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dra Pižurica and prof. dr. Emmanuel Audenaert, for both providing me with this interesting
research topic and consistently demonstrating their interest in my progress throughout the year.
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Abstract

With the increasing availability of labelled data, advancements in computing power, and contin-
uous technical improvements, the use of convolutional neural networks (CNNs) in the develop-
ment of automatic segmentation methods has witnessed a remarkable increase. However, a lot
of research showing promising results utilising CNNs focus on a specific region of interest (ROI).
Furthermore, existing approaches for whole-body computed tomography (CT) images, including
both traditional methods and deep learning (DL) based techniques, suffer from either compro-
mised accuracy or inadequate speed. This study presents a novel workflow, which is simple yet
fast and accurate, to segment the major bones of the lower limb region on a whole-body CT scan,
thereby broadening the scope of analysis beyond ROIs and improving both accuracy and speed.
The use of these bone segmentations can enhance the diagnosis and assessment of bone diseases,
aid in treatment planning, and promote further research. This thesis specifically concentrates on
creating bone segmentations from healthy patients, aiming to facilitate further research efforts.
The developed workflow encompasses two stages, both leveraging the 3D-UNet architecture. In
the initial step, the workflow facilitates the localisation of the ROIs, while the subsequent stage
focuses on achieving precise segmentations. With a processing time of under 15 seconds, this
method efficiently analyses whole-body CT scans, yielding precise segmentations of the pelvis,
femur, tibia, and fibula. The method achieves an average Dice similarity coefficient (DSC) of
0.978 outperforming most of the state-of-the-art methods. Results are further evaluated and
discussed from a technical and clinical viewpoint. In addition to the segmentation workflow, a
novel data augmentation technique has been developed to generate new shape and image pairs
that adhere to population statistics. This method leverages FlowSSM to generate nonaligned
shapes and incorporates a TSP warp to create corresponding medical images. Although this
augmentation technique was not specifically applied in our segmentation application, future DL
methods could potentially benefit from its implementation.

Index Terms: Segmentation, deep learning, computed tomography, data augmentation
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Abstract—With the increasing availability of labelled data,
advancements in computing power, and continuous technical
improvements, the use of convolutional neural networks (CNNs)
in the development of automatic segmentation methods has
witnessed a remarkable increase. However, a lot of research
showing promising results utilising CNNs focus on a specific
region of interest (ROI). Furthermore, existing approaches for
whole-body computed tomography (CT) images, including both
traditional methods and deep learling (DL) based techniques,
suffer from either compromised accuracy or inadequate speed.
This study presents a novel workflow, which is simple yet fast
and accurate, to segment the major bones of the lower limb
region on a whole-body CT scan, thereby broadening the scope
of analysis beyond ROIs and improving both accuracy and speed.
The use of these bone segmentations can enhance the diagnosis
and assessment of bone diseases, aid in treatment planning, and
promote further research. This thesis specifically concentrates
on creating bone segmentations from healthy patients, aiming to
facilitate further research efforts. The developed workflow en-
compasses two stages, both leveraging the 3D-UNet architecture.
In the initial step, the workflow facilitates the localisation of the
ROIs, while the subsequent stage focuses on achieving precise
segmentations. With a processing time of under 15 seconds,
this method efficiently analyses whole-body CT scans, yielding
precise segmentations of the pelvis, femur, tibia, and fibula. The
method achieves an average Dice similarity coefficient (DSC)
of 0.978 outperforming most of the state-of-the-art methods.
Results are further evaluated and discussed from a technical
and clinical viewpoint. In addition to the segmentation workflow,
a novel data augmentation technique has been developed to
generate new shape and image pairs that adhere to population
statistics. This method leverages FlowSSM to generate nonaligned
shapes and incorporates a TSP warp to create corresponding
medical images. Although this augmentation technique was not
specifically applied in our segmentation application, future DL
methods could potentially benefit from its implementation.

Index Terms—Segmentation, deep learning, computed tomog-
raphy, data augmentation

I. INTRODUCTION

Advancements in orthopaedic and biomechanical research
heavily rely on image segmentation of the bones in the lower
limb region. However, the manual delineation of anatomical
structures on medical images for segmentation is a time-
consuming and labor-intensive process [1]. For instance, even
delineating the femur and pelvis alone can take up to 10 hours
for a single case [2]. To overcome these limitations, there

is a growing need for fully automated methods. While atlas-
based methods and using statistical shape models (SSM) that
rely on prior knowledge have shown promising results [1],
[3], [4], they still leave room for improvement in terms of
segmentation accuracy and inference speed on new cases. For
instance, the automatic segmentation of a full lower limb case
with a statistical shape model method can still take up to 2
hours.

The use of deep learning (DL) for medical applications
has seen a significant surge due to the increase in computing
power, widespread availability of software, continuous im-
provements, and the abundance of data [5], [6]. Compared to
more traditional techniques, DL techniques can offer fast and
accurate predictions, making them advantageous. Particularly,
Convolutional Neural Networks (CNNs) have emerged as a
powerful tool for interpreting medical imaging data, also for
segmentation. The UNet architecture, introduced in 2015 by
Ronnberger et al., has further propelled this trend towards
using DL for medical image segmentation [7].

While recent research has yielded promising results in the
area of bone segmentation, many studies focus on datasets
that are centred around the region of interest (ROI) or have
already been cropped to it [8]–[10]. Methods that operate on
whole-body computed tomography (CT) scans often suffer
from lower accuracy or slow inference times when applied
to unseen cases [11], [12]. Moreover, these methods face
additional challenges due to the variations in available data.
Each network is trained and deployed on a distinct dataset,
which can lead to issues when applying the model to different
datasets. This makes it difficult to compare techniques directly.
Hence, a standard method that achieves both accurate and
fast predictions is still not readily available. The objective of
this thesis is to develop a robust and accurate subject-specific
segmentation workflow for the lower limb bones, which also
provides fast predictions. Specifically, the workflow should
have the ability to process a whole-body CT scan without
requiring manual cropping to specific ROIs. This approach will
be created and evaluated on an in-house dataset of whole-body
CT scans of healthy patients, with the expectation that it will
outperform the current state-of-the-art method in terms of both
speed and accuracy. By integrating these ideas with upcoming
research, a valuable tool can be developed that serves as the



initial step for future orthopaedic studies that require subject-
specific segmentations. One of the main challenges of many
DL approaches is the lack of sufficient data for training.
Therefore, alongside the segmentation method, a novel data
augmentation technique is developed to address this issue.
Although this augmentation method is not currently used in
combination with the segmentation workflow, it may prove
beneficial in future applications. The primary goal of this
augmentation approach is to generate new shape and image
pairs that conform to the modelled population. This method
is based on the data augmentation created by the authors of
DeepSSM, developed by ShapeWorks [13], [14]. However,
with the help of FlowSSM, a new way of generating shapes
is implemented that does not require any alignment and can
model shape nonlinearities [15].

II. DATASET

DL requires a significant amount of annotated data to
achieve optimal performance and generalise well to new cases.
Therefore, having a robust dataset is essential to train, deploy,
and test deep learning models accurately, particularly when
dealing with accurate segmentation. In this study, a dataset that
includes information from 94 healthy subjects, each of whom
had a full-body CT image and 3D bone models available.
Out of the 94 subjects, 53 are male, 40 are female, and 1
is nonbinary, and their ages ranged from 39 to 96 years, with
an average age of 66.7 years and a standard deviation of 14.4
years. Most of the images were acquired at AZ Groeninge in
Kortrijk, Belgium using a GE medical system, although the
dataset is not restricted to this hospital. The slice thickness of
the images, which reflects the resolution in the z-direction, is
either 0.625mm or 1.250mm. Spacing in the x- and y-direction
varies in the range between 0.578mm and 0.971mm. Models of
the pelvis, femur, tibia, and fibula are available as meshes, with
separate files provided for the left and right sides, resulting in
a total of 6 files. The pelvis is originally only available as one
model but is preprocessed to split the left and right hip bones.
The average edge length of the models vary between 1.14mm
and 1.77mm.

III. PROPOSED METHODS

A. Segmentation workflow

1) General workflow overview: The workflow utilises
the UNet model for segmentation, but due to computational
limitations, the full CT scans cannot be processed at once.
Instead, the workflow suggests working with sub-images. The
process involves locating the general positions of the bones
in the downsampled CT image, cropping the full-resolution
image to the ROI, and training a UNet on these downsampled
images for multiclass segmentation. The predictions on the
downsampled image allow finding the bounding boxes of the
bones in the full-resolution image, enabling the extraction of
sub-images focused on each bone. Separate UNet networks are
trained and applied to these sub-images for final predictions,
which can be merged back into the original CT image. The
workflow prioritises generating accurate segmentation maps,

which can later be converted into 3D models.

2) Data preprocessing: Training the UNet requires
label maps, which serve as ground truth data for accurate
segmentation. Since the available data includes 3D bone
models, a conversion method is needed to create label maps
from these models. Each subject has a label map with values
ranging from 0 to 6, representing different structures. A
Matlab script, using the mesh voxelisation method from
Adam. A., is used to create the label maps by taking CT
images and 3D models as input [16]. Before creating the
label maps, the voxel size of the CT images is standardised
to 1mm using linear interpolation. This helps standardise
the data for more stable segmentations with a CNN. For
the first step, identifying the ROIs, the images are further
downsized by sampling every 5th voxel in the z-direction and
every 4th voxel in the x- and y-directions. For the further
segmentations of the ROI, cropped versions of the image
without downsampling are used. Image padding is applied to
all images, both the downsampled full CT as the sub-images
focusing on the ROI, to make the image size divisible
by 8 in each direction to accommodate the UNet’s down-
and upsampling operations. Padding involves adding voxels
with a value of -1024.0 around the image. Normalisation is
performed by subtracting the mean of the image and dividing
by the standard deviation, bringing the data to a standardised
range.

