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Abstract

Radiotherapy is one of the main treatments for cancer. When compared to
conventional radiotherapy with photons, proton therapy holds the potential to
spare more healthy tissues while ensuring tumor coverage.

In both modalities, a treatment plan needs to be generated. This task is
time-consuming, and significant efforts have been invested in automating it. In
particular, deep learning has already been employed to automate certain steps
in this process. However, while deep neural networks can be used to predict
the full dose distribution, their application has not yet been extended to the
subsequent step in the planning process of proton therapy plans. This step
involves determining the machine parameters, specifically the weights of the
spots, that will most accurately achieve the predicted dose distribution.

This thesis aims to explore potential solutions to fill this gap. A fully
automated pipeline containing two deep neural networks was implemented. A
first network predicts the dose of each individual beam. The second network
should take this information together with other inputs to provide a prediction
of the spot weights. Both networks employed a U-Net architecture and were
trained on a database containing plans with the same beam configuration and
prescription for 39 patients with esophageal cancer.

If the obtained results were not satisfactory for direct use without further
manual optimization, this work still represented the initial step toward achieving
a fully automated workflow.
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Acronyms

AT Artificial Intelligence.

ANN Artificial Neural Network.
BEV Beam’s Eye View.

CNN Convolutional Neural Network.
CT Computed Tomography.

CTV Clinical Target Volume.

DNN Deep Neural Network.

DVH Dose Volume Histogram.

GAN Generative Adversarial Network.
GPU Graphics Processing Unit.

GTV Gross Target Volume.

IMPT Intensity Modulated Proton Therapy.
IMRT Intensity Modulated Radiation Therapy.

ITV Internal Target Volume.

MAE Mean Absolute Error.

MRI Magnetic Resonance Image.



MSE Mean Square Error.

MU Monitor Unit.

OAR Organ(s) at Risk.

PBS Pencil Beam Scanning.

PTV Planning Target Volume.

ReLU Rectified Linear Unit.
RMSE Root Mean Square Error.

ROI Region of Interest.

SFUD Single-Field Uniform Dose.

SOBP Spread out Bragg peak.

TPS Treatment Planning System.

VMAT Volumetric modulated Arc Therapy.
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Chapter 1

Introduction

In 2020, cancer was responsible for almost 10 million deaths worldwide, and by
the year 2040, the number of cancer cases is projected to increase by 49.7% [1].
Among others, radiation therapy is one of the most widely used treatments for
cancer [2]|. Either alone or in combination with other treatment modalities, such
as chemotherapy or surgery, it can be delivered internally or externally.

The goal is to stop the growth and division of cancer cells and, ultimately,
destroy them. This is achieved through ionizing radiation, which is able to
damage the DNA of the cells. Unfortunately, these damages affect not only
malignant cells but also healthy surrounding cells. Hence, one of the key issues
in radiotherapy is to spare healthy tissues as much as possible while ensuring
that tumor cells still receive a sufficiently high radiation dose.

Several modalities are available for external beam radiation therapy. So far,
high-energy X-rays delivering photons are the most common, and this modality
is known as conventional radiotherapy. However, the use of charged particles
such as protons has shown greater advantages [3][4][5](6]|7]. In particular, the
way protons deliver energy along their path allows for more targeted treatment
and therefore less damage to healthy tissues. Indeed, protons deposit their
maximal dose at the end of their trajectory, creating a peak of dose called
the Bragg peak (Figure . In contrast, conventional therapy delivers the
maximum dose at the entrance of the body, followed by a decreasing exponential
curve along the trajectory. Compared to protons, it not only increases the dose
received when it enters the body, but it also increases the dose delivered beyond
the tumor. This is why proton therapy has raised great interest within the
medical community over the past decade.
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Figure 1.1: Difference in the dose-depth profile between conventional therapy
and proton therapy. Credits: \E\

For any of these modalities, a treatment plan has to be established. First,
images of the patient are acquired by making a |[Computed Tomography]|
scan and/or a[Magnetic Resonance Image| (MRI). From these scans, the physi-
cian then draws the contours of the tumor and of the surrounding organs; this is
the segmentation step. After that, the dosimetrist can generate the treatment
plan by fine-tuning the beam parameters to obtain the most optimal dose distri-
bution. A trade-off has to be reached between tumor coverage and healthy tissue
sparing. This process can require several iterations and is thus time-consuming
and complex. Therefore, the quality of the generated plan can be impacted by
factors such as the time available or the clinical staff’s experience ﬂgﬂ .

It is only after all these steps that the patient can start the treatment. Usu-
ally, the patient must go through daily sessions spread over a few weeks. During
this time period, the anatomy of the patient can change, making it suboptimal
to use the exact same plan each time . Speeding up the generation
of treatment plans is thus much needed.

Thankfully, the development of several technologies has already taken a step
forward towards a more automated treatment plan generation. For instance,
numerous studies have focused on the use of |Artificial Intelligence| to au-

tomate the segmentation step .

This thesis will focus on the automation of another step: the tuning of
the machine parameters. In a manual workflow, optimization software is used
by the dosimetrist to fine-tune the device parameters. Based on the resulting
dose distribution and some corresponding metrics, the plan can be validated
by medical specialists. Otherwise, a new iteration with further tuning of the
parameters is started.




In an automated workflow, a prediction of the dose distribution is first
generated. The device parameters are then optimized to achieve that dose
distribution as well as possible. Usually, the automated treatment pipelines
proposed so far have only employed deep learning frameworks to predict the
dose distribution. The final device parameters are then computed by what
is called a dose-mimicking optimization algorithm (Figure a). For proton
therapy treatment, the integration of deep learning in this last step is yet to be
explored, as only a limited amount of work has been conducted in that direction.

a) Segmentation Full dose pred|ct|on Optimized beam
parameters
b) ‘ Segmentation Dose per beam Prediction of
prediction beam parameters

Figure 1.2: Two different workflows for the generation of a treatment plan.
The images on the left show a scan with the organs and the tumor
delineated. The central images represent the dose distributions. The orange
dots of various sizes on the right images represent the machine parameters. a)
Workflow with [AT] to predict the full dose and dose mimicking to find the
beam parameters. b) The workflow developed in this thesis with to predict
the beam dose distributions and the beam parameters.

The objective of this thesis is to develop and train a|Deep Neural Network]
capable of predicting the machine parameters based on the pre-generated
dose distribution and some other patient-specific anatomical data (Figure b).
To develop a complete workflow, the network providing the pre-generated dose
distributions should also be trained and tested as a secondary objective. With
the aim of speeding up the process, the proposed workflow should be optimized
as much as possible. Depending on the quality of the results, the parameters
found could either be used directly or as a first guess to provide to the software
currently employed for the iterative fine-tuning of the parameters. In this last
case, it could still allow the overall plan generation to be faster by reducing the
number of iterations needed.




This thesis is organized as follows: Chapter 2 provides context for the pro-
ton therapy treatment planning process. It also introduces the key concepts
of deep learning relevant to understanding the networks used in radiotherapy
applications. Chapter 3 includes a literature review, while the model’s archi-
tecture and methods employed are described in Chapter 4. Chapter 5 presents
the obtained results and is followed by a discussion of those results in Chapter
6. Finally, a conclusion in Chapter 7 closes this thesis.
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Chapter 2

Context

2.1 Proton therapy

In external beam proton therapy treatments, a proton beam is used to ionize
the diseased tissues. To reach the tumor site, protons must be accelerated to
increase their energy level. When entering the body, this energy is transferred
to the tissues. The resulting dose deposition is quantified in Gray [Gy] units,
which correspond to the absorption of one joule of energy in one kilogram of
matter.
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Figure 2.1: The [SOBP|is formed by several Bragg peaks of different energies
to cover the tumor in depth. Credits: [20]

Protons have the advantage of delivering most of the dose at the end of
their trajectory, forming the so-called Bragg peak. Compared to photons, only
a small dose is deposited before that peak and almost none after it. The depth
of the peak can be adjusted by changing the energy of the protons accordingly
before they enter the body.
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With a single-energy proton beam, the Bragg peak is too narrow to cover
the tumor in depth. To achieve sufficient longitudinal coverage, multiple beams
with varying energies need to be superimposed to form the [Spread out Bragg|

(SOBP)), as shown in Figure

To reach the required energy levels, protons must first be accelerated into
a cyclotron or synchrotron. With a synchrotron, the protons are accelerated to
the targeted energy. On the other hand, protons in a cyclotron are accelerated
to a fixed maximum energy. Energy degraders are then inserted along the path
of the protons to lower their energy as needed.

To cover the three-dimensional tumor, the resulting narrow mono-energetic
beam must be spread not only longitudinally by forming the [SOBP] but also
laterally. To achieve lateral coverage, there are two main delivery techniques
(Figure [2.2)). The first one is the passive scattering technique, which involves
the use of heavy materials to scatter the beam but also requires patient-specific
compensators and collimators. The second technique is [Pencil Beam Scanning]
, which is much more flexible and consequently represents the state-of-
the-art delivery technique in proton therapy .

Compensator

Range modulator

2nd scatterer

1t scatterer

Collimator Patient

=

Pair of Quads

Scanning Scanning
Magnet Magnet
(Fast) (Slow)

Figure 2.2: Two proton delivery techniques. Upper image: the passive
scattering technique. Lower image: the [Pencil Beam Scanning| (PBS))
technique. Credits: [22]
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2.1.1 Pencil beam scanning

Energy layers
| )

Pencil beam \

f

Spots positions

Figure 2.3: Illustration of with the scanning of energy layers and spots
with different weights shown as circles with various sizes

The main idea behind [Pencil Beam Scanning|is to employ scanning magnets
to move the small pencil beam laterally. The tumor is first sliced into different
energy layers that are perpendicular to the beam’s direction. Those layers are
scanned one at a time, from the deepest and most distant one (maximum energy)
to the closest one (minimum energy). They thus form the and allow the
tumor to be covered depth-wise. In each layer, dose delivery positions named
spots are placed in order to cover the tumor in the lateral direction (Figure.
One layer at a time, the beam will thus be positioned on each of these spots by
adjusting the magnetic fields. To determine the dose delivered at each position,
an intensity or weight is associated with each spot. This weight is proportional
to the number of protons delivered at that specific location and is expressed in

|M0nitor Unitl (|MU|).

[PBS] can also be used with several beam angles in what is known as
[fensity Modulated Proton Therapy] (IMPT)). For each beam angle, the same
process is used as described earlier: the tumor is divided into energy layers per-
pendicular to the beam’s direction, and each layer is rasterized as a discrete grid
of spots. This way, the dose distribution is achieved by combining the Bragg
peaks of protons coming from different angles. This has the advantage of further
enhancing dose and shape conformity as well as healthy tissue sparing.

2.1.2 Treatment planning process

Before delivering the proton therapy treatment, a treatment plan specific to the
patient must be generated by establishing several parameters. Those parameters
include the number and configuration of beams, along with the position and
weight of each spot, all of which determine the resulting dose distribution. The
different steps to generate a conventional proton treatment plan are described
in this section.
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Computed tomography scan

First, medical images of the patient must be acquired in order to have precise
information about the relative placement and shape of the different organs and
the tumor. For this purpose, a [Computed Tomography|scan is made.

Figure 2.4: Different slices of a scan of a patient. From left to right:
coronal, sagittal, and axial sections.

A scanner consists of an X-ray source that sends photons through the
patient’s body. On the other side of the source, detectors measure the atten-
uation of the X-ray. The X-ray source is able to rotate around the patient’s
body, and thus the 3D image is reconstructed from the measurements taken
from many different angles (Figure [2.5).

