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Abstract

The development of fast and reliable tools for medical image segmentation is neces-
sary to meet the ever-growing demand in radiography. The models showing the best
performance are based on deep neural networks but necessitate a sufficiently large and
diverse annotated dataset. This is often unavailable due to the high level of expertise
required to annotate the data and privacy regulations. We propose a multi-method and
active learning approach to reduce the amount of annotated data needed for training.
It compares the predictions of a U-Net model and a Morphons algorithm following a
query-by-committee strategy to specifically label the most informative images to add to
the training set. Our approach was tested against random selection for bladder and rectum
segmentation. We also propose an intelligent system relying on atlas-based segmentation
when the limited size of the dataset hinders the performance of the deep learning model.
Thus, we show that atlas-based segmentation is a useful second opinion for deep learning
models to reduce the amount of annotated data needed and maintain good performance
when working with small datasets.
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Chapter 1

Introduction

Worldwide, nearly 10 million people died from cancer in 2020, this represents nearly one
in six death [2I]. The same year, in 2020, the world faced about 19.3 million new cancer
cases and the number of new cases is expected to reach 28.4 million in 2040 [22]. Therefore,
it becomes increasingly important to develop new ways to treat patients as safely and
efficiently as possible.

To solve this issue, many cancer treatments have been developed: chemotherapy,
immunotherapy, surgery, radiation therapy,... Among them, radiation therapy plays a
significant role, indeed external beam radiotherapy is indicated in around 52% of cases
[23]. Radiation therapy involves using high doses of radiation to kill cancer cells or slow
their growth by damaging their DNA. Compared to chemotherapy, this method has the
benefit of not exposing the entire body to the treatment by targeting only the part of the
body where the cancer is located.

The recent development in Artificial Intelligence (All) has opened new paths for
improvement in every step of the radiation therapy workflow, from the initial treatment
decision to follow-up care [1].

Decision support tools that Automated tumour and organ Enhanced image guidance, motion
combine clinical, genomic and segmentation as well as optimal management and scheduling promise
imaging data promise to support dose prediction promise to to improve clinical efficiency and
precision oncology practices streamline the planning process patients’ outcomes and experiences

Replanning

Radiotherapy Follow-up
delivery care

Treatment Plan approval
planning and QA

Treatment Imaging
decision (simulation)

Al promises to reduce radiation Al tools might help expedite Accurate prediction of response to treatment,
exposure of patients, enhance image the QA process and detect rare radiation-induced toxicities and other adverse
quality, suppress artefacts and enable erroneous events, especially for effects might provide real-time meaningful
more accurate image registration highly complex treatments clinical decision suppert

Figure 1.1: Radiation therapy workflow highlighting paths of improvement using AI. [I].



A major concern during treatment planning is to establish the precise location of the
tumor and delineate its boundaries. This process, called medical image segmentation [24],
is also performed on the organs adjacent to the tumor in order to calculate the radiation
dose delivered to these critical organs and ensure that it remains within safe limits [1].

Manual segmentation is performed by a radiation oncologist, usually on Magnetic
Resonance Imaging (MRI)), Computed Tomography (CTI), or Cone Beam Computed
Tomography (CBCT]) scans, it is a very time-consuming process that requires a high level
of expertise and must be done very carefully because inaccuracies in the segmentation
lead to over- or underdosing of the tumor or surrounding healthy organs [4].

Automated segmentation techniques have been developed in an attempt to solve this
problem with State of the art ([SOA) techniques such as atlas-based segmentation, a
method based on image registration, obtaining robust results and being used for the
segmentation of abdominal fat [25], the heart wall [8], lung tumor [26], the prostate in
prostate cancer [27] and many others. Recently, the development of machine learning
and deep learning has opened up new perspectives for automated image segmentation.
For example, the use of such as the U-Net architecture has already shown great
results, outperforming other state-of-the art segmentation techniques on a wide variety of
segmentation tasks in medical imaging [19].

Despite good performance, the deployment of [All and Deep Learning (DIJ) in the
medical field comes with some challenges. The need for large amounts of labeled data to
train deep learning models is a real problem for their clinical deployment. For example,
medical image segmentation typically faces limited datasets [28]. Deep Learning models
are also criticized for their lack of interpretability. Indeed, the complexity of the models
and the large number of hidden layers make it difficult for a human to understand how
they reach their conclusion, which leads to their use as a "blackbox" [29].

This master thesis proposes an approach in active learning, a machine learning
paradigm used to reduce the amount of labeled data needed for training of the model
[20]. The approach combines both deep learning and atlas-based segmentation following
a "Query-By-Committee" strategy that is tested on real data for bladder and rectum
segmentation. At the end of this master thesis, we propose an intelligent system that
relies on atlas-based segmentation when the training set is too small and switches to deep
learning when the size of the training set becomes sufficient. This system aims to achieve
the best possible performance in all environments, even when the amount of available
training data is too small for a deep learning model to achieve good performance.

This master thesis is divided into 4 parts. First, we discuss the state of the art of
segmentation techniques in medical imaging and the state of the art of active learning
with a particular focus on the query-by-committee strategy. The next chapter explains
our proposed approach to reduce the amount of labeled data required. Chapter 4 presents
our results, the experimental methodology we followed, and contains a discussion of our
results and the limitations of our approach. Finally, in the chapter Future work, we
propose an intelligent system relying on atlas-based segmentation when the limited size of
the dataset hinders the performance of the deep learning model.



Chapter 2

State of the art

In this chapter, we discuss the state of the art of segmentation techniques in medical
imaging. Segmentation is crucial in dose planning of radiotherapy sessions, it establishes
the precise location of the tumor and Organs at Risk (OAR]) and delineates their bound-
aries. We start with atlas-based segmentation, a segmentation technique based on image
registration that extracts prior knowledge from a reference image that we call an atlas
[30]. Next, we explain segmentation techniques that use active contour (also known as
SNAKES), a method that formulates contouring as an optimization problem [20]. Finally,
we describe the development of convolutional neural networks in medical imaging and the
use of fully convolutional networks like the U-Net architecture for segmentation tasks [19].

Then, we discuss the state of the art of active learning, a machine learning paradigm
that attempts to reduce the amount of labeled data needed to train a machine learning
model by choosing the images that will improve the model the most [20]. Finally, we
briefly discuss the performance measurements of segmentation tasks in medical imaging.



