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Segmentation of Liver Tumours Using Artificial Intelligence
VIRENA NASSIF, HANNA ÅVALL
Department of Mathematical Sciences
Chalmers University of Technology

Abstract
Liver cancer is a serious health condition affecting approximately 800,000 people
annually, with around 700,000 deaths worldwide each year from this disease. One
of the primary treatment methods for liver cancer is the surgical removal of the
tumour. Keyhole surgery, which uses small incisions instead of a large cut, offers
several benefits, including shorter hospital stays, reduced risk of complications, and
cosmetic advantages such as smaller scars. However, despite its advantages, keyhole
surgery is less commonly performed. Navari Surgical, a Medtech startup company
founded in 2021, aims to address this challenge by developing a visual aid specifi-
cally for keyhole surgeries involving liver tumour removal, benefiting both patients
and the healthcare system by improving outcomes and efficiency.

This Master’s thesis investigates deep learning networks for semantic segmentation
of liver tumours in CT images. This includes comparing the performance of trans-
fer learning networks with the U-Net architecture. This analysis highlights the
importance of careful dataset preparation, thoughtful model selection, and hyper-
parameter tuning to optimise model performance.

In conclusion, U-Net demonstrated the best performance compared to the trans-
fer learning networks, especially when prioritising the Dice score over recall. The
recommendation for Navari is to further develop the U-Net architecture for future
advancements in tumour segmentation. Alternatively, make small adjustments to
the transfer learning networks that may lead to better performance.

Keywords: Liver tumour, Navari, Deep learning, LiTS dataset, U-Net, transfer
learning, YOLO, SAM, VGG16
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1
Introduction

In this chapter, the background for this project will be presented, outlining the
context and signi�cance of the work undertaken. Furthermore, aim and limitations
will be formulated from the background of the project. Additionally, prior work will
be presented to understand gaps in the literature and areas where this project can
contribute new insights.

1.1 Background

Liver cancer occurs when malignant cells form in the liver tissue, leading to a se-
rious health condition a�ecting approximately 800,000 people, and causing around
700,000 deaths worldwide annually [8]. One of the primary treatment methods for
liver cancer is the surgical removal of the tumour [9]. There are two main surgical
approaches for liver tumour removal: open surgery, which involves making a large
incision in the abdomen, and minimally invasive surgery, known as keyhole surgery.

Keyhole surgery, which uses small incisions instead of a large cut, o�ers several ben-
e�ts, including shorter hospital stays, reduced risk of complications, and cosmetic
advantages such as smaller scars [10]. However, a signi�cant drawback of keyhole
surgery is the limited visualization it provides. Unlike open surgery, where the sur-
geon can directly see and feel the tissues, keyhole surgery relies on instruments that
restrict the surgeon's view. As a result, despite its advantages, keyhole surgery is
less commonly performed.

Navari Surgical, a Medtech startup company founded in 2021, aims to address this
challenge by developing a visual aid speci�cally for keyhole surgeries involving liver
tumour removal [10]. Navari's proposed solution leverages Augmented Reality (AR)
to project the tumour onto the surgical screen, thereby enhancing navigation and
precision[10]. This innovation aims to make it easier and faster for surgeons to lo-
cate and remove the tumour, reducing the risk of mistakes, minimising the need
for large safety margins, and shortening operation times. Ultimately, Navari hopes
that this technology will increase the prevalence of keyhole surgeries for liver tu-
mour removal, bene�ting both patients and the healthcare system by improving
outcomes and e�ciency. Their solution involves an advanced segmentation process
to accurately identify the tumour in medical images. Although liver segmentation
has nearly achieved human-like precision, robust liver tumour segmentation remains
a signi�cant challenge due to the lack of comprehensive datasets and the tedious
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1. Introduction

process of annotating images [11].

During keyhole surgeries, distinguishing the tumour from healthy liver tissue is
particularly challenging [12]. Surgeons currently mitigate this di�culty by studying
preoperative medical images, such as computed tomography (CT) scans, to visualise
and localise the tumour in a 3D environment during the procedure. This approach
is cognitively demanding and leaves a considerable margin for error, posing risks to
the patient.

1.2 Aim

This Master's thesis aims to investigate deep learning networks for semantic segmen-
tation of liver tumours in CT images, suitable for Navari Surgical. This includes
comparing the performance of transfer learning networks with the U-Net architec-
ture.

1.3 Limitations

This Master's thesis work has several limitations. For the transfer learning mod-
els, YOLOv8 (size medium), VGG16, and SAM (size ViT-B) will be investigated,
with SAM being used as untrained. These models will be compared to U-Net. Two
datasets derived from the dataset used in the LiTS dataset challenge will be used.
One dataset is cropped around the liver (LIVER), and the other is cropped as a
region of interest (ROI) around the tumour. Only the LIVER dataset contains liver
images without tumours, while the ROI dataset contains one tumour per image.
During training, all images and their corresponding labels will be augmented ran-
domly with shear, rotation, and scale. Additionally, the neural networks will only
be trained in 2D. Although cone beam computed tomography (CBCT) images will
be used during surgery, only CT scans will be available for this thesis work. The
report will focus on speci�c loss functions, for VGG16 and U-Net, Dice loss and
focal Tversky loss will be used. For the YOLOv8m transfer learning network, the
built-in loss function will be used. Evaluation metrics for this report will be limited
to Dice score and recall.

1.4 Prior Work

Semantic segmentation of medical images has been the subject of extensive research.
Previous thesis work has primarily focused on the application of segmentation al-
gorithms for liver tumour identi�cation [13]. Additionally, studies utilizing arti�cial
intelligence (AI), particularly the original U-Net model, have shown promising po-
tential in this area.

2



1. Introduction

In earlier research, the LiTS dataset was employed, consisting solely of tumour im-
ages [13]. Two subsets of this dataset were used: one containing segmented liver
images (LIVER) and the other focusing on regions of interest (ROI) around the
tumours. The LIVER dataset includes images with multiple tumours, while the
ROI dataset typically contains a single tumour, though it sometimes features other
tumours nearby. Furthermore, both datasets underwent data augmentation.

The results from prior work using the U-Net model are summarised in Table 1.1.
Only the models with the highest weighted scores are presented, along with their
Dice score and recall. The methodology for calculating the weighted score is detailed
in section 3.5.2.

Dataset Dice Score Recall Weighted Score
LIVER 0.689 0.767 0.720

ROI 0.766 0.796 0.778

Table 1.1: The evaluation metrics of previous work done in the area of semantic
segmentation using the U-Net model. The result presented is the U-Net model with
the highest weighted scores from each dataset.

3
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2
Theory

In this chapter, the necessary theory for this project is presented. It will begin with
the medical background, followed by an overview of medical imaging to explain
the basics of liver anatomy and the relevant modalities for this project. Next, the
dataset used for this project will be introduced. Then follows the theory behind deep
learning, along with the di�erent deep learning network architectures employed in
this project. Finally, the evaluation metrics, recall, and Dice score will be explained
to determine the model that performs the best.