Detector

Figure 2.5: A scanner with its X-ray source and its detector on the
opposite side. Credits: [23]

Depending on the type of tissue it passes through, the X-rays are more or
less attenuated. The unit used to describe the radiation attenuation coefficient
of each voxel of the scan is the Hounsfield unit [HU]. The attenuation coef-
ficients are usually represented as gray values. For instance, dense tissues like
bones lead to a higher attenuation coefficient, resulting in a brighter area in the

scan (Figure [24).
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Tumor and organ contouring

With the scan acquired, the tumor and the [Organ(s) at Risk] (OAR) must
be delineated. There are several contours that can be drawn around the tumor
to define the target volume (Figure :

e GTV: The |Gross Target Volume| (GTV) is the tumor that is visible on
the medical images.

e CTV: The [Clinical Target Volume| (CTV]) encloses the plus an ad-
ditional margin to account for the spread of the disease, which leads to
non-visible microscopic extensions of cancerous cells.

e ITV: The[[nternal Target Volume (ITV)) includes the and an addi-
tional internal margin that accounts for variations due to organ motions
such as breathing.

e PTV: The[Planning Target Volume| (PTV) encompasses the[[TV]to which
a margin is added to account for errors due to positioning, machine toler-
ances, and set-up uncertainties. The goal is to make sure that the
indeed receives the planned dose.

Figure 2.6: Different contours around the tumor. Credits: |\

The different contours for the target volume and the [DARE can be drawn
either manually or with the help of various tools, including artificial intelligence

technologies .

Dose prescription

A dose prescription must be set to the target volume. This value must take into
consideration not only the tumor treated but also the surrounding organs, which
may withstand different maximum levels of dose. Sometimes, higher boost doses
can be prescribed for specific areas of the tumor. In the esophagus case studied
in this thesis, the same dose prescription of 50.40 Gy is used across all patients.
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Plan generation

With all this information, the generation of the plan can start. In what is
known as inverse planning, the device parameters are determined by solving
an optimization problem. To define this problem, the dosimetrist establishes a
set of minimal and maximal dose constraints on the [DARk and on the target
volume. The objective function of the optimization problem is defined as a
weighted sum of these different criteria.

Set dose prescription
Segmentation + Beam configuration
and spot positions

Imaging the
patient

Spot weights
optimized

Set dose
objectives/constraints

A

Plan not I
approved

Dose distribution
Treatment delivery Plan evaluation

J j.[ ‘ r - ‘
B Plan “ — %T\
approved

Figure 2.7: The workflow to generate a proton treatment plan with inverse
planning.

A [Treatment Planning System| (TPS)) such as RayStation (RaySearch Lab-
oratories, Sweden) is used not only for the iterative optimization process but
also for dose calculation and plan evaluation. Based on the patient’s anatomy,
the software fine-tunes the machine parameters to meet the constraints as well
as possible. Once an optimum is reached, the dosimetrist can evaluate the ob-
tained dose distribution. The goal is to achieve a dose distribution that provides
sufficient dose coverage for the tumor while minimizing radiation exposure to
the surrounding organs. If it is not satisfactory, the weights assigned to the
criteria in the objective function must be adjusted in an additional iteration.
This iterative process continues until an admissible treatment plan is obtained.

Inverse planning can be a time-consuming task since the needs guid-
ance before finding the optimal plan. This is why some new automated work-
flows using deep learning have been proposed to speed up the process (see Sec-

tion [2.3)).
Plan evaluation

To evaluate a plan, several metrics can be helpful. One tool often employed
is a [Dose Volume Histogram| (DVH). This is a graphical representation of the
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radiation dose delivered to the target volumes or organs at risk. To construct
a cumulative [DVH] a curve is associated with each [Region of Interest| (ROT).
The X-axis represents the volume percentage, and the y-axis corresponds to the

dose [Gy] (Figure [2.8).

In a good-quality plan, the [DVH] curve associated with the target volume
should be constant at 100% of the volume before dropping steeply to 0% at the
prescribed dose. Conversely, the curve associated with each OAR should always
be as close to zero as possible.

Volume (%)

Dose (Gy)

Figure 2.8: An example of a[Dose Volume Histogram| (DVH). The target curve
is in yellow and aims for a 50.4 Gy dose. The other lines correspond to
different organs.

From this graph, several metrics can be extracted. D, is the maximal
dose delivered to at least x percent of the volume of interest. Thus, Dy is the
maximum dose received by 5% of the volume. Depending on the considered,
commonly employed metrics are Do, D5, Dgs, Dgg and Dj,eqrn which is the
average dose delivered to the volume of interest. V,, can also be extracted from
the graph: this is the highest percentage of the volume of interest receiving a
radiation dose of at least x Gy. All these metrics can be used to assess the
quality of a plan and compare different plans.

Plan robustness

There are many sources of uncertainty in the treatment planning process. They
can come from anatomical modifications over time, patient setup on the scan,
tumor contouring, dose calculation approximations, organs, or tumor motion
due to breathing for instance . In conventional radiotherapy, some of these
errors are accounted for by adding a margin to the[CTV]and thus performing a
[PTV}based optimization. But in proton therapy, the finite range of the protons
is a double-edged sword. As it allows a more targeted treatment and therefore
more healthy tissue sparing, we can no longer make the assumption that the

17



dose distribution is invariant under spatial shifts. Hence, for proton therapy,
the [CTV] is used instead of the [PTV] and uncertainties are addressed through
robust optimization. To obtain a robust plan, various scenarios are considered,
and the optimized plan should meet the predefined requirements even in the
worst-case scenario. These scenarios include scans with a shift or a change

of density for instance .

2.2 Deep learning

In the past few years, deep learning has experienced a surge of interest and a
fast evolution. It was enabled by several factors, such as the availability of large
datasets, the development of new deep learning techniques and architectures,
the advancement in computing power, and especially in [Graphics Processing]
(GPU)s [29][30]. The range of applications in which it has already shown
remarkable results is wide. From computer vision with face recognition, object
detection, human pose estimation, and action recognition , to speech recog-
nition 7 but also natural language processing with information retrieval and
extraction, text classification and generation, and machine translation [33].

As the topic is broad, this section will only introduce some of the main
concepts necessary to understand a deep learning model used in the context of
radiotherapy.

2.2.1 Neural Networks

At the origin of deep learning is the [Artificial Neural Network| (ANN]), which
takes its inspiration from the structure of the human brain and the way it
transmits information. It is composed of several interconnected units, which
represent neurons. A neural network is composed of multiple layers of these
units. The first layer is called the input layer and receives the data. The last
layer is the output layer, and the layers in between are the hidden layers. A
[Deep Neural Network] (DNN)) is a network with several hidden layers.

(@) (b) Hidden layers

Output

N1

[\ \ Ty
Y

NN

Input

Weight
70
Wii

Output

1
qs>

i ) (-
o = (X, e ™)

-1
g

Figure 2.9: a) How the value associated with one unit of a deep neural network
is computed. b) The different layers of a deep neural network. Credits: [34]
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Like synapses in the brain, the units from one layer transmit information to
the units of the next layer through links. A weight is associated with each link
such that each unit computes the weighted sum of the input signals coming from
the previous layer (Figure . A constant value called a bias can be added to
that sum before applying an activation function. The output of that function
is then transmitted to the units of the next layer. Based on the information
processed in the hidden layers, the output layer is able to generate one or several
final values, depending on the type of task. In classification tasks, the output is
the predicted label, and in regression tasks, the output is the predicted quantity.
Training a deep neural network consists in fine-tuning the weights and biases of
the network in order to identify relevant features in the data, thereby minimizing
the error in the provided output.

Back-propagation

In order for the network to learn, the loss function that needs to be mini-
mized must be defined. This function measures the difference between the
predicted output and the true goal output. Then, during the step known as
back-propagation, the measured error is propagated back through the network
to update the different weights and biases. This is done by computing the gra-
dients of the loss function with respect to the weights and biases of each unit.
These gradients are back-propagated to update the weights and biases of each
layer in the network. Therefore, training a deep neural network is an itera-
tive process of feeding the network with input data, comparing the obtained
results with the expected ones, and then propagating the error backwards in
the network to update its parameters [30][35].

Loss function

As mentioned earlier, a loss function, also called a cost function, must be defined
according to the task at hand. For regression tasks, two loss functions are
commonly employed [36].

The first one is the[Mean Square Error| (MSE). Since the difference between
the true value y and the predicted value g is squared, this loss function is
sensitive to outliers.

1

N i (yi — 0i)° (2.1)

M=

MSE =

1

The second one is the [Mean Absolute Error| (MAE). This function is more
robust to outliers than [MSE] but its gradient is constant, which can impact
convergence during the learning process.

N
1
MAE = — :— U 2.2
N;:l lyi — Uil (2.2)



Training, test, and validation set

To assess the performance of the trained model, a subset of the data called a
test set must be held out separately from the data that is fed to the network
during training. After the training is completed, the test set is used to evaluate
the generalization error of the network.

Most models contain hyperparameters, which are settings that are not
learned by the algorithm but that influence the model’s behavior. When choos-
ing values for the hyperparameters, the test set should not be used to make these
decisions in order to have an unbiased evaluation of the final model’s perfor-
mance. This is why the remaining data is further split into two disjoint subsets:
the training set and the validation set. The first larger subset is used to train
the parameters. Then the validation set is used to assess the generalization
error and update the hyperparameters accordingly. When all hyperparameters
are set, the final model can be evaluated on the samples of the test set.

K-fold cross-validation

When working with a small dataset, the small size of the test set introduces
more uncertainty in the estimated average test error. To remedy that, k-fold
cross-validation is often performed. It consists in partitioning the dataset into
k folds of similar sizes. The training process is repeated k times, each time
taking different folds for testing and validating. The test error is estimated by
averaging the k test errors.

Epochs and batches

During training, the number of passes over the entire training set is known as
the number of epochs. With too few epochs, the network is not able to learn,
but too many epochs may lead to overfitting.

During each epoch, all the data from the training set is not usually processed all
at once. It is rather divided into smaller subsets known as batches. The size of
a batch is often limited by the amount of memory available. However, since the
parameters are updated after processing all samples in a single batch, the batch
size influences the number of parameter updates. A larger batch size can have
benefits, such as decreasing the training time for equivalent accuracies [37].

2.2.2 Convolutional neural network

A [Convolutional Neural Network] (CNN]) is a type of [Deep Neural Network| that
is well-suited to tasks involving image processing. Unlike in conventional fully
connected neural networks, the units of a[CNNJs layer are not connected to all
the units of the next layer. Sparse connectivity reduces the number of weights to
be trained, making it more efficient. Furthermore, since each unit is connected
to only a local region of the input, the network is able to focus on helpful local
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patterns in the data. These are some of the reasons why [CNNE have shown
great results for processing images as well as videos and speech .

A is composed of several layers that perform various operations to
extract relevant information from the input images. Some of the main types of
operations are described hereafter. Different [CNN]architectures can be built by
assembling all these layers of operations. An example of a classification task is

shown in Figure 2.10]
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Figure 2.10: a) Architecture of a|Convolutional Neural Network| (CNNJ)
network applied to a digit classification task. b) Some of the features learned
by the network at different layers. Credits: [41]

e Convolutional layer

The most important idea behind [CNNE is to use the convolution operation
to extract features from the input image in the form of feature maps. A
convolution is the process of applying a filter called a kernel to the input
image. The kernel is a matrix whose entries can be initially set at random
and then fine-tuned to detect the relevant features in the data. A feature
map is built by applying the filter to different parts of the input image.
By moving the filter across the image, each value of the feature map is
obtained. The shift applied to the kernel to compute each value is called
the stride. Additionally, some padding can be applied to the input image
in order to preserve its size. The size of the filter, the padding, and the
value of the stride will thus determine the dimensions of the obtained
feature map. For instance, Figure shows the application of a 3x3
2D kernel with a padding of one and a stride of one. The convolution
operation can be adapted to other dimensions by employing 3D kernels
for 3D images, for instance.

