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Abstract

Radiation therapy is a common technique to treat cancer patients. The aim of
each radiotherapy treatment is to deliver a sufficient radiation dose to the tumour
volume in order to kill cancer cells and at the same time not hurt the healthy
tissues. Radiotherapy treatments usually last from few days to several weeks. At
first, to plan treatment, a computed tomography (CT) of the patient is acquired,
and all the treatment is based and planned according to this initial CT, and it is
assumed that the internal organs do not change position and shape throughout the
whole treatment. However, during treatment, not only the location, shape, and
size of the tumour itself can change but also the location of other internal organs
can change, making the treatment less effective. Thus, for an effective treatment,
it is necessary to know the exact location at the beginning of the first exposure
and before each subsequent session during the entire course of radiation therapy.

Adaptive radiotherapy takes into account all the above disadvantages of conven-
tional radiotherapy. It is a well-known technique that acquires daily images of the
patient and adapts the plan to the current anatomy, ensuring that the tumour is
well covered and the organs are well-spared at any time of the treatment. The use
of cone-beam computed tomography (CBCT) can reduce inaccuracy in dose calcu-
lation to the tumour and surrounding organs at risk, and further constantly adjust
the dose and improve image-guided radiation therapy. The advantage of CBCT
images compared to conventional computed tomography (CT) is that it takes less
exposure to the patient’s internal organs. Although CBCT allows the production
of 3D images daily, the images suffer from severe artefacts and low contrast in
soft tissue, resulting in inaccurate Hounsfield units (HU) values. These limitations
make the CBCT-based adaptive planning process impractical. Therefore, it is very
important to improve the image quality of CBCT.

Recently, deep learning has made great strides in image-to-image conversion
tasks. However, it is generally difficult to obtain paired CT and CBCT images
with exact matching anatomy for supervised learning.

This Master’s thesis deals with a problem of producing high-quality synthesized
computed tomography (sCT) images from low-quality CBCT images for prostate
patients based on implementing an unsupervised deep learning method. For this
purpose, a cycle-consistency generative adversarial neural network (CycleGAN) is
used. The implemented CycleGAN learns the mapping between CBCT images and
planning sCT images, preserving the anatomical structure from the original CBCT
images and suppressing artefacts.
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Chapter 1

Introduction

According to the most recent statistics on population-based cancer occurrence,
the number of new cancer cases in 2020 is 19.3 million in the world. That is,
over the past two years, the number of new cases has increased by 6.6%[1][2]. In
particular, prostate cancer is the second most common cancer diagnosis after lung
cancer in men (in 2020, 1,414,259 new cases worldwide) and the seventh leading
cause of cancer deaths worldwide (in 2020, this is 3.8% of all cancer deaths in
men).[2]

In oncological practice, radiation therapy is one of the most widely employed
therapies for the treatment of cancer, which can be used as a stand-alone treatment
method. However, more often, it is combined with other methods such as surgery,
chemotherapy and immunotherapy. The basic principle of external radiation therapy
is the use of ionizing radiation to kill cancerous cells. The delivered radiation dose
is measured in Gray, which is the absorption of one Joule of ionizing radiation per
one kg of mass.

The radiation dose has a detrimental effect on cancer cells and harms the
surrounding normal tissues. Therefore, the goal of every radiation therapy treatment
is to deliver a high dose to the tumor sufficient to destroy it and at the same time
reducing the dose to normal organs and tissues while maintaining their viability.

Figure 1.1: Radiotherapy workflow [3][4]
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In practice, maximizing the probability of tumour control (TCP) and minimizing
the probability of complications in normal tissue (NTCP) must be balanced. This
balance leads to optimization treatment plans and is used to calculate the radiation
dose and the number of fractions in the course of treatment.

As shown in Figure 1.1, the conventional radiotherapy workflow consists of
several consecutive steps and is carried out by a team of specialists. The first step
is to acquire imaging of the patient (planning CT image) before treatment, usually
using a helical computed tomography (CT) to pinpoint the tumor location. This
initial CT scan is used to construct the treatment plan. The radiation oncologist
then delineates the tumor boundaries in 3D geometry. After delineating the tumor
and the organs at risk of toxicity, the dose is calculated, and a treatment plan is
drawn up. The total radiation dose is divided into so-called fractions delivered
over a certain number of days (usually one fraction per day). It can take from
a few fractions (5-10) to longer treatments (30 fractions). After the approval of
the treatment plan, irradiation is performed under the clinical supervision of a
physician.

Figure 1.2: Anatomical changes during the treatment. [7]

The drawback of this treatment method is that it assumes that the patient’s
anatomy is invariant during treatment. However, in practice, the anatomy can
change between the planning CT and delivery and throughout radiation therapy.
These changes can be in the order of centimetres. The anatomical changes may
be due to, for example, a change in the shape and size of the tumor, or patient’s
weight loss or gain, which can affect the displacement of organs and the tumor.
[9] In addition, because of the location of the prostate, the physiological filling of
the bladder causes random fluctuations in the position and shape of the prostate,
making proper setup and treatment challenging (Fig.1.2).

The adaptive radiation therapy (ART) is a well-known technique that acquires
daily in-room imaging of the patient and adapts the plan to the current anatomy,
ensuring that the tumor is well covered and the organs are well-spared at any time
of the treatment. [10]

The ART workflow is a closed-loop radiation therapy process and consists of
adding the following three technical parts to the conventional radiation therapy
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Figure 1.3: Adaptive radiotherapy process

workflow: daily image guidance, dose validation, and plan adaptation (Fig. ??) [8].
A daily cone-beam CT (CBCT) scan, obtained prior to the fractional treatment,
is used for daily contouring of the tumor and organs at risk. The CBCT image
is registered with the planning CT to estimate the daily dose delivered, and an
adapted treatment plan is drawn up.

CBCT uses a cone-beam of X-rays and has several benefits concerning a tradi-
tional CT scanner, including the ability to acquire up-to-date volume information
about patients more rapidly and with less exposure to patient’s healthy organs.

The complexity of adaptive radiotherapy is resource and labour-intensive pro-
cesses (re-contouring, image registration and re-planning) that place greater reliance
on existing human resources. At the same time, most often, CBCT images have poor
quality and lower soft-tissue contrast than CT, resulting in inaccurate Hounsfield
units (HU) values. Also, CBCT suffers from severe artefacts, some inherited from
CT, others being specific: extinction artefacts, beam hardening artefacts, partial
volume effect and exponential edge-gradient effect, aliasing artefacts, ring artefacts
and motion artefacts (misalignment artefacts), noise, and scatter. In wide-angle
cone beams, a geometric artefact distorts both ends of the cylindrical field of view.

Over the last five years, deep learning have made significant progress in
developing AI applications in medical imaging, aiming to automate different clinical
practice steps or provide assistance with clinical decisions[12][13]. Deep neural
networks (DNNs) have been used to transform different image modalities, which
included correcting artefacts in CBCT images.

In this project, we implement an unsupervised deep learning method to create
high-quality synthetic computed tomography (sCT) images from low-quality CBCT
images for prostate patients. Good results in CBCT-to-CT conversion could
enhance further development of adaptive radiotherapy and to make the work of
specialists more effective.

We start with a network that is optimized on image-to-image translation (of
zebra-to-horse type), and our goal is to check whether it can be adopted to CBCT-
to-CT conversions. We consider several models, including the modified U-Net
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model, and make quantitative assessment of their performance on CBCT-to-CT
conversion.

Figure 1.4: Adaptive radiotherapy process with deep learning.

The structure of this manuscript is organized as follows. Chapter 2 introduces
machine learning, deep learning, and applications of deep neural networks in medical
imaging. Chapter 3 covers literature reviews of previous works that have been
published. Chapter 4 describes the methods and materials proposed in this thesis,
followed by the results in Chapter 5. Finally, a discussion and a conclusion close
the document in Chapter 6.
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Chapter 2

Context

2.1 Radiation therapy and adaptive workflow

2.1.1 CT acquisition
General process

Computed tomography (CT) is a modern diagnostic technique based on the use
of X-rays that allows obtaining images of human body organs [16]. The working
principle is based on the fact that different human body tissues absorb X-rays to
different extents.

Figure 2.1: Computed tomography scanner ingredients are an X-ray tube, detectors
and a motorized table. [15].

There are several popular types of CT scanners (sequential, spiral, etc.), all
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of them share the main principles of work. Inside the CT scanner there is a
rotating X-ray tube (an X-ray source on Fig.2.1) that emits multiple narrow beams
that pass through the patient’s body. On the opposite side, there is a sensor (a
detector on Fig.2.1) that absorbs the transmitted beams. Since body tissues of
different densities absorb X-rays to different degrees, the transmitted X-rays differ
in intensity at the output. The patient is placed on a special motorized table,
which is then driven through a large scanner. As the table is moving along the
scanner, the device takes a sequence of scans.