2.1 Medical background

The medical background needed for the project is presented in this section, starting
with the anatomy of the liver and then di�erent forms of liver cancer.

2.1.1 Liver Anatomy

The liver is the largest internal organ in the mammalian body, it also performs a
variety of vital and complex functions [14]. These important functions include the
maintenance of blood sugar by glycogen storage, protein synthesis, detoxi�cation
and production of bile. The liver has a sponge-like texture and weighs around 1300g
to 1700g in an adult human. The liver consists of two types of cells only found in the
liver, hepatocytes and biliary cells. The hepatocytes are highly polarised cells that
are responsible for tasks such as glycogen storage, detoxi�cation and production of
bile. The cholangiocytes form biliary channels and modify the composition of the bile
by secretion and absorption of compounds. When needed, the liver can regenerate
tissue through the proliferation of hepatocytes and cholangiocytes amongst other
cell types. The newly generated liver tissue is very similar to the original one, and
as much as 70% of the liver's mass can be regenerated. These regenerating properties
are essential after surgical resection of a portion of the liver, as the lost tissue might
need to be compensated.

2.1.2 Liver Cancer

Cancer can be divided into two categories; primary and secondary. Primary cancer
in the liver, originates from the liver, while secondary cancer originates from another
part of the body and metastasised to the liver. Primary liver cancer is the �fth most
common cancer and is the second most common cause of cancer deaths [15]. Two
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of the most common liver cancers are hepatocellular carcinoma (HCC) and intra-
hepatic cholangiocarcinoma (ICC), combined being responsible for more than 95%
of all primary liver cancers. 80-85% of all cases are caused by HCC, making it by
far the most common one. HCC often a�ects people who su�er from chronic liver
diseases, such as hepatitis B and C, as it begin in the hepatocytes. ICC, however,
forms in the bile ducts of the liver [16].

The preferred treatment is generally liver resection for patients with su�cient liver
function [17]. This excludes patients who su�er from cirrhosis, a condition where
the liver has been damaged due to liver disease. Due to the regenerative abilities
of the liver, it is possible to resect large tumours [15], however, it is important to
remove all tumours during the procedure. When the liver function is insu�cient
or in the case of metastatic liver cancer, the treatment of choice is instead a liver
transplant. A shortage of donors and the complexity of the surgery complicates this
approach though.

2.2 Medical imaging

Medical imaging refers to various modalities used to visualise anatomical structures
and physiological functions within the body, categorised by the type of signals they
utilise and their use of ionising radiation [18]. Modalities that use ionising radiation
include radiography and computed tomography, both of which employ the transmis-
sion of X-ray beams. As these beams pass through the body, they are attenuated
by di�erent tissues to form images. Another ionising technique, nuclear medicine,
Single Photon Emission Computed Tomography and Positron Emission Tomogra-
phy scan, involves injecting radioactive compounds into the body; the gamma rays
emitted from these radioactive tracers provide diagnostic images based on the local
concentration of the compound.

In contrast, non-ionising modalities such as ultrasound and magnetic resonance
imaging (MRI) o�er safer diagnostic alternatives. Ultrasound utilises high-frequency
sound waves sent into the body, capturing the echoes that bounce back from inter-
nal structures to create images. MRI employs a strong magnetic �eld combined
with radio frequencies to in�uence the properties of the proton nuclei in hydrogen
atoms, enabling the production of detailed internal body images. Together, these
modalities provide critical insights into the body, aiding in diagnosis and treatment
planning without the inherent risks of ionising radiation for ultrasound and MRI.

2.2.1 Computed Tomography

Computed Tomography (CT) scan, is a diagnostic imaging exam based on com-
puterised X-ray [19]. CT scans address several limitations of traditional X-rays,
including the projection of three-dimensional objects into two-dimensional images,
di�culties in capturing low-contrast objects, and the inability to accurately deter-
mine the density of an object [20]. The X-ray beams are fan-shaped and aimed at
the body while the X-ray source quickly rotates around the patient while the patient
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moves slowly, this allows for several di�erent views and more details to be captured
when compared to traditional X-ray [19]. Instead of �lm, the CT scanner uses special
digital X-ray detectors, situated opposite of the X-ray source, the scanner transmits
a signal to a computer which is then converted into a 2D image. Each rotation the
X-ray source conducts results in cross-sectional images or a �slice�, which can then
be displayed individually or stacked together to generate a 3D image of the selected
area. CT scans are used to identify disease or injury and have become a popular
tool for detecting tumours or lesions, particularly within the abdomen.

2.2.2 Cone Beam Computed Tomography

There is a specialised form of CT known as Cone Beam Computed Tomography
(CBCT). Unlike traditional CT scans that use a fan-shaped beam, CBCT employs
a cone-shaped beam [21]. Compared to fan beam CT, CBCT typically exhibits a
higher presence of artefacts, more noise, a lower signal-to-noise ratio, and a reduced
ability to discriminate low-contrast objects. However, a signi�cant advantage of
CBCT is that it exposes the patient to signi�cantly less radiation�about half to
one-third of conventional CT scans. This reduction in radiation, though, often
results in poorer image quality. Navari's plan is to use CBCT for their solution,
however, CT images are used in this master thesis project based on availability and
the assumption that they are similar enough to translate any �ndings.

2.2.3 Contrast Agent

Contrast agents are substances used in medical imaging to enhance the visibility
of internal organs, blood vessels, and tissues, making them more distinguishable on
scans [22]. These agents work by altering the way imaging technologies interact with
the body. For instance, in CT and MRI scans, contrast agents increase the contrast
between di�erent tissues, improving the clarity and detail of the images. Common
types include iodine- and barium-based compounds for X-rays and CT scans. These
agents are crucial for diagnosing conditions that might not be visible on standard
scans, such as tumours or vascular diseases.

2.2.4 Houns�eld Units

CT scanners measure the linear attenuation coe�cients (� ) of tissues, due to varia-
tions in scanner hardware, identical tissues can show di�erent� values on di�erent
scanners or even on the same scanner over time [23]. To standardise readings across
di�erent conditions, CT numbers are calculated using the formula:

h = 1; 000�
� � � water

� water
(2.1)

expressed in Houns�eld Units (HU).� water is set at 0 HU and� air at -1,000 HU.
This standardisation helps in comparing scans by converting raw attenuation data
into a consistent scale, where typically, bone reaches around 1,000 HU and metal
can exceed 3,000 HU.
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2.2.5 Medical File Formats

Medical data is stored in various �le formats, with NIfTI (Neuroimaging Informatics
Technology Initiative) �les being one of the most common. The LiTS dataset, as
described in Section 2.3.1, is organised in NIfTI format [24]. NIfTI is known for its
simplicity and minimalistic structure, making it a preferred choice for certain types
of medical imaging data. In contrast, DICOM (Digital Imaging and Communica-
tions in Medicine) is a more complex and comprehensive format. DICOM is widely
used for storing data from medical scanners and can include embedded data such as
patient notes and audio �les. Due to its detailed structure, DICOM is the standard
for clinical and diagnostic imaging.

