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Abstract

Head and neck cancer (HNC) is the sixth leading cause of cancer death worldwide.
Diagnosis and treatment are aided by CT imaging, and tumour segmentation on CT is an
important but time consuming part of treatment planning. In this thesis, we investigate
different approaches for the segmentation of HNC on head and neck CT scans.

For a segmentation convolutional neural network (CNN), it is important to start with
pretrained weights to achieve good performance. Most prior work uses weights obtained
through classification pretraining tasks. We conjecture that a segmentation pretraining
task may be better suited for medical image segmentation, as then the pretraining task
is more closely related to the final task. We develop a novel self-supervised segmentation
pretraining task which we then use to pretrain the model on unlabelled CT images prior
to fine-tuning it on expert-labelled images.

We compare model performance after pretraining on this new task against existing pre-
training methods, including out-of-domain pretraining using ImageNet and in-domain pre-
training using the Jigsaw task. All in-domain pretraining, both using Jigsaw and the novel
segmentation method created here, were performed on a composite pretraining dataset of
over 618,000 CT images which was created by combining and preprocessing 8 separate
medical imaging datasets.

We find that optimal performance is obtained with ImageNet out-of-domain pretraining,
and this performance rivals previously published work which used PET-CT combination
images rather than CT alone. Our novel pretraining segmentation task improves perfor-
mance over random starting weights but does not exceed the performance of ImageNet
pretraining. We conjecture that this might be because the pretraining dataset for our task
is much smaller than the pretraining dataset used for ImageNet.
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Chapter 1

Introduction

1.1 Medical Image Segmentation and Transfer Learn-

ing

Segmentation is an important task in medical imaging, and has been successfully applied
to a variety of image types including radiology [1, 2], pathology [3], dermatology [4], and
others [5]. Clinical applications of such segmentation tasks include tumour contouring for
radiation therapy [6] and organ size measurement for quantification of certain pathologies
such as dementia [7]. Challenges in medical image segmentation include relative difficulty
in acquiring larger datasets due to privacy requirements for health information, and in
obtaining expert-labelled data due to the high per hour cost of physician time [8].

Transfer learning helps alleviate these problems. It refers to taking a model already
trained on a large dataset to solve a task and retraining it on a (usually) smaller dataset
to solve a task of interest [9]. The first training process is called “pretraining”, and the
second more specialized training process is termed “fine-tunining”. Empirical data shows
that this approach leads to better performance compared to starting a model with random
weights and training it only on the task of interest. Interestingly, this holds true even if
the two tasks are only tangentially related. For example, previous work has shown that
neural networks trained for interpreting chest x-rays perform better if they were pretrained
on ImageNet, a large dataset of images consisting of ordinary photographs, compared to
if they were initialized with random weights [10]. Similar findings have been observed in
natural language processing [11, 12, 13].

Although often a large labelled dataset is used for pretraining, such as ImageNet with
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labels indicating object classes, it is sometimes desirable to use an unlabelled dataset for
pretraining. This is because the quantity of unlabelled data is vastly greater than the
quantity of labelled data. In such a case, self-supervised pretraining can be used on an
unlabelled data set. Self-supervised pretraining refers to the construction of some “pretext”
task and labels for the unlabelled dataset, and then training for the pretext task on the
dataset using the constructed labels.

Self-supervised training requires learning of latent knowledge from the training data to
be able to solve the task. For example, a self-supervised training task used in computer
vision is the Jigsaw puzzle, where an image is split into a 3 × 3 grid of puzzle pieces,
randomly shuffled, and then used to train a model to restore the original image by re-
ordering the pieces as shown in figure 5.2 [14].

This idea led to the development of “foundation models” which are large models trained
on large general data sets, and then used for inference or further training on a wide variety
of general or specialist datasets. One of the first such models, BERT, is a language model
published by Devlin et al. [15], and it was trained on English Wikipedia and books cor-
pus. Further work showed that additional training of this model on even more data inputs
further increased its performance [11, 12]. Subsequently , many other similar models were
published which benefited from pretraining [16, 17, 18]. Empirical evidence seems to sug-
gest that the larger the model and its training data set, the better the model performance
tends to be, and no upper limit has yet been encountered [19].

1.2 Head and Neck Cancer

Cancers of the head and neck (HNC) are the sixth leading cause of cancer death worldwide.
Collectively, they have an annual incidence of approximately 630,000 cases resulting in over
350,000 annual deaths [20]. The incidence of HNC is expected to rise 30% by 2030 [21].

The most common risk factors for developing HNC are smoking, alcohol use and infec-
tion with certain subtypes of human papilloma virus (HPV). These factors account for the
wide geographic variation in cancer incidence. In high risk countries with a high prevalence
of smoking (e.g. India, Sri Lanka), HNC is the leading cause of cancer in men and the
third leading cause of cancer in women. In the United States, HNC is the eighth leading
cause of cancer owing to the success of public health policy aimed at smoking cessation.

The average age at diagnosis is approximately 60. Treatment options include surgery,
radiation therapy, and chemotherapy and the optimal course of treatment depends on many
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factors including tumour size, location, sites of spread, and histological grade. Unfortu-
nately, many HNC cases are diagnosed after having advanced to a higher stage, leading to
50% 5-year survival [21]. Earlier detection of cancers at lower stages increases the odds of
survival.

Computed tomography (CT) imaging of the head and neck plays a critical role in the
diagnosis and assessment of these cancers. Given its comparative lower cost and ease of
acquisition, CT scanning can be used to diagnose the disease, stage it, assess its response
to treatment, and investigate for the presence of distant metastasis [22].

There has been a significant rise in the use of head and neck CT imaging in recent
years, partly due to changes in the treatment guidelines for acute stroke [23]. One study
calculated a 24% annual increase in the number of CT scans of the neck performed in
emergency departments between 2007 and 2017 [24]. Moreover, new evidence suggests
that another category of patients, those presenting with transient ischemic attacks (TIAs),
would also benefit from CT angiography of the head and neck [25]. It is therefore likely
that the trend of increased CT imaging of the head and neck will continue for the forseeable
future.

HNC can be treated using radiation therapy which requires accurate tumour contouring
by radiation oncologists [26]. This contouring process demarcates the tumour boundaries
to generate a gross tumour volume which acts as the target area for the highest radiation
dose. It is a time consuming process whereby the oncologist must manually draw tumour
boundaries on every CT slice. Therefore, an automated segmentation algorithm would not
only help in the diagnosis of glsHNC by detecting these tumours, but also assist in their
treatment by improving the contouring process for radiation therapy.

1.3 Motivation and Contributions

In this thesis, we investigate the use of segmentation as a pretraining task. While pretrain-
ing is commonly used in computer vision, including in medical imaging, most prior work
has focused on classification as the pretraining task. In this study, we hypothesized that
segmentation can further improve a segmentation model’s performance.

We implemented this on the problem of segmentation of HNC on CT scans. We used
the UNet architecture [27] as the basis for our model and compared different pretraining ap-
proaches. For segmentation pretraining, we constructed a novel self-supervised pretraining
task using segmentation and compared it to existing pretraining methods.
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We selected tumour segmentation on head and neck scans for two reasons. First, due to
its clinical relevance for both the diagnosis and treatment of these tumours, as discussed in
section 1.2. Second, because most published studies on this problem used PET-CT images
(Positron Emission Tomography combined with CT) [1, 2, 28, 29, 30], which contain more
information about these tumours and allow for more accurate diagnosis [31]. However,
PET-CT studies are more expensive than CT alone [32], and therefore we hypothesized
that being able to achieve similar results using CT alone would be of interest.