3) UNet architecture: The UNet architecture utilised in
this study consists of an encoder, a decoder, and a bottle-
neck block. The encoder comprises three convolutional blocks
with instance normalisation and ReLU activation, while the
decoder incorporates three upsampling blocks with transposed
convolutional layers. The feature maps from the encoder are
concatenated with the decoder blocks, following the typical
UNet approach. The concatenated feature map undergoes a
convolutional block similar to the encoder, and the output of
the decoder is passed through a final 3D convolutional layer
for segmentation. This network is inspired by the work of
Ambellan et al. (2019), but with modifications such as the
absence of dropout and fewer convolutional filters, resulting in
comparable performance while reducing memory usage. The
network is shown in Fig. 1.

4) Training procedure: The training procedure is consistent
across all networks. One network is trained on downsampled
CT images, while three networks are trained on sub-images
of the pelvis, femur, tibia, and fibula combined. The dataset
is randomly divided into three groups: a training group with
72 subjects, a validation group with 10 subjects, and a testing
group with 9 subjects, which is used for evaluating the
model’s performance on new cases. The UNet parameters are
initialised randomly and updated using the Adam optimiser.
The network trained on downsampled images utilises a
weighted cross-entropy loss (WCE) to handle the class-
imbalance, with a weight of 1/10 assigned to the background
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1 Introduction

Advancements in orthopaedic and biomechanical research heavily rely on image segmentation of

the bones in the lower limb region. However, the manual delineation of anatomical structures

on medical images for segmentation is a time-consuming and labour-intensive process [1]. For

instance, delineating the femur and pelvis alone can take up to 10 hours for a single case [2]. To

overcome these limitations, there is a growing need for fully automated methods. While atlas-

based methods and use of statistical shape models (SSM) that rely on prior knowledge have

shown promising results [1, 3, 4], they still leave room for improvement in terms of segmentation

accuracy and inference speed on new cases. For instance, the automatic segmentation of a full

lower limb case using a statistical shape model method can still take up to 2 hours [1].

The use of deep learning (DL) for medical applications has seen a signi�cant surge due to the

increase in computing power, widespread availability of software, continuous improvements, and

the abundance of data [5, 6]. Compared to more traditional techniques, DL techniques can o�er

fast and accurate predictions, making them advantageous. Particularly, convolutional neural

networks (CNNs) have emerged as a powerful tool for interpreting medical imaging data, also

for segmentation. The UNet architecture, introduced in 2015 by Ronnberger et al., has further

propelled this trend towards using DL for medical image segmentation [7].

While recent DL research has yielded promising results in the area of bone segmentation, many

studies focus on datasets that are centred around the region of interest (ROI) or have already

been cropped to it [8{10]. Methods that operate on whole-body computed tomography (CT)

scans often su�er from lower accuracy or slow inference times when applied to unseen cases

[11, 12]. Moreover, these methods face additional challenges due to the variations in available

data. Each network is trained and deployed on a distinct dataset, which can lead to issues when

applying the model to di�erent datasets. This makes it di�cult to compare techniques directly.

Hence, a standard method that achieves both accurate and fast predictions is still not readily

available.

3
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1.1 Objective and research methodology

The objective of this thesis is to develop a robust and accurate subject-speci�c segmentation

work
ow for the lower limb bones, which also provides fast predictions. Speci�cally, the work
ow

should have the ability to process a whole-body CT scan without requiring manual cropping to

speci�c ROIs. This approach will be created and evaluated on an in-house dataset of whole-

body CT scans of healthy patients, with the expectation that it will outperform the current

state-of-the-art method in terms of both speed and accuracy. By integrating these ideas with

upcoming research, a valuable tool can be developed that serves as the initial step for future

orthopaedic studies that require subject-speci�c segmentations. In order to achieve this, the

following research methodology is followed:

ˆ The in-house dataset is thoroughly examined, and a well-de�ned preprocessing pipeline

is established to ensure that the CT scans are properly prepared for the segmentation

work
ow.

ˆ A processing strategy is devised that enables the whole-body CT to be processed in its

entirety. To achieve this, the �rst step involves the development of a method that can

accurately identify ROIs, which are the key bones of the lower limb: the pelvis, femur,

tibia, and �bula.

ˆ A CNN is developed and utilised to accurately detect the ROIs and generate sub-images

for further analysis.

ˆ A segmentation process is then applied to the sub-images using a CNN that has been

speci�cally designed for each ROI. The resulting segmentations are then integrated to

produce a �nal prediction of the entire whole-body CT.

ˆ The ROI identi�cation process, as well as the subsequent segmentation task, are both

evaluated using appropriate metrics to ensure accuracy and reliability. The �ndings are

then analysed and discussed in terms of their accuracy, speed, and clinical relevance.

One of the main challenges of many DL approaches is the lack of su�cient data for training.

Therefore, alongside the segmentation method, a novel data augmentation technique is developed

to address this issue. Although this augmentation method is not currently used in combination

with the segmentation work
ow, it may prove bene�cial in future applications. The primary

goal of this augmentation approach is to generate new shape and image pairs that conform to

the modelled population. This is achieved through the following methodology:

ˆ The available data is �rst preprocessed in a clear and precise manner to enable the imple-

mentation of the data augmentation technique.
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ˆ A novel method for generating new shapes is introduced and applied to the shape data to

improve the currently used techniques.

ˆ Further evaluation is conducted on both the shape generation method and the resulting

generated shapes, with a focus on their generalisability and speci�city. The speci�city

of the generated shapes is compared to an existing method to determine their relative

e�ectiveness.

ˆ The generated shapes are utilised to create new shape and image pairs, which can be used

to train DL methods and improve their accuracy and robustness.

ˆ The entire work
ow is thoroughly discussed and evaluated to determine its e�cacy, possible

improvements, and potential applications.

1.2 Main contributions

The developed segmentation work
ow addresses the primary challenges encountered in current

segmentation methods, including those related to speed and accuracy when compared to both

traditional and DL methods. Speci�cally, the following key contributions can be identi�ed for

the proposed segmentation work
ow:

1. Creating a work
ow that can process whole-body CT scans in a fast and e�ective manner

to �nd the ROIs.

Because most of the current deep learning research in medical imaging focuses on speci�c

regions of the body using preprocessed images, there is a lack of standardised methods

for processing whole-body CT scans. To overcome this issue, we have developed a novel

method that uses a CNN to identify the major bones of the lower limb region - the fe-

mur, pelvis, tibia, and �bula - on a downsampled version of the original image. Our

method provides a fast and reliable solution that can handle larger images, which current

state-of-the-art methods often struggle to process. With this approach, we o�er a simple

yet e�ective solution that can improve upon existing methods for whole-body CT image

processing.

2. Use of the found ROIs to obtain accurate segmentations that compete with current state-

of-the art.

The segmentation work
ow not only o�ers a fast way to generate predictions but also

produces accurate segmentations that can rival the current state-of-the-art methods. Our

results are thoroughly evaluated, and we provide a clear research direction for possible

future work. With our approach, we aim to contribute to the advancement of medical

imaging segmentation, o�ering a reliable and e�cient method for this important task.
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The novel data augmentation method provides a way of generating new shape and image pairs,

allowing future DL methods to bene�t from it. For the shape generation, a technique called

FlowSSM is used. The main contributions are:

3. A thorough evaluation of the results of FlowSSM on two use cases.

As FlowSSM is a recently developed technique, only a few use cases have been explored

so far. In this work, we evaluate its performance on two challenging cases: the distal

femur and the complete pelvis. Through this thorough evaluation, we demonstrate that

FlowSSM has the potential to be extended to more complex bone cases in the future. By

showcasing its capabilities on these use cases, we aim to contribute to the development of

FlowSSM as a promising technique.

4. Evaluating the generated shapes by FlowSSM, showing no need for alignment.

Most existing shape generation methods require the shapes to be aligned as a preprocess-

ing step, which can a�ect the generated images by enforcing a speci�c alignment. This

alignment can, in turn, in
uence the performance of certain deep learning methods that

are sensitive to image alignment. In this work, we explore the generalisability of our

model without any alignment and the speci�city of the generated shapes. To the best

of our knowledge, this approach has not been previously investigated, as alignment was

always applied before using FlowSSM. By exploring this option, we aim to contribute to

the development of more 
exible and robust shape generation methods.

1.3 Thesis outline

This thesis is organised as follows:

ˆ Chapter 2: Background and Related Workpresents the technical background that will be

used to build and sca�old the theory in this thesis.

ˆ Chapter 3: Lower Limb Segmentation Methodoutlines a DL work
ow designed to segment

the femur, pelvis, tibia, and �bula from a whole-body CT scan. The introduction of the

general work
ow is followed by a detailed exploration of two critical components, namely,

bone localisation and bone segmentation. The available dataset and processing steps to

complete this proposed method are given in more detail.

ˆ Chapter 4: Lower Limb Segmentation Resultspresents and discusses the results of the

proposed work
ow. First, the metrics used to evaluate the results are given. Next, the

results of both the bone localisation and segmentation components are presented, followed

by a detailed discussion of these results.
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ˆ Chapter 5: Neural-Flow Based Data Augmentation Methodintroduces a novel data aug-

mentation method that leverages FlowSSM, a technique that is explained in detail. The

motivation behind the development of this method is �rst discussed. Finally, the necessary

preprocessing steps required to apply the method to available data are elabourated upon.

ˆ Chapter 6: Neural-Flow Based Data Augmentation Resultsdiscusses the results of the

proposed data augmentation method and focuses mainly on the outcomes obtained with

FlowSSM, with an emphasis on generalisability and speci�city. Additionally, examples of

the complete augmentation method are presented, and the method is discussed in more

detail.

ˆ Chapter 7: Conclusion and Future Work summarises the conducted research and obtained

results. To improve our proposed methods, several future research directions are speci�ed

as well.



