty bladder. During treatment patients were asked

on alternating weeks to either drink normally (UR) or not to drink anything during the 3 hours

prior to treatment (R). Repeat scans were performed on a weekly basis, which were rigidly

registered and prefixed with letters A, B, C, etc. For instance, A1 indicates that the data is

the 1st follow-up scan of subject 1 and E8 is 5th follow-up scan of subject 8. This naming

convention was followed for all the scan files. Bladder volumes were outlined as the volume

within the outer bladder wall in all relevant slices from dome to apex. These were stored as

DICOM RT structures using the same coordinate system as the planning CT scan. These

outlines/contours were then converted into binary logical masks to calculate the Dice score.

Voxel size is 1 mm×1 mm×3 mm and CT image array is 512×512×No.o f slices. In total,

8 patients were included in this study, each containing a planning scan. However, due to the

variation in the number of follow-up scans, not every patient data had 8 treatment scans.

2.7.2 cfLungDNA Dataset

The aim of this study is to assess the possibility to detect pre-treatment tumour cell free DNA

(cfDNA) in peripheral blood of lung cancer patients [54]. These patients are in the early stage

lung cancer receiving Stereotactic Ablative Body Radiotherapy (SABR). Characterising the

impact of SABR radiotherapy on tumour cfDNA, cardiac cfDNA and lung cfDNA during radical

radiotherapy for Non-Small Cell Lung Cancer (NSCLC) is the prime focus of this dataset.

In this dataset, along with the biochemical signatures and biological information, there are

follow-up CT scans for each patient that were acquired on the 4th and 12th month after the

radiation therapy. The voxel size of 4th CT scan is 0.7559 mm×0.7559 mm×2 mm and the

aspect ratio is 512×512. The voxel size of 12th CT scan is 0.8926 mm×0.8926 mm×1 mm

and the aspect ratio is 512× 512. From the voxel size and aspect ratio of both scans, it can

be observed that the array size and the physical co-ordinates of scans will differ accordingly.
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2.7.3 PRINTOUT Dataset

The aim of the PRINTOUT study was to improve the treatment of prostate cancer patients

by Stereotactic Body Radiotherapy (SBRT) [55].The planning CT scans of patients were all

acquired as per standard policy. The structures in the scans were outlined as contours and

were saved as DICOM RT Structures files. On the day of treatment, cone beam CT (CBCT)

scans of patients were acquired before and after radiotherapy. Each patient data were named

by a unique patient identifier ZCxxx where xxx represents numbers in the format, say 001,

002 etc. Currently there are 11 patient data with planning CT scan, pre and post treatment

CBCT scans acquired from Philips and Varian system respectively. The voxel size of CT

and CBCT scans were identified as 0.9258 mm × 0.9258 mm × 1 mm and 0.9080 mm ×
0.9080 mm× 1.9885 mm respectively, along with their aspect ratio as 512× 512. Similar to

the cfLungDNA dataset, the array size and the physical co-ordinates of CT and CBCT were

different for this dataset. DICOM files corresponding to different slices and the modality were

named randomly inside a patient dataset folder, thus demanding a data preparation process.

Using DICOM metadata, files were categorised based on modality, series number, content

time and slice location. After the categorisation, several CBCT scans were found for a patient

data. Then based on the time of acquisition, the most recent scan data was identified as the

post-treatment CBCT scan and the CBCT scan that precedes immediately was identified as

pre-treatment CBCT scan. Using DICOM metadata of a RT structure file, its corresponding

planning CT was identified. The contours from the RT structure files are converted from

physical co-ordinates into image array co-ordinates using the voxel size and those image

co-ordinates are converted into masks. Thus all contours of planning CT are converted into

3D binary masks. In order to reduce the data loading time, after the data preparation process,

all image data, metadata, and binary masks were saved as MAT files which will be loaded

whenever it is necessary, say, training the neural networks.

2.8 Conclusion

Image processing techniques in IGRT were highlighted in this chapter along with the defini-

tions for this research.This chapter introduces the IGRT and the medical image fundamentals

which has laid the foundation required for the research. In this chapter, significant geomet-

ric uncertainties in IGRT causing high toxicity in patient were indicated to emphasise the

gravity of this research. Further, in this chapter, the imaging modalities, image processing

techniques, medical image registration, and contour propagation was defined in the context

of ART. Without these information, it would be very challenging to discuss any ART based

research and its challenges. From this chapter, the relation between different modalities in

ART along with the image processing techniques associated with it were discussed. By this,

it laid the background on how the medical image registration is associated with the contour
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propagation. The overall workflow introduced in this chapter not only provided where this

research fits, but also the significance of this thesis. In addition, details of the dataset used in

this research were discussed in this chapter which provides the importance and nature of the

subjects involved in this research. Thus this chapter has laid the foundation for the research

that focuses on altering the PTV according to the misaligned CTV. The definitions of all the

performance metrics used in this work were too provided. Finally, with an overview of medical

image registration and its involvement in IGRT that was introduced in this chapter has paved

for the detailed discussion in Chapter 3. Thus, this chapter has become the fundamental

chapter covering the foundational knowledge which is a prerequisite for this thesis.



Chapter 3

Medical Image Registration in IGRT

3.1 Introduction

Contour propagation relies heavily on the geometrical relationship between the planning scan

and on-the-day-of-the treatment scan. In order to establish the geometrical relationship, med-

ical image registration techniques are usually employed on the scan images. Therefore, a

detailed discussion about the medical image registration in IGRT setting is important at this

juncture. Hence, this chapter covers the medical image registration techniques associated

with IGRT. An overview of medical image registration techniques along with the classification

will be briefly discussed. Then the fundamentals of the rigid and non-rigid registration will be

discussed. Following this, the block matching based non-registration technique is introduced,

since it is the prime focus of the proposed contour propagation technique. After setting up the

fundamentals of the medical image registration techniques, the state-of-the-art techniques

will be highlighted to emphasise the relevance of this research. As much as pointing out

the benefits of the state-of-the-art techniques is important so is its limitations. Hence, the

limitations of the state-of-the-art medical image registration techniques will be highlighted in

this chapter along with the limitations of non-rigid registration techniques in IGRT. In addition,

the definitions of the MIR performance metrics that will be used in this research are provided

in this chapter. Thus this chapter will stage the vitality of the medical image registration

techniques that are involved in IGRT particularly in contour propagation, following the fun-

damentals laid out in the former chapter.

3.2 Image Registration Algorithms

The estimation of spatial alignment between two objects in same or different coordinate

systems is referred to as ’registration’. The spatial mapping function fT transforms a point

XA in an image IA to another point as XB in image IB as in Equation 3.1

XB = fT (XA) (3.1)

28
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Here, the image IB is the reference (static) image and the image IA is called the target (moving)

image. The registration process alters the transformation function T (spatial mapping function)

to provide the alignment and correspondence between the two point sets of the reference and

the target images. Thus, image registration has to determine the best transformation and

correspondence together by estimating a Displacement Vector Field (DVF) followed by the

image warping based on the defined correspondence. This chapter focuses on the techniques

that are applicable only to the ART that are used in this study.

3.2.1 Problem Formulation

In any image registration problem, the aim is to find the spatial coordinate transformation

matrix T that aligns a moving image Im over a fixed image I f , i.e. T : Im → I f . Common Image

Similarity Measure (ISM)s such as mean squared difference, normalised cross-correlation,

and mutual information are defined as a function fL that relates T , Im and I f as in equation

(3.2) where Tρ is the parameterised transformation. This relation is used as an objective

function for an optimisation procedure that gives an estimated transformation parameter ρ̂

as the output. A regularisation term fR is usually added to the function for improving the

smoothness of the transformation. The notations are used as in [56].

ρ̂ = argmin
ρ

{
fL

(
Tρ; I f , Im

)
+ fR

(
Tρ

)}
(3.2)

3.2.2 Classification of MIR algorithms

Medical image registration has been classified using various criteria from the literature [38,57,

58]. However, this thesis focuses only five classification criteria that are involved in the ART

clinical practice and research namely, subject, object, modality, dimensionality, and transform-

ation, which are illustrated in Figure 3.1. These classification criteria were more focused on

the definition of the classification than comparing it with each other. For instance, the modality

based registration method cannot be compared with the subject based methods. Therefore,

these classification criteria help us to understand what type of image registration technique

would fall when it is used in ART. With the subject, as the classification criteria, the image

registration performed between the images that are acquired of a single patient is referred as

intra-subject registration and if the images are from different patients then it is referred as

inter-subject registration. When the image from a single patient is registered to the pseudo

image constructed using many subjects and other modalities from the image information

database i.e. the atlas, hence this registration is named as atlas registration. The next classi-

fication criteria is based on the object i.e. anatomical site considered for the image acquisition.

The major sites are head, thorax, abdomen, pelvis and perineum, limbs, and, spine and

vertebrae. The local sites in head are brain or skull, eye and dental. In abdomen, apart from
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(a) Image dimension
(b)

Patient-to-patient/model (c) Organs/Sites

(d) Imaging modality (e) Transformation based on nature and domain

(f) Similarity metric based transformation

Figure 3.1: Image Registration Classification Criteria [57]
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kidney and liver, generally all over the site is considered for the imaging along with the pelvis

and perineum. Entire thoracic region is chosen including cardiac and breast sites. When ima-

ging the components of skeletal system, generally limbs that are considered for imaging are

femur, humerus, hands, spine and vertebrae. There are four classes of registration techniques

can be recognised based on the modalities. The registration of images belonging to the

same modality is the monomodal registration (e.g. CT-CT) and when the images are from

different modalities, it is the multimodal registration (e.g. CT-MRI). In modality-to-model

and patient-to-modality registration, of the two images considered for registration, only one

is from imaging modality and the other is either a constructed mathematical model of anatomy

or physiology or the patient. An example of modality-to-model registration is the registration of

MR brain image to a compartmental model of gross brain structures defined mathematically.

A clear example of patient-to-modality registration is in the radiotherapy treatment. In the

treatment, the patient is positioned with the aid of registration of in-position X-ray simulator to

a pre-treatment anatomical image. Although the registration is performed using images, the

actual task of patient positioning is patient-to-modality registration.

The dimensionality criteria segregates whether all dimensions are spatial or time is added

as another dimension as well. Normally the 3D-3D technique applies to the registration of

volumetric tomographic datasets or a 3D data with a vector obtained from a bio-signal data.

2D-2D registration may apply to separate slices from tomographic data or intrinsically 2D

images. When a spatial data is aligned directly to a projective data or a single tomographic

slice it is the 2D-3D registration. Time series of images are acquired at various time interval

for different applications. The same techniques as for spatial-only registrations apply to two

time series images. Image similarity metrics also aid in categorising the image registra-

tion techniques, namely landmark, intensity and feature based methods. Landmark based

registration computes the transformation between two images from the fiducial markers

that could be external or internal. Normally, three pairs of landmarks are used to calculate

the target registration error which then used as a metric for the optimisation. The intensity

based techniques use image intensity values and calculate metrics such as mean absolute

error, sum of squared differences, correlation coefficient. Using these intensity based metrics,

the optimisation performs the search of the optimum transformation parameters. And, when

lines, curves, point clouds, or surfaces are extracted from the images are used for similarity

metric calculation instead of image intensity values, the registration process becomes feature

based registration. The next image registration classification criteria is the transformation.

A transformation when applied to a whole image it is global and if subsections have their

own transformations then its local. The other classification criteria is the nature of geomet-

ric transformation namely affine, rigid and non-rigid registration methods. Since these

methods are used in ART clinical practice and used in this thesis, only they are discussed

elaborately in the following Section 3.3.
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3.3 Rigid and Non-rigid registration in IGRT

3.3.1 Rigid registration

Affine transformation is usually used in rigid body problems that has no image scaling in-

formation. The affine transform with all 12 degrees-of-freedom (DOF), say 3 DOF each for

translation, scaling, rotation, and shearing, preserves co-linearity and distance ratios. With

affine transformation it is possible to transform Im to make it geometrically similar to I f using

the point correspondence transfer relation

[
x′
y′

z′
1

]
= Tm×

[
x
y
z
1

]
, whose transformation matrices

Tm [46] are given as,

Translate :


1 0 0 ∆x

0 1 0 ∆y

0 0 1 ∆z

0 0 0 1

 (3.3)

Scale :


sx 0 0 0

0 sy 0 0

0 0 sz 0

0 0 0 1

 (3.4)

Shear :


1 hxy hxz 0

hyx 1 hyz 0

hzx hzy 1 0

0 0 0 1

 (3.5)

Rotation about the x axis :


1 0 0 0

0 cosθx −sinθx 0

0 sinθx cosθx 0

0 0 0 1

 (3.6)

Rotation about the y axis :


cosθy 0 sinθy 0

0 1 0 0

−sinθy 0 cosθy 0

0 0 0 1

 (3.7)

Rotation about the z axis :


cosθz −sinθz 0 0

sinθz cosθz 0 0

0 0 1 0

0 0 0 1

 (3.8)



3.3. Rigid and Non-rigid registration in IGRT 33

Rigid body transformation is a shape invariant transformation which can allow only translation

and rotation, hence the rigid registration is considered a special category of affine transforma-

tion. The rigid transformation matrix [9,51] provides 9 DOF in 3D which is similar to the affine

transformation matrix except the 3 DOF of shearing, whose point correspondence transfer

relation is given as, 
x′

y′

z′

1

=


tx

r ty

tz

0 0 0 1

×


x

y

z

1

 (3.9)

where t=

[
tx
ty
tz
1

]
is an arbitrary translation vector and r is a 3×3 rotation vector defined by,

Raxi,axj
=R1

axiaxj
×R2

axiaxj
×R3

axiaxj
, (3.10)

R1
axiaxj

=

1 0 0

0 cosα1 −sinα1

0 sinα1 cosα1

 (3.11)

R2
axiaxj

=

 cosα2 0 sinα2

0 1 0

−sinα2 0 cosα2

 (3.12)

R3
axiaxj

=

cosα3 −sinα3 0

sinα3 cosα3 0

0 0 1

 (3.13)

i.e. Rax rotates the image around axes axi to axk by an angle αax. Thus a robust rigid

registration algorithm that employs the above mentioned transformation between two scans is

essential, particularly in high precision IGRT, to correct and verify the patient setup errors.

The major applications of rigid registration in the IGRT are 2D portal image registration,

2D projections to 3D volumetric image registration, and 3D volumetric registration [9]. The

objective of the single portal image registration is to achieve optical alignment between the

approved reference portal image and the daily portal image via 2D transformation. The next

application is to compute the 3D pose of the patient using the registration performed between

3D CT and daily 2D x-ray projection images. In order to increase the accuracy and flexibility

than the former methods, 3D volumetric images are acquired before the radiation treatment on
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a daily/weekly basis. To summarise, it can be considered that rigid registration is a compens-

ation applied only for setup errors and rigid body misalignments. However, rigid registration

will not be able to estimate any form of elastic deformation limiting its capability in the contour

propagation.

3.3.2 Non-rigid registration in IGRT

Linear transformations such as rigid and affine are more than adequate to solve the rigid body

changes. However, they are unable to characterise the soft tissue anatomical changes. This

gives the need of non-linear image registration techniques. As indicated in the Section 3.2.2,

elastic/non-rigid registration can be categorised as parametric and non parametric techniques.

In broader sense, these are differentiated by the description of the pixel changes. A parametric

technique describes the co-ordinate changes using control points and a polynomial model,

whereas a non parametric technique describes the change as a field of vectors [9, 38].Three

common parametric registration techniques are Thin-plate spline (TPS), Elastic body spline

(EBS), and B-spline.

Thin-plate spline [59] is a transformation that relies on the generic Radial basis function (RBF)

centred at the control points and alters them. In the context of image registration, the spatial

grid points are the control points and the RBF are centred at these points. A linear summation

of shifted RBFs provides the needed coordinate transformation for non-rigid registration. The

elastic body spline [60] is similar to the TPS except for the interpolation. The interpolation of

TPS is logarithmic but for EBS it is Navier partial derivative equations (PDEs). This Navier

PDEs propagates a displacement assuming a tissue deformation is similar to an elastic

material. The general form of the RBF-based transformation used in both EBS and TPS is

given as,

t(pix) = (a× pix)+b+
N

∑
i=1

ciR(pix− pixaxi), (3.14)

which describes the spatial mapping of a moving image point pix to its transformed location

t(pix) in the fixed image. The a and b are the affine transformation coefficients. The weighted

summation of RBFs R with caxi
weights describes the non-linear deformation. The RBF of

TPS is RT PS = rd logr,r = pix− pixaxi , where d is the total dimensions of the image and the

RBF of EPS is the Navier PDEs that calculates the field f(pix) is,

f(pix) = τ∆u(pix)+(τ +κ)∆ [∆ .u(pix)], (3.15)
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where u(pix) is the displacement of a point from its original position, ∆ 2 and ∆ represent the

Laplacian and gradient operators, with τ and κ as Lamé coefficients. On expanding the above

relation, produces a system of 3N equations with 3N affine and 12 non-linear coefficients.

From the stability criterion, the summation of all weights including the first moments must be

zero [61], thus solving the TPS and EBS. The system of equation is,[
K P

PT 0

][
C

A

]
=

[
Q

0

]
, (3.16)

where A is a 4 × 3 matrix of affine coefficients, C is a 3N × 3 of non-linear coefficients,

Kaxiax j = R(pixaxi − pixax j) with R is RT PS or REBS. Finally, P and Q are the control points or

landmarks in moving and fixed images.

B-splines is the base free-form deformation (FFD) which does not require the landmarks as a

prerequisite. This technique has local support of the control points influencing only the local

displacement field rather than the whole field unlike the TPS or EBS. Similar to the TPS and

EBS, B-spline separates the net deformation into affine and non-affine transformations, but the

control grid size and control point grid directly affects the accuracy of the image registration.

The b-spline transformation matrix T is defined using different B-spline function B as follows,

T (z,y,z) = Taffine(x,y,z)+Tnon−rigid(x,y,z) (3.17)

Tnon−rigid(x,y,z) =
2

∑
l=−1

2

∑
m=−1

2

∑
n=−1

Bl(u)Bm(v)Bn(w)φi+l, j+m,k+n (3.18)

where, φi, j,k is the control point grid of size ni × n j × nk and spacing of δx(t)× δy(t)× δz(t),

i = [x/δx(t)], j = [y/δy(t)], k = [z/δz(t)], u = x/δx(t)− i, v = y/δy(t)− j, w = z/δz(t)− k,

B−1(r) = (1−r)3/6, B0(r) = (3r3−6s+4)/6, B1(r) = (−3r3+3r2+3r+1)/6, B2(r) = r3/6,

and r is either u, v, or w.

Since the b-spline does not require control points and performs a free-form deformation

estimation, it does not solve a system of linear equations as in TPS and EBS to obtain a

closed form solution. However, it uses an optimisation procedure that finds the maxima or

minima of a cost function whose general form is given as,

Csimilarity(Im, I f , fT (x,y,z))+λCsmooth( fT (x,y,z)), (3.19)
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where the Csimilarity(.) is defined to minimise and improve the registration between I f and Im

with Csmooth(.) as a regularising constraint to maintain the smoothness of the control point grid.

It is to be noted that the non-parametric approaches belong to only a fraction of all different

types and there are very few non parametric registration techniques namely, ’Demons’ method

and its variants, diffusion-like approaches and viscous fluid modeling [9]. Since clinical studies

[62] have evaluated only the ’Demons’ for the contour propagation, other non-parametric

methods were not discussed in this thesis. The Demons method [63] is the base method

and the others are its variants. In the Demons method, has two steps. The first step attempts

to define an active force at each voxel. The force’s direction is opposite to the direction of the

image gradient, with a magnitude proportional to the gray level difference between the two

images. The second step is the smoothing of the vector field using a Gaussian filter. These

two steps are iterated until convergence is reached by the optimiser. In this algorithm, the

sum of squared differences (SSD) are computed and included as the dissimilarity component

(DSSD) of the cost function. At each iteration, the local displacement u(x) at the location

x are calculated using the following equations, where ui denotes the displacement field at

iteration i, Gσ (.) denotes a Gaussian kernel of variance σ , ∇I f (x) is the gradient of the image

I f at the location x and ◦ performs function composition between ∇DSSD(x,ui) and ui(x).

∇DSSD(x,u) =
I f (x)− Im(x+u(x)

∥∇I f (x)∥2 +α2(I f (x)− Im(x+u(x)))2 ∇I f (x), (3.20)

ui+1(x) = Gσ (∇DSSD(x,ui)◦ui(x)), (3.21)

Gσ (x) =
1√

2πσ
exp−

x2

2σ2 , (3.22)

The performance of TPS is dependent on identification of control points followed by its quantity

and distribution. Further, the TPS relies on interpolation that requires the landmarks. These

landmarks paves the possibility of having positional error, eventually degrading the perform-

ance of the registration. Even though EBS manages to overcome TPS’s limitation by using

Navier PDEs, it performed well only with small deformation. The b-spine do not need the

landmark selection like TPS and EBS, and it is optimsation based method. However, it is

iterative, search based tagged along with high computational costs and lengthy run times. The

Demons method has balance between speed and precision, i.e., it compromises accuracy for

execution time.

Non-rigid registration techniques that were discussed here, links the anatomy from different

modalities by preserving sensible voxel-to-voxel mapping. The biggest restriction in the adapt-

ive planning in IGRT is the amount of time taken for a radiation oncologist to re-draw contours

on the scans acquired at regular intervals, say on a daily basis. The non-rigid registration

obtains the transformation matrix from the planning CT and the in-room CBCT and uses that

to re-draw the contours, i.e. enabling the auto-segmentation for adaptive planning. With this
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strategy, the daily anatomical changes can be monitored and change the dose distribution

accordingly during the treatment course or propagate the contours over the other scans

acquired at different time. Thus, a semi or fully automatic non-rigid registration quantifies

image-to-image variations, to reduce anatomical uncertainties and safe dose escalation, and

has the possibility to become a key enabling tool in IGRT.

3.3.3 Block matching based Image registration

Motion analysis and estimation in video compression [66] has been a part of the technology for

decades, particularly block matching strategy as illustrated in Figure 3.2 is the most common

approach used since introduced first by [46] in 1981. The concept of block matching based

motion estimation is to find patterns that are similar between two images and estimate their

displacements. An image is divided into non-overlapping macro-blocks and then compared to

the corresponding blocks and its adjacent neighbours within a pre-determined window inside

the other image. The matching of one block is based on the output of a cost function defined by

the similarity metrics. The cost function calculates costs for all locations in the search window

and the block location having the least cost is considered the best matching block. When a

similar block is found, the displacement of the macro-block is denoted by a vector termed as

motion vector. This step is repeated for all the macro-blocks generating a collection of motion

vectors and this process is the motion estimation. There are several search methods such as

full/exhaustive search (ES), three-step (TSS), new three-step (NTSS) [67], simple and efficient

search (SES) [68], four-step (4SS), diamond (DS) [69] and adaptive rood pattern (ARPS) [69].

However, there are few limitations in the block matching based motion estimation, such as

expensive computational cost, unreliable motion estimation and poor performance around

moving edges [70]. The key factor that contributes to the computational cost is the searching

method. As the name suggest, full/exhaustive search is the most computationally expensive

process that attempts to look at all points in the grid to find the best match, whose strategy is

elaborately discussed in [64] and [65].

The extension of the block matching based motion estimation as a medical image registration

technique has been attempted since the late 90s, whose strategy is illustrated in Figure 3.3

[71]. The block matching based non-rigid registration [72, 73] uses the generic motion vector

estimation method and applies them to deform the images locally. The block matching based

rigid registration is a special case of the block matching based non-rigid registration with

much larger search window and an outlier correction scheme. The block matching based rigid

registration [74,75] is iterative and has two steps for every iteration in the optimisation process,

after the floating image re-sampled to have the same image grid as the fixed image. The first

step is to match homologous points in the two images by maximising a similarity measure

between intensities of sub-images/blocks around these points i.e computation of motion vector
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(a) Block matching in search window [64].

(b) Motion Estimation using the Fitness Evaluation (Cost function) [64].

(c) Role of motion vectors in video compression [65].

Figure 3.2: Block matching strategy for video compression applications.
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Figure 3.3: Block matching strategy for medical images [71].

field. These blocks are compared with other blocks in the neighbourhood/search window. And

through suitable parameter estimation method those motion vectors are used to estimate the

global rigid transformation parameters to compute the global transformation and apply it on

the floating image with reference to the fixed image. The block size must be able to make the

similarity measure meaningful along with the facility to support analysis at multiple resolutions.

The search method for block matching is usually focused on reducing the computational time

but when the images are from medical imaging modality, the priority changes from being more

faster to more accurate.

3.4 State-of-the-art MIR techniques in IGRT and their limitations

It is essential to discuss the merits and demerits of all available image registration methods.

However, this section strictly confines with the discussion of the image registration methods

that were used in research studies of radiology, oncology, and clinical evaluation for ART,

considering the scope of this thesis. Therefore, the traditional methods and state-of-the-

art such as machine learning and deep learning based methods that are closely related

to the IGRT, ART have only been discussed than the largely available literature, methods,

and practice. Hence, every method that is mentioned henceforth will be reviewed in the

context of ART clinical practice and evaluation. Rigid and affine transformation based image

registration [17] is still a part of the ART clinical practice. However, these traditional methods

have improved consistently through finding optimum similarity metric calculation, interpolation

and optimisation.
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In the intensity based registration, similarity metrics are calculated using the voxel intens-

ities values whereas in the feature based registration techniques, the metrics are calcu-

lated between the features extracted from the images. The features extracted, i.e., local fea-

ture descriptors are categorised as gradient-based, intensity-based, spatial frequency-based,

moment and probability-based, learning-based and Convolutional Neural Network (CNN)-

based methods [76]. The intensity based metric is influenced by the non-uniform intensity

distribution, varying illumination, and noise in the images. The intensity based methods are

developed to address the non-uniform intensity distribution and illumination changes [77,78].

The gradient based methods use the gradient distribution in the detected regions, gradient

location and orientation [79–81]. The gradient based similarity metrics are more optimal to

large geometric distortion and rotation, but they have poor computational performance.

Spatial frequency based methods using descriptors such as shape contexts [82, 83], direc-

tionlets [84], steerable filters [85], affine invariant [86] and fractional fourier or wavelet trans-

form [87] to be invariant to rotation, scaling, translation, and reflection. The spatial frequency

methods are more resistant to the noise and more accurate than the former methods but

their applications are limited such as large scales with arbitrary rotations. Chain code [88],

moment invariants [89], and probability descriptors [90] are the example of moment and

probability-based methods [88–90]. The moments and probability based methods depends

on more hidden variables and has low convergence rate causing its unsuitability for high

dimensional and large scale data even though the an algorithm’s computational structure is

stable. The learning-based and convolutional neural network-based methods of the feature

based registration are discussed along with the other machine and deep learning techniques.

And non-rigid registration techniques [17] such as Demons, Diffusion, and Viscous Fluid

Modelling that relies on several interpolation techniques [39, 57, 91] like thin-plate spline,

elastic body spline, b-spline, and cubic b-spline are studied extensively as well, whose lim-

itations are discussed elaborately in a separate sub-section. The image registration was

defined as ill-posed problem [92] and attempted to solve by optimisation methods. Most

common optimisation methods as listed by [93] are Powell’s conjugate gradient descent, non-

conjugate descent, stochastic gradient descent and Marquardt-Levenberg. Recent research in

the optimisation is the development of adaptive stochastic gradient descent optimiser [94,95].
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Apart from the commercially available tools to perform MIR using the above-mentioned meth-

ods, there are many software and algorithms that are publicly accessible giving a wider

choice to the community such as Automated Image Registration, Advanced Normalisation

Tools, Automatic Registration Toolbox - 3dwarper, bUnwarpJ, DRAMMS, Drop, Elastix, Flex-

ible Algorithms for Image Registration, FMRIB’s Non-Linear Image Registration Tool, Tool

of Giles, HAMMER, MIRTK, Tool of Kroon, NiftyReg, Plastimatch, Symmetric Log-Domain

Diffeomorphic Image Registration, Statistical Parametric Mapping and 3D Slicer are critically

reviewed in [96] and their characteristics are highlighted in Table 3.1. These tools show that

they fall under different categories of methods whose limitations were discussed earlier except

the non-rigid registration which will be discussed in later part of this chapter.

MIR in ART has to geometrically define the anatomical changes in the images for both contour

propagation and dose estimation. Many image registration studies are conducted for prostate

cancer imaging and image analysis using the traditional and modified traditional methods.

