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Abstract

Lung cancer is a disease a�ecting millions of people every year and poses a serious threat

to global public health. Accurate lung cancer staging is crucial to choose an appropriate

treatment protocol and to determine prognosis, this requires the acquisition of contrast-

enhanced diagnostic CT (d-CT) that is usually followed by a PET/CT scan. Information

from both d-CT and PET scan is used by the clinician in the staging process; however,

these images are not intrinsically aligned because they are acquired on di�erent days and

on di�erent scanners. Establishing anatomical correspondence, i.e., aligning the d-CT and

the PET images is an inherently di�cult task due to the absence of a direct relationship

between the intensities of the images. The CT acquired during the PET/CT scan is used

for attenuation correction (AC-CT) and is implicitly aligned with the PET image as they

are acquired at the same time using a hybrid scanner. Patients are required to maintain

shallow breathing for both scans. In contrast to that, the d-CT image is acquired after the

injection of a contrast agent, and patients are required to maximally inhale, for better view

of the lungs. Di�erences in the AC-CT and d-CT image volumes are thus due to di�erences

in breathhold positions and image contrast. Nonetheless, both images are from the same

modality. In this thesis, we present a new approach that aligns the d-CT with the PET

image through an indirect registration process that uses the AC-CT. The deformation �eld

obtained after the registration of the AC-CT to d-CT is used to align the PET image to the

d-CT.

Conventional image registration techniques deform the entire image using homogeneous

regularization without taking into consideration the physical properties of the various anatom-

ical structures. This homogeneous regularization may lead to physiologically and physically

implausible deformations. To register the d-CT and AC-CT images, we developed a 3D

registration framework based on a �uid transformation model including three physically mo-

tivated properties: (i) sliding motion of the lungs against the pleura; (ii) preservation of rigid

structures; and (iii) preservation of topology. The sliding motion is modeled using a direction

dependent regularization that decouples the tangential and the normal components of the
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external force term. The rigid shape of the bones is preserved using a spatially varying �lter

for the deformations. Finally, the topology is maintained using the concept of log-unbiased

deformations. To solve the multi-modal registration problem due to the contrast injected

for the d-CT, but lack thereof in the AC-CT, we use local cross correlation (LCC) as the

similarity measure. To illustrate and validate the proposed registration framework, di�erent

intra-patient CT datasets are used, including the NCAT phantom, EMPIRE10 and POPI

datasets. Results show that our proposed registration framework provides improved align-

ment and physically motivated deformations when compared to the classic elastic and �uid

registration techniques.

The �nal goal of our work was to demonstrate the clinical utility of our new approach that

aligns d-CT and PET/AC-CT images for fusion. We apply our method to ten real patients.

Our results show that the PET images have much improved alignment with the d-CT images

using our proposed registration technique. Our method was successful in providing a good

overlap of the lungs, improved alignment of the tumours and a lower target registration

error for landmarks in comparison to the classic �uid registration. The main contribution

of this thesis is the development of a comprehensive registration framework that integrates

important physical properties into a state-of-the-art transformation model with application

to lung imaging in cancer.
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Glossary
PET Positron emission tomography

CT Computed tomography

MRI magnetic resonance imaging

NMI Normalized Mutual Information

AC-CT attenuation corrected CT

d-CT diagnostic CT

SSD sum of squared di�erences

MI mutual information

CC cross correlation

NCC normalized cross correlation

DSC dice similarity coe�cient

ANTs advanced normalization tools

FDG �uoro-deoxy-glucose

HU Houns�eld unit

ITK Insight Segmentation and Registration

Toolkit

NCAT NURBS-based cardiac torso phantom

ROI region of interest

SCLC small cell lung cancer

NSCLC non-small cell lung cancer

EMPIRE Evaluation of Methods for Pulmonary

Image Registration

TRE target registration error

PDE partial di�erential equation
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Chapter 1

Introduction

1.1 Background

Lung cancer is the most common cause of cancer related deaths among men and women in

developed countries and the third most frequent cause of death in general. Globally, it is

responsible for 1.3 million deaths annually and with 1.6 million new cases being diagnosed

every year [1]. In 2008, around 40,800 people were diagnosed with lung cancer in the United

Kingdom [2]. Tobacco smoking is the primary cause of lung cancer, responsible for over

80% of cases [3]. The spread of tobacco use among the large middle class populations in

developing countries like India and China has also led to a drastic increase in the incidence of

lung cancer globally [4, 5]. Lung cancer is also prevalent among non-smokers due to passive

smoking, occupational exposure to pollutants and genetic factors [6].

Cancer is a generic term used for a large group of diseases characterized by uncontrolled,

abnormal cell division and growth. Lung cancer refers to the cancer that grows in the tissue

of the lungs, usually in the epithelial cells of the lining air passages. As the cancer spreads

through the lungs, it can restrict the �ow of oxygen by obstructing the bronchus. It can also

block o� a part of the lung, causing it to collapse. Lung cancer is classi�ed into two main

types based on the size of the malignant cancer cells:

(a) Small cell lung cancer (SCLC) is highly aggressive and constitutes about 20-25% of

all lung cancer cases. SCLC evolves very fast and has a poor prognosis.
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Stage 0
Cancer in situ, i.e., tumour has not grown through
lung lining.

Stage I
Cancer is very localized and is no bigger than 3cm in
size.

Stage Ib
Cancer is larger than 3cm in size or has spread to the
pleural membrane.

Stage IIa
The cancer is small and measures 3cm or less and
a�ects the nearby lymph nodes.

Stage IIb
Cancer is larger than 3cm and spread to lymph nodes
or the tumour has caused the lungs to collapse.

Stage IIIa
Cancer may be of any size and is found in the lymph
nodes on the same side of the chest.

Stage IIIb
Cancer has spread to any side of the chest and another
major structure like the heart or the windpipe

Stage IV
Cancer has spread to a distant part of the body such
as the liver, bones or the brain

Table 1.1: Various stages of lung cancer [7].

(b) Non-small cell lung cancer (NSCLC) is a form of epithelial lung cancer. It is the most

common kind of lung cancer a�ecting around 70% of all lung cancer patients. It evolves at

a slower rate and has a better prognosis in comparison to SCLC.

Lung cancer can also spread to other regions of the body like the bones, liver and adrenal

glands through the lymph nodes. This spread of cancer to other parts of the body is known

as metastasis. The extent or the severity of the cancer is determined by a process called

staging. Cancer staging takes into account the size and the number of cancerous tumours,

the spread of cancer to nearby (regional) lymph nodes, and also any distant metastasis that

have occurred on the body. Most tumours can be described as stage 0, stage I, stage II, stage

III and stage IV. Some of these stages are further broken down into subgroups such as stage

IIIa, IIIb and so forth. Stage 0 refers to the tumour being dormant or in early form, while

stage IV refers to an advanced stage where the cancer has metastasized and spread to other

parts of the body. Table 1.1 provides a brief overview of the classi�cation for the various

stages of lung cancer based on severity and extent of the tumours.

Lung cancer remains a disease with poor prognosis. It has the lowest survival rates

compared to other cancers like prostate, breast and colorectal cancers [2]. More than two-

thirds of the lung cancer cases are diagnosed at a later stage which reduces the survival rates
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for patients. Overall, less than 20% of lung cancer patients survive the disease for at least

�ve years after diagnosis [8]. The stage of the disease mainly dictates the chances of survival

for the patient as shown in Figure 1.1. Detection of the disease at an earlier stage improves

the chance of a 5 year survival rate signi�cantly. Survival rates for early stages of cancer

are quite high, sometimes reaching 80%, as reported in some studies [9]. Staging is used

solely to determine the most appropriate treatment and can also help in prognosis. Existing

treatments options for lung cancer include chemotherapy, radiotherapy, surgical resection and

immunotherapy. These treatments can be used individually or in combination depending on

the staging of the disease. Accurate clinical staging of lung cancer is required to stratify the

patients into correct treatment protocols. An incorrect staging may result in the resection

of benign nodules or early relapse after surgery. Hence, high sensitivity and speci�city are

required to establish proper staging.

Figure 1.1: Survival rates for up to 5 years for lung cancer patients in England and Wales
depending on the respective stages [10].

Non-invasive staging of lung cancer is achieved by using various imaging techniques to

assess the extent and spread of the tumour. Conventional chest radiography is the means by

which the lung cancer is incidentally �rst identi�ed. It provides a coarse measurement of the

primary tumour size and may give some information regarding the spread of the tumour to

the lymph nodes. However, computed tomography (CT) provides an enhanced visualization
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of the tumour and thus the means for a more accurate measurement of the tumour size. It

also helps to assess the extent of intra-thoracic invasion of the tumour. The e�ectiveness of

using CT over chest radiography is demonstrated by the National Lung Cancer screening trial

which has announced in November 2010 that 20% fewer lung cancer deaths were seen among

those who were screened with low-dose CT than with chest radiography [11]. However, it was

also found that a large proportion of the lesions detected using CT were false positives, i.e.,

they were benign [12]. Positron emission tomography (PET), a functional imaging technique,

can di�erentiate malignant from benign tumours, can detect the presence of metastases and

also provide information on lymph node involvement. Studies have also established that

PET, when used with CT, can help to minimize unnecessary invasive biopsy procedures for

benign lesions by reducing the false positive �ndings of the CT [13]. A combination of CT and

PET can also be used for quantifying the lung tumour response to therapy, and in detecting

recurrence in previously treated lesions [14].

Novel magnetic resonance imaging (MRI) techniques allow for high resolution image ac-

quisition of lung and pulmonary tumours during the respiratory cycle. MRI scanning does

not involve exposure to radiation, so it can be safely used in people who may be vulnerable to

the e�ects of radiation, such as pregnant women. They are also useful for showing soft tissue

structures, such as ligaments and cartilage, and organs such as the brain, heart and eyes

[15]. MRI allows for multiple and repeated measurements and can be used to assess motion

and perfusion of the thoracic organs. Advances in MRI technology have helped to estab-

lish a complex technology such as cardiac MRI, which combines morphological information

(wall thickness, edema, scarring of the myocardium) with functional assessment (wall motion,

contractility, ejection fraction) and viability/perfusion (e.g. at rest and during stress) .

Though MRI possesses great potential, it su�ers from some basic shortcomings. The

main disadvantage of using MRI over CT is the related cost of the scan. MRI scanners are

very expensive and a single scanner can cost over ¿1 million. Given the high investment

into MRI equipment and the running costs for maintenance and personnel, the choice of

MRI over CT needs to be justi�ed by added diagnostic value that the modality can o�er.
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Other limitations for MRI include its restricted used for patients with metal pacemakers or

other metal implants. MRI acquisitions involve longer scanning times, hence are a�ected

by patient movement, making them unsuitable for investigating problems such as mouth

tumours because coughing or swallowing can make the images that are produced less clear.

People who are morbidly obese cannot �t into borehole of the MRI system. Hence, the

current use of MRI techniques is limited to research studies, while clinically, CT and PET

are the established gold standard for non-invasive staging of lung cancer [16].

In the following sub-sections, we review CT and PET imaging modalities including their

advantages and limitations and explain the potential of fusing CT and PET images.

1.1.1 Computed Tomography

The �rst prototype of the computed tomography (CT) scanner was designed by Godfrey

Houns�eld and Allan Cormack in 1971. CT imaging uses multiple X-ray projections to

reconstruct the 3D structure of the body. The images are acquired by rotating an X-ray tube

around the body and the transmitted radiation is measured by sensors placed on the gantry.

The three dimensional CT image volume is generated from the large series of cross-sectional

two-dimensional images of the body. Since the development of the �rst CT scanner, CT

the imaging technology has gone through several phases or generations. The classi�cation

of these new CT systems is based upon the arrangement of components and mechanical

motion used to collect the data. Each generation has a number associated with it but a

higher generation number does not necessarily mean a superior performance system. The

various generations and its features are presented in Table 1.2. Schematic diagrams of the

CT generations are also shown in Figure 1.2-1.5.

The intensity readings of the transmitted radiation provide the linear attenuation coe�-

cient of the body. A linear attenuation coe�cient is a quantity that characterizes how easily

the body can be penetrated by the X-ray beam, i.e., the radiological density of the body.

Each voxel is assigned a numerical value, which is the average of all the linear attenuation

coe�cients contained within the corresponding voxel. This number is compared to the at-
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CT Gen-
eration

Design description Features

I Single X-Ray source with a
single dectector (Figure
1.2)

- Simple in design
- Earliest versions took around 4.5
minutes for a single scan

II Introduced Multiple
detectors in a single row
(Figure 1.3)

- Improved resolution and speed of
image acquisition in comparison to the
Ist generation
-Latest IInd generation CT scanners
allows image acquisition in a single
breathhold
-IInd generation scanners were
translate and rotate scanners

III Replaced a single row of
detectors with an
arc-shaped row of
detectors.(Figure 1.4)

-Replaced the need for translation
motion in the x-ray anode and
detectors
- Made it possible to use high power,
rotating anode x-ray tubes

IV Uses a stationary circular
array of detectors (Figure
1.5)

- Eliminates the need to rotate the
detectors
- Scanners are expensive as it requires
a larger number of detectors to
achieve the same resolution and dose
e�ciency as the third generation

V Includes a ring of X-ray
tubes that circles the
patient instead of a ring of
detectors

- Primary use of Vth generation CT
scanners is for cardiac tomographic
imaging and is capable of 50 ms scan
times

Table 1.2: CT generations
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Figure 1.2: Ist generation: Linear and rotating pencil beam system. [17]

Figure 1.3: IInd generation : Linear and rotating fan beam system. [17]
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Figure 1.4: IIIrd generation: Rotation only (tube and detectors) wide angle fan beam system.
[17]

Figure 1.5: IVth generation: 360 degree detector ring-rotating tube system. [17]
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tenuation value of water and displayed as scaled units called the Houns�eld Units (HU). The

scale assigns water a HU value of zero. In a voxel with average linear attenuation coe�cient

µY , the corresponding HU is given by:

HU = 1000× µY − µWater

µWater

, (1.1)

where µWater is the linear attenuation coe�cient of water. Typical HU values for human

tissues such as bones, fat, water, lungs, blood and muscles is provided in Table 1.3. Modern

CT scanners are calibrated to yield images within the accuracy of a few HU.

Tissue Type Houns�eld Units
Bone (ribs, vertebrae, etc) +400 to +1000
Soft tissues ( liver , muscle,

kidney, etc)
+20 to +120

Water 0
Fat -60 to -200

Lungs -700
Air -1000

Table 1.3: Houns�eld units value calculated for various tissues based on the density of water
[18].

CT is the radiographic imaging method of choice for lung cancer detection and staging.

Two advantages of CT in particular have made it the ideal choice for chest imaging. A very

high resolution in the axial plane provides anatomical details of the lungs similar to that

available from pathology specimens [19]. Modern medical CT scanners acquire images with

a high spatial resolution (as high as 0.5 mm). The other advantage of CT imaging is the

large di�erence in the attenuation values between biological tissue and air which provides a

very good contrast between the lungs and its surrounding structures. Bones and water are

also clearly distinguishable from the soft tissues. CT images also serve as a tool to decide

on the approach for biopsy of the lymph nodes. Lymph node diagnosis on CT is based on

signi�cant enlargement of the node (>1.0cm) [20]. However, there are also certain limitations

of CT. Di�erent soft tissues share the same intensity range on the Houns�eld unit scale, which

implies low soft tissue contrast. CT images can fail to provide accurate tumour de�nition

(i.e. size, and shape) if the tumour is the same density as the normal tissues surrounding
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it. This is especially true for organs of the mediastinum. Other concerns for using CT are

related to the harmful e�ects of radiation exposure.

Most diagnostic scans for lung cancer are performed after an intravenous administration

of a contrast agent. The CT contrast medium is used to improve the delineation of the

vessels to increase the sensitivity and accuracy of lesion detection and characterization [21].

CT contrast agents are available in di�erent forms, but iodine based agents are widely used

in hospitals. The CT volumes acquired with the administration of the contrast agent are

generally referred to as diagnostic CT (d-CT). An example of the d-CT scan is shown in

Figure 1.6.

(a) An axial slice (b) A sagittal slice (c) A coronal slice

Figure 1.6: An example of diagnostic CT scan of the chest. The axial, coronal and sagittal
slices are extracted from a three dimensional scan.

1.1.2 Positron Emission Tomography

First developed in the late 1950s by David Kuhl and Roy Edwards [22], positron emission

tomography (PET) is an imaging technique that maps the metabolic activity of the body. A

short lived radioactive tracer isotope that is biologically active is injected into the patient.

The radioactive tracer is labelled with a positron emitting isotope such as 18F, 15O, 11C or

64Cu. A list of commonly used radioactive tracers and the biological activities that they are

used to detect is provided in Table 1.4.

Fluoro-deoxy-glucose (FDG), a glucose analogue that is labeled to the radioactive positron
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emitter Fluorine-18, is the most commonly used radioactive tracer in PET imaging. FDG

has biological properties similar to glucose. FDG injected into the patient travels through the

body via the circulatory system. The tracer gets accumulated in regions of high metabolic

activity and is taken up by high glucose using cells such as the brain and tumours. FDG

is used as a marker to show the distribution of glucose metabolic activity in PET imaging.

Most tumours use glucose as their primary energy substrate for fueling cell division and

growth. The increased glucose uptake of these cancer cells can be identi�ed and localised in

FDG-PET images. The positrons emitted by the radioactive tracer get annihilated within

the body and produce gamma rays which travel in opposite directions, as illustrated in Figure

1.7. These gamma rays are detected by gamma detectors. The reconstructed PET image

intensities are proportional to the counts of the gamma rays detected by the cameras. The

PET image helps to map the location of the tracer within the body. PET scanning is used

for diagnosis, staging and follow-up of various malignancies. FDG-PET scanning has better

sensitivity than CT scanning in the detection of distant metastases in patients with NSCLC

and SCLC [24]. FDG-PET also helps in accurate staging of mediastinal nodes [25]. However,

one limitation of PET imaging is that it has a low resolution compared to other modalities.

Tracer Biological Process
FDG Glucose metabolism

18FMISO Hypoxia
64Cu-ATSM Hypoxia

18FLT Proliferation
H15

2 O Blood �ow
11C-methionine Amino acid uptake

18F-dopa Dopamine storage

Table 1.4: Commonly used radiotracers for PET imaging [23].
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Figure 1.7: Positron emission and positron-electron annihilation.

As the gamma rays travel through the di�erent layers of tissue with varying thickness and

density, they get attenuated. The loss of counts due to attenuation causes a false reading

which shows lower tracer uptake in deeply situated organs. A low dose CT scan is acquired

to construct an attenuation map of density di�erences throughout the body that can be used

to correct for the absorption of the gamma rays. This information is used to correct for the

counts in areas that are more attenuated due to the presence of dense structures or areas

that are deeply situated. The low dose CT image acquired to correct for the attenuation

errors is generally known as the attenuation correction CT (AC-CT). Integrated PET/CT

scanners are currently used in many healthcare centers to facilitate faster acquisition and

better alignment. This ultimately helps in improving diagnostic accuracy and localisation of

tumours. An example of the attenuation corrected PET image and the AC-CT is shown in

Figure 1.8.
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(a)An axial slice (b)A sagittal slice (c)A coronal slice

(a)An axial slice (b)A sagittal slice (c)A coronal slice

Figure 1.8: An example of an attenuation corrected PET image (top row) and AC-CT
(bottom row).

1.1.3 Radiation Exposure

Whole-body PET/CT scanning is accompanied with a substantial radiation dose and cancer

risk. CT alone can deliver a radiation dose which 100-500 times the amount of radiation

associated with an ordinary X-ray. Thus, CT and PET examinations should be clinically

justi�ed by radiologists, and measures should be taken to reduce the dose. The exposure dose

for ionizing radiation is expressed in mSv (milli-Sieverts). mSv is a quantity that represents

the stochastic biological e�ects of radiation. Everyone is exposed to a certain amount of

background radiation - about three mSv a year from cosmic rays, radon gas and the earth's

radioactive elements. The average radiation doses for various procedures are expressed in
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Diagnostic exams Approximate radiation
exposure during exam
expressed in mSv

X-ray of the chest 0.04
Mammogram 2 to 5

CT scan of the head 1.4
CT scan of the chest 6.6
Whole body CT scan 10
PET tumour scan 14.1

Coronary Angiogram 4.6 to 15.8

Table 1.5: Radiation exposure during various medical imaging exams.[26, 27]

Table 1.5. For people working with radiation ( Nuclear reactors, X-ray labs ), 20 mSv is the

UK legal limit, as set by the Ionising Radiations Regulations (1999), that a classi�ed person

who works with radiation may be exposed to in any given year. Workers normally receive

considerably less than this. However, patients who undergo medical imaging procedures are

not monitored or limited, and since the amount of radiation varies from patient to patient,

from test to test and from machine to machine, there's no way of knowing exactly how much

radiation we're getting.

1.2 Clinical Problem and Motivation

In current lung cancer clinical protocols, the d-CT is used as the primary modality to image

the tumour pathology and the surrounding structures, largely due to the short acquisition

time (takes generally few seconds), high resolution and image contrast. The d-CT is acquired

at maximum inspiration to give a better view of the fully expanded lung tissue. After

con�rmation of the presence of tumours in the d-CT, the patient is recommended for a

whole body acquisition of PET volume using an integrated PET/CT scanner. The PET

image is acquired over a period of 30-40 minutes at shallow breathing. This results in a

reconstructed static PET image that is blurred due to patient breathing and other motion

artifacts occurring during the acquisition. The AC-CT used for attenuation correction of the

PET image is acquired using a free-breathing protocol.

Image fusion is de�ned as the process of combining relevant information from two or
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more di�erent images into a single highly informative image. Fusing the anatomical and

the metabolic information helps to combine two complementary sets of information into a

single visualization. In practice, fusion of medical images is carried out by overlaying the

two images over each other and then adjusting the transparency of each image to visualize

a maximum amount of information. Fusing the PET and AC-CT helps to visually observe

the metabolic activity and the anatomical information of the body in a single image. An

example of visual fusion of the aligned PET and AC-CT images is shown in Figure 1.9(a).

The fusion of these images is helpful in identifying and locating the tumours. PET-CT fusion

was found to help identify positive nodes that were not considered malignant on CT, as well

as to enhance tumour de�nition for poorly de�ned tumours [28, 29]. Image fusion can also be

used for radiotherapy planning and for longitudinal studies of tumour response [30, 31, 32].

The combination of PET and CT has been shown to provide the best available information

for lung cancer and is recommended for use in clinical practice by the IAEA expert group

[33]. PET and AC-CT image fusion is easily obtained as the various structures within the

images are implicitly aligned with each other due to their acquisition from the same scanner.

Similar to the PET and AC-CT fusion, fusing the d-CT and PET scans might facilitate

better diagnosis and staging [34, 35, 36]. However, the PET and the d-CT images are not

anatomically aligned with each other. Hence, a direct visual fusion without proper mapping

of the anatomical structures can be misleading. An example of directly fused image volumes

of d-CT and the PET image is shown in Figure 1.9(b) where the structures like the liver,

lymph nodes and tumours are clearly misaligned between the d-CT and the PET image.

