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Abstract

Multi-modal image registration, such as MRI to CT, is an important but often chal-
lenging aspect for clinical image analysis. It has applications in treatment planning requir-
ing image fusion, or inter-subject, atlas-based analyses, as well as longitudinal analyses.
Multi-modal image registration in the cervical spine presents extra challenges because of
the variability in the field of view (FoV) of magnetic resonance imaging (MRI) of the spinal
column between different image series, with cervical vertebrae having a similar appearance
leading to many local registration minima.

This thesis explores methods to detect, localize, and label cervical vertebrae and the
spinal cord in anatomical MRI, focusing on the application of deep learning techniques.
Specifically, we generated a custom annotated dataset of the cervical spine MRI, based
on the Spine Generic dataset [1], resulting in 149 T1w and 100 T2w labelled images. We
then successfully trained a Mask R-CNN model [2] and utilized a weighted directed acyclic
graph (DAG) to leverage the sequential hierarchy of the vertebrae to filter detections for
the cervical vertebrae and spinal cord detection task. This resulted in state-of-the-art per-
formance, where the model was robust to varying cervical spine FoVs. Lastly, we integrated
the detector model into a multi-sequence and multi-modal deformable image registration
pipeline, where the inference results were used to crop images to an appropriate FoV and
seed initial alignment, prior to deformable registration. The multi-sequence pipeline uti-
lized the generated custom dataset and successfully demonstrated the use of a trained
cervical vertebrae detector for FoV cropping prior to affine and deformable registration.
The multi-modal pipeline was created, adopting from the multi-sequence pipeline, but with
an additional CT vertebrae detection branch and utilized affine registration prior to FoV
cropping. It was evaluated utilizing a prospectively maintained clinical dataset (SpineMets)
provided by collaborators at Sunnybrook Research Institute, containing treatment plan-
ning CT and MRI scans. The pipeline demonstrated the ability to successfully perform
deformable registration on multi-modal imaging. However, performance on this clinical
dataset was limited by the Mask R-CNN model.

The methodology developed in this thesis demonstrates the potential of deep learning
object detection models combined with leveraging vertebrae hierarchy to provide robust
detections of vertebrae in the cervical spine. In addition, we illustrated the application of
these models to determine vertebrae FoVs towards improving multi-modal deformable im-
age registration. By leveraging these techniques, this research can be applied to automate
and increase efficiency of cervical spine image registration for clinical needs, resulting in
reduced cost and burden on clinical experts.
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Chapter 1

Introduction

Medical imaging, including magnetic resonance imaging (MRI) and computed tomography
(CT), is vital for many clinical work
ows. For example, the use of MRI and/or CT is a
gold standard in the diagnosis and treatment of complex spinal disorders, ranging from
degeneration to trauma and cancer care. For accurate clinical decision-making, multi-
modal medical imaging is often needed, with image registration utilized for anatomical
alignment to assist with clinical planning and evaluation. However, automated image
registration is a di�cult problem due to the di�ering scanning parameters and spatial
�eld of views (FOVs) in images. This chapter outlines the applications of spine imaging
in clinical work
ows, registration techniques of spine imaging, and roadblocks preventing
automated spine registration. This chapter also includes an outline of the thesis objectives
and contributions.

1.1 Clinical Applications of Spine Imaging

Medical imaging of the spine is a standard of care that can be used for pre-operative
diagnosis and treatment planning, to post-operative evaluation and follow-up of treatment
progression. Speci�cally, spine MRI is commonly used for the detection of pathologies such
as infections, metastases, and disc abnormalities [7]. In comparison, spine CT provides an
excellent visualization of the vertebrae structures for detection of bony abnormalities [8]
and landmarking [9].

When used in clinical planning, spine imaging can in
uence the treatment method of
choice [10], to the planning of the surgery navigation procedures [11]. Another common
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use of spine MRI and CT in planning and clinical decision making is image segmentation
and multi-modal image registration, or the spatial alignment of images. For example, in
radiation oncology, CT scans are a standard of care used to determine radiation dosage for
radiation therapy. Additional MRI scans can then be performed, with subsequent image
registration of the CT and MRI scans. This is due to the di�erent anatomy highlighted in
the patient by the two imaging modalities; soft tissue in MRI, and bony structures in CT.
Planning of radiation therapy includes determining the target, which is located under MRI,
while landmarking is done based on the relative bony anatomy surrounding the cancerous
tissue [12]. Inter-subject image registration can also be used to compare subject anatomy
to an atlas or reference. However, registration of spine imaging is notoriously di�cult due
to the requirement of time consuming manual landmarking and segmentation, leading to
the need of improved clinical tools.