2.1 Segmentation techniques

CT segmentation

Segmentation is a crucial task in dose planning for radiotherapy sessions within the
radiation therapy workflow. It has to be done carefully to minimize radiation exposure to
the organs at risk and avoid any complications for the patient. Planning is often done
on CT scans, but manual annotation of the data requires a high level of expertise and
is very time-consuming for the radiologist. This problem resulted in the development of
automated image segmentation. Figure shows different segmentations techniques that
can be used on CT scans [2].

CT Scan

It

{
" ol
. ( | . @YY |
Autosegmentation Manual segmentation

Manually segmented by oncologist,

£ l radiographer or dosimetrist
qo % / ]
208 |
Deep learning Atlas-based methods
Maodels learn directly J
from large numbers of £ l l
training examples and
w ik I"”_o Medge [ Single Atlas J { Multi-Atlas ] [ Hybrid J
to new scans
Deformable image Combination of data Combines deformable
registration of a single from multiple atlases to registration with
dataset of pre-defined form a population-based statistical model-based

manual segmentations average atlas approach

Figure 2.1: Different Segmentation techniques used on CT scans [2].

CBCT segmentation

In radiotherapy, we observe large anatomical deformations between planning and treatment
sessions, caused by tumor growth/shrinkage, weight loss or internal movements [31] [32].
Anatomical changes are particularly common in the pelvic region due to bladder and
rectal movements [33], leading to uncertainty in the dose delivered to the tumor and
surrounding healthy organs [5]. Figure gives an example in a lung cancer case where
the tumor shrinkage between the planning CT and the treatment session (5 weeks later)
induces a beam overshoot [3] [4].



(a) Planning CT (b) CT after 5 weeks

Beam stopsiat distal edge Beam overshoot

Figure 2.2: Impact of tumor shrinkage between planning and radiation exposure [3][4].

scans are performed on the day of treatment to monitor these deformations
because it tends to be easier than repeating a CT scan which requires a separate appoint-
ment and results in additional burden, cost, and radiation exposure for the patient [34].
But working with CBCT scans can be challenging because they are of lower quality than
CT scans due to various artifacts including noises, beam hardening, and scattering [5].
Figure shows a comparison of a CT and a CBCT scan of the pelvis.

This section develops 3 different segmentation techniques that can be used. Atlas-based
segmentation is a very popular method based on image registration that extracts prior
knowledge from a reference image that we call an atlas [30], with different variants using
on single or multi-atlas segmentation. Segmentation techniques using active contour
are methods that formulate contouring as an optimization problem [20]. Finally, Deep
Learning techniques are the most recent techniques but have already shown great results
managing to outperform the other techniques on a wide variety of segmentation tasks [19)].



(a) Slice of a CT scan. (b) Slice of a CBCT scan.

Figure 2.3: Comparison of a CT and a CBCT scan of the pelvis [5].

2.1.1 Atlas-based segmentation

Most people share anatomical similarities, for example, the heart placed slightly on the
left of the chest, etc. Combining many delineated images of patients sharing anatomical
similarities (e.g. patients of the same sex), we can define a delineated image called an
atlas representing the segmentation of an "average" patient. The assumption made, is
that the similarities are sufficient to be able to deform the body of someone into the body
of someone else [35]. The atlas is essentially a reference image used for the deformation,
for example, a labeled CT scan can be used to label a CBCT scan.

Image registration is simply the calculation of the deformation from one image to
another. If we use an atlas with image registration, we obtain a segmentation tech-
nique called atlas-based segmentation, also called Atlas-based auto-segmentation (ABAS]).
extracts prior knowledge from the atlas by performing image registration
between the image we query and the atlas to map their space coordinates through a series
of transformations and deformations [36].

Image registration

Image registration can be used to label a new image with a reference image or to monitor
deformations of the [OARk between planning and treatment sessions. Figure shows an
illustration of image registration.

Image A Image B

Figure 2.4: Illustration of image registration [6].



To map the different images, the image can be deformed and transformed with differ-
ent transformations possible that we call geometric transformations [37]. We distinguish
two categories of transformations possible linear and non-linear transformations. Linear
transformations are composed of translation, rotation, scaling, shear, and affine trans-
formations being an arbitrary combination of the prior transformations [6]. Non-linear
transformations are also possible, they have the particularity to map straight lines to
a curve, whereas linear transformations map any straight line to a straight line. This
typically happens when the images are from different modalities (e.g. CT and MRI) [35].
Figure[2.5] shows the geometric transformation functions for image registration.

Linear

Translation Rotation \ Scaling

% ge 6% = n 4-

Shear Affine

N |~ e

B

Figure 2.5: Geometric transformation functions for image registration, composed of linear
and nonlinear transformations [6].

In the literature, rigid registration means that we achieve correspondence simply with
translations and rotations. To monitor anatomical deformations, non-rigid registration
is often required. To implement non-registration, vector fields, called deformation fields,
sharing the same sampling grid between the two images are often used [35]. If the model
has a small set of parameters describing the deformation, the task is called parametric
registration [38]. Otherwise, when each pixel has its own unconstrained deformation
vector, which can be optimized independently of its neighbors, it is called non-parametric
registration [35].

The Morphons algorithm

The Morphons algorithm is a non-parametric image registration algorithm. A particularity
of the Morphons algorithm is its metric: it computes the local phase for each voxel of the
image to perform the displacement estimation. The local phase of each voxel is computed
by convolving both images with directional quadrature filters [39]. Quadrature filters
typically contain a real part to detect the lines and an imaginary part to detect the edges
I7]. Figure[2.6] shows the main concept of the local phase.
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Figure 2.6: Illustration of the phase from a quadrature response [7]

To be able to find a large and accurate deformation, the Morphons algorithm follows
a multi-resolution approach: at each resolution level, the images and deformation field
are re-sampled to have a specific size [39]. The Morphons algorithm is, therefore, an
iterative process where the deformation field is accumulated at each resolution level. The
deformation process can be divided into three steps: displacement estimation, deformation
field accumulation, and deformation.

o The displacement estimation is computed using the local phase difference in the two
images.

o An incremental displacement field is calculated according to the new displacement
estimation at this resolution level. The accumulated deformation field is updated
with the incremental displacement field. Smoothing is also applied to enforce the
smoothness of the deformation field.

e The moving image is deformed according to the updated accumulated deformation
field.