A convolutional layer applies a set of filters to its inputs to extract several
helpful features. The first convolutional layers detect low-level features
like edges, corners, or gradient orientations, while the deeper layers are
able to extract high-level features that are more global and complex.
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Figure 2.11: An example of a convolutional operation with a 3x3 filter, a
padding of one, and a stride of one. Credits: [42

e Activation layer

An activation layer usually follows the convolutional layer. It applies a
non-linear function to the output of the previous layer. By introducing
non-linearity into the network, more complex structures in the data can be
learned. The most commonly used activation functions in [CNNE are the
[Rectified Linear Unit| , the sigmoid, and the tanh (Figure .
However, the[ReLU]activation function has shown several advantages over
the tanh and sigmoid functions. Among them, the most important ones
are its computational efficiency and its ability to avoid the vanishing gra-
dient problem. The vanishing gradient problem arises when the weights of
the network are no longer updated due to vanishingly small values of the
loss function’s gradient. As activation functions with saturating values
(such as tanh and sigmoid) are more prone to this problem, the
function has shown faster training capabilities .
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Figure 2.12: Three different activation functions. Credits: \\
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e Pooling layer

A pooling or subsampling layer performs a downsampling operation on the
inputs. The advantage of reducing the size of the data is that it decreases
the number of parameters and consequently improves the efficiency of the
network. The size of the pooling window and the stride used to shift
that window across the input data determine the size of the reduction
performed. Pooling also provides representations that are approximately
invariant to small translations of inputs. The most common pooling op-
erations are max pooling and average pooling. A max pooling operation
will keep the highest value over a window of inputs. By only considering
the high magnitudes, this pooling operation extracts the most salient fea-
ture, but the distinguishing feature may vanish when most values in the
pooling region are high. For the average pooling operation, the average
of all the values in the window is taken (Figure. By also taking into
account the law magnitudes, the average pooling will have a smoothing
effect, resulting in a feature map with decreasing contrast .

> 0 | 255 ’

after max pooling

i BN

after average pooling digit express of the pooling process

input feature map

(a) Hlustration of max pooling drawback

after max pooling

input feature map after average pooling digit express of the pooling process

(b) Ilustration of average pooling drawback
Figure 2.13: The two main pooling operations, with an illustration of their
respective drawbacks. Credits: [44]
e Normalization layer

Normalizing activations of a[DNN]can allow faster training of the network
and better performance [45][46]. A normalization layer in a can
normalize the input data in different ways :

— Batch normalization: Inputs of the layer are normalized by re-centering
and re-scaling them. For that, the inputs of each channel are sub-
tracted by their mean and then divided by their standard deviation.
Means and variances are computed over the whole batch and across
all dimensions for each feature map or channel [45][30].
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— Instance normalization: It is similar to batch normalization except
that instance normalization is performed separately for each sample
of the batch instead of computing means and variances for the whole

batch [46].

2.2.3 U-Net
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Figure 2.14: The architecture of a two-dimensional U-Net. The blue boxes

correspond to newly calculated features, while the white boxes are copied

features. Their dimensions are provided on the left side, and the numbers
above give the number of feature maps. Credits: [47]

In 2015, a new architecture named U-net was introduced by Olaf
Ronnenberger et al. in . It was initially designed for image segmentation
tasks in the biomedical field, but it has since been adapted to perform other
types of tasks and has also been extended to handle volumetric data [48][49].
This network architecture is characterized by its U-shaped structure, formed by
an encoding and a decoding part. The encoder, also known as the contracting
path, is the first part of the network. It extracts features from the data and
reduces the spatial resolution of the images. This is achieved by repeatedly
applying convolutional operations along with downsampling operations such as
strided convolution or max pooling. With each downsampling step, the number
of feature channels increases.

In the second part of the network, the decoder or expansion path increases the
resolution of the high-level feature maps by performing upsampling operations
instead of downsampling operations. Hence, the decoder consists of repeated
upsampling and convolution operations, where the number of feature channels
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is decreased at each level of the U-net. Additionally, the features from the
contracting path can be concatenated with the corresponding features from the
expansion path at each level. This allows the decoder to precisely localize ob-
jects and features by recovering spatial information lost during downsampling.
As a result, the final high-resolution output of the network is capable of per-
forming accurate localization and capturing contextual information.

2.3 Automated treatment workflow

Several steps of the treatment generation process can be automated in order
to obtain a fully automated pipeline. As already mentioned, the segmentation
step, during which the tumor and organs are delineated, can be done through a
deep neural network. But the focus of this thesis is on the use of deep learning
for the tuning of machine parameters.

2.3.1 Dose prediction and dose mimicking

In the first deep learning-based automated pipelines, deep learning was intro-
duced to predict the optimal dose distribution (see Section. However, the
device parameters needed to achieve that predicted distribution are not pro-
vided by the model and still need to be determined. Therefore, an additional
step is required to provide parameters that achieve the predicted dose distribu-
tion as faithfully as possible. This step is called dose mimicking and requires
an optimization algorithm. Then, with the beam parameters given by the dose
mimicking algorithm, the final dose distribution can be computed (see Figure
2.1

Imaging the
patient

Optimized beam
parameters

‘> | Set Dose prescription -
Ly e 55| + Beam configuration -

Treatment delivery Mimicked dose

T ¢ =

Figure 2.15: The full workflow to generate a proton treatment plan with deep
learning to predict the full dose distribution and dose mimicking to find the
beam parameters.

Segmentation Full dose prediction
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2.3.2 Dose and weights prediction

The new automated pipeline proposed in this thesis aims at providing a predic-
tion of beam parameters thanks to deep learning. For that purpose, a prediction
of the dose per beam distribution is computed by a first neural network based
on the anatomical data of the patient. After that, this dose prediction, along
with the anatomical data, is fed to a second deep neural network. This network
is designed to predict the beam parameters, namely the weight of each spot (see

Figure [2.16)).

Set dose prescription
Segmentation + Beam configuration
and spot positions

Imaging the
patient

Dose per beam Spot weights
prediction prediction

Full dose
distribution

T u

Figure 2.16: The full workflow to generate a proton treatment plan with deep
learning to predict the beam dose distributions and the beam parameters.
This workflow is the one implemented in this thesis.

Treatment delivery

The first difference with the pipeline described in the previous section is

that the first network predicts an individual dose distribution for each beam
rather than directly predicting the full dose.
The second difference is that dose mimicking is no longer required. Instead,
the machine parameters will be provided by the second neural network. The
spot weights associated with one beam will be predicted by providing the second
network with the corresponding dose per beam prediction, along with spot posi-
tions and anatomical information. All the required machine parameters should
therefore be provided beam by beam by the second deep neural network.
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Chapter 3

Literature Review

The use of deep neural networks to automate the treatment planning process
has been investigated during the past few years. However, many of those re-
search studies target photon therapy treatments, while applications in proton
therapy are scarcely explored. First, Section |3.1] reviews some of the state-of-
the-art neural networks employed to predict the full dose distribution in photon
and proton therapy. Since no pipeline like the one proposed in this thesis has
been investigated for proton therapy, Section [3.2 will present articles presenting
somehow equivalent pipelines for photon therapy treatments. Lastly, a study
introducing a network designed to fine-tune spot weights for adaptive proton
therapy will be presented, along with its limitations, in Section [3.3]

3.1 Full dose prediction

In the past few years, a growing number of articles have been published, ex-
ploring deep learning models predicting dose distributions in photon therapy
and across various treatment sites [50][51]|52]. Among them, most of the net-
work’s models fall into the categories of [Convolutional Neural Network| (CNN])
or |Generative Adversarial Network| (GAN]).

3.1.1 ResNet

Residual networks (ResNets) have been introduced by He et al. to tackle the
challenge of training very deep neural networks [53]. The main idea is to add
skip connections to the network in order to alleviate the vanishing gradient issue.
based on the ResNet have been used to predict dose distributions slice
by slice [54][55].
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3.1.2 U-net based architectures

The majority of the dose prediction models that have been tested are variations
of the U-net architecture (see Section . First modified to generate dose
prediction distributions slice by slice [56], the 3D U-Net was then employed
to directly handle volumetric data [57][58](59]. Variations of the baseline model
include the introduction of a structure-focused loss, for instance [59] or the study
of the impact of data normalization and inputs (usually a combination of the

the and the contours)[58]|.

Even more complex variations of the architecture have been proposed, such
as the 3D Dense Dilated U-Net [60], and the 3D U-Res-Net [61], which is based
on both a 3D U-net and a residual network. The latter also integrates informa-
tion about beam configurations into the inputs. Some other convolutional neural
networks have taken their inspiration from the encoding-decoding architecture
of the U-Net to predict the 3D dose distributions [62][63].

HD U-Net

Nguyen et al. proposed a Hierarchically Densely connected U-Net (HD U-Net)
[64] that is based on the architectures of the U-Net and the DenseNet. The
DenseNet was introduced by Huang et al. [65] and offers the advantages of
mitigating the vanishing gradient problem, reducing the number of parameters,
strengthening the propagation of features, and encouraging feature reuse. The
main idea of DenseNet is to densely connect each convolutional layer to every
other layer in a feed-forward fashion such that the current layer takes as input

every preceding layer (Figure .

By combining the global and local information capabilities of U-Net with
the efficient feature propagation and reuse of DenseNet, the HD U-Net archi-
tecture integrates the strengths of both models. To have the best of both archi-
tectures, dense operations are added to the standard U-Net.

The contracting path is composed of dense convolutions and dense downsam-
pling. The dense convolution is equivalent to the densely connected computa-
tions of the DenseNet since new features are concatenated with previous features
after the convolution and ReLU operations. The dense downsampling consists
of a strided convolution that halves the resolution and is followed by a ReLU
activation. This new set of features is concatenated with the old set of features
that are downsampled with a max pooling operation.

The expansion path is formed by dense convolutions and classic U-Net upsam-
pling. The U-Net upsampling upsamples the features to double their resolution.
After applying a convolutional operation, these new feature maps are concate-
nated with the feature set at the same level of the encoder part of the " U”.
All computations were performed using 3D operations since the network was
designed to handle volumetric data.
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Figure 3.1: Different architectures that have been tested and compared to predict
the full dose distributions. The red numbers above each layer give the number of
feature maps. Their dimensions are provided by the black numbers on the left side

for each hierarchy level. Credits: [64]

The HD U-Net architecture was originally tested for head and neck cancer
patients treated with [Volumetric modulated Arc Therapy| (VMAT)) and taking
only anatomical information as input . It was compared with the two ar-
chitectures that inspired it, the U-Net and the DenseNet, and was found to
outperform both of them. It was then extended to include beam information
in the inputs in order to treat lung cancer with [Intensity Modulated Radiation|

MRT]

Therapy] (IMRT]) with heterogeneous beam configurations [66].
is somewhat analogous to [[MPT] but in the context of conventional ra-

diotherapy. With multiple beam angles are employed, and the intensity
of each beam can be modulated. Instead of having fixed field beam angles,
[VMAT] delivers the dose by continuously rotating the radiation source along an
arc trajectory, enabling treatment from a 360°beam angle .
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Proton therapy

Fewer articles have been published concerning the prediction of dose distribu-
tions in proton therapy. In 2021, Guerreiro et al. used two 3D patch-based
U-Nets to predict proton and photon dose distributions with the purpose of
providing a guidance tool for modality selection [68]. The dataset included
patients treated for pediatric abdominal tumors with heterogeneous prescribed
doses. Planning was done for both [VMAT] and [PBS} Even if the number and
orientation of beams in PBS were patient-specific, the inputs did not include
beam arrangement information as they only included and together
with [TV] and vertebra mask contours set to the prescribed dose.