1.2 Automated Spine Registration Challenges

Registration of spinal anatomy from di�erent imaging can provide critical information
for planning clinical procedures, but is often gated by time consuming manual landmark-
ing and segmentation requiring experts. In addition, the vertebrae being annotated can
be very similar in size and shape and contain di�ering FoVs, further complicating the
registration process. To streamline the process, the development of an automated spine
registration pipelines is required, yet there is a gap in the current literature of end-to-end
automated spine registration pipelines. Additionally, there are recognized challenges for
the implementation, including the requirement of both images containing similar FoVs of
the anatomical and spatial features used for registering between two or more images. The
registration process can be assisted through an initial alignment step of the important
anatomical features.

Initial alignment of spine images is straightforward when the images each contain the
same number of vertebral levels. However, due to patient positioning, scanning targets, and
time constraints, resultant clinical images may contain di�erent spine FoVs with varying
vertebral levels and number of vertebrae. For example, a CT may contain the entire
the entire cervical spine (C1-C7), whereas an MRI of the same subject may only contain a
smaller section of interest (C3-C6). Generally, MRIs have a smaller FoV due to the time and
cost associated with the imaging modality. This mismatch in FoVs and di�ering imaging
characteristics often leads to the requirement of manual, or semi-automated, registration
where one must manually detect vertebra present and crop the images to the same FoV.
This can be especially di�cult when common anatomical landmark, such as the unique C2
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vertebra, are not present to assist in classifying other vertebra that have similar appearance.
This gap in automated detection of vertebral levels for multi-modal image registration
remains an outstanding challenge needed in spine imaging.

1.3 Thesis Objectives and Contributions

The goal of this thesis was to develop and evaluate a new approach for the detection
of cervical vertebrae on MRI towards improving multi-modal image registration. This
challenge necessitates dealing with multi-modal spine imaging with varying FoV. Proposed
contributions of this thesis include: 1) development of a deep-learning based algorithm
for cervical vertebrae and spinal cord detection in MRI, 2) assessment of the detection
algorithm on di�erent spine imaging datasets with varying FoVs, and 3) integration of the
detection algorithm within a multi-modal spine image registration pipeline.

This thesis is organized as follows:

ˆ Chapter 2 introduces background information on spine imaging, methods of vertebral
detection, and multi-modal medical image registration techniques.

ˆ Chapter 3 details the development of a unimodal deep-learning based approach for
cervical vertebrae and spinal cord detection and labelling.

ˆ Chapter 4 outlines the utilization of the vertebrae detection algorithm in a multi-
sequence and multi-modal deformable image registration pipeline on clinical spine
data.

ˆ Chapter 5 concludes and summarizes the results in the wider context of spinal ver-
tebrae detection and image registration. Challenges towards clinical adoption and
future works are also discussed.
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Chapter 2

Background

This chapter provides an overview of essential background information relevant to the
thesis. It encompasses sections on spine imaging, vertebral detection, and multi-modal
image registration.

2.1 Spine Imaging

Medical imaging of the spine is a critical tool in many clinical work
ows, where it is used
in diagnosing and treating various spinal conditions ranging from trauma to cancerous
tumors. Di�erent imaging modalities allow for the capture of detailed images to visualize
the spine's structure and surrounding anatomy, allowing for clinicians to accurately assess,
plan, and provide therapy. The main types of spine medical imaging include x-ray, com-
puted tomography (CT), and magnetic resonance imaging (MRI) [13, 14]. This thesis is
focused on cervical spine MRI.

2.1.1 Anatomy of the Spine

The human spine, or vertebral column, is a complex structure that plays a crucial role
in supporting the body and protecting the spinal cord. The spine, as seen in Figure 2.1
typically comprises 24 individual vertebrae, in addition to sacrum and coccyx at the base
of the spine [15]. The 24 individual vertebra can be split into three distinct regions: (1)
cervical spine, (2) thoracic spine, and (3) lumbar spine. The vertebrae are numerically
labelled from top to bottom based on the vertebrae region. The cervical spine is the
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Figure 2.1: Anatomy of the human spine, or vertebral column. It consists of three distinct
regions: (1) the cervical spine, (2) the thoracic spine, and (3) the lumbar spine (Wikimedia
Commons [3])

uppermost part of the spine, consisting of seven vertebrae labelled from C1-C7. The
thoracic spine consists of the mid-back section of the spine and consists of twelve vertebrae
labelled from T1-T12. Lastly, the lower-back region is called the lumbar spine, consisting
of �ve vertebrae labelled from L1-L5.

Vertebrae

Vertebrae are the individual bones that stack to form the spinal column. As seen in Figure
2.2, each vertebra consists of a vertebral body in the anterior region, a central hole that
forms the spinal canal protecting the spinal cord, and the posterior bony elements like the
spinous process

The cervical vertebrae, located in the neck, are the smallest and are the most mobile
[15, 16]. To allow for neck movements such as nodding up and down and rotating the head
from side to side, the C1 (Atlas) and C2 (Axis) vertebra of the cervical spine are quite
distinct as seen in Figure 2.3 a) Figure 2.3 b), respectively. The C1 vertebra is ring shaped
and supports the skull, whereas the C2 vertebra has a unique structure called the odontoid
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Figure 2.2: Anatomy of a Spinal Vertebra. (Wikimedia Commons [4])

Figure 2.3: Unique features of C1 and C2 vertebrae to allow for movement of the neck. a)
C1 vertebrae anatomy, b) C2 vertebrae anatomy (Wikimedia Commons [5, 6])

process, or dens, in which the C1 vertebrae sits around to allow for the turning motion
of the head. Vertebrae of the sub-axial region of the cervical spine (C3-C7) all have a
similar appearance, but with posterior elements increasing in size. The thoracic vertebrae
are larger, connected to the ribs, and less mobile than the cervical vertebrae. The lumbar
vertebrae are the largest vertebrae as they support the weight of the upper body.

