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Abstract

Nasopharyngeal carcinoma(NPC) arises from epithelial cells that cover the surface
and line the nasopharynx. One of the treatments for NPC is an intensity modulated
radiation therapy (IMRT) which is one type of radiation therapies. Generally, the
radiation therapy is to destroy or damage cancer cells by irradiating X-rays. Unlike
the general radiation therapy, the advantage of IMRT is that radiation oncologists can
control the intensity of the radiation beam according to the size, shape and location
of a target tumor. This control allows IMRT to destroy tumors with complex shapes
by delivering more focused radiation to the tumor or specific areas within the tumor.
At the same time, IMRT can avoid the exposure of healthy tissues by reducing the
radiation dose to the healthy tissues.

However, the current IMRT treatment requires the radiation oncologists the three
manual tasks: 1) detection of the NPC and organs-at-risks (OARs) regions; 2) de-
termination of the treatment planing; 3) re-planning the current treatment during the
course of radiation therapy (RT). The three tasks are difficult and time-consuming for
the radiation oncologists.

In this thesis, I propose three fundamental techniques to construct an automatic
system for IMRT. Firstly, I develop a new CNN-based method for segmenting NPC
from CT images. The proposed method is based on the concept of cascade classi-
fiers. The first phase in the proposed method is to eliminate from a given CT image
the regions which the NPC never invades. In the second phase, I detect NPC regions
from the remaining regions in the CT image. Secondly, I propose a new method for
predicting the dose distribution images of NPC from contoured CT images that con-
tain the contours and regions of tumors and OARs. The proposed method consists of
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two phases: 1) extracting the features of each beam from contoured CT images of a
patient, and 2) predicting the dose distribution images by integrating the obtained fea-
tures of all beams. Finally, I present a new system, called Tumor Evolution Prediction
(TEP-Net), for predicting the future evolution of NPC and OARs from three orthog-
onal CT images. From the experiments, the three proposed systems achieve the best
performance compared with their conventional methods.
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1
Introduction

1.1 Nasopharyngeal carcinoma

Cancer describes a group of diseases caused by abnormal cell growth in a part of the
body such as breast, prostate and cervical. There are 100 different type of cancers.
According to the world health organization (WHO)[1], cancer is the second leading of
death in the world. Practically, there were 9.6 million deaths from cancer worldwide
in 2018.

Among them, head and neck cancers (HNCs) are solid tumors located in head and
neck areas including larynx, throat, lips, mouth, nose, and salivary glands. HNC is
the sixth leading cancer by incidence worldwide with more than 550,000 cases and
around 300,000 deaths every year[2]. According to the location where the NHC orig-
inates, there are seven categories of the NHCs: hypopharynx, larynx, lip and oral
cavity, nasopharynx, oropharynx, paranasal sinus and nasal cavity, and salivary gland
(Figure1.1).
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Source: https://www.teresewinslow.com/head

Figure 1.1: Head and neck anatomy[3].

Nasopharyngeal carcinoma(NPC), one of the seven HNC, arises from epithelial
cells that cover the surface and line the nasopharynx[4]. NPC is a rare disease and
ranks as the 24th most frequent cancer in the world. However, in Southwest Asia,
Southern part of China and Northern Africa, the annual NPC incidence and mortality
are higher. It was reported that in 2018, there were 129,079 new NPC cases diagnosed
and 72,987 cancer deaths worldwide[5]. The factors, which causes the NPC, include
food, tobacco, heavy alcohol use, human papillomavirus and Epstein-Barr Virus(EBV)
[6; 7; 8]. Here, EBV is a virus in the mouth and pharynx.

According to the TNM Classification of Malignant Tumors of the Union of Inter-
national Cancer Control(UICC)[9], there are four stages of NPC, T1, T2, T3 and T4,
depending on the extension of the tumor in head and neck regions or in other regions
of the body. In the earliest stage T1, the NPC is found only in the nasopharynx. In
stage T2, the NPC grows into the soft tissue of the middle throat. Moreover, the NPC
with stage 2 have spread to lymph nodes on one side of the neck. The size of the lymph
nodes is less than 6 [cm]. In advanced stage T3, the NPC invades the bone structure of
the skull base while the NPC in stage 4 extends inside the head to, cranial nerves, the
eye or its nearby tissues. In the case of NPC patients in the early stages (T1and T2),

https://www.teresewinslow.com/head
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the overall 5-year survival rates of NPC are 72% for stage T1 and 64% for stage T2.
However, in the advanced stage (T3 and T4), the survival rate drops significantly to
62% for stage T3 and 38% for stage T4. Therefore, detecting and treating the patients
with early stage NPC play an important role for destroying the tumors completely[10].
However, the majority of NPC patients are only diagnosed when the tumor has reached
advanced stages[11].

According to the spread of the tumor, several symptoms appear in NPC patients
such as trouble breathing, speaking, or hearing, pain or ringing in ears. If a patient has
these symptoms, in order to determine whether a patient has NPC, generally, radiation
oncologists apply a biopsy test which is used to know if there are malignant cells in
a small sample of tissue taken from the nasopharynx tissue of the patient. Moreover,
to confirm the status of the patient, additional diagnostic tests are available such as
physical examination, endoscopic examination, pathological diagnosis, general blood
analyses, EBV-DNA testing, nutritional status assessment and medical imaging. From
the testing results, the oncologists diagnose NPC, and its stage according to its spread
that is called staging[12; 13].

Currently, among the NPC diagnostic tests, the medical imaging test plays a crucial
role for therapy and diagnosis of the NPC patients. The performance improvement of
medical imaging devices, including cranial-cervical computed tomography (CT) scan
and magnetic resonance (MR) scan, enables to obtain high-resolution medical images.
From CT images, radiation oncologist determine the extension of the NPC from the
paranasopharyngeal extension, the bony structures and the presence of cervical lymph
nodes in the CT images. On the contrary, MR images are useful to specify a better
assessment of the primary tumor location, intracranial structures and retro-pharyngeal
spaces.

Using medical images of a patient, radiation oncologists identify NPC by manu-
ally drawing the contours of the tumor and its neighboring organs, called organ-at-risks
(OARs), on the images (Figure 1.2). Once the size, location and shape of the NPC are
known, the radiation oncologist determine the stage of the NPC to choose the appro-
priate treatment from three ways: radiation therapy (RT), chemotherapy and surgery.
RT is used as the primary and only curative treatment for NPC. NPC patients with
stages 2, 3 and 4 get chemotherapy during 1 month in order to stop the spread of the
tumor. If the patients still have the lymph nodes after the treatment, the surgery is done
to remove the lymph nodes from the patient.
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Figure 1.2: CT images with NPC and non target organs.

One main approach of RT for NPC is an intensity modulated radiation therapy
(IMRT)[4] because of its effective NPC treatment (Figure 1.3). To irradiate the tumor
cells, IMRT uses multiple high energy X-rays (4-20 MV) from multiple beam direc-
tions. Here, since the beam damages not only cancerous but also healthy tissues, the
prescribed dose of radiation (70 Gy) is usually delivered to a target tumor for 33 days
with 2.12 Gy per day to minimize the effect of damaging the healthy tissues. The ad-
vantage of IMRT is that radiation oncologists can control the intensity of the radiation
beam according to the size, shape and location of a target tumor. This control allows
IMRT to destroy tumors with complex shapes by delivering more focused radiation to
the tumor or specific areas within the tumor. At the same time, IMRT can avoid the ex-
posure of healthy tissues by reducing the radiation dose to the healthy tissues. Owing
to these benefits, compared with traditional RT, IMRT contributes to the improvement
of the Quality-of-Life (QOL) for NPC patients and is recommended for over 50% of
all cancer to eradicate cancer cells[15].

1.2 Problems in IMRT

Although IMRT has a great advantage described above, the current IMRT treatment
requires the radiation oncologists the three manual tasks which are difficult and time-
consuming.
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Source: https://danwin.com/tag/imrt

Figure 1.3: System for intensity modulated radiation therapy (IMRT)[14].

1.2.1 NPC segmentation from medical images

The task of segmenting NPC from medical images is a quite challenging for radiation
oncologists because of the following reasons. In general, NPC develops in various
shapes, sizes and locations in the body of the patient[16]. Figure1.4 shows the exam-
ples of NPC regions in three different patients. As shown in these figures, the NPC
regions appear at various locations. Moreover, in the medical images, the intensity
of the NPC is similar to those of its neighboring organs and tissues. Therefore, the
accuracy and time of detecting the NPC tumors from medical images highly depend
on the knowledge and experience of the radiation oncologists. Practically, it has been
reported in [17] that it takes around 2.7 hours on average to manually draw NPCs for
a single head and neck case.

https://danwin.com/tag/imrt
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(a) Patient 1 (b) Patient 2 (c) Patient 3

Figure 1.4: Examples of NPC regions (red regions) in three different patients with red
color.

1.2.2 Determination of dose distribution

When applying IMRT, radiation oncologists plan a IMRT treatment by using treatment
planning systems which optimize manually the treatment by adjusting all beam param-
eters, such as the number of beams, beam directions, shapes, weights, OARs, etc., and
calculate dose distribution[18] (Figure 1.5). Here, the dose distribution is a 2D image
that visualizes the total dose delivered to the patient from all beams. The value of each
pixel in the dose distribution is calculated based on all beam doses and the anatomical
structure of the patient body. However, the dose distribution provided by the planning
system is not always approved by radiation oncologists. IMRT delivers a high radia-
tion to the tumor and reduce the radiation dose to the healthy tissues. However, since
the NPC in the advanced stage spreads into other organs and has complex shapes,
these makes the planning systems difficult to estimate the suitable dose distribution
considering the characteristics of the advanced NPC. Therefore, the radiation oncolo-
gists need to tune the parameters repeatedly to obtain a desired dose distribution. This
tuning process is time-consuming, from several hours to a week. Moreover, the quality
of the determined treatment plan highly depends on the knowledge and experiences of
the radiation oncologists[19]. Figure1.6 shows the process that the treatment planning
system calculates the dose distribution of a patient. Here, the dose constraints means
the range of the delivered dose to OARs and tumor regions without any damages used
to optimize the beam dose. In the current treatment process, firstly, the beams dose
is determinate from CT axial image, NPC, OARs regions and the dose constraints by
using an optimization system. However, the optimization system does not always pro-
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(a) CT image (b) Dose distribution image

Figure 1.5: An example of (Right) the planned dose distribution image from (Left) its
original CT image.

vide good beams dose. Therefore, radiation oncologists need to modify the parameters
repeatedly. Once the beams dose is approved, the dose distribution is calculated by the
sum of all beams dose.

1.2.3 IMRT based on the condition of a patient before starting the
therapy

In the current IMRT, once the dose distribution is calculated, the initial plan is de-
termined, and not changed during 33 days. On the contrary, during the 33 days, the
anatomical structures of the patient have changed such as the shrinkage of the tumor by
IMRT, the weight loss, and the displacement or sizes of the normal structures. Wang
et al.[20] prove that after three weeks of RT, a significant variation in a patient body
volume was found in with an average decrease of 29% for the NPC. The anatomical
change means the difference between the initial planned dose and the optimal dose
for the actual patient structure. If the difference is large, the IMRT may cause the
overdose to OARs, the risk of the exposure to healthy organs and a second chance for
recurrent patients with less unrecoverable tissue damage. These factors introduce the
side effects which influence on the patient QOL such as xerostomia and myelitis[21].
Therefore, the re-planning procedure offers better protection for the OARs.
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Figure 1.6: The process that the treatment planning system calculates the dose distri-
bution of a patient.

As one approach for this problem, the initial planning in the pre-treatment should
be modified according to the current patient condition such as the tumor response
and the anatomical changes of OARs during the course of RT. This approach is called
adaptive radiation therapy (ART). Firstly, the ART needs new CT images of the patient
after receiving the specific dose determined by the radiation oncologists. In the pre-
vious studies in ART, different specific doses from the initial planning are introduced
to modify the current treatment. Moreover, the timing, when the treatment planning
is changed, is also important for ART. Here, the best timing for re-planning the treat-
ment plan is the time when the planned dose distribution can be delivered faithfully to
the patient. From the report by Heukelom et al.[22], if the re-planning is made at not
the best timing, the 2-year survival rates of several patients were low. However, the
anatomical changes of NPC and OARs are observed every day or within a few days
between week 4 and 6. Therefore, the determination of the best timing for ART is
the hard task for radiation oncologist and still under debate[23]. For this problem, the
report in [24] suggested the remedy if the future shrinkage of NPC and OARs can be
predicted previously, re-planning the current treatment should be made during the RT
course.

Through the current workflow of radiation oncologists, three processes, that is,
detection of NPC and OARs, determining the treatment planing and re-planning the
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current treatment during ART, are time consuming and quite challenging as mentioned
above. One remedy for these problems is to automate the treatment planning system
for NPC to accelerate the workflow of radiation oncologist and to improve the accuracy
and efficiency of IMRT, which is the final goal of this thesis.

1.3 Related works

1.3.1 NPC segmentation

In the beginning, researchers have developed NPC segmentation methods by using
simple image processing [25; 26; 27; 28]. The conventional NPC segmentation
methods are classified into two categories: region-based([25],[26]) and contour-based
methods([27],[28]).

The region-based methods employ region growing methods to detect NPC regions
by growing initial seeds. Therefore, the accuracy of detecting NPC regions depends
on the positions of the initial seeds. In order to determine the initial seeds, tatanun
et al.[25] and chanapai et al.[26] introduced a probability map and a self-organizing
map, respectively. However, the methods in [25] and [26] detect NPC with a low
performance. NPC and other regions in CT images have a similar contrast. In other
words, the contours of the NPC are unclear. In this case, generally, a region growing
method can not find such unclear contour accurately.

The contour-based methods([27],[28]) segment the NPC region by evolving the
shape of an active contour. Here, as mentioned in Chapter1, NPC develops in various
shapes, sizes and locations. However, generally, it is difficult to fit the active contour to
the contours with complex shapes, especially, concave shapes. Accordingly, it is diffi-
cult to automatically detect NPC using simple image processing techniques introduced
in [25], [26], [27], and [28].

Recently, deep learning methods using convolution neural networks(CNNs) have
achieved a great success in medical image analysis([29],[30]). Especially, CNNs be-
come a powerful tool for segmenting organs and tumors such as skin cancer[31],
liver[32], nuclei[33], brain[34] and prostate gland[35]. Therefore, several NPC seg-
mentation methods using CNNs have been developed([36],[37],[38]).

