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Abstract

In this thesis, I present a novel, fully automated framework for multi-class vertebral
body segmentation and standardized uptake value (SUV) extraction in low-dose FLT-
PET/CT scans of hematopoietic stem cell transplantation (HSCT) patients. The
approach combines a custom-made, attention-gated 3D U-Net with label augmentation
strategies derived from publicly available datasets, specifically designed to address the
challenges of coarse axial CT resolution and limited annotated clinical data. Quantitative
evaluations using the Dice similarity coefficient and SUV error analysis, along with
qualitative assessments via 3D renderings and difference maps, demonstrate high
concordance between automated SUV measurements and physician-derived ground
truths—even in anatomically variable regions and under modest segmentation accuracy.
The model achieved an average Dice score of 0.83 across all validation cases and a
mean SUV correlation exceeding 0.95. Unlike previous methods, this pipeline reliably
segments spines exhibiting anomalies such as a lumbarized S1 vertebra, which tend
to ‘confuse’ existing networks and result in underestimation of vertebral count. The
pipeline offers a clinically actionable approach for identifying and monitoring metabolic
changes in vertebral marrow cavities, facilitating earlier detection of engraftment success
or potential relapse. In contrast to existing multi-step or partially automated workflows,
this end-to-end solution demonstrates stable performance across diverse anatomical
conditions. To the best of my knowledge, this is the first work to directly segment all
24 individual vertebral bodies in CT images with 5 mm axial slice spacing. The results
underscore the feasibility of extracting accurate SUV data from under-sampled FLT-
PET/CT scans and provide a foundation for future research into robust, patient-specific

relapse prediction models.
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Chapter 1

Introduction

Hematopoietic Stem Cell Transplantation (HSCT) is a critical treatment for patients
with blood-related malignancies and immune disorders. While this operation can be
curative, detecting graft failure and early signs of relapse are crucial challenges faced by
clinicians. Current clinical practice for assessing engraftment has relied on invasive single
aspirate biopsies, a small sampling limited to one area—usually the iliac crest, located
in the pelvis. However, this sampling may miss the emergence of disease elsewhere in
the body. Recent advances in nuclear imaging have raised the possibility of evaluating
hematopoietic activity in bone marrow cavities across the entire skeleton using Positron
Emission Tomography (PET) scans. While [*®F]-Fluorodeoxyglucose (FDG) is the
most commonly used radiotracer for PET imaging, ['®F]-Fluorothymidine (FLT) has
been shown to outperform “FDG” at discriminating true hematopoietic metabolism
from background glucose uptake. While “FLT” provides better biological contrast
and potential for imaging metabolism of marrow cavities, most research protocols still
restrict analysis to 5-7 sentinel bones due to the intensive labor cost. This a compromise
that leaves large marrow regions unexamined.

These images are typically taken at the same time (co-registered) as Computed
Tomography (CT) scans. While CT scans typically make it much easier to highlight
different bone structures, the HSCT patients used in my research are required to have
a limited radiation dose, which is accompanied by thick axial slice spacing. Typically

in co-registered PET/CT scans, the CT image can be used to segment the bones which



can then be propagated to the PET scan for further analysis. However, in the case
of these specific patients, the axial spacing is sometimes thicker than the boundaries
between vertebrae, which makes it difficult for even physicians to delineate between the
bones. In this thesis, I aim to address these challenges by presenting a fully automated,
end-to-end framework to assist physicians in detecting and measuring the SUV uptake
of the marrow cavities of individual vertebral bodies in low-dose FLT-PET/CT images.

I plan to accomplish this using a custom, lightweight, Attention-gated UNet variant
that can robustly segment individual vertebral bodies in the CT images, boot-strapped
by an automated label-rewrite tool that adapts a high-resolution dataset to thick-slice
imagery. Then, I propagate the labels to the PET space and automatically extract
SUV data and compare it to clinically-verified measurements.

By collapsing hours of manual annotation and contouring into a few seconds of
algorithmic inference, this pipeline takes a large step towards practicality of full-body
FLT-PET measurement for real-time graft-monitoring and relapse prediction. The

proposed method consists of the following:

e Leveraging Data Augmentation through VerSe: Due to the very small
amount of images present in this dataset (36 scans of 22 patients), along with
the high complexity of segmenting vertebral boundaries, I propose a method to
systematically augment existing manual annotations on publicly available datasets
to fit the problem. I selected the Vertebral Segmentation (VerSe) dataset for
my experiment. These images and labels are very high quality, often considered
the ‘gold standard’ in segmentation. However, the labels contain the posterior
processes of the spine. Since these regions are not of clinical relevance to SUV
analysis, I created an algorithm to separate the vertebral body from the processes
automatically. The method takes advantage of the thin pedicles connecting the

two regions, along with a predictable anatomical pattern by using connected



component analysis and expected centroid placement. The final result is labels
that closely mimic our images, while also introducing beneficial complexity to
help the network learn generalizable features, not just memorizing the training

data.

e Development of a Custom Attention-Gated 3D UNet Architecture:
Building upon foundational neural networks such as the UNet and Attention
mechanism, I created a novel, custom 3D UNet variant that is tailored to our
dataset. The originality includes attention gates, dense skip connections, residual

units, and group normalization over the traditional batch norm.

e Anatomical Variability: Due to a significant number of our patients exhibiting
spinal anomalies, I needed to make a model that was robust to these. Lumbariza-
tion of the S1 vertebra (referred to as L6 in this work) can make it appear like
there is an ‘extra’ vertebra in the spine. Initial attempts with model training
revealed it to get ‘confused’ by this anomaly. Consequently, I added cases from
the VerSe dataset that include patients with L6 present. That, and labeling such
cases in my specific dataset, provided enough material for the model to learn to
predict this bone, making it have higher accuracy in the lumbar. This feature

can also be very easily extended to sacrilized (also called fused) vertebrae.

e Quantitative and Qualitative Analysis of SUV ROIs: I created a visual-
ization tool in Python that can realize the SUV distribution in the segmented
vertebral bodies. The tool uses translucent isosurfaces, allowing you to get an

idea of cell proliferation patterns present in any given FLT-PET image.

This thesis is organized as follows. Chapter 2 provides a broad foundation for the
work, covering anatomical definitions, medical imaging fundamentals, machine learning

and neural networks as applied to imaging, segmentation techniques, and an overview of



the datasets and tools relevant to this project. Chapter 3 then details the methodology,
including the procedures for manual annotation, augmenting VerSe images, designing
and training the proposed model, and measuring PET SUV regions of interest (ROIs)
based on CT segmentations. It also explains the mathematical metrics used to assess
alignment with physician-derived measurements. Chapter 4 presents the results of the
proposed method along with extensive qualitative and quantitative analysis. In addition,
it compares this method’s performance against a current state-of-the-art public model
and explores key limitations in the current approach. Chapter 5 concludes the thesis by
outlining the major original contributions and suggesting directions for future research

that can further build upon the findings reported here.



Chapter 2

Background

This chapter provides a concise yet detailed overview of the foundational concepts upon
which this thesis is built. First, it introduces relevant spinal anatomy and key medical
terminology, including an explanation of the procedure our patients underwent and the
reasons it is both unique and significant. The discussion then shifts to medical imaging,
covering the principal imaging modalities used for these patients and examining how
medical images are typically stored and distributed. Finally, the chapter concludes with
an exploration of machine learning—its role and context in medical imaging and in our
patients’ operation—alongside an examination of recent literature concerning medical

image segmentation.

2.1 Anatomical and Medical Terminology

This section will give a brief overview of the relevant anatomy, terminology, and medical

operations that will be used throughout this thesis.

2.1.1 Anatomy of the Human Spine

The spine is a central component of human anatomy. It is a set of 33 bones stacked on
top of each other with a distinct S-shaped curvature. The spine is divided into four

sections: cervical, thoracic, lumbar, and sacral. As you move from the head down to the
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Figure 2.1: An overview of spinal anatomy in humans.

tailbone, individual bones tend to increase in size. The sacrum is made up of 8 bones
that are fused together and do not move. Refer to Figure 2.1a. Most vertebrae follow a
similar shape. First, a roughly cylindrical area called the vertebral body. Second, a
prominent and pointed portion consisting of the transverse process, superior articular
process, and spinous process which together will be called the collective term ‘processes’
hereafter. Finally, the former two portions are connected by pedicels on two sides. In
between the vertebral body and processes is where the spinal cord passes through [1].

See Figure 2.1b for a detailed drawing of a vertebra.

2.1.2 Common Spinal Anomalies

While the previous section defined the normal shape of the spine, some anomalies can
alter the shape and size of it. One such anomaly is lumbosacral transitional vertebrae

(LSTV) [3-6]. This can happen when either the bottom-most lumbar vertebra (L5)



(a) Lumbarized S1 vertebra. (b) Sacrilized L5 vertebra.

Figure 2.2: Patients exhibiting "additional’ (a) and 'missing’ (b) vertebrae. [3]

fuses to the sacrum or when the uppermost sacral bone (S1) detaches. This could be
thought of as a person ‘missing’ or having an ‘additional’ vertebra, respectively. This
relatively common spinal anomaly can increase the difficulty in counting vertebrae for
classification, both by manual means and automated methods. See Figure 2.2 for an
example of both cases. The lumbarization of S1 has even been observed in the small
dataset of this project and has caused algorithms to fail in those instances. This final

point will be further explored later on.

2.1.3 Hematopoietic Stem Cell Transplantation

Hematopoiesis, the process by which blood cells are formed, can be disrupted by any of
a multitude of benign or malignant conditions such as leukemia [7]. Hematopoietic Stem
Cell Transplantation (HSCT), also known simply as a bone marrow transplant, was the
first type of stem cell therapy administered successfully to humans [8]. In traditional
chemotherapy, radiation is used to kill cancerous cells [9]. However, in conditions of the
blood, the amount of radiation needed to kill tumorous cells can completely destroy
the bone marrow. HSCT has been shown to rescue and restore the bone marrow after

intense radiation therapy and it aims to do this by injecting the stem cells into the bone



marrow. If the transplant is successful and the patient is able to sustain hematopoiesis
for a certain length of time, it is called engraftment. If the stem cells do not hold, a

graft failure happens, and if cancer returns, it is called a relapse [10-12].

2.2 Medical Imaging

This section will detail the important characteristics of medical imaging relevant to this
project. This includes an introduction to CT and PET imaging, how these images are

stored, accessed, and displayed, and the characteristics that denote image quality.

2.2.1 Computed Tomography

Computed Tomography (CT) is a non-invasive imaging modality that uses X-rays to
create a three-dimensional (3D) image of a patient. Modern CT machines use a helically
rotating X-ray emitter that passes through a person. The radiation is then collected
again on the other side of the patient, and the attenuation of different body parts is what
creates the image [13]. We can measure the sum of X-rays that pass through various
substances, and these measurements are assigned an attenuation coefficent, p. These
coefficents are then rescaled to a linear unit suitable for mathematical reconstruction

techniques and display on electronic screens. Hounsfield units (HU) are given by

NJ - ,uwater
)

,uwater

HU = 1000 (2.1)

where [ is the linear attenuation of water that is measured initially during each
scan calibration [14]. One of the biggest strengths of CT scans is their ability to detect
and display bones in a detailed manner, which is a major focus of this work. Refer to

Fig. 2.2 for an example CT image. More will be shown later in this thesis.
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Figure 2.3: Overview of CT operation [13]

2.2.2 Positron Emission Tomography

Positron Emission Tomography (PET) is another non-invasive imaging modality, but is
quite different than CT. It is mainly used to detect both typical and atypical metabolic
activity of various tissues [15]. Atypical metabolic cellular activity can be from various
diseases, such as cancer [16, 17]. It is a nuclear-based imaging technique, which means
it relies on atomic activity. Specifically, PET scans detect the energy emitted by the
annihilation of a positron and electron. Annihilation Coincidence Detection (ACD)
is the process of detecting the interaction of an electron and positron. Electrons are
found naturally in the body, but positrons are not and in this context are emitted by
a radioactive substance injected into the body called a radiotracer/radionuclide [18].
Similar to CT, there is a normalized value used for quantitative analysis. The standard
uptake value (SUV) is given by

SUV(t) = Cimg (1)

= ID/BW (22)



where ¢, is the radioactivity measured at time ¢ in units of M Bg/mL, ID is the
amount of injected dose in M Bq, and BW is the patient’s body weight converted into
body volume, assuming an average mass density of 1g/mL [19].

The most common and prolific radiotracer used for PET imaging is [18F]Fluoro-2-
deoxy-2-d-glucose (FDG). It is used to assess glucose metabolism in the brain, cancer,
central nervous system disorders, etc [20]. Another, more uncommon, radiotracer is
3’-Deoxy-3’-[18F|fluorothymidine (FLT) which is mainly used for the monitoring of cell
proliferation of tumors [21]. Importantly for this work, it has been suggested that FLT
may have higher contrast for cellular metabolism in bone marrow [22, 23].

It is crucial to closely monitor patients undergoing HSCT as detecting a graft failure
or relapse early is key to provide intervening care to the patients [24]. Traditionally,
bone marrow transplants are monitored using a single aspirate biopsy, typically on the
iliac crest, the top-most portion of the pelvic bone. This is because it has been shown
to have the highest cell proliferation following the transplant [25]. However, this is just
one relatively small area and monitoring multiple locations via biopsy is impossible due
to its invasiveness and the high risk of infection.

Recent advances in medicine show that it may be possible to monitor bone marrow
metabolism in the entire body during the engraftment process via FLT-PET imaging.
This research has several notable consequences: First, physicians may be able to
use imaging to understand the exact process by which hematopoiesis and cellular
engraftment take place in humans. Second, imaging is non-invasive and therefore more
frequent evaluations can happen. This could lead to a more accurate and quick detection
of engraftment and potential relapse to enhance patient outcomes [26-29].

Williams et al. performed a pilot study of 23 recipients of HSCT and used dual

CT/FLT-PET imaging. Images were taken one day before the bone marrow transplant,

10
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Figure 2.4: ACD illustration. When the ring of detectors (blue) surrounding the patient
detect two nearly simultaneous photon collisions, they trace the approximately linear
path back to where the initial interaction happened. This is the foundation of PET
imaging. [13]

5-9 days after, and again 28 days post transplant. They were able to monitor cell
proliferation in not just the pelvis, but also the sternum, spine, femur, and humerus.
The spine is of particular importance for this thesis [26-29]. The major motivation of
my work is to create a tool that can automatically segment individual vertebral bodies,
extract the FLT-PET SUV data per cancellous bone (see Fig. 2.1b) and use those SUV

measurements to monitor the recovery of HSCT patients, predicting engraftment, graft

failure, or relapse.

2.2.3 Orientations and Coordinate Systems

In medical imaging, there are typically three sets of coordinate systems that need to be
tracked. The first set consists of the anatomical planes. In 3 dimensions, these three

planes are all orthogonal to each other. Refer to Fig. 2.5 for a visualization.
e The azial or transverse plane slices from head (superior) to feet (inferior).

e Coronal or frontal divides from the front of the body (anterior) to the back

(posterior).

e Sagittal sections the body into left and right.