We investigated different pretraining approaches, including out-of-domain pretraining
using ImageNet and in-domain pretraining using CT images. For the latter, we obtained
8 different datasets of CT images, which required various levels of preprocessing, resulting
in approximately 618,000 CT images available for pretraining. Separately, we obtained
another dataset of approximately 100,000 CT images for fine-tuning. These are described in
Chapter 4. We used the Jigsaw pretraining task [14] as our baseline in-domain pretraining
method, as described in section 5.3.1.

Our contributions to the literature include the construction of a new self-supervised
pretraining task using segmentation. To the best of our knowledge, this has not been
previously explored. We used the efficient graph-based image segmentation algorithm
by Felzenszwalb and Huttenlocher [33] to generate unlabelled segmentations of input CT
images, then trained our model to predict those segmentations. This is described in more
detail in section 5.3.2. Although we used the efficient graph-based segmentation algorithm
to generate our baseline unlabelled segmentations, our pretraining task can be done with
any other unsupervised segmentation algorithm.

Our work shows that ImageNet pretraining, despite being out-of-domain for this task,
was able to achieve the best results on tumour segmentation, and that this result was com-
parable to previously published work that used PET-CT images. Although segmentation
pretraining was unable to surpass the performance of ImageNet pretraining, it nevertheless
achieved better results than random starting weights.
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Chapter 2

Computed Tomography Imaging

Computed tomography (CT), previously called computed axial tomography (CAT), is an
imaging method which uses x-rays to generate 3-dimensional representations of objects of
interest. It is widely used in modern medicine, and has become a critical component for
the diagnosis and treatment of various diseases. Understanding some of the basic technical
aspects of CT image acquisition and reproduction helps in constructing and appropriately
augmenting input images to machine learning algorithms.

2.1 CT Hardware

Medical CT images are acquired on a CT scanner which consists of a donut-shaped gantry
through which a moving table passes [34]. The technical construction of the machine varies
between vendors and over time as technology improves. However, in the most common
arrangement, an x-ray tube and detectors are placed in the gantry, which spin to acquire
2-dimensional images of the area of interest in rotational projections spanning 360 degrees.
The table moves through the scanner concurrently, allowing for an arbitrary length of
anatomy to be scanned.

The simultaneous rotation of the gantry and movement of the table result in a helical
path of 2-dimensional x-ray images collectively referred to as the “sinogram”. This is
then reconstructed into a 3-dimensional matrix of voxels representing the target area of
interest. It is common in medical practice to acquire and reconstruct images into isotropic
(i.e. cubic) voxels, which allow for multi-planar reconstructions (MPR) of images in any
arbitrary plane without loss of spatial resolution.
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2.2 Image Acquisition

As x-ray photons travel through matter, they may pass unchanged, become absorbed, or
become scattered. The latter two are collectively termed “attenuation”, and represent the
loss of x-ray photons in matter. In physics, this is measured by the linear attenuation
coefficient (µ), which represents the fraction of photons attenuated per unit length for a
given material.

µ := − 1

Φe

dΦe

dz
(2.1)

where:

µ = linear attenuation coefficient (meters−1)
Φe = radiant flux of the beam (Watts)
z = path length of the beam (meters)

The basis of CT image interpretation relies on the differential attenuation of x-ray
photons by different tissues - i.e. different µ for each type of tissue. This is captured by
the values assigned to each voxel, which are attenuation values measured in Houndsfield
units (HU), named after Sir Godfrey Houndsfield. They represent a linear transformation of
µ from m−1 to unitless numbers that are more convenient for the typical values encountered
in medical imaging.

tissue attenuation in HU := 1000 · µ− µwater

µwater − µair

(2.2)

where:

µ = linear attenuation coefficient of the given tissue
µwater = µ of distilled water at standard temperature and pressure
µair = µ of air at standard temperature and pressure

Thus, by definition, the HU of water is 0 and that of air is -1,000. X-ray attenuation is
a physical quantity characteristic to a given material at a given x-ray beam energy. Since
x-ray beam energies used in medical CT vary little between scanners, it is expected that
different sets of images of the same tissue, acquired on different scanners, would measure
similar attenuation values in HU up to a margin of error and appear visually similar.
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Tissue Attenuation (HU)

Air -1,000
Lung -700 – -600
Subcutaneous fat -120 – -90
Simple fluid -10 – 20
Solid organs 20 – 60
Blood clots 50 – 70
Bone 300 – 1,900
Prosthetic metals > 2,000

Table 2.1: CT attenuation values in HU for various tissues and densities commonly en-
countered in medical imaging.

However, some variations can be observed in the real world due to various factors such as
scanner design and parameter differences [35].

At photon energies used in medical imaging, x-ray attenuation is strongly but not
perfectly correlated with material density. Denser materials such as calcium-rich bone will
have higher attenuation than less dense water-rich liver. The most commonly encountered
attenuation values in medical imaging are listed in table 2.1.

It is common to represent voxel HU values using 12-bit integers, giving 4,096 possible
values ranging from -1,024 to 3,071 HU [36]. Attenuation values outside this range are
typically truncated. Scanners exist which can measure values outside this range and report
values in 16-bit integers, and they allow for improved fidelity in representing higher density
materials such as prosthetic devices [36].

2.3 Image Reconstruction

The 3D matrix of voxels generated by CT must be reconstructed in two dimensions to
be displayed on a computer screen, and the reconstruction method has important impli-
cations for the appearance of the images [34]. Three important parameters are discussed
here: multiplanar reconstruction, windowing, and the inherent trade off between spatial
resolution and contrast resolution.
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2.3.1 Multiplanar Reconstruction

The simplest and most common method of representing CT data is as a stack of 2-
dimensional images (“slices”). The plane of each slice is arbitrary and can be taken in
any orientation, however, it is common in medical practice to obtain three anatomically
defined orthogonal planes: “axial”, “coronal”, and “sagittal” shown in figure 2.1. An
example of CT reconstruction in the 3 anatomical planes is shown in figure 2.2.

Figure 2.1: A diagram of the 3 orthogonal anatomical planes.

Three axes are defined relative to the CT scanner: the x-axis which is horizontal in the
plane of the gantry, the y-axes which is vertical in the plane of the gantry, and the z-axis
which is perpendicular to the plane of the gantry and parallel to the direction of table
motion. Since patients are most commonly placed lying on their back in the scanner (i.e.
in the “supine” position), the anatomical planes can be correlated with CT axes: axial
slices are in the x-y plane, coronal slices are in the x-z plane and sagittal slices are in the
y-z plane.

When generating the imaging stack, the operator decides on the desired reconstruction
slice thickness (often simply called slice thickness), which can be any arbitrary number
greater than or equal to the thickness of the x-ray detector element. Thinner slices are
better at identifying small structures but increase image noise.
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Figure 2.2: CT scan of the head and neck with multi-planar reconstructions in the three
orthogonal anatomical planes.

2.3.2 Image Windowing

Although typical voxel attenuation values fall in the range of -1,024 – 3,071 HU as previ-
ously mentioned, the majority of pathologies occur within a narrow range close to the
attenuation of fat, fluid, solid organs and blood clots, approximately -100 – 100 HU.
When iodinated contrast is used (discussed in sec 2.4), this range increases slightly to
approximately -100 – 200 HU. Nevertheless, the attenuation range of pathologies is often
represented on a small fraction of the total attenuation range measured by CT.

This fact becomes all the more important when considering that the human eye, un-
der ideal conditions, can recognize no more than approximately 700 levels of gray scale.
Therefore, to accentuate tissue contrast for the interpreting radiologist, it is important to
focus on the relevant attenuation values.