In the case of sequential CT scanners, the scanner rotates around the body, and
the signals are transmitted to the computer, where specialized medical software
compares the intensity of the emitted and absorbed X-ray beams. These measure-
ments are used in a reconstruction algorithm to obtain cross-sectional images (2D
slices). The scanner moves along the body and obtains different cross-sections,
which are then stacked and provide a 3D image of the area of the patient’s body
under study. CT images can be viewed from the feet to the head (axial plane),
from the side (sagittal plane), and frontally (coronal plane) (see Fig.2.2).

Figure 2.2: CT abdomen and pelvis: A) axial plane, B) sagittal plane, C) coronal
plane [15] [20].

The advantage of CT techniques is that it allows obtaining a detailed scan of
the human body. However, the disadvantage is that the dose needed to obtain the
image is relatively high. In addition, according to some research, the procedure
might change or damage the DNA of the patients, resulting in radiation-induced
cancer [17].
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Contrast agent

Sometimes CT can be done with contrast agents. For example, if it is necessary
to obtain a 3D image of the prostate gland, the patient is injected intravenously
with a contrast agent containing iodine (Fig.2.3). The contrast on the tomogram
allows for a high-quality oncopic search and makes the position and contours of
the masses more visible.

Figure 2.3: Contract agent in the
bladder

Figure 2.4: Helical and sequential
(conventional) CT [15].

Spiral computed tomography

Another popular type of computed tomography is a spiral computed tomography
(spiral CT, or helical CT). During this procedure two actions are performed
simultaneously: continuous rotation of the X-ray tube around the patient’s body
and the translational movement of the table with the patient inside the tomograph
[16] [18]. When the X-ray tube moves, its trajectory takes the form of a spiral.
This technology made it possible to significantly reduce the time of the study and
thereby reduce the radiation load on the patient’s body (see Figure 2.4).

Hounsfield units

To evaluate quantitatively a density of tissues one uses the so-called Hounsfield
units. A three-dimensional CT image consists of voxels (parallelepipeds), each
with a certain degree of radiation absorption. The absorption rate depends on the
density of the soft tissue. The more radiation is absorbed, the brighter the object
(bone tissue) appears on tomograms; the less the structures absorb radiation, the
darker the image (liquid, air). Multiple voxel projections taken from different angles
allow density to be calculated based on measured radiation attenuation. Then,
each voxel is averaged over its thickness and projected onto the screen as a 2D
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pixel [19]. For a quantitative, visual assessment of the density of body structures,
the Hounsfield scale, named for the inventor of computed tomography, Godfrey
Hounsfield, is used. Scale units are defined as Hounsfield units (HU). This scale
is a scale of X-ray attenuation relative to water (0 HU) ranging from -1.000 HU
(air) to +3.000 HU (dense bone)[16]. For instance, positive values correspond to
soft tissue (+40 to +80 HU), cortical bone (+700 HU), cancellous bone (+3,000
HU). Negative values on the Hounsfield scale correspond to lung (–500 H), adipose
tissue (–90 to –120 H), air (-1000 HU). The HU value for a substance x can be
calculated using the formula:

HUx = µx − µwater

µwater − µair

∗ 1000,

where µx is the linear attenuation coefficient of the substance x, and µair, µwater -
for air and water at standard conditions.

Artefacts from implants

Computed tomography can be performed as well with patients who have metal
implants. Attenuation of implants depends on the metal: titanium has a CT value
of +1000 HU, whereas cast iron steel can fully suppress X-rays and, hence, is
the cause of line artefacts on tomograms (Fig.2.5). Artefacts arise from abrupt
transitions between low and high density materials [16].

Figure 2.5: Line artifacts from the implant on the CT image.
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2.1.2 Cone-beam CT
Basic technique

The cone-beam computed tomography (CBCT) principle is the same as that of
more conventional CT besides differences in the form of the beam radiated from an
x-ray tube, the shape of the detectors, and reconstruction techniques [23] (Fig.2.6).
The beam can cover an extended volume with just one pass because of its cone
form. Then a computer processes the transferred x-ray images and converts them
to 3D images. The values of a CBCT voxels are saved in HU, just like CT scans.

In terms of the amount of radiation that patients are exposed to, there is a
significant distinction between the two scanners. A CT scan employing a CBCT
scanner can be done with reduced radiation doses. Panoramic radiography is an
example of this. A conventional CT scan involves separating the upper and lower
jaw scans that irradiate the patient 200-300 times higher than acceptable for this
X-ray. The exposure is doubled if both jaws are scanned. CBCT scans both jaws
at once, decreasing exposure.

Figure 2.6: Left: Helical CT imaging. A fan beam of X-rays and several spins
are used to image a thin slice of the patient. Right: Cone-beam CT imaging. A
detector with a large area produces an extended volume of the patient’s body in a
single pass. [22]

However, CBCT has several disadvantages. Because of the low contrast resolu-
tion, some softer tissues cannot be seen. Artefacts such as noise, beam hardening,
and scattering are also more prone to occur [24]. Scattering, mainly, is a significant
restriction that may preclude the use of CBCT for radiotherapy.

2.1.3 Registration of images
By image registration, we understand a meaningful spatial mapping of one image

into another one. Image registration finds its application in several areas, such as
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Figure 2.7: 1st: Exponential edge-gradient effect (EEGE); 2nd: Typical aliasing
patterns (Moire patterns); 3rd: Ring artefacts; 4th: Typical double contours
(arrows) induced by patient movement

merging medical images of different modalities or improving dis-aligned or distorted
images [27]. The registration procedure aims to discover the transformation function
that maps a moving image/volume onto a fixed image/volume in such a way that
the difference between the target image and the deformed image is minimized. [26].
Using image registration, we can compute a transformation between the initial CT
scan of the initial treatment planning and the new CBCT scan; in this case, the
moving image is the initial CT image, and the fixed one corresponds to the CBCT
image.

There are different approaches to registration, which depend on the type of
transformation, the two main of which are rigid and non-rigid registration [25].

A rigid registration matches two images with a rigid transformation, i.e. a
translation, a rotation or a combination of both. It means that the proportions
and shapes of the objects are preserved. Non-rigid or elastic registration stretches
one image volume to fit another image volume (Fig.2.8).

Figure 2.8: The example of rigid and elastic (non-rigid) registration of magnetic res-
onance images (MRI) and transrectal ultrasonography images (TRUS) for prostate
biopsies. Credit: https://pubmed.ncbi.nlm.nih.gov/24298917/
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2.1.4 Delineation of contours
The next step is delineating the contours of the tumor and the organs at risk
(OAR). It can be done in three different modes: manually (using specific software),
semiautomatically (when a user have some control over the delineation process)
and fully automated (computer algorithms completely do process); these methods
differ in the amount of time needed to spent to process an image.

Figure 2.9: Delineation contours principle in radiotherapy planning. Left: diagram
of tumour region separation on sub-regions, Right: axial CT image where a) the
gross tumor volume GTV (blue), b) the clinical target volume CTV (green), and c)
the planning target volume PTV (red) are defined. [28]

As illustrated in Figure 2.9, the target tumor volume is divided into three
different volumes, each irradiated with the relevant intensity:

a) the visible macroscopic tumor, or the gross tumor volume (GTV),
b) the clinical target volume (CTV) – the GTV volume + invisible microscopic

tumor spread, and
c) the planning target volume (PTV) – the CTV volume + volume to take into

account geometric errors and other factors such as a tumour or organs motion and
patient setup inaccuracy in the treatment room.

2.1.5 Optimization of the treatment and dose calculation
Once the tumour and OAR are localized, maximum and minimum dose restrictions
are imposed on the regions of interest (an upper bound for the radiation dose
that will be unavoidably delivered to the healthy cells and a lower bound for
the radiation dose that must be exposed on the tumour cells). As a result, an
optimization problem arises, with the objective function often being the sum of
individual dose objectives for each region of interest. A dosimetrist establishes the
optimal set of parameters to optimize a dosage distribution in accordance with
clinical requirements. This parameter tuning process is iterative, involving the
usage of specialized treatment planning software (e.g. RayStation from RaySearch
Laboratories) and the participation of a dosimetrist, who manually inserts the dose
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objectives and their relative importance weights, taking into account the organs
at risk and PTV. Radiation tolerance varies by organ and is determined by tissue
characteristics. This information is also used to prescribe a dose of radiation that
will not cause them any harm. After the software gives recommendations for the
dose distribution, the dosimetrist analyzes it according to the patients’ specific
anatomy and, if needed, tunes the parameters of the objective function, and the
process repeats until a satisfactory dose distribution is obtained.