[37, 97–108]. However, the influence of an image’s structural components in IR techniques

is significant in the overall process. Hence, methods that are able to describe every organs’

motion and their outline using the structural components of the image improve the registration

accuracy, and eventually improving the accuracy of contour propagation and dose estima-

tion [37, 109]. Feature descriptors such as spatial frequency based descriptor as discussed

above use the structural information as similarity metric. Similar to it, modality independent

neighbourhood descriptor (MIND) is a multi-dimensional image descriptor that represents the

distinctive image structure in a local neighbourhood extracted based on the patch distance

regardless of the image modality. MIND was introduced as a similarity metric [110] which was

then developed into non-rigid registration framework using diffused regularised deformable

registration [111], atlas based registration [112], and CNN based registration [113, 114]. In

addition, motion models are formulated and attempted to characterise an organ’s or tumour’s

morphological behaviour through sequential scan and organ’s motion data [115–120]. Also,

physics inspired methods are studied to understand the local motion and deformations in

image sequences [121–123]. The motion models required organ motion data and other data to

characterise the motion and map it with the transformation field and the physics based models

needs more investigation. Further, machine learning based approaches were attempted to

predict the target shifts using anatomical features from scans for prostate radiotherapy [124]

which are discussed later in this section.
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The block matching based rigid [125, 126] and non-rigid registration [127–129] techniques

have extended its capability to ART applications [130] along with the clinical evaluation stud-

ies [62, 131]. From the clinical studies [62] and [131], it was found that the block matching

based registration has outperformed the other techniques with the Dice score of 0,7-0.8, and

Hausdorff Distance of ≈ 3 mm for both rigid and elastic body transformation. Despite the high

performance metrics, the block matching based registration has several limitations such as

computational complexity, image similarity metric calculation for multi-modal images, iterative

search strategy that finds cost matrix indices that has lowest cost, and post calculation of

motion vector regularisation [62, 96, 125, 127, 129, 132–134]. However, all the above-men-

tioned traditional and improved traditional methods, including rigid and non-rigid registration

are challenged in contour propagation by soft tissue deformation occurred due to breathing

motion, internal organ distortion or drastic patient weight loss from planning to delivery. The

limitations of a non-rigid registration focusing the contour propagation, which will be addressed

as the primary scope of this thesis, are elaborately discussed in Section 3.4.1. In this thesis,

these limitations of the block matching based registration and the contour propagation will be

attempted to overcome by the proposed regularisation techniques.

Deep Learning Neural Network (DLNN) [135] is a multi-layer network architecture with filters

(convolution and pooling) and nodes (fully-connected perceptrons) that adapts its weights

(learning) in accord to the labelled data. Researchers have been studying to solve the non–

linear misalignment problems through various IR techniques and non-linear models through

Machine Learning (ML) [136] and Deep Learning (DL) [137–142] approaches. Since 2015,

hundreds of articles focusing the deep learning based image registration technique been

published which are compiled and reviewed in [143] and [144]. However, in this thesis, as

indicated earlier, these techniques are discussed based on the perspective of clinical evalu-

ation and significance. Therefore, in this section, the architectures are introduced followed by

the different methods and their limitations.

CNN is a type of DLNN that has regularised multilayer perceptrons [145]. Instead of having

matrix multiplication, it performs the convolution using multiple convolution filters. These con-

volutional filters have increased the feature extraction capability making this as one of the

most successful models for image analysis. On each input feature maps, trainable multiple

convolutional kernels are slided across to extract multi-channel feature maps. Using several

convolutional layers in CNN, hierarchical features are extracted. These features then usually

go through the multiple fully connected layers before reaching the final classifying layer. In

order to promote network’s spatial invariance and reduce image size, maxpooing filters are

used. Further, to reduce the covariant shift within the training samples normalisation layers

such as batch and instance normalisation are used. In addition, to overcome overfitting,

dropout layers and weight regularisation are used in CNN. The loss function in CNN training
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is defined as the difference between the target and predicted output. Finally, a CNN is trained

using optimisation methods where the optimisers minimise training losses by gradient back

propagation. The CNN is classifier network and it is impossible to apply it for image registration

problem as it is. Therefore, researchers have come up with various DLNN architectures to

use CNN in medical image registration, which are U-net [146–148], Spatial Transfer Network

(STN) [149], and Generative Adversarial Network (GAN) [150].

An U-net is an encoder-decoder style network as shown in Figure 3.4a, which has skip

connections. A encoder–decoder CNN, also known as autoencoder, is a type of DLNN which

learns to copy its input to output with minimal or no supervision [151]. In general, an autoen-

coder consists of an encoder which encodes the input into a low dimensional latent space

and decoder restores the input from that latent space. When an autoencoder networks has

internal skip connections, it becomes an U-net. The regularisers prevent the U-net network

from learning an identity function. The encoder with several convolutional layers and max

pooling layers the input image is downsampled into lower resolution several times. Then, the

decoder uses equal number of deconvolutional layers. Using these deconvolutional layers,

the lower resolution feature maps were then upsampled into the reconstructed image. In this

case, with the training data, the U-nets are trained to predict the displacement vector fields

directly [152–154].

A STN as shown in Figure 3.4b has three major components-namely, a localisation network, a

grid generator and a sampler [149]. The localisation network is a CNN that takes feature maps

as input and outputs the parameters of a spatial transformation. These transformation para-

meters are used to generate a resampling grid by the grid generator. The differentiable image

sampling is performed by a linear sampler using the grid generated. The objective function

optimised in image registration networks is a similarity/disimilarity metric calculated between

the warped moving image and fixed image with the suitable regularisation techniques. The

localisation network learns the transformation θ from the input image U. With θ , the grid

generator generates grid and bilinear sampling is applied to voxel coordinates from U to V,

after updating parameters via back propagation. When a STN predicts a rigid transformation,

it generates a six parameters, namely, three rotation and three translation parameters. For

non-rigid registration, a STN estimates a deformation field of input image’s size.
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A GAN based image registration framework is illustrated in Figure 3.4c [144]. The framework

has a CNN based U-net and a STN. The U-net takes the moving image and fixed image as

input and predicts a deformation field, then the STN deforms the moving image based on the

predicted deformation field. In this framework, there is a CNN based discriminator which clas-

sifies whether a predicted transform is true or false. This is an end-to-end registration network

that use both CNN and STN jointly to estimate the transformation and warped moving image.

When the network is trained, the losses of similarity between the warped moving images and

fixed images and regularisation on displacement vector fields would update the parameters

of CNN for one forward prediction. And, the generator must generate true predictions which

discriminator should classify them as true as well. This prediction represents the registration

between new image pairs.

Even though, all three architectures are used in the prediction of the transformation, their

performance cannot be compared in terms of architecture. More than the architectures, the

DLNN based image registration framework’s similarity metrics, learning methods, and loss

functions used in the training process decide the image registration accuracy. Similar to the

traditional image registration, the problem in deep learning neural network [56] is formulated

by transformation parameter ρ, neural network function fθ and network’s parameter θ as in

ρ = fθ
(
I f , Im

)
. However, unlike the conventional method, the transformation parameter ρ is

not optimised to match I f and Im but the network’s parameter θ is updated according to the

similarity measure as in θ̂ = minθ

{
fL

(
Tρθ

; I f , Im

)
+ fR

(
Tρθ

)}
where θ is the optimised

transformation. This is achieved by including the image similarity measurement in the training

of the network as a part of loss function that contributes in the network’s learning. According

to [143], the DL based IR methods are categorised into (1) Deep similarity-based methods,

(2) Reinforcement learning (RL)-based methods, (3) Supervised transformation prediction,

(4) Unsupervised transformation prediction, (5) GAN in medical image registration, (6) Re-

gistration validation using DL, and (7) Other learning-based methods [155–157] and shown

in Figure 3.5. Except the Registration validation, all other methods merits and limitations

are discussed further in this section. Since the traditional performance metrics have been

considered for this study, the DL based registration validation falls beyond the scope this

thesis.
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(a) An example U-net based encoder-decoder network to predict deformation field for image
registration

(b) A spatial transfer network with U and V as input and output respectively

(c) An example GAN-based registration combining U-net and STN with a CNN-Discriminator to
synthesise the deformation field and warp image simultaneously and realistically

Figure 3.4: Common Deep learning architectures used in MIR [144]
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Figure 3.5: Categories of DL based methods in medical image registration [143]

The deep similarity metrics are used as the ISM component instead of the traditional similarity

metrics for both monomodal and multimodal IR framework. These metrics are the scores

generated by the DLNN based similarity networks that are trained to classify the patch-wise

correspondence [158] or the alignment between the image pair [159] or learn using the para-

meters that evaluates the registration accuracy [160]. In addition to the mentioned metrics,

networks are trained to learn the intrinsic feature representation [161]. Similar to the limitations

of the traditional methods, the deep learning based methods too have several limitations.

Deep similarity metrics has shown its ability to improve the registration accuarcy, when they

replaced the traditional similarity metrics in the conventional image registration techniques.

However, the registration process was still iterative in nature and computationally complex

despite having better similarity metrics. In order to circumvent these constraints of the Deep

learning based similarity metrics based image registration, DLNNs are trained to predict the

transformation field directly.

In reinforcement learning, an artificial agent modelled using DLNN is trained to learn the

rigid and non-rigid transformation directly from the images using the ground truth alignment

obtained from the traditional algorithms [162–167]. The reinforcement learning based MIR

was initially attempted but only to find limitations such as the transformation models were

constrained to low dimensionality and the registration was treated as a classification problem,

thus limiting its model only to be rigid transformation model. Followed by the reinforcement

learning based methods, is the supervised transformation prediction.
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In the supervised transformation prediction, generating known transformation of image pairs

is mandate, which are random, traditional registration based and model-based methods [113]

and it needs ground truth transformation which is hard to generate. When training labels and

segmentation labels are used in the network training without any ground truth transformation,

the learning process is known as weakly supervised [147, 168]. Supervised transformed

prediction has improved the registration accuracy but it has not significantly outperformed

the traditional methods [113]. The ground truth transformation generation is one of the key

challenges of supervised methods. The generated transformation might not reflect the true

physiological motion, or capture the large variations, or the images used during prediction are

different from the training data. The unsupervised transformation prediction was proposed to

overcome the lack of training data through several proposed modifications, even with studies

that are focused on bridging the quality gap between the deep learning based methods

and the state-of-the-art conventional methods [169]. However, they are solely focused in

monomodal registration and very few studies have been extended into multi-modal registration

and largely varying datasets.

Studies were then explored to investigate the unsupervised training of the DLNN to circumvent

the limitation of known transformation availability. More focus was given towards the training

loss that used image similarity, transformation smoothness, inverse consistent and anti-folding

as a part of loss function [56,114,148,155,170–175]. GAN is used to improve the transform-

ation prediction by regularisation and to perform cross-domain image mapping. GAN based

regularisation terms [176–178] were included in the network loss by training discriminators

to differentiate, (1) a transformation is predicted or ground truth, (2) an image is realistic or

warped by the predicted transformation, and (3) an image pair alignment is positive or negative

[113]. Image domain translation using GAN in MIR is to extend the monomodal application into

multi-modality by synthesising pseudo modality images [141,179–185]. There are two steps in

the Image-to-image synthesis (I2I) and DL based MIR techniques. The first step is to convert

the moving image’s modality into the fixed image’s modality using the generative networks

i.e. pseudo moving image [186–189]. Then apply monomodal registration techniques on the

pseudo moving image and fixed image, since both belong to the same modality. The I2I

and DL based MIR technique in ART is discussed below. Registration accuracy estimation

and validation by deep learning approaches uses Siamese network base image similarity,

target registration error, and other registration error index [190–192]. In addition to these

advancements, deep learning based block matching techniques have also been explored

to denoise 2D [193, 194] and 3D images [195], estimate motion of objects between the

images [196,197], and validate registration outputs [198].
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Figure 3.6: Deep learning architectures used for I2I translation, after [199]

In the I2I and DL based MIR techniques for ART, the network architectures that are commonly

used are generic multi-layered DLNNs, GAN and Cycle-GAN [199] as shown in the Figure

3.6. The generic multi-layered DLNNs such as autoencoder, U-net and GAN were defined

and discussed previously. The CycleGAN enables the unpaired translation of images from one

domain to another. The cycleGAN has two generators and two discriminators. Two generators

are trained during forward phase and backward phase. During these phases, the difference

between real images and regenerated images is called the cycle consistency loss. Aiming to

minimise, two cycle consistency losses from each domain’s real and re-synthesised images is

the unpaired training. The generic multi-layered DLNNs based I2I has only one loss function

but the GAN and Cycle-GAN based I2I uses more than one loss function and several CNNs

networks along with the capability of unsupervised learning. The broad categories of deep

learning-based synthetic CT generation in radiotherapy are MR-only radiotherapy, CBCT-CT

adaptive radiotherapy and PET attenuation correction [200]. The MR-only radiotherapy has

the potential clinical applications such as daily image guidance, plan adaptation and position

verification purposes [199, 201–203]. Although very few studies have been contributed to

the synthetic CT generation using CBCT for radiotherapy, they are mostly focused on the

daily patient setup. And the most common approach for re-planning [187,204,205] and dose

calculation [206] is image-to-image synthesis based registration. The network accuracy for
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synthetic CT generation is heavily depended on the loss functions that are used in the gen-

erator networks and when CycleGAN is used, the usual network losses are adversarial loss,

identity loss, and cycle consistency loss [207]. Since these losses are intensity based losses,

losses that incorporate structural components such as gradient based losses [186, 208, 209]

and structural similarity index [210, 211] has been investigated to improve the synthesised

image’s quality.

The GAN based IR has effectively changed the multimodal image registration problem into

a monomodal image registration by performing image domain translation. One of the key

limitations is the non-availability of the aligned pair of training data. Even though, unsupervised

learning does not need paired data, image-to-image synthesis by deep neural networks have

several limitations, which are discussed as follows. The absolute intensity mapping after an

image translated from one domain to another by GAN needs more investigation. I2I and DL

based MIR has generality limitations [212] and the network losses are insufficient to improve

structural image quality despite using them in 3D networks and its variants [208–211]. From

the above studies CT to CBCT synthesis studies, it was observed that the MAE between the

real image and synthetic image was in the range of 50 mm to 70 mm, the SSIM was in the

range of 0.7 to 0.9, and the Dice score in the range of 0.7 to 0.9. Despite these performance

metrics, improved CycleGAN architectures and different losses are attempted, to improve the

quality of the generated pseudo image. It is because residual discrepancies are still found in

synthetic images generated by CycleGANs, for certain soft anatomical sites such as pancreas,

prostate, and other moving organs [199].

3.4.1 Challenges of non-rigid registration in IGRT

The Table 3.2 summarises the limitations of the image registration techniques that are asso-

ciated with the IGRT which agrees with [213] that assessed the role of AI in the radiotherapy.

The rigid and affine registration has been included in the clinical practice because of three

significant reasons. First reason is, these registration methods are not depending too much on

the data, i.e., they are not data-driven approach. Second reason is, these method are robust

and consistent. Finally, the third reason is that these method does not result in unnatural and

unrealistic deformations. Thus, any rigid body transformation has become a reliable method

for the clinicians and radiographers. However, in case of the non-rigid registration, due to the

listed limitations, as listed in the Table 3.2, they predict transformation that yield unnatural and

unrealistic deformations. Hence, these methods are not robust and inconsistent, eventually

making less reliable for the clinical applications. Further, methods that are completely based

on deep learning approach has key limitations such as non-availability or non-accessibility of

training data, and data dependency, either heavily (Supervised) or lightly (Weakly supervised).

When a deep learning based non-rigid registration is developed, not only it has all limitation
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(a) Illustration of registration error caused by smoothing of displacement field. Left: Moving image;
Centre: Fixed image; Right: Warped moving image to match with the fixed image. The shape of the

tumor was dragged unrealistically due to the smoothing requirement inside the non-rigid image
registration algorithm

(b) If the planning CT has an empty rectum (left), registration errors may occur near the area of CT
images containing the rectal gas. Incorrect rectal wall is detected by an autosegmentation algorithm
(middle column). An improvement in autosegmentation can be seen in the CT images on the right
column

Figure 3.7: Challenges of non-rigid registration in IGRT [9]
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that was mentioned above, it adds the limitations in terms of clinical perspective as well.

Any machine learning or deep learning based medical image registration method is usually

developed using relatively small dataset when compared with the other datasets available for

non-medical applications. This calls for the validation, reliability tests and quality assurance

tests of these methods, before incorporating these methods into the clinical practice. Thus, in

thesis, a contour propagation network that was not heavily data-driven, not computationally

intensive, and that does not result in unrealistic and unnatural deformations is proposed,

eventually bridging the gap between the state-of-the-art and clinical practice.

Many clinical applications attempt to include the non-rigid registration despite the challenge of

measuring the accuracy of the algorithm. A non-rigid registration algorithm typically causes a

registration error of magnitude 6 to 10 mm (2 to 5 voxels) [9]. This magnitude is considered as

large error particularly in radiation therapy applications. Three major factors that influence the

accuracy of the algorithms are intensity inconsistency, motion discontinuity, and correspond-

ence ambiguity [6, 9, 37, 213]. Intensity inconsistency [9, 213] is a huge obstacle in CT-CBCT

registration. The scattering and beam hardening effect, the CT numbers in CBCT are not

calibrated well. Due to this reason, the probability of an object in CT and CBCT having the

same intensity is very low. Thus, this factor degrades the performance of the algorithm that

relies heavily on voxel intensities. The second factor is the assumption of motion discon-

tinuity [6, 37]as illustrated in Figure 3.7a. Most of the algorithms assume there is no motion

discontinuity allowing the incorrect smoothing of the vector field by the regularisers. This leads

to the unrealistic warping of the objects in the image. Hence, an ideal regularisation process

should be elastic and rigid that allows only natural deformation by restraining any unnatural

deformation. The third factor is the implicit expectation of one-to-one voxel correspondence

physically, i.e. correspondence ambiguity [37] as illustrated in Figure 3.7b. Correspondence

ambiguity could happen in the CT images when a brachytherapy applicator is inserted or

removed causing a drastic difference in the shape of the tissues. The other significant problem

in the prostate cancer treatment is due to the daily anatomical changes caused in rectum by

rectal gas filling. The natural changes of the rectal gas fillings causes huge registration error

between the scan having empty rectum and the scan having gas-filled rectum. This thesis is

focused in addressing all three limitations and attempts to incorporate the non-rigid anatomical

changes of the patient in the scans, delineation/contours, and treatment course, consequently

a step towards reducing the toxicity and improving the Adaptive Radiotherapy.
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3.5 Conclusion

Contour propagation in IGRT is performed by establishing a geometrical relationship between

the scans using MIR techniques. This chapter introduced the rigid and non-rigid registra-

tion used in the ART. Further, in this chapter, improvements in the traditional techniques

and machine/deep learning based approaches were discussed as state-of-the-art registra-

tion techniques. From this chapter, it was understood how rigid registration methods were

robust and part of the ART clinical practice and how they were limited to the rigid body

transformations. This chapter also discussed the limitations of non-rigid registration methods

and listed in Table 3.2. From this chapter, it was understood how the traditional and improvised

traditional non-rigid registration methods were hugely influenced by the poor contrast and

noisy images. Also this chapter aided in identifying, how the performance of the non-rigid

registration techniques in IGRT are negatively impacted, whenever images from modality

having poor contrast are registered.

The deep learning based methods were then developed to overcome the limitations of the tra-

ditional and improvised traditional non-rigid registration methods. However, these approaches

were heavily dependent on the availability of the data and ground truth transformation. To

overcome this, the weakly-supervised deep learning approaches were developed but they

are yet to be investigated for multi-modality. Synthetic image based methods were generat-

ing unrealistic and unnatural tissue deformations. Finally, these methods were including the

structural information, either partially or not at all.

Overall, all limitations of non-rigid registration techniques both traditional and state-of-the-art

methods were summarised to be intensity inconsistency, motion discontinuity, and corres-

pondence ambiguity. Therefore,a method that are capable to overcome the above-mentioned

limitations must be developed. Further, the proposed method must be having non-iterative

strategy and less computational complexity. Also, the proposed method must include the

structural information eventually improving the the performance of the non-rigid registration

and contour delineation. Thus, this chapter has reviewed the rigid and non-rigid registration

techniques and identified the limitations, eventually, aiding in developing the method that

resolves all aforementioned challenges.



Chapter 4

Block matching registration with

disparity-regularisation

4.1 Introduction

In line with the various approaches of the radiotherapy, this thesis focuses on the treatment

plan adaptation. The daily anatomical changes found in the scan acquired on the day of

the treatment must be transferred to the dosage plan. This chapter focuses on an image

registration technique that establishes the geometrical relationship between the planning scan

and the on-the-day-of-treatment scan followed by the transfer of those changes onto the

plan. Traditionally, block matching based deformable registration uses iterative optimisation

to find the best matching block and incorporates a pyramidal approach to perform multi-

resolution block matching [125]. Usually, in non-registration methods as discussed in Sec-

tion 3.3.2, the regularisation is part of the optimiser’s cost function but the regularisation

of motion vectors in the block matching based non-registration is performed post motion

vector calculation. To regularise the estimation of motion vectors the usual approach is to

smooth them by recursive filtering [129] or to apply optimisation techniques [132] or by outlier

rejection schemes [127] and other approaches are mentioned in Section 3.3.3. This allows

the motion vector estimation to overlook the spatial pixel information of a nearby region of

a block consequently not accounting the local anatomical constraints. Therefore, to address

these problems, an algorithm that considers the aforementioned information during the motion

vector estimation and regularisation, not after calculation, is required. Unlike previous attempts

at block matching based deformable image registration, the aim of this work was to develop

a method to establish a similarity based geometrical relationship between a group of slices of

a scan to another slice of a different scan. This is achieved by generating 3D motion vectors

regularised by distance and neighbourhood vector orientation.

In doing so, the purpose of this work is investigating the impact of propagating a clinically-

defined contour on a volumetric CT scan acquired before and after radiotherapy. The probabil-

ity of all cancer care centres having a high-performance computing station is very minimal and

the time taken for any computer-assisted contour propagation framework should be less than

half an hour considering the work hours it will take for re-planning. Therefore, it is mandate

55
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for an image registration that propagates contours must be a non-iterative so that it will avoid

repetitive changes of estimated displacements. Also, the method must be non-pyramidal so

that it will not change the resolution coarser to finer enabling a time bounded algorithm. In

that direction, a disparity regulated block-matching image registration method is proposed to

estimate an organs’ motion in on-the-day-of-the-treatment scan with reference to the planning

scan. The performance of the approach is compared with selected methods from clinical

evaluation studies [62, 96, 133, 134]. The proposed method attempts to mitigate the motion

discontinuity and the correspondence ambiguity, as discussed in the Section 3.4.1.

4.1.1 Terminology

Block matching and image registration are widely used terms in the medical image processing.

When both are used in a single framework it requires the use of consistent terminology

throughout the workflow whose strategy and definitions were provided in Section 3.3.3.

Block matching: A motion estimation method that estimates possible displacement of sub-

-images of an image with relation to a corresponding larger sub-image belonging to another

image .

Block matching criteria/Disparity function: A cost function that finds the best match by finding

the block that has minimum cost using the exhaustive search between two images.

Objective function: A cost function formulated to perform image registration as an optimisation

problem.

Iteration: A single execution of the iterative optimisation algorithm which is counted until

convergence is reached.

Motion/Displacement vector field : A transformation field, or set of motion vectors, generated

between two images based on the similarity metrics.

Penalty Term/Regularisation: A smoothing constraint/function added to the disparity function

or block matching criteria while calculating the image similarity measure.

4.2 Disparity-regularised block matching

The conventional block matching technique [66] is a way to establish spatial correspondence

between a fixed (target/reference) image and a moving (source) image. In conventional block

matching, a block of pixels in the moving image is searched and matched to a block of pixels

in the fixed image using a suitable matching criterion. Although, a full exhaustive search is a

computationally intensive process, the accuracy of the motion estimation is prioritised over the

computational time, since this is a critical biomedical application. During the block matching

process, the coordinates of a block belonging to moving image determines the location of the

corresponding search space in the fixed image. The size of the search space is determined

by the search parameter. Inside the fixed image’s search space, a moving image’s block is
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traversed and the position with the greatest similarity to the fixed image block is identified

as the displaced location index. Using that location index, the motion vector of a moving

image’s block is calculated. After calculating motion vectors for all blocks in a moving image,

the collection of all motion vectors is called the motion vector field or displacement vector

field. Then the block size is changed from coarser to finer in a step-wise manner to perform

a multi-resolution block matching i.e. pyramidal block matching to reduce the computational

cost.

Due to these limitations, the conventional block matching method struggles to be the part of

the ART clinical practice where the accuracy can be traded off for the algorithm complexity

or vice versa. That is, the block matching cannot compromise accuracy or it can have longer

computational time. To overcome all these, a disparity-regularised block matching (DBLM)

is proposed which is non-iterative i.e., it does not update the motion vector repetitively until

all the vectors have been calculated. Also, the proposed method does not change the block

sizes from coarser to finer which increases the computational time and supports only fixed

finer resolution, hence non-pyramidal. The complete contour propagating process using the

DBLM based non-rigid registration technique is illustrated in Figure 4.1 and its algorithm was

provided in Algorithm 1.

Figure 4.1: The contour propagating process using disparity-regularised block matching.
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In DBLM, a block from treatment scan slice (fixed image’s block) is searched in the space

defined from several slices of the planning scan (moving image) and the regularisation is

performed during motion vector calculation. Thus, DBLM is a modified version of conventional

block matching in which the proposed change is in search space consideration and two-pass

regularisation. Therefore, the DBLM method requires three inputs to generate two outputs.

The inputs to the proposed DBLM method are the planning scan, its corresponding mask

(binary mask from contours known as the planning mask) and the corresponding treatment

scan. The DBLM’s outputs are the treatment scan estimate and the treatment mask estimate

(altered planning mask). At each step in the DBLM, a slice per slice-location is estimated for

both the treatment scan estimate and the treatment mask estimate. For this estimation, the

DBLM chooses several slices from the planning scan and one slice from the treatment scan

unlike traditional block matching. In the slice selection process, the planning scan’s slice that

corresponds to the treatment scan slice’s location (3D array page index), is chosen along with

its available predecessor and successor slices. The search space for a block in a treatment

scan slice is defined in the chosen group of planning scan slices. At this point, instead of using

conventional block matching criteria, a two-pass regularised disparity function is used which

is discussed in the following Section 4.3.

By performing the above-mentioned procedure, motion vectors for all planning scan slices’

blocks are estimated. These vectors collectively form a 3D motion vector field. The generated

3D motion vector field is considered as an exclusive field because these motion vectors alter

the planning scan slices’ blocks (warping) to form a treatment scan slice estimate through the

geometrical relationship of a treatment scan slice at a specified slice-location. After the 3D

motion vector field generation, the planning scan slices and the corresponding planning mask

slices are warped using the 3D field to predict the treatment scan slice estimate and the treat-

ment mask slice estimate at the corresponding treatment scan slice-location. These estimates

are then compared with the ground truth treatment scan slice and its corresponding mask to

evaluate the accuracy of the estimated motion vectors. This procedure is repeated at every

slice-location until the algorithm reaches the last treatment scan slice (last page of treatment

scan 3D array). Thus the DBLM technique generates many exclusive 3D displacement vector

fields to estimate a treatment scan and a treatment mask.

A conventional image registration method usually alters every vectors in a displacement

field until the optimisation algorithm converges in order to match a moving image with a

fixed image. In contrast, the DBLM generates several displacement fields and performs local

optimisation through its DBLM and local exhaustive search, making DBLM a non-iterative

non-rigid image registration technique. Usually in the block matching based registration, the

transition of the block size from coarser to finer is meant for the rigid transformation and non-

rigid registration that attempts to solve large body elastic deformation. However, the block size

in the DBLM was not changed from coarser to finer to address the large elastic deformation,
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Algorithm 1: Two Pass - Exhaustive Search based Motion Estimation
Input: Block size N , search window size Ns and regularisation parameters λ1 and λ2
Output: Block-wise Motion Vectors
Data: Fixed & Moving Images
Result: Displacement Vector Field

1 Initialisation;
2 Assign block size, search window and regularisation parameter;

/* First Pass */

3 repeat
4 for every blocks in fixed image’s search window and moving image’s block do
5 Measure Image Similarity;
6 Calculate Distance Regularity;
7 Sum the above-mentioned parameters into a Cost measure;
8 Store the Cost measure;
9 end

10 Find the minimum Cost and the corresponding motion vector;
11 Store the motion vector;
12 until there is no available blocks;
13 Calculate all motion vector’s orientation;
14 Perform neighbourhood summing operation on the orientation;

/* Second Pass */

15 repeat
16 for every blocks in fixed image’s search window and moving image’s block do
17 Measure Image Similarity;
18 Calculate Distance Regularity;
19 Find the corresponding summed Orientation Regularity;
20 Sum the above-mentioned parameters into a Cost measure;
21 Store the Cost measure;
22 end
23 Find the minimum Cost and the corresponding motion vector;
24 Store the motion vector;
25 until there is no available blocks;
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because the deformation of the large scale objects are dealt consistently by the two-pass reg-

ularisation term. So a multi-scale approach is not necessary, making DBLM a non-pyramidal

method, consequently less computationally intensive than the conventional block matching.

Since, the proposed DBLM based registration, uses the voxel intensity as similarity metric,

it falls under the category of intensity-based and similarity-metric based registration method.

Finally, the DBLM based non-rigid image registration technique propagates contours from the

planning scan using its spatial relationship with its treatment/current scan as a way to alter

the treatment plan in ART.