There are two reasons for this misalignment: (1) the images are acquired in two di�erent

scanners, so the patients have been repositioned and (2) there is a di�erence in the breathing

phases of the image acquisition protocols. Without correct anatomical mapping between the

PET and d-CT, the fusion between the images is clinically irrelevant. Current clinical

practice require reading the PET/CT and the d-CT separately on di�erent screens and then

mentally correlating the structures.
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(a) (b)

Figure 1.9: (a) Fused PET/ AC-CT image (inherently registered as they are acquired from
the same scanner) (b) Fused PET/D-CT (contrast-enhanced) image without registration.

Establishing a correct alignment of the anatomical positions between the d-CT and the

PET image is essential before they can fused together [37, 38]. Currently available tools

are not able to �nd accurate mapping between the physical spaces of the d-CT and the

PET images. Finding an accurate anatomical mapping is particularly di�cult as these two

modalities do not have an established relationship between their intensities. The d-CT volume

represents the anatomical information with enhanced vascular structures while the PET

image characterizes the physiological function of the body. However, the d-CT and the AC-

CT volumes belong to the same imaging modality. As there is an established relationship

between the intensities, an anatomical mapping between these images can be accurately

derived. This process of �nding the mapping of the physical spaces between two images

is known as image registration. However, establishing an anatomical mapping between the

d-CT and the AC-CT is also challenging due to their image acquisition at di�erent breathing

stages and the presence of the contrast agent in the d-CT.

In this thesis, we adopt a two-step approach towards the fusion of d-CT and PET images.

The �rst step involves registering the d-CT with the AC-CT which is facilitated by the

fact that both images represent the same modality. The deformations obtained during this

process are used to implement the second step, i.e., these deformations are then used to fuse

the d-CT and the PET image volumes. Current registration algorithms cannot accurately
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register the d-CT and AC-CT images because they do not consider the physiological and

physical properties of the various organs during the registration process. In this thesis, we

will concentrate on developing a new framework for the registration of the d-CT and AC-CT

image volumes. The new framework is based on the physical properties of the various organs

and structures present within the image.

The main contribution of this thesis is the development of a registration framework for the

anatomical alignment of d-CT with AC-CT volumes of lung cancer patients. By extending

the state-of-the-art approach in image registration, physical properties of various structures

such as the bones and lungs are incorporated in the registration framework to provide bi-

ologically plausible image deformations. This framework incorporates physical properties

such as preservation of rigidity and image topology. We also introduce a term to preserve

the physiological motion of the lungs along the boundaries (generally known as the sliding

motion). Finally, the deformation �eld obtained from the d-CT and AC-CT registration is

applied to fuse the d-CT with the PET image. The fusion of d-CT with PET can potentially

help in accurate diagnosis and staging of lung cancer.

1.3 Outline of the Thesis

The thesis is structured as follows:

Chapter 1 has introduced the clinical problem of lung cancer imaging and fusion, and

has stated the aims and contributions of this thesis.

Chapter 2 develops a general framework for image registration. It explores the various

components of image registration which consists of the transformation models, similarity

measures and optimization. Finally, we provide an overview of the state-of-the-art techniques

available for lung image registration followed a critical analysis of their e�ectiveness for d-CT

and AC-CT registration.

Chapter 3 focuses on physics based transformation models, namely the elastic and

�uid registration techniques. We describe the implementation details for elastic and �uid

registration problem, followed by a comparison between the two methods. We also discuss
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the problems that emerge due to lack of physical constraints to preserve the topology of the

image and the rigidity of the bones. To address these problems, we present a new framework

for image registration which includes an additional force term to preserve the topology of the

image and a spatially variable �ltering technique to preserve the rigidity of the bones.

Chapter 4 presents the results based on the image data provided by the lung registration

challenge, �Evaluation of Methods for Pulmonary Image Registration 2010� (EMPIRE10)

conducted in conjunction with the Grand Challenges in Medical Image Analysis Workshop

in 2010. The deformations generated using the classic elastic method and the elastic version

of the proposed new framework from Chapter 3 were applied to the challenge data and the

�nal results are included in this thesis.

Chapter 5 motivates the need for incorporating sliding motion modeling in our new

registration framework. Initially, our sliding motion model is tested on a 2D synthetic image

to establish its concept. Later, the sliding motion model is incorporated in our proposed

registration framework and tested on two image volume datasets, namely the POPI dataset

and the EMPIRE10 dataset.

Chapter 6 investigates the application of our work for fusing d-CT with PET. First,

we register the d-CT and the AC-CT using our proposed registration framework composed

of topology preservation, rigidity preservation and sliding motion model. The deformations

obtained from this step are used to anatomically align the d-CT and PET image so that they

can be fused together.

Chapter 7 summarizes our work, points out possible extensions, and concludes with

suggestions for future work.
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Chapter 2

Image Registration for Lung Images

In order to map the data from di�erent images into a single coordinate system image regis-

tration is required. In this work, we address the registration of diagnostic CT (d-CT) and

attenuation correction CT (AC-CT). For this, we will �rst review the underlying principles

of image registration. This is followed by a brief summary of the state-of-the-art image regis-

tration algorithms used for lung and chest imaging, and the challenges involved in obtaining

a biologically plausible registration solution.

2.1 Introduction to Image Registration

In medical applications, the spatial alignment of structures is required to combine information

from di�erent images. Image registration is the process of determining this geometrical

relationship between two images to achieve anatomical or functional correspondence. A more

detailed description and a thorough classi�cation of the components of image registration are

provided in image registration reviews by Brown [39] and Maintz [40]. Image registration is

important in many aspects of medical image analysis such as:

1. Motion correction/compensation: Image registration can used to correct/compensate

the movement of the patient between scans taken at di�erent time points. A com-

mon example of this application is to correct for motion between pre-operative, intra-

operative and post-operative scans. These deformations are mainly physical in nature
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and are caused by patient movement, physiological breathing motion, motion associated

with the heart, peristalsis or other muscle groups.

2. Motion analysis: Image registration is also used to quantify physiological motion like

changes in lung volume during respiration, pumping cycles of the heart, or compression

of the joints. The quanti�ed motion can be used for diagnosis or therapy.

3. Cross-modality image fusion: Di�erent imaging modalities contain complementary in-

formation that can be used to improve disease diagnosis or assist the clinician for a

therapeutic procedure. It is important to establish anatomical correspondence between

the images by registration before fusing them. Image fusion combines information of

same patient acquired using di�erent imaging modalities like CT, X-ray, MRI, ultra-

sound and PET. point

4. Longitudinal studies: To detect and measure structural or functional changes over time.

This information could be very helpful in aiding diagnosis or therapy. Examples include

hormone therapy, Alzheimer's disease, drug trials, multiple sclerosis and morphological

changes resulting from surgical interventions. Similarly, image registration of chest

CT scans has been successfully used for monitoring nodule growth [41] and estimating

progression of interstitial lung diseases like Chronic Obstructive Pulmonary Disease

(COPD) [42].

5. Atlas construction: A simultaneous registration over a cohort of subjects is required for

the creation of an average template. This average template is more commonly known

as an atlas. The registration of the images is necessary to de�ne all the subjects in a

common coordinate system.

For the purpose of this thesis, we are interested in aligning d-CT and the AC-CT images

that were acquired at di�erent breathing stages and at di�erent time points, we will focus

on image registration techniques used for motion compensation. To correct for any image

motion due to acquisition in di�erent scanners and breathing motion, images need to be

aligned both globally and locally, to recover the displacement of the various organs.
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Given two images, a target image IT and a source image IS, the task of image registration

is to �nd the transformation T that will relate the anatomical correspondences between the

images. Three dimensional (3D) image volumes like CT or PET scans are de�ned by a

�nite set of voxels. A voxel represents the unit of graphical information that de�nes a

point in three dimensional space, and is the 3-D equivalent of a pixel (picture element). A

voxel in image IT at point x is represented as IT (x) with x = (x, y, z). Image registration

deforms the source image so that it resembles as closely as possible to the target image. A

transformation describes the mapping between the spatial coordinates in the target image

IT (x) and coordinates in the source image IS(x). The transformation is described by the

displacement �eld u such that T = T (x + u), where T is known as the transform function

that provides the resulting displacement vectors of every voxel. If IS(x) is the source image

which denotes the intensity value at each point x in the source image, then IS(T (x+ u))

denotes the corresponding intensity value in the transformed source image. The process

of deforming the source image with the transformation is called image warping. Image

registration algorithms in general consist of three elements:

1. A transformation model: A class of admissible geometrical transformations T that can

be applied to the images, i.e., employed to spatially warp the image.

2. A cost function: A quantity that measures the similarity between the images, as well

as the quality of the transformation estimate

3. An optimizer: An iterative optimization method which determines the best transfor-

mation parameters with respect to the cost function.

Figure 2.1 illustrates the block diagram for a generic registration algorithm operating on

these three components. The source and the target images act as the input while the output

of a generic registration algorithm is the �nal transformation achieved after convergence

of the optimization. After each iteration, the source image is warped using the current

transformation estimate to yield the deformed image, while the cost function is re-calculated

at each iteration.
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Figure 2.1: A generic image registration algorithm with three basic components namely, (1)
Geometric transformation models (2) Cost Function and (3) Optimizer

2.1.1 Rigid and A�ne Registration

The transformation model determines the type of spatial mapping function that is to be

applied to the image. Transformation models are generally classi�ed into two types: global

and local. Global transformations compensate for the global repositioning of the patient.

They preserve the parallelism between the grid lines in the image. Global transformations

are classi�ed into two main types: rigid and a�ne. Rigid transformations form a sub-class of

a�ne transformations. A rigid transformation for 3D images is described by the translation

vector t = [ tx ty tz] (three degrees of freedom for each of the x, y and z orthogonal

directions) and the rotations α, β and γ about the axes (three degrees of freedom). The rigid

transformation T rigid is represented as:

T rigid = Rx+ t, (2.1)
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where R represents a 3×3 orthogonal rotation matrix. The rigid transformation is often

extended to a�ne transformations, which include scaling (three degrees of freedom) and

shears (three degrees of freedom). Hence a�ne transformations have a total of 12 degrees

of freedom in equation 2.2. The coupling of scaling with the rigid registration is e�ective

when registrations must account for erroneous or unknown scales in the image acquisition

process. A�ne transformations map parallel lines into parallel lines but do not preserve

the lengths and the angles of the lines. The a�ne transformation can partially correct for

calibration di�erences across scanners or gross di�erences in scale between subjects. The

a�ne transformation is represented by the following equation:

T a�ne(x) =



a00 a01 a02 tx

a10 a11 a12 ty

a20 a21 a22 tz

0 0 0 1





x

y

z

1


, (2.2)

where aij is the coe�cient of the a�ne components and [x y z] represents the voxel position.

Rigid and a�ne transformations are expressed in matrix notation to represent the elemental

transformations of rotation, translation, scaling and shearing. An example of rigid and a�ne

transformations is presented in Figure 2.2. Rigid or a�ne registration is often used as the �rst

step in pulmonary image registration to correct for the distortions created by the imaging

device.

2.1.2 Non-Rigid Registration

Global (rigid or a�ne) transformations can not handle images that are deformed locally.

The problem of local deformations can be solved by the use of local registration, which is

appropriate for compensation of local tissue motion and longitudinal tissue changes. Local

transformations allow regions to deform more independently. Local transformations do not

preserve the parallelism or the straightness of lines in the image and could map the straight

lines into curved lines. Non-rigid transformation models can be classi�ed into parametric
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Figure 2.2: Rigid and A�ne transformation

and non-parametric registration.1

2.1.2.1 Parametric Transformation Models

For parametric models, the registration process is designed to �nd a compact set of optimal

parameters that can transform the source image to the target image. For this, the deforma-

tions are not calculated for every voxel, but instead they are de�ned for a set of sparse grid

points. The dense deformations for all image voxels are interpolated from the deformations

de�ned at the grid points. Among parametric techniques, spline based methods are most

commonly used. The term spline is derived from the ship building industry where it refers

to a plank of wood which is bent by applying varying amount of weights along its length to

obtain smooth shapes. In mathematics, a spline is a special function that is de�ned piece-

wise by polynomials and is used in applications requiring data interpolation and smoothing.

Splines have a very simple form locally, but at the same time they are globally �exible, thus

making them useful to model arbitrary functions. Two of the most widely used spline based

1Despite a�ne transformations being technically non-rigid, we will in the following use the term non-rigid
transformations to refer to local transformation models.
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registration techniques are thin-plate splines (TPS) [43] and cubic B-splines for Free Form

Deformations (FFDs) [44]. In the following, both spline models will be brie�y reviewed.

a. Thin-plate splines (TPS): refers to a physical analogy involving the bending of a thin

sheet of metal. TPS registration is a landmark based registration technique which is usually

used with a set of homologous features and anatomical landmarks that are manually or au-

tomatically selected in the image. TPS was introduced to the computer vision community

by Grimson et al. [45] as a form of method to interpolate surfaces from visual information.

Bookstein [43] established the modeling of shape deformation using TPS. TPS registration

interpolates the displacement necessary to map the location of the landmark point in the tar-

get image to its corresponding counterpart in the source image. The advantages of TPS over

other landmark based methods include better registration results and ease of incorporation

of additional constraints such as directional constraints [46].

b. FFDs using B-splines: B-splines are mathematical functions that have a compact

support region with respect to the degree of the polynomial function, smoothness and domain

partition. In computer vision, B-splines generally refer to a spline curve expressed as linear

combination of the B-spline mathematical function. Since B-splines are locally controlled,

they are computationally e�cient even for large number of control points. Rueckert et. al

[44] proposed the use of cubic B-splines in combination with FFDs and normalized mutual

information (NMI) as a similarity measure for image registration. The degrees of freedom of

the transformation will depend on the resolution of a mesh of regularly distributed control

points. B-spline registration has shown superior performance for the registration of dynamic

contrast enhanced MR breast images. A study by Klein et al. [47] has also demonstrated

B-spline registration to be among the top three registration techniques for human brain MRI

registration.

Other options for parametric methods exist beyond the models presented above. Rohr

et al. [48] and Fornefett et al. [49] have performed detailed investigation in the use of

radial basis functions and their variants for registration. Amit et al. [50] proposed to model

the deformation as a wavelet expansion in 2D while considering registration as a variational
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problem. An overview and implementation details for the various parametric methods could

be found in the image registration review by Holden et al. [51].

Most of the parametric methods mentioned (with the exception of FFDs using B-splines)

are landmark based registration techniques. These methods pose a problem because the reg-

istration depends only on the landmarks. The original image is not taken into consideration

during the registration process. The global in�uence of these landmark leads to incorrect

results as it diminishes the e�ect of the local deformations. The other disadvantage with

landmark based image registration is that determining the right amount and correct place-

ment of landmarks at sensible locations is di�cult and time consuming. Automatic extraction

of landmarks can be acheived by using landmarks selected along segmented airways, vessels

and �ssures [52]. However, the automatically selected landmarks points need to manually

veri�ed and corrected in many cases before they are used for registering the images [53]. For

accurate chest CT registration, we also require a large number of landmarks with an equal

amount of spread across the entire image. Due to partial volume e�ects, limited scanner

resolution, and errors during skeletonization, only about 20 to 30 branching points per lung

can be reliably matched using this approach. Hence landmark based methods on their own

are avoided for registering the chest CT but they can be used in combination with intensity

based registration methods.

2.1.2.2 Non-Parametric Transformation Models

In non-parametric image registration, the focus is not on speci�c grid points or markers, but to

�nd a dense deformation �eld with a displacement vector for each voxel. The deformations for

non-parametric methods are assumed to ful�ll a certain physics based model. These physics

based models can be based on material properties such as elasticity, �uid dynamics or optical

�ow, and are generally de�ned by an associated system of partial di�erential equations. One

of the �rst non-parametric methods based on elastic model of deformations was proposed by

Broit [54] and further developed by Bajcsy et al. [55]. The model based on �uid dynamics

was proposed by Christensen et al. [56] , while optical �ow based registration was introduced
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by Horn and Schunck [57]. Other forms of non-parametric transformations include models

based on image di�usion [58] and curvature [59] which attempt to evaluate the smoothness

of the deformation itself. A detailed overview of the various non-parametric registration

techniques could be found in Zitova et al. [60] and Maintz et al. [40].

2.1.3 Cost Function

The cost function de�nes a quantity to measure the similarity between the images and the

quality of the deformations. The choice of the cost function is crucial to the success of the

registration process.

2.1.3.1 Similarity Measure

In order to establish a relationship between the intensities of the target and the source im-

ages, one must de�ne a similarity criterion to measure the degree of alignment between the

images. This similarity criterion can be based on voxel information such as image inten-

sity. To achieve this objective, there are many di�erent types of similarity measures. Their

performance and application depends on various factors such as modality of the images,

presence of contrast agents, the type and degree of noise present in the images, intensity

inhomogeneities, geometrical distortions, partial image overlap, etc. Some of the widely used

similarity measures are described in the following sections.

Sum of Squared Di�erences

Sum of squared di�erences (SSD) is the simplest type of similarity measure available and

is based on the assumption of an identity relationship between the source and target image

intensities. This assumption is valid for intra-subject images that have been acquired from

the same sensor under the same conditions. SSD makes the implicit assumption that after

registration the images only di�er by noise. SSD can be de�ned by the equation below:

SSD =
∑
i

(IA(xi)− IB(xi))
2 (2.3)
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where N is the number of voxels, and IA and IB represent the two images. SSD has a poor

performance in the presence of high image noise [61] as compared to other measures. In

our application, SSD is unsuitable for registration of d-CT and AC-CT images as the d-CT

acquisition is done with a contrast agent present, whereas the AC-CT is acquired without a

contrast agent.

Mutual Information

Mutual information (MI) was proposed as a similarity measure for rigid and a�ne image

registration independently by Collignon et al. [62] and Wells et al. [63]. MI measures the

statistical dependence between two random variables or the amount of information that one

variable contains about the other. The mutual information MI(IA, IB) between two images

IA and IB can be de�ned in terms of the marginal entropies H(IA) and H(IB) of the image

intensities, combined with their joint entropy H(IA, IB), as follows :

MI(IA, IB) = H(IA) +H(IB)−H(IA, IB) (2.4)

The marginal entropy is the measure of the uncertainty associated with a random variable

while the joint entropy H(IA, IB) is the measure of the uncertainty associated with IA and

IB as shown in equation 2.6:

H(IA) = −
∑
a

p(a)log(a) (2.5)

and

H(IA, IB) = −
∑
a

∑
b

p(a, b)log(a, b) (2.6)

where p(a, b) = h(a, b)/N , p(a) =
∑
p(a, b) and h(a, b) is the count value of the 2D joint

histogram. However, mutual information is not independent of the overlap of two images,

and may fail as a similarity measure in cases of inde�nite overlap. Mutual information also

shows problems when the size of the images becomes smaller making the overlap statistics

less reliable.
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In registration problems where the image misalignment can be large with respect to

the imaged �eld, it is important to have information theoretic measures independent of the

overlap statistics. Studholme et al. [64] solved this problem by the introduction of Normalized

Mutual Information (NMI) as a measure of image alignment. NMI represents a normalized

entropy measure which is the ratio of the sum of the marginal entropies and the joint entropy.

NMI provides a fully robust and automated similarity measure and has been used in a number

of multi-modality imaging studies [65, 66, 67] and is described by equation:

NMI(IA, IB) =
H(IA) +H(IB)

H(IA, IB)
(2.7)

Cross Correlation

Cross correlation (CC) between two signals is a standard approach in signal analysis. Cross

correlation can be calculated in both space and frequency domains and is a common similarity

measure in image registration problems. Cross correlation depends on local image intensity

average and variance, using only few samples. CC is de�ned as follows:

CC(IA, IB) =

∑
i IA(xi)IB(xi)

(
∑

i(IA(xi))2)1/2(
∑

i(IB(xi))2)1/2
(2.8)

The value of the similarity measure lies in the interval [-1, 1]. The cross correlation value is 1

if the images are completely identical , the value is 0 if the images are completely uncorrelated

and the value is -1 if one image is negative of the other. Cross correlation has shown improved

results and robustness compared to SSD in cases of unpredictable illumination, re�ectance or

bias �elds. It has a superior performance for images with low noise, however it has a poorer

performance for extremely noisy images such as ultrasound images.

Normalized cross correlation (NCC) is a variant of cross correlation where the images are

normalized by subtracting the mean of the pixel value in each image. NCC is invariant to

the contrast or intensity ramping of the images.

NCC(IA, IB) =
< ĪA, ĪB >

< ĪA >< ĪB >
(2.9)
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where Ā = IA−µA and the inner product is taken over a local neighborhood. µ is the local

mean which is also calculated over a local neighborhood at each position x. Correlation coef-

�cient is used for registering multi-modal images. One disadvantage of the cross correlation

methods is that they can incorrectly match smooth regions without prominent details.

In Table 2.1, a qualitative comparison of the �ve main similarity measures across four dif-

ferent categories is presented. NCC establishes itself as the most suitable similarity measure

for our application with a simple implementation, low computational time, good robustness

and local measure capabilities [68]. NCC also has partial multi-modal capabilities [69, 70] and

thus can be used to register contrast enhanced CT images with non-contrast enhanced CT.

MI and NMI are reliable global similarity measures for intensity-based matching of multi-

modal images but have a higher computational complexity, and limited capabilities as local

similarity measures [68].

Name Computational
Complexity

Multi-modal
capabilities

Robustness Local
measure

SSD + − − +
MI − + − ±
NMI − + ± ±
CC + + ± +
NCC + ± + +

Table 2.1: In this table �ve similarity measures are qualitatively compared. We indicate
whether the approaches satisfy some properties ('+') or not ('−') or whether a certain prop-
erty is partially ful�lled ('±'). The four categories are (i) The algorithm is easy to implement
and has low computational time (ii) Multi-modal capabilities of the similarity measure (iii)
Robustness of the measure for cases of unpredictable illumination, re�ectance, bias �elds etc.
(iv) Local measure capabilities.

2.1.3.2 Transformational / Regularization Cost

In medical imaging, the end-goal is not only to register the images to achieve maximum

similarity but also to obtain plausible deformations. The quality of the deformations can

be controlled by using additional force terms introduced into the cost function term. These

additional force terms are discussed in greater detail in Chapter 3.
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2.1.4 Optimization Techniques

Optimization techniques search for the optimal transformation that maximizes the similarity

between the images. It generally takes a series of guesses from an initial starting position

which is gradually re�ned by trial and error. At each step, the cost function which relates

how well the two images are registered, is computed and evaluated. In high resolution

images there is a large amount of data which makes processing the data during registration

a time-consuming process. Hence, a choice of search strategy plays an important role in

registration algorithms. Some of the conditions required for an optimization technique in

image registration algorithms are:

• It must be a non-linear multidimensional optimization technique. This is an essential

requirement to handle multidimensional images and also take into account the non-

linearity of the cost function.

• The optimization technique must have the ability to avoid local optima of the cost

function.

• The optimization technique should minimize the number of evaluations required to

reach the global optimum. This is because the calculation of the cost function generally

comes at a high-computational cost.