While calculating the radiation dose, it is important to take into account tissue
inhomogeneities, the imaging quality and calibration of Hounsfield Units. In
adaptive radiotherapy, one uses the daily CBCT imaging, which might lead to
incorrect dose calculation due to inaccurate HU values of CBCT images. The thesis
aims to generate high-quality sCT images from low-quality CBCT images, with
corrected HU values for precise radiation dose calculation.

2.1.6 Evaluation of the treatment
After an optimal solution has been established, the physicians evaluate the dose
distribution. The treatment plan with the dose calculated will be reviewed and
approved again. There are different metrics to compare the prediction to the
accurate dose distribution. To summarize the dose distribution to the target volume
and OARs, dose volume histograms (DVH) are frequently employed (Fig.2.10).

Figure 2.10: An example of the dose-volume histogram (DVH) is illustrated for
target volume and OARs of synthetic CT (solid lines) and rescan CT (dashed lines).
The curves mean the dose (%) received by the volume (%) of the interest) (for each
dose on the coronal axis).)[79].
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2.2 Machine learning tools for medical imaging
The fact that artificial intelligence (AI) technologies are today the number one topic
in the IT industry can be judged not only by enthusiastic publications in the media,
scientific journals and numerous projects in this area but also by the scope of AI
penetration into almost all areas of modern life - from medicine, expert systems
and scientific research to industrial robotics and self-driving vehicles. In recent
decades, machine learning and neural networks have been actively developing and
improving in the field of image analysis and processing. The medical community
shows its great interest in artificial intelligence. Alongside radiology, which is
undoubtedly the dominant field, medical imaging analysis has found applications in
many areas of medicine, including digital pathology, ophthalmology, dermatology
and endoscopy, which is represented by many practical applications of artificial
intelligence in medical imaging. The most common medical image analysis tasks
where AI systems are implemented are segmentation and classification, which help
doctors with diagnosis, namely, classification is a supervised machine learning
task, segmentation is a pixel-wise machine learning task, and from the medical
perspective, diagnosis often relies on classification.

The purpose of this chapter is to introduce the basic concepts of artificial
intelligence, as well as the main concepts and modern methods of machine learning
and their application in medical imaging.

2.2.1 Machine learning
Machine learning (ML) is a part of the artificial intelligence (AI), which is defined
as an intelligence demonstrated by machines, as opposed to natural intelligence.
The specificity of ML is that it is able to learn from experience and from the use
of data. This is achieved by creating a model that depends on various tunable
parameters; the process of tuning the parameters in such a way that the model
works well on different pre-loaded examples is called the “training” of the model.
After several iterations of training and tuning, the final model is evaluated on a
test set, used to simulate how the model will perform when faced with new, unseen
data.

The main goal of the models are to be able to generalize their learned expertise,
and deliver correct predictions for new, unseen data. When training on a training
set, a model might run into overfitting – photographical memorization of the seen
dataset, while performing poorly on yet unseen, but obviously related cases. That
is why for training an adequate model it is important to include a separate training
set, on which the model’s generalization ability is estimated. The feedback from
the validation set is used as a feedback for further tuning of the model. We can
say that machine learning, i.e., the process by which computing systems achieve
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the capability to perform sophisticated tasks, essentially consists of learning by
examples, much as we human beings do.

Note that learning by examples requires both data and computational power
to be successful, and was not possible in the beginning of the computer era, when
the first early attempts towards AI systems were based on the definition and
application of rules and were often unsatisfactory because rules typically have
numerous exceptions, which are hard to implement and even to formalize.

2.2.2 Major branches of machine learning
At a basic level, classical Machine Learning can be classified according to the type
of supervision into four broad categories: supervised, semi-supervised, unsupervised
and reinforcement learning (Fig.2.11).

Figure 2.11: Machine learning types (inspired by [13]).

Supervised Learning. In a supervised learning scenario, the process consists
of learning how to map features of the input to known targets (also called labels or
annotations) based on input-output examples that are most often annotated by
humans.

Based on the rules discovered in the labelled training dataset the trained model
is thus used to produce correct labels on new previously unseen datasets [29].

The supervised approach is used in specific data processing tasks, such as in
classification problems (with two or more classes), regression, and in more exotic
variants, particularly, sequence generation [30], object detection [31] and image
segmentation [32], [33]. For example, in the problem of classifying skin lesions
in accordance with malignant neoplasms, a classification model is used and the
problem of identifying risk factors for cardiovascular diseases in photographs of the
fundus of the retina is divided into several subtasks, with respect to the data type:
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predicting the binary risk factors (a classification model) and the continuous risk
factors (a regression model) [34], [35], [13].

Unsupervised Learning. Unsupervised learning is the opposite of supervised
learning, and means that the training data is unlabelled and only input data
without corresponding outputs is available. Unsupervised learning is aimed at
analysing the data and uncovering patterns in the data without the guidance.

This model is especially useful in the clustering task, when it is necessary to
select separate groups of data or clusters, in the task of dimensionality reduction,
which is aimed at simplifying data without losing the main information, and in the
task of detecting anomalies or outliers.

Over the past few years, unsupervised learning has resulted in the development
of useful medical imaging applications, such as domain adaptation [36], [37], data
generation [38], [39] or even image segmentation [40].

Semi-supervised. There is a hybrid model between supervised learning and
unsupervised learning called semi-supervised learning. Semi-supervised learning
algorithms are useful when many of the target outputs are missing and only partially
labelled data is available. If the cost of labelling all the remaining examples is too
high, one turns to the semi-supervised setup.

In semi-supervised learning methods, as in unsupervised learning, data is divided
into clusters based on the labels of the annotated data [41] (see Fig.2.11).

Clinical applications have been developed for generating or transferring images
from one class to another under semi-supervised settings, as well as segmentation
or classification of images with partly annotated data [42], [43].

Reinforcement Learning. In reinforcement learning, there is an agent who
interacts with its environment and learns to choose the actions that will allow it
to receive the highest reward. The environment either gives a reward for these
actions and the agent continues to take them or penalizes it in the form of negative
rewards.

The power of reinforcement learning algorithms can be seen from the fact that
at different times they have won human world champions in such games as chess,
Go, Atari, shogi, Dota 2 [44]. Note, however, that in chess, computers started to
outperform humans even before an active implementation of deep neural networks
(Kasparov vs IBM’s deep blue 1996, 1997; the deep blue was based on alpha-beta
search algorithm). Nevertheless, the current chess champion Google’s alpha zero is
implemented by using deep neural networks.

The first progressive reinforcement learning applications in the medical domain
introduced a couple of years ago mimic physician behaviour for a number of everyday
tasks, including treatment planning.

Other machine learning types. Along with these four classical basic types of
learning, there is also a recent “self-supervised” learning, as well as other strategies
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that allow us to reuse or combine previously trained models (transfer learning and
ensemble learning) (see [13] for more details).

2.3 Neural networks
The development of AI systems began in 1943 when the neuropsychologist Warren
McCulloch and the mathematician Walter Pitts put forward a new neural framework
and proposed a mathematical model of an artificial neuron by analogy with a
biological neuron (A logical calculus of the ideas immanent in nervous activity,
Warren S. McCulloch and Walter Pitts, 1943). Almost ten years later, in 1956, at
a conference at the University of Dartmouth, computer scientist John McCarthy
coined the term "artificial intelligence". Based on the ideas of McCulloch and Pitts,
as well as the work of neurophysiologist Donald Hebb on the basic principles of
neuron learning, the Perceptron neural network, which simulates the process of
human perception, was invented by neurophysiologist Frank Rosenblatt in 1957.

2.3.1 Artificial neuron
Artificial neural networks use a biological
analogy to neurons that reside inside the
brain. Biological neurons are very com-
plex, but in a simplified form they can
be represented as follows: a neuron has
a nucleus in which an electrical charge is
accumulated. The charge enters through
the processes of the neuron, which are
called dendrites; through these processes,
signals from other neurons come. After
a certain amount of charge has been ac-
cumulated inside the nucleus, the neuron
fires and emits an electrical signal to the
output branch, which is called the axon.
The axon, in its turn, attaches to the in-
put dendrites of other neurons.

Chemical synapse schema. Credit:
https://en.wikipedia.org/wiki/Neuron

The riveting is done through the so-called synapses, which can change the
transmitted signal. The signal can increase or decrease in the synapse.

An artificial neuron has several inputs of analogues of dendrites, to which
input signals x are supplied (Fig.2.12). An artificial neuron has one output y
through which an output signal is issued by analogy with an axon in a biological
neuron. Each input is given a certain weight w, they are analogues of a synapse. A
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Figure 2.12: Biological neuron vs artificial neuron [13]

large positive weight amplifies the signal, similar to an excitatory synapse, while a
negative weight attenuates the input signal, as does an inhibitory synapse. The
neuron’s output is calculated using the following formula:

a = f(
N∑

i=1
wixi)

The input signal of the neuron arriving at each input is multiplied by the weight,
then all these products are added and transmitted to the input of some nonlinear
function, which is called the activation function. The activation function determines
whether the neuron fires or not.