Men et al.[36] constructed a deep deconvolutional neural network(DDNN) com-
posed of two networks. The first network has a VGG-16-based architecture to extract
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features of NPC from whole CT images. The second network outputs the segmented
NPC regions from the extracted features obtained in the first phase. The method in
[36] directly segments the NPC. However, NPC and its neighboring regions have sim-
ilar intensities. This makes it difficult to segment the NPC from the CT images. Wang
et al.[37] presented the CNN for NPC detection by using small overlapping patches
obtained from axial CT images. The proposed method is tested on four patients to
evaluate the detection performance. However, considering the high variety of the sizes,
shapes and locations of NPC, the experiments using such small number of patient im-
ages provide no guarantee that the method in [37] is applicable to detect NPC. Ma et
al.[38] introduced a method composed of two-stages to detect the NPC. In the first
stage, CNN is applied to roughly segment NPC from multiple orthogonal CT images.
The second stage is to refine the segmented NPC regions by using a 3D graph cut.
The method in [38] achieved a high performance detection of NPC when the intensity
difference between NPC and its surroundings is larger. However, NPC has a low con-
trast and a small difference to its surroundings. Such segmentation of the NPC by the
graph cut method a difficult task. Although one solution for this is to tune the param-
eters in the graph cut, the parameter tuning does not always lead to obtain the reliable
segmentation.

Unlike the CNN-based methods for detecting NPC regions ([36],[37] and [38]),
Ibragimov et al.[39] introduced CNN to segment non-target organs from CT images
of NPC cases. Here, non-target regions are OARs regions which NPC never invades.
However, the method in [39] does not consider the detection of NPC regions.

1.3.2 Dose distribution prediction

Recent researches have been developing IMRT support systems which predict the dose
distribution. These methods can be categorized into non-deep learning and deep-
learning methods.

In non-deep learning methods, objective-based planning (OBP)[40] determines de-
sirable IMRT treatment by using pre-set objectives of dose. As another IMRT planning
method, knowledge-based planning (KBP)[41] uses a collection of previous plans of
treated patients to predict the dose distribution of a new patient. However, the non-
deep learning methods obtain unacceptable dose distributions so that the use of the
dose distribution may damage some OARs. Therefore, radiation oncologists need to
manually tune the parameters several times to obtain a good dose distribution with
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less damage such as spatial information of OARs and tumors, number of beams and
distance to the tumor.

On the contrary, the deep-learning based methods use deep neural networks to pre-
dict the dose distribution by using 2D shapes of tumors and OARs in CT images. Mah-
mood et al.[42] introduced a generative adversarial network (GAN) model to construct
the U-net-based generator which predicts the dose distributions by the 2D contours
of tumor and OARs in CT images. Chen et al.[43] constructed the dose distribution
estimation system by re-training ResNet101 using CT images containing tumors and
OARs regions. Fan et al.[44] developed an encoder-decoder network for predicting
the dose distribution by using the features extracting from 2D contours of tumor and
OARs independently.

The previous deep learning-based methods ([42],[43],[44]) predict directly the
dose distribution from the contoured CT images of 217, 80 and 270 NPC patients,
respectively. Although the previous deep learning-based methods use many images,
the accuracy of the previous deep leaning-based methods for predicting the dose dis-
tribution is still low because of the following reason. The NPCs have complex shapes,
and are located close to OARs that may influence on the direct prediction of the dose
distribution. Therefore, the estimation of the desired dose distribution is complex and
difficult problem to deliver more focused radiation to the NPCs while avoiding the
exposure of OARs. Considering this, the direct prediction of the dose distribution
requires a huge number of dataset. As mentioned before, according to the NPC inci-
dence, it is quiet difficult to collect such huge number of NPC patients.

1.3.3 NPC volumes estimation

CNNs have achieved successes in medical image analysis including the extraction of
tumors[32] and OARs[39]. Moreover, a recurrent neural network (RNN) is applicable
to predict the future state of a target object. For example, in the medical research field,
RNN is applied to cell growth[45].

Considering the characteristic of the CNN and RNN, Wang et al.[46] combined
CNN with RNN to predict the future evolution of lung tumors in week 4 to 6 from
3D CT images obtained in week 1 to week 3. The method in [46] used 430 of weekly
patients images in the experiments. Here, there is high change of the lung tumor in two
successive weekly RT. Moreover, generally, the anatomical structures of tumors and
OARs highly change between week 5 and 6 of RT. However, the proposed method in
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[46] use only weekly CT images obtained in week 1 to week 3. Therefore, The method
in [46] results a low accuracy of predicting the NPC volumes in week 5 and 6.

1.4 Purpose

In this thesis, to construct an automatic system for IMRT, I propose three fundamental
techniques, for segmenting NPC from CT images, predicting the dose distribution and
predicting the future evolution of NPC and OARs in response to RT, respectively.

Firstly, I develop a new CNN-based method for segmenting NPC in the early stage,
that is, T1 and T2. The proposed method is based on the concept of cascade classifiers.
Here, NPC never invades the non-target organ regions. Moreover, the non-target or-
gans can be easily determinate in CT images. Considering these, the first phase in the
proposed method is to extract and eliminate non-target organ regions from a given CT
image. In the second phase, we detect NPC regions from the remaining regions in the
CT image. CNN in each phase is constructed to detect the target regions in the phase:
non-target organs and NPCs in the first and second phases, respectively. We use as an
input of CNN two types of patches: overlapping patches with a fixed size and with
different sizes. Therefore, we develop two different systems for detecting NPC tumor
according to the type of patches.

Secondly, I propose a new system for predicting the dose distribution from con-
toured CT images that contain the contours and regions of tumors and OARs. The
proposed system consists of two main steps. In the first step, for each beam, the pro-
posed system extracts the feature from the corresponding beam orientation. Next, the
system predicts the dose distribution by using all the extracted features from the cor-
responding beam. For each phase, a different CNN is devoloped to predict the target
that is the feature of the beam or the dose distribution.

Thirdly, I present a system for predicting the future evolution of NPC and OARs in
n-th week in response to RT from previous weekly CT images one to (n-1)-th weeks
ago. The proposed system consists of two neural networks: one is CNN, and the other
is a Gated Recurrent Unit (GRU)[47] which is one type of RNN networks. The former
uses two types of input data : a whole CT image and overlapping patches with three
different sizes obtained from the CT image. Therefore, four sub-CNNs extract relevant
features from their corresponding input data by a weekly CT image. Using the three
section of CT images, our proposed method learns the 3D evolution of the NPC and
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OARs by different features extracted from the three views in the CT images.

1.5 Contribution

The three proposed methods have the following contributions:

• NPC segmentation:

Our main contribution for NPC segmentation is to introduce a new cascade strat-
egy for detecting NPC. As mentioned above, NPC has a similar intensity value
to its surrounding tissues in the CT images. This results in the low NPC detec-
tion accuracy of the previous works that focused on the direct detection of the
NPC from CT images. On the contrary, in the early stage, NPC and non-target
organs are separately in the CT images. Practically, the segmentation of non-
target organs from CT images have already achieved by Ibragimov et al.[39]. In
addition, non-target organs never contain NPC. Considering these, I introduce
two phases: the first phase is to detect non-target organ regions from CT images
while the second phase is to identify NPC regions from the remained CT images
after eliminating the detected non-target regions in the first phase. The elimi-
nation of the non-target organ regions from the CT image enables us to easily
detect the NPC regions with high accuracy compared with the direct NPC detec-
tion from the original CT images. Owing to this, the use of the cascade strategy
leads to the improvement of NPC detection accuracy.

In addition, most of the related works for NPC segmentation have focused on
only axial section of CT image as input data. On the contrary, the proposed
method trains the CNNs by using three orthogonal images: axial, coronal and
sagittal images. The use of the three orthogonal images enables the CNNs to
learn the NPCs through different features extracted from three orthogonal views
in the CT images.

• Dose distribution estimation:

The dose distribution is determined by the sum of all beams dose. In other
words, the dose of each beam is one of the most important factors to estimate
the dose distribution. As mentioned above, the direct prediction of the dose
distribution from contoured CT images is a complex and difficult problem. Con-
sidering these, I introduce two phases: the first phase is to extract the features of
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beams dose from contoured CT images while the second phase predict the dose
distribution from the extracted features. Owing to my strategy, the problem for
predicting the dose distribution becomes easier. Because of this advantage, the
proposed method can improve the dose prediction accuracy compared with the
previous works.

• Future change prediction of NPC and OARs:

The previous works for estimating the tumor evolution use the CT images ac-
quired one to three weeks ago. Compared with the previous works, the proposed
method use richer information, that is, all CT images acquired one to (n-1)-th
weeks ago. Moreover, the proposed method determines the reliable prediction
by integrating the three predictions obtained from three directional images: ax-
ial, coronal and sagittal images. Owing to these, the proposed method achieves
prediction of the future evolution of the NPC and OARs regions.

1.6 Organization of this thesis

This thesis is organized into the following chapters.

• Chapter 2 explains the details of the dataset and the proposed strategy for seg-
menting NPC. Moreover, the experimental results with discussion are described.

• Chapter 3 describes the proposed system for predicting dose distribution by
the two different integration methods. Moreover, the experimental results with
discussion are described.

• Chapter 4 states the proposed method for predicting the evolution of NPC and
OARs during ART treatment. Moreover, the experimental results with discus-
sion are described.

• Chapter 5 makes the conclusion and future works of the proposed methods.



2
3D NPC segmentation

As mentioned in Chapter 1, the previous CNN-based methods[36],[37],[38] for seg-
menting the NPC directly from CT images result in a low detection accuracy of NPC
in early stages T1 and T2. Moreover, most of NPC patients are diagnosed at advanced
stages. Therefore, it is quite difficult to collect a huge number of CT images of NPC
cases at early stages.

To solve these problems, in this chapter, a new system, CNN-based NPC detector
(CND) system, is proposed for segmenting NPC from CT images. Considering that
non target organs never include NPC, the proposed CND system introduces a cascade
strategy composed of two-phase manners: 1) segmenting non-target organs from CT
images and 2) Segmenting NPC from the remained regions in CT images.

In addition, the CNN-based methods in [36],[37],[38] use only axial section of
CT images as input data. On the contrary, 3D shape of NPC is useful for radiation
oncologists to destroy the NPC completely. Therefore, the proposed CND system is a
3D segmentation of NPC by integrating the obtained results from the three orthogonal:

15
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axial, coronal and sagittal images.

2.1 Material

A total of 70 patients with NPC stage T1 and T2 were used to train and test the pro-
posed system. All CT images of the 70 patients were collected from the same hospital,
Radiotherapy Department of Habib Bourguiba Hospital of Sfax-Tunisia, and had been
acquired in axial section in the helical mode by using a Philips Brilliance 16 Big Bore
CT Scanner. The CT images from a Philips Brilliance 16 Big Bore CT Scanner had in-
plane spatial resolution of 1.16×1.16 mm, 3 mm slice thickness with no intersection
gap and tilted gantry. Therefore, the size of each voxel in the constructed CT images is
1.16×1.16×3mm3, while the size of an axial CT image is 512×512 [pixel]. During
the CT scanning process, each patient is immobilized with a thermoplastic mask (head,
neck, shoulder) in head first supine position. Figure2.1 shows the examples of the CT
images used to train the proposed method.

In Philips Brilliance 16 Big Bore CT Scanner, the total number of axial images
obtained for each patient is between 165 and 178 according to the patients as shown in
Figure2.2. The horizontal and vertical axis in Figure2.2 shows the patient ID and the
number of the CT images of the patient, respectively.

In each CT image, two radiation oncologists manually extract the NPC and OARs
regions, that used as non-target regions in the proposed system. Here, each pixel of
the contoured regions in the CT image is assigned to one unique label that is NPC or
non-target organ region. Therefore, two labels are used as teaching labels to train and
evaluate the proposed CND.

2.2 Methods

2.2.1 Overview

The proposed system, CND, focuses on the segmentation of NPC in stage T1 and
T2. As mentioned in Chapter1, NPC regions are never invade into the non-target
organ regions. Therefore, the proposed CND consists of two main phases as shown in
Figure2.3. In the CND, the first phase outputs the segmented non-target organ regions
from the CT images. Then, the segmented regions are eliminated from CT images
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Figure 2.1: Some examples of the employed images in my database. The top row
corresponds to CT images in the axial section, while the second and bottom row are
CT images from coronal and sagittal section, respectively.

to be used in the second phase. The second phase in the proposed CND trains the
remained regions in the obtained image to segment the NPC regions. Through the two
phases, two CNNs are applied to segment the non-target and NPC regions in the first
and second phase, respectively. In addition, since NCP appears in different locations
and same intensity to non-target organ regions, overlapping patches are obtained from
the original size of CT image by sliding a window from left to right and top to bottom
to train each CNN. Here, the overlapping patches aims to train the CNN with local
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Figure 2.2: Number of CT images of each NPC patient in my database.

information. Therefore, according to the segmented target regions, the two CNNs
are called, CNNo

n and CNNt
n, where CNNo

n and CNNt
n segment non-target organs and

tumors from n×n overlapping patches, respectively.
Moreover, the proposed system CND trains three orthogonal CT images, axial,

coronal and sagittal images, separately. Therefore, three types of CNNs are used in
the first and second phase of the proposed CND to segment the target regions from the
three orthogonal CT images. The first three CNNs used in the first phase are called
CNNo,a

n , CNNo,c
n and CNNo,s

n , while those are used in the second phase are called
CNNt,a

n , CNNt,c
n and CNNt,s

n for axial, coronal and sagittal sections, respectively. All
CNNs used in the first and the second phase, have the same architecture. As a result,
CND system outputs different NPC regions from three sections images. To obtain the
final NPC regions, an integration process is introduced to integrate all NPC regions
obtained from the three sections. In the segmented NPC regions by the three sections,
the pixel has a value 1 corresponds to the NPC region. In addition, the same pixel can
also have a value 0 which means other region obtained from one and/or two sections.
Therefore, in the integration process, I count the number of each label using all the
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sections including the pixel. The label with the maximum vote is regarded as the final
segmentation result of the pixel.

As mentioned above, the CNNs in the proposed CND system train n× n overlap-
ping patches obtained from the CT images. Here, two types of the size of patches is
introduced, that are overlapping patches with a fixed and different sizes. Therefore,
two types of CNDs, called CND1 and CND2, are constructed to train overlapping
patches with a fixed and different sizes, respectively. The details of each CND are
described in the following.

2.2.2 CND using fixed-size overlapping patches

The first proposed method, CND1, trains a fixed size of overlapping patches obtained
by sliding a window from left to right and top to bottom from the CT image. A pre-
liminary experiments are made to determine the size of the patches. Here, through the
preliminary experiments, it is observed that the proposed method CND1 is applicable
to any size of patches. Therefore, 16× 16 window is chosen as the fixed size of the
patch in CND1 to contain a small and local information of the target region since the
NPC and non-target organs have similar intensities as mentioned in Chapter 1. The
overview of the CND1 using overlapping patches with a fixed size is shown in Figure
2.4.

