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Abstract

Mobile tumors represent a major challenge for the treatment of liver and lung cancers.
Radiotherapy and protontherapy are methods to treat these types of cancer. However,
for the treatment to be effective, the position of the tumors needs to be known, which is
difficult due to the motion induced by the respiration. To take it into account, the most
used solution is the ITV-based PTV. In this context, we test to track the tumor on MRI
images by first approximating it with an ellipse characterized by five parameters. These
parameters are then predicted with a sinusoidal model and a Kalman filter. Segmentation
algorithms (Region growing, Canny edge and Snake) are then applied when the MRI image
is available to know precisely the contour of the tumor. That allows to determine whether
the treatment has been correctly delivered and whether it has to be adapted due to a bad
prediction. The precision of prediction and segmentation algorihtms are evaluated with
the Dice coefficient. The gain is also determined by calculating the proportion of tumor
and the surface of healthy cells irradiated. The principal results indicate that the Kalman
filter has the best performances, i.e. the highest Dice coefficient (above 0.7). The best
segmentation algorithms are the Canny edge (mean Dice from 0.7 to 0.81) and Snake (with
mean Dice from 0.75 to 0.83) when the segmentation algorithm is based on a prediction
returned by the Kalman filter. The main conclusion is that there is a gain in terms of
surface of healthy cells irradiated when predicting the tumor (and by dilating the ellipse
found) compared to the use of an ITV-based PTV treatment. The minimum gain found is
around 200 mm2 of healthy cells which are not irradiated.
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Chapter 1

Context and objectives

1 Medical context

1.1 Cancers and radiation therapy
Cancer is a disease characterized by an abnormal division of cells that forms a non-functional
mass called a tumor. This mass destroys tissues and can thus lead to the malfunction
of the affected organ. At the beginning, the cancer is localized to one organ but with
time, the primary cancer can spread in the body and create metastases. Depending on
the progress of the cancer, two categories of treatment exist. First, systemic treatments,
such as chemotherapy, act on the whole body, which allows to treat metastases. Second,
loco-regional treatments treat localized primary cancer. This category includes radiation
therapies such as radio- and protontherapies. Those methods send ionizing radiations on
the tumor which is the treatment method we are interested in for this work. The interaction
between the ionizing radiations and the tissue leads to biological effects such as damages to
DNA. The treatment action also uses the difference of radiosensitivity between normal and
cancer cells. Indeed, compared to healthy cells, tumor ones have difficulties to repair the
damaged DNA and can no longer divide. The dose given must thus be high enough to have
a high probability of controlling the tumor (in green in Figure 1.1) and a low probability of
damaging healthy tissue (in red in Figure 1.1). That defines the therapeutic window [26].

Figure 1.1: Curve of tumor control and nor-
mal tissue complication probabilities as a
function of the absorbed dose. [26]

Radiation treatments are composed of two
major steps: the treatment preparation and
the treatment delivery. During the first
step, the treatment is simulated and planned.
That requires anatomical information about
the patient and the tumor that is acquired
through computed tomography (CT) or mag-
netic resonance imaging (MRI). In fact, MRI
is increasingly being used in radiation ther-
apy for treatment as it provides excellent
soft tissue contrast. In addition, MRI im-
ages have another advantage for the patient
as they do not give an additional dose during
a whole treatment as with fluoroscopy im-
ages which is an ionizing imaging technique.
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For the treatment to be effective, each cell of the tumor must be irradiated while sparing
the healthy cells. Therefore, it is important to have precise information about the anatomy
which is not an easy task. Indeed, the anatomy, such as the tumor position and shape,
varies with time. These uncertainties can increase the risk of missing or underdosing the
tumors while increasing the dose received by healthy tissues [26].

1.2 Mobile tumors motion
The location of the tumor is thus something important to know during the whole duration
of the treatment to ensure the correct dose delivery to the tumor. Defining it can become
more complicated when dealing with a mobile tumor. Indeed, some tumors are located
close to a mobile organ and are thus subject to periodic or irregular movements. These dis-
placements are not negligible and must be seriously taken into account during treatment to
avoid missing the target and hitting too much healthy tissues. This work mainly focuses on
tumors that are influenced by the respiratory motion. It is the case for lung or liver tumors.