2 Background and related work

This chapter provides the essential background information necessary for a understanding of the

methods employed in this thesis. A detailed explanation of the anatomical information of the

bones examined in this thesis is provided, outlined in Section 2.1. Next, the concepts underlying

computed tomography are elaborated on in Section 2.5. In Section 2.3, shape representation for

working with 3D shapes is explained in more detail. Additionally, an in-depth explanation of

deep learning is presented in Section 2.4, as the models developed in this thesis heavily rely on

these principles. Finally, the objectives of segmentation are given, combined with an overview

of the existing methods in Section 2.5.

2.1 Anatomy of the lower limb

The considered bones in this thesis are the pelvis, femur, tibia, and �bula. These are a subset

of the bones in the lower limb. An understanding of the anatomy is necessary to fully grasp the

results of this thesis. Each of these named bones is explained in more detail. For further detailed

information, please refer to the chapter on the skeleton in Human Anatomy & Physiology of

Marieb. E. and Hoehn. K. [13]. The anatomy being described pertains to healthy adults. This

thesis speci�cally concentrates on the outer layer of bones. Therefore, a comprehensive analysis

of the internal anatomy of bones is not included.

2.1.1 Pelvis

The pelvis is made up of two hip bones or coxal bones. Sometimes the sacrum is included too

in the pelvis girdle. In this work, only the hip bones are referred to as the pelvis. These are

connected by the pubic symphysis. Each of the hip bones consists of three major parts: the

ilium, ischium, and pubis. These three are �rmly fused in adults making them indistinguishable.

8
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Together, they form the acetabulum, found on the lateral side, which is a cavity. The femur �ts

in this cavity making up the hip joint. Each hip bone joins the sacrum at the sacroiliac joint,

making it the second joint of the hip bone. It should be noted that the pelvis is classi�ed as

a large, irregular bone. It is the only irregular bone considered in this thesis. Fig. 2.1 gives a

more detailed look at the hip bones and their irregular shape.

The pelvis transmits body weight to the lower limbs, plays a vital role in childbirth as the child

must pass through the birth canal, and supports the abdominal organs [14]. Because it plays a

vital role in childbirth, there are clear di�erences between men and women. The female pelvis

is tiled forward compared to those of men. Next, bone thickness is less for a woman and the

acetabula are smaller and further apart.

2.1.2 Femur

The femur is the only bone found in the thigh and the �rst long bone considered in this thesis.

It is the largest and strongest bone in the human body, having a length of roughly a fourth of a

person's height. The femur has a proximal and distal extremity. Proximally, the head is found,

which joins the hip in the acetabulum. The head has a ball-like shape, containing a small pit,

which supports the attachment of the ligament that secures the femur to the acetabulum. The

head goes over to the neck, the weakest part. Between the neck and the shaft of the bone, the

greater and lesser trochanters can be found, which serve as attachment sites for muscles.

The distal part of the femur on the other hand forms the �rst part of the knee joint. Here

the lateral and medial condyles can be distinguished. The femur can be seen in more detail in

Fig. 2.2.

2.1.3 Tibia and �bula

The tibia and �bula are two parallel bones that form the skeleton between the knee and ankle.

They articulate both distally and proximally.

The tibia is the second bone in the human body after the femur in terms of size and strength. It

transmits the weight of the body from the femur to the foot. The proximal end contains concave

medial and lateral condyles. Between these, the intercondylar eminence is found. The condyles

articulate with the corresponding ones from the femur. Distally, the tibia is 
at articulating

with the foot. Here the medial malleolus is found, which forms the medial bulge of the ankle.

Together with the femur and patella, the tibia forms the knee joint. The patella can also be

referred to as the knee cap but is not further investigated in this thesis.
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The �bula is a long bone and ends proximally in the head of the �bula. Distally it ends in

the lateral malleolus, which forms the lateral ankle bulge that articulates with the talus. The

function of the �bula is not to carry weight, but several muscles originate from it. More details

on both the tibia and �bula can be found in Fig. 2.3.
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Figure 2.1: Anatomy of the pelvis [15].
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Figure 2.2: Anatomy of the femur [15].
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Figure 2.3: Anatomy of the tibia and �bula [15].
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2.2 Computed tomography

For the study of the lower limb bones, a noninvasive, imaging technique called computed to-

mography (CT) is used. It combines X-rays with computer processing to obtain a detailed

3-dimensional (3D) view of the internal structures of the human body. CT uses an X-ray source

combined with an X-ray detector that rotates around the patient. The detectors measure the

intensity of the X-ray that has passed through the patient. Visualisation of di�erent structures

of the human body is possible because the intensity of the photons in the X-rays is reduced based

on the tissue-speci�c attenuation coe�cient � . The attenuation coe�cient is a measurement of

how much a certain tissue scatters or absorbs the radiation passed through it. Di�erent tissues

have di�erent values of � . The attenuation of bones is for example much larger than that of soft

tissue, making them appear white on a CT. The intensity that the X-ray detector receives can

be de�ned by:

I =
Z

I 0(E ) exp

 
X

i

� � (E ) i x i

!

dE; (2.1)

where I 0(E ) is the intensity of the X-ray given by the source. The measured intensity depends

on the summation of the linear attenuation coe�cient � i of all materials i times its linear extent

x i . I 0 and � i are dependent on the photon energyE. Hence, an integration over the total X-ray

energy spectrum gives is needed.

A CT scan acquires these intensities at di�erent discrete angles between 0° and 360°. After the

data collection, a reconstruction algorithm is used to calculate cross-sections of the human body.

The output of the reconstruction is a voxel-by-voxel map of the patient. A voxel is a 3D pixel

representing the smallest unit of data in the obtained 3D image. The smaller the voxel size, the

higher the resolution of the CT scan. The values of the voxels indicate the beam attenuation of

the underlying structure. These values are scaled to Hounds�eld Units (HU), which indicates

the ratio of the linear attenuation coe�cient of the voxel to that of water. This can be written

as:

CT(x; y) = 1000
� (x; y) � � water

� water
: (2.2)

Structures with a higher HU appear bright in the image, while images with a lower HU appear

dark. While the HU value of soft tissue ranges from 100-300HU, that of bones ranges from

300-2000HU making bones appear bright on CT scans.

The advantage of CT is that it is readily available at most hospitals, providing a fast and high-

resolution view. It is seen as one of the most reliable techniques in bone assessment [16]. On

the other hand, CT exposes the patient and sta� to radiation.
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(a) Point cloud (b) Mesh

Figure 2.4: Example of a point cloud and a mesh [23].

2.3 3D shape representation and correspondence

The use of 3D models in the medical �eld gained more popularity and interest due to the

availability of novel machines, softwares etc. [17, 18]. 3D models can be used for all kinds of

di�erent applications, ranging from 3D models for pre-operative planning to implanting 3D-

printed patient-speci�c models during surgery [19, 20]. Therefore, the construction of a digital

representation of a 3D shape is an important task. In this thesis, the de�nition of Lamecker is

followed, stating that a shape refers to the geometric information represented by the boundary

of a 3D object X � R3 [21]. Note that this boundary X can be represented by di�erent

kinds of digital representations. In this thesis, shapes are represented in two ways, which are

used interchangeably. One of the simplest ways of representing a shape is a point cloud, a

dense set of 3D points. A point cloudP in 3D containing n points can be denoted byP =

f (x1; y1; z1); :::; (xn ; yn ; zn )g. Another way of representing a shape is by making use of meshes.

Meshes can be seen as an extension of a point cloud. They exist out of vertices, edges and faces,

which together form the shape. The vertices are a set of 3D points, just like the point cloud.

Vertices are connected by edges and faces form the surface. It is possible to convert a mesh

to a point cloud by only considering the vertices. Point clouds can be converted to meshes by

utilising certain algorithms, e.g. the ball pivoting algorithm is used for creating a triangular

meshes by interpolating point clouds [22]. Fig. 2.4 shows an example of both a point cloud and

a mesh.

An important feature of shapes used in this thesis is correspondence. A shape correspondence

problem can be explained by the following statement: givenN input shapes X 1; X 2; :::; X N ,

establish a meaningful relation R between their elements. Two shapes are in correspondence

when (s; z) 2 R for elements s 2 X i and z 2 X j with i 6= j [24]. One-to-one, one-to-many

or many-to-many correspondences exist. In this thesis, when referring to shapes that are in

correspondence with each other, a many-to-many relation is assumed, having a full relation

between all shapes. Establishing correspondence is often a fundamental operation in all kinds of

applications like shape interpolation, shape reconstruction, statistical shape modeling, etc. [25].



CHAPTER 2. BACKGROUND AND RELATED WORK 16

In the case of medical shapes, correspondence can be manually established by experts by in-

dicating points on di�erent shapes referring to the same anatomical locations. These points

are often referred to as landmarks. However, this is a complex and tedious, time consuming,

task, especially when one needs to obtain a dense set of correspondence points. Next, using

a manual method is prone to mistakes due to inter- and intra-observer variances [26]. Hence

(semi-)automatic methods are used to obtain a dense set of correspondences. An overview of

these techniques can be found in the work of Sahillioglu [25].

2.4 Deep learning

To e�ectively comprehend the models employed in this thesis, it is essential to have a grasp of

the principles that form the basis of Deep Learning (DL). This section provides the necessary

information to have a comprehensive understanding of the constructed models. For additional

information, please refer to Goodfellow et al.'s book [27].

DL is a specialised branch of Machine Learning (ML), which is itself a subset of Arti�cial Intelli-

gence (AI). AI refers to systems that can demonstrate intelligent behaviour and characteristics,

such as reasoning, learning, perception, and decision-making [28]. ML, on the other hand, refers

to the ability to acquire patterns from raw data. When this ability to learn and improve from

vast amounts of data is achieved through the use of multiple layers of complex transformations,

it is known as DL. Over the past few years, the architecture of DL models has been evolving

to include an increasing number of layers, which has led to signi�cantly improved performance

in various applications. This trend towards deeper models is primarily driven by the increasing

availability of data and advancements in computational power. Mainly the increasing power and

a�ordability of Graphics Processing Units (GPUs) have played a major role in driving forward

the faster and more cost-e�ective performance of calculations [29].