Eriksson et al. proposed a pipeline for robust automated treatment plan-
ning [69]. A first 3D U-Net predicted the nominal dose distributions. Then,
the nominal dose is deformed into scenario doses that correspond to a given
set of scenarios. These scenario doses are predicted thanks to a second 3D U-
Net. This is followed by robust dose mimicking optimization in order to provide
robust plans for patients treated with intensity-modulated proton therapy.

In |70], a U-net network has been trained to predict dose distributions for
patients with oropharyngeal cancer. The impact on plan robustness of different
dose mimicking alogrithms and of post-processing was assessed.

A HD U-Net is currently used and maintained at the MIRO lab. This architec-
ture has been employed to predict dose distributions and generate both photon
and proton plans for patients presenting with oropharyngeal cancer [71]. But
other than the [CT} the target volume with the dose prescription, and binary
masks for the [DARE, an additional input was provided to the network: prior
knowledge about the dose distribution that was obtained by running a first au-
tomatic optimization in the without any manual tuning.

In order to develop an automated decision support tool for modality selection
in the case of esophageal cancer, two HD U-Nets were also trained to predict
dose distributions for and treatments [72]. Similarly, the the
body contour, the [DARE, and the target volume are processed by the network.
Prior knowledge about the dose distribution was also demonstrated to provide
more accurate results.

The work done in this thesis was based on this existing network architecture.

3.1.3 GAN

[GANE are well-known deep learning algorithms employed to generate artificial
data by capturing the distribution of the training data. Initially designed for
generating 2D images [73], they have been extended to generate 3D images
[74] and have found a wide range of applications, including in the medical field
[75][76]. A is composed of two neural networks trained concurrently: a
generator and a discriminator. The discriminator is a binary classifier whose
goal is to identify whether a sample is coming from the real dataset or if it was
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generated by the generator. On the other hand, the generator learns the training
data distribution in order to generate synthetic data based on the estimated
distribution.

In the context of dose prediction for conventional radiotherapy treatments,
conditional [GANE have been developed such that the generator is able to predict
a dose distribution map corresponding to some given anatomical information. In
a first time, Mahmood et al. proposed a 2D[GAN]to predict the dose distribution
slice-by-slice by taking as input a 2D slice of the with contoured and
77]. Subsequently, a 3D outperforming the previous model was
implemented by Babier et al. [78]. In [79], a 3D attention-gated named
DoseGAN was introduced (Figure. The network was fed with the
and concatenated and it showed better results than the 3D thanks
to the attention gates added in the generator and discriminator networks. All
previously mentioned [GANE are derived from the pix2pix architecture proposed
by Isola et al. [80] and rely on a U-net shaped generator. The pix2pix network
is a general-purpose conditional [GAN] designed for image-to-image translation
tasks and has found various applications in many fields.
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Figure 3.2: The architecture of the DoseGan. On the left side, the
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network generates a realism matrix that aims at distinguishing the real dose
distributions from the predicted ones. Credits: |79]
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3.2 Fluence map prediction in conventional ra-
diotherapy

In recent years, several papers investigating the prediction through deep learn-
ing of fluence maps in photon therapy have been published .
Some studies have proposed a treatment workflow equivalent to the one inves-
tigated here in the sense that fluence maps are predicted based on anatomical
information about the patient and dose per beam predictions.

Lee et al. published a paper on the prediction of fluence maps with a
U-net network. The network takes as inputs the 3D contours of the organs and
of the target (PTV]), together with the 3D beam dose distribution. All inputs
are viewed from the [Beam’s Eye View] (BEV)) of a single beam, and the fluence
map corresponding to that single beam is provided as an output by the network.
Some additional residual connections are added between the central channel of
the 3D dose distribution and the end of the network (Figure [3.3). However,
the authors assumed that predictions of the dose per beam distributions were
available, as they considered that previous works on dose prediction were good
enough. However, predicting the dose per beam distribution has not yet been
widely studied since most of the literature focuses on the prediction of the total
dose distribution. The following papers fill this lack of dose per beam prediction
by presenting an extended pipeline.

512ch.

1024 ch,

mp- Conv 3x3, RelU, batch norm * Deconv, 2x2, stride 2, ReLU, batch norm
Conv, 2x2, stride 2, ReLU, batch norm Conv 1x1 -~ Skip connection

Figure 3.3: Architecture of the network employed by Lee et al. to predict the
fluence maps from inputs rotated in Credits: [85]

Wang et al. published two papers proposing a complete workflow to predict
fluence maps for pancreas [[ntensity Modulated Radiation Therapy] (IMRT]) with
nine beams [87]. In the first one, the network was tested for a single [PTV]
description, and in the second paper, the research was extended to several [PT
prescriptions. The first network of the pipeline is predicting the dose per beam
distributions of the nine beams simultaneously, slice by slice (Figure A). The
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network is a (named BD-CNN) with a downsampling block followed by an
upsampling block. Information about the [CT]images is then added through the
concatenation of beam templates before the last convolutional block. The loss
function used is a weighted sum of the mean square error in the dose per beam
predictions and the mean square error in the total dose prediction. The coef-
ficient used in the weighted sum is a hyperparameter tuned during validation.
Moreover, the loss is computed only on the [RO]] defined as the [PTV] expanded
by lem. The second network of the pipeline (called FM-CNN) is predicting the
fluence maps and also has a U-net architecture (Figure [3.4B). It takes as in-
puts the dose per beam and the maps (single or primary and boost maps)
that are projected along the beam’s eye view to have 2D inputs. The FM-CNN
outputs a 2D fluence map for this single beam. The loss function used for this
network is a modified MAE that includes a regularization term in order to avoid
overdosing and underdosing by balancing the over- or underestimated regions.
This function has inspired the loss function that will be described in Section
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Vandewinckele et al. developed a similar automated treatment workflow for
the case of lung with nine beams [88]. Further investigation was made on
the impact of the collimator angle and of the different input parameters. The
3D dose per beam predictions are made with a 3D U-net, taking as inputs a[CT|
image, a multi-label map, an [OAR] multi-label map, and the nine open
beam dose distributions. Then, the fluence map is predicted with a 2D U-net
using input data projected in the [BEV] Various sets of inputs were considered.
In addition to the beam dose, networks were trained with and without the [CT]
image and with and without the [PTV] and [OAR] multi-label maps. Even if
the difference was small, adding anatomical information in the form of a
image and segmentation maps improved the results. The best combination is
the beam dose combined with the [CT] image. Additionally, a [RO]| is defined
as the [PTV] extended by a 25mm margin. This [RO]| binary mask is multiplied
with the output before computing the loss function to improve the performance
of the network. Compared to the fluence map predicted with clinical beam
dose distributions, a deterioration in the fluence map prediction is seen when
the dose prediction network and the fluence map network are used sequentially.
Therefore, the full automated planning workflow does not provide usable results.

3.3 Fluence map prediction in proton therapy

To my knowledge, the following publication is the only one so far that is ex-
ploring the possibility of tuning spot weights with deep learning for proton
therapy. Indeed, Zhang et al. proposed a deep learning framework for re-tuning
spot weights as a step towards an online adaptive workflow for proton therapy
[89]. Online adaptive proton therapy aims at reducing dose distortions due to
anatomical variations between fractions by rapidly adapting the initial treat-
ment plan while the patient is on the treatment couch.

For this purpose, Zhang et al. first generated a reference [MPT]|plan for a single
head and neck cancer case. The number of beams used for the reference plan
was not explicitly mentioned. Then, data augmentation is performed by modi-
fying the spot weights of the reference plan with different levels of fluctuation.
Therefore, the number of spots and their positions were the same across all sam-
ples in the dataset. The network was trained to predict the residual between
the newly generated spot weights and the reference weights, utilizing only the
residual between the new and reference dose maps as input. The architecture
of the trained network is a 3D adaptation of the ResNet architecture [90]. The
fully connected layer at the network’s end had an output dimension equal to the
number of spots since it remained constant across the dataset. The proposed
framework is consequently patient-specific, and the whole process of data aug-
mentation and training of the network should be repeated for another patient.
In the limitations already acknowledged by the authors, it should be highlighted
that the model was only tested on a single reference case. Additionally, due to
the patient-specific nature of the framework, it lacks generalization possibilities
beyond the individual cases, which is needed for our application.
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Chapter 4

Methods

This chapter describes the methods that have been employed for this thesis.
Even if the main focus was set on the network predicting the spot weights from
the dose per beam distributions, the entire pipeline is detailed here. First,
Section [4.1] provides information on the available data. Then, the architectures
of both the dose per beam prediction network and the spot weight prediction
network are explained in Section[£.2] Data pre-processing, the training process,
and data post-processing until the final plan generation are described in Sections
M4 and respectively. Several variations of the networks have been
implemented and tested. Section lists some of the main variations that have
been explored.

4.1 Data

An anonymized dataset composed of 39 patients with esophageal cancer was
available to train the [DNNg. [[MPT] plans with [PBS| were generated for each
patient according to the PROTECT protocol (see the supplementary material
in [72] for more information). The dose prescribed was 50.4 Gy, and it was
delivered in 28 fractions. Every plan was made with the same beam configu-
ration : two oblique posterior beams with angles of 150°and 180°. The two
beams may be referred to in the following sections as beam 1 and beam 2, re-
spectively. Plans were done by an experienced dosimetrist in RayStation using
robust optimization.

For each patient, the following information was available:

e The 3D [Computed Tomography| (CT)) scan.

e The 3D mask of all 9 [DAREk and of the body contour together. The
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organs at risk are the fundus, the heart, the left ventricle, the left and
right kidneys, the liver, the lungs, the spinal canal, and the spinal canal
extended by 3mm.

e The 3D mask of the with the dose prescription in Gray (entries are
either 50.4 or 0).

e The 3D full dose distribution in Gray units.
e The 3D dose distribution for beam 1 and beam 2 in Gray units.

e The 3 probability arrays to select slices, rows, and columns that contain

the (see Section [4.4.2)).

e The spot positions for each beam and their weights. This is provided in
two NumPy arrays. Each array has four columns and as many rows as
there are spots for that beam. The first three columns contain the x, vy,
and z coordinates of the spots, and the last column corresponds to their
respective weights. These arrays will be referred to as the coordinate array
in the following sections.

In the previous list, all volumetric data (dose, [CTV] and [OAR] contours)
was available with a voxel size of 1x1x1 mm?. The 3D images are stored in nifty
files, along with some meta data available in the header of the file. It includes
information such as the voxel resolution or the number of voxels along each
direction of the image. The file also contains information about the relationship
between voxel indexes in the 3D array and coordinates in the reference space.
This information will be useful for data pre-processing and post-processing (see

Sections and .

