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Abstract

In 2020, nearly 3 million deaths were caused by lung or liver cancer [1]. These cancers are particularly
difficult to treat with X-ray treatment, also called radiotherapy. First because the tumor is positioned near
vital organs, and secondly because the position of the tumor and its shape may vary during treatment due
to chest movements, i.e. breathing. This type of tumor is called a mobile tumor. To cope with this, safety
margins, that is a volume irradiated greater than the tumor volume, are considered. This ensure that the
tumor will always be reached. However, traditional radiotherapy does not make it possible to target a precise
3D volume, the X-rays will irradiate everything in their path, before and after the tumor. Through proton
therapy, volume can be targeted more precisely. Nevertheless, this type of beam involves more energy and, in
the case of a mobile tumor, can lead to significant injuries if the radiating beam is not perfectly synchronized
with the movement of the tumor. This results in futile irradiation of the surrounding tissue, in this cases lungs
or liver, which can be quite dangerous. Thus, it appears to be crucial to have precise information concerning
the exact position of the tumor in real-time during the treatment. In this work, we tested a new method
that could potentially meet this need. This method combines two main parts: the determination of a metric
from fluoroscopic images which gives information on the patient’s respiratory state, and the construction
of a patient-specific finite element model representing a tumor in a liver for several positions. The idea is
as follows: based on the metric calculated on the images available in real time (fluoroscopy), the closest
corresponding 3D model is chosen to represent the current respiratory state of the patient. This latter gives
precise information on the position and shape of the tumor. The obtained results are encouraging since they
show the possibility of reducing the tumor margins, which are currently necessary to be sure of irradiating the
mobile tumor whatever the respiratory state, and thus save more healthy tissues. To verify the accuracy of
the method we used DICE coefficients indicating a level of region similarity between the ground truth tumor
volume, and the simulated tumor volume chosen based on metric. The average DICE values calculated for
the tumor region were: 0.8176 ± 0.0547, 0.8755 ± 0.0333 and 0.7906 ± 0.0446 respectively for patients 1, 2
and 3, over about 200 iterations for each of them.
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1 Context

1.1 Cancer in General

Cancer is now one of the leading causes of death in the world: it is estimated that around 10 million people
died from cancer in 2018. This is particularly true in Western Europe and North America. In countries with
a high HDI (Human Development Index)1, with the evolution of medicine, the number of deaths for vascular
diseases as well as for infectious diseases (vaccines, antibiotics, ...) has been drastically reduced. This,
together with the improvement in the standard of living, has led to an increase of life expectancy while the
birth rate has fallen. The proportion of older people who are more likely to develop cancer has therefore
increased [2]. On the following figures 1.1 and 1.2, a map of the world HDI and a map of cancer ranking as
premature death (30-69 y.o.). One can see a clear link between these two maps.

Figure 1.1: World HDI [2]

Figure 1.2: World Cancer Ranking for premature death cause [2]

1This index aims to quantify the relative development of populations. It is based on three criteria : life expectancy, standard
of living and average years of education
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In Belgium, cancer represents 25% of the total deaths and is also the second cause of death following
vascular diseases (25.9%). Lung cancer is the second most common cancer for both men (15.2%) and women
(9.4%).

The proportion of lung cancer is therefore high. Together with liver cancer, they are the most affected
by the phenomenon of mobile tumors (section 1.3.1) and represent around 14% of cancers in Belgium. It is
therefore imperative to find a way to treat them as accurately as possible.

1.2 Radiotherapy

Radiotherapy is considered as being one of the most effective ways to treat cancer, right after the surgery
method [3]. In the case of non-metastatic tumors, radiations appear to be a good solution since it allows
to target a specific region. Thanks to their radioactive characteristic the particles damage cancer cells by
breaking their DNA chains. This damage prevents the tumor from reproducing and spreading. Once they
are damaged, cells die and are finally removed by the body. This method does not give results right away; it
takes days or sometimes weeks of treatment before cancer cells die [4]. The drawback of it is that surrounding
healthy tissue can also be attacked.

1.2.1 Photon vs Proton Therapy

In conventional therapy, photon beams are mostly used to treat cancer, but it actually exists another
type of radiation: proton. Protons travel through body quickly and stop abruptly when reaching tissues at
a very specific depth where they will deposit a high dose of radiation, unlike photons, which deposit their
radiation doses close to their entrance into the body. Thereby, protons are more likely to preserve healthy
tissues surrounding a localized tumor. This aspect can be explained with the Bragg curve. This curve plots
the energy loss of ionizing radiation during its travel through matter and is illustrated in figure 1.3. One
can notice that the energy of protons remains quite stable until a point where the peak occurs. After this
peak, the energy drops steeply which means that radiation does not reach tissues behind this peak. It is this
aspect which can be useful to spare healthy tissues. Indeed the penetration depth of a proton beam, where
the Bragg peak occurs, can be adjusted with the speed at which the particle is accelerated and then depends
on the cyclotron (or synchrotron) [5]. Protons are much more sensitive to tissue density than photons are.
That is why we can control the penetration depth. Unfortunately, it also leads to important issues if the
user does not know precisely the tumor position, and so densities the beam will pass through. Indeed any
change in tissue composition, such as organ motion, lung expansion, or alteration in bone position during the
treatment can lead to bad target coverage. In this case, a region which does not include the tumor would be
irradiated (healthy tissues), and the tumor would not receive any radiations [6].
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Figure 1.3: Dose produced by a native proton beam, by a modified proton beam passing through tissue,
compared to the absorption of a photon or X-rays beam. Credit : [7]

Another issue concerning proton therapy is its cost. The cost of proton therapy can be significantly higher
than that of traditional radiotherapy. If the side effects of proton radiation therapy are significantly less,
then the increased cost of proton radiation therapy could be worth the benefit of decreased complications
and organ injury. Unfortunately, there are not enough clinical trials to prove these benefits. Then it becomes
difficult to convince hospitals to invest in this technology, or insurance to reimburse for that. Some researches
have been undergone to compare side effects [8] caused by proton and photon therapies, it appeared that
patients treated with proton therapy were much less likely to experience severe side effects than patients
treated with radiotherapy [9]. Nevertheless, as it is detailed in [9] those experiments are limited and results
cannot be generalized for now.

1.2.2 Proton Therapy : Methods

There actually exist two main methods in proton therapy: passive scattering (PS) which is the oldest one,
and pencil beam scanning (PBS) or active scanning.

Passive Scattering

This technique aims to generate a broad beam by using passive scatterers to increase the lateral spread of
a narrow proton beam. After that, the enlarged beam is passing through a collimator and a compensator
in order to shape as close as possible the target volume. In order to achieve a distribution that is a spread
out Bragg peak, a spinning range modulator wheel is added in order to tune the beam energy. The different
energies are not all delivered simultaneously, but all of the energies are delivered in a single cycle of the range
modulator wheel [10]. This technique is illustrated in figure 1.4.
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Figure 1.4: Illustration of Passive Scattering technique, capture from [11]

Pencil Beam Scanning

Pencil beam scanning, or active scanning, is a much more recent method which is now widely used. In this
case, the dose can be more precisely directed to the target volume. Protons being charged particles with a
significant mass their direction can be controlled by the use of two magnetic fields. If we add to this the
ability to vary the protons acceleration as explained in section 1.2.1, thus the penetration range of protons,
we are then able to position the pencil beam at any spots in the target-volume (tumor). This results in a
fully three-dimensional control for the dose deposition inside the patient, as illustrated in figure 1.5. This
method helps sparing healthy tissue surrounding the tumor, even more than passive scattering, moreover
it also reduces the need for hardware, for these reasons the active scanning is usually preferred to passive
scattering. More details about this method can be found in [12].

Figure 1.5: Illustration of Active Scanning technique (or PBS), capture from [11]
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1.3 Challenges in Protontherapy

Now that we understand the protons behavior, their benefits, and how it is used for proton therapy (passive
scattering or PBS) it is important to analyze different challenges linked to this technique.

1.3.1 Mobile tumors

The proton penetration depth can be adjusted so that it will irradiate the tumor region. We already
mentioned the importance to know precisely the tumor position before the treatment in section 1.2.1. The
main issue concerns what is called mobile tumors. Indeed mobile tumors are susceptible to move during
the treatment and then leave the irradiated region which is quite narrow in proton therapy. Most of the
time, they are localized in the cardio-thoracic region. In this region, organs are vital (heart, lungs) it is
then fundamental to not irradiate them. Moreover, these organs imply important movements, mostly due
to respiration, which makes the tumors moving. One can observe the three-dimensional motion (in cm) of a
lung tumor in figure 1.6. To ensure the total coverage of the tumor, user should add important margins (a
maximum which is more than 2 cm for the vertical movement). This would lead to too important damages
for organs like lungs or heart situated in the cardio-thoracic region.

Figure 1.6: Observed variation in lung tumor motion with time in three dimensions (LR: left-right, AP:
anterior-posterior, SI: superior-inferior) from Cyberknife Synchrony data (source data : [13]). Notable is that
there is significant motion in three dimensions, there are variations in the baseline position of the tumor in
all three dimensions and variations in the cycle-tocycle period, respiratory cycle shape, and range of motion
(source graph : [14]).
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These movements occur during the treatment, some techniques exist to minimize the organs movements,
such as abdominal compression or respiratory gating [15], but those cannot be totally avoided. Then it
becomes important to be able to anticipate or detect those movements in real-time if we want to adjust the
beam as to spare vital organs. This issue constitutes the first challenge of proton therapy : tumor tracking
in real-time.

1.3.2 Imaging

Now that we understand the importance to know precisely the position of the tumor during the treatment,
it is interesting to discuss the information that is currently available in real-time. What we would like to
achieve is a motion-adaptive proton therapy system. To do so some characteristics are needed: the system
should have real-time performance sufficient to detect any movements (eg. respiration) and it would have
a large field of view in order to localize the region of interest surrounding body structures. Sonja Dieterich
et al. in [14] built a table comparing some imaging methods for real-time tumor localization in the scope
of radiotherapy (see table 1). Some of these techniques are unfortunately not available with proton therapy
machines, like MRI (Magnetic Resonance Imaging) for example. What can be used together with proton
therapy is fluoroscopy. Proton beam therapy systems can be installed in conjunction with X-ray systems for
patient positioning. These systems are usually operated in fluoroscopy mode. In fluoroscopy mode, X-ray
images of the patient are obtained with a low dosage and high acquisition rates, allowing for analysis of organ
motion and accurate identification of the breathing phase. In this mode, tumors can not be directly detected
due to the lack of contrast [16]. The images we use in our study are based on fluoroscopy projections (see
section 4.3).

Localization method Invasive? Availability Imaging Frequency

Electromagnetic [17, 18, 19] Yes Commercially available for prostate 10 Hz
Fluoroscopic [20, 21, 22, 23, 24] Yes Translated to patient treatments 30 Hz

Fluoroscopic/optical [25, 26, 27, 28] Noa and yes Commercially available Before every beam/30 Hz
Monoscopic/optical [29, 30] Yes Under development 30 Hz (theoritical)

MRI [31] No Under development N/A
Ultrasound [32] No Under development 25 Hz

Table 1: Different Imaging Methods of real-time localization
a Lung tumor projection method (Xsight Lung) available from Accuray

Another imaging method playing an important role in our study is computed tomography (CT) imaging,
detailed in section 3.1.2. CT can give very precise information concerning the tumor shape and position
by taking multiple 2D slices and construct a 3D volume based on these (3DCT); unfortunately, it does not
exist a possibility to use it in real-time due to its computation time. Still, CT images are necessary to plan
a treatment strategy; a sequence of 3DCTs (4DCT) is constructed in order to have an idea of the tumor
movements during an entire cycle of respiration. Each frame of this planning sequence is associated with a
phase of respiration.
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1.4 Objectives of this Work

The work presented in this paper aims to develop a method that can combine two aspects. First of all, the
possibility of following mobile tumors on low contrast images such as obtained with fluoroscopy. This would
eventually make it possible to use the method in real-time since fluoroscopy can be used in parallel with
treatment by proton therapy. As we will see in a next section (see section 2.1), the tracking of mobile tumors
by X-ray image processing presents an important drawback between the use in real time and the precision of
the tracking. Secondly, it is fundamental to have as much information as possible about the position of the
tumor as well as the shape it may have (indeed it may vary due to respiratory movements).

What we propose in this work is to separate the tracking into two parts: first, the analysis of 2D radio-
graphic images with low contrast on which we would extract information on the patient’s respiratory state.
This analysis can be simpler than looking for the tumor directly since it can be based on more visible ele-
ments of the image (such as lung or diaphragm). So this task can be performed without requiring too many
computational resources. The second part would make it possible to return a more precise 3D image based
on this deduced information. To do this, several precalculations with a finite elements model must be carried
out upstream, by anticipating the different possible respiratory phases of the patient. These would be based
on more precise images that can be acquired before treatment. These collected images form what is called
the planning 4DCT (see section 4.1). Note that CT scans, as was previously mentioned (section 1.3.2), are
not available during a proton therapy treatment. The complete method will be described in more detail in
section 5.1.
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2 State of the Art

We have already mentioned the importance of knowing precisely where the tumor is located during treat-
ment with proton therapy because of the movements induced by breathing. This section aims to resume
which techniques have already been investigated concerning the two main domains of our method. On one
hand the tracking of tumor in X-ray images, or more precisely in fluoroscopy. And on the other hand, what
has already been found concerning the finite element techniques that could serve for tumor tracking.

2.1 Tracking Tumor Position in X-ray Images

X-ray images can be obtained in real-time through the use of fluoroscopy. However, these do not offer
enough contrast to clearly distinguish the soft tissues from each other. Therefore, a tumor located in the
lungs or liver will not be visible in such an image. This induces problems when tumor monitoring is necessary
as is the case for proton therapy applied to tumors located in the thoracic cage, also called mobile tumors
(see section 1.3.1).

This task of mobile tumor tracking on fluoroscopic images is widely studied. One of the most widely
used techniques concerns the implantation of radiopaque fiducial markers. Indeed, the implantation of such
markers near the tumor can help to better visualize its position because they are more absorbent and then
present a much better contrast than the tumor itself made up of soft tissues. Nevertheless, the implantation
procedure is invasive and therefore can present several risks such as pneumothorax complication which is
the most common one [33, 34], or any other infection. Moreover, van der van Zyp et Al. [35] showed the
possibility of such markers to present intrafractional displacements because of the instability of those when
they are placed in the lungs. Even if these techniques have been much investigated and showed potential
improvements during those last years, both for lung tumors [36] and liver tumors [37], it still represents an
additional burden in the clinical routine [38]. For those different reasons, it is still desired to find marker-less
methods to track tumors on X-ray images.

One can find various marker-less methods in the literature. Among those one can find several based on
key points technique. This latter assumes that some regions in the image, linked to the tumor position, are
more apparent or distinguishable from others. These regions are detected and described as key points. Once
they are acquired they can be easily tracked in X-ray images. The movement of these points will then give
information about local movements of the tumor. There exist several papers about this technique : Rottman
et al. developed a soft tissue localization (STiL) which is utsed to calculate soft tissue displacement in 2D
radiographs in real-time [39]. In this paper, the key points detection in the sequence is made by using local
variance filter as a texture measure and select local maxima of this quantity. They tested their method
both on a dynamic motion phantom and then on lung SBRT (Stereotactic body radiotherapy) images. They
were able to show a mean track error being ≤ 1.0mm (they also assessed their technique in more practical
situations in [40]). Nevertheless, it happens that the landmarks, or key points, are attached to a structure
that is not sufficiently unique throughout the entire breathing cycle because of deformation caused by the
respiration. Moreover, landmark candidates are chosen based on the texture measure but it does not consider
temporal gray value gradient. Due to this, there may be candidates attached to static structures rather than
the desired target. These two potential issues can lead to the degradation of tracking accuracy. Xie et al.
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in [41] have developed a more robust method also based on key points for the tracking of soft tissues for
X-ray imaging. In their method, they use a scale-invariant characteristic transformation (SIFT). This makes
it possible to describe the key points in a feature space which is invariant to several transformations such as
scaling, translation, rotation, illuminations among others. This leads to more precise tracking, unfortunately,
it is quite computationally expensive. Therefore, the method cannot be used in real-time. Most recent studies
still present potential improvements for the key-points based method [42]. The latter combines both Gaussian
filtering and optical filter and is available in real-time. Nevertheless, it still requires some improvements to
take any deformation into account.

All of these methods focus on lung tumors. In the lung, tumors have a slightly better contrast to tumors
located in the liver which are completely invisible. In our case, we would like to be able to find a method
that could be used on all kinds of mobile tumors, including liver tumors. Moreover, we look for a method
which is non-invasive, usable in real-time and which provides precise information on the position and possible
deformation of the tumor.