In the first paper presenting the Morphons algorithm [§], Hans Knutsson and Mats
Andersson have shown a representation of the incremental displacement field and the
accumulated displacement field as they were used on 2D ultrasound images of a heart to
segment the heart wall (Figure[2.7]).

After being used for the first time to segment the heart wall [8], the Morphons algorithm
has shown good results in many other applications. For the segmentation of abdominal
fat on [25], 2D photographs of hands and faces, 3D CT data of the hip region, and
3D MR brain images [40], or on CT scan for lung cancer [26].



=

(a) Ultrasound image of a (b) Incremental displacement (¢) Accumulated
heart field displacement field

Figure 2.7: Representation of the incremental displacement field and the accumulated
displacement field used on a 2D ultrasound image of a heart [g].

The Morphons registration is still evolving, a diffeomorphic version of the Morphons
algorithm has been proposed in [41]. Diffeomorphism ensures that the displacement field is
physical [42], this is a desirable property because organs can be compressed and deformed
but cannot undergo noninvertible spatial transformations [41].

The Demons algorithm is another non-parametric image registration algorithm worth
mentioning. It uses a method based on the calculation of a displacement field to match
the intensities in both images [43].

Multi-atlas segmentation

Multi-atlas segmentation (MAS]) was introduced to improve single atlas-based segmen-
tation, the idea is to make more informed decisions for the label of the input image by
taking advantage of many atlases. By using several atlases, wants to offer a better
segmentation accuracy by being more informed on the possible anatomical variations.
However, manipulating more atlases also comes at the price of a higher computational

cost [44].

The core component of methods is the combination of the different atlas labels
called label fusion. The most simple approach for label fusion is to select the best atlas by
comparing image intensities between the atlases and the input image [45]. However, relying
on a single atlas is not ideal and pretty much comes back to single atlas segmentation.
Therefore, methods based on majority voting have been developped to keep the useful
information in all atlases, for example choosing the most frequent label at each location
[46].

An interesting approach for label fusion is the "Simultaneous truth and performance
level estimation" (STAPLE) algorithm which was first introduced to compare different
manual segmentations by experts, using them to get closer to the hidden, ground-truth
segmentation [47]. Compared to majority voting, STAPLE does not consider that all atlases
perform equally on the target image. Instead, the algorithm evaluates the performance
of all atlases, incorporate them inside a probabilistic framework and finds an optimal
combination, weighting each segmentation based on their estimated performance level.
This approach to label fusion has proven more robust to anatomical variation than majority

voting [47].



2.1.2 Active contour

The active contour model is a method used to find a closed contour of a target object
and can therefore be used for segmentation. The key idea of the model was to formulate
the contour detection problem as an optimization method, finding the best contour by
optimizing a certain criterion, for example, the smoothness of the contour [6]. The method
is also called SNAKES in reference to the use of energy-minimizing splines inside the
original model proposed by Kass et al. Figure shows how the snake is guided by
constraints inside the model to identify nearby edges, lines and curves [9].

458

Figure 2.8: Representation of a snake converging from its initial position away of the pear
(left) to the contour of the pear (right) [9].

This method has shown good results for tumor segmentation on ultrasound images
[10]. Figure[2.9] shows the initial contour chosen and the boundary derived by the method.
A recurrent problem was that the initial contour had to be close enough to the solution for
the algorithm to converge. To solve this issue, a modified architecture has been proposed
in [48] that changes the forces pushing the curve to the edge to obtain more stable results.
This architecture allows the curve to pass over weak edges and stop only if the edge is
strong, reducing the need for the initial curve to be close to the solution.

initial contour

=

\_._ -

Figure 2.9: Snakes model used for tumor segmentation on ultrasound images on the left
and the manual segmentation on the right [10].
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2.1.3 Convolutional neural networks

In 1988, the first Deep Neural Network (DNNJ) using convolutions named the neocognitron
was proposed [49] but at the time these networks didn’t get much attention, among other
things, due to the lack of computational power. In 1998 Lecun et al. proposed to apply a
gradient-based learning algorithm to [CNN| creating the LeNet architecture and opening
the path for the we know today [50].

In 2012 a named AlexNet won the most difficult ImageNet challenge for visual
object recognition [51]. The large ImageNet dataset with millions of annotated data was
perfect for the deployment of deep learning and the network achieved significant results
against all traditional machine learning and computer vision approaches. This was a major
turning point for Deep Learning and helped to raise a lot of interest for these networks.
continue to gather a lot of attention in medical image segmentation because they
outperform other state-of-the-art on a wide variety of segmentation tasks [52].

CNN Architecture

can be classified as a subpart of DNNk, their name comes from the convolutional
layers that constitute their architectures. Figure| shows the overall architecture of
a[CNNL It can be divided into two parts: feature extraction and classification. Feature
extraction is performed by multiple alternating convolution and max-pooling layers. After
feature extraction, the data is classified by fully connected layers [11].

Input Feature Maps Feature Maps  Feature Maps Feature Maps
48x48 GEnddxad 6@22x22 120 18x18 120 9x9

Outputs

Convolution Max-pooling Convolution Max-pooling

Classification

Features extraction

Figure 2.10: The architecture of a [CNN| composed of alternating convolution and
max-pooling layers for feature extraction and a fully connected network for classification

111

During feature extraction, we call feature maps the output of the convolution and
max-pooling and they can be represented on a 2D matrix. As we move through the
network, the dimensions of the feature maps decrease due to the pooling operations.
Convolution could also reduce the dimensions, but modern CNN architectures use zero
padding (adding rows and columns on each side of the feature map to fit the center of
the kernel to ensure the same dimension through the convolution operation) to avoid this
problem and to be able to apply more layers [12].
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Convolution is a type of linear operation where an array, called the kernel, slides
through the input and we perform an element-wise product between each element of the
kernel and the input. These values are then summed up to obtain the output value on
the feature map. The kernel can be seen as a filter containing weights that are learned
from the network. These weights are shared across the whole image and are the only
learnable components for the convolutional layer. The size of the kernel, stride, padding,
and finally, the number of kernels (determining the number of feature maps) are predefined
hyperparameters. Figure shows an example of convolution using a kernel size of 3x3,
no padding, and a stride of 1. It also shows the element-wise product followed by the final
output value on the feature map.