In this project, NIfTI �les from the LiTS dataset were converted into DICOM �les.
This conversion facilitates the integration of the data into clinical work�ows, allowing
for more comprehensive utilisation of the medical images and associated metadata.

2.3 Dataset for Liver Cancer

There are several datasets available for segmenting liver and liver tumour images in
di�erent modalities [7]. Table 2.1 provides an overview of publicly available datasets,
detailing liver, tumour and background annotations.

Table 2.1: Summary of datasets for liver and liver tumour segmentation [7]

Dataset Institution Liver Tumour Annotation #Volume Modality

TCGA-LIHC TCIA X X � 1688 CT, MR, PT

MIDAS IMAR X X � 4 CT

3Dircadb-01
3Dircadb-02 IRCAD X X X 22 CT

SLIVER'07 DKFZ X � X 30 CT

LTSC'08 Siemens � X X 30 CT

ImageCLEF'15 Bogazici Uni. X � X 30 CT

VISCERAL'16 Uni. of Geneva X � X 60/60 CT/MRI

CHAOS'19 Dokuz Eylul Uni. X � X 40/120 CT/MRI

LiTS TUM X X X 201 CT

Most of the datasets do not provide annotated data for both liver and tumour, with
the exception of the LiTS and 3Dircadb datasets. For this project, the LiTS dataset
will be used as it o�ers the largest collection of data with annotations for liver,
tumour, and background.
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2.3.1 LiTS dataset

The Liver Tumour Segmentation Benchmark (LiTS) dataset was collaboratively
assembled by seven research institutions and medical centres worldwide [7]. It com-
prises 201 CT images of the abdomen, 194 of which include liver tumours. This
dataset plays a crucial role in the LiTS benchmark challenge, aimed at fostering the
development of advanced deep learning models speci�cally for liver and liver tumour
segmentation.

The benchmark challenge associated with the LiTS dataset drives innovation in
medical imaging by promoting the development of machine learning models for pre-
cise liver and liver tumour segmentation [7]. This initiative enhances technology by
providing diverse image sets, facilitating collaborative learning among researchers,
and addressing clinical needs through improved diagnostic and surgical planning.
It also ensures that the models developed are robust and applicable to the variable
conditions found in real-world medical data, enhancing their practical utility in clin-
ical settings.

The LiTS dataset consists of a wide spectrum of liver diseases and stages, which
manifest as tumours varying signi�cantly in size and the extent of imaging artefacts
[7]. Liver tumours span a wide range of shapes, and sizes and contrast with ambigu-
ous boundaries. There are also di�erences in the uptake of contrast agents which
can introduce variability in the imaging of the tumours. Each image in the LiTS
dataset has been meticulously annotated by radiologists. They marked every pixel
as either tumour, healthy liver, or background, the latter representing pixels that
are neither healthy liver tissue nor tumour. The characterises of the LiTS dataset
are summarised in Table 2.2.

Table 2.2: Characteristics of LiTS Dataset

Characteristic Range
Volumes 201
Volumes with tumour 194
Volumes annotated 131
Slice resolution in pixels 512 x 512
Axial slices per volume 42 - 1026
Number of tumours per volume 0 - 12
Slice Thickness per volume 0.45 mm - 6.0 mm
Tumour volume 38 mm3 - 1231 mm3

In-plane resolution per pixel 0.56 mm - 1.0 mm
Average tumor HU- value 65 - 59
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2.4 Deep Learning

Before introducing di�erent network architectures, it is important �rst to explain
what deep learning is, as well as the basic concepts associated with it. Machine learn-
ing is an AI that can automatically learn from data and past experiences to identify
patterns and make predictions with little human intervention [25]. Deep learning is
a subset of machine learning, which utilises big networks and large amounts of data
[26]. For a depiction of how deep learning relates to machine learning and AI, see
Figure 2.1.

Figure 2.1: Deep learning is a subset of machine learning which in turn, is a subset
of AI [1].

Deep learning uses multi-layered neural networks known as deep neural networks, to
learn patterns [26]. The idea behind it is to have a signi�cant number of connections
to simulate the complexity of the human brain. It is trained on large amounts of
data and can identify and classify phenomena, recognise patterns and relationships,
evaluate possibilities, and make predictions and decisions. A deep neural network
consists of at least three layers, any extra layers help re�ne and optimise the accu-
racy of the outcome.

2.4.1 Transfer Learning

In deep learning, it is common that a model starts o� with no prior knowledge and
learn from the provided dataset by training on it [27]. An advancement to this is
transfer learning, where the network is pre-trained on a separate source domain,
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which may vary depending on the model. This, in turn, means that the model pos-
sesses prior knowledge that it can apply on the target source, the chosen dataset.
Transfer learning can enhance the model's performance and make it more accurate,
particularly if the source and target sources are similar. However, it can also worsen
the model's performance if the domains are too di�erent, compared to the model
being trained from scratch.

The bene�ts of using Transfer learning are not only that it can make the model
more accurate, but it can also reduce the amount of data needed to train and speed
up the processing time [28].

2.4.2 Basic Concepts of Deep Learning

Most machine learning algorithms rely on hyperparameters, these are predetermined
settings external to the learning process itself [29]. At the core of these algorithms
lies an optimisation algorithm, a loss function, a model architecture, and a dataset.

In a convolutional neural network (CNN) architecture, several layers play pivotal
roles in feature extraction, dimensional reduction, classi�cation, and regularisation
[30]. Convolution layers extract essential features from input images using convolu-
tion operations, preserving spatial relationships crucial for accurate analysis. Pool-
ing layers follow convolution layers, pooling layers reduce feature map size, aiding
in computation e�ciency while retaining important features. Fully connected layers
connect neurons across layers, facilitating classi�cation tasks and enhancing model
performance through multi-layer interactions. To prevent over�tting, dropout layers
randomly deactivate neurons during training, simplifying the network and improving
generalisation. Activation functions introduce non-linearity, enabling the network to
learn complex relationships between variables. Functions like ReLU, Softmax, and
Sigmoid determine neuron activation and the signi�cance of input data for predic-
tion. Each of these layers and techniques contributes uniquely to the e�ectiveness
and e�ciency of CNNs in various machine-learning tasks.

The network learns through training, where the task is to optimise the initial network
weights [31]. The goal is to �nd accurate weights which map the input to the
correct output. The network weights are set to arbitrary values when the model is
initialised, but with each epoch, the network will calculate the loss function. The
loss function computes the disparity between the network's output predictions and
the true labels associated with the input data, producing a quantitative measure
of prediction accuracy. The calculated loss is then multiplied by a learning rate, a
small number usually ranging from 0.01 to 0.0001, but can vary greatly. The new
weight is calculated using Equation 2.2.

new weight= old weight � (learning rate� loss) (2.2)

Once the new weights are calculated, all old weights are replaced by the new ones
for the next epoch. The optimisation algorithm plays a pivotal role in deep learning
models, aiming to minimise the loss [32]. Gradient descent, a prevalent optimisation
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algorithm, iteratively �nds local minima of the loss function by computing its gradi-
ent and adjusting the model's parameters in the opposite direction of the gradient.
An example of this is Adam, Adaptive Moment Estimation, a popular optimisation
algorithm for �rst-order gradient-based optimisation of stochastic objective func-
tions [33]. Training occurs over epochs, with each epoch representing one complete
iteration through the entire training dataset [34].