Intervertebral Discs

Each of the individual vertebra are separated by intervertebral discs (Figure 2.2) that are
sandwiched between the vertebral bodies, with the exception of the �rst and second cervical
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vertebrae [15]. The discs act as a cushion to absorb shock and allow 
exibility of the spine.
Each disc has a soft, gel-like center called the nucleus pulposus, and is surrounded by a
tough outer run called the annulus �brosus [17]. The discs allow for the 
exibility and
movement of the spine.

Facet Joints

Facet joints (Figure 2.2) are small joints located between the vertebrae and behind adjacent
vertebrae along the posterior elements. They provide stability to the spine and allow for
smooth movement. The joints are lined with cartilage, which reduces friction and allows
for 
exibility.

Spinal Cord

The spinal cord is contained within the central canal of the vertebrae and is protected by
the surrounding bony structure as seen in Figure 2.2. The spinal cord is a vital part of the
central nervous system that transmits signals between the brain and the rest of the body.
Nerve roots branch out from the spinal cord though openings in the vertebrae to control
motor and sensory functions of the body.

2.1.2 Magnetic Resonance Imaging (MRI)

Magnetic resonance imaging (MRI) is a 3D non-invasive medical imaging technique, or
modality, that utilizes strong magnetic �elds and radio-frequency (RF) pulses to measure
the response of hydrogen nuclei (protons) in intracellular 
uids [13]. The MRI machine
generates and applies a strong magnetic �eld to �rst align the protons in the body's hy-
drogen atoms. RF pulses are then applied to disturb the alignment of those protons. As
the protons return to their original, steady-state alignment under the magnetic �eld, they
emit signals detected by the MRI machine. Then, the MRI machine utilizes the time delta,
or relaxation time, of the protons shifting back to steady-state alignment to distinguish
between tissues, with water content of the tissue determining signal intensity.

This process results in a detailed, multi-planar image with excellent anatomical and
spatial resolution. MRI is particularly e�ective in imaging soft tissues like the brain, spinal
cord, muscles and ligaments, while still being able to image bony structures. Additionally,
since MRI does not use harmful ionizing radiation, it is the diagnostic procedure of choice
for most spinal pathologies and routinely ordered in a clinical setting [14].
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In anatomical MRI, there are two primary imaging sequences: T1-weighted (T1w) and
T2-weighted (T2w) imaging. T1w imaging provides high-resolution images where fat ap-
pears bright and water appears dark. This is useful for visualizing anatomy and detecting
fat containing structures such as white matter in the brain and bone marrow. In compar-
ison, T2w imaging highlights anatomy based on water content, where high water content
appears bright, and low water content appears dark. This is useful for detecting anatomy
with 
uids such as the cerebral spinal 
uid along the spinal cord, or detecting pathology
such as tumours or edemas that have higher water content compared to surrounding tis-
sue. In addition, scans utilize an anatomical coordinate system that is described by the
standard anatomical position of a human. This includes the axial plane, coronal plane,
and sagittal plane. Often this is with respect to RAS (right, anterior, sagittal). The image
visualizations then utilize an image coordinate system (ijk ), describing how the image was
captured with respect to the anatomy.

Clinical Relevance of MRI in Spine Imaging

Images captured using MRI have superior soft tissue contrast, leading MRI to become an
indispensable tool for the imaging, evaluation, and management of various spinal condi-
tions. In addition, MRI is a non-invasive and non-ionizing procedure, making it a standard
of care in clinical settings. When used in spine imaging, MRI can be used to observe spinal
degeneration and trauma, spinal cord injury, as well as bone metastasis and other cancers.

MRI is highly sensitive in detecting acute soft tissue and spinal cord injuries, making
it crucial in the assessment of spinal trauma. It is particularly e�ective in identifying
ligamentous injuries, disc herniations, and epidural hematomas, which are often missed
by other imaging modalities like CT scans [18]. Additionally, MRI is the gold standard
in evaluating the extent of damage to the spinal cord and surrounding structures. This
is due to the detailed images capturing intramedullary abnormalities such as an edema
and hemorrhage, which are critical for determining the severity of the injury and guiding
treatment decisions [19]. Early MRI can also help predict long-term neurological outcomes
by assessing the degree of spinal cord compression and the presence of any ligamentous
instability [19] and help plan appropriate surgical and conservative treatments[18].

