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Abstract

Segmentation is the process of dividing images into multiple meaningful parts and regions
with similar attributes. Image segmentation is heavily utilized in medical imaging and
allows doctors to gain additional diagnostic insight. Semi-automatic segmentation tools

are available today, but still, require a lot of user input and is highly time-consuming.

In recent years there has been a rapid advance in machine learning techniques for computer
vision applications, which have also proven to be useful for medical image segmentation.
Using a 3D implementation of the fully convolutional neural network U-Net model we
have implemented a fully automated process for semantic segmentation of the bones, the
anterior cruciate ligament (ACL) and posterior cruciate ligament (PCL) of the knee joint.

We find that the model is able to segment all three components accurately.

A platform for creating and testing different model pipelines has also been developed,
including a graphical user interface (GUI) to visually compare the predicted segmentation
masks to their ground truth counterparts. The platform is lightweight and flexible, and

can easily be adapted to other segmentation tasks in the future.



Sammendrag

Segmentering er prosessen i a dele bilder inn i flere meningsfulle deler og regioner med
lignende egenskaper. Bildesegmentering er sterkt utnyttet i medisinsk bildebehandling,
og gjor det mulig for leger & fa ekstra diagnostisk innsikt. Semiautomatiske segmente-
ringsverktgy er tilgjengelig i dag, men krever fortsatt mye manuelt arbeid og er sveert

tidkrevende.

I de siste arene er det blitt gjort store fremskritt i maskinleeringsteknikker for bildedata,
som ogsa har vist seg a veere nyttig for medisinsk bildesegmentering. Ved hjelp av en 3D-
implementering av det fully convolutionalnevrale nettverket U-Net har vi implementert
en helautomatisk prosess for semantisk segmentering av bein, fremre korsbandet (ACL)
og bakre korsbandet (PCL). Vi finner at modellen er i stand til & ngyaktig segmentere

alle tre komponentene.

En plattform for a lage og teste forskjellige modellkonfigurasjoner er ogsa utviklet, inklu-
dert et grafisk brukergrensesnitt (GUI) for visuelt & sammenligne de predikerte segmen-
teringsmasker mot de reelle (ground truth) segmenteringsmaskene. Plattformen er lett og

fleksibel, og kan lett tilpasses til andre segmenteringsoppgaver i fremtiden.
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Chapter 1: Introduction

This chapter presents an introduction to this master thesis. Section 1.1 introduces the
MRI segmentation problem and discusses the importance of it, as well as the motivation
behind, solving the problem. In section 1.2, the scope of the thesis and the problem will
be further explored. Section 1.3 will give a description of the goals of the research and

research questions for this master thesis.

1.1 Background and motivation

Computer vision is a field that has greatly expanded with the recent development of
machine learning techniques [61]. Computer vision is useful for a wide range of tasks
involving finding information in images and allows for a better understanding of images.
A significant portion of diagnosing in the medical field is done using medical imaging and
requires a lot of manual labour. Because of this, the use of computer vision algorithms
for medical imaging seems beneficial and can be a helpful tool to automate parts of the

diagnostic processes.

Radiology is a medical speciality where radiological imaging is used to diagnose and
treat diseases. One common technique in radiology is MRI. MRI is a medical imaging
technique used in medical applications to take images of the underlying physiological
processes of a patients body and anatomy. MRI images are primarily used to diagnose
the patients by having a radiologist analyze them. MRI segmentation is useful for many
medical applications. At the moment, most radiologists manually segment the different

anatomical structures in the MRI images. Manual segmentation is a tedious task which
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involves the radiologists segmenting it by hand, which can be both physically and mentally

straining, consuming a lot of time which could otherwise be better allocated.

Norges teknisk-naturvitenskapelige universitet (NTNU), Sunnmgre MR-klinikk and Ale-
sund Sjukehus are planning a more extensive collaboration project for Computer-Aided
Diagnostics. The proposed project has the end goal of establishing automatic 3D seg-
mented models with diagnostic information of human joints, and the ability to interact
with these models using virtual reality (VR)/augmented reality (AR), cinematic rendering
visualization and physical and virtual surgical tools. This master thesis focuses mainly on
the MRI segmentation part of the project, as it is one of the critical components that must
be established before the other desired features can be implemented. The segmentation

part of the project will primarily be a collaborative effort with Sunnmgre MR-klinikk.

1.2 Problem and scope

Image segmentation of MRI images is a complex problem with a lot of variables. The MRI
images are layered, making it hard to find the regions of interest. Individual MRI images
also contain a lot of noise from tissue-related, motion-related and technique-related arte-
facts. The images are monochrome, which means there is less information in the images,
having only one colour channel per pixel, compared to coloured images, which usually
have three channels of colour information. The resolution of the images is also something
to consider. Further there also exist different types of MRI images and weightings for MRI
images. For example, some images are better for resolving the fluids in the body. Another
problem is how the images are represented on the sagittal, coronal and axial planes. The
planes consist of several slices that give 3D volume made up of voxels. Working with 3D
volumes is a more complex problem than segmenting on single 2D images, and it will be

challenging to find the correct approach to these issues.

Page 19 Chapter 1



NTNU Alesund Master thesis

Magnetic resonance imaging

Research
area

Image segmentation

Figure 1.1: Scope of the thesis

The scope of this thesis will further be defined to be segmentation of anatomical structures
of interest in MRI images using machine learning (ML) techniques. The segmented images
will mainly be used for 3D reconstruction of the segmented anatomical features to be
displayed in a virtual environment. It is desired that the 3D reconstruction can be used as
an aiding tool for diagnosing patients. Thus it is crucial to segment the desired anatomical
features with sufficient accuracy. For this thesis, the main focus was to establish methods

and tools for segmentation of the knee joint.

The knee is a complex joint which consists of multiple components. It could be a hard
challenge to make the automated segmentation system distinguish these components, as
some of them are very similar, others hard to detect, and there are also proximity issues
to take into consideration. Another problem is how the different components vary in size
as ML techniques often develop biases when training on imbalanced data. And as every
knee is different, the components also will vary in location, size, rotation and also may

include various anatomical anomalies.
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Figure 1.2: Example MRI image of knee joint.

1.3 Research goals and questions

The main goal for this thesis is to develop methods and tools for automatically segmenting
anatomical features of interest in MRI images using ML algorithms, and make it useful
for real-world applications. Since it is important that the system is accurate, it will be
evaluated using segmentation accuracy metrics, and also by inspection. The system should
also be used for generating 3D models for a 3D simulated environment. Furthermore, three

following research questions will be proposed for this thesis:
Research question 1: Does the proposed tools and methods yield accurate segmentation?

The accuracy of the segmentation is typically determined by evaluation metrics such as
pixel accuracy and overlap measures. To compare the segmentation methods, usually, a
"ground truth" or a gold standard segmentation mask is needed for comparison. However,
as the manual segmentation of the ground truth mask is done by a human expert, it is
prone to errors, and the expert’s interpretation of the images are highly subjective [18].
When considering this, it is essential that the final segmentation masks are also evaluated

by inspection as we can’t rely on the numerical evaluation metrics alone.
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Research question 2: Is the proposed tools and methods adaptable and will it be appli-

cable for different segmentation tasks for MRI images?

Because the collaboration project will likely expand to include multiple different anatom-
ical structures of the body, the proposed tools and methods should preferably not only be
able to solve one specific segmentation task but be usable for a wide range of segmentation
problems regarding MRI. When given a new segmentation task, the proposed methods
and tools should be adaptable. A further segmentation should preferably be solved by

only changing the parameters, or apply minor changes to the methods and tools.

Research question 3: Is the tools and methods ready for real-world applications?

As the segmentation masks are going to be used to create 3D models for a simulator, it
would be desirable that the proposed tools and methods are ready to be used for real-world
applications. Since the tools and methods may be used by doctors and radiologists, the
tools and methods should preferably be usable and adaptable without having to change
much of the code. Best case scenario the tools and methods should be compiled into

executable programs ready to be used for the intended application.

1.4 Thesis structure

The thesis is divided into seven chapters. Chapter 1 addresses the motivation behind the
thesis, explain the scope and problem of the thesis and describes the research questions for
the thesis. Chapter 2 explains the necessary background theory for the thesis. Chapter 3
presents literature and research for the thesis. Chapter 4 presents and discusses the meth-
ods used to obtain the results of the thesis. Chapter 5 explains the different experiments
conducted using the methods. Chapter 6 presents the results of the experiments and the
general results of the thesis. Chapter 7 discusses the results of the thesis. Chapter 8

concludes the thesis and proposes future work.
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Chapter 2: Background theory

This chapter presents the background theory on knee anatomy, MRI, ML and segmen-
tation. The chapter will briefly go over theory of knee anatomy and MRI, but will also
go deeper into the theory regarding segmentation and machine learning. Section 2.1 will
briefly explain the anatomy of the knee joint. Section 2.2 will explore different MRI
techniques and further discuss different types of MRI images and different file formats.
Section 2.4 will go through different computer vision methods focusing on segmentation
and further explain how semantic segmentation works. Section 2.5 will explain artificial
neural network (ANN)s and different ML paradigms regarding them. In section 2.6 the
convolution operation will be discussed, and in section 2.7 convolutional neural networks
will be further discussed. Section 2.8 will explain auto encoders. Section 2.9 will go
through different methods to numerically evaluate semantic segmentation. In section 2.12
parameter searches for machine learning methods will be explained. And finally in section

2.14 the marching cubes algorithm will be briefly explained.

2.1 Anatomy of the knee

The knee is one of the most complex joints in the human body. The knee consists of
two joints functioning as a hinge joint. The knee also consists of several bones including
the thigh bone, shin bone, calf bone and the knee cap, which are also referred to by
their Latin names femur, tibia, fibula, and patella. The cartilage between the femur and
tibia, also known as the medial and lateral menisci, provides shock absorption. The knee
also consists of ligaments providing stability for the knee. The ACL prevents the femur

from sliding back towards the tibia. Moreover, the PCL prevents the femur from sliding
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towards the tibia. patellar tendon ligament (PTL) holds the patella in place. The medial
colleteral ligament (MCL) and lateral colleteral ligament (LCL) prevent sideways motion

of the femur. Movement of the knee joint is controlled by the muscles surrounding it. [30]
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Figure 2.1: Anatomy of the knee [59]

A Anteriorview.
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2.2 Magnetic resonance imaging

Radiology is, as mentioned earlier, a medical field using different techniques of imaging
to reveal and treat various conditions in animals and humans [86]. Among these types of

imaging techniques we have computer tomography (CT), ultrasound, positron emission

tomography (PET) and MRI. This thesis will focus on MRI.

An MRI scanner uses magnetic fields, magnetic field gradients, and radio waves to produce
detailed images of organs inside the bodies of humans or animals [73]. Most of the human
body is made up of water molecules, which consist of hydrogen and oxygen atoms. At
the centre of each hydrogen atom is a particle called proton (some of them have added
neutrons, but these nuclei are not detected in MRI) [78]. The magnets in the scanner
have two different tasks; the first one is to make the spin of the protons align in the same
direction. Another magnet is turned on and off in quick pulses making the hydrogen
atoms change their alignment when the magnet is on. Then when it switched off, they
gradually revert to the equilibrium configuration as previously. In this relaxation process,
the protons in the cells emit radio waves that are picked up by receivers |78]. The contrast
between the different tissues is determined by the rate at which excited nuclei return to

the relaxed state |73].

Nuclei can have an intrinsic spin-dependent on its internal configuration. If non-zero, this
spin makes each nucleus behave like a magnet. The spin states have different energies
depending on the alignment with the magnetic field and its local field strength. Parallel
alignments have lower energy levels, while antiparallel alignments have slightly higher
energy levels. Because the distribution of the spin alignments at thermal equilibrium fol-
lows a Boltzmann distribution, the relaxation from roughly equally distributed alignments
produces a clear radio signal that can be detected. This relaxation follows an exponential

function with a relaxation constant as a factor in the exponent. [63, 32].
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2.2.1 MRI techniques

There are several different MRI techniques. Some of them are listed as follows:

e nuclear magnetic resonance (NMR). This technique is used for structural analysis

of molecules in physics and chemistry. [13][99]

e MRI. This technique used in medicine to take detailed pictures inside the body. The
pictures are sectioned images of the part of the body the doctors want to examine.

MRI is the medical application of NMR. [13]{99]

e magnetic resonance spectroscopy (MRS). This technique is often used to measure

different substances in human tissue. [13][99]

e functional magnetic resonance imaging (fMRI). This technique is used to measure

functions and changes in the blood flow in the brain. [31] [13]{99]

2.3 MRI images

The images the MRI scanner produces show tissue inside the body with great detail. The
images are captured in the axial, coronal, and sagittal plane. Image data is stored as
images through layers. The individual pixels in the layers are called voxels. The voxels
have width, height, and depth dimensions, unlike pixels which only have the width and
height dimensions. MRI images are usually referred to as volumes as they are built up of

voxels.
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Figure 2.2: Human anatomy planes. The red plane is the sagittal plane, yellow the

parasagittal plane, blue the coronal plane and green the axial plane. [44]

2.3.1 MRI image types

There are several MRI image types, and they differ in the way they are weighted. The
weighting affects which tissues are visible and how the tissues appear in the image. The
different weightings are useful depending on which tissues need examination. This thesis

will focus on T1, PD and FS images as these were the types of images provided.

Page 27 Chapter 2



NTNU Alesund Master thesis

T1 weighted images

A T1 weighted image is a type of MRI image which presents the differences in the T1
relaxation times of the anatomical tissues. Fat appears bright in the T1 weighted images,

and water appears darker. [108, 76|

Figure 2.3: T1 weighted image example

PD weighted images

PD images are the result of a minimization of the T1 and T2 weighted (T2) contrasts.
Fat tissue gives strong signals and appears bright on the PD images. Fluids emit medium

signals and appear as intermediate brightness. [11]

Figure 2.4: PD weighted image example
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Fat suppressed images

FS is a commonly used method for MRI images. The method suppresses the signal from
adipose tissue. However, the method is also used in some cases to detect adipose tissue.
Because of the suppression, the fat tissue appears darker, and in contrast, the fluids will

appear brighter in theF'S images. [25]

Figure 2.5: FS image example

2.3.2 Image formats

MRI data come in several formats. The main formats are Analyze, Minc, Dicom, and
Nifti [64]. Since the data provided for this thesis was mostly formatted in the Nifti format,

this format will be the main focus.

The Nifti format is rapidly becoming the default format for software used for medical
imaging. The Nifti format can be seen as an improvement and update of the Analyze
format as the Nifti format support for additional header information. Notably, the header
of the Nifti format contains additional information for rotation and image orientation. The

Nifti files are usually saved as a single file with the extension ".nii", but the format also

allows for both storing the header data and the pixel/voxel data separately. [64]
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2.4 Segmentation

Segmentation is a big field in digital image processing and is especially important for med-
ical imaging. The process of image segmentation divides images into multiple meaningful
parts and regions with similar attributes like texture, colour, and intensity [55, 7, 48|.
The overall goal of segmentation is to simplify the images to make them easier to analyze.
Image segmentation can be done using simple thresholding methods or state of the art
ML techniques [115, 47]. Image segmentation can be used for various applications, e.g.,

medical, facial recognition, and autonomous driving 88, 37, 56].

Because there are no general segmentation procedures, the choice of segmentation tech-
niques may be subjective [94]. The technique implementation and usefulness will always
vary depending on the types of data one possess. Conventional techniques for image seg-
mentation include the thresholding method, edge detection based techniques, region-based
techniques, clustering-based techniques, and artificial neural network-based techniques,

and more [55].

It is important to distinguish types of computer vision techniques and image segmentation
terminology from one another as it helps understanding which methods to pursue given

a computer vision problem. Explanation of the different methods are as follows:

e Object recognition: The goal of object recognition is to detect and localize all
objects within a specified limited set of classes in an image. For visualization, the
objects are usually highlighted at their location with a bounding box surrounding

them and a label to indicate which class of object it is. [81]

e Object detection: The goal of object detection is similar to the goal of object
recognition. The difference is that the object detection technique finds instances
of objects in images compared to objects of different classes. For visualization, the
objects detected are typically highlighted with a bounding box around them. [81,
80]
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¢ Image segmentation: The goal of image segmentation is to take an image and
split it into multiple segments consisting of pixels (superpixels). Image segmentation

is usually used to find objects or boundaries within an image. [115, 47]

e Semantic segmentation: Semantic segmentation is similar to image segmenta-
tion. The objective semantic segmentation is to assign each pixel of the image a
segment class, unlike image segmentation, where the objective is to segment unla-

beled regions of interest in the image. [106, 69]

e Instance segmentation: The objective of instance segmentation is similar to
semantic segmentation. The difference is that the goal of instance, segmentation is

to outlay individual instances of one or several semantic classes in an image. [24,

112]

2.4.1 MRI segmentation methods

For the segmentation of MRI images, there is no common segmentation method that can
be used for all types of MRI images. Many different segmentation methods are useful,
depending on the segmentation problem. The different methods are usually categorized

as model-based, image-based, or hybrid methods.