The problem is addressed by windowing the images, which refers to displaying attenua-
tion values within a certain range and truncating the rest. For example, a narrow window
in the range -125 – 225 HU is sometimes used for neck scans, as shown in the middle image
in figure 2.3. This window sets the display of voxels less than or equal to -125 HU to black
and those greater than or equal to 225 HU to white. The values between -125 and 225 HU
are linearly mapped to the entire gray scale of the screen.
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CT windows are typically defined using two parameters: the window level and the
window width. The window level refers to the center value of attenuations displayed in the
window - i.e. the attenuation value which will be displayed at exactly half the brightness
of a pixel on the screen. The window width refers to the width of attenuation values that
are mapped to gray scale on the screen. Narrower windows increase the tissue attenuation
contrast but lose information on attenuation values outside the window range.

Figure 2.3: Three different window settings for the same axial slice in a neck CT. Left to
right, the examples show the full range of CT, a narrow window and a wider window. The
scale at the bottom shows the range of HU mapped to screen gray scale, with values below
and above the window set to black and white, respectively.

2.3.3 Spatial Resolution vs. Contrast Resolution

Before reconstruction, raw data pass through a kernel, or convolution algorithm, which
modifies it in a way to improve a desired detail. For example, a smooth kernel improves
contrast resolution but reduces edge detail (spatial resolution) and is often used for soft tis-
sues, whereas a sharp kernel improves edge discrimination (spatial resolution) but increases
Gaussian noise within the image (lower contrast resolution).

Reconstruction slice thickness affects the resolution similarly: thicker slices improve
contrast resolution at the expense of spatial resolution, and thinner slices conversely im-
prove spatial resolution but lower contrast resolution.

There is an inherent trade off between contrast resolution and spatial resolution. Thus,
a kernel and slice thickness should be chosen which are optimized for the pathology un-
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der investigation. To avoid bias in learning algorithms, these parameters should be held
constant for all patients.

2.4 Iodinated Contrast Agents

The identification of tumours, including cancer, is difficult on plain CT because of un-
favourable attenuation characteristics. Most tumours, like solid organs, are composed of
cells that are predominantly water-filled. As a consequence, they are difficult to differen-
tiate from surrounding normal tissue which is also water-filled. Stated differently, both
tumours and solid organs typically fall in the 20-60 HU range.

To resolve this challenge, intravascular iodine-containing contrast agents were intro-
duced. The element iodine has physical properties that allow it to highly attenuate x-rays
in the medical imaging range, and iodinated contrast agents can be injected into the blood-
stream to increase the attenuation of flowing blood. This technique, termed enhancement,
allows CT to differentiate tissues based on the characteristics of blood flow within them.

Tumours are well known to exhibit disorganized blood vasculature due to a phenomenon
termed tumour-angiogenesis. While the difference between tumour vasculature and sur-
rounding tissue vasculature varies widely between different tumours and organs, the re-
sulting blood flow difference is often significant enough to create measurable attenuation
differences between the tumour and its surrounding tissue when iodinated contrast is used.
This fact is exploited in medical diagnostic imaging to make cancers more conspicuous.

Intravascular iodinated contrast creates its own set of challenges which must be taken
into account to ensure standardization of the resulting images. The volume of contrast
required for the injection varies depending on the body region to be scanned, but ideally
should be held constant between patients. The timing between contrast injection and
image acquisition determines the extent to which various tissues enhance, and should also
be held constant between patients. Figure 2.4 shows the effect of varying contrast timing.

In the real world, physiologic differences between patients inevitably lead to differences
in the distribution of intravascular iodinated contrast. For example, patients with reduced
heart function will have slower blood flow whereas patients with reduced kidney function
may require a smaller volume of contrast to be injected. These differences mean that even
with optimal standardization of the contrast injections between patients, some differences
in enhancement and imaging appearance are inevitable. When possible, these should be
well represented in the training data to avoid bias.

11



Figure 2.4: The effect of intravascular iodinated contrast and its timing on this axial CT
of the neck. In a, images were scanned before the contrast injection; in b, images were
scanned 25 seconds after the contrast injection and in c, 70 seconds after the contrast
injection. Notice the difference in attenuation of various tissues, most conspicuous in the
left common carotid artery (red arrows).

2.5 CT Image File Formats

Medical images, including CT, are typically stored in a format specified by the Digital
Imaging and Communications in Medicine standard, or DICOM. This standard specifies
the data to be stored in each image, including patient parameters (e.g. name, date of birth),
scanner parameters (e.g. helical rotation pitch and the radiation dose), reconstruction
parameters (e.g. kernel used and slice thickness) and various other technical aspects of
image acquisition.

The image data is typically stored as a bitmap within DICOM files and can be 3-
dimensional voxels or a stack of 2-dimensional slices from multiplanar reconstruction. Each
voxel or slice pixel has a 12- or 16-bit attenuation value in HU. CT reconstructions are
typically 512 × 512 in the x-y plane and of arbitrary size along the z-dimension.

2.6 Non-standardized Parameters Can Introduce Bias

Machine learning in general, and neural networks in particular, are affected by noisy input
data. While the effects of random noise can be minimized over large datasets, the size
of medical imaging datasets are often limited owing to the expenses involved in acquiring
and labelling them. Therefore it is important that image parameters are standardized
where possible. For parameters that cannot be standardized, it is important that they be
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uniformly represented in the training data to avoid over-fitting to noise.

Care should also be taken to avoid non-random noise in imaging datasets. Whereas
random noise may be mitigated by larger datasets, non-random noise is not mitigated by
increasing the number of samples and must instead be actively sought and removed.

An instance of non-random noise is seen in contrast timing: in routine clinical practice,
the radiologist determines an optimal contrast timing for the pathology under investigation.
This results in a correlation between the apparent contrast timing of an image and the
pathology contained within it. For example, contrast timing for CT neck is short (20–30
seconds) when assessing the carotid arteries to quantify stroke risk, and it is long (60–80
seconds) when assessing the neck for head and neck cancer. Patients undergoing stroke
risk quantification have a lower pretest probability of cancer than those being imaged with
suspicion of cancer. Therefore, from the perspective of a model which is presented with a
given CT image, those with short contrast timing will have a smaller a priori probability
of containing cancer compared images with long contrast timing. It is easy to see how the
model can learn to associate contrast timing with the probability of cancer, which would
be a serious confounding error.

The following parameters alter the appearance of CT images, and when possible should
be standardized in model training.

• Patient positioning in the scanner (e.g. “supine”).

• Reconstruction plane (e.g. “axial”).

• Slice thickness.

• CT window (window level and window width).

• Contrast timing.
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Chapter 3

Literature Review

3.1 Transfer Learning in Vision

Transfer learning, as discussed in 1.1, improves model training when available labelled
datasets are relatively small, because it allows the transfer of latent information from larger
datasets. For this reason, it is widely used in the training of computer vision models. In
this section, we summarize three important examples of transfer learning in vision. For
additional examples, we direct the reader to the survey by Zhuang et al. [9].

A commonly used transfer learning technique is the training of a classification model
on large datasets of labelled image data, such as ImageNet [37]. The latter contains more
than 14 million photographs, each labelled by hand and categorized into more than 20,000
categories. A classifier trained on ImageNet can then be fine-tuned for other vision tasks,
and performance has been shown to exceed performance of models initialized with random
weights [38, 39]. ImageNet pretraining has been used successfully to improve classification
of photographs [38], satellite images [40], and medical images [41], among others [42].

Another technique is the re-use of a trained model as a “backbone” within a larger
model. This allows latent information learnt from a task, such as classification, to be used
in another task, such as segmentation. For example, a ResNet model can be trained to
classify ImageNet, then re-used as the encoder pathway of a UNet model which is then fine-
tuned for object segmentation. This technique has been shown to improve medical image
segmentation, even though ImageNet does not include medical images [43, 44]. It has also
been shown to improve the performance of other segmentation and object detection tasks
[45, 46].
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The recently developed vision transformer (ViT) was designed with the goal of utilizing
the benefits of transfer learning [47]. Modeled after the transformers used in language
processing, ViTs use the attention technique to obtain context information for patches
of input images. Their performance is comparable to convolutional neural networks on
datasets of average size. However, at much larger dataset scales, ViTs achieve significant
performance improvements over CNNs and other techniques. This makes ViTs suitable for
the creation of so-called foundation models which train on very large datasets, and then
can be fine-tuned on downstream tasks that use smaller datasets. SAM is an example of
a foundation model built on ViTs (sec. 3.2.2). In other words, ViTs strength is in their
ability to transfer learning from very large datasets.