11



In radiology and neuroimaging, it is common practice to define the image axes based
off of these terms. One common orientation is LPS, defined as L: starting from right
and going left, P: from anterior towards posterior, S: from inferior towards superior.
Another example is RAS. If you flip the first two axes in what was previously defined,
you would get R: left-right, A: posterior-anterior, S: inferior-superior. Both are equally

valid and can be interchanged, along with a multitude of other orientations.

Sagittal plane

Caronal plane

Transverse plane

< Ly
%S;—‘ .. y i~ :_..-.'::
g e S \
! />

Figure 2.5: A representation of the three anatomical planes. [30]

The world coordinate system is typically defined as a Cartesian system in which the
imaging machine physically resides with units of millimeters (mm) and variables of x, y,
Z.

Finally, the image coordinate system. In two dimensions, pixel locations are defined
by (i, 7) whereas in 3 dimensions voxel indexing is (, 7, k). These represent the locations,
and the values are the intensities that make up the image. For example, voxel intensities

in CT scans are usually HU, defined in Eq. (2.1).
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(a) A graphic depicting world coordinates.  (b) Image pixels in reference to the origin.

Figure 2.6: World and image coordinates. [31]

2.2.4 Image Quality

In medical imaging, the most important characteristics are spatial resolution, contrast,
artifacts, and noise. Below, these factors will be explored in regards to CT images [13,

32].

1. Image Contrast: In radiology, CT contrast is defined as the difference in x-ray
attenuation in different types of tissue. In bones, absorption is high and are
‘brighter” as they are very dense materials. On the other hand, soft tissue like

organs have much lower attenuation and therefore are ‘dimmer’.

2. Spatial Resolution: This is the ability to distinguish small and closely arranged
items in an image. There are several factors that determine this such as spatial
frequency, focal-spot size, and most importantly with regards to this thesis,
sampling. Sampling is made up of aperture size (the width of the x-ray detectors)
and the physical spacing in between sequential detector measurements. See
Fig. 2.6b for a basic illustration of spacing between pixels. In short, to resolve

a highly detailed image, you must take many x-ray measurements consequently
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introduce the subject to a larger amount of radiation. However, in this project,
the CT images have a very thick axial resolution. This will be an important

consideration further on.

3. Image Noise: This is related to the number of x-ray photons contributing to
each detector measurement. This is directly affected by the peak kilovoltage,
kVp, current (amperage), mA, and scan time taken in seconds (considered with

amperage as mA X s).

4. Other Quality Factors: Patient movement can introduce blurring. Different
reconsruction algorithms can change the outcome of the image. Most importantly,
the filter chosen during backprojection can drastically affect quality. Like most
things, the filter sharpness is usually chosen as a compromise between noise level
and resolution. There are other things, such as artifacts, that pertain to detector

geometry and is not the focus of this thesis.

2.2.5 File Formats

Digital Imaging and Communications in Medicine (DICOM) is the international stan-
dard, non-proprietary, data interchange and medical imaging format used to unify
different imaging systems [33]. It originated in 1985 and was formed by a joint commit-
tee of the American College of Radiology (ACR) and National Electrical Manufacturers
Association (NEMA) to create a standard not only for imaging modalities, but also
different manufacturers, vendors, as well as medical communication [34, 35].

In this standard, there is an information hierarchy where the information is divided
into four main sections: Patient is each person being studied. Study defines separate
scan sessions, including what type of scan being acquired. Series is individual scans

of the patient. Instance these are the sequential image slices. Each instance is stored
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as a separate file that together make up the 3D image. Also, the individual instances
contain a header, or metadata, that contain relevant parameters such as image spacing,

acquisition date, subject identifiers, etc.

Patient

¥

Study

4

Series

4

Instance

Data elements

Figure 2.7: The DICOM standard hierarchy. [34]

Neuroimaging Informatics Technology Initiative (NIfTI) is an imaging format that
was also created to solve a problem in medical imaging. At the time of its envisioning,
the most common 3D imaging format for engineering-related tasks, ANALYZE 7.5, could
not resolve spatial orientation unambiguously and therefore needed to be shipped with
an additional file (usually .mat) that acted as the header. In NIfTI, unlike DICOM,
the volumetric information is stored in one file along with a single header than contains
all relevant information. The size of this header has been increased overtime to make it
more extensive [36, 37]. It initially was developed for fMRI but has been expanded to
many modalities, provided they have the correct information available.

In the context of this project, all CT and PET images were initially acquired and
stored as DICOM files but were then converted to NIfTT for ease of use and compatibility

with various software engineering libraries like NiBabel [38].
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2.3 Machine Learning and Neural Networks

Ever since humans created computers, we have dreamed of them being able to think
for themselves. Since the invention of the graphics processing unit (GPU) by NVIDIA
in 1999, research has thrived for artificial intelligence (AI) and machine learning (ML)
due to its ability to process data quickly and efficiently in a parallelized fashion [39].
Machine learning is the process by which a computer automatically creates an algorithm
that can learn patterns by statistical estimation and probability. The most prolific areas
of ML currently include, but are not limited to, the understanding and processing of
images and natural language (including speech and text), automation, finance, control

systems (autopilot, robotics, etc), and medical diagnosis [40, 41].

2.3.1 Artificial Neural Networks

In their simplest form, artificial neural networks (ANNs), or simply neural networks,
are an imitation of the physical neurons found in human brains. In 1943, the first idea
for a mathematical representation of the brain’s processing unit (the neuron) was put
forth by McCulloch and Pitts [42]. Neurons, both real and artificial, receive inputs
(stimulus), process them, and then after reaching a certain threshold, output their own
information to the next neuron(s) connected to it [43, 44].

A group of interconnected artificial neurons, or nodes, are what make up the basic
ANN. The signal, or input, that each node receives is a real number z,,, the strength
of the signal is called the weight w,, and the output, F'(x), is the sum of the weights

passed through some non-linear expression called an activation function. The activation
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Activation

Positive/negative
threshold

Figure 2.8: Illustration of an artificial neuron. The processing information is stored in
the numerical weights wy — w,,, the tuning of which can be considered learning. [44]
function serves to turn those real numbers into a probability. Using the tanh function
as an example, Eq. (2.3) describes this process below:

F(x) = 2 8 = ZJ: w;. (2.3)

14e 2

The deep feedforward network, or multilayer perceptron (MLP), is the cornerstone
of modern machine learning. In it, there are multiple connected intermediate layers
between the input and output layer called hidden layers as shown in Fig. 2.9. They are
called feedforward networks because each layer is connected sequentially and the width

(or depth) of the network is determined by the amount of hidden layers [40].
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Input layer Hidden layer Output layer

Figure 2.9: The basic structure of an artificial neural network. Each circle is an
abstraction of an artificial neuron (see Fig. 2.8) [44]

2.3.2 Convolutional Neural Networks

Convolutional Neural Networks (CNNs), also called simply Conv Nets, are a special type
of deep feedforward neural network that learns by optimizing kernel (filter) operations
instead of adjusting each individual weight applied to a neuron. This makes CNNs a
powerful tool for areas such as computer vision, audio processing, and medical image
analysis [45-47].

The fundamental change from a standard feedforward network to a CNN is the
inclusion of conwvolution operations in the hidden layers. The motivation behind this
is that in traditional ANNs matrix multiplication can become quite unwieldy due to
the large amount of data contained in images as well as the loss of nearby information.
Convolution, in the context of image processing, is the process of taking an input image
and moving a smaller matrix, the kernel (also called a filter), across it. This transforms
the image into something called a feature map that the algorithm can use to extract
information. Usually, the kernel is applied using the dot product, but not always and it

depends on the architecture. Interestingly, commonly available CNN implementations
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do not actually do convolution, but do a near identical function called cross-correlation,

where the kernel is not time reversed relative to the input image. According to [40],

S(i,j) = (K« 1)(i,§) =Y > I(i+m,j+n)K(m,n), (2.4)

where S(7, j) is the extracted feature map, I(i, j) is a 2-dimensional image and K (m,n)
is a smaller 2-dimensional kernel. The reason for Eq. (2.4) being considered near-
identical to convolution is due to the fact that the kernel contents are learned by the
algorithm and are symmetric. For conciseness in this thesis, both operations will be
referred to as convolution. The most unique and attractive part of the convolution
layer is the fact that the weights in each kernel are actually shared between neurons.
This means that far fewer weights are needed per neuron [48]. In CNNs, the basic

architecture is given by the following adjustable parameters:

e Input channels: This decides the number of kernels applied to the input. In
multicolor (RGB for example) images, you would need three kernels to process

each color channel.

e Kernel: The size of the kernel determines how many weights and neurons are at
the output. In essence, the smaller the kernel, the greater amount of detail is

extracted [40].

e Stride: This modifies the amount that the kernel moves when being applied to
the input image. A number greater than 1 results in some pixels being skipped

and the output being smaller.

e Pooling: Pooling performs an operation on groups of neurons like average or max

to reduce the dimensionality of the data.
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e Padding: Padding appends extra data (usually zeros) to the edges of images in

order for the kernel to handle them more effectively and preserve matrix size.

e Fully connected layers: This is usually the final layer(s) of the network, and it
combines the feature maps extracted from the convolution layers into a final

prediction.

e Activation: Transforms the output into a non-linearity to provide a probability

for each output channel.

e Output channels: Determins the number of kernels to be applied to the output of

each layer.

2.3.3 Training Neural Networks

The end goal of creating these complex models is for them to be able to learn useful
information and patterns automatically. Thus I must discuss the most common aspects
of training, including supervision, loss functions, gradient flow, optimization, and
backpropagation. I will also discuss the art of hyperparameter tuning and how it affects
training.

In machine learning, unsupervised learning refers to the process of a network receiving
data that contains a large amount of information and learning abstract, yet useful
features about the data without any human action. This can range from denoising
images to clustering similar patterns [40]. Supervised learning is the opposite in the
sense that the network is provided human created manual annotations, also called
ground truth labels or targets which denote the desired outcome. During training, the
algorithm is tasked with making a ‘guess’ about relevant features in the data and then
is penalized based on how incorrect it was [40]. The success of this type of learning

is largely dependent on the consistency of the labels as too much inconsistency can
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‘confuse’ the network about finding meaningful patterns. A mix between both of these
methods is semi-supervised learning, where the data distribution has both labeled and
unlabeled data. It can be seen in two views, depending on the task: unsupervised
learning guided by constraints or as supervised learning with additional context and
distribution about the data [49]. While all three of these methods have their merit,
supervised learning is generally preferred for segmentation [40, 46].

The ability for a network to find not only discernible patterns in data, but to
capture relevant features again in completely new data that was not present during
training (referred to as validation or test data) is called generalization. This is both
the most attractive and most difficult aspect of neural networks. The basic training
algorithm looks like this: the network is provided a sample of the data. Then, it makes
a forward pass through the input layer and all subsequent layers (refer to Fig. 2.9). The
non-linearity at the end converts the output into a probabilistic prediction. Then, that
prediction is passed into a loss function along with the ground truth, which measures
how correct or incorrect the prediction was. There are many different loss functions
that are suited for different tasks (like cross entropy). Finally, an optimizer attempts
to minimize the loss by going backward through the network and adjusting the weights.
This is called backpropagation [40]. What separates machine learning from a ‘simple’
optimization problem is generalization. The most basic way to assess a networks
performance is two fold: it must have a small training error and a small difference
between training and test error. Two related terms are underfitting and overfitting.
Underfitting occurs when the network is unable to learn anything meaningful and does
not have a sufficiently low training loss. Overfitting is when the model does learn

features in the data but learns them too well and cannot generalize well (the difference
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in loss between train and test is too high). An example loss function, mean squared

error (MSE), also called squared L2 norm, is given by

LZg('ray) - {117127'-'7ZN}T717L - (l’n—yn)Q, (25)

where x,, is an element in the input, y, is an element in the output, and N denotes the
total element in each, or the batch size. It is common to use reduction in loss functions
in order to aggregate the entire sample’s loss into one scalar. Two common modes of

reduction are averaging and summation. In the case of MSE, it looks like this:

mean(L) reduction = avg
(o) = 2.6)
sum(L)  reduction = sum

Finally, it is important to at least mention the trends of model complexity and
their ability to generalize. As ANNs and CNNs become deeper, or have more layers,
the number of learnable parameters increases [50]. This is called the model’s capacity,
where more complex networks can theoretically learn more complex features. However,
it is possible that too many parameters can lead the network to learn very finely grained
details, such as noise, in the training data and fit to that. Fig. 2.10 shows a U-like
curvature relating error to model capacity. It is apparent that there is an optimal

complexity, which is highly dependent on the problem and amount of data present [40].

2.3.4 Transformations, Patch Based Training

I have already discussed one of the most common pitfalls associated with network
training: overfitting. Another extremely common issue is insufficient training data for

the model to learn or generalize [51]. To address this, researchers frequently employ data
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Figure 2.10: Trends related to network capacity. As a model becomes more complex,
the risk of overfitting increases. [40]

augmentation to both create ‘new’ data and to increase the variability of samples [52].
The main constraint of this method is that the augmentations need to be realistic.
That is, the augmentations should be confined so that they mimic real variations in
samples. In the case of images, common transformations include rotations, axis flipping,
color space and contrast shifts, scaling, noise addition, and even elastic deformations.
Usually, these are applied randomly during each iteration so the model has less chance
of ‘memorizing’ the modifications.

A final tactic that will be employed in this thesis is patch based training. This is a
method of randomly cropping a subsection of the input data and feeding that smaller
sample into the network. Usually, the algorithm is set up to still ensure adequate
coverage of the image by doing this random cropping multiple times on the same image.
This method allows very computationally heavy 3-dimensional volumes like medical
images to be broken up into parts and allow for more efficient training, as well as

additional regularization [53].
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2.3.5 Regularization

As we have seen, networks benefit greatly from having diverse and variable data
to prevent the model overfitting. It has been seen that networks can rely on the
predictability of a small subset of neurons. In order to force robustness, a common
tactic in CNNs is dropout. During training, dropout randomly zeros the value of neurons.
This idea can also be extended to CNNs by zeroing out entire kernels [52, 54].