The model based methods are methods where landmark positions are determined by
minimizing an energy function. When the energy function is minimized the landmarks
will form a contour around the segmentation target, and can for example be used to
generate a dense segmentation mask by filling the contour. Some examples of model-
based methods are statistical shape model (SSM) [40], active appearance model (AAM)
[21], active shape model (ASM) [36], and probabilistic atlas models (PAM) [95].

The image-based segmentation methods are methods where each voxel in the volume is la-
belled, and this is often referred to as dense segmentation. Some examples of image-based
segmentation methods include level set [84, 65|, graph cut [1, 97|, and fully convolutional
network (FCN) [69]. The hybrid segmentation methods are often combinations of image-
based methods and model-based methods. An example of a hybrid model is the shape
aware FCN [72].
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2.4.2 Dense semantic segmentation

Because this thesis will focus on dense semantic segmentation methods, it is important
to know how the underlying mechanics of these methods work. As mentioned earlier,
dense segmentation methods are methods where each voxel in a volume is labelled. For
the problem of this thesis, the goal is to take a MRI volume of dimensions (width x
height x depth) and output a segmentation mask where each voxel contains a class label
represented as an integer (width x height x depth x 1). The semantic classes include bone,
PCL, ACL and background. The background class is useful for semantic segmentation

problems where parts of the image will be unlabeled.

0: Background
1: Bone
2: PCL
3: ACL

OO0OO0OO0OO0O0O0 > 22200000000 O0
OO0OO0OO0OO0O0O0 > 22200000000 O0
OO0OO0OO0OO0O0O0 > 22200000000 O0
OO0OO0OO0OO0O0O0 > 22200000000 O0
OO0OO0OO0OO0O0O0 = 2222000000 0O
OO0OO0OO0O0O0 =2 222000000 0O
OO0OO0OO0O0O0 =2 22 20000000
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Figure 2.6: Low resolution prediction mask visualizing the segmentation mask for a slice
in a MRI volume. For real world application the segmentation mask should match the

input resolution.

Furthermore, for a dense segmentation method for a multi-class problem the prediction
and target (ground truth) is typically represented by a one-hot encoding of segmentation
map where we create an output channel for each segment class including the background
class [101]. The final shape of the segmentation map is (width x height x depth x N') where
N is the number of segment classes. The prediction is usually the product of an inference
model, e.g., a machine learning model where each class channel represents the probability
or confidence of that channel being the right class. This prediction segmentation map is

often referred to as a confidence map, as each encoding is holding the confidence for a
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specific segment class. Finally, the segmentation map can be collapsed into a segmentation
mask by using the argmax function of each depth-wise voxel vector. Argmax is a function
returning the index of the highest value in a vector or matrix. By using argmax, we assign

the voxel with the segment class having the highest probability /confidence.

argmax([0.3, 0.95, 0.01, 0.02])

Figure 2.7: Example of how the argmax function decide the segmentation masks voxel

value for a single voxel.

Another way of performing dense multi-class semantic segmentation is by setting the
number for output channels to the number of classes excluding the background class.
Then each class of the one-hot encoding is represented as a binary classification, and
the segmentation masks classes are decided by thresholds set for each of the channels
(usually set to 0.5). If none of the classes exceeds the threshold, the semantic label is set
to background. If several classes exceed the threshold, the class with the highest value is

set as the semantic label. [104]
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2.5 Artificial neural networks

ANN is a field in artificial intelligence (AI) and ML and is a common term for a variety of
different algorithms of neural networks. ANNs are inspired by neuroscience and how the
neurons in the brain work. The ANN is composed of nodes or units which are connected
by directed links. These nodes mimic the neurons in a brain and are usually called neurons
or artificial neurons. The purpose of the neurons is to propagate values forward to other

neurons when activated.

Output
layer

Input
layer

Hidden
layer

Figure 2.8: Neural network

Stuart et al. [92, p. 728| describes the neural network structure with notation and formula
as follows: The neural network is composed of neurons connected by directed links. A
link from neuron 7 to neuron j is connected to propagate activation a; from 7 to j. Each
neuron has an input a; with an associated weight w; ;. The weights are numeric values
that determine the strength of the connection between neurons. Equation 2.1 presents
how the neurons compute a weighted sum of their inputs. Equation 2.2 presents a function
applied to this weighted sum to derive the output, also known as an activation function

which will be further discussed in section 2.5.3.

inj = Zwi,jai (21)
i=0
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a; = g(inj) =g (Z wi,jai) (2.2)

Typically a bias value b is added for each neuron in network structure. The role of the
bias is to shift the activation function by adding a constant value to the input. The bias

term added to equation 2.1 gives the following equation.
i?’Lj = Z Wy ;a5 + bj (23)
i=0

2.5.1 Loss function

In the previous section, we described how the weights w determine the strength of the
connections between neurons and how it affects the output of the network. To reduce the
output error of the network the weights w of the network have to be adjusted. Commonly
a loss function is used to measure how accurate or inaccurate the output of the network
is compared to the ground truth data. The loss function provides a numerical output of
how well the network performs. By using the loss function, we can determine how much
each weight contributes to the overall error, which will be further discussed in section

2.5.2

A common loss function used for classification problems is the cross-entropy loss function.
The cross-entropy function is given by equation 2.4. Where ¢ is the ground truth encoding,
and s is the prediction score for each training sample ;. F is the error, C' is the number of
classes and W the weight matrix of the neural network. The cross-entropy loss function
measures the similarity between two probability distributions, and the cross-entropy loss

decreases as the predicted probability converges to the ground truth label.

BE(W) = —é > tiog(s:) (2.4)

Another common loss function is the mean squared error (MSE) loss function. The MSE

loss function is rarely used for classification problems but is typically used for regression
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evaluation. However, for a classification problem, the MSE function measures the average
of the squares of the errors between the prediction and ground truth labels for each class.

The MSE loss function is given by the following equation.
1 &
2
BV) = =3 Il 2.5)
i=1

2.5.2 Gradient descent

The objective of training a ANN is to minimize the loss output from the loss function
E(W) by altering the weights of the network. The training is commonly done using an
iterative optimization algorithm called gradient descent. Ruder et al. [89] explain the
gradient descent algorithm eloquently: The basic idea of the gradient descent algorithm
is to minimize an objective function J(6) by updating the parameters # in the opposite
direction of the gradient of the objective function 7y.J(#). Equation 2.6 shows the batch
gradient descent (BGD) also known as vanilla gradient descent, where 7 is a learning rate

which determines how many steps to take towards the minimum.

0=0—nVy(0) (2.6)

A negative aspect of BGD is the need to calculate the gradients for the whole dataset
for every single update of the parameters. Because of this BGD, can be very slow and is
also intractable for some problems where the data is larger than the available memory.
Another consequent disadvantage with BGD is how it is not possible to update the model
on the fly with new data.
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To deal with the issues of BGD, the stochastic gradient descent (SGD) algorithm can be
used, it is given by equation 2.7. SGD updates each parameter for each training example
2 and label 3¢, and deals with the redundancy issue of BGD, as it performs one update
at a time. The SGD algorithm will usually make the training faster and can be used with
new data on the fly. The disadvantage of SGD algorithm is that the constant jumps to
new and potentially better local minimums can complicate the convergence, as SGD can

overshoot and miss the exact minimum.

0 =0—nVeJ(0;z"y") (2.7)

Finally mini-batch gradient descent (MBGD), given by equation 2.8, fuses both BGD
and SGD and updates the parameter for every mini-batch of n training examples. The
resulting advantage is a reduction in the variance of the parameter updates which can

lead to a more stable convergence.

Adaptive learning-rate methods

Adaptive learning-rate methods are optimization algorithms that automatically adapt the
learning rate for the presented problem. Some advantages of adaptive learning rates are
that it can help against exploding gradients, and can speed up the learning process when
the loss function gets stuck on a plateau. Additionally, if the training data is sparse,
it can be beneficial to use an adaptive learning-rate method to get the best possible
results. Another benefit when using an adaptive learning rate is that the learning rate
does not have to be tuned to achieve the best results. Some notable mention of adaptive
learning optimization algorithms are Adaptive Moment Estimation known as Adam [58|,
the Adagrad |27] method and its extension Adadelta [116], and RMSprop proposed by

Geoffrey Hinton in a lecture [41].

Page 37 Chapter 2



NTNU Alesund Master thesis

Back propagation

For ANN with more than two layers, the backpropagation algorithm [90] in conjunction
with the gradient descent algorithm is typically used. The backpropagation algorithm is

an iterative and recursive method for training ANN.

By using the error backpropagation function, the error is propagated backwards through
the network and the error gradient VE(W) is calculated for each layer and determines
the adjustments of the weights and biases in the network. The advantages of the back-
propagation algorithm are how the weights in the hidden layers between the input and the
output of the ANN form itself by recognizing the different patterns in the input data. The
backpropagation algorithm is also quite efficient compared to other algorithms. Because

of these advantages, backpropagation is the preferred algorithm for supervised learning.

The backpropagation algorithm can be given by four equations [79, pp. c. 2|. The first

equation is the equation for the error in the output layer 6* given by equation 2.9, where

ocC

L denotes the number of layers in the network, 7°= measure how fast the cost is changing
J

as a function given the j output activation, and o’ (Z]L ) measure the rate of change of the

activation function o at the weighted input (2}).

—0'(z7) (2.9)

The second equation is the equation for the error, §', given the error in the next layer, §+1,

+1 transposed for

and is given by equation 2.10 below. Here (w!*1)7 is the weight matrix w
the (I + 1) layer, and ®o’(2! is the Hadamard product which moves the error backward

through the activation function in layer [.

51 — ((wl+1)T51+1) 0 O_I(Zl) (2‘10)

The third equation is given by 2.11 is an equation for the rate of change of the cost

concerning bias in the network. The fourth and final equation is given by equation 2.12
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and is for the rate of change of the cost concerning any weight in the network.

oC'
oC !l
_— = . 2.12
awék ak(sj ( )

Given these four equations, we can set up the backpropagation algorithm as follows |79,

pp. ¢. 2|

1. Input z: Set the corresponding activation a! for the input layer.
2. Feedforward: For each, [ = 2,3, ..., L compute z' = w'a!~! + b and o' = o(2!).
3. Output error §: Compute the vector §¢ = V,C ® o/(2!).

4. Backpropagate the error: Foreachl = L—1, L—2,...,2 compute §' = (w5 1o

o'(2h).

oc _ sl

5. Output: The gradient of the cost function is given by % = aﬁ;ldé and 5,7 = 0,
ik i

Vanishing gradient problem

The vanishing gradient problem is a problem that can arise when training ANNs using
gradient-based learning methods and backpropagation. As discussed in the previous sec-
tions when using gradient descent in conjunction with backpropagation each of the ANNs
weights receives an update proportional to the partial derivative of the error function con-
cerning the current weight in each iteration of training, and in some cases, the gradient
can get vanishingly small, hence the name. Consequently, this can become a problem as
it can prevent the weights affected by changing its value, which can result in halting the
learning of the network. The vanishing gradient problem usually occurs in deeper ANNs
as the gradient gets smaller when propagating the gradients backwards to the initial layers

in the network.
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Another similar problem in machine learning is the exploding gradient problem. The
exploding gradients problem occurs when significant error gradients accumulate. When
this happens, the model may become unstable and impair learning. In the worst-case
scenario, the weights become too large and cause a floating-point overflow. When an
explosion occurs, the gradient grows exponentially through the network by repeatedly
multiplying gradients through the layers having values above 1. The exploding gradient
problem is a problem that can sometimes occur in deep networks or recurrent neural
network (RNN)s. In these networks, the error gradients accumulate during an update
and result in considerable gradients. Consequently, this results in significant updates to

the weights of the network and will give an unstable network.

2.5.3 Activation function

Activation functions are functions providing non-linear properties to the neural network,
and their main purpose is to convert an input signal of a neuron to an output signal. By
using non-linear activation functions, we allow the network to learn more complex and
non-linear mappings. An ANN without any non-linear activation functions is simply a

linear regression model.

Sigmoid

Figure 2.9 illustrates the sigmoid functions equation and its output. The sigmoid function
gives an output in the range from 0 to 1, and is therefore often used in the final layer in
ANN for binary classification problems. The output is then determined by a threshold
which is usually set to 0.5. If the sigmoid functions output is above the threshold, it

classifies as true, and if it is below the threshold, it classifies as false.

A problem with the sigmoid function is the way it compresses an ample input space into
the space in the range between 0 and 1. Because of this, even a substantial change in
the input of the function will output a small change, which will consequently make the

gradient small.
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0.6

0.4

Figure 2.9: Sigmoid

Hyperbolic Tangent

The hyperbolic tangent (TanH) activation function is quite similar to the sigmoid function
but gives an output between -1 and 1. The TanH function also suffers the same gradi-
ent problems as the sigmoid function because the TanH function compresses the output

similarly. The TanH functions equation and output can be seen in the following figure.

Figure 2.10: TanH
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Rectified linear unit

Rectified linear unit (ReLU) activation function gives an output of 0 or real positive value.
The ReLU functions output and equation is given in figure 2.11. The advantage of the
ReLU function is that it does not suffer as much from vanishing gradient problems. The
calculations are also computationally cheap, making the neural network more efficient.
The disadvantage of the function is that it removes all negative values making the function

unsuitable for some architectures and problems.

|
-6 —4 -2 0 2 4 6

Figure 2.11: ReLLU

Softmax

The softmax activation function calculates the probability distribution of each target class
over all possible target classes. Further, the softmax function is given by the equation
2.13, where x is the input logits vector. The output range for the softmax function is
between 0 and 1, and the sum of all probabilities is equal to 1. Because of this, it is often
used in the final layer in an ANN purposed for a classification problem. The output is
then chosen by obtaining the index of the vector with the highest probability using the

argmax function.

(2.13)
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2.5.4 Model evaluation

The goal of training an ANN is to make it generalize well for never seen before data.
There are several methods to measure how well the model generalizes. When evaluating
ANNSs trained with supervised learning, it is typical to split the dataset into 3 different
sets; a training set which is used to train the network, a validation set that is used to
verify that the model is generalizing while training, and a test set which is used to confirm
the actual performance of the final network. The dataset is typically split to 60-80% to
training data, and 20-40% for the testing data.

Overfitting

Overfitting is a problem in ML where the model adjusts itself too closely to the training
data [85]. Consequently, this leads to outstanding predictive performance on the training
data and data very similar to it, but usually worse otherwise. The opposite of overfitting is
underfitting and occurs when a model is not able to adjust itself to the training data. An
under-fitted model will usually have poor predictive performance. An overfitted model
is usually the result of a model that have too many parameters than necessary. It is
usually the opposite for an under fitted model as having too few parameters which make
the model too shallow to learn the underlying features of the data. A model can also be
overfitted if the training set is sparse as it is not presented with a varied enough dataset,

which in turn will make the model worse at generalization.

Early stopping

Early stopping is a technique in machine learning to prevent overfitting. The idea is to
stop the training of the network before the weights have fully converged on the training
set. Usually, a held-out validation set is used to measure if the performance is getting

better or worse, and is used to stop the training if the performance stagnates or decreases.
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Cross validation

When dealing with a sparse dataset, it is hard to evaluate how well a model performs.
To address this, one can use cross-validation to make a better estimation of how well the
model generalizes on unseen data. A commonly used cross-validation method is the k-fold
cross-validation method. The original samples are randomly partitioned into k equal-sized
sample groups. A single sample group is used as the test data for testing the model, and
the remaining k£ — 1 sample groups are used as training data. This process is repeated for
all of the k sample groups where all the groups are used at exactly once as test data. The
results are averaged to produce a single estimation. The final estimation of the model

given an evaluation function f(x) is given by the equation 2.14.

K
1
Average Score = 174 Z E(Wy) (2.14)

2.5.5 Inference

For ML inference is the process of using a trained machine learning model to do the task
it was trained for. For example, in this thesis, the task is to segment MRI images. Then
the inference process of the models proposed in this thesis will be to segment new MRI

images that have not been used in the training process.

2.6 Convolution

Convolution is a mathematical operation that is typically used in digital signal processing
(DSP). A more general formula for convolution is given by equation 2.15 where f and g
represents the two signals, and ¢ represent time. What we can see from the equation is
that a third function is given by the integral of the point-wise multiplication of the two
signal functions. This third function is the result of the translation of one of the original

functions. Note that this interpretation of the equation represents the operation in the
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time domain.

(f*g)(t /f )*g(t —T7)dr (2.15)

For image processing, the formula 2.15 can not be used directly. A discrete non-continuous
form of convolution is instead used for digital image processing given by the following

equation.

(f *g)[n Z fln — mg[m] (2.16)

Where the convolutions are done over two finite sets, {—M,—M + 1,.... M — 1, M}.
However, this equation gives us an equation for convolution in one dimension. For images
the equation 2.17 represents the extended formula for convolution in two dimensions. Also,
equation 2.18 shows the extended formula for convolution in three dimensions, which can

be used for volumes.

I J

(f g =Y > flm—in—jlglij] (2.17)

i=—1j=—J

(f * g)[m, n, o] ZZ Zf —i,n — j,0— k|g[i, j, k] (2.18)

i=—1 j=—J k=—K

The extended equation 2.17 for convolution in two dimensions gives a convolution over

two finite matrices given by the following matrix, L.