3.2 Segmentation Used in Medical Imaging

3.2.1 UNet

One of the most commonly used neural network architectures for medical imaging segmen-
tation is UNet [27]. This architecture improves on the fully convolutional network (FCN)
design introduced by Long et al. [48], which accepts input images of arbitrary size and
outputs segmentation masks with dimensions matching the input image.

The FCN design uses locally connected layers, such as convolution layers, to reduce
the number of trainable parameters. This design eschews fully connected networks which
typically add a large number of trainable parameters. The FCN is arranged with a down-
sampling path leading to a bottleneck layer, followed in series by an upsampling path
which restores the input image dimensionality. There are skip connections between the
early layers and the upsampling path to restore image context. At the time of its publi-
cation, FCNs beat previous best performers such as Regions with CNN features (R-CNN)
and Simultaneous Detection and Segmentation (SDS) [48, 49, 50].

The UNet architecture modifies the above approach of FCNs by placing a large number
of feature channels in the upsampling path (figure 3.1). This modification, which gives
the network its characteristic ”U” shape, is the inspiration for its name. It retains other
properties of FCNs, such as the exclusion of any fully connected layers, the connections
between the downsampling and the upsampling pathways which retain context, and the
ability to produce bitmap outputs of dimensions which match those of the input image.
Another important characteristic of UNet is its ability to create context for border pixels
by mirroring the image at the edges.
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Since the publication of the original UNet architecture in 2015, many other variations
have been introduced which attempt to build on its performance. These include varieties
such as UNet++ [51], Trans-UNet [52], and Swin-UNet [53]. A review of these methods
by Yao et al. showed generally similar performance across the board [54].

Figure 3.1: UNet achitecture. “Each blue box corresponds to a multi-channel feature map.
The number of channels is denoted on top of the box. The x-y-size is provided at the lower
left edge of the box. White boxes represent copied feature maps. The arrows denote the
different operations.” This figure and caption were obtained from the UNet paper [27].

3.2.2 MedSAM

The Segment Anything Model (SAM), proposed by Kirillov et al., is a recent general-
purpose foundation model for object segmentation [55] which is built using ViTs. SAM
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takes two inputs in parallel: an image and a prompt, the latter of which may be text, an
input mask, or other relevant prompt. The image is fed into an image encoder consisting of
a Vision Transformer (ViT) pretrained using the Masked Autoencoder method [56]. Pre-
training data consist of a large dataset of 11 million “diverse, high resolution, licensed and
privacy protecting images”, and its associated 1.1 billion masks. Recent work investigating
the performance of SAM on medical imaging datasets compared it to pre-existing mod-
els, and found that UNet based models that are trained on in-domain datasets performed
better than SAM [57].

MedSAM is an extension of SAM published by Ma et al. [58]. The authors used
a curated comprehensive dataset formed by combining many available medical imaging
datasets, including radiology (CT, MRI, ultrasound), dermatology, endoscopy, ophthal-
mology and pathology images. In total, they used over 1.5M image-mask pairs. A pre-
trained SAM was further trained on the medical images, resulting in the final MedSAM
model. The authors’ results showed superior results compared to SAM on medical tasks,
and similar or better performance than pre-existing models at the expense of increased
computational complexity.

3.3 Prior Work on Segmentation of Head and Neck

Cancer

Multiple studies have looked at the problem of segmenting head and neck tumours. As
previously discussed, there is utility to the task because these tumours are amenable to
radiotherapy and treatment planning requires tumour segmentation, slice by slice, on an
anatomic scan such as CT.

The majority of studies have looked at segmentation of fused positron emission tomog-
raphy and CT (PET-CT scans). PET imaging allows for additional information on tumour
location which would make the problem easier to solve, as shown in figure 3.2 [31]. Exam-
ples of previously published papers are listed in table 3.1. Most studies used a UNet based
model to tackle this task. Notably, in 2020 and 2021 the Medical Image Computing and
Computer Assisted Intervention Society (MICCAI) meetings organized the HECKTOR
challenge, in which participating teams were asked to segment PET-CT scans of head and
neck cancers. Myronenko et al. won the challenge in 2022 [29].
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Figure 3.2: Comparison of CT and PET-CT appearances in this patient with head and
neck cancer. In a, CT with IV contrast shows the subtle gray tumour along the left anterior
(front) portion of the tongue (blue arrow). In b, PET-CT fusion images obtained at the
same time demonstrate the tumour in bright orange (blue arrow) due to its high metabolic
activity which can be easily detected by PET. This figure is modified from the original
which was obtained under a creative commons license [59].

Study Year Modality Model Dataset size Result (DSC)
Wang et al. [1] 2024 PET-CT UNET 795 0.67 - 0.76
Xie et al. [2] 2024 PET-CT Modified UNET (SE-nnU-Net) 254 0.78

Zhao et al. [60] 2023 PET-CT,
CT

UNET 201 0.80 (PET-CT),
0.61 (CT)

Gay et al. [6] 2023 CT UNET 198 0.70
Oreiller et al. [28] 2022 PET-CT UNET 254 0.76
Schouten et al. [61] 2022 MRI Multi-view 220 0.49
Myronenko et al. [29] 2022 PET-CT SegResNet [62] 883 0.79

Guo et al. [30] 2019 PET-CT UNET 250 0.73

Table 3.1: Previously published studies on the automated segmentation of head and neck
cancers.
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Chapter 4

Datasets

All data used in this project were retrieved from the Cancer Imaging Archive [63]. An
expert-labelled dataset (sec 4.1) was used for supervised training and fine-tunining. A
collection of eight unlablelled datasets were combined into a single large unlabelled dataset
(sec 4.2) and used for self-supervised pretraining tasks.

4.1 Labelled Dataset

4.1.1 Dataset Characteristics

The Head and Neck Squamous Cell Carcinoma (HNSCC) dataset was used for supervised
training [64]. It consists of 492 contrast-enhanced CT scans of patients with HNC, which
were acquired prior to the initiation of therapy.

The images were expert-labelled by specialist radiation oncologists who performed pixel-
level manual segmentation of the extent of disease. This included the primary tumour
(Primary Gross Tumour Volume, GTVp), as well as additional sites of spread to lymph
nodes (Nodal Gross Tumour Volume, GTVn). The segmentation was initially performed
for radiation therapy planning as part of cancer treatment for these patients, and was later
retrieved and anonymized before being submitted to the Cancer Imaging Archive.

CT data were retrieved as stacks of 2D axial slices. Each slice is a 512×512 pixel 12-bit
grayscale image acquired with IV contrast at a delay of 50-80 seconds in venous phase.
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Dataset Characteristics

Number of scans 492
Number of patients 492
Number of images 101,363
Disease stage
I 3
II 16
III 67
IV 406

Gender
Female 69
Male 423

Age (years)
Range 28 - 87
Median 57
Mean 57.8
Standard dev 9.2

Primary location
Base of tongue 255
Glossopharyngeal sulcus 11
Soft palate 8
Tonsil 194
Not otherwise specified 24

Table 4.1: Patient and image characteristics for the labelled dataset.
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4.1.2 Preprocessing Steps

The images were then set to a window level of 50 HU and window width of 200 HU, which
corresponds to maximal contrast for head and neck tumours [65]. CT image windowing is
further described in section 2.3.2.