MRI also plays a critical role in the detection and characterization of metastasis and
primary spinal tumors. Its high contrast resolution allows for the di�erentiation between
benign and malignant lesions, assessment of the extent of bone marrow involvement, and
evaluation of any associated spinal cord compression. This information is vital for tailoring
treatment strategies such as surgery, radiation, or chemotherapy [10].
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Challenges of MRI in Spine Imaging

While MRI is a powerful and widely adopted tool for spine imaging, it does face several
challenges that can impact the e�ectiveness and accuracy of the images. These challenges
in spine MRI imaging can be broadly categorized into issues related to the complex spinal
anatomy and related imaging artifacts, patient factors, tissue contrast and interpretation
challenges, as well as cost and accessibility.

The spine has intricate anatomy with various feature sizes leading to signi�cant chal-
lenges for MRI [20, 21]. This includes the vertebrae, intervertebral discs, spinal cord, nerve
roots, and surround soft tissues. The small dimensions of the cervical spine anatomy, such
as the spinal cord in particular, and close proximity to other various structures requires
high-resolution imaging to accurately depict the anatomy for clinical purposes such as
diagnosis of pathology.

While the ability to image small features can managed by controlling parameters such
as matrix size, �eld of view, and slice thickness to reduce voxel size, this may necessi-
tate longer scan acquisition times. Patient-related factors, such as movement, previous
implants, and pathology can then play a large role in image quality. As the voxel size
decreases, the importance of the patient's ability to remain still during the scan increases,
otherwise, motion artifacts may form. Motion artifacts are inherently formed due to move-
ments such as breathing or swallowing [22, 23], but larger movements, from patients with
claustrophobia or severe pain [24] may result in signi�cant motion artifacts. These motion
artifacts often include a combination of blurring of sharp edges, ghosting, signal loss, and
appearance of undesired strong signals [23].

The ability to achieve optimal tissue contrast when performing spine MRI can be chal-
lenging due to the varying properties of the tissues being imaged. This also leads to
interpretation challenges for physicians when observing pathology or trauma. Tissue con-
trast in the images varies signi�cantly and requires careful selection of MRI parameters
such as repetition time (TR), echo time (TE), magnetic �eld strength, and use of con-
trast agents [25]. When these parameters are optimized, the enhanced contrast provides
physicians with an accurate depiction of pathological changes for diagnosis or evaluation
[18].

Lastly, cost and accessibility is a major challenge as MRI, with the high cost limiting
accessibility, especially in low-resource communities. This is due to the high capital cost
of the MRI machine and highly trained personnel that are required to run it. Coupled
with the long scan time compared to other imaging modalities such as CT, MRI can be
less accessible for spine imaging in some regions.
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2.2 Vertebral Detection

For clinical interpretations of spine MRI scans, identifying the speci�c vertebrae levels can
be a critical �rst step in localizing potential pathology for treatment. Vertebral detection
on MRI typically involves a combination of recognizing anatomical features, such as the
C2 odontoid process, and counting vertebral levels. The detection and localization of
vertebrae levels on MRI can be straightforward given a large high-quality scan; however,
it becomes more challenging with smaller and nosier images, often requiring the expertise
of radiologists and spinal surgeons for clinical diagnosis and treatment planning.

Recently, algorithmic methods using deep learning techniques have been leveraged for
the object detection task, which can be extended to vertebral detection. These advanced
methods can automate the process, potentially increasing e�ciency and accuracy in iden-
tifying vertebrae and aiding in the overall diagnostic process.

2.2.1 Object Detection and Deep Learning

Object detection involves identifying and pinpointing all instances of a speci�c object
within a given FoV [26]. This �eld has seen signi�cant advancements with the developments
in convolutional neural networks (CNNs) and deep learning. These deep learning-based
object detectors are now integral to various technologies, ranging from self-driving cars
to facial recognition in security systems. Additionally, object detectors are being utilized
in medical applications such as detecting pathology in medical imaging and localizing
anatomical structures for image-guided surgery [27].

Backbone Architectures in Object Detectors

Backbone architectures are a crucial component within object detectors, enabling the net-
works to extract features from the input image for detection [26]. These architectures serve
as the foundation of the network, processing the raw image data to produce feature maps
that highlight important aspects such as edges, textures, and shapes.

Backbone architectures are commonly pre-trained on large-scale datasets, such as Ima-
geNet [28], to expose the network to a vast array of features. This pre-training allows the
backbone to learn rich and diverse feature representations, which can signi�cantly enhance
the performance of object detectors when �ne-tuned on speci�c tasks.

In addition, backbone architectures have variations themselves, with di�ering numbers
of layers and con�gurations. These variations allow for performance trade-o�s, enabling
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users to choose a backbone that balances accuracy and computational e�ciency based on
their speci�c requirements. For instance, deeper architectures with more layers can capture
more complex features but may require more computational resources and longer training
times.