4.3 Motion estimation in disparity-regularised block matching

In block matching based registration, as illustrated in Figure 4.2 there are different search

spaces for block matching registration. In the one slice vs one slice search space [48, 66],

one slice of treatment scan is compared with one slice of planning scan, whereas in the

one slice vs many slices search space, one slice of treatment scan is compared with many

slices of planning scan. In the proposed DBLM, one slice vs many slices search space

was adopted along with the two-pass regularisation. The key modifications proposed for

the block matching based registration are in regularisation technique and search space. In

terms of regularisation, a two-pass regularisation was proposed i.e., distance and orientation

based regularisation. In terms of search space, many slices were considered instead of single

slice. These modifications made the motion estimation process in DBLM, a more robust and

regularised estimation impeding the unnatural deformation.

Initially, a bt [m,n] block of size N ×N belonging to a treatment slice is scanned over several

bp[m,n,z] blocks of size N × N in the search area of size Ns × Ns × Nz belonging to the

corresponding planning scan slices, where Ns = N + p, p is the search parameter and Nz

is the number of planning scan slices per group. The ISM is computed for all corresponding

locations (Candidate Displacements) in a search area, say (i, j,k), giving a disparity cost

matrix of size (2p+ 1)× (2p+ 1)×Nz. The MAE is the ISM of this work and it is calculated

using the expression

ISM(i, j,k) = ||bt [m,n]−bp[m,n,z]||, (4.1)

where, bt [m,n] ∈ It [N ×N], bp[m,n,z] ∈ Ip[Ns ×Ns ×Nz], m is the row index, n is the column

index, It is a treatment scan slice in the 3D array and Ip is a planning scan 3D array.

During the first-pass, a block in a treatment scan slice traverses in all candidate displace-

ments defined by the search space (exhaustive search) in the planning scan slice group. The

disparity cost at all locations is calculated according to (4.1) with the addition of a distance-

based penalising term. As a block traverses in its search space, the λ1 scaled Euclidean

distance of candidate displacements is added to the cost. The distance penalty term penalises
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(a) One slice vs One slice search space (b) One slice vs Many slices search space

Figure 4.2: Comparison of exhaustive searching in the block-matching applied in the ART.

the disparity function’s cost when it tries to match the pixel blocks that are far from the

vicinity of the search space’s centre, thereby bringing the anatomical constraints as a part

of regularisation. Thus, all first-pass motion vectors are calculated as per Equations. (4.2) and

(4.3).

[î, ĵ, k̂] = arg min
(i, j,k)

{
ISM(i, j,k)+(λ1 ×dist(i, j,k))

}
(4.2)

[di,d j,dk] = [ ĵ− p−1, î− p−1, k̂−Nz −1] (4.3)

For the second-pass, the orientation of neighbourhood motion vectors from the first-pass are

considered as the prior information to re-calculate a motion vector for a block in the treatment

scan slice. Using the vector dot product formula, all first-pass motion vectors’ angles are

calculated and a vector’s neighbourhood angles are summed as in Equation (4.4). Then they

are scaled by a factor λ2 and added to the disparity function’s cost along with the distance-

based penalty term, which are shown as in Equations. (4.5) and (4.6). The vectors’ orientation

from the neighbouring blocks (nh) restrains vectors by penalising a non-aligning motion vector,

unless corresponding pixel data pushes it in a different direction along with the distance

regularisation. Initially, random values were used for the hyper-parameters (λ1 and λ2) in the

disparity function of DBLM. Then, the seed point for the hyper-parameter search optimisation

was identified through the hit and trial method. From the above method, it was observed

that, when λ1 and λ2 were too large, the DBLM estimated that there were no displacements.

And when they were too small, the DBLM estimated erroneous displacements. Further, loss

function for this hyper-parameter tuning optimisation was based on the Dice similarity score.

Using this loss function and the seed point, optimum λ1 and λ2 values were identified using

the stochastic gradient with moment method. Gradients in the optimisation were calculated

using finite difference approximation method. Thus, the λ1 and λ2 values were tuned to the

range of 0-3000 HU which can be reused whenever any two 3D scans were normalised to the
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above-mentioned intensity range.

Ω(i, j,k) =
nh

∑
in=1

arg∠([di,di,dk]) nh ⊂ [i±1, j±1,k±1] ∈ ℜ (4.4)

[î1, ĵ1, k̂1] = arg min
(i, j,k)

{
ISM(i, j,k)+(λ1 ×dist(i, j,k))+(λ2 ×Ω(i, j,k))

}
(4.5)

[d′
i ,d

′
i ,d

′
k] = [ ĵ1 − p−1, î1 − p−1, k̂1 −Nz −1] (4.6)

4.3.1 Performance evaluation

To assess the performance of the proposed method, three image registration methods were

chosen namely, b-spline, demons, and pyramidal block-matching (BLMP) based on the clinical

evaluation studies [62, 96, 133, 134]. Parameters for these methods were also taken from the

clinical evaluation studies focused on abdominal CT-CT image registration. Also, performance

metrics [51] for clinical validation (Dice score), image quality (normalised mean squared

error) and the computational time were measured to test the performance of the proposed

method. The definition of Dice score and normalised mean squared error can found in Section

2.6. In general, computational time varies according to the hardware. So, for performance

evaluation it might not be as effective than other measures. However, it was chosen in this

study to have a benchmark on the code optimisation. Several code optimisation methods

such as pre-allocation, vectorisation, and paralleled for-loops were included which helped in

the development of DBLM without the computational and communication overloads. Then,

the computational time of the optimised DBLM code was compared against the traditional

and state-of-the-art methods. Since the traditional and state-of-the-art methods used for the

performance comparison were compiled in the executable format, they were already optimised

and readily available. The computational time of the method was checked only for the registra-

tion process and other processes such as data loading and performance metric calculations

were excluded.

Methods chosen for the performance comparison - namely b-spline, demons and pyramidal

block matching - were pre-compiled and built to run in Debian Linux platforms supporting

multi-threading and multi-core execution. This test was conducted on a machine with six

physical cores with two CPUs per socket, hence twelve CPUs in total clocked at 2.70GHz and

supported with 32GB RAM powered by two 16GB Synchronous DDR4 RAM with the a speed

of 3200 MHz. All methods were called inside the MATLAB environment through system func-

tion and their averaged computational time was calculated using the tic-toc function. Finally,

the proposed method was implemented in MATLAB and run through the Parallel Computing

Toolbox. To compare the performance of the proposed method, performance metrics from

clinical studies were divided by the proposed method’s performance metrics. In doing so,

relative Dice score, computational time and normalised mean square error were obtained
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for the comparative performance evaluation. Whenever these relative scores are less than

1 it indicates that the metrics of the proposed method are higher than that of the compared

methods. On the other hand, when they are more than 1, it indicates that the metrics of the

proposed method are lower than that of the compared methods. The Blar dataset used in this

work is discussed in Section 2.7.1.

4.4 Parameters of DBLM based motion estimation

Parameters selected for the proposed block matching algorithm were block size N = 5 voxels,

search space parameter p = 5 voxels, and the step-size for the search is 1 voxel. These

values were chosen emprically to facilitate the DBLM to estimate a displacement vector field

with finer grid and be able to handle the textures in the images. In other words, the resolution

of the field must be higher and the block size must enable the DBLM to do the block matching.

The number of planning scan slices per group Nz (slice thickness in terms of number of slices

in a search space) chosen for the transformation is 3. As described in the Section 2.7.1, each

slice of the CT image array represents the voxel’s depth which is 3 mm for this data. Therefore,

a slice at specific/current slice-location iz was considered 0 and for previous and next slice

were considered −3 and +3 respectively. Hence, the z-component of a motion vector of

the slices will belong to [−3,0,3] and their slice indices be [−1,0,1], when the number of

planning scan slices per group Nz is 3. When Nz is 5, then the z-component of a motion

vector of the slices will belong to [−6,−3,0,3,6] and their slice indices be [−2,−1,0,1,2].

The same applies to the condition Nz = 7 which changes the z-component of a motion vector

and their slice indices to [−9,−6,−3,0,3,6,9] and [−3,−2,−1,0,1,2,3] respectively. Initially,

the DBLM is experimented with Nz = 3 and then its performance is evaluated by increasing

the Nz from 3 to 5 and 7.

4.5 Impact in DVF by Two-pass regularisation

To understand the significance of the two-pass disparity regularisation, the non-regularised

block matching based non-rigid registration was compared with the distance based regular-

isation and distance-orientation based regularisation on the planning scan and the treatment

scan. Figure 4.3 shows the sample input set for the DBLM at a specific slice location with

Nz = 3 and the planning scan slices are in the order Figure 4.3(a)-Figure 4.3(c) and the

treatment scan slice Figure 4.3(d) with the corresponding contours/masks 4.3 (e)-(h) outlined

by the clinicians. Figure 4.3(h) shows the clinician’s contour i.e. the ground-truth for the Figure

4.3(d) which is used for performance metric calculation and the DBLM does not need it for the
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(a) Planning (e) Planning
scan at iz =−3 mask at iz =−3

(b) Planning (f) Planning
scan at iz = 0 mask at iz = 0

(c) Planning (g) Planning
scan at iz =+3 mask at iz =+3

(d) Treatment (h) Treatment
scan at iz = 0 mask at iz = 0

Figure 4.3: A sample set of planning scan slices (a)-(c) with corresponding masks (e)-(g)
and treatment scan (d) with corresponding mask (h) as DBLM’s inputs when Nz = 3.
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(a) 3D DVF with non-regularised motion
vectors

(b) Treatment CT scan slice
overlaid with non-regularised

motion vectors

(c) Magnified section of 3D DVF with
non-regularised motion vectors

(d) Magnified section of Treatment
CT scan slice overlaid with

non-regularised motion vectors

Figure 4.4: DVF and its impact on 3D image with no regularisation

motion vector estimation. Following the non-regularised block matching based non-rigid re-

gistration, distance and distance-orientation based regularisation are applied to those sample

inputs, whose DVFs and its impact on the images are provided in Figures 4.4, 4.5 and 4.6

respectively.

To have a better visualisation of the 3D displacement fields, the slices and their fields were

flattened as 2D vectors and images in all the forthcoming Figures 4.4, 4.5, and 4.6. Also,

the key areas in the images and DVFs were marked in circles and labelled. In Figure 4.4, the

non-regularised DVF was illustrated in full and magnified view. The regions A, B and C marked

in both Figures 4.4a and 4.4b belonged to the regions outside the body having homogeneous

voxel intensity and the block matching must not estimate any displacements. But we could see

non-zero displacement motion vectors were estimated in these regions which was due to the

non-regularised block matching process. Also, in the region D, the estimated motion vectors

are not having a magnitude in accord to the tissue formation leading to an erroneous tissue

deformation and contour propagation. When the distance based regularisation was added
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(a) 3D DVF with distance-regularised motion
vectors

(b) Treatment CT scan slice
overlaid with distance regularised

motion vectors

(c) Magnified section of 3D DVF with distance
regularised motion vectors

(d) Magnified section of Treatment
CT scan slice overlaid with

distance regularised motion vectors

Figure 4.5: DVF and its impact on 3D image with distance regularisation
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(a) 3D DVF with distance and
orientation-regularised motion vectors

(b) Treatment CT scan slice
overlaid with distance regularised

motion vectors

(c) Magnified section of 3D DVF with distance
regularised motion vectors

(d) Magnified section of Treatment
CT scan slice overlaid with

distance regularised motion vectors

Figure 4.6: DVF and its impact on 3D image with distance and orientation regularisation
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to the disparity function (block matching criteria), it mitigated this limitation. The distance

based regularisation increases a block’s disparity cost as it traverses in the search space,

consequently penalising the block’s similarity metric. In other words, unless the similarity

between the treatment scan’s block and the planning scan’s block is high enough to justify

the displacement, the method will generate a motion vector having lower displacement. And,

when the blocks belong to the regions having homogeneous voxel intensities are encountered

by the method, it will generate a zero-displacement motion vector i.e. [0,0, iz], where iz is the

slice index from the 3D search space. In the regions E, F, and G marked in Figures 4.5a, 4.5c,

and 4.5b, the estimated motion vectors were zero-displacement vectors as it supposed to be,

because of the homogeneous voxel intensities which can be compared with the corresponding

Figures 4.4a, 4.4c, and 4.4b. Also, inside the region I marked and labelled in the Figure

4.5d, the motion vectors’ magnitude are distance regularised in the block matching based

non-registration technique as a 1st pass.

Even though, the 1st pass regularisation has employed the distance based constraints, the

region J marked in Figure 4.5d shows the non-aligned vectors. These vectors are non-aligned

in terms of its direction, therefore it is sensible to make the vector’s direction a part of the

disparity function. Hence, one-pass regularisation is insufficient to introduce the anatomical

constraints. Since several displacement vector fields are generated for one patient data, the

non-aligned motion vectors deteriorates the motion estimation consequently the mask estima-

tion. Thus, by employing a two-pass regularisation only could overcome the above-mentioned

limitation. For this, the first pass distance-regularised motion vectors are used to gather the

information of the possible non-alignment in terms of the orientation. The orientation of all mo-

tion vectors calculated during the first-pass was passed as another input to the second-pass

block matching. Then using that information in the form of neighbourhood vector orientation

as the part of the disparity cost function along with the distance based regularisation, the 2nd

pass estimates the motion vectors that are both distance and orientation regularised.

In the second-pass block matching, the orientation of the neighbourhood motion vectors were

added to the disparity costs along with the traverse distance. In the regions M and N marked in

Figure 4.6c, we could observe the re-aligned vectors (highlighted in red colour) along with the

non-aligned vectors (highlighted in blue colour). In addition, by comparing the regions J and

R in Figure 4.5d and 4.6d, the alignment of the vectors could be observed clearly. In this way,

a motion vector can only be at a different angle from its neighbours if the similarity between

the blocks is very high. This results in a non-aligned motion vector from the first-pass being

penalised in the second-pass. Finally, the regions K, L, O, P, Q and R in Figures 4.6a, 4.6c,

4.6b, and 4.6d shows the distance-regularised and aligned vectors that were estimated in

regions inside and outside the body. Thus, the two-pass regularised displacement vector fields
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(a) Two-pass disparity (b) Treatment scan
regularised 3D DVF at iz = 0 estimate at iz = 0

(c) Treatment mask (d) Treatment mask estimate
estimate at iz = 0 overlaid on ground-truth

Figure 4.7: A sample set of outputs for a slice-location iz = 0 from DBLM using inputs shown
in Figure 4.3.
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were able to introduce the anatomical constraints while the vectors were calculated rather

than regularising them post motion vector estimation. By doing this, the DBLM controlled the

unnatural deformation during the registration and contour propagation process without the

erroneous assumption of motion discontinuity.

A sample two-pass disparity regularised 3D displacement vector field is shown in Figure 4.7(a)

which was generated using the scans shown in Figure 4.3(a) to Figure 4.3(d). Then, the

planning scan slices [Figure 4.3(a) to Figure 4.3(c)] and the planning mask slices [Figure

4.3(e) to Figure 4.3(g)] are warped using the displacement field [Figure 4.7(a)] to obtain the

estimates of treatment scan slice [Figure 4.7(b)] and treatment mask slice [Figure 4.7(c)]

respectively. In Figure 4.7(d), the treatment mask estimate is overlaid with the clinician’s

contour (ground truth) to show that the DBLM was able to estimate a treatment mask slice

with marginal difference to the clinician’s contour. However, visual comparison of one slice

belonging to one scan is insufficient to validate the performance of the proposed method.

Hence the next section is dedicated to the performance evaluation.

4.6 Impact on Performance Metrics by Two-pass regularisation

The DBLM based non-rigid registration is an intensity and similarity metric based registration

as mentioned in Section 4.2. Although the motion vector field visualisation as discussed

in Section 4.5 aided in proving that DBLM propagated contours without the assumption of

motion discontinuity, only performance metrics based evaluation could confirm that it did not

expect the correspondence ambiguity. Therefore, to evaluate the potential of the DBLM, its

performance metrics must be compared with that of a parametric, a non-parametric and a

state-of-the-art block matching method. From clinical evaluation studies [62, 131], b-spline-a

parametric, demons-a non-parametric, and pyramidal block matching (BLM-P) were con-

sidered for performance comparison. These traditional methods were used by clinicians to

benchmark any state of the art methods that estimates contour delineation and not necessarily

current trend in the research studies. Therefore, in clinical evaluation studies, a state-of-the-art

block matching was compared with b-spline and demons. Hence, in this study, the DBLM was

compared with b-spline, demons, and BLMP.
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Performance metrics that assess the image quality and contour propagation along with their

computational time were chosen. The Dice score assesses the contour propagation by com-

paring the estimated contour/mask with the clinician’s outlining. The normalised mean squared

error assesses the image quality by comparing the actual treatment scan slice with the es-

timated treatment scan slice. Since mean is sensitive to outliers and median is not, both

are calculated to consider the variability caused by individual subjects/data along with the

standard deviation from all scans’ performance measures. Table 4.1 shows the performance

comparison of all three methods from all 59 scans. Performance metrics of b-spline, demons

and BLMP were divided by performance metrics of DBLM and tabulated in Table 4.3 to

compare the DBLM’s performance through the relative scores. From Tables 4.1 and 4.2, we

can observe that the proposed DBLM takes less computational time than that of all the other

methods. The script execution and the computational time calculation were carried out using

the workstation whose specification was mentioned in Section 4.3.1.

In the Table 4.1, we can observe that the Dice scores from the contours estimated by the

b-spline method is higher than that of the demons method in most of the scans, except a few

such as B2, G2, H2, B3, C3 and E8 i.e. 6 of all 59 scans. When we observe these scores

subject-wise, we could see that these scans belong to the patient 2, 3 and 8 which can be

identified by the scan file indices. This was not found in the scans belonging to the patient 1, 4,

5, 6, and 7, i.e. other 53 scans. Therefore, for approximately 90% of the scans in the dataset,

the b-spline method is able to estimate a better contour closer to the clinical ground truth

than demons method. Even though, the b-spline was better than the demons, the BLM-P and

DBLM outperformed b-spline in the contour estimation of all the scans. Now, the Dice scores

by the BLM-P for most of the scans were lower than the DBLM, except a few such as D1,

E1, B2, E2, G2, E3 and B3 having marginally lower Dice score belonging to the patient 1, 2

and 3. And the DBLM has clearly exceeded in its average Dice score than BLM-P for all the

scans belonging to the patient 4, 5, 6, 7, and 8. Therefore we could conclude that DBLM was

better than the BLM-P for approximately 90% of the scans in the dataset. After calculating

the mean and median of the Dice scores obtained by all the methods, we could see the

quantification of the emerged performance pattern. With the median Dice score of 0.717, the

demons method has performed the poorest in the contour propagation. The demons method

was slightly overtaken by the b-spline method with a Dice score of 0.747 but the BLM-P still

performed better with a score of 0.776. However, DBLM has obtained the highest median

Dice score of 0.805 outranking the b-spline, demons and BLM-P in contour propagation by

estimating contours which were marginally different from clinical ground truth.
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Table 4.1: Performance evaluation of b-spline, demons, BLM-P and DBLM

Scan Dice Computational Normalised
file Score time (sec) MSE
index *

b-spline demons BLM-P DBLM b-spline demons BLM-P DBLM b-spline demons BLM-P DBLM

A1 0.813 0.776 0.79 0.841 748 338 498 335 0.1542 0.2811 0.766 0.292
B1 0.783 0.768 0.805 0.801 749 337 514 286 0.0456 0.0572 0.5355 0.0401
C1 0.683 0.649 0.707 0.743 750 337 524 286 0.13 0.2253 0.6347 0.2306
D1 0.699 0.668 0.761 0.745 749 337 518 286 0.1562 0.288 0.8738 0.3032
E1 0.727 0.721 0.796 0.771 748 336 520 288 0.0574 0.0606 0.4179 0.0518
F1 0.673 0.642 0.705 0.729 746 338 552 285 0.1353 0.2629 1.1028 0.2958
G1 0.646 0.607 0.745 0.754 745 338 526 289 0.0678 0.1059 0.5376 0.0917
H1 0.652 0.625 0.721 0.767 744 337 517 285 0.0393 0.0455 0.349 0.0271
B2 0.833 0.829 0.915 0.893 676 258 497 252 0.0901 0.1351 0.5753 0.136
C2 0.874 0.857 0.917 0.917 675 257 479 248 0.0361 0.0509 0.4238 0.0494
D2 0.856 0.85 0.921 0.891 674 258 482 253 0.0444 0.0601 0.5108 0.0741
E2 0.847 0.812 0.909 0.916 674 258 478 254 0.0233 0.0267 0.4189 0.0311
F2 0.883 0.875 0.911 0.92 674 257 489 249 0.065 0.075 0.5614 0.0692
G2 0.842 0.84 0.908 0.886 674 258 483 252 0.0673 0.0881 0.5224 0.0925
H2 0.78 0.793 0.858 0.827 675 258 481 254 0.0282 0.029 0.4776 0.0262
A3 0.859 0.835 0.832 0.907 596 208 445 226 0.128 0.1502 0.4909 0.1321
B3 0.776 0.779 0.841 0.844 603 208 449 226 0.135 0.1831 0.5086 0.1702
C3 0.654 0.652 0.864 0.737 599 208 443 224 0.0645 0.0622 0.2773 0.0541
D3 0.811 0.779 0.85 0.877 600 208 437 223 0.0789 0.1045 0.3626 0.0922
E3 0.705 0.696 0.899 0.783 605 208 448 226 0.1343 0.1916 0.5161 0.1866
F3 0.782 0.768 0.879 0.867 611 208 449 225 0.0961 0.1111 0.419 0.098
G3 0.75 0.734 0.869 0.824 616 208 453 223 0.1424 0.2219 0.5806 0.2221
H3 0.774 0.757 0.872 0.845 617 208 462 226 0.1207 0.1516 0.4962 0.1366
A4 0.725 0.657 0.658 0.751 389 169 250 143 0.0842 0.1559 0.3108 0.1314
B4 0.717 0.683 0.728 0.74 388 168 249 143 0.0655 0.1227 0.2738 0.0903
C4 0.642 0.617 0.69 0.762 388 167 248 142 0.1002 0.1904 0.3302 0.1729
D4 0.696 0.652 0.697 0.77 390 168 252 142 0.084 0.1615 0.2788 0.136
E4 0.751 0.697 0.762 0.779 388 168 245 143 0.0585 0.1074 0.2303 0.0745
F4 0.761 0.704 0.698 0.8 394 168 249 144 0.0903 0.164 0.3337 0.1278
G4 0.697 0.628 0.723 0.77 388 169 245 143 0.0679 0.1128 0.2461 0.0801
H4 0.701 0.631 0.669 0.788 389 168 254 143 0.0941 0.1491 0.2919 0.1084
A5 0.765 0.743 0.786 0.836 696 324 429 251 0.121 0.1869 0.5715 0.177
B5 0.745 0.717 0.739 0.805 695 324 410 250 0.1058 0.1868 0.5719 0.1792
C5 0.732 0.708 0.741 0.772 696 323 414 251 0.0787 0.1072 0.5009 0.0932
D5 0.747 0.73 0.759 0.805 695 325 409 251 0.1097 0.1781 0.5684 0.1749
E5 0.767 0.724 0.746 0.806 697 323 417 251 0.1059 0.151 0.5967 0.1369
F5 0.724 0.714 0.739 0.803 695 324 405 250 0.0944 0.1519 0.5158 0.1428
G5 0.728 0.715 0.729 0.814 696 322 418 253 0.0806 0.123 0.4189 0.1137
H5 0.678 0.663 0.713 0.785 696 323 407 249 0.0778 0.1086 0.4206 0.0961
A6 0.873 0.823 0.886 0.896 694 303 423 250 0.1283 0.1904 0.5569 0.1837
B6 0.757 0.742 0.806 0.835 695 304 431 249 0.1872 0.3012 0.8694 0.3244
C6 0.701 0.678 0.775 0.794 696 304 443 246 0.1489 0.2169 0.6642 0.2153
D6 0.655 0.646 0.721 0.727 694 303 438 245 0.1819 0.2867 0.7677 0.3039
E6 0.633 0.653 0.713 0.729 694 303 434 247 0.0729 0.0924 0.3867 0.0778
F6 0.664 0.666 0.737 0.78 693 303 431 250 0.0912 0.117 0.3405 0.1047
G6 0.715 0.713 0.779 0.827 691 306 437 247 0.1067 0.1541 0.479 0.1453
H6 0.698 0.69 0.776 0.783 693 302 448 248 0.1097 0.1521 0.4814 0.1454
A7 0.876 0.858 0.881 0.929 680 298 447 249 0.1597 0.2751 0.7926 0.2869
B7 0.87 0.816 0.862 0.891 679 299 438 251 0.0658 0.0863 0.5917 0.0685
D7 0.845 0.833 0.855 0.891 684 300 438 249 0.0502 0.07 0.4923 0.0559
E7 0.872 0.808 0.854 0.891 685 299 439 252 0.0511 0.0657 0.4578 0.0474
F7 0.884 0.814 0.87 0.893 683 299 448 257 0.0978 0.1648 0.6301 0.1665
G7 0.871 0.814 0.863 0.887 684 300 454 258 0.0505 0.0632 0.5712 0.044
H7 0.883 0.835 0.864 0.895 687 299 441 257 0.0894 0.1267 0.5677 0.1133
B8 0.579 0.589 0.553 0.678 628 272 426 228 0.1077 0.1697 0.3725 0.1559
C8 0.564 0.577 0.609 0.698 641 272 432 227 0.0608 0.0963 0.3284 0.1138
D8 0.566 0.602 0.63 0.688 631 271 424 231 0.048 0.0767 0.3326 0.057
E8 0.671 0.692 0.68 0.77 629 271 422 234 0.0813 0.1231 0.3127 0.11
F8 0.751 0.74 0.752 0.841 632 272 415 229 0.067 0.1104 0.3145 0.1057

Mean 0.7493 0.7268 0.7851 0.8135 639.339 270.8305 426.339 236.5085 0.0918 0.1401 0.4937 0.1316
Median 0.747 0.717 0.776 0.805 680 299 438 249 0.0894 0.1267 0.4923 0.1137
Std 0.0858 0.0797 0.0873 0.0651 107.8701 57.0599 78.6006 42.5548 0.0381 0.0686 0.1702 0.076

* Refer Section 2.7.1 for scan file index in Blar dataset.

Table 4.2: Comparative performance evaluation of DBLM (Relative scores)

Statistical
measure Dice Computational Normalised

score time MSE

b-spline demons BLM-P b-spline demons BLM-P b-spline demons BLM-P

Mean 0.921 0.893 0.965 2.7 1.15 1.8 0.69 1.06 3.75
Median 0.928 0.891 0.963 2.72 1.19 1.76 0.76 1.10 4.33
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The normalised MSE scores tabulated in Table 4.2 assess the treatment scan estimated from

the planning scan using the geometric transformation obtained from all three methods. The

treatment scan estimates generated using the geometric transformation obtained from the

BLM-P has scored the lowest than rest of the other methods for all 59 scans with the 0.4923

median normalised MSE. The demons method has estimated better quality images for all

59 scans than the BLM-P having a median score of 0.1267. However, the b-spline and the

DBLM has generated better quality image estimates than the demons and the BLM-P. When

comparing the normalised MSE scores of the b-spline and DBLM, we could observe that

except B1, H1, B2, H2, A3, C3, F3 and G7, the MSE scores of the DBLM were lower than that

of the MSE scores of the b-spline. Overall, the b-spline method was able to generate image

estimates that were higher in quality with the median score of 0.0894 which is lower than the

median normalised MSE score of DBLM i.e. 0.1137.

Table 4.3: Performance evaluation of DBLM with different Nz values

Statistical Dice Computational Normalised
measures Score time (sec) MSE

Nz = 3 Nz = 5 Nz = 7 Nz = 3 Nz = 5 Nz = 7 Nz = 3 Nz = 5 Nz = 7

Mean 0.8135 0.8254 0.8303 236.51 388.27 535.59 0.1316 0.1279 0.1256
Median 0.805 0.815 0.831 249 409 564.5 0.1135 0.1101 0.1088
Std 0.0651 0.0594 0.0595 40.29 65.1 90.46 0.0726 0.071 0.0699

Table 4.4: Comparative performance evaluation of DBLM(Nz = 3) with DBLM (Nz = 5 and 7)
(Relative scores)

Statistical Dice Score Computational time Normalised MSE
measures

Nz = 5 Nz = 7 Nz = 5 Nz = 7 Nz = 5 Nz = 7

Mean 1.015 1.021 1.64 2.27 0.972 0.954
Median 1.012 1.032 1.64 2.27 0.97 0.96

The Table 4.2 provides the relative scores of the performance metrics, where the metrics

of other methods was divided by the metrics of DBLM that aids in the performance com-

parison as discussed in Section 4.3.1. This relative scoring was considered to bring out the

significant performance metrics of the methods easily, since the raw metrics were harder to

characterise their performance. The relative mean and median Dice scores of the b-spline,

demons, and the BLM-P has values less than 1 quantified that the DBLM’s estimation of

the target delineation were better. The relative mean and median normalised MSE scores

in Table 4.2 show that demons and BLM-P were not generating better quality images than

DBLM, thus having the relative scores more than 1. However, the b-spline method was able to

generate much better estimates than DBLM with the relative mean and median score of 0.69

and 0.76. In a nutshell, the DBLM performed better contour propagation whereas the b-spline

predicted higher quality image estimates. By definition, the normalised mean square error
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describes the global structural variation in terms of voxel intensity differences between two

images. Therefore, the magnitude of the local marginal differences such as shape change of

bladder or prostate, and rectal filling were lesser when the global description of the differences

were characterised using the MSE. Whereas the Dice score verifies the segmented structural

similarities locally. In cases where there are shape change of bladder or prostate, and rectal

filling, the contours describes them much better, since the clinical experts are outlining them.