• The optimum local value of a similarity measure can be found within a portion of

parameter space termed as the capture range. Capture range of the optimum is an im-

portant property to consider while selecting the optimization technique. Optimization

started outside the capture range of the desired optimum has a very low probability of

reaching the correct transformation.

The optimization technique used determines the speed and success of the registration algo-

rithm. Most registration algorithms can employ standard optimization techniques to �nd a

good transformation such as steepest gradient descent, conjugate gradient method, Powell's

method, Gauss-Newton method, etc. Along with these mentioned techniques, multiresolu-

tion optimization is generally used to prevent the algorithm from falling into local optima.
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The multiresolution step is used to �rst solve the problem at a coarser resolution and then

use this solution as a initialization for the higher resolution of the images.

In this section, we have reviewed some of the commonly used transformation models,

similarity measures and optimization techniques used in image registration.

2.2 State-of-the-Art Registration Methods for Lung or

Chest Images

The success of respiratory medicine is dependent on a thorough description and understanding

of the human lung and its response to disease, injury and treatment. Many researchers in

medical imaging have focused on post-processing algorithms to provide fast, automated,

objective, quanti�able measures characterizing lung pathology. Chest CT image registration

has been established as an important post-processing step used by clinicians and radiologists

to map multiple lung volumes together, for purposes of evaluating regional lung mechanics

[71] and tracking pathology over time [52]. Image registration is also commonly used during

radiotherapy sessions to reduce the risk of irradiating vital organs due to patient motion

and reduced tumour coverage. Many surgical procedures also employ image registration

techniques to assist the clinician in accurate surgical planning of tumour resection [72, 73].

Chest image registration is more complex than registration of other parts of the body

like the brain, in particular because of the unique non-rigid motion of lung and the thoracic

structures. To further elaborate on the complexity of the problem, we take the example of the

most commonly encountered problem of breathing motion artifacts. During breathing the

lungs change in position, volume and shape, while the ribs and the spine deform rigidly, i.e.,

they do not change in shape or volume. In contrast to that, during breathing the liver also

changes in shape but its volume remains the same. Registering a combination of such diverse

movements of organs is further complicated by the lack of accurate anatomical landmarks.

Many e�orts have been made in the �eld of chest CT image registration but the lack

of a gold standard has prevented an accurate validation of the registration accuracy. The
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MICCAI 2010 Grand Challenge on Evaluation of Methods for Pulmonary Image Registration

2010 (EMPIRE10) has been an important step in establishing an automated assessment

of registration accuracy for the vast array of algorithms available in research [74]. The

competing algorithms in the EMPIRE study included a wide variety of registration methods

with di�erent combinations of transformation models, optimization techniques and similarity

measures. Some of the algorithms were designed for lung CT applications while others

arose from completely generic registration applications. A detailed study of the participating

algorithms provides a good understanding of the current areas of development and research

interest for CT image registration. The challenge participants were evaluated on the basis of

four criteria:

a. Lung Boundary alignment

b. Fissure alignment

c. Landmark registration error

d. Singularities of the deformation �eld, i.e., topology preservation

The Advanced Normalization Tools (ANTS) algorithm based on the symmetric image

normalization method showed to have the best performance for the EMPIRE challenge data

[75, 76]. The algorithm uses normalized cross correlation (NCC) as the similarity measure in

a local neighborhood around each voxel. The use of NCC compensates for the inhomogeneity

of the density changes over the lung volume in the image pair. The ANTS algorithm models

di�eomorphic transformations to ensure one to one topological properties. Di�eomorphic

transformations ensure the invertibility of the transformations and the preservation of the

deformation �eld topology. Many other algorithms participating in the challenge incorpo-

rated some form of topology preservation that highlights its increased attention. A large

number of algorithms within the challenge were based on B-spline parametric registration

techniques. The variation between the various algorithms was mainly based on the use of

varying similarity measures and in some cases the introduction of additional constraints. One

of the participants extended the B-Spline method by including a robust 3D registration of the

vessel trees [77]. The B-spline methods performed well for cases with considerable di�erence
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in lung volumes but they underperformed in some cases due to the smoothing e�ect caused

by the linear interpolation and the B-spline transformation.

The fast elastic image registration algorithm proposed by Kabus et al. [78] was also

introduced in the challenge. The algorithm was based on simultaneous minimization of the

SSD similarity measure and the Navier-Lamé operator. The algorithm was ranked 10th out

of the 34 participating algorithms. The weakest point of the algorithm's performance was

the presence of folding in the deformation �eld that lowered its overall rank . The algorithm

did not contain any additional constraint for preserving the topology. One of the other non-

parametric methods participating in the challenge was the algorithm by Heinrich et al. [79]

who introduced a variant of the optical �ow model to achieve discontinuity preservation.

The proposed algorithm used a variational formulation of the optical �ow model with non-

quadratic regularization. The algorithm performed very well for aligning the �ssures and the

landmarks but was unsuccessful in complete preservation of the topology.

The validation process of the algorithms used in the EMPIRE challenge was very thor-

ough, uniform and the �rst of its kind for lung image registration. However, one of the

primary disadvantages of the challenge was that the evaluation criteria were based only on

the lung volume and the e�ect of the registration on the other external structures was e�ec-

tively ignored. The rigidity of the bones, the preservation of the topology outside the lungs

and the quality of the deformation are some of the additional validation steps that could have

provided a further improved evaluation of the chest image registration. Thus in the EMPIRE

challenge, the di�erent registration algorithms stressed on higher lung overlaps and topology

preservation. None of the algorithms proposed a solution to solve the three major problems

encountered in chest image registration which are rigidity preservation, discontinuity preser-

vation/ sliding motion and topology preservation for the entire image domain in one single

framework. The lack of such physical properties in the registration framework would not be

able to provide a physically plausible deformation. A comparison of the various registration

algorithms participating in the EMPIRE challenge is provided in Table 2.2 with regards to

the three physical properties discussed.
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There is a growing amount of research that tries to address these problems individually,

and that introduces physiologically based models into image registration. We have divided

this literature into three categories based on the problems that they address, namely:

• Topology preservation of the deformation �eld

• Rigidity preservation for the bones and other rigid structures

• Sliding motion of the lungs

Registration Technique
Topology

preservation
Rigidity

preservation
Sliding
motion

ANTS [76, 75] + − −
Feature point extraction and matching

[80]
+ − −

Fast elastic image registration [78] − − −
Regularized registration by preserving
tissue volume and vesselness measure

[81]
+ − −

Statistical modeling of di�eomorphic
registration [82]

+ − −

Optical �ow with robust measures [83] − − −
Registration with sub-anatomical

segmentations [84]
− − +

Discontinuity preserving regularization
for variational optical �ow [79]

− − +

Non-rigid registration with adaptive,
content-based �ltering of the

deformation �eld [85]
− + −

Table 2.2: Review of various algorithms used for CT lung image registration. We indicate
whether the algorithms satisfy some properties ('+') or not ('−'). The three properties
highlighted are: a) Topology preservation (whether the registration algorithm is able to
preserve the topology of the deformation �eld for the entire image domain or not). b) Rigidity
preservation (whether the algorithm is able to preserve the rigidity of the bones or not). c)
Sliding motion (whether the algorithm is able to preserve the discontinuous movement at the
lung boundaries or not).

None of the currently available techniques in literature are able to simultaneously address

all these problems. Thus the aim of the thesis is to provide a comprehensive registration

framework that incorporates all the three properties in one solution. To obtain this solution ,

we start with a very basic transformation model and then add constraints and models to the
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framework to achieve topology preservation, rigidity preservation and the sliding motion. For

this purpose, we choose the physics based transformation models as our initial model. Our

rationale for using physics based models for registering the CT lung images is the following:

• Physics based transformation models like the elastic and �uid models are the closest

representations of the physical properties of the organs in the CT image. Other trans-

formation models use mathematical based functions and do not consider the physical

properties of the organs involved.

• Additional constraints can be easily added and removed from the registration process

by con�guring the external forces applied.

• Elastic and �uid registration are already widely used and have shown good results for

medical image registration problems [78].

• Physical transformation models can accommodate for large variations in physical be-

havior of the objects and also the kind of movement for each organ.

In the next chapter, we investigate the properties of elastic and �uid transformation models

and generate a framework to provide biologically plausible deformations.
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Chapter 3

Physics Based Models for Image

Registration

The chapter �rst provides a general introduction to elastic and �uid transformation models

upon which the work in this thesis is based. This is followed by an introduction to topology

preservation and the use of log-unbiased deformations for preserving the topology. After that

the need for adding a rigidity constraint for bones will be motivated and discussed, and a

solution will be presented that applies a spatially varying �lter to obtain linear deformations

in bony regions within the registration framework. The chapter concludes with a discussion

of the results obtained on phantom data when incorporating the log-unbiased deformations

and the spatially varying rigidity �lter into the elastic and �uid registration framework.

3.1 Physics Based Models

Physics based models used in image registration are based on the theory of linear elasticity.

Linear elasticity focuses on balancing the external forces applied to deform the object and the

internal stress generated based on the physical properties of the body. These physical models

have been broadly divided into two categories: elastic and �uid transformations. Elastic and

�uid transformation models make use of continuum mechanics in the registration process and

are described in greater detail in the following subsections.
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3.1.1 Elastic Registration

Elastic image registration refers to the use of a physical model over a continuous medium

with elastic properties to impose smoothness constraints on the image mapping. The image

is treated as an elastic body subject to external forces which drive the deformation [55].

Under the impact of the external forces, the image gets deformed. The internal forces (also

called stresses) impose a smoothness constraint that controls the deformation of the image

driven by the external forces. The elastic body will undergo deformation until an equilibrium

state is established between the external and internal forces. The behavior of the model in

terms of the displacement vector �eld u = (ux, uy, uz) is described by the Navier-Lamé linear

partial di�erential equation (PDE) given as:

µ∇2ux + (λ+ µ)∂(∇.u)
∂x

+ Fx = 0

µ∇2uy + (λ+ µ)∂(∇.u)
∂y

+ Fy = 0

µ∇2uz + (λ+ µ)∂(∇.u)
∂z

+ Fz = 0

, (3.1)

where F = {Fx, Fy, Fz} represents the external force component that drives the registration.

The parameters λ and µ are the Lamé elasticity constants describing the properties of the

material. The shear modulus ′µ′ describes the response of the material to shearing strains.

The second Lamé parameter ′λ′ de�nes the material's resistance to uniform compression and

controls the rate of growth or shrinkage of local regions within the deforming source image.

The incremental deformation is calculated for each iteration and then added to get the �nal

transformation. The Laplacian term ∇2u constraints the deformation �eld to vary smoothly

while the divergence term maintains the coupling of the x, y and z components due to its

mixed derivative terms. These equations are derived from conservation of mass, momentum,

and energy; they are experimentally measured material properties. A detailed derivation of

the equations is provided in the Appendix A. A vector notation of equation 3.1 is given as:

µ∇2u+ (λ+ µ)∇(∇.u) + F = 0. (3.2)
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The extent of deformation within the elastic body will depend on the selection of Lamé elastic

parameters. For large values of Lamé parameters (in relation to the external forces), the body

appears to be more rigid. For small Lamé values, the amount of deformation is dictated by

the external forces [55]. This can lead to the generation of unrealistic deformations as the

smoothness constraint is weak especially if the signal-to-noise ratio is low [56]. In literature

for most cases λ is set to zero and µ is used to balance the internal and external forces [55, 58].

The physical signi�cance of Lamé's constant can be expressed in terms of Young's modulus

E and Poisson ratio σ:

E = µ
3λ+ 2µ

λ+ µ
, (3.3)

σ =
λ

2(λ+ µ)
, (3.4)

where σ is the ratio between lateral shrink and the longitudinal stretch. E relates tension

of the image and its stretch in the same direction. Broit [54] introduced the idea of elas-

ticity modeling in image registration by solving the equation 3.2 using a �nite di�erence

technique. Bajcsy et al. [55] further expanded on the method by numerically solving the

PDE for a discrete deformation �eld using a three step multiresolution approach to recover

large deformations. The external forces designed by Bajcsy et al. [55] used normalized cross

correlation of image features as a similarity measure. Some of the image features included

the local mean intensity and the horizontal or vertical edges extracted from the image [55].

Since then, di�erent variants of elastic image registration have been introduced for various

applications. One of the widely used applications of the elastic method has been for inter-

subject brain image registration. Davatzikos and Bryan [86] designed an elastic algorithm for

the registration of the cortical gray matter. Gee et al. [87] modi�ed the previous approach of

Bajcsy et al. for brain registration, by solving the elastic PDE for a basis function expansion

of the deformation �eld. The classic elastic registration algorithm has also been used for lung

image registration by Kabus et al. [78].
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3.1.2 Fluid Registration

Although elastic registration provides a close representation of the material properties of the

tissues and organs in an image [88], it can not handle very large deformations. The Navier-

Lamé PDE equations are based on the assumption of an in�nitesimally small deformation and

the internal forces increase monotonically with the deformed distance. Both these conditions

limit the amount of deformation that can be achieved through elastic registration. To cope

with these shortcomings, Christensen et al. [56] developed a registration technique based

on a viscous �uid model. Here, the image is modeled as a viscous �uid �owing under the

e�ect of the external forces to match the source and target images. In the �uid model,

the internal restoring forces disappear over time, and consequently large deformations can

be achieved. The �uid model has to ful�ll physical laws such as the conservation of mass,

energy and linear angular momentum. The PDE of the viscous �uid model is de�ned by the

Navier-Stokes equations as follows:

µ∇2v + (λ+ µ)∇(∇.v) + F = 0, (3.5)

where F = (Fx, Fy, Fz) is the external force and v = (vx, vy, vz) is the velocity �eld. Equation

3.5 is similar to the PDE for elastic registration with the only di�erence that for the elastic

registration the smoothing was applied on the displacement �eld whereas in �uid registration

the PDE is working on the velocity �eld. Another modi�cation attributed to �uid registration

is the use of a Eulerian reference framework instead of the Lagrangian reference framework.

The Eulerian framework helps in achieving larger deformations.The reference frameworks are

explained in greater detail in Section 3.1.3. The relationship between displacement and the

velocity is established using equation 3.6:

Rk =
∂u

∂t
= v −

3∑
i=1

vi
∂u

∂xi
, (3.6)

where Rk is the perturbation of the deformation �eld, xi and vi refer to the ith component of

the location vector x and the velocity vector v, respectively. Using the above equation and
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decomposing the non-linear PDE into a set of linear equations on the velocity �eld for each

period of time, the displacement �eld at iteration k + 1 can be obtained using the following

update equation:

uk+1 = uk +Rk∆t. (3.7)

The time step ∆t is controlled by ∆t ≤ max(||Rk||)∆u with ∆u being the maximum displace-

ment admissible in one iteration, usually set to be half the voxel size. The total deformation

�eld is obtained by addition of the incremental deformation �elds. A faster version of the

�uid registration was proposed by Bro Nielsen et al. [89] that used a convolution �lter in a

scale-space framework as a replacement for �nding the solution of the linear equations for

the velocity �eld of the �uid. However, using the convolution �lter leads to poorer results in

comparison to the solution of the linear equations [58, 90].

Both registration models, elastic and �uid, require �nding the solution for a large system

of equations that is computationally expensive and time consuming, especially for large 3D

images. In this work, we employ the technique used by Fischer et al. [91] that uses fast

inversion of matrices to solve a large linear system of equations. The system of equations

produced by the linear elastic operator forms a circulant matrix. A circulant matrix is a

n × n matrix where each row has the same elements as the previous row but shifted one

column to the right [92]. This circulant matrix arrangement helps in diagonalizing the linear

elastic matrix using a discrete Fourier transform. The linear elastic operator is explicitly

inverted by using a Fast Fourier Transform (FFT) followed by calculation of the Moore-

Penrose pseudo-inverse to prevent it from becoming singular. Similarly, the external force

terms are transformed into the Fourier domain using an FFT, and then multiplied by the

inverted linear elastic operator. The result of this step is then transformed back to the time

domain to obtain the smoothed velocity �eld, allowing the computation of the displacements

using equations 3.6 and 3.7.
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3.1.3 Reference Frame

The reference frame de�nes the time evolution of the mapping of the deformation �eld with

respect to the co-ordinate system. The movement of a voxel during the registration process

can be tracked based on its initial or �nal position. The reference frame is considered La-

grangian if the voxel is tracked with respect to its initial co-ordinates. In the Lagrangian

co-ordinate system the displacements of the individual voxels are tracked over time. This

may cause the voxel to move to locations that do not correspond to voxel locations on the

�xed grid. The Lagrangian framework introduces an additional step in the registration pro-

cess of projecting the deformations onto a voxel lattice for calculating the cost function for

the next iteration. The Lagrangian frame is also more natural for landmark registration as

shown by Joshi and Miller [93] and Twining et al. [94] . Alternatively, the reference frame is

called Eulerian if a voxel is tracked with respect to its �nal co-ordinates, i.e., the deforma-

tion is tracked with respect to a �xed voxel lattice. The Eulerian reference frame was �rst

used for �uid registration by Christensen et al. [56] as it is more natural for tracking large

distance, non-linear deformations. The Eulerian frame of reference is a better strategy for

�uid registration as it eliminates the need to trace the path of the movement of the particle.

Throughout our work, we use the Eulerian reference frame during the registration process.

3.1.4 External Driving Forces

External forces determine the amplitude and the direction of the force that should be ap-

plied to obtain the deformation �eld. The external force is obtained from the cost function

as explained in Chapter 2. One of the tasks of the external forces is to bring similar regions

in correspondence and reduce the dissimilarity between the images. They are responsible for

guiding the solution locally as well as globally, based on the similarity measure. However,

external forces can also be used for introducing additional constraints in the transformation

model such as maintaining the topology of the image or to introduce new biological con-

straints. The external force using sum of squared di�erences (SSD) of the image intensities
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as a cost function can be de�ned as follows:

C(u) =
1

2

ˆ
Ω

(IS(x− u)− IT (x))2dx, (3.8)

where Ω represents the image space for the source and target images IS and IT respectively.

This similarity measure is the function is to be minimized and should approach zero when the

images are correctly aligned.The formation of such a force component with these properties

can be achieved by de�ning the force as a derivative of the cost function with respect to the

displacement vector u. The derivative of a functional F with respect to a vector is given as:

lim
ε→0

C(u+ εw)− C(u)

ε
=

ˆ
Ω

F (x,u) ·wdx, (3.9)

where w is an arbitrary vector of the same dimension as u. Replacing equation 3.8 in 3.9,

we get:

lim
ε→0

C(u+ εw)− C(u)

ε
= lim

ε→0

1

2ε

ˆ
Ω

|IS(x−(u+εw))−IT (x)|2−|IS(x−u)−IT (x)|2, (3.10)

lim
ε→0

C(u+ εw)− C(u)

ε
=

1

2

ˆ
Ω

lim
ε→0

A(x,u+ εw)− A(x,u)

ε
dx, (3.11)

where A is the square of the di�erences between the images : A(x,u) = |IS(x−u)− IT (x)|2,

and the derivative of A with respect to the vector u is equal to:

2(IS(x− u)− IT (x))I ′S(x− u;w) = 2(IS(x− u)− IT (x))∇IS|x−u •w, (3.12)

where I ′S(x− u;w) is the derivative of the IS(x− u) in the direction of w. Taking the

above equations in consideration, the external force component F (x, u) for the SSD is given

as:

F (x,u) = −((IS(x− u)− IT (x))∇IS|x−u). (3.13)
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One of the problems with the above measure is that if two similar regions are supposed to

be matched, there is no guarantee that the force will act in the right direction if there is no

overlap between the two regions. Therefore for real images a rigid or an a�ne registration is

necessary before starting the local registration process. The algorithm for the classic elastic

registration method can then be formulated as:

Algorithm 3.1 Classic elastic registration

Initialize the iteration k = 0 and u0(x) = 0.

1. Given uk(x, t), calculate the external force term using equation 3.13

F (x,u) = −((IS(x− u)− IT (x))∇IS|x−u).

2. Solve equation 3.2 for the incremental update δuk(x) using a standard 3D FFT method

described by Modersitzki et al.[58].

3. Update the �nal displacement solution uk+1(x) by using the formula uk+1(x) = uk(x)+

δuk(x).

4. If the cost function in equation 3.8 increases as compared to the previous iteration,

then stop or if k = kmax , then stop. Otherwise move to step 5.

5. Let k = k + 1 and go to step 1.

The �uid registration algorithm is similar to the elastic method with the exception that

in �uid registration, the linear PDE is solved to smooth the velocity �eld instead the defor-

mation �eld. The �uid registration algorithm has two added steps (step 3 and 4 as shown in

Algorithm 3.2) for calculating the deformation from the velocity �eld:
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Algorithm 3.2 Classic Fluid registration

Initialize the iteration k = 0, t = 0 and u(x, 0) = 0.

1. Given u(x, t), calculate the external force term using equation 3.13

F (x,u) = −((IS(x− u)− IT (x))∇IS|x−u).

2. Solve the linear PDE equation 3.5 for the instantaneous velocity v(x, t) using a standard

3D FFT method described by Modersitzki et al. [58]. Steps 3-5 describe the procedure

for solving equation 3.7, advancing u(x, t) in time.

3. Calculate the perturbation of the deformation �eld Rk = ∂u
∂t

= v −
∑3

i=1 vi
∂u
∂xi
.

4. Calculate the time step using ∆t ≤ max(||Rk||)∆u.

5. Advance equation 3.7 solving for uk+1

uk+1 = uk +Rk∆t.

6. If the cost function in equation 3.8 increases as compared to the previous iteration,

then stop or if k = kmax , then stop. Otherwise move to step 7.

7. Let t = t+ dt, k = k + 1 and go to step 1.

3.2 Topology Preservation

During the registration process, the structures in the source image might expand or compress

to align with the corresponding target image structures. In certain regions of the image, the

deformation �eld might undergo folding, an undesirable distortion of the deformation as

shown in Figure 3.1 (d). A desirable property of intra-patient registration is the preservation

of the topology of the anatomical structures and the avoidance of any folds. If the images for

intra-patient registration have been acquired after a considerable period of time, there might

occur a loss of structure between the two images as a result of resection or chemotherapy.

Since, the intra-patient images considered in our work have been acquired mostly on the

same day itself, hence any tissue loss will not need to be considered. Topology preservation

helps to ensure that the neighborhood relationship between the structures is maintained
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and the various connected structures remain connected. It also prevents the appearance

or disappearance of existing or new structures. The preservation of the topology is also

related to the continuity of the transformation and the one-to-one mapping between the

target image and the deformed source image. The presence or absence of folding can be

con�rmed by inspecting the determinant value of the Jacobian of the deformation �eld. The

determinant of the Jacobian of the deformation �eld is also commonly expressed as just the

Jacobian of the deformation �eld. This term that measures the local volume change imposed

by the transformation between the source and the target image. A negative Jacobian value

indicates local folding. The Jacobian of the deformation �eld (determinant of the Jacobian

of the deformation �eld) is calculated as:

J(Id+ u) =


1 + ∂ux

∂x
∂ux
∂y

∂ux
∂z

∂uy
∂x

1 + ∂uy
∂y

∂uy
∂z

∂uz
∂x

∂uz
∂y

1 + ∂uz
∂z

 , (3.14)

where Id is the identity matrix and J(Id+u) denotes the Jacobian matrix of the deformation

�eld (determinant of the Jacobian of the deformation �eld) . An illustration of the range

of Jacobian values for the various transformations to the deformation �eld is displayed in

Figure 3.1. If there is an expansion of the local volume , the Jacobian is greater than 1, while

the Jacobian lies between 0 and 1 during contraction . Estimating the Jacobian value is an

essential tool to qualitatively assess the deformations.