This thesis employs one of the fundamental types of deep learning known as supervised learning.

This approach involves the use of a labelled dataset, which contains both inputs and correspond-

ing outputs. The main goal of supervised learning in deep learning is to learn how to map input

data to desired output data by minimising the di�erence between predicted and actual outputs.

In medical imaging techniques, desired outputs can take various forms, such as a single label for

an entire image or individual labels for each voxel.

The subsequent sections provide a more detailed explanation of the essential building blocks

required to comprehend a DL model and its learning process.
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Figure 2.5: Perceptron with i inputs.

2.4.1 Arti�cial neural networks

To extract meaningful insights from data, deep learning models are designed to simulate the

cognitive processes of the human brain. To understand this process, it is essential to �rst

comprehend the underlying principles of an arti�cial neural network (ANN), which serves as the

foundation for DL. By exploring the inner workings of ANN and its ability to learn, a better

understanding of the key concepts and techniques that are essential for DL is gained.

ANNs are made up of perceptrons, which are modelled after neurons [30]. Thus, the architecture

of an ANN is designed to mimic the structure and function of the human brain. An example

of a perceptron is given in Fig. 2.5. The perceptron takesx0; :::; x i � 1 as inputs and multiplies

it with the corresponding weights w0; :::; wi � 1. These are summed together with biasb. The

output y is found after applying an activation function � to the summation. These operations

can be formulated as:

y = �

 i � 1X

i =0

wi x i + b

!

: (2.3)

The activation function � determines the �nal output of the perceptron. To capture nonlinear

relationships between input and output, it is essential to use a nonlinear activation function.

Di�erent kind of activation functions exist. Some of the popular functions are the sigmoid,

recti�ed linear unit (ReLu) and leaky ReLu. These are found in Fig. 2.6 for values ofx between

-10 and 10. In this thesis, the ReLu activation is mostly used, de�ned for an input valuex as:

ReLu(x) = max(0 ; x): (2.4)

Figure 2.7 illustrates an example of an arti�cial neural network (ANN) architecture built upon

these perceptrons. The network consists of one input layer withd neurons, M hidden layers,

and one output layer with m neurons.

As stated before, the goal of training an ANN for a certain task is to learn how to map the input

data to desired output data by minimising the di�erence between predicted and actual outputs.
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(a) Sigmoid (b) ReLu (c) Leaky ReLu

Figure 2.6: Di�erent activation functions.

Figure 2.7: ANN architecture with M hidden layers.
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This can be done by �nding the optimal weights and biases that minimise this di�erence. To

quantify this di�erence, a loss function is used. A loss function measures the di�erence between

the predicted and desired output data. Di�erent kinds of loss functions are proposed and are

often speci�c to the certain task at hand. An important feature of a loss function is that it gets

smaller when predictions improve.

The training of an ANN has three major parts and is mostly based on a gradient descent

method. First, the input data is passed forward through the network and the loss of the outputs

is calculated. Next, the gradients of the loss function w.r.t. the weights and biases are calculated

using the chain rule. This is called backpropagation [31]. Finally, weights and biases are updated

by multiplying these gradients with a learning rate and subtracting them from the network

parameters. A parameterpj is updated using:

(pj )k+1 = ( pj )k � �
�L
�p j

; (2.5)

with k an iteration step, � the learning rate and L the loss function of the considered training

samples. Parameters can be updated after a single training sample, or after receiving a larger

part of the dataset, named a batch. Updates after a single training sample might lead to a faster

convergence of the loss function to a minimum, but can also cause 
uctuations. Hence, often a

batch is preferred [32].

Note that the training does not only depend on the loss function. The optimisation method

and hyperparameters of the training procedure are important too. Currently, the adaptive

moment estimation (Adam), a �rst-order gradient-based method, is one of the most widely used

optimisers [33]. It remains a viable option for a lot of applications [34]. Hyperparameters include

the batch size, the learning rate, and the number of epochs. An epoch is one complete cycle

through the entire training dataset during the training.

By setting the appropriate loss function, optimiser and hyperparameters, the goal is to update

the parameters of the network so that the network is able to generalise well enough to deal with

cases that are not used for training.

2.4.2 Convolutional neural networks

A popular type of neural network is the convolution neural network (CNN). CNNs are mainly

used in the �eld of pattern recognition within images. The main bene�t is the reduction of

parameters compared to a standard ANN [35]. A fully connected network with a single neuron

in the �rst layer requires already 748 weights for a small 2-dimensional (2D) image of 28x28

pixels. Hence, applying a standard ANN on larger images, including more hidden layers would

be an unmanageable task.
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Figure 2.8: Example of a convolution.

The input of a CNN is a 2D image of pixels or a 3D image of voxels. Multilayered inputs are

also possible. Instead of the typical perceptrons used in ANNs, CNNs make use of convolutional

layers, which apply several �lters or kernels to extract features. Kernels are either 2D or 3D. A

kernel in a certain convolutional layer is convoluted with the result of the previous layer. This

means that the kernel slides over an image and returns the weighted sum of its own weights and

the image values. Applying a kernelK with size (m; n) to a 2D image I gives

S(i; j ) = ( K � I )( i; j ) =
X

m

X

n
I (i � m; j � n)K (m; n): (2.6)

found at position (i; j ) of S, the resulting image after convolution [27]. An example of a convo-

lution operation for an input image of size (4,4) and a kernel size of 3 is given in Fig. 2.8. Note

that the size of the resulting image after convolution depends on the step size of the kernel, also

referred to as stride. In Fig. 2.8 a stride of 1 in both directions is used. Next to the kernel size

and the stride, input images before convolution are often padded to make sure that the output

size remains equal to the input size. Examples of existing padding methods are zero-padding,

circular padding, and re
ection padding [36].

By stacking multiple of these convolutional layers, one can build a CNN. Each convolutional

layer is often followed by an activation function to introduce nonlinearities. This is similar to an

ANN. Next, another operation that is often applied after a convolutional layer is called pooling.

Pooling is an operation that downsamples the resulting image. The operation is based on

sliding a kernel with a size over the image with a certain stride. The stride is taken larger than

1 to reduce the output size. Common pooling operations are max pooling, average pooling,

and L p pooling [37]. In this thesis, max pooling is used. Max pooling takes the element of

maximum value within the investigated neighbourhood. Next to downsampling, images can also

be upsampled, often done by applying transposed convolutions. They are essentially the inverse

of regular convolutions, where the input size is enlarged instead of compressed.
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By combining the explained operations of convolution, activation functions and pooling, one

can build a CNN with a speci�c architecture for the task at hand. In a classi�cation task, fully

connected layers are typically included to interpret the output of the convolutional layers and

produce the class probabilities. However, in a segmentation task, fully connected layers may not

be required.

2.5 Segmentation

2.5.1 Segmentation goal and di�culties

Segmentation is the process of dividing an image into nonoverlapping regions that share certain

characteristics, such as intensity or texture, to create a meaningful representation of the image

[38]. In medical imaging, segmentation is used to delineate anatomical structures of interest,

enabling further analysis. Further processing of these medical images, like feature extraction or

dynamic simulations often largely depends on the accuracy of the segmentation. Since medical

images are represented as digital maps of pixels or voxels, semantic segmentation is a typically

used kind of segmentation, where each pixel or voxel in the image is labelled with a speci�c

class. Common classes in medical images include the background and anatomical structures.

Manual delineation of anatomical structures by experts is the golden standard for segmentation

on medical images. However, this approach is time-consuming and labour-intensive, which limits

its practicality for large-scale research or rapid clinical results for patients [39]. For instance,

it can take experts up to 20 minutes to segment a single bone class in lower limb CT scans

[12]. Next, manual segmentation is prone to interoperator variability, de�nitely for certain

pathological cases [40]. To address these issues, (semi-)automatic segmentation methods have

been developed that do not require manual input. While there are general methods available,

specialised approaches may be necessary for speci�c applications to achieve higher accuracy.

Nonetheless, there is a wide discrepancy in imaging modalities and segmentation requirements,

and no single method has been widely adopted as the standard for yielding optimal results.

In the case of bones, the main challenge lies in the segmentation of the joint regions, because

of the close spatial relation [1]. The irregular shape of certain bones can make automatic

segmentation a di�cult challenge, de�nitely in joint epiphysis areas, due to the less pronounced

contrast with soft tissue and the narrow inter-bone space [41]. The following parts of this

section explain proposed methods for bone segmentation in the lower limbs and explain the

di�culties that each method faces. First traditional segmentation methods are introduced.

With traditional, the use of no AI is meant. Secondly, DL techniques for bone segmentation are

introduced.



CHAPTER 2. BACKGROUND AND RELATED WORK 22

(a) Intensity histogram (b) CT (c) Mask

Figure 2.9: Example of thresholding applied to CT.

2.5.2 Traditional automatic segmentation methods

Thresholding

Thresholding is one of the simplest ways to obtain fast and automatic segmentations of the

bones in the lower limb region. The goal is to determine certain intensity values, the thresholds,

to separate the desired classes. Segmentations are obtained by grouping pixels with intensities

within the same range, separated by the threshold, together. This has been widely applied to

medical images [42]. Intensity values in the case of CT are determined by the HU of the voxels.

Di�erent kinds of tissues are within di�erent ranges of intensity values, allowing setting certain

thresholds.

Determining the threshold values is an important task to obtain good results. Nevertheless,

it is not an easy task. Thresholding techniques can be divided into two major groups: global

and local thresholding. In global thresholding, a manual or automatic threshold is set for the

full image. Each pixel or voxel is evaluated separately and compared with the preset value.