Therefore, when a method’s contour estimate fails to match with the clinical ground-truth

these local structures’ marginal differences becomes prominent, which are expressed in Dice

scores. Despite b-spline generated high quality image estimates, the DBLM had better clinical

performance by estimating contours or masks that were marginally different than the clinical

ground truth contours.

Finally, the BLM-P uses multi-resolution approach to have trade-off with the computational

cost i.e changing from coarser to finer blocks. Whereas, the proposed DBLM method does

not change the block size. Yet it was able to propagate contours closer to the clinician’s

contours i.e. ground truth with a lower computational cost. These performance metrics have

expressed that the DBLM has estimated the altered planning mask without the assumption of

motion discontinuity and correspondence ambiguity. To check whether DBLM performs much

better when the number of slices per group is increased, the same performance metrics were

calculated for all 59 scans with Nz = 5, and 7. The average, median and standard deviation of

the metrics are tabulated in Table 4.3 and their performances are compared in Table 4.4. The

improvement in the DBLM’s performance after increasing the number of slices per group was

very marginal but with a very high computational cost and time.

4.6.1 Outcome

A non-iterative, non-pyramidal, and disparity-regulated block matching image registration tech-

nique that estimates the organs’ motion from axial CT scans to estimate target/contour de-

lineation in the treatment scan from the planning scan is achieved. In this method several

3D displacement vector fields were generated at every slice-location in a volumetric data

instead of one 3D displacement field per volume. From the criteria defined in the Section

3.2.2, the developed technique can be categorised as inter-subject-abdominal-mono mod-

al-3D-local-intensity based non-rigid registration.
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4.7 Conclusion

Image processing techniques are one of the key components in the ART clinical practice

that customises the treatment plan and dose distribution by relating the planning scan and

the scan acquired on the day of the treatment. Image registration establishes a geometrical

relationship between the planning scan and the day-of-the-treatment scan. And using that

geometric transformation the contours in the planning scan could be altered to make the

radiotherapy, ’adaptive’, thus, applying the daily anatomical changes in the treatment plan.

However, traditional and the state-of-the-art image registration methods still faces certain lim-

itations such as unnatural soft deformation caused by intensity inconsistency, motion discon-

tinuity, and correspondence ambiguity. In this chapter, a disparity regularised block matching

based non-registration was proposed to address the motion discontinuity and correspondence

ambiguity. The block matching based non-rigid registration was modified with the two-pass

regularisation. This regularisation was included in block matching process which introduced

the structural constraints in the block matching based registration. By including this structural

constraint, the DBLM technique did not assume the motion discontinuity and correspondence

ambiguity, eventually restraining the unnatural and unrealistic deformations. The proposed

disparity regularisation integrated both the distance and the neighbourhood vectors’ orienta-

tion through two passes during the calculation of the motion vectors unlike the conventional

or other state-of-the-art method where the regularisation was performed after the calculation

of vectors.

Using this approach, the block matching registration became non-iterative and without the

step-wise block size variation it became a non-pyramidal method. The proposed method’s per-

formance was evaluated with a parametric, non-parametric, and state-of-the-art block match-

ing method. For this, three methods that were used in axial CT scan clinical validation studies

for prostate and bladder cancer-namely, b-spline, demons and pyramidal block matching-were

chosen to compare the performance of the proposed disparity-regulated block matching since

the proposed method is particularly meant for target delineation estimation in ART. The higher

Dice score and lower normalised mean square error indicated that the proposed method

was able to propagate contours from the on-the-day-of-treatment scan to the planning scan

eventually facilitating the re-altering of the planning scan contours that is closer to the clinical

ground truth with higher image quality and lower computational complexity.
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The DBLM based non-rigid registration was able to perform the automated target delineation

on the mono-modal images by overcoming the challenges such as bladder filling, rectal gas

filling, undesired soft tissue deformation etc. Therefore, the proposed method was capable to

generate displacement vector fields and characterise the geometrical changes or displace-

ment of objects that occurred between images that are acquired from the same modality.

Consequently, the proposed method can be extended to estimate motions in similar clinical

applications where characterising geometrical changes is essential which is discussed in

the Chapter 5. However, this method has not been evaluated with the monomodal images

that are acquired from different hardware which is the future work that needs to be carried

out. Further, the proposed method was meant to be a part of ART clinical practice that

utilises images from different modalities. Therefore, it should be able to propagate contours

in-between multi-modal images which is the limitations of the DBLM in this stage. To overcome

the DBLM’s limitation, a technique has been proposed in Chapter 6 which also handles one

of the MIR’s limitations in IGRT, i.e. intensity inconsistency. Finally, we conclude that the

target delineation/contour propagation for IGRT can be achieve the clinical expert’s outlining

by employing structural/anatomical constraints using a three-dimensional two pass dispar-

ity-regularised block matching based non-rigid registration technique that restrains unnatural

deformation.



Chapter 5

Modification of Disparity-regularised

block matching registration

5.1 Introduction

The DBLM based non-rigid registration was able to geometrically characterise the organ

deformations occurred in the scans acquired at different time periods. Further, DBLM restrains

the unnatural deformations during the motion vector estimation using the two-pass based

distance and orientation regularisation. This chapter focuses on the modification of the DB

in other aspects of adaptive radiotherapy as an other application. As a continuation of the

DBLM in mono-modal image setting as in Chapter 4, in this chapter, it is first extended to

lung CT analysis. The CT image analysis for lung can be broadly categorised into dens-

ity histogram analysis, density mask techniques, and texture classification [214–216]. The

density histogram analysis aids to assess the disease progression and pulmonary function

variables using statistical metrics [217]. The density masking techniques use two thresholds

method to extract pulmonary fibrosis and honeycombing areas in the lung [218]. The texture

classification method extracts textures from the images and attempts to distinguish different

types of lung regions, eventually assessing the disease severity [219,220].

In that sense, the DBLM is modified to identify clinically significant sites in the lung CT

images. The image similarity metric used in the DBLM cost function is intensity based i.e.

mean absolute difference of the voxel intensities. The proposed modification is to use the

texture information as the block matching criteria without further increase to the DBLM’s

computational complexity. Using texture information as a part of the block matching has been

tried before [221, 222], however, very few investigations [223, 224] have been conducted in

terms of estimating a three-dimensional motion vector field for CT scans that has large area

of homogeneous and coarse texture like lung CT. In place of the traditional approach of using

texture as features in block matching cost function [225, 226], a novel approach of using

them as maps [227] is proposed in this chapter for the DBLM. This modified DBLM based

77
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motion estimation is able to detect movements in the lung CT, consequently, characterising

the clinically significant sites and their changes geometrically, across subsequent follow-up

scans, with lesser computational complexity. Thus, this chapter discusses the lung CT image

analysis using the DBLM based non-rigid registration technique.

5.2 Lung CT Analysis using Modified DBLM

The DBLM technique as laid out in Chapter 4 was able to propagate the contours from

a planning scan to the on-the-day-of-treatment scan , provided they were from the same

modality. The proposed idea of modification is to check whether the DBLM could be applied

in any scenario that requires the establishment of geometrical relationship between scans.

The performance of DBLM was evaluated in the Sections 4.5 and 4.6 using the Blar dataset

described in the Section 2.7.1. The Blar dataset has all the scans from the CT modality, since

the study was to understand the organ deformation and mitigate the NTCP, whereas, the

cfLungDNA study was to understand the progression of the post therapy complications in

lung cancer treatment. The cfLungDNA dataset has the follow-up scans acquired from CT

modality having large coarser regions. So, it is quite evident that the DBLM cannot be used

in the current form, because, the ISM i.e. MAE used in the DBLM is very sensitive to the

texture based variance. The modifications discussed in the following section were made on

the DBLM, so that it could suit the current image modality setting and application, hence the

name - Modified DBLM.

As mentioned in Section 2.7.2, the cfLungDNA study and dataset were focused on the SABR

in the lung cancer patient. Therefore, identifying the regions where there are changes in

the current follow-up scan by comparing it with the previous follow-up scan is vital. This

comparison helps to assess not only the complexity progression but disease progression

or detect any abnormalities, that might have occurred/appeared within the time period of

any two scans. The key contrast of Modified DBLM than other clinic based image analysis

methods [228, 229] in characterising the progression of pulmonary fibrosis is its ability to

define an object’s geometrical changes in lung CT than assessing them through tracking

volumetric changes. As mentioned in [230], most studies are more focused in volumetric

changes than the geometric/shape changes, validating the progress of the pulmonary fibrosis

estimated by the proposed method with other techniques is quite challenging. Therefore,

in this study, performance metrics will be used to evaluate the estimated DVF and warped

scan estimate (motion compensated image). While, the DBLM establishes the geometric

relationship between scans for re-planning in ART, the Modified DBLM is a novel approach to

characterise the progression of pulmonary fibrosis geometrically.
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5.2.1 Modifications in DBLM

The DBLM technique uses MAE of the voxel intensities as the ISM as discussed in Sections

4.2 and 4.3. As discussed in the previous Section 5.2, the proposed modifications for the

DBLM to handle the large coarser regions is to use texture information as a part of the block

matching criteria (disparity function) along with the MAE of the voxel intensities. Instead of

using the traditional Gray level co-occurence matrix (GLCM) as the texture features in the

DBLM, texture maps were used in the Modified DBLM. Texture filters are applied on the scan

slices and outputs from these filters are the texture maps. The texture filters chosen for this

technique are entropy filter, range filter and standard deviation filter that measures texture as

randomness, smoothness and variability respectively [48].

Figure 5.1: The displacement vector field estimation process using modified DBLM.

The overall strategy of the Modified DBLM has been illustrated in Figure 5.1. We can compare

it with the strategy of the DBLM in Figure 4.1 and can observe how texture maps are used

in the block matching process. The difference in the search spaces of the Modified DBLM

and the DBLM can be observed when we compare Figure 5.2 with Figure 3.2a. The filter

outputs from the above-mentioned texture filters are labelled as Texture Map 1, 2 and 3 in

Figures 5.1 and 5.2 to emphasise that any texture filter could used be here and the suitability

of other texture filters is yet to be investigated. According to Information theory, the entropy

of an image is defined as the average probability of an voxel intensity level occurred in an

image or a region of an image [48]. The random variable rv with the voxel intensity level
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interval [0,L− 1] defines the probability of each rv occurrences as pr(rv) = cv/HW and the

entropy as H = ∑
L−1
v=0 pr(rv) log2 pr(rv), where v is the voxel intensity, cv is the histogram count

of the voxel intensity of an scan slice whose size is H ×W . Thus, the entropy measures

the texture of an image as the statistical measurement of randomness. Using this relation

and the sliding window operation [231], the entropy filter calculates the entropy for every

kth slice in the volume and generates the entropy texture map i.e. Texture Map 1. These

slice-wise texture maps are then stacked together as the three-dimensional entropy map IE
x .

The range filter calculates the range of the neighbourhood and assigns it to the location

of the voxel-of-interest through the sliding window operation. The range filter measures the

smoothness of the texture by having large range values wherever the texture is rough and

smaller values wherever the texture is smooth. The range filter using the slices of the scan

volume generates slice-wise maps which are stacked as three-dimensional coarseness map

IR
x (Texture Map 2). Next, the standard deviation filter measures the degree of variability of

an image by calculating the standard deviation of the neighbourhood through sliding window

operation and assigning it to the location of the voxel-of-interest. Similar to the other texture

filters, this filter generates slice-wise maps and stacks them as three-dimensional variability

map IS
x (Texture Map 3). The standard deviation and range filter might give similar texture

information when the voxel intensities are uniformly distributed. But the probability of having

a uniform distribution is very minimal. Hence, these two filters were used to ensure that no

texture information will be left behind. Finally, all the texture maps were normalised to the

range of 0-3000 HU, so that the hyper-parameters of the DBLM as discussed in Section 4.3,

could be reused in the modified version. Then using the 3D normalised texture maps along

with the scan volumes, the disparity regularised block matching is performed to estimate the

slice-specific 3D displacement vector fields for every slice location as illustrated in the Figure

5.1.

In cfLungDNA dataset, the follow-up scan B was acquired on the 4th month post radiation

treatment and the follow-up scan A was acquired on the 12th month post radiation treatment.

The follow-up scans A and B in this dataset, as mentioned in the Section 2.7.2, have different

voxel spacing. As it has been mentioned earlier, both DBLM and Modified DBLM mandates

rigid registration of the scans that are involved in the geometrical relationship establishment

process. The rigid registration facilitates the follow-up scans A and B to share the same

voxel co-ordinates system. After the rigid registration, textures maps were extracted from the

follow-up scans. In this case, the geometrical changes has to be found in the recently acquired

follow-up scan A by comparing it with the follow-up scan B. For this application, two follow-up

scan 3D volumetric arrays say I f A and I f B per patient are considered for the establishment

of geometrical relationship between them using the Modified DBLM. Therefore, upon I f A and

I f B, the texture filters are applied to obtain the three-dimensional entropy maps (IE
f A and IE

f B),

three-dimensional coarseness maps (IR
f A and IR

f B), and three-dimensional degree of variability
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Figure 5.2: The exhaustive search based block matching used on texture maps in modified
DBLM.

maps (IS
f A and IS

f B) as inputs to the block matching criteria i.e. the disparity function. Similar to

the DBLM, the search space for a slice in follow-up scan I f A slice is chosen from several slices

in follow-up scan I f B. Figure 5.2, illustrates all search spaces that are based on texture maps

and voxel intensity. These spaces are required for motion vector calculation for one block in

each scan which can be compared with the search space of DBLM illustrated in Figure 4.2.

Like the DBLM, in the Modified DBLM, a b f A[m,n] block of size N ×N belonging to a slice

in follow-up scan I f A is scanned over several b f B[m,n,z] blocks of size N ×N in the search

area of size Ns ×Ns ×Nz belonging to the corresponding slices of follow-up scan I f B, where

Ns = N+ p, p is the search parameter and Nz is the number of slices in follow-up scan I f B per

group. Similarly, the blocks from the texture maps belonging to the slice of follow-up scan I f A

i.e., bE
f A[m,n], bR

f A[m,n], and bS
f A[m,n] belonging to IE

f A, IR
f A, and IS

f A are scanned over several

bE
f B[m,n,z], bR

f B[m,n,z], and bS
f B[m,n,z] belonging to the texture maps of follow-up scan I f B,

say, IE
f B, IR

f B, and IS
f B respectively. The MAE of all the blocks are aggregated and used as
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the ISM for all corresponding locations (Candidate Displacements) in a search area giving a

disparity cost matrix of size 2p+1×2p+1×Nz which are expressed in Equations 5.1-5.5,

ISMv(i, j,k) = ||b f A[m,n]−b f B[m,n,z]|| (5.1)

ISME(i, j,k) = ||bE
f A[m,n]−bE

f B[m,n,z]|| (5.2)

ISMR(i, j,k) = ||bR
f A[m,n]−bR

f B[m,n,z]|| (5.3)

ISMS(i, j,k) = ||bS
f A[m,n]−bS

f B[m,n,z]|| (5.4)

ISM(i, j,k) = [ISMv + ISME + ISMR + ISMS]/4, (5.5)

where, b f A[m,n] ∈ I f A[N ×N] , b f B[m,n,z] ∈ I f B[Ns ×Ns ×Nz], bE
f A ∈ IE

f A , bE
f B ∈ IE

f B, bR
f A ∈

IR
f A , bR

f B ∈ IR
f B, bS

f A ∈ IS
f A , bS

f B ∈ IS
f B. Further, m is row index and n is column index. I f A is a

follow-up scan 3D array and I f B is another follow-up scan 3D array. Further, IE
x is a 3D Entropy

(Randomness) Texture Map, IR
x is a 3D Coarseness Texture Map, and IS

x is a 3D Degree of

Variability Texture Map. With the modified ISM replaced in the Equations 4.2 to 4.6, the motion

vectors are estimated for the whole volume, making the collection of all the motion vectors as

the displacement vector field whose magnitude is used for visualisation.

5.2.2 Displacement vector field estimation using Modified DBLM in Lung CT
Analysis

The Modified DBLM obtains the texture maps using the texture filters, such as entropy maps

IE
f A and IE

f B, coarseness maps IR
f A and IR

f B, and degree of variability maps IS
f A and IS

f B, from

3D volumetric arrays I f A and I f B representing the follow-up scans A and B. The number of

slices per follow-up scan B chosen is Nz = 5 to ensure that all movements in a search space

have been detected, since the scans of this application have large coarser regions i.e, Nz will

vary according to the dataset and application. With Nz as 5 here, for a slice location n in the

follow-up scan A, the slice locations of the corresponding search group in follow-up scan B

were n−2, n−1, n, n+1, and n+2. Figure 5.3 shows a sample set of slices belonging to a

search space belonging in follow-up scan B which can be compared to the set of scan slices

in search group shown in Figure 4.3. Also, in the Figure 5.3, the slices belonging to the texture

maps were shown. Similar to the follow-up scan B, the slices and texture maps of the follow-up

scan A are shown in Figure 5.4.
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Figure 5.4: A sample follow-up scan A slice with corresponding texture maps.

The entropy texture filter generated the randomness texture map i.e., texture map 1 for both

I f A and I f B 3D arrays with the default 256 bins. In any texture map 1 belonging to I f A and

I f B, i.e., IE
f A and IE

f B, the range of the texture values at the voxel locations exceeded 1. The

entropy texture maps were shown in Figures 5.3 and 5.4. The entropy filter mapped regions

based on the randomness eventually assigning summation of the probabilities as per entropy’s

definition. This eventually led to the marking of regions that had similar randomness and the

regions that had significant change in voxel intensities i.e., boundaries of the anatomical sites.

The range filter generated texture maps IR
f A and IR

f B for the I f A and I f B, by assigning large

range values that had more coarseness and vice versa assigned at the voxel co-ordinates

which are shown in Figures 5.3 and 5.4 for both the follow-up scans A and B. Similar to the

range filter, the standard deviation filter generated texture maps IS
f A and IS

f B for the I f A and I f B.

In this case, minimum values were assigned to the voxel co-ordinates, whose voxel intensities

did not vary much than its neighbours and larger values for those whose variance is larger.
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In order to understand the DVF estimation using the Modified DBLM, a sample set of slices

belonging to the follow-up scan B are shown in Figure 5.5. These slices were annotated with

the labels A to Q, where, A belongs to the non-anatomical region and B belongs to the whole

anatomical region in the slices. The regions D, G, J, M, and P belong to a region of the heart

in the slices in the slice locations iz =−2, iz =−1, iz = 0, iz =+1, and iz =+2. The regions

C, F, I, L, and O belong to a region left lung at the slice locations iz = −2, iz = −1, iz = 0,

iz = +1, and iz = +2 respectively. And the regions E, H, K, N, and Q belong to a region left

lung at the slice locations iz =−2, iz =−1, iz = 0, iz =+1, and iz =+2 respectively. Similar

to the sample set of the follow-up scan B, the sample slice of the follow-up scan A at the

corresponding slice location iz = 0, was shown in Figure 5.6. To emphasise the significance,

the DVF estimated by the DBLM was illustrated along the DVF estimated by Modified DBLM

in Figure 5.6. The DVF by DBLM has not identified displacements which have been marked

in the regions annotated as R, S, and T belong to left lung, heart and right lung respectively.

Figure 5.5 illustrates the estimated DVF overlaid on the origin of the displacement/motion

activity in the slices of the follow-up scan B, whereas the Figure 5.6 shows the estimated DVF

that describes the geometrical relationship of the corresponding slice in the follow-up scan

A. The DVF overlaid on the slices in Figures 5.5 and 5.6 used the magnitude of the motion

vectors in its corresponding locations. In addition, the magnitude of the motion vectors was

displayed as colour-bars beside those image plots. The colour-bars in the sub-figures in the

Figure 5.5 indicate that the range of the motion vectors’ magnitude. The variation in the values

in the displayed colour-bars was due to its correspondence to the vector fields it represented.

From the marked regions in the Figure 5.6, some of the displacements were not identified by

DBLM but the modified DBLM has, particularly in the region T. Thus, the DBLM with MAD as

ISM was unable to characterise the displacements in images that had large coarser regions.

Further, the DBLM was developed for contour delineation, and it needed modifications to

characterise the geometric progression of pulmonary fibrosis. By comparing the A regions

in the scan slices at the location iz = −2, iz = −1, iz = 0, iz = +1, and iz = +2, the motion

activity estimated at iz = 0 was found to be higher than the other slice locations. This effect is

found in other regions, i.e., from D to Q of other slice locations as well. This shows the impact

of distance and orientation based regularisation i.e., any motion in the scan slices that were

far from the region-of-interest, will only be detected if the voxel intensities are strong enough.

Hence, using the sample search space of follow-up scan B for the follow-up scan A slice at

iz = 0 (Figure 5.6), the motion activity was relatively higher and intense in the follow-up scan

B slices at the locations iz = −1 (Figure 5.5(b)), iz = 0 (Figure 5.5(b)), and iz = +1 [near to

the corresponding location] than the slices at the iz =−2 (Figure 5.5(a)) and iz =+2 (Figure

5.5(e)) [far from the corresponding location]. With the motion activity in the sample search

space of follow-up scan A as the source, the DVF was estimated for the follow-up scan A. The

displacement of the voxel blocks in the region R, i.e., the estimated motion vectors in Figure
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(a) Follow-up (b) Follow-up
scan B at iz =−2 scan B at iz =−1

(c) Follow-up (d) Follow-up
scan B at iz = 0 scan B at iz =+1

(e) Follow-up scan B at iz =+2

Figure 5.5: A sample set of Follow-up scan B slices (a)-(e) with the regions of the activity
overlaid as magnitude when Nz = 5.
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(a) DVF estimation by DBLM.

(b) DVF estimation by Modified DBLM.

Figure 5.6: Magnitude of estimated DVF overlaid on Follow-up scan A slice at iz = 0.
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Table 5.1: Performance evaluation of DVF Estimation using Modified DBLM

Slice Performance metrics
location SSIM NMSE PSNR NCC

Modified Modified Modified Modified
DBLM DBLM DBLM DBLM DBLM DBLM DBLM DBLM

6 0.9967 0.9974 0.0023 0.0024 47.2797 47.1143 0.9300 0.9529
9 0.9964 0.9967 0.0024 0.0027 47.1350 46.6453 0.9276 0.9385

12 0.9965 0.9972 0.0024 0.0025 47.1705 47.0001 0.9214 0.9462
15 0.9962 0.9969 0.0024 0.0025 47.1605 46.9085 0.9189 0.9462
18 0.9960 0.9968 0.0024 0.0026 47.0814 46.8152 0.9150 0.9430
19 0.9959 0.9967 0.0024 0.0026 47.0705 46.8575 0.9156 0.9452
22 0.9957 0.9965 0.0024 0.0025 47.1444 46.9035 0.9137 0.9416
24 0.9957 0.9969 0.0023 0.0024 47.2751 47.1894 0.9128 0.9445
28 0.9954 0.9966 0.0023 0.0023 47.3587 47.2495 0.9104 0.9399
29 0.9953 0.9965 0.0023 0.0024 47.3375 47.2338 0.9083 0.9404
35 0.9951 0.9965 0.0022 0.0022 47.4619 47.5017 0.8942 0.9349
36 0.9951 0.9965 0.0022 0.0022 47.5125 47.5348 0.8931 0.9323
43 0.9946 0.9961 0.0022 0.0022 47.4741 47.5915 0.8829 0.9281
48 0.9948 0.9962 0.0022 0.0022 47.5034 47.6195 0.8791 0.9243
54 0.9942 0.9957 0.0022 0.0022 47.4381 47.5410 0.8695 0.9188
55 0.9940 0.9956 0.0023 0.0022 47.3678 47.5113 0.8664 0.9197
58 0.9940 0.9955 0.0023 0.0023 47.3066 47.3827 0.8676 0.9166
62 0.9942 0.9958 0.0023 0.0022 47.4178 47.5423 0.8647 0.9184
69 0.9937 0.9953 0.0024 0.0023 47.1597 47.2850 0.8543 0.9082
74 0.9945 0.9956 0.0023 0.0024 47.2627 47.1902 0.8783 0.9102
76 0.9942 0.9957 0.0023 0.0023 47.2602 47.3074 0.8594 0.9113
101 0.9942 0.9957 0.0038 0.0044 45.1653 44.5293 0.8281 0.8299
104 0.9946 0.9959 0.0034 0.0040 45.6180 44.9702 0.8620 0.8637
105 0.9948 0.9961 0.0034 0.0038 45.6782 45.1009 0.8680 0.8729
108 0.9950 0.9964 0.0032 0.0036 45.8479 45.3635 0.8806 0.8921
111 0.9953 0.9962 0.0032 0.0036 45.8735 45.4399 0.8909 0.8993
119 0.9948 0.9958 0.0035 0.0038 45.5676 45.1562 0.8860 0.8953
120 0.9949 0.9959 0.0034 0.0038 45.5937 45.2034 0.8909 0.9019
121 0.9950 0.9958 0.0034 0.0037 45.5952 45.2438 0.8961 0.9056
128 0.9946 0.9953 0.0037 0.0039 45.2399 44.9918 0.9046 0.9194

Mean 0.9950 0.9962 0.0027 0.0028 46.7786 46.5975 0.8897 0.9180
Std 0.0008 0.0005 0.0005 0.0007 0.8055 1.0111 0.0245 0.0273
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5.6 were heavily influenced by the regions C, F, I, L, and O highlighted in Figure 5.5. Similar

to this, the DVF, i.e. motion vectors in the region S in Figure 5.6 were heavily influenced by the

regions D, G, J, M, and P in Figure 5.5. Finally, the estimated DVF in the region T in Figure

5.6 was heavily depended on the regions E, H, K, N, and Q which were highlighted in Figure

5.5.

For further verification, slice-wise SSIM and NMSE scores were calculated between the warped

warped scan B with the ground-truth scan A. Table 5.1 provided the SSIM scores and the

NMSE scores of the randomly chosen slice locations in the 3D data compared with the metrics

obtained from DBLM. From this Table, it was observed that the structural components of the

estimated CT slice was very similar to the ground-truth CT slice given by the averaged SSIM

score of Modified DBLM with the value of 0.9959. In terms of the intensity based similarity, the

averaged MSE and PSNR scores of Modified DBLM with values of 0.003 and ≈ 46 showed

that the estimated CT slice has similar spatial intensity distribution like that of the ground-truth.

Similarly, the NCC score of Modified DBLM calculated between ground-truth CT and estim-

ated CT slice had an average value of 0.9, indicating the high correlation between them.

However, when these metrics were compared with that of the DBLM, the differences were

marginal. Moreover, as shown in the Figure 5.6, the DBLM was not suitable for characterising

the pulmonary fibrosis. These metrics indirectly indicates that the estimated DVF was able

to geometrically warp the slices of the follow-up scan B and generate an estimate which is

closer to the follow-up scan A. The performance metric scores at every slice locations have

been tabulated in the Table 5.2. Thus, the Modified DBLM was able to establish a geometrical

relationship between two follow-up scans that had large coarser regions by using texture

information as maps rather than GLCM features as a part of two-pass regularised disparity

function without increasing the computational complexity.

5.2.3 Visualising clinically significant geometrical changes in Lung CT using
Modified DBLM

The DVF estimation using Modified DBLM was able to characterise the geometrical changes

between the two follow-up scans in the Section 5.2.2. However, in terms of the clinical per-

spective, the results illustrated in Figures 5.5 and 5.6 were insufficient to bring out the sig-

nificance. Therefore, a visualisation technique was applied to the estimated DVF, i.e. motion

vectors, to emphasise the regions of the activity. Since the DVF was biased with weights for

enhanced visualisation unlike the original, where only the magnitude of the motion vectors was

plotted, this was named as Biased DVF. Similar to the annotations in the Figures 5.5 and 5.6,

the regions in the Figures 5.7 and 5.8 were marked in the same locations except the labelling,

where, to all those labels, a numeric ’1’ was used as suffix. To visualise the origin of the

clinically significant geometrical changes, the magnitude of the estimated motion vectors were
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(a) Follow-up (b) Follow-up
scan B at iz =−2 scan B at iz =−1

(c) Follow-up (d) Follow-up
scan B at iz = 0 scan B at iz =+1

(e) Follow-up scan B at iz =+2

Figure 5.7: A sample set of Follow-up scan B slices (a)-(e) with the Biased DVF regions of
the activity overlaid when Nz = 5.
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(a)Biased DVF estimation by DBLM.