2.2 Finite Elements for Mobile Tumors

The purpose of this section is to present a quick state of the art on the approaches that have already been
investigated concerning tumor tracking using finite element modeling. Efforts have long been made to try to
manage tumor movement in the chest and abdomen.

The tracking of tumor motion by finite elements has developed a lot with the improvement of computer
performances. The finite element method allows to take into account physical constraints in the motion
tracking problem. A model is chosen, which characterizes the relationship between deformations and con-
straints, and boundary conditions are defined, i.e. the displacements that we impose on the boundaries of
our organ. The finite elements will calculate in a discrete way the displacements inside the organ taking into
account these biomechanical properties and these boundary conditions.

Much research has been done on the lung. It is indeed the lung that is responsible for the movement of the
thoracic organs through the mechanism of the respiratory cycle. Brock et al. (2005) [43] have developed a
linear elastic model with a Young’s modulus E = 5KPa and a Poisson ratio µ = 0.45. Eom et al. (2010)[44]
chose a hyperelastic model with E = 6kPa and µ = 0.4. Werner et al (2009)[45] studied lung tumors in 12
patients. They showed that the size and location of the tumor played a role in lung displacement. Tehrani
et al. (2015)[46] compared 3 biomechanical models for lung displacement between phase 0 and phase 50 (end
of expiration to end of inspiration). They determined the optimal biomechanical parameters of the tumor
and lung that minimized the error between the centers of mass of ground truth and simulated tumors. They
concluded that these optimal parameters varied widely between patients.

On the other hand, very little research on liver tumor tracking using finite elements has been done.
Marchesseau et al. (2015)[47] reviewed the literature on the different biomechanical models of liver tissue.
Ghahfarokhi et al (2019)[48] analyzed the deformations undergone by the tumor for different positions of the
tumor inside the liver. For this purpose they modeled a liver with finite elements, subdividing it into several
parts. They added a spherical tumor and compared the deformation of this tumor according to the part of
the liver in which it was located.
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3 Background Knowledge

3.1 Medical Imaging

Medical imaging ([49, 50]) refers to techniques or processes used to image various parts of the human
body. This is an essential point in the medical world since it contributes to more accurate diagnoses from
the outset. Some of those techniques are2 :

• Traditional X-rays radiography

• Fluoroscopy

• Magnetic Resonance Imaging (MRI)

• Computed Tomography (CT)

• Endoscopy

X-rays are the oldest and most popular imaging technique. It was discovered in 1895 and used for the first
time on a human body in 1896. Now it exists several different techniques based on X-rays (like fluoroscopy
and computed tomography). It is also important to mention a non-negligible issue of those techniques being
its radioactive effect. Indeed radiations can destroy healthy cells present in the human body. For this
reason, the duration of radiation exposition is restricted as most as possible. The reader can find more
information about these side effects in [51].

More generally, the term medical imaging also involves measurements and recording techniques that do not
produce images but data generally represented as graphs or maps. This section is mainly based on reference
[52].

3.1.1 X-rays and Digital Radiography

Digital radiography is generally used to observe: skeletal system, oral cavity (bones and teeth), any
ingested objects, lungs, etc. This imaging method is based on ionizing radiations. Ionizing radiations
can be seen as a particle, or electromagnetic wave, carrying sufficient energy to detach electrons from atoms
or molecules, thereby ionizing an atom or a molecule. In radiography, those ionizing radiations are used to
image the human body being a non-uniformly composed material. An illustration of this imaging technique
is given in figure 3.1. X-rays travel in straight lines at the speed of light, they cannot be deviated by magnetic
fields. Once they pass through the material they are attenuated. The attenuation is a combination of two
important effects: scattering and absorption. The degree of penetration depends on the kind of matter
and ray energy. This property explains why we can distinguish different parts of the body: some of them are
more absorbing than others. The attenuation rate, or more precisely the radiodensity [54], can be quantified
according to the Hounsfield scale. The Hounsfield coefficient is defined as follow :

HU = 1000× µ− µwater
µwater − µair

(1)

2this list is not exhaustive
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Figure 3.1: Standard frontal (left) and lateral (right) chest radiograph (credits : [53])

with µ the linear attenuation coefficient of the material, µwater and µair respectively the linear attenuation
coefficient of water and air. The higher the value of HU , the more absorbing is the material. Some interesting
values are given in table 2.

Material HU

Air −1000
Lung −700 to −600
Fat −120 to −90

Water 0
Cerebrospinal fluid +15

Blood +35 to +45
Muscle +35 to +55
Liver +60 ±6

Soft tissue +100 to +300
Cortical bone +500 to +1900

Table 2: HU value for different materials [55]

The attenuation coefficient µ can be described as a function of energy for different materials. As mentioned
previously the attenuation is due to the interaction between penetrating radiations and matter, it actually
corresponds to the summation of different types of interaction :

• Compton Scattering (C),

• Rayleigh Scattering (R),

• photoelectric Effect (PE),

• Pair Production (PP).

Their dominance depends both on the matter atomic number and also on the ray energy level. Some of them
can cause an issue in the image called noise which will be discussed in a further section (section 3.1.4). Their
effects are illustrated in figure 3.2.
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(a) Contribution of different interaction on bones [56]
(b) attenuation coefficient for different matters [57]

Figure 3.2: Linear attenuation coefficient

The attenuation function can also be described by the Beer-Lambert law, also called Beer’s law. This
latter relates the attenuation of rays to the properties of the material through which the beam is travelling.
In the case where the attenuation coefficient µ does not vary with the matter depth x it can be defined as
follow3 :

I = I0 × e−µx (2)

with I0 the initial X-ray intensity and the attenuation coefficient µ depending on other parameters :

µ = 0.0006Z3λ3ρ (3)

with Z the material atomic number, λ the ray wavelength and ρ the material density.

3.1.2 Computed Tomography

Computed Tomography, also called CT scan, is an imaging technique that measures X-rays attenuation by
different tissues in the body. These measurements are taken for different angles and then processed through
the use of reconstruction algorithms. This produces detailed cross-sectional internal images. The first CT
scanner for medical use dates from 1972. This technique is mostly used to look for tumors, pulmonary
embolism, abdominal aortic aneurysms, etc. [49]. CT scan is mostly used to produce 3D images (3DCTs)
based on successive 2D cross-sectional images. Those 3DCTs are 3D tables made of HU values varying
depending on the material(s). Different views of CT slices and a 3D rendering are illustrated on figure 3.4.

The machine used for this imaging technique, the CT scanner, has evolved a lot during past years. Today
we can count 8 different generations, the third one being the most commonly used. This latter is composed
of a wide fan beam and a large array of detectors as illustrated in figure 3.3c. The beam and detectors array
execute a 360° rotation around the target. This gives the cross-sectional images, or slices.

3for monochromatic source
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(a) 1st generation (b) 2nd generation (c) 3d generation (d) 4th generation

Figure 3.3: First generations of CT scanner

Figure 3.4: Respectively from top to
bottom : 3 different views of CT slices
and a 3D rendering

More specific and evolved machines have been built since the 4th

generation4 :

• Electron Beam CT (or ultra fast CT) [58]

• Hellical CT [59]

• Multidetector CT (MDCT) [60]

• Combination of MDCT and Hellical CT

• Cone Beam CT (mostly used for dental application) [61]

Computed tomography provides very accurate information but is
time consuming and requires a fairly high dose of radiation compared
to conventional radiography or fluoroscopy. This is why it cannot be
used in real-time during a proton therapy treatment. In the case of
this work, 3DCT sequences are used to validate our results as ground
truth data because they contain more information than fluoroscopic
projections (section 3.1.3): like tumor contours. However, since flu-
oroscopy is a technique available in real time during proton therapy
treatment, it is on this type of data that our model will have to op-
erate. The images used as input data for our model must therefore
be fluoroscopic projections. These will be simulated on the basis
of ground truth 3DCTs (see section 4.3) to be sure to compare two
identical respiratory states when validating our results.

3.1.3 Fluoroscopy

Fluoroscopy uses X-rays to visualize the internal structure in real-time. The provided images are similar
to those produced by conventional/digital radiography (see figure 3.1) but there are still two main differences
between those two techniques [62] :

4This is not exhaustive
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1. Conventional/Digital radiography provides static images of the inside of the body in still form. Fluo-
roscopy imaging provides images in a live video format, which will show movement in the body or any
object. The different things that these imaging technologies can accomplish are mainly related to this
difference.

2. Conventional/Digital radiography carry a smaller risk of radiation-related risks than fluoroscopy does.
This is due to the fact that fluoroscope must irradiate a part of the body over the whole treatment or
diagnosis. Sometimes this is a brief moment like for diagnosis. In other cases, the patient is exposed
to radiation for the duration of surgery, or treatment (eg. proton therapy irradiation).

The first point just described is the main reason why this technology will be fundamental in this work
context. Indeed, the tumor tracking has to be realized in real-time. Fluoroscopy can produce continuous
series of images at a rate of 25-30 complete images per second (eg. like conventional television or video) [63].
For this reason, fluoroscopic images will serve as input to our model to simulate a realistic context.

3.1.4 Noise in X-ray Imaging

The noise aspect is fundamental when considering building an image processing algorithm. Indeed an
algorithm could show very good results on noiseless images but totally fail when facing noise impact.

Noise can be seen as random variation of brightness in images. This has generally no particular pattern. In
most of cases, it reduces image quality, especially for smaller or low-contrasted objects, resulting in textured
or grainy images. All medical images contain noise. In X-ray imaging, one can find different types of noise
like Gaussian noise, Salt and Pepper noise and Poisson noise. The reader can find illustrations in figure 3.5
and brief descriptions in table 3. Although noise gives an image a generally undesirable appearance, the most
important issue is that noise can cover and reduce the visibility of certain features within the image, or make
an image processing algorithm (eg. segmentation) fails, and then lead to bad diagnosis in medical context.

Type of noise Brief description
Gaussian noise Additive normal noise
Salt & Pepper Corrupted black or white pixels
Poisson noise Poisson transformation of pixels

Gaussian & Poisson Poisson followed by Gaussian

Table 3: Brief description of popular noise types

(a) Noiseless image (b) Poisson noise (c) Gaussian noise (d) Salt & Pepper noise

Figure 3.5: Different type of noise simulated with Tomopy library

According to [64], [65], [66] and [67] Poisson noise, or quantum noise, appears to be the most predominant
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type of noise in X-ray imaging. This latter is due to the non-uniform distribution of photons. Indeed the
number of photons reaching the detectors can fluctuate from point to point, this fluctuation is characterized
by a random process similar to the Poisson distribution. This means that even if detectors are exposed in
the absence of objects on the path, this would results in a grainy image rather than a uniform grey image.
This effect is even more present in fluoroscopy due to the use of low-radiation doses as illustrated in figure
3.6. An underexposed image will present more quantum noise but with less radiation dose. On the contrary,
overexposed image results in a good quality image but high radiation dose. It is then fundamental to find
the balance leading to an acceptable quantity of noise (enough to be able to establish a correct diagnosis),
and an acceptable radiation dose (see [68]).

Figure 3.6: Response of a digital detector to exposure intensity variations. A) Underexposure. B) Correct
exposure. C) Overexposure. Underneath each image is a histogram representing the grey level distribution
of the image (directly related to intensity of X-rays transmitted through the patient). The x-axis represents
digital value and the y-axis represents the number of occurrences. (Credits to [68])

Computed tomography (CT), radiography and fluoroscopy imaging systems all use X radiations to capture
images, that is why Poisson noise appears to be the most occurring noise in resulting images. For this reason,
many papers about its removal exist (see section Denoising methods on CT and X-Ray images in [66]).

Articles [69] and [70] mention the possibility to face both Poisson and Gaussian noises. Gaussian noise is
also called electronic noise because it occurs in amplifiers, detectors, or generally speaking in the electronic
circuit. The mixture of first Poisson noise and then Gaussian noise during the process of recording and
writing the image on the device can be described as follow [69] :

P = Poisson(Υ) + η (4)

with P the observed signal, Υ the noiseless signal, the additive term η representing the Gaussian noise, and
the Poisson noise represented as a function Poisson. The bit-wise Poisson function actually represents the
application of Poisson distribution with a mean value equal to the pixel value. This is also called multiplicative
noise, in contrast with additive noise like Gaussian type is. As a reminder the Poisson distribution is given
by :

F (x) =
e−λλx

x!
(5)
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with λ being the mean which in this context corresponds to the pixel value and then is equal to x in the above
equation. Several papers like [71] and [72] present some techniques to model possible noise or combination
of multiple noises with more precision.

3.2 Finite Element Method

This section attempts to explain the finite element method in general terms. The keys are given to
understand the chosen approach of this master thesis. This section is mainly based on [73] and [74].

The finite element method is a technique for solving partial differential equations (PDE), which models
numerous physical problems such as heat transfer, material resistance, acoustics, etc..

To solve the PDE, the complex domain is divided into smaller and simpler pieces called finite elements,
on which we seek to solve the weak formulation of the PDE. This process is called discretization and gives a
mesh, which is a set of finite elements, connected to each other, approximating the geometry of the domain.
The mesh allows to interpolating the solution, using shape functions (section 3.2.2) which leads to a problem
simplification.

Since we seek to solve physical problems, boundary conditions are prescribed. In order to take them into
account, they can be strongly imposed while building the linear system, in the form of values on the nodes of
the mesh boundary. The finite element method simplifies the physical problem into a linear system to solve.
A balance between the accuracy and the computational cost is essential to keep the method efficient.

3.2.1 General Principle

Let us consider a complex domain Ω with boundary δΩ. We want to find the function u defined on Ω

which is a solution of the PDE with defined boundary conditions. For example, here our PDE is a material’s
resistance problem: we have an elasticity model with defined material properties. We want to find the
displacement of the liver (u) on the entire domain, knowing the displacement of the outside wall, which
represents our boundary condition.

As we do not know the exact solution of our elasticity model with boundary conditions on such a complex
domain as a liver, we will discretize the domain in order to separate it into several small simple elements.
This discretization will allow to interpolate the function u on the elements knowing the values at the vertices
or nodes. In our case, the elements are tetrahedrons, the simplest polyhedron. The interpolation is obtained
by using shape functions (section 3.2.2). The interpolation function uh is expressed as follows :

uh(Xi) =

n∑
i=1

Uiτi(Xi) (6)

where Xi are the coordinates of the point, Ui are the nodal values, τi are the global shapes functions. If
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Xi is a node then :

uh(Xi) = Ui (7)

3.2.2 Shape Functions

The shape function is the function which interpolates the solution function u between the discrete values
obtained at the mesh vertices or nodes. The difference between a node and a vertex is the following: vertices
are the geometrical vertices of the element at the intersection of two elements while nodes are points where
a nodal value Ui is defined, inside the element.

Shape functions are functions associated to each node, which have the following property: it is 1 at the
associated node and 0 at the other nodes. The expression of the functions will depend on the number of
nodes and their coordinates. Examples of shape functions are developed in Appendix A for dimension one,
to better understand the concept and for dimension 3 on a tetrahedron for our benefit 5.

Due to the complex mesh geometry, the elements have different dimensions and volumes. The shape
functions will therefore be developed on a reference template called, parent element Ω̂. And any element Ωe

can be found using an isomorphism, a mapping. An example is provided in the Appendix A.

3.2.3 Strong and Weak Formulations

Now that we know how to approximate the solution function u with nodal values, let us introduce another
concept: the formulation. Physical problems can be expressed in different forms: the strong formulation, and
the weak formulation.6

The strong formulation is just the expression of the physical law in local form.

The weak formulation is used to relax the strong conditions of the PDE solution. The weak formulation
is an integral formulation. It is derived from the conservation laws applied to the control volumes. It is a
formulation widely applied in physics. It is logical to solve this formulation. Weak form is used in the finite
element method because we can derive the discrete formulation: it allows to solve the PDE at the nodes of
the discretized domain by the shape functions interpolation property

To switch from strong to weak form, let us consider a differentiable operator R and f a function defined
on a domain Ω. We want to find u defined on Ω that verifies :

R(u) = f (8)
5It should be noted that the shape functions of the same problem may differ depending on the user. The restriction of being

1 at one node and 0 at the other nodes can give a wide range of possibilities, and this is especially true for dimensions greater
than 1. Some examples of shape functions for 1, 2 and 3 dimensional elements are shown here : [75]

6Here we will give intuitive definitions of strong and weak formulations rather than more rigorous mathematical explanations
that are much less understandable without the necessary notions. If you are interested in this subject and want to go deeper
into it, you can consult : [73]
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anywhere in Ω. We know that u, solution of (8) is also a solution of the following problem :

∫
Ω

R(u)v =

∫
Ω

fv ∀v ∈ V (9)

Where v is a test function. Then, taking into account boundary conditions, we perform operations on this
last expression (such as integration by parts, green’s theorem, ...) to obtain a scalar product.