1
NG
) B
0 0
........... .mﬁwxi<;miw. -
1 oL 'ff
0 0 .........
2 2 Kernel
1 1
A Feature map
Input tensor :

Figure 2.11: Example of convolution using a kernel size of 3x3, no padding and a stride of
1 [12].

The outputs of the convolution are then passed through a nonlinear activation function.
The purpose of an activation function is to introduce nonlinearity into the network. It
allows for the network to learn patterns that are not linear which would be impossible
with a linear (or no) activation function [53]. Sigmoid (Figure[2.12a]) or hyperbolic
tangent(tanh : Figure) were originally used as they resemble the most the way
neurons operate in our brain [54]. Now, the most successful and widely used activation

function is the Rectified linear unit (ReLUl) (Figure[2.12d)) [55].

Tanh
1.0

Sigmoid
10|

RelLU
e —e” 10{
}:—

e +e’
ReLU(z)={ %
e _10.()4'/1{3:'1\'1'.\? 5]

5 10

(a) Sigmoid (b) tanh (c¢) ReLLU

Figure 2.12: Visual representation of the 3 most common activation functions [13].
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After the convolution, a pooling operation is used to reduce the dimensionality of the
feature maps. This operation summarises the feature maps generated by the convolution
to reduce the number of parameters to learn for the network. Max pooling is the most
common pooling operation, it selects the maximum from a region of the feature map
depending on the size of the filter, then the filter slide with a step called "stride" [56].
A common choice is a filter of size 2x2 and a stride of 2 as represented in Figure,
dividing the height and width by a factor of 2. There are no learnable parameters in a
pooling operation, the filter size, stride, and padding are hyperparameters predefined,
similar to the convolution operation.

Input tensor
(4x4)

Figure 2.13: Example of a max-pooling operation with a filter size of 2x2, no padding and
a stride of 2, dividing the height and width by a factor 2 [12].

The output feature maps of the last convolutional layer are then flattened into a
one-dimensional vector and given as input to a fully connected network (composed of
fully connected layers) that yields as output the probabilities for each class present in the
classification task. This fully connected network is a simple Feedforward Network (ENNJ),
an Artificial Neural Network (ANN]) wherein connections between the nodes do not form
a cycle [57], the prime example being a Multilayer Perceptron (MLP]) which proved to be
a universal approximator [58].

The activation function for the last layer of our network (after the last fully connected
layer) is usually different from the activation function we presented in Figure. Indeed,
the output of this activation function will be the output of our network and is, therefore,
selected depending on the classification task we perform. For binary classification, a
sigmoid is often used and for multiclass classification, we use a softmax function to find
the most likely class for a given pixel. This function normalizes the output to obtain values
ranging between 0 and 1 and such that the values sum up to 1 and can be interpreted as
probabilities.

From CNN to FCN

A Fully convolutional network (FCN]) (sometimes called Fully convolutional neural network
(ECNN)) is a [CNN] using only convolutional layers (therefore without the fully connected
layers). Instead of using Fully connected layers to produce image classification of the whole
image as output, [FCNk produce an image of the same size as the input and associate a
label with each pixel of the input image obtaining what is also called pixelwise prediction.
Figure shows the first architecture proposed in 2005 by Long et al. [14].

13
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Figure 2.14: FCN architecture proposed by Long et al. in 2005 [14].

Besides image classification and semantic segmentation, we can also mention instance
segmentation. It is a segmentation task where we want to differentiate instances of the
same class (different persons on an image, ...), mask R-CNN is an example of a neural
network specially built for object instance segmentation [59]. Figure gives a visual
comparison between image classification that makes a prediction for the whole input,
semantic segmentation that makes class prediction for every pixel of the image, and
instance segmentation that also gives separate labels for different instances of the same
class [15]. For our work, the segmentation of in medical imaging, we are interested
in semantic segmentation and this is what we will refer to when we will speak about
medical image segmentation.

= bottle bottle :
bottle, cup, cube
g B g &) ' o

(a) Image classification  (b) Semantic segmentation (c) Instance segmentation

Figure 2.15: Visual comparison between image classification, semantic segmentation and
instance segmentation [15].

As we advance through a convolutions and max-pooling layers reduce the
dimensions of our image until it reaches the bottleneck. In the second half of a FCN,
we have to restore the dimensions of our image. This can be done by upsampling which
is also referred to as transposed convolution, up-convolution, or deconvolution. There
are a few ways to perform upsampling such as Nearest Neighbor, Bilinear Interpolation,
and Transposed Convolution [16]. The last one is the more complex but also the most
interesting. It can be thought of as a backward convolution with a kernel that also contains
weights to make the upsampling also learnable. Figure shows that convolution
transpose is essentially the same operation but turned backward.
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(a) Regular Convolution  (b) Transposed Convolution

Figure 2.16: Visual comparison between regular convolution and transposed convolution

I16).

In the same way that transposed convolution acts as reversed convolution, unpooling
acts as the reverse of a max-pooling layer. The particularity is that the indices used for
the output of the unpooling are remembered from the max-pooling layers as shown in

Figure[217) [17].

indices
1,1 1
15|17 14|13 R il olololo
2.0 1.6 maxpooling (0,2):(3'3) unpooling 0 0
19 15 14
22 21 16 .
activations

Figure 2.17: Unpooling operation acting as the reverse of the max-pooling operation and
remembering the indices used from the max-pooling [17].

An architecture worth mentioning to illustrate the process of upsampling is DeconvNet.
DeconvNet uses another network (the Deconvolution Network) on top of the Convolution
Network with all convolution and pooling layers reversed. This architecture obtains good
resolution on the segmentation but is often criticized for the time it takes to train [I§].
Figure shows the architecture of DeconvNet.

DeconvNet is not the only neural network developed thanks to the enormous gain in
popularity for the use of [CNNk and [FCNk. The image segmentation literature has lead to
a lot of new architectures [60] [6I]. Among them, the U-Net architecture stands out as
one of the best for medical image segmentation [19] and we will, therefore, discuss it in
more detail.
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Figure 2.18: The architecture of DeconvNet, showing the downsampling on the left made
by a Convolution Network and the upsampling on the right by a Deconvolution network
with all convolution and pooling layers reversed [1§].