Common backbone architectures include:

ˆ VGG (Visual Geometry Group): Known for its simplicity and depth, VGG architec-
tures (e.g. VGG16, VGG19) use a series of convolutional layers with small receptive
�elds [29]. Despite their high computational cost, they are widely used due to their
straightforward design and e�ectiveness.

ˆ ResNet (Residual Networks): ResNet architectures (e.g. ResNet50, ResNet101) in-
troduced the concept of residual learning, allowing for the training of very deep
networks by mitigating the vanishing gradient problem [30]. This innovation has
made ResNet a popular choice for many computer vision tasks.

ˆ E�cientNet: E�cientNet architectures use a compound scaling method to balance
network depth, width, and resolution, achieving state-of-the-art performance with
fewer parameters and lower computational cost [31]. Variants like E�cientNet-B0 to
E�cientNet-B7 o�er di�erent levels of complexity and performance.

By leveraging these backbone architectures, object detectors can utilize them as feature
extractors to achieve high accuracy and e�ciency, making them suitable for a wide range
of applications, from autonomous driving to medical imaging.

Two-Stage Object Detectors

Two-stage detectors operate in two distinct phases. The �rst stage, known as the Region
Proposal Network (RPN), generates a set of potential object proposals within an image.
These proposals are smaller regions of interest (RoIs) that might contain objects. The
second stage then takes these proposals and performs both classi�cation and localization
to determine the exact class and bounding box coordinates of the objects.

Due to their two-step process, two-stage detectors are generally more complex and
computationally intensive. The separation of the proposal generation and the classi�ca-
tion/localization allows for more precise object detection, but it also means that these
detectors can be slower and require more computational resources. Additionally, because
the classi�cation and localization are performed on the proposed regions rather than the
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entire image, these detectors may lack global context, which can sometimes lead to less
accurate detections [26].

Despite these challenges, two-stage detectors are known for their high accuracy and
are often used in applications where precision is critical. However, their complexity and
computational demands make them less suitable for edge devices and real-time applications,
where speed and e�ciency are paramount. Notable examples of state-of-the-art two-stage
object detectors include Faster R-CNN [32] and Mask R-CNN [2].

Single-Stage Object Detectors

Single-stage detectors utilize dense sampling to classify and localize semantic objects in
a single shot. This approach involves using prede�ned anchor boxes or keypoints with
various scales and aspect ratios to detect objects. By performing both classi�cation and
localization in a single pass through the network, these detectors are less complex and com-
putationally demanding compared to their two-stage counterparts. This e�ciency makes
them particularly well-suited for edge devices and real-time applications where computa-
tional resources are limited [26].

Single-stage detectors achieve this by applying CNNs directly to the entire image, pre-
dicting both the class and bounding box coordinates simultaneously. This streamlined pro-
cess allows for faster inference times, which is crucial for applications such as autonomous
driving, surveillance, and mobile devices. Notable examples of state-of-the-art single-stage
object detectors include YOLOv8 (You Only Look Once) [33] and RetinaNet [34].

2.3 Multi-Modal Image Registration

Image registration is the process of spatially aligning two or more images. Common reasons
for performing image registrationtaken at di�erent times, from di�erent viewpoints, or
using di�erent sensors. Speci�cally, multi-modal image registration is the registration of
multiple scans taken with di�erent modalities (eg. MRI and CT). The primary goal of
image registration is to transform the images so they share a common coordinate system,
enabling meaningful comparison and analysis. In the case of image registration, one image
is referred to as the �xed, or reference image, whereas the image being transformed or
registered is known as the moving image. Two common forms of image registration include:
a�ne registration and deformable registration.
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In medical imaging, particularly for the spine, deformable registration is commonly
used. This technique often involves aligning two di�erent scans taken at di�erent times
to observe morphological changes. Deformable registration accounts for non-rigid trans-
formations, such as those caused by patient movement or anatomical changes over time,
making it particularly useful for tracking disease progression, treatment response, or sur-
gical planning. However, a�ne registration as a preliminary step is often required to seed
initial alignment of the anatomical coordinates of scans prior to deformable registration of
the spine.

2.3.1 Image Registration Methodology

To perform image registration between two or more images, four general steps are often
conducted [35]:

1. Feature Detection: Control points or features are manually, or automatically de-
tected. These features are salient and distinctive objects such as edges, corners, or
closed-boundary regions. In the context of multi-modal spine registration, this could
be the detection of features such as the vertebral bodies, intervertebral discs, and/or
spinal cord in a MRI or CT scan.

2. Feature Matching: Features detected in the �xed and moving image are matched.
These can be matched using various feature descriptors, similarity measures, or spa-
tial relationships. In the case of multi-modal spine registration, detected features
such as vertebrae have associated anatomical labels that can be generated and used
for feature matching.

3. Transform Model Estimation: The type of transformation model and parameters
required are estimated or calculated to register the moving image to the �xed image.
This is also known as the mapping function. In multi-modal spine registration, if
using an a�ne registration, the a�ne transformation matrix is calculated using the
detected and matched control points.