3.2.4 Construction of the Numerical System

Then by using the shape functions, i.e. by using the approximation of equation (6), we can obtain the
linear system :

n∑
j=1

AijUj −Bi = 0 (10)

Where Uj are the nodal values of the solution function u. The Aij matrix is determined with the integration
of the known shape functions, according to the expression of the weak formulation. The Bi matrix is obtained
also with the shape functions and the expression of the function f . And boundary conditions are applied by
assigning to the nodes of the boundary Uj the values defined in the problem description. Thus what we will
obtain is a discrete solution, a set of values Uj , local solutions of the weak formulation at the nodes of the
finite element mesh.

3.3 Biomechanical Model of the Liver

Now that the theoretical basis of the finite elements has been given, let us look at the equations that govern
the mechanical behavior of the liver. Liver tissue, like all other tissues, is considered as a mechanical material
with its own mechanical properties. To understand correctly the behavior of liver tissue, it is necessary to
present an essential tool in mechanics of materials : the stress-strain curve.

This curve is used to characterize the deformation of a material undergoing forces. It relates stress σ and
strain ε, with :

σ =
F

A0
[Pa] and ε =

∆L

L0
[−] (11)

where F is the force applied to the material [N ], A0 is the initial cross section area [m2], ∆L is the change
in material length [m], and L0, the initial length of the material [m].

Here an example of the shape of the stress strain curves for different class of materials. In this case, the
curves have the shape of a typical uniaxial tensile test.
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Figure 3.7: Shape of Stress-Strain curves for different class of material in the case of a uniaxial tensile test

Most of the materials have what is called elastic stage. It means that for a range of stress applied (from 0 to
σ0) the material will recover its original form without any residual strain. If the stress exceeds σ0, permanent
deformation will remain, it is the plastic stage. But this does not concern us since the deformations applied
during the respiratory movement are far too small to generate plasticity, so we will remain in the case of
elasticity.

We can see that materials such as metals, alloys or glasses have a linear part in the stress-strain curve.
This is the linear elastic stage: the stress is proportional to the strain. Materials such as rubber does not
have a linear elastic stage, they are hyperelastic materials: the stress-strain relation derives from a function
called the strain energy density function W . Liver tissue is also characterized by a hyperelastic behavior.

There is no clear consensus on the biomechanical model that characterizes the liver. However, the com-
munity agrees that it is an (nearly) incompressible hyperelastic material [76], [77]. We chose to study two
distinct elasticity models: the linear elasticity model and the nearly incompressible Mooney-Rivlin hypere-
lastic model [77]. We made this because we wanted to see if a significant difference would appear between
the linear model and the hyperelastic model that is supposed to be more accurate. Also, the equations of the
two models were implemented in SFEPY, the python finite element module that we used.

In the following part, a lot of tensors commonly used in solid mechanics will appear (deformation tensors,
stress tensors, jacobian, ...). Detailed definitions and explanations of these tensors can be found in [78], or
good introduction on the Wikipedia page of Finite Strain Theory [79].
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Linear Elasticity

The linear elasticity problem is defined by the following PDE equation :

∇ · σ + f = 0 (12)

where σ is the stress tensor, ∇ · σ is a notation of a divergence vector field, and f are the volume forces
(weight). We have :

∇ · σ =
∂σ(u)

∂x
+
∂σ(u)

∂y
+
∂σ(u)

∂z

σ = λtr(E)I + 2µE

E =
1

2
(∇u+∇uT )

(13)

u is the displacement vector field, E is the Green-strain tensor, I is the identity matrix and λ and µ are
Lamé coefficients (materials parameters). We need to find u that satisfies the weak form :

∫
Ω

(σ(u) + f)vdΩ = 0 with u = t on Γ∫
Ω

σ(u) v dΩ =

∫
Ω

f v dΩ +

∫
∂Ω

t v dΓ

(14)

where v is the test function and t is a fixed and known value of the displacement field, a boundary condition
applied on the boundary of the volume Γ.

Mooney-Rivlin

Mooney-Rivlin Model follow the strain-energy density function :

W = c1(Ī1 − 3) + c2(Ī2 − 3) +
K

2
(J − 1)2 (15)

In this equation, c1 and c2 and K are material parameters, Ī1 and Ī2 are the first and second Invariant of
B the left Green deformation tensor and J the determinant of F, the deformation gradient tensor.

F =
∂x

∂X
J = det(F) B = FFT

where X represent the coordinates of the system in the undeformed position and x in the deformed position.
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If the material is homogeneous (which we will consider in our case), then the second Piola Kirchhoff stress
tensor (PK2) Seff is 7:

Seff =
∂W (E)

∂E
= 2

∂W (C)

∂C
(16)

After complex manipulations of equations [80], this leads to find u such that [81]:

∫
Ω

(Seff (u) +K(J− 1)JC−1) : δE(v) dV = 0, ∀v

Seff (u) = µJ−
2
3 (I− 1

3
tr(C)C−1) + κJ−

4
3 (tr(CI−C− 1

3
((tr(C))2 − tr(C2))C−1)

(17)

where C is the right Green deformation tensor; C = FTF

7The PK2 is an alternative stress tensor, again for more information [78]
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4 Materials

4.1 Data and Respiratory Cycle

This work was performed out on 3 patients. For each of them, we have access to a planning sequence
containing 10 3D images, a 3D image being the average over those planning sequence phases: the Mid-Position
Computed Tomography (MidPCT or simply midp), and a continuous sequence represented by more than 200
3D images.

The 10 images from the planning sequence are acquired during a short time while the patient breaths
normally. The patient performs a few breathing cycles. Each of these 10 images is reconstructed by averaging
all the images corresponding at the same moments of these cycles. Each 3D image is composed of the assembly
of many CT scan slices, which are 2D transverse (see section 4.2) images. This is used to plan the treatment.
Each of these ten 3D images is called a 3DCT and represents a precise moment in the respiratory cycle,
called a phase. Thus, the cycle is divided into 10 phases, from phase 0 to phase 90 and loops back. Phase
0 corresponds to the end inspiration while phase 50 corresponds to the end expiration. During inspiration,
the lung inflates, the pressure rises, it fills the space and pushes on the liver. The liver goes down. And
during expiration, it is the opposite movement, the lung deflates, that frees space and the depression allows
the liver to go up. So phase 0 is low and phase 50 is high according to the z-direction, the direction going
from the patient’s feet to his head). From phase 60 to 0 the patient inhales, and from phase 10 to 50, the
patient exhales. In Figure 4.1, we can see the evolution of the z position of the liver center of mass (obtained
in section 5.2.3) for the 10 phases.

Figure 4.1: Z position of liver center of mass for patient 1

The average phase image MidPCT is generated by using the median of each voxel of all phases deformed
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on the average. It reduces noise and artifacts of the MidPCT compared to the other phases. Thus, contours
of region of interest (ROI) have been drawn by a doctor on this image.

The continuous sequence is a longer sequence of 3DCT images. Each iteration (or frame) of this sequence
is in fact a 3D image distorted from the midp phase with the method previously developed by the laboratory
[82]. This method can be summarized as follows. The goal was to recreate a 4DCT sequence that follows
the respiratory movement from a 2D+t MRI sequence (2 dimensions + time). They took a 2D+t MRI
sequence that has captured a patient’s breathing for a given period of time. On these MRI images, they
placed trackers at some strategic anatomical interfaces, visible on the MRI and on the MidpCT, therefore
not the interface with the tumor, this one not being contrasted enough on the CT. The trackers will allow
determining locally the respiratory phase (of the planning) of these MRI images. On the basis of these
trackers, each new deformation field is reconstructed with an interpolation of the local deformation fields
of the planning phases detected by the trackers. With these new deformation fields, the midp phase of the
4DCT planning is deformed. This results in an artificial 4DCT that does not only model one cycle, but
several different cycles of variable intensity over a longer period of time. Its role is to recreate the possible
behavior of the patient in the treatment room.

Another type of accessible data is masks. Masks are data associated with medical images (here 3DCT)
and allow to define a specific region of these images (organs, tumor, i.e.). A mask could be represented as
follows: a 3D array that for each voxel, the mask indicates "true" if it lies in the region (i.e. region of liver),
and false otherwise. The masks we have access are the so-called ground truth (GT) masks of the tumor and
liver of the 4DCT planning and continuous sequence. These masks are obtained by deforming the masks
drawn on the MidpCT by a doctor with deformation fields. Ground truth masks of the planning are obtained
with the deformation fields from midp to the corresponding phase. These DF are obtained with a non-rigid
registration algorithm (section 5.2.2). In the case of the ground truth mask of the continuous sequence, the
deformation fields are the ones obtained with trackers in the article [82]. For this work, we will consider these
ground truth masks as our exact reference, i.e. that give exact information of the liver and tumor position
for the 3DCT planning and continuous sequence images. This is debatable, but it is outside the scope of this
work.

4.2 Conventions

Now it can be interesting to present the conventions that will be used further. First, is presented the axis
reference system that will be used in this thesis. The origin of this reference system is set at the lowest,
leftmost and closest voxel to us when looking at the human body from the front (see figure 4.2). The x
axis is parallel to the ground and is oriented from the right hand to the left hand of the body. The y-axis
is also parallel to the ground and runs from the front of the body to the back of the body. The z-axis is
perpendicular to the ground and runs from the feet to the head.

In the medical field, anatomical planes are used, which define orientations for making anatomical cross-
sections, i.e. interior views of the human body in different directions. These conventions are defined as follows:
the sagittal planes are vertical planes that cut the body lengthwise, separating the right and left parts of the
body. They are perpendicular to the x axis. The coronal planes are also vertical planes, perpendicular to
the coronal planes, which separate the body into a ventral and dorsal part. They are perpendicular to the y

28



axis. And the transverse planes are horizontal planes, parallel to the ground, which separate the body into
an upper and lower part. They are parallel to the z axis. This is illustrated on figure 4.3.

Figure 4.2: Reference axis system Figure 4.3: Conventional anatomic planes

4.3 Projections

As mentioned in section 1.3.2, the imaging technique available in combination with proton therapy is
fluoroscopy. So to test our method we need fluoroscopy projections in order to reproduce the best matching
with the real situation. Nevertheless, 3DCTs will be very helpful to validate our method since it gives more
information concerning the tumor position. We can produce projections from our 3DCTs dataset thanks to a
simulation function from Tomopy [83]. This Python library allows simulating a projection from a 3D object
(eg. 3D array) similar to a fluoroscopy projection. You can find an illustration of the simulation result in
figure 4.4.

Figure 4.4: Tomopy simulation result (image from the planning sequence : coronal view)

Several projection angles have been tested (see figure 4.5) in order to find the one that offers the best
information : coronal, sagittal, and transversal views have been tried, but also non-conventional angles.
Those have been used at different steps of the process and finally it appeared that coronal view was the best
choice.
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Figure 4.5: Tomopy simulation results with different projection angles
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5 Method

In this section, we will detail the whole process of this master thesis. This general approach, which includes
all the intermediate steps of our method, is visible in the figure 5.1 below.

Figure 5.1: Global Method Process

The final objective is to be able to recognize in real-time the current respiratory state of the patient and to
return a 3D information which approximates the real position of the tumor at this precise moment. For this,
we will take our continuous 4DCT sequence on which we will make a 2D projection, simulating fluoroscopy.
We will consider this new fluoroscopy sequence as our real time sequence on which we will determine the
current respiratory state of the patient. With this recognized respiratory state, we will restitute the correct
3D image that corresponds the most to this respiratory state. This is the chain to be used in real-time (in
blue on the figure 5.1). But for this chain to work, 2 other chains must be prepared beforehand (in orange
in figure 5.1), so not in real-time. These 2 chains are built on the basis of the planning 4DCT, performed
on the patient precisely to plan the treatment. The first chain (in orange above) allows running the method
established to recognize the respiratory state (called the metric) on the planning 4DCT to obtain reference
data that will be compared with the respiratory state during the real-time process. This will allow situating
this current real-time respiratory state in relation to the pre-recorded states of the planning respiratory cycle.
The other chain (in orange below) consists in precalculating the 3D images that will be returned once the
current respiratory state is correctly identified and compared with the planning cycle. This chain allows
anticipating, using finite elements, as many different 3D configurations of the liver and the tumor as possible
in order to render the 3D image closest to the estimation of the current respiratory state.

To realize this work, we have chosen to work with Python, more precisely, using Jupyter [84], developed
on Anaconda [85], for its ease of use, for its large panel of opensource software and for its interactive interface
making it easy to merge the different parts of this work.
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5.1 Prepare Reference Metrics

The goal of this step is as follows: calculate a metric for all respiratory phases (from p0 to p90). These
so-called reference metrics will be reused to compare that obtained on a new input datum (a fluoroscopic
image). With this comparison, it will be possible to assign a phase interval in which the patient’s current
respiratory state is located, and thus to locate where he is in relation to his respiratory cycle from the planning
sequence.

To reach this goal, these three techniques will be applied to the simulated projections obtained based
on CT scans: the pre-processing of images (section 5.1.1), the segmentation (section 5.1.2) and the metric
computation consisting in a pixels count (section 5.1.3). Those different steps, as well as those input/output,
are represented on the diagram given in figure 5.2.

Figure 5.2: Diagram presenting the different steps used to prepare the reference metrics

5.1.1 Data Preprocessing

Before giving data as input to the algorithm used to determine the phase of a sequence image, the simulated
projections have to be preprocessed. The different processes are explained below.

Resizing

As one can notice on figure 4.4 lungs appear to be flattened. This can be explained by the fact that the
detector slice thickness is twice the pixel spacing. To make the image more realistic a resizing is needed. This
one is kind of global and consists in resampling and doubling the number of pixels in the Z direction (head
to foot direction). The resizing result can be found on figure 5.3a.

Normalization and Contrast Enhancement

In order to work on the same intensity scale (0 to 255) for both planning and continuous resized sequences
normalization is required. This can be achieved by applying this simple equation to the entire image (pixel-
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by-pixel) :

xnew[i, j] = 255× x[i, j]− xmin
xmax − xmin

(18)

with x[i, j] the pixel at position i, j in the image. This normalization also allows to use an histogram
equalization to enhance the contrast of projections which are quite low for the moment. You can find the
non-contrasted and contrasted projections comparison on figure 5.3.

(a) Resized non-contrasted projection (b) Resized contrasted projection

Figure 5.3: Contrast enhancement result

Figure 5.4: Histogram (a) before and (b) after the
histogram equalization applied to the frame 0
from the continuous sequence of patient 1

Histogram equalization is an image processing tech-
nique allowing image contrast improvement by manip-
ulating the intensity histogram. In intensity histogram
the horizontal axis represents the pixel intensity in a
certain range (in our case 0 to 255), while the vertical
axis corresponds to the number of pixels having a spe-
cific intensity value. As illustration you can find the
histogram of an image from the continuous sequence
(a) before and (b) after an histogram equalization 5.4.
Histogram equalization corresponds to a spread out of
the most frequent intensity values, in other words it
stretches out the intensity range of the image. This
method usually increases the global contrast of images
when its usable data is represented by close contrast
values. This allows for areas of lower local contrast to
gain a higher contrast [86].

Image Cropping

To analyze the image it is easier to crop it in order to focus on a particular region presenting the biggest
changes from frame to frame in the sequence. This region is situated in the lungs lower part, where we better
see the diaphragm going up and down. Depending on how the diaphragm compresses the lung we will be able
to estimate the corresponding phase. The image is then cropped in the lower part of the lung : either the left
one or the right one, depending on present artefacts. The size of the section also depends on those artefacts.
For these reasons, the latter has to be chosen manually. The cropping applied to the images present in the
planning of patient 1 is illustrated in figure 5.6b.
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Combination for Planning Sequence

As visible on figure 5.6b the right borders of the region is not so contrasted. This is important to delimit
the lung region as this will play an important role in the lung segmentation (see section 5.1.2) which will be
used to deduce the phase in the continuous sequence in a further step.

To remedy this issue we will use another available dataset containing the contours defined by a doctor
(precise enough). These contours are contained in 3D arrays : one 3D array for each image of the planning
sequence. These arrays are made of 1’s and 0’s. The positions that belong to the lung region are represented
by a 1 and others by a 0.