Figure 2.13: Activation functions (inspired by [13]).

In the McCulloch-Pitts model, the so-called Heaviside step function (Fig.2.13
(a)) was used as the activation function. If the input signal is less than a given
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level, then the output of the neuron will be zero, and after the signal has reached a
certain level, the neuron immediately outputs one. It is also possible to use other
activation functions, often sigmoidal functions (b) are used, which perform not as
abrupt switching as a step, but more smoothly. A logistic function as well as a
hyperbolic tangent (c) or ReLU (d) (LeakyReLU (e)) can be used as an activation
function (Fig.2.13).

2.3.2 Artificial neural networks (ANNs) and deep neural
networks (DNNs)

Artificial neural networks are now one of the popular machine learning methods
that are used in practice. A neural network is built from simple computational
elements - artificial neurons (see Section 2.3.1.

McCulloch and Pitts in their work proposed to combine artificial neurons into
neural networks, that is, the output signal of one neuron to transmit to the input
of another neuron.

Figure 2.14: Shallow vs Deep neural networks (taken from the lecture on ML course
(UCLouvain))

A network can consist of a large number of neurons combined into layers, where
the input layer of neurons receives signals from the outside world, while the output
layer produces signals to the outside world. And the internal layer of the neural
network, which is called hidden because what happens in it is not visible from
the outside (external environment), receives input signals from the neurons of the
input layer and outputs signals to the output layer. Neural networks can include
more than one hidden layer and such networks are called deep neural networks
(Fig. 2.14).
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In traditional machine learning we need to select some features in the available
data (a.k.a. ∼ dimensions, or variables) that are useful to solve the problem at
hand. Often, a person chooses or builds manually the important features for various
tasks. And if someone manages to find such suitable handcrafted features, then the
problem is likely to be solved more or less easily. The advantage of deep NNs is
that they automatically separate the necessary data from the unnecessary ones and
are able to choose the right features. On the other hand, since a neural network
has to process much more data compared to other machine learning methods, the
use of neural networks requires much more computing power.

Over the past few years, there has been a dramatic rise in the popularity of
artificial neural networks in medicine. For example, Imperial College London uses
neural networks to diagnose brain damage, and Microsoft is developing glasses
for blind people to help them navigate their surroundings. These glasses have a
built-in camera and headphones. The neural network analyzes the data from the
camera and tells the person what to do. For example, if a blind person picks up a
menu in a restaurant, then the neural network analyzing the data from the camera
can read the menu to the person by voice into the headphones.

Why is this happening now, while most of the theory of neural networks was
invented in the last century, starting from the 50s? There are two main reasons:
the increased computational power of modern computers and a huge amount of
accumulated data.

Nowadays, we see a significant increase in computer performance. Even in
small devices, there are multi-core processors with high computational power and
graphics accelerators, which can be used for computer games and computations,
including training neural networks. Thus, if it took days or even months to train a
network earlier, we can now train a network of the same complexity in minutes.

Secondly, training deep neural networks requires a huge amount of data. Thus a
huge amount of data that have been stored in electronic databases within several past
decays plays an important role in training DNNs. Indeed, unlike the conventional
AI algorithms, where performance improves with the amount of available training
data only up to a certain limit, after which the performance reaches the plateau
and additional training data does not lead to a further improvement, the situation
is cardinally different with neural networks. Thus, a sharp increase in the amount
of accumulated data made it possible to train neural networks to solve complex
problems (such as self-driving cars) and, as a side-effect, to deal effectively with
big data problems.

Apart from these two main factors, another one is the availability of convenient
ready-to-use deep learning software systems (Keras, TensorFlow, PyTorch, etc.),
which simplifies the development of new systems.
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2.3.3 Convolutional Neural Network (CNN)
Convolutional neural networks (CNNs) are created to mimic the human visual

system and are often related to analyzing images and pattern recognition. They were
invented to replace standard deep neural networks, which proved to be inefficient
for such tasks.

Deep neural networks consisting of fully connected layers are hard to apply to
large images since they require a large number of parameters (trainable weights),
and the training processes become unfeasible. To solve this problem, scientists
have proposed to deploy convolutional neural networks (CNNs).

Figure 2.15: The architecture of Convolutional neural network

In contrast to the fully connected layers, which treat the pixels of the whole
image at the same time, the convolutional layer splits the whole image into small
pieces, and then treats them independently. This brings two important advantages.
First, that allows to significantly reduce the overall number of trainable parameters
and thus makes the training process feasible. Second, it makes convolutional neural
networks to be translation invariant. Indeed, with a fully connected neural network,
shifting a picture would require to retrain the whole model in order to recognize a
new input. As opposed, the localized nature of the convolutional networks would
recognize a shifted image without retraining. For example, if an object has been
found in one part of the image, then its interpretation when it is located in another
part of the image would be the same. To explain this property of CNNs, let us
look at what different layers of CNNs do. Typically, shallow layers of CNNs (i.e.
the ones closer to the input) capture low-level details and patterns, such as straight
segments and edges; deeper layers (which are closer to the output) might capture
more complicated patterns, such as animals shapes. Another advantage of CNN
concerning fully connected neural networks is that CNN analyzes the image locally
and identifies similar structures regardless of where in the image they are situated.
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This explains a translation invariance property of CNNs.
Figure 2.15 shows a classic CNN architecture for an image classification problem

that consists of basic layer types — an input layer, convolutional layers with
activation function, max-pooling layers, fully connected layers, and an output layer.
Now let us at these layers in more details.

Convolutional layer

Convolution is a technique for extracting relevant data from images. Convolution
is performed by applying a filter to the input, then element-wise multiplication
is performed, and the results added added together. The filter overlay is shifted
one step to the right (or according to the setting of the stride), and the same
calculations as above are performed to obtain the following result.

There are different options how one can treat the boundary of the image. The
stride setting determines the number of cells by which the filter moves to the right
and down in the input for the next calculation to be performed.

Figure 2.16: Convolution operation for 3 channels

A padding setting can also be used, which allows using a convolutional layer by
preserving or changing the width and height of the feature map at the output of
the layer. Moreover, this setting helps to save more information at the border of
the image.

When the input includes several channels (see Figure 2.16), the filter should have
the same number of channels as the input. In this case, convolution is performed
on each matching channel, and then the result is added.

Eventually, a bias is added to the convolution layer, followed by an activation
function, for example, ReLU or tanh. The deconvolution operation is the inverse
of convolution.
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Max-pooling layer

On the max-pooling layer, the filter is applied to the convolved feature maps. This
operation is a downsampling operation and is used to reduce the size of the feature
maps and the number of optimized parameters. Figure 2.17 shows the application
of a 2x2 3D filter with a stride of 2 to the input image, the maximum value is
returned from the each colored part of the image covered by the kernel. The
opposite operation, known as unpooling, is also feasible.

Figure 2.17: Max-pooling for input with multiple channels

Activation function

A common feature that allows different types of neural networks to learn complex
tasks is the usage of non-linear activation functions. Indeed, any deep neural
network would reduce to a simple regression model with just a linear activation
function. There are several standard choices for the activation function: sigmoid,
tangent hyperbolic, softmax (for multi-class problems), rectified linear activation
function (ReLu), LeakyRelu (Fig.2.13). Of course, different activation functions
work better for different tasks. Historically, the first choice of the activation function
was the sigmoid function, used for the seminal perceptron network. However, the
problem with it is that its slope is almost horizontal for large values of the arguments,
and hence the problem learns effectively only for small values of arguments. This
feature causes the so-called vanishing gradient problem, which is especially profound
for deep networks with too many hidden layers (in more detail, vanishing gradient
problem occurs when an argument of the activation function is a large number.
For instance, for the sigmoid activation function the derivative is almost zero for
such values of arguments, and this makes the derivatives of the loss function to be
very close to zero; this results in the algorithm to work very slow, since it is hard
for the changes to backpropagate through the layers.)
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The common choice for the activation function in convolutional layers is the
ReLU function, which has a positive slope for all positive values of arguments. For
the last fully connected layer (also called the output layer), the natural choice is
the sigmoid (for two-class problems) or softmax activation function (for multi-class
problems). The task of convolutional layers is to learn local spaced features (low-
level features at the shallow layers and more detailed at deeper layers). The task of
fully connected layers is to combine local features learned at convolutional layers
and combine them to make a prediction.

2.3.4 U-Net
The U-Net architecture is a convolutional neural network (CNN) that was

created for a specific task of biomedical image segmentation by O. Ronneberger,
P. Fischer, T. Brox in 2015 [45]. It is a modified and improved architecture of
the fully convolutional network that was designed for semantic segmentation by E.
Shelhamer, J. Long, T. Darrell in 2014 [46].