(b) Biased DVF estimation by Modified DBLM.

Figure 5.8: Biased DVF in Follow-up scan A slice at iz = 0 highlighting clinically significant
sites.
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multiplied with the voxel intensities in their corresponding locations in the sample search space

from the follow-up scan B which were shown in Figure 5.7. To highlight the motion activity

for the follow-up scan A, a different approach was taken. The absolute differences between

the corresponding slice of the follow-up scan A and the search group slices of the follow-up

scan B were calculated. Then, these absolute difference maps were then summed to become

one combined map. The voxel intensities from the combined map were then multiplied to the

magnitude of the motion vectors according to their corresponding locations, thus generating

a Biased DVF for a slice in the follow-up scan A as shown in Figure 5.8.

The Biased DVF’s region of origin illustrated in Figure 5.7 showed similar effect of distance

and orientation based regularisation as discussed in the Section 5.2.2 for the regions A1 and

B1 in all the slice locations of the follow-up scan B, i.e., i− z = −2 to iz = +2. Also, for the

slice of follow-up scan A in Figure 5.8, the regions R1, S1 and T1 were heavily influenced by

the region group sets {C1, F1, I1, L1, O1}, {D1, G1, J1, M1, P1} and {E1, H1, K1, N1, Q1}

respectively belonging to the sample search space slices of follow-up scan B in Figure 5.7.

The region S1 in Figure 5.8 indicates there were no significant geometrical changes whereas

the regions R1 and T1 indicates significant geometrical changes of higher magnitude as per

the colour-bar beside it. The Biased DVF in the Figure 5.8 clearly showed the difference of the

geometrical changes estimated by DBLM and Modified DBLM. Particularly, in the regions R1

and T1, where the DBLM did not indicate the geometrical changes unlike the Modified DBLM.

Similar to these marked regions, there are other regions where significant changes have been

identified and graded according to the Biased DVF magnitude. Thus, the Modified DBLM

provides a quantitative approach to measure the geometrical changes between two scans.

This aids the clinicians when characterising the tumour degradation or pulmonary fibrosis not

only in terms of decrement in volume but in terms of shape warping as well.

5.3 Conclusion

The disparity regularised block matching based non-rigid registration establishes geometrical

relationship between two different scans. The DBLM was able to estimate DVF using the

distance and orientation based regularisation. The DBLM was able to propagate contours

from planning scan to the on-the-day-of-treatment scan and outperform the traditional and

state-of-the-art methods. Having established the DBLM’s ability to characterise organ/tissue

deformation, this chapter focused on the modifications applied on DBLM in terms of applica-

tion and modality. In terms of the application, the DBLM was used on cfLungDNA dataset to

characterise two scans geometrically. The cfLungDNA has two follow-up Lung CT scans per

patient which belong to the CT modality. In addition, these scans had large area of coarse
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texture regions, i.e., lung. The DBLM was not capable to perform the block matching using the

voxel intensities as a means to calculate the ISM. Also, the texture feature extraction method

such as gray-level co-occurrence matrix could not be used as a part of disparity function due

to its computational complexity.

As an alternate, texture maps were obtained using the texture filters to generate three-di-

mensional maps which will be used for the motion vector estimation along with the scan

slices, thus proposing a method named as Modified DBLM. The texture filters namely, entropy

filter, range filter, and standard deviation filter were used obtain those maps. As the name

suggests, the entropy filter generated entropy texture map. The range and standard deviation

filters generated coarseness and degree of variability maps. With these maps and the scan

slices belonging to the follow-up scans, the DBLM attempted to characterise the organ/tissue

deformation. This modification has not only extended in-terms of the using voxel intensities

along with texture information in the disparity function but also interms of the search space.

The Modified DBLM was able to estimate DVF similar to that of the DBLM and the DVF

exhibited the behaviour like that of the DVF when constrained by distance and and orientation

based regularisation as discusssed in Chapter 4. The performance metrics SSIM and MSE

which evaluates the image quality interms of structural components and spatial intensity

distribution was used to analyse the DVF estimation. Using the estimated DVF, one of the

follow-up scan was geometrically warped and compared with the ground-truth scan whose

performance metrics scores conveyed that the estimated motion/displacement was closer to

the ground-truth. Thus, we can conclude that, with suitable modifications the DBLM was able

to handle scans that had large coarser regions.

Even though the Modified DBLM was able to estimate motion vectors that described the

geometrical changes, the visualisation of the vector field was insufficient to emphasise the

clinical significance of the geometrical changes. Therefore, just for the visualisation purposes,

a bias was added to the DVF changing it to a Biased DVF. The Biased DVF was obtained

in two different perspectives, that is, to highlight the origin of motion and the locations where

the actual displacements have occurred. To generate a Biased DVF to highlight the origin

of motion, the magnitude of the motion vectors was multiplied with the voxel intensities of

their corresponding locations in the search space belonging to the follow-up scan acquired

earlier time period. Whereas, to generate a Biased DVF to highlight the displacement, different

bias was applied. For this bias, absolute difference between the search space slices were

calculated and summed to become one summed map. Then, the voxel intensities of the this

map were multiplied with the magnitude of the motion vectors and visualised as the Biased
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DVF. This approach of generating Biased DVF was able to detect the clinically significant

geometrical changes occurred between the two scans. Thus, the Modified DBLM using the

Biased DVF was able to detect the clinically significant geometrical changes and provide

scores according to the amount of the movement/displacement that have occurred.

This chapter has introduced an approach to characterise the geometrical progression of

pulmonary fibrosis. Currently, all image analysis methods of lung CT were monitoring the pul-

monary fibrosis through the lung volumetric changes and not their shape changes. Therefore,

it is very challenging to validate the proposed method to be compared with another study

or method in this context. Hence, the modified DBLM was benchmarked with the DBLM,

despite its unsuitability for lung CT analysis. Since the DBLM was not meant for detecting

an object in the scans, the estimated DVF was not meant for warping the scans. Hence, the

DVF estimated by Modified DBLM was compared indirectly using performance metrics, with

the DVF estimated by DBLM. The key limitation of this approach is the need for identifying

suitable texture maps for a particular application. Also, there are very few studies that attempts

to characterise the geometrical progression of pulmonary fibrosi limiting its performance and

clinical validation. Therefore, further research should be conducted to progress this approach

of using the texture maps in the block matching but in the aspect of clinical validation. Despite

all these limitations, the inclusion of texture maps in regularised block matching approach was

able to geometrically characterise the onset and progression of pulmonary fibrosis.



Chapter 6

Cross-modal image synthesis for

Disparity-regularised block matching

registration

6.1 Introduction

The disparity-regularised block matching was able to geometrically relate two monomodal

images and perform contour delineation. However, to make the proposed modified block

matching a part of ART in clinical practice, it must be able to estimate contours using images

from different modalities. As reviewed in Section 3.4, there are several approaches to achieve

this. In this study, deep learning based image-to-image synthesis integrated with conventional

methods [143] has been considered. The reason for not preferring the direct transformation

prediction approach for contour delineation is to understand the influence of structurally con-

strained loss function in a deep learning image synthesis first where the verification of the

propagation of structural information is straightforward. Therefore, understanding the impact

of structurally constrained loss function is very important because this knowledge paves the

way for its incorporation in other deep learning approaches and applications.

Medical image synthesis can be formulated to be an image-to-image translation problem

where a model maps an image A to image B’s domain. Deep learning based image-to-

image synthesis for ART can be broadly categorised into MR-only radiotherapy, CBCT-CT

radiotherapy and PET attenuation correction whose advantages and limitations have been

discussed in the Section 3.4. As indicated in the Section 3.4.1, intensity inconsistency is one of

the challenges in cross-modal image synthesis based multimodal image registration for ART

applications. Since deep learning based image-to-image synthesis is a non-linear method, it

learns to map the voxel intensities, texture and structures from both modalities in the latent

space [207, 232]. Therefore, in this research, an image-to-image synthesis framework will be

integrated with the modified conventional method to establish the geometrical relationship

with two multimodal images and estimate contours, i.e. an estimate of the treatment re-

planning [186–189]. Also, this research is focused on CT-CBCT based contour delineation,

96
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therefore, an image-to-image synthesis module for CT-CBCT [144, 187, 204–206, 233] must

be developed and integrated with the proposed disparity-regularised block matching registra-

tion module to perform contour propagation for multimodal images. Of all the deep learning

architectures that were used in the CT-CBCT image synthesis [199], it was found that the

CycleGAN was able to generate synthetic images with a better quality, particularly for the

pelvic region in the human anatomy. In order to improve the quality of the synthetic image

generation, research was directed towards the developing better architectures including loss

functions variants.

In this chapter, the key emphasis is to bring out the influence of different structural constraints

in the neural network training loss function and not on the network architecture itself. In the

context of the image-to-image synthesis, the variants of structural similarity indices [234] are

including the training loss functions and different neural networks were trained [186,208–211].

Then, based on the image quality metrics, the performance of the neural networks were

evaluated.This performance evaluation will characterise the influence of structural similarity

index when included as loss function in the training process. Now, we have an image-to-

image synthesis framework that was improved by structural constraints in the form of loss

function and disparity-regularised block matching based non-rigid registration system that

was structurally constrained by regularisation techniques. Finally, these are combined to be a

single framework whose contour propagation will be evaluated using the performance metrics

defined in the Section 2.6, in the way that was used in the Section 4.3.1. Thus, a structurally

constrained contour propagation framework will be able to overcome the intensity inconsist-

ency, assumption of motion discontinuity and correspondence ambiguity altogether. This will

pave a way for a better contour propagation method eventually helping in the objective of

reducing toxicity due to therapeutic radiation regardless of the imaging modalities involved in

the ART clinical practice.

6.2 The Limitations of DBLM in Multi-modality

The DBLM as explained in Chapter 4 was able to propagate the contours from the plan-

ning scan to the on-the-day-of-treatment scans, since both were from the same modality.

As discussed in Chapter 5, the Extended DBLM was able to geometrically characterise the

displacements using the textural information from two images from the same modality despite

them having large coarser regions. In order to extend the DBLM’s capability to the clinical ART

practice, it should be able to establish geometrical relationships between scans belonging to

different modalities. Therefore, the DBLM’s ISM must be changed to support the calculation

of block matching criteria in multi-modal setting. Since the PRINTOUT data mentioned in

Section 2.7.3 has two modalities, it was considered for this analysis. In the PRINTOUT trial,

the planning scan is acquired by CT and the on-the-day-of-treatment scans are acquired using

CBCT.
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Figure 6.1: Histograms of Planning CT and Pre-treatment CBCT.

Rigid registration is a mandatory prerequisite for any non-rigid registration as discussed in

Sections 2.7.1, 3.3.1 and 3.3.2. So, the planning CT scan was initially registered rigidly by

following the framework laid by the MATLAB based OnePlusOneEvolutionary method with its

parameters InitialRadius = 0.004 and MaximumIterations = 200 was chosen as optimiser.

However, the Matte’s Mutual Information was chosen as image similarity metric [49]. From

the histograms of the two scans as shown in Figure 6.1, the similarity in the voxel units can

be observed. To elaborate, the scans from both modality were represented in Hounsfield Unit

(HU) but the imaging physics of these modalities were quite different. The voxel intensity in

CT was from the attenuation coefficients calculated directly whereas the voxel intensity of

CBCT were calculated using the grey levels and linear attenuation coefficients. Therefore,

very rarely an organ or tissue might have the same HU representation in CT and CBCT. Due

to this reason, any CT-CBCT registration, despite having similar voxel intensity representation,

it will be a multi-modal image registration problem. Hence, an ISM that finds similarity between

images from different modalities was chosen for the PRINTOUT data.

The next step in the rigid registration framework was to estimate the relationship between

the intrinsic coordinates anchored to the columns, rows, and planes of the 3D planning CT

image and the spatial location of the same column, row, and plane locations in a world

coordinate system defined by the 3D pre-/post treatment CBCT scan providing a spatial

reference between the scans. Then the spatial reference along with the image data were used

as inputs to the OnePlusOneEvolutionary method to estimate the geometric transformation

that registers the planning CT rigidly with the pre-/post CBCT. Finally, using the transformation

matrix, the planning CT was warped into the rigidly registered CT. After the rigid registration

the array size of the planning CT will be as same as that of CBCT. For example, let us assume

that the array size of CBCT is 512× 512× 88 and the array size of CT is 512× 512× 432.

After the registration, the array size of CT (rigidly registered) becomes 512×512×88. Figure

6.2 illustrates a sample output of the rigid registration process. The first sub-figure shows
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a sample slice of Pre-treatment CBCT followed by the sample slice of a Planning CT both

corresponding to the same location based on the world co-ordinate system. Finally, the slice

of the rigidly registered Planning CT was illustrated whose slice location matches with the

Pre-treatment CBCT.

Figure 6.2: A sample slice of Planning CT scan after registered rigidly with a Pre-treatment
CBCT scan.

The DBLM based non-rigid registration method does not perform an iterative optimisation but

having MAE as image similarity metric prevents it from handling multimodal images. Also, the

DBLM generates a displacement vector field which is indirectly a constrained transformation

model. The DBLM in the current form was unable to solve the intensity inconsistency. The

intensity inconsistency results in the same anatomical structure yield same voxel intensity,

as is typically found when comparing CT and CBCT. Traditional image similarity measures

like mutual information, normalised cross correlation and structural similarity index were used

as the ISM for the disparity function in DBLM. With the new disparity functions, the DBLM

performed block matching at a slice location resulting in a very poor estimation of the geo-

metrical relationship between planning CT and CBCT. Since CBCT scans are noisier than

CT scans, any image similarity metric that are sensitive to noise cannot be used directly in

multimodal image registration. Due to their very poor motion estimation performance and huge

computational complexity, it was observed that the mutual information, normalised cross cor-

relation and structural similarity index in the current form could not be used in the DBLM based

contour delineation. Although there were studies to reduce the computational complexity by

GPU based implementations [235–238] or other optimisation techniques [239–241] for image

registration, these approaches have not addressed the challenges of intensity inconsistency,

assumption of motion discontinuity and correspondence ambiguity.
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6.3 Image-to-Image Synthesis using Generative Adversarial Net-

works

The scans/images in the PRINTOUT dataset as mentioned and discussed Section 2.7.3

belonged to CT and CBCT modality, from here wherever the term image-to-image synthesis or

cross modal image synthesis is mentioned it refers to CT-to-CBCT or CBCT-to-CT synthesis.

There are several studies conducted on CT-CBCT cross modal image synthesis [112, 186,

187, 204–210], however, very few studies were focused on abdomen and pelvic region or

particularly on prostate associated image-to-image synthesis [242–245]. In all these studies,

it was discussed how essential it is to preserve the anatomical structures during the image

synthesis. In that context, several modifications were proposed in terms of architecture and

training loss functions that could preserve the structures in the synthetic images which can

be characterised by the image quality metrics. For instance, architectural modifications such

as attention gates, and training loss functions such as gradient based losses and feature

loss. This research attempts to characterise how the structures could be preserved better

in synthetic images when the generative adversarial networks are trained with the structurally

constrained loss functions. As indicated in the Introduction (Section 6.1), since CycleGAN has

outperformed the other types of neural networks in image-to-image synthesis, it was chosen

for this study. However, instead of altering the architectures of the CycleGAN, generator or

discriminator, the baseline architectures [246, 247] were chosen for they were developed for

similar medical image synthesis applications in Cancer care. Further, these architectures were

chosen to bring out the impact of the structurally constrained loss functions in the neural

network training which are discussed in Section 6.3.1.

Acronym Expanded Form

SSIM Structural Similarity Index
MSSSIM Multi-scale version of SSIM (MSSSIM)
4-SSIM 4-components-weighted SSIM (4-SSIM)
4-G-SSIM 4-components-weighted-gradient version SSIM (4-G-SSIM)
4-MSSSIM 4-components-weighted-multi-scale version SSIM (4-MSSSIM)
4-G-MSSSIM 4-components-weighted-gradient-multi-scale version SSIM (4-G-MSSSIM)

Table 6.1: List of SSIM variants used as structurally constrained loss functions

To conduct this study, the variants of the structural similarity index were considered as the

structurally constraint loss functions including the SSIM. The other five variants of the SSIM

considered for this study are tabulated in the Table 6.1 and defined in the Section 6.3.2. All

variants of the SSIMs were included as part of the training loss function to the baseline Cycl-

eGAN. Table 6.2 gives the description of the CycleGANs and the associated nomenclature

which was given according to the SSIM variant based training loss. In order to consider

the CycleGAN’s behaviour in the cross modal synthesis, both 2D and 3D networks were
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Network’s Name Description

CycleGAN-α CycleGAN without SSIM based loss
CycleGAN-β CycleGAN with SSIM based loss
CycleGAN-γ CycleGAN with MSSSIM based loss
CycleGAN-δ CycleGAN with 4-SSIM based loss
CycleGAN-ε CycleGAN with 4-G-SSIM based loss
CycleGAN-ζ CycleGAN with 4-MSSSIM based loss
CycleGAN-η CycleGAN with 4-G-MSSSIM based loss

Table 6.2: List of CycleGAN variants trained with different SSIM based loss functions

Figure 6.3: CycleGAN architecture used in CT-CBCT synthesis

developed and evaluated leading to the development of several deep learning networks. After

training all networks, the performance of the CycleGANs that had structurally constrained loss

function was compared with the baseline CycleGAN (without SSIM based loss function) using

the image quality metrics that were defined in the Section 2.6, namely SSIM, MAE, PSNR,

NCC for both 2D and 3D CycleGANs in the Sections 6.4 and 6.5 respectively. Further, 2D and

3D contour propagation framework (I2I-DBLM) was developed as mentioned in Section 6.3.4

whose performance was discussed in Section 6.6.
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6.3.1 CycleGANs, Generators and Discriminators

A cycle-consistent generative adversarial network i.e. CycleGAN learns to translate images

from one domain into another domain. Like any CycleGAN, the model used in this study has

two generators and two discriminators. The generators and discriminators compete against

each other during the training until they converge. The discriminators differentiate between

real and fake data, while generators produce fake data with a distribution belonging to the

real data attempting to deceive the discriminators to classify the fake data as real. The two

generators in the CycleGAN were named as GA and GB, where GA translates CT images

into Pseudo CBCT images (GA : CT →CBCT ) and GB translates CBCT images into Pseudo

CT images (GB : CBCT → CT ). The discriminator DA checks whether the input CT image is

real or fake and the discriminator DB checks whether the input CBCT image is real or fake.

Figure 6.3 illustrates the CycleGAN used in this study along with the relationship between

the generators and discriminators. During a training cycle, GA takes a CT image as input and

gives a pseudo-CBCT image as output and GB takes the CBCT image as input and generate

pseudo CT. At the same time, DA learns to discriminate a cycled pseudo CT or a real CT with

a non CT image and DB learns to discriminate a cycled pseudo CBCT or a real CBCT image

with a non CBCT image. Then GA and GB takes the pseudo images as input producing the

corresponding cyclic-pseudo images which should have the voxel intensity distribution of their

source modalities.This training cycle is then repeated until the convergence is reached where

GA and GB learns to generate pseudo or synthetic images that deceives DA and DB which

has learned to discriminate real and fake images.

The architectures of the 2D generators and 2D discriminators were inspired from [187] and

[246]. A U-net and a patchGAN were used as generator and discriminator respectively. Since

this research was focused on conducting a study using a simple architecture, the slices were

resampled from 512×512 to 256×256 regardless of their modality. This resampling was done

to reduce the memory requirements of data lodaing, model loading and model training (model

weight updates). And, the layers of generator and discriminator networks were developed

based on the input size of 256×256 as shown in Figures 6.4a and 6.4b respectively. The 2D

convolutional block and the 2D deconvolution block is shown in Figure 6.4c. The number

of filters for every layer in all the deep neural networks are indicated. The kernel size is

4 and the strides were alternated between 1 and 2 accordingly. The final activation layer

of the 2D generator is ’tanh’ and for the discriminator is ’relu’. Similar to the 2D networks,

the 3D generators and discriminators were designed to be simple architectures as shown in

Figures 6.5a and 6.5b respectively. The 3D generator is a U-net and the 3D discriminator is

a patchGAN whose structure is from [208, 248]. Unlike the 2D CycleGAN, the 3D CycleGAN

does not need image resizing because the generator and discriminator networks train and

synthesise smaller 3D image blocks. The 3D generator and the 3D discriminator were trained

using 3D image block of size 32×32×32 from the whole volumetric data. Using the 3D block
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(a) 2D Generator

(b) 2D Discriminator

(c) 2D layers

Figure 6.4: 2D Generator and Discriminator
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(a) 3D Generator

(b) 3D Discriminator

(c) 3D layers

Figure 6.5: 3D Generator and Discriminator
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size as the shape of the input layer, all layers in the 3D generator and the 3D discriminator

were designed. Then, during the image synthesis, the 3D generator generates a pseudo

image by step-wise traversing over the whole volume using the block size (32 × 32 × 32)

and the overlap step size, i.e. usually very less than 16, in this case. The 3D convolution

block and 3D deconvolution block were similar to that of the 2D convolutional block and the

2D deconvolution block. In addition to them, 3D residual block was developed based on [247],

where convolution transpose layer was used in the 3D generator, in order to up-sample the

3D tensor. Finally the activation of the last layer in the 3D generator and 3D discriminator

were ’relu’ and ’tanh’ respectively. The architectural details of CycleGANs, generators and

discriminators has been provided in the Appendix A.

6.3.2 Loss functions of CycleGAN

The CycleGAN includes two mapping functions and two discriminator functions. The mapping

functions of the generators GA and GB are (GA : CT → CBCT ) and (GB : CBCT → CT ) re-

spectively. The objective of the CycleGAN includes adversarial loss (Ladv), cycle consistency

loss (LCycle), identity loss (LIdentity) and structural constraint loss (LStructure). As the name

indicated, adversarial loss is meant for mapping the distribution of the generated images to

the distribution of the target image which impacts both the generators and discriminators.

DA intends to classify the pseudo CT (CTp) from the real CT (CTr) using labels 0 and 1

respectively, while GA aims to generate pseudo CBCT (CBCTp) with a label closing in towards

the CTr label. Thus, DA strives to minimise Ladv−DA ,

Ladv−DA =
(1−DA(CT ))2 +(1−DA(GB(CBCT )))2

2
, (6.1)

while GA minimises Ladv−GA ,

Ladv−GA = (1−DA(GB(CBCT )))2. (6.2)

In the same way, DB intends to classify the pseudo CBCT (CBCTp) from the real CBCT

(CBCTr) using labels 0 and 1 respectively, while GB aims to generate CTp with a label closing

in towards the CTr label. Thus, DB strives to minimise Ladv−DB ,

Ladv−DB =
(1−DB(CBCT ))2 +(1−DB(GA(CT )))2

2
, (6.3)

while GB minimises Ladv−GB ,

Ladv−GB = (1−DB(GA(CT )))2. (6.4)
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The mapping function improves by adding the adversarial loss with the cycle consistency

loss that minimises the differences between real CT (CTr) and cyclic-pseudo CT (CT cyc
p ), and

between real CBCT (CBCTr) and cyclic-pseudo CBCT (CBCT cyc
p ). The cycle consistency loss

hinders the two mappings from going against each other. The cycle consistency losses for the

two cycles are

LCycle−CT = |CT cyc
p −CTr| (6.5)

and

LCycle−CBCT = |CBCT cyc
p −CBCTr|, (6.6)

where, CT cyc
p = GA(GB(CTr)) and CBCT cyc

p = GB(GA(CBCTr)). Further, in order to reinforce

the gray level consistency between real CT (CTr) and cyclic-pseudo CT (CT cyc
p ), and between

real CBCT (CBCTr) and cyclic-pseudo CBCT (CBCT cyc
p ), identity loss was added to the ad-

versarial loss and the cycle consistency loss. That is, if CTr was passed as input to GB it

should give out the same CTr as output and if CBCTr was passed as input to GA it should give

out the same CBCTr. Thus, the identity losses can be expressed as

LIdentity−CT = |GB(CTr)−CTr| (6.7)

and

LIdentity−CBCT = |GA(CBCTr)−CBCTr|. (6.8)

The SSIM based function fSSIM evaluates the structural similarity between CTr and CT cyc
p , and

between CBCTr and CBCT cyc
p which is the structural constraint losses for CycleGAN training.

The structural constraint losses are expressed as

LStructure−CT = 1− fSSIM(CT cyc
p ,CTr) (6.9)

and

LStructure−CBCT = 1− fSSIM(CBCT cyc
p ,CBCTr). (6.10)

Finally, all the losses are added to become the loss for all the generators and this is expressed

as

LG = L tot
adv +κ1 ×L tot

Cycle +κ2 ×L tot
Identity +κ3 ×L tot

Structure, (6.11)

where,

L tot
adv = Ladv−GA +Ladv−GB , (6.12)

L tot
Cycle = LCycle−CT +LCycle−CBCT , (6.13)

L tot
Identity = LIdentity−CT +LIdentity−CBCT , (6.14)

L tot
Structure = LStructure−CT +LStructure−CBCT , (6.15)
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and, κ1, κ2, and κ3 are the hyper-parameters. The total discriminator loss is

LD = Ladv−DA +Ladv−DB . (6.16)

Using the defined CycleGAN, generator, and discriminator loss functions, the CycleGAN was

trained making the generator to learn image synthesis while deceiving the discriminator.