U-Net architecture

U-Net is a model proposed by Ronneberger et al. in 2015, this network is particularly
interesting for us because it outperforms other segmentation techniques on a wide variety
of segmentation tasks [19]. It gets its name from its "U" shape. The global architecture is
composed of a contracting path to capture context and an expanding path that enables
precise localization. Figure shows the global architecture of U-Net.
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Figure 2.19: The U-Net architecture consisting of a contracting path to capture context
and an expanding path that enables precise localization [19].



The contracting path consists of a succession of 3x3 convolution with ReLLU activation
function, followed by a 2x2 max-pooling. After the contracting path, the network reaches
the bottleneck that contains a very compressed representation of the data to help the
model extract high-level features. The expanding path consists of a sequence of 2x2
up-convolution and concatenation with the features maps copied (the white boxes on
Figure) from the contracting path through what is called a "skip". This architecture
allows U-Net to learn features in multiple resolutions. The U-Net architecture can, more
intuitively, be thought of as an encoder-decoder model with the contracting path being
the encoder network and the contracting path being the decoder network.

Many models use the U-Net architecture as a basis to come up with other architectures.
For example, Deep Residual U-Net combines the strengths of U-Net and residual learning.
It has been proposed successfully for Road Extraction from aerial images obtaining great
success [62].

Problems with CNNs in medical image segmentation

Despite their great performance in the field of medical image segmentation, the use of
CNN also comes with some problems. One of the biggest concerns with the use of [CNNk in
medical image segmentation is that they require a sufficiently large and diverse annotated
dataset. This is often hard to gather due to the privacy regulations [63] [64] and the time
and high level of expertise required to annotate the data.

Another big concern with the use of CNNs in medical image segmentation is their
lack of interpretability. Indeed, by their nature of "deep" neural networks, are very
complex and it’s almost impossible to trace back what made the model classify a pixel
with a certain label. The complexity of the models and the large number of hidden layers
make it difficult for a human to understand how they reach their conclusion, which leads
to their use as a "blackbox" [29].
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2.2 Active learning

In medical image segmentation, the best performing models are often based on deep
neural networks, but these networks require large and diverse datasets. These are often
unavailable due to the privacy regulations [63] [64] and the time and high level of expertise
required to annotate the data. This shortage is even more present for annotated CBCT
scans, which we need to monitor anatomical deformations between planning and treatment
sessions in radiotherapy. This situation is a real problem for the deployment of deep
neural networks in the medical field.

Active learning addresses this problem by choosing to give the model data that will
improve the model the most, and asking the expert (called the oracle) to annotate this
particular data. The goal of active learning is to achieve better performance with fewer
annotated data by allowing the model to choose the data from which it learns [20]. Active
learning integrates the oracle inside the learning process by sending him queries, these
queries take the form of unlabeled data that we ask the oracle to label. Figure
represents the three scenarios possible depending on how our active learning model creates
the queries it will send to the oracle.

membership query synthesis

model generates
a query de novo

stream-based selective sampling

s :;zt‘z:?: ut &-o-o- sample an_ =0 model decides to
P A P instance query or discard
distribution

——

pool-based sampling query is labeled
by the oracle
_____ sample a large ___ _)m_ model selects | |
pool of instances the best query

Figure 2.20: The three scenarios of active learning [20].

e Membership query synthesis : The model generates new unlabeled instances
and asks the oracle to label them. The limitation of this scenario is that, sometimes,
the model can create unlabeled instances that are not recognizable by a human
annotator as happened in [65] for the classification of handwritten characters.

o Stream-based selective sampling : The unlabeled data are sent, as a stream,
one by one to the model. The model can either decide to discard the instance or
send a query to the oracle to label it [66].

« Pool-based sampling : The model selects the best instance (or batches) to query
from a pool of unlabeled instances based on a given sampling strategy [67].
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Methods based on pool-based sampling can be computationally expensive, as each
iteration requires an evaluation of the entire unlabeled data pool. However, these methods
have shown the most promising results when combined with Deep Learning methods [68]
and are, therefore, the most studied in the literature. The big advantage for us is that it
makes its decision based on

Pool-based sampling is an iterative process repeating itself until a certain budget is
exhausted, a certain level of performance is reached or a stopping criterion is met [69].
The pool-based sampling cycle is summarised in Figure. the model is trained with
a certain training set. Then, it selects from the unlabeled pool the queries it wants the
oracle to label. Finally, the oracle label the data expanding the labeled training set, and
the loop can continue.

machine learning
model

labeled
training set
-

unlabeled p-::-nl

4_/

Figure 2.21: The pool-based sampling cycle [20].

oracle (e.g., human annotator)

The most crucial part of the pool-based sampling cycle is query selection. To perform
its selection, the model has to define what it is looking for. We can identify two broad
categories of query strategies: informative-based query strategies, which decide the queries
based on the informativeness of an instance, and representative-based query strategies,
which select queries based on the representativeness of an instance [70].

Informative-based query strategies are the most common. They are based on the
evaluation of the informativeness of the instances. The more informative an instance
is, the more likely it is to be queried. Two of the best-known query strategies based on
the measure of informativeness are uncertainty sampling and query by committee. In
uncertainty sampling, we ask the oracle to label the instances for which the model is least
certain. In query-by-committee, we consider the opinion of a committee of models and ask
the oracle to label the instance they disagree the most on, this can sometimes be seen as
a certain type of uncertainty sampling where the committee is used to assess uncertainty.
We will have the opportunity to discuss uncertainty sampling and query-by-committee in
more detail later.
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On the contrary, representative-based query strategies are based on evaluating the
representativeness of the instances. These models use the structure of the unlabeled pool
of data to measure how well the selected instances represent the overall input patterns of
the unlabeled data [71]. It can often be interesting to add a measure of representativeness
to a model already using a measure of informativeness. For example, when multiple
instances are chosen based on the same informative criteria it may lead to redundancy in
the labeled set [70]. The diversity-based approach can be used to deal with this problem
by trying to preserve diversity in the dataset. This approach was investigated by Hoi et
al. for medical image classification [72]. On the other hand, if we rely only on diversity,
the model can choose data with which it will not learn anything.

There are other types of query strategies, such as expected error reduction, which
optimizes the impact of adding a certain instance on the expected future error of the
model [73]. Or expected gradient length, that chooses the instance that would cause the
greatest change in the model if we knew its label [74]. We analyze deeper uncertainty
sampling and query-by-committee because they are the most common in the literature
and our approach follows the query-by-committee strategy.