( )
L A R
Iy gy | el
“I—g+1 lerpi g I,—J+1
Lij = , . ‘ ' (2.19)
= g o g
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For this image, we can see that the convolution operation is done by adding each pixel
of the image to its neighbouring pixels and using the kernel matrix to weight them. The
operation is basically taking the dot product of a subset of the image with an n x n
matrix. The convolution is applied as a sliding window covering the whole image. The

same methods apply for convolution on a volume, but is done by using 3D kernels instead

of 2.

Figure 2.12 show this operation done on a 2D matrix using a 3 x 3 kernel on a single
pixel. Figure 2.13 show this convolution applied to all the pixels by sliding the kernel
as a window across the image. Notice how the number of border pixels is reduced after
the convolution operation. Consequently, this happens because the kernel as a sliding
window cannot do convolution on non-existing pixels. A way to avoid this is by adding
the borders of the image or volume before the convolution operation. By padding the

image before the convolution operation, we can preserve the image dimensions.

11215 2

412(4|2|5 1101

315]1 1] X 10| = 8
11115121

WIN |~ (NP~

N

3|5 4

(1x2)+(0x4)+(1x2)+(O0x5) +(1x1)+(0x4)+(1x1)+(0x5) +(1x2)=8

Figure 2.12: Convolution kernel operating on a single pixel in an image.
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Figure 2.13: Complete kernel operation on all pixels in an image.
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2.7 Convolutional neural networks

Convolutional neural network (CNN) is a type of ANN inspired by the visual cortex of the
brain, and is commonly used for computer vision problems. The CNN was first proposed
by LeCun et al. [113], which were inspired by previous work on the receptive field by
Hubel et al. [43]. Further, the CNN have been adapted and been used in a wide range of
applications |29, 111, 6].

CNN usually also falls under the category of deep neural network (DNN), as the CNN layer
structure is typically very deep. The structure of a CNN is similar to a vanilla feedforward
ANN; however, CNN also uses convolutional layers which perform convolution operations
on its inputs. In classification tasks, the convolutional layers work as filters extracting the
most important features from an image. While for earlier computer vision algorithms the
convolution filters had to be engineered by hand, a CNN can learn the parameters for the
convolutional filters. Another advantage of CNN is the minimal amount of pre-processing
needed for the data. However, this also comes with the cost of being computationally

expensive to train.

CNNs are quite similar to standard ANN as they have an input layer, output layer, and
hidden layers. However, two properties distinguish CNN from standard feedforward ANN.
These properties are weight sharing and local receptive fields and will be further explained

in the following subsections.

2.7.1 Weight sharing

In fully connected layers, every connection is weighted by weight, w, and every neuron
has a bias, b. Convolutional layers, on the other hand, share the weights and biases as
a vector also known as a kernel. These kernels are a filter applied like a sliding window
throughout the entire input field functioning like the convolution operations previously
discussed in section 2.6. The output of the layer is then a filtered representation of the

input, also known as a feature map.
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By using the same filters over the whole input field, it applies the same filter to all parts of
the input field and detects the same type of features indifferent to the location in the input
field. This is an advantage, as the CNN will become invariant to different translations of
the features such as location, and illuminance. Another advantage of weight sharing is
the reduction of memory usage, as sharing weights significantly reduces the parameters
needed to learn the underlying features of the input. This, in turn, makes the CNN less

prone to overfitting and makes the training faster.

2.7.2 Local receptive fields

A problem with fully connected ANNs is how the neurons in a layer connect to every
neurone in the subsequent layer for every new neuron added to the network the number
of connections increases exponentially. As a consequence, the number of parameters will
both hinder training and computational throughput. Because of this, using images as
input, which usually need to have relatively large dimensions to keep its features, makes

it impractical or even impossible to use fully connected layers.

However, for visual problems, it is not necessary to use fully connected layers. By ex-
ploiting that pixels in images are typically highly correlated to the adjacent pixels and
less correlated to more distant pixels in the image, we can save a substantial amount of
computational resources. And is done by connecting the neurons to only a local region of
the previous layer. The input area of the neuron is typically called the receptive field of
the neuron as it works very similar to the receptive fields in the visual cortex. Compared
to a fully connected layer, the convolutional layer uses a receptive field like layout, where
each neuron connects to only some of the neurons in the previous layer, instead of the

entire previous layer.
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In the initial layers, the receptive field of the neurons only encompasses a small area of
the image. In contrast, the neurons in the final layers are the combination of multiple
receptive fields from the previous layers, have, in a way, extracted a more significant
portion of the image. By stacking multiple convolutional layers, the network can learn
increasingly abstract features originating from the input image. While the first layer filters
typically learn basic features and patterns of the image, like edges, the later layers have

more sophisticated filters extracting abstract representations of the image.

7
IE

—=00000

b

Figure 2.14: Neurons of a convolutional layer (blue), connected to their receptive field

(red) [20]

2.7.3 Transposed-convolution

Transposed convolution, sometimes called de-convolution, is an operation typically used
in the decoding layer of convolutional autoencoders, or to project feature maps to a higher
dimensional space [28]. The transposed convolution works by swapping the forward and
backward passes of the convolution operation and making the forward pass generate a
higher resolution feature map. Compared to normal up-sampling where the input is just
upscaled, the transposed convolution will learn how to upsample the input in the best

possible way.
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2.7.4 Pooling

In CNNs the pooling layer works as a form of non-linear down-sampling. The pooling
layer reduces the spatial size of the input representation, which reduces the number of
parameters, which reduces memory usage, and makes the network more computationally
efficient. A common theme in CNNSs is to insert a pooling layer after a couple of successive

convolutional layers to reduce the spatial dimensions of the feature map.

The two most common pooling methods are average pooling and max pooling. A visual
example of average pooling is illustrated in figure 2.15, and for max-pooling in figure 2.16.
The filter parameters determine the window size of the pooling, and the stride parameters
determine how many tiles the window slides over. The stride parameter will also factor

the downscale. As an example, a stride of 2 will halve the resolution of the input.

13 | 6 4 7 9 7

A 2

7 11 3 8 10 5

9 13| 5 4

Figure 2.15: Average pooling 2x2 filters and stride 2.
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Figure 2.16: Max pooling 2x2 filters and stride 2.
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2.8 Autoencoder

An autoencoder is a neural network used to learn efficient data coding and was introduced
by Cheng-Yuan Liou et al. [67, 68]. The autoencoder consists of a reducing part (the
encoder) and an expanding part (the decoder). The encoder part encodes the input data
to a representation of a lower dimension. The decoder tries to generate output from this

reduced encoding, resembling the input data as close as possible.

input output

decoder
encoder

Figure 2.17: Autoencoder structure|3]
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2.9 Semantic segmentation evaluation metrics

When evaluating segmentation masks should match the resolution of the ground truth
masks, and also match the number of possible classes. When evaluating for several classes,
the score is calculated for each class independently and then averaged over all classes to

yield a global average score of the prediction mask.

2.9.1 Pixel accuracy

Pixel accuracy is a metric simply evaluating the percentage of pixels in the image or
volume that were correctly classified. Equation 2.20 shows the formula for pixel accuracy.
Pixel accuracy can be useful for some segmentation tasks. However, it can be a misleading
metric when the segment class representation is small within the image or volume because
the measure will also be evaluating how well the model identifies cases where the segment

class is not present.

TP+TN
TP+TN+ FP+ FN

accuracy = (2.20)

2.9.2 Dice Coefficient

The (Serensen-)Dice coefficient [98, 26|, also known as the F1 score, is used to compare
the similarity of two samples. The Dice coefficient is commonly used in medical image
segmentation [119], as it gives the percentage of overlap between a ground truth mask

and a prediction mask. The Dice coefficient is given by the following equation:

D(A,B) = % (2.21)

Page 52 Chapter 2



NTNU Alesund Master thesis

2.9.3 Jaccard index

The Jaccard index [50, 51], also known as the intersection over union (IoU) metric, is a
method which quantifies the present overlap between the ground truth segmentation mask
and the prediction mask. The formula for the Jaccard index can be seen in equation 2.22.
The number of pixels common between the ground truth and prediction masks divided

by the total number of pixels present in both the ground truth and prediction mask.

_|AmBy_ |AN B

TAB) = 0B Al ¥ 1B = AN D]

(2.22)

Area of overlap

Jaccard Index =
Area of union

Figure 2.18: Jaccard Index visualized
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2.9.4 Machine learning metrics

A table of relevant metrics for both machine learning and segmentation tasks is presented
in table 2.1. The metrics are derived from the true positive (TP), false positive (FP), true
negative (TN) and false negative (FN) rates.

Description Derivations

True positive (TP) TP

True negative (TN) TN

False positive (FP) FP

False negative (FN) FN

Dice coefficient / F1_score %
Jaccard coeffecient / Intersection over Union (IoU) %
Accuracy (ACC) TP+%]}\:J+r£]I\3[+FN
Sensitivity, recall, hit rate, or true positive rate (TPR) TPZ%
Specificity, selectivity or true negative rate (TNR) %

Precision or positive predictive value (PPV) %

Negative predictive value (NPV) %

Miss rate or false negative rate (FNR) %

Fall-out or false positive rate (FPR) TPZ%

False discovery rate (FDR) %fTP

False omission rate (FOR) %
Informedness or Bookmaker Informedness (BM) TPR+TNR -1
Markedness (MK) BM =TPR+TNR -1

Table 2.1: Machine learning metrics
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2.10 Data augmentation

Data augmentation is a form of regularization method in ML used to avoid overfitting.
The main idea of data augmentation is to increase the size of the training set making
ANNSs less prone to overfitting. The size of the training set is increased by creating
new training samples from the original training samples using augmentation functions.
The augmentation functions change the original data to create new data presented in
plausible conditions that may occur in the real data. For example, an image classification
problem the dataset may have images taken in a limited set of conditions, but the target
of the classification could exist in a larger variety of conditions. These conditions could,
for example, be various locations, orientations, scale, contrast, brightness. By training
an ANN on data with these new conditions, it becomes invariant to translations, which

makes the ANN more robust and better able to generalize when presented with new data.

However, when augmenting data, it is essential to know that the ANN could be sensitive
to some types of augmentations for a given problem. For example, flipping the image
when the model should be able to classify between a six and a nine in an image classi-
fication problem would not be a good idea because of this, it is essential to know which
augmentations methods to use, and how to set the right augmentation parameters to

generate samples set in plausible conditions.

2.11 Ensemble

The goal of machine learning is to find an optimal model that is best suited for a given
problem. Instead of training one single model, we can combine multiple ML models,
which are known as ensemble learning. For ML ensemble methods use multiple learn-
ing algorithms to get superior prediction results than those from using a single learning

algorithm. Some of these ensembles methods are given below:
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e Bootstrap aggregation (BAGGING) [8] is an ensemble method where a set of
models is trained on the training data. Then use the models vote with equal rights.
The votes are cast by aggregating the outputs of the models. To the best possible
variance for the models, the models should be trained using various subsets of the

data, different models, and different parameters.

¢ Ensemble averaging is an ensemble method where multiple models are created
and combined to produce an average output. The intuition is that the ensemble will
average out the errors of the models, and will produce a superior output than any

of the individual models.

e Bucket of models (BoM) is an ensemble method where an algorithm used to
choose the best model from the “bucket” for each problem. The main idea of this
method is that when presenting many different problems, it will typically give a

superior result generally than using a single model from the “bucket.”

e Stacking [109] is an ensemble method combining the predictions of several learning
algorithms. The method is using a combiner learning algorithm trained to make
the final prediction using predictions from the previously trained algorithm on the

training data as additional inputs to the training data.

2.12 Parameter search

A parameter search is a search for the best parameters for a model by minimizing a
predefined loss function given some input data [17]. In machine learning, a parameter
search is often referred to as hyperparameter optimization, where a hyperparameter is a

parameter used to control the learning process.

Parameter searches can be performed using simple methods like grid search, where a grid
of parameters is tested incrementally, or random search where the value of the parameter
is randomly assigned within their set range or parameter alternatives. More advanced
parameter search methods include optimization algorithms like genetic algorithm (GA)
[77] and particle swarm optimization (PSO) [35, 114], where these methods use more
sophisticated methods to find the best parameters quickly.
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2.13 Conditional random field

In 2001 John Lafferty et. al [62] presented a method for segmenting and labelling sequence
data called conditional random field (CRF). CRF's are types of discriminative undirected
probabilistic graphical models. For image segmentation the CRF potentials incorporate
smoothness terms that maximize label agreement between similar pixels, and can integrate
more elaborate terms that model contextual relationships between object classes. John

Lafferty et al. [62] defines a conditional random field as follows:

Definition. Let G = (V| E) be a graph such that Y = (Y,)vev, so that Y is
indexed by the vertices of G. Then (X,Y) is a conditional random field in case,
when conditioned on X, the random variables Y, obey the Markov property with
respect to the graph: p(Y,|X, Yy, w # v) = p(Y4|X, Yy, w ~ v), where w ~ v

means that w and v are neighbors in G.

By this definition, we see that a CRF is an undirected graphical model where its nodes
are divided into two disjoint sets, the observed variables X, and the output variables Y.

This gives the modeled conditional distribution p(X]|Y).
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2.14 Marching cubes algorithm

The marching cubes algorithm is an algorithm used for mesh generation from three-
dimensional isosurfaces and was published in 1987 by Lorensen et al. [70]. The algorithm
is quite often used in medical imaging to visualize segmented MRI images in 3D. How the

algorithm works can be summarized as follows [70]:

1. Read four slices into memory.

2. Scan two slices and create a cube from four neighbours on one slice and four neigh-

bours on the next slice.

3. Calculate an index for the cube by comparing the eight density values at the cube

vertices with the surface constant.
4. Using the index, look up the list of edges from the pre-calculated table.

5. Using the densities at each edge vertex, find the surface edge intersection via linear

interpolation.

6. Calculate a unit normal at each cube vertex using central differences. Interpolate

the normal to each triangle vertex.

7. Output the triangle vertices and vertex normals.
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Chapter 3: Related work

This chapter will discuss some of the work related to this project. Much work and effort
have been devoted to research regarding the segmentation of biomedical images. More-
over, in recent years, a substantial amount of development has happened in the fields of
ML and CNN. Section 3.1 will discuss various convolutional neural networks for object
classifications, which have laid the foundation for convolutional neural networks regard-
ing semantic segmentation, which will be further discussed in section 3.2. In section 3.3
loss functions dealing with high segment class imbalance will be discussed. And finally, a

method building on CRF models will be discussed in section 3.4

3.1 Convolutional neural network architectures for ob-

ject classification

In recent years, several architectures for object classification using CNNs have emerged.
CNNs have proven to be excellent tools for computer vision tasks. In this section, we will
examine some of the most reputable CNN architectures. The networks presented have
also inspired many of the networks for segmentation, which will be further discussed in
section 3.2. Many of the CNN architectures discussed in this section developed around and
submitted to the ImageNet Large Scale Visual Recognition Challenge 2014 (ILSVRC14)
[91]. ILSVRC14 [91] is a multitask challenge where one of the tasks is to get the best
classification accuracy on a supplied dataset containing over ten million images consisting
of more than 1000 classes. This competition has been a huge factor in the development

of CNNs recently.
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3.1.1 LeNetb

LeNet5[113] is one of the CNN architectures that sparked the interest in CNNs. The
network was developed by Yann LeCun in 1998 and was used for digit recognition. Figure
3.1 shows the LeNetbs architecture. LeNet comprises seven layers and alternates between
convolutional layers and pooling layers, except for the input layer, output layer, and the
layer before the output layer. The network is quite shallow compared to newer CNNs,

which reflects the computer hardware at the time.

1 feat C3:f. maps 16@10x10

: feature maps S4: f. maps 16@5x5
INPUT

30%32 6@28x28

S2: f. maps
6@14x14

I
Full conrjlection ‘ Gaussian connections
Subsampling Convolutions ~ Subsampling Full connection

Convolutions

Figure 3.1: LeNet5 architecture|[113]

3.1.2 AlexNet

AlexNet [61] is considered one of the most important contributions to modern machine
learning. The network introduced many new techniques to the field, such as the use of
the ReLLU as an activation function, the method of stacking multiple convolutional layers
before the pooling layers, the use of max pooling and its benefits over the use of average

pooling, and the introduction of graphical processing unit (GPU) training.
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Figure 3.2: AlexNet architecture|61]
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3.1.3 VGGNet

In 2014 the VGG Network (VGGNet) [96] was developed by the VGG from the University
of Oxford. The network came in 2nd place of the ILSVRC14 [91] classification task and
Ist in the localization task. The architecture of VGGNet is quite similar to AlexNet|61],
and is the most preferred choices in the ML for image feature extraction. VGGNet uses
only 3 x 3 convolution and 2 x 2 pooling throughout the whole network. The reason for
this is that by using 2 layers of 3 x 3 filters, it has already covered a 5 x 5 area, and by
using 3 layers of 3 x 3 it covers an effective area of 7 x 7. Thus, large filter sizes, such
as 11 x 11 in AlexNet [61], are unnecessary. The use of smaller filter sizes also leads to
reduction in number of parameters which gives faster convergence and reduced likelihood

of overfitting.