In machine learning tasks concerning medical imaging, a popular addition to CNN-
style architectures is batch normalization. Batch normalization was introduced by [55]
to normalize the layer inputs and improve training efficiency. It works by taking the
average of the batch’s activations and dividing by the standard deviation. However,
3-dimensional models can be quite large and consume a lot of memory during training
meaning it can become infeasible to have a large batch size. It was shown in [56] that
as batch size is reduced, training performance is significantly harmed. They proposed
a new, more practical method that can achieve stable training not reliant on batch
statistics. If a two dimensional image has the shape (N, C, H, W) where N is the batch
size, C' is the channel dimension, and H and W are the spatial height and width, group
normalization partitions the C' channels into G groups. Then, it applies normalization
by computing statistics (mean and std deviation) at the group level, which is across its

channel and spatial dimensions and independent of the batch.
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Figure 2.11: How batch and group norm are affected by batch size. Each point is the
same model trained with a different batch size. The error was measured on the same
validation set. [56]

2.4 Image Segmentation

Image segmentation is the process of dividing the pixels of an image into different
objects. The extent, or detail, to which the pixels are divided depends on the specific
type of segmentation. Semantic segmentation, the simpler of the two methods, is the
act of categorizing each pixel or voxel of an image into a general class like ‘dog’ or
‘car’. Instance segmentation, the more complex operation, is the act of differentiating
between individual objects of the same semantic segmentation class, such as ‘car 1’
and ‘car 2’ [57, 58]. In this section, there will be a brief overview of segmentation
techniques that employ signal and image processing as well as a more in depth look at
how machine learning has been applied to both 2D images and 3D volumes to solve
this problem. One of the main focuses of this thesis is a machine learning approach

to semantic segmentation of vertebral bodies in CT images. This will be discussed in

further detail in a later subsection.
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2.4.1 'Traditional Image Segmentation

In this section, I will introduce image segmentation in terms of grayscale (where one end
of pixel intensity is white and the other is black). This is for two reasons: first, grayscale
operations are typically much simpler than colored ones. Second, the primary function
of this thesis is to segment CT images, which are based on a single-channel intensity
range of the Hounsfield unit, which is often displayed in grayscale (see Fig. 2.2).
Edges, in the context of grayscale images, can be defined by as a boundary, contour,
or outline that is the result of an abrupt change (or discontinuity) in local pixel intensity
values. It can also be thought of as a difference between two distinct regions in the
image. Edge detection, therefore, is classifying which pixels are edge pixels and which
are not. When these edge pixels are then put into an image of their own, it’s usually
called either an edge map or a mask [58—-60]. One common and relatively simple way
to detect abrupt changes is using the derivative, or the gradient. While the gradient
is a continuous operator, it can be approximated to be used in the discrete nature of
digital images. There are many different ways to approximate it, but one of the most
simple is using the difference between adjacent pixels. We can actually use convolution,
as defined earlier, to do this difference approximation on 2D images as well as more
complex operations. This means we can define filters (or kernels as they are used
earlier), convolve them with the input, and then do some calculus to get the desired

edges. Below is a minimal overview of this operation:

~10 1 12 1
Se=l=202%=]|0 0 o] (2.7)
—10 1 —1 -2 -1
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Y/ = /G2 + G260 = tan™! % (2.8)

where S, is the Sobel operator in the vertical direction and S, in in the horizontal
direction (G, and G, after convolution). Then, we can find the magnitude |V f| to get
the strength of the edge and direction 6 to find the edge’s orientation. After doing all of
this followed by a simple thresholding operation, you have an estimate of the edges in a
grayscale image. The value of the threshold decides how many edges will be detected
(a larger threshold will be less noisy) [59]. See Fig. 2.12 below to see how this applies
to a real image. Of course, there is no one correct filter and there are many variations.
A few named examples include the Roberts, Prewitt, and Frei-Chen kernels.

Other common ways people have employed traditional image processing techniques
to perform segmentation include thresholding, K-mean clustering, region growing,
normal/graph cutting, and the more complex Canny algorithm [58, 59]. Often times,

these methods are combined to take advantage of their individual strengths.

2.4.2 Performance Metrics

When performing segmentation, like any task, it is important to quantitatively measure
how well the algorithm works. There are many ways to evaluate segmentation effective-
ness depending on the specific task, and it is important to define several of them in
order to have a robust and complete picture. In this section, I will define some of the
most common metric for image segmentation: the confusion matrix, accuracy, sensitvity,

specificity, Jaccard index, Sgrensen—Dice coefficient, and Hausdorff distance [61, 62].

e Confusion Matrixz: Table 2.1 shows the basic values used for the following metrics.
TP is the pixels where both the prediction and ground truth (GT) agree that the

pixel is in a given class. T'N is the converse of this, pixels that are predicted to
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(a) Original ‘cameraman’ image in grayscale. (b) Edge map of the ‘cameraman’ image.
Figure 2.12: Visual representation of applying the Sobel operator for edge detection. [59]

Table 2.1: The Confusion Matrix

Actual Outcomes

Positive Negative
Positive | True Positive (T'P) | False Positive (F'P)
Negative | False Negative (F'N) | True Negative (T'N)

Predicted

not be in a given class and the GT agrees. F'P is when a pixel is predicted to be

in a class but the GT disagrees. Finally, F'N is the opposite of this.

e Accuracy: This measures the overall agreement between the prediction and the
GT by ratioing correct predictions over the total number of pixels. However, this
metric runs into issues when the regions of interest (ROIs) are proportionally
small compared to the background. This is referred to as class imbalance and
is a common problem in many segmentation problems, such as the work in this
thesis. Assume there are 1,000 pixels in an image. If the ROI is only 100 pixels

and the other 900 are background, then that means 10% of pixels are in the class.
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Therefore, even if the algorithm predicts every single pixel as a background, the

accuracy would still show 90% success and is therefore considered a biased metric.

B TP +TN
TP+ FP+FN+TN’

(2.9)

Sensitivity: Sensitivity is also referred to as the true positive rate (TPR) and is

an algorithm’s ability to recognize positivity, shown as

TP
TPR= ————. 2.1
s TP+ FN (2.10)
Specificity: Similarly, this is referred to as true negative rate (TNR) to show the

ability of detecting negative outcomes accurately, given by

TN
TNR= ———. 2.11
TN + FP ( )
Jaccard indez: The Jaccard index is also called the intersection-over-union (IoU)
metric. The bias of accuracy is eliminated by not considering true negative pixels

in the calculation. Additional notation is given to illustrate the metric in terms

of sets. In the IoU metric, which is represented as,

re 1f O f
ToU = = 2.12
o TP+ FP+FN |fuUf (2.12)

f is the GT mask and f* is the prediction.

Sorensen—Dice coefficient: More commonly called the Dice score, this is one of

the most widely used metrics for medical image segmentation [63]. It functions
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very similarly to IoU by its ability to overcome class imbalance. The Dice score is

given by
2T P C2f
2TP+ FP+ FN  |f|+|f|

Dice = (2.13)

e Hausdorff distance: The definition of Hausdorff distance (HD) is the maximum
distance of a set to the nearest point in the other set. In imaging, it can be
described as a way to quantify how far a point is from the nearest edge. This is
less commonly used in medical segmentation, but is still present often enough to
be included in this review [64]. It is given as

dyi(A, B) = max {min {d(a, b)}} , (2.14)

a€A beB

where a and b are points in the sets A and B and d(a,b) is any distance metric,

such as the simple Euclidean distance. Eq. (2.14) was derived from [65].

2.4.3 CNNs for Images

While CNNs in the context of medical image segmentation are the main topic of this
thesis, it is important to acknowledge the original problems they were invented to face
and the architectures that solved them. CNNs rose to prominence originally in the
image classification space. Classification refers to assigning one or more labels to an
entire image, answering the question of ‘what does this image contain overall?’. In
2012, AlexNet [66] achieved record-breaking performance on ImageNet [67] showing that
convolutional networks can indeed learn hierarchical features directly from raw images.
Later in 2015, the first fully convolutional network (FCN) for image segmentation
was introduced [68]. In this paper, the authors took common networks for time, like

AlexNet, and replaced the fully connected layers with 1x1 convolution blocks which made
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the network entirely convolutional. In addition, it introduced learnable upsampling
(sometimes called transposed convolution) in what can be viewed as a decoder stage, as
well as skip connections which are widely used in most modern segmentation CNNs today.
The FCN paper showed that any classification CNN can be adapted to produce dense
outputs of any resolution. While this work was a milestone in automatic segmentation
algorithms, it had its drawbacks. It relied on a backbone of relatively shallow (by
today’s standards), pre-built networks. When people attempted to create deeper FCN
networks, they ran into issues like vanishing and exploding gradients, which made
training unstable. This is what the ResNet [69] paper addressed and created a solution
for. They proposed residual blocks that would allow gradients to skip, or flow around,
certain convolutional layers. The direct consequence of this was very deep networks
that could much more easily extract richer and more detailed features from the input.
The ideas in FCN and ResNet are employed in the custom architecture made for this

thesis.

2.4.4 CNNs for Medical Image Segmentation

One of the most popular, foundational networks for medical imaging segmentation is
the UNet [70]. The UNet is a deep fully convolutional network made for 2-dimensional
segmentation of medical images. As seen in Fig. 2.13, the UNet is called so due to
its symmetrical encoder-decoder design with skip connections at every resolution level.
The skip connections carry local spatial information from one encoder stage directly
into its corresponding decoder layer, which greatly improves segmentation accuracy of
small details that might otherwise get lost in deep layers. The UNet is heavily inspired
by the FCN paper, which used skip connections only in the decoder pathway. This

architecture is famous for its ability to perform well on small datasets due to both the
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skip connections allowing the preservation of fine details and the use of heavy data

augmentation during training.
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Figure 2.13: The 2D UNet architecture proposed in [70].

Many medical imaging modalities like CT, PET, and MRI are inherently 3 dimen-
sional. This fact led to a direct extension of the UNet to be used in 3D space [71]. In
this, operations such as convolution, pooling, and upsampling are replaced by their 3D
counterparts allowing for the model to learn volumetric features directly. This is impor-
tant because many anatomical structures span multiple slices and 3D operations can
help the network capture context around any given slice. The authors also talk about
switching from a cross-entropy based loss to a Dice based loss, which is a consideration
used in this thesis. Additionally, they mitigate the increased cost of 3D operations by
employing patch-based training, which crops each volume into a smaller region before
being fed into the network. The VNet [72] is another 3D adaptation of the UNet that
uses Dice-based loss for training. Similar to how the UNet is based off of the FCN,

the VNet employs residual blocks in order to prevent vanishing gradients in deep 3D
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networks, much like the ResNet did for deep 2D models. The addition of residual units,
along with using the PReLLU activation function, are of particular importance for this

thesis.

2.4.5 Attention in Deep Learning

Attention, in the context of machine learning, is a mechanism that enables a model to
dynamically focus on the most relevant parts of an input. Instead of giving all input
features the same weight, attention can calculate a set of weights that are applied to
features in order to determine where in the input is the most useful information. This
was initially used to solve the shortcomings of recurrent neural networks (RNNs) in
sequential tasks. Below is an overview of the evolution of attention in machine learning
and its relevance to this thesis.

RNNs were a promising answer to natural language processing (NLP) and machine
translation tasks. In [73], the authors introduced a sequence-to sequence (seq2seq)
framework that consists of an encoder RNN that compresses an input sequence to a
fixed hidden state, and a decoder RNN that unfolds from the hidden state to generate
an output sequence. This method achieved record performance on translating English
sentences to French. However, a major shortcoming is that the network’s performance
starts to suffer the longer the sentence become due to a single hidden state representing
the entire sequence. In 2015, Bahdanau et al. [74] introduced an alignment model, also
called attention, on top of the seq2seq network. Using this mechanism, at each decoding
step, a learned weight highlights which encoder states are most relevant. Rather than
relying on that one hidden state’s vector to represent the whole input, the model is
able to ‘look back’ at different parts of the input when trying to predict the next word.
This greatly improved performance on translation tasks. A similar paper, [75], was

able to extend the attention mechanism from text to the speech domain. A radical
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approach to attention was given in [76], where they were able to completely remove
the dependence on RNNs or even CNNs for NLP tasks. This model is driven purely
by multi-head self-attention, which they call the transformer. Pure attention-based
models are simpler, require less training time than previous networks, and even achieve
better performance. The authors of [77] were able to expand the transformer to a more
complex task than speech or audio recognition: speech separation, which showed how

flexible attention can be in more complex NLP tasks.
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Figure 2.14: Attention gate mechanism, extracted from [78].

With seq2seq and transformer based approaches to natural language processing, it’s
natural to want to explore what attention could do in the imaging space as well. Where
attention can help a network ‘focus’ on the most relevant timestamps of audio in a
translation task, attention might be able to help highlight the spatial regions of interest
important to segmentation tasks. This is what led to the development of the Attention
UNet [78], where learned alignment, or attention, is integrated directly into the encoder
and decoder blocks of the UNet architecture. Instead of passing every feature from
the encoder directly to the decoder (utilizing global skip connections), attention gates
learn to filter out irrelevant or noisy background signals, which makes the decoder’s
job more precise. In other words, the skip connections connecting each encoder and
decoder layer are ‘gated’ by attention to filter relevance. One of the more appealing

claims of this paper is a very minimal addition to computational cost or overhead when
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compared to the original 3D UNet while having an improved performance. Fig. 2.14

above shows an overview of the attention block that is attached to each decoder layer.

2.4.6 Vertebral Body Segmentation of HSCT Patients

The dataset used in this thesis is the same set of images used by Holter et al. in their
pilot study of imaging the marrow cavities of HSCT patients [26-28]. From hereafter, I
will refer to these images as the HSCT dataset. This dataset consists of co-registered
FLT-PET and CT images for patients of sequential scan times: one day before the
transplant (referred to in this work as day 1), 5-9 days post transplant (called day 2
in the files), and 28 days post transplant (day 3). Co-registration refers to the two
imaging modalities being taken on the same machine, and both images having the same
spatial reference, or origin. This means that a physical point in one modality refers to
the same point in the other. This is especially useful, as this work is about performing
image segmentation in the C'T image, and then propagating the predicted label to the
PET space. This is because [26] proposes that the bone marrow cavity of various bones
(including the spine) can be used to monitor hematopoietic recovery. Each CT image
has the (z,y, z) spacing of 1.17mm x 1.17mm x 5mm, where 5 mm refers to the z,
or axial resolution in an LPS orientation. This is an important note as 5mm is an
exceptionally thick spacing, to the point where even physicians have trouble discerning
certain anatomical boundaries [29]. In the context of this thesis, the average anterior
height of cervical discs is 2.6 mm [79] and for thoracic discs is 4 mm [80]. These are both
less than the spacing thickness of our CT images, which means the boundaries between
the vertebrae are not resolved consistently. Our PET images have an isotropic spacing
of 4mm?. While slightly better than the CT images, there is not enough metabolic

activity in day 1 or day 2 to resolve many structures in the PET space [29].
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Nguyen et al. performed the first automated vertebral body bone marrow cavity
segmentation on this dataset in [81, 82]. In this method, they perform a 3D graph-cut
to perform a full-body segmentation of the spine as a whole (meaning as one class)
followed by connected component analysis and iterative thresholding to segment the
binary spinal column. Subsequently, they introduce a Kalman filter to isolate the
individual vertebral bodies. The authors use the aforementioned true positive rate as
their performance metric criterion and report an average TPR = 0.917, but admit
mixed performance on the test samples. Additionally, TPR only measures the ratio of
positive values and does not account for false positives. This means that a model could
achieve a high TPR, while also having a lot of pixels incorrectly labeled as positive.
This method is more in line with the ‘traditional’ image segmentation methods that
was mentioned briefly above. Carson et al. proposed the first use of machine learning
for this project [83, 84]. He developed a multi-class, multi-view ensemble 2D UNet
that predicted binary vertebral body column as well as bilateral pelvis and sternum
classes. He reported an average dice score of 0.92. After this, he takes advantage of
the the metabolic activity in day +28 of the PET space to localize individual vertebral
bodies. However, a drawback of this method is that it cannot segment the individual
vertebrae on initial scans before any hematopoiesis is readily captured by the PET scan.
Also, the axial line of separation is always perfectly horizontal (one slice thick), leading
to incorrect shapes for upper thoracic and cervical regions. Eguez [85] trains a fully
3D UNet to again segment binary vertebral column as well as the pelvis and sternum
and reported a mean validation dice score of 0.901. After this, he used the unique
anatomical characteristics of the spine to perform instance segmentation and localize
individual vertebral bodies. He used the fact that to an observer at any given point,
there is a unique angle at the same height of the vertebrae due to its distinct ‘S’ shape.