As shown in Figure2.4, CND1 outputs in the first and second phase the segmenta-
tion result of the patch. Since CND1 trains multiple patches obtained from CT image,
multiple segmentation results for the pixel are obtained. Therefore, a voting method
is introduced in both phases of CND1 to decide the final segmentation result of each
pixel. Here, for the same pixel in the multiple segmentation results of all patches, the
voting method counts the labels of the pixel, that are ”target region” and ”other”. The
label with maximum vote is regarded as the label of the final segmentation result.

2.2.2.1 CNN construction

As shown in Figure2.5, CNNo
16 and CNNt

16 composed of three convolutional layers,
three max pooling and one fully connected layer. The three convolutional layers con-
sists of a window size of 3x3, a stride of 1 and the same padding, where their outputs
are 32, 32 and 64 dimensional feature vectors, respectively. In addition, each convolu-
tion layer uses a rectified linear unit (ReLU) as an activation function. The three max
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Figure 2.4: CND using fixed-size overlapping patches.

pooling have a window size of 3x3 and same padding that output a feature vector with
256 dimensions.

After the last max pooling, the proposed CNNs in CND1 is ended with fully con-
nected network (FCN) that segments the target regions. FCN contains one hidden and
output layer with 256 nodes. The activation functions in the hidden and output layers
are ReLu and sigmoid functions, respectively. The FCN outputs the segmented patch
in which each pixel is assigned to a label ”target region” or ”others”.

The training of CNNs is achieved by binary cross entropy function that maximizes
the probability of detecting the target region F described in Eq.2.1:

F =−(yilog(ŷi)+(1− yi) log(1− ŷi)) , (2.1)

where i is the number of classes, and y and ŷ are the value of the teaching label and the
output of the CNN, respectively.

2.2.3 CND using various-size overlapping patches

Unlike CND1, the proposed method, CND2, trains overlapping patches with various
sizes (Figure2.6). As mentioned above, through the preliminary experiments, there
are no limitation about the size of the patches. Therefore, 16x16, 32x32 and 64x64
[pixel] are used as input patch sizes in the proposed CND2. By using three different
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Figure 2.5: The architecture of the CNN using 16x16 patches, CNNo
16 and CNNt

16.

Figure 2.6: CND using various-size overlapping patches.

size of patches, CND2 aims to predict the label of each pixel in the multiple patches
by considering both local and global information of the pixel.

According to the three different size of patches, 16× 16, 32× 32 and 64× 64
patches, three CNNs are introduced in the first and second phase of CND2 to predict
the target region from the three orthogonal images. Here, the CNNs used in CND1 are
incorporated into CND2 to train the 16×16 patches, while the other two CNNs are the
modified CNNo

16 and CNNt
16 to suit with the 32×32 and 64×64 patches. Both CNNs

used 32× 32 and 64× 64 patches as input data have the same architecture as CNNs
introduced in CND1. However, the modification is represented in the stride size of the
max pooling layers to obtain segmented patches with size 16× 16. In the case of the
CNNs using 32× 32 patches, CNNo

32 and CNNt
32, the third max pooling is modified

by changing a stride size of 2. For CNNs using 64× 64 patches, CNNo
64 and CNNt

64,
the stride sizes in the 2nd and 3rd max pooling are replaced into 2. The CNNs using
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32x32 and 64x64 patches are shown in Figure2.7 and 2.8.

Figure 2.7: The architecture of the CNN using 32x32 patches, CNNo
32 and CNNt

32.

Figure 2.8: The architecture of the CNN using 64x64 patches, CNNo
64 and CNNt

64.

Through the three CNN, CND2 outputs multiple segmentation results with size
16x16 from 16×16, 32×32 and 64×64 patches. Same as CND1, a voting method is
applied in CND2 to determinate the final segmentation result from the results obtained
by three different patches. The voting method has the same process as those used in
CND1 to decide the label of the pixel in the final segmentation result of the target
region.

2.2.4 Integration of segmentation results from three directional
sections

The proposed system trains the dataset from three orthogonal CT images indepen-
dently and outputs three different NPC results. To decide the final NPC regions, an
integration process is introduced after the second phase of CND1 and CND2 by using
the three segmented regions of NPC. In each segmented region, each pixel has a value
1 or 0 that corresponds to NPC or other region, respectively. Here, the integration pro-
cess counts the number of labels of each pixel with label=1. Through the integration
process, three voting numbers 1, 2 or 3 can be collected from one, two or three sec-
tions, respectively. In the end, the integration process outputs the final segmentation
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result of NPC region that contains all pixels with a voting number 2 or 3, while each
pixel with voting number 1 is not considered as NPC region.

2.3 Experimental results

2.3.1 Overview

In the experiments, CT images of 70 patients with NPC were trained and tested the
proposed systems, CND1 and CND2, to verify its applicability. The 70 patient images
are divided into seven sub-datasets of 10 patients images. Therefore, seven fold cross
validation is used to train and evaluate the proposed system, where six sub-datasets are
the training dataset and the rest of the sub-dataset is employed as testing dataset.

To compare the applicability of the proposed systems with the related works, the
method proposed by Wang et al.[37] (WCNN) is selected as conventional method since
the method uses overlapping patches obtained from the CT images as input to iden-
tify NPC directly without the phase of detecting non-target organ regions. In addition,
Men et al. [36] (DDNN), and U-net([48]) are used as comparison methods and are con-
structed based on the proposed strategy. Another type of U-net, U-net 2, is introduced
as additional comparison method. Here, U-net 2 segments non-target organ and NPC
regions simultaneously from the whole CT image. Therefore, WCNN, DDNN, U-net
and U-net 2 are applied as comparison methods that use CNN. As a non-deep learning
method, the proposed method by Huang et al.[48] called AC, is used to detect NPC
directly from a given CT image by active contours. Therefore, seven methods, per-
formed on a workstation with Intel Core i7-3960X CPU and NVIDIA Quadro GP100
GPU, are applied to detect NPC in given CT images in the experiments.

In the experiment, four measurements, precision(Eq.2.2), recall(Eq.2.3),
dice similarity coefficient(DSC)(Eq.2.4) and average symmetric surface distance
(ASSD)(Eq.2.5), were used as quantitative evaluations to evaluate the segmentation
performance of the seven methods with the manual contouring of the target region ob-
tained by the two radiation oncologists and used as a ground -truth. Here, the DSC
in Eq.2.4 is used to measure the overlapping area between the ground truth and the
segmented region by each method. Otherwise, ASSD in Eq.2.5 is used to evaluate the
shape difference between the boundary contour of the ground truth and the boundary
contour obtained by each method. The four measurements are defined as fellow:
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Precision =
T P

T P+FP
; (2.2)

Recall =
T P

T P+FN
; (2.3)

DSC =
2T P

2T P+FN +FP
(2.4)

where TP(true positive) is the total number of pixels in the overlapping part between
the output of each method and the ground-truth while FP(false positive) and FN (false
negative) are the numbers of pixels rejected by the manual contouring and the method,
respectively.

ASSD =
1
|S| ∑p∈S

d1(p,q)+
1

|S̃| ∑q∈S̃

d2(q,p) (2.5)

where S and S̃ are the set of the points on the contour of the segmented region by the
method and its ground truth, respectively. Moreover, |S| (or |S̃|) is the total number of
the points in S (or S̃). The function d1(p,q) returns the distance between the point p in
S and its closest point q in S̃ while d2(q,p) calculates the distance between the point
q in S̃ and its closest point p in S.

2.3.2 Results

The proposed system, CND, outputs non-target organ and NPC regions in the first and
second phase, respectively. Therefore, two steps of evaluation are applied to evaluate
the proposed methods that identify the target region.

In the first evaluation, the quantitative values of the proposed methods that segment
the non-target regions, that are CND1, CND2, DDNN, U-net and U-net2, are calcu-
lated. In addition, since all comparison methods use axial, coronal and sagittal images
as training data, the segmented results of non-target organ regions by the five methods
are calculated and shown in Table.2.1(a)–(c). Examples of the segmented results from
the axial, coronal and sagittal images by the five methods are illustrated in Figures.
2.9, 2.10 and 2.11. In these figures, the segmented target region by the corresponding
method is represented in the top row with red color. On the contrary, the matching
and non-matching regions between the segmented result of the target region and the
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(a) (b) (c) (d) (e)

Figure 2.9: Non-target organ segmentation results (red) from axial section obtained
by (a,b) my method using (a)CND2 and (b)CND1, (c)DDNN, (d)U-net and (e)U-
net2. (Red) the segmented non-target organ; (Green and Yellow) the matching (green)
and non-matching (yellow) regions between the segmented non-target organ and the
ground-truth.

(a) (b) (c) (d) (e)

Figure 2.10: Non-target organ segmentation results (red) from coronal section ob-
tained by (a,b) my method using (a)CND2 and (b)CND1, (c)DDNN, (d)U-net and
(e)U-net2. (Red) the segmented non-target organ; (Green and Yellow) the matching
(green) and non-matching (yellow) regions between the segmented non-target organ
and the ground-truth.



2.3 Experimental results 27

(a) (b) (c) (d) (e)

Figure 2.11: Non-target organ segmentation results (red) from sagittal section ob-
tained by (a,b) my method using (a)CND2 and (b)CND1, (c)DDNN, (d)U-net and
(e)U-net2. (Red) the segmented non-target organ; (Green and Yellow) the matching
(green) and non-matching (yellow) regions between the segmented non-target organ
and the ground-truth

Table 2.1: Average and standard deviation of the accuracy of detecting non-target
organ regions from (a) axial, (b) coronal and (c) sagittal sections by my two methods,
DDNN, U-net and U-net2.
Method Precision Recall DSC ASSD

Values p-value Values p-value
(a)Axial sections
CND2 0.88 ± 0.029 0.87± 0.041 0.87± 0.034 — 1.19± 0.177 —
CND1 0.83 ± 0.037 0.83± 0.033 0.83± 0.35 N.S 1.52± 0.226 N.S.
DDNN 0.79± 0.015 0.80± 0.023 0.79± 0.018 < 0.05 1.89± 0.684 < 0.05
U-net 0.77± 0.029 0.78± 0.047 0.77± 0.036 < 0.05 2.09± 0.322 < 0.05
U-net2 0.63± 0.018 0.61± 0.021 0.62± 0.019 < 0.05 3.93± 0.713 < 0.05
(b)Coronal sections
CND2 0.85 ± 0.037 0.85± 0.012 0.85± 0.18 — 1.46± 0.174 —
CND1 0.83 ± 0.051 0.83± 0.027 0.83± 0.035 N.S 1.55± 0.531 N.S.
DDNN 0.75± 0.053 0.74± 0.034 0.74± 0.041 < 0.05 2.19± 0.722 < 0.05
U-net 0.77± 0.044 0.78± 0.022 0.77± 0.029 < 0.05 2.01± 0.146 < 0.05
U-net2 0.67± 0.026 0.65± 0.041 0.66± 0.032 < 0.05 3.63± 0.467 < 0.05
(c)Sagittal sections
CND2 0.92 ± 0.057 0.91± 0.045 0.91± 0.05 — 0.58± 0.613 —
CND1 0.87 ± 0.023 0.88± 0.043 0.87± 0.03 N.S 1.17± 0.422 < 0.05
DDNN 0.83± 0.025 0.83± 0.028 0.83± 0.026 < 0.05 1.56± 0.336 < 0.05
U-net 0.79± 0.031 0.78± 0.047 0.78± 0.037 < 0.05 1.92± 0.221 < 0.05
U-net2 0.71± 0.021 0.71± 0.034 0.71± 0.026 < 0.05 2.34± 0.411 < 0.05
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ground-truth have yellow and green regions, respectively.
As a second evaluation, the accuracy of detecting the NPC regions is evaluated by

CND1, CND2 and the five comparison methods from different sections. The quan-
titative results of segmenting NPCs from the three orthogonal images by the seven
methods are presented in Table 2.2(a)–(c). Furthermore, Figures.2.12, 2.13 and 2.14
show examples of the detected NPCs from the axial, coronal and sagittal images ob-
tained by the seven methods.

In all Figures.2.9 to 2.14, the segmented target region by the corresponding method
is represented in the top row with red color. On the contrary, in the bottom row of Fig-
ures.2.9 to 2.14, the matching and non-matching regions between the segmented result
of the target region and the ground-truth have yellow and green regions, respectively.

As mentioned above, the final segmentation of NPC regions is obtained by in-
tegrating the three different segmentation results obtained from the three orthogonal
sections. Table.2.3 shows the quantitative results of the final estimated NPCs. An ex-
ample of the final segmented NPCs obtained by the seven methods are illustrated in
Figure.2.15. The yellow and green regions in Figures.2.15 have the same meanings as
in Figures.2.9 to 2.14.

(a) (b) (c) (d) (e) (f) (g)

Figure 2.12: NPC segmentation results (red) from axial section obtained by (a,b) my
method using (a) CND2 and (b) CND1, (c) DDNN, (d) WCNN, (e) U-net, (f) U-net2
and (g) AC. (Red) the segmented non-target organ; (Green and Yellow) the matching
(green) and non-matching (yellow) regions between the segmented non-target organ
and the ground-truth.
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(a) (b) (c) (d) (e) (f) (g)

Figure 2.13: NPC segmentation results (red) from coronal section obtained by (a,b) my
method using (a) CND2 and (b) CND1, (c) DDNN, (d) WCNN, (e) U-net, (f) U-net2
and (g)AC. (Red) the segmented non-target organ; (Green and Yellow) the matching
(green) and non-matching (yellow) regions between the segmented non-target organ
and the ground-truth.