In these cases, the tumor may move with the breathing of the treated patient. It is
important to take into account the resulting movement as the aim is to irradiate the
tumor while sparing the healthy tissues. Although the respiratory motion is considered
as a periodic movement, irregularities in the breathing pattern can still appear during
the treatment due to stress for example. As a result, the motion of the tumor will
generally not be perfectly periodic. Furthermore, as it moves horizontally and vertically,
the tumor can be deformed. Localising perfectly the tumor in space is thus not an easy task.

To take into account the movement of the tumor caused by breathing, some solutions were
already proposed and used. This is what will be discussed in Section 3.2 and 3.3.

2 Aim of the masterthesis
The aim of the masterthesis is to track the tumor in real-time using a particle filter, more
precisely a Kalman filter, on fast MRI images. Indeed, the objective is to use methods
where it is possible to rapidly find parameters that fit for one specific patient. The user
must be able to adjust it easily on several images. For this purpose, three steps are
considered (cf. Figure 1.2 and 1.3).

Figure 1.2: Diagram showing the three
steps to reach the objective of the mas-
terthesis.

Firstly, a segmentation algorithm can be per-
formed on the MRI images to find the contour
of the tumor. This contour is approximated by
an ellipse (since we restrict ourselves to 2 dimen-
sions) and a prediction algorithm is then applied.
Once the ellipse position is predicted, we have an
idea of the localisation of the tumor in the MRI
image. When the MRI image corresponding to
the predicted time is available, a segmentation
algorithm can be applied to get the precise con-
tour of the tumor at this time step. This precise
contour will enable us to have new and accurate

2



2. AIM OF THE MASTERTHESIS

information over the tumor that can be used in the following step. In fact, we can
reconstruct an ellipse based on this new contour. The parameters of this new ellipse can
then be used to begin the next prediction step.

The three steps are repeated at each time step. The aim is to obtain an accurate
approximation at each time of the whole tumor. First, an approximation by an ellipse at
each time is done thanks to the prediction algorithm, and then a refinement of this one is
made thanks to a segmentation algorithm.

This scheme will be treated in 2 parts in this masterthesis, the prediction in a first
time and the segmentation algorithms in a second time.

As far as the prediction is concerned, three strategies are analysed: a baseline model, a
simple sinusoidal one and the Kalman prediction algorithm. In terms of segmentation
algorithm, different ones will be studied and compared: the Region growing, the Canny
edge, and the Snake.

One important goal of this work is to predict an ellipse and then find a precise tu-
mor contour fast enough to be used in real-time. Indeed, the algorithm has to be usable
in a few seconds. Time is important here since the prediction and the refinement are done
during the treatment.
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Figure 1.3: Images showing the ellipse approximation of the tumor and the tumor contour
found by a segmentation algorithm.
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3 State of the art

3.1 Solutions to take into account motion

Figure 1.4: Representation
of the CTV, ITV and the
PTV.

First of all, diverse techniques exist to consider mo-
tion.

Among these techniques, the traditional way to take the
movement of a tumor into account is to add a safety mar-
gin to the clinical target volume (CTV), which corresponds
to the visible tumor volume where possible unvisible tumor
cells are added, to get the internal target volume (ITV).
Then, the ITV is enlarged to account for uncertainties in the
setup to obtain the planning target volume (PTV) (as shown
in Figure 1.4). Indeed, the surface to irradiate is enlarged
and the safety margin is thus increased. The drawback of
this method is that more healthy tissue is irradiated. That
can lead to undesirable side effects such as the death of
healthy cells or secundary cancers. This is why the margins
must be chosen carefully as they must be large enough to
take into account the motion of the tumor but not too large to avoid additional dose to
healthy tissues.

3.2 Solutions to attenuate mobile tumors motion
There are also solutions to reduce the movement of the tumor due to breathing. These
techniques are used during treatment.

A technique is to regularize the pattern of breathing by selecting some patterns
that the patients have to follow. That helps the patient to have a regular and periodic
respiratory movement.
In the same idea, there is the active breathing control. It consists of maintaining the
air volume in the lungs between a certain threshold to limit the motion induced by the
respiration [8]. There is also the Mechanically-assisted non-invasive ventilation that allows
to modulate the breathing pattern without the use of sedation [49].