To expedite training, images are typically divided into batches, and processed iter-
atively within each epoch. Batch size refers to the number of samples used in one
forward and backward pass through the network [35]. This poses a trade-o� be-
tween accuracy, speed and available computational power. Throughout the epoch,
the model gathers information to update its current weights, enhancing its predic-
tive capabilities for subsequent iterations [34].

The dataset is usually divided into three sets, train, test and validation set, where
the train set is the largest [36]. As the name suggests, the model uses the training
set to learn and is evaluated throughout the training process on the validation set.
The lack of further improvement on the validation set is a good indicator that the
number of optimal epochs has been reached.

Over�tting is a common issue in machine learning where a model learns the training
data too well, capturing noise and speci�c patterns that do not generalise to new data
[37]. Instead of learning the general characteristics of the data, the model memorises
the training examples, leading to poor performance on unseen data. This is espe-
cially problematic in deep learning, where complex models can easily learn intricate
details that are not relevant for making predictions on new data. A method to pre-
vent this from happening is data augmentation. This meant to randomly augment
the images and their corresponding labels in predecided ways to simulate more data.

Freezing layers in a neural network refers to �xing the weights of certain layers during
training, preventing them from being updated [38]. This technique is commonly
used in transfer learning, where pre-trained models are used for speci�c tasks. By
freezing early layers that capture generic features and only training later layers,
computational resources are conserved, and over�tting is mitigated. Freezing layers
enables the e�cient adaptation of pre-trained models to new tasks with limited
labelled data. You can also �ne-tune the model by unfreezing all layers, re-training
it and lowering the learning rate, to adapt it more to your chosen data.

2.4.3 U-Net

U-Net is a fully convolutional neural network architecture seen in Figure 2.2 used for
image segmentation [2]. U-Net has revolutionised biomedical image analysis by pro-
viding a reliable and e�cient method for segmenting complex structures in medical
images. Its ability to handle small datasets and produce high-quality segmentations
has made it a standard tool in many medical imaging applications, contributing to
advancements in diagnostic accuracy and treatment planning.
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Figure 2.2: The network architecture of a U-Net, showing the encoding and de-
coding layers [2]

The U-Net structure consists of an encoder- and decoder path, see Figure 2.2 [39].
The encoder captures the context and reduces the spatial dimension, extracting
features at multiple levels. In each downsampling step, the image dimensions are
halved and the number of feature channels doubled. The main purpose of this is
to extract as many features as possible. The resulting compressed image from the
encoder path is passed through a bottleneck layer and then continues to the decoder
part on the right side, see Figure 2.2. Here the compressing is reversed, the image
dimensions are doubled and the feature channels are halved in each layer. Moreover,
the decoder involves up-convolutions to increase the spatial dimensions, combined
with concatenating features from the encoder path through skip connections. This
enables precise localisation and segmentation of the image.

2.4.3.1 VGG16

VGG16, developed by K. Simonyan and A. Zisserman from the University of Ox-
ford, was released in 2014 as a groundbreaking CNN [40]. This model has shown
exceptional performance in image classi�cation tasks, particularly notable for its
test data accuracy of 92.77% when trained on the ImageNet dataset. ImageNet is a
dataset that consists of 14 million images and 1000 classes.
The VGG16 architecture is characterised by its depth and simplicity, comprising
16 layers, including 13 convolutional layers, 5 pooling layers, and 3 fully connected
layers, as seen in Figure 2.3 [41]. The network expects an input image of a �xed size
of 224x224x3. It employs �lters that progressively increase from 64 to 512 through
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the network. Each convolutional layer uses a 3x3 �lter with a stride of 1, while the
max pooling layers use a 2x2 �lter with a stride of 2. Due to its robust structure,
VGG16 has been widely used as a backbone for various image classi�cation and
feature extraction tasks. It is used in applications requiring detailed visual under-
standing, such as medical image analysis. The network's ability to act as a feature
extractor allows it to be �ne-tuned for speci�c tasks, reducing the computational
complexity and resource requirements.

Figure 2.3: The network architecture of VGG16 [3].

The hierarchical structure of VGG16 enables the model to learn robust feature
representations, making it suitable for a broad range of image classi�cation tasks
[42, 41]. Its extensive use across di�erent domains underscores its versatility and
e�ectiveness.VGG16 remains a cornerstone in the �eld of deep learning for image
processing, illustrating the power of CNN architectures in handling complex visual
tasks. Its continued relevance is supported by ongoing research and adaptation in
various scienti�c and industrial applications.

2.4.3.2 YOLOv8

YOLO (You Only Look Once) is an object detection and image segmentation model,
which utilises transfer learning [4]. The model became popular due to its exceptional
high speed and accuracy in various computer vision applications. The YOLOv8
network was originally presented by Redmon et al. in 2015. It has since then been
developed further in 7 versions into YOLOv8, which builds on previous versions and
was released in January 2023. This version supports new features and improvements
for enhanced performance, �exibility, and e�ciency. The segmentation version of
YOLOv8 is pre-trained on a dataset called COCO (Common Objects in Context)
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[4]. The COCO dataset is an object detection, segmentation and captioning dataset
[43]. It is trained 330k images, over 200k of which are labelled, on 80 objects and 91
stu� categories. This diverse dataset enables YOLO to achieve remarkable accuracy
across diverse tasks.

The structure of the YOLOv8 network is presented in Figure 2.4, this includes the
division of backbone and head. The backbone of the network is made up of a CNN,
which plays a crucial role in extracting low, medium and high-level feature maps
from an input image [44]. This multi-scale extraction is an important feature for
detecting objects of various sizes. These feature maps are then relayed to the head
of the structure which then makes the classi�cation prediction of each pixel for
segmentation. YOLOv8 operates like a 'black box', where you provide input and
commands and receive an output. Making modi�cations inside the YOLOv8 archi-
tecture is therefore very hard to do.

Figure 2.4: YOLOv8 architecture [4].
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There are di�erent sizes of YOLOv8, which can be selected depending on the task
at hand [5]. There are �ve variants, nano (n), small (s), medium (m), large (l) and
extra large (x). The di�erence between them is primarily the number of parameters,
which in turn a�ect other properties like speed, this can be seen in Figure 2.5.

Figure 2.5: YOLOv8 sizes and its corresponding properties [5].