4.2 Network Architecture

The architecture of the networks employed for the prediction of spot weights
and beam dose distributions is the HD U-Net architecture detailed in Section
Similarly, the networks trained for this thesis contain 4 layers (4 dense
downsample and upsample operations). The max pooling operation was used
to decrease the resolution each time by 2. [ReLU]was employed in the activation
layers, and each 3D convolutional operation was performed with 16 filters. Un-
like the original network published in [64], in this version, a normalization layer
is added after each activation layer in the form of batch normalization. The
dimensions of intermediate layers in the network are determined by the number
and size of inputs and outputs, which are model-specific. The following sections
describe the models more specifically.
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4.2.1 Dose per beam prediction

The first model of the pipeline is the one predicting the dose per beam distribu-
tions (Figure. Since a full dose prediction for esophageal cancer has already
been implemented with a HD U-Net , the parameters of that network were
kept as default parameters. For more clarity, this network will be referred to as

the U-Net Dose network from now on.

Inputs

(12 channels) P Outputs
Dose prediction (2 channels)
12 28 44 60 76 92 2
CT scan 1 Dose
prediction
beam 1
R J < Y ol =
cTV > 2lel BB Dose
- prediction
60 76 92 108 124 140 beam 2
Mask of HE E B B B
OAR 1 -
108 124 140 156 172 188

Y] e

156 172 | 188 204 | 220 | 236

- 204 4 220 236 252 268

==
=
I

Concatenate

B —
I Convolution 3x3x3, |
RelLU

—>
I Convolution 3x3x3,
RelLu,
Instance normalization

- |
hd
|
1]

Concatenate
Upsample,

Convolution 3x3x3,
l RelLU,
Instance normalization

I Max pooling | | Convolution 2x2x2 stride 2x2x2,
= 2x2x2 RelLU
- Batch normalization
—— Concatenate

Figure 4.1: Top: the architecture of the HD U-Net network predicting the
beam dose distributions. Bottom: the legend of the operations used in the
network. A is the dense convolution, B is a simple convolutional operation, C
is the upsampling operation, and D is the dense downsampling operation.
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The network has 12 input channels that contain: the [CT] scan, the mask
of the [CTV] with the dose prescription level, and the 10 boolean masks corre-
sponding to the 9[OARE and the body contour.

The two output channels provide the 3D dose distribution in Gray corre-
sponding to the beam with an angle of 150°and the distribution corresponding
to the beam with an angle of 180°.

First, this network was trained on data with voxels of size 1x1x1 mm?®. In a
second time, all data was rescaled to voxels of size 3x3x3 mm? to train another
model.

4.2.2 Spot weight prediction

Inputs
(14 channels)
Spot map
ights = 1 . . .
(et =1 Spot weights prediction Output
I - (1 channel)
N > 14 30 46 62 78 94 1
Dose |——>
prediction Spot map
per beam 3 2 — > | | (optimized
> - »® of L L0 weights)
— >
- x a
CT scan - - -
62 78 94 110 126 142
3
bH FH
CTV
bl L0
s -
S 158 174 = 190 206 222 238
Mask of % o I
OAR 1 % .
% O WA e i o
&
One trained model run twice (one time per beam)

Figure 4.2: The architecture of the HD U-Net network predicting the weights
of the spots. The legend for the different operations employed in the network
is the same as above (Figure .
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The second model of the pipeline and the main focus of this thesis is the one
estimating the weights associated with each spot (Figure [4.2)). To achieve this
goal, the following information is provided in the 14 input channels:

e the [CT] scan;
e the boolean mask of the

e the 10 boolean masks corresponding to the 9[OARE and the body contour;

the dose distribution in Gray corresponding to one beam;
e the spot map with unit weights (1 MU).

From this point forward, this network will be named the U-Net Weights network.
The single output channel contains the 3D spot map with optimized weights.
This matrix should have zeros at the same entries as the matrix provided as an
input spot map, but the unitary entries should be replaced by the actual values
of the weights associated with each spot. In order to ease the training of the
network, the output matrix is directly multiplied by a binary mask matrix with
unitary entries where spots are located. This binary mask matrix is similar to
the one provided as input.

One of the inputs to this network is the dose distribution delivered by one
beam. It also corresponds to the output of the previously described U-Net Dose
network. The pipeline was designed such that the output of the first network, the
U-Net Dose, should be directly fed to the second network, the U-Net Weights.
However, the two networks were only tested individually for now by training
the U-Net Weights network on the ground truth dose per beam distributions
and not the predicted ones.

All data fed to this network had voxels of size 1x1x1 mm?.

4.3 Pre-processing

4.3.1 From spot coordinates to 3D matrix

As mentioned in the section above, information about the spot positions must
be provided to the U-Net Weights network in the form of a 3D matrix, similarly
to other inputs. Additionally, the output of the network is also in the form of
a 3D matrix. Entries corresponding to the location of one (or several) spot(s)
are filled with the values of the weights, and other entries are set to zero. On
the other hand, data about the spots is available in arrays containing their x, y,
and z coordinates and their ground truth weight. Consequently, a first script is
needed to convert the array of coordinates to the 3D matrix form. To achieve
that, the meta data contained in the file for instance (see Section , is
retrieved to build the matrix with the same orientation and voxel size as the
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other input data. As a result, several spots can fall into the same voxel. To
mitigate this issue, the data was scaled to a voxel size of 1x1x1 mm3. This is
relatively small compared to what is usually employed in the literature, with
voxel sizes ranging typically from 3mm to 5mm. Despite that, some spots may
still fall into the same voxel, but the number is lower. Several strategies were
designed to deal with these spots.

First, two different strategies were chosen to adapt the initialization spot
map matrix provided as input to the network. Normally, the entries in this
matrix should be either 0 or 1, depending on the presence or absence of a spot
at that place. If there are multiple spots for the same voxel, the entry can either
be set to one or to the number of spots in that voxel. With the first option, the
matrix remains binary, but it might be interesting to provide the network with
the number of spots per voxel, as done with the second option.

Then, two strategies were also considered to adapt the optimized spot map
matrix against which the output of the network will be tested. The entry in a
voxel with one spot is directly set to the ground truth weight corresponding to
the spot in that voxel. With several spots per voxel, the entry can be set to:

e the sum of the weights of every spot in that voxel;
e the average weight of spots in that voxel.

Two combinations of the previously presented options were considered. The
first combination is named one-add; only ones are set in the initialization matrix,
and where the weights are added in the optimized matrix. The second combi-
nation is named add-mean and adds the number of spots in the initialization
matrix and takes the mean for the optimized matrix.

4.3.2 Dataset generation

Due to the small size of the voxels, the amount of data is substantial, even for
only 39 patients, and dealing with such a volume of information is challenging. It
requires making as many optimizations as possible in order to ensure reasonable
training time and memory consumption.

For this reason, a dataset containing every piece of needed information for
all patients is built in the form of a dictionary. Each entry in the dictionary
corresponds to another dictionary holding data on a specific patient. By stor-
ing all the information in such a data structure, retrieving specific information
about a given patient can be done efficiently once the dataset is loaded. Fur-
thermore, since the model will pass over the same patient’s data many times
during training, it is efficient to pre-process the data as much as possible when
creating the dataset. This way, some computations, such as normalizing the [CT]
scan or building the masks of the separately, are only done once. How-
ever, the dataset can still require a lot of memory. When creating the dataset
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dictionary, every piece of information should be stored with the least amount
of memory required. Storing only booleans for binary masks and using 32-bit
floats instead of 64-bit floats are examples of optimizations that truly make a
difference in obtaining a dataset with a reasonable size that can therefore be
loaded in memory. Some additional changes have been tested with the objective
of further improving the efficiency of data loading, but they will be discussed in

Section [4.6.2]

4.4 Training

Among the 39 patients in the dataset, 30 were used for training, 4 for validation,
and 5 for testing. The batch size was set to 1 due to the limited amount of
memory available on the [GPU} The first models were trained for 100 epochs,
and the last models were trained for 150 epochs.

4.4.1 Optimizer

Optimizers are algorithms used to efficiently adjust the weights and biases of a
neural network during training in order to minimize the loss function. The step
size at which an optimizer updates the parameters is called the learning rate and
is one of the most challenging hyperparameters to select due to its significant
impact on the model’s performance. One of the most widely employed optimiz-
ers today is the Adam optimizer [91], whose name is derived from ” Adaptive
Moment Estimation”. The Adam optimizer provides individual adaptive learn-
ing rates for the different parameters, which are computed from the estimates
of the first and second order moments of the gradients. The Adam optimizer
has demonstrated robustness and efficiency across various deep learning appli-
cations, and it is particularly well-suited for tasks involving large amounts of
data and parameters. It was therefore the optimizer used in this thesis.

4.4.2 Patches

When training the network, working with full matrices is not feasible with the
resources currently available. To cope with the computational limitations, the
network is fed with only a subset of each matrix at a time. The sub-matrices are
called patches and should be as large as possible given the memory constraints
in order to give enough context to the model. For the U-Net Weights network,
the patches have a size of 128x128x160. And for the U-Net Dose network, the
size of the patches is 96x96x128 for the 1x1x1 mm? resolution and 96x96x96 for
the 3x3x3 mm? resolution.

Patches are selected according to the probability distributions available within
the dataset (see Section . This allows the model to focus on the part of
the images containing the Then, to reconstruct the entire 3D prediction,
patch-wise predictions must be reassembled together by using a Gaussian filter
element-wise and computing a weighted sum of the patches.
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4.4.3 Computational power

[GPUE are specific hardware components that were initially designed for graphics
applications, such as video gaming. However, it was found that the performance
characteristics needed in video games are similar to those required for neural
network training. As a result, the use of [GPUk has been generalized to neural
network programming, benefiting from their high memory bandwidth and the
parallelism of [GPU| computing.

Several Nvidia[GPUk were available for training, including multiple genera-
tions : GeForce RTX 2080 Ti, GeForce RTX 3090, Tesla V100, Tesla A10, Tesla
A100 40 GB, and Tesla A100 80 GB. These resources must be shared among
the different users. For the computationally intensive task at hand, one of the
latest generations of available [GPUF was used whenever possible. The [GPU]|
employed was primarily chosen from either the 4 Nvidia Tesla A100 with 80 G
or the 6 Nvidia Tesla A100 with 40 GB.

4.5 Post-processing and plan generation

The estimated values of the spot weights are provided patch-wise by the neural
network in the form of 3D sub-matrices that must be reassembled to obtain
the full weight prediction matrix. This section aims at describing the end of
the proposed pipeline, from the predicted 3D matrix to the generation of a
treatment plan.

4.5.1 From 3D matrix to spot coordinates

The U-Net Weights network outputs the predicted weights in the form of a 3D
matrix, where the values of the weights are given in entries located at the spot
position. The 3D matrix must be converted back into the coordinate array form
in which it was originally provided. This is the inverse operation done during
pre-processing (see section [4.3.1). The initial array with the x, y, and z spot
coordinates and the associated weights is completed with the predictions of the
weight values. When one voxel contains the value associated with several spots,
the strategy employed during pre-processing will determine which value will be
set in the coordinates array. If the values were added during pre-processing,
the estimated weight will be divided by the number of spots in that voxel. If
it was the mean of the weights that was computed during pre-processing, the
predicted weight values are directly written back to the coordinate array.

4.5.2 Plan generation

From the updated coordinate array, a plan corresponding to the estimated spot
weights can be generated. To achieve that, a new script was used to substitute
the initial weights with the predicted values within the DICOM files where the
plan parameters are stored. Digital imaging and communications in medicine
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(DICOM) is an international standard for medical images and related informa-
tion. The script changes the weights and updates all parameters accordingly,
energy layer by energy layer. Finally, the resulting dose of the modified plan
can be computed and visualized with RayStation.