(a) (b) (c) (d) (e) (f) (g)

Figure 2.14: NPC segmentation results (red) from sagittal section obtained by (a,b) my
method using (a) CND2 and (b) CND1, (c) DDNN, (d) WCNN, (e) U-net, (f) U-net2
and (g)AC. (Red) the segmented non-target organ; (Green and Yellow) the matching
(green) and non-matching (yellow) regions between the segmented non-target organ
and the ground-truth.
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Table 2.2: Average and standard deviation of the accuracy of detecting NPC regions
from (a) axial, (b) coronal and (c) sagittal sections by my two methods, DDNN,
WCNN, U-net, U-net2 and AC.
Method Precision Recall DSC ASSD

Values p-value Values p-value
(a)Axial sections
CND2 0.87 ± 0.012 0.83± 0.041 0.85± 0.019 — 1.47± 0.392 —
CND1 0.84 ± 0.023 0.83± 0.027 0.83± 0.025 N.S 1.50± 0.926 N.S.
DDNN 0.79± 0.025 0.79± 0.011 0.79± 0.015 < 0.05 1.87± 0.312 < 0.05
WCNN 0.71± 0.013 0.72± 0.014 0.71± 0.013 < 0.05 2.13± 0.644 < 0.05
U-net 0.64± 0.036 0.61± 0.047 0.62± 0.041 < 0.05 3.96± 0.551 < 0.05
U-net2 0.59± 0.021 0.57± 0.014 0.58± 0.017 < 0.05 4.48± 0.192 < 0.05
AC 0.54± 0.091 0.76±0.011 0.63± 0.044 < 0.05 3.91± 0.474 < 0.05
(b)Coronal sections
CND2 0.85 ± 0.025 0.81± 0.031 0.83± 0.028 — 1.49± 0.142 —
CND1 0.81 ± 0.033 0.80± 0.043 0.80± 0.037 N.S 1.76± 0.522 N.S.
DDNN 0.76± 0.030 0.74± 0.021 0.75± 0.025 < 0.05 2.11± 0.153 < 0.05
WCNN 0.71± 0.023 0.72± 0.047 0.71± 0.031 < 0.05 2.59± 0.711 < 0.05
U-net 0.75± 0.013 0.72± 0.041 0.73± 0.020 < 0.05 2.39± 0.645 < 0.05
U-net2 0.70± 0.031 0.68± 0.030 0.69± 0.030 < 0.05 2.88± 0.418 < 0.05
AC 0.51± 0.082 0.72±0.031 0.60± 0.014 < 0.05 4.19±0.361 < 0.05
(c)Sagittal sections
CND2 0.89 ± 0.017 0.89± 0.022 0.89± 0.019 — 1.03± 0.270 —
CND1 0.86± 0.021 0.84± 0.013 0.85± 0.016 N.S 1.39± 0.311 N.S.
DDNN 0.84± 0.025 0.83± 0.029 0.83± 0.027 < 0.05 1.50± 0.631 < 0.05
WCNN 0.74± 0.025 0.75± 0.048 0.74± 0.033 < 0.05 2.21± 0.229 < 0.05
U-net 0.80± 0.013 0.79± 0.014 0.79± 0.013 < 0.05 1.88± 0.412 < 0.05
U-net2 0.73± 0.021 0.74± 0.043 0.73± 0.028 < 0.05 2.41± 0.446 < 0.05
AC 0.64±0.054 0.71±0.037 0.67± 0.024 < 0.05 3.49± 0.153 < 0.05

Table 2.3: Average and standard deviation of the accuracy of detecting the final NPC
regions after the integration by my two methods, DDNN, WCNN, U-net, U-net2 and
AC.

Method Precision Recall DSC ASSD
Values p-value Values p-value

CND2 0.89 ± 0.027 0.93± 0.028 0.91± 0.027 — 0.59± 0.346 —
CND1 0.87± 0.017 0.89± 0.013 0.88± 0.015 < 0.05 1.12± 0.115 < 0.05
DDNN 0.81± 0.032 0.82± 0.041 0.82± 0.036 < 0.05 1.57± 0.391 < 0.05
WCNN 0.72± 0.017 0.72± 0.028 0.72± 0.021 < 0.05 2.63± 0.412 < 0.05
U-net 0.77± 0.031 0.81± 0.041 0.79± 0.035 < 0.05 1.88± 0.323 < 0.05
U-net2 0.66± 0.012 0.67± 0.019 0.67± 0.015 < 0.05 3.68± 0.118 < 0.05
AC 0.58± 0.054 0.76± 0.037 0.66± 0.024 < 0.05 3.71± 0.913 < 0.05
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(a) (b) (c) (d) (e) (f) (g)

Figure 2.15: Final NPC results (red) obtained by (a,b) my method using (a) CND2 and
(b) CND1, (c) DDNN, (d) WCNN, (e) U-net, (f) U-net2 and (g) AC. (Red) the seg-
mented non-target organ; (Green and Yellow) the matching (green) and non-matching
(yellow) regions between the segmented non-target organ and the ground-truth.

In addition, to compare the proposed method, CND2, with the other six meth-
ods, statistical analysis is performed with paired t-tests (p-value < 0.05) for DSC
and ASSD. The calculated values of p-value are represented in the fifth and seventh
columns in Tables.2.1–2.3. Furthermore, the boxplots of DSC and ASSD measure-
ments for NPC after the integration process are shown in Figure.2.16.

2.4 Discussion

Generally, to evaluate the segmentation of NPC and non-target organ regions, DSC is
the most common and the important quantitative evaluation in all conventional meth-
ods. It has been reported in [49]and [50] that the proposed method considered as a
good method where its performance achieves a DSC with more than a threshold 0.75.
Here, the accuracy of NPC regions in [49]and [50] are calculated by using the manual
NPC contour delineation by two radiologists with DSC of 0.68 and 0.75, respectively.
Referring these, the proposed system including CND1 and CND2 achieves a good per-
formance where the minimum DSC value among all results was 0.83 obtained in the
segmented NPC regions from coronal section by CND1.

In the first evaluation, that is the segmented non-target organ regions, the four
methods, CND1, CND2, DDNN and U-net, except U-net 2 achieve a good segmenta-
tion. In the experiments, U-net2 detects NPC and non-target organ simultaneously. As
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(a) DSC (b) ASSD

Figure 2.16: Boxplots of Integration NPC

mentioned in Chapter 1, the non-target organs and NPC regions have similar intensities
in CT images. This is the reason why U-net 2 results a lower performance compared
with the other four methods.

In the second evaluation, as shown in Table.2.2, the accuracy of the segmented
NPC regions by the two proposed methods, CND1 and CND2, are higher than the
other methods, especially, CND1. In addition, WCNN, U-net 2 and AC results a DSC
lower than the threshold 0.75. Here, WCNN, U-net 2 and AC try to directly identify
NPCs from the CT images. However, since NPC in CT images appear in different
locations and has almost the same intensity value as those of non-target organ regions,
the direct detection of NPCs from the CT images is a difficult task. Furthermore, AC
results the lowest accuracy among all methods. the AC method uses active contour
method to extract the NPC regions by evolving the shape of the active contour. How-
ever, NPC regions appear with complex shapes that makes the fitting to the contour
is difficult. On the contrary, CND1, CND2, DDNN and U-net, segment NPC regions
from the remaining regions obtained by eliminating non-target organs from the CT
images. Therefore, the proposed strategy leads to obtain reliable NPC segmentation
results.

Among the seven methods, the two proposed methods, CND1 and CND2, achieve
a higher performance of the NPC segmentation. The high performance of CND1 and
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CND2 is due to the following reasons. The proposed methods, CND1 and CND2, train
patches obtained from a given image as input data while DDNN and U-net directly
employ a whole image. By using patches, CND1 and CND2 can extract useful features
that include the local differences between NPC and its surroundings compared with
using whole CT images. Furthermore, overlapping patches can extract features from
the local region around a certain pixel from different view points.

In the statistical analysis, the paired t-test indicates that CND2 is significantly dif-
ferent from all five comparison methods for DSC and ASSD. On the contrary, there is
no significant difference between CND2 and CND1 for DSC while for ASSD, CND2
is significantly different from CND1.

As mentioned above, the seven methods output the final NPC region by integrat-
ing three segmentation results obtained from axial, coronal and sagittal images. In
Table.2.3, It is observed that the final NPC segmentation by using the four methods,
expect CND1 and CND2, results a lower accuracy compared with the best segmenta-
tion result among the three section images. On the contrary, the accuracy of the final
NPC segmentation obtained by CND1 and CND2 is improved compared with those of
the three segmentation results obtained from the three section. To check this tendency,

for each pixel, I count the number of the segmentation results in which the pixel is
included in the estimated NPC regions. Here, set Φ of the pixels assigned to the label
“NPC region” in at least one of the three segmentation results. The average rates of
the pixels according to the number of the section segmentation in which the pixels are
assigned the label “NPC region” is represented in Table.2.4. From Table.2.4, many

Table 2.4: Average percentage of the total amount of pixels voting in the integration
process, where the obtained vote number of the pixel is =1 (from one section), =2
(from two sections) or =3 (from three sections).

Method =1 =2 =3
CND2 8.02% 12.62% 79.36%
CND1 10.50% 20.11% 69.39%
DDNN 20.45% 17.31% 62.24%
WCNN 24.76% 25.14% 50.10%
U-net 32.61% 29.09% 38.30%
U-net2 45.16% 18.71% 36.13%
AC 34.17% 28.92% 36.91%
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pixels among the three segmentation results obtained from DDNN, WCNN, U-net,U-
net2 and AC are assigned as “NPC region” from only one orthogonal section. On the
contrary, CND1 and CND2 obtain many pixels assigned to “NPC region” by the two
or three segmentation. In other words, CND1 and CND2 can stably identify the NPC
regions from CT images regardless of the section directions. Therefore, this stability
of segmenting NPC by CND1 and CND2 results an improvement of the accuracy of
the final NPC segmentation by using the integration process.

In addition, according to the qualitative values in all tables, there is a significant
difference for ASSD between CND2 and CND1. By combining local and global struc-
tures, CND2 facilitates the detection of NPC and outputs more robust results that fit
with the low contrast or the small difference between NPC and its surroundings com-
pared to CND1.

Despite the high accuracy of the obtained results by CND2, it is observed that the
proposed method results NPC regions with low accuracy in some cases (Figure.2.17).
This problem is appeared when the NPC regions reach lymph nodes on a neck or invade
a part of oropharynx that is the case of stage T3. However, CND1 and CND2 focus
only on the segmentation of NPCs in early stage, T1 and T2. To avoid such problem,
by increasing the number of CT images in stage T2, where the NPC is similar to stage
T3 is one solution.

(a) (b) (c)

Figure 2.17: Failed NPC results (red) obtained by CND2 from (a) axial section, (b)
coronal section and (c) sagittal section. (Red) the segmented non-target organ; (Green
and Yellow) the matching (green) and non-matching (yellow) regions between the seg-
mented non-target organ and the ground-truth.
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2.5 Conclusion

In this chapter, I proposed a novel CNN-based system, CND, for segmenting the NPC
regions from CT axial, coronal and sagittal images. The proposed CND consists of
two phases. The first phase is to segment and eliminate the non-target organ regions
from CT images. The second phase is to extract the NPCs from the remained regions
in the CT images. The final segmented NPC regions are obtained by integrating the
NPCs extracted from three orthogonal section images.

In the experiments, two CNDs, CND1 and CND2, are trained by using overlapping
patches with fixed and different sizes, respectively. From the experimental results
using the five comparison methods, CND2 leads to segment the NPC regions with
high performance compared with CND1 and conventional methods.



3
Dose distribution prediction

As mentioned in Chapter1, the second step in the workflow of radiation oncologists is
the determination of RT treatment. Although the previous deep learning-based meth-
ods [42], [43], [44] use many images, the accuracy of the previous deep leaning-based
methods for predicting the dose distribution is still low because of the following reason.
The NPCs have complex shapes, and are located close to OARs that may influence on
the direct prediction of the dose distribution. Therefore, the estimation of the desired
dose distribution is complex and difficult problem to deliver more focused radiation to
the NPCs while avoiding the exposure of OARs.

Here, in the workflow of radiation oncologist, the dose distribution is obtained by
the sum of all beams dose. Here, the dose of each beam is calculated from NPC and few
OARs regions. Considering this, a new system introduces a cascade strategy composed
of two-phase manners: 1) predicting the feature maps of each beam from contoured
CT images and 2) predicting the dose distribution by integrating the obtained feature
maps of all beams.

36
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3.1 Materials

I used the data of 80 NPC patients undergoing IMRT at Radiotherapy department of
Habib Bourguiba Hospital of Sfax-Tunisia. For all patients, treatment plans were gen-
erated a similar clinical protocol by two radiation oncologists and two dosimetrists.
There are two data of each patient. One is 2D images (Figure.1.5(b)) of delivered dose
determined by the two dosimetrists and approved by the two radiation oncologists.
This image is called 2D real dose distribution image. The other is an axial section
CT image with 256× 256[pixels] trimmed from 512× 512[pixels] original CT im-
age. From each CT image, the two radiation oncologists manually trace all contours
of NPC (gross tumor volume (GTV), clinical target volume (CTV), planning target
volume (PTV)) and OARs. Here, GTV corresponds to the real NPC region while PTV
and CTV are a margin regions (between 0.5 to 1 cm) that contain some tissues close
to GTV to avoid any error by IMRT during the RT treatment. Each region is assigned
with a unique teaching label. Table.3.1 presents the teaching label and the range of
the delivered dose, called dose constraints, of each region. Here, there are six dose
constraints: the maximum dose value(Dmax), 1 cubic centimeter(D1cc) of the dose, and
2%, 50% , 95% and 98% (D2%, D50, D95% and D98% ) of the dose. Furthermore, two
delineation images were constructed and used as training data. The first delineation
image contains GTV, CTV and PTV regions, while the second delineation image cor-
responds to OARs regions. In the training, each region in the two delineation images is
treated with a different channel of the input layer when fed into the learning network.

In the clinical protocol and planning template proposed by radiation oncologists,
NPC patients are irradiated from 7 dynamic beams whose orientations are 0, 51, 102,
153, 204, 255 and 306 [deg] around a patient (Figure.3.1). Therefore, 2D real dose
distribution of NPC patients, with a spatial resolution 0.25×0.25[cm], is constructed

Table 3.1: Detailed information of contoured regions and its dose constraint.
Contours Dose constraint Label Contours Dose constraint Label
L/R temporomandibular joint(TMJ) Dmax ≤55 Gy 1/2 L/R parotid gland D50 <26 Gy 12/13
Optic chiasma Dmax ≤54 Gy 3 Brainstem D1cc <54 Gy 14
L/R Lens Dmax ≤7 Gy 4/5 Spinal cord D1cc ≤40 Gy 15
Larynx Dmax ≤66 Gy 6 PTV(70 Gy) D95% ≥66.5 Gy 16
Temporal lobe D2% <60 Gy 7 GTV(70 Gy) D98% ≥70 Gy 17
L/R Mandible Dmax ≤65 Gy 8/9 CTV(70 Gy) D95% ≥70 Gy 18
L/R optic nerve Dmax ≤55 Gy 10/11

L/R: Left/Right; Dmax: maximum dose; D50: 50% of the dose, D2%, D95%, D98%: 2%, 95%, 98% of the dose, respectively; D1cc:
1 cubic centimeter of the dose.
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Figure 3.1: An example of the dose of each beam.

by integrating the 2D real dose images of the 7 beams. Here, each beam has a 6 [MeV]
energy with a delivered dose between 0.27 and 0.34 Gy in one RT session. Through
the 33 days of RT course, each NPC patient received 70 Gy as a total dose delivered to
the GTV. An example of the real dose distribution of each beam is shown in Figure.3.1.
The 2D real dose image of each beam and the 2D real dose distribution are constructed
by radiation oncologists and used as teaching labels.

