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Abstract
Deep machine learning on medical image analysis has become a popular topic since
the demand for computer-aided diagnosis has increase in past decades. For MRI
scans, U-net is a frequently used DL method with good segmentation results re-
ported. However, it is common that annotated ground truth data is used in super-
vised training. For segmentation of brain tumors from MRIs, DL methods usually
require annotated tumors from medical experts, which is time consuming process.
To overcome this problem, this thesis investigates a novel approach by using fore-
ground tumor area and background tissue area specified by 2 ellipse bounding boxes
as the input of a multi-stream U-net. This is then followed by a small number of an-
notated tumor data (less than 20 patients) for refined training. To further improve
the performance, we also study an approach where weights are added on unbalanced
classes during the training.
Experiments have been conducted on 2 datasets (i.e., MICCAI with 4 modalities
and US with 2 modalities). Since the US dataset is very small, we used FG-BG
trained DL network by 2 modality MICAII dataset followed by a further refined
training using a small number of patients in US dataset.
Results and evaluation are included. The proposed methods have achieved an aver-
age of 0.9724 test accuracy on 5 runs (where training and test subsets were patient-
wise re-partitioned) from MICCAI dataset (4 modalities) and an average of 0.9910
test accuracy on 5 runs from US dataset after adding weights on unbalanced classes.
Comparing with that of using annotated tumor GT trained scheme, the degradation
of test performance is about 6% and 1% for MICCAI and US dataset respectively.
The proposed method provides an alternative approach that can save time con-
suming manual tumor annotation by medical experts with a trade-off of a slightly
reduced segmentation accuracy on the test sets.

Keywords: MRI, tumor segmentation, ellipse bounding box, supervised training by
foreground-background areas, multi-stream U-net, multi-modality MRIs
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1
Introduction

1.1 Medical image analysis

The origin of medical images is the x-ray invented in around the start of 20th
century, which brings possibilities for doctors to locate trauma that could not be
seen previously. The initial x-ray technique would take more than 11 minutes, and
the risk of radiation exposure has not gotten any attention since late 1940s. The
dangers associated with medical imaging dose not prevent people from exploring the
potential of imaging technologies. Today's x-ray imaging has been strictly restricted
by safety procedures and only takes milliseconds.

Figure 1.1: Diagram of how a x-ray scanner works. The �gure is extracted from
[1]

With the development of computed tomography (CT scanning) and magnetic imag-
ing (MRI), computer stepped in the world of medical imaging in the 1970s. CT
played an important role for �rst allowing to take a series of image slices of the

1



1. Introduction

body and put them together with a computer to analysis the structure. It also
bene�ts in smaller x-ray does compared with x-ray.

Figure 1.2: A CT scan vs a MRI scan. The �gure is extracted from [1]

The clinical MRI today is based on the hydrogen nucleus with a resonance frequency.
With a known transmitted frequency, only the protons at the right value would
resonate, providing the location of the hydrogen nuclei. The RF pulse containing
multiple frequencies is applied on the body and di�erent timing of the RF pulses
relates to di�erent modalities, such as T1 and T2. Di�erentiated with CT, MRI
performs with no ionizing radiation and has more richness of contrast mechanism.
It is a common method to assess the brain and spinal cord abnormalities.
Data captured by x-rays, MRI, CT contains rich information, requiring professional
radiologists. Automatic medical image analysis can ease the burden for radiologists
and focus them on the crucial information picked up by computers. It could also be
possible to save clinicians from radiology training, enabling all doctors to have the
ability of interpreting medical images.

1.2 Motivation

The central nervous system (CNS) is made up with brain and spinal column, which
controls all the vital functions of human, such as speech, thought and body move-
ment [7]. A brain tumor is a collection of abnormal cells in brain or central spine,
which can disrupt normal body functions. Unlike normal cells which are controlled
by mechanisms, the brain tumors grow and multiply uncontrollably [8].
Depending on where the brain tumor starts, they can be classi�ed as primary and
metastases [9]. Primary brains tumors originate from the tissue of the brain or the
brain surroundings. These tumors can be both malignant and benign. Metastases
brain tumors are tumors that arises in another part of the body and then migrates
to the brain, which are always cancerous and named by the beginning location.
The diagnostic tools of brain tumors include computed tomography (CT) and mag-
netic resonance imaging (MRI) [8]. Both methods can be complicated and time-
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1. Introduction

consuming, and it always involves a number of specialists. Sometimes, it is necessary
to conduct a biopsy to identify whether the brain tumor is benign or malignant.

The concept of computer-aided diagnosis (CAD) was proposed in the 1980s [10],
which aims to help the radiologists in image interpretation. Most of the earlier
CAD systems were developed based on traditional machine learning methods, which
could only provide limited help to improve the diagnostic accuracy. Such situation
did not change until the deep learning methods have shown great success in machine
learning area with excellent performance on image analysis.