With this last script ending the pipeline, a full workflow that can be integrated
into RayStation has been developed.

4.6 Experiments

4.6.1 Loss functions
Dose per beam prediction

Two different loss function variations were tested for the U-Net Dose network.
As previously explained, the doses of the two beams are returned at the same
time by the network as the two output channels.

The first loss function tested was a [MSE] only including the error made
on the total dose. For a ground truth total dose yiotq; , @ dose prediction for
beam 1 §peam, , & dose prediction for beam 2 §peam,, and for N voxels, the loss
function can be written as:

1 . .
MSEtotal = N Z(ybeaml + Ybeams — ytotal)2 (41)
N

The second loss function tested was a weighted sum of the total dose error
and of the error in each individual beam dose. By taking into account the error
made in each individual beam, it could encourage a balanced distribution of the
total dose across each beam and thus lead to more accurate and realistic beam
dose maps. The loss function can be written as:

1 .
MSEweighted =0.25 = N ;(ybeaml - ybeam1)2

1 .
+ 0.25 % N %:(ybemw - ybea'mg)2

1 . .
+0.5 % N %:(ybeaml + Yveams — ytotal)2 (42)

Spot weights prediction

Since the loss function used is a key component when training a several
functions have been experimented for the U-Net Weights. As explained in Sec-
tion the main two loss functions employed in regression problems are the

MSE| (Equation and the (Equation loss functions. However, we
can also change the [ROI] over which the error is computed. Typically, the mean
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error is computed over the entire output, but in this application, we are only
interested in specific values of the output, i.e., the values at the spots’ locations.
This is why the mean error can be evaluated in a restricted region of the output.
Different restricted regions have been tested. Hereafter, the loss functions that
have shown the most significant results are described.

First, we define the MSFEjpoq, loss function, which is a [MSE| computed
over the voxels contained in the body of the patient by using the corresponding
binary mask available.

Then, a specific[RO]is defined around the This[RO]|is the that

is extended in order to include all spot locations. The binary mask correspond-
ing to that ROI is shown in Figure together with the spot locations and
the delineation. A second loss function can be defined as the M SEgror
function. This is a computed over the previously described.

Binary mask used in loss function

Figure 4.3: An axial slice of the binary mask of one patient used in the M SEgro;
loss function is represented in orange. The small white crosses indicate the location
of spots, and the is delineated in red, but they were added for the visual
representation and are not part of the binary mask employed.

Finally, a modified [MSE]|was tested. This[MSE]|was inspired by the modified
MAE loss function used by Wang et al. in [86] and mentioned in Section
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This loss function is defined as:

Zi:NROI (yi — ZL’)Q

MSEregularized = (]- + )‘) Nror

(4.3)

The regularization term A is introduced to prevent over- and underestimations
by balancing the number of positive and negative errors. This term is defined
as:

[N(y — 9 >0.01) — N(y — y < —0.01)|

)\ =
Nror

(4.4)

In the above equations, Nros is the number of voxels in the |F‘_@I| around the
described earlier. N(y — ¢ > 0.01) is the number of voxels with an error
superior to 0.01. Since y represents the predictions and g the ground truth
values, this number is the amount of largely underestimated weights. Similarly,
N(y — ¢ < —0.01) corresponds to the number of weights largely overestimated.

4.6.2 Loading data

The first challenge encountered when training the network was handling the
large amount of data. To obtain code that can run in a reasonable amount of
time, several approaches have been considered. The [DNNk were implemented
with PyTorch, which is a machine learning framework. Datal.oader and Dataset
are two data primitives provided by PyTorch that allow loading and iterating
over the data [92]. A custom Dataset was implemented to store the data, and
Datal.oader was used to access the data by warping an iterable around the
Dataset. The Dataloader returns samples in batches of a given size, and it
allows sample shuffling, custom sampling, and multi-processing. Even if using
the Dataset and Dataloader classes provided by PyTorch did improve perfor-
mance in a first time, the optimizations explained in Section [4.3.2] were the most
efficient in the end.
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Chapter 5

Results

The results obtained for the prediction of the dose per beam distributions are
presented in Section [5.1} Section details the outcomes of the spot weight
predictions. A discussion of these results will be carried out in Section [6}

5.1 Dose per beam prediction

As mentioned earlier, the U-Net Dose was initially trained on data with a voxel
size of 1x1x1 mm?. However, this resolution gave poor results, including arti-
facts related to the patching system (see Appendix . Therefore, the following
results were obtained with a voxel size of 3x3x3 mm?. Moreover, two loss func-
tions were presented in Section for this network: the M SE;,q (Equation
, which takes only the total dose error into account, and the MSEeighted
(Equation , which includes the individual beam error. Since the MSFE;,tq;
failed to provide realistic beam dose distributions (see Appendix [A)), only the
results obtained with the M SE, cighteqd loss function are shown in the following
sections.

5.1.1 Evaluation metrics

First, Table presents the mean error and its standard deviation of the dose
predictions obtained over all test patients and over all folds. For each test
patient, this error was computed by taking either the [MSE| or the [MAE] over
each voxel of the dose distribution. It was done for each beam individually, and
the predictions of the two beams were summed and compared to the true full
dose distribution.
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MSE MAE
Beam 1 | 3.63+1.76 | 0.65£0.32
Beam 2 | 3.90 £2.20 | 0.69 £0.35
Full dose | 8.73£7.52 | 1.08 £0.70

Table 5.1: Mean and standard deviation of the error over the dose
distributions computed for all 25 test patients.

Table [5.2] shows similar metrics but calculated for specific [ROIk this time.
The [MSE| and [MAE] are computed by taking the difference between the ground
truth full dose and the sum of the two dose beam predictions. The [ROIs are
the [CTV]and three organs that are often the most critical in esophageal cancer
cases: the heart, the lungs, and the spinal canal.

ROI MSE MAE
CTV 7.4632 £19.3202 | 1.7778 +1.7386
Heart 12.2723 £6.7186 | 1.8252 £ 0.5567
Lungs 7.0855 £ 4.4761 1.3728 £ 0.5001
Spinal canal || 12.8091 4+ 18.9583 | 1.8874 4 1.2267

Table 5.2: Mean and standard deviation of the full dose error over all 25 test
patients and in 4 different [ROIk: the the heart, the lungs, and the spinal canal.

Prediction error on the DVH metrics
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Figure 5.1: Boxplots of the prediction error on metrics in percentage of the
prescription dose (50.4 Gy). The box extends from the first to the third quartile of
the data: the orange line is the median, and the green triangle is the mean. From
left to right : the D95 dose for the the D2 dose for the spinal canal, and the

average dose for all the other [OARE.
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In addition, the prediction errors on [DVH] metrics have been calculated for
each test patient and are represented with boxplots in Figure[5.1}] The maximal
dose peak in the [CTV]is displayed in Figure 5.2] For each test patient, the
maximal dose predicted by the network is compared to the one in the ground
truth plan. The DVH|of one patient is shown in Figure[5.3| with the [CTV]curves
in yellow and with the curves of every [OAR]

Maximum dose in CTV for all test patients

70 B Prediction
mmm Ground truth

—— The prescribed dose

CTV maximum dose [Gy]

The different test patients

Figure 5.2: Comparison of the maximal dose in the between the ground
truth and the prediction across all 25 test patients.

DVH for prediction (dashed line) and groundtruth (solid line)

—— Fundus
—— Heart

—— Kidney_L
—— Kidney R
—— Leftventricle
—— Liver

—— Lungs

~— SpinalCan_03
~— spinalCanal
e CTV_5040

Volume (%)

E)
Dose (Gy)

Figure 5.3: The Dose Volume Histogram for patient 45. The full lines are the
ground truth, and the dashed lines are the prediction and were computed on
the summed distribution of the two beams.
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5.1.2 Visual comparison of dose distributions

Figure displays dose maps for one of the test patients. For each image, the
same axial slice of the patient was taken, and the [CTV] contour corresponding
to that slice was added. The first column shows the true dose distribution,
the second column is the prediction and the last column shows the difference
between the two. In this last column, the red regions correspond to underdosed
regions, and the blue regions correspond to overdosed regions.
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Figure 5.4: Dose maps to compare the predicted dose distributions and the ground truth
distributions for patient 45 in Gy. The[CTV]is delineated in dark pink in each map. From

left to right : the ground truth, the prediction, and the difference between the two.

From top to bottom : beam 1 (180°), beam 2 (150°), and full dose with both beams.
For better visualization, the dose scales differ between the beam dose maps and the full

dose maps.
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5.2 Spot weight prediction

Several models of U-Net Weights have been trained and tested. In particular,
different loss functions have been employed, as described in Section In
the following sections, three models will be compared. Since their loss function
is what differentiates them, the models will be named after their loss function:
the MSEyoqy, the MSERor, and the MSE;cgyiarized- In Section several
strategies regarding the mapping of spots to the same voxels have been dis-
cussed. Due to a lack of satisfactory results, only one strategy was tested. All
the results presented here were obtained by following the one-add strategy.

5.2.1 General metrics

Table [5.3] holds the mean errors of the predicted weights and their standard de-
viation for the three tested models. The [Root Mean Square Error] (RMSE]) and
the MAE were computed for each test patient in each fold and then averaged.
For each patient, the error was computed over every predicted spot weight value.

Model RMSE MAE
MS Eyoqy 0.1329 £ 0.0195 | 0.0745 £ 0.0106
MSEror 0.1347 £0.0237 | 0.0793 £ 0.0142
MSE,cquiarized || 0.1052+0.0184 | 0.0644 £ 0.0105

Table 5.3: The mean and standard deviation of the error of the predicted
weights across all 25 test patients.

The distributions of spot weight values for one patient are shown in Figure
The upper left histogram shows the distribution of values for the ground
truth weights. The three other histograms were constructed with the weights
predicted by the three trained models. Additionally, Table provides infor-
mation about how many spot weights have a value equal to zero for each model.
This information is provided as a mean percentage of spots across all test pa-
tients. This table also gives the percentage of spots with weight values below
0.011 MU but not equal to zero since weights below this threshold value of 0.011
will be considered as zeros by the machine.

Model weights = 0 0 < weights < 0.011
MS Eyoqy 0.0% £ 0.0 1.9053% =+ 2.1453
MSEror 43.6900% =+ 32.9856 | 26.7498% + 8.7810

MSE,cquiarized 0.8476% + 1.8173 7.3081% + 8.1053

Table 5.4: The percentage of predicted weight values that are equal to 0 MU
and the percentage of weights with a predicted value inferior to 0.011 MU, but
not equal to zero. Each percentage is averaged over all 25 test patients, and
reported for the three different models.
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Distributions of spot weights values across different models

Ground truth Model MSE_body
50.0% 50.0% =
40.0% 40.0% |
30.0% 30.0%
20.0% | 20.0%
10.0% 4 10.0% 4
0.0% - ; . . 0.0% -— . . . .
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
Model MSE_ROI Model MSE_regularized
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Figure 5.5: The distribution of weight amplitudes for beam 1 of patient 45. The
X-axis represents the weight values. The Y-axis represents the percentage of spots
with weight values within the given interval for that beam and that patient.