3.2 Methods

The overview of the proposed system is shown in Figure.3.2. The proposed system
composed of two-phase manners: 1) extracting the feature map of each beam from
contoured CT images of a patient, and 2) integrating the extracted features of all the
beams to predict the dose distribution for the patient.

In the first phase, I used the encoder network of my constructed CNN, called beam
dose prediction network (BDP-Net), to extract the feature map of each beam separately
from contoured CT images of a patient. Here, BDP-Net is is an encoder-decoder
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Figure 3.2: The architecture of the proposed dose distribution prediction.

network to estimate the dose irradiated by one beam when a contour CT image is given
(Figure.3.3). The architecture of the BDP-Net is based on the network proposed by Fan
et al.[44]. Unlike Fan et al.[44] method, the BDP-Net contains four types of blocks
with less convolutional layers; dilated convolution block, identity block, convolution
block and deconvolution block as shown in Figure.3.4. The output of the block is also
connected with its own input through an identity mapping path. The architecture have
two advantages: one is to avoid the gradient vanishing problem, and the other is to
improve the gradient backward flow in the CNN. Moreover, The BDP-Net uses ReLu
as the activation function of each convolutional layer and binary cross entropy function
in Eq.2.1 as loss function.

The inputs of the BDP-Net are two images: 1) the image includes the contours
of NPC, that is, PTV, CTV and GTV, and 2) the image contains the contours of all
OARs. Therefore, the BDP-Net has two encoder networks for the NPC and the OARs.
The aim of training the NPC and OARs regions separately is to obtain more detailed
features of the target regions. Each of the two encoders contains 42 convolutional
layers for extracting the features of its target regions started with dilated convolution
block. The four dilated convolutional layers in the encoders are implemented with
four rate values, r=8, 16, 24 and 32, respectively. A preliminary experiments are made
to determine the rate values. The using of artous convolution layers aims to obtain
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Figure 3.3: The overview of BDP-Net

Figure 3.4: The architecture of BDP-Net.
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(a) Feature map 1 (b) Feature map 2 (c) Feature map 3 (d) Feature map 4

(e) Feature map 5 (f) Feature map 6 (g) Feature map 7

Figure 3.5: Examples of the feature maps obtained from the dose distributions of beam
1 to beam 7 by using the contoured NPC and OARs images.

additional information of the corresponding region and to distinguish between high
and low dose values of overlapping regions in the contoured CT images. The output
of the encoder is the feature map of the input data. Using the two feature maps of the
tumors and OARs, the decoder network of the BDP-Net generates the 2D image of the
dose distribution delivered from the beam. In the decoder network, the convolutional
and deconvolutional layers connected with multiple skip-layer connections. The skip
connections tackle the problem of gradient vanishing and the recovery of the clean
image. Also, it benefits from the image details passed from convolutional layers to
deconvolutional layers. The decoder network outputs the predicted dose of the beam.

The second phase of the proposed system is to estimate the 2D dose distribution
image by integrating the extracted feature maps from the contoured CT images of all
the seven beams. The integration process introduced in the second phase is a simple
CNN network that generates all the features of the seven beams, as input data, obtained
in the first phase. The integration network (Figure.3.6) composed of 5 convolutional
layers and one fully connected layer. The first convolution layer generates all the fea-
tures of the seven beams after its concatenation. In the end of the integration network,
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Figure 3.6: The architecture of the integration network.

the fully connected layer outputs the predicted 2D dose distribution.
The training process of the proposed method consists of two steps. The first step

is to train the BDP-Net for extracting the feature map of each beam dose. Using
the encoder networks of the seven trained BDP-Nets, the second step is to train the
integration network while fixing the parameters of all the encoder networks.

3.3 Experimental results

To verify the applicability of the proposed system using the integration network, the
obtained results are compared with the manual dose distribution by radiation oncol-
ogists (MD) used as a ground-truth. In the experiments, 80 NPC patients is used for
training and testing the proposed system. The dataset is divided into 8 sub-dataset
where seventy of the eighty NPC patients were chosen as a training set to adjust the
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parameters of the dose distributions prediction model. The remaining ten NPC patients
were used as the test set to evaluate its performance. Therefore, 8-fold cross validation
is applied to evaluate the proposed system. The proposed system is implemented by
using keras and were performed on a workstation with an Intel Core i7-3960 CPU and
NIVIDIA Quadro GP100 GPU. In addition, the proposed system is compared with
with Mahmood et al.[42] (GAN), Chen et al.[43] (ResNet) and Fan et al.[44] (Fan)
methods. Therefore, four methods are applied to predict the dose distribution. The
two methods in [42] and [43] are downloaded, while I implemented the method in
[44]. Here, the three comparison methods, GAN, ResNet and Fan, replaced the pro-
posed CNN in the first phase to predict the features of each beam and trained by using
my dataset.

The predicted result of dose distribution obtained by the proposed method, GAN,
ResNet and Fan methods are shown in Figure.3.7(c)-(f), while Figure.3.7(a)-(b)

(a) (b) (c) (d) (e) (f)

Figure 3.7: Examples of (a)contoured CT image and its dose distribution obtained by
(b) Ground-truth, (c)proposed method, (d)GAN, (e)ResNet and (f)Fan.
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Table 3.2: Average of number of pixels that its dose values obtained from the pro-
posed method, GAN, ResNet and Fan satisfy the dose constraints of tumors and OARs
regions.

Region Proposed method GAN ResNet Fan
Tumors 81.9% 76.8% 75.6% 75.5%
OARS 86.1% 81.2% 82.4% 80.4%

represents the contoured CT image and the ground-truth. Generally, to irradiate the
NPC patient, radiation oncologists use the dose constraint as a metric to evaluate plan
quality and approve the dose distribution after it satisfies a sufficient number of the
dose constraint. Therefore, to evaluate the predicted results of the dose distribution
obtained from the four methods, I calculate the number of pixels of each OARs and
tumor region of each patient, that the dose values of the pixels satisfy the given thresh-
old of the region dose constraint described in Table.3.1. Table.3.2 presents the average
ratio of the number of pixels to the total number of pixels of OARs and tumors regions
of all patients obtained by the proposed method and the three comparison methods.

In addition, another quantitative evaluation method is used to evaluate the accuracy
of the proposed network, GAN, ResNet and Fan methods, called 3D gamma analyses.
A global 3D gamma analysis with 3%3mm and 4%4mm for γ ≤1 is applied to eval-
uate the obtained results of dose distribution by the proposed method with the three
comparison methods. The calculated values of the mean pass of 3 D gamma analysis
with 3%3mm and 4%4mm are represented in Tables.3.3 and 3.4, respectively.

Table 3.3: Mean pass rates of 3D gamma analysis with 3%3mm of ours, GAN, ResNet
and Fan.

Region Proposed method GAN ResNet Fan
Values p-value Values p-value Values p-value Values p-value

L/R TMJ 91.8 ± 0.5 — 89.5 ± 0.2 0.316 89.9 ± 1.0 0.241 89.1 ± 1.1 0.188
Optic chiasma 88.9 ± 0.1 — 86.1 ± 1.2 0.213 88.2 ± 1.9 0.112 88.2 ± 0.5 0.178
L/R Lens 92.9 ± 3.0 — 88.2 ± 0.9 0.401 89.3 ± 1.0 0.319 88.1 ± 1.4 0.351
Larynx 82.1 ± 0.4 — 77.4 ± 0.6 0.344 77.9 ± 2.3 0.291 77.5 ± 2.1 0.279
Temporal lobe 86.9 ± 1.1 — 83.8 ± 0.9 0.316 84.4 ± 1.0 0.181 83.7 ± 0.4 0.128
L/R Mandible 82.9 ± 0.7 — 79.1 ± 1.4 0.288 79.7 ± 0.7 0.240 78.9 ± 0.8 0.129
L/R optic nerve 94.5 ± 2.1 — 92.3 ± 2.7 0.226 91.9 ± 0.9 0.386 91.9 ± 0.4 0.443
L/R parotid gland 89.9 ± 1.4 — 87.2 ± 1.1 0.219 87.9 ± 0.4 0.164 87.1 ± 0.9 0.127
Brainstem 84.7 ± 1.3 — 83.2 ± 0.4 0.113 81.1 ± 0.8 0.247 81.4 ± 1.0 0.283
Spinal cord 87.9 ± 2.3 — 82.1 ± 1.9 0.397 83.8 ± 0.6 0.344 82.0 ± 3.1 0.241
PTV 93.1 ± 4.0 — 92.2 ± 1.6 0.112 92.3 ± 0.1 0.149 92.1 ± 3.2 0.145
GTV 97.2 ± 2.4 — 95.9 ± 0.7 0.219 96.1 ± 1.5 0.154 95.9 ± 1.4 0.158
CTV 96.8 ± 2.4 — 95.0 ± 1.4 0.187 94.3 ± 0.8 0.233 94.1 ± 0.5 0.211
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Table 3.4: Mean pass rates of 3D gamma analysis with 4%4mm of ours, GAN, ResNet
and Fan.

Region Proposed method GAN ResNet Fan
Values p-value Values p-value Values p-value Values p-value

L/R TMJ 97.9 ± 0.4 — 95.0 ± 0.4 0.233 96.1 ± 1.1 0.188 95.2 ± 0.6 0.117
Optic chiasma 97.1 ± 0.1 — 95.9 ± 1.1 0.214 96.2 ± 0.5 0.187 95.8 ± 1.5 0.181
L/R Lens 98.0 ± 0.6 — 95.1 ± 1.2 0.294 95.4 ± 1.7 0.305 95.0 ± 0.9 0.227
Larynx 89.4 ± 1.1 — 86.7 ± 1.0 0.209 87.5 ± 0.3 0.197 86.2 ± 1.2 0.334
Temporal lobe 95.0 ± 0.7 — 93.1 ± 1.2 0.183 93.9 ± 0.1 0.167 99.1 ± 0.4 0.212
L/R Mandible 93.9 ± 0.6 — 88.0 ± 1.9 0.462 87.5 ± 0.6 0.497 97.9 ± 2.1 0.414
L/R optic nerve 98.8 ± 1.0 — 95.6 ± 2.1 0.274 95.9 ± 0.7 0.228 95.2 ± 1.3 0.133
L/R parotid gland 96.0 ± 1.4 — 94.7 ± 0.7 0.182 94.6 ± 0.9 0.197 94.3 ± 0.7 0.112
Brainstem 92.7 ± 1.8 — 91.4 ± 0.7 0.157 89.4 ± 1.2 0.183 89.4 ± 0.6 0.182
Spinal cord 95.8 ± 2.7 — 92.8 ± 1.4 0.279 93.7 ± 0.9 0.211 92.6 ± 0.9 0.119
PTV 99.7 ± 1.3 — 98.2 ± 3.7 0.110 98.9 ± 3.2 0.109 98.4 ± 0.1 0.136
GTV 98.3 ± 0.1 — 96.3 ± 2.7 0.284 96.9 ± 1.3 0.156 96.2 ± 1.4 0.374
CTV 99.0 ± 1.2 — 98.6 ± 1.3 0.197 98.9 ± 3.5 0.249 98.8 ± 0.8 0.283

Furthermore, to compare the predicted results for OARs and tumor regions by
the four methods with those obtained by radiation oncologist, MD, cumulative dose
volume histograms (DVH) is used as a third quantitative evaluation to evaluate their
differences. DVH is the dose value per fractional volume of the target region. To
evaluate the accuracy of the predicted DVH, mean absolute error, MAEDV H , of the
difference between two DVHs of each tumors and OARs regions are calculated and
presented in 3.5. MAEDV H is formulated in 3.1 by:

MAEDV H =
1
m

m

∑
k=1

1
n

n

∑
j=1
|Dp( j)k%−Dg( j)k%|, (3.1)

where m is the number of DVH bins separated by 0.01 Gy, k is the dose volume index
of DVH, j is the 2D dose distribution image of the target region, n is the total number
of images. Dp( j)k% and Dg( j)k% are the predicted and the ground-truth doses value
at k% volume of the pixel of the jth image, respectively.

An example of the predicted DVH of the four methods and MD is shown in Fig-
ures.3.8 and .3.9. Here, Figures.3.8 and .3.9 show the minimum and maximum differ-
ences between the predicted region the the four methods and MD obtained from PTV
and Larynx, respectively.
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Table 3.5: MAEDV H of each region by ours, GAN, ResNet and Fan.

Contours Proposed method GAN ResNet Fan
L/R TMJ 0.9 ± 0.9 1.1± 0.2 1.2± 0.4 1.3± 0.5
Optic chiasma 1.2 ± 0.1 1.7± 0.6 1.3± 0.7 1.6± 0.2
L/R Lens 1.3 ± 0.8 1.7± 1.2 1.6± 0.3 1.8± 0.9
Larynx 1.5 ± 0.4 2.3± 0.8 1.8± 0.7 2.2± 0.7
Temporal lobe 0.9 ± 0.7 1.5± 0.3 1.2± 1.1 1.5± 0.8
L/R Mandible 1.0 ± 0.7 1.2± 0.9 1.3± 0.7 1.2± 1.1
L/R optic nerve 0.8 ± 1.6 1.3± 0.3 1.2± 0.6 1.2± 0.7
L/R parotid gland 1.2 ± 0.8 1.7± 0.9 1.6± 1.0 1.7± 0.1
Brainstem 1.1 ± 0.9 1.2± 0.4 1.6± 0.1 1.5± 0.6
Spinal cord 1.3 ± 0.4 1.4± 0.7 1.4± 0.6 1.4± 0.8
PTV 0.8 ± 0.4 1.0± 0.6 1.1± 1.7 1.1± 0.7
GTV 0.8 ± 0.6 1.1± 0.1 0.9± 1.6 1.1± 1.3
CTV 0.7 ± 0.1 1.1± 0.7 0.9± 0.5 1.1± 1.0

Figure 3.8: DVH of PTV by the four methods vs the ground-truth.
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Figure 3.9: DVH of larynx by the four methods vs the ground-truth.

3.4 Discussion

According to the first experiment, as shown in Table.3.2, the accuracy of the dose
values of the predicted OARs and tumors regions obtained by the proposed method
is higher compared to those obtained by GAN, ResNet and Fan methods. However,
the proposed method fails to satisfy all the dose constraints for tumors and OARs
with 18.1%, and 13.9%, respectively. Generally, the dose distribution cannot satisfy
all criteria simultaneously because the proximity of the tumors regions to the OARs
regions and the complexity of the NPC site. Therefore, the obtained results by the
proposed method can be acceptable.

In addition, as shown in Tables.3.3 and 3.4, the mean pass rates of 3D gamma of the
proposed method is higher than the three comparison methods for all tumors and OARs
regions. To compare the proposed method with GAN, ResNet and Fan methods, the
statistical analysis is performed with paired t-tests (p-value(P)< 0.05). From the paired
t-test, there are no significantly difference for all regions. Furthermore, the obtained
values by MAE of DVH, MAEDV H , in Table.3.5 show small differences between the
proposed method and the ground-truth compared with comparison methods.