224 x 224 x3 224 x 224 x 64

112 x112 x 128

Tx7Tx5b12
14 x 14 x 512

56{x 56 x 256

28 x 28 x 512
Y 1x1x4096 1x1x1000

) convolution+RelU
{1 max pooling
fully nected+RelLU
softmax

Figure 3.3: VGG 16 architecture[96|
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3.1.4 Inception

In 2014 Szegedy et al. released the GoogLeNet [102|, which won the ILSVRC14 [91].
The name is a play on words paying tribute to the LeNet [113] by Yan LeCun. Inspired
by the VGGNet [96] methods for reducing the number of parameters, the GooglLenet
introduces some new methods. To further reduce the number of parameters, a global
average pooling operation layer was used instead of fully connected layers in the final
layers. Another method introduced, is the use of 1 x 1 convolution reduce the computation
bottleneck. The 1 x 1 convolution is used before more expensive blocks and works as a
dimension reduction module which reduces the computation needed. This method made

the Inception module possible and is illustrated in figure 3.4.

Filter
Filter concatenation

concatenation ﬂ%\
/.T\ 3x3 convolutions 5x5 convolutions 1x1 convolutions

1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling

1x1 convolutions [} [} [}

\ ﬂ'ﬂoﬂs 1x1 convolutions 3x3 max pooling

Previous layer Previous layer

(a) Inception module, naive version (b) Inception module with dimension reductions

Figure 3.4: Inception modules [102]

3.1.5 Residual neural networks

In 2015 He et al. [39] at Microsoft Research released the residual neural network (ResNet),
which won the ImageNet Large Scale Visual Recognition Challenge 2015 (ILSVRC15).
Notably, the ResNet introduced the skip connections layers, which can be seen in figure
3.5. The skip layers make the layers reuse activations from a previous layer until the
adjacent layer learns its weights, which ultimately simplifies the network by using fewer
layers in the initial training stages. Consequently, this will speed up the training because

of the reduction of vanishing gradients. The skip connections made it possible to train

CNNs with over 1000 layers.
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Figure 3.5: Residual block [39]

Aggregated Transformations

In 2016 Xie et al. [110] released a follow up on the ResNet called the ResNext network.
The network proposes a block of operations, where the block is split into multiple paths.
ResNext also introduces a new dimension called cardinality and is the number of paths in
the block. The block takes inspiration from the inception block mentioned in section 3.1.4,
and uses a similar split-transform-merge paradigm. The difference is that the ResNext
block merges the output paths by adding them together instead of concatenating them.
Another difference is that the path uses the same topology. The block also makes use of
the skip connections from the ResNet architecture. The proposed ResNext block can be

seen in figure 3.6.
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Figure 3.6: A Block of ResNeXt with Cardinality = 32 [110]
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3.2 Convolutional neural network architectures for se-

mantic segmentation

This section will focus on CNN architectures for pixel and voxel-wise segmentation of
images and volumetric data. As we will see, these networks are inspired by and build

upon the networks for object classification discussed in the previous section.

3.2.1 Fully convolutional networks for semantic segmentation

Long et al. developed a FCN for semantic segmentation in 2015 [69]. Their approach
draws on previous CNNs for classification tasks, specifically the AlexNet|61], VGGNet
[96], and GoogLeNet[102]. The main difference to a regular CNN is that the fully con-
nected layer at the very end (which are typically used for classification of the image
features) is replaced with convolutional layers, enabling the network to output a heatmap
(segmentation map) instead of classification as seen in figure 3.7. Another feature of the
FCN are the skip-connections added between layers to fuse coarse, semantic and local
appearance information. The skip connection architecture is learned from end-to-end and

refines the semantics and spatial precision of the output.
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Figure 3.7: Transforming fully connected layers into convolution layers enables a classifi-

cation net to output a heatmap. [69]
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3.2.2 V-Net: Fully Convolutional Neural Networks for Volumet-

ric Medical Image Segmentation

In 2016 Milletari et al. |75] proposed an approach to 3D volume segmentation based on a
volumetric FCN. The proposed network is called V-Net, and was developed to segment the
prostate in MRI images taken around the prostate area with a fixed size of 128 x 128 x 64

voxels and a spatial resolution of 1 x 1 x 1.5 millimetres.

Similar to the structure of an autoencoder, the V-Net network has a contracting path and
an expanding path. The contracting part of the network is divided into three stages. All
the stages consist of three convolutional layers. The convolutional layers in each stage use
3D kernels with the size (5 x 5 x 5) voxels, and the number of feature channels doubles
at each stage. For each stage, the input of the block is also added to the output of
the last convolutional layer to enable learning a residual function. The data resolution
through the contracting part is reduced for each stage, but instead of using pooling to
down-sample the data, a convolutional layer with kernel (2 x 2 x 2) voxels with a stride
of two is used. It is argued that the memory footprint is reduced during training because
there is no need for switches mapping the output of pooling layers back to their inputs

for the back-propagation.

Similar to the U-Net architecture, which will be further discussed in section 3.2.3, the
network also has skip-connections going from the contracting part of the network to the
expanding path for each stage. The skip paths are used to gather the fine-grained detail
that otherwise would be lost in the contracting part of the network, and is for improving
the quality of the final segmentation map. The skip paths also improve the convergence

time when training the model.

The expanding part of the network is quite similar to the contracting part of the network.
The expanding part is almost the inverse of the contracting part. Similar to the down-
sampling layers in the contracting part, a transposed convolution operation is used instead
to up-sample the resolution of the data after each stage of the expanding part. Also,
following the inverse pattern of the contracting part of the network, the number of feature

maps is halved after each up-sample. The skip paths are also concatenated after each up-
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sample with its corresponding down sample layer. The output layers have a (1 x 1 x 1)
kernel size and are converted to a segmentation map of the foreground and background
regions by applying voxel-vice soft-max with the same volume resolution as the input size.

The V-Net network architecture is illustrated in the following figure.
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Figure 3.8: V-Net architecture [75]

Dice loss

It is not uncommon that the anatomy to be segmented occupies a tiny region of the
volume or image. As a consequence, the learning process frequently gets stuck in a local
minimum, which gives a network biased towards the background segment class. Because
of this problem, the authors of the V-Net |75] architecture is proposing a loss function for
dealing with the imbalance between background and foreground voxels. The loss function
is based on the Dice coefficient, discussed in section 2.9.2. The equation for the dice loss

function for two binary volumes is given by the following equation:
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where p is the predicted mask, ¢ the ground truth mask for the ith class of N classes, the
authors further argue, weighting the different segment classes is unnecessary when using

this loss function.

3.2.3 U-Net: Convolutional Networks for Biomedical Image Seg-

mentation

In 2016 Ronneberger et al. [87] proposed a CNN architecture for segmenting biomedical
images. The U-Net architecture builds on the FCN architecture [69] as previously dis-
cussed. The U-Net architecture is illustrated in figure 3.9. The network has a similar
structure to an autoencoder, and the previously discussed V-Net [75], as it consists of a

contracting and an expanding part connected by skip connections.

The contracting part of the network consists of a repeated pattern of stages involving
convolutions and pooling operations. The stages use two consecutive 3 x 3 convolutional
layers before the feature channels are doubled by a max-pooling layer. The expanding
part has a similar pattern to the contracting part except the pooling layers are replaced by
transposed convolutional layers, and the feature channels are halved for each up-sampling
stage. The expanding path also features concatenation layers that connect the correspond-
ingly cropped feature map from the contracting path. These concatenations establish skip
connections that allow feature representations to pass through the bottleneck. The skip
connections combine the localized features from the contracting path with the more con-
textual features gathered in the expanding path. This combination helps the network

generalize better.
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Figure 3.9: U-Net architecture [87]

Weight map loss

The authors of the U-Net architecture also introduce a weight-map loss function, which
gives some pixels higher importance in training. A weight map is pre-calculated for each
ground truth segmentation to compensate for the different class frequencies in the training
set. Separation borders are also calculated using morphological operations, as it is useful
when segmenting touching objects of the same class. Function 3.2 show how the weight

map is computed.

(di(2) 4 da())*
202

w(z) = w, + wp - exp(—

) (3.2)

Where w(z) : w — R is the weight map, w. : w — R is the weight map to balance
class frequency, d; : w — R denotes the distance to the border of the nearest cell and
dy : w — R the distance to the border of the second nearest cell. Figure 3.10 shows an

example of how a training sample is weighted.
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Figure 3.10: HeLa cells on glass recorded with DIC (differential interference contrast)
mi- croscopy. (a) raw image. (b) overlay with ground truth segmentation. Different
colors indicate different instances of the HeLa cells. (c) generated segmentation mask
(white: foreground, black: background). (d) map with a pixel-wise loss weight to force

the network to learn the border pixels. [87]

Elastic deformation

The authors also proposed a method for augmenting images or volumes. The method
described works as follows: First, a coarse displacement grid with a random displacement
for each grid point is generated. Then the grid is interpolated to compute a displacement
for each pixel or voxel in the input data. Finally, the input data is deformed using the

displacement vectors and spline interpolation.

Because the elastic deformation method outputs plausible images or volumes by applying
rigid transformations and slight elastic deformation, the U-Net architecture can learn to

generalize very well from only a few annotated samples.

3.2.4 U-Net Variants

Because of the U-Net’s [87] versatility and performance of segmenting biomedical images,
there have been several noteworthy iterations and implementations of the U-Net which

improve upon the original U-Net architecture.
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3D U-Net

The 3D U-Net by Cicek et al. [16] is a network based on the U-Net [87] network, but
instead for taking 2D images as input it takes 3D volumes. The 2D convolution, 2D
up-convolution, and 2D pooling layers are replaced by 3D convolutions, 3D transposed
convolutions, and 3D pooling layers. The network follows the same contracting and
expanding pattern as the original U-Net, but the number of stages is reduced from 5 to
4. The network also improves on the U-Net architecture by avoiding the bottleneck as
suggested in [103]. The bottleneck is avoided by doubling the number of kernels before

max pooling in the contracting path. The same scheme is applied in the expanding path.

Further, the authors used a weighted cross-entropy loss function where the weight of
unlabelled pixels are set to zero, which they claim makes the network learn from the
labelled voxels, and generalize better to the whole volume. Finally, their proposed ar-
chitecture scores an average IoU of 0.863 in a 3-fold cross-validation experiment with a
semi-automated segmentation of a 3D volume containing structures of the Xenopus kid-
ney. A 2D U-Net which segment the volume slice by slice is used for comparison and got

an average loU of 0.796.

Attention U-Net

Oktray et al. [82] proposed a U-Net variant which introduces attention gate that builds
on the approach proposed by [52]. The attention gates seen in figure 3.11 are incorporated
into the original U-Nets architecture to highlight salient features passed through the skip
connections. The gates act as filters, filtering out irrelevant and noisy responses in the
skip connections. The gates are connected right before the concatenation operation to

merge only the relevant activations.

The proposed architecture is tested against the standard U-Net architecture on a multi-
class abdominal CT segmentation dataset, where the goal is to segment the pancreas. It

is observed that the Dice score can be increased by 2-3% by using attention gates in the

U-Net.
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Figure 3.11: Attention gate [82]

Multires U-Net

Ibtehaz et al. [46] proposes a variant of the U-Net architecture which replaces the standard
convolutional layers of the U-Net with a customized block they call "Multires block’. The
block is inspired by the Inception block [102], but instead of using different sized filters,
they only use a succession of 3x3 filters. A skip layer connection [39] is also made between

the input and output of the block. The "Multires block’ can be seen in figure 3.12a.

To alleviate the disparity between the encoder-decoder features, they propose to incor-
porate convolutional layers along with the shortcut connection of the U-Net. Instead of
simply concatenating the feature maps from the encoder stage to the decode stage, the
feature maps are passed through a chain of convolutional layers with Resnet-like skip lay-
ers before concatenation with the decoder features. This path they call the Res path, and
is illustrated in figure 3.12b.The proposed architecture was tested on five datasets and
showed an improvement of 10.15%, 5.07%, 2.63%, 1.41%, and 0.62% over the standard
U-Net.
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Figure 3.12: MultiRes U-Net building blocks [46]
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Nested U-Net

In 2018 a Zhou et al. [118] proposed the U-Net architecture. Noteworthy to the archi-
tecture is that the U-Net skip pathways are re-designed. The re-designed skip pathways
transform the connectivity of the encoder and decoder parts of the networks. The main
idea motivation for the re-design of the skip pathways is to bridge the semantic gap
between the feature maps of the encoder and decoder before fusion. The Unet-++ ar-
chitecture is illustrated in figure 3.13. The Unet++ architecture was evaluated on four
datasets, including lung nodule segmentation, colon polyp segmentation, cell nuclei seg-
mentation, and liver segmentation. The network was compared to the original U-Net and

a wider U-Net and increased the average IoU score of 3.9 and 3.4 points.

R

-------------

N Down-sampling
7/ Up-sampling
»  Skip connection

. XY Convolution

Figure 3.13: U-Net++ architecture [118§]
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3.2.5 Deep convolutional neural network for segmentation of knee

joint anatomy

In 2018, Zhou et. al[117] proposed a quite extensive method using FCN and DCRF to
automatically segment knee MRI images. The network they propose follows the autoen-
coder architecture with a contracting and an expanding path, and layers based on the
VGG architecture [96]. Their network, named CED, is trained to predict image data slice
by slice from a 3D volume. For inference, a 3D probability map is generated from the
stack of 2D probability maps. Then, a fully connected 3D conditional random field, also
known as a DCRF [60], is used to improve the 3D probability map. The final segmenta-
tion masks are then used to generate a 3D model from the segmentation map. The CED
network architecture can be seen in figure 3.14, and the full segmentation pipeline can be

seen in figure. 3.15.

Convolutional Encoder-Decoder (CED)
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Figure 3.14: CED architecture [117]
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The data consisted of fast spin echo (FSE) MRI sample volumes of knee joints from 20
subjects. The samples were segmented into multi-class masks with 13 unique segment
classes, including background, femur, femoral cartilage, tibia, tibial cartilage, patella,
patellar cartilage, meniscus, quadriceps, and patellar tendons, muscle, synovial fluid-filled
joint effusion and Baker’s cyst, infrapatellar fat pad, and other non-specified tissues. For
training, the dataset was evaluated using k-fold cross-validation and was split into 20
folds, leaving only one sample for evaluation. All musculoskeletal tissues after the full

process had a mean Dice coefficient above 0.7.
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Figure 3.15: CED pipeline [117]

3.3 Loss functions for imbalance in segmentation

A problem with medical imaging is how the sizes of the anatomical features can vary.
Some of the features are very small compared to the rest of the input volume. This
problem translates directly into segmentation, as the segmentation masks for the smaller
classes become equally small. Because of this imbalance, it can be hard to train the
networks to recognize these features, as they vanish when presented in the bigger picture.
In this section, we will discuss various loss functions and methods for trying to handle

the issue of class imbalance in segmentation.
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3.3.1 Generalized dice loss

Sudre et al. [100] released a paper in 2017 concerning a loss function for dealing with
highly unbalanced segmentations. The loss function is a generalized Dice loss proposed
by Crum et al. [23]. The function is given by equation 3.3, where r is the ground truth
segmentation mask, p;, is the predicted probability map, and w is used to weight the

N )2‘

various segment classes calculated using w; = 1/(>

GDL =1-2 Zj—l LYy Tt (3.3)

D=1 WDy Tin + Din
The generalized dice loss (GDL) function is compared against 3 other loss functions, a
2 class dice loss DLy based on the dice loss function described by Milletari et al. [75]
mentioned in section 3.2.2, the Sensitivity - Specifity (SS) function described by Brosch
et al. [10] given by equation 3.4, where A weights the balance between sensitivity and
specificity and e is a smoothing factor dealing with cases of division by 0, and a weighted

cross-entropy (WCE) function given by the equation 3.5.

N B 2 N o 2(1 _
SS — )\ZTL:I]S]TTL pn) T'n _|_ (1 o )\) Zn:l](vrn pn) (]‘ T’”«) (34)
ne1Tn +€ Yoo (I —=1y) +€
| XN
WCE = N ;wrnlog(pn) + (1 =ry)log(1l — py,) (3.5)

The loss functions are tested on 4 different patch-based networks, the 2D networks U-
Net [87] and TwoPathCNN [38], the 3D networks DeepMedic [54] and HighResNet [66].
The 2D networks are tested on the Brain Tumor Segmentation (BraTS) dataset [74] is
a neuro-oncological dataset where the segmentation task is to localize the healthy tissue
(background) and the tumour (foreground) in the image. The 3D networks are tested
on an in-house dataset containing 524 subjects, where the task is to segment age-related
white matter hyperintensities. The findings of the paper-based on testing are that a
mildly imbalanced dataset appears to be well handled by most loss functions designed
for unbalanced datasets, but when the level of imbalance is increased, the loss functions

based on overlap measure appeared to be the superior choice.
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3.3.2 Combo loss

Taghanaki et al. [104] is presenting a method of using combination of loss functions to
handle the class imbalance issue. They compare the cross entropy loss and the Dice loss

[75] mentioned in section 3.2.2.