4. Image Resampling and Transformation: The moving image is transformed with the
mapping function, with interpolation techniques applied where appropriate. This
results in the �nal registered moving image with respect to the �xed image.
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2.3.2 A�ne Image Registration

A�ne registration involves a combination of linear transformations that include transla-
tion, rotation, scaling, and shearing to align two datasets. The transformation can be
represented by a a matrix equation as seen in Equation 2.1, wherey is the transformed
output, A is the rotation matrix, x is the input, and b is the translation vector. The rota-
tion matrix encodes the rotation, scaling, and shear components, whereas the translation
vector handles the translation.

y = Ax + b (2.1)

A�ne registration is particularly useful for aligning images where the relationship be-
tween them can be described by these linear transformations. It is applied as a global
transformation to the entire input, making it computationally e�cient. This e�ciency
often makes a�ne registration an initial step before applying more complex registration
techniques.

In medical imaging, a�ne registration is a powerful tool for the initial alignment of
scans from di�erent modalities (such as MRI and CT), di�erent time points, or di�erent
perspectives. This alignment allows for the comparison and analysis of images, facilitat-
ing better diagnosis and treatment planning. Additionally, a�ne registration is used in
other �elds such as remote sensing, computer vision, and robotics, where aligning datasets
accurately is crucial for further analysis and decision-making.

2.3.3 Deformable Image Registration

Deformable registration is a non-rigid registration that accounts for non-linear transforma-
tions such as local distortions and variations between images. This is especially important
in the context of medical imaging as anatomical changes, patient movement, or varying
imaging conditions between di�erent scans often lead to non-linear transformations. Some
common applications of deformable registration in medical imaging include multi-modal
image registration, longitudinal studies, and population modelling and statistical atlases
[36].

When performing deformable registration, a displacement �eld or warping (� ) is gen-
erated to transform a mapping of point locations of moving image to the �xed image in a
non-linear function. To generate the optimal transformation, the energy in the objective
function (Equation 2.2) must be optimized [36].
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S(f; m � � ) + R(� ) (2.2)

Here,S quanti�es the level of similarity or alignment between the �xed image (f ) and
the moving image (m). R is a regularization term to tune the optimization based on
any speci�c properties of the solution that the user may require. Therefore, deformable
registration is comprised of three components: a deformation model that generates the
transformation mapping, an objective function (as described by Equation 2.2), and an
optimization method.

2.4 Translation to Clinical Applications

Multi-modal imaging is often crucial for treatment of complex spinal disorders as di�erent
imaging modalities have distinct image contrasts to provide a comprehensive view of the
spine. As such, multi-modal image registration is often necessary to align these images
accurately. The �rst step in registration involves detecting and matching features, which
is where vertebrae detection becomes essential, yet multi-modal spinal imaging datasets
can often have di�ering FoVs with varying numbers of vertebral levels. Although images
can vary in quality and contain artifacts, radiologists and physicians can detect, label, and
localize vertebrae of interest based on their training and expertise. However, this process
can be time consuming and ine�cient.

The goal of this thesis was to develop novel techniques to help automate this vertebral
detection process on multi-modal imaging using deep learning techniques. By automati-
cally detecting and labelling the vertebrae in di�erent scans, we can match the detected
vertebrae to ensure matching FoVs and use the labelled vertebral levels to seed initial
a�ne registration, which can then improve more complex deformable registration. By cre-
ating an automated end-to-end multi-modal registration pipeline, we can ensure accurate
and e�cient registration to bene�t patient diagnosis and treatment. Methods and discus-
sion of the development of tools for vertebral detection and automated multi-modal image
registration will be outlined in Chapters 3 and 4.
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Chapter 3

Vertebral Detection and Labelling
using Deep Learning for Spine MRI
Registration

This chapter discusses the development of a deep learning model for vertebrae and spinal
cord detection on cervical spine MRI towards the goal of improving multi-modal image
registration.

3.1 Introduction

Vertebrae detection and labelling is an essential �rst step in the automation of spine image
registration. The detections can be used to ensure the scans being registered contain the
same vertebrae, and for initializing alignment through a�ne registration. If one image
contains the entire cervical spine (C1-C7) and the other image contains a smaller �eld of
view (FoV), or smaller number of cervical vertebrae (e.g. C3-C6), the di�erent image size
and spatial features may result in signi�cant registration errors.

We propose the use of an unimodal Mask R-CNN deep learning model for the detection
and labelling and segmentation of whole cervical vertebrae and the spinal cord in cervi-
cal spine MRI towards improved automated image registration. To train the model, an
annotated dataset of vertebrae labels, bounding boxes, and segmentations was generated.
Lastly, we leverage the sequential hierarchical structure of the vertebral levels by utiliz-
ing a weighted directed acyclic graph (DAG) to �lter the detected vertebra and improve
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inference outputs from the trained Mask R-CNN model.