YOLOv8, one of the latest networks in the YOLO series of object detection models,
incorporates several innovative enhancements to boost its performance [45]. This
technique combines four di�erent images into one composite image to provide the
model with a richer context during training. In YOLOv8, this augmentation strat-
egy is notably deactivated during the last 10 training epochs, which is a deviation
from its predecessors like YOLOv4, where it was used consistently. The rationale
behind this adjustment is to �ne-tune the model's performance by focusing on learn-
ing from singular, unaltered images towards the end of training but is something
that can be turned o� altogether. Another property is loss function optimisation,
YOLOv8 innovates on the traditional loss function approach by introducing a task
alignment score. This score is pivotal in enhancing the model's detection capabilities
as it is calculated from classi�cation accuracy and the intersection over union (IoU)
metric. The model utilises a combination of binary cross entropy for accurate label
prediction, complete IoU for precise bounding box alignment with ground truth, and
distributional focal loss to re�ne the predicted bounding box distribution. Each of
these components serves a distinct purpose, contributing to the model's robustness
in both classifying and localising objects within an image. Something else that dif-
fers in this network compared to others is the labels, the format used for YOLOv8
is a text �le. It is one text �le per image where each object is a separate row, where
an integer represents the class of the object [46].

2.4.3.3 SAM

The Segment Anything Model (SAM) is a new TL segmentation model developed by
Meta AI, released in April 2023 [47]. The model is built to identify the precise loca-
tion of objects in an image and is trained on 1 billion masks on 11M images. SAM is
developed to be used as is, meaning it does not necessarily need any additional train-
ing. It utilised bounding boxes as input to segment objects in images. However, it
can be further trained on new datasets to customise it for speci�c tasks and datasets.
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The architecture is fully supervised and is composed of the following three key
components; a powerful image encoder, a prompt encoder, and a lightweight mask
decoder, as shown in Figure 2.6 [6]. The image encoder, based on a pre-trained vision
transformer, processes each image once and is adaptable to high-resolution inputs.
The prompt encoder handles various prompt types, including sparse (points, boxes)
and dense (masks), using di�erent encoding techniques like positional encodings
and convolutions. The mask decoder integrates these inputs using a transformer-
based approach to e�ciently generate segmentation masks, adaptable for zero-shot
learning across diverse tasks and image types. SAM comes in three di�erent sizes,
�ViT-B�, �ViT-L�, and �ViT-H�, each adding more complexity.

Figure 2.6: The architecture of SAM, including an image encoder, a prompt en-
coder, and a lightweight mask decoder, as well as the various prompts that can be
given to the architecture. There is also an example input image and potential masks
for it [6].

2.5 Evaluation metrics for liver segmentation

The evaluation metrics that are used for this project will be presented in this section.
In this project, recall and Dice score were used to evaluate the performance of each
model and determine the best one. A weighted score of recall and Dice score is also
introduced.

2.5.1 Dice Score

Dice score is a evaluation metrics, it is a measure of the overlap between the predicted
segmentation and the ground truth. The Dice coe�cient or the Dice score, can be
visualised in Figure 2.7, showing the segmentation and ground, as well as truth false
positive (FP), false negative (FN) and the overlap between the two, true positive
(TP).
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Figure 2.7: Light blue represent the predicted segmentation and the dark blue the
true label or ground truth. FP are pixels wrongfully classi�ed as tumour, FN are
pixels wrongfully classi�ed as non-tumour, and TP are pixels correctly classi�ed as
tumour.

Dice score is a measurement of the overlap between the segmentation and ground
truth, and is de�ned in Equation 2.3. Where TP = true negative, FN = false
negative andFP = false positive. When used in the evaluation, the Dice score
is applied for every segmentation and then averaged over all cases [7]. The score
ranges from 0, indicating no overlap, to 1, signifying perfect agreement between the
segmentation and ground truth.

Dice Coe�cient = Dice Score=
2 � TP

2 � TP + FP + FN
(2.3)

It is critical for models that segment medical images to accurately identify areas of
interest, such as tumours, and the Dice score provides an objective measure of the
model's segmentation accuracy.

2.5.2 Recall (sensitivity)

Recall is another way to evaluate a model's performance on a dataset [7]. It is
commonly used in segmentation tasks where it is more important to minimise FN
than FP. Recall expresses the proportion of correctly identi�ed TP in relation to
FN, and the de�nition can be seen in Equation 2.4. WhereTP = true negative, FN
= false negative andFP = false positive. A score close to 1 in this case, indicates
that the model identi�es most of the ROI, which is important for medical purposes,
but says nothing about including pixels that are FP.

Recall=
TP

TP + FN
(2.4)
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2.6 Loss Function

The loss function is a method used to evaluate how well a network works on a spe-
ci�c dataset, and it is used during the training phase [48]. A higher value from the
loss function indicates poor predictions from the model, and vice versa, where lower
values indicate better predictions.

A loss function sometimes called a cost or error function, is a mathematical function
that quanti�es the di�erence between the predicted value (the output of the model)
and the true value (the label) [49]. It is used in the training process to minimise the
loss values through optimisation techniques like gradient descent. This value can be
used as an indicator when changing parameters in the model to see if they improve
performance, i.e. yield a lower training loss.

The choice of loss function should be made with care since the choice of loss function
could have a signi�cant impact on the learning process of the model and the results
it produces [50]. It is important to choose a loss function suited to your speci�c
dataset and task since di�erent loss functions have di�erent strengths. For example,
if you have a lot of background (i.e., the number of non-tumour pixels is far greater
than the number of tumour pixels), like in this project, Dice loss is a common choice.

2.6.1 Dice Loss

Dice loss is based on the Dice coe�cient shown earlier in Equation 2.3. In image
segmentation, the Dice coe�cient compares pixels from the predicted mask with
those of the ground truth [50]. Contrary to the previous aim of maximising the
Dice coe�cient and therefore the overlap, the goal here is to minimise the Dice loss
formula seen in Equation 2.5. HereTP = true positive, FP = false positive and
FN = false negative. Note that the Dice coe�cient is slightly modi�ed to ensure
the function is de�ned in all scenarios, like whenTP + FP + FN = 0.

Dice Loss= 1 � Dice Coe�cient = 1 �
2 � TP + 1

2 � TP + FP + FN + 1
(2.5)

2.6.2 Focal Tversky

Focal Tversky loss is a further adaptation of Dice loss [51]. A limitation of the
Dice loss function is that it weighs false positive (FP) and false negative (FN)
equally. This results in high precision and low recall, to combat this and improve
recall, the Tversky index (TI) is presented as a generalisation of the Dice coe�cient,
shown in Equation 2.6, whereTP = true negative, FN = false negative andFP
= false positive. � and � are weights forFN and FP against one another. When
� = � = 0:5, the Tversky Index becomes the Dice coe�cient, see Figure 2.3.

Tversky Index =
TP

TP + �FN + �FP
(2.6)
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The TI is converted to a loss function called Tversky loss which is minimised and
can be seen in Equation 2.7. Another weakness of the Dice loss is that small ROIs
do not contribute signi�cantly to the loss, hence the network struggles to segment
them. A parameter 
 is added to combat this, creating the �nal focal Tversky loss
as seen in Equation 2.8.