Using this plus a padding and thresholding algorithm, he was able to roughly predict
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the separations between vertebral bodies, improving on the boundaries generated in
Carson’s work [83]. Due to a lack of annotated data, there was no way for him to report
a per-vertebrae dice score on our dataset, but reported an average of 0.87 on the VerSe
dataset [86] after resampling. One of the main drawbacks of this approach is anatomical
variability. When the spine exhibits minimal curvature, a lack of well-defined pedicles
in the axial plane, the presence or absence of transitional /sacrilized vertebrae, or any
other number of conditions that are outside the ‘norm’, the algorithm will be unable to
generalize. This is something Eguez mentions in his work, stating a ”proper geometric

model” would be needed for patients with pre-existing conditions [85].

2.4.7 VerSe Dataset

One of the key challenges identified in the previous chapter is anatomical variability,
which is part of what this thesis attempts to solve. Since our dataset is extremely small,
consisting of only 36 volumes, there is a serious lack of representation for pre-existing
conditions. To help with this, this work incorporates the Vertebral Segmentation (VerSe)
dataset [86-88].

The VerSe dataset was introduced as part of the “Large Scale Vertebrae Segmentation
Challenge” at MICCAI 2019 and 2020 and includes nearly 400 spinal CT scans with
highly detailed manual annotations. Each vertebra — C1-C7, T1-T12, L1-L5, and
transitional vertebrae L6 and T13 — is individually labeled. The dataset captures a
broad range of scanner types, acquisition protocols, noise levels, anatomical variations,
and slice thicknesses, making it a valuable resource for training robust segmentation
models. CNNs dominated the challenge’s submissions, achieving Dice scores between
0.88 and 0.92, providing a strong reference for high-quality segmentation performance

on high-quality data.
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Figure 2.15 illustrates the VerSe dataset, where different colors overlaying the CT im-
ages represent distinct vertebral classes. One of the most important differences between
the HSCT dataset and Verse is the ROIs that are labeled. The VerSe dataset includes
labels for both the vertebral bodies and their processes (the entire spine), whereas
this project focuses exclusively on the marrow cavity of the vertebral bodies. This
discrepancy presents a challenge in adapting the dataset for our purposes. Additionally,
while our dataset maintains a fixed slice thickness of 5mm, the VerSe dataset shows
wild variation, with spacings ranging from 0.3mm to 2mm-—none as coarse as ours.
The majority, if not all, of the models developed for the VerSe challenge rely on this
higher resolution, making direct application to our dataset non-trivial. The adaptation

of VerSe images and labels to match our data will be addressed in Chapter 3.
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Figure 2.15: Images from the Verse dataset showing the high degree of variability.
Extracted from [86].
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2.4.8 Tools, Libraries, and Frameworks for Machine Learning

Over the past decade, deep learning frameworks have rapidly expanded across several
programming languages. Numerous libraries have been developed to streamline the
training of ANNs, making the process more efficient and simplifying complex computa-
tions. A key feature of these frameworks is their integration with hardware, particularly
support for GPU acceleration and parallelization/hyperthreading, all of which signif-
icantly enhance computation speed. In particular, the invention of CUDA cores for

NVIDIA GPUs has dominated the field as the top hardware for AI/ML training [89].

e PyTorch: Developed by Meta, PyTorch is one of the most popular and widely used
machine learning frameworks. Its dynamic computation graph allows for intuitive
and flexible model construction, making it easy to create custom networks, like the
one used as the backbone of this thesis. PyTorch is optimized for CUDA-enabled
hardware, enabling efficient parallel processing on both CPUs and GPUs. It uses
tensors as its primary data structure, which are able to efficiently represent higher
dimensional data like images and gradients. Additionally, PyTorch increasingly

supports specialized research areas, such as medical imaging [90].

e MONAI: is an open-source library built on top of PyTorch that is tailored
specifically for deep learning applications in medical imaging. It is particularly
well suited to tasks like medical image preprocessing, data augmentation, and
model deployment for non-researcher use. All of these strengths make it a natural
tool to use for incorporating deep learning in CT, MRI, Ultrasound, PET, or

other modalities [91].

e CuPy: another open source library, CuPy provides the ability to run numerical
computations on CUDA-enable GPUs. Typically, as is the case in this thesis, it

is used to accelerate more complex operations that PyTorch does not natively
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support. It provides a nearly drop in replacement for NumPy and SciPy operations

like linear algebra and signal processing routines [92-94].

e Tensorflow: Developed by Google, its simpler API, along with its tools for
visualization and debugging, makes it quite popular for rapid protoyping and

deployment [95].

o MATLAB: The Deep Learning Toolbox in MATLAB provides accelerated com-
puting capabilities, enabling efficient training and deployment of neural networks.
With its robust visualization API and support for engineering applications like

control systems, signal processing, and robotics, it is popular among scientists [96].

2.4.9 Related Work

In recent years, there has been a tide of organ and spinal segmentation models that
can achieve near expert level accuracy. Classic, but cleverly used convolutional-based
architectures as well as highly complex transformer based models are taking up the
field. Many consider VerSe to be the ‘gold standard’ in vertebrae segmentation, so
many of the following papers will report their performance on that dataset.

CNN based: One method that is of particular importance to this work is [97]. The
CT images are low-dose, so they suffer from similar streaking artifacts and noise levels.
The authors employed residual blocks in their UNet variant, which showed considerable
improvements in liver segmentation. Other methods implemented novel variations of
the attention gating mechanism for specific segmentation tasks. The authors of [98] used
attention gates with deep supervision for prostate cancer segmentation of CT images.
They used 3D convolutions, which was an early example of performance boosts by using
3D operations. [99] is another example of using 3D attention blocks in a UNet, but

noteworthy for this project is their use of multi-modal FDG-PET/CT images. While
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the previous methods were early examples of using attention with UNets, [100] showed
their true strength by having them be able to capture relevant regions in multiple
medical imaging tasks ranging from pancreas to fetal spinal segmentation.

There have been plenty of UNet architectures recently devoted to spine segmen-
tation. The dual densely connected UNet architecture in [101] has high accuracy in
finding inconspicuous edges between vertebral bodies and intervertebral discs. The
OP-convNet [102] presents a framework in which they take multiple 2D patched slices
from CT scans and overlap them to preserve some spatial context but remove the
computational costs associated with 3D operations. The MRNet presented in [103]
is an example of multitask segmentation using a residual UNet performing well in
X-ray segmentation of the lumbosacral spine and femoral heads. A more advanced
UNet variant, [104], uses cascaded spatial pyramid pooling layers, residual blocks, and
attention modules. Used as stage 1 in a two-step pipeline, it focuses on spine regions via
attention and atrous convolutions. This model achieved Dice scores 0.94-0.95 on the
VerSe dataset, making it have one of the highest performances of CNN-based models
on that dataset. One of the most notable CNN UNet variants out there is nnUNet
(no new UNet) [105]. Is is a 2D or 3D self configuring framework that adapts both
its architecture and training protocol to the specific dataset provided. It immediately
became a top-performer on many medical datasets, including ~0.94 on VerSe and beat
many hand crafted and fine tuned architectures. Finally, Total Segmentator (TS) is a
comprehensive model trained to segment numerous structures in both CT and MRI
images - covering anything from bones, organs, to other tissues like veins [106]. Tts
backbone is a UNet variant trained by nnUNet. Other than its amount of segment-able
structures, its main claim to fame is its ease of deployment and use on any dataset out
of the box. Relevant to this work, TS asserts that it can predict intervertebral discs,

vertebral bodies, and even individual vertebrae. However, it resamples all images to
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an isotropic 1.5mm spacing. Its results on the HSCT dataset will be compared to the
method in this thesis, which keeps the images at their native spacing. An evaluation of
TS in ultra low dose CT scans is given in [107]. In this paper, the authors share the
challenges of working with CT images that have a low radiation dose and show that,
for organs, TS can still find the boundaries. However, they do not mention bones and
especially not vertebrae. In this work, I hypothesize that the intervertebral boundaries
in low-dose CT images are much more difficult to segment and that even tools like TS,
who claim to be able to segment any CT image, will struggle with it.

Transformer based: In recent years, transformer-based models have gained
significant traction, driven by the widespread availability of powerful, cost-effective
computing resources. These architectures capture long-range dependencies in spine
imaging that conventional CNNs often overlook, and Vision Transformers (ViT) as well
as hybrid CNN-Transformer frameworks now define the state of the art in vertebra
segmentation. TransUNet [108] is the first medical segmentation model that combines
a ViT encoder with a UNet decoder. The transformer showed that it can provide
global context, which helped the model be able to distinguish vertebrae from adjacent
similar structures. It was able to outperform pure CNN models on spinal CT datasets.
The UNETR model [109] was the first network to use a pure vision transformer in
the encoder, and it followed the classic U shape of the UNet. On the VerSe dataset,
it achieved ~0.94 Dice segmentation performance, leveraging global self attention to
improve segmentation continuity across slices. Built on UNETR with Swin transformer
blocks, [110] and its second version [111] leveraged multi-scale feature representation to
have higher efficiency and even slightly higher performance compared to the regular
UNETR for MRI brain tumor segmentation. Tang et al in [112] proposed a self-
supervisead training strategy on the Swin UNETR that learns abstract features from

abundant (over 5000 images) unlabeled CT abdominal images. This yields a pre-trained
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model that can be then used as a strong foundation for more specific downstream
tasks like segmentation. Verteformer [113] is a single-stage transformer based UNet
that could handle arbitrary field of view inputs, meaning it could process an entire CT
volumes in one go. It introduces an edge detection block (a convolutional self-attention
module) to sharpen boundaries between adjacent vertebrae, and a global information
extraction block to assist in vertebra labeling. It underperformed compared to other
methods in its class, but it was still a promising step forward with its ability to directly
output labeled vertebrae in one step. Finally, VerFormer [114] adds a vertebrae-aware
global query (VGQ) module to a ViT backbone, which explicitly highlights tokens
corresponding to vertebrae regions during self-attention. It is a 2D model, but was able
to outperform every 3D model at the time showing how global attention can work in
slice-based approaches as well.

The choice between a CNN-based model and a transformer may come down to
available data and computational resources: CNNs can be efficient and easier to train on
limited data, whereas transformers can unlock ultimate accuracy given sufficient data
and computational resources. The method presented in this thesis is a lightweight (by
today’s standards) CNN-based architecture, modified Attention UNet for segmenting
vertebral bodies in low-dose CT images. The motivation for a shallow/lightweight

model is due to limited computational resources.
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Chapter 3

Methodology

In supervised learning tasks, particularly in medical imaging, a persistent and common
limitation is the scarcity of annotated data. This issue becomes increasingly pronounced
in complex segmentation tasks, such as segmenting closely situated and anatomically
similar structures, like vertebrae. This thesis proposes a solution to a challenging
problem: segmenting 25 distinct vertebral body classes within CT images. Due to
their similarity in shape and close proximity, accurate segmentation of these structures
typically requires a large and diverse dataset to effectively train sophisticated neural
network models. Furthermore, harder segmentation problems often demand models
with greater representational capacity, resulting in increased computational resources
needed.

Our particular challenge is exacerbated by the severely limited nature of our dataset,
only having 36 low-dose CT images with very thick axial spacing. These unique dataset
characteristics further restrict our ability to achieve accurate segmentation results.
In response to these constraints, this chapter proposes a methodology designed to
overcome data scarcity by leveraging the publicly available, high-quality VerSe dataset.
I systematically modify the VerSe annotations [86-88] using connected component
analysis and expected centroid enforcement to isolate and retain only the vertebral
bodies, explicitly removing all structures posterior to the pedicles (see Fig. 2.1b). This

is due to Dr. Holter et al. stating the vertebral body marrow cavities exuberate high
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levels of stem cell proliferation post HSCT, where the other parts of the spine have low
enough activity to not need to be considered [26-29].

To further bridge the domain gap and simulate conditions closer to our original
dataset, extensive data augmentation techniques—including the downsampling of voxel
spacing, Gaussian smoothing, the addition of noise, and elastic deformation—are
applied during model training. Additionally, due to practical computational constraints
(utilizing an RTX 4070 GPU with 12GB VRAM), I employ a custom, lightweight
yet robust, Attention-Gated 3D UNet architecture specifically modified to manage
resource limitations while effectively capturing the complexities of the segmentation
task. While previous papers have attempted segmentation of individual vertebral
bodies in this low-quality dataset [81-85], this work represents the first fully end-to-end
neural network approach to predict these labels and compare the results to physician
measurements. This is due to Nguyen [81], Carson [83] and Hurtado [85] proposing
a multi-step approach, where an initial model segments the binary vertebral column
as a whole, then a subsequent image processing technique delineates the vertebral
boundaries.

Finally, the resulting CT segmentation predictions are interpolated onto co-registered
PET images, which are obtained immediately after the C'T scan, using the same machine.
The predicted segmentations facilitate the extraction of standardized uptake value (SUV)

statistics, which are subsequently utilized to predict potential relapse in HSCT patients.

3.1 HSCT dataset

In prior work using the HSCT dataset, the manual annotations—provided by a non-
physician postdoctoral engineer—were limited to binary masks for the sternum, bilateral

pelvis, and the entire vertebral column as a single unit. Consequently, each voxel was
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classified only as “vertebral body” or “not vertebral body,” with no distinction between
individual vertebrae. These studies therefore relied on separate algorithms to segment
each vertebra from the unified vertebral column mask.

A key contribution of this work is the creation of individually annotated vertebral
body labels for 28 CT volumes spanning 17 patients. Using 3D Slicer [31, 115],
I manually assigned separate classes to each vertebral body (C1 through L5, plus
transitional vertebra L6 if present). This process was extremely labor-intensive, due to
the need for precise boundaries in thick axial slices. Initially, I attempted to exclude L6
from the labeling schema, but models trained without it failed to segment properly in
patients who had that extra vertebra (this will be further evaluated in my comparison
to TS in Ch. 4). Although the physicians in the pilot study did not examine these
anomalous vertebrae [29], I found that including labels for them was critical for consistent
network convergence.

Additionally, I took several steps to ensure consistency among all images. Since
the original DICOM format can be cumbersome to handle in coding libraries, I first
converted the scans into the Python-friendly NIfTT format as suggested by Hurtado [85].
I also discovered that a subset of images were acquired in an oblique orientation and
therefore resampled all of them to the standard LPS orientation. Further normalization
techniques specific to network training are described in the Model Training subsection.