Gating is a technique currently in use that utilizes a software to observe breathing
movements to define a shooting zone. This zone corresponds to the only window in which
the tumor is treated.
On the contrary, once the tumor is outside this predefined zone, the radiation beam is
switched off. The radiation beam is thus activated only at specific points in the respira-
tory cycle. One advantage of this technique is that it requires no effort from the patient [24].

A spirometer can also be used to measure the volume of the air contained in the
lungs of the patient. Based on the volume, it is possible to know the phase in the respira-
tory cycle [8].

This list is not exhaustive, other methods exist. However, in this thesis we are par-
ticularly interested in methods allowing to track these tumor movements in real-time in
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order to decrease the safety margin. Therefore, several recent real-time tumor tracking
methods will be discussed in the next subsection.

3.3 Solutions to track mobile tumors motion
There exist several techniques to track the movements of the tumor instead of mitigating
them. These techniques could, in most cases, have a beneficial role on the size of the safety
margin but most of them are not yet used in practice in clinics because of their lack of
reliability. To treat a tumor, an imaging technique is needed to localise it. Depending
on the imaging technique used, different methods exist. Indeed, there are different kinds
of images such as X-ray, ultrasound or MRI images. Among X-ray imaging techniques,
two different types coexist: monoscopic and stereoscopic. The latter uses two lenses for
each angle as opposed to one for monoscopic. When two lenses are used, they are placed
at slightly different angles to create a depth effect in the image [38]. Most of the time,
radiotherapy is combined with CT scan, an X-ray monoscopic imaging technique, but it
begins to be associated with MRI. This can be seen thanks to two prototypes already
present on the market, ViewRay MRIdian and the Elekta Unity system, which are called
MR-guided treatment systems [8].

Another technique is called infrared-based monitoring. It consists of following the
position of an infrared reflector using stereoscopic in-room cameras. The infrared reflector
is a surrogate for the tumor position [8]. Gold markers implanted directly into the tumor
can also be used instead of an infrared reflector and can be imaged using fluoroscopy [46].
This study shows that their position can be aquired every 0.033 seconds.

However, because MRI images are used for this work, more interest are given to what
already exists in terms of tracking in MRI images. Moreover, this kind of images present
lots of advantages since it has good soft-tissue contrast, does not require additional imaging
dose or Fiducial Marker (FM) implantation.

The dynamic multi-leaf collimator (DMLC) tracking system is a method that
has also been proven to track the deformation of certain tumors on 4DCT, cine-MRI
and kV images. The article [22] shows two simulations: a 10 mm deformation of the
primary tumor only and a whole structure containing the tumor and the lymph nodes
or metastases. The goal here is to adapt directly the beam aperture to the new tumor
shape based on inputs that are information about the real-time deformation. Deformable
phantoms were developed to guide the aperture deformation. The method is based on an
image registration software (of accuracy 1-2 mm) that automatically adapts when a new
image is acquired and directly sends the computed deformation to the tracking software
DMLC. Due to the time taken for the registration algorithm, the next time step is treated
only when the current image registration is done. The metric uses the areas that are
underexposed and overexposed to judge the accuracy of the tumor coverage. The results
state that this technique reduces the under- and over-exposed regions of about 56% and
86% for single tumor and tumor system deformation respectively [22].

A recent machine, called Linac-MR (Linear accelerator with an MRI), allows
tumor tracking with excellent soft tissue contrast using a non-rigid registration algorithm.
This method is based on finding the point of correspondance between certain MRI image
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sequences despite the non-rigid deformations that the images undergo due to the breathing
movement. Following this method, images are acquired before the treatment and used
to select the best matches between them by minimising dissimilarities, all based on the
match point. This then allows the tracking of tumor boundary during the treatment. The
drawback of this method is that the algorithm requires many intensive calculations. It is
thus required to optimize the algorithm in order to reduce the calculation time so that it
could be used in clinics. A solution has been set up to carry out parallel computing. That
allows to observe a speed up of the algorithm and to use it in real-time applications [48].

For the next two methods, images were recorded and manually processed to extract
the tumor center of mass (i.e. the target position) and the region of interest (ROI) which
allows us to obtain a reduced image that contains the studied structure. The principles
are then different for the two methods.