Uncertainty Sampling

Uncertainty sampling was proposed by Lewis and Gale in 1994 [67]. The key assumption
in this query strategy is that the more uncertain a prediction is, the more information we
can gain by labeling that instance and including it in our training set [6§].

For multi-label classification, several measures of uncertainty are commonly used,
either selecting the data for which the model is the least confident, or taking the first
and the second most probable label into account (called margin sampling) [75], or using
entropy as a measure of uncertainty [76].

Many active learning models are built around this idea of measuring uncertainty,
and many applications were born from this idea. For example, uncertainty sampling
was applied to support vector machines for text classification [77]. Another example
is Bayesian neural networks that integrate dropout inside a neural network to measure
uncertainty in deep neural networks [7§].

Query-By-Committee

The query-by-committee algorithm proposed by Seung et al. chooses the next query
according to the principle of maximal disagreement [79]. The fundamental principle
of the query-by-committee approach is to measure informativeness by looking at the
disagreement between the members of the committee. In this approach, we consider that
the higher the disagreement on a given instance, the more information this instance will
give to the model. There is no consensus on the optimal size of the committee, most of
the time the size used varies depending on the application and model architectures. Even
models using a committee of 2 members have shown great results [80].
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Ensemble methods can be seen as methods based on the query-by-committee approach.
Ensemble methods train multiple models, often with the same architecture under different
initialization or hyperparameters, and use the output of all these models as a way to
measure uncertainty [81].

Recently, Beluch et al. [8I] have shown that ensembles obtain great performance in
active learning outperforming other methods of uncertainty estimation such as Monte-
Carlo Dropout. They explain this by the fact that their method creates models with
higher diversity than models created with Monte-Carlo Dropout.

Ensemble methods perform well to measure informativeness but they have a high
computational cost because they need to train multiple models and each model needs to
be updated when new training samples are added [6§].

2.3 Performances Measurements

For semantic segmentation, we assign each pixel in the image a label. Labeling each pixel
of the image can be seen as a classification problem for each pixel. When we compare
the prediction to the ground truth, for each pixel we have four possible outcomes, the
pixel is either a True Positive (TP)), a True Negative (TN)), a False Positive (EP]), or a
False Negative (FN)). Figure[2.22] summarize these different results in what is called the
confusion matrix.

Ground truth
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+ (TP) (EP)
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Figure 2.22: Confusion Matrix.

For pixel-wise segmentation, we want to measure the performance of our prediction by
comparing the overlap between the prediction and the ground truth. Two metrics based
on the measure of the overlap are often used Intersection over Union (IoU) (also known
as the Jaccard Index (JI))), and the Dice similarity coeficient (DSC]) (often referred to as
Dice).
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Figure[2.23] shows how these metrics can be interpreted as a measure of the overlap
between the prediction and the ground truth.
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Figure 2.23: Visualization of IoU and Dice coefficient to measure overlap.

Both the Dice coefficient and the Jaccard index have become some of the most
commonly used metrics for the evaluation of segmentation tasks in medical imaging [82].
We could have chosen either of them but decided to stay with the Dice coefficient as it
was the performance measurement we encountered the most in the literature.
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Chapter 3

Proposed approach

Deep learning models have shown great performance applied to the medical field. For
example, the U-Net architecture outperforms other segmentation techniques for a wide
variety of segmentation tasks in medical imaging [19]. However, they require a sufficiently
large and diverse annotated dataset. With images, this is often unavailable for
various reasons:

o Manually annotating CBCT images requires a high level of expertise and is very
time-consuming for the radiologist.

o The European legislation [63] surrounding the preservation and protection of privacy
for medical information makes it harder to gather the data necessary [64].

» Models trained with CT data do not generalize well to CBCT images [83]. Therefore,
we have to find CBCT images manually segmented but they are not annotated
during the typical radiotherapy workflow.

Privacy
surrounding
medical data

Lack of
annotated
CBCT
images

CT models
do not
generalize
well to CBCT
images

Manual
segmentation
is very time-
consuming

Figure 3.1: Reasons for the lack of annotated medical data with a focus on CBCT images.
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In this section, we want to address this problem and we propose to reduce the amount
of data needed for training by specifically labeling the data that provides the most
information. We propose an active learning model, following the query-by-committee
approach. Our model uses the disagreement between a 3D fully convolutional U-Net and
a diffeomorphic Morphon algorithm to make an informed decision on the best data to
add to the training dataset. Liu et al. [84] have shown that anatomical information can
be incorporated as an enhancement in many steps of DL model deployment. We have
integrated this idea into our model by using atlas-based segmentation (with the Morphons
algorithm) to obtain a second opinion containing anatomical information.

Recently, ensemble techniques have been very successful in active learning [81]. How-
ever, these techniques often rely on comparing the opinion of several models following
the same architecture trained with different hyperparameters and initialization. On the
contrary, our approach is based on the idea that active learning would benefit most
from comparing the opinion of models with completely different architecture. Comparing
the opinion of a deep learning model to an algorithm based on atlas segmentation is a
good way to obtain two completely different opinions based on two completely different
architectures and make the most informed decision.

For our work, we used CT and CBCT images of the pelvis in prostate cancer. The CT
scans are taken and annotated during the planning of the radiotherapy treatment session.
However, between planning and the day of treatment, large deformations may occur and
lead to a higher dose being delivered to the surrounding healthy organs [3]. To monitor
deformations, CBCT scans are taken on the day of treatment. The segmentation task is
to contour the bladder and the rectum on the CBCT images. The 117 data were divided
into 3 folds, 2 folds for training and 1 fold for testing.

Our active learning approach is an iterative process. We start with a small training
dataset of 5 data and, at each iteration, we select from a pool of unlabeled data 5
instances that are annotated and added to the training dataset. The Morphons algorithm
performs image registration on the CBCT image using the CT image of the same patient.
Therefore, its prediction is independent of the number of training data available and
can be computed once at the beginning of the program. On the contrary, the U-Net
algorithm is trained using annotated CBCT images. It can achieve higher accuracy than
the Morphons algorithm but is dependent on the number of images it can use for training.
It must be trained again each time the training dataset is increased.

Figure represents the global structure of the program that can be described in a few
steps :

1. The predictions of the Morphons algorithm are computed at the start of the program.
2. The U-Net model is trained with the training dataset.