5.2.2 Distribution of the error in space

In order to have information about the spatial distribution of the error within
each test patient’s body, several rings were delineated in and around the [CTV]
As it can be seen in Figure the was divided into three regions, delin-
eated by the contour of the [CTV] and contours obtained by eroding the [CTV]
by a 5mm and 10mm margins. Similarly, three regions outside the [CTV] were
defined by extending the [CTV] by 5mm and 10mm margins. Notice that Figure
shows only one axial slice of the 3D contours, and which is why the margins
between the regions might not seem regular. To give an idea of the distribution
of spots within these regions, Figure [5.6] also indicates the percentage of spots
in each ring averaged over all patients.
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Figure 5.6: Right : an axial slice of the different rings around the of patient
45. Orange parts are in the [CTV] and blue parts are out of the [CTV] Left : the
average percentage of spots in each ring around the [CTV] across all patients.

The error made in each of these regions is depicted in Figure For each
model and each ring in and around the [CTV] a boxplot shows the distribution
of the [MAE]across all patients. As a reminder, the regions were defined as rings
and are therefore disjoint.

Distribution of the error accross patients and ROls
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Figure 5.7: Spatial distribution of the across all 25 test patients and for the 3 models

92



Beam 1

Beam 2

The amplitudes of spot weights and their spatial location can be observed in
Figure[5.8] To ensure a sufficient number of spots for an improved visualization,
each map is constructed by selecting spots from five consecutive axial slices. The
[CTV] contour corresponding to the central slice out of the five was overlaid in
red on each image. For each beam, the ground truth spot map and the spot
maps of the three models are shown. The amplitude scales differ for each image

in order to maintain a clear visualization.

The difference between the ground truth map and each model can be seen in
Figure 5.9} Red spots are underestimated, and blue spots are overestimated.

Ground truth
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Figure 5.8: The amplitude of weights for different spots in patient 45. The
[CTV] contour is in red. The upper row shows spot maps for beam 1 and the
lower row for beam 2. From left to right : the ground truth spot map, the

MSFEyoqy, MSERor, and the MSE,cquiarized SPOt maps.
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Figure 5.9: The difference between the ground truth and the predicted weights

for different spots in patient 45. The [CTV] contour is dark orange. The upper

row shows spot maps for beam 1 and the lower row for beam 2. From left
to right : the M SEy.qy, MSERror, and the M SE,cquiarizea SPOt maps

5.2.3 Resulting dose

Finally, this section presents the dose resulting from the predicted spot weights
for a patient. The results in this section are presented as screenshots from the
RayStation interface. On the right side of each image, isodoses resulting from
the given weights are shown on an axial slice of patient 45. This axial slice is
the same as in previous figures. On the left side of the image, the associated
[DVH]is displayed, with one curve corresponding to each [RO]| delineated on the
dose map. The is in red, the lungs in blue, the heart in orange, and
the spinal canal in pink. First, Figure [5.10| shows the dose corresponding to
non-optimized weights that are all set to one. The three following screenshots,
Figure p.11} Figure and Figure [5.13] present the doses associated with
weights predicted with the MSFEyqy, MSERror, and MSE;cguiarized models,
respectively. Figure displays the optimized and ground truth dose.
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Figure 5.11: DVH and dose map [Gy] obtained with the M SE},q, model for
patient 45.

20| Image

Figure 5.13: DVH and dose map [Gy| obtained with the M SE,cguiarizeq model
for patient 45.
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Figure 5.12: DVH and dose map [Gy] obtained with the M SEgror model for
patient 45.

Figure 5.14: Optimized ground truth DVH and dose map [Gy] for patient 45.

5.3 Computation time

Training the U-Net Dose network with a voxel size of 3x3x3 mm?® and over
150 epochs for the 5-fold cross-validation took about 3h56 with the Nvidia
Tesla A100 GPU, and it takes about 30 seconds to evaluate the two beam
dose distributions of one patient.

The training time of the U-Net Weights network for 150 epochs and the
5-fold cross-validation is about 6h55 for the M SE,cquiarizea model, 6h20 for the
MSEror model, and 6h25 for the M.SEjp,q, model, all trained on the Nvidia
Tesla A100 GPU. For the two beams of one patient, it takes about 24 minutes
to evaluate the spot weights and to make the conversion of the 3D matrices back
to the vector form.
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Chapter 6

Discussion

This discussion starts with the interpretation of the obtained results in Section
Several areas for improvement are provided in Section [6.2} The limitations
of the pipeline and of the employed methods are acknowledged in Section [6.3
Finally, Section presents perspectives on potential future applications.

6.1 Results interpretation

6.1.1 Dose per beam prediction

As it was explained earlier, the U-Net Dose network was trained on data having
a voxel size of 1x1x1 mm? in a first time in order to have beam dose predictions of
the same resolution as the ones needed for the U-Net Weights network. However,
many artifacts were observed in the first predictions (see Appendix |A]). For
instance, some lines appeared regularly on the dose predictions, and the contours
of the body and of some organs were appearing. Consequently, the voxel size
was increased to provide more context information in each patch.

General metrics

Two loss functions were tested for the training of the U-Net Dose network.
As mentioned earlier, the results obtained with the MSFE;, ;. loss function,
which only considers the error made in the total dose distribution, were not
satisfactory. Indeed, the predicted distributions were very uneven between the
two beams and therefore not realistic (see Appendix [Al). However, from Table
.1 we can observe that the network trained with the second loss function, the
MSE eighted, seems not to be biased towards one beam. Taking into account
the error made on the full dose and on each individual beam dose prediction
provides similar [MSE| and [MAE] errors between the two beams, though a slight
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increase in mean error and standard deviation can be noticed for beam 2 (150°).

Metrics on the CTV

First of all, we can see from Figure [5.1] that the D95 of the [CTV]is lower in
the predictions than in the ground truth for the majority of the tested patients.
Only one outlier patient has a much higher D95 than the ground truth. The
mean error is 1% and the interquartile range is less than 5%. However, when
looking at the maximal dose in the [CTV]in Figure we can observe that
this peak dose is higher than in the ground truth plan for all test patients.
Compared to the ground truth, the maximal dose is increased on average by 5
Gy, which represents a 10% increase in terms of the prescribed dose. The
in Figure [5.3]shows a[CTV]curve for the prediction that is less steep and slightly
right-shifted compared to the ground truth line. All these observations indicate
that even if the dose predicted for 95% of the [CTV]s volume is not high enough
for a number of patients, all of them suffer from the presence of hot spots in the
predicted dose distributions.

Metrics on the OARs

We can observe in Figure that the Dmean error for the fundus and, to a
lesser extent, for the left kidney are highly varying across patients. There is
also a higher variance for the D2 of the spinal canal, with a mean and variance
of 3.8% and an interquartile range of 8.85%. This high variance in the spinal
canal is also confirmed by Table |5.2} This table also reports the errors made
in critical [OARE such as the heart and the lungs. Even if the variability across
patients is much smaller, the mean error made in the heart is in the same range
of values as the one made in the spinal canal, contrary to the lungs, which have
a smaller error. Finally, the DVH] of patient 45 displayed in Figure [5.3] shows
that the predicted plan delivers more dose to most [OARk than the ground truth
plan, especially for the fundus, the left kidney, and the liver.

Visual comparison of dose distributions

Two main observations can be added by analyzing Figure[5.4] First, a non-zero
dose is predicted by the network at locations far away from the tumor and not
in the beam path, which is abnormal. Especially a part of the body’s contour is
predicted with a dose over 20 Gy, while it should be predicted to zero. Second,
we can clearly see in the beam dose maps that the predictions made for each
beam individually do not take into account the fact that the beam comes from
a specific angle. On the ground truth dose maps, we can distinctly observe at
which angle the beam is, while the dose distributions are similar for both beams
and are a mix of the two angles.

With these two observations, we can say that the predictions made by the U-Net
Dose network are not realistic. Even if the difference in dose observed in the
[CTV]is quite low, the results are not good enough to be used in the pipeline.
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Since the goal of this network is to provide guidance information for the U-
Net Weights network, unrealistic beam dose distributions could badly impact
the performance of this second network and complicate the learning procedd.
Added to the fact that [CTV] contains hot spots, this network should still be
improved.

6.1.2 Spot weight prediction
General results

Among other things, the U-Net Weights was trained with three different loss
functions. According to Table@ the best model is the one with the M.SE,.cguiarized
loss function since it has the smallest overall error. and [MAT] values are
more similar for the other two models, although the MSEjyqq, has a slightly
lower mean error and variance.

When looking at the distributions of weight amplitudes in Figure |5.5 we
observe that the M.SEjp.q, has a distribution that is less similar to the one of
the ground truth weights. Between the other two models, the distribution of
MSFERroy is more like the true distribution at first glance. However, we can see
that the percentage of weights in the first left bin of the histogram correspond-
ing to small weights is far higher for this model.

This is confirmed by the information available in Table The percentage
of weights with a zero value greatly varies between models. While all values
predicted by the MSEjp,q4, are greater than zero, the MSE,cquiarizea model
predicts 0.85% of zero weights on average. This is rather small compared to the
43.7% of zero weights predicted by the M SEgro; model. The issue of having
many weights set to zero has been encountered many times when training differ-
ent types of models. In the case of the MSFEgror, we can see that this percentage
has a great variance across patients. Moreover, it has been observed that the
percentage also varies manly across the different cross-validations. Either the
percentage of zeros was very high or the percentage was more reasonable, al-
though often higher than the two other models. The patient whose distribution
is displayed in Figure was in the last category.

The second column of the table indicates the percentage of non-zero weights
smaller than 0.011. Since below this value, the weights will be considered equal
to zero by the machine, they should be taken into account. Once again, the
MSFERor is the one predicting the greatest percentage of such small weights,
and, added to the zero-valued weights, it results in a high portion of weights
that are considered as zeros. This is therefore important to take into account
when evaluating the weight predictions of a specific patient since they might
not be representative for this model due to higher inter-patient variability.

Distribution of the error in space

When observing the regions defined in Figure [5.6] we can see that a high per-
centage of spots are located outside the with almost 30% of spots in the
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outer region. It should therefore be reminded that the ground truth plans in
the dataset were made with robust worst-case optimization using a 7mm setup
error, explaining the numerous spots outside the [CTV]

Overall, we can see in Figure that the error increases when the spots
are farther outside the [CTV] for all models. More specifically, we can see that
there is less variation in the [MAE] across the three regions inside the [CTV] for
a given model. Inside the [CTV] the MSERo; is the worst-performing model,
while the two other models show more similar MAE but slightly better values
for the MSE,cguiarizea- However, when going away from the [CTV} the MAE
of the M SEjy.qy increases more than the two other models. In the outer region,
the MSE,cquiarized has the lowest MAE of all three models.

The overall increase in error outside the [CTV]is confirmed when looking at
Figure [5.§ and Figure[5.9] For this patient, we can see that the range of weight
amplitudes varies a lot across models. The ground truth weights are smaller in
the [CTV] with values approximately below 0.2 MU. Only a few spots outside
the tumor have higher weights, up to 0.8 MU. More precisely, these spots are
located behind the tumor when looking in the [BEV] direction. The MSEyoq,
map shows spots with really small weights that are even smaller where the
higher spots should be. The maps of the two other models look more similar
to the ground truth map, but spots with peak values are still underestimated.
Overall, the error maps show that the error is indeed more important outside the
[CTV] with spots that are both underestimated and overestimated. However,
the largest errors are coming from underestimated spots, and the weight errors
made by the MSE,cguiarized model have a lower amplitude. This confirms the
previous observations made with the other metrics that put the M SE,cquiarized
model as the best-performing one overall.