The labels were converted to 256× 256 pixel 1-bit mask images, where each pixel was
assigned a value of 0 for background (normal tissue) and 1 for foreground (tumour, which
is a combination of GTVp and GTVn). Thus, each image (“slice” on the scan) had a
corresponding mask image. The label tumour was used for both the primary tumour and
any additional metastasis (i.e. secondary sites of tumour spread).

4.2 Unlabelled Datasets

4.2.1 Dataset Characteristics

All eight additional datasets, retrieved from the Cancer Imaging Archive, included CT
scans that covered the head and neck region, as detailed in table 4.2. However, they varied
in a number of ways listed below.

Clinical history. The reason for performing the scan varied. Some patients in some
datasets were already diagnosed with a malignancy/cancer, whereas others were undergoing
initial investigations for suspicious symptoms and have no imaging evidence of malignancy.
In addition, cancer patients had a variety of tumours, not just head and neck.

Image acquisition technique. Some images were dedicated CT scans obtained using
the usual imaging parameters for slice thickness and radiation dose. Others were obtained
as part of a combined Positron Emission Tomography - Computed Tomography (PET-CT)
scan, which are performed at lower radiation doses and result in images with lower spatial
and contrast resolution.

The use of IV contrast. Dedicated CT scans of the head and neck are typically
performed with IV contrast in the venous phase (refer to section 2.4). Images in these
non-dedicated datasets varied in contrast usage. Some were without contrast, others used
contrast in the venous phase, and others used contrast in other phases.

Anatomical region. Some datasets contained dedicated CT scans of the head and
neck only. Others contained full body scans, which covered the region of the head and
neck. And yet others varied in their region of scanning on a case-by-case basis, sometimes
not including the head and neck.
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Dataset n History Tech Contrast agent Region
TCGA-HNSC
[66]

227 Pre-surgery HNC pa-
tients

CT IV venous phase Head and neck

HNSCC-3DCT-
RT [67]

31 Pre-radiation, mid-
radiation, and after
radiation therapy for
HNC patients

CT IV venous phase Head and neck

Head-Neck-
RADIOMICS-
HN1 [68]

137 Pre-treatment HNC pa-
tients

PET,
CT

Non-contrast Brain, head, and
neck

Head-Neck-
PET-CT [69]

298 Pre-treatment HNC pa-
tients

PET,
CT

Some non-contrast,
others IV venous
phase

Brain, head, and
neck

Head-Neck-CT-
Atlas [70]

215 Pre- and post-treatment
HNC patients

PET,
CT,
MRI

Some non-contrast,
others IV venous
phase

Whole body

OPC-Radiomics
[71]

606 Pre-radiation HNC pa-
tients

PET,
CT

Non-contrast Brain, head,
neck

QIN-Head-Neck
[72]

279 Pre- and post-treatment
HNC patients

PET,
CT

Non-contrast Brain, head,
neck

Head-Neck-
Cetuximab
[73]

111 Pre- and post-treatment
HNC patients

PET,
CT

Non-contrast Whole body

Table 4.2: Summary of dataset characteristics and corresponding references. n is the
number of unique patients in the dataset.
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4.2.2 Preprocessing Steps

The unlabelled datasets required more preprocessing because they were more diverse (see
section 4.2.1). The modifications are detailed below and then summarized in table 4.3.

Region of interest restriction. Some datasets included CT scans of the whole body.
Although these added up to a minority of total cases, we hypothesized that images of the
lower chest and below are likely of low learning value to this model. We therefore removed
all slices below the upper chest creating a uniform dataset of neck CT scans. An example
is shown in figure 4.1.

Figure 4.1: Example of field of region of interest restriction. CT images extracted from a
PET-CT study consist of a large stack covering the head to the mid-thighs. Only axial
images covering the head and neck region were included in the processed dataset.

Field of view restriction. Dedicated CT scans are optimized such that the widest
point of the patient’s body occupies the majority of the scan field in the axial plane.
However, CT scans performed as part of a PET-CT study are not optimized in this way
resulting in a large field of view including external objects such as the scanner table. We
cropped these images manually in order to match the field of view to that of dedicated CT
scans. An example is shown in figure 4.2.

Image window level. We set window level and other image parameters to be identical
to those of the downstream task on the labelled dataset, described in section 4.1.2.
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Dataset n patients n CT series n images
TCGA-HNSC
[66]

227 1,052 146,094

HNSCC-3DCT-
RT [67]

31 92 18,163

Head-Neck-
RADIOMICS-
HN1 [68]

137 136* 17,831

Head-Neck-
PET-CT [69]

298 503 62,185

Head-Neck-CT-
Atlas [70]

215 810 86,115

OPC-Radiomics
[71]

606 606 108,199

QIN-Head-Neck
[72]

279 895 138,954

Head-Neck-
Cetuximab [73]

111 439 41,294

Total 1,904 4,533 618,835

Table 4.3: Summary of the combined dataset after preprocessing steps, including removal
of slices outside the neck region. n CT series refers to the number of CT acquisitions, of
which there can be more than one for a single scan. * In this dataset, one of the studies
had missing axial CT images and was therefore excluded.
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Figure 4.2: Example of field of view restriction on this axial CT image obtained from a
PET-CT study. The original image on the left shows the scanner table within the field
view, marked by yellow arrows. The modified image on the right is after cropping to
remove the table.

25



Chapter 5

Experimental Setup

Multiple approaches to segmenting head and neck tumours and their associated metastases
were assessed. In this chapter we provide their descriptions.

5.1 Study Design

The labelled dataset was used for supervised training. Approximately 10% of the dataset
was removed and held separately as a test set. It was not used in any part of training or
validation to minimize the leakage of information when model performance is evaluated
in the final step. The remaining 90% of the labelled dataset was further divided into a
training set (77.6%), a first validation set (11.2%) and a second validation set (11.2%).

The unlabelled dataset was used for self-supervised pretraining. It was constructed from
the 8 datasets described in section 4.2.1. Because these datasets were more heterogeneous,
they underwent a significant amount of preprocessing to make them more similar to the
labelled dataset (sec 4.2.2). The resulting model was then subsequently fine tuned by
supervised training.
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Figure 5.1: Overview of the model architecture. The UNet design is U-shaped, with an
encoder (ResNet-34 in this case) and a decoder. This image was modified from the original
by Yojana and Rani [43].

5.2 Supervised Training

5.2.1 Model Structure

2D-UNET was used for supervised training (sec 3.2.1). The encoding pathway includes
a ResNet-34 network as shown in figure 5.1. The entire model may be initialized from
random weights. Alternatively, the ResNet-34 can be populated with pretrained weights
from ImageNet training.

5.2.2 Model Inputs

CT images. Model inputs consisted of axial CT slices which were preprocessed according
to the methods described in section 4.1.2.
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For initialization with random weights, two approaches to input processing were com-
pared. In the first, each input image represented a CT image slice as a single channel
grayscale input. Thus, each input consisted of a single 256 × 256 matrix. In the second,
each input contained 3 anatomically adjacent CT slices as 3-channel input where each
channel represented one of the slices. The middle slice is the one for which the label mask
corresponds. Thus, each 3-slice input consisted of a 256× 256× 3 tensor, where the value
at [:, :, 1] was the selected slice.

For initialization with pretrained weights, including ImageNet weights, the input was
constrained to 3-channels in order to match the pretraining dataset image format. This
naturally matched the input format for 3-slice inputs described above (256 × 256 × 3
tensors). However, single slice inputs had to be duplicated twice to generate 256× 256× 3
tensors with the same image repeated 3 times.

Masks. Masks consisted of 256 × 256 pixel 1-bit mask images as described in sec-
tion 4.1.2. For multi-slice inputs, single slice masks were used which correspond to the
index slice in 3-channel input (i.e. position [:, :, 1] in the 256 × 256 × 3 tensor). In other
words, masks described the ground truth segmentation for the index slice, and not the
segmentation for neighbouring slices.