The development of deep learning has made it possible to build a trainable model
which can extract the features of speci�c tasks automatically. It gives a better
performance than traditional machine learning in many �elds, such as medical image
segmentation. Using deep learning methods to segment tumors can save time for
hospitals as well as patients. It also achieves to provide more accurate results in
diagnosis.

In this thesis, we focus on automatic segmentation of brain tumor for MRI scans. It
explores a new labeling method which save time for recognizing the detailed tumor
boundaries.

1.3 Existing work

Image segmentation is an essential part in image processing. It gives a pixel-wise
mask of provided image which extracts the area people are interested in.

The early image segmentation methods include thresholding [11], statistical ap-
proach [12], to more advanced algorithms such as active contours [13], conditional
and Markov random �elds [14]. In the deep learning area, convolutional neural net-
work (CNN) is the most wildly used architecture. Early deep learning method on
image segmentation uses a fully convolutional network (FCN), which is a modi�ca-
tion of existing CNN architectures. Later algorithms for image segmentation tend to
use encoder-decoder models, such as U-net [6], which includes a down-sampling path
and an up-sampling path. There are also models based on regional convolutional
network (R-CNN), which simultaneously perform object detection and semantic seg-
mentation.

The existing segmentation methods require large amount of accurate labeled data,
which is hard to meet in medical area. There are some research focus on dealing with
imperfect data in medical images. Yan et al. [15] use self-supervised learning and
randomly remove one modality during training to improve the model performance on
missing modality. Mohammad et. al [16] propose a method which assign individual
convolutional pipeline for each modality and merge available modalities in the end.
Rihuan et. al [17] also explore practical situations without enough accurate labels,
which combine coarse labels with pixel-wised annotations and learn in an end-to-end
multi-task learning framework.

3



1. Introduction

1.4 Aim of this thesis work

The main aim of this thesis is to exploit and test an improved labeling scheme for
brain tumor segmentation problem. It uses ellipse bounding boxes to distinguish
the tumor as foreground and the background area. Comparing with the traditional
annotated tumor, this labeling method can save time-consuming manual data anno-
tation by medical personnel. Experiments in this thesis are based on a multi-stream
2D U-net structure. The segmentation results with data labeled by the proposed
labeling method are then compared with deep learning models trained by ground
truth (GT). It also explores a weighting scheme to compensate for the unbalanced
classes problem in brain tumor segmentation task.
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2
Theories and Methods: Review

2.1 Deep learning in medical image analysis

Medical images such as computed tomography (CT), magnetic resonance (MR),
ultrasound, and so on are widely used for the diagnosis in recent decades. Such
images contain large amounts of information which require the medical professionals
to perform an evaluation in a short time. The computer-aided diagnosis (CAD)
which helps to analysis medical images has yielded an exciting development with
the rising of deep learning.
The essence of deep learning method is a multi-layer neural network, which auto-
matically learns from large amount of data. It mimics the human brain and provides
representation of data through a forward propagation and a back propagation. The
forward propagation calculates and stores variables from input layer to output layer.
It starts with a weight initialization and each neuron combines input from previous
layer with weights W (1), then gives output after activation function � .

z = W (1) x (2.1)

h = � (z) (2.2)

Back propagation is a widely used algorithm for optimizing training result of neural
network. In forward propagation, the output is not accurate due to the �xed weights.
Back propagation feeds the error back to neural network and calculates the gradient
backwards. The back propagation aims at updating the weights and bias in each
iteration and reducing the loss.

� t+1 = �t � �
@E(X; � )

@�
(2.3)

Combining forward propagation and back propagation, it enables deep learning
to extract features through training without requiring manually choosing features.
Therefore, deep learning gives robust performance with data containing various fea-
tures as long as large amount of data and enough training time are provided.
This section would focus on reviewing the deep learning methods used in medical
image �eld, which contains three main tasks: image classi�cation, object detection,
and image segmentation.
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2. Theories and Methods: Review

2.1.1 Image classi�cation

In medical image analysis area, one of the most common situation is to provide
diagnostic conclusion with body scans, which is related to the image classi�cation
problem in deep learning. It takes an image as input and assigns a classi�cation
label for the image with Convolutional Neural Network (CNN).
One of the classical examples of medical image classi�cation is gastrointestinal dis-
eases classi�cation in endoscopic images. Figure 2.1 is an classi�cation result from
reference [2], which classi�es the endoscopic images as bleeding and ulcer.

Figure 2.1: Example of image classi�cation in gastrointestinal diseases from [2]

2.1.2 Object detection

Objection detection combines image classi�cation and object localization, which
gives bounding boxes with classi�cation labels as output. It is a supervised machine
learning problem and each image is associated with a classi�cation label and a
boundary. Most of the commonly used neural network structures are based on
Region-based Convolutional Neural Network (R-CNN), which starts with a region
selector to extract region that might contain objects, then warps the selected regions
into a pre-de�ned size feeding in CNN for classi�cation.
Figure 2.2 presents a typical object detection example in medical image analysis,
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