Many techniques have been suggested for preservation of topology in image registration.

Christensen et al. [95] proposed to preserve the topology by jointly estimating the forward

and reverse transformations between the two images and constraining these transformations

to be inverses of each other. Topology preservation can also be ensured by composing a

sequence of free-form deformations (FFDs) while ensuring that individual FFDs are one-to-

one transformations [96]. Chun et al. [97] preserved topology by using a modi�ed quadratic

penalty function that imposed condition for one-to-one transformations directly on the B-

spline coe�cients. Another approach to preserve topology is to use stationary velocity �elds
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(a) J = 1 (b)0 < J < 1

(c)J > 1 (d)J < 0

Figure 3.1: Jacobian value of the deformation �eld : (a) Without any deformation (b) With
contraction (c) With expansion (d) With folding of the deformation �eld.

which are integrated through exponential maps [98]. None of these methods can be directly

incorporated into the elastic and �uid framework.

To solve the challenge posed by topology preservation, we propose to incorporate the

approach taken by Yanovsky et al. [99] into the elastic and �uid registration framework.

Yanovsky et al. [99] proposed the use of the statistical distribution of the Jacobian maps

in the logarithmic space to de�ne a log-unbiased deformation. The method consists of three

steps:

3.2.1 Quantifying the Magnitude of the Deformations using Infor-

mation Theory

The inverse of the deformation �eld u is denoted as u−1 and the Jacobian matrix of u as

J(u). The Jacobian of the deformation map is de�ned as the determinant of the Jacobian
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matrix of the deformation. The underlying assumption for the topology preserving term is

that the deformation �eld is globally volume preserving. As u and u−1 are bijective and

globally volume preserving, the preservation of global density can expressed as:

ˆ
Ω

| J(u) | dx = 1, (3.15)

ˆ
Ω

| J(u−1) | dx = 1. (3.16)

Given the constraint for global preservation of volume, we can associate the three probability

functions of u, u−1 and the identity matrix (id ) with the Jacobian values in the following

manner:

Pu =| J(u) |, (3.17)

Pu−1 =| J(u−1) |, (3.18)

Pid = 1. (3.19)

The next step involves translating this association to quantify the deformation �eld. This is

done using the symmetric Kullback-Leibler distance measure from information theory de�ned

as:

sKL(Pu, PId) = KL(Pu, PId) +KL(PId, Pu), (3.20)

where KL is the non-symmetric Kullback -Leibler distance between two density functions

and is de�ned as:

KL(Pu, PId) =
´

Ω
Pulog

Pu

PId
dx,

=
´

Ω
|J(u)| log |J(u)|

1
dx (3.21)

Thus symmetric Kullback-Leibler distance (sKL) can be further simpli�ed as:

sKL = KL(Pu, PId) +KL(PId, Pu),

48



sKL =

ˆ
Ω

Pulog
Pu

PId
dx+

ˆ
Ω

Pidlog
Pid
Pu

dx,

sKL =

ˆ
Ω

|J(u)| log |J(u)|
(1)

dx+

ˆ
Ω

(1) log
(1)

|J(u)|
dx,

sKL =

ˆ
Ω

(J(u)− 1) log|J(u)| dx. (3.22)

Equation 3.22 is used as the energy functional to design the force term for topology preser-

vation.

E2(u) =

ˆ
Ω

(J(Id+ u(x))− 1)log|J(Id+ u(x))|dx. (3.23)

This energy term would increase in value whenever the deformation �eld experience a large

change in volume (contraction or exapnsion). For example if a region of the deformation

�eld is moving towards folding the logarithmic value of the Jacobian would increase and the

energy term would increase with it. The energy term in equation 3.23 only approaches zero

when the deformation u(x) is volume preserving everywhere (Jacobian value of u(x) is 1

everywhere). By treating this energy term as a cost and minimizing it, we introduce a force

term that will add as a topology preserving constraint to the registration methodology. This

force term will help to evenly distribute the deformations to avoid a large change in local

volume and reduce the standard deviation in Jacobian values.
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3.2.2 Formulation of the External Force Component

Minimizing this energy functional in equation 3.23 leads to an external force component due

to the topology constraint de�ned as:

F 2(x,u) = γ

 − ∂
∂x

(
∂uy
∂x
L′
)

+ ∂
∂y

(
∂uy
∂x
L′
)

∂
∂x

(
∂ux
∂y
L′
)
− ∂

∂y

(
∂ux
∂x
L′
)
 , (3.24)

where L′ = L′(J(Id+u)) = 1 + log|J(Id+u)| − 1
J(Id+u)

and γ represents a scalar weighting

factor for the topology force component. Thus, the new external force is expressed as an

addition of the force derived from similarity F 1 (equation 3.13) and the topology constraint

force F 2 as shown below:

F (x,u) = F 1(x,u) + F 2(x,u). (3.25)

The derivation of the 3D version of the F 2 term for the topology constraint is provided in

Appendix B.

3.3 Rigidity Preservation

Spatially homogenous regularizers used in non-rigid registration techniques apply a uniform

smoothing of the deformation �eld de�ned over the image space. A globally uniform smooth-

ing across di�erent organs in the image will however not necessarily lead to physically or

physiologically plausible deformations for the human body. The chest contains both soft

and rigid tissues. Soft tissues, such as the lungs require more freedom in movement and can

deform in a non-rigid manner. However, for rigid objects like the ribs and the spine, any

non-rigid behavior needs to prevented and their movement must be constrained to be linear.

A vast majority of current registration techniques treat the entire image as a single �exible

object with the same physical properties. This approach creates a problem for rigid struc-

tures such as the bones, the ribs and the spine; and may lead to implausible deformations.
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An example of the e�ect of uniform smoothing on the bones is shown in Figure 3.2. The

source and the target images are registered by FFD using B-splines method as described in

Rueckert et al. [44]. The spine and the ribs undergo a change in shape and volume that

is not physically plausible for intra-subject registration. Thus, an additional constraint or

model component is needed to compensate for globally uniform smoothing.

(a) (b) (c)

Figure 3.2: (a) Target image (b) Source image (c)Transformed source image using B-spline
FFD registration. The implausible deformations of the spine is highlighted using a red arrow.

A range of approaches has been investigated to address the problem of rigid motion of the

bones and the non-rigid motion of the soft tissues in image registration. For example, Little

et al. [100] developed a method that allows the segmented vertebrae to move as individual

rigid bodies, while the surrounding tissue was smoothly deformed using a combination of

inverse-distance weighted interpolation and radial basis function interpolation. Edwards et

al. [101] modeled a three component system consisting of elastic, �uid and rigid regions, for

2D brain shift compensation. A biomechanical �nite element model was incorporated into the

registration process by Ferrant et al. [102] to drive the registration process in intra-operative

brain imaging. Lester et al. [103] employed spatially varying Lamé parameters within the

�uid registration to achieve locally adaptable regularization in head and neck images. Tanner

et al. [104] coupled the control points of a B-spline deformation to enforce rigidity within

breast tumours. Miller et al. [105] classi�ed chest CT images into regions with linear and

non-linear displacements and then regularized them based on their individual transformation

model. Staring et al. [85] applied an adaptive �lter on a B-spline control point mesh to

preserve the rigidity of bones in thoracic images.
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To preserve the rigidity of the bones, we adopt the concept of a spatially varying �lter

proposed by Staring et al. [85] into the elastic and �uid registration frameworks. The method

proposed by Staring et al. [85] The preservation of the rigid structures is achieved by �ltering

the deformation �eld using a spatially varying �lter. The �ltering step is used to calculate

the average amount of deformation around local regions of voxels, and then assigning this

mean deformation to be the deformation at that particular voxel. Estimation of a sti�ness

coe�cient map c(x) forms the �rst stage of the �lter design. The sti�ness map encodes the

rigid properties of each voxel and can be obtained by thresholding the Houns�eld units at

bone attenuation level from the CT image. The map assigns a value close to zero for highly

deformable materials such as soft tissues and a value close to one for rigid structures like

bones. The second stage of the �ltering process then calculates the mean deformationm(x)

for each pixel neighborhood using:

m(x) =

∑
c(x)m(x)∑
c(x)

. (3.26)

Finally, the �lter assigns a value close to the mean deformation at location x when the

sti�ness coe�cient c(x) is high and a value close to the original deformation u for low

sti�ness coe�cients as shown in the following equation:

unew = (1− c(x))u+ c(x)m(x). (3.27)

This helps to ensure that rigid deformations are achieved in regions where the tissue is fairly

sti�, whereas regions with low sti�ness can deform freely. The rigidity preservation term is

based on a weighted mean. Hence, the movement of the bones will slowly be transformed

into a translational �eld. The rigidity preservation term does not allow rotation of the rigid

structures.
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3.4 Phantom Data Studies

We aim to propose new elastic and �uid frameworks which preserve the topology of the

deformation �eld and the rigidity of the bones. These new frameworks are compared with

the classic elastic and �uid methods on phantom data. Thus, the four algorithms used for

this phantom study are:

1. Classic elastic registration,

2. Classic �uid registration,

3. Constrained elastic registration (including topology and rigidity constraints),

4. Constrained �uid registration (including topology and rigidity constraints).

The algorithms for the constrained elastic and �uid framework are described in algorithms

3.3 and 3.4 respectively.

Algorithm 3.3 Constrained elastic registration

Initialize the iteration k = 0 and u0(x) = 0.

1. Given uk(x, t), calculate the external force term using equation 3.25
F (x,u) = F 1(x,u) + F 2(x,u).

2. Solve equation 3.2 for the incremental update δuk(x) using the standard 3D FFT
method described by Modersitzki et al. [58].

3. Update the �nal displacement solution uk+1(x) by using the formula uk+1(x) = uk(x)+
δuk(x).

4. Apply the spatially varying �lter mentioned in equation 3.27 to preserve the rigidity of
the bones

5. If the cost function in equation 3.8 increases as compared to the previous iteration,
then stop or if k = kmax , then stop. Otherwise move to step 6.

6. Let k = k + 1 and go to step 1.
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Algorithm 3.4 Constrained �uid registration

Initialize the iteration k = 0, t = 0 and u(x, 0) = 0.

1. Given u(x, t), calculate the external force term using equation 3.25

F (x,u) = F 1(x,u) + F 2(x,u).

2. Solve the linear PDE equation 3.5 for the instantaneous velocity v(x, t) using the

standard 3D FFT method described by Modersitzki et al. [58]. Use the external force

component in equation 3.25 will also consist of the topology preserving force. Steps 3-5

describe the procedure for solving equation 3.7, advancing u(x, t) in time.

3. Calculate the perturbation of the deformation �eld Rk = ∂u
∂t

= v −
∑3

i=1 vi
∂u
∂xi
.

4. Calculate the time step using ∆t ≤ max(||Rk||)∆u.

5. Advance equation 3.7 solving for uk+1

uk+1 = uk +Rk∆t.

6. Apply the spatially varying �lter mentioned in equation 3.27 to preserve the rigidity of

the bones.

7. If the cost function in equation 3.8 increases as compared to the previous iteration,

then stop or if k = kmax , then stop. Otherwise move to step 8.

8. Let t = t+ dt, k = k + 1 and go to step 1.

3.4.1 Parameter Selection

3.4.1.1 Elastic and Fluid Transformation

The focus of the constrained registration algorithm is to obtain a biologically meaningful

deformation. In our experiments, we choose λ = 0 so that the tensile stress would produce

only a stretch without a lateral shrink. This is also the common choice used in earlier work by

Bajcsy et al. [55] and Broit et al. [54]. The choice of µ is explicitly stated for the experiments

and varies according to the extent of deformation required to successfully match the images.

For large deformations a lower value of µ is used to recover the deformations while we use a

higher value of µ for smaller deformations to achieve a meaningful registration. For all the
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experiments, the maximal displacement of the voxel per iteration is de�ned not more than 0.5

times the voxel size. If the displacement for a particular iteration exceeds more than the set

limit, we re-scale the actual displacement such that the norm of the re-scaled displacement

becomes 0.5 times voxel size. For all the experiments in this section, the Lamé parameters

are set as λ = 0 and µ = 100. A detailed analysis of the Lamé parameters is provided in

Appendix C.

3.4.1.2 Topology Preservation

For topology preservation, the scalar variable γ is used as the weighting term for the topology

preserving force. The objective of topology preservation is to prevent the folding of the

deformation �eld but there should also be maximum alignment of the matching regions. If

γ is set at a lower value then the registration might not be able to prevent folding and if it

is set at a very high value then the e�ect of the similarity measure force will be suppressed.

The topology weighing factor has been empirically selected after experimenting with a range

of values for γ.

(a)Target Image (b)Source image (c) Di�erence image

Figure 3.3: Circle to ellipse example: Target, source and di�erence images.

An initial experiment was conducted to register the 2D images shown in Figure 3.3 using

values of γ ={0, 0.25 1.0} for the same number of iterations. The circle in Figure 3.3(b) is the

source image while the target image is the ellipse is shown in Figure 3.3(a). When γ = 0, the

registration algorithm behaves like the classic elastic registration method and as the value of γ

increases, the log-unbiased force component becomes active. The deformed source results for
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γ = 0 and γ = 0.25 generate a close match between the deformed image and the target image.

However, the x and y deformations produced as a result of the registration process for γ = 0

and γ = 0.25 are very di�erent as seen in 3.4 (d)-(e) and (g)-(h), respectively. The Jacobian

maps for the two values of γ are also very di�erent as shown in Figure 3.4 (j) and (k). In case

of γ = 0, we �nd that there is a high standard deviation of 0.3654 in the Jacobian values. The

minimum Jacobian value for the image domain is also very low at 0.0819 which is close to

folding of the deformation. This shows that without the topology constraint the registration

solution moves towards folding. When γ = 0.25, the standard deviation of Jacobian values is

0.1683 while the minimum Jacobian value is 0.4721. Thus, the topology constraint has shown

a better performance by providing a plausible solution. The registration for γ = 1.0 was not

able to fully match the source with the target image even after running for the same number

of iterations as shown in Figure 3.4(c) . This occurs because the topology preserving term

starts dominating over the similarity measure force term leading to slower approach towards

the �nal solution. The registration algorithm requires a balance between the preservation of

topology and the similarity measure. Thus, for all our experiments, the value of γ is set to

0.25 to achieve that balance.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 3.4: Results for elastic registration with topology preservation term and increasing
values of weighing factor γ from 0, 0.25 and 1 (left to right). 1st row: Transformed source
images, 2nd row: Deformation �eld along x, 3rd row: Deformation �eld along y, 4th row:
Map of Jacobian values. 57



3.4.1.3 Rigidity Preservation

One of the initial tasks to implement the rigidity preservation in our framework is to segment

the bones to calculate the local sti�ness map c(x). This process is done manually by selecting

a threshold for the bones and using that for the segmentation. The sti�ness coe�cient c(x)

for bones is set at 0.9 while the sti�ness coe�cient for the non-rigid tissue is set at 0.1. The

spatially adaptive �lter is generally performed every nth iterations as to yield a smoother

deformation �eld. For all of our experiments, we apply the �lter every two iterations to

maintain the rigidity of the bones.

3.4.2 NCAT Images and Evaluation Criteria

All the algorithms were tested on a phantom dataset generated from the 4D NURBS (Non-

Uniform Rational B-Splines) Cardiac Torso (NCAT phantom) toolkit developed by Segars

[106]. The CT volumes obtained from this phantom provide a plausible simulation of cardiac

and respiratory motion in a normal human subject. NURBS surfaces were used to generate

the complex organ shapes in the NCAT phantom. Five CT volumes were generated at

di�erent breathing stages, starting from full expiration to full inspiration. The generated

images have a resolution of 192×192×192 with an isotropic voxel size of 0.48 mm. Gaussian

noise with zero mean and a variance of 0.05 has been added to the images. Figure 3.5 shows

an example of two breathing stages of the NCAT phantom along with the di�erence between

the images. The Lamé parameters during registration are set as λ = 0 and µ = 100.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 3.5: (a), (b) and (c): Orthogonal slices through the target image (�rst breathing stage
of NCAT phantom). (d), (e) and (f): Orthogonal slices through the source image (here, the
fourth breathing stage of NCAT phantom). (g), (h) and (i): Orthogonal slices through the
di�erence image, when subtracting the source from the target.

The di�erent registration methods are quantitatively validated by measuring the volume

overlap of the organs ( lungs, liver, ribs and spine) in the target and the source images after

registration. The overlap ratio, also named Dice similarity coe�cient (DSC), is de�ned as:

DSC =
2|V1 ∩ V2|
|V1|+ |V2|

, (3.28)

59



where V1 and V2 are the number of voxels representing a particular organ in the target and

the source image respectively. The average Dice coe�cients are calculated for each organ

and each registration. The quality of the deformation �eld is analyzed visually and also

by computing the percentage of negative Jacobian values, i.e., number of voxels that have

undergone folding.

3.4.3 Results and Discussion

The overlap ratios before and after registration using the four methods are shown in Table

3.1. The classic and the constrained �uid methods have shown an overall better performance

in alignment of the various organs than the corresponding elastic techniques. The classic

�uid method has an average overlap of 0.9726, while the constrained method has a slightly

higher overlap of 0.9779. The overlap for the classic and constrained elastic methods have

shown a comparatively lower overlap as they can only cope with small deformation and it

is di�cult to recover larger deformations due to the restrictive nature of the internal strain

in the elastic continuum. The �uid version of the registration algorithm, in contrast, allows

the relaxation of the forces over time, and consequently the recovery of larger deformation,

leading to better overlap measures. The constrained �uid transformation has outperformed

the classic �uid registration in overlap for all organs. Thus, with the selection of optimized

parameters, the incorporation of the topology and the rigidity preservation terms does not

a�ect the volume overlap.

Method \ Organ Lungs Ribs Spine Liver Average
Before registration 0.8339 0.7797 0.9355 0.7342 0.8208
Classic elastic 0.9820 0.9021 0.9214 0.9211 0.9316
Elastic (topol-
ogy+rigidity)

0.9756 0.9638 0.9538 0.9423 0.9589

Classic �uid 0.9923 0.9799 0.9632 0.9562 0.9726
Fluid (topol-
ogy+rigidity)

0.9964 0.9832 0.9639 0.9679 0.9779

Table 3.1: Average overlap (Dice coe�cient) of the individual organs for the NCAT phantom
experiment.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 3.6: (a), (b) and (c): Transformed source image using the constrained elastic image
registration technique on the NCAT phantom data. (d), (e) and (f) di�erence image between
target and transformed source image obtained using the constrained elastic method. (g), (h)
and (i): Transformed source image using the constrained �uid registration. (j), (k) and (l)
di�erence image between target and transformed image obtained using the constrained �uid
method.

In Figure 3.6, we show the deformed source and the di�erence images for the constrained

61



Pairs of registered
images

Classic
Elastic

Classic
Fluid

Constrained
Elastic

Constrained
Fluid

2nd to 1st frame 0.39% 0.34% 0.00066% 0.00056%
3rd to 1st frame 1.1% 0.93% 0.00094% 0.00080%
4th to 1st frame 1.8% 1.3% 0.0022% 0.0012%
5th to 1st frame 3.1% 2.5% 0.0089% 0.0048%

Table 3.2: Percentage of negative Jacobian values for the registration methods.

elastic and the constrained �uid method. The constrained �uid registration incorporating

the constraints is able to better recover the large deformations between the target and source

images, including the expansion of the chest and lungs and the movement of the liver as

seen from the di�erence images. The constrained elastic method has not fully recovered the

deformation in aligning the lungs and also shows error in the overlap of other structures like

the ribs.

Both the constrained elastic and �uid registration have succeeded in reducing the number

of negative Jacobian values in comparison with both classic versions, as shown in Table 3.2.

The constrained �uid method also results in slightly lower percentage of negative Jacobian

than its elastic variant.

Table 3.3 lists the mean Jacobian values of the bones after the registration process. The

Jacobian values of the bone help to quantify the extent of non-rigid deformations within the

bones. If the mean value of Jacobian is close to 1, then amount of non-rigid deformations

will be low. If it deviates away from 1 on either side, then the contribution of the non-rigid

motion increases. The elastic and �uid version of the proposed constrained algorithm are the

most successful ones in preventing the deformations of the bone while achieving a high overlap

compared to the other techniques. The classic �uid registration has the worst performance as

it gives greater freedom for deformations without any constraint. The non-rigid deformations

of the bones for classic elastic and �uid method increases as larger deformations need to be

recovered. There is an almost a negligible increase in the mean Jacobian values of the bones

for constrained elastic and �uid methods over the increasing magnitude of deformation for

di�erent breathing cycles.
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Pairs of registered
images

Classic
elastic

Classic �uid Constrained
elastic

Constrained
�uid

2nd to 1st frame 1.10 1.17 1.01 1.01
3rd to 1st frame 1.14 1.21 1.03 1.02
4th to 1st frame 1.16 1.27 1.04 1.03
5th to 1st frame 1.21 1.33 1.05 1.05

Table 3.3: Jacobian values of the bones for the NCAT dataset. The constrained elastic and
constrained �uid methods have better performance in comparison to classic elastic and classic
�uid methods.

As illustrated in Figure 3.7, the constrained �uid and constrained elastic registration

techniques are able to restrict any deformations within the ribs and preserve the rigidity

whereas the classic elastic and classic �uid registration fails and allows their deformation.

3.5 Conclusion

In this chapter, we have the validated the incorporation of the topology preservation and the

rigidity preservation methods into the elastic and �uid registration framework. We have also

shown our justi�cation for choosing γ = 0.25 as the weighing parameter value for the topology

preserving term. As we increase the weighting the topology preserving term, the topology

preservation term starts overtaking the similarity measure and preventing the registration

process from achieving full deformation. The results from the previous section also show

that the constrained �uid registration method has the best overall performance in terms of

overlap ratios, quality of the deformation �eld and the preservation of rigidity of the bones.

In Appendix D we have provided a detailed analysis of the e�ects of the constraints on an

individual basis. In the next chapter, we validate the topology preservation and the rigidity

preservation terms on real 3D data.
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(a) (b) (c)

(d) (e) (f)

Figure 3.7: Preserving rigidity of the bones ; (a) Target image. (d) Zoomed image of the ribs
(labeled by red box) in the target image. (b), (c), (e) and (f) Zoomed transformed images
of the ribs with deformation �eld superimposed; the transformed images have been obtained
using (b) the classic elastic registration, (c) the constrained elastic registration, (e) the classic
�uid registration (f) the constrained �uid registration.
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Chapter 4

Application of Elastic Registration

Framework to EMPIRE10 Challenge

Data

In this chapter, we apply the proposed elastic registration framework with topology and

rigidity preservation constraints to real CT image volumes. We use the Evaluation of Methods

for Pulmonary Image Registration (EMPIRE) challenge dataset comprising of thirty intra-

patient thoracic CT images. The results were evaluated using criteria determined by the

EMPIRE challenge and a couple of additional criteria. The results have provided us with

valuable insight into the advantages and the shortcomings of the topology preserving, rigidity

preserving constraint, and the elastic regularizer. In the �nal section, we also discuss the

motivation to move towards the �uid registration framework.