Tversky Loss= (1 � Tversky Index) (2.7)

Focal Tversky Loss= (1 � Tversky Index)
 (2.8)

This focal Tversky loss function is customised for imbalanced datasets, where there
is a signi�cantly larger amount of background data compared to the area of interest,
like in the case of this project. It also prioritises false positives (FP) over false
negatives (FN) and focuses on harder examples of smaller tumours.
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Methods

In this chapter, the methods of this project are presented. First, the general work�ow
of the entire project is summarised. Then, the preparation of the two datasets used
throughout the project is described. Finally, the training and evaluation of the deep
learning models are explained.

3.1 General Work�ow

The work began by familiarisation with previous thesis work from Navari Surgical.
This involved reading reports and other documentation, reviewing the code, and
attempting to replicate the results. All decisions made during this process were
noted for consideration in this new thesis work. A literature study was conducted
to gain a better understanding of the problem and potential solutions. Based on this
background research, the focus was placed on deep learning networks, speci�cally
TL networks.

The TL networks chosen for further investigation were VGG16, YOLOv8, and SAM.
These networks were selected based on their potential as highlighted in the liter-
ature. Additionally, the U-net network, which was used in previous years' thesis
work, was included to facilitate easier comparison.

To ensure a fair comparison, the TL networks were worked on separately, determin-
ing settings through a literature review and a trial-and-error approach. Consistent
parameters were maintained across all networks and individual runs to enable direct
comparison of results.

It was also decided to create new datasets, inspired by previous thesis work but with
improvements. Using the same raw �les from the LiTS challenge, the original NIfTI
�les were reprocessed into PNG format. This allowed for control over all prepro-
cessing steps and addressed certain issues found in previous datasets. The aim was
to see if these modi�cations would positively impact the results. Consequently, two
new datasets were created: one focusing on the liver (LIVER) and another simu-
lating a bounding box or region of interest (ROI). During the preprocessing stage,
some additional settings and modi�cations were applied.

The networks were evaluated using various metrics deemed appropriate for this
task. The analysis was conducted in stages: �rst, di�erent settings and networks
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were compared individually on each dataset. Then, the networks were compared to
each other to draw comprehensive conclusions.

3.2 Datasets

Two datasets were created from the LiTS dataset, named LIVER and ROI. These
datasets were designed for use in two di�erent scenarios. The LIVER dataset is
intended for direct use, while the ROI dataset is meant to simulate the surgeons'
marked regions of interest in the images. Both datasets have been prepared and
cropped accordingly.

The datasets were split into training, validation, and test sets in the same way
for both LIVER and ROI. A script was used to divide the datasets into 80% for
training, 10% for validation, and 10% for testing. The split was based on the total
number of images, not the number of patients. The script ensured that images from
the same patient would not be placed in di�erent sets. The datasets divided into
train, validation and test sets are summarised in Table 3.1.

Table 3.1: The amount of images and respective labels divided into training, vali-
dation, and test sets for the two di�erent datasets, LIVER and ROI.

Dataset Train Validation Test
LIVER 10845 1106 1226

ROI 4569 392 490

3.2.1 Liver

The LIVER dataset was cropped to focus on the liver, ensuring the images contained
as much of the liver as possible without including excessive background, which could
negatively a�ect the output. Labels with and without liver tumours were used in
this dataset to more accurately mimic reality and test the robustness of our models.
However, 50% of all the black labels and corresponding images were removed to
create a more balanced dataset, as non-tumour labels were overrepresented in the
original dataset. In total, 13,177 slices of images and corresponding labels were
obtained from the LiTS dataset. The dataset was split into training, validation,
and test sets, with the training set consisting of 10,845 images, the validation set
of 1,106 images, and the test set of 1,226 images. This results in 82.50% in the
training set, 8.63% in the validation set, and 8.79% in the test set. This distribution
includes images from 107 patients in the training set and 12 patients in each of
the validation and test sets. Before removing 50% of the images not containing a
tumour, the dataset consisted of 19,163 images and corresponding labels.
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3.2.2 Region of Interest

The ROI dataset consisted of cropped images of tumours. In this dataset, all labels
represented tumours. To train the network on a speci�c task, it was decided to
limit the training to images containing only one tumour. This resulted in a total
of 5,451 images and corresponding labels. These images and labels were then split
into training, validation, and test sets, with the training set consisting of 4,569
images, the validation set of 392 images, and the test set of 490 images. This results
in 83.82% in the training set, 7.19% in the validation set, and 8.99% in the test
set. This distribution includes images from 107 patients in the training set and 12
patients in each of the validation and test sets.

3.3 Preparation of dataset

The LiTS dataset was sourced from the organisers of the LiTS Challenge, available
at medicaldecathlon.com. The dataset was systematically organised into patient-
speci�c folders, each containing image �les and corresponding labels in NIfTI for-
mat, compressed for e�cient transfer. Decompression was performed using 7-zip,
followed by the conversion of the NIfTI �les to DICOM format using Slicer. This
conversion process was done individually for each patient, including a thorough vi-
sual inspection of both images and labels to ensure data integrity.

Special attention was given to the segmentation of the liver from the overall anatom-
ical structures within the dataset. Precise segmentation was possible due to speci�c
annotations identifying liver tissue, tumours, and background elements. The liver
was isolated using annotations for liver and tumour as input images, while the tu-
mour was isolated using annotations for tumours as labels. This ensured that each
image and its corresponding label were consistently linked, enabling the networks
to train e�ectively on segmenting tumours from liver images.

3.3.1 Preprocessing

Preprocessing was a crucial part of the dataset preparation, consisting of cropping,
HU conversion, and histogram equalisation. HU conversion and histogram equali-
sation were applied uniformly across both datasets, while cropping di�ered between
them. Preprocessing was necessary to convert all images and labels from DICOM
to PNG format, the required input for network training.

3.3.1.1 Cropping

For the LIVER dataset, images were cropped along the liver, using the annotated
liver as a reference. Corresponding labels were cropped identically to ensure align-
ment with their respective images. For the ROI dataset, images were cropped to
isolate a single tumour. To avoid always having the tumour in the centre of the
image, the cropping was randomised, extending from 0 to 30 pixels beyond the
tumour's size.
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3.3.1.2 HU Conversion

The conversion to Houns�eld Units (HU) was carried out to rescale the intensity
values, standardising them across all images. This was achieved using Equation 2.1.
However, as the constants were not provided in the metadata no di�erences were
made by the conversion. Additionally, no thresholding of HU values was applied as
it was not deemed necessary.

3.3.1.3 Histogram Equalisation

Histogram equalisation was applied separately to each image in both the training and
validation sets to enhance contrast, using Python's OpenCV library. This process
was not applied to the labels, nor was it applied to the test set.

3.3.1.4 Data Augmentation

To prevent over�tting, various data augmentations were randomly applied during the
training process. The chosen augmentations�rotation, scaling, and shearing�are
detailed in Table 3.2. These were applied consistently to both images and their
corresponding masks to maintain mask accuracy. This strategy, based on successful
practices from the previous year's thesis, e�ectively doubled the dataset size and
enhanced the model's ability to generalise by retaining all original images and masks.

Table 3.2: Data augmentation used on the datasets.