The process used to make the lung borders more visible is divided into two stages. First, we will create
a new data set made up of the multiplications between each 3DCT planning and its corresponding contours
array. By doing this, we will keep only the HU values of the lungs, that are negative, into a 3D array.
All other values that do not correspond to the lung region are replaced by 0’s. After that, we can make a
projection, as explained in section 4.3, over these 3D arrays containing lungs HU values. The result of this
projection is presented in figure 5.5a.

Finally, after the normalization, contrast enhancement and resizing of both datasets, by simply adding
this result to the projections made on the planning 3DCTs one can add contrast to the borders, as illustrated
in figure 5.5 below. The results on a cropped section of the image is also given in figure 5.6c. Note that the
region growing algorithm applied to the projection containing only lungs HU values does not lead to good
results compared those obtained with the combination.

Figure 5.5: Combination with lungs contours

Image Smoothing

It also appeared that a smoothed image results in a better segmentation for the region growing algorithm
described in section 5.1.2. To do so a convolution on the 2D projections has been applied thanks to the
openCV python library containing a filter function [87]. The result of this convolution can be seen on figure
5.6d. This ends the data preprocessing. Now data can be given as input to the region growing algorithm in
order to compute how many pixels aim to the lung region.
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(a) Cropped section framed in blue

(b) No combination, no smoothing (c) Contours added (d) Contours added and smoothing

Figure 5.6: Planning cropped image of patient 1

5.1.2 Segmentation

The first step is the segmentation of the region of interest, i.e. the lower part of the lung. To segment
the image, a region growing algorithm is used. The latter, starting from an initial point, also called seed,
will determine whether or not the neighboring points belong to the desired region. To do so, the algorithm
is based on one or several criteria that will determine pixels belonging to the region. In our case, there is a
single criterion which is based on the average computed over the values of the pixels residing in the region
(initially a single point, being the seed, then a single value and not an average). In order to be chosen to be
part of the region, a given pixel has to respect the following equation:

xi = 1 if |xi − average(X)| ≤ threshold

xi = 0 ohterwise

with xi being the intensity value of the ith pixel, andX the set of pixels belonging to the region. The threshold
is manually fixed to 40 for planning images, this value appeared to be the most appropriate showing rather
good results for the 3 different patients. We end up with a so-called binary image made of 0’s and 1’s : 1’s
correspond to the lung region and 0’s to the "not-lung" region. This input/output can be seen on figure 5.7.
The reason we have chosen a region growing algorithm rather than a simple binary threshold applied pixel by
pixel is that it prevents selecting an outlier. Region growing only checks neighboring pixels, once a pixel
is not selected its neighbors will not be checked (unless they are neighbors of another selected pixel). This
means that once we get to the borders of the region we want to segment, and no more pixels will be added,
any other pixels outside those borders will not be selected either. Then, no outliers will be accepted in the
region. The algorithm is illustrated in figure 5.8. For this algorithm to be functional, we need the seed to be
for sure in the desired region. At this stage, it is chosen manually so that it lies more or less at the middle
of the lung region.
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Figure 5.7: Segmentation bloc

Figure 5.8: Illustration of some steps from the region growing algorithm applied to a continuous sequence
frame of patient 1

5.1.3 Pixels Count (metric)

This step is the simplest one. Indeed the latter consists in a count over the 1’s in the binary image just
obtained. This gives us information about how the lung is inflated and then should evolve, from one phase
to the next, in the same way as the patient’s respiratory cycle. This will be verified in section 6.1. This bloc
is reminded in figure 5.9.

Figure 5.9: Metric computation bloc (pixels count)
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5.2 Prepare 3D Reconstructed Images

In this section, we will detail the method that allows us to obtain the different 3D images among which
the metric will choose the image closest to the patient’s respiratory state. These 3D images are reconstructed
images based on the results of the finite element model. At the end of the preparation process, we will obtain
a total of 28 3D images for each patient. These images can be of 3 different types. Either images representing
one of the 10 phases of the planning cycle, or interpolations of these phases (for a respiratory state that is
between 2 phases in the scope of the planning cycle) or extrapolation (for a respiratory state outside the
scope of the planning cycle).

The global process of construction of these 3D images is illustrated in figure 5.10 below. It can be
divided into several steps; building the mesh (section 5.2.1): extraction of surfaces, tetrahedralization; getting
deformation fields from a phase to another (section 5.2.2); apply the boundary conditions, define mechanical
parameters and run the simulation (section 5.2.3).

Figure 5.10: Global 3D images Reconstruction Process using Finite Element Model

5.2.1 Mesh Construction

Figure 5.11: Segmentation Block
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The first step is the construction of the mesh. The mesh is, in our case, a discrete approximation in 3
dimensions of the volume of interest (i.e. the liver). It is composed of a multitude of small simple entities
(the tetrahedra), connected together. To build it, we need to extract the Region of Interest (ROI) from the
Four-Dimensional Computed Tomography (4DCT) files. We had to choose a phase for which we will extract
these masks. The idea is that we build the mesh only once and deform it to all other phases. The MidPCT
(Mid-Position Computed Tomography), seemed to be the most suitable since being the average phase and
as explained in section 4.1, noise and artifacts are reduced for this phase. The distance to the other phases
is smaller and therefore the errors during the deformation are likely to be less important. Also, contours of
ROI that we needed (liver, tumor...) were already defined by a doctor for the MidPCT unlike for the other
phases. Figure 5.11 below illustrates this first step.

The ROIs are included in a separate file, linked to a 3D image (here the MidPCT phase) and are saved as
a mask. We could extract the ROIs of liver and GTV (GTV for Gross Target Volume which is the closest
thing of the exact tumor volume) in the form of binary numpy arrays (3D Matrix filled with 1 or 0), thanks to
a code provided by Damien Dasnoy-Summel8. In the figure 5.12, the GTV ROI (red mask) is superimposed
on a slice of the MidPCT (in coronal view).

Figure 5.12: ROI of tumor (GTV) of patient 2

Then these numpy arrays were converted into the external surface of volumes, using two Python modules
: scikit-image [88] to obtain the vertices and faces of the external surface of liver with the marching cubes
(MC) algorithm and numpy-stl [89] to transform vertices and faces into a surface saved in a STL file 9.
The marching cube algorithm is used to draw polygons of the surface that passes through cubes with
respect to the nodal values of the cubes. In our case, nodal values are defined from the mask (1 if the voxel
lies in the mask, 0 if not), and the cube grid links center of voxels to which binary values are assign (figure
5.13). Depending on the number and position of 1’s and 0’s at the vertices of the marching cubes, different
polygons are drawn (figure 5.14). This only allows obtaining the external surface of the target volume since
the cubes completely inside or completely outside have their 8 vertices being equal respectively to 1 and 0

8Doctor and assistant at UCLouvain in Louvain-la-Neuve
9STL, is for STereoLithography, is a file format created by 3D systems for its CAD software. Widely used for 3D design (3D

impress i.e.), it allows to represent surfaces with small triangles.
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and thus no polygon will be drawn for these combinations.

Figure 5.13: The marching cube grid. Dotted cubes are
voxels. Blue cube is the cube used for MC algorithm
formed by linking the 8 centers of voxels

Figure 5.14: Configuration of MC polygons with re-
spect to the nodal values. [90]

Figure 5.15: MC and Smoothing Block

After extracting the external surface of our liver and tumor, we needed to smooth these surfaces since the
marching cubes algorithm provides rather angular surfaces, which are not sufficiently representative of the
liver tissue and tumor surface for the finite element model. The tool that was used is a filter, available in the
module pymeshlab [91] which is a python library that interfaces to MeshLab [92], an opensource software for
processing and editing 3D triangular meshes. The filter that was used is called: Surface Reconstruction VCG.
It is a filter which comes from the Visualization and Computer Graphics Library, a C + + library that also
does mesh processing and editing [93]. Without going into technical details, the VCG filter smoothing the
surface by keeping the connectivity of the points of the surface and by filling the small holes. The VCG filter
is based on the Curless et al. algorithm, whose complete method is detailed in [94] for in-depth explanations.
In figure 5.16 we see the surface extracted with the marching cubes algorithm and in figure 5.17 the smoothed
surface with the Surface Reconstruction VCG filter. The steps of MC and smoothing are shown on the figure
5.15.
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Figure 5.16: Liver of patient P2 from MC Figure 5.17: Liver of patient P2 smoothed with VCG

Figure 5.18: Tetrahedralization Block

The next step was to obtain a volume mesh, until now we only had extracted the external surface. It is
possible to transform a closed outer shell into a 3D mesh with some modules. However, we have 2 distinct
external surfaces saved in 2 different .STL files, the liver and the tumor, the second one being inside the first
one. We could have simply taken the liver surface and filled it with tetrahedrons, but we would not have had
any control over the random arrangement of the tetrahedrons inside, i.e. the tumor surface would not have
been taken into account. However, we obviously needed a precise mesh at the level of the tumor to be able
to follow it better. So we had to extract the vertices and faces of the 2 files (with IGL [95]) to write them in
a single .STL file. Then, we could proceed to the tetrahedralization with the wildmeshing module [96] and
save the final mesh in a .vtk file10 with meshio [97]. We can see in figure 5.20 the layout of the 3D mesh, the
tetrahedrons inside the volume for a cut made along the y axis. We can see that the mesh is finer where the
external surface of the tumor is located. This step of the process is represented in figure 5.18.

10Visualization ToolKit : developed by KitWare, initially used by Paraview to save and visualize simulation results. It also
allows to save 2D and 3D meshes.
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Figure 5.19: Liver 3D mesh of patient P2 :
full view. Red circle shows tumor location.

Figure 5.20: Liver 3D mesh of patient P2 :
cut view. Red circle shows tumor location.

The meshes of the three patients are shown here under and their characteristics are listed in table 4 below.
In view of the very different shapes of the patients’ livers, one realizes the need for a specific model for each
patient.

Figure 5.21: Mesh of Patient 1 Figure 5.22: Mesh of Patient 2 Figure 5.23: Mesh of Patient 3

Patient 1 Patient 2 Patient 3
Number of vertices 9035 9614 7056
Number of elements 38 760 42 868 29 225

Table 4: Mesh Characteristics of Patients
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5.2.2 Deformation Fields Extraction

Figure 5.24: Non Rigid Registration Algorithm Block

Once the mesh is obtained, we needed to know how it moved. Therefore, we extracted the deformation
fields (DF) from the 4DCT images. A deformation field is a tool that allows quantifying the deformation
between 2 images: each point in the original image (in this case the voxels) is assigned a displacement vector
that connects the position of this point in the original image to its position in the deformed image. In other
words, if we apply the deformation field to the original image, we obtain the deformed image. We thus want
to obtain the DF from the MidPCT to other phases, since we built the mesh for the MidPCT. For this,
we used a non-rigid registration algorithm, implemented by REGGUI [98], which is a medical image
processing software. This algorithm allows precisely to extract the deformation fields between two 3D images,
and in our case from the MidPCT phase to the other phases. The underlying mathematical equations of this
algorithm will not be detailed here but complete explanations are given in this article [99].

5.2.3 Finite Elements Simulation

Figure 5.25: Finite Element Block
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Then, the biomechanical parameters had to be properly chosen to implement the partial differential equa-
tions governing the behavior of the liver. As described in the section 3.3, we chose two elasticity models
for the behavior of the liver. One elastic: the linear-elastic model, and the other hyperelastic: the nearly
incompressible Mooney-Rivlin hyperelastic model. The module SfePy used for the simulation supports these
two models. It requires the values of some biomechanical parameters of the liver tissue to build the numerical
system described in section 3.2.4. As a reminder, here are the general equations of both models :

Linear elasticity :

∇ · σ + f = 0 (19)

Nearly Incompressible Mooney-Rivlin, strain energy density function :

W = c1(Ī1 − 3) + c2(Ī2 − 3) +
K

2
(J − 1)2 (20)

Mechanical parameters required by SfePy are listed in the following array.

Linear Elasticity
Symbol Name Description

E Young Modulus Quantify the stiffness of materials, links stress and strain
ν Poisson Ratio Deformation of material perpendicular to the specific direction of loading

Mooney-Rivlin
Symbol Name Description

K Bulk Modulus Links stress and strain for isostatic compression
κ Shear Modulus of MR term Quantify the shear stiffness, ratio of shear stress to shear strain
µ Shear Modulus of NH term Quantify the shear stiffness, ratio of shear stress to shear strain

with :

E =
σ

ε
ν =

−dεtrans
dεaxial

K =
E

3(1− 2ν)

κ = 2(c1 + c2) µ =
E

2(1 + ν)

(21)

The Young Modulus E can be obtained with a Fibroscan [100]. The FibroScan is a type of non-invasive
examination, performed for the diagnosis of the stage of fibrosis of the liver tissue. The FibroScan works as
follows: a sound wave is propagated through the liver tissue and its travel speed is measured. Knowing the
density of the liver tissue, we can calculate the elasticity of the tissue with the following relationship:

v =
E

ρ
(22)
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When the liver is injured, it produces scar tissue in an attempt to replace the dying cells. Fibrosis is the
accumulation of scar tissue in the liver, which is made up of collagen, a protein that provides resistance to
tissue stretching. This explains the increase in elasticity with the state of fibrosis, and a direct link could be
established. Knowing that hepatic tumors develop 4 times out of 5 in a hepatic tissue affected by cirrhosis
(last stage F4 of fibrosis) [101], for linear elasticity model, we have chosen as a measure: 20 kPa for hepatic
tissue and 40 kPa for the tumor tissue [102]. The Poisson ratio ν was also chosen from [102] being equal
to 0.4. Concerning the Mooney-Rivlin model, shear modulus of Neo-Hookean term µ and Bulk Modulus K
were calculated from (21) with Young and Poisson Ratio from Linear Elasticity model. Shear Modulus of
Mooney-Rivlin term was computed from (21) with c1 = c2 = 0.135 kPa [77].

We then had to define the regions of our mesh to assign them their own biomechanical parameters. We
had to determine which tetrahedra were in the tumor region and which were in the liver region. To do this,
we superimposed the tumor mask of the midp with the mesh. We looked for each tetrahedron if the vertices
were inside the mask. If the 4 vertices of the tetrahedron are inside the tumor mask, then the tetrahedron
belongs to the tumor region. Otherwise, it belongs to the liver region. We could obtain a list of all the
elements that form the tumor region. This process is illustrated with an example in 2 dimensions in figure
5.26 and 5.27 below. In figure 5.26, in red, the mesh. The tumor mask is shown in gray. In figure 5.27, the
region of the mesh selected as the tumor region.

Figure 5.26: Mesh and tumor mask Figure 5.27: Selected tumor region

After that, we defined the boundary conditions. In our case, it is about values of displacement that we
impose to the nodes of the mesh on its border. These values are taken from the displacement fields extracted
with the registration algorithm. Of course, these displacement fields are different according to the phase
towards which we will deform the liver mesh. The displacement fields are available in the form of a 3D
matrix, with a vector associated to each voxel. It was necessary to apply these homogeneous and regular
deformation fields to the nodes of the mesh surface which occupy the space in a disordered way. To do so, we
used the trilinear interpolation. The trilinear interpolation is a simple method to interpolate a function
established on a regular grid (the voxel grid) at intermediate points (nodes of the mesh). See Appendix B.
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Now that we have computed the mesh, extracted the deformation fields, applied boundary conditions
on the external surface, chose appropriate mechanical parameters for both models, we could run the SfePy
simulation. We chose quadratic shape functions for the linear elastic model and linear for the Mooney-Rivlin
model. This is due to the fact that the Mooney-Rivlin model requires a much longer execution time than the
linear model because it requires a resolution in several iterations. The linear shape functions allow reducing
the number of nodes per element, thus the size of the local matrices and the size of the global matrix, which
largely reduces the execution time. The reason why the Mooney-Rivlin requires several iterations comes from
the nearly incompressible nature of the model: if the initial deformation is too large, elements are warped
and no automatic recovery is possible. The deformation must therefore be divided into several steps and
gradually increase until the final deformation is reached. The execution time of each phase is about 900
seconds for linear elasticity and 300 seconds for Mooney-Rivlin. Both models are solved with a non linear
solver using the Newton method. And the non-linear solver takes a linear solver: the SciPy direct solver.

And thus finally, we were able to reproduce the 10 different phases of the respiratory cycle with this
process.

The solution of the FE simulation, which is the solution of the PDE (Eq.(14), (17)), is the displacement
field u. This displacement field u is therefore the difference between the deformed mesh of a phase obtained
after the simulation and the mesh of the midp. The finite element simulation generates an array, containing
u, that associates to each vertex the corresponding displacement vector (with components x, y and z). This
array is saved in a .vtk file and can be seen with Mayavi [103] as in the figure 6.9. The mesh is deformed
so that the vertices reach the solution positions by adding the displacement u to their position in the midp
phase. A color code is provided representing the relative displacement u (in mm) of the deformed mesh
with respect to the black frame which corresponds to the mesh of the midp phase. The following figure 5.28
represents the liver for the patient 2 in the y-view for the phase p0.