A simple, not optimised, example of global thresholding applied to a CT image can be seen in

Fig. 2.9. Every voxel within a preset range of 400-3000HU is included in the mask. This example

illustrates the challenge of identifying the appropriate range of intensity values that avoid both

over- and undersegmentation of the bones.
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The values in the example are chosen manually. However, automatically found preset values

are possible. One of the most famous algorithms that automatically �nds a threshold is Otsu's

method. Here the threshold is found by minimising intraclass intensity variance [43]. While

global thresholding is a fast and easy method, it can fail in CT images due to the partial

volume e�ect, beam hardening, intensity inhomogeneity of bone structures, and high grey level

of surrounding pixels [44]. Therefore, local thresholding methods have been proposed, calculating

a di�erent threshold for each pixel or voxel based on the neighbourhood statistics.

However, none of these techniques have proven to be fast and accurate enough in the case

of bone segmentations of the lower limbs. Thresholding methods are susceptible to under- or

oversegmentation based on the thresholds. Due to di�used boundaries, it is almost impossible

to �nd a threshold that fully includes the bones, without including other tissues [44].

Statistical shape models

Statistical shape models (SSM) can be applied to obtain personalised segmentations while work-

ing with a small dataset, which is often the main di�culty when working with deep learning

techniques, explained further [1]. The technique constructs an anatomical SSM based on a

training set, which statistically describes a shape consistent across the population. The SSM

consists of the mean shape and the main modes of variation. After this step, the SSM can be

�tted to new images to get personalised segmentations. An optional �nal step is to apply local

re�nements as explicit local di�erences are harder to model and �t [26].

The �rst step in applying SSM to shape data of the population is by de�ning the kind of shape

representation. A classical approach is placing landmarks on speci�c anatomic locations. More

recently, a dense set of correspondences is being used. These are a set of consistent particles

placed on surfaces. Shape correspondence is needed for the SSM to be consistent.

Let X i = f x i; 1; x i; 2; : : : ; x i;n g be a point distribution model of a 3D shape, where eachx i;j 2 R3

with i = 1 ; : : : ; M and j = 1 ; : : : ; n, is a 3D coordinate represented as a vector of real numbers.

Having these point cloud representations for each shape allows for building the shape model.

Before building the model itself, the shapes need to be aligned. This can be achieved by using

di�erent techniques. A popular technique is the use of generalised procrustes analysis (GPA)

[45]. Once alignment is achieved, the mean shape and modes of variation can be calculated.

The mean shape�X of a total of M shapesX i can be easily obtained using:

�X =
1

M

MX

i =1

X i : (2.7)

The modes of variation, also called principal components, are found by applying principal com-
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ponent analysis (PCA). These are computed from the covariance matrixC found by:

C =
1

M � 1

MX

i =1

(X i � �X )T (X i � �X ): (2.8)

An eigendecomposition ofC, done by solving

Cv i = � i v i ; (2.9)

gives the modes of variationv = f v1 ; :::; vM � 1g and their variances � = f � 1; :::; � M � 1g. The

modes are sorted based on descending value of� , so that � 1 > � 2 > ::: > � M � 1.

It is now possible to represent each shape by a linear combination of these modes of variation,

using:

X i = �X +
cX

t=1

bt v t : (2.10)

The number of used modesc is chosen so that the summation of� 1 till � c reaches a certain

preset value, often 0.9-0.95. In this way, applying PCA allows representing each shape by a

shape-speci�c latent representationb = f b1; :::; bcg.

Once a shape model is built, it can be �t onto unseen images. Di�erent techniques can be

used to complete this �nal step. A popular technique is the use of active shape models (ASM).

Note that SSM is a very useful technique that has been very accurate in a lot of cases. In

addition to this, the technique can be seen as a white box, as each processing step can be clearly

explained. A disadvantage is that �tting the model to new cases can require a large calculation

time. Next to this, �tting aberrant shapes, like unexpected tumours or bone fractures, remains

di�cult. Therefore, in certain subjects with speci�c pathologies, SSMs can be harder to use for

segmentation.

2.5.3 Deep learning segmentation methods

The use of deep learning has signi�cantly increased over the past years in all �elds. This is also

the case for the task of automatic segmentation from medical images. Hence, two of the possible

methods to obtain segmentation using DL are presented.

UNet

A neural network that has quickly become the golden standard for segmentation on medical

images using DL is the UNet, developed in 2015 for biomedical segmentation [7]. UNet is a

CNN that can be used for both 2D and 3D images. The goal of the network is to classify

each pixel or voxel of a digited image, either as an anatomical structure or as a background.

The UNet, named after its symmetrical shape, consists of an encoding path where higher-order
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Figure 2.10: Original UNet as proposed in 2015 [7].

features are captured in downsampled resolutions, followed by an expanding path to translate

these features to the original input size. This is combined with skip connections, which apply

concatenations between the encoding and decoding paths. Thanks to these skip connections,

context is captured from both smaller and larger features, giving good localisation. This gives

the ability to do pixel- or voxel-level segmentation. The original architecture can be found in

Fig. 2.10. The network is very powerful and can be applied to all kinds of segmentation tasks,

including multi-class segmentation. Combined with its accuracy and possibility for real-time

predictions this has resulted in heavy adoption and creation of variants of this network for

medical image segmentation [46].

Applying UNet for medical image segmentation gives rise to several challenges. The �rst one is

the availability of computation power. The network can be computationally heavy to train and

deploy. This is de�nitely the case for larger images. This means that for example full-body CTs

cannot be processed as a whole. As is the case for any deep learning application, the amount

of labelled data to obtain good results can be large, depending on the task at hand. In the

case of medical image segmentation, it is di�cult to have large datasets as annotating images

is labourious work. Hence, if the amount of available data is too scarce, it becomes di�cult to

obtain a segmentation model that can generalise well on new unseen imaging data. However,

UNet showed to be very powerful in cases where even the data amount is too small for other

DL techniques. Next, images of other modalities, or even di�erent imaging settings within the
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same modality, can be di�cult to predict using a trained UNet on a di�erent dataset. Because

no prior anatomical information is included when training the network, it is possible that the

UNet predicts things that are clearly anatomically impossible. Therefore, combinations of UNet

with other techniques like SSM are being developed to include anatomical information [8]. A

�nal di�culty is achieving a high-quality 3D surface, this is due to the pixel- or voxel-wise

segmentation. To obtain smooth surfaces, postprocessing steps are required.

DeepSSM

A more recent idea to obtain 3D models of anatomical structures is called DeepSSM, developed

by ShapeWorks [47, 48]. The goal to combine the strengths of SSM and deep learning. DeepSSM

circumvents a heavy preprocessing and segmentation pipeline needed in classical SSM. It gives

the possibility to achieve fast functional mappings from images to a low-dimensional shape

descriptor based on deep learning. This is obtained by training a CNN that is trained to

directly predict these shape descriptors from images, which can then be converted into 3D

shapes. Inference on new samples is computationally fast when comparing it to state-of-the-art

classical SSM approaches. The used shape predictors in their application are the PCA latent

representationsb.

In order to build a prominent CNN model to directly predict low-dimensional shape descrip-

tors from images, one needs enough representative training data. The need for data for this

application is higher than for a UNet. Therefore, the introduction of DeepSSM is accompanied

by a new data augmentation method to increase training size. This method is explained in

Section 5.2. With DeepSSM, Shapeworks provides a blueprint for direct shape prediction from

medical images. This can be bene�cial compared to techniques like the UNet, which produce a

labelled map of the structures. These need to be processed to obtain the 3D models themselves.

However, this technique is still a work in progress. In this thesis, the focus is on creating the

data augmentation technique.

2.6 Conclusion

This chapter introduced the needed information to fully understand the work proposed in the

following chapters. The necessary understanding of the bone anatomy in the lower limb is

given. Next, the technical background of deep learning is explained, followed by an explanation

of image segmentation and an understanding of how deep learning can help. In the upcoming

chapters, these techniques will be employed to develop a segmentation tool that leverages the

predictive power of deep learning, in comparison to other methods such as the use of SSM.



3 Lower limb bone segmentation method

In this chapter, a work
ow is proposed to generate precise subject-speci�c 3D models of the lower

limbs from a full CT image. The primary objective of this work
ow is to minimise the required

calculation time while ensuring high accuracy. The work
ow has the ability to process a whole-

body CT scan without requiring manual cropping to speci�c ROIs. This approach e�ectively

resolves the challenges associated with state-of-the-art segmentation methods that utilise SSMs.

Speci�cally, the time-consuming nature of the calculation process can be mitigated. While DL

techniques could potentially assist with �tting to complex bone fractures, this thesis does not

focus on these issues as they are not represented in the available data. With this approach,

a clinician can e�ciently use the work
ow by providing a full CT scan as input and receiving

the 3D models promptly. The proposed task is accomplished by leveraging the advantages of

UNet, such as its multiclass prediction capability, fast processing, and 
exibility for diverse

segmentation problems. In addition, the proposed work
ow addresses the challenge of limited

computing resources, making it easier to execute the segmentation process e�ciently. This

chapter explains the proposed work
ow in further detail. Section 3.1 provides an overview of

the used dataset. Moving to Section 3.2, the work
ow of this project is presented. Sections 3.3

and 3.4 focus on the speci�cs of two critical steps in the work
ow, namely, bone localisation and

segmentation. In Section 3.5, the metrics used for evaluating the models are explained.

3.1 Dataset

DL requires a signi�cant amount of annotated data to achieve optimal performance and gener-

alise well to new cases. Therefore, having a robust dataset is essential to train, deploy, and test

deep learning models accurately, particularly when dealing with accurate segmentation. In this

thesis, a dataset comprising information from 94 healthy subjects, each of whom has an available

full-body CT image, is utilised. The medical data is stored as a series of Digital Imaging and

27
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Bone Type Number of Vertices Number of Faces Edge Length

Femur 21 096 42 188 1.77� 0.31

Pelvis 25 967 51 934 1.57� 0.27

Tibia and Fibula 39 197 78 386 1.14� 0.32

Table 3.1: Number of vertices and faces of the outer bone layer.