The proposed method uses a combination of the binary cross-entropy function and the
Dice loss function. The binary cross-entropy function is a multi-class implementation of
binary cross-entropy, where the cross-entropy is calculated for each class N. The proposed
loss function is given by equation 3.6, where N is the number of segment classes times the
number of batch samples, K the number of classes, and S. They use a parameter, «, to
control the Dice and cross-entropy contribution to the loss, and a parameter, 5 € [0, 1],
to control the penalization of false positives/negatives. When the  parameter is set to

lower than 0.5, the false positive is penalized more than the false negatives.

The main advantage of the combo loss function is that the cross-entropy term enforces a
trade-off between the false positives and false negatives, and simultaneously avoids getting

stuck in a local minimum, as it also leverages the Dice term.

L-a (_% S~ Bt — Inpy) + (1 - H)[(1 - m])

=1

Zi]\il pit Z’fil ti+S5

=1

The loss function was tested on different datasets including a PET dataset of whole body
volumes, and a MRI dataset for prostate segmentation, and an ultrasound dataset for
left ventricular myocardial segmentation. A grid search was performed to find the best
parameter settings for a and 8. It found that setting the o = 0.5, giving equal contribution
to the dice and the crossentropy functions, was optimal. The optimal 5 parameters were
found to be f = 0.4 for the PET dataset models, 8 = 0.6 for the MRI dataset models

and § = 0.7 for the ultrasound images.
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Their findings show that the proposed combo loss function outperforms all tested archi-
tecture with its associated loss function with 57% =+ 24%, 38% 4 18%, 86% + 5% in
Jaccard, Dice and false positive rate (FPR), respectively for the PET dataset. For the
MRI segmentation, the combo loss function improved the 3D U-Net and the 3D V-Net
performance by 4.6% and 1.13%, and 43.8% and 16.7% in false negative rate (FNR). The
ultrasound segmentation was improved by 8.23% and 3.4% in Dice, and 33.3% and 16.7%
in FNR.

3.4 Efficient Inference in Fully Connected CRFs with

Gaussian Edge Potentials

Krahenbiihl et. al [60] released a paper in 2012 in which they introduced an inference
algorithm for fully connected CRFs, also known as DCRF. The DCRF inference algorithm
was proved to be useful for refining segmentation maps produced by FCNs [4, 117, 15].

The DCRF defines pairwise edge potentials by a linear combination of Gaussian kernels in
an arbitrary feature space. The iterative DCRF optimization is carried out by minimizing

the Gibbs energy, defined by the following equation:

E(x) =) tulz:) + Y tplwi ;) (3.7)
i i<j

where 1, is the unary potential computed independently for each pixel or voxel by a
dense segmentation model which outputs a label assignment distribution x;. ¥,(z;, z; is

the pairwise potential that is given by the following equation:

—_—
k(fivfj)
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where k(™(f;, f;) is a Gaussian kernel, f; and f; are the feature vectors for the pixels or
voxels i and j. w(™ is a linear combination of weights, 1 is a label compatibility function
by the Potts model, p(z;,z;) = [z; x;]. This function penalizes nearby pixels or voxels

that are assigned different labels.

Contrast-sensitive two-kernel potentials are used for multi-class segmentation and la-

belling, and are given by pairwise potentials with the following equation:

202 202 202

- .

2 2 2
, . — D I— 1. : — D
k(fi, f5) = w exp (— pi— il | i ) +w® exp (_—|p Pi| ) (3.9)

Vv vV
appearance kernel smoothness kernel

where [; and I; are color vectors, p; and p; are position vectors. The appearance kernel
exploits the fact that nearby pixels or voxels with similar values are likely to be in the
same segment class. The smoothness kernel, on the other hand, functions as a smoothing
filter that removes small isolated islands and regions. Pairwise terms can be influenced
by adjusting their weights; w! and w?. The effective range of the terms can be controlled
by the kernel widths, where 0, and 63 control the appearance kernel, and 6., controls the

smoothness kernel.

The inference is carried out by a proposed efficient inference algorithm. The algorithm
is an approximation algorithm based on mean-field approximation of the CRF distribu-
tion. This approximation is an iterative message-passing algorithm. The message passing
is performed using Gaussian filtering in feature space, which enables highly efficient ap-
proximations for high-dimensional filtering. This reduces the complexity of the message
passing from quadratic to linear. The result is an approximating inference algorithm for
DCRF and is linear in the number of variables N and sub-linear in the number of edges

in the model.
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Chapter 4: Methods

This chapter presents and discusses the methods used for this thesis. Section 4.1 will
discuss the provided data for this thesis. In section 4.2 some of the architectural choices
for the segmentation methods used are discussed. Furthermore, section 4.4 will present a
loss function which deals with the imbalanced dataset. Section 4.5 will discuss a proposed
framework for segmentation of MRI images. Section 4.6 will discuss how the ML models
are trained. Section 4.7 will discuss a graphical user interface (GUI) created to visually
evaluate segmentation masks. Finally, section 4.8 will go over the software and hardware

used to develop and run the proposed methods in this thesis.

4.1 Data

The data for this thesis was provided by Sunnmgre MR-Klinikk. To get data for the col-
laboration project volunteers were scanned by Sunnmgre MR-Klinikk. The data gathered
did not contain any sensitive information about the volunteers or any data that could
identify them. Since the project is an ongoing project, the data was provided incremen-
tally throughout the semester. Because of this, much of the experimentation early on was
done using very few samples. The limited data had an impact on some of the decisions, as
it was hard to verify if the models, decisions, and experimentation early on would apply

to new data as well.

The data was provided primarily in the Nifti format. Some of the files provided were in the
Dicom format but were converted to Nifti, as it is easier to stick to a single format. Nifti

was preferred because of the more straightforward one-file structure. The Nifti format
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also allowed for compression, meaning less space taken on the hard-drive.

For the contents of the data, MRI T1, PD and FS weighted volumes were provided. The
volumes were all aligned to match the segmentation mask the best possible. The dimen-
sions of the data provided were 275 x 400 x 400. The voxel dimensions were (0.4mm,
0.4mm, 0.4mm). The segmented ground truth masks were manually segmented by Sunn-
mgre MR-Klinikk. The segmented classes include the bone, PCL, and the ACL. The seg-
mented masks were provided in a separate file, and the final number of samples amounted

to 17 unique knees, giving 17 x 4 = 68 total Nifti files.

4.1.1 Data augmentation

Since the dataset provided was somewhat small, and because it was unclear in the start
of how large the dataset was going to be, data augmentation was thought to be necessary
to diversify the data to avoid overfitting. As previously discussed in section 2.10 data

augmentation is typically a good method for model regularization when the data is sparse.

When deciding the augmentation, some things need to be taken into consideration. Since
the target for training the models is a segmentation mask, some of the augmentations
have to be applied uniformly to both the input sample and the output samples. For
augmentation functions that transform the spatial representation of the input sample,
the augmentation is uniformly applied to both the input samples and the output samples.
Furthermore, it has been taken into account how the segmentation models can be sensitive
to certain types of augmentations. The augmentation method parameters are evaluated
to produce plausible samples resembling real-world MRI images. It would be pointless
to train the models on data deviating too much from the original data, as they will then
learn features not present in real-world data. The augmentation methods used, and the
assumptions made for deciding the methods and parameters will be further discussed in

this section.
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Elastic deformation

Elastic deformation [87, 2] mentioned in section 3.2.3 was used for augmenting the data.
When using elastic deformation, it is important to set the parameters appropriately to
achieve realistic new samples. Figure 4.1b show an example of how the elastic deformation

affects a volume slice using inappropriate parameter settings.

Cropping

In the data provided the anatomical structures in the MRI images are represented in
various areas for every volume. To exploit this fact, we can use random cropping to
create new spatial representations of the MRI images. Random cropping will improve the

robustness of the feature detectors.

The cropping is applied by removing a random number of slices from the borders of the
volume. Then, the volume is resized back to the original volume shape. By doing this, the
volume’s spatial characteristics have changed, and the volume shape is conserved. The
maximum number of slices cropped is limited to keep the semantics of the volume. Figure

4.1c illustrates an example of using the cropping augmentation.

Gaussian noise

The MRI images are naturally very noisy and grainy. To exploit this fact, we can alter
the noise characteristics of the images by adding random noise. For this, a method for
adding Gaussian noise was implemented. For the method implemented, the noise is only
added to the volume where the voxels are not equal to zero. By not adding noise to the
background voxels of the volume will make the ML models better at distinguishing the
background from the rest of the volume. The Gaussian noise should not be used with

Gaussian blur, as the blur function will cancel out the noise.

The noise is added by adding an array with equal size of the original volume, where each
element in the array is sampled from a normal distribution. Before the array is added, the

array is element-wise multiplied with an array, cancelling out the noise otherwise added
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to the background voxels. Equation 4.1 shows the general equation for the Gaussian
noise function. Where Z is the volume with voxels, x. nd is the normal distribution
with its parameters, mean p, and standard deviation ¢. The Gaussian noise function is

demonstrated in figure 4.1d.

7, = Zy+nd(p,0)Ve € N" : Z, #0 (4.1)

Gaussian blur

The Gaussian blur function is similar to the Gaussian noise function and can be bene-
ficial as an augmentation method. Blurring out some of the noise will change the noise
characteristics of the volume voxels. However, the blurring needs to be constrained, as
the fine-scaled image edges and details can be blurred out by excessive blurring. Figure

4.1e shows how excessive blurring affects a volume.

By applying Gaussian blur to the volume, we are just convolving the volume with a
Gaussian function. The Gaussian function for n dimensions is given by equation 4.2,

where o is the standard deviation for the Gaussian kernel.

1 "R ()2
G(Z) = (\/§M> e, ZeR" (4.2)
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Brightness

The MRI image brightness can vary to some degree. For augmentation, this can be ex-
ploited by slight changes in the brightness factor of the images. The brightness is changed
by a multiplication of the volume Z with a factor C'. However, because the brightness is
changed uniformly over the volume the values are clipped between the minimum Z7,,;, and
maximum Z,,,, values of the volume, otherwise the values will be equivalent to the origi-
nal volume when normalized. The clipping is performed by using max and min functions

for every voxel in the volume Z.

/

7 = max(Zmin, min(Z x C, Zpaz)) CeR (4.3)

Contrast

Similar to brightness, the image contrast can also vary to some degree in MRI images.
Contrast augmentation is applied by using a factor C' to control the contrast strength.
Clipping is applied to avoid the previously mentioned normalization problem. The formula

for the contrast implementation is given by equation 4.4, where Z,.;.0 = (Zmin + Zmaz) + 2

/

7 = max(Zmin, min(Z x C — Zyia X C+ Zmid, Zmaz)) CeR (4.4)
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(e) Gaussian blur (f) Brightness (g) Contrast

Figure 4.1: Examples illustrating the implemented augmentation methods using improper
parameter values to visualize how the augmentation method will alter the original volume.
Where (a) show the input sample, (b) elastic deformation, (c) cropping, (d) Gaussian

noise, (e) Gaussian blur, (f) brightness, and (g) contrast.
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4.1.2 Data generation

The augmentation functions were performed on the data with random parameters within
a range. The maximum values of the ranges were controlled to avoid implausible samples.
All the augmentation functions were implemented as a single function except the Gaussian
noise and blur functions, which are combined to one function where activating only one

of them by random choice with equal probability.

The augmentation process was done before training, creating an augmented dataset, also
known as offline augmentation. The augmentation was primarily done on beforehand
because some of the augmentation methods were quite computationally demanding and

slowed down the training process.

The T1, FS, PD, and the segmentation masks files were paired, and 32 new augmented
sets were created for each mask pair, giving a total of 1280 files. For each pair in a set,
the augmentation functions were applied uniformly. Instead of applying all augmentation
functions to all the new samples, the functions are randomly activated with a 75% chance
of being activated. The function order is also randomly shuffled for each new sample.
By shuffling the functions and randomly activating the functions, we get a more diverse
dataset, with various combinations of augmentation. The following algorithm further

explains the generation of new data:
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Algorithm 1 Data generation

n_samples = 32
create a set list containing uniform resource locator (URL)s for each label and its
corresponding weighted images as a set
for Each training set in set list do
load each volume in the set
for : = 0;7 <n_samples;1 + + do
shuffle augmentation function list
for Each function in augmentation function list do
if random(0,1) < 0.75 then
perform augmentation function on whole set
end if
end for
save the new augmented set
end for

end for

4.2 Convolutional neural network architecture

When comparing the FCN architectures in section 3.2 the architectures are very similar in
performance and structure. Either one would probably be adequate for the segmentation
task for this thesis. A greater understanding of dealing with the limited dataset and the
class imbalance of the data must be established. As the architectures are quite similar, if

the problem can be solved by one algorithm, it can probably be solved by the other ones.

For this thesis, it was decided to focus primarily on the U-Net [87] architecture. The
network is well established, especially for medical images, and has a lot of variants and
literature around it. The network got a simple and easily understandable structure, does
not require a lot of training time and data, and is fast enough for the problem at hand.

The network can also work as a baseline if other networks were to be implemented.
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U-Net

For this thesis, a 3D implementation of the U-Net was implemented, where 2D network
operations are replaced by the corresponding 3D operations. In the U-Net paper [87] the
proposed network did not use padding for the convolutional layers, leading to a reduced
output resolution of the network. This method is more suitable for a patch-based seg-
mentation method where the network is trained to segment the data patch by patch. The
implementation of the U-Net for this thesis is using the "same" padding parameters for
the convolutional layers, which results in the output segmentation map having the same
resolution as the input volume resolution. Since the segmentation task for this problem
is a multi-class problem, a softmax activation function is used for the final layer yielding

voxel-wise probabilistic segmentation maps.

4.3 3D Dense Conditional Random Fields

Although the ML models are quite good at segmenting the volumes, they can still pro-
duce segmentation maps with irregularities, including holes and small isolated islands.
To smooth and further improve the label assignment, a 3D DCRF was used as a post-

processing function to fine-tune and improve the segmentation maps.

Given a segmentation model and an input volume to segment, the 3D DCRF inference
process defines a maximum a posteriori (MAP) over the 3D volume. The segmentation
map produced by the segmentation model is used to generate the unary potential for
the DCRF. The input is used to calculate the pairwise potentials on the pairs of voxels.

Finally, the inference is carried out by the inference algorithm.

When deciding the parameters for the DCRF the number of inference iterations was set
to 15, as the inference process of the DCRF model was quite slow. Simple grid searches

were performed to find the optimal parameters for the pairwise potentials.
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4.4 Loss function for class imbalance

To find the best loss function for the problem the segment class imbalance was taken into
account. The imbalance ratio is calculated as the percentage of voxels the segment class
occupies in the total volume. The class imbalance ratio and standard deviation (STD) are
presented in the following table, where Non-BG is the non-background classes combined.
Table 4.1 show that the class imbalance is quite heavy for both the PCL and ACL classes.
To deal with the class imbalance it was deemed necessary for a loss function that penalized

errors for the smaller segment classes to a greater extent.

Background Bone PCL ACL Non-BG
Imbalance ratio 0.89456 0.10413 0.00088 0.000424 0.10544
STD 0.00155 0.00154 1.36501e-05 9.87766e-06 0.00157

Table 4.1: Table showing the class imbalance ratio for the different segment classes.

For this thesis, three loss functions were implemented, including a weighted categorical
crossentropy loss (WCCL), weighted Dice loss (WDL) and a weighted Jaccard loss (WJL).
Inspired by the combo loss [104] discussed in section 3.3 a function for combination of

loss functions were also implemented.

The WCCL function evaluates the class predictions for each voxel vector individually and
averages over all voxels. By weighting the loss for each output channel, we counteract the
class imbalance present. The weighted categorical cross-entropy loss function is given by

the following equation:

C N

WCCL =1 — Z W, Z In(Pen)ten (4.5)
n=1

c=1

where C' is the number of segment classes, w is the weight for the segment class .. t is

the ground truth mask, and p is the predicted mask for the voxels ,,.
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The WDL function is similar to the GDL [100] function discussed in section 3.3, however
as will be discussed further below it differs in how it is weighted. The WDL function will
account for global spatial information and overlap of the compared segmentation masks.

The WDL function is given by the following equation:

C N " D
WDL =1— 2w, — 4.6
—1 ; ten + Den ( )

Similar to the WDL function a general WJL function were also implemented to compare
the two. Similarly, the WJL function will also account for global spatial information and
overlap of the compared segmentation masks. The WJL function is given by the following

equation.

C N
WJL=1-— wcz

c=1 n=1

lenDen
tcn + Pen — tcnpcn

(4.7)

All of the loss functions mentioned above use the weighting given by equation 4.8, where
V., is the size of the segment class in volume ;, and V' is the size of the whole volume.
N is the number of volumes in the training set. The weights are calculated by taking
the average volume size for the segment classes and subtract it from 1, and is just the

imbalance ratio in table 4.1 subtracted from 1.

N
1 1-V
- 4.
We = ;:1 v (4.8)

When weighting the loss functions the weights are calculated on beforehand instead of
calculating the weights while training. This weighting scheme reduces some of the compu-
tation done during training. It could be argued that it would be more accurate to calculate
the weights for each volume, but given how relatively small variance of the volume sizes

of the segment classes, it should not be a problem.