Figure 5.28: Results of FE simulation for patient 2, phase p0. A color to quantify the relative displacement
u with respect to the midp mesh (in [mm])
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Interpolation

Figure 5.29: Global Interpolation Process

Of course, during the treatment, the tumor will not always be in the exact positions of the planning phases.
It is therefore important to be able to create intermediate phases to these 10 phases. This could be useful if
the tumor is detected at an intermediate position between two phases by the metric. This can be achieved
simply by taking two successive phases and by doing a mean of the two fields.

Figure 5.30: Mean DF of
two phases

Here a representation of one of the vectors of the DF assigns to the same
voxel for different phases : p30 and p40. The two vectors in black are the
vectors of their respecting phases, and the red vector is the mean vector of
these two vectors and can be obtained with :

DF35[x, y, z] = [
xp30 + xp40

2
,
yp30 + yp40

2
,
zp30 + zp40

2
] (23)

This process is applied to every single vector of the DFs.

The method can be extend to any intermediate position, not only at the middle of two phases. We defined
the relative position (in percent) of the phase we want to construct between the two known successive phases.
Then :

DF30+r[x, y, z] = [(1− r) xp30 + r xp40, (1− r) yp30 + r yp40, (1− r) zp30 + r zp40] (24)

This simple process is shown on the figure 5.29. It was decided to precalculate 10 interpolation phases
for the global method. The 10 phases are located in the intermediate positions between the phases of the
planning cycle. I.e. p05, p15, p25 ... until p95.
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Extrapolation

Figure 5.31: Global Extrapolation Process

It may also happen that the patient inhales more or less air than in the planing sequences, which will
cause more displacement of the lungs and consequently of the liver and the tumor. Thus, it is also useful to
construct phases that represent the amplified movement of the liver.

To do this, one can be tempted to just multiply the DF by a factor which reflects the state of respiration
relative to the cycle modeled in the different phases of 4DCT. For example, if the metric detects the position
of the liver to be 2 times lower due to a heavy breathing, the factor would be 2. But the problem with this
method is that it will also multiply deformations: as the displacement vectors do not have the same direction,
simply increasing their length will accentuate gaps and striction between vertices of the mesh resulting in
incoherent forms of the liver. This is not realistic because of a certain rigidity of the liver tissue. A greater
displacement does not mean bigger deformations. This is illustrated in the figures below. For the sake of
clarity, we have shown an example for a 2D mesh, but the principle is exactly the same for a 3D mesh. The
grey frame represents the initial mesh on which we applied a DF (blue arrows) to each vertices of the mesh.
The red frame is the deformed mesh. In figure 5.32 we applied a ’normal’ DF. In figure 5.33, we applied the
same DF multiplied by a factor 2. We can see that it gives a warped frame. The chosen method is illustrated
in figure 5.34. We first performed a translation (green arrows) before applied the DF to the frame. In this
way, we obtained what we were looking for: our deformed liver but further.
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Figure 5.32: Normal deformation Figure 5.33: Wrong Extrapolation

Figure 5.34: Chosen Extrapolation

To be able to do the translation, we needed to determine the direction of movement of the liver. To decide
which direction to choose, we analyzed the overall motion of the liver. Even though the deformation fields
have vectors pointing in different directions, there is still a general trend. During inspiration and expiration,
the liver, whose movement depends on the lung, moves rather vertically in the rib cage (Section 4.1).

For this, we have computed the position of the center of the liver for the 10 phases. For that, we took
the liver mask of the midp phase and we computed the geometric center by taking the mean point of voxel
positions:

cx,y,z =

[∑N
i=1 xi
N

,

∑N
i=1 yi
N

,

∑N
i=1 zi
N

]
(25)

where xi, yi and zi are the coordinates of the center of voxels and N is the voxel number belonging to the
liver mask.

Then we looked for the vertex of the 3D tetrahedral midp mesh that was closest to this point. With the
results of the finite element model that we constructed for the normal cycle, we recorded the position of this
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same vertex for each of the 10 phases. After that, we computed the regression line of those 10 positions, i.e.
the line that best fits the points in the least square sense11. The figure 5.35 represents the regression line
obtained with the 10 phases of the 4DCT for patient N°1.

Figure 5.35: Regression line for the 10 phases of patient 1

Patients x component y component z component
1 0.1521 0.3677 0.9173
2 0.1098 0.6611 0.7421
3 0.2427 0.3218 0.9151

Table 5: Orthogonal directional vectors of the regression line

With the movement direction, we just needed to determine the distance the liver has to travel along that
line. To do so, we made the line pass through the point of the midp (which is still the position of the center
of the liver) and we computed the distance between the midp point and the points that were the orthogonal
projections of the 10 other phases on this regression line. This is represented in the figure 5.36.

11Method to approximate a set of point by a line: the line is constructed such that it minimizes the sum of squared residuals
(orthogonal distance between points and line)
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Figure 5.36: Orthogonal Projection of center of liver for all phases on the regression line

Patients p0 p10 p20 p30 p40 p50 p60 p70 p80 p90
1 -8.69 -4.75 1.73 6.38 7.88 8.20 6.68 0.73 -6.93 -10.14
2 -7.50 -4.66 0.32 3.56 4.88 5.62 5.05 1.89 -2.95 -7.02
3 -4.95 -3.15 -0.51 1.74 3.23 4.25 3.51 1.23 -1.54 -4.01

Table 6: Relative distances between the midPCT liver center and all phases liver center projections on the
regression line (in [mm])

The objective of this method is to keep the relative proportions between phases. If a more important
breathing is detected (1.5 times more important for example), we can simply multiply the distances between
projections and midP on the line by a coefficient R (1.5 here) and we obtain the new positions of the liver
center that we have to reach. But as explained above, we cannot multiply the DF by the ratio, we have to
make a translation, the shift. The shift is the difference between the distances from the extrapolation phase
projection R ∗P ′ to the midp and the distance from the reference phase projection P ′ to the midp. Then the
DF is applied to allow to reach the target point R*P’. This is illustrated in equation (26) and in Figure 5.37.

R =
|MidP,R ∗ P ′|
|MidP, P ′|

shift = |MidP,R ∗ P ′| − |MidP, P ′| (26)
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Figure 5.37: Extrapolation of a further phase.

This method thus allows to model extrapolations for any phase. But in practice, we will only use it for the
extreme phases. We have indeed considered that the liver moved on a straight line. So if we want to model
the liver further, on this line, we will calculate the appropriate shift, but we will use the DF of the extreme
phase on the same side.

So if the metric detects a respiratory state that is within the planning range, we will choose either the
closest phase of the planning cycle, or an interpolation of 2 planning phases. On the other hand, if the metric
detects a respiratory state outside the range of extreme phases of the planning. We will extrapolate these
extreme phases to reach the breathing state.

This extrapolation process can be seen in figure 5.31. We decided to create 4 extrapolated phases on each
side (so 8 in all) with ratios of 1.25, 1.5, 1.75 and 2. We will call them phases 125%, 150%, 175% and 200%.
These phases are thus obtained by calculating and applying the respective shift to the mesh, then by using
the same deformation field as for the extrapolated extreme phase.

5.2.4 3D Images Reconstruction

The finite element simulation does not give a 3D image, but a mesh, i.e. a list of vertices and their
positions, and a list of elements to which they are connected. The reconstruction process of a 3D image from
a mesh is explained just below. We needed a process to reconstruct a 3D image, i.e. an image containing
voxels, of the same dimension as the 3DCT.

Figure 5.38: 3D Image Reconstruction Block
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The reconstruction process is as follows: we took an empty numpy array (3D matrix) of the same dimension
as the 4DCT planning images (i.e. 512 x 512 x 173 voxels for patient 1) where each cell represents a voxel.
We first filled this numpy array with HU corresponding to air (-2000). Then, knowing the size of the voxels
for a 3DCT image (1.074 mm x 1.074 mm x 2 mm) we checked, for each voxel if it was inside a tetrahedron
of the mesh (more precisely if its center was inside). If yes, then we filled the numpy array cell with a value
of 60 HU (corresponding to the liver). Knowing also the region of the tumor in the mesh, i.e. the list of
tetrahedrons that form the tumor, we could check which voxels, inside the liver, were also inside the tumor
and assign them another HU value of 500 (corresponding to the bone but it is to have a better contrast and
to be able to actually see the tumor). After this process, we had a 3D numpy voxel array, filled with HU
values, where the liver mask is the set of voxels for which the HU are 60 or 500 and the tumor mask is the
set of voxels for which the HU are strictly 500. From this 3D image, it was easy to extract binary masks of
liver and tumor. In the figure below, an 2D example of the reconstruction process of a mask from a mesh.
In figure 5.39, we have our empty numpy array in black, representing the voxel grid, and in red our mesh
with boundaries represented by bold red line. In Figure 5.39, the yellow triangles represent the tumor region
while the red ones represent the liver. The reconstructed masks of the corresponding color are represented
in Figure 5.40.

Figure 5.39: Mesh and voxel grid superimposed Figure 5.40: Reconstructed masks

This example illustrates the fact that we have to approximate the results obtained with the simulation and
that it is not possible, since the voxels are parallelepipeds and the mesh is a set of tetrahedrons, to obtain
masks exactly equal to the mesh. This can be a small source of error at the edges of the mesh. This process
was used to reconstruct all the 3D images corresponding to the results of all the planning cycle simulations,
interpolations and extrapolations.
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5.3 Process Aiming to be Used in Real-Time

Now that we have gathered all the necessary pre-computed data : reference metrics and 3D reconstructed
images, it is interesting to see how they will be used in the real context. In other words, how the new input
data will be processed in order to infer which phase corresponds to the patient’s current respiratory state.

5.3.1 From Fluoroscopic Images to the Phase Determination

In a real situation, the input corresponds to a fluoroscopic image. In our case the input is a projection
trying to imitate a fluoroscopic image from a CT scan. The corresponding metric is computed in the same
way than for the planning images (see section 5.1.1, section 5.1.2 and section 5.1.3). Once the metric is
obtained, a number of pixels, it is necessary to know which reference metric corresponds to it best. To do
this, we have calculated a difference between this newly obtained metric and each of the reference metrics.
The phase with the metric showing the smallest difference is chosen as the closest matching phase, Psel.
For sure, patient’s respiratory state rarely exactly corresponds to a reference phase, it will lies between two
successive phases most of the time. This is illustrated in figure 5.41 where A corresponds to the metric
obtained for the new input data, Psel the closest matching phase and Psel − 1, Psel + 1 respectively the
previous and next phase of Psel. A can be either a little lower than the closest matching phase (subfigure
5.41a), or a little higher (subfigure 5.41b). Depending on this condition the returned interval can be either

[Psel − 1, Psel] if A < Psel

or

[Psel, Psel + 1] if A > Psel

In addition to the interval, an information about where A stands regarding Psel is also returned in percentage
(corresponding to Perc on figure 5.41). The latter will allow us to determine whether one must choose an
intermediate phase, obtained by interpolation (see section 5.2.3), or rather an original phase coming from
the 10 planning references. This value Perc will also be used in the case of extrapolation. Indeed A could
also be positioned higher than the maximal reference phase, or lower than the minimal one. In this case we
will no longer speak of interpolation but of extrapolation since it is situated between a reference phase and
a non-existent respiratory state. To deal with this we are going to imagine 2 additional phases: one would
be under the minimum phase, and the other would be greater than the maximum phase. This is illustrated
in figure 5.42. The additional phase is defined as being the metric obtained for Pmin (respectively Pmax)
subtracted by (respectively added by) 100 pixels and is called P−100 (P+100). This amount of 100 was chosen
to be acceptable according to the metrics obtained for the planning sequence images. The choice of the
amount is not so critical since the percentage will be adapted further to chose the correct extrapolated model
(see section 5.2.3).
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(a) Respiratory state lower than the closest matching
phase

(b) Respiratory state higher than the closest match-
ing phase

Figure 5.41: Example of a respiratory state positioned between two reference phases

(a) Respiratory state lower than the minimum phase
(b) Respiratory state higher than the maximum
phase

Figure 5.42: Example of a respiratory state positioned out of the planning phases

At this point, a phase interval as well as a percentage indicating how far the patient’s respiratory state is
within that interval is returned. These different pieces of information will help determine which reconstructed
3D image should be chosen to best represent the patient’s current respiratory state.

5.3.2 3D Image Selection Strategy

Based on the results just obtained regarding the current respiratory state of the patient, a strategy will
be determined to select the best matching reconstructed 3D image. As explained in the previous section,
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the metric returns, for each iteration, two phases and a percentage. The 3D image selection strategy will be
divided into two parts. On the one hand, if in the phases 1 (Psel) and 2 (Psel±1) returned by the metric there
are no artificial phases of P±100 then the patient is breathing in the planning range and we are in interpolation.
On the contrary, if phase 2 (Psel±1) is one of the two artificial phases P±100, we are necessarily outside the
planning range and we are in extrapolation. As the percentage will then be used a little differently in these
two cases, we will treat these parts independently. The 3D image selection strategy process is illustrated
below (figure 5.43).

Figure 5.43: 3D Image Selection Strategy

Interpolation

The interpolation selection process is very simple. The 10 intermediate phases have been prepared for each
phase of the planning cycle. These phases are located halfway between 2 successive phases of the cycle. The
percentage returned by the metric is the difference (#pixels) between the current state and phase 1 compared
to the difference between phase 1 and phase 2. As phase 1 is always the closest to the current state, the
percentage will never exceed 50% since otherwise it would be closer to phase 2 than to phase 1 and therefore
phase 2 would become phase 1 and percentage would become 100 − perc. All this to say that we will have
only 2 cases to deal with. If the percentage is higher than 25%, the current state is closer to the middle of
phase 1 and 2 than phase 1. We return the intermediate 3D image of the two phases (phase1+phase2

2 ). If the
percentage is less than 25%, we are closer to phase 1. We return the 3D image of this one.

Extrapolation

The metric gives as output for the extrapolations the phase to be extrapolated and a percentage. This
percentage represents the relative position (in number of pixels) of the detected extrapolation between the
extreme planning phase in the same direction and an artificial extrapolation phase of 100 additional pixels.
We had to find a mapping between the percentage returned by the metric and the ratio to be used to
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choose the right extrapolation, among the 4 available on the same side. The mapping is done by doing a
normalization, i.e. by matching the extreme phases of the planning scales of the model and the metric. The
scale of the model is therefore the scale obtained in the section 5.2.3 above. It is the scale of the projections
of the liver center of mass positions for the different planning phases and for the midP. The scale of the
metric is the scale of the number of pixels corresponding to each planning phase. This is illustrated in Figure
5.44 below. In green, the scale of the metric where the np represent the pixel counts corresponding to each
planning phase. In blue, the scale of the model where the xp are the relative projection positions of the
liver COM for each planning phase. The red point corresponds to any extrapolation detected by the metric.
Knowing the percentage, we can know its corresponding number of pixels np50ext (Eq. (27), left). Then,
with this number of pixels and the normalization relation (Eq. (27), right), we can know the position xp50′∗R

of this extrapolation on the model scale. It is enough to choose the extrapolated phase that is closest to
this position. In the example shown, the chosen extrapolation will be the xp50′125%, since it is the closest to
xp50′∗R.

Figure 5.44: Mapping between the planning metric scale (green) and the finite element model scale (blue),
i.e. positions on the regression line of planning liver COM.

perc =
np50ext − np50

np50+100 − np50

np50ext − np90

np50 − np90
=
xp50′∗R − xp90′

xp50′ − xp90′
(27)
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6 Validation Results and Discussion

Next, we sought to validate the methods developed in the previous section. We will present the different
validation methods developed for each part individually (finite element model and metric) followed by an
interpretation of their results. Finally, the validation method and results of the global tumor tracking process,
which combines the metric with the finite element model simulations, will be presented and analyzed.