Resulting dose

In general, the dose resulting from the predicted spot weights for all three models
(Figure Figure and Figure is far from what it should be (Figure
5.14)). For each model, the curve associated with the is not steep
enough, and a number of clinical goals are not met. On the dose distribution
obtained with the MSEjy,q, model, we can see that isodose lines associated
with the highest doses are not centered around the[CTV]and are mainly outside
it. This results in an averaged dose in the that is too low (41.9 Gy). In
addition, it also causes very large overdose peaks in the body, with a dose peak
of over 82 Gy. The spinal canal is especially overdosed. The isodoses of the
other two models are slightly more centered around the even if they are
far from looking like the ground truth dose distribution. The M.SEro;r model
results in a highly underdosed [CTV]with an average dose of 26.47 Gy. Finally,
the M SE,cguiarized also results in an underdosed CTV, but to a lesser extent
(39.4 Gy). However, it comes at the cost of higher dose peaks in the body (over
65 Gy).
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Even if previous analyses indicated the MSE,.cguiarizeq model as the most
promising one, none of the tested models provided good enough results when
it came to the resulting dose distribution and the clinical goals. The U-Net
Weights network could not be used as it is to directly predict the spot weights
and needs to be further improved.

6.2 Prospects for improvements

6.2.1 Dose per beam prediction

Since the current U-Net Dose network predicts dose at locations such as the
body contour and does not take into account the trajectory of the beams for the
individual beam dose predictions, it could be interesting to provide information
about the beam trajectories to the model. This could be done by adding the
beam mask to the inputs or by using it to compute a masked [CT] By adding
prior knowledge that there is dose deposition only on the beam’s trajectory, the
predictions could turn out to be more realistic.

Another solution that can be implemented independently or in complement
to the previous one is to fine-tune the weighting factors of the M SE, cighteq loss
function. In Equation the 0.25 coefficient behind the individual beam dose
error and the 0.5 coefficient behind the full dose error were chosen arbitrar-
ily. Adding more weight to the individual beam errors could be a solution to
obtain more realistic results. As done in [86], the weighting factor could be a
hyperparameter tuned during validation.

6.2.2 Spot weights prediction

Given the observations made when analyzing the results of the U-Net Weights
network, several ideas that could potentially improve the performance of the
network are explained in the following paragraphs. First, some solutions involv-
ing data manipulation will be presented. Then, a discussion on the network’s
architecture will be held, adding broader perspectives. Finally, insights about
the computation time will be provided.

But before that, one possibility of improvement could also be to fine-tune
the value of the parameter in the M SE,¢guiarized loss function. In the expression
of the regularization term A (see Equation , different values than 0.01 could
be tested. Even if a smaller value than 0.01 was indeed tested and did not show
much improvement, a more thorough approach testing different ranges of values
could be conducted.
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Data

To begin with, the size of the data voxels could be increased, as done for the
U-Net Dose network. For the first network, it has proven beneficial to add more
context information to each patch of data. This could also be interesting for
the U-Net Weights network, given the fact that the network seems to have a
hard time predicting the values of the spot weights that are farther away from
the And since the dose distributions are concentrated in the but the
spots with the highest weight values are located outside the [CTV] increasing
the amount of context information in each patch could improve the results.

A small voxel size was initially chosen in order to avoid, as much as possible, the
problem of having several spots per voxel. Changing the resolution of the data
will come at the cost of a higher number of such voxels. Since several strategies
were proposed to deal with this issue, but only one was tested, this could also
be a good opportunity to test their impact.

Adding more context information can be done not only by changing the
resolution but also by directly changing the patch size. If the patch size were
constrained by the actual memory limitations, these constraints might evolve in
the future. For now, the patches were larger in the inferior-superior direction
in order to encompass a larger portion of the tumor since the dataset contained
patients with esophageal cancer. But increasing the patch size in other directions
to provide more information along the direction of the beam’s trajectory could
prove interesting.

As the same network is used to predict the weights of both beams, another
idea to ease the prediction could be to rotate all input data in the BEV.
The dataset consisted of 39 patients, which is quite small. Training neural net-
works often requires a large dataset in order to avoid overfitting and have good
generalization capability. Some data augmentation strategies could therefore be
tested to increase the size of the dataset. However, a larger dataset comes at
the cost of increased resource needs, and it has proven to be hard to manage.

Network

By choosing to represent the spots and their weight with 3D matrices, the result
is a representation with many zeros and only a few non-zero values, rendering
the data highly sparse. One path of improvement could be to look for networks
and data structures that handle sparse data more efficiently and appropriately.
Nonetheless, this is challenging as most of the input data is dense, which means
that both sparse and dense data must be treated adequately by the same net-
work. Instead of rasterizing the spots into voxel grids, other types of 3D data
representation could be considered, such as directly working with point clouds
for instance (93] [94]. This could alleviate the problems of voluminous data and
quantization artifacts inherent to volumetric data. But once again, the difficulty
is adapting those approaches to be able to also feed the network with dense data
such as the CT scan or the dose distributions. For instance, in [95], an architec-
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ture combining a Graph Neural Network (GNN) and a was employed to
evaluate the error in 3D segmentations of [OARk. The error is evaluated node-
wise by leveraging the connectivity information of the segmentation structure
and information provided in sub-volumes of the [CT|scan centered around the
nodes.

Computation time

The time needed to compute the predicted weights of a patient can seem el-
evated. It is partly due to the large number of patches that are required to
reconstitute the entire prediction for all weights. The need for a large number
of patches is the consequence of two things. First, it is due to the small size of
the voxels. Second, it is related to the value of the stride used when reconstruct-
ing the whole prediction matrix. By doubling the stride, the computation time
passes from 24 minutes to around 5 minutes for one patient. One could argue
that a small stride is not required since the data that is reconstructed is not
continuous but sparse. However, it has been observed that increasing the stride
for models such as the M SFEgror reduces performance by increasing the number
of zero-valued spot weights in the reconstructed full matrix. If the computa-
tion time must be decreased, it could still be interesting to assess the impact of
increasing the stride for the M.SFE,cguiarizea model. This model predicts fewer
zeros and might be less affected by this change. This consideration should be
kept in mind if improved models are found in the future.

6.3 Acknowledging method and pipeline limita-
tions

One difficulty of implementing such a pipeline is the use of two different net-
works in a row. However, since this type of spot weight prediction network
is being tested for the first time, it was trained on the ground truth dose per
beam distributions. Even if we cannot make the assumption that dose per beam
distributions can easily and accurately be predicted by a the error prop-
agated from one network to the next entails a lack of interpretability of the
results. By testing the networks individually, it is possible to get a first idea
of how accurate a spot weight network could be, provided that the beam dose
predictions are good enough. But if the networks are improved, they should, of
course, be tested consecutively by actually providing the output of the U-Net
Dose network to the U-Net Weights network. Testing the pipeline as a whole
is really important since the error made by the first network could impact the
performance of the second network and no longer provide satisfactory end plans.
If the results were to be improved, the robustness of the predicted plans should
also be assessed. Even if the networks are trained on robust plans, an evaluation
of the robustness of the predicted plans should be made to validate the pipeline.
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To ease the training and obtain more accurate networks, some constraints
were added. First, the dataset was homogeneous in the beam configuration and
in the dose prescription. Such constraints reduce the flexibility of the network
but often allow for greater accuracy. Second, the pipeline assumes that the
number of spots and their location are provided to the U-Net Weights network.
Even if these parameters are patient-specific, they are fixed at the beginning of
the process and therefore decrease the flexibility of the model. The advantage
is that it considerably decreases the search space, making the training more
feasible.

For that reason, all these constraints were introduced to reach a trade-off be-
tween flexibility and accuracy.

6.4 Perspectives and applications

Given the poor results obtained so far, the search space could be further reduced
by using the pipeline for [SFUD] plans instead of [MPT] plans. [Single-Field Uni]
@ is another approach to combining fields for PBS treatments.
SFUD)] implies that each field is optimized independently to cover the target
uniformly. With [MPT] it is the sum of each field that should result in a uni-
form target coverage. The different fields of [MPT]plans are therefore optimized
simultaneously, providing more flexibility but also resulting in individual fields
that are no longer homogeneous. It might be easier to predict homogeneous
fields, and the pipeline could consequently provide better results for [SFUD]
plans.

Even if the projected values are not accurate enough to be used directly,
the pipeline can also be used to provide a first guest for the spot weights. It
would still require some further optimization, but it could potentially save some
time by reducing the number of iterations needed to produce the final plan.

64



Chapter 7

Conclusion

The automation of the treatment planning process in radiotherapy has already
been the focus of numerous research studies, many of which have implemented
solutions based on the use of deep neural networks. However, automating the
optimization of spot weights for proton therapy treatments with a deep neural
network had never been done previously, to the best of our knowledge. In this
thesis, a full end-to-end pipeline was implemented, going from the segmented
data to the prediction of spot weights and integrating the corresponding plan
into RayStation. This pipeline is composed of two different neural networks.

First, a U-Net predicts the 3D dose distributions of each individual beam
from the [CT] scan of the patient and the masks of the [DARk and the [CTV]
The results that have been obtained so far show some defects. The full dose
distributions are not homogeneous enough, with more hot spots than ground
truth plans, and the error made in some critical organs, such as the spinal canal,
could be reduced. In terms of individual beam distributions, dose is predicted
in locations that are too distant from the beam’s trajectory. Solutions such as
reweighting the loss function to put more emphasis on the error made in each
individual beam and adding beam masks to the input information could provide
more accurate predictions.

Second, another U-Net network predicts the spot weights. It takes as in-
put the 3D beam dose distribution, the spot locations, as well as anatomical
information in the form of the [CT|scan and masks of [OARE and [CTV] The spot
locations were provided to the network by rasterizing the spots into voxel grids
in order to work with volumetric data. The spots are also predicted through
this volumetric representation and converted back to their original form as a list
of spot coordinates and weights. Several models were tested in this thesis. Es-
pecially, the results of three models with different loss functions were presented.
Several metrics showed the MSFE,cquiarizeqa loss function, which is a modified
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MSE including a regularization parameter, to be the most promising one.

Finally, at the end of the pipeline, a script is used to integrate the predicted
weights into the initial non-optimized plan. When observing the dose resulting
from the weight predictions, none of the three analyzed models produced satis-
factory results. Several ideas to improve the weight prediction were discussed
such as adding more context information by changing the resolution of the data,
rotating the data in [BEV] or even considering other types of representation for
the spot data.

This thesis was a first attempt at implementing an accurate end-to-end
pipeline for the automation of proton therapy treatment plan generation, and
it leaves plenty of room for improvement. Many ideas for improvement that
are still to be explored were proposed. Meanwhile, if the weights predicted are
not accurate enough to be used directly in the final plan, they could be used
as an initial first guest. In this case, further manual optimization would still
be needed but could require fewer iterations. This way, the proposed workflow
could still save some time during the planning process.
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Appendix A

Supplementary results

Dose per beam predictions with 1x1x1 mm?® vox-
els and MSE,,, loss function
100 l\ »
e . M-
(— :50
(a) The predicted dose for beam 1 (b) The predicted dose for beam 2 (c) Difference between the ground truth

full dose and the sum of the predictions of
the two beams [Gy]

Figure A.1: Dose error and dose predictions for patient 45 provided by the

U-Net Dose network trained with voxels of resolution 1x1x1 mm?® and with the
MSFE;tq loss function
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Figure A.2: Dose error and dose predictions for patient 45 provided by the
U-Net Dose network trained with voxels of resolution 1x1x1 mm?® and with the
MSEyeightea loss function
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