Different SSIM based functions fSSIM as mentioned the Section 6.3 were listed in the Table

6.1. Various SSIM metrics [234] were defined between the ground truth image Igt belonging

to the modality A and the same image Isyn translated from modality A to modality B. The SSIM

was defined [50] using luminance l(Igt , Isyn), contrast c(Igt , Isyn), and structural components

s(Igt , Isyn), along with the mean, variance and covariance of the images which were given as

µIgt =
1

Nv

Nv

∑
pix=1

Igt(pix), (6.17)

µIsyn =
1

Nv

Nv

∑
pix=1

Isyn(pix), (6.18)

σIgt =
( 1

Nv −1

Nv

∑
pix=1

(Igt(pix)−µIgt )
2
) 1

2
, (6.19)

σIsyn =
( 1

Nv −1

Nv

∑
pix=1

(Isyn(pix)−µIsyn)
2
) 1

2
, (6.20)

and,

σIgt Isyn =
1

Nv −1

Nv

∑
pix=1

(Igt(pix)−µIgt )(Isyn(pix)−µIsyn). (6.21)

With these relations, the SSIM was defined in Equations 6.25 and 6.26, where luminance was

given by

l(Igt , Isyn) =
(2µIgt µIsyn + c1)

(µ2
Igt
+µ2

Isyn
+ c1)

, (6.22)

contrast was defined as,

c(Igt , Isyn) =
(2σIgt σIsyn + c1)

(σ2
Igt
+σ2

Isyn
+ c1)

(6.23)

and structural component was defined as,

s(Igt , Isyn) =
(2σIgt Isyn + c3)

(σIgt σIsyn + c3)
. (6.24)
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And, c1 = a1L, c2 = a2L, and c3 = c2/2 were the stabilising constants with L as the Dynamic

range. Further α , β , and γ were the parameters that mediate the importance between the

components (usually α = β = γ = 1).

fSSIM(Igt , Isyn) = [l(Igt , Isyn)]
α [c(Igt , Isyn)]

β [s(Igt , Isyn)]
γ (6.25)

fSSIM(Igt , Isyn) =
(2µIgt µIsyn + c1)(2σIgt Isyn + c2)

(µ2
Igt
+µ2

Isyn
+ c1)(σ2

Igt
+σ2

Isyn
+ c2)

(6.26)

In addition, in accordance with [249], to calculate the MSSSIM, the images were low-pass

filtered and down-sampled for S levels followed by the SSIM calculations at every level, which

all of them were multiplied to provide the multi-scale version of the SSIM, as shown in the

Equation 6.27.

fMSSSIM(Igt , Isyn) = [l(Igt , Isyn)]
α

S

∏
s=1

[c(Igt , Isyn)]
β [s(Igt , Isyn)]

γ (6.27)

For the 4-components-weighted SSIM [250], the images were partitioned into changed edges,

preserved edges, textures and smooth regions. SSIMs were then computed for all the parti-

tiones along with the SSIM of the luminance which then were multiplied to obtain the 4-SSIM

metric. The functions that extract changed edges, preserved edges, textures and smooth

regions were represented as Ec, Ep, Tc and Ts, whose relations with Igt and Isyn are,

fcomp1 = Ec(Igt , Isyn)× fSSIM(Igt , Isyn), (6.28)

fcomp2 = Ep(Igt , Isyn)× fSSIM(Igt , Isyn), (6.29)

fcomp3 = Tc(Igt , Isyn)× fSSIM(Igt , Isyn), (6.30)

and

fcomp4 = Ts(Igt , Isyn)× fSSIM(Igt , Isyn), (6.31)

from which the 4-components-weighted SSIM metric was then calculated as in Equation 6.32,

where ξ1, ξ2, ξ3, and ξ4 were the weights. To equally weigh all the components, 0.25 is chosen

for ξ1, ξ2, ξ3, and ξ4, which will be considered for other SSIM variants as well.

f4−SSIM = ξ1 fcomp1 +ξ2 fcomp2 +ξ3 fcomp3 +ξ4 fcomp4 (6.32)

The multi-scale version of 4-SSIM was extended from 4-SSIM using the similar relations,

which were modified as,

fcomp1 = Ec(Igt , Isyn)× fMSSSIM(Igt , Isyn), (6.33)

fcomp2 = Ep(Igt , Isyn)× fMSSSIM(Igt , Isyn), (6.34)
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fcomp3 = Tc(Igt , Isyn)× fMSSSIM(Igt , Isyn), (6.35)

and

fcomp4 = Ts(Igt , Isyn)× fMSSSIM(Igt , Isyn), (6.36)

from which the 4-components-weighted MSSSIM (4-MSSSIM) metric was then calculated as

in Equation 6.37.

f4−MSSSIM = ξ1 fcomp1 +ξ2 fcomp2 +ξ3 fcomp3 +ξ4 fcomp4 (6.37)

The other two variants of the SSIM were the 4-components-gradient-weighted SSIM (4-G-

SSIM) and 4-components-weighted MSSSIM (4-G-MSSSIM) [250]. For these two variants,

the contrast and structural components were changed from intensity dependent to gradient

dependent, i.e. c(Igt , Isyn)→ cg(Igt , Isyn),

cg(Igt , Isyn) =
(2σI′gt

σI′syn
+ c1)

(σ2
I′gt
+σ2

I′syn
+ c1)

(6.38)

and s(Igt , Isyn)→ sg(Igt , Isyn) ,

sg(Igt , Isyn) =
(2σI′gt I′syn

+ c3)

(σI′gt
σI′syn

+ c3)
, (6.39)

where I′gt and I′syn were the gradients of the images Igt and Isyn respectively, with c3 = c2 for the

gradient versions. This led to the modification of SSIM and MSSSIM functions into gradient

versions of SSIM and MSSSIM, eventually changing the Equations 6.25, 6.26, and 6.27 to

6.40, 6.41, and 6.42 respectively.

fSSIMg(Igt , Isyn) = [l(Igt , Isyn)]
α [cg(Igt , Isyn)]

β [sg(Igt , Isyn)]
γ (6.40)

fSSIMg(Igt , Isyn) =
(2µIgt µIsyn + c1)(2σI′gt I′syn

+ c2)

(µ2
Igt
+µ2

Isyn
+ c1)(σ2

I′gt
+σ2

I′syn
+ c2)

(6.41)

fMSSSIMg(Igt , Isyn) = [l(Igt , Isyn)]
α

S

∏
s=1

[cg(Igt , Isyn)]
β [sg(Igt , Isyn)]

γ (6.42)

Similar to the 4-SSIM, the 4-G-SSIM uses four gradient based components such as,

fcomp1g = Ec(Igt , Isyn)× fSSIMg(Igt , Isyn), (6.43)

fcomp2g = Ep(Igt , Isyn)× fSSIMg(Igt , Isyn), (6.44)

fcomp3g = Tc(Igt , Isyn)× fSSIMg(Igt , Isyn), (6.45)
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and

fcomp4g = Ts(Igt , Isyn)× fSSIMg(Igt , Isyn), (6.46)

from which the 4-components-weighted SSIM metric was then calculated as in Equation 6.47,

where ξ1, ξ2, ξ3, and ξ4 were the weights.

f4−G−SSIM = ξ1 fcomp1g +ξ2 fcomp2g +ξ3 fcomp3g +ξ4 fcomp4g (6.47)

In the same manner, the 4-components-weighted MSSSIM (4-G-MSSSIM) was defined in

Equation 6.52 using the following relations,

fcomp1g = Ec(Igt , Isyn)× fMSSSIMg(Igt , Isyn), (6.48)

fcomp2g = Ep(Igt , Isyn)× fMSSSIMg(Igt , Isyn), (6.49)

fcomp3g = Tc(Igt , Isyn)× fMSSSIMg(Igt , Isyn), (6.50)

and

fcomp4g = Ts(Igt , Isyn)× fMSSSIMg(Igt , Isyn), (6.51)

leading to the relation,

f4−G−MSSSIM = ξ1 fcomp1g +ξ2 fcomp2g +ξ3 fcomp3g +ξ4 fcomp4g (6.52)

These SSIM based structural constraint loss functions were tabulated in Table 6.3. With all

those loss functions, all CycleGAN variants were then trained as discussed in the Section

6.3.3.

6.3.3 Implementation and Evaluation Strategy

The deep convolutional neural network models were implemented using Keras TensorFlow

back-end package. The software was run on an 16-core Intel processor machine with 32 GB

RAM memory. The training data was prepared according to the dimension of the networks.

In this study, 2D and 3D networks have been investigated. Therefore, the 3D volumetric data

belonging to CT and CBCT modalities in the PRINTOUT data have been converted to 2D

slices and 3D blocks after data normalisation. Other than the normalisation for 3D and image

resizing for 2D, no other pre-processing was performed for the neural network training, i.e.,

rigid registration. Because the learning process for the generators belonged to the unpaired

training category for the image-to-image synthesis, there is no need for registered pair of

images. The data preparation for the 2D CycleGAN training is given as follows. From the

Section 2.7.3, we could observe that the slice thickness of the CT and CBCT data was 1 mm

and 1.9885 mm. Thus showing that the number of CT slices will be more comparing the

CBCT slices. In order to perform the unpaired training for the CycleGANs, 2693 CT slices
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were randomly chosen to match the total number of CBCT slices. From 2693 scan slices,

1885 scan slices were considered for training and 269 for testing. In this fashion, for the 3D

CycleGAN training, ∼ 130000 and ∼ 3000 small 3D blocks from both CT and CBCT modalities

were considered for training and testing purposes.

For the neural network training, the ADAM stochastic optimisation method was chosen. The

learning rate of the 2D generators and discriminators were 0.0005 and 0.0002 respectively.

The learning rate of the 3D generators and discriminators were 0.0005 and 3×10−5 respect-

ively. These learning rates were determined using logarithmic learning rate schedulers. For

all the optimisers, the beta momentum was set to 0.5 and 0.99 for proper training. In general,

a 2D CycleGAN model in this study has 41,857,924 trainable parameters, for which each

generator has 13,968,641 trainable parameters and each discriminator has 6,960,321 train-

able parameters. Similarly, a 3D CycleGAN model investigated in this study has 9,897,414

trainable parameters, for which each generators has 3,486,257 trainable parameters and

each discriminators has 1,462,450 trainable parameters. The batch size for 2D CycleGAN

training was 33 and for the 3D CycleGAN training it was 20, which was fixed to fit into the

memory constraints. The number of epochs set to train all 2D CycleGANs was 500 and for all

3D CycleGANs it was 1000. The total epochs was set to allow the models to minimise losses

until they converge, after which, the saved models can be retrieved later.

The accuracy of the deep learning neural network was evaluated by comparing the generated

pseudo/synthetic images to the ground-truth images. In this study, the pseudo CT was com-

pared with the ground-truth CT and the pseudo CBCT images to the ground-truth CBCT. For

the evaluation of the quality of pseudo images, the metrics used were mean squared error,

structural similarity index, peak signal-to-noise ratio and normalised cross correlation. The

mean squared error for the CT and CBCT synthesis was expressed as,

MSECT =
1

Nv

Nv

∑
n=1

|CT cyc
p −CTr|2 (6.53)

and

MSECBCT =
1

Nv

Nv

∑
n=1

|CBCT cyc
p −CBCTr|2. (6.54)

The PSNR for CT and CBCT synthesis was based on MSE and were given using the expres-

sions,

PSNRCT = 10× log10

(MAX(CTr)
2

MSECT

)
(6.55)

and

PSNRCBCT = 10× log10

(MAX(CBCTr)
2

MSECBCT

)
. (6.56)
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Since all data has been normalised, the MAX(CTr) and MAX(CBCTr) were equal to 1. The

structural similarity index to assess the performance of the image synthesis was given by,

SSIMCT =
(2µCTr µCT cyc

p
+ c1)(2σCTrCT cyc

p
+ c2)

(µ2
CTr

+µ2
CT cyc

p
+ c1)(σ2

CTr
+σ2

CT cyc
p

+ c2)
(6.57)

and

SSIMCBCT =
(2µCBCTr µCBCT cyc

p
+ c1)(2σCBCTrCBCT cyc

p
+ c2)

(µ2
CBCTr

+µ2
CBCT cyc

p
+ c1)(σ2

CBCTr
+σ2

CBCT cyc
p

+ c2)
. (6.58)

Finally, the normalised cross correlation between pseudo CT and ground-truth CT was calcu-

lated using the relation,

NCCCT =
1

Nv

Nv

∑
n=1

(CTr −µCTr)(CT cyc
p −µCT cyc

p
)

σCTr σCT cyc
p

(6.59)

and the normalised cross correlation between the pseudo CBCT and ground-truth CBCT was

calculated using the relation,

NCCCBCT =
1

Nv

Nv

∑
n=1

(CBCTr −µCBCTr)(CBCT cyc
p −µCBCT cyc

p
)

σCBCTr σCBCT cyc
p

. (6.60)

These performance metrics for the CT and CBCT synthesis were calculated on a 2D slice

basis and averaged for all the slices in the 3D volume which reflects the image synthesis

performance. All 2D versions of the CycleGANs, say, from CycleGAN-α to CycleGAN-η were

trained and the synthesised images belonging to both modalities were assessed using the

above-mentioned metrics. Then based on the performance of the 2D CycleGAN variants, the

SSIM variants were chosen. Further, the chosen SSIM variants were included in the training

loss functions for the 3D CycleGANs and their performance were assessed as well. These

performance metrics from the 2D and 3D variants of CycleGANs aids in understanding the

impact of the structural constraint loss in cross modal synthesis for ART.

6.3.4 Contour propagation by I2I-DBLM framework

Contour propagation in ART clinical practice as mentioned earlier needs the capability to

handle multimodal images. In this study, it was achieved by merging the identified cross modal

image synthesis, i.e., image-to-image synthesis with the disparity regularised block matching

registration technique. In this framework, the image-to-image synthesis module generates

synthetic images such that all scans involved in the ART will belong to the same modality.

Then, the DBLM establishes the geometrical relationship between scans. Figure 6.6 illustrates

the proposed framework. The planning CT was acquired and annotated with the anatomical

outlines (planned contours). Then, the on-the-day-of-treatment scan was rigidly registered as

a pre-requisite for the DBLM. Next, the image-to-image synthesis was performed to convert



6.3. Image-to-Image Synthesis using Generative Adversarial Networks 114

the CBCT image to synthetic/pseudo CT. The image synthesis could be performed before the

rigid registration, however, it was done after the rigid registration to preserve the original voxel

intensity distribution which then will be reassigned to the HU values of CT modality by the

deep learning based generative adversarial networks. The DBLM uses the planning CT and

the synthetic/pseudo CT to establish a geometrical relationship yielding multiple, exclusive,

slice-specific displacement vector fields. These fields were the collection of motion vectors

and the planned contours were morphed/warped based on the vectors; hence the name, re-

planned contours.

Figure 6.6: Contour propagation by I2I-DBLM framework

To assess the performance of the contour propagation framework, performance metrics that

include the clinical validation and checks the image quality were considered. In the category of

clinical validation, Hausdorff Distance and Dice score were chosen to be calculated between

the ground-truth and estimated contours. In the category of the image quality, mean squared

error was considered which quantifies the estimated motion vectors. The Hausdorff Distance,

Dice score, and mean squared error verifies the estimated geometrical relationship without

which no image or contour warping could be done. The experiments were conducted on the
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same machines described in Section 6.3.3. This evaluation will help to understand, how struc-

tural constraint loss function in different setting, i.e., image-to-image synthesis and disparity-

regularised block matching based registration, could improve the contour propagation in the

ART, along with DBLM’s capability to extend towards multi-modality.

6.4 Impact of structural constraints in 2D I2I synthesis

To evaluate the 2D image synthesis, performance metrics such as SSIM, MAE, PSNR, and

NCC were considered and discussed in Section 6.3.3. These performance metrics helped in

comparing the quality of synthetic CT and CBCT images, i.e., (CTr vs CT cyc
p ) and (CBCTGT vs

CBCT cyc
p ), eventually identifying which SSIM variant based loss function performed better by

generating high quality synthetic images.

6.4.1 SSIM of 2D CT and 2D CBCT Synthesis

In the Table 6.4, the SSIMs (SSIMCT ) between CTr and CT cyc
p synthesised by the generators

in all 2D CycleGAN variants (2D CycleGAN-α to 2D CycleGAN-η) have been tabulated.

The CT cyc
p synthesised by the 2D CycleGAN-α had the lowest SSIMCT of all the CycleGAN

variants with a mean value of 0.7536. The mean SSIMCT s of the CycleGAN variants from β

to η were above 0.9 describing the significantly improved image quality of CT cyc
p contributed

by the inclusion of SSIM variants in the training loss function. Among the CycleGAN variants,

the β , ε , and γ variants were able to synthesise high quality CT cyc
p whose mean SSIMCT is

approximately 0.97. But this does not mean that the other CycleGAN variants, i.e., ζ and η

were generating poor quality CT cyc
p , because their mean SSIMCT were approximately 0.93.

Therefore, the image quality metric of the synthesised CT cyc
p s ( SSIMCT s) were not enough

to understand the impact of SSIM variants in the I2I synthesis and identify which variant

significant positive influence.

Hence, we need the SSIM of the CBCT synthesis to assess which SSIM variant enhances

the I2I synthesis, because the CBCT images were noisier and poorer in contrast than the

CT images. In that sense, the SSIMs (SSIMCBCT ) for the CBCT cyc
p synthesis using CBCTr by

2D generators in all the CycleGAN variants from α to η were tabulated in the Table 6.5. As

expected the SSIMCBCT of the CBCT cyc
p generated by the 2D CycleGAN-α were the lowest

of all other CycleGAN variants with a mean value of 0.49. And for the CycleGAN variants

with SSIM based training function (2D CycleGAN-β to 2D CycleGAN-η), the SSIMCBCT s of

the CBCT cyc
p s were above 0.7 approximately, except for the 2D CycleGAN-η . In particular,

the 2D CycleGAN-ε was able to generate better CBCT cyc
p with mean SSIMCBCT = 0.8952

which was the best SSIMCBCT score than the rest. Among the 2D CycleGAN variant, the 2D

CycleGAN-η was only able to generate a poorer CBCT cyc
p with mean SSIMCBCT = 0.0.5327.

It may seem that this was an outlier but a trend can be observed in the SSIM variants. As the
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number of components and gradients increase in the LStructure−CBCT (Refer Section 6.3.2),

the SSIMCBCT scores were better. But, the I2I synthesis performance deteriorates after the

2D CycleGAN-ε i.e., 2D CycleGAN-ζ and 2D CycleGAN-η , indicated by the lower SSIMCBCT

scores. This was due to the sensitivity of LStructure−CBCT to the noise during the gradient

calculation that was reflected in the 2D generator’s training. This could also be observed

in SSIMCT scores in the Table 6.4 but it was not so prominent like the SSIMCBCT scores

because the CT images were high in contrast and had low noise, making LStructure−CT difficult

to differentiate to the extent of LStructure−CBCT .

Table 6.4: Performance evaluation of 2D CT image synthesis using structural similarity index
(SSIMCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.8093 0.9797 0.9717 0.9305 0.9681 0.9473 0.9121
2 0.8008 0.9821 0.9738 0.9540 0.9754 0.9530 0.9083
3 0.6956 0.9749 0.9530 0.9297 0.9671 0.9066 0.9376
4 0.7418 0.9851 0.9820 0.9550 0.9831 0.9480 0.9405
5 0.6737 0.9759 0.9465 0.9260 0.9788 0.9197 0.9547
6 0.8006 0.9820 0.9797 0.9575 0.9777 0.9570 0.9133

Mean 0.7536 0.9799 0.9678 0.9421 0.9750 0.9386 0.9278
Std 0.0590 0.0039 0.0146 0.0148 0.0063 0.0204 0.0191

6.4.2 MSE of 2D CT and 2D CBCT Synthesis

The MSECT and MSECBCT scores evaluated the image quality between the ground-truth/real

and synthetic images (CTr vs CT cyc
p , CBCTGT vs CBCT cyc

p ). Then the MSECT and MSECBCT

scores were tabulated in Tables 6.6 and 6.7. The MSECT of the 2D CycleGAN-β with the

mean value of 0.0188 showed that the 2D generator in this CycleGAN variant generated

CT cyc
p images that were closer to the CTr than the other variants. That is, the MSECT scores

of the 2D CycleGAN variants γ , ζ , and η were approximately the same i.e., 0.028 which

was larger than that of the β . The MSECT scores of the 2D CycleGAN-δ and 2D CycleGAN-

ε with the respective values of 0.0274 and 0.0265 were better than the MSECT scores of

the 2D CycleGAN variants-γ , ζ , and η . But, they were significantly poorer than that of 2D

CycleGAN-β and 2D CycleGAN-α . These MSECT scores might lead to the assumption that

2D CycleGAN-β generated better CT cyc
p images.

In order to avoid such erroneous assumption, MSECBCT scores of the CBCT cyc
p synthesised

by the 2D CycleGAN variants must be analysed which were given in the Table 6.7. Similar

to the SSIMCBCT scores, the MSECBCT scores follow the trend by generating CBCT cyc
p with

better quality despite CBCTr being a noisy image with poor contrast compared to CTr. The

MSECBCT scores of the 2D CycleGAN varaints from β to η were lower than that of the 2D

CycleGAN-α whose mean MSECBCT score was 0.0642. This indicated that fSSIM influenced

I2I synthesis making the 2D generators to synthesise CBCT cyc
p images closer to the CBCTr

images. In that order, the mean MSECBCT scores of the 2D CycleGAN-γ , 2D CycleGAN-ε , and
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Table 6.5: Performance evaluation of 2D CBCT image synthesis using structural similarity
index (SSIMCBCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.4938 0.8561 0.8239 0.8322 0.9207 0.8612 0.5276
2 0.5141 0.8768 0.8324 0.8362 0.9058 0.8754 0.5335
3 0.5131 0.8301 0.8355 0.7916 0.9318 0.8627 0.5140
4 0.5146 0.8355 0.8153 0.8111 0.9291 0.8510 0.5235
5 0.4993 0.8455 0.8063 0.8218 0.9275 0.8531 0.5119
6 0.5047 0.9079 0.8679 0.8336 0.9155 0.8472 0.6205
7 0.4941 0.9017 0.8332 0.8383 0.9251 0.8899 0.5758
8 0.5094 0.9163 0.8605 0.8606 0.9230 0.7731 0.5730
9 0.4874 0.9119 0.8485 0.8496 0.9212 0.8910 0.6004
10 0.5018 0.9129 0.8706 0.8523 0.9203 0.8644 0.6258
11 0.5015 0.8903 0.8409 0.8518 0.9100 0.7863 0.8089
12 0.4977 0.9204 0.8682 0.8478 0.9224 0.8863 0.5749
13 0.4945 0.9222 0.8672 0.8546 0.9226 0.8914 0.5828
14 0.4939 0.9118 0.8647 0.8555 0.9049 0.8103 0.8058
15 0.4908 0.6109 0.6304 0.5402 0.5557 0.5403 0.5205
16 0.4830 0.6077 0.6252 0.5329 0.5480 0.5382 0.5163
17 0.4869 0.5990 0.6318 0.5413 0.5496 0.5414 0.5199
18 0.5018 0.6355 0.6441 0.5743 0.5787 0.5668 0.5508
19 0.5001 0.6306 0.6495 0.5711 0.5768 0.5621 0.5475
20 0.4884 0.5998 0.6313 0.5502 0.5530 0.5395 0.5232
21 0.4802 0.8852 0.8694 0.8823 0.8468 0.8556 0.6301
22 0.5102 0.9139 0.8974 0.9079 0.9168 0.8827 0.6444
23 0.4822 0.8681 0.8398 0.8670 0.8705 0.8315 0.6452
24 0.5149 0.9177 0.8904 0.9154 0.9159 0.8436 0.7588
25 0.5196 0.9262 0.8994 0.9100 0.9184 0.8911 0.6273
26 0.4984 0.9292 0.9037 0.9107 0.9024 0.8972 0.6715
27 0.4998 0.9237 0.9014 0.9024 0.8999 0.8896 0.6310
28 0.5426 0.6183 0.6388 0.5690 0.5955 0.5690 0.5464
29 0.5451 0.6201 0.6389 0.5679 0.5955 0.5658 0.5432
30 0.5440 0.6198 0.6387 0.5699 0.5947 0.5681 0.5453
31 0.5454 0.6133 0.6357 0.5596 0.5981 0.5640 0.5437
32 0.5415 0.6127 0.6629 0.5570 0.5986 0.5641 0.5470
33 0.4836 0.6058 0.6169 0.5512 0.5661 0.5412 0.5112
34 0.4841 0.6540 0.7600 0.6834 0.8660 0.6089 0.5132
35 0.4868 0.6674 0.7339 0.6526 0.8686 0.6437 0.5877
36 0.4892 0.6799 0.7484 0.6516 0.8768 0.7829 0.5019
37 0.4916 0.6657 0.7225 0.6751 0.8771 0.6471 0.5338
38 0.4868 0.6709 0.7032 0.6440 0.8675 0.6506 0.5292
39 0.4876 0.6714 0.6985 0.6441 0.8698 0.6603 0.5379

Mean 0.4907 0.7637 0.7612 0.7382 0.8952 0.7607 0.5327
Std 0.0043 0.1305 0.0887 0.1330 0.0360 0.1420 0.0073
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2D CycleGAN-ζ were 0.0532, 0.0543, and 0.0553 respectively indicating that the generators

were performing better than the other 2D CycleGAN variants. The mean MSECBCT scores

of the other variants namely-2D CycleGAN-β , 2D CycleGAN-δ , and 2D CycleGAN-η were

0.0603, 0.0601, and 0.0630 show that they were generating CBCT cyc
p but not with the quality

of the above mentioned variants and only slightly better than the 2D CycleGAN-α .

Table 6.6: Performance evaluation of 2D CT image synthesis using mean squared error
(MSECT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.0228 0.0248 0.0319 0.0333 0.0333 0.0339 0.0346
2 0.0222 0.0224 0.0273 0.0278 0.0281 0.0286 0.0291
3 0.0231 0.0162 0.0336 0.0293 0.0270 0.0306 0.0286
4 0.0216 0.0140 0.0205 0.0207 0.0203 0.0214 0.0212
5 0.0248 0.0151 0.0314 0.0271 0.0242 0.0279 0.0266
6 0.0223 0.0203 0.0254 0.0264 0.0264 0.0273 0.0277

Mean 0.0228 0.0188 0.0283 0.0274 0.0265 0.0283 0.0280
Std 0.0011 0.0044 0.0049 0.0041 0.0043 0.0041 0.0043

6.4.3 PSNR and NCC of 2D CT and 2D CBCT Synthesis

From the definitions in the Section 6.3.3, it can be observed that the MSECT and the MSECBCT

were related to PSNRCT and the PSNRCBCT whose scores were tabulated in Table 6.8 and

6.9. The PSNRCT of the 2D CycleGAN-β with the mean value of 17.357 was found to be

higher than that of the 2D CycleGAN-α whose PSNRCT score was 16.424. But, the PSNRCT

scores of other 2D Cycle variants (mean PSNRCT = 15 approx.) were not higher than the

2D CycleGAN-α . And when the PSNRCT scores was compared with PSNRCBCT scores, it

was found that all PSNRCT values were found to be higher than the PSNRCBCT . By definition,

the PSNR measures the quality of image based on the noise in the image, i.e., variance of

the image. Therefore, the PSNRCT scores of the CT cyc
p synthesis were higher because of high

quality and low noise CTr. Hence, PSNRCT was insufficient to characterise the impact of SSIM

variants in LStructure−CT and LStructure−CBCT . In the Table 6.9, the PSNRCBCT scores indicate

how SSIM variants influence the I2I synthesis. The mean PSNRCBCT scores of 2D CycleGAN

variants from β to η were higher than PSNRCBCT of 2D CycleGAN-α . In that category, the

2D CycleGAN-γ and 2D CycleGAN-ε with the mean PSNRCBCT ≈ 13, have higher value than

the mean PSNRCBCT scores of 2D CycleGAN-β , 2D CycleGAN-δ , 2D CycleGAN-ζ and 2D

CycleGAN-η which were 12.629, 12.6322, 12.7273, and 12.2997. Thus, the PSNRCT and

PSNRCBCT scores have explained the positive impact of SSIM variant based training loss

functions in the CT cyc
p and CBCT cyc

p synthesis. Like the SSIM, MSE, and PSNR, the NCC

between ground-truth and synthetic images were analysed using the Table 6.10 and 6.11.

Except the NCCCT of the 2D CycleGAN-γ , the NCCCT scores of the other 2D CycleGAN

variants were all above 0.9. Ideally, when NCCCT reaches 1, it indicates that the CT cyc
p is

exactly same as CTr. The NCCCT scores in Table 6.10 convey that CT cyc
p images from 2D
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Table 6.7: Performance evaluation of 2D CBCT image synthesis using mean squared error
(MSECBCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.0536 0.0416 0.0403 0.0413 0.0349 0.0375 0.0487
2 0.0526 0.0413 0.0400 0.0409 0.0349 0.0375 0.0479
3 0.0504 0.0405 0.0398 0.0397 0.0324 0.0352 0.0461
4 0.0524 0.0410 0.0415 0.0402 0.0343 0.0367 0.0478
5 0.0519 0.0388 0.0388 0.0388 0.0319 0.0345 0.0465
6 0.0517 0.0379 0.0383 0.0423 0.0309 0.0364 0.0424
7 0.0531 0.0379 0.0384 0.0416 0.0296 0.0338 0.0435
8 0.0527 0.0385 0.0388 0.0436 0.0314 0.0398 0.0450
9 0.0508 0.0361 0.0373 0.0406 0.0290 0.0330 0.0414
10 0.0528 0.0386 0.0388 0.0431 0.0316 0.0361 0.0432
11 0.0522 0.0378 0.0381 0.0404 0.0296 0.0373 0.0350
12 0.0527 0.0377 0.0380 0.0421 0.0305 0.0345 0.0447
13 0.0510 0.0363 0.0372 0.0414 0.0298 0.0333 0.0433
14 0.0530 0.0391 0.0398 0.0434 0.0318 0.0391 0.0376
15 0.0961 0.1069 0.0864 0.1063 0.1021 0.0967 0.1073
16 0.0991 0.1106 0.0906 0.1105 0.1062 0.1005 0.1108
17 0.0975 0.1126 0.0883 0.1083 0.1057 0.0992 0.1087
18 0.0882 0.0935 0.0753 0.0886 0.0871 0.0819 0.0911
19 0.0874 0.0936 0.0739 0.0891 0.0867 0.0813 0.0914
20 0.0990 0.1141 0.0900 0.1066 0.1065 0.1001 0.1090
21 0.0594 0.0522 0.0487 0.0488 0.0496 0.0504 0.0564
22 0.0468 0.0374 0.0348 0.0361 0.0343 0.0363 0.0432
23 0.0668 0.0613 0.0570 0.0575 0.0544 0.0587 0.0635
24 0.0462 0.0381 0.0351 0.0374 0.0319 0.0386 0.0393
25 0.0480 0.0391 0.0359 0.0363 0.0345 0.0372 0.0443
26 0.0471 0.0382 0.0350 0.0349 0.0344 0.0361 0.0419
27 0.0488 0.0402 0.0364 0.0374 0.0366 0.0388 0.0455
28 0.0854 0.1013 0.0769 0.1048 0.1010 0.0953 0.1047
29 0.0836 0.0988 0.0752 0.1034 0.0999 0.0941 0.1033
30 0.0836 0.0989 0.0754 0.1023 0.0992 0.0934 0.1031
31 0.0850 0.1009 0.0787 0.1043 0.0995 0.0943 0.1038
32 0.0845 0.0993 0.0785 0.1029 0.0972 0.0926 0.1010
33 0.0920 0.0977 0.0830 0.0940 0.0925 0.0888 0.0983
34 0.0548 0.0454 0.0467 0.0402 0.0362 0.0406 0.0476
35 0.0563 0.0451 0.0469 0.0429 0.0348 0.0396 0.0429
36 0.0541 0.0453 0.0462 0.0429 0.0355 0.0368 0.0485
37 0.0531 0.0458 0.0454 0.0406 0.0370 0.0405 0.0466
38 0.0537 0.0454 0.0443 0.0433 0.0364 0.0401 0.0465
39 0.0545 0.0454 0.0441 0.0433 0.0359 0.0396 0.0463

Mean 0.0642 0.0603 0.0532 0.0601 0.0543 0.0553 0.0630
Std 0.0182 0.0290 0.0196 0.0286 0.0305 0.0262 0.0274
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CycleGAN variants were similar to CTr images. Therefore, it struggles to distinguish the

performance of CT cyc
p synthesis because of the NCC’s definition. Also, this confirms that

with a base CycleGAN architecture and NCC as performance metric, it becomes difficult to

comprehend the impact of SSIM variant in the training for I2I synthesis. In the same fashion,

the NCCCBCT scores in Table 6.11 show similar trend as that of the Table 6.10. This validates

the observation that like NCCCT , the NCCCBCT also struggled to characterise the impact of

SSIM variant in CBCT cyc
p synthesis.