A function for combining an arbitrary number of loss functions was implemented. The
motivation of combining loss functions was to combine the WCCL with one of the overlap

loss functions. By combining both cross-entropy and each voxel position, deviation in the
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predicted map is penalized, and at the same time exploit the global spatial information

provided by the use of a loss function penalizing similarity error.

The combination of loss functions is done by using equation 4.9. Where E; is the loss

function for K loss functions, and v; denotes how much the loss function is weighted.

1 N K

E= Ni Z Z Eij(tij, pij)vi (4.9)

i=1 j=1

4.5 MRI segmentation configuration platform

A lightweight platform for the automatic segmentation of MRI was created. The platform
is inspired by NiftyNet [33, 34|, which is an open-source CNN platform for research in
medical image analysis and image-guided therapy. However, NiftyNet was limiting in
some concerns, and it lacked some features and configurations that were wanted for this

thesis.

The primary motivation of the platform was to make for quicker training, testing, and
validation of models. The platform use configurations files to set up the parameters for
the different models. By using file configurations for the models, we can automate away
much hard-coding of parameters, and model initialization. Another advantage is how
configurations for models can be created and changed even if the program is compiled to

an application, which is useful if models are to be used in real-world applications.

The platforms file structure is built on the YAML Ain’t Markup Language (YAML) data-
serialization language [83]. The reason for choosing YAML is that it is readable, has good
support for the Python programming language and uses similar nesting structures and
formats to Python. Comparing YAML to other data-serialization languages as JavaScript
Object Notation (JSON) [22], it was found that YAML was a better fit for this project
as the nested structures makes for more neat and minimalist configuration files, and it

utilizes more advanced data formats than simple initialization (INI) file parsing.

For the platform, there are four different model configuration structures. These struc-
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tures include a structure for machine learning models, a structure for DCRF models, a
configuration structure for ensemble averaging models and a structure for assembling dif-
ferent models. Common for all of the configuration structure is parameters for the data

transformation, which includes resizing, cropping, and padding.

The configuration file structure for machine learning models contains a field for which
network to use, fields for network architecture parameters, fields for the network training
parameters, and more general fields like saving locations for network weights. The config-
uration file structure can easily be used for both training and inference, as the structure

contains all parameters necessary for setting up the network for both use-cases.

The DCREF file structure is made for carrying out DCRF inference over the segmentation
map output from a model. The structure contains fields for the parameters of the DCRF
process. Further, a field specifying the model which will be used for the inference process.
The model configuration can be directly written inside of the field or a URL pointing to

a model configuration file that can be provided.

The ensemble model configuration structure is made for combining and averaging the
outputs of multiple models. Ensemble averaging is quite useful for the segmentation
problem of this thesis because we are provided with three different types of weighted MRI
images. By training different models on the different weighted MRI images, we can utilize
all the different representations of the knee to get a more robust output as the errors made

by the different models will average out.

To ensemble different models, a list field is used to specify all the models to average in
the ensemble process. It is made possible to specify the whole model configuration as
text inside this list or use the preferred method of adding a URL to point to a model
configuration to include in the ensemble process. By separating the model configuration

files like this, it is easy to add and remove models from the ensemble process.

When using the ensemble model configuration for inference, all the models of the ensemble
produce a segmentation map by inference given its input. Further, the ensemble models
output map is given by the average of the segmentation maps. It is also possible to
weight the contribution of each model by providing a weight list in the configuration file

containing the weights for each model in the ensemble. The output segmentation map is
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then given by equation 4.10, where y is the output segmentation map, N is the number

of models, f is the models, = is the input volumes, and w is the weights.

| N
Yy=N Z filwi)w (4.10)

The assemble configuration structure is made for assembling different models trained to
segment individual classes. This assembly process is illustrated in figure 4.2. The models
to assemble is defined in a list, and similarly to the ensemble structure, it is possible to
write whole model configurations inside of the list or point to URLs for the models to

assemble.

Bone
Model

Full

PCL
Model

/AR
o

ACL
Model

Figure 4.2: Assemble model

The assembly process is carried out by combining the segmentation maps produced by
the different models into one segmentation map. However, because our models produce
softmax predictions, it is not as simple as summing the segmentation maps together,
because if doing so, overlapping background regions will yield a higher probability for the

background segment class.

The segmentation maps for each model is used to produce a background region mask by
using the argmax function over the map. This mask will be used to determine where

the background labels are. Furthermore, we take the segmentation maps and set the
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background class value to zero. Then we sum the segmentation maps together. Finally,
we use the background region mask to determine the background area in the segmentation

map. This process is further explained in the following algorithm:

Algorithm 2 Model assemble
get number of models — N

initialize segmentation map list
for each inference model do
get segmentation map from inference model given its input data
add segmentation map to segmentation map list
end for
sum maps in segmentation map list — summed segmentation map
argmazx(summed segmentation map) — background region mask
set all background confidence labels of the segmentation maps in segmentation map list
to zero
sum all maps in segmentation map list — final segmentation map
set background confidence labels of the final segmentation map given indices to N

return argmaz(final segmentation map)

4.5.1 Model pipeline

The segmentation platform is made flexible as it is possible to create models following
different pipelines. When loading a configuration structure for inference, the hierarchy of
structures will be automatically configured to a single model, and makes it possible to
configure different structures arbitrarily, and allows for a diverse range of different model

pipelines.

As an example, one of the proposed models makes use of all of the configuration structures.
This model is quite extensive, and will be further detailed in section 5.4 and section 6.6.
The pipeline is illustrated in figure 4.3. For this pipeline, The segmentation task is split
up into three averaging ensembles built of ML models, for the three-segment classes. The
output of all three ensembles are further assembled by an assembler, and finally, the

assembled segmentation map is refined and smoothed by a DCRF inference process.
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Figure 4.3: Extensive model pipeline
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4.6 Training

For training, it is typical to do an 80-20 split of data, where some 80% of the data is used
for training, and 20% is used for validation and testing. The initial split was ten images
for training and 3 for testing. However, some of the data was given very late, and the
final split was using ten samples for training and 7 for validation and testing, resulting in
a split closer to 60-40. Because of time limitations, the experiments were not re-done with
a new split closer to 80-20. However, it could be argued that by splitting 60-40, we can
comprehend how well the model performs given very little training data. It is common
to split the testing set to a validation set and a testing set, but because of the limited
amount of data, the testing set was also used as a validation set. The set was used for
early stopping and was also used to control for overfitting. However, the results from the
training validation will be different from the testing results. When the models are tested,
the output segmentation masks are re-scaled to its original resolution, which differs from
the validation testing where the validation metric is calculated using the model’s output
resolution. The validation will also validate the soft labels and not the final segmentation

mask.

The models were trained using a batch size of one to reduce memory consumption. Smaller
batch sizes have also been shown to improve generalization [57, 42|, and it removes the
need for batch normalization layers [49], which have been found to reduce the performance

of U-nets in some cases [16].

Further, the only pre-processing used on the input volumes was normalization. The input
volumes were normalized between zero and one. Normalization is done to get all the
data on the same scale, as it is a problem if all the input volumes have different feature
scaling, which can hurt the training. For the ground truth segmentation masks, the mask
is converted to a segmentation map by using one-hot encoding as discussed in section

2.4.2.

Because of the limited dataset, the Adam optimizer was used for training the models.
As discussed in section 2.5.2 the Adam optimizer is an adaptive learning method that is

advantageous for a limited dataset. The parameters set for the optimizer follows those

Page 95 Chapter 4



NTNU Alesund Master thesis

provided in the original paper [58].

Because of memory limitations for the computer system used for training the machine
learning models, it was not possible to load all the MRI volumes into memory simulta-
neously. The Keras [14] library already has data-generators for images useful for large
datasets, but is limited to 2D-image formats such as portable network graphics (PNG)
and joint photographic experts group (JPEG). Dealing with a dataset of Nifti files made it
necessary to create data-generators for training the models. Two similar data-generators

were created for feeding 3D volumes or 2D slices to the neural networks.

4.7 Segmentation mask comparison tool

For this thesis evaluating the segmentation masks by inspection was crucial, as using the
segmentation metrics alone was not sufficient by itself to determine if a segmentation mask
is good or not. Because of this, a simple segmentation mask comparison tool was made.
The proposed tool only concerns inspection and comparison of MRI segmentation masks
and is tailored to the specific needs for this thesis. Further, this made the inspection
process of the segmentation masks substantially more effective. The core use case for
the proposed tool was to compare the ground truth and predicted segmentation masks of

volumes.

The GUI was split into three tabs. The first tab is for comparing the segmentation masks
in slices. The 2D tab consists of a grid of 8 image windows. These image windows include
various tools to control the content of the windows. A slider is added to slide through the
slices of the volume. It is possible to select which anatomical plane to slice through and
present in the window. Further, a camera tool is added to export the current inspected

slice of the window as an image file.

The image windows are established to enable the use of the real/raw MRI volume as
the background, and segmentation masks as an overlay. We can then see how well the
segmentation mask aligns with the corresponding tissues in the real volume. Combo boxes
are added to change the background and overlay volumes. Furthermore, a slider is added

to change the opacity of the overlay.
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A 3D tab is added to generate and render 3D models from the segmentation volumes. A
3D representation of the segmentation masks is quite useful, as it can give a quick overview
of how well the segmentation masks compare without having to slide through them and
inspect each slice. Two rendering windows are added to compare two segmentation masks
in 3D simultaneously. The segmentation masks are visualized in 3D by generating a mesh
from the masks using the marching cubes algorithm, which is discussed in section 2.14.
Because the output mesh is somewhat "blocky" when using the marching cube algorithm,

a button is added which toggles a smoothing function on the mesh.

Two buttons for controlling the camera of the rendering windows are added. One for
resetting the camera to the original view and another to copy the camera transform from
the other render window. Finally, a button for exporting the rendered 3D model to a 3D
file is added. The 3D model can be exported as a ".obj" file which can be used in 3D
game engines and modelling software, ".vtk" file is usually used for scientific purposes or

as a ".stl" file which can be used for 3D printing.

The last tab of the segmentation comparison tool is for metric evaluation of the segmen-
tation masks. This tab is intended to compare the overlay error and pixel accuracy of
two selected segmentation masks. Further, a plot widget is added to compare the seg-
mentation accuracy of two segmentation masks for each slice through the volume. We
can then easily see where the segmentation mask has the most errors, and we get the
insight of where the segmentation models are producing the most errors. Another feature
of the plot widget is the clickable ticks along the plot curve. Clicking a tick brings up
a window illustrating the compared volume slices corresponding to the tick’s x position.
We can then quickly compare and inspect what types of errors lead to a lower accuracy

for a particular slice.

In addition to the plotting window, a metric list is added listing various metrics calcu-
lated over the two selected segmentation masks. The metrics are calculated for the two
segmentation masks are the same metrics listed in table 2.1 in section 2.9.4. The list

allows for a quick overview of how similar the selected masks are numerically.

Page 97 Chapter 4



NTNU Alesund Master thesis

4.8

Software and hardware

When choosing the software tools and software libraries to use for the thesis, some criteria

were set for choosing the correct software tools and software libraries. The criteria set for

the software was how useful it was for the task at hand, prior experience, compatibility

with other software, and documentation. The software used for this thesis is listed here:

Nibabel [9] is a Python library for reading and writing standard neuroimaging file

formats. The library was used extensively to load and save files in the nifti format.

Numpy [53] is a Python library that adds support for multi-dimensional arrays
and matrices. The library also includes much functionality for operating on these

arrays. This library was used a substantial amount when editing the MRI volumes.

PyQt5 [19] is a Python binding library for the cross-platform GUI toolkit Qt. The

library was used to build a segmentation comparison tool.

Visualization toolkit (VTK) [93] is an open-source cross-platform library that
provides developers with an extensive suite of software tools for 3D computer graph-
ics, image processing, and visualization. The Python binding library was used to
generate the 3D meshes from the segmentation masks for the comparison tool. The

libraries PyQt widgets were also used for rendering and visualizing the 3D meshes.

PyQtGraph [12] is a pure-python graphics and GUI. The library includes a lot of
useful plotting widgets for the PyQt platform. The library was used for the plotting

purposes for the comparison tool.

Matplotlib [45] is a Python 2D plotting library which produces publication quality

figures. The library was used for general plotting purposes throughout the thesis.

elasticdeform [107] is pyton library which implements elastic grid-based deforma-

tions for N-dimensional images which is based on [87].

e Pydense [5] is a wrapper library based on [60]. The library was used for 3D DCRF
inference.
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e Keras [14] high-level neural networks API, written in Python. Keras is capable of
using different machine learning libraries as backend, and for this thesis, Tensorflow
[105] is used as backend. Tensorflow is an end-to-end open-source platform for
machine learning. The combination of Keras using TensorFlow as a backend was

used for the machine learning part of this thesis.

e draw.io [71] is an open platform where you can create and share diagrams. The

software was used to draw various figures and illustrations for the thesis.

For training the machine learning models for this thesis an Nvidia RTX 2080 Ti GPU
were used, and most of the testing was performed using an Nvidia GTX 1070 GPU. The
final model evaluation and experiments were performed using a virtual machine on Azure

cloud services.
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Chapter 5: Experiments

This chapter will present the various experiments conducted. Section 5.1 gives details
on an experiment testing if the data augmentation methods are working or not. Further
an experiment testing various loss functions is described in section 5.2. In section 5.3 an
experiment testing various input resolutions for the U-Net architecture is briefed. Finally,

in section 5.4 describes an experiment fragmenting the segmentation task.

5.1 Data augmentation experiment

This experiment will examine how the established data augmentation methods affected
the generalization of the machine learning models. The experiment is motivated by the
assumption that a model trained on the augmented data will generalize equally well for

a limited dataset. This hypothesis will be tested in this experiment.

The experiment is limited to model trained on the T1 MRI images. The experiment is
performed using the 3D U-Net with a resolution of 128 x 224 x 224 as the input size and
220 — 22% as the number of filters for the U-Net multiple stages. Because the augmented
dataset contains 320 samples, the steps per epoch for the non-augmented dataset is set

to the same size as the augmented dataset.
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5.2 Loss function experiment

To find the best-suited loss function for dealing with the class imbalance present in the
dataset a comparison experiment was conducted, testing various loss functions and com-

binations of loss functions.

The loss functions tested were the Dice loss [75] function, WDL, GDL [100], Jaccard
loss, WJL and WCCL. Two combinations of loss functions were also tested, the WDL
function combined with WCCL function and the combination of the WJL function with
the WCCL function. The combo loss function [104] was not tested. Because they use a
binary formulation for the multi-class problem their function could not be implemented

directly for the U-Net implemented in this thesis.

A model configuration was made for each loss function. The experiment was conducted
using the 3D U-Net architecture using 22° — 22* filters following the standard U-Nets

multistage pattern. The input resolution was set to 124 x 224 x 224.

The models were trained on the augmented T1 dataset. For training, the models were
given 12 epochs to train using early stopping, with the patience parameter set to two.
The patience parameter is the number of consecutive epochs with no improvement after
which the training stops. This parameter is used to save time as it pointless training any

further if further training does not lead to any further improvement.

5.3 Resolution experiment

A larger experiment was conducted, testing various input sizes for the 3D U-Net. The
resolution of the segmentation mask is dependent on the resolution of the input. However,
higher resolution input increases memory usage, thus limiting the feasible size of the
model. Therefore, a good balance between input resolution and model size needs to be
established. To optimize for accuracy the GPUs memory limitations were pushed to the

limit.
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To further test how well the 3D U-Net performs on the different weighted MRI images,
a model for each type of weighted MRI images was created for each input resolution. By
doing this, we gain insight into how the model will perform given the various weighted

MRI images and is beneficial information for future work.

To test the average ensemble configuration structure an ensemble of models for each type
of weighted MRI were created for the various input resolutions. The ensembles were also
tested using the weighting parameter to see if it would yield an improvement over just

averaging them equally.

For the training process the models were given 12 epochs to train, and early stopping with
patience of two epochs was used. The models were trained on the augmented datasets
using the combination of the WDL function and the WCCL function. Table 5.1 shows the

resolutions tested as well as the number of filters used and the total number of parameters.

Resolution Filters Parameters

64 x 160 x 160 | [64, 128, 256, 512, 1024] | 90,292,868
96 x 192 x 192 | [38, 76, 152, 304, 604| 31,833,896

128 x 224 x 224 | [22, 44, 88, 176, 352] 10,671,368
160 x 256 x 256 | [14, 28, 56, 112, 224] 4,322,168
192 x 288 x 288 | [8, 16, 32, 64, 128] 1,411,796

Table 5.1: Resolution experiment parameters.