3. The predictions of the U-Net model are computed.

4. We select the data based on the disagreement between both predictions.

5. The data selected are added to the training set and the loop goes back to step 2.
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Figure 3.2: Global structure of the program.

Our model uses the Dice score between the two predictions as a measure of disagreement.
A low dice score means that the two models disagree a lot and the instance will be more
likely to be queried. Our model selects the 5 data with the lowest average dice score,
averaging between the Dice obtained for the bladder and the Dice obtained for the rectum.
Figure shows the 5 data selected on the iteration going from 60 to 65 training data
according to the dice value between the U-Net prediction and the Morphons prediction.
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Figure 3.3: Visualization of the data selection.
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Chapter 4

Experimentation

This chapter is divided into 3 parts. We begin by discussing the experimental methodology
we followed. We explain the dataset, show a summary of the dataset at our disposal, and
give a visualization of the data. We also explain the implementation of the algorithms, the
preprocessing, and the hyperparameters tuning. Next, we present our results that tested
our approach against random selection for bladder and rectum segmentation. Finally, we
conclude with a discussion of our results and the limitations of the approach.

26



4.1 Experimental methodology

Dataset

The data used for this work came from CHU-Charleroi Hopital André Vésale and CHU-
UCL-Namur and were delineated by a trained expert for the study in Léger et al. [5] EI
The initial dataset was a combination of CT and CBCT scans of the pelvis, but not all
organs were manually annotated on each scan. Table[4.1] shows a summary of the data

we had at our disposal.

hospital & scans | bladder | rectum | prostate
Charleroi CT 88 80 75
Charleroi CBCT 73 85 22
Namur CT 138 139 138
Namur CBCT 86 86 41

Table 4.1: Summary of the data at our disposal.

Our goal is to perform a segmentation of the organs at risk (the bladder and the
rectum) to ensure their radiation exposure remains within safe limits. We, therefore,
selected patients on whom we had both a CT and a CBCT scan, and their annotated
version containing the bladder and the rectum. This left us with 43 patients from Charleroi
and 74 from Namur, for a total of 117 patients.

Data visualization

Figure gives a visualization of the CT and CBCT scans that we work on with 3
different views: axial, coronal, and sagittal.

Figured.2a] and Figure[4.2b| give a 3D visualization of the annotated version of both

Scalns.

Preprocessing

For Morphons registration, we didn’t crop the data but for U-Net segmentation, all
the images and masks were cropped to volumes of 128 x 256 x 128 to reduce memory
consumption. We used standardization, rescaling the image intensities so that they are
centered around 0 with unit variance, because neural networks trained with standardized
data yield better results, especially when the number of data available is small [85]. Our
U-Net architecture uses data augmentation because it improves diversity and decreases
the risk of overfitting [86]. The training set is augmented using rotation (-5° to +5° along
each of the three axes), shift (-5 to +5 pixels along each axes) and shear [5].

ISpecial thanks to Jean Léger and Eliott Brion for the opportunity to work on real data.
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(b) CBCT axial view

(e) CT sagittal view (f) CBCT sagittal view

Figure 4.1: Visualization of CT and CBCT scans in axial, coronal and sagittal views.
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Figure 4.2: Visualization of the bladder and rectum on annotated CT and CBCT scans.
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Implementation of the algorithms

For the U-Net implementation, we used a 3D U-Net fully convolutional neural network
based on the python implementation developed by Brion et al. for the study in [87]
and [B]. The implementation was made publicly available at https://github.com/
eliottbrion/pelvis_segmentation. We chose to use the U-Net algorithm because of
its high performance on segmentation tasks [19].

For the Morphons implementation, we used a diffeomorphic version of the Morphons
algorithm implemented in OpenReggui (https://openreggui.org/)) [41]. We chose the
diffeomorphic Morphons algorithm for registration because it is suited for registering
planning and daily images and it enforces deformations that are physically possible [41].

Hyperparameters tuning

Our U-Net implementation uses the Adaptive moment estimation (Adaml) optimization
algorithm, an optimization algorithm for gradient descent [88]. The learning rate controls
how quickly the model is changing [89], we used 10~* because a higher learning rate
can make the network unstable [90] but a smaller learning rate increases too much the
computational time. We used 100 epochs because it was enough for our model to converge
in all the configurations used. We had to increase the depth of our model from 6 to 8
layers for the two organs to converge. Finally, we reduced the batch size from 2 to 1 to
meet memory constraints.

For the loss of our model, we compared different possibilities (for example the categorical
cross-entropy) and stayed with a Dice loss (an average of the dice obtained on the rectum
and the bladder) because it obtained the best results. Table gives a summary of the
hyperparameters used.

Hyperparameter | Value
loss Dice loss
optimizer Adam
learning rate 1074
epochs 100
layers 8
batch size 1

Table 4.2: Hyperparameters of the U-Net algorithm.
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4.2 Results

We tested our approach against random selection for bladder and rectum segmentation.
Performance is measured by computing the Dice score between the prediction and the
ground truth. Figure shows the performance measurements for bladder segmentation
(on the left) and rectum segmentation (on the right) as a function of the number of
training data available.ﬂ

Bladder Rectum
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Figure 4.3: Performance of our active learning approach compared to random selection.

Figure shows the loss of our model compared to random selection. The loss of our
model is a dice loss calculated as an average between the dice values of the two organs. It
may be more informative to look directly at the dice loss as it represents the performance
of the model for the whole segmentation.
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Figure 4.4: Dice loss for our active learning approach compared to random selection.

2All computations were performed on a server at UCLouvain.
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4.3 Discussion

Figure[4.5] shows that, for rectum segmentation, our active learning approach clearly
outperforms random selection when the model is trained with less than half of the available
dataset. For bladder segmentation, the results are less clear, our active learning approach
tends to perform better on small training datasets but the results are noisy. The results
also show that, on our dataset, rectum segmentation was more challenging for the model
than bladder segmentation and we obtain lower dice values for rectum segmentation
across the board. By looking at each organ separately, we can ensure that our approach
performed well on each organ and did not focus on one specific organ at the expense of
the other’s performance.