Communications in Medicine (DICOM) �les, which is the standard format for medical imaging.

The DICOM �le type allows reading the metadata of each image, providing additional informa-

tion about the population and scanning procedure. Out of the 94 subjects, 53 are male, 40 are

female, and 1 is non-binary, and their ages range from 39 to 96 years, with an average age of 66.7

years and a standard deviation of 14.4 years. Most of the images were acquired at AZ Groeninge

in Kortrijk, Belgium using a GE medical system, although the dataset is not restricted to this

hospital.

The high-resolution CT images allow for detailed segmentation. The slice thickness and spacing

of the images vary. The slice thickness, which re
ects the resolution in the z-direction, is either

0.625mm or 1.250mm. The spacing, which re
ects the resolution in the x- and y-direction,

varies in the range between 0.578mm and 0.971mm. The image size is not always equal but each

image has around 2000 slices, often of a size of (512,512). For a more detailed overview of this

information, please refer to A.2.

Alongside the CT images, 3D ground truth models of the bones in the lower limb region are

also available. Models of the pelvis, femur, tibia, and �bula are provided, with separate �les

provided for the left and right sides, resulting in a total of six �les. The pelvis is given as one

model but is preprocessed to split the left and right hip bones. Note that one hip bone is also

referred to as the pelvis in this thesis to simplify things. Each model is provided in the .obj

�le format, which is widely used for 3D models. The �le contains a mesh that describes the

object in terms of vertices and faces. Each vertex is represented by a 3D coordinate, and a face

is de�ned as a combination of 3 connected vertices. The meshes of the same bones, regardless

of the left or right side, correspond with each other. Correspondence is found by applying the

method of Audenaert et al. [1]. The 3D models provide information on both the inner and outer

layers of the cortical bone. In this this, only the outer cortical layer is used. Table 3.1 provides

the edge length and the number of vertices and faces of the outer layer. By taking the image

origin and spacing into account, the location of the 3D models does match the correct location

in the images.
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Figure 3.1: Proposed segmentation work
ow.

3.2 Full segmentation worfklow overview

This section describes the work
ow proposed to generate precise subject-speci�c 3D models of

the lower limbs from a full CT image. First a general overview of the process is provided,

followed by a detailed explanation of each step, given in the following sections.

A more general overview is shown in Fig. 3.1. The work
ow takes a full CT scan of a subject and

segments the bones of the femur, pelvis, and tibia combined with the �bula, further visualised

in Fig. 3.2. The goal is to obtain a segmentation map of the bones at full resolution, where each

voxel in the input CT image is labelled as background or a bone. These maps can be converted

to 3D models. The bones are segmented separately for the left and right sides, resulting in a

total of six bone classes in the �nal segmentation map. To accomplish this goal, we propose

utilising the UNet model. However, due to its high computational demands, the UNet cannot

handle full CT scans in a single operation. Hence, it is necessary to devise a method for dealing

with smaller images.

One approach would be to do patch-based segmentation on the input image, dividing the im-

age into smaller patches or sub-images and performing segmentation on each patch separately.

However, this technique may lead to a possible loss of contextual information. As each patch

is processed separately, no information on neighbouring patches is included leading to possible

discontinuities or artifacts, especially at the patch boundaries. Next, the inference of a patch-

based prediction can take a long time due to the need for processing multiple patches separately

and then reconstructing the �nal output. To address this issue, the objective of the work-


ow is to enable the processing of complete images as a whole, eliminating the requirement for
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Figure 3.2: Segmentation work
ow visualised.

patch-based segmentation. To accomplish this, an alternative approach is required for handling

sub-images. First, the general locations of each bone of interest in the CT image are located,

allowing cropping the full-resolution CT image to the ROI for each bone. This is done by using

a downsampled version of the original image. A UNet network is trained on these downsampled

images to obtain a multiclass segmentation of the bone of interest. After completing the mul-

ticlass prediction on the downsampled image, it becomes possible to locate the bounding box

of the bones in the full-resolution CT. This enables the cropping of the image into six smaller

sub-images, with each sub-image focusing on one bone of interest.

Finally, independent UNet networks for the femur, pelvis, and tibia combined with the �bula are

trained and applied to the sub-images to obtain the �nal predictions, which can be merged back

into the original CT image. This approach allows processing full images of the ROI, resulting in

precise subject-speci�c segmentation maps of the bones in the lower limbs. Note that while the

end goal is to obtain 3D bone models, this work
ow focuses on generating segmentation maps

as an intermediate step. Although segmentation maps can be converted to 3D models, it is not

the main focus of this work
ow in this chapter. The predicted label maps are later converted to

3D models, discussed in Chapter 4.
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Label Type

0 background

1 femur R

2 femur L

3 pelvis R

4 pelvis L

5 tibia + �bula R

6 tibia + �bula L

Table 3.2: Labels and their corresponding structure.

3.3 Bone localisation

The �rst step of the work
ow is to localise the femur, pelvis, and tibia combined with the �bula

in downsampled CT images and cropping the original CT image to the ROIs, based on this

localisation. This section explains how this is achieved, starting from the original data. This

gives a complete overview of how the technique to obtain bone localisation is developed and can

be applied to unseen input images.

3.3.1 Data preprocessing

Label Maps

The proposed method uses the UNet network to obtain segmentation maps, a matrix of voxels

that assigns a class label to each voxel in the image, indicating which part of the image belongs

to which anatomical structure. In order to train a UNet, the label maps corresponding to the

CT images are needed. These label maps serve as ground truth data, providing the correct

segmentation information for each voxel in the input image. Since the available data comprises

3D models of the bones, a method of converting these models into label maps is required. It is

important that the created maps are of good quality, meaning that the voxels should be labelled

correctly so that the network can learn to segment accurately.

For each subject a label map is created, the same size as the original CT image. Each voxel is

labelled with a value from 0 to 6, depending on the underlying structure. The label values and

their corresponding bone type can be found in Table 3.2. A label map is generated by using

both the CT image and the 3D models as input. The script then produces the desired label map

as the output.

Before creating the label maps, the slice thickness and spacing of the images, making up the
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voxel size, are all set to 1mm. This is done by applying the linear interpolation method from

ShapeWorks to change the voxel size of the CT images [47]. It should be noted that this

interpolation may lead to a loss of details when the original slice thickness or spacing is smaller

than the new value of 1mm. Nevertheless, bringing the CT scans to a consistent voxel size

can help standardise the data and facilitate more stable segmentations when using a CNN.

This is because the convolutional kernels, which have a �xed size, always get the same physical

information when sliding over images with equal spacing. Hence, with the interpolation, a

tradeo� is made between more standardised data and the possible loss of details.

Once the images have an equal voxel size of 1mm in each direction, the mesh voxelization script

from Adam A. is applied [49]. This gives the �nal segmentation maps in .mat �le format. As

three of the image could not be converted to label maps, due to memory issues, 92 subjects are

left. The patient IDs that are not used are N76, N89, and N92.

Downsampling of the images

Downsampling of the images happens in a very straightforward way. An image is downsampled

by sampling each 5th voxel in the z-direction (slices) and every 4th voxel in the x and y-direction.

The created label masks are downsampled in the same way.

Downsampling the image based on an interpolation technique was also considered, but this does

not seem to improve results. Hence, this technique is not further applied.

Image padding and normalisation

An extra preprocessing step is performed by applying padding to each CT image. This padding

involves adding extra voxels around the image with a value of� 1024:0. The reason for padding

is to ensure that the image size is divisible by 8 in each direction. This is necessary because the

UNet is designed to perform both down- and upsampling operations. Each of the downsampling

operations reduces the size of the image by a factor of 2 in each direction. To ensure that

the �nal output after upsampling remains the same size as the input, the input size should be

divisible by 2 to the power of the number of downsampling operations used. In this case, the

proposed network uses 3 downsampling operations, resulting in a reduction factor of 8 in each

direction. Therefore, the original image size should be divisible by a factor of 8 in each direction

to ensure that the �nal output after upsampling remains the same size as the input. The value

of � 1024 is chosen because it is equal to the background information. Hence, padding this value

should not in
uence the information in the images itself. Each label mask is padded in the same

way, but with a value 0, depicting the background.

The �nal preprocessing step before feeding the image to the UNet is normalisation. Normal-

isation is a crucial preprocessing step in training deep learning models, especially for image

classi�cation tasks using CNNs. It helps to standardise the dataset, making it easier to learn
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and generalise the patterns in the data. Normalisation involves converting the data to a common

range or scale, bringing consistency to the training procedure. In this work, each image was

normalised by applying the following equation:

image(x; y; z) =
image(x; y; z) � mean(image)

std(image)
: (3.1)

Each value is divided by the standard deviation of the image after subtracting the mean of the

image, a common technique called zero-mean normalisation. This technique standardises the

data by centring it around zero and scales it based on the standard deviation.

3.3.2 Designed UNet architecture

Once images are preprocessed and label masks are ready, both can be fed to the UNet. This part

explains how the UNet architecture, implemented in PyTorch, looks in more detail [50]. This

architecture is used for the bone localisation and the bone segmentation. The proposed UNet is

based on the one proposed by Ambellan et al., which uses their architecture for the prediction of

the femur and tibia in the joint region using the Osteoarthritis Initiative (OAI) dataset, working

on MRI data [8]. Some minor changes to their network are applied. An overview can be seen in

Fig. 3.3.

The implemented architecture includes an encoder and a decoder with a bottleneck block in

between. The encoder is made up of three convolutional blocks, each containing two 3D convo-

lutional layers with a kernel size of 5 and padding of 2. After these layers, instance normalisation

and a ReLU activation function are applied. The bottleneck block consists of a single convo-

lutional block, with the same structure as the encoder convolutional block. The number of

�lters in the �rst convolutional layer of the �rst block is 16, and this number doubles in each

subsequent layer until the bottleneck, where there are 128 �lters. The encoder also features a

3D max pooling layer with a kernel size of 2 to downsample the images.