Table 6.8: Performance evaluation of 2D CT image synthesis using peak signal-to-noise ratio
(PSNRCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 16.415 16.048 14.968 14.770 14.769 14.314 14.324
2 16.536 16.506 15.631 15.562 15.513 15.051 14.974
3 16.366 17.903 14.739 15.326 15.690 14.748 15.205
4 16.657 18.542 16.887 16.825 16.931 16.283 16.378
5 16.057 18.211 15.031 15.662 16.159 15.198 15.439
6 16.516 16.930 15.953 15.785 15.775 15.187 15.159

Mean 16.424 17.357 15.535 15.655 15.806 15.130 15.246
Std 0.2066 0.7818 0.7544 0.5238 0.5120 0.5248 0.5020

6.4.4 Summary

The CT and CBCT synthesis performed by the 2D CycleGAN variants whose sample CTr

and CT cyc
p were shown in Figure 6.7 and sample CBCTr and CBCT cyc

p slices were shown

in Figure 6.8 whose performance metrics will be discussed. The SSIMCT and the SSIMCBCT

were able to assess the CT and CBCT synthesis of all 2D CycleGAN variants through the

image quality of CT cyc
p and CBCT cyc

p . The quality of the CT cyc
p and CBCT cyc

p generated by 2D

CycleGAN-α can be observed in Figure 6.7b and 6.8b. Although the quality of CT cyc
p and

CBCT cyc
p generated by the other 2D CycleGAN variants cannot be seen visually, the SSIMCT

and the SSIMCBCT scores aid in identifying which CycleGAN variant has the capability of

synthesising image with better SSIM. From the Table 6.4 and 6.5, the variants that had better

SSIM for both CT and CBCT synthesis were β , γ , ε , and ζ . The sample CT cyc
p images shown

in Figure 6.7 illustrate the well defined synthesised images leading to lower MSE scores.

Similarly, the sample CBCT cyc
p images given in the Figure 6.8 clearly highlight the definition

of synthetic images leading to lower MSE scores. From the MSECT and MSECBCT tabulated

in Tables 6.6 and 6.7, the variants having lower MSE scores were γ , ε , and ζ . The PSNR

scores from the Table 6.8 and 6.9 show that the CycleGAN γ and ε variants had better PSNR.

Therefore, from all the CycleGAN variants, γ and ε had better SSIM, MSE, and PSNR metrics.

These variants that was trained using multi-scale SSIM and multi-component gradient based

SSIM as a part of training loss function had better performance metrics. This shows that
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Table 6.9: Performance evaluation of 2D CBCT image synthesis using peak signal-to-noise
ratio (PSNRCBCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 12.7100 13.8091 13.9320 13.8388 14.5609 13.9567 13.0684
2 12.7864 13.8349 13.9708 13.8779 14.5624 13.9614 13.1503
3 12.9729 13.9241 13.9915 14.0158 14.8926 14.2089 13.3016
4 12.8032 13.8732 13.8127 13.9587 14.6393 14.0568 13.1610
5 12.8184 14.0847 14.0770 14.0783 14.9290 14.2937 13.2419
6 12.8617 14.2133 14.1592 13.7346 15.0884 14.1473 13.6613
7 12.7455 14.2166 14.1484 13.8123 15.2856 14.4718 13.5652
8 12.7791 14.1467 14.1000 13.6059 15.0201 13.7141 13.4094
9 12.9441 14.4281 14.2732 13.9126 15.3761 14.5655 13.7618
10 12.7776 14.1369 14.1017 13.6531 14.9904 14.1684 13.5840
11 12.8239 14.2215 14.1751 13.9314 15.2863 14.0363 14.4648
12 12.7345 14.1884 14.1379 13.7072 15.1081 14.3207 13.3901
13 12.9221 14.4056 14.2873 13.8288 15.2461 14.5193 13.5824
14 12.7168 14.0398 13.9544 13.5890 14.9253 13.8103 14.1120
15 10.1726 9.7095 10.6335 9.7357 9.9052 9.9431 9.6620
16 10.0319 9.5535 10.4154 9.5593 9.7289 9.7638 9.5071
17 10.1110 9.4847 10.5363 9.6551 9.7583 9.8364 9.5977
18 10.5439 10.2934 11.2298 10.5235 10.5996 10.6845 10.3594
19 10.5833 10.2858 11.3094 10.5035 10.6199 10.6910 10.3494
20 10.0436 9.4275 10.4537 9.7237 9.7252 9.7906 9.5870
21 12.2629 12.8268 13.1092 13.1158 13.0373 12.6358 12.4064
22 13.2998 14.2716 14.5679 14.4212 14.6327 14.1178 13.5597
23 11.7535 12.1224 12.4257 12.4015 12.6401 12.0035 11.8931
24 13.3504 14.1961 14.5306 14.2743 14.9524 13.8255 13.9769
25 13.1461 14.0350 14.3979 14.3599 14.5672 13.9251 13.4137
26 13.2714 14.1768 14.5442 14.5682 14.6295 14.0668 13.6835
27 13.1165 13.9526 14.3731 14.2765 14.3594 13.7856 13.3475
28 10.6869 9.9447 11.1377 9.7956 9.9565 9.9731 9.7716
29 10.7798 10.0521 11.2362 9.8547 10.0044 9.9958 9.8291
30 10.7774 10.0492 11.2239 9.9034 10.0333 10.0572 9.8461
31 10.7054 9.9603 11.0387 9.8173 10.0225 10.0647 9.8156
32 10.7316 10.0285 11.0489 9.8770 10.1200 10.1348 9.9178
33 10.3607 10.1023 10.8060 10.2669 10.3387 10.3111 10.0577
34 12.6160 13.4278 13.3019 13.9550 14.4078 13.6492 13.1750
35 12.4946 13.4548 13.2849 13.6774 14.5765 13.7579 13.6068
36 12.6720 13.4371 13.3441 13.6776 14.5002 14.0366 13.0882
37 12.7454 13.3860 13.4146 13.9091 14.3102 13.6661 13.2463
38 12.6891 13.4155 13.5130 13.6230 14.3717 13.6896 13.2533
39 12.6366 13.4328 13.5484 13.6358 14.4451 13.7291 13.2845

Mean 12.0764 12.6295 12.9884 12.6322 13.2347 12.7273 12.2997
Std 1.1342 1.8944 1.4688 1.8625 2.2041 1.8331 1.7037

Table 6.10: Performance evaluation of 2D CT image synthesis using normalised cross
correlation (NCCCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.9751 0.9389 0.8829 0.9366 0.9344 0.9372 0.9375
2 0.9811 0.9500 0.9137 0.9536 0.9500 0.9535 0.9544
3 0.9631 0.9589 0.7599 0.9499 0.9571 0.9546 0.9621
4 0.9809 0.9637 0.9132 0.9676 0.9663 0.9675 0.9686
5 0.9691 0.9651 0.7805 0.9611 0.9721 0.9738 0.9750
6 0.9826 0.9536 0.9237 0.9565 0.9563 0.9592 0.9606

Mean 0.9753 0.9550 0.8623 0.9542 0.9560 0.9576 0.9597
Std 0.0071 0.0089 0.0666 0.0097 0.0120 0.0116 0.0119
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Table 6.11: Performance evaluation of 2D CBCT image synthesis using normalised cross
correlation (NCCCBCT )

CycleGAN Variants
Scan α β γ δ ε ζ η

Index

1 0.9377 0.9205 0.9183 0.9243 0.9285 0.9335 0.9296
2 0.9304 0.9150 0.9128 0.9187 0.9242 0.9272 0.9243
3 0.9428 0.9259 0.9114 0.9283 0.9353 0.9397 0.9367
4 0.9424 0.9256 0.9158 0.9299 0.9292 0.9359 0.9317
5 0.9441 0.9317 0.9246 0.9329 0.9395 0.9439 0.9397
6 0.9469 0.9361 0.9301 0.9375 0.9477 0.9510 0.9465
7 0.9471 0.9363 0.9308 0.9400 0.9470 0.9501 0.9470
8 0.9457 0.9350 0.9296 0.9342 0.9459 0.9502 0.9449
9 0.9501 0.9372 0.9330 0.9380 0.9494 0.9518 0.9489
10 0.9460 0.9352 0.9295 0.9373 0.9469 0.9507 0.9455
11 0.9492 0.9384 0.9260 0.9406 0.9477 0.9514 0.9478
12 0.9488 0.9375 0.9333 0.9403 0.9503 0.9538 0.9498
13 0.9469 0.9349 0.9319 0.9380 0.9489 0.9519 0.9483
14 0.9455 0.9346 0.9243 0.9357 0.9461 0.9472 0.9454
15 0.8645 0.8496 0.8183 0.8506 0.8592 0.8783 0.8594
16 0.8603 0.8479 0.8180 0.8465 0.8560 0.8737 0.8560
17 0.8658 0.8407 0.8249 0.8480 0.8570 0.8811 0.8612
18 0.8653 0.8514 0.8277 0.8540 0.8630 0.8813 0.8632
19 0.8656 0.8477 0.8251 0.8505 0.8607 0.8813 0.8613
20 0.8602 0.8333 0.8184 0.8493 0.8516 0.8756 0.8579
21 0.9084 0.8767 0.8843 0.8921 0.8934 0.8947 0.8957
22 0.9460 0.9267 0.9286 0.9314 0.9380 0.9420 0.9395
23 0.8759 0.8601 0.8624 0.8749 0.8781 0.8795 0.8787
24 0.9570 0.9364 0.9386 0.9451 0.9529 0.9557 0.9534
25 0.9550 0.9367 0.9377 0.9397 0.9487 0.9521 0.9501
26 0.9551 0.9370 0.9385 0.9393 0.9508 0.9540 0.9519
27 0.9464 0.9243 0.9272 0.9282 0.9353 0.9389 0.9377
28 0.9240 0.9027 0.8668 0.8883 0.9184 0.9249 0.9136
29 0.9301 0.9111 0.8698 0.8944 0.9244 0.9305 0.9197
30 0.9287 0.9057 0.8706 0.8947 0.9231 0.9291 0.9179
31 0.9227 0.9018 0.8675 0.8892 0.9173 0.9244 0.9132
32 0.9266 0.9009 0.8662 0.8927 0.9199 0.9275 0.9180
33 0.8709 0.8381 0.8210 0.8513 0.8679 0.8765 0.8659
34 0.9398 0.9196 0.8852 0.9274 0.9266 0.9328 0.9263
35 0.9383 0.9185 0.8936 0.9232 0.9262 0.9308 0.9277
36 0.9392 0.9181 0.8928 0.9254 0.9271 0.9311 0.9271
37 0.9381 0.9166 0.8922 0.9268 0.9224 0.9289 0.9233
38 0.9410 0.9208 0.9003 0.9263 0.9264 0.9319 0.9273
39 0.9395 0.9205 0.9042 0.9255 0.9264 0.9316 0.9258

Mean 0.9253 0.9073 0.8931 0.9100 0.9194 0.9263 0.9194
Std 0.0320 0.0343 0.0409 0.0334 0.0324 0.0273 0.0319
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(a) Ground-truth CT slice (CTr) (b) CT cyc
p generated by CycleGAN-α

(c) CT cyc
p generated by CycleGAN-β (d) CT cyc

p generated by CycleGAN-γ

(e) CT cyc
p generated by CycleGAN-δ (f) CT cyc

p generated by CycleGAN-ε

(g) CT cyc
p generated by CycleGAN-ζ (h) CT cyc

p generated by CycleGAN-η

Figure 6.7: Sample Pseudo CT slices generated by 2D CycleGAN variants
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(a) Ground-truth CBCT slice (CBCTr) (b) CBCT cyc
p generated by CycleGAN-α

(c) CBCT cyc
p generated by CycleGAN-β (d) CBCT cyc

p generated by CycleGAN-γ

(e) CBCT cyc
p generated by CycleGAN-δ (f) CBCT cyc

p generated by CycleGAN-ε

(g) CBCT cyc
p generated by CycleGAN-ζ (h) CBCT cyc

p generated by CycleGAN-η

Figure 6.8: Sample Pseudo CBCT slices generated by 2D CycleGAN variants
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they were synthesising pseudo images closer to the ground-truth. This also indicates that the

fundamental SSIM based loss function was insufficient for the generators to synthesise better

pseudo images, particularly from a noisy poor contrast images. Hence, these variants were

considered for the further analysis to understand their influence in 3D generator networks.

6.5 Impact of structural constraints in 3D I2I synthesis

The impact of the SSIM based training loss function in the 2D I2I synthesis was studied

in the previous Section. In this section, we will be discussing the influence of the multi-

component SSIM based training loss functions in the 3D CycleGAN based I2I synthesis. From

the Section 6.4, two SSIM variants were considered to be included with the training loss for

the 3D CycleGAN where the architecture of generators and discriminators were discussed in

Section 6.3.1 and illustrated in Figure 6.5. To compare the performance of the 3D CycleGAN-

γ and 3D CycleGAN-ε , the CycleGAN-α and CycleGAN-β were considered, because the 3D

CycleGAN-α has no SSIM component in the training loss function and the 3D CycleGAN-

β has only the fundamental SSIM. Similar to the 2D I2I synthesis, the performance metrics

considered were SSIM, MSE, PSNR, and NCC.

6.5.1 SSIM of 3D CT and 3D CBCT Synthesis

The Table 6.12 tabulated the SSIMCT scores calculated between CTr and CT cyc
p , generated by

the 3D CycleGAN variants α , β , γ , and ε along with their averages. Except the SSIMCT of the

3D CycleGAN-β , the SSIMCT scores of the 3D CycleGAN-γ and 3D CycleGAN-ε were higher

than that of the 3D CycleGAN-α . The 3D CycleGAN-ε had the highest mean SSIMCT with the

value 0.88 and the 3D CycleGAN-β had the lowest SSIMCT with the value 0.73. The SSIMCBCT

scores calculated between the CBCTr and CBCT cyc
p , generated by the 3D CycleGAN variants

α , β , γ , and ε were tabulated and averaged in Table 6.13. Similar to the SSIMCT of the 3D CT

synthesis, the SSIMCBCT of the 3D CycleGAN-ε was highest as well with the value of 0.9438.

Also, the SSIMCBCT of the 3D CycleGAN-β was the lowest mean of them all with the value of

0.815. The mean SSIMCT and mean SSIMCBCT of the 3D CycleGAN-γ were 0.7259 and 0.91

showing that it generated better synthetic images than 3D CycleGAN variants α , and β but

not better than 3D CycleGAN variant ε .
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Table 6.12: Performance evaluation of 3D CT image synthesis using structural similarity
index (SSIMCT )

CycleGAN Variants
Scan α β γ ε

Index

1 0.8460 0.7409 0.8792 0.8904
2 0.8362 0.6973 0.8438 0.8716
3 0.8719 0.7752 0.9026 0.9026
4 0.8427 0.7210 0.8660 0.8756
5 0.8567 0.7222 0.8682 0.8780
6 0.8346 0.6989 0.8395 0.8691

Mean 0.8480 0.7259 0.8666 0.8812
Std 0.0141 0.0291 0.0233 0.0128

Table 6.13: Performance evaluation of 3D CBCT image synthesis using structural similarity
index (SSIMCBCT )

CycleGAN Variants
Scan α β γ ε

Index

1 0.8783 0.8501 0.9288 0.9479
2 0.8801 0.8510 0.9306 0.9564
3 0.8711 0.8418 0.9236 0.9421
4 0.8726 0.8426 0.9259 0.9582
5 0.8745 0.8437 0.9241 0.9471
6 0.8782 0.8476 0.9266 0.9473
7 0.8748 0.8426 0.9252 0.9441
8 0.8762 0.8459 0.9235 0.9433
9 0.8763 0.8448 0.9305 0.9453
10 0.8798 0.8461 0.9283 0.9447
11 0.8758 0.8421 0.9241 0.9492
12 0.8765 0.8463 0.9265 0.9579
13 0.8773 0.8471 0.9270 0.9441
14 0.8763 0.8466 0.9248 0.9559
15 0.7924 0.7367 0.8738 0.9371
16 0.7887 0.7350 0.8706 0.9070
17 0.7934 0.7355 0.8734 0.9028
18 0.7934 0.7375 0.8742 0.9047
19 0.7962 0.7382 0.8793 0.9576
20 0.7887 0.7368 0.8721 0.9041
21 0.8941 0.8620 0.9369 0.9865
22 0.8841 0.8534 0.9298 0.9481
23 0.8898 0.8618 0.9447 0.9670
24 0.8837 0.8539 0.9299 0.9543
25 0.8811 0.8508 0.9295 0.9739
26 0.8821 0.8517 0.9291 0.9744
27 0.8821 0.8542 0.9313 0.9502
28 0.8305 0.7816 0.8942 0.9297
29 0.8280 0.7826 0.8957 0.9278
30 0.8307 0.7796 0.8945 0.9270
31 0.8285 0.7777 0.8934 0.9294
32 0.8196 0.7726 0.8875 0.9149
33 0.7952 0.7460 0.8819 0.9123
34 0.8543 0.8163 0.9113 0.9661
35 0.8540 0.8187 0.9122 0.9426
36 0.8534 0.8198 0.9123 0.9353
37 0.8562 0.8172 0.9127 0.9773
38 0.8568 0.8175 0.9122 0.9401
39 0.8556 0.8186 0.9132 0.9562

Mean 0.8534 0.8152 0.9119 0.9438
Std 0.0341 0.0438 0.0216 0.0206
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6.5.2 MSE of 3D CT and 3D CBCT Synthesis

The MSECT and the MSECBCT of the 3D I2I synthesis were tabulated in the Table 6.14 and

6.15. From the Table 6.14, it could be observed that the 3D CycleGAN-γ generated CT cyc
p

images that had lowest MSECT score with a mean value of 75.67 showing that CT cyc
p images

were closer to CTr. Following the 3D CycleGAN-γ , the CycleGAN-ε had lower MSECT score

than the 3D CycleGAN variants α and β . Further, the 3D CycleGAN-β had the lowest MSECT

among the other MSECT scores. The Table 6.15 shows the MSECBCT scores of all the 3D

CycleGAN variants. The MSECBCT of the 3D CycleGAN-ε had the lowest MSECBCT score

than the other 3D CycleGAN variants whose mean value was 113.8. The MSECBCT of the

3D CycleGAN-γ with the mean value of 186.8 was better than that of β and α which were

279.2 and 236.4. Similar to the MSECT of the 3D CycleGAN-β , its MSECBCT was the largest

showing that the CT cyc
p was not closer to CTr like that of other variants.

Table 6.14: Performance evaluation of 3D CT image synthesis using mean squared error
(MSECT )

CycleGAN Variants
Scan α β γ ε

Index

1 155.42 219.71 82.90 140.18
2 155.87 220.68 83.76 141.30
3 113.72 161.01 62.53 102.97
4 145.51 205.94 78.75 132.07
5 114.10 161.56 62.74 103.61
6 153.41 216.60 83.36 138.62

Mean 139.67 197.58 75.67 126.46
Std 20.30 28.60 10.26 18.23

6.5.3 PSNR and NCC of 3D CT and 3D CBCT Synthesis

As mentioned earlier, PSNR was related to MSE by definition, hence the analysis of PSNR

followed the MSE based analysis. The PSNRCT was tabulated in the Table 6.16. The PSNRCT

of the 3D CycleGAN-γ with the mean value of 53.45 was higher than that of 3D CycleGAN-

ε which was 50.2. Like the MSECT of 3D CycleGAN-β being the largest mean value, the

PSNRCT was the lowest mean from the the rest of the 3D CycleGAN variants which was

47.8 while the MSECT of base CycleGAN architecture (3D CycleGAN-α) was 49.1. Following

PSNRCT , the PSNRCBCT was tabulated in the Table 6.17. The mean PSNRCBCT of the 3D

CycleGAN-α and β were 50.37 and 50.68. However, they are lower than the PSNRCBCT of

the 3D CycleGAN-γ and ε . Further, the mean PSNRCBCT of the 3D CycleGAN-γ and ε were

51.79 and 56.435. This showed that the PSNRCBCT of 3D CycleGAN-ε was the highest of

them all, highlighting that the image-to-image synthesis was better in terms of reconstruction

by CycleGAN that has included 4-G-SSIM in its LStructure−CBCT loss function. The NCCCT

scores were calculated between the CT cyc
p and CTr and tabulated in the Table 6.18. The mean

NCCCT of the 3D CycleGAN-ε was highest of them all with the value of 0.9867. However, the
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Table 6.15: Performance evaluation of 3D CBCT image synthesis using mean squared error
(MSECBCT )

CycleGAN Variants
Scan α β γ ε

Index

1 185.79 220.19 146.94 88.69
2 184.86 218.95 146.25 88.90
3 192.37 227.02 151.61 91.08
4 190.76 225.33 150.29 90.40
5 189.23 224.09 149.41 89.63
6 186.29 220.87 147.59 88.55
7 188.60 223.74 149.01 89.73
8 185.03 219.23 146.73 88.14
9 187.17 222.20 148.34 88.91
10 185.95 220.82 147.10 88.53
11 188.36 223.28 149.00 89.62
12 185.38 219.86 146.44 88.19
13 184.67 219.25 146.03 87.79
14 184.97 218.95 146.44 88.27
15 343.05 405.77 272.56 170.11
16 345.51 407.49 273.56 170.64
17 344.40 406.15 272.68 169.96
18 348.73 410.83 276.17 171.37
19 344.83 406.86 273.00 169.28
20 346.80 408.00 273.97 169.83
21 179.01 213.40 142.13 86.49
22 179.51 213.85 142.50 85.94
23 183.18 217.54 145.40 89.07
24 178.33 212.04 141.15 84.99
25 181.91 216.11 143.92 87.05
26 181.51 215.47 143.97 86.72
27 180.45 214.48 143.04 87.23
28 318.19 373.07 251.41 153.03
29 317.30 372.39 250.82 153.22
30 317.32 372.64 250.99 153.19
31 317.65 373.58 251.09 153.14
32 315.97 372.05 250.31 152.89
33 330.06 386.64 260.63 162.26
34 226.47 267.39 177.67 107.05
35 224.68 264.39 175.85 105.85
36 221.78 261.03 174.09 105.17
37 224.13 264.73 176.00 106.31
38 224.75 264.91 176.39 106.20
39 223.62 263.56 175.44 105.62

Mean 236.37 279.18 186.82 113.82
Std 66.85 77.96 52.95 33.73



6.5. Impact of structural constraints in 3D I2I synthesis 129

mean NCCCT of the 3D CycleGAN-β and 3D CycleGAN-γ were 0.9658 and 0.9789 which

was lower than that of the 3D CycleGAN-α which was 0.9823. The NCCCBCT scores of the

3D CycleGAN variants α , β , γ , and ε were calculated in Table 6.19. The NCCCBCT of the

3D CycleGAN-γ had the marginally highest score conveying that the similarity between the

CBCT cyc
p generated by γ variant and the CBCTr was high followed by the NCCCBCT of the 3D

CycleGAN-ε . Further, the mean NCCCBCT of the 3D CycleGAN-β with the value of 0.9634

was only marginally higher than that of the 3D CycleGAN-α which was 0.9626. With the ideal

value of a NCC score as 1 when compared with the NCCCT scores of all the 3D CycleGAN

variants show that NCC cannot be used to characterise the impact of multi-component SSIM

in image-to-image synthesis which was observed in the Section 6.4 as well.

Table 6.16: Performance evaluation of 3D CT image synthesis using peak signal-to-noise
ratio (PSNRCT )

CycleGAN Variants
Scan α β γ ε

Index

1 49.045 49.112 54.632 51.239
2 48.161 46.403 52.420 49.454
3 50.936 50.020 55.553 52.046
4 48.742 47.540 52.487 49.668
5 49.595 46.908 53.495 49.311
6 48.152 46.739 52.107 49.394

Mean 49.105 47.787 53.449 50.186
Std 1.051 1.455 1.387 1.163

6.5.4 Summary

The sample CT cyc
p and CBCT cyc

p images generated by the 3D CycleGAN variants using the

CTr and CBCTr were shown in Figure 6.9 and 6.10. However, it was observed that these

Figures were insufficient to highlight the significant changes caused by the multi-component

SSIM based training loss. This motivated the importance of the performance metrics based

evaluation. In the CT and CBCT synthesis, the 3D CycleGAN-ε had the highest SSIM showing

that the multi-component SSIM based training loss was able to propagate the structures in the

image-to-image synthesis. Similar to the SSIM, the 3D CycleGAN-ε had better MSE scores

conveying that the CT cyc
p and CBCT cyc

p images were closer to the ground-truth CTr and CBCTr

images. In addition, the PSNR in the CT synthesis, the 3D CycleGAN-γ were marginally better

than the 3D CycleGAN-ε . In all these parameters, the scores of the 3D CycleGAN-β were the

lowest. This does not mean that the 3D CycleGAN-β was unable to synthesise better CT cyc
p

or CBCT cyc
p , but it indicates the need for the better architecture for the generators. Since this

study was much focused on the characterising the influence of the multi-component SSIM in

neural network training, the 3D CycleGAN-β variant needs improvement in the architecture for

better quality synthetic images. However, it was evident that the 3D CycleGAN-ε variant which

has 4-G-SSIM in the training loss function was able to synthesise better synthetic images

despite having basic architectures of generators.
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Table 6.17: Performance evaluation of 3D CBCT image synthesis using peak signal-to-noise
ratio (PSNRCBCT )

CycleGAN Variants
Scan α β γ ε

Index

1 51.918 53.249 53.632 56.612
2 52.550 53.160 54.079 57.482
3 50.399 51.127 52.306 56.176
4 50.916 51.424 53.093 58.167
5 51.110 51.601 52.779 56.565
6 50.959 50.832 52.178 55.822
7 50.400 50.503 51.574 55.572
8 50.883 50.751 51.904 55.415
9 50.280 50.683 52.153 55.585
10 51.299 50.877 51.879 55.474
11 51.099 50.154 51.686 55.604
12 50.368 50.785 52.184 57.061
13 50.399 51.220 52.067 55.680
14 50.882 50.821 52.005 56.781
15 47.608 49.203 49.586 56.492
16 47.323 48.759 49.142 52.843
17 48.498 48.990 49.841 52.491
18 48.773 48.966 49.940 53.071
19 48.773 48.690 49.505 60.780
20 48.370 49.136 49.766 52.560
21 54.890 54.968 56.077 66.868
22 51.591 51.990 53.185 56.533
23 54.047 54.918 56.369 60.010
24 51.124 51.075 52.602 55.867
25 51.493 50.889 52.578 61.593
26 51.282 50.847 52.661 61.465
27 51.892 52.311 53.721 57.426
28 49.845 49.845 50.504 53.314
29 49.317 50.589 50.964 53.887
30 49.788 49.349 50.506 53.303
31 49.218 49.489 50.239 53.403
32 47.120 48.103 48.745 51.269
33 47.902 48.934 51.233 52.964
34 50.275 50.429 51.227 60.322
35 50.471 50.730 51.318 54.981
36 49.861 50.261 51.320 55.007
37 50.349 50.298 51.540 63.677
38 50.882 50.141 51.854 54.951
39 50.261 50.390 51.985 57.889

Mean 50.370 50.679 51.793 56.435
Std 1.626 1.525 1.658 3.278

Table 6.18: Performance evaluation of 3D CT image synthesis using normalised cross
correlation (NCCCT )

CycleGAN Variants
Scan α β γ ε

Index

1 0.9822 0.9657 0.9780 0.9861
2 0.9820 0.9659 0.9785 0.9865
3 0.9834 0.9667 0.9806 0.9882
4 0.9830 0.9674 0.9791 0.9868
5 0.9839 0.9675 0.9809 0.9887
6 0.9791 0.9616 0.9761 0.9838

Mean 0.9823 0.9658 0.9789 0.9867
Std 0.00172 0.00217 0.00179 0.00172
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Table 6.19: Performance evaluation of 3D CBCT image synthesis using normalised cross
correlation (NCCCBCT )

CycleGAN Variants
Scan α β γ ε

Index

1 0.9734 0.9740 0.9872 0.9847
2 0.9730 0.9732 0.9870 0.9840
3 0.9740 0.9752 0.9882 0.9858
4 0.9739 0.9750 0.9877 0.9855
5 0.9747 0.9757 0.9884 0.9862
6 0.9754 0.9761 0.9883 0.9861
7 0.9747 0.9757 0.9879 0.9859
8 0.9750 0.9758 0.9879 0.9859
9 0.9747 0.9759 0.9880 0.9861

10 0.9751 0.9760 0.9880 0.9860
11 0.9751 0.9758 0.9880 0.9859
12 0.9751 0.9758 0.9881 0.9861
13 0.9751 0.9761 0.9882 0.9862
14 0.9749 0.9756 0.9879 0.9856
15 0.9307 0.9322 0.9494 0.9477
16 0.9313 0.9326 0.9497 0.9481
17 0.9323 0.9334 0.9511 0.9492
18 0.9318 0.9323 0.9505 0.9485
19 0.9332 0.9344 0.9522 0.9498
20 0.9335 0.9343 0.9521 0.9502
21 0.9745 0.9750 0.9875 0.9794
22 0.9750 0.9754 0.9876 0.9853
23 0.9719 0.9695 0.9850 0.9813
24 0.9763 0.9767 0.9885 0.9864
25 0.9753 0.9760 0.9882 0.9857
26 0.9757 0.9764 0.9883 0.9859
27 0.9742 0.9748 0.9872 0.9844
28 0.9438 0.9445 0.9605 0.9583
29 0.9428 0.9432 0.9589 0.9568
30 0.9430 0.9434 0.9592 0.9571
31 0.9436 0.9445 0.9604 0.9583
32 0.9428 0.9436 0.9595 0.9574
33 0.9341 0.9359 0.9528 0.9504
34 0.9721 0.9735 0.9868 0.9841
35 0.9720 0.9735 0.9868 0.9843
36 0.9716 0.9730 0.9862 0.9837
37 0.9715 0.9730 0.9865 0.9830
38 0.9718 0.9735 0.9868 0.9842
39 0.9719 0.9736 0.9869 0.9843

Mean 0.9626 0.9634 0.9774 0.9750
Std 0.01765 0.01758 0.01557 0.01532
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(a) Ground-truth CT slice (CTr) (b) CT cyc
p generated by CycleGAN-α

(c) CT cyc
p generated by CycleGAN-β (d) CT cyc

p generated by CycleGAN-γ

(e) CT cyc
p generated by CycleGAN-ε

Figure 6.9: Sample Pseudo CT slices generated by 3D CycleGAN variants
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(a) Ground-truth CBCT slice (CBCTr) (b) CBCT cyc
p generated by CycleGAN-α

(c) CBCT cyc
p generated by CycleGAN-β (d) CBCT cyc

p generated by CycleGAN-γ

(e) CBCT cyc
p generated by CycleGAN-ε

Figure 6.10: Sample Pseudo CBCT slices generated by 3D CycleGAN variants
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6.6 Impact of structural constraints in I2I-DBLM based contour

propagation

From the Section 6.4 and 6.5, we found that the I2I synthesis performed by CycleGAN were

better when its LStructure−CBCT and LStructure−CT was included with 4-G-SSIM for the training.