U-Net is a relatively deep convolutional neural network, and different layers
extract different information about the image as described in the section of CNN.
The deeper the convolutional network, the more likely a vanishing gradient problem
will arise. Because the neural network is set up with random weights at the start,
due to the vanishing gradient, the weights of the first layers cannot be updated, and
they remain random. To avoid vanishing gradient, skip connections are introduced
into this architecture (gray arrows in the Figure 2.18). These additional pathways
are often helpful for model convergence, according to experiments. Skip connections
jump certain layers in the neural network and feed the output of one layer as the
input to the following layers through multiple layers rather than just the next one.

U-Net is used to perform the image-to-image translation (Section 3.1). Various
generative adversarial neural networks involve U-Nets in a generator that carries
out the actual part of image-to-image translation (Section 2.3.5).

As shown in the Fig.2.18, the U-Net consists of two parts: an encoding part and
a decoding part, in other words, convolutional and deconvolutional layers, without
fully connected layers. In the encoding part, applying the convolution operation
and the max pooling operation, the image resolution is reduced at each subsequent
level. During compression, spatial information is reduced and feature information
enhances. The decoder part takes the feature information that the encoder has
extracted and concatenates with the feature and spatial information obtained on
the deconvolutional layers.
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Figure 2.18: U-Net architecture. [45]

2.3.5 Generative Adversarial Network (GAN)
Since 2014, when generative adversarial networks (GANs) have been introduced

[47], GANs have been extensively used in research [48], [49]. As a result, a
significant variety of algorithms and applications that deal with image generation,
image translation (converting one image to another) and other image tasks have
been developed. Adversarial training is different kind of training than the supervised
training, and it has proved to be quite effective in these tasks.

The architecture of generative adversarial networks involves two networks: the
Generator (G) and the Discriminator (D) (G and D in Fig. 2.19, respectively).

During training, both Generator and Discriminator improve their performance
by decreasing their own loss functions. When loss function for Generator goes down,
the Discriminator loss function increases, and vice verse, hence the loss functions
have nature. A typical choice for the loss function is mean square error (MSE).

The Generator (on the top of Figure 2.19) is in charge of generating a synthetic
image by mapping a random input distribution to a particular data distribution.
Then the generated image is passed as an input to the Discriminator, typically
a binary classifier, which is in charge of judging whether that image is a real
signal or a synthetic one. Subsequently, based on the Discriminator’s decision,
the Generator seeks to minimize loss between the real and the generated image,
thereby generating images on each iteration more and more alike to the real input
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Figure 2.19: Generative Adversarial Network Credit:[13].

images (a typical measure of similarity of synthesized and real image is the mean
squared error (MSE), which gives an averaged pixel-wise distance between two
images). Eventually, the goal of Generator is to fool the Discriminator and convince
it to classify the synthetic image as a real one. Moreover, at the same time, the
Discriminator aims to learn better to identify generated data from real input data.
Thus, the optimization of GAN is reduced to a minimax problem. Those two
networks are trained jointly, and since they have opposite goals, one of the networks
will sometimes be fixed, and the other one will be trained and then the other way
around.

GANs have shown remarkable results in the tasks of image-to-image translation.
For example, in Figure 2.20 a translation from zebra to horse and vice verse is
demonstrated. We describe this in more detail in the next section.

Figure 2.20: Zebra-horse translation [56]
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Chapter 3

Literature review

This section will talk about the most recent articles in image-to-image translation,
including converting medical image modalities from CBCT to CT. We will discuss
deep learning and classical methods without neural networks for converting CBCT
to CT.

3.1 Image correction with convential techniques
To enhance the quality of CBCT images, various scatter correction approaches have
been proposed over the past few years to fully integrate CBCT into ART workflow.
These approaches are divided into hardware and software correction. First, a
hardware correction approach is used to reduce scattering during the acquisition of
projection data. So, by the time the detector absorbs the X-ray, its scattering is
typically suppressed by specialized hardware (butterfly grid, anti-scattering grid,
air gap and others); see [61] [60] for more detail. Nevertheless, the quantum nature
of X-rays leads to the loss of important information and reduces the quality of an
output image.

Attempts to deal with this problem were made by Onozato et al. [62] and Veiga
et al. [63], who proposed a deformable image registration (DIR) to transform plan
CT (pCT) into CBCT and which allows generating deformed plan CT (dpCT) with
subsequent calculation of dose distribution. The DIR method is less suitable for
soft tissues, such as the lung [64], pelvis [65, 66], where more complex anatomical
changes might lead to incorrect calculation of dPCT dose distribution. Another
method to resolve scattering correction is the Monte Carlo (MC) simulation [67].
An object is scanned multiple times to simulate the true path of all the photons.
The pros of the method are its accuracy. However, the cons of this method are
that it is very time consuming, which diminishes its clinical usefulness [68, 69].

Besides DIR and Monte Carlo, the analytical modelling method employs an
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assumption that the scattering signal can be represented as a convolution of the
main signal with the scattering kernel [70]. Another method is based on prior
CT scans. It transforms the CT image and a CBCT image (computed with DIR
from PCT) into an equally normalized uniform histogram. Taking CT image as a
baseline, one then inverts the equalization operation on CBCT and thus corrects
the differences between CT and CBCT, thus improving the quality of the CBCT
image (improving density, energy stability, detector stability) [71]. This method,
however, requires accurate paired PCT and CBCT datasets, which are hard to
obtain in practice.

An extension of the latter method was done by Richter [72], who created a
patient-based HU-D table, which allows to bypass PCT images and to compute
radiation doses directly from CBCT. This method first divides the image into 2-6
regions with different tissue densities [73] and then calculate the doses based on the
densities. This method, however, requires an accurate segmentation of an image
into regions with different tissue categories.

3.2 Image conversion with deep learning
Over the past few years, there has been a growing number of deep convolutional
networks applications to radiotherapy [54]. The potential advantages are their
possible effectiveness and high robustness: learning the features on a big dataset
once, they would be applied to other patients without modifications and give
recommendations within few seconds. Unfortunately, those promising benefits are
now mainly clouded by the low-quality images used in radiotherapy. Many studies
are now concentrating on improving the quality of medical images.

All the up-to-date deep learning applications can be effectively divided into
supervised learning and unsupervised learning. As for supervised learning, most
of the research employs U-net and its modifications: Maier et al. [74] (eliminate
artefact from CT and CBCT images), Kida et al. [51] (improve the uniformity of
CBCT images, eliminate artefacts), Hansen et al. [52] (correct the CBCT dose), Li
et al. [75] (U-net with residual blocks, improve quality of CBCT). These studies
showed remarkable results, decreasing the root squared difference (RMSD) in
fat and muscles tissues from 109 to 13 HU and from 57 to 11 HU, respectively
[40], achieving 2% dose difference pass rate in radiotherapy and protontherapy
treatments [76], and decreasing MAE between synthetic CT (sCT) and CT to
about 20 HU. This research, however, required data used in the learning process to
be paired, which is quite difficult to obtain, and which limits the application of the
supervised learning technique.

Another technique is unsupervised learning, and it employs different types of
generative adversarial networks (GANs): Wolterink et al. [77] (CycleGAN, convert

31



MRI of head and neck (H&N) to CT), Hiasa et al. [78] (GAN, convert MRI to CT
in pelvic, introduced gradient consistency loss to obtain a good conversion effect),
Liang et al. [58] (CycleGAN, synthesize CT from CBCT). Note that different
organs require a different level of accuracy; for instance, the pelvic region is more
challenging than the brain and H&N due to many organs at risk that are situated
there.

Summing up, the advantages that make unsupervised learning based on different
types of GANs a promising direction is that they allow potentially obtaining
synthesized images of high quality (sCT) from a lower quality CBCT without any
prior correspondence between CBCT and CT.
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Chapter 4

Materials and Methodology

4.1 Materials

4.1.1 Data
The database we used consisted of 26 prostate patients. For training, we took

20 patients; for validation and testing, we took 1 and 5 patients, respectively (see
Figure 4.1).

Figure 4.1: Splitting data into training, validation, and test sets.
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Model training

For training, we focused on the CTV region, the region that will be irradiated
(see Section 2.1.4) the slices containing the CTV region plus some more slices above
and below up to 44. In total, we got 880 2D CT slices and 880 2D CBCT slices
that were unpaired and unaligned.

For validation, we used the whole 3D CT and CBCT volumes of 1 patient (174
CBCT images and 174 CT images). They were rigidly registered in preprocessing
stage (Fig.4.4) to calculate the mean absolute error (MAE) between the ground
truth CT and synthesized CT volumes during the learning process.

Model evaluation

For testing, we took five patients whose CT and CBCT volumes were rigidly
registered (Fig.4.4). We gave a CBCT as an input to the trained model, and as
the output, we got a synthetic CT (sCT). Then, we computed the MAE between
CT and sCT and the average of the MAEs over all test patients to evaluate the
network’s performance after training.