The decoder is made up of three upsampling blocks, each containing a 3D transposed convo-

lutional layer with a kernel size of 2 and stride of 2, followed by concatenation with the cor-

responding encoder block feature map. The concatenated feature map is then passed through

a convolutional block similar to the one used in the encoder but with the number of �lters

reversed. Finally, the output of the last convolutional block in the decoder is passed through

a 3D convolutional layer with a kernel size of 1 and padding of 0 to produce the segmentation

map. The number of classes can be speci�ed, indicating how many output layers are produced.

In the case of bone localisation using multiclass segmentation, 7 output classes are used.

The proposed network di�ers from the one in Ambellan et al. in two ways. First, the proposed

network uses fewer convolutional �lters, ranging from 16 to 128, while in Ambellan et al. it
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Figure 3.3: Designed UNet architecture.

ranges from 32 to 256. During training, no visible improvement is observed with a larger

number of �lter kernels, so a lower amount is used to reduce memory usage, allowing working

with larger-sized images. Next, no dropout is used during training of the proposed networks.

The network of Ambellan et al. does use a dropout approach, which randomly ignores certain

parameters during training, to help prevent over�tting. The e�ect of leaving out the dropout

technique is not investigated.

3.3.3 Training method

Data split

In order to e�ectively train, validate, and test the network, it is crucial to properly split the

dataset. The subjects whose CT image and label maps are available are divided into three

distinct groups. The �rst group, consisting of 72 subjects, is dedicated to training the model

and enabling it to adjust its parameters. The second and third groups, containing 10 and 9

subjects, are respectively assigned to validation and testing. The validation set plays a key role

in tuning the hyperparameters and monitor the behaviour of the model to prevent over�tting

during training. The test set is used to evaluate the model its performance on previously unseen

cases, given in Chapter 4. Speci�cally, the validation set includes subjects N1 to N11, and the

test set includes subjects N12 to N21, with the remaining subjects reserved for training purposes.

A �xed split is opted for as it provided a clear and convenient way to divide the dataset, which

could be consistently used throughout this thesis. Additionally, this split is also used in the

augmentation technique which will be discussed later.
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Figure 3.4: CE loss calculation for one voxel.

Loss function

During training the loss function is optimised by comparing the predictions with the ground

truths or targets, being the label masks. This is done by using the cross entropy (CE) loss, a

common loss used in multiclass classi�cation tasks. The cross entropy is de�ned as the nega-

tive log-likelihood of the predicted probability distribution over all the classes, given the true

probability distribution.

The PyTorch CrossEntropy function is used, which combines the softmax activation function

with the CE loss in one, making it easy to use. This means that the function automatically

compares the logits, which are the output values from each layer, to the target values by �rst

applying the softmax activation function, giving a probability value per class, and then evaluat-

ing the cross entropy. This is applied to each voxel. The CE for a voxel at position (x,y) when

having n output classes is de�ned as

L CE; (x;y ) = �
nX

i =1

yi (x; y) log(pi (x; y)) ; (3.2)

where yi is the true label of the i -th class (0 or 1), pi is the predicted probability of the i -th

class, and the sum is taken over all n classes of the voxel output. To get a single loss value for

an image, the mean value of all voxels is taken. For an image with size (m; n), the following

equation can be applied:

L CE;image =

mP

x=1

nP

y=1
L CE; (x;y )

m � n
: (3.3)

An example of the loss calculation for a single voxel is done can be seen in Fig. 3.4. The logits

are the output of the UNet for the voxel. After applying the softmax activation and Eq. (3.2),

a CE loss of 0.272 is found. One can observe that a higher probability for the correct class leads

to a lower loss value. Hence, this is a good measure to optimise the network.
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As mentioned, the CE loss for the complete image involves computing the mean of the losses of

all voxels in the image, seen in Eq. (3.3). However, this approach needs to be modi�ed because

there is a class imbalance in the label masks. In such cases, where most voxels belong to the

background class (class 0), the background loss can dominate the overall image loss, leading to

the model being biased towards the majority class. To address this issue, the weighted cross

entropy (WCE) loss is used, which assigns a weight to each class. For an image of size (m; n)

this can be de�ned as

L W CE;image =

mP

x=1

nP

y=1
L CE; (x;y )wgt(x;y )

m � n
; (3.4)

wherewgt(x;y ) is the weight for the ground truth class of pixel (x; y). The weight w of each class

determines its contribution to the overall loss function, such that the model is forced to give

more attention to the minority class during training. The weights of all classes are set to 1 and

that of the background to 1/10. By using WCE, the performance of the model on the minority

class is improved, without compromising its ability to classify the majority class.

Optimiser and hyperparameters

The training of a UNet comes automatically with a large number of hyperparameters that

need to be tuned. The hyperparameters of the UNet architecture are already mentioned in the

previous part. These are the kernel size, padding, stride, number of layers, and convolutional

�lters. These are all �xed to their mentioned values and not much further tuning is done, as

this did not seem to signi�cantly change the found results. Next to these, the optimiser and

other hyperparameters need to be set for training the network. The Adam optimiser is used

in this thesis. The other hyperparameters are the number of epochs, batch size, and learning

rate. Because the images are quite large, the only possible batch size is 1. Even though a larger

batch size may bene�t the generalisation, this did not seem to be an issue. The learning rate

and epochs still need to be set. More information on the �nal values can be found in Chapter 4.

3.3.4 Predictions and bone localisation

The trained UNet model can be used to generate segmentation maps for new, unseen CT images.

The goal of segmentation is to identify and localise the femur, pelvis, tibia, and �bula in the

image. To apply the model to an unseen image, it is preprocessed in the same way as the training

images. This involves downsampling, normalisation, and padding to ensure that the input size

and format match the model its requirements.

The preprocessed images are passed through the UNet model to generate a prediction. Since

the model has seven output channels, the output is converted into a segmentation map. This

is achieved this by selecting the class corresponding to the layer with the highest logit value for
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each voxel. This generates a segmentation map for the downsampled image, which is used to

localise the bones in the original image.

To localise the bones, the coordinates of the downsampled image are mapped to the original

image. This is done by taking into account the size reduction and padding applied during pre-

processing. Using this information, the bounding box for each bone can be identi�ed in the

downsampled image. Then the bounding box coordinates in the downsampled image are con-

verted to the original image coordinates, completing the bone localisation process. By following

these steps, the UNet model can be used to generate accurate segmentation maps and localise

bones in new CT images.

3.4 Bone segmentation

After localisation is completed, the goal is to obtain accurate segmentations of the bones in the

original resolution. Note that the original resolution here is set to 1mm, as the label maps are

created in this way. To do this, three separate networks are trained. One for the femur, one

for the pelvis, and one for the tibia combined with the �bula. To complete this, three separate

training processes are done. In this section, the needed data preprocessing, the training process,

and the method for obtaining the �nal segmentation map are explained.

3.4.1 Data preprocessing

After the bones are localised, the following step is to crop the full CT images. Six sub-images are

created from the full CT image, one for each bone class. Cropping happens based on the found

bounding boxes, but the bounding boxes are enlarged with 10 voxels on each side to make sure

that the wanted bone is completely located within the sub-image, even when a small prediction

error is made on the edges of the bones in the downsampled image. The label masks are cropped

in the same way.

While there are six bone classes, three models are created, making use of the similarity between

the right and left sides. The models are trained on the right side. The left side is mirrored to

create extra training samples, giving 144 training samples instead of the original 72.

After cropping and mirroring, the same normalisation and padding procedure as explained before

is applied.
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3.4.2 Training

The training procedures for the three models are very similar to that of the bone localisation.

The same UNet architecture and hyperparameters are used. Hence, these will not be repeated

in this section. The only di�erence in the UNet architecture is the number of output classes. To

predict only one class at a time instead of multiple classes, the number of output classes is set

to 1. Due to the change in the number of classes, a di�erent loss is used too. Now the binary

cross entropy (BCE) loss is used, implemented in PyTorch as BCELoss. This is the same as

the CE loss but applied to binary classi�cation. Furthermore, the number of epochs also di�ers

depending on the trained model.

3.4.3 Final predictions

After training the three models, the work
ow can be completed. Firstly, the bone localisation

is performed followed by the cropping of images using the previously explained method. Then,

these sub-images are passed through the corresponding trained bone models using a forward

pass. The output of each forward pass is then converted into a segmentation map, where every

voxel with a prediction higher than 0.5 is set to 1, depicting the bone structure, and the rest

is set to 0, representing the background. As the models are trained on the right side, it is

necessary to mirror the bones of the left side before the forward pass. Finally, by combining

all the predictions and place them on the original CT image, the work
ow is completed. In

Chapter 4, further evaluation of this work
ow is done.

3.5 Evaluation metrics

An important task is quantifying the results using the appropriate evaluation metrics. This

is an essential step to see how well the work
ow performs. This section explains the used

metrics in further detail. These metrics are used to evaluate both the bone localisations and

bone segmentations. For the bone segmentation, it is important to notice that the metrics are

evaluated on the full CT image and not on the cropped versions. The metrics will be de�ned for

each bone separately. Hence, for each voxel, it can be stated if it has been classi�ed correctly or

not. A voxel classi�ed as the bone of interest is stated to be positive, otherwise, the prediction

is negative. This leads to 4 possible classes when comparing it to the ground truth. These are

true positive (TP), true negative (TN), false positive (FP) and false negative (FN). An overview

can be seen in Fig. 3.5. These classes are important to de�ne the metrics.
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Figure 3.5: Possible classi�cation classes per voxel.

3.5.1 Dice similarity coe�cient

The Dice similarity coe�cient (DSC), also known as the S�rensen{Dice coe�cient, has become

a very popular metric to evaluate semantic segmentation results [51, 52]. One of the �rst to

propose the DSC for medical image segmentation were Zijdenbos et al., showing that it is a good

metric when working with a class imbalance and noting that it both has good localisation and

size agreement with perceptual evaluation [53].