Figure 3.1a below illustrates how difficult it is to distinguish intervertebral boundaries
above the lumbar region, even for trained physicians. Figure 3.1b shows the original
three-class labeling (sternum in yellow, bilateral pelvis in red, and spinal column in
green), which lacks detail regarding individual vertebrae or intervertebral disc space.
By contrast, Figure 3.1c highlights the new multi-class labels, where each vertebra is
annotated separately (C2 is the yellow label at the top, and L5 is the green label at the

bottom), enabling more precise segmentation. While it is apparent that previous works
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could segment other bones in the images, this work is primarily focused on segmenting
individual vertebral bodies, which present a particular challenge under the given CT
dosage constraints.

A recurring challenge in medical image segmentation tasks, including this dataset,
is class imbalance. In the case of vertebral body segmentation, this imbalance arises in

three main ways:

e Vertebral volume vs. background: In this dataset, the labels pertaining to
all vertebral body voxels make up 1-3% of the total volume, meaning the vast

majority is background.

e Size variation among vertebrae: The lumbar vertebrae are physically larger
than cervical vertebrae, enabling them to contribute a dominant signal in super-

vised learning tasks.

e Differences across slice planes: In full-body scans like the ones in this dataset,
nearly every axial slice contains vertebra voxels. However, sagittal and coronal

views typically include few to none proportionally.

Having described the labeling methodology, it is also important to note the specific
imaging parameters of the HSCT dataset. Each CT volume was acquired axially at a res-
olution of 512 x 512 pixels, with anisotropic voxel spacing of 1.17mm x 1.17 mm x 5 mm.
In contrast, the FLT-PET volumes were acquired axially at 144 x 144 pixels and an
isotropic 4mm x 4 mm x 4 mm spacing. Nominally, this gives the PET scans a slightly
finer spacing in the axial plane, but the low metabolic activity on days 1 and 2 after
HSCT substantially diminishes the visible detail in the PET images. Consequently,
the CT volumes remain the primary modality for accurate segmentation of individual

vertebral bodies.
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(a) CT sagittal view. (b) Old binary labels. (c) New multiclass labels.

Figure 3.1: A sagittal slice of a typical patient in the dataset and segmentation labels.

There is often an inevitable need for more data in relatively complex tasks such as
semantic segmentation of 25 classes in order not only to ensure model convergence, but
also to mitigate class imbalance. The next section describes data augmentation process
I developed to make the VerSe dataset homogeneous with our dataset, allowing it to be

feasible for training data supplementation.

3.2 VerSe Augmentation

The VerSe dataset is especially valuable for its individually annotated vertebrae, which
provide clear boundary distinctions. In addition, it offers nearly 400 image-label pairs,

making it a significant resource for spinal semantic segmentation. Although the diversity
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in VerSe can increase the difficulty of the task, it can also yield more robust models if
handled properly. In this thesis, I propose that supplementing our niche, small HSCT
dataset with VerSe data can improve both training convergence and final segmentation
performance/robustness on low-dose CT vertebral bodies. The main challenge lies in
the mismatch of anatomical labels. While my HSCT annotations focus exclusively on
vertebral bodies, VerSe annotates the entire vertebra, including processes, pedicles,
and laminae. Blindly including these structures without modification would effectively
confuse the model about the segmentation task. To address this, I present a systematic
method to remove the processes from the VerSe labels while preserving the original
vertebral body annotations.

In spinal anatomy, the pedicles are thin, narrow bones that connect the front of a
vertebra (vertebral body) to the back (lamina) (see Fig. 2.1b). Since these structures
are much thinner than the surrounding bones, I hypothesized that the simple, yet
effective approach of connected component analysis could erode the pedicles, separating
the anterior and posterior parts of the spine labels.

Morphological operations are image processing techniques that probe and transform
binary (or grayscale) images using the predefined shape of a structuring element. Two
of the fundamental morphological operations used in this section are binary erosion
and dilation. Erosion is an operation that removes pixels on object boundaries if they

do not fit entirely in the structuring element. It is defined in [116] as

Ao B={z|(B), C A}, (3.1)
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where A is a binary image,, B is the structuring element, z is a vector, and B, is the
translation of the structuring element B so that its origin is at point z. Formally, z
looks like this:

B, ={b+zbe B},Vz € E, (3.2)

where FE is some space (often Z?, or a 2D integer space). On the other side, dilation is
the duality: it adds pixels to the boundaries if they intersect the element, or inflates

the image. It can be represented by:

A® B = {z|(B%).NA+0}, (3.3)

where B® is the reflection of B. In simpler terms, this equation says for every point
z in E’s image grid, it shifts the structuring element B so that its origin is at z’s
new location. Then, it looks to see if B touches any foreground pixel of A. If so, z
becomes a foreground pixel in the new dilated image. Binary opening is the process
of performing erosion followed by dilation in succession using the same structuring
element. In essence, it removes narrow connections in the foreground and ‘salt’ noise
which is ideal for separating a vertebral body from the protruding, posterior processes.

A structuring element is a user-defined probe with a specific shape, employed
in morphological operations to systematically traverse the image. Its choice can
significantly affect the outcome. I selected a disk-shaped structuring element because it
more closely matches the rounded contour of vertebral bodies and avoids the artificial
corners that a square element would introduce. Furthermore, I dynamically adjusted
the size of this structuring element on a per-slice basis, guided by the pixel area of
the binary label. This approach was twofold in rationale: (1) vertebrae vary widely in
volume along the spine—lumbar vertebrae are much larger than cervical ones—and

(2) an element that is too large will erode too many details during opening, while one
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that is too small will have little effect on the image. It is worth noting that during
operation, I oriented every label volume to the RAS+ orientation so that the direction
the vertebrae faced match the shape of the structuring element closely.

A notable limitation is that the radius, although updated dynamically on a slice-by-
slice basis, was hard-coded using empirically determined values stored in a lookup table.
Future work should investigate more principled or adaptive approaches to improve the
robustness of this parameter.

Next, since the opening operation on a typical slice will separate the vertebral
body from the processes into > 1 components, I need to perform connected component
analysis on it. This is so that I can evaluate which component is the body or not. Using
the scipy.ndimage (ndi) python library, I scan the resulting ‘opened’ image and group
adjacent 1-pixels into components. Adjacency is typically defined by an 8-neighborhood
where each connected set of 1-pixels is assigned a unique integer label 7. Then, ndi’s
sum_labels computes for each ¢ the sum of pixel values. Since the manually annotated
labels I am modifying are binary for each class, the sum is simply the area in pixels of

each connected component in each slice. This can be summarized by:

size(i) = Z opening(z,y). (3.4)

(z,y):connected(x,y)=1

Typically, the vertebral body is the largest part of the spine in any given slice so a
naive approach would be to always select the largest component and return that for
every slice. However, due to outliers, partial volume effects, and the general variability
found in anatomy, this is not always the case. Especially near the top and bottom of
the vertebra, the processes can be larger than the body. So, a different way to pick
the correct component more reliably was needed. I originally attempted to analyze the

contours and other metrics of ‘roundness’ to pick the component closest to a perfect
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circle, using tools such as Fourier analysis. This was an ineffective approach for several
reasons: again, natural variability means that some vertebral bodies (especially the
cervical ones) will be irregular and will not assume an oval shape as closely as the lumbar
region might. Moreover, partial volume effects like changing slices or the morphological
operation not completely removing the process as well as noise can introduce extra
‘sharpness’ in a given slice. This being said, I decided to use a selection procedure that
is more robust to shape variance.

The centroid, or center of mass, is the average location of all pixels belonging to a
particular object in a binary image. In mathematical terms, for a 2D binary image I,

the centroid (Z,7) of a connected component C' is defined in the Scipy library [94] as:

I = %I > o (3.5)

j= 3w (3.6

where |C| is the total number of pixels in a given component. Since the image is binary,
each foreground pixel gives an equal weight of 1. The result is a single point in 2D
space that corresponds to the center of the label. I leveraged the fact that vertebrae do
not move much in between neighboring slices, so I took a moving average of several

previous slices to get a rough expected centroid location for the current slice. This can

be given by:
1t
Tavg = E ; T4, (37)
where the last £ non-empty slices have centroids zy, Zs, ..., Zr. Then, I compute the

centroid of each labeled connected component. Finally, I compute the absolute difference
between each candidate centroid and the ‘expected’ location along with a thresholding

to find the closest match. In the event that none meet the threshold, the largest
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component is taken as a default. The selected component’s centroid is then added to
the running statistics, which creates a rolling average to make the expected centroid
calculation dynamic. This approach is typically more robust than any contour detection
because the vertebrae move in a predictable way, especially in the x direction (assuming
RAS), for the vast majority of patients.

Even though morphological operations are good in theory at preserving most of
a target’s shape, they are not perfect. To preserve as much detail from the original
annotation as possible, I find the most positive x pixel in the selected component and
multiply everything to the left of that by the original label. This ensures that the
erosion portion of the opening operation does not remove too much of the boundaries.
Finally, all slices are stacked in an empty volume with the same dimensions as the
original label and saved in the LPS orientation to ensure consistency in libraries that
force the LPS standard, such as Simple ITK and 3D Slicer.

After discussing the modifications done to the labels, the way I chose a subset of
VerSe should be addressed. I did not employ my algorithm on every available image.
Instead, I picked a subset of the images that most accurately represent my dataset. A
large percentage of the VerSe dataset contains images of only the lumbar vertebrae.
As will be shown later, the lumbar are the easiest classes for the network to segment,
due to their distinct, predictable shape along with clearly defined boundaries even in
low-quality CT images. Therefore I hypothesized that adding every lumbar case into
training could actually hamper performance by making the class imbalance larger for
the thoracic and cervical vertebrae. Moreover, I selected every image that contained the
transitional vertebra L6, but did not include any samples with fused or sacrilized L5
(effectively meaning that the L5 class would be absent from the labels). My reasoning

for the latter statement is that I could not discern any patients in the HSCT dataset
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CT Slice Original Label

Opened Mask

Figure 3.2: Example slice of connected component algorithm employed on a sample
VerSe image. An opening operation on the thin pedicles separate the vertebral body
from the rest of the spine.

that had a fused vertebra. Therefore, it did not make sense to include them as I wanted
the network to do as well as possible on our narrower dataset.

The final thing to note about my modification of the VerSe dataset is sampling. The
images in the VerSe dataset have a wide range of voxel spacings, from 0.3 mm-2.5 mm.
However, it still remains that none of these have nearly the thick spacing as the HSCT
dataset. To employ a network that is trained on our dataset’s native resolution, I
downsampled every VerSe image to 1.17mmx 1.17mmx5mm. This was done using
MONAT’s Spacingd transformation with trilinear interpolation. The results can be

seen below, in Figures 3.4-3.5. Additional 2D figures as well as 3D representations
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Figure 3.3: The same slice as in Fig. 3.2 with the final mask overlaid in white on the
CT image.

of the modified VerSe labels can be viewed in Appendix B, where I provide many

supplementary visualizations.
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Figure 3.4: A VerSe sample in its native spacing with unmodified labels overlaid on
top. The red bar indicates axial slice, and yellow indicates sagittal.

,

=
=5

Figure 3.5: The same VerSe image downsampled to 5mm axial spacing, with the
vertebral body intact and the rest of the spine annotation removed.
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3.3 Attention-Gated UNet

For this project, I developed a custom, modified UNet architecture tailored to volumetric
segmentation tasks. The backbone of this network remains fundamentally a classical
UNet architecture, utilizing a symmetric encoder-decoder structure interconnected by
skip connections, as proposed in [70, 71]. To further enhance the network’s capability, I
incorporated attention gates into the skip connections, similar to the methodology in [78].
These attention gates refine feature maps and skip connections by emphasizing clinically
relevant spatial features, which I found to be helpful given the task of distinguishing
between a large number of visually similar classes.

However, unlike the conventional Attention UNet in [78], I replaced the standard
convolutional layers with residual blocks. These residual units improve gradient flow,
mitigate the vanishing gradient problem commonly encountered in deeper networks,
and enhance convergence stability during training. Additionally, another modification
involved the integration of group normalization after each convolution. As previously
explained, my training scheme had memory contraints, limiting the batch size to a
single sample per iteration. Group norm was specifically chosen due to its statistics
and normalization parameters being invariant of batch size, helping with stability.

Furthermore, I introduced a deep skip connection inspired by recent developments
in recent works like [117, 118]. This deep skip connection merges feature maps from
multiple encoder layers, enriching the decoder input with multi-scale context and giving
richer feature representation. The selected activation function is Leaky ReLU, which is
thought to improve performance compared to ReL.U [119] by allowing negative gradients
to flow. Finally, I used relatively substantial dropout in most of the encoder layers to

help prevent overfitting.
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While this network employs many clever ideas such as residual units, skip connections,
attention gates, and 3 dimensional operations, it is still a intentionally lightweight
design given the computational restraints imposed on my research. There have been
many studies conducted attempting to reduce parameter count for medical image
segmentation tasks such as [120, 121]. To place the size of my model in context with
relevant architectures, refer to Table 3.1 below. It should be noted it is difficult to
find an exact parameter count of the 3D UNet, since papers will implement different
variations for their comparisons. For example, in [113], they report the UNet to have
28.27 M parameters while [120] reports only 15.56 M. One of the simplest and most
likely explanations for the difference is the depth of the UNet used. My proposed model

only goes to 256 layers, while others may go to 512 or even 1024 layers.

Table 3.1: Estimated parameter count for several notable segmentation models.

Method Param count (M)
This work 4.84
3D-UNet [71] ~15-30

Swin-UNet [110]  82.3
Verteformer [113] 146.68
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Figure 3.6: Diagram featuring my custom Attention 3D UNet architecture. N. represents
the number of classes.

3.4 Model Training

This section will give an overview of the techniques I employed to train my architecture,

ensuring I get the best performance I can given the constraints mentioned already.
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For my loss function, I explored various options including dice loss, focal loss [122],
and cross entropy (CE). I settled on a combination of dice and CE, dubbed by the

MONALI [91] library as DiceCELoss. It is given by:

LpiceccE = ApiceLpice + A\cELCE, (3.8)

where the Dice loss in terms of multiclass segmentation is given by:

C
1 2 i Pi,cYi,c
‘CDicezl__Z le7y7 )
C c=1 ZZPZ,C + Zl yivc + €

(3.9)

where (' is the number of classes, p; . is the predicted probability of voxel 7 belonging
class ¢, y;. is the one-hot encoded binary ground truth for the class ¢ that voxel i
belongs to, and € is a small term added to prevent division by zero. The cross entropy
term is given by:

N C
1
Lop=—%D_ > Yiclog(pic), (3.10)

i=1 c=1
where N is the total number of voxels in a given volume. This normalizes the term so
that the CE weight is consistent across different image sizes.