Instead of looking at each organ separately, Figure[4.6] shows the performance of
our approach for the whole segmentation. This is often more informative because the
U-Net model we used optimizes the dice score for the entire segmentation. Figure[4.6]
shows convincing results, it proves that data selection with our active learning approach
allows the U-Net model to reach higher performance than random data selection. This
demonstrates that we can compare the predictions of atlas-based segmentation to the
predictions of a deep learning model and use this comparison to intelligently query the
oracle to reduce the amount of data necessary for training.

Our approach is especially effective at the early stage of the process. With a training
set larger than 40, which is half of the available dataset, the two methods are relatively
equal. This is to be expected because the advantage of selecting the data is very significant
at the beginning but becomes less significant as the number of training data increases.
For example, at the end of the selection, the two approaches have selected all the data
available and end up with the same training set.

Limitations of the approach

We compared our approach to random selection, which shows that our method works,
but we didn’t compare it to other active learning strategies. It might be interesting to
implement a state-of-the-art ensemble technique using different models with the same
architecture to see if using models with completely different architectures was beneficial.

Our approach makes its decision by comparing the prediction of two models. It could
be interesting to integrate into the approach more models following different architectures.
For example, we could also use the opinion of a model based on active contour. At
the moment, our approach gives the same importance to each opinion. If we integrate
more models, it could be interesting to give a weight to each opinion, representing their
importance, and find an optimal combination.

Our approach assesses the informativeness of an instance under the assumption that
the more the two models disagree on an instance, the more informative it would be for the
model to add that instance. Like other information-based active learning strategies, when
many instances are selected at once it can lead to a decrease in the representativeness of
the training dataset. To deal with this problem, some strategies also integrate a measure
of representativeness such as a diversity-based approach.
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Chapter 5

Future work

5.1 Second opinion for a safer deployment

In the last chapter, we described an active learning approach that reduces the amount of
data needed to train a deep learning model. In this chapter, we explore the idea of relying
on a second opinion when the amount of data is low to maintain good performance. This
would allow for a safer deployment of the deep learning model because it can use the
second opinion when the training set is too small.

5.1.1 Description of the approach

We propose an intelligent system deciding between both models depending on the number
of labeled data available for training. If the number of annotated data is sufficient, our
system uses the prediction of a U-Net model for its high performance on most segmentation
tasks [19]. When the number of annotated data available for training is too small, it
uses atlas-based segmentation because this technique relies on image registration and,
therefore, doesn’t require training [36]. Figure illustrates the two scenarios.

Number of

annotated data o
Yes < Threshold No

Atlas-based
Segmentations e

@ Segmentations

Figure 5.1: The two scenarios of our mixed approach.

Our mixed approach uses a diffeomorphic Morphons algorithm for atlas-based segmen-
tation because it enforces deformations that are physically possible [41], its implementation
is available at https://openreggui.org/. For the U-Net segmentation, it uses a fully
convolutional 3D U-Net developped by Brion et al. for the study in [87] publicly available
at https://github.com/eliottbrion/pelvis_segmentation.
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5.1.2 Results

We tested our mixed approach for bladder and rectum segmentation and compared it
to U-Net segmentation and Morphons registration. Figure shows the performance
measurements for bladder segmentation (on the left) and rectum segmentation (on the
right) as a function of the number of training data available. Both performances are
evaluated by computing the Dice score between the prediction and the ground-truth.
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Figure 5.2: Performance of our mixed approach compared to U-Net segmentation and
Morphons registration for bladder segmentation (left) and rectum segmentation (right).

Figure shows the performance on the whole segmentation by averaging the dice
value we obtained on the two organs. This can be more telling as our algorithms are
optimized to obtain the best performance on the whole segmentation.
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Figure 5.3: Performance Measurements of our mixed approach compared to U-Net
segmentation and Morphons registration for the whole segmentation.
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5.1.3 Discussion

Figures and show that the Morphons algorithm outperforms the U-Net imple-
mentation when the training set is small. On the contrary, the U-Net implementation
outperforms the Morphons algorithm when the size of the training set increases. These
results are consistent with those obtained in Léger et al. [5] that compared a U-Net
implementation to a Morphons algorithm and showed that with a lack of data for its
training, the U-Net model underperforms the Morphons algorithm. Our mixed approach
manages to outperform both techniques because it takes the best of both models. When
the training dataset is too limited, it relies on atlas-based segmentation and when the
training dataset is large enough it switches to U-Net segmentation to reach the best
performance possible.

The mixed approach we propose still needs more work for a real-world implementation.
The method switches from one segmentation technique to the other if the number of
annotated data is bigger than a certain threshold (Figure[.1]). But we didn’t discuss a
way to define this threshold. For our computation, we used 40 training data because it
was the crossing point between U-Net and Morphons. In a real-world implementation, we
wouldn’t know this in advance and we would need a way to decide when to switch from
one to the other.

Even though the method would need more work, it shows the relevance of relying on
atlas-based segmentation when large and diverse datasets are unavailable. This perspective
can also be interesting during the deployment of a deep learning model when all the
necessary data are not yet gathered. Atlas-based segmentation can, then, be used as a
robust second opinion to obtain safer predictions.
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Chapter 6

Conclusion

This master thesis proposed an active learning approach to reduce the amount of labeled
data needed to train a deep learning model. It is particularly useful in medical image
segmentation, as the best performances are achieved by deep neural networks but these
networks require large and diverse datasets. This is often hard to gather due to the privacy
regulations and the time and high level of expertise required to annotate the data. The
proposed approach follows a query-by-committee strategy that compares the prediction of
a U-Net model to the prediction of a Morphons algorithm. Their disagreement is then
used to specifically label the most informative images to add to the training set. We
tested our approach against random selection for bladder and rectum segmentation.

The results showed that the U-Net model trained on data selected with our approach
outperformed the U-Net model trained with data randomly selected. The advantage
of choosing the data was most significant at the start of the process but became less
meaningful when the number of training data increased. Nonetheless, it demonstrated
that we can compare the predictions of atlas-based segmentation to the predictions of a
deep learning model and use this comparison to intelligently query the oracle to reduce
the amount of data necessary for training.

This master thesis also proposed an intelligent system, using a U-Net model when
the amount of training data is sufficient and relying on a Morphons algorithm otherwise.
The results proved the relevance of relying on atlas-based segmentation when large and
diverse datasets are unavailable and showed that atlas-based segmentation can be used as
a robust second opinion during the deployment of a deep learning model.
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