6.1 Tracking the Respiratory State

This section aims to verify the accuracy of the technique we used to determine the patient’s respiratory
state, which is the first step of our method. To do so, one can compare, first for the planning data :

• The 10 reference metrics obtained with our method and forming the metric curve for the planning

• The 10 positions of the liver center of mass (COM, see section 6.3) on z axis (according to axis described
in section 4.2) for each image in the planning 4DCT, forming what we will call the ground truth (GT)
curve for the planning

Indeed, the movement of the lung should be synchronized to the liver movement. When the lung inflates our
metric increases, since there are more pixels in the lung region, and the liver is pushed down so its z-position
decreases. That being said, we know that our metric curve should be opposite to GT curve for planning but
should still show the same kind of movements. To make it easier to interpret, the GT curve for planning will
be inverted (−z direction rather than z direction), and both the metric curve for planning and GT curve
for planning will be normalized between 0 and 1. These curves are represented in figure 6.1 for 3 different
patients. Thus, the phase presenting the minimum value for one curve must correspond to that presenting a
minimum on the other curve (same for the phase presenting the maximum value).

Regarding the results for the planning sequences of patient 2 and patient 3, it clearly appears that the
two curves behave in a fairly similar manner. For all patients minimum and maximum of both GT curve and
metric curve occurs at the same phase. Nevertheless, we can observe a significant difference in the case of
patient 1.

Indeed we can see in figure 6.1a that the blue curve (metric curve for planning) decreases faster at the
beginning, for phases between phase 0 and phase 40, than the red curve (GT curve for planning). From the
minimum point, the blue curve increases also faster than the red one. One thing to keep in mind is that
the liver stands under the right lung, since our metric is computed based on the lower part of the left lung.
Then it can be interesting to visually verify what are the main differences existing between the left and the
right lung. Figures 6.2 and 6.3 below show 3DCT coronal views corresponding to phases 0 and 10 for the
patient 1. On the latter, we can see the vertical difference and horizontal difference induced by respiratory
movement from phase p0, to phase p10 respectively in figure 6.2 and in figure 6.3. The same observation can
be made for these two figures. The observed difference, both vertical and horizontal, is smaller in the case of
the right lung (related to the liver) compared to the left lung (the bottom of which is used to calculate our
metric). The vertical difference from p0 to p10 indicates an upward movement of the lung (an exhalation,
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(a) Planning sequence - Patient 1 (b) Planning sequence - Patient 2

(c) Planning sequence - Patient 3

Figure 6.1: Comparison between our metric and GT liver COM for the planning sequence and for both 3
patients
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the lung deflates). In the case of the left lung, this movement is greater than in the case of the right lung.
This implies a greater reduction in the metric since it is calculated on the basis of the pixels included in the
region of the bottom of this lung. The horizontal movement from p0 to p10 shown in figure 6.3 is due to the
crushing of the heart against the diaphragm during expiration. This is almost zero in the case of the right
lung while it is not negligible in the case of the left lung. This also implies a greater narrowing of the lower
section of the left lung. These two observations could explain why the decrease from phase 0 until the end of
expiration (phase 40) is greater than that of the position of the liver COM observed on the red curve which
is linked to the bottom of the right lung.

Figure 6.2: 3DCT coronal view of phase 0 (top) and phase 10 (bottom) from the planning sequence of patient
1 - vertical movement of the lungs

Figure 6.3: 3DCT coronal view of phase 0 (top) and phase 10 (bottom) from the planning sequence of patient
1 - horizontal movement of the lungs

The reverse reasoning may explain why the curve of the metric, from phase 50 to phase 90 and therefore
during inspiration, increases faster than the red curve related to the center of mass of the liver.
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Now that we have explored the behavior of our metric for the planning sequence we can do the same kind
of validation test on the continuous sequence. This gives the results depicted in the figure 6.4 below.

(a) Continuous sequence - Patient 1

l
(b) Continuous sequence - Patient 2

(c) Continuous sequence - Patient 3

Figure 6.4: Comparison between our metric and GT liver COM for the continuous sequence and for both 3
patients

The results seem excellent for patient 3, indeed the two curves overlap almost perfectly. On the other
hand, we can observe quite significant differences in the case of patients 1 and 2.

Concerning the second patient (figure 6.4b), we can observe that the liver does not always follow the
pulmonary movement described by our metric : the metric indicates a slight movement of the lung while the
liver does not seem to move (for example for the last iterations). There are several hypotheses to explain
it. The first reason could be that the patient is not breathing deeply. The short breaths would only involve
small movements and the diaphragm would remain in a rather high position. This would mean that it does
not even touch the liver, or just a little, and therefore does not make it move. Another possibility would be
that the force induced by small lung movements on the liver is not sufficient to counteract the static frictional
forces. Finally, since the cropped cut for patient 2 is made on the left lung, the same reasoning we did to
explain the differences between our metric curve and the GT curve for planning can also be done here.
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For the first patient (figure 6.4a), it seems to be the opposite. The liver indicates higher movements than
the lung. However, this could be due to the normalization which forces the higher points of the two curves
to match. This would mean that the peaks do not currently match. One possible explanation would be
that a peak in breathing, which induces significant lung movement, can push the liver to a maximum point
described by the patient’s anatomy. Once this point has been reached, it is no longer possible to go any
further, the liver is therefore crushed and not displaced. This assumption can be verified by normalizing the
curve to a smaller peak rather than the highest. The results of this verification can be found in the figure
6.5. Indeed it seems to improve the correspondence between the curves quite well.

Figure 6.5: Hypothesis validation for patient 1

Finally a hypothesis that would explain why the results for patient 3 are much better could be that this
is the only patient for which the cropped cut is made on the right lung, which is directly linked to the liver
located below.

While executing these validation tests, it appeared to us that there could be a significant difference between
the relation linking the GT curve for planning and the GT continuous curve (based on the GT liver COM)
and that linking our two curves (based on our metrics). Our planning curve was sometimes too high, or too
low, compared to the continuous curve. This is illustrated in figure 6.6. Since the graph drawn in figure 6.6a
is considered to be the ground truth (obtained with reconstructed 3DCTs being more detailed), our metric
must lead to obtaining the same relationship between planning and continuous results as what is obtained in
the case of liver COM. To achieve this objective, an offset will be applied for subsequent results (For example
in the case of patient 1 visible in figure 6.6 we will apply an upward offset to the planning sequence). At this
point, this offset is calculated based on a point in the continuous sequence. However, this data will not be
available in the real context, to deal with it another idea will be presented in section 7.

6.2 Noise Robustness

As mentioned in section 3.1.4, noise is omnipresent in X-ray imaging, especially in the case of fluoroscopy
due to the lower energy used. Poisson noise appears to be the most predominant and difficult to manage.
This is why it can be interesting to test the Poisson noise robustness of our method. To do so, Poisson
noise can be added to our projections by using a function from the Tomopy library [83]. The latter applies
a Poisson distribution function (from numpy package [104]) over the entire image given in argument, pixel
by pixel. The value used as the interval expectation of the distribution corresponds to the value of the pixel
on which it is calculated. This means that a Poisson distribution is calculated for each of the pixels. For a
given pixel, the distribution is calculated and then one of the values from it is chosen randomly to replace
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(a) Bottom position of the liver center of mass during the planning in relation with the liver center of mass for the 20
first images in the continuous sequence

(b) Bottom position of the planning curve in relation with the 20 first metrics computed on the continuous sequence

Figure 6.6: Offset between our metric and the liver center of mass

the initial value of that pixel. The result of this manipulation is given on figure 6.7.

We can verify the impact of Poisson noise by comparing the obtained metric (pixels count) for the contin-
uous sequence of each patient, this is illustrated in figure 6.8. On each of these 3 sub-figures we distinguish
3 different curves: one corresponds to the metric obtained without noise (in blue), and the two others corre-
spond to the noisy image with (in green) and without (in yellow) the use of Gaussian filter. Although this
Gaussian filter is initially used in our method in the pre-processing part, it was interesting to see how it could
help in the case of noisy images by computing the metric without it. The impact of noise differs from one
patient to another, it depends mainly on the chosen crop. Nevertheless, it clearly appears that the noise can
be sufficiently corrected to obtain results similar to those of a noiseless image with a simple Gaussian filter.
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(a) Noiseless (b) Noisy

Figure 6.7: Iteration 0 from the continuous sequence of patient 1 : (a) without and (b) with noise from left
to right respectively.

(a) Patient 1

(b) Patient 2

(c) Patient 3

Figure 6.8: Noise impact on metric computation for the 3 patients continuous sequence
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6.3 Finite Element Model

In this section, we tried to quantify the accuracy of the finite element model, here in particular, for the
modeling of the 10 phases of the planning 4DCT. We also compared the results of the 2 biomechanical models
presented in section 3.3. Then, we gave an interpretation and a discussion of those results. Therefore, we
ran the finite element model for patients 1, 2, and 3 for each phase of the planning 4DCT and for each
biomechanical model. As an example, the results of the simulations obtained for the phases 0 and phase 50
of the three patients for the Linear Elastic model can be seen in figures 6.9, 6.10 and 6.11.

(a) phase 0 (b) phase 50

Figure 6.9: Simulation Results for opposite phases of patient 1. Color displacement scale with respect to the
midp mesh in [mm].

(a) phase 0 (b) phase 50

Figure 6.10: Simulation Results for opposite phases of patient 2. Color displacement scale with respect to
the midp mesh in [mm].
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(a) phase 0 (b) phase 50

Figure 6.11: Simulation Results for opposite phases of patient 3. Color displacement scale with respect to
the midp mesh in [mm].

From all these results we have reconstructed 3D images (section 5.2.4), and from these 3D images, which
are 3D numpy arrays filled with HU values, we could easily extract tumor and liver masks. We then needed
a method to evaluate the accuracy of this finite element model. Two approaches were chosen: calculate the
DICE coefficient and compute the center of mass error (COME).

The DICE coefficient is a statistical number between 0 and 1 that quantifies the similarity between two
samples. The samples we compared were the ground truth liver and tumor volumes (in the form of masks)
of the planning, and the liver and tumor simulated volumes of the corresponding phase. So here the DICE
coefficient aims to verify that the simulated liver (or tumor) position and shape is close enough of the ground
truth liver (or tumor). Concretely, we took the ground truth 3D mask from the 4DCT of planning, and we
compared it with the 3D mask reconstructed from the simulation, using the DICE formula (28).

Figure 6.12: Liver volumes to compare [105]

The DICE coefficient measures the superposition of volumes. The
more they are superimposed, the closer the simulation is to reality
and the closer the index will be to 1. On the contrary, if the
volumes have no intersection, the DICE coefficient will be 0.

DICE =
2|A

⋂
B|

|A|+ |B|
(28)

It is important to recall how these masks are obtained. The so-called ground truth masks are obtained by
deforming the masks of the midp, using the deformation fields of the midp towards the 10 phases (section
4.1). These are our ’exact’ reference masks. But the masks of the simulations have been extracted from a
3D image reconstructed from the mesh. These are the masks produced by the method.

Below we can find an example of the masks we were able to extract for the phase 0, for patient 1 and for
the Linear Elastic Model. In figure 6.13, we see the mask of the ground truth liver (deformed from the midp
image), in figure 6.14 it is the mask of the liver reconstructed from the simulation mesh. And in the figure
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6.15 we have superimposed these masks to show the kind of matches we have obtained. Attention, these are
3D masks that we are comparing, we have put here 2D slices of the results for more clarity.

Figure 6.13: Patient 1, p0, GT liver mask, LE Figure 6.14: Patient 1, p0, FE liver mask, LE

Figure 6.15: Patient 1, p0, GT+FE liver mask, LE Model

The other comparison tool that is used in this work is the center of mass error (COME). It is the absolute
distance between the ground truth center of mass and the simulated center of mass of regions (again liver or
tumor). The reason why we wanted to compute this distance in addition to the DICE coefficient is that it
allows checking alignment of masks.

To obtain the center of mass, we have made the assumption that the densities of the masks were constant
(which is plausible since it is composed of the same biological tissue). Then, knowing that masks are composed
of an integer and finite number of voxels, which all have the same size, we could approximate the mass center
of masks by their geometric center, which is simply the average point of positions of voxels. We applied the
following formula :

COM = [

∑N
i=0 xi
N

;

∑N
i=0 yi
N

;

∑N
i=0 zi
N

] (29)

Where xi, yi and zi are the coordinates of the mask voxels, N is the number of voxels belonging to the
mask.

To compare the results of our 2 biomechanical models, we first compared the DICE coefficients for the
liver and tumor mask and for the two models. In the tables below, are the results of the DICE coefficients
for the three patients, for the tumor and liver masks and for the Linear Elastic and Mooney-Rivlin models.
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Linear Elastic Mooney-Rivlin
phase DICE liver DICE tumor DICE liver DICE tumor
p0 0.9631 0.8476 0.9631 0.8461
p10 0.9628 0.8587 0.9628 0.8584
p20 0.9631 0.8522 0.9631 0.8520
p30 0.9641 0.8659 0.9641 0.8638
p40 0.9640 0.8595 0.9640 0.8574
p50 0.9625 0.8564 0.9625 0.8536
p60 0.9639 0.8520 0.9639 0.8509
p70 0.9633 0.8355 0.9633 0.8352
p80 0.9629 0.8378 0.9629 0.8375
p90 0.9621 0.8390 0.9621 0.8390

Table 7: DICE coefficients for patient 1

Linear Elastic Mooney-Rivlin
phase DICE liver DICE tumor DICE liver DICE tumor
p0 0.9549 0.8405 0.9549 0.8375
p10 0.9546 0.8386 0.9546 0.8384
p20 0.9552 0.8216 0.9552 0.8222
p30 0.9562 0.8361 0.9562 0.8354
p40 0.9587 0.8370 0.9587 0.8368
p50 0.9585 0.8384 0.9585 0.8367
p60 0.9562 0.8339 0.9562 0.8332
p70 0.9575 0.8319 0.9575 0.8315
p80 0.9559 0.8360 0.9559 0.8356
p90 0.9555 0.8452 0.9555 0.8435

Table 8: DICE coefficients for patient 2

Linear Elastic Mooney-Rivlin
phase DICE liver DICE tumor DICE liver DICE tumor
p0 0.9587 0.7131 0.9587 0.7081
p10 0.9582 0.7128 0.9582 0.7100
p20 0.9578 0.7296 0.9578 0.7286
p30 0.9588 0.7496 0.9588 0.7464
p40 0.9596 0.7547 0.9596 0.7520
p50 0.9596 0.7543 0.9596 0.7523
p60 0.9590 0.7514 0.9590 0.7501
p70 0.9591 0.7211 0.9591 0.7202
p80 0.9581 0.6973 0.9581 0.6963
p90 0.9581 0.7013 0.9581 0.6947

Table 9: DICE coefficients for patient 3

And then we also compared the absolute distance between the mass centers of the ground truth and
simulated masks (COME) obtained with formula in section 6.3.
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Linear Elastic Mooney-Rivlin
phase COME [mm] COME [mm] COME [mm] COME [mm]
p0 1.24 2.01 1.24 2.01
p10 1.30 1.06 1.30 1.06
p20 1.21 0.79 1.21 0.77
p30 0.92 0.86 0.92 0.86
p40 0.90 0.73 0.90 0.73
p50 1.01 0.60 1.10 0.56
p60 1.14 0.43 1.14 0.39
p70 1.14 1.20 1.14 1.18
p80 1.13 1.78 1.13 1.76
p90 1.27 2.25 1.27 2.22

Table 10: Absolute distance between mass centers of masks for Patient 1

Linear Elastic Mooney-Rivlin
phase COME [mm] COME [mm] COME [mm] COME [mm]
p0 1.50 0.33 1.50 0.39
p10 1.55 0.17 1.55 0.18
p20 1.54 0.52 1.54 0.52
p30 1.40 0.96 1.40 0.95
p40 1.31 0.73 1.31 0.72
p50 1.29 0.80 1.29 0.73
p60 1.31 0.67 1.31 0.61
p70 1.28 0.53 1.28 0.50
p80 1.38 0.46 1.38 0.47
p90 1.47 0.46 1.47 0.51

Table 11: Absolute distance between mass centers of masks for Patient 2

Linear Elastic Mooney-Rivlin
phase COME [mm] COME [mm] COME [mm] COME [mm]
p0 0.88 0.65 0.88 0.70
p10 0.93 0.84 0.93 0.87
p20 1.03 0.45 1.03 0.45
p30 0.98 0.96 0.98 0.90
p40 0.94 0.88 0.94 0.83
p50 0.95 1.06 0.95 1.02
p60 0.94 0.50 0.94 0.49
p70 1.05 1.10 1.05 1.09
p80 0.97 2.04 0.97 1.96
p90 0.95 1.43 0.95 1.49

Table 12: Absolute distance between mass centers of masks for Patient 3

As one can observe in the tables above, the method obtained excellent DICE coefficients for the liver and
for all 3 patients (greater than 0.95). This seems perfectly normal when one remembers the masks used for
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comparison. On the one hand, the ground truth mask is deformed from the midp mask using the deformation
field obtained with the registration algorithm (section 5.2.2). And on the other hand, there is the simulation
mask, reconstructed from the mesh, mesh which is also built from the midp mask. And this mesh is deformed
thanks to its boundary condition which is the same deformation field as for obtaining the ground truth mask.
The difference is the following: in the case of the ground truth, the deformation field is applied on the whole
mask while for the simulated mask, the deformation field is applied only on the contours. But this difference
is not seen for the liver since the internal arrangement of the nodes, which is governed by biomechanical
equations, is not taken into account in the case of a mask. We thus obtain exactly the same masks for the
2 models, since they have the same boundary conditions (but not the same biomechanical equations). And
these masks are also the same as the ground truth masks, with a very small difference due to smoothing
(explained later). But the position of the simulated tumor inside the liver will depend on the model since it
is inside the liver and therefore no boundary condition is directly applied to it. Its displacement will be due
to the movement of the liver and to the solutions of the biomechanical equations.