I found that carefully selecting the weighting coefficients A\ allowed me to leverage
the complementary strengths of the Dice and CE loss functions, achieving better
performance than using either alone. Specifically, Dice loss excels at handling class
imbalance, provides global context awareness, and directly optimizes the Dice validation
metric utilized in this project. However, Dice loss can sometimes result in instability,
especially in early training stages. In contrast, the CE loss is effective at promoting
voxel-level accuracy and helping to refine local boundaries, both of which are important

for accurately delineating individual vertebral bodies.
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To rigorously evaluate the performance of my segmentation model while preventing
data leakage, I employed Sklearn’s GroupShuffieSplit with a fixed random seed, ensuring
that multiple scans from the same patient remained mutually exclusive between training
and validation subsets and that the HSCT train/validation split remained identical
across runs. My dataset comprises 130 modified VerSe images (with posterior processes
removed, as detailed in a previous section) and 28 HSCT images, of which 5 HSCT
scans were explicitly reserved for validation purposes. Initially, I trained the model
solely on the remaining 23 HSCT images. Subsequently, I reran the training including
the 130 VerSe images, maintaining the exact same hyperparameters and the same
HSCT train/validation split. Given that the primary goal of this study is to enhance
segmentation performance on the custom HSCT dataset rather than the VerSe images,
the latter were purposefully excluded from the validation subset.

For preprocessing and data augmentation, I utilized MONAT’s Compose function,
which allowed me to build a structured yet highly customizable pipeline. This pipeline
begins with normalization transformations, including adding channel dimensions, stan-
dardizing orientation to LPS coordinates, downsampling images to a consistent voxel
spacing of 1.17mm x 1.17mm x 5 mm, and scaling intensity values within a clinically
relevant range (-100 to 250 Hounsfield Units). Additionally, foreground cropping and
symmetric padding ensured consistent input dimensions, especially crucial for regions
of interest.

Beyond these baseline normalizations, the pipeline incorporates an aggressive set
of randomized augmentations applied on-the-fly during each training epoch. These

augmentations include:

e Patch-based cropping (via RandCropByPosNegLabel) to enrich positive sample

representation. I set the patch size to a non-uniform 96x96x64 pixels since
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the thicker z spacing means that it takes up a larger proportion of each image

compared to x and y.

e Random zooms (80-120% of original size) to simulate slight variations in field-of-

view and scale.
e Random flips and rotations in the axial plane to account for anatomical variations.

e Elastic deformations, which simulate realistic anatomical variations and help the

model generalize to patient-specific anatomy.

e Intensity-based transformations such as random intensity shifting, Gaussian noise
addition, and contrast adjustments, further enhancing the robustness of the model

against variability in imaging conditions.

To optimize model training, I chose the AdamW optimizer due to its effectiveness
in achieving faster convergence and better generalization compared to traditional
Adam [123], particularly in deep convolutional architectures like UNet. I coupled
AdamW with a CosineAnnealingl.R scheduler, configuring it with an initial learning
rate of le-4, an eta_min value of le-5, and a T_max parameter set to one-quarter of the
total number of epochs, allowing it to cycle twice. This scheduler progressively decreases
the learning rate following a cosine decay pattern, enabling the model to initially learn
rapidly and subsequently refine its convergence. Although the model performance
typically peaks before the designated 1000 epochs, I intentionally trained for this
extended period to demonstrate the model’s convergence stability and robustness against
overfitting. Furthermore, I employed mixed-precision training techniques—specifically
PyTorch’s GradScaler and autocast functionalities — to optimize GPU memory usage

and accelerate training without sacrificing accuracy.
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Figure 3.7: Example batch of patch-based training, showing various augmentations like
flips (3) and Gaussian noise (4) and a foreground to background ratio of roughly 3:1.

Finally, I ran this training scheme over just the 22 HSCT images and then again
with the 152 total images. Ch. 4 will demonstrate that the inclusion of VerSe enables
faster convergence, significantly higher validation performance, better stability, and

increased robustness.

3.5 SUYV extraction

Everything in the methodology thus far has been describing the process I created to

segment individual vertebral bodies in the CT scans of HSCT patients. The final aim
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of this whole work is to predict vertebrae in a CT scan, propagate that segmentation
to a co-registered PET scan, perform statistical analysis on the SUV ROIs of each
vertebral body, and use that information to predict possible relapse in these bone
marrow transplant patients. This section details how I transferred the segmentations
predicted by my custom Attention-Gated UNet model to the PET space, what data
was extracted from which anatomical regions, and how this information may be used to
predict possible relapse.

In our HSCT dataset, the PET and CT images are co-registered. This means that
they are taken nearly simultaneously using the same physical machine, and that the
images are aligned spatially so that anatomical and physical points match up in both
volumes. For example, in a CT scan, if the center of L5 is located 20 mm away from
the origin, then it will roughly be 20 mm away from the origin of the corresponding
PET scan as well. Note, however, that I said ‘roughly’ as this process is not perfect. If
there is slight patient movement or other small issues, they can still be misaligned by a
little. Or, as in this case of our dataset, the images might have different voxel spacings.
The (z,y) spacings have a difference of 3mm (1.17mm in CT to 4 mm in PET), while
the (z) direction is actually 1 mm better in the PET (5mm to 4 mm). This means that
in order to propagate any labels that a model segments on the CT image, I will need
to perform interpolation. Nearest neighbor as chosen, as it does not introduce extra,
fractional label values and keeps them discrete (compared to methods like linear, cubic,
or B-spline). Nearest neighbor interpolation, as shown in the Nibabel library [38], can

be expressed as follows:

(inn, Jnn, knw) = arg D}g%felzg V(=2 +(y—5)?+ (2 — k)2, (3.11)
Z?]?
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where the arg min term describes the Euclidean distance between continuous coordinate
(x,y, z) and discrete, integer label coordinate (i, j, k), and (iyn, jnn, knw) is the nearest

voxel index. Then, after finding the nearest voxel,

LabelNN(:c, Y, Z) = Label(iNN,jNN, kNN)- (312)

Eq. (3.12) says that you simply assign that voxel to the new image space.

Interpolation introduces smoothing, loss of detail, and the partial volume effect.
These issues are outside the scope of this thesis, but can be addressed in future works
to help make the SUV extraction more accurate. Because of the inherent limitations
with interpolation, I will provided error measurements between the physician data and
the ground truth, error between physician measurements and predicted labels, and
the difference in error between the ground truth and predicted segmentations. This
will be helpful in establishing a baseline error between the ground truth and physician
measurements.

Since the SUV data contained within the PET images is the most important, it may
be natural to ask why we do not attempt to directly segment the vertebral bodies in the
PET space. The most important reason for this is that cell proliferation is significantly
reduced during initial days of imaging (in our dataset, days 1 and 2). This is due to the
chemotherapy killing most cancerous and healthy cells and there hasn’t been enough
time for the stem cells to take effect. Since there is a vastly reduced amount of detail,
it is nearly impossible to distinguish anatomical structures. This can clearly be seen in
Fig. 3.9 below. Additionally, the x and y directions are significantly coarser in the PET
image, leading to a loss of detail that was captured in the CT scan.

While my method can segment all vertebral bodies - from C1 down to L5 -, Dr. Holter

only provided physician-extracted SUV data for C7-L5. This was done due to the
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Figure 3.8: Typical correlation coefficient trends. Extracted from [124].

small size and irregular structure of the other cervical vertebrae [29]. Therefore, my
method will also only extract the SUV data for these bones. I will find the voxel
ROIs using nearest neighbor interpolation and compute the statistics: mean, median,
max, min, and standard devation (STDV). I will then compute error metrics to assess
the final performance of my model compared to physician data. Mean absolute error
(MAE) is good for telling the average magnitude of errors without direction. Root mean
squared error (RMSE) is similar, but it is more sensitive to outliers, which is good for
emphasizing substantial deviations. Ideally, both of these metrics should be as close to
zero as possible. Finally, I will use the Pearson correlation coefficient (PCC) [125] to
capture trends and see how how well of a linear relationship exists between the ground
truth and predictions (see Fig. 3.8). It complements the previous metrics since it can
help show the consistency of the model. The closer to -1 or 1 correlation is, the more
closely a prediction represents trends in ground truth. Correlation is especially useful
in my case because as scans progress, there will be a predictable increase in cellular
metabolism uptake, which will be able to show if my model can track the same trends

as the physician’s measurements.
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MAE is given by:

N
1
MAE = — i — Uil 3.13
y Ll (3.13)

where N is the number of voxels in the ROI, y; is the the physician-given SUV value
for the i-th voxel, and g; is the predicted SUV value. While this is the general version
for voxel-wise comparison, it is similar to comparing statistical values - I did not have

access to per-voxel SUV measurements or raw PET data from the physicians.

RMSE is given by:

(3.14)

Pearson correlation for a sample is defined as covariance over the standard deviations.
In more specific terms, covariance between X, the physician’s measurements, and Y,

the model’s predictions, is given by:

Cov(X,Y) = % > (@ - 2~ 9) (3.15)

where (Z,y) are the means of X and Y, respectively.

The standard deviation of X is given by:

(3.16)

as:

r=—" (3.17)
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Figure 3.9: Subsequent FLT-PET scans showing an increase of cell proliferation from
left (day -1) to right (day +28). There is also visible metabolism in the sternum and
pelvis, which are explored in other works like [83, 85].
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Chapter 4

Results

In this chapter, the performance of the developed segmentation method is thoroughly
evaluated, both quantitatively and qualitatively. This work introduces the first fully
automated, end-to-end segmentation algorithm capable of delineating individual verte-
bral bodies specifically in our low-dose, thick-spacing FLT-PET/CT dataset for HSCT
patients. Unlike previous approaches that first segment the vertebral column as a
binary region and subsequently delineate boundaries through additional algorithms, the
proposed Attention-gated 3D-UNet model directly predicts individual vertebral bodies
using machine learning exclusively. A crucial component of this thesis was augmenting
labels from the VerSe dataset to supplement the training data. Without this augmenta-
tion, training solely on a small set of 22 images, the model exhibited poor convergence
and limited accuracy. Incorporating augmented VerSe data significantly improved the
validation performance, resulting in a more robust and generalizable model. To validate
the model’s performance, segmentation accuracy is assessed using established metrics,
including the Dice coefficient, which provides insight into the overlap between predicted
segmentations and ground truth annotations.

Additionally, the model is explicitly trained to handle cases involving transitional
L6 vertebrae, as these were relatively common in the patient cohort. However, it was
not trained to handle fused vertebrae scenarios, such as cases where L5 is absent or
only 23 ‘floating’ vertebrae are present. This limitation arose because sacralization was

encountered in only one test patient, compared to at least four patients exhibiting an
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L6 [29]. While extending the training set to include additional annotated cases from
the VerSe dataset that address fusion scenarios could easily overcome this limitation, it
was not deemed necessary within the scope of this work.

First, quantitative results are presented, detailing model’s performance via training
loss and validation metric curves both with and without supplemental VerSe data. Also,
I provide an abbreviated, per-region set of dice scores to show where the model excels,
and tends to struggle more. A detailed per-class dice score is listed in Appendix A. Next,
qualitative analyses provide visual evidence of the model’s segmentation capabilities,
including visualizations of segmented vertebral bodies and custom-made volumetric
difference maps highlighting areas of accurate and inaccurate predictions.

To contextualize these findings, the performance of the proposed method is com-
pared against Total Segmentator [106, 107], a widely recognized and publicly available
segmentation model. This comparison includes scenarios specifically designed to high-
light the proposed model’s robustness in handling lower-quality images and anatomical
anomalies, areas in which it notably outperforms existing solutions.

Finally, the results from the SUV extraction process are presented and analyzed. SUV
measurements derived from model predictions are compared against physician-measured
statistics. Detailed error analysis sheds light on the model’s reliability and discusses
implications of these findings, highlighting specific limitations due to interpolation
errors and inherent differences in the two imaging modalities.

The collective analysis in this chapter provides comprehensive evidence supporting
the utility of the developed segmentation and SUV extraction framework, laying
the groundwork for practical clinical applications in monitoring HSCT patients and

potentially aiding in early relapse detection.
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4.1 Model Performance

This section will be split into three parts: quantitative, qualitative, and comparative
results. In the first subsection, I will detail the numerical performance of my model. This
will be followed by graphical illustrations and a qualitative analysis of the segmentation
performance. Finally, I will compare my model to a state-of-the-art CT segmentation

model.

4.1.1 Quantitative Results

The results of my model on its highest performing iteration of the validation set is
provided in Table 4.1, where the best metric scores are in bold. The table is grouped
into the average Dice score per anatomical region for conciseness. Refer to Appendix A
for a complete table denoting individual class Dice scores and comparison to a public

model.

Table 4.1: Average Dice scores grouped by anatomical region, supplemented by estimated
standard deviation from the mean.

Patient Cervical Thoracic Lumbar Overall
02 Day 1 | 0.74 &= 0.07 | 0.869 £ 0.03 | 0.914 £+ 0.03 | 0.832
08 Day 1 | 0.725 £ 0.07 | 0.872 + 0.03 | 0.921 £+ 0.01 | 0.843
08 Day 3 | 0.726 + 0.05 | 0.87 + 0.04 0.873 £ 0.12 | 0.83

10 Day 1 | 0.703 £ 0.09 | 0.876 + 0.06 | 0.926 + 0.01 | 0.836
12 Day 2 | 0.752 + 0.04 | 0.839 4+ 0.07 | 0.928 + 0.01 | 0.832

My model consistently performs very well on the lumbar region, usually exceeding

0.92. This is due to several factors, such as those vertebrae having the greatest
anatomical consistency, the highest voxel space proportionally, the clearest boundaries,

and the greatest number of labels present during training. This should not be too
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surprising, as the intervertebral discs generally exceed the slice thickness, as reported in
Chapter 2. However, it is quite exciting to see the high performance in the thoracic region,
as this is where the boundaries begin to appear quite blurred and indistinguishable,
even to trained physicians [29] where the model usually exceeds 0.87 with a relatively
low deviation. However, and perhaps unsurprisingly, the model starts to have poorer
performance on the cervical region, with higher deviation and 13% lower Dice score
compared to thoracic. This is due to several factors, similar but opposite of the
lumbar’s success. First, these regions by far occupy the smallest region proportionally,
(approximately 7% on average compared to 45% of both lumbar and thoracic in our
dataset). Additionally, the cervical region exhibits substantial anatomical variability:
C1 and C2 lack the typical round body and posterior ‘spiky’ processes, and the cervical
vertebrae in general appear distinctly ‘stacked’.

The slight erratic behavior of my model on transitional L6, as seen in PO8D1 vs
PO8D3 in Table 4.1, is due to those cases being vastly outnumbered in training, even
with the addition of VerSe (only 25 out of the 152 total training images have that label
present). This class imbalance is still severe, even when using the Dice metric. However,
the model still needed to learn what to do when an additional vertebra is present, so
as not to confuse it. This will be shown quite clearly in the upcoming comparison to
Total Segmentator.