From these results, it is observed that the proposed method results a high accuracy,
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especially for small volume of OARs, such as left and right Lens. This may due to the
strategy that used in the proposed system. By training tumors and OARs regions sep-
arately, the network trains the dataset with more detailed information. Then, by using
the relevant features obtained from the seven beams, the proposed system achieves a
good prediction of the dose distribution.

3.5 Conclusion

In this chapter, I proposed a new method for predicting the dose distribution for NPC
patients from contoured CT images considering the delivered dose from the beam.
Firstly, the proposed method extracts the features of seven beams from contoured CT
images. Using the obtained features from all the beam, the proposed method outputs
the predicted dose distribution.

In the experiments, the proposed system achieves the best performance of predict-
ing the dose distribution for NPC patients. In addition, the accuracy of the predicted
results obtained by the proposed method is the highest compared with those obtained
by the conventional methods.



4
NPC and OARs evolution prediction
for ART treatment

In the current IMRT, once the initial RT planning is obtained, the initial plan is not
changed during 33 days. On the contrary, during the 33 days, the anatomical structures
of the patient have changed such as the shrinkage of the tumor by IMRT, the weight
loss, and the displacement or sizes of the normal structures. Therefore, the re-planning
of RT is needed according to the current patient condition.

To achieve this, in this chapter, I propose a new system, called Tumor Evolution
Prediction(TEP)-Net, for predicting the evolution of NPC and OARs of n-th week
in response to RT from previous weekly CT images from 1st to (n-1)-th week. The
proposed TEP-Net is composed of CNN and GRUs. In addition, TEP-Net is applied
on three section images: axial, coronal and sagittal sections, separately. By using the
three different sections, the proposed method learns the 3D structure of the NPC and
OARs by different features extracted from the three views in the CT images. Therefore,

49
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the use of the 3D structure leads to the improvement of the accuracy of predicting the
evolution of NPC and OARs.

4.1 Dataset

The proposed method is based on weekly CT images, with size 512× 512[pixels],
constructed by using Philips Brilliance 16 Big Bore CT Scanner at Radiotherapy De-
partment of Habib Bourguiba Hospitalof Sfax-Tunisia. A total of 140 patients with
NPC is collected from 2017 to 2019 and used as dataset. Practically, to destroy the tu-
mor cells, all NPC patients received 2.12 Gy/fraction during 33 fraction RT course of 7
weeks after one month of chemotherapy to avoid the growth of the NPC. Through this
methodology, the characteristic of NPCs, such as size, shape and location, extracted
one month before are similar to those in the first day of RT course. Each axial CT im-
age is constructed with 3 mm slice thickness, no intersection gap and 180 slices were
weekly acquired with a resolution of 1.16×1.16×3mm3. In addition, the weekly CT
images were rigidly registered to the first CT image obtained before the RT course by
respecting the same parameters of the gantry isocenter and the degree of flexion of the
head. This aims to improve the quality of the fusion between the weekly CT images.
In each weekly CT image, two radiation oncologists manually extract the NPC and
OARs regions. Here, only five OARs, spinal cord, optic nerve, parotid gland, brain-
stem and lens, are used as training and testing data. In addition, each region is trained
separately as a teaching label to predict its evolution in week n.

In the 140 NPC patients, the weekly shrinkage of NPC occurred between weeks 2
and 5. This is observed from the quantitative evaluation of the difference between the
initial NPC volume before RT course and the weekly shrinkage of the NPC volume in
Table.4.1. In addition, an example of the evolution of NPC and OARs change during
RT treatment is illustrated in Figure.4.1. In Figure.4.1, the top row represents the NPC
regions from week 1 to 6, while the button row is the weekly change of OARs regions.

Table 4.1: The tumor’s volume change ratio of the NPC volume at week n to the initial
NPC volume before RT course (week 0) (mean ± std).

Contours Week 1 Week 2 Week 3 Week 4 Week 5 Week 6
NPC 14% ± 9% 23% ± 10% 31% ± 6% 41% ± 14% 52% ± 22% 58% ± 19%
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(a) (b) (c) (d) (e) (f)

Figure 4.1: Examples of the evolution of NPC (Top row) and OARs (button row)
during, (a)week 1, (b)week 2, (c)week 3, (d)week 4, (e)week 5 and (f)week 6, in
response to RT.

4.2 Methods

4.2.1 Overview

The proposed system, TEP-Net, was specifically designed to predict the future evolu-
tion of NPC and OARs in week n of RT course. TEP-Net consists of the following
three major components: CNN, GRU and global attention model. The proposed sys-
tem is illustrated in Figure.4.2. As shown in Figure.4.2, the first component, CNN is
composed of n-1-CNNs that train the weekly CT images obtained from week 1 to week
n-1, respectively, as input data. This aims to extract the relevant features on the weekly
CT images. Through the obtained features from the n-1 CNNs, the second component
of TEP-Net is GRU network. Here, GRU can simple store and process the trajecto-
ries of NPC and OARs evolution in response to RT treatment with less training data.
In addition, GRU outputs the useful features for predicting the evolution of NPC and
OARs in week n after removing the irrelevant features obtained from the n-1-CNNs.
To do that, the proposed GRU is used as an encoder-decoder network. For each k-th
(k=1,..,n-1) weekly CT image, the first GRU, GRU1

k, is the encoder network, while
the second GRU, GRU2

k, is the decoder network. In the end of TEP-Net, the last com-
ponent, global attention model is used to weight the importance of weekly CT images
and to produce the final predictions of the evolution of NPC and OARs at the n -th
week. The details of the three components are described in the following.
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Figure 4.2: The architecture of the proposed method, TEP-Net, using one of three
directional images.

4.2.2 CNN construction

As mentioned above, the first component of TEP-Net is CNN network. In Chapter.2,
the proposed CNNs show a powerful tool for segmenting NPC and OARs regions. In
addition, the use of overlapping patches as input data aims to improve the accuracy
of the segmented results of the target region compared with the direct segmentation
by using the whole CT image. Based on that, the constructed CNN in TEP-Net uses
overlapping patches with various sizes as input data. Same as Chapter.2, 16× 16,
32× 32 and 64× 64[pixels] are the size of the patches, extracted from the CT image
by sliding a window from left to right and top to bottom, used as input data. Moreover,
to obtain more global information about the weekly NPC and OARs regions, CNN
trains the whole CT image as additional information. Therefore, the proposed CNN is
composed of four CNNs with different architectures to train the corresponding input
data. Through the proposed CNN, the four sub-CNNs learn the label of a pixel by
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Figure 4.3: CNN construction.

considering both local and global structures. This aims to facilitate the work of the
next components, GRUs and global attention model. The overview of the CNN is
shown in Figure.4.3.

In Figure.4.3, the three CNNs used to train the three types of overlapping patches,
16× 16, 32× 32 and 64× 64. The three CNNs have the same architecture as those
CNNs in Figures.2.5, 2.7 and 2.8, used to segment the NPC and OARs regions in
Chapter.2. The ouput of three CNNs is feature maps with size 16× 16. On the other
hand, the CNN, that its input is the whole CT image, is composed of 12 convolutional
layers, 3 max pooling and 1 fully connected layer. All convolutional layers consist of
a window size of 3× 3, a stride of 1 and the same padding, while the 3 max pooling
were performed over a 2× 2 kernel with stride size of 2. Furthermore, the obtained
features with output size 64× 64, 32× 32 in the three sub-CNNs, that their inputs
are 64× 64, 32× 32 patches respectively, are added to the 5th and 9th convolutional
layers in the fourth sub-CNN. This aims to get more useful features. The output of
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four-CNN is also feature maps with size 16× 16. In the end, to output the relevant
features that contain temporal and spatial information for predicting the evolution of
NPC and OARs, the obtained features from the four sub-CNNs are integrated into two
fully connected layers.

4.2.3 Gated recurrent unit for learning the sequential features

After the extraction of high-level features in the CNNs from the weekly CT images,
two GRUs, GRU1 and GRU2 as an encoder-decoder network, are implemented to store
and process the evolution of NPC and OARs in response to RT treatment. Figure.4.4
shows the architecture of the original GRU. Practically, GRU includes the smaller
number of training parameters and smaller memory. Therefore, GRU is useful to train
a network by using a small number of dataset and train more faster.

In order to analyze the status of the target region between the obtained features
from the weekly CT images, I modify the original GRU (Figure.4.5) to output only the
new hidden state and to be used it in recursive route. Here, the two GRUs contain (n-1)
sub-GRUs with one layer of 512 hidden units to strengthen the processing power. As
shown in Figure.4.2, the encoder GRU trains the features obtained from the weekly
CT images. The decoder GRU trains the output of the encoder GRU. The encoder
and decoder GRUs have the same architecture. In the encoder GRU, at week i, the
individual obtained feature passed through the encoder GRU to output the encoder
hidden state, hi

1, obtained from the corresponding week. The obtained encoder hidden
state, hi

1, is used as the input of the previous hidden state of the encoder GRU at week
i+1. In the decoder GRU, at week i, the obtained encoder hidden state, hi

1, passed
through the decoder GRU to output the decoder hidden state, hi

2. The decoder hidden
state, hi

2 is used as the input of the previous hidden state of the decoder GRU at week
i+1. Therefore, each (n-1) sub-GRUs trains two inputs: the obtained features with the
encoder hidden state in the encoder GRU or the encoder hidden state with the decoder
hidden state in the decoder GRU. Here, the two inputs of each (n-1) sub-GRUs in the
encoder and decoder GRUs are modulated via two gates, namely a reset gate r and
an update gate z. The reset gate r determines the portion of the past information to
be forgotten. Otherwise, the update gate z decides the portion of the past information
needs to be passed along to the future. Here, at a given time t, the inputs of the reset
gate r and the update gate z are the given features in weekt , xt , and the previous hidden
state, ht−1. The update gate z, the reset gate r and the candidate state of the hidden unit
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Figure 4.4: The architecture of the original GRU.

Figure 4.5: The architecture of the proposed encoder or decoder GRU
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h̃t are computed in Eq.4.1, 4.2 and 4.3, respectively at a given time t. The output of
hidden activation state ht is represented in Eq.4.4. Through the two GRUs, the second
GRU outputs the refined feature vector for predicting the evolution of NPC and OARs
after removing the irrelevant information.

zt = σ(W xzxt +W hzht−1); (4.1)

rt = σ(W xyxt +W hrht−1); (4.2)

h̃t = tan(W xhxt +W hh(ht−1� rt)), (4.3)

ht = (1− zt)� h̃t + zt�ht−1. (4.4)

where W xz, W hz, W xr and W hh are the corresponding weight metrics, σ is the sigmoid
function and � is an element wise multiplication.

4.2.4 Global attention model

After the obtained of a refined feature vector from the two GRUs, the global attention
model is introduced as the last component of the proposed TEP-Net. Generally, an
attention model is used to parse the weights of the inputs which were used to calculate
the prediction. Therefore, the global attention model is applied to approximate all the
attention distribution weights, at,i, of the obtained weights of all the hidden states from
the first GRU, that is the encoder network, and generate a context vector ct that is
calculated in Eq.4.5 by :

ct = ∑
i
i=1 at,ihi, (4.5)

Where at,i is an alignment vector derived by comparing the current target hidden state
ht with each source hidden state hi calculated by :

at,i =
exp(score(ht ,hi))

∑
T
i=1 exp(score(ht ,hi))

, (4.6)

score(ht ,hi) = υa
t tanh(Wa[ht ,hi]) (4.7)

Subsequently, the decoder network, 2nd GRU, ouputs the probability of the target re-
gion in the future week, week n, according to the previous outputs and hidden states
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via a SoftMax layer calculated in Eq.4.8 by :

p(yt |y < t,x) = sotmax(Woutot); (4.8)

ot = tanh(Wc[ht ;ct ]), (4.9)

where Wout and Wc are weighting parameters.

4.2.5 Integration process for 3D prediction

In order to predict the evolution of NPC and ORAs at n-th-week, TEP-Net is trained
from three directional images: axial, coronal and sagittal images. Therefore, three
different results are obtained from the corresponding directional image. To estimate
the final prediction, an integration process is used to incorporate the three predictions
obtained from the three directional images. In this integration process, two different
methods of integrating the three predictions is implemented. The first method uses
weighted voting method, called TEP-Net-WV, while the second method predict the
final result by using fully connected networks, called TEP-Net-FC. Here, the final
prediction result by using TEP-Net-WV is the same method as the integration of seg-
mentation results from three directional sections mentioned in Chapter.2, where the
pixel is considered as target region if the pixel is obtained at least from two sections.
However, TEP-Net-FC predicts the target region by incorporating the obtained features
of the three directional images by two fully connected layers and one Softmax.

4.2.6 Implementation

Thr proposed method is implemented with keras library in Python. The training of
my network is achieved by cross entropy loss function which is optimized by ADAM,
Eq.4.10 to 4.13, with a learning rate 10−4 for both CNN and GRU.

wt+1 = wt +∆wt , (4.10)

∆wt =−η
νt√

st + ε
∗gt , (4.11)

νt = β1 ∗νt−1− (1−β1)∗gt , (4.12)

st = β2 ∗ st−1− (1−β2)∗g2
t ; (4.13)
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where wt+1 and wt are weighting parameters, η is initial learning rate, β1 and β2

are hyperparameters and gt indicates the element wise. The νt corresponds to the
exponential average of gt along wt , while st is the exponential average of squares of gt

along wt .
To avoid over-fitting problem, L1 and L2 regulations and dropout are used in the

CNNs that its inputs are three different size of overlapping patches. The proposed
method becomes stable after iteration of 100 epochs. After each convolutional layer in
the four CNNs, a rectified linear unit (ReLU) is used as an activation function, while
Tanh activation is used for the GRU hidden unit. All experiments were performed on
a workstation with Intel Core i7-3960X CPU and NVIDIA Quadro GP100 GPU with
12 GB memory for each GPU.