4.1 EMPIRE10 Challenge

The EMPIRE10 challenge that was announced in April 2010 was organized as part of the

Grand Challenges in Medical Image Analysis Workshop at the Medical Image Analysis and

Computer Assisted Intervention (MICCAI) 2010 conference. We participated in the chal-

lenge and evaluated the elastic registration including topology and rigidity constraints. The
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primary objective of the EMPIRE challenge was to provide a public platform for comparison

of the available registration algorithms that are applied to a dataset of intra-patient thoracic

CT image pairs. The challenge has also helped us to investigate the common problems of

the existing state-of-the-art registration methods.

4.2 Material and Methods

4.2.1 Datasets

The EMPIRE challenge dataset consists of 30 intra-subject thoracic CT image pairs. The

images are acquired from variety of sources and represent a variety of scenarios encountered

in clinical practice. The scan pairs can be classi�ed into 6 categories:

• Breathhold inspiration scan pairs

• Breathhold inspiration and expiration scan pairs

• Individual breathing phases of scan pairs

• Ovine data scan pairs

• Contrast and non-contrast scan pairs

• Arti�cially warped scan pairs

The scans have a slice thickness of 0.70 mm and in-plane pixel resolution varied from 0.66 mm

to 0.80 mm with an average value of 0.74 mm. The images are cropped by the EMPIRE10

organizers using a bounding box around the lungs to reduce the volume of data. An example

of the cropped image pairs is shown in Figure 4.1. The challenge also provided the participants

with segmentations of the lungs. For this the CT images were segmented using an automatic

hybrid method developed by van Rikxoort et al. [107], based on the conventional region

growing technique with an additional error detection step. The segmentations are checked

and altered manually where necessary. The lung segmentations are used to estimate the
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(a) Target Image (b) Source Image

Figure 4.1: Example of a cropped EMPIRE image pair.

registration accuracy or to use in the registration process. Details regarding the segmentation

steps are provided in Murphy et al. [74] .

4.2.2 Evaluation Methodology

The evaluation criterion set by the EMPIRE challenge are based on the quantitative as-

sessment of the registration accuracy for the lungs. These criteria are divided into four

categories:

4.2.2.1 Alignment of Lung Boundaries

Aligning the lung boundaries is an important criterion for validation of pulmonary CT reg-

istration. The lung boundary for the source and the target images is derived from the lung

segmentations. The voxels around the lung boundary are divided into two regions:

1. voxels that lie within 2 to 20 mm inside the boundary (Ωin )

2. voxels that lie within 2 to 20 mm outside the boundary (Ωout).

These two regions Ωin and Ωout are de�ned for both the target and the source images, thus

resulting in total of four regions Ωin
T , Ωout

T and Ωin
S , Ωout

S . The error in the lung boundary

alignment is calculated as the percentage of incorrectly matched voxels that belong to one
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region in the target image but are positioned into the opposite region in the transformed

source image. The penalties incurred for the errors in the lung boundary alignment are

described in more details in Murphy et al. [74]. The challenge does not investigate any other

adjacent organ boundaries than the lung.

4.2.2.2 Folding of the Deformation Field

The EMPIRE challenge validation criterion also analyses the quality and the physical plau-

sibility of the deformation �eld. The determinant of the Jacobian of the deformation �eld,

also referred as the Jacobian, for each point in the lung is calculated. The Jacobian of the

deformation �eld determines the local change in the volume, i.e., whether a local expansion

or contraction had taken place. If the Jacobian value is less than 0, then the deformation

�eld is de�ned to have undergone folding. The percentage of voxels that have undergone

folding within the lungs is used to calculate the penalty incurred by the registration method.

One problematic aspect with this criteria is that the Jacobian values for voxels outside the

lung volume are disregarded. This does not provide a complete qualitative analysis of the

deformation �eld as in many cases there might be large folding occurring outside the lungs.

4.2.2.3 Major Fissure Alignment

Fissures represent plate-like structures that divide the lungs into various lobes. Fissures are

di�cult to detect and hence register, and therefore present a very challenging task for the

registration methods. Evaluating the alignment of the major �ssure boundaries provides a

complementary validation tool for pulmonary image registration in the EMPIRE challenge

study. For the purpose of the study the �ssures were segmented in all the images using

an automatic algorithm developed by van Rikxoort et al. [108], the results were further

inspected to remove any minor �ssures manually. The analysis of the registration accuracy

of the participating algorithms for the �ssures was performed in a similar manner to the lung

boundary alignment. Regions of 2-20 mm are de�ned on both sides of the �ssures and the

error was calculated based on the incorrectly matched voxels that move towards the opposite
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side of the �ssure. The error in �ssure alignment was calculated as a percentage of checked

points for which penalties were incurred. The �ssure segmentations are not provided to the

challenge participants.

4.2.2.4 Landmark Point Correspondence

The alignment of lung boundaries and major �ssures provide an estimate of the registration

accuracy for the large structures involving the lungs. To validate the alignment of smaller

structures within the lungs, the EMPIRE10 challenge required to match distinctive land-

marks between the target and the deformed source images. The third measure of registration

accuracy for the EMPIRE challenge thus looks into the correspondence of annotated land-

mark pairs. For this purpose, a well distributed set of 100 distinctive landmarks were de�ned

in the target and the source image from each scan pair. The procedure for the selection of

these 100 landmarks is explained thoroughly in the work by Murphy et al. [109]. Based

on the deformation �eld submitted by the participants, the Euclidean distance between the

landmarks in the target and the landmarks in the deformed source image is calculated. For

each registration of each scan pair, average distance, minimum distance and the maximum

distance are computed. The landmarks have not been provided to the challenge participants.

4.2.2.5 Additional Criteria

The above mentioned EMPIRE evaluation criteria are only concerned with the registration

accuracy inside the lung and does not inspect the performance of the registration for other

surrounding structures or the chest as a whole. In particular, the assessment of the ribs and

the mediastinum are not addressed in the challenge which leads to an incomplete represen-

tation of the registration accuracy for the chest CT images. Hence, to present a holistic

evaluation of the registration process, we also investigate the rigidity of the ribs and the

spine by means of visual inspection of the deformation �eld on the EMPIRE10 data. We also

investigate the folding statistics for the entire image rather than focusing only on the lungs.
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4.2.3 Experiments

We have applied two algorithms on the EMPIRE challenge datasets:

1. the classic elastic registration method, and

2. the constrained elastic registration framework

The challenge had been organized during the early period of our research and during this

phase we were working only on the elastic registration model. Hence, the classic �uid and

the constrained �uid algorithm were not included in the challenge. The constrained elastic

framework consists of topology preserving and the rigidity constraint explained in Chapter

3. Registration for either method is carried out using the following steps:

1. Global motion is corrected using rigid body registration in order to initialize the de-

formation �eld. The rigid body registration aims at minimizing the SSD between the

target and source lung images.

2. As a �rst approximation to the non-rigid deformations, the binary lung masks are non-

rigidly registered in a multiresolution setting. This improves speed and robustness.

3. Finally the whole volumes, including the image areas outside the lungs such as the

bones and other tissues are non-rigidly registered. Four levels of resolution are used,

200 iterations are performed for coarser levels while 50 iterations are performed at the

�nest level. The Lamé constant λ is set to zero while the value of µ ranges between

200 to 500 depending on the magnitude of the deformation.

4. The registrations were performed using a Microsoft Windows workstation of Intel Xeon

CPU AT 2.4 GHz with 12 GB main memory and the code is implemented using ITK

[110].

The images provided for the EMPIRE challenge were cropped using a bounding box to focus

on the lungs and reduce the amount of data. The resultant image has abrupt cuts through

organs like the liver and in some cases also through the ribs. To analyse the e�ect of the
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image cropping on the performance of the topology preserving term for the elastic constrained

method, we run another experiment using �ve image volumes (scan pair 1, 7 , 14 ,15 and

18) from the EMPIRE10 challenge datasets. However, for this experiment we provide some

extra padding region around the image during registration. The image is padded with zeros

for 20 mm around all the three axes. The images are then registered using classic elastic

and constrained elastic registration technique. The padding of the image is removed after

registration before performing any image data analysis. The results for this experiment are

provided in Table 4.3.

4.3 Results and Discussion

The classic elastic and constrained elastic methods were applied on all 30 image pairs in

the EMPIRE challenge dataset. Table 4.1 presents the total evaluation scores for the lung

boundary scores averaged over both left and the right lung regions. The evaluation scores for

both the methods are provided. Lower lung boundary scores indicate better overlap between

the lungs and thus imply a better result. The elastic constrained method has performed

slightly better than the classic elastic in aligning the lung boundary, as shown in Figure 4.3.

The results have been provided by the EMPIRE10 organizers.

The worst performance in terms of lung boundary results was for the registration of

scan pair number 21, and the best performance was for scan pair 17, for both methods.

The registration of scan pair number 21 is di�cult because it needs to recover very large

deformations for the lungs and the cropping of the images cuts through many of the organs

that causes problems in producing accurate correspondence within the lungs. The average

lung boundary score for the classic elastic method was 0.225± 0.332 % while for the average

lung boundary score for constrained elastic method is 0.187 ± 0.270 %.1

1Classic Elastic Registration Results: http://empire10.isi.uu.nl/res_oxfordelastic.php
Constrained Elastic Registration Results: http://empire10.isi.uu.nl/res_oxfordelasticconstraints.php
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Scan Pair Lung boundary score
for constrained elastic
method (% Error

overall)

Lung boundary score
for classic elastic
method (% Error

overall)
01 0.655 0.665
02 0.007 0.093
03 0.039 0.022
04 0.009 0.017
05 0.025 0.016
06 0.004 0
07 0.540 0.490
08 0.055 0.043
09 0.014 0.016
10 0.067 0.147
11 0.073 0.055
12 0.077 0.060
13 0.053 0.004
14 0.410 0.487
15 0.310 1.070
16 0.041 0.151
17 0 0
18 0.265 0.605
19 0.041 0.090
20 0.204 0.353
21 1.810 1.332
22 0.200 0.022
23 0.037 0.011
24 0.005 0.006
25 0.454 0.033
26 0.071 0.028
27 0.097 0.272
28 0.294 0.595
29 0.014 0.009
30 0.067 0.060

Average 0.187 ± 0.270 0.225 ± 0.332

Table 4.1: Lung boundary evaluation results.

In terms of the folding of the deformation �eld scores, the elastic constrained method

shows slightly better results than the classic registration method in most of the cases with

the exception of scan pair 21 where the constrained method has a score of 4.1% as shown in

Table 4.2. The topology preservation term has been ine�ective for scan pair 21 due to the

cropping of the images. However, the constrained elastic method has reduced the occurrence
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of folding within the lungs for most cases in comparison to the classic elastic method. The

best registration results in this category do not show any folding within the lungs. As a part

of our additional evaluation criteria, we also assess the standard deviation of the Jacobian

values across the entire image for both the algorithms as shown in Figure 4.2. The standard

deviation of the Jacobian values helps to indicate the distribution of the deformations and

a low value indicates a more evenly distributed deformation �eld. As shown in Figure 4.2,

the standard deviation of the Jacobian values for the constrained elastic method is lower

and has thus been more successful spreading the deformations across the image making the

deformation �eld more physically plausible. This is particularly useful for uniform expansion

or compression of the tissues within the chest CT. While the range of extreme Jacobian

values for the classic elastic registration method ranged from -20 to +60, for the proposed

method it was found to be between -4 to +7.

Figure 4.2: Box plot of the standard deviation of the Jacobian values from the two algorithms
(for the entire image including the structures outside the lung)
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Scan Pair Folding of
deformation �eld

score for constrained
elastic method(%
Error overall)

Folding of
deformation �eld
score for classic

elastic method (%
Error overall)

01 0.8780 0.8787
02 0 0.0040
03 0.0002 0.0093
04 0.0044 0.0356
05 0.0005 0.0127
06 0 0
07 0.1886 0.4873
08 0.0045 0.0165
09 0.0016 0.0095
10 0.0167 0.0428
11 0.0181 0.0616
12 0.0204 0.0039
13 0 0
14 0.0538 0.1937
15 0.0429 0.0160
16 0.0333 0
17 0.0002 0
18 0.2349 0.2547
19 0.0006 0.0105
20 0.0701 0.1876
21 4.1045 1.2746
22 0.0209 0.0134
23 0.0004 0
24 0.0010 0.0170
25 0.0020 0.0070
26 0.0012 0.0002
27 0.0080 0.0143
28 0.5522 0.3384
29 0.0034 0.0142
30 0.0679 0.0241

Average 0.211± 0.745 0.130 ± 0.282

Table 4.2: Folding of the deformation �eld scores.

Figure 4.4 presents a comparison of the methods on the landmark and �ssure alignment

score. The constrained elastic method has an overall better performance than the classic

elastic registration in mean alignment of the �ssures and the landmarks.

74



Figure 4.3: Box-plot of score (% Error overall) from the two algorithms for lung boundary
and occurrence of negative Jacobian values (just for the lungs).

Figure 4.4: Box-plot of score (% Error overall) from the two algorithms for landmark and
�ssures.
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(a)

(b) (c)

Figure 4.5: (a) Fixed image and zoomed image of a vertebra (labeled by the red box in the
�xed image) with the deformation grid (b) Using elastic registration shows that it has failed
in preserving the rigidity of the vertebra, (c) Using our proposed constrained elastic method
clearly shows that the bones have not deformed and it has maintained its physical shape.
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Figure 4.5(a) shows a single slice of the �xed image. Figure 4.5(b) displays the zoomed

version of the deformed image through elastic registration with the overlay of the deformation

grid. As seen in the Figure 4.5(b), the classic elastic registration technique has failed to

preserve the rigidity of the bones and deforms the spine like a elastic object. This non-linear

deformation of the spine does not represent the true rigid nature of the bones that allow

only for linear deformation like translation or rotation. However, the constrained elastic

method has been successful in maintaining the rigidity of bones in accordance with physical

properties of the bones as seen in Figure 4.5(c).

The constrained elastic registration method shows a marginal improvement over the clas-

sic elastic registration technique, in terms of lung boundary and major �ssure alignment.

However, the overall performance of both the methods has been inferior in comparison to

other methods that have participated in the challenge. The reason for this is that elastic

registration framework has been unsuccessful in handling very large deformations and obtain-

ing good overlap for the lungs. The solution for the elastic framework has not reached the

desired deformation because of the internal strain of the elastic continuum. Thus, from these

experiments it was observed that the elastic framework would be unsuccessful in registering

large deformations, which motivated us to move to another framework to get an improved

solution. The results of this study encourage us to try the �uid registration framework which

has provided improved overlap for large deformations in experiments as shown in Chapter

3. Our ultimate goal is to register the volumes for the entire chest region including the ribs,

spine and the liver and not just the lungs. Hence, limiting our evaluation of the methods for

criteria only to the lungs would be unmerited. To achieve this, we also analyse the folding

of the deformation outside the lungs and also the rigidity of the bones.

The objective of the additional constraints in the constrained elastic method is to preserve

the topology and the rigidity. The rigidity of the bones is successfully preserved as seen in

Figure 4.5. The linear movement of the bones promotes an accurate registration with a phys-

ically plausible deformation �eld. Thus, the rigidity constraint has successfully integrated

into the elastic registration framework and also has demonstrated a good performance for
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Scan Pair Percentage of
folding using
classic elastic
registration

Percentage of
folding using
constrained

elastic
registration

Percentage of
folding using
classic elastic
registration
(with extra

padding around
the image)

Percentage of
folding using
constrained

elastic
registration
(with extra

padding region
around the
image)

01 0.8787 0.8780 0.7916 0.189
07 0.4873 0.1186 0.3940 0.0038
14 0.1937 0.0538 0.1327 0
15 0.0160 0.0429 0.0012 0.0016
18 0.2547 0.2349 0.2340 0.0051

Table 4.3: Percentage of negative Jacobian values (within the lungs). Adding an extra
padding region around the image reduces the number of negative Jacobian values obtained
after registration using the constrained elastic method. The extra padding assists the topol-
ogy preserving term in spreading the deformations and compensate for cropping of the images.

preserving bone rigidity.

The topology constraint has not performed well in reducing the percentage of negative

Jacobians in comparison to its performance for the NCAT images shown in the previous

chapter. One of the reasons identi�ed for this limitation is the cropping of the images which

causes problems in establishing anatomical correlation between points that might be present

in the target image but not in the source image. The bounding box helps to reduce the amount

of data but it also cuts through many important organs like the liver, ribs, mediastinum, etc.

This reduces the space for the topology preserving term to evenly distribute the deformations.

The problem can be solved by adding a padding region around the image before regis-

tration. For periodic boundary condition used for our method, the zero padding increases

the topological space of the image. This padding will provide added space for the topology

preserving term to distribute the deformations and counter the problems created by the crop-

ping of the images. In Table 4.3 we show the percentage of negative Jacobian values obtained

after adding a padding region around the image. The padding is removed after registration

during the comparison of the results. The results in Table 4.3 show that introducing an

extra padding region around the image provides better results for the topology constraint
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and improves its performance.

In conclusion, the EMPIRE 2010 challenge provided a platform to test and measure

observe the strengths and the limitations of the constrained elastic framework with respect

to the chest CT registration.
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Chapter 5

Sliding Motion Modeling

In this chapter, we extend our proposed �uid registration framework to include a new strategy

for modeling sliding motion. In section 5.1, we �rst motivate the need for incorporating sliding

motion for lung boundaries. This is followed by a brief description of the overview of the

literature in this area in section 5.2. In section 5.3, we introduce our proposed sliding motion

model to allow for discontinuous movement along the lung boundaries. Section 5.4 brie�y

states the materials and methods used to validate the sliding motion model on three di�erent

mono-modal datasets. In section 5.5, we present and discuss the results of the experiments

on three di�erent sets of image data.

5.1 Introduction

A large number of motion estimation and image registration algorithms incorporate physical

models to produce accurate motion �elds. However, using these physical models is not

su�cient to accurately estimate the complex motion of the lungs due to breathing. Common

physical models apply a globally homogenous smoothing to the deformation �elds over the

entire image domain which can challenge the characteristics of breathing motion. Breathing

motion consists of a simultaneous movement of di�erent organs such as the lungs, liver, ribs

and the diaphragm. A globally homogenous smoothing would compromise the physiological

motion at the organ boundaries that slide along each other. During breathing, the lung and
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the diaphragm slide against the rib cage and the atria creating discontinuities in the lung

and chest wall motion, a motion which cannot be recovered using homogeneous regularization

models. The global smoothing would cause registration errors near the boundary of the lungs

and other sliding organs nearby.

The inclusion of a model to account for the breathing motion of the lungs is essential

to achieve an accurate registration. Using a physiological model in the registration process

would provide greater con�dence for the clinician in terms of the registration results and could

also be used as a tool for characterizing, evaluating and optimizing the image registration

process. However, incorporating sliding motion to the registration framework would also

increase its complexity and hence the computation time. A balance needs to be achieved

between the complexity of the model and an acceptable error range for the lung motion.

To integrate physiologically motivated breathing motion into a registration algorithm, we

need to understand the anatomy and the physiological motion of the lungs in greater detail.

The lungs facilitate the exchange of the gases between blood and air. The two lungs are held

within the thoracic cavity, separated from each other by the heart and the mediastinum.

Lungs are highly elastic, light, porous and spongy organs with a smooth outer surface. The

surface of the lungs is in contact with the surrounding structures via liquid �lled spaces

called the pleurae. The pleura is a delicate serous membrane arranged in form of a sac that

surrounds the outer surface the lung. The outer pleura attached to the chest wall is known

as the parietal pleura and the inner pleura attached to the lungs and the visceral tissue is

known as the visceral pleura. The space between the parietal and visceral pleura is known

as the pleural cavity, as shown in Figure 5.1. The pleura dictates the characteristics of the

lung boundary motion during breathing.

The inhalation process requires an active participation of the respiration muscles. During

inhalation, the diaphragm contracts forcing the abdomen to move inferiorly and anteriorly

and to increase the volume of the chest cavity. This increase in volume of the thoracic cavity

draws in air from the atmosphere due to the the pressure change. The intercostal muscles

adjacent to the ribs also contract during inhalation causing an outward movement of the
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Figure 5.1: Anatomy of the lungs:pleura and the pleural space. Taken from [111]

thoracic cage. The pleural �uid lubricates the pleural surfaces and allows the layers of pleura

to slide against each other. Thus, the motion of the lungs with respect to its surrounding

organs and the chest wall is a form of sliding motion. Similarly, the lungs also slide against

other organs during exhalation. An illustration of the motion vectors for inhalation is shown

in Figure 5.2. The pleurae help to couple the movements of the chest wall with the movements

of the lung during breathing.

Other organs like the liver also undergo sliding motion. In our study, we focus on the

sliding motion of the lungs for two reasons : (a) It is the largest organ within the thorax

and (b) modeling the sliding motion for the lungs is linked with the sliding motion of the

neighboring organs like the liver and the ribs. Modeling the sliding motion of the lungs will

also assist in improved alignment of the structures inside the lung as well.
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Figure 5.2: On the left hand side, the lung and liver are depicted schematically. A zoomed
visual representation of the regions R1 and R2 is depicted with the motion vectors that occur
during inhalation.

5.2 Research Background

There are a number of implicit and explicit approaches that have been used to model the

sliding motion of the lungs. These e�orts at preserving the discontinuity of the deformations

between the organs can be classi�ed into three classes. The �rst class of algorithms implicitly

addresses the problem of sliding motion by using joint segmentation and registration. One of

the methods proposed by Berg et al. [112] segments the lung to extract its surface information

and then registers the iso-surfaces of the lungs. A dense motion �eld is then interpolated

based on the registration of the lung iso-surfaces. Similarly, Vik et al. [113] proposed point

based registration methods to implicitly simulate the dynamics of breathing motion. Other

algorithms proposed by Al-Mayah et al. [114] and Werner et al. [115] use �nite element

modeling to obtain sliding motion of the lungs. These approaches however ignore the inner-

organ information like the bronchial trees or vessel trees, which results in registration errors
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for these structures. Another commonly pursued approach is to mask the background and

then register the lungs as independent entities [84, 116]. This prevents the background

deformations from a�ecting the registration of the lungs. If the background deformations are

required, the registration algorithm is applied on a second inverted mask for the background

and the resulting deformations are then combined. Registering the background and the

organs on an individual basis and then combining the deformations may leave the possibility

of creating gaps or folding along the boundary.

The second class of algorithms is based on edge-preserving, image restoration techniques.

An anisotropic image driven regularizer was �rst proposed by the Nagel and Ekelmann [117].