3.1.1 Related Works

Prior approaches have automated the detection and labelling of vertebrae in MRI, with
classical object detection methods such as histogram of gradients [37], to recent develop-
ments utilizing deep learning techniques [38, 39, 40, 41]. Most approaches focus on the
detection and labelling of the vertebral body, rather than the whole vertebra (i.e. with the
posterior elements). Since the detections are only localizing the vertebral body, the similar
size and shape of the vertebral bodies in their respective regions may increase detection and
labelling di�culty. In addition, approaches are often developed for use in a �xed FoV of a
speci�c region of the spine, such as the cervical or lumbar spine only. This is primarily due
to the high costs associated with MRI, leading to images being targeted to speci�c regions,
rather than the whole spine. While these approaches do have some variations in the FoV,
such as training on images with T10-L4 and T12-S1 FoVs [40], they are not intended for
use with even smaller FoVs that only encompass the lumbar spine (eg. L1-L4).

Alongside the literature on vertebrae detection in MRI, signi�cant advancements have
also been made to the detection of vertebrae in CT scans [42, 43, 44, 45]. Detecting
vertebrae in CT scans is less challenging than in MRI because of more consistent image
intensities (due to the source of contrast), bone in CT having excellent contrast against
soft tissue, CT images typically having higher image resolution, and scans containing larger
FoVs because of the imaging speed and cost of the modality. Approaches to vertebrae de-
tection in CT have ranged from methods using statistical shape models [46, 47], deformable
atlases [48], to deep learning in recent years. Suzaniet al. [49] was one of the �rst using
a feed-forward neural network to detect and localize vertebrae centroids using intensity
based features extracted from a CT image.

Literature on deep learning models utilized for vertebrae detection, in both MRI and
CT, primarily use a multi-stage object detector architecture approach. Multi-stage object
detection architectures tend to utilize multiple models or modules to break down the de-
tection task into sequential steps for greater performance. Often, the �rst stage extracts
features or a region of interest (RoI) from the image, and the second stage classi�es and lo-
calizes the objects. In contrast, single-stage object detection architectures directly predict
bounding boxes and class probabilities as a regression problem. This leads to multi-stage
detection models being more accurate, with the trade-o� of requiring more computational
power.

Prior works using multi-stage object detector architectures include Zhaoet al. [50], who
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proposed a hierarchical self-calibration detection framework to recognize vertebrae in arbi-
trary MRI FoVs. This model utilized a hierarchical detection network to propose regions
containing vertebrae and a self-calibration recognition network to classify the proposed
regions to bounding boxes. Message passing was used to re-calibrate class probabilities to
ensure hierarchically enforced labelling. Windsoret al. [38, 51] proposed a novel method
of detecting vertebrae in 3D within the whole spine by �rst utilizing a key point detection
module for localization of vertebral body corners and the centroid, rather than a region
proposal network. A secondary labelling module leveraging an appearance and context
network was then used to leverage the appearance and spatial con�guration of the detec-
tions to ensure sequential hierarchy of the vertebrae. Later, Zenget al. [39] proposed
FORCE, a method to to detect vertebrae within a 2D slice to tackle vertebral appearance
and FoV challenges. FORCE utilized three modules; a region proposal network module
for RoI extraction, an Eigenmap-based feature similarity regularization (FSR) module to
promote similar vertebrae to be closer in latent space representation for higher feature
discrimination, and a cumulative sparse representation module to preserve historical fea-
tures from being erased for bounding box and class predictions. Zhaoet al. [40] trained
a feature sequence-based detection framework, consisting of three modules for 2D verte-
brae detection. This includes a local feature extraction module, a discriminative sequential
image description module to generate representative sequences to describe the vertebrae,
and a spinal pattern exploitation module to capitalize on the hierarchical pattern of the
vertebrae sequence.

While these complex models are successful in detecting, localizing, and classifying ver-
tebrae, they are developed using �xed, non-varying FoVs of entire spinal regions. The
�xed FoVs are incompatible with the central clinical need being addressed in this inves-
tigation, speci�cally image guided therapy in the spine, that will typically have images
with varying and small FoVs focused on the levels to be treated. To detect vertebrae in
small, varying spine FoVs, the Mask R-CNN architecture [2] was considered a candidate
for MRI vertebrae detection and labelling. This choice was due to its cutting edge object
detection capabilities and ease of implementation. The Mask R-CNN utilizes a two stage
architecture design (Figure 3.3), where stage one is a backbone with a region proposal
network to extract potential regions of objects, and stage two utilizes three heads to clas-
sify, predict re�ned bounding boxes, and output instance segmentation masks. Recently,
Wang et al. [52] found success in characterizing the performance of a Mask R-CNN model
for detecting vertebrae from maximum intensity projection images from CT. Additionally,
studies have used the Faster R-CNN [32] architecture as a comparative baseline for verte-
brae detection and labelling [50, 39, 40]. The Mask R-CNN architecture is an improvement
to the Faster R-CNN architecture with an added instance segmentation head, leading to
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the investigation into the performance of the Mask R-CNN for cervical vertebrae detection
and labelling.