4.3 Experimental results

4.3.1 Results

Table 4.2: Average and standard deviation of the accuracy of predicting NPC in (a)
week 4, (b) week 5 and (c) week 6 by my five methods and P-net.
Method Precision Recall DSC RMSSD

Values p-value Values p-value
(a)Week 4
TEP-Net-FC 0.86 ± 0.33 0.87 ± 0.25 0.86 ± 0.39 - 1.39 ± 0.10 -
TEP-Net-WV 0.85± 0.16 0.85 ± 0.28 0.85 ± 0.24 N.S. 1.42 ± 0.32 N.S.
TEP-Net sagittal 0.84 ± 0.36 0.83 ± 0.17 0.83 ± 0.41 < 0.05 1.49 ± 0.50 < 0.05
TEP-Net axial 0.82 ± 0.21 0.83 ± 0.32 0.82 ± 0.14 < 0.05 1.56 ± 0.31 < 0.05
TEP-Net coronal 0.83 ± 0.13 0.82 ± 0.54 0.82 ± 0.92 < 0.05 1.57 ± 0.17 < 0.05
P-net 0.77 ± 0.11 0.78 ± 0.48 0.77 ± 0.31 < 0.05 2.01 ± 0.14 < 0.05
(b)Week 5
TEP-Net-FC 0.89 ± 0.037 0.88 ± 0.024 0.89± 0.044 - 1.18 ± 0.20 -
TEP-Net-WV 0.88 ± 0.08 0.87 ± 0.011 0.88 ± 0.025 N.S. 1.23 ± 0.18 N.S.
TEP-Net sagittal 0.86 ± 0.07 0.86 ± 0.41 0.86 ± 0.012 < 0.05 1.38 ± 0.40 < 0.05
TEP-Net axial 0.86 ± 0.022 0.84 ± 0.27 0.86 ± 0.12 < 0.05 1.4 ± 0.15 < 0.05
TEP-Net coronal 0.84 ± 0.11 0.84 ± 0.07 0.84 ± 0.13 < 0.05 1.5 ± 0.09 < 0.05
P-net 0.82 ± 0.43 0.81 ± 0.04 0.82 ± 0.61 < 0.05 1.7 ± 0.70 < 0.05
(c)Week 6
TEP-Net-FC 0.82 ± 0.27 0.83 ± 0.51 0.82 ± 0.44 - 1.57 ± 0.41 -
TEP-Net-WV 0.82 ± 0.16 0.81 ± 0.32 0.81 ± 0.42 N.S. 1.58 ± 0.17 N.S.
TEP-Net sagittal 0.79 ± 0.27 0.80 ± 0.11 0.79 ± 0.61 < 0.05 2.2 ± 0.24 < 0.05
TEP-Net axial 0.78 ± 0.43 0.78 ± 0.20 0.78 ± 0.63 < 0.05 2.4 ± 0.22 < 0.05
TEP-Net coronal 0.77 ± 0.54 0.76 ± 0.71 0.77 ± 0.22 < 0.05 2.5 ± 0.08 < 0.05
P-net 0.73 ± 0.14 0.72 ± 0.55 0.72 ± 0.39 < 0.05 2.9 ± 0.14 < 0.05
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(a) (b) (c) (d) (e) (f)

Figure 4.6: NPC predicted results in week 4 (Top row), week 5 (middle row) and week
6 (button row) obtained from (a)TEP-Net-FC, (b)TEP-Net-WV, (c)TEP-Net sagittal,
(d)TEP-Net coronal, (e)TEP-Net axial and (f)P-net. (Red) the segmented non-target
organ; (Green and Yellow) the matching (green) and non-matching (yellow) regions
between the segmented non-target organ and the ground-truth.

In the experiments, the proposed method, TEP-Net, is applied to predict the evolu-
tion of NPC and OARs in week 4, 5 and 6 from weekly CT images obtained in week
1 to 3, week 1 to 4 and week 1 to 5, respectively. The weekly CT images are col-
lected from 140 patients and are divided into training, testing and validating dataset.
Here, 120 patients are used as training dataset where 10 patients are used as testing and
validating dataset. In the experiments, 14 fold-cross validation are used: 12 folds for
training, 1 fold for validation and 1 fold for testing. The validation set is used for the
optimization of the training process. As mentioned before, TEP-Net predicts the evo-
lution of NPC and OARs from three orthogonal sections. Therefore, TEP-Net trains a
dataset that contains 151,200 axial, 210,150 coronal, and 294,500 sagittal images.

The proposed system, TEP-Net, is only compared with the method proposed by
Wang et al. [46], P-net, since ART is a future approach. Here, P-net trains 3D over-
lapping patches with size 45× 45× 3[pixels] obtained from CT images in week 1 to
3. The 3D overlapping patches are constructed by cropping out three consecutive two-
dimensional axial section from above and below neighbor images with window size
45×45. The output of P-Net is the evolution of NPC and OARs in week 4 to 6.
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Table 4.3: Average and standard deviation of the accuracy of predicting spinal cord in
(a) week 4, (b) week 5 and (c) week 6 by our five methods and P-net.

Method Precision Recall DSC RMSSD
Values p-value Values p-value

(a)Week 4
TEP-Net-FC 0.87 ± 0.31 0.85 ± 0.12 0.86 ± 0.51 - 1.4 ± 0.7 -
TEP-Net-WV 0.86 ± 0.22 0.82 ± 0.18 0.84 ± 0.07 N.S. 1.5 ± 1.1 N.S.
TEP-Net sagittal 0.84 ± 0.091 0.84 ± 0.10 0.84 ± 0.09 < 0.05 1.4 ± 0.7 < 0.05
TEP-Net axial 0.82 ± 0.17 0.81 ± 0.15 0.81 ± 0.22 < 0.05 1.6 ± 0.4 < 0.05
TEP-Net coronal 0.80 ± 0.18 0.80 ± 0.23 0.80 ± 0.17 < 0.05 1.8 ± 0.9 < 0.05
P-net 0.78 ± 0.14 0.76 ± 0.21 0.77 ± 0.14 < 0.05 2.6 ± 1.1 < 0.05
(b)Week 5
TEP-Net-FC 0.88 ± 0.23 0.86 ± 0.25 0.87 ± 0.15 - 1.3 ± 0.7 -
TEP-Net-WV 0.85 ± 0.15 0.86 ± 0.16 0.85 ± 0.41 N.S. 1.4 ± 0.8 N.S.
TEP-Net sagittal 0.83 ± 0.34 0.83 ± 0.16 0.83 ± 0.12 < 0.05 1.6 ± 1.4 < 0.05
TEP-Net axial 0.82 ± 0.09 0.83 ± 0.15 0.82 ± 0.31 < 0.05 1.7 ± 1.5 < 0.05
TEP-Net coronal 0.82 ± 0.12 0.82 ± 0.41 0.82 ± 0.17 < 0.05 1.7 ± 0.9 < 0.05
P-net 0.80 ± 0.12 0.80 ± 0.14 0.80 ± 0.17 < 0.05 1.8 ± 0.9 < 0.05
(c)Week 6
TEP-Net-FC 0.85 ± 0.08 0.81 ± 0.27 0.83 ± 0.13 - 1.4 ± 0.7 -
TEP-Net-WV 0.82 ± 0.17 0.81 ± 0.24 0.81 ± 0.19 N.S. 1.8 ± 1.8 N.S.
TEP-Net sagittal 0.80 ± 0.32 0.80 ± 0.12 0.80 ± 0.13 < 0.05 1.8 ± 0.6 < 0.05
TEP-Net axial 0.78 ± 0.33 0.80 ± 0.01 0.79 ± 0.29 < 0.05 2.2 ± 1.4 < 0.05
TEP-Net coronal 0.78 ± 0.11 0.78 ± 0.09 0.78 ± 0.14 < 0.05 2.5 ± 0.2 < 0.05
P-net 0.76 ± 0.32 0.74 ± 0.21 0.75 ± 0.07 < 0.05 2.8 ± 1.2 < 0.05

To verify the prediction of the target region, in week 4, 5 and 6, against the manual
contouring of radiation oncologists, the six methods, TEP-Net axial, TEP-Net coronal,
TEP-Net sagittal, TEP-Net-WV, TEP-Net-FC and P-net, are evaluated by using four
measurements: precision(Eq.2.2), recall(Eq.2.3), DSC(Eq.2.4) and root mean square
symmetric surface distance (RMSSD)(Eq.4.14).

RMSSD =

√
1
|S| ∑p∈S

d1(p,q)2 +

√√√√ 1

|S̃| ∑q∈S̃

d2(q,p)2; (4.14)

where the parameters of Eq.4.14 are described in Eq.2.5
In the experiments, firstly, I calculate the quantitative results of the predicted

shrinkage of NPC in response to RT at week 4, 5 and 6 by the six methods when
the inputs of the five methods based on TEP-Net are week 1 to 3, week 1 to 4 and
week 1 to 5, respectively and week 1 to 3 by P-net method. The calculated values of
week 4 to 6 are presented in Table.4.2 (a)-(c), respectively. In addition, an example
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Table 4.4: Average and standard deviation of the accuracy of predicting optic nerve in
(a) week 4, (b) week 5 and (c) week 6 by our five methods and P-net.
Method Precision Recall DSC RMSSD

Values p-value Values p-value
(a)Week 4
TEP-Net-FC 0.83 ± 0.13 0.81 ± 0.09 0.82 ± 0.11 - 1.7 ± 1.5 -
TEP-Net-WV 0.82 ± 0.19 0.80 ± 0.27 0.81 ± 0.13 N.S. 1.7 ± 0.8 N.S.
TEP-Net sagittal 0.80 ± 0.41 0.79 ± 0.29 0.79 ± 0.21 < 0.05 1.8 ± 0.9 < 0.05
TEP-Net axial 0.80 ± 0.40 0.77 ± 0.18 0.78 ± 0.34 < 0.05 2.0 ± 0.7 < 0.05
TEP-Net coronal 0.76 ± 0.14 0.77 ± 0.05 0.76 ± 0.25 < 0.05 2.7 ± 1.8 < 0.05
P-net 0.73 ± 0.31 0.72 ± 0.12 0.72 ± 0.13 < 0.05 3.1 ± 1.4 < 0.05
(b)Week 5
TEP-Net-FC 0.84 ± 0.11 0.83 ± 0.29 0.83 ± 0.27 - 1.6 ± 0.7 -
TEP-Net-WV 0.82 ± 0.22 0.82 ± 0.17 0.82 ± 0.14 N.S. 1.8 ± 0.3 N.S.
TEP-Net sagittal 0.80 ± 0.41 0.80 ± 0.26 0.80 ± 0.18 < 0.05 1.8 ± 1.2 < 0.05
TEP-Net axial 0.77 ± 0.41 0.78 ± 0.19 0.77 ± 0.14 < 0.05 2.2 ± 1.4 < 0.05
TEP-Net coronal 0.78 ± 0.17 0.78 ± 0.25 0.78 ± 0.06 < 0.05 2.2 ± 0.7 < 0.05
P-net 0.76 ± 0.29 0.76 ± 0.14 0.76 ± 0.18 < 0.05 2.7 ± 0.5 < 0.05
(c)Week 6
TEP-Net-FC 0.81 ± 0.22 0.80 ± 0.16 0.80 ± 0.23 - 1.7 ± 0.8 -
TEP-Net-WV 0.78 ± 0.18 0.78 ± 0.84 0.78 ± 0.91 N.S. 2.4 ± 0.8 N.S.
TEP-Net sagittal 0.77 ± 0.18 0.76 ± 0.41 0.76 ± 0.23 < 0.05 2.7 ± 0.9 < 0.05
TEP-Net axial 0.73 ± 0.15 0.77 ± 0.11 0.75 ± 0.25 < 0.05 2.8 ± 1.1 < 0.05
TEP-Net coronal 0.73 ± 0.21 0.74 ± 0.19 0.73 ± 0.19 < 0.05 3.3 ± 0.1 < 0.05
P-net 0.71 ± 0.33 0.70 ± 0.17 0.70 ± 0.04 < 0.05 3.7 ± 2.1 < 0.05

of NPC regions in week 4, 5 and 6 is shown in Figures.4.6. Secondly, the predicted
evolution of the five OARs in week 4, 5 and 6 obtained by the six methods are eval-
uated with the manual contouring of radiation oncologists. The quantitative results of
the five OARs in week 4 to 6 are presented in Tables. 4.3 to 4.7 (a)-(c), respectively.
Example of OARs regions predicted in week 4, 5 and 6 by the six methods is shown in
Figures.4.7. In Figures 4.6 and 4.7, the red regions are the predicted regions by the six
methods. On the contrary, the yellow and green regions in Figures.4.6 and 4.7 corre-
spond to the matching and non-matching regions between the predicted result and the
ground truth, respectively.

4.3.2 Discussion

From the results in Table.4.2 and Table 4.3 to 4.7, practically, it is observed that the
six methods, TEP-Net-FC, TEP-Net-WV, TEP-Net sagittal, TEP-Net axial, TEP-Net
coronal and P-net, can predict the future changes of NPC and OARs, week 4 to week
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Table 4.5: Average and standard deviation of the accuracy of predicting parotid gland
in (a) week 4, (b) week 5 and (c) week 6 by our five methods and P-net.
Method Precision Recall DSC RMSSD

Values p-value Values p-value
(a)Week 4
TEP-Net-FC 0.87 ± 0.23 0.86 ± 0.07 0.86 ± 0.14 - 1.4 ± 0.9 -
TEP-Net-WV 0.78 ± 0.28 0.78 ± 0.31 0.78 ± 0.22 N.S. 2.4 ± 0.7 N.S.
TEP-Net sagittal 0.84 ± 0.17 0.83 ± 0.32 0.83 ± 0.07 < 0.05 1.4 ± 0.5 < 0.05
TEP-Net axial 0.84 ± 0.12 0.82 ± 0.08 0.82 ± 0.13 < 0.05 1.5 ± 0.9 < 0.05
TEP-Net coronal 0.80 ± 0.23 0.80 ± 0.16 0.80 ± 0.11 < 0.05 1.8 ± 1.7 < 0.05
P-net 0.79 ± 0.44 0.79 ± 0.16 0.79 ± 0.17 < 0.05 2.2 ± 0.9 < 0.05
(b)Week 5
TEP-Net-FC 0.88 ± 0.21 0.87 ± 0.31 0.87 ± 0.12 - 1.3 ± 0.5 -
TEP-Net-WV 0.85 ± 0.34 0.86 ± 0.22 0.85 ± 0.40 N.S. 1.4 ± 0.4 N.S.
TEP-Net sagittal 0.84 ± 0.04 0.83 ± 0.09 0.83 ± 0.19 < 0.05 1.6 ± 1.4 < 0.05
TEP-Net axial 0.83 ± 0.29 0.83 ± 0.45 0.83 ± 0.16 < 0.05 1.6 ± 0.8 < 0.05
TEP-Net coronal 0.83 ± 0.13 0.83 ± 0.51 0.83 ± 0.09 < 0.05 1.6 ± 0.5 < 0.05
P-net 0.81 ± 0.04 0.81 ± 0.08 0.81 ± 0.19 < 0.05 1.8 ± 0.8 < 0.05
(c)Week 6
TEP-Net-FC 0.86 ± 0.21 0.82 ± 0.47 0.84 ± 0.24 - 1.5 ± 1.4 -
TEP-Net-WV 0.83 ± 0.18 0.82 ± 0.28 0.82 ± 0.19 N.S. 1.7 ± 0.5 N.S.
TEP-Net sagittal 0.81 ± 0.38 0.80 ± 0.14 0.80 ± 0.23 < 0.05 1.8 ± 1.1 < 0.05
TEP-Net axial 0.78 ± 0.35 0.80 ± 0.29 0.79 ± 0.15 < 0.05 2.1 ± 0.8 < 0.05
TEP-Net coronal 0.78 ± 0.17 0.77 ± 0.21 0.77 ± 0.19 < 0.05 2.6 ± 0.8 < 0.05
P-net 0.76 ± 0.17 0.74 ± 0.23 0.75 ± 0.25 < 0.05 2.8 ± 1.2 < 0.05

6, during RT course. This demonstrates that using GRU in the six methods determines
the relevant weights of time series obtained from previous weeks for prediction. In
addition, the immobility of NPC tumors and the rigid registration of the weekly CT
images during the RT course may achieve and improve the prediction of NPC and
OARs, respectively.