This regularizer was designed to smooth the deformation �elds along the edges of the de�ned

object, but not across them. Since then, several other authors have tried to generalize the

total variation regularizer for vector valued functions [118, 119, 120]. However, these set of

algorithms, developed for computer vision with the exception of [120] can create gaps between

the sliding objects which violates the preservation of image topology. These algorithms are

thus not applicable for medical images where the sliding organs do not overlap each other

and also do not produce gaps. Ruan et al. [121] further address this problem using a

two-step approach, �rst by decomposing the vector �elds into vector potentials and stream

functions using Helmholtz-Hodge decomposition and then preserving the large shear values

and penalizing any small ones caused by noise. One of the shortcomings of this method is the

application of the slipping motion across the entire image domain rather than limiting it to

the boundaries of the organs like the lungs. To fully evaluate the e�ects of this shortcoming

on the deformation �elds, a thorough investigation into the algorithm would be required.

The �nal class of algorithms uses direction dependent regularization. Initially introduced

by Schmidt et al. [122] using a di�usion based framework, direction dependent regularization

is achieved by decoupling the normal and tangential directed smoothing at the organ bound-

aries. Delmon et al. [123] proposed a direction dependent decomposition of the motion under

a B-spline based registration framework. Pace et al. [124] uses a regularization term based

on direction dependent anisotropic di�usion to preserve the discontinuities along the lung
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boundaries. Similarly, Risser et al. [125] and Yin et al. [126] have incorporated the principle

of direction dependent regularization in their respective transformation models. Later on,

Schmidt et al. [127] further expanded on their earlier algorithm to incorporate automatic

detection of discontinuities in the motion �eld and thus eliminate the dependence on a prior

segmentation of the organ.

Direction dependent regularisation addresses the problem of sliding motion for the lungs

[125, 122, 127] and it is also easily adaptable for the �uid registration framework. Keeping this

in consideration, we are inspired by the direction dependent regularization and combine it into

our proposed �uid registration framework, as developed in chapter 3 which includes a �lter

for rigidity preservation of the bones and an external force term for topology preservation. In

addition to that, we are incorporating a sliding motion model and providing a comprehensive

framework for chest image registration

5.3 Sliding Motion Model

The sliding motion of the lungs can be described as a discontinuous motion of the deformation

at the lung boundaries. To achieve this sliding e�ect, the regularization step should allow

homogenous smoothing of the deformations in most image regions, while permitting some

discontinuities across the boundaries of the lungs. The direction dependent regularization

step should aim to maintain the sliding e�ect by preserving the large shear along the lung

boundaries. It should also avoid the creation of any gaps or folding of the deformation �eld

during the registration process. As mentioned before, the direction dependent regularization

scheme proposed by Schmidt et al. [122] decouples the normal and tangential deformations

along the lung boundaries and then applies independent smoothing along the surfaces to

estimate the sliding motion. In this section, we modify the �uid registration framework of

Christensen et al. [56] to accommodate direction dependent regularization. Our work reverts

to a similar principle of direction dependent regularization, however it decouples the external

forces into normal and tangential force components along the lung boundary surface, prior

to solving. We divide the image domain Ω into N sub domains based on the number of
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sliding objects or organs present during the registration process. The sliding boundaries in

these regions are denoted as ∂Ω. The sliding motion conditions are imposed only along these

boundary regions.

Figure 5.3: Subdivision of the registration domain Ω into Ω1 (outside the lung) and Ω2 (inside
the lung). ∂Ω1 and ∂Ω2 represent the boundary regions of the lung where the sliding motion
occurs.

To achieve this division of domains on lung CT images, the �rst step is to perform a

segmentation of the sliding organs, i.e., the lungs on the source and the target images, S

and T respectively. The segmented organs will serve as a prior to promote the discontinuous

movements. The subdivision of the domains created by the segmentation of the lungs is

represented in Figure 5.3. Having completed the segmentation, we generate a Euclidean

distance map D(x) from the lung boundaries. The distance map D(x) serves a dual purpose.

First, it is used to calculate the normal and tangential unit vectors with respect to the lung

boundaries. Second, the distance maps are also used to select the volume of voxels that form

the sliding boundary where the sliding motion model is applied.

The vector map for the normal direction to the lung boundary is obtained by taking the

derivative of the Euclidean distance metric, B(x) = dD/dx. The normal component for the

external forces is calculated as:
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F n(u, x,T, S) = B̂(x) (B(x) · F (u,x, T, S)) , (5.1)

where B̂(x) = B(x)/||B(x)|| is the unit normal vector in direction of the largest distance

change, T and S are the target and source images, and B · F denotes the scalar product

between the derivative of the distance map and the external force term. The scalar product

projects the external force term F (u,x, T, S) into the direction normal to the boundary of

the lungs, hence obtaining the normal component of the external force term F n(u,x, T, S).

The tangential component of the external forces is calculated by subtracting the normal

component:

F t(u, x,T, S) = F (u, x,T, S)− F n(u, x,T, S). (5.2)

After obtaining the normal and tangential external force components along the sliding object

boundary, we proceed by further splitting the process to be solved into two parts based on

whether the location is inside (∂Ω2) or outside (∂Ω1) the boundary:

1. The normal force component F n := F n(u, x,T, S) allows for inter-organ deformation,

yielding a Navier-Stokes equation of the following form:

µ∇2vn(∂Ω1+∂Ω2) + (µ+ λ)∇(∇ · vn(∂Ω1+∂Ω2)) = F n(∂Ω1+∂Ω2). (5.3)

An example of the normal component F n is illustrated by Figure 5.4(b) and the resultant

normal velocity component vn is shown in Figure 5.4(e).

2. The tangential force component F t := F t(u, x,T, S) requires separate handling within

the lungs and outside, i.e., ∂Ω1 and ∂Ω2. For this, we further split the domain into two:

F t(∂Ω1) and F t(∂Ω2). This leads to two additional Navier-Stokes equations to calculate the

velocities:

µ∇2vt(∂Ω1) + (µ+ λ)∇(∇ · vt(∂Ω1)) = F t(∂Ω1), (5.4)
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µ∇2vt(∂Ω2) + (µ+ λ)∇(∇ · vt(∂Ω2)) = F t(∂Ω2), (5.5)

Solving equations (5.4) and (5.5) restricts any inter-organ deformations to be along the

tangential directions. The illustration in Figure 5.4 shows the tangential force components

F t(∂Ω1) and F t(∂Ω2) in Figure 5.4(c) and (d) and along with their velocity components vt(∂Ω1)

and vt(∂Ω2) in Figure 5.4(f) and (g), respectively.

The �nal velocity �elds for the lung boundary region (and corresponding deformations)

are found by adding the respective terms, i.e., v(∂Ω1+∂Ω2) = vn(∂Ω1+∂Ω2) +vt(∂Ω1) +vt(∂Ω2) after

solving equations (5.3),(5.4) and (5.5) independently. The �nal velocity �eld v(∂Ω1+∂Ω2) for

the lung boundary region is illustrated in Figure 5.4(h). The sliding conditions are enforced

only for a region within a certain width along the lung boundary, i.e., along the width of ∂Ω1

and ∂Ω2 combined. For the rest of the image, we do not decouple the velocities into normal

or tangential components nor solve them independently. This equation is given as:

µ∇2v(Ω1+Ω2−(∂Ω1+∂Ω2)) + (µ+ λ)∇(∇ · v(Ω1+Ω2−(∂Ω1+∂Ω2))) = F (Ω1+Ω2−(∂Ω1+∂Ω2)). (5.6)

Hence the solution for the complete image domain is obtained as:

vΩ = v(∂Ω1+∂Ω2) + v(Ω1+Ω2−(∂Ω1+∂Ω2)). (5.7)

The remaining steps for the solution are the same as explained in Chapter 3.

5.3.1 Similarity Measure

Our earlier experiments have used sum of squared di�erences (SSD) as a similarity measure.

The sum of squared di�erences (SSD) is one of the most common, mono-modality similarity

measure used in medical imaging. However, SSD has poor performance in case of aligning

small features and taking local neighborhood estimates. Other similarity measures commonly

used for medical images include mutual information and cross correlation. Cross correlation
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Figure 5.4: Sliding motion modeling: The initial force �eld is decomposed into tangential and
normal force components (black arrow vectors). The forces are then solved individually to
provide the respective velocity �elds (blue arrow vectors). The �nal step consists of combining
the individual velocities to obtain using superposition, yielding the �nal velocity �eld.

is found to be best suited for our problem as it is fast, easy to compute, and is invariant to

changes to image intensity magnitude (lighting conditions) if calculated locally. Local cross

correlation (LCC) is a measure of local a�ne dependency between the image intensities. The

energy function of the LCC, calculated over a local region of ΩR is de�ned as:

ELCC(T, S) =

ˆ
x∈ΩR

< T̄ , S̄ >2

< T̄ , T̄ >< S̄, S̄ >
dx, (5.8)

where, T̄ = T (x)− µT (x) and µT (x) is the local mean calculated for the target image using

a local window centered at each position x. Similarly, S̄ = S(x)− µS(x) where µS(x) is the
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local mean calculated for the source image. The operator <> represents the inner product

taken over a small local window of the same size. The energy term of the similarity measure

as shown in equation (5.8) is maximized using gradient descent to derive the external term.

The external forces for LCC are:

F LCC(u,x, T, S) =

(
σT,S(u,x)

σS(u)

T̄

σT (x)
+
σT,S(u,x)2

σT (x)σS(u)

S̄

σS(u)

)
∇S(u), (5.9)

where, σT (x) = T (x)2 − (µT )2 and σS(u) = S(u)2 − (µS)2 represent the individual lo-

cal intensity variances of the target and transformed source image, respectively. Finally,

σT,S(u,x) = T (x)S(u)−µTµS denotes the joint local variance of the target and transformed

source images. Thus, the de�nition of the external force equation will depend only on local

intensity statistics. As the deformations transform the source image into the target image,

the external force term F LCC is minimized when the images are perfectly aligned.

5.4 Materials and Methods

5.4.1 2D synthetic images

Initially, we evaluate our sliding motion strategy on synthetic 2D images. The source image

IS and the target image IT are shown in Figure 5.6. This synthetic example demonstrates

the proof of concept for the sliding motion model. The pair of images consists of two equally

sized blocks of varying intensities. To mimic the sliding motion, the top block is translated

by 5mm to the left and the bottom block is equally translated by 5mm to the right.

We �rst registered the images IS and IT using the classic �uid registration technique with

Lamé parameters λ = 0 and µ = 100. This selection of parameters, previously optimized in

Chapter 3, corresponds to the deformation of a compressible object. The images were reg-

istered using a two-level multiresolution technique. The downsampled images are generated

from each of the original 2D images. For the optimization step, the maximum number of

iterations is set to 500, but the algorithm usually converges before, if there is no signi�cant

improvement of the cost between the iterations. The maximum admissible displacement in
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one iteration is set to 0.5 times the voxel size. Sum of squared di�erences (SSD) is used as

the cost function for registering the 2D images.

Same Lamé parameters settings and optimization conditions as mentioned in the earlier

paragraph are also used for the �uid registration algorithm incorporating the sliding motion

model. The image domain Ω of the source image IS is subdivided into two sub domains Ω1

and Ω2. The lower block represents the domain Ω1 and the upper block as Ω2. The sliding

motion boundary is limited to 2mm on both sides of the boundary of Ω1.

5.4.2 POPI Dataset

In this chapter, we also validate the performance of our proposed �uid registration algorithm

including all physiological constraints: sliding movement, and preservation of both rigid

structures and topology. The proposed algorithm is validated on real CT datasets, the Point-

validated Pixel-based Breathing Thorax (POPI) dataset that is publicly available [128]. The

images were acquired on a 16 slice CT scanner. The movement of this belt provides an

external signal for synchronization of the CT acquisition to the phase of the breathing cycle.

The POPI model consists of ten CT lung volumes acquired at di�erent breathing stages,

providing several frames of an actual respiration cycle. Each CT slice has a resolution of

0.98mm × 0.98mm and a thickness of 2mm. The size of the images is 482 × 360 × 141. Forty-

one corresponding landmarks were de�ned by experts in all the image volumes, and serve

as the gold standard for validating the registration accuracy. The masks for the segmented

lungs are also provided. An example of the POPI dataset images for breathing stage 1 and

6 is shown in Figure 5.5 along with the di�erence image.

The proposed method was compared with the classic �uid registration method using

LCC as a similarity measure. The external force term for the LCC is described in Section

5.3.1 by equation 5.9. All the breathing stages from 2 to 10 were registered to stage 1.

A three level multiresolution approach is adopted to recover large deformations at coarser

image resolutions and achieve more detailed alignment at higher resolutions. The Lamé

parameters are set to λ = 0 and µ = 500. The convergence criterion is based on the
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(a) Axial (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 5.5: POPI dataset example: Three orthogonal views of the source image (stage 6 of
breathing) are shown in �rst row (a-c) and the target image (stage 1 of breathing) is displayed
in the second row (d-f) . The third row (g-i) displays the di�erence image between the source
and the target image.

improvement in similarity measure (threshold at 5% improvement) compared to the earlier

iteration. The maximum number of iterations was set to 300. For the proposed method the

size of the local neighborhood window ΩR used for both the rigidity constraint, and for LCC

computation is chosen as 5mm × 5mm × 5mm. To apply the rigidity constraint, the bones

are thresholded between voxel intensities of 110 and 220 Houns�eld Units (HU). The sliding

boundary conditions are set to 6mm inside and outside the lung boundary, i.e., a total width

of 12mm. LCC is also used as a similarity measure for the classic �uid registration.

5.4.3 EMPIRE10 Dataset

We also register the EMPIRE10 dataset to validate the bene�t of our proposed method with

sliding motion, rigidity preservation and topology preservation, in comparison to the classic
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�uid registration. The EMPIRE dataset has been described in detail in Chapter 4. For this

set of experiments, we work on the original uncropped images which contain a larger �eld of

view than the images of the challenge which have been cropped. The uncropped images of

the EMPIRE10 challenge have a large size of upto 512 × 512 × 500 voxels. The registration

is performed in the target image space with an initial rigid alignment of the images. The

rigid alignment is achieved using SSD and the code was implemented using ITK [129]. The

resultant deformation �elds of the proposed method were also submitted to the EMPIRE

challenge for evaluation and the results are included in section 5.5.3.2.
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Image Pair no. Lung overlap
ratio (DSC)
without

registration

µ

1 0.6459 250
2 0.8901 450
3 0.8785 450
4 0.8808 450
5 0.8945 450
6 0.9659 500
7 0.7842 350
8 0.8720 450
9 0.7670 350
10 0.8307 400
11 0.8478 400
12 0.9229 500
13 0.9395 500
14 0.7372 300
15 0.8211 400
16 0.7034 300
17 0.9405 500
18 0.7316 300
19 0.8655 450
20 0.7549 350
21 0.6251 250
22 0.8767 450
23 0.8903 450
24 0.8931 450
25 0.8067 400
26 0.9651 500
27 0.8697 450
28 0.7443 300
29 0.8759 450
30 0.7564 350

Table 5.1: Lamé values used for the EMPIRE10 dataset and the overlap ratios of the lung
(DSC) without registration. The overlap ratios are helpful in parameter selection as they
provide an approximate estimate on whether the registration step needs to recover larger
deformations or smaller ones.

Non-rigid alignment is achieved using LCC as a similarity measure for the classic �uid

method as well as for the proposed method. We have used varying values of Lamé parameters

for the di�erent image pairs depending on the magnitude of the deformations. Generally a

lower value of Lamé parameter µ is selected to recover larger deformations and higher values

94



of µ are used to get improved stability for smaller deformations. Table 5.1 shows the various

values selected for the registration of the 30 image pairs. The value of λ is set to zero for the

registration. Four levels of resolution were used, 200 iterations were performed for coarser

levels while 50 iterations were performed at the �nest level. The code was implemented

within MATLAB. Thresholding of the bones is applied to segment the bones from the image

with di�erent thresholding values being used for each image pair. The same parameters are

used to impose the rigidity constraints and the sliding motion model as the POPI dataset.

5.5 Results

5.5.1 Results on Synthetic 2D Data

For the synthetic example at hand, the overlap of the blocks is 0.9923 for the classic �uid

method, and 0.9929 using additional sliding modeling. However, a closer inspection of the

magnitude of the estimated horizontal deformation �eld in Figure 5.6(c) reveals that the

classic �uid method has generated higher deformations at the corners and at boundaries of

the blocks. The classic �uid transformation model indiscriminately smoothes the tangential

motion of the blocks across the boundaries which prevents the recovery of sliding motion. In

contrast, the new �uid method, which is explicitly modeling sliding motion has provided a

more uniform push along both blocks in the respective directions while preserving the sliding

motion at the block boundaries, as can be seen in Figure 5.6(f). We also estimated the mean

target registration error (TRE) in the horizontal displacement of all pixels for both blocks.

TRE is de�ned as the distance between corresponding points after registration. For �uid

registration, the average TRE is 0.94mm while for the �uid method including sliding, the

TRE is much lower at 0.32mm. This clearly demonstrates the improved performance of the

proposed �uid method using sliding motion.
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(a) (b) (c)

(d) (e) (f)

Figure 5.6: 2D synthetic example: (a) Target image. (d) Source image. Deformed source
using : (b) the classic �uid method and, (e) the �uid method using sliding motion (proposed
method). Horizontal component of the deformation �eld using: (c) the classic �uid method,
and (f) the proposed method.

5.5.2 Results for the POPI Dataset

In Figure 5.7, we show the result of the proposed �uid registration method incorporat-

ing sliding motion, rigidity preservation and topology preservation versus the classic �uid

registration technique. Since the proposed �uid registration method provides an accurate

directional push to the lung boundaries using the physiological constraints, we observe that

the proposed method is better able to align the organs even for larger deformations between

stage 1 and stage 6 of the breathing cycle. The classic �uid registration technique has failed

in the complete alignment of lung boundaries as well as the internal vessel trees.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Figure 5.7: Registration results for stage 6 to stage 1 registration. The �rst row (a-c)
shows the three orthogonal views of the deformed images using classic �uid registration
technique. The second row (d-f) displaying the di�erence image highlights that the classic
�uid registration has failed to completely and accurately register the images. The third
row (g-i) and fourth row (j-l) displays the deformed image and the di�erence image results
using the proposed registration technique, composed of sliding motion model, bone rigidity
preservation and topology preservation.

A quantitative validation of the method is performed by calculating the mean TRE for

the 41 landmarks, after registering each dataset to the �rst one. The accuracy of the results is

determined to be successful if the TRE after the registration process becomes lower than the

voxel size. Figure 5.8 shows that the proposed method has a superior performance compared

to the classic �uid registration technique, with an overall lower mean TRE. The TRE for
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phase 1-2 and phase 1-10 breathing, show poor performance in image alignment. This is

mainly due to the registration being driven by the larger structures like lung boundaries and

other soft tissues which also leads to the movement of smaller structures and thus increase the

TRE. The classic �uid method has TRE greater than the slice thickness of 2mm for breathing

phases of 1-5, 1-6 and 1-7. The registration of these breathing phases by the classic �uid

method could be considered as a failure as the TRE error is greater than the voxel size (

a common measure of registration failure). It is also observed that the mean TRE remains

almost constant and has a lower TRE value when using the proposed method (average TRE

= 1.37± 0.11mm), compared to the classic �uid method, whose accuracy varies depending

on the breathing phases that are being registered (average TRE = 1.82 ± 0.3mm).

Figure 5.8: Landmark target registration error results for POPI dataset, before registration,
after classic �uid registration and after proposed method using sliding motion and preserva-
tion of rigid structures and topology.

The lung overlap ratios are shown in Figure 5.9. The proposed method has a better

overlap ratio over the entire dataset (with the exception of registration of phase 1-10, where

the overlap without registration is already very high) in comparison with the classic �uid

registration technique. For the proposed method the average overlap was 0.993 ± 0.002

while for classic �uid registration it was 0.984 ± 0.0086.
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Figure 5.9: Lung overlap ratio for POPI dataset, before registration, after classic �uid reg-
istration and after proposed method incorporating sliding motion and preservation of rigid
structures and topology.

A qualitative validation of the proposed registration technique is displayed in Figure

5.10. As illustrated in Figure 5.10(b), the deformation vectors for classic �uid registration

result are smoothed out along the lung boundary. The discontinuous movement is lost in the

process which ultimately leads to an inaccurate registration. The proposed �uid registration

technique is able to preserve some of the discontinuous movement of the lungs due to the

sliding motion model. Thus, the proposed method provides a physically and physiologically

plausible deformation �eld in response to the breathing motion.
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(a)

(b) (c)

Figure 5.10: Registration results for Stage 1-6. Top image (a) Target image with the lung
boundaries marked in blue. The red box de�nes the region for which the deformation vec-
tors are zoomed in. (b) Deformation vectors for results using classic �uid registration (c)
Deformation vectors for results using proposed method.

We also assess the rigidity of the bones by investigating the Jacobian values in the bone

regions, i.e., we estimate any change in volume of the bones. For classic �uid registration,

a large variation in the Jacobian values of the bones is observed. The average Jacobian

value of the bones using the classic �uid registration technique is 0.963 ± 0.03. This proves

that the classic �uid method allowed a physically implausible shrinking of the bones during
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registration and may also cause equally invalid deformations. The proposed method has an

average Jacobian value of 0.99 ± 0.01 for the bones which shows that the rigidity preservation

term has been successful in preserving the volume of the bones, which is an important

condition for preserving their rigidity.

Figure 5.11: Jacobian values of the bones for the POPI dataset, after classic �uid registration
and proposed method incorporating sliding motion and preservation of rigid structures and
topology. The results show that the proposed method has an improved performance in
keeping the Jacobian values of the bones close to 1 .

We calculate the percentage of negative Jacobian values across the image domain to

assess the quality of the deformation �eld. The proposed method has been able to preserve

the topology and has very few voxels that undergo folding as shown in Table 5.2. The classic

�uid registration without any topology preservation term has been unsuccessful in preserving

the topology of the image and has a very high percentage of negative values.
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Registration stages of
POPI dataset

Classic Fluid
registration

Proposed Fluid
registration

Stage 1-2 0% 0%
Stage 1-3 0.234% 0%
Stage 1-4 0.511% 0.001%
Stage 1-5 0.798% 0.002%
Stage 1-6 1.134% 0.005%
Stage 1-7 0.876% 0.003%
Stage 1-8 0.525% 0.001%
Stage 1-9 0.139% 0%
Stage 1-10 0.023% 0%

Table 5.2: Percentage of negative Jacobian values for the entire image domain, after classic
�uid registration and proposed method incorporating the sliding motion and preservation of
rigid structures and topology.

5.5.3 Results on EMPIRE Dataset

5.5.3.1 Comparison with Classic Fluid Registration

To validate the new proposed method for the EMPIRE dataset, we compare the overlap

ratios of the lungs using the proposed method with the classic �uid technique. As seen in

Figure 5.12, the performance of the proposed technique has shown better overlaps for most

image pairs in comparison to the classic �uid technique. The image pair for subjects 7, 23

and 26 were the only examples where the classic �uid technique performed slightly better

than the proposed technique. The average overlap ratio of the lungs without registration has

been 0.833 ± 0.0734, while after classic �uid registration it has increased to 0.932 ± 0.042.