5.4 Fragmented segmentation experiment

An assemble-configuration was created to assemble the output from models trained for
each class individually. This method is using a divide and conquer strategy and the
segmentation task is then split up into three segmentation tasks, where each model will

segment an individual class.
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For the ACL and ACL segment classes the volumes are cropped to the area which the
segment class usually occupy. The cropping parameters are extracted by finding the
extreme points for each segment class. Since the segment classes reside in various locations
for each data sample, the cropping parameters are decided by the global extreme-points
for the whole dataset. Further, safety margins are added to the cropping parameters, to
account for possible future data having lower or higher extreme points of the segment

classes. The following table shows the cropping parameters and input resolutions:

Sagittal crop | Coronal crop | Axial crop | Input resolution

Bone | None None None 124 x 224 x 224
PCL | 78 —174 117 =277 71 —263 96 x 160 x 192
ACL | 95 —191 151 —279 85 —309 96 x 128 x 224

Table 5.2: Fragmented model parameters

For each segment class an ensemble of models is created. The bone model is trained using
the 3D U-Net using 22 x 20 — 22 x 2% as the filter parameters. As the input size of the
ACL and PCL were smaller than the input size for the bone segment class the number of
filters were set to 32 x 2° — 32 x 2. The models were trained using the combination of

the loss functions WDL and WCCL on the augmented datasets.

The motivation for this experiment is that a single model might provide higher accuracy
when the model’s convolutional layer filters only have to be trained to segment a single
class. Another advantage is the increased resolution of the segmentation masks, as the
segmentation maps for at least the ACL and the PCL segment classes will be the same
resolution as their original resolution. Due to the smaller input size, the model size can be
increased without exceeding the memory limits, It also removes the need to down-sample
the input volumes. The class imbalance also decreases, as a substantial amount of the

background is cropped away.
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Chapter 6: Results

This chapter will present and briefly discuss the results from the methods and experiments.
The metrics used in this section is explained and discussed in section 2.9. Section 6.1 will
showcase the segmentation mask evaluation tool. Section 6.2 presents the results from
the data augmentation experiment. Section 6.3 presents the results from the loss function
experiment. Section 6.4 presents the results from the resolution experiment. Section 6.6
presents and discusses the results for the use of DCRF as an post-processing filter for two
of the segmentation models. Finally, 6.7 presents a visual inspection of the results and

findings.

6.1 Segmentation mask evaluation tool

In this section, the segmentation comparison tools GUI will be presented. The images
presented were taken on a desktop computer with a screen resolution of 1920 x 1080.
Figure 6.1 illustrates the 2D visualization tab, showing an example. The top row shows
the ground truth segmentation mask. The bottom row shows the predicted segmentation
mask of the same knee. The first column shows the knee in the sagittal plane, the second
column, in the coronal plane, the third column, in the axial plane, and the last the mask,

without a background in the sagittal plane.
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Figure 6.2 illustrates the 3D visualization tab showing a comparison of two smoothed
3D models generated by the same two segmentation masks illustrated in figure 6.1. The
ground truth segmentation model is illustrated on the left, and the prediction model on

the right.

The segmentation mask evaluation tab is illustrated in figure 6.3, and shows the evaluation
of the two masks previously illustrated in figure 6.1 and 6.2. Finally, in figure 6.4 we see

an example of the comparison window which appears when one of the ticks are clicked.

Figure 6.1: Image showing the tab for 2D visual comparison. This example show the

ground truth slices on the top row, and prediction on the bottom row.
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Figure 6.2: Image showing the tab for 3D visual comparison. This example show the

ground truth on the left, and prediction on the right.

Figure 6.3: Image showing the tab for evaluation of segmentation masks. The graph

shows the Dice coefficient for every slice along the sagittal plane, comparing a ground

truth mask with a prediction mask.

Page 106 Chapter 6



NTNU Alesund Master thesis

Figure 6.4: Image showing the comparison window when clicking a tick on the graph.

This example show the ground truth on the left, and prediction on the right.

6.2 Data augmentation experiment

Figure 6.5 shows the graphs of how the Dice scores of the two models developed throughout
12 epochs. The graph in figure 6.5a illustrates the model trained on the non-augmented
dataset, and figure 6.5b illustrates the graph for the model trained on the augmented
dataset. The models converge after only three epochs. This also demonstrates the utility
of early stopping, as it is pointless to train the model when it no longer improves. Table

6.5 the results from this experiment, where 4+ denotes STD.

Accuracy Dice Jaccard

Augmented 0.99657 = 0.00087 | 0.99314 £ 0.00173 | 0.98638 £ 0.00341

Non-Augmented | 0.99505 £ 0.00256 | 0.99015 £ 0.00332 | 0.98045 4 0.00716

Table 6.1: Accuracy comparison between models trained on augmented and non-

augmented datasets.
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Figure 6.5: Model Dice score development over 12 epochs for models trained on non-

augmented and augmented datasets.

6.3 Loss function experiment

The models trained using the Dice loss, GDL, Jaccard loss, and the WJL function did
not surpass a local minimum, and only returned blank segmentation masks consisting
exclusively of background voxels. The same models also stopped after two to three epochs

showing no improvement.

Figures 6.6a and 6.6b show that the model trained using a loss function combining a cross-
entropy term and an overlapping term performed very similarly. Both models performed
almost exactly the same, and the model trained with the WDL ended up with an average
validation Dice score of 0.99507, compared to the model trained using the WJL function,
which scored 0.99488.

As seen in figure 6.6¢, the model trained on the WCCL loss function was quite unstable,
evident from the highly fluctuating validation score. The training score is steadily climbing
and has not plateaued yet. The training Dice score for the model trained on the WCCL
function ended up at 0.92569, and the validation score at 0.95490. To investigate if the
WCCL function would have performed better if given more epochs to train, the model
was retrained, but initialized with the network-weights gathered from the model trained
using the combination of WCE and weighted WDL as the loss function. The retrained

model ended up with a validation score of 0.9946.

Page 108 Chapter 6



NTNU Alesund

Master thesis

How the WDL function performed in this experiment can be seen in figure 6.6d. The

WDL function plateaued and ended up on a validation Dice score of 0.99105, before it
dipped down to 0.906475.
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Figure 6.6: Model Dice score development for models trained with different loss functions.

Figure 6.7 illustrates an example segmentation mask by the different models. From the

figure, we see that the combo loss functions are producing plausible results when compared

to the models trained on the WCCL and WDL functions.
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(a) Ground truth

£ 4

(b) WCCL and Weighted Dice (¢c) WCCL and Weighted Jaccard

4

(d) WCCL (e) Weighted Dice

Figure 6.7: Output mask from models trained on different loss functions compared to the

ground truth.
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6.4 Resolution experiment

In the tables 6.2, 6.3 and 6.4, the five different input resolutions tested in the experiment
are numbered from 1 to 5. The ensemble is abbreviated to ens and the weighted ensemble
is abbreviated to wens. Table 6.4 presents the results from all of the models trained for

this experiment.

Table 6.2 show the average scores for the models trained on different weighted MRI and
the ensemble models. From the table, it seems like the U-Net performs the worst when
segmenting the FS weighted images, and performs the best with the T1 weighted images.
The ensembles model accuracy seems to be weighted down by the FS and PD images
scoring lower than the T1 images. Also, the weighted ensembles do not seem to improve

the segmentation by much over the regular ensembles.

Accuracy Dice Jaccard

fs 0.99153 + 0.00076 | 0.98305 £ 0.00151 | 0.96686 4 0.00286
pd 0.99268 + 0.00261 | 0.98535 £ 0.00522 | 0.97123 4+ 0.01006
tl 0.99651 + 0.00014 | 0.99295 + 0.00032 | 0.98615 £ 0.00054
ens 0.99601 + 0.00022 | 0.99202 £ 0.00045 | 0.98418 4 0.00088
wens | 0.99603 £ 0.00022 | 0.99205 £ 0.00044 | 0.98425 4 0.00086

Table 6.2: Average scores for the models trained on different weighted MRI images and

ensemble models.

Table 6.3 show the average scores for the models trained using the different input reso-
lutions. It seems like a middle ground between input resolution and model parameters
is the obvious choice. However, we do see that the highest input resolution yielded the

highest scoring T'1 model and ensemble models.
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Accuracy

Dice

Jaccard

Resolution 1

0.99455 + 0.00211

0.98911 4 0.00422

0.97854 + 0.00812

Resolution 2

0.99489 + 0.00181

0.98970 £ 0.00356

0.97983 + 0.00701

Resolution 3

0.99536 £ 0.00144

0.99071 4 0.00288

0.98165 + 0.00560

Resolution 4

0.99341 £ 0.00333

0.98682 £ 0.00665

0.97415 £ 0.01284

Resolution 5

0.99454 £ 0.00232

0.98909 £ 0.00463

0.97850 £ 0.00901

Table 6.3: Average scores for the models trained with different input resolutions.

A visual comparison of the weighted ensembles can be seen in figure 6.8. From this exam-
ple we do see that the higher resolution models have produced a more noisy segmentation
mask. The higher resolution segmentation masks contain artefacts like small islands and
mislabelling. The lower resolution mask suffers from pixelation and does not appear as
smooth as the higher resolution masks. The higher resolution models also seem to be
able to capture some of the finer details. For example, how the PCL is detached from the
tibia. For the eager reader, section 9.4 in the appendix presents how all the models of the

experiment performed on the same example in figure 6.8.
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Accuracy Dice Jaccard

fs 1 0.99051 4 0.00585 0.98102 £ 0.01171 0.96301 £ 0.02222
pd 1 0.99445 4 0.00192 0.98890 + 0.00386 0.97808 £+ 0.00754
t11 0.99630 + 0.00049 0.99261 + 0.00097 0.9853 £+ 0.00192
ens 1 0.99574 + 0.00124 0.99149 + 0.00249 0.98313 4+ 0.00488
wens 1 | 0.99576 + 0.00123 0.99152 4+ 0.00246 0.98320 4 0.00483
fs 2 0.99159 + 0.00498 0.98317 4+ 0.00996 0.96709 4+ 0.01903
pd 2 0.99430 %+ 0.00190 0.98860 =+ 0.00380 0.97749 4+ 0.00741
tl 2 0.99649 + 0.00063 0.99298 + 0.00126 0.98607 4 0.00248
ens 2 0.99602 + 0.00136 0.99205 4+ 0.00273 0.98424 4+ 0.00535
wens 2 | 0.99604 4+ 0.00135 0.99207 + 0.00271 0.98428 4 0.00532
fs 3 0.99267 + 0.00404 0.98533 £ 0.00809 0.97121 4+ 0.01565
pd 3 0.99505 + 0.00181 0.99010 % 0.00361 0.98042 4+ 0.00707
t13 0.99657 + 0.00086 0.99314 + 0.00173 0.98638 £+ 0.00341
ens 3 0.99624 4+ 0.00145 0.99249 + 0.00290 0.98510 £+ 0.00570
wens 3 | 0.99625 4+ 0.00145 0.99249 + 0.00289 0.98512 4+ 0.00569
fs 4 0.99094 + 0.00600 0.98188 + 0.01200 0.96467 £+ 0.02279
pd 4 0.98807 £+ 0.00408 0.97613 £+ 0.00815 0.95350 £+ 0.01558
tl 4 0.99648 + 0.00093 0.99295 £+ 0.00185 0.98601 £ 0.00365
ens 4 0.99577 + 0.00147 0.99153 £+ 0.00295 0.98322 £ 0.00579
wens 4 | 0.99580 + 0.00146 0.99160 + 0.00292 0.98336 4+ 0.00573
fs 5 0.99193 + 0.00415 0.98385 + 0.00830 0.96834 4+ 0.01593
pd 5 0.99151 + 0.00284 0.98303 %+ 0.00568 0.96668 4 0.01095
t1 5 0.99672 4+ 0.00074 | 0.99344 + 0.00148 | 0.98697 + 0.00291
ens 5 0.99627 + 0.00109 0.99254 4+ 0.00219 0.98520 4 0.00430
wens 5 | 0.99629 + 0.00108 0.99259 + 0.00216 0.98529 4 0.00425

Table 6.4: Resolution experiment all results.
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) Ground truth b) Weighted ensemble 1

c) Weighted ensemble 2 d) Weighted ensemble 3

e) Weighted ensemble 4 f) Weighted ensemble 5

Figure 6.8: Zoomed in example showing output mask from the weighted ensemble models

trained using different input resolutions.
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6.5 Fragmented segmentation experiment

The numerical results for fragmented segmentation experiment can be seen in table 6.5.
We see that the best model for this experiment scored somewhat lower than the best
model of the resolution experiment. Also, we noticed a similar trend to the resolution
experiment, where the F'S models performed the worst, and the T1 performed the best.
However, we do see that the ensemble model performs more similarly to the T1 model for

this experiment.

Accuracy Dice Jaccard

fs 0.99256 + 0.00412 0.98513 %+ 0.00824 0.97082 + 0.01594
pd | 0.99590 £ 0.00183 0.99181 4 0.00365 0.98377 + 0.00716
tl | 0.99665 £ 0.00073 | 0.99329 + 0.00146 | 0.98668 + 0.00288
ens | 0.99652 £ 0.00134 0.99305 + 0.00267 0.98621 £+ 0.00526

Table 6.5: Accuracy comparison between different fragmented models

From figure 6.9 we see from a zoomed in example that the fragmented model produces
higher resolution masks for the ACL and PCL segment classes compared to the bone
mask. The ACL and PCL masks appear less jagged overall than the bone mask. Even
though this is another example, we see little to no noise in the mask compared to the
masks produced by the models for the resolution experiment. The low noise levels might
be a result of the fragmentation of the models, which makes each model more focused on

the segmentation of the associated segment class.
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) Ground truth

) FS Model ) PD Model
) T1 Model ) Ensemble Model

Figure 6.9: Zoomed in output examples from different assemble models.
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6.6 Dense conditional random fields

It was found that the score sometimes deteriorated using the same DCRF parameters on
various models. Because of this, a parameter search seemed necessary for each model. As
a consequence, the DCRF were only tested on two models. The first is the best model
from the resolution experiment, the T1 model with an 192 x 288 x 288 input resolution.

This model will now be abbreviated T1%*.

The second model to test, was the fragmented model, as it produced high-resolution
segmentation masks for the ACL and PCL segment classes. But because the resolution
experiment typically showed superior results for the models when using higher resolution
inputs, the fragmented model was updated. The models segmenting the bones were
replaced with new models having 192 x 288 x 288 as the input resolution. Instead of
using only the T1 models, the ensembles were used. The contribution of each model was
also weighted since the weighted ensemble improved the score slightly. For simplicity, the

aforementioned model will go by the name updated model.

The results using the DCRF are presented in table 6.6. We see that the DCRF does not
improve the updated models scores by much, but improves the T1* a small amount. We
found the best prediction mask of the T1* model achieved a Dice score of 0.99553, and
the worst a Dice score of 0.99270. Updating the model gave the best prediction mask a
Dice score of 0.99589 and the worst prediction Dice score of 0.98844.

In figure 6.10 we see an example of how the DCRF inference model filters the segmentation
map produced by the T1* model. Even though the segmentation map is quite confident
about its voxel labels, we can see how refined the confidence map is around the contour of
the various shapes. Also, the small island near the patella is filtered away. Furthermore,

the noise around the PCL and ACL area for the bone confidence map has been filtered.
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Accuracy

Dice

Jaccard

Updated

0.99673 = 0.00128

0.99347 £ 0.00256

0.98703 4= 0.00503

Updated DCRF

0.99675 = 0.00131

0.99351 £ 0.00262

0.98711 4 0.00516

T1* 0.99672 4+ 0.00074 | 0.99344 4+ 0.00148 | 0.98697 4+ 0.00291
T1* DCRF 0.99723 4+ 0.00052 | 0.99445 4+ 0.00103 | 0.98897 4+ 0.00204
Table 6.6: Results from the DCRF experiment.
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Figure 6.10: Example heatmaps for DCRF. The left column shows the heatmap and the
unary energy before the DCRF inference. The second column shows the final segmentation
map after the DCRF inference. The first row illustrates the heatmaps for ACL, the second
PCL, the third bone, and the fourth background.
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6.7 Visual inspection

In this section we will take a look at some of the segmentation masks generated using
the models discussed in the previous section to select the best model. It is important to
inspect the segmentation masks visually, as the numerical scoring can be deceiving. As
the PCL and ACL classes are astronomically small they were also hard to numerically
score. A more generalized model, producing a smoother output mask is preferred over a

model producing higher scoring noisy masks.

It was found that some of the masks was shifted to the right of the contour of the T1
weighted image, as is illustrated in figure 6.11. This problem only occurred with the
updated model, and not the T1* model. On further inspection it was found that some of
the PD and FS weighted images were not correctly aligned with the T1 weighted images,
which likely made the PD and FS models predict the segmentation mask further to the
right than it should be. After removing the two most severely misaligned samples from

test dataset, the updated model achieved an average Dice score of 0.99507.

Figure 6.11: Shifted segmentation mask
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When investigating the results further, we see that the models seem to generalize more,

and are unable to capture some of the fine details of the segmentation masks. One example

of this is illustrated in the following figure.

(a) Ground truth mask (b) Fragmented models prediction mask

Figure 6.12: ACL Comparison

This generalization also “fixed” some of the human errors present in the test data. When
comparing the ground truth masks to the prediction masks for the final evaluation, it was
found some artifacts and human errors in the ground truth masks. The most common
types of artifacts in the ground truth images where small inconsistencies and non-smooth
surfaces. Two instances of human error where the segmentation mask did not cover the
whole upper part of the femur bone of the images. Another human oversight was how
some of the ground truth masks were very noisy, having small floating islands of voxels
randomly positioned throughout the volume. Figure 6.13 illustrates an example of a
ground truth mask containing much noise. On inspection, we found that our models did
not reproduce these artifacts, and the segmentation masks produced contained less noise

than their ground truth counterparts.
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(a) Ground truth mask (b) Fragmented models prediction mask

Figure 6.13: Example of noisy ground truth mask compared to prediction.