Thus what is interesting here are the tumor DICE coefficients, because it will be representative of the
accuracy of our model. We obtain fairly good DICE for patients 1 and 2 (around 0.83) and correct DICE for
patient 3 (between 0.7 and 0.75). In general, we obtain slightly smaller DICE than for liver.

It is interesting to look at the results of COME. We see that this distance is in most cases less than 2 mm,
which corresponds to the height of a voxel. It is therefore excellent COME results. There is no significant
difference between the liver and the tumor. This means that in both cases, the simulated masks are well
aligned with the ground truth masks. The model succeeded in positioning the tumor correctly with respect to
the phase. The difference between the tumor and the liver can be explained as follows: when smoothing the
meshes (section 5.2.1), the angularities are flattened, which can be seen as removing a thin layer all around
the mask. The same layer thickness was removed from the liver mask as for the tumor mask. But the tumor
is smaller than the liver. The proportion of tumor removed was larger, giving a lower DICE (Figure 6.16).

(a) liver (b) tumor

Figure 6.16: Masks superposition of ground truth (blue) and simulation (white) for liver and tumor of patient
2

It is also important to remember that the reference mask, i.e. the ground truth mask, is a mask distorted
from the midp mask, drawn by the doctor. The reason of that is because it is difficult to automatically
segment the tumor mask of the phases since it is difficult to locate it in the liver tissue. Indeed its contrast
is very close to that of the liver in a 4DCT. Therefore, one cannot be sure that the mask really targets the
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tumor. So, although they have been taken as a reference for comparison, the ground truth tumor mask does
not necessarily represent reality since it is derived from a deformation and this deformation does not take
into account the intrinsic characteristics of the tissue materials.

There is no significant difference between the two models. They have the exact same DICE coefficients
for liver masks since it is the same mesh with the same boundary conditions, meaning the same liver mask
extracted. And they have almost the same DICE for tumor masks, sometimes the elastic model shows a little
better results. Regarding the alignment, it is good in all cases, proving the efficiency of both models. As we
could not prove a better efficiency of one of the two models, we considered from this point only the Linear
Elastic model for its better speed of execution.

6.4 Interpolation and Extrapolation Method

After that, we wanted to verify the accuracy of the interpolation and extrapolation methods. Obviously,
since these methods create phases that do not yet exist, it is not possible to verify if they are correct using
the ground truth. A simple way to get around the problem is to delete one phase of the cycle and try to get it
back with interpolation or extrapolation. We can then compare this recreated phase with the corresponding
phase of the 4DCT. If the deleted phase is one of the extreme phases (typically phase 0 and phase 50) we
will use extrapolation, while if another phase is removed then we will use interpolation. The lowest phase is
p90 for patient 1 and p0 for patients 2 and 3, while the highest phase is p50 for all patients. This is based
on the results of the liver center projections on the regression line (section 5.2.3).

In the case of interpolation, the metric returns two phases and a percentage that quantifies the relative
position of the current respiratory state between these two phases. From this percentage, it is possible to
know the position xpi of the current respiratory state on the regression line (Eq. 30). For this validation we
did not compute the metric, we simply assumed that the percentage sent by the metric would have allowed
us to obtain the position xpi on the regression line (which we already know). Since the phase pi has been
removed, we must approximate the deformation field to be applied. The percentage allows us to interpolate
the deformation fields of the adjacent phases. In this case of validation, we calculated the percentage (p%)
from the position xpi on the regression line (Eq. 30), but normally this percentage is provided by the metric
and allows to find the xpi position.

Figure 6.17: Relative positions
on regression line

p% =
xpi − xpi−1

xpi−1 − xpi+1

(30)

Where x are the relative positions of the deleted phase (i) and
the adjacent phases (i− 1, i+ 1).
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Therefore, the new deformation field is obtained with :

DFpi = (1− p%) ∗DFpi−1
+ p% ∗DFpi+1

(31)

Then we could run the simulation with the new deformation field. We chose to retrieve two different
phases with the interpolation method. The phase p10 which is close to an extreme phase (p0) and the p70
phase which is rather in the middle of the planning range (thus close to the midPCT). The masks extracted
from these new phases p10 and p70 were compared with the GT masks of these phases. We then obtained
the coefficients of DICE and COME. Below, the results for all patients of these phases we try to retrieve
(table 13).

Patient phase DICE liver DICE tumor COME [mm] COME [mm]
1 p10 0.9523 0.7859 2.21 3.73
1 p70 0.9584 0.8274 1.12 2.17
2 p10 0.9563 0.8238 1.43 2.72
2 p70 0.9520 0.8322 1.84 1.15
3 p10 0.9571 0.6947 1.66 2.92
3 p70 0.9575 0.7191 1.33 1.05

Table 13: Results for the validation of the interpolation method

For the extrapolation, the metric also returns a percentage that quantifies the relative position of the
current breathing state. Then we perform a mapping (section 5.2.3) to transform this percentage into a
position on the regression line. Again, we made the assumption that the metric would have given us a
percentage that, after mapping, would have allowed us to find the xpi position. Since we did not run the
metric in this validation, we skip this step and take directly the known position (from table 6) of the phase
on the regression line. Thus, we must first calculate the shift (section 5.2.3). Since we have removed the
extreme phase, the new extreme phase of the cycle is the second farthest from the midPCT point in the
same direction. It is necessarily one of the phases adjacent to the removed phase. The shift is the difference
between the new extreme phase and the phase we want to recover (Figure 6.18). The deformation field is
simply the mean of the two adjacent phases deformation fields.

Figure 6.18: Shift measurement

shift = xpi − xpi−1ori+1

DFpi =
DFpi−1 +DFpi+1

2

(32)

Where x are the relative positions of the deleted phase (i) and
the adjacent phases (i− 1, i+ 1).

And here under the results for the extrapolation (table 14).
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Patient phase DICE liver DICE tumor d liver [mm] d tumor [mm]
1 p90 0.9579 0.8235 1.28 2.60
1 p50 0.9595 0.8566 1.28 0.79
2 p0 0.9583 0.8363 1.06 1.16
2 p50 0.9557 0.8374 1.48 0.97
3 p0 0.9580 0.7023 0.71 3.00
3 p50 0.9589 0.7572 1.05 0.96

Table 14: Results for the validation of the extrapolation method

Figure 6.19: Tumor masks of pa-
tient 1, interpolated p10

For liver DICE, very good results are observed, close to those obtained
with the normal cycle. For the DICE of the tumor, we also obtain good
results overall, with always less good DICE for patient 3 (section 6.3). One
small exception can be noted. The DICE of the interpolated phase p10,
for the tumor of patient 1 is lower than the average of the normal cycle.
When we look at the distance between the centers of mass or display the
mask overlay, we can see that the tumor is slightly above where it should
be (figure 6.19). And it is the same if you look at the liver mask. The
error could come from the deformation field. As we have removed the one of the p10 phase, we have made
a weighted average with a percentage of the adjacent phases (p0 and p20). However, the deformation field
obviously does not evolve in a linear or uniform manner between 2 phases of the respiratory cycle. Maybe
that the non-linearity, or non-uniformity, occurring between p0 and p10 is particularly predominant.

6.5 Complete Method

In this subsection, we will validate and present the results of the complete method that is intended to
be used in real-time, which is the following: a radio projection is made on the patient using real-time
fluoroscopy. The metric is computed on this image after a pre-processing (section 5.1.1). The latter is then
used to estimate the respiratory state of the patient in real-time with the method described in the section
REF. This estimation is given by an interval of two successive phases in which the respiratory state of the
patient resides, and a percentage determining where the state lies exactly in this interval. In the next block,
depending on the percentage obtained, a pre-calculated 3D model (section 5.2.4) will be chosen. This model
can either correspond to a phase of the planning sequence, or to an inter/extrapolation of these.

First, the CT images of the 3 continuous sequences available had to be transformed into fluoroscopic images
in order to reproduce the real situation. After that, the entire process can be performed on the continuous
sequence for each of the 3 patients. For each image in the sequence, a reconstructed 3D image containing
liver and tumor mask is returned. Then we compared the masks of these reconstructed images with the
ground truth masks of the frame. The ground truth masks of the continuous sequence are simply obtained
by deforming the masks of midp. The deformation fields used for this operation are the same deformation
fields from the trackers to obtain each 3DCT image of the continuous sequence [82](see section 4.1). We
were able to calculate the DICE (mean ± standard deviation) and COMEs (Center of Mass Errors, mean ±
standard deviation) coefficients of the tumor and the liver for all frames of the three continuous sequences.
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First, general results will be presented and discussed and then each patient will be examined individually
to point out certain irregularities.

In the table 15 below are the results obtained for the 3 patients, with the continuous sequence. The
continuous sequences consist of approximately 200 3DCT images (208, 190 and 220 for patients 1, 2 and 3
respectively).

Patient frames DICE liver DICE tumor COME [mm] COME [mm]
1 208 0.9427 ±0.0126 0.8176 ±0.0547 1.67 ±1.14 3.48 ±2.11
2 190 0.9560 ±0.0177 0.8755 ±0.0333 2.17 ±1.11 1.86 ±1.48
3 220 0.9670 ±0.0083 0.7906 ±0.0446 1.29 ±0.53 2.01 ±1.12

Table 15: Summary of the results obtained for the continuous sequence

The three figures composing figure 6.20 show the spread of the DICE coefficients obtained for the contin-
uous sequence comparing the tumor masks.

(a) Patient 1 (b) Patient 2 (c) Patient 3

Figure 6.20: Histogram of the tumor DICE

In order to perform a complete analysis of the global method, we have generated different types of graphs:
breathing graphs, DICE graphs and absolute position error graphs. These different graphs allow us to better
understand the results obtained

First, we find the graphs that we will call the breathing graphs. They represent the z-position of the tumor
COM for the continuous sequence. On these graphs, the z-positions of the tumor COM for the extreme
phases of the planning and for the midp are also shown. This allows to visually see how the patient breathes
with respect to the continuous sequence. On the x-axis, the iteration number of the continuous sequence.
On the ordinate, the z-position of the COM (in mm).
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(a) Patient 1

(b) Patient 2

(c) Patient 3

Figure 6.21: Respiration graphs of all patients. Black line: z-position of the GT tumor COM for the
continuous sequence. In dotted red: z-position of GT tumor COM of midp. In green: z-position of GT tumor
COM of highest phase. In blue: z-position of GT tumor COM of lowest phase.

The second type of graphs are the DICE graphs. They show, for each iteration of the continuous sequence,
the DICE coefficients obtained (in yellow for the liver, in purple for the tumor). They are displayed parallel
to the absolute distance of the GT tumor from the midp (normalized between 0 and 1). Thanks to them, we
can see for which iterations the method predicts a bad position or shape of the tumor. We make a link with
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the absolute distance of the tumor from the midp.

(a) Patient 1

(b) Patient 2

(c) Patient 3

Figure 6.22: DICE graphs. In yellow (liver) and purple (tumor): the DICE coefficients for the continuous
sequence. In blue: the distance between the GT tumor COM and the midp.

The third type of graph we computed are the graphs of the absolute position error. We display simulta-
neously the distance of the GT tumor from the midp, and the absolute position error between the centers of
mass of the GT tumor and the simulated tumor, so-called the COME.
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(a) Patient 1

(b) Patient 2

(c) Patient 3

Figure 6.23: Absolute position error graphs. In blue: the distance between the GT tumor COM and the
midp. In red: the absolute position error between GT tumor COM and FE tumor COM.

Let’s now try to analyze and interpret these results. Overall, we get good average DICE for the continuous
sequence. The DICE comparing the liver masks for the CS are very close to the liver DICE obtained for
planning. For the tumor DICE, they are better than the planning for patients 2 and 3 and worse for patient
1. It seems unlikely that we obtain better results for the continuous sequence than for the planning. For the
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planning DICE, both masks that we compared were planning masks, they were just obtained in different ways
(ground truth and simulation). Here we compared the 3D images of the CS with the images chosen by the
metric among those of the planning (including interpolations and extrapolations) which are the closest to the
CS iteration. The images are therefore less likely to match, especially since there are extrapolations, which
have not been constructed from reference images but from the method (5.2.3). To find an explanation, we
analyzed the volume of the tumor masks that are comparing for the planning and the continuous sequence.
The volume was computed with the masks (as numpy arrays) by knowing the voxel size (1.074 x 1.074 x 2
mm). We obtained the results shown in the following table 16:

Patient V planning [cm3] V CS [cm3]

1 27.06 24.19
2 85.68 74.76
3 24.36 19.64

Table 16: Average volume of GT tumor masks for planning and for continuous sequence [cm3]

The average volume of the GT tumor masks is larger for the planning than for the continuous sequence. A
plausible explanation is the presence of artifacts on the planning images. These artifacts can be caused by two
things. First, the 10 3DCT planning images, the phases, are averages of several 3DCT images corresponding
to the same phase of the respiratory cycle. Second, the 3DCT images themselves used to reconstruct the
planning images are also reconstructions since they are a stack of 2D slices, processed one after the other.
This means that there is an offset in acquisition time between 2 slices of the same 3DCT image. Therefore
there are parts of the same 3DCT image that correspond to different moments. These two phenomena lead
to the presence of artifacts for the planning phases. Less artifacts are observed for the continuous sequence
because it is reconstructed by distorting the midp phase. The midp phase is, as a reminder, a cleaner average
phase of the planning, with less impurity and artifacts. The link with volume is as follows. The most obvious
artifact is the one we are interested in, visible just above the liver in the planning 4DCT. We observe a
duplicated liver above the real liver (Figure 6.24b). This duplicated liver is taken into account in the liver
mask. So we have a liver slightly larger in height than it really is. However, the GT masks of the tumor are
distorted from the midp with the method [82] based on trackers. The trackers will detect a stretched liver,
when it is not. The deformation field will be recalculated on the basis of these trackers and the tumor will
tend to be a little bit overstretched too for the planning phases. On the other hand, the continuous sequence
images are reconstructed from the midp, where there is less artifact. This explains a less stretched tumor for
the continuous sequence. In Figure 6.24 below, we see the artifact of patient 1 for phase 0 (Figure 6.24a) and
in Figure 6.24b we see the artifact attenuated on an iteration of the continuous sequence where the metric
detects phase 0. The tumor is schematically represented in blue.
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(a) phase 0% (b) CS frame 144

Figure 6.24: Comparison between coronal view of patient 1. Figure 6.24a shows the phase 0 with an artifact
(red arrow). Tumor mask is represented in blue. Figure 6.24b shows frame of the CS close to p0 according
to metric, with less important artifact.

This leads us to believe that the tumor DICE obtained for the planning are probably underestimated,
given that the COME are excellent for the planning, which is a sign of a good alignment. The case of patient
1 (who has worse DICES for the continuous sequence) will be treated individually later.

When we look at the shape of the DICE plot, we see that the liver DICE vary very little with breathing
(except for patient 2 in the largest extrapolations). This means that the movement was fairly well followed.
The tumor itself is more sensitive to variations in breathing. A likely explanation is that the liver, being
much larger than the tumor, will observe a smaller proportional volume difference for the same offset than the
tumor. And so the difference in DICE will be less noticeable. We note that the tumor DICE are somewhat
worse for the larger extrapolations (especially for patient 2 and 3).

If we look at the COME, we observe worse results for the continuous sequence, both for the liver and
for the tumor. This seems more logical to us. If we look at the graphs of the absolute position error, two
things can be noticed. First, the error between the COM of the GT and simulated tumor masks is on average
smaller than the absolute distance of the GT tumor and the midp. Thus, we give an estimate of the tumor
position that is close to the GT tumor position with respect to the distance to the midp. So we can follow
the displacement of the GT tumor, to a certain extent, with always a margin of error. And second, more
important, we see that the error is not coupled to breathing (for the vast majority of iterations in patients
2 and 3). It is most often below 5 mm. This independence between COME and the absolute position of
the tumor shows once again that we have succeeded in following the displacement of the tumor. The case of
patient 1 and the large extrapolations of patients 2 and 3 are analyzed below.