For the proposed �uid method the average overlap ratio is higher at 0.947 ± 0.021.
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Figure 5.12: Lung overlap ratio for EMPIRE2010 dataset, before registration, after classic
�uid registration and proposed method incorporating sliding motion and preservation of rigid
structures and topology.

To further qualitatively analyze the deformation �eld, in Figure 5.13, we show the am-

plitude map of the deformation �eld for the classic �uid and the proposed technique. We

have selected the example of scan pair number 7 as it requires the recovery of a large de-

formation. The magnitude map for the proposed method shows that it has been successful

in preserving the deformations around the lung boundaries and preserve the discontinuous

movement. The classic �uid method has applied a homogeneous smoothing which smoothes

out the discontinuous movement.

103



(a) (b)

(c) (d)

Figure 5.13: Amplitude of deformations estimated on EMPIRE data (patient 7) (a) Classic
�uid method (b) Proposed method incorporating sliding motion, rigidity preservation and
topology preservation. The black curves represent the lung boundaries and black box high-
lights the ROI. 2D projection of the ROI with deformation vectors (c) Classic �uid method
and (d) Proposed method.

5.5.3.2 EMPIRE10 Challenge Evaluation Results

The deformation �elds of the proposed method were submitted to the EMPIRE challenge

organizers for evaluation. Our proposed method has ranked 26th out of the 30 methods that

have been submitted for the challenge till March 2013.

From the results shown in Table 5.3 one can clearly see that the proposed �uid method is

an major improvement over the results of classic elastic registration and constrained elastic

method which are presented in Chapter 4. The proposed method performs comparatively

well in almost all cases with a small to medium amount of breathing motion. As per the
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Lung Boundaries Fissures Landmarks Singularities
Scan pair Score Rank Score Rank Score Rank Score Rank

01 0.4613 26 16.8776 28 22.2557 27 0.1698 26
02 0.0005 24 0.0335 26 2.9261 26 0 13
03 0 17 0.7062 27 1.7910 27 0 13
04 0.0119 28 0 14 3.9394 25 0 13
05 0 12 8.9846 28 2.7643 2 0 12
06 0 14 0.0461 27 0.9309 25 0 14
07 0.0668 23 6.8832 26 14.2339 2 0 10
08 0 10 2.9011 23 2.8536 23 0 13
09 0.0006 21 0.0256 24 2.03964 2 0 12
10 0.0216 27 0.0005 26 5.5565 25 0 12
11 0.1708 26 7.8172 27 3.4239 26 0 12
12 0 11 0.0418 26 1.4050 26 0 14
13 0.0011 19 1.8914 28 3.5488 27 0 12
14 0.4905 28 7.6040 23 10.0625 25 0.0003 17
15 0.0012 23 2.2573 26 2.7108 26 0 13
16 0.0942 27 5.8362 28 5.5883 28 0 13
17 0 8 0.1763 29 2.3719 27 0 13
18 0.0254 19 8.6480 26 12.6439 27 0 10
19 0 14 0.2181 28 2.3921 27 0 13
20 0.0008 15 7.4106 26 14.1824 27 0.0408 24
21 0.9760 25 5.7780 24 50.9711 30 1.6195 26
22 0.0038 14 0.5107 26 1.7366 24 0 12
23 0.00348 17 7.966 27 3.5022 26 0 13
24 0.0076 28 0 11 3.1836 27 0 12
25 0 24 0.0008 26 1.1438 27 0 13
26 0 8 0 1 1.2925 25 0 14
27 0 19 0.3096 25 1.4405 26 0 12
28 0.5978 27 17.1052 28 12.0399 27 0 11
29 0.0015 23 0.0003 23 3.8539 27 0 12
30 0 13 0.0011 23 1.1145 26 0 13

Average 0.1690 20 3.6678 24 6.5967 26 0 14

Table 5.3: Results per each scan pair, per category and overall. Rankings and
placement are from a total of 30 competing algorithms. Average ranking overall:
26th.
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results of the EMPIRE challenge evaluation, the strengths of the proposed method lies in

accurate alignment of the lung boundaries (Lung score < 0.1 for most cases) and having

the least amount of singularities (Zero negative Jacobians in most cases). This implies that

the �uid transformation model is able to recover large deformations of the lungs while the

topology preserving constraint is able to prevent the folding of the deformation �eld in most

cases.

The most important drawback of our method still remains the accurate alignment of

landmarks and �ssures. This error mainly occurs in image pairs 1, 14, 18, 21 and 28. These

image pairs show very large di�erences in the breathing cycle which leads to rather di�erent

appearances for smaller vessels in both the images. Some of the vessels also vanish in the

exhaled data set due to the limitations in spatial resolution. Therefore, the LCC similarity

measure was not able to align these landmarks accurately and caused a drop in our per-

formance. Another factor that has contributed to the underperformance of our proposed

method is the low contrast of the structures inside the lung.

5.6 Conclusion

We have presented the proposed �uid method, combining rigidity preservation and topol-

ogy preservation terms with a novel, physiologically motivated sliding motion model that

addresses the problem of discontinuous movements at the boundaries. The proposed method

demonstrated on a synthetic data set, and further has been validated on the POPI and EM-

PIRE datasets. Results show that the proposed registration technique is robust for di�erent

types of data with small and large deformations. The proposed technique has also shown to

have better overlap ratios than the classic �uid registration technique. In the next chapter we

look at the application of the proposed algorithm to register the diagnostic contrast enhanced

CT and the whole body CT.
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Chapter 6

Registration of Contrast Enhanced

Diagnostic CT and PET Images

6.1 Introduction

Lung cancer remains a challenging disease to stage accurately because it manifests itself as

a peripheral lung nodule or mass which presents problems for proper diagnosis. Contrast-

enhanced diagnostic CT (d-CT) is the most widely used imaging modality for identifying

pulmonary abnormalities [130]. The d-CT scans provide good contrast to detect small and

large primary tumours for lung cancer, as well as information regarding their shape, size

and the exact location. The injected contrast agent also helps to di�erentiate blood vessels

from soft tissues in order to identify any enlarged lymph nodes. The diagnostic value of

d-CT for depicting accurate structural anatomy is highly appreciated, but it is less useful for

di�erentiating between benign and malignant tumours.

PET lung scans are generally used for tumour staging. They are often acquired after

the d-CT scans to di�erentiate between any benign and malignant tumours. PET scans

are helpful in �nding the spread of the cancer to regional lymph nodes and detecting dis-

tant metastatic tumours. A non-contrast enhanced attenuation correction CT (AC-CT) is

acquired alongside the PET scan to correct for the attenuation of the gamma rays. The

attenuation corrected PET image is then fused with the AC-CT image to provide metabolic
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and anatomical information jointly in one image as shown in Figure 6.1(a). The PET and

AC-CT images are intrinsically spatially registered, eliminating the need for registration.

(a) (b) (c)

Figure 6.1: (a) Fused PET/ AC-CT image (b) Fused PET/Diagnostic CT (contrast-
enhanced) image without registration (c) Di�erence image between AC-CT and Diagnostic
CT.

Fusing the d-CT and the attenuation corrected PET image may provide better aid in

accurate disease staging. However, the PET and the d-CT image cannot be fused directly as

they are not spatially aligned, and a direct fusion will lead to erroneous results as shown in

Figure 6.1(b). Before the advent of combined PET/CT scanners a great deal of research was

pursued in the registration of non-contrast CT and PET volumes. One of the �rst attempts of

direct PET to CT image registration was made by Tai et al. [131] using an elastic registration

framework with cross correlation as the similarity measure. Later on, Shekar et al. [132]

also used the elastic registration framework but with normalized mutual information as the

similarity criterion. A di�erent solution was provided by Mattes et al. [133] which aimed at

registering the PET data with CT using free form deformations. Camara et al. [134] tried

to register the images using a two step approach: The �rst step non-linearly registered the

segmented lungs from the PET and CT images and then used them as prior knowledge for the

next step. The second step applied intensity based registration to align the non-segmented

regions. Non-rigid deformations were modeled in both the registration stages using free-form

deformations. A landmark based approach was also introduced by Chambon et al. [135] to

produce plausible deformations, but lacked thorough validation. Morena et al. [136] provided
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a novel method of combining a breathing model with image registration. However, their

method requires lung segmentation on the PET images, which is done manually and prone

to human error. A thin plate splines approach with mutual information was also proposed by

Slomka et al. [137]. Most of the methods listed above have been validated only qualitatively,

making it di�cult to judge the registration performance. For some methods, landmarks were

selected on the PET image to validate the registration method quantitatively[133]. These

landmarks on PET image are however unreliable as they are not derived from anatomical

information. The success of these direct PET-CT registration approaches has also been

constrained by the use of an appropriate cost function, the breathing protocol used during

image acquisition, respiratory gating and the resolution of the PET image. Morever, these

methods have been de�ned and validated for registration of PET volumes with non-contrast

enhanced CT images. The same algorithms might not be able to establish an accurate spatial

relationship if the non-contrast CT is replaced with a contrast-enhanced CT image such as

the d-CT. The primary reason for this shortcoming is that establishing a direct similarity

relationship between d-CT and PET image is a di�cult task. As mentioned in Chapter 1,

registering the PET and d-CT images directly can be misleading as they do not belong to

the same modality and they are acquired at di�erent phases of breathing.

A solution which we propose to this problem is to register the AC-CT with the d-CT and

then use the deformations to warp the PET image so that it can be fused with d-CT. The

work-�ow to fuse the PET and d-CT is shown in Figure 6.2. Fusion is de�ned as the process of

combining information from two or more images. In medical imaging, image fusion is achieved

by overlaying the images over each other and controlling transparency of the images. There

is no published literature on work that studies the registration of contrast enhanced thoracic

d-CT with non-contrast enhanced AC-CT. There is some work on the registration of contrast

enhanced CT for perfusion studies of liver [138, 139, 140, 141]. Similarly, there are algorithms

designed for registering the perfusion cardiac images [142, 143] but none of them relate to

the problems faced during the registration of thoracic CT images.
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Figure 6.2: Scheme for fusing PET with d-CT.

6.2 Materials and Methods

We demonstrate our proposed the PET/d-CT fusion scheme using our previously presented

registration method that comprises sliding motion, rigidity and topology preservation, on

clinical patient datasets. The results of the proposed registration technique are compared

with classic �uid registration.

Diagnostic CT volumes of ten patients were acquired during full inspiration after an

intravenous injection of iodinated contrast agent, while the whole body PET/CT volumes

were acquired during normal breathing.The PET and the AC-CT images were acquired on

the same scanner. The slice thickness of the diagnostic CT scan is 3mm, and 2mm for the

AC-CT scan, with an in-plane resolution between 0.6mm× 0.6mm and 0.8mm× 0.8mm for

both scans. All the CT scans have dimensions of 512×512 voxels inplane, and 130−180 slices.

Some of the cases show a clearly visible cancer mass in the CT scans. The typical image size

for the PET image was 256×256×102-178 voxels with a voxel size of 2.65mm×2.65mm×5mm.
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We have used the d-CT volumes as the target images, and cropped the AC-CT volumes to

match the d-CT image as the source images. The �nal deformations of the registration step

are then used to warp the PET images to align them with the d-CT. Warping of the images

is performed using tri-linear interpolation of the intensities.

The segmentation of the lungs is needed to localize the lung boundaries where sliding

motion might occur. Lung segmentation for d-CT and AC-CT volumes was performed using

a semi-automatic procedure, consisting of an initial level set segmentation using ITK-SNAP

[144] followed by a slice-wise manual correction of the boundaries. The lung segmentations

are also used to validate our registration method by measuring the lung volume overlap

before and after registration. As shown in Figure 6.1, the d-CT has a larger lung volume

than the AC-CT, as the lungs are fully expanded (at maximum inspiration). There is also a

visible contrast agent in the heart of the diagnostic CT that assists the visualization of the

vascular structures. Before applying the �uid and the proposed registration methods, a rigid

alignment was performed between the diagnostic and AC-CT volumes using a six parameter

rigid body transformation with cross correlation as a similarity measure.

The rigid alignment is followed by the classic �uid registration, and our proposed physio-

logically motivated registration method, incorporating sliding motion, and also preservation

of rigid structures and topology. The similarity measures used for the classic �uid registration

and the proposed methods is LCC, described previously in Chapter 5.3.1. A multiresolution

scheme was used with three levels of resolution. The maximum number of iterations was

around 100 at the coarser levels, and 50 iterations at the highest resolution. The convergence

criteria were similar to the criteria designed for the POPI dataset, i.e., if there is no e�ective

change in similarity, the algorithms move on to the next higher resolution. For our proposed

method, we choose the size of the window ΩR as 5mm × 5mm × 5mm. The spatially vary-

ing rigidity �lter is applied after every two iterations, this has been found to be the optimal

choice based on our work in Chapter 3. The average execution time for the entire registration

process is 40 minutes. The CT images have been down sampled in-plane to 256×256 voxels

to reduce the computational complexity.
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We evaluate the accuracy of the d-CT and AC-CT registration by comparing the align-

ment of ten anatomical landmarks (3D locations within the images) as predicted by the

algorithm against a reference. The reference landmarks on the d-CT and AC-CT have been

selected by experts using anatomical references (such as the Carina or the topmost point of

the lung). The ten anatomical references used for landmark selection are:

1. Top of the aortic arch

2. Bottom of the aortic arch

3. Carina of the trachea

4. Bifurcation of the pulmonary arteries

5. Apex of the heart

6. Centre of the left ventricle

7. Top of right lung

8. Top of left lung

9. Top of the liver

10. Centre of a vertebrae

Figure 6.3 shows the distribution of the landmark on the d-CT image. Figure 6.4 and 6.5

display each of the landmarks in more detail.

(a) (b) (c)

Figure 6.3: A diagnostic CT image showing distribution of the ten anatomical reference
landmarks.
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Figure 6.4: Landmarks 1 to 5 (row 1 to 5). The landmarks are selected based on anatomical
reference points.
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Figure 6.5: Landmarks 6 to 10 (row 1 to 5). The landmarks are selected based on anatomical
reference points.

The registration algorithms are also compared on the basis of lung segmentation overlap.
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We qualitatively assess the success of the algorithm by analyzing the deformed AC-CT images

and fused images of d-CT/PET. The qualitative assessment looked at the alignment and

shape of the ribs, internal structures of the lungs such as air vessels, spine and also the

overlap of the large tumours.

6.3 Results and Discussion

The resulting lung volume overlaps are shown in Figure 6.6. Our proposed method has better

overlap ratios with an average DSC of 0.95 ± 0.0103 compared with the classic �uid method

that showed DSC of 0.91 ± 0.0149). A paired, non-parametric, two-sided Wilcoxon rank sum

test was used to assess the median di�erences of the overlap measures between the classic

�uid registration and the proposed method. The Wilcoxon rank sum test is generally used

when the population cannot be assumed to be normally distributed. The Wilcoxon rank sum

test was performed on the lung overlap measures, in order to con�rm that the results were

signi�cantly di�erent at 5% signi�cance level (p=0.000246).

Figure 6.6: Lung overlap ratios for the diagnostic CT - PET/CT datasets, before registration,
and after classic �uid registration, as well as our proposed method.

The results of the landmark target registration error (TRE) are shown in Figure 6.7.

The classic �uid image registration has a comparatively poor performance with respect to

our proposed registration technique. The maximum TRE before registration for one of the
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Figure 6.7: Landmark target registration error results for d-CT and AC-CT dataset, before
registration, after classic �uid registration and proposed method using sliding motion and
preservation of rigid structures as well as topology.

landmarks in patient 7 was found to be 53mm. The mean TRE of the classic �uid registration

is greater than 6mm for most cases with the exception of patient 9 and patient 10. Our

proposed technique has highest TRE in the registration of patient 8 where the mean TRE

for 10 landmark points is 5.67mm. In case of the selected landmarks, there is a scope of

human error especially in case of landmarks that represent di�erent physical locations on the

two images but the same anatomical point on both images. The average TRE for classic �uid

registration is 7.46mm ± 2.49mm and the average TRE for the proposed method is 3.49mm

± 1.15mm. Figure6.8 provides a detailed chart of the TRE for each landmark for the 10

patients using the proposed �uid registration method. The average TRE for the top of left

and right lung landmark provides the best results throughout the 10 images. The average

TRE for the top of the liver and the centre of the left ventricle are slightly higher than

other landmarks. Accurate matching selection of these two landmarks for di�erent phases of

breathing is complex and prone to human error. This could be the cause of comparatively

higher TRE's for these two speci�c landmarks across all the images.

Figure 6.9 depicts an example result for the registration using the classic �uid registration

technique and our proposed method. Our proposed method has aligned many of the internal

structures including the small lung airways and the blood vessels, as pointed out by the red
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Figure 6.8: TRE for each landmark (for 10 patients) using proposed �uid registration tech-
nique. The top of left and right lung landmarks provide the lowest average TRE results.

arrows, while the classic �uid registration has been unsuccessful in properly aligning small

structures. As shown in the Figure 6.9 (e) and (f), the classic �uid registration also leads to

bending or non-rigid deformations of the bones while our proposed method has maintained

the shape and the rigidity of the bones. The average Jacobian values for the bones is shown

in Table 6.1. A Jacobian value close to 1 indicates that the volume has been preserved

which helps maintain the rigidity of the bones. The best results of the proposed method are

obtained for patient 9.

Patient no. 1 2 3 4 5 6 7 8 9 10
Classic �uid registration 1.13 1.15 1.20 1.12 1.21 1.18 1.18 1.07 1.14 1.13
Proposed registration 1.04 1.03 1.04 1.02 1.05 1.04 1.03 1.02 1.01 1.05

Table 6.1: Jacobian values for the bones (spine and ribs).

Figure 6.10 shows a fusion results for a diagnostic CT with the PET volume and the

di�erence images for the same are shown in Figure 6.11 . As pointed out by the white

arrows, the classic �uid registration method has been able to recover most of the motion, but

it shows a large misregistration of the tumour. In contrast, the proposed method has more

accurately aligned the tumour in most cases, which could provide an improved localization

of the tumour necessary for diagnosis and therapy. The diagnostic CT/PET fusion provides
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(a) (b) (c)

(d) (e) (f)

Figure 6.9: Region of interest (ROI) :(a) and (d) target image, (b) and (e) deformed source
image using classic �uid registration, (c) and (f) deformed source image using proposed
registration technique.

118



greater information with the vascular structures delineated in the diagnostic CT to avoid any

misdiagnosis. The worst case performance for the proposed registration is shown in Figure

6.12 where it has been partially unsuccessful in aligning the tumour. However, as seen from

the �gure, the proposed registration has still performed better than the classic �uid method.

The di�erence images for the worst case are provided in Figure 6.13.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.10: Three orthogonal views of fused diagnostic CT and PET images (Patient 1):
First column (a), (d) and (e) without registration. Second column (b), (e) and (h) results
using classic �uid registration. Third column (c), (f) and (i) results using our proposed
method. The white arrows in the image volumes clearly show that the proposed method has
been successful in an improved alignment of the PET image and the diagnostic CT.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

Figure 6.11: Three orthogonal views of di�erence images between diagnostic CT and AC-CT
images (Patient 1): First column (a), (d) and (e) without registration. Second column (b),
(e) and (h) results using classic �uid registration. Third column (c), (f) and (i) results using
our proposed method.
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(a) (b) (c)

Figure 6.12: Fused diagnostic CT and PET images (Patient 6). (a) without registration (b)
with classic �uid registration (c) with our proposed registration technique. The white arrows
point towards the tumour. The proposed registration has been unsuccessful in complete
alignment of the tumour.

(a) (b) (c)

Figure 6.13: Di�erence image between diagnostic CT and AC-CT images (Patient 6). (a)
without registration (b) with classic �uid registration (c) with our proposed registration
technique.

To analyze the registration of the tumours, we manually segment the tumour structures in

the diagnostic and AC-CT and then compare the overlap ratios after non-rigid registration.

The tumours were segmented in image volumes where they were signi�cantly large and clearly

visible. The results of the overlap ratio are shown in 6.2. The proposed registration method

with an average tumour overlap ratio of 0.9215 has a better performance in comparison to

the classic �uid method with average tumour overlap ratio of 0.9014. However, the proposed

method has not been able to improve its performance for the registration of the tumour for

patient 6.
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Patient Num-
ber/Overlap

ratios

After rigid registration Using classic �uid method Using proposed method

Patient 1 0.7659 0.9463 0.9541
Patient 4 0.6982 0.8953 0.9126
Patient 6 0.6783 0.8424 0.8579
Patient 7 0.7346 0.9173 0.9390
Patient 8 0.8389 0.9147 0.9401
Patient 10 0.6198 0.8923 0.9252
Average 0.7226 0.9014 0.9215

Table 6.2: Tumour overlap ratios for the diagnostic CT - PET/CT datasets.

6.4 Conclusions

We have presented a new retrospective non-linear registration algorithm for fusing d-CT with

PET image volumes. Our proposed registration algorithm was shown to be able to remove the

non-linear mismatch of the d-CT and the AC-CT images. We have quantitatively assessed

the image pairs using 10 anatomical landmark points and the overlap ratios. We also assessed

the images qualitatively by looking at the air vessel trees and the alignment of the tumour on

the fused d-CT/PET image, showing superior qualitative alignment compared to the classic

�uid registration method.

Our conclusions for the current chapter are as follows:

• Our proposed registration technique is able to achieve better overlap measures com-

pared to the classic �uid registration technique.

• Even though our technique has performed poorly in one of the cases with respect to

landmark TRE but it still shows much better performance in all other cases against

the classic �uid registration technique.

• The ribs and the spine also do not undergo deformation during registration for our

technique, as visible from the warped images and the Jacobian values of the bones.

• The fusion of the d-CT and PET has also shown superior results using our proposed

registration technique.
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Chapter 7

Summary and Future Work

7.1 Summary

The goal of this thesis was to accurately fuse thoracic d-CT with whole body PET image

volumes. Such fusion is required to improve the visualization and the analysis of the medical

images for lung cancer staging. In order to achieve an accurate fusion of the d-CT with

PET, we �rst register the d-CT with the AC-CT and then use the deformations from this

registration step to align the d-CT with the PET image. Thus, our primary task has focused

on developing a registration framework for accurate anatomical alignment of the d-CT with

AC-CT.

To register the d-CT and AC-CT, we started with conventional physics based transfor-

mation models, i.e., elastic and �uid transformation models. Although the methods achieve

satisfactory results for a range of applications, these standard approaches show three major

disadvantages when applied to medical images: Firstly, the image regions that correspond to

di�erent anatomical structures such as bones or soft tissue, are all treated in the same way.

Secondly, both these methods fail in preserving the topology of the images. Lastly, these

methods also smooth the naturally occurring sliding motion at the lung boundaries. Since

these registration techniques do not consider the physical properties of the various structures

within the image, the �nal transformation is not guaranteed to provide a physically and

physiologically plausible solution. The �nal transformation might even exhibit physically
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implausible deformations of rigid structures like ribs or folding of the deformation �eld.