5.3 Self-supervised Pretraining

The goal of pretraining on the unlabelled set is to obtain additional information that my
be useful on the downstream task. To effectively perform training, self labelled training
tasks were created and used.

5.3.1 Jigsaw Puzzle

In this arm, the ResNet34 backbone of the 2D-Unet model was first pretrained on the
unlabelled dataset using the jigsaw puzzle problem, which was described by Noroozi and
Favaro [14].

Each input image was cropped to size (225, 225) to exclude surrounding background
which would make puzzle solution trivial by adjoining skin edges. The exact location of
the crop was randomly selected, and the top left pixel was chosen in the range (0, 0) and
(31, 31). Then, 9 tiles were extracted from the cropped image in a 3 × 3 grid. Each tile
contained 64 × 64 pixels, allowing for gaps between adjoining tiles to avoid the trivial
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solution of the algorithm learning to connect edges. Figure 5.2 shows an example of puzzle
creation for a CT image.

The Jigsaw self-supervised training task was then implemented using two different
methods. In the first, the model acted as a classifier selecting the apropriate permuta-
tion. In the second, the model rearranged the jigsaw using a differentiable sort and rank
algorithm.

Classifier on permutations. This is the original method as described by Noroozi
and Favaro [14]. 100 shuffled arrangements of tiles were then generated. During training,
a random shuffle was selected. The self supervised training task was to identify which
shuffled arrangement was used. Thus, the self supervised training task was a 100-class
classification problem with cross entropy used as the loss function. This is similar to the
original technique by Noroozi and Favaro, with the exception that they used 1,000 classes.

Re-arranging the Jigsaw. In order for the model to be able to re-arrange the Jigsaw,
i.e. sort the puzzle pieces, it must be able to perform sorting and ranking in a differentiable
manner that can be used with backpropagation. Blonel et al. described a differentiable
algorithm for sorting and ranking in their 2020 paper [74], which was used in this task.
This allowed the model to output an array y of length 9 (equal to the number of tiles),
where yi ∈ [0, 8] represented the predicted rank of the ith tile.

5.3.2 Segmentation Pretraining

Most transfer learning in vision research uses supervised classification for its pretraining
tasks [38, 39, 38, 40, 41, 42]. This is the case even when the intended downstream task is
segmentation or object detection [43, 44, 45, 46]. Other popular transfer learning techniques
include self-supervised strategies such as masked patch prediction [47] and contrastive
learning [75]. However, segmentation itself is rarely used a pretraining task, possibly
owing to the difficulty of obtaining high quality masks for each image. We hypothesized
that segmentation might be a useful pretraining task for a segmentation model, and we
created a novel self-supervised task to explore this idea.

For each unlabelled input CT image, we created a mask in an unsupervised fashion.
We used the efficient graph-based segmentation algorithm described by Felzenszwalb and
Huttenlocher [33], which attempts to identify boundaries between different regions of an
image. The pretraining task can, however, be done with any other unsupervised segmen-
tation algorithm.

An input CT image is first center-cropped to a (256× 256) square to eliminate most of
the surrounding blank space. Then, using Felzenszwalb’s algorithm, the image is segmented
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Figure 5.2: Puzzle creation for the jigsaw task. (A) shows the original input image and
(B) shows the jigsaw puzzle that is created from it. Gaps between each tile (green square)
were used to reduce the dependence on edge completion.
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with the following parameters: scale, which influences segment size, is set to 150; and σ,
which controls the diameter of the Gaussian kernel prior to segmentation, is set to 0.6.

Five pixels are then placed in the output segmentation at predetermined locations (table
5.1). The segments containing those five pixels are labelled foreground, while the rest of the
image is labelled background. Two variations of mask generation were then implemented.
In the first, the generated mask contained the five foreground segments and background,
for a total of six segments. In the second, the generated mask contained a single foreground
segment combining the five segments into one, and a background segment, for a total of
two segments. These are shown in figure 5.3.

Relative position Absolute position

( 5
16
, 5

16
) (80, 80)

( 5
16
, 11

16
) (80, 176)

(1
2
, 1

2
) (128, 128)

(11
16
, 5

16
) (176, 80)

(11
16
, 11

16
) (176, 176)

Table 5.1: The 5 key pixel positions which are used to generate the training mask from
unsupervised segmentation. The relative position relates to an arbitrary image size, and
the absolute position refers to positions on a (256× 256) image.

Because this is a segmentation task, the Unet model could itself be pretrained and then
subsequently fine tuned. This meant that all weights in the model, and not just those of
the backbone ResNet34 model, were pretrained. The exception is the final output layer
which was replaced with randomly initialized weights for fine-tuning.

5.4 Loss functions

5.4.1 Dice Coefficient

The Dice-Sørensen Similarity Coefficient (DSC) was used as the loss function segmentation
training. For each input, the model outputs a tensor of dimension 256×256 and probability
values in the range (0, 1), corresponding to the likelihood that a pixel belongs to foreground
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Figure 5.3: Mask creation for the self-supervised segmentation pretraining task. The input
image (A) is first center-cropped (B), then segmented using Felzenszwalb’s algorithm (C).
The 5 segments which contain the 5 super pixels (red dots in C and B) are then labelled
5 different foreground segments (D) or combined into a single foreground segment (E). In
both (D) and (E), remaining pixels are labelled background.
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(i.e. tumour). The loss function is calculated by comparing model outputs to the input
mask label.

Dice coefficient :=
2|ŷ ∩ y|
|ŷ|+ |y|

=
2
∑

p ŷpyp∑
p ŷp +

∑
p yp

(5.1)

where:

ŷ = model prediction (256× 256 matrix).

y = ground truth label (256× 256 binary matrix).

p = pixel coordinates.

ŷp = pixel value at location p in the model prediction.

yp = pixel value at location p in the ground truth label.

5.4.2 Cross Entropy

Cross entropy was used as the loss function during pretraining of ResNet34 backbones when
using the Jigsaw task. The formula below was used, with 100 classes for the permutation
implementation and 9 classes for the differentiable ranking implementation.

L(y, ŷ) := −
C∑
i=1

yilog(ŷi) (5.2)

33



Chapter 6

Results

The experimental results are split into three sections. Section 6.1 describes the results of
the supervised models with details on its hyper-parameter search. Section 6.2 describes
the results of using the 3 pretraining strategies previously described, and assesses their
performance using the optimal hyperparameters from section 6.1. Finally, section 6.3
shows the results off all training strategies on a test set that was not used during training
or validation.

6.1 Supervised Model Performance

The two main strategies in the supervised model were to assign random starting weights for
the entire model (the “random” strategy) and to assign ImageNet weights for the ResNet34
backbone of the model (the “ImageNet” strategy). Their results are shown in figures 6.1 -
6.7.

Learning rate. Both models were trained in a variety of learning rates. Optimal DSC
values were obtained at learning rate of 1× 10−4 (figures 6.1 and 6.4).

Slice inputs. Both models were trained using a single slice input and also using 3
contiguous slice inputs. In both cases, 3 inputs performed better. For random weights,
slices were mapped to channels, so single slice inputs resulted in single channel models and
3-slice inputs resulted in 3-channel models (figure 6.5). For ImageNet, all models required
3 channel inputs to match ImageNet pretraining. Therefore, for single-slice inputs, the
same slice was duplicated twice to create the necessary 3 channel input structure.
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Figure 6.1: Effect of various learning rate
values on second validation set perfor-
mance. Green bar: ImageNet starting
weights.
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tiguous CT slices for each input. Green
bar: ImageNet starting weights.

Freezing layers. This was done only in the ImageNet strategy to test preservation of
previously learned ImageNet information. Because the random strategy has no previously
learned information, its layers were not frozen. As the number of frozen layers increased,
model performance decreased (figure 6.3).