Let’s now look at each patient individually to try to understand the different sources of error. Concerning
patient 1, we see that he almost always breathes outside the planning cycle, according to the z-position of
the tumor COM. He breathes higher, which means that his lungs are less full, on average. We observe bad
DICE of the tumor for almost all the high breathing peaks, i.e. the points farthest from the midp, upwards.
Let’s try to display now the overlapping masks of the liver and the tumor for the best and worst DICE. The
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best tumor DICE is obtained at iteration 151, for a phase 30 detected by the metric. The worst tumor DICE
is obtained at iteration 202, for a phase 50 detected by the metric.

(a) Liver frame #151 (b) Liver frame #202 (c) Tumor frame #151 (d) Tumor frame #202

Figure 6.25: Patient 1 liver and tumor masks superposed for the best (6.25a and 6.25c) and worst (6.25b and
6.25d) DICE result of the continuous sequence. White masks are the simulated masks while blue masks are
the GT masks.

From what we obtained, it can be seen that the poor results of frame 202 are due to a greater deformation
of the liver, and thus of the tumor. When the lung deflates a lot, it rises strongly, stretching the liver in the
z direction. This is not taken into account by the model extrapolation method. This method simply moves
the liver, keeping the extreme phase deformation field (phase 50% here), along the average displacement
direction. So an improvement of the extrapolation method would be to calculate a deformation field that
takes into account a factor proportional to the amplitude of the extrapolation. Since patient 1 breathes a lot
out of planning range, we have a lot of strong extrapolations, for which the tumor was misrepresented. This
explains the poorer overall results.

If we now look at patient 2, we notice that he breathes mostly within the respiratory cycle, still according
to the z-position of the tumor COM. The only exceptions are large breathing peaks in the middle of the
sequence, where the patient inhales more deeply, bringing the liver lower. We applied the same procedure for
patient 2, and we obtained the best tumor DICE at iteration 104, for an extrapolated phase 0, 125% detected
by the metric. The worst tumor DICE is obtained at iteration 77, for a phase 0 and an extrapolation ratio
of 200% detected by the metric.

(a) Liver frame #104 (b) Liver frame #77 (c) Tumor frame #104 (d) Tumor frame #77

Figure 6.26: Patient 2 liver and tumor masks superposed for the best (6.26a and 6.26c) and worst (6.26b and
6.26d) DICE result of the continuous sequence. White masks are the simulated masks while blue masks are
the GT masks.

We observe the same phenomenon as for patient 1 but for the other extreme phase, i.e. when the lung is
strongly inflated. It then crushes the liver (as in the figure 6.26b) which leads to a deformation of the tumor
(Figure 6.26d). The difference with patient 1 is that since patient 2 breathes more often inside the planning
range, this phenomenon was observed only for the few large extrapolations.

Finally, patient 3 is the most regular with respect to his planning cycle, and is also the one for whom we
observe the best results. His breathing during the continuous sequence is almost always within the range of
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the planning cycle. However, we notice an apnea towards the middle of the sequence, i.e. the patient stops
breathing in the upper lung position (end of expiration). And we observe a small peak of breathing just after.
The patient 3 took a deep breath after his apnea. For patient 3, we have also displayed the masks of the best
and worst DICE tumors obtained. We obtained the best tumor DICE at iteration 82, for an extrapolated
phase 50, 175% detected by the metric. The worst tumor DICE is obtained at iteration 129, for a phase 0,
200% detected by the metric.

(a) Liver frame #82 (b) Liver frame #129 (c) Tumor frame #82 (d) Tumor frame #129

Figure 6.27: Patient 3 liver and tumor masks superposed for the best (6.26a and 6.26c) and worst (6.26b and
6.26d) DICE result of the continuous sequence. White masks are the simulated masks while blue masks are
the GT masks.

The results show that the worst tumor DICE is obtained during the peak (strong inspiration). When we
look at the tumor masks we observe a rather identical shape (Figure 6.27d). We are in a different situation
than patients 1 and 2. Here, we simply did not extrapolate far enough. We can therefore create phases of
greater extrapolation, for example an extrapolation of 250 %.

6.6 Real-Time Validation

We wanted to see if the method developed in this work was fast enough to be used in real-time. We
therefore tried to calculate the total execution time of the chain (from the acquired fluoroscopic image to
the restitution of the 3D image). We obtained an average execution time of 0.025 sec for an iteration of the
patient 1 continuous sequence. According to [106], the image acquisition rate for fluoroscopy can reach 30
images/sec. We can therefore consider a maximum delay between two successive frames being equal to 0.033
sec. For the patient 1 we had to take a larger cropped section than for patients 2 and 3, so this represents our
worst case. This method was performed on our personal laptops. Therefore it may have slower computation
speed than professional ones used for medical technologies. As the execution time obtained is shorter than
the acquisition time of a fluoroscopic image, it can be concluded that the method is suitable for real-time
use.
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7 Limitations and Improvements

Now that all the results have been presented, we can take a step back and try to identify the weaknesses of
the method presented in this master thesis. To counteract these imperfections, suggestions for improvement
will also be provided.

About the first part of our method, the metric computation, several improvements can be considered.
First of all, the pre-processing of the images could be improved. Sometimes the framing we have chosen has
been determined because of artifacts that prevent us from taking a potentially more interesting one.

In addition, lung segmentation could also be improved. Other criteria can be added to the region growing
algorithm to avoid missing points in the middle of the region due to noise or artifacts. We could also make
the choice of the first point more robust in case of noise. It could be that the first point chosen is an outlier
and therefore distorts the result of the segmentation, even if the case has not been encountered here.

A third improvement concerns the offset that must be made on the metric obtained for the planning
sequence (section 6.1). We observed that the curve described by our metric sometimes presents a significant
difference of level with the continuous sequence compared to the curve obtained with the mass center of the
liver. In this work, we used one of the mass centers of the continuous sequence to adapt our curve but this
information will not be available in reality. One idea to remedy this would be to use the midp image which is
available from the planning sequence, and which moreover served to establish the continuous sequence. Our
metric can be calculated on the midp and we would also have the liver center of mass. With this point, we
would be able to calculate the offset as we did with a point in the continuous sequence. We have to keep in
mind the reason why this difference occurs. This should mainly come from the fact that the planning images
are reconstructed and averaged images while those in the continuous sequence are distorted images based on
the midp which exhibits better quality (thanks to various image processing techniques). This can lead to a
potential quality difference in these two datasets. However, since we tried to reproduce realistic projections
from the continuous sequence, we should face the same kind of difference in a real situation with fluoroscopic
images.

Another thing to keep in mind is the noise. Even if we made a first test in order to verify that our method
can be robust to its impact, a more complete validation is to take into consideration. As mentioned in section
3.1.4, some papers present some ideas to implement a noise modelization which could better suit the reality.
Moreover, there are also researches to find a better way to overcome the impact of noise in fluoroscopy, those
could be investigated and implemented if necessary.

The last improvement concerning this part of the method is about the extrapolation. At this stage, the
latter is calculated between two successive phases: the extreme phase (p0, p50, or p90), and an artificial
phase which is defined as the closest extreme phase with the addition or subtraction of 100 pixels (depending
on the direction of the extrapolation). However, to facilitate the calculation of the 3D model offset, necessary
for the extrapolation, and to avoid more steps and therefore potential sources of errors, it might be wise to
calculate this percentage from the midp rather than between these two successive phases. This could be done
simply by calculating the metric on the midp image and then returning the percentage distance between
the metric calculated for a given respiratory state and the one calculated for that midp image. In addition,
this change would also avoid creating the artificial phase (with 100 pixels difference) that does not really
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correspond to anything in reality.

Concerning the finite element model, two problems can be raised. The first one concerns the choice of the
biomechanical parameters. Here we have taken values mentioned in scientific articles, and we have considered
these same values for the 3 patients. However, in practice, these parameters are very likely to vary from one
patient to another, especially according to the state of fibrosis of the liver. It could be interesting to take the
main parameter (Young’s modulus, which characterizes elasticity) from each patient individually. For this,
there is a non-invasive technique, the Fibroscan (section 5.2.3).

Then, as explained in the previous section, it was realized that the respiratory states identified outside
the scope of the planning by the metric were not always very well estimated by the model. In other words,
the model had difficulty representing extrapolations. The method developed here consisted in making a
simple translation of the extreme phase of the schedule (in general phase p0 or p50) and then applying
the deformation field corresponding to this phase. This technique did not take into account the different
anatomical barriers to displacement. Thus the liver (and the tumor) were sometimes modeled too far away,
where it could not physically be. A solution would be to model in finite elements, in addition to the liver,
the interfaces of its adjacent organs (diaphragm and therefore lung, rib cage, stomach, etc). Thus, the liver
will stop at these interfaces and be correctly deformed instead. Another solution would be to find a way to
predict these extrapolation phases in the planning cycle. One could plan a 4DCT of planning for a normal
respiratory cycle, and another for a more intense respiratory cycle where the patient is instructed to inhale
and exhale more deeply. This would allow us to know the deformation fields of the extrapolated phases with
respect to the planning.
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8 Conclusion

The monitoring of tumors located in organs that move according to the respiratory cycle is still a challenge
in proton therapy. Unlike conventional radiotherapy, proton therapy allows a much more precise irradiation,
but therefore also a much more concentrated energy. It is thus all the more important to know the precise
location of the tumor during treatment, in order to irradiate the cancerous tissue with precision, and thus to
preserve the surrounding healthy tissue from destructive radiation.

The objective of this work was to establish a general method that would allow on the one hand to follow
in real-time the respiratory state of the patient, and on the other hand to be able to estimate a 3D position
of the tumor corresponding to this respiratory state. To build our method, we had available, for each three
patients, a planning 4DCT, modeling an average respiratory cycle.

The two main axes of this thesis, namely the metric and the finite element liver model, have been developed
independently and then combined in a general method. The metric was used to determine the patient’s
respiratory state based on a 2D projection, using a region growing of the lung. The model allowed simulating
upstream the liver displacements for different respiratory states (planning phase and inter/extrapolation),
using the intrinsic biomechanical characteristics of the tissues. We combined these methods by working
on the continuous sequence, a 4DCT sequence that mimics a more random breathing of the patient, with
successive breathing cycles of varying intensities. This continuous sequence was our "real-time" sequence.
For each iteration of this continuous sequence, we were able to determine the respiratory state and choose the
results corresponding to the closest phase precomputed by the model. The results of the DICE and COME
coefficients showed that we succeeded in tracking the motion of the tumor. For the mean tumor DICE, we
obtained for patient 1, 2 and 3 respectively 0.8176 ± 0.0547, 0.8755 ± 0.0333 and 0.7906 ± 0.0446. For
the mean COME, we obtained patient 1, 2 and 3 respectively 3.48 ± 2.11 mm, 1.86 ± 1.48 mm and 2.01
± 1.12 mm. Moreover, we were able to validate the possibility to use the method in real-time. The total
computation time, from a fluoroscopic frame to the restitution of a 3D image, that we obtained is 0.025 sec
compared to a fluoroscopy acquisition time of 0.033 sec [106].

After the realization of this work, we highlighted the interest to improve some parts in order to optimize
our method. In this context, some tracks to explore were also suggested. A good extrapolation technique,
as well as a good calibration, could have a significant positive impact on the results and are therefore the
most important aspects to be investigated. Further research on the noise involved would also be needed to
get closer to real fluoroscopic quality.

We were able to demonstrate that our method deserved to be investigated more in-depth. This approach
combining both image processing and finite element reconstruction brings an innovative side to the tumor
motion tracking field of research. Solutions responding to our areas for improvement can already be found
in the literature (noise treatment, segmentation, consideration of the anatomy for finite elements, etc). This
would make it possible to improve the method described in this document fairly quickly.

All this, we hope, will contribute to the advancement of research in the field of proton therapy. By reducing
the radiation margins, we could decrease the amount of healthy tissue affected and thus prevent the patient
from experiencing unwanted side effects. The improvement of the method must still be done, as well as
clinical tests thereafter, nevertheless this direction can be investigated in order to have the possibility of
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improving the life quality of patients who will undergone this type of treatment.
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Appendices

A Shape Functions

For dimension one, we have define a number of nodes per element, then the Lagrangian polynomials are
used to generate shape functions. N nodes gives N shape functions, where each shape function is associated
to its node so as to be 1 at the node and 0 at the other nodes and cannot be a linear combination of other
shape functions.

Figure A.1: Parent Element Ω [-1;+1]

Figure A.2: Shape function for 1D element : constant,
linear, quadratic and cubic forms [73]

Therefore the expression of the shape functions of the different degree is the following, for a point ξ inside
the parent element Ω̂ :

Degree zero, N = 1 :

φ(ξ) = 1

Degree one, N = 2 :

φ1(ξ) = (1− ξ)/2

φ2(ξ) = (1 + ξ)/2

Degree two, N = 3 :

φ1(ξ) = −ξ(1− ξ)/2

φ2(ξ) = ξ(1 + ξ)/2

φ3(ξ) = (1− ξ)(1 + ξ)
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Here the nodes are chosen at the ends, and for N = 3 at the center of the element, but they could very
well have been taken at different places.

Then, for dimension three, we take our parent element, which is a tetrahedron and we define two degree
for our subject 12. The python module SFEPY that is used in these thesis does not give information about the
shape functions they use. What is shown here was found in [75] as an example of what the shape functions
can be for tetrahedrons. The parent element tetrahedron here is defined with his four vertices at [0,0,0],
[1,0,0], [0,1,0] and [0,0,1]. For the "second" degree, nodes in the middle of each edge are added.

Figure A.3: Tetrahedron and its nodes
for degree 1 [75]

Figure A.4: Tetrahedron and its nodes
for degree 2 [75]

Then shape functions expression is :
Degree zero, N = 4 :

φ1(ξ, η, ζ) = η

φ2(ξ, η, ζ) = ζ

φ3(ξ, η, ζ) = 1− ξ − η − ζ

φ4(ξ, η, ζ) = ξ

Degree one, N = 10 :

φ1(ξ, η, ζ) = η(2η − 1)

φ2(ξ, η, ζ) = ζ(2ζ − 1)

φ3(ξ, η, ζ) = (1− ξ − η − ζ)(1− 2ξ − 2η − 2ζ)

φ4(ξ, η, ζ) = ξ(2ξ − 1)

φ5(ξ, η, ζ) = 4ηζ

φ6(ξ, η, ζ) = 4ζ(1− ξ − η − ζ)

12The degrees defines here does not really correspond to the degree of shape functions, but are rather representative of the
increase in the number of nodes. There are indeed several ways to define shape functions with different degrees. What is
important is that the functions cannot be linear combinations of others
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φ7(ξ, η, ζ) = 4η(1− ξ − η − ζ)

φ8(ξ, η, ζ) = 4ξη

φ9(ξ, η, ζ) = 4ξζ

φ10(ξ, η, ζ) = 4ξ(1− ξ − η − ζ)
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B Trilinear Interpolation

Trilinear Interpolation is a technique for interpolate a function on a regular 3D grid. It is an extension of
the linear and bilinear interpolation in three dimensions.

Method

For any point located at a place of the grid, we must locate the rectangular parallelepiped in which it is
located. We can perform the interpolation knowing the values at the 8 vertices of this parallelepiped. The
idea is to compute the value of function at point P by assigning weights to the nodal values of the vertices
according to their distance from the point P. Let x,y and z be the absolute coordinates of the point P, xd, yd
and zd be the coordinates of the point P inside the parallelepiped, i.e. distance from the minimum point of
the parallelepiped : point A, see Figure B.1.

Figure B.1: Rectangular parallelepiped disposition, in which lies point P

We have :

xd = x− xA yd = y − yA zd = z − zA (33)

Then we can compute weights, value between 0 and 1 along the three axis. Weights are ratio’s of distance
in the cube to the length of the corresponding parallelepiped edge.

wx =
xd
||AB||

wy =
yd
||AE||

wz =
zd
||AD||

(34)

After that we can do the interpolation : first along x, then along y and finally along z. Let f be the
function we want to interpolate.

In x direction :

fAB = (1− wx)fA + wxfB
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fDC = (1− wx)fD + wxfC

fEF = (1− wx)fE + wxfF

fHG = (1− wx)fH + wxfG

In y direction :

fABCD = (1− wy)fAB + wyfDC

fEFGH = (1− wy)fEF + wyfHG

In z direction :

fP = (1− wz)fABCD + wzfEFGH
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