However, assessing the contour propagation will be the best approach to identify whether

the multi-component SSIM based I2I synthesis improves the contour delineation, eventually

the paving the way to reduce the toxicity in ART. Further, to assess the contour propagation,

a performance comparison between 2D and 3D I2I-DBLM frameworks should be performed.

However, comparing the performance of the I2I-DBLM with the 2D and 3D CycleGAN-ε would

not be adequate. Therefore, they must be compared with the performance of the 2D and

3D CycleGAN-α based I2I-DBLM framework as well. Therefore, the frameworks considered

for the performance evaluation were 2D CycleGAN-α-DBLM, 2D CycleGAN-ε-DBLM, 3D

CycleGAN-α-DBLM, and 3D CycleGAN-ε-DBLM. The performance metrics considered in

verifying the contour propagation were Dice score, NMSE, and Hausdorff Distance which

were defined in Section 2.6. The patient scan data were randomly chosen from the dataset

for the evaluation. In that order, the Dice score of all four frameworks were tabulated in the

Table 6.20. The averaged Dice score of 2D CycleGAN-α-DBLM, 2D CycleGAN-ε-DBLM,

3D CycleGAN-α-DBLM, and 3D CycleGAN-ε-DBLM were 0.73107, 0.73128, 0.73070, and

0.73074 respectively. From the marginal differences between these Dice scores, we could ob-

serve the difficulty in identifying the significant shape changes or improvement in the warping

of the planning contours based on the geometrical relationship between the planning scan

and the on-the-day-of-treatment scan.

Table 6.20: Dice score of I2I-DBLM framework for contour propagation

Patient Scan CycleGAN 2D CycleGAN 3D
No No α ε α ε

0 8 0.69995 0.69813 0.70285 0.70285
0 9 0.70431 0.70208 0.70696 0.70696
1 4 0.70833 0.70977 0.71256 0.71256
2 4 0.58417 0.58790 0.57816 0.57861
2 5 0.78127 0.78162 0.77548 0.77564
3 2 0.76509 0.76510 0.76427 0.76365
3 3 0.74571 0.74580 0.74469 0.74391
3 4 0.81017 0.81036 0.81123 0.81202
3 5 0.78058 0.78077 0.78009 0.78046

Mean 0.73107 0.73128 0.73070 0.73074
Median 0.74571 0.74580 0.74469 0.74391

Std 0.06744 0.06668 0.06818 0.06816

As defined in the earlier sections, the NMSE quantifies the quality of the geometrically warped

planning scan with the ground-truth on-the-day-of-treatment scan. The NMSE scores of the

I2I-DBLM frameworks were tabulated in the Table 6.21. The averaged NMSE scores of 2D

CycleGAN-α-DBLM, 2D CycleGAN-ε-DBLM, 3D CycleGAN-α-DBLM, and 3D CycleGAN-ε-

DBLM were 0.5233, 4.3460, 1.0821, and 0.9898 respectively. The NMSE of 2D CycleGAN-
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Table 6.21: NMSE of I2I-DBLM framework for contour propagation

Patient Scan CycleGAN 2D CycleGAN 3D
No No α ε α ε

0 8 0.3777 3.9450 0.9034 0.9012
0 9 0.3684 3.9517 0.9102 0.8507
1 4 0.3551 5.2154 1.3647 1.2063
2 4 0.3292 3.7886 0.8755 0.7962
2 5 0.3457 3.6989 0.8763 0.7993
3 2 0.9197 4.6293 1.0909 1.0066
3 3 0.8236 4.5985 1.0427 1.0062
3 4 0.5268 4.6220 1.3022 1.1348
3 5 0.6638 4.6649 1.3727 1.2069

Mean 0.5233 4.3460 1.0821 0.9898
Median 0.3777 4.5985 1.0427 1.0062

Std 0.2263 0.5152 0.2124 0.1645

α-DBLM was found to be higher than the 2D CycleGAN-ε-DBLM indicating that the DVF

estimated by 2D CycleGAN-α-DBLM was better than the 2D CycleGAN-ε-DBLM. Whereas,

the NMSE of 3D CycleGAN-α-DBLM and 3D CycleGAN-ε-DBLM were lesser than that of

the 2D CycleGAN-α-DBLM. Based on the NMSE scores it might give an idea that there

is no necessity for the multi-component SSIM based contour propagation. But, by defini-

tion, the NMSE was based on the intensity difference which limits the assessment of any

contour/shape changes. In this context, the Hausdorff Distance aids in highlighting any con-

tour/shape changes between the estimated contours and the ground-truth.

Table 6.22: Hausdorff Distance of I2I-DBLM framework for contour propagation

Patient Scan CycleGAN 2D CycleGAN 3D
No No α ε α ε

0 8 16.155 16.155 9.695 9.695
0 9 15.033 15.033 11.533 11.533
1 4 15.652 15.652 15.133 15.133
2 4 25.357 24.900 24.331 24.331
2 5 17.833 17.833 18.628 18.628
3 2 31.016 31.016 32.031 31.591
3 3 33.030 33.030 33.030 33.030
3 4 26.019 26.019 23.281 22.672
3 5 27.166 27.166 23.495 24.739

Mean 23.029 22.978 21.240 21.261
Median 25.357 24.900 23.281 22.672

Std 6.963 6.946 8.261 8.228

The Table 6.22 provides the Hausdorff Distance calculated between the warped planning

contours/re-planned contours with the ground-truth contours drawn by the clinicians in the

on-the-day-of-treatment scans. The averaged Hausdorff Distance of 2D CycleGAN-α-DBLM,

2D CycleGAN-ε-DBLM, 3D CycleGAN-α-DBLM, and 3D CycleGAN-ε-DBLM were 23.029,

22.978, 21.240, and 21.261 respectively. The averaged Hausdorff Distance scores of all the

four frameworks show that the scores improve as the dimension of the I2I synthesis changed

along with the SSIM variant. The averaged Hausdorff Distance score of the 2D CycleGAN-

ε-DBLM was lower than that of the 2D CycleGAN-α-DBLM showing that the re-planned

contours were closer to the shape of the organ in the on-the-day-of-treatment scan. Also, the
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re-planned contours of the 3D CycleGAN-α-DBLM, and 3D CycleGAN-ε-DBLM were much

closer to the ground-truth than the re-planned contours of the 2D CycleGAN-α-DBLM, and 2D

CycleGAN-ε-DBLM. Apart from the generator’s dimension, there were no other differences in

the above I2I-DBLM frameworks. Therefore, the influence of a neural network’s dimension

in the I2I-DBLM framework can be observed in these performance metrics. As established

in Section 6.5, 3D generators outperform 2D generators by generating better quality pseudo

images. This was due to the inclusion of 3rd dimension in the DLNN layers of the synthetic

image generators. And, when a 3D I2I that was trained using structurally constrained training

function merged with a structurally constrained non-registration method such as DBLM, it is

evident that it propagates contours better than a 2D I2I-DBLM framework.

6.7 Conclusion

In this chapter, the inclusion of structurally constrained loss function in the computer as-

sisted contour delineation framework has been proposed. This framework has the capability

to handle the multi-modal images, i.e., CT and CBCT images in this case. Even though

the techniques discussed in the literature were able to establish a geometrical relationship

between the scans, few key challenges have not been addressed by those techniques as

discussed in Section 3.4.1. They are motion discontinuity, correspondence ambiguity, and in-

tensity inconsistency. By not addressing them, the techniques were generating unnatural and

unrealistic deformations preventing the clinicians not to incorporate them as a part of the ART

clinical practice. Having solved the motion discontinuity and correspondence ambiguity by

the DBLM, the proposed framework mitigated the intensity inconsistency problem by merging

the DBLM with a deep learning based I2I synthesis. However, the deep learning based I2I

synthesis, were unable to reconstruct or regenerate synthetic image from the original image

in the anatomical sites such as pancreas, prostate, and other soft tissue regions

Therefore to improve the quality of the synthetic images by retaining the structural components

and texture from the original images, the inclusion of multi-component based SSIM in the

training loss function was proposed. Several SSIM variants were included with the CycleGAN

training loss function and their performance were evaluated using the image quality metrics.

From the performance metrics of the 2D CT synthesis, it was observed that any SSIM based

training loss function was able to generate better synthetic CT images. But for this was not

the case with the 2D CBCT synthesis. From the metrics of the 2D CBCT synthesis, the

neural network training’s sensitivity to low contrast and poor contrast images like CBCT was

observed. The performance metrics improved as the complexity of the SSIM in their training

loss was increased. However, as the number of gradients calculated in the SSIM variant, it

affected the CBCT synthesis which was reflected in the deterioration of the performance.
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The SSIM variants in LStructure−CT and LStructure−CBCT of CycleGAN γ and ε were MSSSIM

and 4-G-SSIM. To identify the best out of these two variants, they were included in the training

loss function of the 3D CycleGAN along with the CycleGAN-β which has the fundamental

SSIM and the CycleGAN-α which has no SSIM function. CT and CBCT synthesis by the 3D

CycleGAN variants were evaluated by the same image quality metrics. From these metrics, it

was observed that the the 3D CycleGAN with 4-G-SSIM based training loss function was able

to synthesis better CT and CBCT images. Finally, all the performance metrics from 2D and

3D I2I synthesis show that the inclusion of fundamental SSIM in the training loss function was

insufficient to generate high quality synthetic images. Therefore, multi-component versions of

SSIM such as 4-G-SSIM must be included for enhanced image-to-image synthesis. Overall,

any SSIM based training loss function was enough to synthesise images like CT which have

high contrast and low noise. But, when the source image is noisy and poor in contrast like

CBCT, only multi-component SSIM based training loss facilitates the generation of high quality

synthetic image.

Further, the influence of the multi-component SSIM in the deep learning based I2I synthesis

was assessed by merging it with the DBLM to form a contour delineation framework. Then

the contours estimated by the I2I-DBLM were verified by the relevant performance metrics.

The performance of the both 2D and 3D based I2I-DBLM frameworks were compared that

characterised the contour propagation from the on-the-day-of-treatment scan to the planning

contours using its geometric relation with the planning scan. Even though the differences

in the Dice scores between the 2D and 3D based I2I-DBLM frameworks were subliminal,

the NMSE and the Hausdorff Distance highlighted and emphasised the significant influence

caused by the dimensionality of the synthetic image generator which was further enhanced

when the generators were trained using a multi-component version SSIM based loss function.

The contour propagation were better with the 3D CycleGAN than the 2D CycleGAN and when

they were trained with the multi-component version SSIM based loss function. This confirms

that the contour propagation could be improved by the multi-component SSIM (4-G-SSIM)

based I2I synthesis when merged with the proposed DBLM.

There are two significant limitations in the proposed I2I framework, the usage of the baseline

architectures in this thesis for the I2I synthesis. The state-of-the-art architectures have not

been investigated with the SSIM variants. The second is the approach to identify the suitable

SSIM variant for I2I synthesis training. Understanding the influence of multi-component SSIM

for the I2I synthesis, to use it on the best deep learning architecture was the prime focus in this

study. Therefore, this knowledge of using multi-component SSIM in I2I synthesis is important

because its application not only confines within the ART but can be applied on any application

that uses I2I synthesis. Further, as indicated above, identifying suitable multi-component SSIM

adds few more steps in the design and development procedure of a deep learning based

I2I synthesis, whose laborious tasks are well known. However, the positive impact of multi-
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component SSIM identified in this research strongly confirms that identification of suitable

structurally constrained loss function should be included as a mandatory step like any other

procedure, say, hyper-parameters search, etc. Finally, in the context of ART, when an improved

architecture uses multi-component SSIM for the I2I synthesis, the I2I-DBLM framework could

re-plan the contours enabling the possibility of the toxicity reduction.



Chapter 7

Conclusion

Cancer Research UK, NHS England, and NHS Scotland have reviewed all its radiotherapy

centres to formulate Radiotherapy Plan to overcome several limitations that challenge the

delivery of Cancer treatment. Of those limitations, incorporation of deformable registration,

artificial intelligence, and automatic adaptive re-planning are the limitations that being focused

in this research. There are few limitations that discourages the clinicians to adopt the tech-

nological advances of these algorithms. These algorithms were inconsistent, less robust, and

were developed using limited dataset. Moreover, these algorithms demand the requirement

of high computational power (GPU based workstations, high performance computer, etc.)

which might not be available in all the NHS Cancer Care centres. Hence, there is a wide gap

between the state-of-the-art techniques and the clinical practices. This research aims to take

one step closer bridging the gap between the clinicians and the algorithm or system design

researchers. Therefore, this thesis attempts to find an approach to resolve above mentioned

limitations that limits state-of-the-art techniques to be part of the clinical practice, in the context

of ART.

In order to achieve this, this thesis has introduced three novel approaches that have better

clinical validation, more consistent, more robust and does not require high computational

power. Firstly, this thesis introduced a novel regularisation technique that improved a tradi-

tional non-rigid registration technique that was not heavily data dependent. Secondly, this

thesis introduced an approach to include textural information in an image analysis technique

which had less computational complexity. Thirdly, this thesis introduced an approach to include

a SSIM variant as a part of training loss function that improved the image quality of synthetic

images generated by the deep learning based neural networks. In all these three approaches,

the proposed modifications belong to a type of structurally constrained loss functions that

improved the traditional or state-of-the-art (deep learning) techniques. Thus, this thesis have

conducted the study that brings out the positive impact of the structurally constrained loss

functions in medical image processing techniques used in ART.

139
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Image processing techniques are the backbone of the Image-guided Radiotherapy. Incorpor-

ating different imaging modalities to cater different purposes has significantly improved the

clinical practice of the Adaptive Radiotherapy. As indicated in the former Chapters, several

studies were focused on the effectiveness of the ART based treatment. However, this study

is focused on improving the ART by improving the offline adaptation. The treatment planning

plays a very important role in the ART and contour delineation is one of its fundamental

task. In the clinical ART practice, the delineated/planned contours are not usually altered or

updated in-between the radiation dosage fractions. Therefore, any anatomical changes such

as, tumour shape change, rectal gas filling, organs-at-risk displacement, that occur during

the time between any dosage administration will not be included in the treatment plan. The

large coverage of the radiation dose to accommodate the anatomical changes make a Cancer

patient more prone to therapeutic radiation toxicity. In order to reduce the radiation toxicity

and overcome the above-mentioned limitation in offline adaptation, a contour delineation

framework was proposed. The proposed framework included the structurally constrained loss

function in different setting enabling not only a better contour delineation process, but also

the significance of the structurally constrained loss functions in medical image processing

techniques.

In the contour delineation process, establishing a geometrical relationship that characterises

the object displacement between two medical images is vital. Usually, the contour delineation

was performed by the clinician after the images were rigidly registered. In order to obtain that

geometrical relationship that characterises the elasticity of the objects, non-rigid registration

techniques were proposed to be used. However, there were key factors in the non-rigid

registration techniques that prevented the clinicians not to use them in the clinical practice

namely-motion discontinuity, correspondence ambiguity, and intensity inconsistency.

These factors caused the unnatural and unrealistic soft tissue deformations in the geomet-

rically warped images after applying the geometric transformation estimated by a non-rigid

registration technique. This study has attempted to overcome these limitations so that the

proposed contour delineation framework will be extended from medical image processing

research to clinical research.

As an attempt to overcome the limitations of the motion discontinuity and correspondence

ambiguity, a disparity-regularised block matching based non-rigid registration technique was

proposed which was tested using axial CT scans. The disparity regularisation technique has

distance and orientation regularisation applied using two passes while the motion vectors

were calculated, rather than post vector calculation. The advantage of applying the regular-

isation during the motion vector estimation enabled the anatomical constraints to be part of the

displacement vector field estimation. The regularisation of the vectors after their calculation

results in the smoothed field which may not resemble the ground-truth deformation. There-
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fore, restraining the motion vector based on the distance and orientation aids in considering

the neighbourhood voxel information as a part of the cost function, eventually generated a

disparity regularised displacement vector field. The generated field was compared with the

fields generated by traditional non-rigid registration techniques and the state-of-the-art block

matching technique, using the performance metrics. From these metrics, it was found the

disparity-regularised block matching based non-rigid registration has outperformed them all.

However, the techniques that were chosen for performance benchmarking because the clinical

evaluation studies have considered these techniques for their study. These methods were not

the state-of-the-art non-rigid registration methods, in fact there are numerous deep learning

based method that predicts transformation directly. But, several radiological and oncological

evaluation studies have argued that these state-of-the-art techniques were developed using

limited dataset and they were not consistent and robust. Therefore, choosing the methods

that have been evaluated by the clinicians would be the first step toward the bridging the

gap. The DBLM was able to outperform all the other techniques only due to the proposed

regularisation and its non-iterative strategy. Therefore, this regularisation technique must be

tested with the b-spline, demons and other traditional methods to bring out the significance

of this structural constraint based regularisation. Also, this regularisation should be added to

the training loss function of the networks that directly predicts the displacement vector fields.

Only after conducting these experiments and carrying out the study, along with the extensive

clinical validation studies, an holistic knowledge of the impact caused by this regularisation

can make this technique to be part of the clinical ART practice.

Further, the disparity-regularised block matching was modified to the lung CT scans to assess

whether they were able to establish a geometrical relationship between scans despite having

large coarser regions. Along with the voxel intensity information, texture information was

included in the block matching criteria. In order to extract the texture information, outputs

of texture filters such as entropy, range, and standard deviation filters were used as maps,

upon which the block matching algorithm with the two-pass regularisation was applied. The

proposed modification not only estimated displacement vector fields that yielded geometrically

warped estimates closer to ground-truth, but also able to highlight the clinically significant

geometrical changes through proper biasing of the displacement vector fields. Thus, the dis-

parity regularisation as a type of structurally constraining loss function was able to overcome

the limitations of the motion discontinuity and correspondence ambiguity regardless of the

anatomical sites and their textures in lung CT analysis.
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However, the Modified DBLM has not investigated the texture information provided by other

filters such as steerable filters, spectral filters etc. That is, finding the suitable texture filters

for an application has become a mandatory step in the algorithm development. Also, an

engineering approach to validate the performance and bench-mark this method needs to

be developed. Since, in this thesis, the performance evaluation was conducted indirectly,

due to the reason of very few limited studies that characterised the geometrical changes

and progression of pulmonary fibrosis. Moreover, an extensive clinical evaluation study must

be carried out in the clinical perspective to incorporate this approach along with the current

clinical lung CT image analysis techniques.

The intensity inconsistency was the third key factor that limits the usage of non-rigid registra-

tion in the clinical ART practice. In order to circumvent this challenge, an deep learning based

image-to-image synthesis was proposed. Like the non-rigid registration in IGRT, the deep

learning based image-to-image synthesis were having the similar challenges caused by the

soft tissue organs. However, before focusing on improving the architecture, an investigation

was conducted to analyse whether the training loss function could be improved. Hence,

baseline 2D and 3D CycleGAN architectures were considered for the investigations. Along

with the cycle consistency loss, adversarial loss, and identity loss, several variants of SSIM

were added to characterise their impact in the pseudo image synthesis. From the image

quality metrics of the 2D and 3D synthetic images, it was observed that the generators were

able to synthesise better pseudo images when multi-component SSIM was included in the

training, despite the ground-truth images being noisy and poor in contrast. Finally, to verify

the impact of the structurally constrained loss function, a contour delineation framework that

combined the image-to-image synthesis and disparity-regularised block matching was tested

with the multi-modal (CT-CBCT) axial scans. The clinical validation and image quality based

metrics such as Dice score, Hausdorff Distance and the mean squared error were used to

compare the performance of the 2D and 3D I2I-DBLM based contour delineation frameworks.

From which it was observed that the 3D I2I-DBLM based contour delineation framework was

able to provide a better re-planned contour estimates consequently improving the chances of

reducing the therapeutic radiation toxicity. This showed that through an improved image-to-im-

age synthesis process, the intensity inconsistency can be solved and when merged with a

disparity-regularised non-rigid registration technique, it could overcome motion discontinuity

and correspondence ambiguity as well.
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However, this thesis has been limited to the investigation of the impact caused by multi-com-

ponent SSIM in deep learning based I2I synthesis. Further, the inclusion of multi-component

SSIM in the neural network training has added one more stage in the development process.

That is, along with the other processes, such as identifying optimum network architecture and

improving it when needed, performing the hyper-parameters search, identifying the suitable

SSIM variant must be added to this list of tasks. Also, the performance of the contour de-

lineation by the I2I-DBLM framework that has state-of-the-art architectures which has been

trained using the multi-component SSIM must be evaluated. Even though, the inclusion of

multi-component SSIM in the training of deep learning neural network has improved its per-

formance, more investigations must be carried out to make this AI, a part of the ART clinical

practice.

To conclude, this thesis has investigated different structurally constrained loss function in both

traditional and deep learning methods. Further, all the methods that were proposed were

not heavily dependent on the available data. Even though, these methods need GPU based

workstations for their development, they might not be needed during the deployment. The

proposed distance and orientation based regularisation is not confined to medical imaging, but

it has the capability to be used in other applications as well. This regularisation was applied

on block matching and methods like block matching does not differentiate the source or type

of images. Therefore, this regularisation can be applied in any image analysis application that

involves the establishment of spatial and geometrical relationship between two images. Also,

inclusion of SSIM variants in the deep learning neural networks is applicable in any image

based applications. Usually, SSIM and its variants were considered as an image quality metric

but this study should encourage any researcher to include suitable SSIM variant in the neural

network training, regardless of its application. Finally, this thesis has introduced methods that

were able to layout few approaches that could bypass the challenges faced by state-of-the-art

image processing techniques that restrains them not to be a part of the clinical practice. In

that context, this thesis was able to deliver a computer assisted contour delineation framework

that could aid the clinicians. Moreover, this framework does not require heavy computational

power, making it easier to be deployed in any Cancer Centre, enabling a computer assisted

automatic adaptive re-planning. This makes the possibility of reducing the time taken for

treatment re-planning and assisting the clinicians in the treatment procedure. Finally, this

research has emphasised the significance of structurally constrained loss functions in ART

which has paved the way to improve image processing techniques by incorporating suitable

structurally constrained loss functions for both biomedical and other applications.



Appendix A

Specifications of neural network

architectures

Table A.1: Details of 2D Convolution layer block

Layers Specifications

Conv2D Kernel=4, ReLU Activation
Instance Normalization Axis=3,Center=True, Scale=True

Beta and Gamma Initializer=Random Uniform
LeakyReLU Alpha=0.2

Table A.2: Details of 2D De-convolution layer block

Layers Specifications

UpSampling2D Size=2
Conv2D Kernel=4, Tanh Activation

Instance Normalization Axis=3,Center=True, Scale=True
Beta and Gamma Initializer=Random Uniform

Concatenate State=True

Table A.3: Specifications of 2D Discriminator

Block/Layer Name No. of filters Stride Normalisation State Output Size
Input Layer - - - 256 × 256× 1
Conv block 64 2 False 128 × 128× 64
Conv block 128 2 True 64 × 64 × 128
Conv block 256 2 True 32 × 32 × 256
Conv block 512 2 True 16 × 16 × 512
Conv block 512 1 True 16 × 16 × 512
Conv block 1 1 False 16 × 16 × 1
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Table A.4: Specifications of 2D Generator

Block/Layer No. of Stride Normalisation Output Skip
Name filters State Size Connection

Input Layer - - - 256 × 256× 1 -
Conv block 32 1 True 256 × 256 × 32 c1
Conv block 32 2 True 128 × 128 × 32 c2
Conv block 64 1 True 128 × 128 × 64 c3
Conv block 64 2 True 64 × 64 × 64 c4
Conv block 128 1 True 64 × 64 × 128 c5
Conv block 128 2 True 32 × 32 × 128 c6
Conv block 256 1 True 32 × 32 × 256 c7
Conv block 256 2 True 16 × 16 × 256 c8
Conv block 512 1 True 16 × 16 × 512 c9
Conv block 512 2 True 8 × 8 × 512 c10

Deconv block 512 1 True 16 × 16 × 512 c8
Conv block 256 1 True 16 × 16 × 256 -

Deconv block 256 1 True 32 × 32 × 256 c6
Conv block 128 1 True 32 × 32 × 128 -

Deconv block 128 1 True 64 × 64 × 128 c4
Conv block 64 1 True 64 × 64 × 64 -

Deconv block 64 1 True 128 × 128 × 64 c2
Conv block 32 1 True 128 × 128 × 32 -

Deconv block 32 1 True 256 × 256 × 32 c1
Conv layer 32 1 - 256 × 256 × 32 -
Conv layer 1 1 - 256 × 256 × 1 -
kernel=4

activation=tanh

Table A.5: Details of 3D Convolution layer block

Layers Specifications

Conv3D Kernel=3, ReLU Activation
Batch Normalization Default Specifications

LeakyReLU Alpha=0.2

Table A.6: Details of 3D Residual layer block

Layers Specifications

Conv3D Kernel=3
Batch Normalization Default

Conv2D Kernel=3
Activation ReLU
Conv3D Kernel=3

Batch Normalization Default
Add -
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Table A.7: Details of 3D De-convolutional layer block

Layers Specifications

Conv3DTranspose Kernel=3
Conv2D Kernel=3

Batch Normalization Default
Activation ReLU

Table A.8: Specifications of 3D Discriminator

Block/Layer Name No. of filters Stride Normalisation State Output Size
Input Layer - - - 32 × 32× 32 × 1

Conv 3D block 64 2 False 16 × 16 × 16 × 64
Conv 3D block 128 2 True 8 × 8 × 8 × 128
Conv 3D block 256 1 True 8 × 8 × 8 × 256
Conv 3D block 512 1 True 8 × 8 × 8 × 512
Conv 3D layer 1 1 - 8 × 8 × 8 × 1

Activation=Sigmoid

Table A.9: Specifications of 3D Generator

Block/Layer No. of Stride Normalisation Output
Name filters State Size

Input Layer - - - 32 × 32× 32 × 1
Conv 3D block 32 1 False 32 × 32 × 32 × 32
Conv 3D block 64 2 True 16 × 16 × 16 × 64
Conv 3D block 128 2 True 8 × 8 × 8 × 128

Residual 3D block 128 2 True 8 × 8 × 8 × 128
Residual 3D block 128 2 True 8 × 8 × 8 × 128
Residual 3D block 128 2 True 8 × 8 × 8 × 128
Residual 3D block 128 2 True 8 × 8 × 8 × 128
Residual 3D block 128 2 True 8 × 8 × 8 × 128
Deconv 3D block 64 2 True 16 × 16 × 16 × 64
Deconv 3D block 32 2 True 32 × 32 × 32 × 32

Conv 3D layer 1 1 - 32 × 32 × 32 × 1
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