Augmentation Span
Rotation -180 to 180

Shear - 15 to 15
Scale 0.5 to 1.5

3.4 Training

Training was conducted on U-Net, VGG16, and YOLOv8 models using customised
training loops. To maintain consistency, the majority of variables were kept constant
across all networks, including the number of epochs, learning rates for layer freezing
and unfreezing, and the optimiser. Variables like image size and batch size were
adjusted speci�cally for each network. Each network was trained with two datasets
and for U-Net and VGG16, the loss functions varied while for YOLOv8 it was kept
the same. This resulted in 12 model variations each for U-Net and VGG16, and 6
for YOLOv8, due to its �xed loss function, resulting in a total of 30 models.

3.4.1 The assembly of VGG16

VGG16 consist of a head and a backbone. The backbone is the same as the orig-
inal network architect described in section 2.4.3.1. As the layers in the backbone
use max-pooling to compress the image, the head consists of upsampling layers to
obtain the same size as the input image. The head in this case has not been trained
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before.

self.upsample = nn.Sequential(
nn.ConvTranspose2d(512, 256, kernel_size=2, stride=2),
nn.BatchNorm2d(256),
nn.ReLU(inplace=True),
nn.Dropout(p=0.5),
nn.ConvTranspose2d(256, 128, kernel_size=2, stride=2),
nn.BatchNorm2d(128),
nn.ReLU(inplace=True),
nn.Dropout(p=0.5),
nn.ConvTranspose2d(128, 64, kernel_size=2, stride=2),
nn.BatchNorm2d(64),
nn.ReLU(inplace=True),
nn.Dropout(p=0.5),
nn.Conv2d(64, 2, kernel_size=1)

)

3.4.2 The assembly of YOLOv8

YOLOv8 requires slightly di�erent input in terms of label format. Unlike the other
networks that were trained, YOLOv8 requires a text �le as a label. This text �le
is generated from the masks that served as input for the other networks. However,
the output of the prediction is a mask, similar to the outputs of the other networks.

3.4.3 Model Training Con�gurations

The training involved 30 models, integrating two datasets with various combinations
of learning rates for layer freezing and unfreezing. The learning rates for layer freez-
ing were A, B and C and unfreezing C, D and E, as can be seen in Table 3.3. For
U-Net and VGG16, two di�erent loss functions were also tested, Dice loss and focal
Tversky loss. Key parameters such as the number of epochs, the optimiser Adam,
and the two datasets were standardised across all networks. Di�erences between
the networks involved customising the image and batch size for each speci�c model,
depending on input format and GPU capacity, as shown in Table 3.4.

The initial training phase for the TL networks involved freezing the backbone at
a predetermined rate, followed by unfreezing all layers and reducing the learning
rate (�ne-tuning), as shown in Table 3.3. Unlike these networks, U-Net, which is
not a TL network, only utilises the �rst learning rate for comparison purposes, as it
does not involve freezing or unfreezing layers. The loss functions used were Dice loss
and focal Tversky loss for U-Net and VGG16, while YOLOv8 used a �xed combina-
tion of built-in loss functions. Training was conducted using the training subset of
the dataset, and performance was monitored using the validation subset. Through-
out the training, progress was tracked by observing the plots of the training and
validation losses.
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Table 3.3: Showing the training con�guration for each model, including model
number, network, dataset, learning rate for freeze and unfreeze as well as loss func-
tion where applicable.

Model nr Network Dataset Lr Freeze Lr Unfreeze Lr Combination Loss Function

1 U-Net LIVER A - 1 Dice
2 U-Net LIVER B - 2 Dice
3 U-Net LIVER C - 3 Dice
4 U-Net LIVER A - 1 Focal Tversky
5 U-Net LIVER B - 2 Focal Tversky
6 U-Net LIVER C - 3 Focal Tversky
7 U-Net ROI A - 1 Dice
8 U-Net ROI B - 2 Dice
9 U-Net ROI C - 3 Dice
10 U-Net ROI A - 1 Focal Tversky
11 U-Net ROI B - 2 Focal Tversky
12 U-Net ROI C - 3 Focal Tversky
13 VGG16 LIVER A C 1 Dice
14 VGG16 LIVER B D 2 Dice
15 VGG16 LIVER C E 3 Dice
16 VGG16 LIVER A C 1 Focal Tversky
17 VGG16 LIVER B D 2 Focal Tversky
18 VGG16 LIVER C E 3 Focal Tversky
19 VGG16 ROI A C 1 Dice
20 VGG16 ROI B D 2 Dice
21 VGG16 ROI C E 3 Dice
22 VGG16 ROI A C 1 Focal Tversky
23 VGG16 ROI B D 2 Focal Tversky
24 VGG16 ROI C E 3 Focal Tversky
25 YOLOv8 LIVER A C 1 Built-in
26 YOLOv8 LIVER B D 2 Built-in
27 YOLOv8 LIVER C E 3 Built-in
28 YOLOv8 ROI A C 1 Built-in
29 YOLOv8 ROI B D 2 Built-in
30 YOLOv8 ROI C E 3 Built-in

Table 3.4: Training con�gurations for the di�erent networks, including image and
batch size. Speci�c con�gurations vary according to each network's input format
and GPU capacity.

Network Image Size Batch Size
U-Net 256 32

VGG16 244 32
YOLOv8 256 16
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3.4.4 Saving the Best Model

During the training process, only the weights from the best model of each phase were
saved. The selection of the "best model" is based upon the validation loss during
training, essentially the epoch where it reaches its minimum value for that run. The
training of the TL models consists of two phases: initially, the backbone is frozen,
and run for I epochs. However, only the best model from this phase is carried over
to the second phase, where all layers are unfrozen and the learning rate is reduced
for II epochs, the same procedure applies here where only the best model is saved
and is then the one used to predict tumours.

3.4.5 SAM

Unlike other TL networks, the SAM network is designed to be used immediately,
without the need for additional training on a custom dataset. An attempt was made
to train SAM similarly to other networks to improve its accuracy as much as possible.
During this process, it became evident from the training and validation loss data
that the network was not learning or improving with the dataset. Consequently, the
decision was made to include SAM's untrained version in the project for comparison,
rather than excluding it entirely. Both datasets were applied to the SAM network;
for the LIVER dataset, bounding boxes were generated from the masks, with random
pixel lengths varying between 0-10 in model 31 and 0-20 in model 32. The ROI
dataset was used as it is, suitable for SAM's requirement for bounding box inputs,
which this dataset replicates, creating model 33.

3.5 Evaluation

To evaluate the performance of each model, predicted masks were generated using
the �nal saved model weights. Approximately 10% of the dataset, designated as
the test split, was used to input images into the model, which then predicted each
pixel as either tumour or background. The output was a predicted mask, which was
compared to the original mask of the corresponding image. We employed evaluation
metrics Dice score and recall, where each image receives a score between 0 and 1.
The average of these scores for all predictions determines the performance of each
model.