Another feature found in literature describing vertebrae detection and labelling meth-
ods includes the leveraging of the sequential hierarchy of the vertebrae. Zhanet al. [53]
proposed the use of a distinct vertebra detector (eg. C2 vertebra) and bundle vertebrae
detector (eg. C3-C7 vertebrae) to leverage the hierarchical structure of the spine. This
utilized the detected anchor vertebra to subsequently label the bundle vertebrae detected.
This strategy emulates the methods of a experts as they generally use an anchor vertebra
to orient themselves to the vertebral position, prior to labelling the remaining vertebrae.
Another method to leverage the hierarchical structure of the vertebrae is to use a graph
data structure, or a graph convolutional network (GCN). A graph is a collection of nodes
(vertices) and edges connecting pairs of nodes. It can represent various systems such as
social networks and the links between people. In addition, edges of a graph can be directed
and weighted. In contrast, a GCN is a type of neural network designed to adopt the graph-
structured data. This is done by extending the concept of convolution from traditional grid
data, like images, to graphs for tasks like node classi�cation and link prediction. Forsberget
al. [41] used two separate CNN vertebrae detectors, one for general vertebrae detection and
one for C2 or S1 detection, as inputs to a parts-based graph model. The graph combined
the detections and labels and outputs a con�guration that follows the sequential nature of
the vertebrae labels and spatial location of each detection. Later, Changet al. [54] used
a spatial GCN to ensure global spatial relations between the vertebrae are established,
followed by a label attention network to generate labels and handle mis-classi�cation on
2D slices. Recently, Kleinet al. [45] proposed VertDetect, a multi-stage approach to de-
tect, localize, label, and segment the whole spine in CT volumes. It utilizes three branches
including: 1) a detection branch, 2) classi�cation branch, and 3) a segmentation branch.
The vertebrae detection branch utilized a modi�ed 3D ResNet-50 backbone and feature
pyramid network for feature map extraction followed by multiple convolution layers to
output vertebral body bounding boxes, vertebral body centroid o�sets, and vertebral body
centroid heatmap. The classi�cation branch utilized a GCN to leverage the hierarchical
nature of the vertebrae to label the detected vertebra. The segmentation branch utilized
the centroid heatmap to seed segmentation of vertebrae bounding boxes previously local-
ized. Lastly, a post process label adjustment was performed using a graph to ensure all
labels were sequential. The success of graphs and GCNs to enforcing sequential hierarchy
of vertebrae in literature demonstrates that investigation into the application and perfor-
mance of graphs is required when developing a vertebrae detector. In this investigation,
we only use a graph data structure to improve labelling and enforce sequential hierarchy
instead of a GCN, which would increase model and pipeline complexity without increased
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gains in performance [45].

3.2 Methods

To assess the performance of the Mask R-CNN model for cervical vertebra and spinal
cord detection, a novel labelled dataset of cervical spine MRI with di�erent FoVs was
generated based on the open-source Spine Generic dataset. The model was then trained
on the generated dataset, with predicted results �ltered with a graph. Integration into a
multi-modal spine image registration pipeline and registration experiments were performed
in Chapter 4.

3.2.1 Dataset Generation

This study utilized the open Spine Generic dataset to generate a novel annotated dataset.
It consists of anatomical T1-weighted (T1w) and T2-weighted (T2w) images, and di�usion
weighted (DW) images from 267 healthy subjects imaged from 42+ centers worldwide
[1]. The images were taken using the Spine Generic protocol [55] to ensure quantitatively
consistent imaging is captured for spinal cord research. A sagittal acquisition was employed
to e�ciently cover the superior-inferior (SI) axis, minimizing the number of slices needed
to encompass the spinal cord [55]. In addition, the T1w and T2w scans were taken with
an isotropic resolution with 3T MRI machines from Phillips, Siemens, or GE.

The original T1w images of the Spine Generic dataset (Figure 3.1 a)) contained the
entire skull and cervical spine, ending at various vertebra in the thoracic region. In com-
parison, the T2w images (Figure 3.1 b)) did not contain the entire skull, but still included
various vertebra into the thoracic region. The spine was also aligned in the SI direction of
both scans. The T1w images have a voxel size of 1 mm3 with images being approximately
192x260x320 voxels (RAS). The T2w images have a voxel size of 0.8 mm3 with images
being approximately 64x320x320 voxels (RAS).

For the purposes of this study, only the 2D mid-sagittal slice of the T1w and T2w spine
anatomy were utilized for training the model. The use of the anatomical mid-sagittal
slice was chosen due to the unique anatomy of the vertebrae visualized in that 2D slice.
Speci�cally, C2 has the unique odontoid process extending the length of the vertebral body
with C1 as a ring surrounding the C2 odontoid process as seen in Figure 2.3. In addition,
the length of the spinous processes of the C2-C7 vertebrae is typically largest at the mid-
sagittal slice, with C7 having the longest spinous process of the cervical spine as seen in
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