(a) T1* model prediction mask (b) Fragmented model prediction mask

Figure 6.14: Mask comparing

When comparing the updated model to the T1* model, we found that the results of the
updated model were producing superior segmentation masks, even though the T1* model
scored higher. In figure 6.14we can see an example where the T1* model produced an

inferior mask for the PCL and ACL segment classes. And for this example, the fragmented
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model achieved a Dice score of 0.99075, while the T1* model scored 0.99522. We see that
the updated model produces a superior segmentation mask for this specific knee, despite

having a lower score.

6.7.1 Anomalies

One anomaly that was only present in one sample was how parts of the lower portion of
the fibula were missing. This anomaly occurred in both the updated and the T1* model,
and is shown in figure 6.15a and 6.15b. The anomaly was less severe in the segmentation
mask produced by the fragmented model. On inspection of the T1, PD and FS weighted
images, we saw that the voxels at the lower part of the fibula on this particular sample

was a bit darker compared to other samples.

a) Fragmented model b) T1* model
(a) Frag

Figure 6.15: Fibula anomaly
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Another anomaly that was present in one of the testing samples was an extra part of
bone, in the proximity of the fibula. This extra bone might be an accessory bone or
supernumerary bone. This anatomical anomaly is not common. The anomaly is illustrated
in figure 6.16, and can be seen on the left side of the fibula head. None of the trained
models segmented the extra bone. This was probably because none of the training samples

had any similar anatomical anomalies.

Figure 6.16: Fibula accessory bone anomaly

6.7.2 Final results

The best scoring segmentation mask from the fragmented model is presented in 2D in
figure 6.17, and in 3D in figure 6.18. For the eager reader, all the fragmented models
predicted segmentation masks are compared to their ground truth counterparts in section

9.5 of the appendix.
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(a) Example slice in sagittal plane (b) Example slice in coronal plane

(c) Example slice in axial plane

Figure 6.17: Example slices of best segmented mask.
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(a) Segmented mask in 3D (b) Segmented mask in 3D smoothed

Figure 6.18: 3D presentations of the best segmented mask.
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Chapter 7: Discussion

This chapter will discuss and evaluate the proposed methods and also assess the results
concerning the research questions. In section 7.1, the proposed methods are discussed and
evaluated. Furthermore, in section 7.2, we discuss the research questions for this thesis,

which were stated in the introduction of the thesis.

7.1 Evaluation

This section will discuss the results and findings of the methods, tools and the experiments

conducted.

7.1.1 Segmentation configuration platform

The lightweight MRI segmentation platform developed for this thesis has proven to be
useful for the segmentation task of this thesis. The platform was heavily used for experi-
mentation and simplified the workflow significantly. However, the platform was developed
specifically around the knee joint segmentation task and has not been tested on any other
segmentation tasks. The implemented features and methods are tailored and selected for
this specific task. Adapting the platform for other segmentation tasks would require some
work, but should not present any significant problems. Given a new segmentation task
new features may also be necessary, but due to the flexibility of the platform, it should

be possible to extend.
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7.1.2 Segmentation evaluation tools

The segmentation evaluation tools were used extensively throughout the final testing
stages of the thesis. However, the features of the tool are tailored to the needs for this
thesis and might lack features necessary for other tasks. The 3D visualization was quite
useful, as it was possible to inspect whole segmentation masks very quickly without having
to check the slices individually. The 2D inspection tool was beneficial when comparing
how well the segmentation masks fit their real MRI image counterparts. The evaluation
tool was also quite valuable, as it was possible to see where in a predicted volume and

which slices were the least accurate.

7.1.3 Data augmentation

The data augmentation methods improved the model’s ability to generalize. We saw that
the model trained on the non-augmented dataset was overfitting by some degree. The seg-
mentation task does not seem to be dependent on a large amount of data. This is probably
because the data is very similar, and because the U-Net is a fully convolutional neural
network, which is quite robust against overfitting. Given more data, the augmentation

methods may be unnecessary.

7.1.4 Loss functions and loss experiment

The results showed that many of the loss functions were incapable of training the model.
The reason might be that the loss functions were not able to deal with the heavy class
imbalance present in the dataset. Another reason could be that the hyper-parameters

used for our networks might work for some loss functions, but not for others.

We found that both the WDL and the WJL combined with the WCCL function performed
very similar. The difference between their performance was negligible and was within
margin of error. We also found that the WCCL performed similar compared to the

combination functions, but required significantly more training epochs to converge.
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It was somewhat unexpected that the model using GDL function was not able to get past
the local minimum. The only difference from the WDL function proposed are the way it
is weighted. The GDL weighting scheme weights the smaller segment classes higher than
the proposed WDL function. The difference in weighting could potentially be the reason
why the model trained using the WDL was somewhat successful, and the model trained

using the GDL was not.

It was found that a combination of weighted categorical cross-entropy and weighted over-
lap term for the loss function using the appropriate weighting was able to deal with the
massive class imbalance of the data. This is probably because of the combination of an

overlapping term and a cross-entropy term

7.1.5 Resolution experiment

From the resolution experiment, we found that the 3D U-Net did not require many pa-
rameters to achieve sufficient accuracy. This discovery was somewhat unexpected as the

MRI images of the knee joints are large and contain a lot of information.

We found that using an input resolution of 128 x 192 x 192 performed best on average. A
balance between model parameters and input resolution yields the optimal performance.
The reason for this is probably because using too few filter parameters the network is not
able to properly learn the underlying features of the images, and by using a lower input

resolution prunes too much of the information in the images.

However, we also found that the ensemble models benefited from using higher input
resolution. And on inspection, we found that the ensemble models were able to average
out a lot of the errors the individual models produced. We also found that the weighted
ensemble models did not seem to improve the performance by much. However, it might
be possible to further improve the performance of the weighted ensemble by doing a
weighting search trying different weightings to find the optimal weightings of the model’s

contribution to the ensemble.
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From the experiment, we also found how the models trained on different weighted MRI
images compared. Because of the alignment issue, the results are not entirely accurate.
However, it could be the case that the models trained on the T1 images are better overall

as they seem to highlight the anatomical structures better.

7.1.6 Fragmented model

It seems like it is beneficial to split up the segmentation task into several tasks for each
segment class. We found that the model was better at segmenting the ACL and PCL
classes than the other models. This is probably due to the higher number of parameters
for the models trained on these classes. By splitting up the segmentation task, we were

also able to produce higher resolution segmentation masks.

However, comparing the fragmented model to the other models, there is a trade-off be-
tween model accuracy, complexity, training and inference time, and output resolution.
Where the fragmentation method is far more complicated as it is necessary to train sep-
arate models for each segment class, which increases the training and inference time and
also take up more space on the hard-drive as the weights for each model has to be stored.
The fragmented models also introduce an extra step of pre-processing as the cropping

dimensions for the different classes had to be found.

7.1.7 Dense conditional random fields

It seems like the 3D DCRF was somewhat unnecessary for the fragmented model. The
DCRF process was only able to improve the accuracy of the fragmented model by an
insignificant amount. This lack of improvement was probably because of the ensemble
averaging had already dealt with filtering out the noisy parts of the segmentation map,

and the segmentation map’s appearance.

When using the DCRF process over the segmentation maps produced by the T1* model,
the Dice score improved to some extent. The DCRF inference process seem more beneficial

for the individual models than the ensemble models.
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The parameter search that was performed was short and limited to a small range for each
parameter. Performing a broader search could potentially find better-suited parameters,

and consequently, improve the performance of the DCRF inference processes further.

As previously discussed the inference process of the DCRF models was also quite slow.
However, speed is not critical for the segmentation process. It should not be too much of
an issue when used in a real-world application. Another problem with the DCRF inference
process was memory usage. The DCRF process required a lot of system memory when

inferring over the volume using the original resolution.

7.1.8 Final Results

It was recognized a bit too late that some of the MRI images were not properly aligned.
It was assumed that the data provided was correctly aligned for all the images. And
because the ground truth segmentation masks are painted using the T1 weighted images
as background templates, the results are a bit skewed and biased towards models trained
on the T1 data. However, there was insufficient time to do an extensive investigation
of the severity of the issue, and if the issue affected the training sets as well. Given
more time, it would be interesting to see if the results would be any different with a new
realigned dataset. Nonetheless, we could see from the results that the proposed methods

produced good segmentation masks.

We saw that the ensemble averaging did not improve the numerical result by much,
but upon inspection, it was observed that the masks produced by the ensemble model
contained less noise. However, the weighting did not improve the score appreciably. A
search could be implemented to learn the appropriate weights for the different models in

the ensemble.

Because of the alignment problem, it could be argued that it would be better to only
ensemble models trained on the T1 weighted images. However, by ensembling models
trained on different weighted MRI images, we can utilize different representations of the

anatomical structures for a less biased segmentation map.
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On inspection, the masks looked reasonable. The segmentation masks do not have to
be perfect, as they can be modified and fixed at a later stage. The machine learning
algorithm gives a good estimation. It was also noted during meetings and consultation
that the algorithm, in some cases, gave a better segmentation in some areas than the

ground truth.

7.2 Goals

The overall research goal of this thesis was to propose and develop methods and tools for
segmentation of MRI images of the knee joint anatomy using deep learning techniques.
It was desired that the methods for use for the segmentation would yield relatively good

accuracy for the segmentation task.

7.2.1 Segmentation accuracy

The proposed segmentation methods achieved an overall Dice score of 0.995 on the seg-
mentation task for the best model. As previously discussed, semantic segmentation can
be challenging to score numerically. On inspection, we saw that the segmentation masks
produced by our models were quite good. We also found that the segmentation masks

produced by the proposed methods were better in some regards.

However, it is not critical that the models produce perfect segmentation masks, as errors
are possible to be controlled for and fixed at a later stage. Nevertheless, given new and
more data with the issues addressed, we believe the proposed segmentation methods will
produce results with even better accuracy. Finally, some of the segmentation masks were

evaluated by an expert at from Sunnmgre MR-Klinikk their feedback was positive.
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7.2.2 Adaptability

The methods explored in this thesis have been proven to work for segmenting three dif-
ferent segment classes of MRI images of the knee joint anatomy. The methods were
unfortunately not tested on any other segmentation task, but given how similar MRI
images of different joint structures are, it should be possible to apply the same methods
for similar types of data. For example, MRI images of the shoulder joint are probably

solvable given the methods proposed.

7.2.3 Real world application

The segmentation comparison tool seems to be somewhat ready for real-world applica-
tions, as it has been successfully compiled and tested on five different Windows computers.
However, the tool did have some scaling issues for some of the GUI components when
tested on laptops. The tool has also not been extensively tested on other data, but the
tool was tested on a segmentation example of the liver and was capable of loading it and

displaying the data both in 2D and 3D.

For the segmentation platform, the configuration file structures might need some docu-
mentation if others are going to use it, as parts of it might not be beginner-friendly. The
platform also might need some changes as some of the features were hastily implemented,

and are not very intuitive to use.
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Chapter 8: Conclusion

In recent years semantic segmentation methods using deep learning methods have been
developed for segmentation tasks for different biomedical images. This thesis has further
explored how to utilize some of these new methods in regards to MRI images of the
anatomical structures of the knee joint. Specifically fully convolutional 3D U-Net and 3D

DCRF have been used to produce dense segmentation masks for the MRI images.

Furthermore, several different experiments have been conducted, giving insight and a
better understanding of how to further develop and implement methods to use for future
segmentation problems. A platform for MRI segmentation has been developed, which
allows for designing different model pipelines using configuration file structures. A seg-
mentation tool has been developed for evaluating MRI segmentation masks visually in 2D

and 3D.

Some of the preliminary work for the segmentation part of the collaborative project be-
tween NTNU, Sunnmgre MR-Klinikk and Alesund Hospital has been carried out, and
a flexible platform for MRI segmentation has been established. The work of this thesis
has been a learning experience, and has given insight on where to proceed next for the

project, and also what needs to be improved on in the future.
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8.1 Contributions

To our knowledge, the proposed combination of loss functions has not been covered in
any of the literature. For this problem, the combination of the proposed loss functions
seemed to work better than the other functions from literature which they were tested
against, but we cannot assume that the proposed loss functions will work better for other

segmentation tasks.

8.2 Future work

This task has revealed the potential for a segmentation platform for the collaboration
project. However, there is still room for improvements. A list has been made to address
aspects of this thesis that can be further improved and explored and can hopefully inspire
future work and possibly new ideas for a future thesis. The list of these possible directions

for further improvement and development are given below.

e Test the proposed segmentation methods on new segment classes and new
data. As of the writing of this thesis the segmented classes of the data was limited
to bone, the PCL, and the ACL. However, the plan for the collaboration project
is to segment the different anatomical classes for the whole knee. The dataset was
also tiny, meaning further improvements can be achieved given more data to train

the models.

The collaboration project will also be extended to other parts of the human body,
including the shoulders. It would be interesting to see how well the proposed meth-

ods in this thesis would perform on new data covering different anatomical parts of

the body.

e Improve the segmentation method by finding the better parameters A lot
of the choices for the parameters of the proposed method were based on intuition
because of time constraints. The proposed method can probably be further improved

by optimizing the parameters using parameter search methods.
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e Scale the proposed methods on better or future hardware. Even though
the proposed methods are performed on quite good hardware, there is still room
for improvement, as demonstrated by the fact that the proposed methods were in
some cases limited by GPU memory. To further improve the segmentation mask,
we suggest increasing the resolution and the number of network parameters to some

extent.

e Implement and test other CNN architectures. In this thesis, the U-Net was
the focused CNN architecture. However, it could be interesting to see how other
CNN architectures would handle this problem in combination the methods proposed

in this thesis.
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Chapter 9: Appendix

9.1 Experiment 2D U-Nets

Some of the initial experimentation for this thesis was conducted using 2D U-Nets. The
implemented networks followed the same structure as the original U-Net. The initial and
naive approach was feeding the network with slices taken from the sagittal plane with a
resolution of 400 x 400. However, the U-Net was only able to learn to segment the bone

segment class.

The second approach was to split the segmentation task into three different models, one
for each segment class cropping out the region each segment class occupies. By this
approach, the networks managed only sometimes to learn to segment the ACL and PCL
classes. The segmentation by 2D U-Nets compared to segmentation by 3D U-Nets for this
specific segmentation problem was quite bad in comparison. Because of time limitations
and the superior performance of the 3D, U-Nets the use of 2D networks was not further

explored.

9.2 GUI images

As discussed in section 4.7 the 3D models can be exported and be used in 3D software.

Here we present how the 3D models can be used for various applications.
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Figure 9.2: 3D model exported to .fbx format from blender and imported to Unity.

The 3D models could also be exported to the .stl format and be 3D printed. For the .stl
format the 3D model is split into 3 different models for the segment classes. The following

images illustrate the exported .stl models ready to be printed.
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File's units

Figure 9.3: 3D model of the bone exported to .stl format and opened in Microsofts 3D

printing software

File's units

Units

Figure 9.4: 3D model of the PCL exported to .stl format and opened in Microsofts 3D

printing software
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Figure 9.5: 3D model of the ACL exported to .stl format and opened in Microsofts 3D

printing software
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9.3 Alignment issue

(b) FS 1

Figure 9.6: Example showing the alignment issue for corresponding T1 and PD volume.

9.4 Resolution experiment images
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) Ground truth ) FS1
) FS 2 ) FS 3
) FS 4 )FS5

Figure 9.7: Zoomed in example showing output from FS models trained using different

input resolution.
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) Ground truth )PD 1
) PD 2 ) PD 3
) PD 4 ) PD 5

Figure 9.8: Zoomed in example showing output from PD models trained using different

input resolution.
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) Ground truth (b) T11

) T12
) T1 4

Figure 9.9: Zoomed in example showing output from T1 models trained using different

(d) T13

(f) T15

input resolution.
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) Ground truth ) Ensemble 1

) Ensemble 2 ) Ensemble 3

) Ensemble 4 ) Ensemble 5

Figure 9.10: Zoomed in example showing output from ensemble models trained using

different input resolution.
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9.5 Final fragmented model comparison images

) Ground truth mask b) Fragmented model prediction mask

Figure 9.11: Comparison DL005

) Ground truth mask b) Fragmented model prediction mask

Figure 9.12: Comparison DL006
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(a) Ground truth mask (b) Fragmented model prediction mask

Figure 9.13: Comparison DL0O07

(a) Ground truth mask (b) Fragmented model prediction mask

Figure 9.14: Comparison DL015
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) Ground truth mask b) Fragmented model prediction mask

Figure 9.15: Comparison DL016

) Ground truth mask b) Fragmented model prediction mask

Figure 9.16: Comparison DL017
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(a) Ground truth mask (b) Fragmented model prediction mask

Figure 9.17: Comparison DLO18
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