In Fig. 4.1 below, I provided training loss per-iteration and validation metrics
per-epoch for training the model over 22 HSCT images and then again with those same
22 HSCT images and 130 augmented VerSe images. The results are clear: there is a
significant, positive impact upon the addition of VerSe cases. The ‘HSCT Only’ DiceCE
loss settles into a value of approximately 0.9, while the validation Dice score barely
peaks above 0.62, an indication of underfitting. Finally, the figure has a third green

curve titled ‘Vanilla UNet’, which refers to an ablation study where I ran training with
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all 152 images (HSCT+VerSE) on MONAI’s 3D UNet with no residual connections or
attention gates, but otherwise identical parameters. This run was done to highlight not
only the need of supplemental training data, but th

Conversely, the ‘HSCT+VerSe’ training run shows a similar loss but with greater
variance, which likely arises due to the added anatomical diversity from VerSe, intro-
ducing beneficial complexity into the training process. More importantly, the validation
Dice score demonstrates substantial improvement, stabilizing around 0.82. The sim-
ilarity in final training loss between the two scenarios suggests that incorporating
additional augmented data enables the model to better capture generalized and trans-
ferable features, rather than simply memorizing the limited training examples from the
smaller original dataset. This highlights the value of data augmentation, even when
incorporating images with inherently different characteristics such as resolution, spacing,
and acquisition protocols.

Finally, the figure has a third green curve titled ‘Vanilla UNet’, which refers to an
ablation study where I ran training with all 152 images (HSCT+VerSe) on MONAI’s 3D
UNet with no residual connections or attention gates, but otherwise identical parameters
(group norm, 256 layer depth, etc). This run was done to highlight that not only were
the supplemental images important to proper convergence, but the residual connections
and attention gates played a large role as well.

Appendix A shows an additional example of performance when training just the
HSCT images, but doubling the iterations. The result of that figure proves that even
with additional training iterations, the 22 images alone just cannot provide enough

diversity for the model to converge properly.
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Figure 4.1: Training loss and validation metric curves when training on only 22 HSCT
images, then again with VerSe samples included in a separate training run.
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Figure 4.2: Per-class validation dice score averaged over all 4 samples as a heatmap.
This shows the validation performance over time during training.

4.1.2 Qualitative Results

Fig. 4.3 presents three 3D visualizations of vertebral body segmentations generated by
my model from the validation set. Individual vertebrae are assigned a unique color to
distinguish separate classes. The model was able to identify all 24 vertebral bodies in
each case, with the primary discrepancies appearing mostly in the shape of cervical
vertebrae rather than at intervertebral boundaries. Remarkably, the model effectively
preserved vertebrae gaps in regions where the discs were clearly visible, a significant

improvement compared to previous methods that typically merged these gaps into
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adjacent vertebral bodies. For improved visual appeal, a small Gaussian smoothing was

applied. These renderings were produced using the Segmentations tool in Slicer [31].

(a) P02D1 (b) P10D1 (c) P12D2

Figure 4.3: 3D view of sample predictions from the validation set.

Fig. 4.4 below is a visualization of the model’s confidence for each class. The model’s
raw output logits are in the shape of (B,C, D, H,W) where B is the batch size, C'
is the number of classes, and (D, H, W) is the spatial volume size in depth, height,

and width, respectively. For example, the HSCT dataset almost always has a size of
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512x 512 pixels in the x and y planes, with an arbitrary number of axial slices, typically
around 180-200. My training used a batch size of 1 and had 25 classes plus background,
so an example resulting shape would be (1,26, 180,512,512) To convert the model’s
output volume, which has a logit z.qp. for each voxel (d, h,w), into probabilities, I

use the softmax function, which is given in the Pytorch library [90] as:

exp(zc,d,h,w)

Zgzl €xXp (Zc’,d,h,w)

De,dhw = ,c=1.2,...,C. (4.1)

Finally, to get these probabilities into the map shown below, I summed the value of
every voxel for each separate class volume into one 3D volume (from (C, D, H,W) to
(1, D, H,W)) then scaled the values to the appropriate range of softmax: 0-1.

To convert these probabilities into integer values for each class, I opted to use
argmax. This function simply chooses which class has the highest probability at each

voxel (d, h,w). Formally, it can be described as:

Cahw = AIg  MAX Pedhw (4.2)
ce{l1...C}

My reasoning for choosing this function is that previous methods, like [83, 85|, found
that argmax consistently improved segmentation accuracy via Dice score compared to
thresholded values, of which the optimal value can vary between samples.

In Fig. 4.4, the color gradient extends from light pink (low probability) to dark blue
(high probability), representing the model’s per-voxel confidence. The model exhibits
consistently high certainty at the center of each vertebra, with lower certainty along
the boundaries. Confidence also decreases moving from the lumbar up into the cervical
region, reflecting the lower Dice scores observed there. Additionally, the model has
some nonzero, low confidence readings in the sacral region, where transitional vertebrae

could be. This sample is of a patient with no transitional vertebrae or anomalies, so
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you can see the very low confidence of the fact that L6 is lumbarized. A very small
probability threshold has been applied in order to exclude the background and have

boundary uncertainties more pronounced.

Softmax Probability
0.4

0.0 0.8

Figure 4.4: Concatenated per-class probability map of model output after softmax,
depicting spatial confidence from 0 (no confidence) to 1 (pure certainty).

To evaluate segmentation accuracy, I created an error map by comparing the ground
truth and predicted labels on a voxel-by-voxel basis. Any voxel where the prediction
differs from the ground truth is marked as an error (red), while correctly classified
voxels remain in gray. In other words, there is no distinction between false positives and
negatives, whereas true positives are gray and true negatives are white background. I
then filter out small, isolated misclassifications to emphasize the more significant errors.
Next, the filtered error map is converted into a solid red 3D surface, and the correctly
identified vertebrae are visualized as a semi-transparent surface in gray. In this way,
regions of disagreement between the ground truth and predicted labels become visually

distinct.
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Figure 4.5: 3D volumetric difference map of my model’s predictions on POSD1.
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By examining the error map, we observe that most misclassifications occur in a
surface-level “crust,” particularly at the intervertebral boundaries. This finding aligns
with previous probability map results, which showed high confidence in central regions
of each vertebra and greater uncertainty near the edges. Moreover, the errors underscore
the inherent difficulties posed by the thick axial slice spacing, indicating that while the
model performs well overall, it continues to face challenges in capturing fine details
along the z-axis. While this prediction did quite well overall, additional figures in
Appendix B will help to show the inconsistency in the cervical region.

It should be noted that while the validation accuracy in the graphs only goes
up to 0.81, I report an average dice of 0.83 elsewhere. This inconsistency is due to
postprocessing techniques. After doing a small component removal and connected
component analysis, the segmentation is able to improve slightly. This is a common

practice in image segmentation techniques.

4.1.3 Total Segmentator

Total Segmentator (TS) is a publicly available model based on nnU-Net that is able to
capture a wide range of anatomical regions - from arteries to livers to, most importantly
for this work, individual vertebrae. Since it is based on nnU-Net, it resamples all input
images as close to isotropic as it can while still preserving details. For our specific
dataset, this is an issue. For context, if you down-sample a high-resolution VerSe image
from its native resolution (say, 1 mm isotropic) to our dataset’s spacing (1.17mm in x
and y, 5mm in z), it actually tends to keep the detail between vertebral boundaries (see
Fig. 3.5). Conversely, when a scan is natively acquired at a thicker slice thickness and
lower dose, there is an inherent blurring effect that resampling cannot easily reverse.
The boundaries between vertebrae are simply not present at sufficient resolution to

be enhanced by standard up-sampling or super-resolution methods (see [83] - Carson
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reports good results on test VerSe cases for his super resolution model but mixed
results for HSCT images). Consequently, my hypothesis is that the built-in resampling
logic in nnU-Net-based algorithms will still struggle with our low-dose and especially
thick-spaced images. Furthermore, no direct comparison can be made to earlier studies
using this dataset because they all relied on different ground-truth annotations. As
a result, TS serves as a convenient, publicly available benchmark for assessing how
a generalized segmentation system performs on data that deviate from the typical
resolution distributions it was designed to handle. Although TS claims effectiveness
even for low-dose CT images, the following demonstrates that its performance does not
extend very well to our specific dataset.

It is important to note that TS does not provide a direct, end-to-end instance-level
segmentation for each vertebral body in the same way as my model. Instead, it outputs
a multi-class segmentation for entire vertebrae (aligning with the VerSe labeling scheme)
and can optionally produce a separate, binary mask for the spinal column as a whole.
To ensure compatibility with both my model and ground-truth annotations, I combined
these two outputs—intersecting them to create a single unified volume.

Quantitatively, the results of TS on the same validation set that I used in the

previous sections is given below, where best values in each column are in bold.

Table 4.2: Abbreviated results of TS on the same validation set.

Patient Cervical Thoracic Lumbar Overall
02 Day 1 | 0.623 &+ 0.20 | 0.60 4 0.32 0.917 £ 0.03 | 0.672
08 Day 1 | 0.62 4 0.20 0.744 + 0.27 | 0.63 £ 0.40 0.684
08 Day 3 | 0.608 £ 0.19 | 0.604 £ 0.38 | 0.478 & 0.45 | 0.579
10 Day 1 | 0.6 = 0.18 0.904 £+ 0.04 | 0.939 £+ 0.02 | 0.822
12 Day 2 | 0.61 = 0.20 0.575 £ 0.36 | 0.934 £ 0.02 | 0.660

81



There is a clear pattern that emerges from this data: while T'S does quite well on the
thoracic and lumbar of one sample (Patient 10 Day 1), it struggles both in maximum
Dice scores and having a much larger deviation. This shows not only a much lower
overall accuracy per-region, but also a much higher inconsistency. In the cervical region,
TS consistently falls below 0.63, while mine is in the region of 0.70-0.75. TS exhibits
wild variability in the thoracic region, from 0.6 all the way to 0.9, while my work reports
a steadier 0.86. Both models perform their best in the lumbar region, with TS having a
distinct drop in only one patient (8, days 1 and 2). This showcases the fact that the
resampling pipeline may not be robust in outlier datasets like ours.

In Fig. 4.6 (along with some in Appendix B), I modified the volumetric error map by
adding an axial (z-direction) slice plane to reveal internal segmentation errors beyond
surface-level misclassifications. The right side of each figure presents the 3D volume
with the intersecting slice plane, while the left side displays the corresponding 2D slice,
including a slice index for clarity and consistency.

There are three primary regions where TS consistently struggles: the cervical, mid-
thoracic, and occasionally lower lumbar regions. Patient POSD3 was specifically chosen
for visualization because it highlights T'S’s uncertainty in each of these problematic areas.
Firstly, TS generally performed well in the lumbar region except for Patient 8, whose
transitional L6 vertebra led to significant errors. Specifically, T'S incorrectly labeled the
lowest vertebra (L6) as L5, causing a cascading misclassification that continued until it
correctly identified vertebrae at L3. In the mid-thoracic region, the reason for the errors
are less apparent, but are likely due to unclear boundaries between adjacent vertebrae.
Finally, despite visually appearing to delineate cervical intervertebral boundaries clearly,
TS consistently included vertebral processes rather than isolating only the vertebral

bodies. These extraneous regions are irrelevant to the SUV extraction goal of this
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project and introduce unnecessary variability into SUV measurement statistics. Lastly,
in Fig. 4.7, T provide an example of my model’s prediction for the same case (Patient 8,
Day 3), using the identical axial slice plane for comparison. This visualization highlights
that although my model can sometimes produce noticeable individual errors, they are
typically confined to surface-level boundaries (like a ‘crust’) and therefore have limited

impact on overall segmentation metrics.
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Figure 4.6: Total Segmentator’s prediction on PO8D3. The 2D slice plane shows the
density of the failed segmentation. Red depicts incorrect predictions, gray depicts

correct.
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Figure 4.7: 3D volumetric difference map of my model’s prediction on validation sample

P08D3 showing the slice plane.
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4.2 SUV Extraction

I ran my SUV measurement algorithm on every day of each validation set, as two
additional test samples that were not included in training or validtion, dubbed test cases.
For example, my validation set had only Day 1 of Patient 2, but I ran segmentation
and SUV measurements on all three days, meaning that days 2 and 3 are considered
test cases.

SUV Distribution per Vertebra (C7-L5)

B

c7 T1 T2 T3 T4 T5 Te T7 T8 T T10 T1l Tiz
Vertebra

Figure 4.8: Box plots depicting the FLT-PET SUV distributions across vertebral body
ROIs (C7-L5) on the 28th day post-transplant.

In Fig. 4.8, I computed the box plot for a sample patient on day +28 post-transplant.
Additional box plots denoting the distribution across all three days of a sample are
located in Appendix A. Each box spans from the first quartile (Q1) to the third quartile
(Q3), with an orange segment marking the median SUV value. Whiskers extend to the
minimum and maximum values within 1.5 times the interquartile range (IQR), while
individual circles indicate outliers beyond this range.

To rigorously validate the performance of SUV measurements, I computed the

error metrics and correlation against physician provided ground truth statistics. These
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statistics include mean, median, minimum, maximum, and standard deviation (STDV)
SUV distribution. For sample patient 2, I computed every error metric and the
correlation coefficient on all the three scans combined and the results are shown in

Table 4.3.
Table 4.3: Error metrics after FLT-PET SUV extraction of a sample patient.

Patient | Measurement | MAE | RMSE | Correlation
P02 SUV Mean 0.642 | 0.982 | 0.994

P02 SUV Median | 0.703 | 1.096 | 0.989

P02 SUV Min 1.011 | 1.648 | 0.773

P02 SUV Max 0.372 | 0.505 | 0.99

P02 STDV 0.26 | 0.417 | 0.849

The results indicate excellent performance for SUV mean, median, and maximum
with very high correlation values, demonstrating the model’s ability to accurately track
SUV trends. SUV maximum also shows strong accuracy which can be seen in its
absolute errors. These statistics also show agreement with the segmentation results and
previous methods [83, 85], as, like them, I noticed the maximum SUV value of a given
vertebral tends to be near the center of mass.

However, SUV minimum exhibits notably higher errors and substantially lower
correlation. This aligns with the known difficulties in precisely capturing minimum
SUV due to increased sensitivity to partial-volume effects that arises from interpolation
as well as image noise at low metabolic activity levels.

Table 4.4 presents the average absolute magnitude error across all classes for each
validation sample, comparing the model’s segmentation results to the manual CT
annotations. These findings are highly encouraging; despite an average Dice accuracy

of approximately 0.83, the SUV measurements demonstrate strong agreement with
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Table 4.4: Average absolute difference between manual ground truth annotations and
model predictions for SUV extraction on validation training set.

Patient MAE

P02 Day 1 | 0.0244
P08 Day 1 | 0.0267
P08 Day 3 | 0.0906
P10 Day 1 | 0.0088
P12 Day 2 | 0.1717

manual annotations. However, it’s worth noting that the SUV errors may be slightly
underestimated. Specifically, SUV measurements in the cervical region were limited
exclusively to vertebra C7, whereas the segmentation model primarily struggles with
the cervical vertebrae as a whole.