The five proposed methods are higher than the comparison method, P-net in Ta-
bles.4.2 and 4.3. This is because the proposed CNN in TEP-Net can capture more
information that includes local and global information about the NPC and OARs ob-
tained from three different size of patches and the original image size. The additional
obtained features from the proposed CNN in week 1 to week n aid GRU to process the
trajectories of NPC and OARs evolution in response to RT well. Moreover, P-net out-
puts NPC and OARs evolution from week 4 to week 6 simultaneously by using only
CT images in week 1 to week 3. On the contrary, the proposed five methods based on
TEP-Net use all CT images in week 1 to week n-1 to predict the evolution in week n.
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Table 4.6: Average and standard deviation of the accuracy of predicting brainstem in
(a) week 4, (b) week 5 and (c) week 6 by our five methods and P-net.
Method Precision Recall DSC RMSSD

Values p-value Values p-value
(a)Week 4
TEP-Net-FC 0.86 ± 0.17 0.83 ± 0.10 0.84 ± 0.31 - 1.5 ± 1.2 -
TEP-Net-WV 0.85 ± 0.26 0.82 ± 0.32 0.83 ± 0.44 N.S. 1.5 ± 0.4 N.S.
TEP-Net sagittal 0.83 ± 0.31 0.83 ± 0.11 0.83 ± 0.14 < 0.05 1.4 ± 1.3 < 0.05
TEP-Net axial 0.82 ± 0.36 0.80 ± 0.15 0.81 ± 0.02 < 0.05 1.7 ± 0.3 < 0.05
TEP-Net coronal 0.79 ± 0.17 0.79 ± 0.41 0.79 ± 0.23 < 0.05 2.2 ± 1.7 < 0.05
P-net 0.78 ± 0.35 0.77 ± 0.48 0.77 ± 0.27 < 0.05 2.6 ± 1.8 < 0.05
(b)Week 5
TEP-Net-FC 0.87 ± 0.33 0.84 ± 0.24 0.85 ± 0.19 - 1.4 ± 1.2 -
TEP-Net-WV 0.86 ± 0.18 0.82 ± 0.46 0.84 ± 0.11 N.S. 1.4 ± 0.8 N.S.
TEP-Net sagittal 0.85 ± 0.32 0.82 ± 0.07 0.83 ± 0.14 < 0.05 1.7 ± 1.4 < 0.05
TEP-Net axial 0.82 ± 0.51 0.83 ± 0.14 0.82 ± 0.46 < 0.05 1.7 ± 1.3 < 0.05
TEP-Net coronal 0.82 ± 0.17 0.83 ± 0.15 0.82 ± 0.24 < 0.05 1.7 ± 1.2 < 0.05
P-net 0.81 ± 0.32 0.81 ± 0.12 0.81 ± 0.41 < 0.05 1.9 ± 0.8 < 0.05
(c)Week 6
TEP-Net-FC 0.84 ± 0.12 0.81 ± 0.33 0.82 ± 0.23 - 1.4 ± 0.5 -
TEP-Net-WV 0.81 ± 0.10 0.81 ± 0.32 0.81 ± 0.41 N.S. 1.8 ± 0.5 N.S.
TEP-Net sagittal 0.80 ± 0.26 0.79 ± 0.31 0.79 ± 0.33 < 0.05 2.2 ± 0.5 < 0.05
TEP-Net axial 0.78 ± 0.41 0.80 ± 0.07 0.79 ± 0.09 < 0.05 2.2 ± 1.4 < 0.05
TEP-Net coronal 0.78 ± 0.05 0.78 ± 0.27 0.78 ± 0.12 < 0.05 2.5 ± 0.1 < 0.05
P-net 0.77 ± 0.24 0.75 ± 0.28 0.76 ± 0.35 < 0.05 2.5 ± 1.4 < 0.05

Therefore, the prediction of NPC and OARs by P-net depends only about the obtained
information in week 1 to week 3. With a less information in P-net method, one week
prediction of NPC and OARs by using my five methods is a better strategy than three
consecutive predictions.

Furthermore, TEP-Net-FC can predict the future evolution of NPC and OARs in
response to RT robustly compared to the other five methods. The main reasons why
TEP-Net-FC is superior to the other five methods is that TEP-Net-FC determines the
final prediction by integrating the three predictions obtained from three directional im-
ages. In addition, compared with a simple voting method, FCN used in the integration
process attempts to estimate the refined prediction by the three predictions.

To compare TEP-Net-FC with the other methods, the statistical analysis is per-
formed with paired t-tests (p-value < 0.05). The calculated p-values are shown in
Table.4.2 and Table 4.3 to 4.7. From the paired t-test, TEP-Net-FC is significantly
different from all comparison method for DSC and RMSSD except TEP-Net-WV.
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Table 4.7: Average and standard deviation of the accuracy of predicting lens in (a)
week 4, (b) week 5 and (c) week 6 by our five methods and P-net.
Method Precision Recall DSC RMSSD

Values p-value Values p-value
(a)Week 4
TEP-Net-FC 0.84 ± 0.22 0.82 ± 0.17 0.83 ± 0.05 - 1.6 ± 0.7 -
TEP-Net-WV 0.84 ± 0.30 0.80 ± 0.11 0.82 ± 0.21 N.S. 1.6 ± 1.7 N.S.
TEP-Net sagittal 0.81 ± 0.30 0.80 ± 0.18 0.80 ± 0.05 < 0.05 1.7 ± 0.6 < 0.05
TEP-Net axial 0.79 ± 0.22 0.78 ± 0.11 0.78 ± 0.09 < 0.05 2.0 ± 1.7 < 0.05
TEP-Net coronal 0.78 ± 0.14 0.79 ± 0.21 0.78 ± 0.05 < 0.05 2.3 ± 1.4 < 0.05
P-net 0.76 ± 0.15 0.74 ± 0.09 0.75 ± 0.27 < 0.05 2.5 ± 1.3 < 0.05
(b)Week 5
TEP-Net-FC 0.85 ± 0.30 0.84 ± 0.21 0.84 ± 0.19 - 1.6 ± 0.6 -
TEP-Net-WV 0.85 ± 0.18 0.82 ± 0.33 0.83 ± 0.21 N.S. 1.5 ± 0.9 N.S.
TEP-Net sagittal 0.80 ± 0.14 0.80 ± 0.67 0.80 ± 0.14 < 0.05 1.8 ± 0.8 < 0.05
TEP-Net axial 0.80 ± 0.12 0.81 ± 0.05 0.80 ± 0.31 < 0.05 1.8 ± 1.4 < 0.05
TEP-Net coronal 0.81 ± 0.17 0.80 ± 0.21 0.80 ± 0.16 < 0.05 1.8 ± 1.4 < 0.05
P-net 0.79 ± 0.33 0.79 ± 0.14 0.79 ± 0.16 < 0.05 2.4 ± 0.6 < 0.05
(c)Week 6
TEP-Net-FC 0.83 ± 0.22 0.80 ± 0.14 0.81 ± 0.33 - 1.7 ± 1.2 -
TEP-Net-WV 0.80 ± 0.28 0.79 ± 0.14 0.79 ± 0.13 N.S. 2.2 ± 0.6 N.S.
TEP-Net sagittal 0.80 ± 0.09 0.79 ± 0.17 0.79 ± 0.03 < 0.05 2.3 ± 0.7 < 0.05
TEP-Net axial 0.77 ± 0.14 0.82 ± 0.37 0.78 ± 0.29 < 0.05 2.5 ± 2.9 < 0.05
TEP-Net coronal 0.77 ± 0.14 0.75 ± 0.47 0.76 ± 0.19 < 0.05 2.9 ± 0.2 < 0.05
P-net 0.74 ± 0.21 0.70 ± 0.27 0.72 ± 0.14 < 0.05 2.5 ± 0.8 < 0.05

Although the success of TEP-Net-FC, the predicted results obtained on week 6
is lower than those obtained on week 4 and week 5. Here, TEP-Net-FC predicts the
evolution of NPC and OARs in week 6 from weekly CT images obtained in week 1 to
5. Theoretically, by training 5 weekly CT images, TEP-Net-FC aims to increase the
performance of the predicted results in week 6 as observed in week 5. On the contrary,
TEP-Net-FC fails to predict the evolution of NPC and OARs in week 6 and ouputs
a lower performance compared with those obtained in week 4 and 5. As mentioned
before, there is a high variation of NPC changes in the used dataset occurred between
week 5 and week 6 which influences on the performance of its prediction in the end of
week 6. To solve this problem, collecting more training data can improve the accuracy
of the prediction of my method.
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(a) (b) (c) (d) (e) (f)

Figure 4.7: OARs predicted results in week 4 (Top row), week 5 (middle row) and
week 6 (button row) obtained from (a)TEP-Net-FC, (b)TEP-Net-WV, (c)TEP-Net
sagittal, (d)TEP-Net coronal, (e)TEP-Net axial and (f)P-net. (Red) the segmented
non-target organ; (Green and Yellow) the matching (green) and non-matching (yel-
low) regions between the segmented non-target organ and the ground-truth.

4.3.3 Conclusion

In this chapter, I proposed a new system for predicting the evolution of NPC and OARs
in week n during RT course from CT images obtained in previous weeks, week 1 to
week n-1. The proposed method, TEP-Net, is the combination of three components,
CNN, GRU and global attention model, to achieve the prediction of the target region.

In the experiments, TEP-Net trains the three orthogonal CT images separately as
input data to predict the evolution of NPC and OARs in week 4 to week 6 from week
1 to 3, week 1 to 4 and week 1 to 5, respectively. The final NPC and OARs prediction
among the three predicted results are decided by using an integration process. Here,
two integration methods are applied. From the predicted results, TEP-Net predicts
accurately the evolution of NPC and OARs regions in response to RT compared with
conventional method, especially those obtained by using weighted fully connected
layers, TEP-Net-FC, as integration process.



5
Conclusion

The automatic support system for IMRT is useful for not only radiation oncologists
but also patients. The radiation oncologists provides the suitable therapy to a patient
according to the patient conditions. Such therapy can improve the QOL of the patient.

In this thesis, to construct an automatic system for IMRT, I propose three fun-
damental techniques, for segmenting NPC from CT images, predicting the dose dis-
tribution and predicting the future evolution of NPC and OARs in response to RT,
respectively.

Firstly, I proposed the CNN-based method for segmenting NPC and OARs from
three orthogonal, axial, coronal and sagittal, CT images. The proposed method, CND,
is a cascade system composed of two phases. In the first phase, non-target organ re-
gions are detected and eliminated from a given CT image. The second phase segments
NPC regions from the remained region in the CT image after the first phase. The pro-
posed system outputs the final NPCs by integrating the segmentation results obtained
from the three orthogonal images. From the experimental results using 11900 NPC pa-
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tient images, the proposed CND using various overlapping patches with different sizes
detects NPC with high performance compared with other conventional NPC detection
methods.

Secondly, I presented a new CNN which predicts the dose distribution for a patient
from contoured CT images. In the proposed method, features maps of dose images
of each beam are estimated from contoured CT images. The dose distribution for a
patient is predicted by integrating the obtained features maps from all the beams. The
experimental results using 13600 NPC patient images prove that the proposed method
can predict the dose distribution images reliably and accurately compared with the
conventional methods.

Thirdly, I proposed a new system for predicting the evolution of the NPC and
OARs in response to RT treatment by using previous weekly changes of target region,
week 1 to week n-1. The proposed method, TEP-Net-FC, consists of CNN and two
GRUs. Using weekly CT axial, coronal and sagittal images, the CNN is used to extract
relevant features from CT images. The combination of the two GRUs remove the
irrelevant features and outputs useful features for predicting the evolution of NPC and
OARs. Using fully connected layers, the final NPC and OARs prediction is obtained
by integrating the obtained weights from the three sections. From the experimental
results using 71400 NPC patient images, the proposed method using weighted fully
connected layers as integration process, TEP-Net-FC, achieves a reliable prediction of
NPC and OARs compared with other conventional prediction methods.

5.1 Future works

The construction of the three methods use the CT images of 70, 80 and 140 patients,
respectively. Practically, from the experimental results, the number and quality of CT
images used as training dataset influence on the accuracy of the proposed method. In
this thesis, the regions of NPC and OARs are determined manually by two radiation
oncologists. In order to guarantee that the manual contouring of NPC and OARs are
used as dataset by the proposed methods, it is necessary to obtain the contours of NPC
and OARs of the same patient regions by more radiation oncologists.

The current CND system for segmenting NPC and OARs regions focuses on stage
T1 and stage T2 that non-target regions have no NPC. However, in stage T3 and stage
T4, NPC spreads to non-target organs that influence on the performance of the CND.
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Therefore, one of my future works is to extend the CND system to detect NPC in ad-
vanced stage. In addition, the CT image resolution of a patient is related to the spatial
resolution of scanning the patient. Therefore, if the resolution of a given CT image
is lower than those of the CT images in my database, the accuracy of the proposed
method may become worse because the NPC contours in the low resolution images
become blurred and unclear. One solution for this is to introduce image super resolu-
tion techniques [51] to obtain its high resolution. This is one of my future works.

When predicting the 2D dose distribution images from contoured 2D CT images,
the proposed method dose not consider dose constraints of OARs and tumor regions.
As mentioned in Chapter 3, the dose constraints means the range of the delivered dose
to OARs and tumor regions without any damages. If they receive a higher dose than
their dose constraints, the OARs regions may get damaged. Therefore, by introducing
the dose constraints in the proposed system, the predicted dose distribution can further
minimize the damage of OARs. Furthermore, generally, some OARs such as spinal
cord may move due to the patient’s breathing during the RT course. In this case, a more
focused radiation may deliver to some OARs close to the NPC during their movement.
Therefore, the therapy may affects the QOL of the patient. One solution for this is to
track the movement of OARs regions by adjusting the predicted dose distribution in
real-time to improve the predicted dose distribution.
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