Figure 4.2: The example of original 3D CT volume (left) and CBCT volume (right)
in the (a) axial, (b) sagittal and (c) coronal plane.

4.1.2 Raw data characteristics
• Original CT images had a matrix size of 500 by 500 on the axial plane and

voxel intensity ranging from -1000 to above 3000. Therefore, the maximum
HU value per implant is about 6300 (you can notice this specificity in Figure
2.5).

• Original CBCT images had a matrix size of 465 by 465 on the axial plane
and the maximum HU value around 1500-1600 HU.

34



• Original CT and CBCT images were resampled to 1x1x1 mm using Reggui
software and then saved in .mat format. Later, the conversion from .mat to
NumPy arrays was performed.

• For the validation and test dataset, the rigid registration of the original CBCT
and CT images was done using the commercial treatment planning system
RayStation.

• Each CBCT and CT images had binary masks of the patient’s body and
internal pelvic organs such as the rectum, bladder and prostate.

• These patients had images that were taken with an interval of one or two
weeks, so there could be some anatomical modifications in some patients,
which implies that perfect ground truth CT was not available.

Figure 4.3: Preprocessing steps for training dataset showing on a single CT slice.

4.1.3 Data preprocessing
The data preprocessing for training data consisted of several steps (see Figure

4.3). First of all, the couch was removed on all training, validation and testing
images. Since the couches from CBCT and CT are often different, we removed
them to avoid bias. Therefore all voxels outside the body contour (binary mask)
were fixed and set to -1000 HU (the third column in Figure 4.3).
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Using a bladder mask (the second column in Figure 4.3), we override the values
inside the bladder to 0 because some patients had a contrast agent in the bladder
(see Figure 2.3 in Section 2.1.1). Contrast agent HU values are higher than the HU
values of water that can lead to bias. The CT and CBCT images were cropped
using a body mask, then cropped in the z-direction to get the only relevant part
by organ location. For example, everything outside the organs masks was removed,
just organs (bladder, prostate, rectum) were kept. Then initial voxel HU values
were clipped to the range from -1000 and 1500 and normalized between 0 and 1.

Figure 4.4: Preprocessing steps for validation and testing sets.

The original CBCT and CT images in the validation and test dataset were
rigidly registered in the commercial treatment planning system RayStation, masking
and cropping was performed (see Figure 4.4). In the last preprocessing step, all
training, validation and test images were resampled to the desired size 256 by 256
on the axial direction.

4.1.4 Additional preprocessing
The raw data of some test patients had an external structure in the form of dots
outside the body on CBCT scans but not on CT scans (Fig.4.5(a) left)

In order to eliminate bias in the test images, we decided to apply the multidi-
mensional binary opening technique with a structuring element. The opening by
the structuring element is a morphological image processing obtained by applying
an erosion followed by a dilation. The noise produced by adding white dots to the
image is called salt noise. It can be removed from the image using first erosion.
Then, those areas that have survived the erosion with a given structuring element
are restored to their original size due to dilation. This technique, allowed getting
rid of the dots on the body mask while maintaining the shape of the primary body
mask. In addition, we empirically found a suitable size of the structuring element,
which was 15x15x1 for a 3D total volume (Fig.4.5(a)).
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Figure 4.5: The morphological methods: (a) opening to set all pixels outside the
binary body mask of CBCT to False and (b) closing to set all pixels inside the
binary body mask of CBCT and CT to True

.

Another problem that has arisen when using binary mask sampling is another
kind of noise, such as pepper noise ((Fig.4.5(b))). We used the closing technique
using 3D structural element 3x3x1 (in morphology, the closing of a binary image
by a structuring element is the erosion of the dilation of that image).

4.2 Method
To generate synthetic CT, we used the cycle-consistent adversarial neural network

CycleGAN that performs the unpaired image-to-image translation. The code was
inspired by the TensorFlow tutorial of CycleGAN for zebra-to-horse translation
[80] and pix2pix framework [81]. From the initial architecture, we changed the
number of channels to 1 as we used grayscale medical images, while in the tutorial,
three-channel were used for RBG images.

4.2.1 Neural network architecture
The architecture of CycleGAN

The architecture of the entire CycleGAN network is depicted in the flow chart
in Figure 4.6. CycleGAN is composed of two parts: CycleF and CycleB, which
together constitute a forward and backward cycle. On top left in Figure 4.6 the
forward cycle CycleF denotes the conversion from CBCT to CT, whereas on top
right in Figure 4.6 the backward cycle CycleB signifies the reversal. CycleGAN also
involves two discriminators (DCBCT and DCT ) as well as two generators (GCBCT −CT

and GCT −CBCT ). CycleGAN network was trained to convert CBCT (input) to
synthetic CT (output).

Training of the generator in the part CycleF aims to create fake CT (synthetic
CT, sCT) images from CBCT images that are as similar to the real CT as much
as possible. The discriminator’s training goal is to differentiate between the real
CT images and the synthetic CT images generated by the generator. Ideally, the
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Figure 4.6: The schematic CycleGAN workflow for the image synthesis

discriminator DCT determines and outputs the labels 0 for the sCT images and 1
for the real CT images.

During the training, these two networks compete against each other, and they
need to be regularly improved to make the sCT images as similar to the CT
images as feasible. It means that the discriminator must acquire a more powerful
classification ability to balance the competition.

Loss functions

For solving the optimization problem, three types of conditions were introduced in
the loss function: adversarial loss Ladv, cycle-consistency loss Lcycle, and identity
loss Liden [56].

• Adversarial loss

The adversarial loss function Ladv aims to match generated images with
target images [47]. Thus, using an adversarial loss function improves the
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performance of the generator and discriminator networks. Practice shows
that CycleGAN has challenges with stability during training. Therefore, to
make the training process without fluctuations and more stable, we employed
the least-squares loss function in the adversarial loss as it was proposed in
LSGAN [57]. Thus, adversarial losses were used for generator G and its
discriminator D and were written as follows:
Forward cycle.

LadvDCT
= 1
m

m∑
i=1

(1−DCT (CTi))2 +DCT (GCBCT −CT (CBCTi))2

2 , (4.1)

LadvGCBCT −CT
= 1
m

m∑
i=1

(1−DCT (GCBCT −CT (CBCTi)))2, (4.2)

where GCBCT −CT exerts to generate images GCBCT −CT (CBCT ) (= sCT) so
that they are identified by DCT as real CT images with label 1 (minimization
of LadvGCBCT −CT

), and DCT strives to classify synthetic images sCT with label
0 and real CT images with label 1 (minimization of LadvDCT

).
Backward cycle.

LadvDCBCT
= 1
m

m∑
i=1

(1−DCBCT (CBCTi))2 +DCBCT (GCT −CBCT (CTi))2

2 ,

(4.3)

LadvGCT −CBCT
= 1
m

m∑
i=1

(1−DCBCT (GCT −CBCT (CTi)))2, (4.4)

where the goals of GCT −CBCT and DCBCT are the same as in forward cycle,
but only for CBCT and synthetic CBCT.

• Cycle-consistency loss

After applying adversarial losses, the space of proper mapping functions is
still large; for reducing this space, a cycle consistency loss was introduced,
which minimized the difference between cyclic CBCT and real CBCT images,
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cyclic CT and real CT images. Cycle-consistency losses for both cycles were
as follows:
Forward cycle.

LcycleCBCT
= 1
m

m∑
i=1
|GCT −CBCT (GCBCT −CT (CBCTi))− CBCTi|. (4.5)

where GCBCT −CT generates sCT from CBCT image, while GCT −CBCT trans-
forms sCT into cyclic CBCT (cCBCT).
Backward cycle.

LcycleCT
= 1
m

m∑
i=1
|GCBCT −CT (GCT −CBCT (CTi))− CTi|. (4.6)

where GCT −CBCT generates sCBCT from CT image, while GCBCT −CT trans-
forms sCBCT into cyclic CT (cCT).

• Identity loss

The identity loss function is used to maintain the level of HU value between
real CT and synthetic CT and between real CBCT and synthetic CBCT.
For example, if GCBCT −CT takes a CT image as an input image instead of
a CBCT image, the output will ideally be CT (identity CT). Moreover, the
pixel-wise distance between the real CT and the identity CT is taken as the
loss. And similarly for another generator. In other words, this loss function
minimizes editing when going from CT to identity CT and from CBCT to
identity CBCT without cycle. Therefore, the identity loss for both CBCT
and CT images was :
Forward cycle.

LidenCT
= 1
m

m∑
i=1
|GCBCT −CT (CTi)− CTi| (4.7)

Backward cycle.