Figures 6.6 and 6.7 demonstrate training and validation losses per training step and
epoch respectively. In both cases, losses drop with each successful training iteration, with
a slightly lower final validation loss in ImageNet weights compared to random weights.

Figures 6.8 and 6.9 show examples of segmented images using both models. The fig-
ures show selected axial CT slices from 4 different patients, each annotated as containing
tumour. Both models performed well on the first 3 images and missed the tumour in the
fourth image.

6.2 Effects of Unsupervised Pretraining

Each of the three pretraining strategies were attempted in parallel on models initialized
with random weights and ImageNet weights. Figure 6.10 shows a summary of the re-
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Figure 6.6: Training and first validation
loss values per epoch for a model initial-
ized with random weights. In this model,
3 CT slices were used to create 3-channel
input.

Figure 6.7: Training and second valida-
tion loss values per epoch for a model ini-
tialized with ImageNet weights. In this
model, 3 CT slices were used to create
3-channel input.

sults. In brief, while the Jigsaw and segmentation tasks showed consistent performance
improvement compared to models initialized with random weights, there were no observed
improvement compared to models initialized with ImageNet weights. Indeed, the ImageNet
supervised model strategy performed the best across all tests as measured by DSC.

6.2.1 Jigsaw Puzzle

Improvements in the Jigsaw and JigsawSR pretraining tasks were observed only when start-
ing from random weights (figure 6.10). Training and validation loss declined consistently
with every training step and epoch (figures 6.11 - 6.14).

Figure 6.15 and 6.16 show segmentation outputs of the models pretrained with the
Jigsaw puzzle starting with ImageNet weights. The Jigsaw model performed better on
image 4 compared to models without pretraining. However, overall DSC was worse than
from models with ImageNet pretraining only.

In all pretraining and training conditions, JigsawSR, with its differentiable sorting
algorithm, performed better than classic Jigsaw pretraining. The improvement was more
pronounced for ImageNet starting weights.
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Figure 6.8: Segmentation results for model initialized with random weights.
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Figure 6.9: Segmentation results for model initialized with ImageNet weights.
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Figure 6.10: Performance effect of in-domain self-supervised pretraining on the test set.
Jigsaw and segmentation pretraining improved the performance when starting with random
weights, but worsened performance when starting with ImageNet weights.

Figure 6.11: Training and validation loss
values per epoch for a Jigsaw model ini-
tialized with random weights.

Figure 6.12: Training and validation loss
values per epoch for a Jigsaw model ini-
tialized with Imagenet weights.
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Figure 6.13: Training and validation loss
values per epoch for a JigsawSR model
initialized with random weights.

Figure 6.14: Training and validation loss
values per epoch for a JigsawSR model
initialized with Imagenet weights.

6.2.2 Segmentation Pretraining

The segmentation pretraining task was performed starting from random weights and also
from ImageNet weights. When starting from random weights, test set improved (∆DSC =
0.018). However, when starting from ImageNet weights, performance after pretraining
decreased on the test set (∆DSC = −0.020).

Number of foreground segments. Validation set performance was better when
pretraining masks had a single foreground segment compared to 5 segments. This result
was consistent for both random and ImageNet starting weights. Results are shown in figure
6.18.

Training and validation losses are shown in figures 6.19 and 6.20. After approximately
20-30 epochs, training losses continued to decrease while validation losses remained rela-
tively flat.

Examples of segmented images using this technique are shown in figure 6.17. The
model was able to identify that all images contained tumour, however, it was not able to
accurately segment all lesions.
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Figure 6.15: Segmentation results for model pretrained on the jigsaw task.
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Figure 6.16: Segmentation results for model pretrained on the JigsawSR task.
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Figure 6.17: Segmentation results for model pretrained on the segmentation task.

44



0.61

0.63

0.65

0.67

0.69

0.71

0.73

0.75

0.77

0.79

1 segment 5 segments

D
ic

e

Effect of number of pretraining segments

ResNet34 Random Weights ResNet34 ImageNet Weights

Figure 6.18: A larger number of foreground segments in the pretraining task resulted in
worse performance in the fine-tuning task on the validation set.

Figure 6.19: Training and validation
loss values per epoch for a Segmentation
model initialized with random weights.

Figure 6.20: Training and validation
loss values per epoch for a Segmentation
model initialized with Imagenet weights.
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Model
Test set

TPR TNR DSC

Random weights 0.764 0.974 0.766

Jigsaw pretraining 0.765 0.980 0.782

JigsawSR pretraining 0.736 0.979 0.786

Segmentation pretraining 0.776 0.972 0.784

Table 6.1: Performance metrics for each training method on the test set for models ini-
tialized with random weights. DSC: Dice similarity coefficient. TPR: true positive rate.
TNR: true negative rate.

6.3 Model Evaluation on the Test Set

Model performance, measured by DSC, held up well as shown in tables 6.1 and 6.2. In-
domain pretraining improved performance when starting from random weights with results
being close for all 3 pretraining arms. For ImageNet starting weights, however, in-domain
pretraining did not improve performance.

The test set also reveals high true positive and true negative rates for each segmented
image. This indicates that the segmentation models could be reliably used as binary
classifiers of tumour vs non-tumour CT images of the head and neck.
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Model
Test set

TPR TNR DSC

ImageNet weights 0.761 0.972 0.787

Jigsaw pretraining 0.751 0.976 0.780

JigsawSR pretraining 0.753 0.977 0.783

Segmentation pretraining 0.767 0.969 0.759

Table 6.2: Performance metrics for each training method on the test set for models ini-
talized with ImageNet weights. DSC: Dice similarity coefficient. TPR: true positive rate.
TNR: true negative rate.
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Chapter 7

Discussion

In this study, we created multiple models to segment head and neck tumours. Using DSC
as the primary performance metric, we compared different approaches to optimizing a
UNet model for this task.

We found that a 2D UNet with a ResNet-34 backbone pretrained on ImageNet weights
performed best. The DSC of this model rivaled the performance of published studies which
used PET-CT, despite our study being performed on CT alone without the benefit of PET
information.

It is possible that this performance improvement was obtained due to input data op-
timization. For example, windowing of input CT images for the target tumour may have
made the task easier for a segmentation model by eliminating image data which does not
contribute to tumour segmentation. Of the identified prior studies on this task, 4 used
raw CT data without windowing [29, 60, 6, 1] and 2 performed windowing in the [-200,
200] range [2, 30] which may be too wide for head and neck tumours. In contrast, we used
window width of 200 and window level of 50, which corresponds to a range of [-50, 150].

It is also possible that this performance improvement was obtained due to the use of
a ResNet34 encoder backbone in the UNet architecture. Of the identified studies which
used a UNet architecture, Wang et al. [1] is the only study that uses a ResNet backbone.
The authors used a ResNet50 backbone, instead of the ResNet34 model used here. There
is no mention of which weights were used to initialize the ResNet50 backbone.

Additionally, it is also possible that a DSC in the range of 0.7-0.8 is approaching the
limits of performance on this problem. When tumours are segmented by experienced
radiologists or radiation oncologists, it is common that their inter-rater agreement is not
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perfect. For example, when experienced physicians segmented pancreatic tumours, they
achieved a DSC of 0.75 [76]. When experienced physicians segmented prostate cancer,
they achieved a DSC of 0.61 [77]. We were unable to find a study assessing the inter-
rater agreement for physicians segmenting head and neck cancer scans, but it would be
reasonable to expect that such a measure would fall in a similar range.

We found the model which was initialized with ImageNet weights performed better than
the model initialized with random weights. This suggests that ImageNet contains useful
information for the segmentation task, which is perhaps surprising given that ImageNet
is a photography dataset which at first glance appears different from medical CT images.
This effect held true for both single slice and 3-slice inputs.