To further analyze the effectiveness of my model’s ability to extract relevant biological
signals from the PET images, I have provided two plots in Fig. 4.9 below. The left
plot is the measured median FLT uptake trends for the thoracic marrow cavities across
the entire patient cohort in the initial pilot study by Williams et al. [26]. The plot on
the right is generated from interpolating the C'T segmentation from my model to the
PET space, unionizing all predicted thoracic ROIs, and computing the box plots per
scan day for a single patient. To eliminate any confusion, note that the y-axes are in
different units. The left plot’s units are Ki, or the net influx rate constant when you
fit the raw, dynamic FLT-PET data to a curve. Ont the other hand, the right plot
is measured on static, precomputed SUV measurements. Since I only had access to
the SUV measurements and not the raw PET data, I cannot rigorously compute or
even approximate Ki for my proposed method. However, the figures are still worth

comparing as they show the same clear FLT uptake trend that arises from subsequent
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scan dates: minimal uptake pre-transplant, a marginal rise 5 days post-transplant, and

a significant increase by the 28th day.
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Figure 4.9: A qualitative comparison of FLT uptake trends of Williams et al. and my
proposed model.

4.2.1 Limitations

A key limitation arises when labels derived from the CT space are directly propagated
to the PET domain via basic voxel resampling and nearest-neighbor interpolation.
As shown below in Fig. 4.10, even if the patient has very little movement, there is
clear misalignment. I noticed that the amount of misalignment varies quite a bit
across individuals. Although grayscale colormaps are typically not used for PET scans,
I opted for it in this case to highlight the boundary mismatches. This challenge
underscores a broader limitation: any method relying purely on CT-derived labels for
PET analysis may inherit systematic registration errors that adversely affect quantitative
measurements. More sophisticated rigid or elastic registration techniques could address
some of these issues, but I attempted some initial experiments and they revealed
excessive label erosion along with other distortions. This suggests more a dedicated

pipeline might be needed for robust multi-modal image alignment.
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The variability in SUV measurement errors observed in my results—particularly the
increased error in SUV minimum despite consistently strong correlations—is consistent
with findings in prior literature. For instance, [126] demonstrated substantial differences
in clinical interpretation and response assessments depending on the SUV metric used,
reporting considerable variability in individual tumor measurements when comparing
SUV max, SUV mean, and SUV peak. This shows that there is a chance that the lower

performance on SUV minimum may in part be due to metric sensitivity.
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Figure 4.10: A sample co-registered CT (left) and PET (right) scan with the manually
annotated label overlaid on both. Basic interpolation causes clear mismatches in the
PET image.
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Figure 4.11: FLT-PET visualization of vertebral ROIs illustrating HSC metabolic
progression from day -1 (left) to +28 (right) post-transplant. It ranges from 20th
percentile (dark blue) to 99th percentile (dark red).
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Chapter 5

Conclusion

In this thesis, a fully automated, end-to-end segmentation framework was successfully
developed and evaluated for the task of extracting standardized uptake values (SUV)
from vertebral bodies in low-dose, thick-spaced FLT-PET/CT scans of hematopoietic
stem cell transplant (HSCT) patients. This work significantly advances the state-of-
the-art by directly addressing challenges unique to this dataset, including low axial
resolution and anatomical variability, through a specialized attention-gated 3D UNet
architecture.

The effectiveness of supplementing limited clinical training data with augmented
labels derived from the VerSe dataset was clearly demonstrated, significantly enhancing
the segmentation accuracy and robustness of the model. Quantitative analysis confirmed
high overall segmentation performance, with notably strong results in lumbar and
thoracic regions, despite known challenges distinguishing boundaries in that region.
Even though the cervical region had limited success, it still consistently ranked higher
than other methods tested on this dataset.

A detailed comparative analysis highlighted the proposed model’s superior reliability
and accuracy compared to the publicly available Total Segmentator model. Particularly,
the presented method demonstrated improved robustness when handling transitional
vertebrae and lower-quality imaging scenarios—common in certain clinical settings
(like ours) but inadequately addressed by current generalized segmentation models.

Additionally, I demonstrated that with the right refinements for low-dose CT data, a
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simpler model trained on a smaller dataset (< 150 images) can match or outperform
more complex approaches like TS, which was trained on > 1,200 images.

Critically, the automated SUV measurements obtained from model-generated seg-
mentations showed excellent correlation with physician-derived SUV values. This
rigorous clinical validation marks a significant advancement over previous work, en-
suring the practical applicability of the proposed method for clinical monitoring of
HSCT patients. The thorough error analysis presented provides transparency regarding
the limitations inherent to voxel interpolation and spatial resolution, while clearly
illustrating areas for continued methodological refinement.

In conclusion, the methods developed in this thesis provide a powerful and reliable
automated solution for vertebral body segmentation and SUV extraction in challeng-
ing clinical imaging contexts. These advancements mark an important step towards
enhanced clinical monitoring capabilities, offering potential for early relapse detection

in HSCT patients.

5.1 Original Contributions

The novel contributions I have made to the HSCT project are as follows:

1. VerSe Label Augmentation: I created a tool using connected component
analysis to strip the posterior processes from the vertebral bodies, followed by
centroid computation to find the ‘expected’ location of the body. This tool made
it possible to use an existing public dataset and modify it to fit the specific needs
of our project. Additionally, it allowed my model to generalize and converge when

it couldn’t without them.
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. Manual Annotations: I created 22 manual annotations of our CT images, each
capturing every vertebral body of the entire spine. This was a very labor-intensive

task, so the supplementation of VerSe helped here too.

. First End-to-End Individual Vertebral Body Segmentation: This work
is the first in the project to directly segment individual vertebral bodies from

low-dose and thick-axial-spacing CT images.

. Custom Attention-gated UNet: I created a specialized 3D UNet architecture
tailored to our unique dataset. Unlike a standard attention-gated UNet, this
version combines residual units with the attention gates situated along the skip
connections, employs group normalization in place of batch normalization, and
incorporates a dense skip connection for preserving fine-grained detail. These mod-
ifications improve stability on limited data, enhance the focus on key anatomical

structures, and help to provide higher segmentation quality.

. Robustness to Anatomical Variability: This work is the first in the project to
be able to handle significant anatomical anomalies, such as lumbarized vertebrae.
Additionally, this model can easily scale to handle fused vertebrae and other
common anomalies such as mild scoliosis/kyphosis, bone spurs, and degenerative
disc disease, as long as enough training data is supplied. VerSe does indeed have

data for fused/sacrilized L5 (a ‘missing’ vertebra).

. Isosurface and difference map tools: I created a tool that can visualize 3D
ROIs of the SUV data contained within the marrow cavities of FLT-PET images
from any day’s scan. Carson [83] created something similar, but his only works
on the 28th day post transplant. This could be used by researchers to more easily

analyze SUV distribution.
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7. Automated FLT-PET SUV Extraction and Analysis: this work is the first
to directly compare the SUV measurement statistics with physician data of our
specific dataset and provide a detailed error analysis as well as the sources of SUV

variability.

5.2 Recommendations for Future Work

To further enhance the accuracy and robustness of vertebral body segmentation and

SUV extraction, several promising directions can be explored in future research.

1. Annotations, Training, and Models

e Improving the quality and consistency of the ground truth labels could
significantly enhance model performance. Personal annotation inconsisten-
cies, which became apparent throughout the project, introduce noise and
can reduce the ability of the model to learn precise anatomical boundaries.
Implementing rigorous annotation guidelines and/or employing professional
annotators to refine the existing dataset could provide substantial perfor-
mance gains. Additionally, refining the vertebral body separation algorithm
introduced in section 3.2 would further improve the quality of the augmented

labels, leading to better model generalization.

e Broader dataset scope. While VerSe is considered the ‘gold standard’ in
vertebral segmentation, it only contains <400 volumes. An essential next
step to refining the segmentation of our HSCT spines is to include additional
images from other datasets. The most representative datasets should be
similar to VerSe: publicly available, adult, whole 3D spine of individually
labeled vertebrae, and having a mix of healthy and pathological cases. One

such example is CTSpinelK [127].
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e Hyperparameter tuning and model optimization represent another immediate
avenue for performance improvement. Systematic hyperparameter optimiza-
tion, such as Bayesian optimization or grid searches, could lead to noticeable
accuracy improvements without altering the fundamental model architecture.
Furthermore, exploring minor architectural modifications, such as improved
attention mechanisms, additional residual connections, or different normal-

ization techniques, could yield incremental performance enhancements.

e If computational resources allow, it may be beneficial to investigate more
complex model architectures such as transformer-based segmentation models
or hybrid CNN-transformer approaches. These advanced models could
potentially better capture the anatomical variability and subtle boundaries

inherent in vertebrae.

e Handling anisotropy in a more sophisticated manner could provide additional
improvements. Methods like anisotropic convolutional kernels, multi-view fu-
sion (already explored by [83] but only for binary spinal column), or adaptive
resampling techniques may help the model better handle the uncommonly

thick axial spacing present in our dataset.
2. SUV Measurement and Evaluation

e This work reports SUV statistics for individual lumbar, thoracic, and C7
vertebral bodies. However, our physician SUV measurements extend to many
other bones, such as sternum and bilateral pelvis (these first two are already
explored in [83, 85] but they did not have access to physician measurements),
bilateral iliac crest, humerus, and femur. Expanding segmentation and
subsequent SUV extraction to these bones would greatly enhance the clinical

feasibility and credibility of an automated method. Additionally, expanding
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physician measurements to the rest of the cervical region could assess my

(and any future) work’s accuracy in that region.

e Provided that sufficient physician-curated data is available, a dedicated
algorithm should be developed to detect spatial SUV distribution anomalies -
early warning signs that may be indicative of graft failure or relapse. This was
lightly touched on by Hurtado [85], but improving its scale and robustness

would be a significant advancement in this project.
3. Multi-Modality and Co-Registration

e [t could be worth exploring multi-modal segmentation models, which directly
integrate CT and PET modalities within the segmentation pipeline. Since
the ultimate goal of this project is to isolate individual vertebral ROIs in the
PET space, it could be worth exploring algorithms that have the potential
to learn more ‘anatomy aware’ features than a pipeline for either modality

alone could achieve.

e Finally, one of the most significant opportunities lies in improving the
alignment between the CT and PET images. Building a dedicated rigid or
deformable registration pipeline between the two modalities could lead to

more clinically accurate and reliable labels in the PET space.

Exploring these recommendations has the potential to significantly advance the auto-
mated segmentation and SUV extraction of bones in low-dose FLT-PET/CT images,
furthering the ultimate goal of developing a tool to assist physicians in monitoring the

recovery of HSCT patients.
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1 Appendix A

Additional quantitative results. Included is a detailed table of each individual dice score
for all 5 validation images compared against Total Segmentator. I also included the
error metrics for every statistic computed on the SUV distribution of validation and
test FLT-PET images as well as blox plots show SUV distribution per-vertebral body
for each scan of one test patient. Additionally, I included a training curve for the model
on purely HSCT images for double the iterations to prove that it indeed suffers from
underfitting, rather than just having slower convergence.
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Table A.2: Set of error metrics after extracting FLT-PET SUV data from ROIs compared
to physician measurements. All segmentations derive from images not present during
training. Test cases are marked with *, all others are validation.

Patient | Measurement | MAE | RMSE | Correlation

P02 SUV Mean 0.642 | 0.982 0.994
P02 SUV Median | 0.703 | 1.096 0.989
P02 SUV Min 1.011 | 1.648 0.773
P02 SUV Max 0.372 | 0.505 0.99

P02 STDV 0.26 0.417 0.849

POT* SUV Mean 1.179 | 1.877 0.992
POT* SUV Median | 1.168 | 1.874 0.989

POT* SUV Min 1.962 | 3.204 0.886
POT* SUV Max 0.532 | 0.695 0.995
POT* STDV 0.549 | 0.891 0.789
PO8 SUV Mean 0.662 | 0.939 0.981
P08 SUV Median | 0.679 | 0.988 0.979
P08 SUV Min 0.803 | 1.194 0.836
P0O8 SUV Max 0.633 | 0.756 0.963
P08 STDV 0.19 0.277 0.87

P10 SUV Mean 1.284 | 2.057 0.993
P10 SUV Median | 1.352 | 2.147 0.991
P10 SUV Min 2.216 | 3.71 0.867
P10 SUV Max 0.494 | 0.775 0.994
P10 STDV 0.643 | 1.075 0.883
P12 SUV Mean 0.906 | 1.44 0.979
P12 SUV Median | 0.867 | 1.469 0.964
P12 SUV Min 1.816 | 2.612 0.947
P12 SUV Max 0.628 | 1.145 0.975
P12 STDV 0.599 | 0.872 0.877

pP21* SUV Mean 0.949 | 1.193 0.945
P21* SUV Median | 1.008 | 1.274 0.941

p21* SUV Min 1.335 | 1.631 0.702
P21* SUV Max 0.915 | 1.215 0.894
P21* STDV 0.254 | 0.317 0.903
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Multi-Class Dice+CE Loss Per Iteration Validation Avg. Dice Score (multi-class)
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Figure A.1: Training my custom UNet over the same 22 HSCT images but with double
the iterations. This further demonstrates the model’s tendency to underfit without
data supplementation.
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Figure A.2: Sample test Patient 7. SUV distribution on Day -1.
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Figure A.3: Sample test Patient 7. SUV distribution on Day +5.
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Figure A.4: Sample test Patient 7. SUV distribution on Day +28.
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2 Appendix B

This second appendix contains more visualizations of the qualitative analysis. This
includes 3D renderings of multiclass, individual vertebral body segmentation using
my custom UNet, 3D examples of the VerSe connected component removal algorithm,
2D /3D hybrid difference maps for my model’s predictions on test cases, and isosurface
volumes showing SUV proliferation.

Figure B.1: 3D visualization of my model’s CT segmentation on test sample 15, which
was not included in training or validation. Day -1 (left) to day +28 (right).
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Figure B.2: 3D visualization of my model’s CT segmentation on test case 21, which
was also not included in training or validation. Day -1 (left) to day +28 (right).
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Figure B.3: 3D rendering of an original VerSe manual annotation (left) and modified
label (right).

116



Figure B.4: A second 3D rendering that demonstrates my augmentation algorithm on
the VerSe labels.
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Figure B.5: FLT-PET visualization of vertebral ROIs illustrating HSC metabolic
progression on day -1 (left), day +5 (middle), and day +28 (right) on a validation case.
It ranges from 20th percentile (dark blue) to 99th percentile (dark red).
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Figure B.6: FLT-PET visualization of vertebral ROIs illustrating HSC metabolic
progression on day -1 (left), day +9 (middle), and day 428 (right) on a test case. It
ranges from 20th percentile (dark blue) to 99th percentile (dark red).
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Figure B.7: 3D volumetric difference map on my model’s predictions of P10D1.
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Figure B.8: 3D volumetric difference map on my model’s predictions of P12D2.
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Figure B.9: 3D volumetric difference map on my model’s predictions of P02D1 showing

the slice plane.
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Figure B.10: 3D volumetric difference map on Total Segmentator’s prediction of P02D1

showing the slice plane
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