LidenCBCT
= 1
m

m∑
i=1
|GCT −CBCT (CBCTi)− CBCTi|. (4.8)
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As a result, all losses were added and a total loss function for both generators was
calculated using the formula:

LGen = LadvGCBCT −CT
+ LadvGCT −CBCT

+ λcycle · (LcycleCT
+ LcycleCBCT

)
+ λiden · (LidenCT

+ LidenCBCT
). (4.9)

where the hyperparams λcycle is a parameter that regulates the weight of cycle-
consistency loss and λiden regulates the weight of identity.

The final objective function for the discriminators was defined as:

LDisc = LadvDCT
+ LadvDCBCT

. (4.10)

The architecture of the generator

For generators, we employed the modified U-Net architecture (Fig.4.7) with the
encoder and decoder parts. The encoder consisted of convolutional layers, instance
normalization and the activation function LeakyReLU.

Figure 4.7: The architecture of the generators: modified U-Net. The size of input
data and output data is 256 × 256 × 1 (where the first and second number is
resolution of the image, the third number is the number of channels).

The decoder consisted of transpose convolutional layers, instance normaliza-
tion, dropout for the first three blocks and ReLU as activation function. U-Net
architecture had skip connections between encoder and decoder.
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The architecture of the discriminator

The architecture for the discriminators was PatchGAN (Fig.4.8) [55]. The
discriminator PatchGAN penalizes input structure at the level of local patches of
the image.

PatchGAN consisted of four blocks with the same sequence of layers as the
encoder in the generators: convolutional layers, instance normalization and the
activation function LeakyReLU. After the third and fourth blocks, we used zero
paddings that added zeros around the perimeter of the image tensor. The last layer
was the convolutional layer with the stride of 1 and the number of filters of 1.

Figure 4.8: The architecture of the discriminators: PatchGAN. The size of input
data is 256 × 256 × 1.

4.2.2 Training process
In this section, we describe the training process and model training parameters.
As described in the previous section, all given data were divided into 20 training
(880 slices), 1 test (44 slices) and 5 test (220 slices).

Technical details

For this work used an NVIDIA TITAN XP GPU with 12GB of memory to train and
test the model. One epoch took about 200 seconds for training and approximately
30 secs for testing.

The weights of the generators and discriminators were initialized with a ran-
dom normal initializer (mean 0 and standard deviation 0.02). We used instance
normalization at batch size 1. To stabilize the network training, we used the Adam
optimization algorithm [82] with parameters β1 = 0.5, β2 = 0.999. At each stage of
optimization, slices of different patients were randomly selected (see Table 4.1 in
more detail of initial parameters).
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Table 4.1: Initial selection of the hyperparameters of the model

Hyperparameters Initial selected values

Number of U-Net filters 64, 128, 256, 512, 512, 512, 512, 512
Activation functions of U-Net LeakyReLU, ReLU, Tanh
Number of PatchGAN filters 64, 128, 256, 512
Activation function of PatchGAN ReLU
Normalization Instance normalization
Batch size 1
Objective loss Binary Cross Entropy
λcycle 100
λidentity 100
Optimizer Adam
learning rate 2e-4
learning rate mode fixed for four networks
b1, b2 0.5, 0.99
Number of epochs 100
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Objective loss

First we investigated binary cross entropy loss function in adversarial loss, but
mean squared error (MSE) seemed to predict sCT with lower error (MAE) respect
to the CT.

Learning rate

One of the important parts of training CycleGAN is to find an appropriate learning
rate for four networks in CycleGAN. As shown in Tabel 4.1, initially, the learning
rate parameters were set for each generator and discriminator to 2e-4. Correct
hyperparameters are critical to training success, but they can be difficult to find.
Although numerous experiences were done manually, it was still not clear which
learning rate was required. Observations show that the generator is very sensitive
to the learning rate of the discriminator. Many studies discuss the range from 2e-4
to 2e-6.

One approach to finding the optimal learning rate, grid search, requires full
training with various learning rates. After complete training, the learning rate is
chosen with the least final loss as a good and optimal learning rate. This repetitive
network training requires a lot of resources and time.

We have implemented an approach to find a optimal learning rate based on a
learning rate finder [83].

Figure 4.9: Learning rate finder. Starting from 1e-10 and increasing to 1e+2, we
plot loss function, and we peeked the value of the learning rate at the point where
the slope goes down [83].
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With this approach, the network is trained only once. Thus, this method is
cheaper in terms of resources and time than grid search. Nevertheless, in terms of
reliability and robustness, LRFinder is inferior to grid search.

After finding the optimal learning rate for four networks, we set these values
in the learning rate planner for the generator and the discriminator. We used
exponential decay, polynomial, but the piece-wise function performed better. The
piece function consisted of two parts. In the first part, the first few epochs, for
example, 20-40 epochs, generators and discriminators have a fixed learning rate. In
the second part, the learning rate decreases linearly to some specific value or zero.

4.2.3 Model validation
To quantify the generated images during training and for evaluation of the model
in testing part, the mean absolute error metric between sCT and CT was used.

• Mean absolute error (MAE)
MAE measures the difference between paired images, in our case synthetic
CT and real CT images by calculating mean absolute error. The MAE is
determined as follows:

MAE = 1
M

n∑
i=1
|CTi − sCTi| (4.11)

where n - the number of pixels in sCT and CT; M - the product number of
pixels in sCT by number of pixels in CT (nxn)

4.2.4 Testing process
In this section, we describe the testing process and evaluation of the models using
different metrics.

Figure 4.10 shows the testing flow chart. The testing dataset is rigidly registered
for model evaluation using the commercial RayStation software to acquire paired
CT and CBCT images.

The test CBCT images were fed to the generator GCBCT −CT , into which the
weights of the trained model were loaded. We used the obtained CT images as the
ground truth for the quantitative assessment of the CycleGAN model.

Below in this section, we describe the metrics we used to compare sCT to
CT quantitatively. For the synthesized image sCT, we measure the CT number
accuracy (HU), structural similarity, and spatial uniformity.
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Figure 4.10: The schematic testing process.

Metrics

• Root mean square error (RMSE)
RMSE measures the deviation between synthetic CT and real CT.

RMSE =
√√√√ 1
n

n∑
i=1

(CTi − sCTi)2 (4.12)

• Peak-signal-to-noise-ratio error (PSNR)
PSNR is a metric for assessing of image denoising.

PSNR = 10 · log10

(
MAX2

1
n

∑n
i=1 (CTi − sCTi)2

)
(4.13)

• Structural similarity index measure (SSIM)
SSIM is a structure information matrix used to compare the similarity of two
images.

SSIM = (2µsCTµCT + c1)(2σsCT,CT + c2)
(µsCT 2 + µCT 2 + c1)(σsCT 2 + σCT 2 + c2)

(4.14)

where n - the number of pixels in sCT (CT); MAX - the maximal pixel
intensity in sCT and CT; µ - the mean value of the given image; σ - the
standard variation of the given image, c1 and c2 - the variables which is used
to keep a division with a weak denominator from becoming unbalanced.

We evaluated models by the mean average error (MAE) on the body contour.
The proposed method achieved averaged MAE equal to 73 ± 20 HU, while with
the initial parameters the model performance was at the level of 228 HU. Initial
parameters of the model are listed in table 4.1, and the evolved parameters are
listed in table 5.1. We will consider the experiments that led to the best MAE
performance for our model in the next section.
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Chapter 5

Results

Experiments

In this section we describe a sequence of different models on which we ran our
experiments.

Table 5.1: Initial selection of the hyperparameters of the model

Experiments MAE

Initial parameters 228.35 HU
U-Net Filters: 16, 32, 64, 128, 256,
512, 512, 512

215.40 HU

U-Net Filters: 32, 64, 128, 256, 512,
512, 512, 512 lrg = 2 · 10−5

lrd = 2 · 10−6

188.18 HU

λcycle = 300 171.17 HU
Loss: Mean Squared Error 156.33 HU
PatchGAN filters: 32, 64,128, 256 146.63 HU
Learning rate scheduler for
generators, lr scheduler for
discriminators

123.16 HU

The second dataset 79.17 HU
44 slices in the test data 73.84 HU
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Initial model

The details of the initial model are presented in Table 4.1. As an objective function
we took Binary Cross Entropy, Adam optimizer, the weights are initialized randomly
with mean zero and standard deviation 0.02. The performance of the model is
measured in MAE. The initial model had 228.35 HU.

Sequence of changes

After that we made a sequence of changes to the initial model, they are described
in Table 5.1.

• First we changed the U-Net filters. As was described in Section 2.3.3, each
layer of filters is aimed to determine some features and patterns; the number
and size of filters depend on the complexity of an image and its details, and
must be tune for each specific set of data. For simpler images one typically
needs 3× 3 or 4× 4 kernels. Those filters distinguish local specificity of an
image.
Experiments showed that 32 filters in the first layer of the Generator is a
good choice for our database.