Previous work by Wen et al. [78] found similar results. They noted that when a sin-
gle modality of medical imaging was used, pretraining on ImageNet performed better for
segmentation tasks than pretraining on images from the same modality. This ImageNet ad-
vantage disappeared when multi-modality imaging data was used. Additionally, they found
this to hold true primarily for segmentation tasks; for classification, on the other hand,
medical imaging pretraining performed better than ImageNet pretraining even with single
modality input. Work by Huang et al. [79] also showed better performance with ImageNet
pretraining compared to medical imaging pretraining for some classification tasks.

Self-supervised pretraining with the jigsaw and segmentation tasks did not improve
model performance compared to pretraining using ImageNet alone. Interestingly, both
jigsaw and pretraining were able to improve the performance of the randomly initialized
model despite having the opposite effect on the ImageNet initialized model.

We performed two variations of jigsaw pretraining, and found that random shuffling of
the puzzle with a differentiable sorter performed better than the original jigsaw method
as described by Noroozi et al. [14]. In the original method, a set of random shuffles is
produced a priori and a classifier is trained to identify the correct shuffle. Random shuffling
with a differentiable sort, on the other hand, is likely to be able to produce a larger variety
of training data leading to a more robust training process.

We make educated guesses on the potential causes for the lack of improvement on the
ImageNet baseline model. It is possible that the pretraining dataset was too small for
the task. At 618,000 images, it is significantly smaller than the ImageNet dataset which
contains over 14 million images. If a larger CT dataset were to be available, it may reduce
the effects of data heterogeneity in terms of CT acquisition parameters and contrast timing.
It is also possible that further pretraining epochs or different hyper-parameters may have
been able to achieve further model improvements at the cost of computational power. Last
but not least, it is also possible that the segmentation task we created and the jigsaw
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task we selected for pretraining may not be able to extract enough information out of the
unlabelled dataset to improve model performance.

Performance on the test set was robust and similar to that on the validation set. Ad-
ditionally, results on the test set show that the model can be reliably used as a binary
classifier for the presence of tumour on a given CT slice, with true positive rates of 73-78%
and true negative rates of over 97%.
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Chapter 8

Conclusion

HNC is one of the leading causes of cancer deaths worldwide. In this study, we trained a
number of models for the segmentation of cancer on head and neck CT scans, and compared
ImageNet pretraining to in-domain Jigsaw puzzle pretraining and a novel segmentation
pretraining task that we created. We found that ImageNet pretraining achieved the best
results. Performance on the ImageNet pretrained model rivaled the best performing models
in the literature which used PET-CT images, despite our models using CT alone.
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C. René Leemans, Pim De Graaf, and Martijn D. Steenwijk. Automatic segmen-
tation of head and neck primary tumors on MRI using a multi-view CNN. Cancer
Imaging, 22(1):8, December 2022.

[62] SegRestNet network architecture., October 2024.

[63] Kenneth Clark. The Cancer Imaging Archive (TCIA): Maintaining and Operating a
Public Information Repository. Journal of Digital Imaging, 26.

[64] Hesham Elhalawani. Radiomics outcome prediction in Oropharyngeal cancer
[Dataset].

[65] Jenny K. Hoang, Christine M. Glastonbury, Luke F. Chen, Jaime K. Salvatore, and
James D. Eastwood. CT Mucosal Window Settings: A Novel Approach to Evaluat-
ing Early T-Stage Head and Neck Carcinoma. American Journal of Roentgenology,
195(4):1002–1006, October 2010.

[66] Margarita L. Zuley, Rose Jarosz, Shanah Kirk, Yueh Lee, Rivka Colen, Kimberly
Garcia, Dominique Delbeke, Michelle Pham, Paul Nagy, Gorkem Sevinc, Marla Gold-
smith, Subair Khan, Jose M. Net, Fabiano R. Lucchesi, and Natalia D. Aredes.
The Cancer Genome Atlas Head-Neck Squamous Cell Carcinoma Collection (TCGA-
HNSC), 2016.

[67] Tatiana Bejarano, Mariluz De Ornelas-Couto, and Ivaylo Mihaylov. Head-and-neck
squamous cell carcinoma patients with CT taken during pre-treatment, mid-treatment,
and post-treatment Dataset (HNSCC-3DCT-RT), 2018. Version Number: 2.

[68] Leonard Wee and Andre Dekker. Data from HEAD-NECK-RADIOMICS-HN1, 2019.

[69] Martin Vallières, Emily Kay-Rivest, Léo Perrin, Xavier Liem, Christophe Furstoss,
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J. Menzel, S. Pachmann, M. Pavic, K. Radlanski, O. Riesterer, S. Gerum, F. Röder,
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Glossary

µ linear attenuation coefficient. A physical quantity representing the fraction of x-ray
photons that are attenuated/lost per unit length in matter. 6

DSC Dice similarity coefficient is a metric for measuring the overlap between two regions
in an image, where 1 represents perfect overlap and 0 represents no overlap. It is
calculated according to formula 5.1. xii, 31, 34, 37, 46–49

enhancement the increase in the attenuation of a specific tissue which occurs when iod-
inated contrast is injected, and this phenomenon is related to the characteristics of
the blood flow within the tissue. 11

HNC head and neck cancer is a common type of cancer arising in structures of the head
and neck (e.g. tongue, larynx, nasal cavity) and is the sixth leading cause of cancer
death worldwide (section 1.2). iii, 2, 3, 19, 51

HU Houndsfield units. Represent x-ray attenuation in tissue for the purposes of CT scan-
ning in medical imaging. They are a linear transformation of the linear attenuation
coefficient of matter, normalized to the attenuation of water. ix, xii, 6, 7, 9–12, 21

slice thickness the thickness of each slice in the stack of CT images generated using mul-
tiplanar reconstructions. This is sometimes called “reconstruction slice thickness”,
and is different from the “detector slice thickness” which refers to the size of a de-
tector. The reconstruction slice thickness can be any number greater than or equal
to the detector slice thickness. 8, 10

window the CT window of a slice refers to the range of attenuation values displayed in
gray scale on the screen. Voxels with attenuation smaller than the range are displayed
black and those higher than the range are displayed white. 9, 10, 63
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window level the attenuation value in the center of a CT window and which is mapped
to exactly half the brightness of the display 10, 13, 21, 48

window width the width of the range of attenuation values which are mapped to the gray
scale of the display. This can also be defined as WW = HUw max −HUw min where
HUw max and HUw min are the maximum and minimum attenuation values mapped
to gray scale for the given window. 10, 13, 21, 48

63


	List of Figures
	List of Tables
	Introduction
	Medical Image Segmentation and Transfer Learning
	Head and Neck Cancer
	Motivation and Contributions

	Computed Tomography Imaging
	CT Hardware
	Image Acquisition
	Image Reconstruction
	Multiplanar Reconstruction
	Image Windowing
	Spatial Resolution vs. Contrast Resolution

	Iodinated Contrast Agents
	CT Image File Formats
	Non-standardized Parameters Can Introduce Bias

	Literature Review
	Transfer Learning in Vision
	Segmentation Used in Medical Imaging
	UNet
	MedSAM 

	Prior Work on Segmentation of Head and Neck Cancer

	Datasets
	Labelled Dataset 
	Dataset Characteristics
	Preprocessing Steps

	Unlabelled Datasets 
	Dataset Characteristics 
	Preprocessing Steps


	Experimental Setup
	Study Design
	Supervised Training 
	Model Structure
	Model Inputs

	Self-supervised Pretraining
	Jigsaw Puzzle
	Segmentation Pretraining

	Loss functions
	Dice Coefficient
	Cross Entropy


	Results
	Supervised Model Performance
	Effects of Unsupervised Pretraining
	Jigsaw Puzzle
	Segmentation Pretraining

	Model Evaluation on the Test Set

	Discussion
	Conclusion
	References
	Glossary