The DSC is de�ned as twice the size of the intersection of the two sets, being the prediction and

ground truth here, divided by the sum of the sizes of the two sets:

DSC =
2 jP red \ GTj
jP redj + jGTj

=
2 TP

2 TP + FP + FN
: (3.5)

P red is the prediction set and GT the ground truth set. j�j depicts the cardinality, i.e. the

number of elements in the set. The description in terms of the explained classi�cation classes

is also given. The DSC has a value between 0 and 1, with 1 being a perfect overlap of the

prediction with the ground truth. As the metric does not rely on TN, a class imbalance where

the negative class is dominant, does not bias the performance. For the used medical data, the

majority of the image data represents the background and only a small fraction of the voxels

are the bones to be segmented. This indicates the presence of imbalanced data. Therefore, it is

important to use appropriate metrics, such as the DSC, that account for the data imbalance.

3.5.2 Precision and recall

Two other metrics that are de�ned to deal with imbalanced data and are based on the classi-

�cation classes are precision and recall. Both give information about di�erent aspects of the
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(a) Dice similarity coe�cient (b) Precision (c) Recall

Figure 3.6: Visualisation of the used evaluation metrics.

model its performance. The DSC both evaluates both under- and oversegmentation, these met-

rics evaluate it separately. Both scores are measured between 0 and 1, with 1 being a perfect

score. Precision is a measurement of the accuracy of the positive predictions and is de�ned as

the fraction of the number of voxels that are correctly classi�ed as positive and the total amount

of voxels that are classi�ed as positive. This can be written as

precision =
TP

TP + FP
: (3.6)

A high precision score indicates that the network produces few false positives. It is important

that the network does not incorrectly classi�es voxels as bone structures when this is not the case.

Otherwise, this could for example lead to an incorrect diagnosis or wrong treatment planning.

Hence, precision is a useful measurement.

Next, recall, also known as sensitivity, is a measurement of the completeness of the prediction.

Recall is de�ned as the fraction of the voxels that are correctly classi�ed as positive and the

total amount of voxels that are positive in the ground truth, given as

recall =
TP

TP + FN
: (3.7)

A high recall score indicates that the network can identify most of the voxels belonging to the

target structure. Hence, a high recall score is needed to indicate that there is no underestimation

of the bone structure, which could also lead to false clinical conclusions.

A visualisation of the DSC, precision and recall is shown in Fig. 3.6.
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3.5.3 Hausdor� distance

The previous metrics make use of the overlap between the prediction and the ground truth, but

segmentation is about more than that. A good model is able to capture the correct shape and

boundaries of objects. Therefore, the last evaluation is the Hausdor� distance (HD) [54]. Given

two sets A and B , the HD is de�ned by

HD(A; B ) = max( h(A; B ); h(B; A ))) ; (3.8)

h(A; B ) = max
a2 A

min
b2 B

jja � bjj : (3.9)

jj � jj is an underlying norm of A and B and h(A; B ) is called the directed Hausdor� distance

from A to B . In this work, A and B can be replaced withGT and Pred, and the used norm is

the Euclidean norm. This metric is given in millimetres, knowing the resolution of the images.

This shows that the Hausdor� distance is an indicator of the biggest segmentation error. It can

be seen as the furthest distance between a point in one of the two sets to its closest point in the

other one. This gives a better understanding of the possible shape error of the predictions. A

large HD can also indicate that certain voxels in the image, far from the ROI, are misclassi�ed.

3.6 Conclusion

This chapter outlines the proposed method for generating subject-speci�c segmentations of the

pelvis, femur, and tibia combined with the �bula, presented as a segmentation map. These maps

can then be converted into 3D models in the subsequent stage. The proposed method consists

of two main components: bone localisation and bone segmentation. In order to create a useful

tool, it is crucial that a full CT scan is provided as input. However, processing a complete CT

scan at once can be challenging due to its size. To address this, a bone localisation method is

proposed that analyses a downsampled image to determine the general location of the bones.

Subsequently, sub-images are created to perform more precise segmentations. Combining these

steps enables producing an accurate output segmentation map by processing the full CT scan

given as input.



4 Lower limb bone segmentation
results and discussion

This chapter presents the results of the lower limb bone segmentation work
ow, explained in

Chapter 3. The work
ow is applied on the angio-CT data, making use of the proposed UNet

architecture for both the bone localisation and bone segmentation. Section 4.1 shortly discussed

the training procedure. Results of both the bone localisation and bone segmentations are given

in Section 4.2. Finally a discussion of these results is given in Section 4.4.

4.1 Training process

Four models are trained in total, 1 on the downsampled image and one for each kind of bone.

Even though each of the trained models has the same UNet architecture, other hyperparameters

to achieve the best possible result for each model need to be set. All of the models are trained

on a server available at the University Hospital of Ghent (UZ Gent), using a Tesla V100-PCIE-

16GB GPU. The batch size is �xed to 1 and the learning rate is set to 0.001 for each training

procedure. Furthermore, only the number of epochs di�ers depending on the model. An overview

of the validation loss for each training, also showing the �nal number of epochs, can be found in

Fig. 4.1. Each epoch takes around 1200 seconds. It can be seen that the validation loss drops

nicely for each training. The training of the femur took the longest, having 60 epochs, but also

reaches the lowest loss value of 0.00477. The other �nal validation loss values in rising order

are 0.00724, 0.00760, and 0.0107, with the highest value for the tibia combined with the �bula

model.

42
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Figure 4.1: Validation loss of each trained model.

4.2 Results: bone localisation

In this section, the results of the bone localisation step on downsampled images are presented,

using a combination of evaluation metrics from Section 3.5 and visualisations of the predictions.

The evaluation metrics are summarised in Table 4.1, showing mean and standard deviation

values for each class. The analysis reveals that the DSC for femur and tibia combined with

�bula is high, ranging from 0.934 to 0.952, with low standard deviation. However, for the pelvis,

the DSC values are lower, with mean values of only 0.88 and 0.891.

Although recall values are consistently high for every class, ranging from 0.987 for the left pelvis

to above 0.99 for other classes, the precision values are clearly di�erent, ranging from 0.790 to

0.906. In particular, the precision of the pelvis is very low, with mean values of only 0.790 and

0.813. When the recall is high but precision is low, it indicates that the classi�er is correctly

identifying a high proportion of positive cases but also misidentifying a large number of negative

cases as positive, resulting in a large number of FP. Therefore, the network trained on the

downsampled images appears to be too sensitive, especially for the pelvis.

Further clari�cation is needed to understand the found HD values. The average HDs for the

femur and right tibia combined with the �bula, fall within a range of 8.6mm and 12.4mm, with

relatively small standard deviations. The HD represents the maximum distance between the

predicted location and the actual location. The objective is to create a bounding box around

the ROIs, and an error of up to 10mm is acceptable since it does not signi�cantly impact the

appearance of the sub-images. It is important to note that the bounding boxes are padded with
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Type DSC Precision Recall HD (mm) (without outliers)

Femur R 0.949� 0.011 0.906� 0.020 0.995� 0.003 10.2� 4.48 (9.11� 3.21)
Femur L 0.952 � 0.008 0.915� 0.015 0.994� 0.004 8.60� 1.92 (8.04� 1.20)
Pelvis R 0.880� 0.030 0.790� 0.047 0.996� 0.003 31.7� 48.5 (14.7� 7.04)
Pelvis L 0.891� 0.025 0.813� 0.030 0.987� 0.021 30.0� 85.7 (12.7� 3.69)

Tibia + Fibula R 0.934 � 0.016 0.880� 0.027 0.995� 0.004 12.4� 2.32 (12.0� 2.22)
Tibia + Fibula L 0.936 � 0.014 0.884� 0.023 0.994� 0.004 218� 219 (9.29� 1.56)

Table 4.1: Metrics of bone localisation predictions.

an additional 10mm on each side to ensure the ROI remains within the sub-image, even if the

errors are underestimated. However, based on other measurements, it seems that the network is

too sensitive, leading to believe that the errors are likely caused by overestimation. The mean

HDs of the other classes exhibit high values, accompanied by large standard deviations. These

results are due to two particular cases, N18 and N15. In these instances, a few voxels that are

not in proximity to the ROIs are incorrectly predicted, resulting in a high HD. This anomaly is

responsible for the high values observed in these cases. For N18, this occurrence takes place in

all classes with a high mean HD, whereas for N15, this happens only with the left tibia combined

with the �bula. These few voxels will also impact the bounding boxes, which will be explained

later. To demonstrate that these large mean and standard deviation HD values are due to these

two cases, the means and standard deviations while excluding N18 and the tibia combined with

the �bula value of N15 are included too.

Fig. 4.2 depicts the predictions and ground truths of a selection of test cases, showing 3 coronal

slices for each test case. While the metrics for most cases are very similar, varying around the

mean values presented in Table 4.1, 2 random subjects for visualisation are chosen: N12 and

N21. Notably, one case, N18, shows signi�cant deviation from the other cases in terms of DSC,

precision, recall, and HD for all classes, particularly for the pelvis, where precision values of

0.762 and 0.797 were obtained for the right and left sides, respectively. This indicates a large

number of false positives for the pelvis in this case. The DSC and Recall values are also lower

for all classes. N18 is also the case that causes the high mean values and standard deviations of

the HD for some of the classes by the few voxels that are wrongly predicted, as explained above.

The visualisations con�rm the statements made earlier. In general, the predictions are highly

accurate, with minimal FN, resulting in high recall values. Additionally, the lower precision

values for the pelvis are evident. While the general shape of the pelvis can be located quite well,

there is a tendency to overestimate when comparing predictions to the ground truth, resulting in

lower precision. Nonetheless, all predictions, including those for the pelvis, are highly accurate

across all instances. The high HDs are more di�cult to visualise as one single voxel predicted

wrongly, which is di�cult to see, can lead to these high values.

From these predictions, the bounding boxes are calculated. Once bounding boxes are found, the
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