To preserve the rigidity of the bones, we adopt a spatially varying �lter that calculates

the average amount of deformation around local regions of voxels, which is then assigned

to be the deformation at that particular voxel using a sti�ness coe�cient. Based on visual

inspection of the data and the Jacobian values of the deformation at the bones in Chapters

3, 4 and 5, we conclude that adaptive �ltering of the deformation �eld is able to improve

registration results by successfully preserving the rigidity of the bones without a�ecting the

overlap of the bones or lungs.

Folding of the deformation �eld during registration violates the topology of the deforma-

tion �eld. To preserve the topology, we introduce a topology preserving force term in the

elastic and �uid registration framework. This force term uses the Jacobian values to penalize

the similarity forces that push the deformation towards folding. As shown in Chapter 3, the

topology preserving term has performed very well in reducing the folding of the deformation

�eld for the NCAT images. However, it was also found that the topology preserving term

is not successful in reducing the folding if the images are cropped as shown in Chapter 4

with the EMPIRE 2010 challenge dataset. Cropped images provided by the EMPIRE 2010

challenge cuts through many important organs which could otherwise drive the registration

process outside the lungs. In later experiments (shown in Chapter 4), it was found that

arti�cially expanding the cropped image helps to improve the performance of the topology

preservation term.

Based on our work in Chapters 3 and 4, we also conclude that the elastic registration

framework is not suitable for our application because it is not able to recover large deforma-

tions. This prompted us to shift our focus from elastic to �uid registration. Thus, we use the

�uid transformation model as the base transformation model. The sliding motion model de-

veloped in chapter 5 gave us the opportunity to model the discontinuous motion of the lungs

along the boundary which is similar to the physical motion of the lungs during breathing.

The proposed �uid method with topology constraints, rigidity constraints and the sliding

motion model has been validated on the POPI and EMPIRE datasets (uncropped �eld of
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view images). The proposed method has performed better than the classic �uid method both

quantitatively and qualitatively.

In Chapter 6, we show the results of fusing the d-CT and PET when using our registration

framework. We validated our proposed method with sliding motion, topology preservation

and rigidity preservation on 10 clinical datasets. The proposed method has outperformed the

classic �uid approach with respect to the TRE of the landmarks and the lung overlap ratios.

Visual inspection of the fused d-CT and AC-CT images has also proved that our proposed

method has provided a better alignment of the tumours and other structures.

7.2 Future work

The work presented in this dissertation can be extended in several directions. In this section,

we describe a couple of these extensions, along with some suggestions that might be applicable

in addressing these problems.

7.2.1 E�ects of Low Pass Filtering in Multiresolution Techniques

For future work, we suggest to further investigate the e�ects of low pass �ltering in mul-

tiresolution techniques. Multiresolution techniques are used in image registration to reduce

computational time and avoid the solution from falling into local minima. The coarser level

solution serves as initial data for solving the problem at a �ner scale. These techniques help

to recover large deformations at coarser resolutions, thus reducing the number of iterations

required at �ner resolutions. Solving the registration at a coarser resolution prevents the

algorithm from getting trapped into physically irrelevant local minima. However, there are

also some disadvantages associated with the multiresolution approach. In multiresolution

image registration, the Gaussian �ltering or low pass �ltering is generally used before down-

sampling the image for coarser resolution. Gaussian smoothing applied before downsampling

of the image to the next coarser level smoothes the edges. This indiscriminate smoothing

tends to blur and dislocate the edges when the images are downsampled from a �ner resolu-
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tion to a coarser resolution. Thus the edges that are identi�ed at a coarse scale may not be

at the correct location [145, 146, 147]. They have to be located at the �ner (original) scale

image. The blurring and dislocation of the edges and other features also depends on intensity

distributions of the smoothed image. However, it is essential to preserve the sharp contrast

boundaries of the structures such as the bones throughout the di�erent resolution levels. If

the edges are dislocated or blurred out, this will inevitably lead to inaccurate registration.

This problem can be addressed in various ways. One of the earliest attempts to solve

this problem was made by Bergholm [148]. Bergholm introduced the idea of edge focusing

whereby edges are tracked from coarse to �ne resolution. Goshtasby [146] further optimized

the edge focusing algorithm to improve the edge tracking when some edges split into two, or

two edges merge into one while varying the resolution.

Another approach to address this problem is to use non-linear di�usion methods for

smoothing the images. Such methods smooth the homogeneous regions while preserving

the edges. Non-linear di�usion methods are normally used for image denoising and image

restoration, and have the property of preserving the edges. One of the common non-linear

di�usion techniques used in image processing is the Perona-Malik di�usion method [149]. The

method is mostly used to prevent blurring problems of Gaussian smoothing. The Perona-

Malik model implements an inhomogeneous process by applying a weak smoothing term at

the edges while using a strong smoothing term within the homogenous regions. The Perona-

Malik method reduces the di�usivity at those locations that have a higher likelihood to be

edges. This likelihood is determined by the gradient of the image (∇I ). Over the years,

a variety of other non-linear di�usion models have been applied for use on medical images

[150, 151, 152]. A detailed review of the various non-linear di�usion methods can be found

in [153].

A natural question that arises: How will these new techniques in�uence the registration

process? A thorough analysis and comparison of the various methods is required to study

the e�ect on the registration results. For our registration framework, we also need to study

the e�ect of the alternate smoothing techniques on our rigidity �lter and the sliding motion

127



model. Eliminating the edge blurring and dislocation will probably help to preserve of bony

structures even at the coarsest resolution. This might assist the rigidity �lter in improving

the alignment of the bones.

7.2.2 Incorporating Anatomical Information

As mentioned in Chapter 5, using anatomical information in the registration process helps

in obtaining physiologically plausible deformations. Our registration framework uses bone

thresholding to provide sti�ness maps for the rigidity �lter and the segmentation of the lungs

delineates the surface where sliding motion occurs. Vessel trees of the lung parenchyma form

an additional source of information that can help improve the alignment of the inner details

of the lung. Some initial work has already been conducted in this research arena. One

of the participating algorithms in the EMPIRE challenge proposed a non-rigid registration

algorithm that uses the vessel tree segmentation of the lung parenchyma as a cost function to

match the vessel shape and location during registration [81]. Another algorithm by Loeckx

et al. [77] extends the B-spline registration method by adding 3D registration of the vessel

tree to supplement the registration process. Both these methods extract the vessel tree in

the lung parenchyma using thresholding followed by a few preprocessing steps to remove

noise. However, with regards to our application, automatic segmentation of the vessel tree

is complicated by the presence of a contrast agent in the diagnostic CT image, and the

lack of any contrast agent in the AC-CT. Though some initial work has been established

for semi-automatic extraction of the vessel tree from contrast enhanced images [154, 155],

it still requires a large degree of human intervention. If the segmentation of the vessel tree

can be automated for the contrast enhanced images, this information could potentially be

incorporated into our registration framework by using additional forces based on the lung

vasculature location and related image features.
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7.3 Conclusions

This thesis has explored key components of lung CT image registration: namely, topol-

ogy preservation, rigidity preservation and sliding motion of the lungs. The proposed �uid

regularization framework re�ects our understanding of the physical properties of the image

structures that need to be preserved during chest CT image registration. The inclusion of

these physical conditions directs the ill-posed problem of registration towards a physically

plausible solution.

To conclude, our three main contributions made in this thesis are:

• Design of a registration method that incorporates topology preservation and rigidity

preservation in a single framework

• Development of sliding motion model that was validated on a large amount of data

• Fusion of d-CT and PET using the above developed registration framework for aligning

d-CT and AC-CT.

We have investigated several questions on image registration during the course of the D.Phil.

However, many other questions still remain to be answered. With the increasing focus of the

research community towards lung CT registration, more de�nite solutions will be discovered

in the near future.
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Appendix A

Formulation of Linear Elasticity operator

An elastic medium o�ers a resistance to the deformation applied by the external forces

which are acting on and between the image elements/pixels. The forces generated by this

resistance helps to ensure the continuity of the medium ensuring that the medium does not

tear or fold due to the external forces.

Strain is de�ned as the deformation of a volume element of the elastic material. There

are two types of strain : Extensional and shear. The extensional strain is the stretching or

compression of the material due to tensile forces applied normal to a surface of a volume

element. Shear strain are deformation within the plane of the surface of the element at

the point of application of forces. To generalise the concept of strain introduced we con-

sider the deformation of a small line segment joining two neighbouring particles with initial

positions X and X + δX. After some time, the solid is deformed such that the particles

are displaced to x = X + u(X) and x+ δx = X + δx+ u(X + δx) respectively. Using

Taylor's theorem the line element δx is transformed to:

δx = δX + u(X + δX, t)− u(X, t) = δX + (δX �∇)u(X, t) +O(|δX|2), (7.1)

δX �∇ =

(
δX1

∂

∂X1

+ δX2
∂

∂X2

+ δX3
∂

∂X3

)
= δXk

∂

∂Xk

(7.2)

Now let L = |δX| and l = |δx| denote the initial and the current lengths respectively of

the line segment. Then l2 = |δX + (δX.∇)u(X, t)|2. The change in the length of the line
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element can thus be written in the form:

l2 − L2 = 2εijδXiδXj, (7.3)

εij =
1

2

(
∂ui
∂Xj

+
∂uj
∂Xi

+
∂uk
∂Xi

+
∂uk
∂Xj

)
. (7.4)

It is clear from the above equation that the stretch of a line element is measured by the

dimensionless quantity εij. Considering materials that undergo small deformations only, it

can be assumed that ∂ui
∂Xj

is very small and we can neglect the third term (non-linear term)

in the above equation 7.4. In addition, we note that the chain rule relating di�erentiation

with respect to the Eulerian and Lagrangian variables can be expressed as:

∂

∂Xi

=
∂xk
∂Xi

∂

∂Xk

=
∂

∂xi
+
∂uk
∂Xi

∂

∂xk
. (7.5)

Hence we can write the linearised strain as:

εij ∼
1

2

(
∂ui
∂Xj

+
∂uj
∂Xi

)
∼

1

2

(
∂ui
∂xj

+
∂uj
∂xi

)
. (7.6)

Stress σ is the cohesive force per unit area and is de�ned by:

σ = lim
∂A→0

∂F

∂A
=
dF

dA
. (7.7)

The force balancing the equation is given by:

∂σ1i

∂x1

+
∂σ2i

∂x2

+
∂σ3i

∂x3

+ Fi = 0, i = 1, 2, and 3, (7.8)

i.e. ∇.σ + F = 0. (7.9)

For an isotropic material, elasticity theory gives the stress strain relationship by the linear

constitutive relation (Piola-Kirchho� stress tensor) given by:
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σij = 2µεij + λ(εkk)δij (7.10)

where λ and µ are the Lamé elasticity constants. µ is also called the shear modulus.

To obtain the equations in Cartesian coordinates (x, y, z), the displacement components are

denoted by u = (ux, uy, uz)
T . Substituting the co-ordinates in the linear constitutive equation

7.10 we get:

σxx = (λ+ 2µ)εxx + λ(εyy) + λ(εzz) σxy = 2µεxy

σyy = (λ+ 2µ)εyy + λ(εxx) + λ(εzz) σxy = 2µεxz

σzz = (λ+ 2µ)εzz + λ(εxx) + λ(εyy) σxy = 2µεyz,

(7.11)

where

εxx = ∂ux
∂x

2εxy = ∂ux
∂y

+ ∂uy
∂x

εyy = ∂uy
∂y

2εyz = ∂uy
∂z

+ ∂uz
∂y

εzz = ∂uz
∂z

2εxz = ∂ux
∂z

+ ∂uz
∂x

(7.12)

And the three components of the force balancing equation are:

∂σxx
∂x

+ ∂σxy
∂y

+ ∂σxz
∂z

+ Fx = 0

∂σxy
∂x

+ ∂σyy
∂y

+ ∂σyz
∂z

+ Fy = 0

∂σxz
∂x

+ ∂σyz
∂y

+ ∂σzz
∂z

+ Fz = 0

(7.13)

And substituting 7.11 in the above three components and assuming that λ and µ are

constant, we get the Navier Lamé equations :

µ∇2ux + (λ+ µ) ∂
∂x

(∇.u) + Fx = 0

µ∇2uy + (λ+ µ) ∂
∂y

(∇.u) + Fx = 0

µ∇2uz + (λ+ µ) ∂
∂z

(∇.u) + Fx = 0

(7.14)

For further details the reader is referred to any good text on elasticity theory or continuous

media such as Timoshenko and Goodier (1970) or Gurtin (1981).
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Appendix B

Formulation of 3D Topology Preservation Force Term

In this Appendix, we derive the explicit expression for ∂uE2(u) in equation 3.19 when

Ω ⊂ R3. The components of the vector x are denoted as (x1, x2, x3) and the components of

vector u are denoted as (u1, u2, u3) . Jacobian J is a function of ∂jui, for i,j = 1, 2, 3 and is

given by:

J(∂1u1, ∂2u1, ∂3u1, ∂1u2, ∂2u2, ∂3u2, ∂1u3, ∂2u3, ∂3u3)

= (1− ∂1u1)(1− ∂2u2)(1− ∂3u3)− ∂1u2∂2u3∂3u1 − ∂2u1∂3u2∂1u3

− ∂3u1(1− ∂2u2)∂1u3 − ∂2u1∂1u2(1− ∂3u3)− ∂3u2∂2u3(1− ∂1u1).

To obtain the 3D external force term for topology preservation, we would like to minimize

the functional E2(u):

E2(u) =

ˆ
Ω

(J(Id+ u(x))− 1)log|J(Id+ u(x))|dx,

=

ˆ
Ω

(L(J(∂jui)dx, 1 ≤ i, j ≤ 3.

where L(J) = (J − 1)logJ . Minimizing the energy E2(u) with respect to u1, for �xed u2

and u3, yields the �rst topology preservation force component of ∂uE2(u):

∂u1E2(u) =
∂

∂x1

(((1− ∂2u2)(1− ∂3u3)− ∂3u2∂2u3)L′

+
∂

∂x2

(((∂3u2∂1u3 + ∂1u2(1− ∂3u3))L′)

+
∂

∂x3

(∂1u2∂1u3 + ∂2u3(1− ∂1u1))L′),
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Similarly, the other two components of ∂uE2(u) can be found to be :

∂u2E2(u) =
∂

∂x1

((∂2u3∂3u1 + ∂2u1(1− ∂3u3))L′)

+
∂

∂x2

(((1− ∂1u1)(1− ∂3u3)− ∂3u1∂1u3)L′)

+
∂

∂x3

(∂2u1∂1u3 + ∂2u3(1− ∂1u1))L′),

and

∂u3E2(u) =
∂

∂x1

((∂2u1∂3u2 + ∂3u1(1− ∂2u2))L′)

+
∂

∂x2

((∂1u2∂3u1 + ∂3u2(1− ∂2u2))L′)

+
∂

∂x3

(((1− ∂1u1)(1− ∂2u2)− ∂2u1∂1u2)L′).

The 3D topology preservation force term F 2 is given as:

F 2 = ∂u1E2(u) + ∂u2E2(u) + ∂u3E2(u).
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Appendix C

Choice of Lamé constants (λ and µ)

In linear elasticity, the Lamé constants represent the properties related to the elastic be-

haviour of the material. The �rst Lamé parameter λ, is related to the bulk modulus of the

material. A higher value of λ would inhibit any change in volume for the material when un-

der compression from all sides. λ can be negative, in principle; however, for most real world

materials it is positive. µ is the second Lamé parameter or also known as the shear modulus.

It quanti�es the sti�ness of the material. A higher value of µ would lead to a higher sti�ness

for the material. It is quanti�ed as the ratio of shear stress to the shear strain and is always

positive.

During elastic and �uid image registration the choice of values for the Lamé constants

controls the stability of the solution and also a�ects the performance of the algorithm. In

this section, we investigate the e�ect of di�erent values of µ and λ on the registration process.
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(a) Target Image (b) Source Image

Figure 7.1: Target and source images for evaluation of µ.

We start by evaluating the role of µ (shear modulus) on a pair of synthetic images. The

target image and the source image are depicted in Figure 7.1. The target image is ′C ′ while

the source image is a circle. The images are registered with each other using classic elastic

registration keeping λ at a constant value of zero while varying the value of µ=10, 100, 1000

and 5000. The algorithm is run for 100 iterations during the registration process without

any stopping criteria. The results for the di�erent values of µ are shown in Figure 7.2. As

observed from the results on increasing µ the body becomes sti�er and does not allow the

registration algorithm to reach the full deformation within 100 iterations. For extremely high

values of µ = 1000 and 5000 the algorithm is able to recover very small deformation during

the 100 iterations.
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(a) Transformed image (µ = 10) (b) Deformed grid (µ = 10)

(c)Transformed image (µ = 100) (d) Deformed grid (µ = 100)

(e) Transformed image (µ = 1000) (f) Deformed grid (µ = 1000)

(g) Transformed image 5000) (h) Deformed grid (µ = 5000)

Figure 7.2: Results with various values of µ keeping the value of λconstant at
zero. The body becomes sti� as the value of µ increases and for lower values of
µ the deformation �eld shows signs of folding.
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Figure 7.3: SSD with µ = 10, 100, 1000 and 5000 with λ constant at 0.

At the same time if we keep µ very low, like µ = 10, the solution becomes unstable. This

instability is visible in Figure 7.2 (b) and Figure 7.3. For µ = 10 the solution shows folding of

the deformation �eld and the solution is mostly controlled by the external forces. Therefore

while selecting µ, we should select numerical values that would keep the solution stable but

also allow full deformation of the body to reduce registration error. For the given example,

µ = 100 presents that balance, where it is able to recover most of the deformation but at the

same time provide a stable solution.
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(a) Transformed image (λ = 0) (b) Deformed grid (λ = 0)

(a) Transformed image (λ = 10) (b) Deformed grid (λ = 10)

(a) Transformed image (λ = 100) (b) Deformed grid (λ = 100)

(a) Transformed image (λ = 1000) (b) Deformed grid (λ = 1000)

Figure 7.4: Results with various values of λ keeping the value of µ = 100.
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Figure 7.5: SSD versus number of iterations with λ = 0, 10, 100 and 1000. The
value of µ is kept constant at 100.

After investigating the role of µ, we study the e�ect of λ on the registration process. The

source and the target image are kept the same. The images are registered with each other

using classic elastic registration keeping µ at a constant value of 100 while varying the value

of λ=0, 10, 100 and 1000. The algorithm is run for 100 iterations during the registration

process without any stopping criteria. For a �xed value of µ, the Young's modulus and the

Poisson ratio, both are montonically increasing functions of λ. We can see from Figure 7.4

that as the value of λ increases, the body becomes more rigid. Figure 7.5 shows that the

solution remains stable, irrespective of the choice of λ. Even if λ is kept at zero, the external

forces do not take control of the solution as long as the value of µ is moderately large. Hence

in our elastic and �uid registration model, we keep λ = 0. Keeping λ = 0 ensures that a

tensile stress produces only a stretch without a lateral shrink during registration.

The di�erent values of µ and λ has a similar e�ect on the �uid registration process as the

Navier-Stoke equations are also based on the principle of linear elasticity.
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Appendix D

Quantifying the E�ects of Topology and Rigidity Preser-

vation

In this Appendix, we present the experiments that were conducted to quantify the e�ects of

the individual physical constraints on the elastic registration algorithm. We use the following

versions of the elastic registration method:

1. Elastic with rigidity constraint

2. Elastic with topology constraint

3. Classic elastic alone (results carried forward from earlier section)

The algorithms were tested on a set of �ve 3D NCAT images generated at di�erent

breathing stages, starting from full expiration to full inspiration. The generated images have

a resolution of 192×192×192 with an isotropic voxel size of 0.48 mm. Gaussian noise with

zero mean and a variance of 0.05 has been added to the images. All the images are registered

to the �rst frame. The Lamé parameters are set as λ = 0 and µ = 100. The �lter for rigidity

preservation is applied every two iterations and the topology preserving constraint weighing

factor (γ) is set as 0.25.

Evaluation and Results

The e�ect of the individual physical constriants is evaluated in terms of:

1. Percentage of negative Jacobians

2. Average Overlap of the various organs after registration
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3. Jacobian values of the bones after registration

These evaluations provide a thorough analysis of the e�ects of individual physical con-

straints.

Method \ Organ Lungs Ribs Spine Liver Average
Before

registration
0.8339 0.7797 0.9355 0.7342 0.8208

Classic elastic 0.9820 0.9021 0.9214 0.9211 0.9316
Elastic

(topology)
0.9834 0.9121 0.9235 0.9317 0.9376

Elastic (rigidity) 0.9765 0.9653 0.9547 0.9551 0.9630

Table 7.1: Average overlap (Dice coe�cient) of the individual organs for the
NCAT phantom experiment.

Pairs of registered
images

Elasticity with
rigidity

Elastic with
topology

Classic Elastic

2nd to 1st frame 0.39% 0.0005% 0.39%
3rd to 1st frame 1.2% 0.00082% 1.1%
4th to 1st frame 2.2% 0.002% 1.8%
5th to 1st frame 3.9% 0.0089% 3.1%

Table 7.2: Percentage of negative Jacobian values

Pairs of registered
images

Elasticity with
rigidity

Elastic with
topology

Classic Elastic

2nd to 1st frame 1.01 1.11 1.10
3rd to 1st frame 1.02 1.13 1.14
4th to 1st frame 1.04 1.19 1.16
5th to 1st frame 1.05 1.25 1.21

Table 7.3: Jacobian values for the bones after registration.

E�ects of topology preserving constraint

The topology preserving constraint starts playing an important role in the force component

only after the deformation experiences a large local volume change. In Table 7.1 we see that
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the average overlaps for the classic elastic and elastic with topology preserving constraint are

not very di�erent (Average overlap for classic elastic=0.9316 and for elastic with topology

preserving constraint=0.9376). Hence, it can be con�rmed that the topology preserving

constraint does not the a�ect the ability of the elastic transformation model to deform.

In terms of the negative Jacobians values, the topology preserving constraint reduces the

percentage of negative Jacobian values in comparison to the other two methods. For all the

registrations the percentage of negative Jacobians is close to zero as shown in Table 7.2.

For the Jacobian values of the bones, the elastic with topology preserving constraint has a

similar e�ect as the classic elastic method. The bones undergo deformation and have an

average Jacobian value of 1.17.

E�ects of rigidity preserving constraint

The rigidity preservation term has an important e�ect on the average overlap measures. The

elastic with rigidity preserving constraint method has an average overlap of 0.9630 which is

higher than the average overlaps for classic elastic and elastic with topology preserving term.

The reason for this improvement in the average overlap is the better alignment of the rigid

structures of the ribs and the spine which helps to boost the overall average overlap as shown

in Table 7.1. The rigidity constraint has performed well in preventing any deformation in

the bones as seen from the Jacobian values of Table 7.3.

But there is a drawback generated due to the introduction of the rigidity preserving con-

straint to the elastic method. The folding of the deformation �eld is slightly increased in

comparison to the classic elastic method as seen in Table 7.2. This increase in negative Jaco-

bians is a result of the �ltering e�ect of the rigidity preserving constraint at the boundaries of

the bones. This e�ect can only be countered by combining the topology preserving constraint

with the rigidity preserving constraint.
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