• I also noted that increasing the value of λcycle leads to better results in HU
values of MAE. This keeps anatomical structure of CBCT. For increasing the
values of lambdacycle we started with the default value around 10, increased
it up to 300, and that gave improvement in results (the shape of the CBCT
is preserved, in other cases the sCT is smaller and the boundaries are slightly
erased).

• Another important parameter which requires appropriate tuning is the learn-
ing rate; finding an optimal learning rate for Generator and Discriminator
allows to obtain better results. Appropriate for us choices of the learning
rate were in range from 2e-4 to 2e-6.

• We also experimented with different objective functions: instead of default
Binary Cross Entropy we applied Least Square Loss, which allowed to signifi-
cantly reduce the value of MAE: from 171 to 156 HU.

• We also tuned the number of filters in Discriminator. It turns out that
decreasing the number of filters in the first layer of PatchGAN from 64 to 32
gave an improvement.

• Usage of learning rate scheduler allowed to decrease the value of MAE from
146 to 123 HU.
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• Further, we decided to change the preprocessing of the our training set.
Our initial preprocessing consisted of resizing and normalization; in the new
version of preprocessing we applied binary masks to organs, and thus get
rid of points outside the body. Thus we got images with more concentrated
regions of interest: prostate and organs at risks (rectal and bladder). Such a
change allowed to significantly reduce the value of MAE: from 123 to 79 HU.
We also adjusted the test set to this cropping.
Original CBCT volume has typically non-informative first and last slices
(pieces of parts of body that we are not interested in). Thus we estimated
only middle slices of the volume in our test evaluation, which allowed to
decrease MAE to 73 HU.

• Change in Architecture This is the best value of MAE that we obtained
during our learning processes. However, that model did not manage to
visually suppress the artefacts in the images. Thus we decided to try another
architecture of the Generator that was inspired by [58]. In our new Generator
we used skip connections with skipped two layers (instead of 1 skipped layer
originally used in U-Net). In the Encoder part, we alternated convolutional
layers with 1 and 2 strides. In the Decoder part, we added upsampling layer
before convolution (instead of dropout in the original U-Net); the convolution
layers have stride 1.
This new model gave MAE of 75 HU, which is a bit worse than in the previous
model. However, visually, this model manages to suppress artefacts better
than in all the other models that we used.

As a result of these changes, we decreased the MAE from 228.35 HU to 73
HU and obtained two models with the competitive performance. One has a lower
HU values in MAE, but visually contains artefacts. The second model suppresses
artefacts, but has a slightly bigger MAE. In the next Section we will assess
qualitatively (visually) and quantitatively the results of these models performance.

Qualitative assessment of generated image quality

In Figure 5.1 and 5.2 we see visual quality for five patients. The upper line shows
CBCT images, middle line is sCT images, and the third line is original CT images.
We see that for the second model the synthesized CT has a better quality than
for the first model. We see that both models synthesize images with preserved
anatomical structure. The first model gives better value for MAE, however, the
second one generates image with less artefacts.

All quantitative testing results obtained for all patients are shown in Tables 5.2
and 5.3. These tables refer to the assessment of each model and show the measured
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Figure 5.1: Model 1.

difference between the original CBCT and CT images, and the difference between
synthetic CT and real CT.

The averaged MAE for the first model gives a bigger value than MAE for
original CBCT and CT images (73±20HU in the model against 66± 20 HU in the
original images) (see Table 5.2). However, in the test set, the fifth patient has an
implant which even in the original images has MAE at the level 101 HU, which
sufficiently increase the averaged MAE across all the patients.

The results for comparison of two models are shown in Table 5.4. In Table 5.5
we give values of SSIM metrics for CBCT-CT, sCT-CT, sCT-CBCT. In Figures 5.4,
5.6, and 5.7 we show HU profile of red dashed dotes to compare synthetic images
for the first and second model.

50



Figure 5.2: Model 2.

Figure 5.3: An example of CBCT image, sCT image synthesized from CBCT by
CycleGAN, and planning CT (from the testing data). The red dashed line is a line
profile that passes through bones, the implant and soft tissue.
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Table 5.2: Measurements of difference CBCT - CT and sCT - CT in all 5 test
patients for Model 1.

Patient Difference MAE
(HU) RMSE(HU) SSIM PNSE

Patient 1 CBCT-CT 68.87 157.04 0.90 24.04
sCT-CT 79.79 157.06 0.90 24.04

Patient 2 CBCT-CT 67.01 133.99 0.90 25.42
sCT-CT 67.53 133.41 0.89 25.46

Patient 3 CBCT-CT 46.09 96.42 0.95 28.28
sCT-CT 54.89 97.73 0.95 28.16

Patient 4 CBCT-CT 47.18 89.19 0.96 28.95
sCT-CT 56.26 93.66 0.96 28.53

Patient 5
(implant) CBCT-CT 101.48 170.02 0.86 23.35

sCT-CT 111.33 178.05 0.85 22.95

Mean ± std CBCT-CT 66.13 ±
20.09

129.33
± 32.06

0.91 ±
0.04

25.82
± 2.24

sCT-CT 73.96 ±
20.73

131.98
± 32.85

0.91 ±
0.04

25.82
± 2.21

Figure 5.4: The plot shows HU profile of the red dashed lines in the Fig.5.5.
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Table 5.3: Measurements of difference CBCT - CT and sCT - CT in all 5 test
patients for Model 2

Patient Difference MAE
(HU) RMSE(HU) SSIM PNSE

Patient 1 CBCT-CT 68.87 157.04 0.90 24.04
sCT-CT 75.31 155.83 0.90 24.11

Patient 2 CBCT-CT 67.01 133.99 0.90 25.42
sCT-CT 78.98 163.45 0.87 23.69

Patient 3 CBCT-CT 46.09 96.42 0.95 28.28
sCT-CT 60.31 115.36 0.94 26.72

Patient 4 CBCT-CT 47.18 89.19 0.96 28.95
sCT-CT 57.20 122.86 0.95 26.17

Patient 5
(implant) CBCT-CT 101.48 170.02 0.86 23.35

sCT-CT 105.76 190.72 0.84 22.35

Mean ± std CBCT-CT 66.13 ±
20.09

129.33
± 32.06 0.91 ± 0.04 25.82

± 2.24

sCT-CT 75.51 ±
17.28

149.64
± 27.60 0.90 ± 0.04 24.60

± 1.61

Figure 5.5: The result of the second model. CBCT image, sCT image, and planning
CT. The red dashed line is a line profile that passes through bones, the implant
and soft tissue. The size of the window [-200, 500].
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Figure 5.6: The plot shows HU profile of the red dashed lines in the Fig.5.5.

Figure 5.7: The plot shows HU profile of the red dashed lines in the Fig.5.5.

Table 5.4: Test data: CVT regions (including the patient with implant)

model MAE(HU) Std RMSE(HU) SSIM PNSE
orig CBCT
vs orig CT 66.13 ± 20.09 129.33 0.91 26.01

model 1 73.96 ± 20.73 131.98 0.91 25.82
model 2 75.51 ± 17.28 149.65 0.90 24.61
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Table 5.5: SSIM

Model Difference SSIM
± std Difference SSIM

± std Difference SSIM
± std

model 1 CBCT-CT 0.91 ±
0.04 sCT-CT 0.91 ±

0.04
sCT-
CBCT

0.99 ±
0.001

model 2 CBCT-CT 0.91 ±
0.04 sCT-CT 0.90 ±

0.04
sCT-
CBCT

0.90 ±
0.04
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Chapter 6

Discussion and Conclusion

Here we will discuss the limitations of our work, possible ways to improve it,
compare with existing literature, and talk about perspectives.

In the beginning of the project we aimed at being able to generate high-quality
CT images from CBCT images. We did not fully achieve this initial results. Though
our best model suppresses the artefacts for some patients, for the others it does
not give desirable results. The state-of-the-art model gives MAE at the level of 20
HU, with the training process starting from 50 HU, while we started with MAE at
the level of 66 HU and increased it to 73 HU.

There are several ideas how to improve the performance of our model, for
instance to use residual blocks in the bottleneck of U-Net, or to schedule a more
detailed tuning plan for the search of optimal hyperparameters. Besides, we noticed
that preprocessing plays a crucial role in training of neural networks, and in some
literature the authors use a rigid registration technique for training set, i.e. choose
one image (in training data) as a reference, and align the rest of the images (both
CBCT and CT images) along the reference, in order to get more accurate results.
Though in principle CycleGAN does not require the alignment, it still might be
crucial to improve its performance. It is also possible that our data have some
defects, which prevented the model from better training. For instance, the first
CBCT were taken up to two weeks after the planning CT, and therefore there could
be anatomical modifications (such as air cavities, as an example) that can be a
huge problem for the validation/testing of the model and might bias the generated
results.

In our work we stayed at the image processing step. A possible interesting
continuation of the work would be to perform the dose calculation on the sCT to
see the impact of the image quality on the dose calculation.
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