3.5.1 Recall

Recall primarily focuses on the TP, assigning a higher value when the proportion
of TP is high, as indicated in Equation 2.4. This metric is particularly relevant
to our task, where correctly classifying pixels as tumour, high TP and low FN, is
critical. However, applying this metric to our LIVER dataset presented challenges
with images lacking tumours, as these do not have TP or FP, leading to potential
errors. To address this, a special treatment was implemented for images which do
not contain a tumour. If the model in that case correctly predicts the absence of
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a tumour, the image receives a recall score of 1; if it incorrectly predicts a tumour,
the score is 0. This approach penalises false positives e�ectively.

3.5.2 Dice Score

Dice score is another evaluation metric that was used, which provides a broader
image of the model's performance. In accordance with Equation 2.3, the Dice score
includes TP, TN, FP and FN, which gives it an overview of the model's overall
performance when predicting.

3.5.3 Weighted Score

The weighted score is based on recall from Section 3.5.1 and Dice score from Sec-
tion 3.5.2. The weighted score is calculated according to equation 3.1 where the
evaluation metrics weigh Dice score higher than recall.

Weighted Score= 0:6 � Dice loss+ 0:4 � Recall (3.1)
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Results

In this chapter, the results from each model described in the training schedule in
Section 3.4.3 are presented. As detailed in Section 3.5, the models were evaluated by
predicting tumours on the test sets from both datasets using Dice score and recall.
From the evaluation scores, a weighted score is calculated. The results are �rst
presented based on the type of network, then collectively to provide an overview,
including the average and variation of the evaluation metrics. The learning rate
combinations are presented in Table 4.1 for future reference.

Table 4.1: Learning rate combinations used for transfer learning networks.Learn-
ing Rate Freezerefers to the learning rate applied when the backbone is frozen,
while Learning Rate Unfreezerefers to the learning rate used when the backbone is
unfrozen.

Learning Rate combination Learning Rate Freeze Learning Rate Unfreeze
1 A C
2 B D
3 C E

4.1 U-Net

U-Net architecture was used for both the LIVER and ROI datasets, which are
presented in Section 4.1.1 for LIVER and Section 4.1.2 for ROI. The U-Net had
di�erent settings, resulting in six models for LIVER, summarised in Table 4.2, and
six models for ROI, summarised in Table 4.3. All U-Net models were run for I+II
epochs, and the best model, determined by the lowest validation loss during training,
was the one saved.

4.1.1 LIVER

The performance of the di�erent U-Net models is summarised in Table 4.2 for the
LIVER dataset. Two di�erent loss functions were used for the LIVER dataset: Dice
loss and focal Tversky loss, in combination with di�erent learning rates. Model 3
obtained the highest evaluation scores for the U-Net architecture trained on the
LIVER dataset.
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Table 4.2: Overview of U-Net models for the LIVER dataset running for I+II
epochs each where the best models according to the lowest validation loss are saved.
The evaluation scores, Dice score, recall and weighted score, are also presented for
each model.

Model nr Learning Rate Loss Function Dice Score Recall Weighted Score

1 A Dice Loss 0.699 0.704 0.701
2 B Dice Loss 0.734 0.738 0.736
3 C Dice Loss 0.740 0.742 0.741
4 A Focal Tversky 0.721 0.735 0.727
5 B Focal Tversky 0.698 0.720 0.707
6 C Focal Tversky 0.718 0.737 0.726

As seen in Figure 4.1, an example image from the test set has been evaluated on
model 1 - model 6.

(a) Input image (b) True label (c) Model 1 (d) Model 2

(e) Model 3 (f) Model 4 (g) Model 5 (h) Model 6

Figure 4.1: An example image from the test set evaluated on model 1- 6. Purple
indicates overlap, red indicates false positives, and blue indicates false negatives.

4.1.2 ROI

The performance of the di�erent U-Net models is summarised in Table 4.3 for the
ROI dataset. Two di�erent loss functions were used for the ROI dataset: Dice
loss and focal Tversky loss, in combination with di�erent learning rates. Model 11
obtained the highest weighted score for the U-Net architecture trained on the ROI
dataset.
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Table 4.3: Overview of U-Net models for the ROI dataset running for I+II epochs
each where the best models according to the lowest validation loss are saved. The
evaluation scores, Dice score, recall and weighted score, are also presented for each
model.

Model nr Learning Rate Loss Function Dice Score Recall Weighted Score
7 A Dice Loss 0.670 0.685 0.676
8 B Dice Loss 0.704 0.771 0.731
9 C Dice Loss 0.717 0.760 0.734
10 A Focal Tversky 0.708 0.798 0.744
11 B Focal Tversky 0.702 0.831 0.754
12 C Focal Tversky 0.716 0.792 0.746

As seen in Figure 4.2, an example image from the test set has been evaluated on
model 7 - model 12.

(a) Input image (b) True label (c) Model 7 (d) Model 8

(e) Model 9 (f) Model 10 (g) Model 11 (h) Model 12

Figure 4.2: An example image from the test set evaluated on model 7- 12. Purple
indicates overlap, red indicates false positives, and blue indicates false negatives.

4.2 VGG16

The VGG16 architecture was used for both the LIVER and ROI datasets, which are
presented in Section 4.2.1 for LIVER and Section 4.2.2 for ROI. The VGG16 had
di�erent settings, resulting in six models for LIVER, summarised in Table 4.4, and
six models for ROI, summarised in Table 4.5. All VGG16 models were run for a
total of I+II epochs. The VGG16 backbone was frozen for the �rst I epochs, during
which only the head of the VGG16 was trained. Subsequently, the backbone was
unfrozen and trained for an additional II epochs with a reduced learning rate for
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�ne-tuning. These learning rate combinations are presented in Table 4.1. The best
model, determined by the lowest validation loss during training, was saved during
the I+II epochs for each model.

4.2.1 LIVER

The performance of the di�erent VGG16 models is summarised in Table 4.4 for the
LIVER dataset. Two di�erent loss functions were used for the LIVER dataset: Dice
loss and focal Tversky loss, in combination with di�erent learning rates. Model 13
obtained the highest evaluation scores for the VGG16 architecture trained on the
LIVER dataset.

Table 4.4: Overview of VGG16 models for the LIVER dataset running for I+II
epochs each where the best models according to the lowest validation loss are saved.
The evaluation scores, Dice score, recall and weighted score, are also presented for
each model.

Model nr Learning Rate Loss Function Dice Score Recall Weighted Score
13 1 Dice Loss 0.712 0.738 0.722
14 2 Dice Loss 0.592 0.623 0.604
15 3 Dice Loss 0.619 0.638 0.627
16 1 Focal Tversky 0.667 0.688 0.675
17 2 Focal Tversky 0.592 0.624 0.605
18 3 Focal Tversky 0.557 0.607 0.589

As seen in Figure 4.3, an example image from the test set has been evaluated on
model 13 - model 18.

(a) Input image (b) True label (c) Model 13 (d) Model 14

(e) Model 15 (f) Model 16 (g) Model 17 (h) Model 18

Figure 4.3: An example image from the test set evaluated on model 13- 18 . Purple
indicates overlap, red indicates false positives, and blue indicates false negatives.
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