The first one is based on a basic artificial neural network (ANN) with 3 layers
(input, hidden and output layers). The input layer corresponds to the images at each
moment. The output layer consists of two neurons for the x- and y-position of the target
tracking. A ROI (Region of interest) around the target is used as explained above so that
we do not have to focus on the whole image. The problem is dimensionally reduced thanks
to Principal Component Analysis (PCA) and the learning is made thanks to a regression
model and some specific activation functions. The results for this technique are good for
regular breathing but less so for more irregular patterns [11].

The template matching algorithm (TM algorithm) is based on a template and an
image comparison metric. The metric used is the cross-correlation. The aim is to find the
best location of this template in the image by looking at different "viable" locations. A
starting ROI size is 10x10 pixels2. The position of the target at time 0 is identified manually
as explained above. For consecutive times and frames, the template is moved in a search
window of 25 pixels in each direction from the optimal position in the previous frame. In
order to compute the optimal offset, the cross-correlation is computed between the image
and the template. The point in the image with the highest correlation value defines the
optimal offset. This process is repeated in consecutive slices to determine the offsets and
therefore the positions at each time step. A multigrid search can be added to the algorithm
to fill in some drawbacks. This allows a better resolution and a search in a smaller window
around the maximum correlation point. Taking into account that the diaphragm has a very
good correlation with the movement of the target, a correlation value of more than 0.7 is
often expected. When this value is not exceeded, an estimate from a linear regression can be
computed. The performance found with this algorithm is very good in all types of breathing,
which leads to low tracking errors and thus to a very good real-time tracking algorithm [11].

A method based on image correlations was investigated for 3D motion tracking in
real-time 2D MRI series. The idea is to use a 3D image by resampling it to generate
a series of 2D slices with the same orientation, slice thickness and pixel size as in the
real-time 2D MRI image series. The goal is then to associate each real-time image with
split 3D images with the highest normalized cross-correlation. This selection then allows
to quantify the position of the tracked structure. This method was first tested on the
position of blood vessels and could be used in cases where the tumor is not very visible on
the MRI image as we could look at the position of adjacent structures. [10]
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A new approach tracks the motion on 2D fast MRI images using manually placed trackers
and transfers the tracked motion in real-time on a sequence of 3DCT images. Before the
treatment, a patient specific motion model is computed using a 4DCT. Then, each tracker
placed on a tissue border (the diaphragm for example) gives a breathing phase relative
to the motion model. These information are then used to combine multiple deformation
fields to match the breathing state at each local point, and interpolate the deformation in
between. If used on a partial image, this can be fast enough to be applied in real-time
during treatment. [14], [12].

Once again, this list of methods is not exhaustive. A lot of other methods exist.

3.4 Use of Kalman filter
Kalman filter is a robust algorithm that uses the measurement and inaccuracies to estimate
the different states of the system. This algorithm takes benefit of the data given, knowing
that there is noise and thus inaccuracy, to predict unknown values with more precision.
This can be interesting in a lot of domains. At the beginning, this was thought for the
application in spacecraft navigation such as positioning of GPS but its simplicity of applica-
tion makes it easy to apply to many different fields. Indeed, this was already used in orbit
calculation, target tracking but also in sensor data fusion, microeconomics, to predict stock
prices, in instrumentation, demographic modelling, manufacturing, fuzzy logic and neural
network training. This algorithm was also used in the medical field for the processing of digi-
tal image, tumor tracking, pattern recognition, image segmentation and edge detection [34].

A paper proposes an intermittent Kalman predictor to track tumors. The principle
is to take measurements at no equally spaced intervals of time to focus on the times
when the information contained in the measurement will be most useful for the prediction.
It thus needs an adapted Kalman predictor which is compared to the regular Kalman
predictor. The performance is improved since the root mean square position estimation
error has decreased of 9.8% with the intermittent Kalman predictor [4].

Another paper studies the improvement that prediction can have on the treatment accuracy.
It compares the performance with a linear prediction, with a neural network prediction
and with a Kalman filter against a system without prediction. This analysis was made
on 14 patients with an amplitude tumor movement of more than 4 mm. It uses an order
between three and five for Kalman filter state vector to predict a 3D marker position. The
conclusion states the relatively worse performance of the Kalman filter predictor compared
to linear and ANN predictors. This low performance is expected to come from the small
amount of data given to the algorithm [45].

The major drawback of Kalman filter is thus that it needs a certain knowledge about
the system: the model that represents quite well the dynamics of the system we want to
predict, and the measurements to have a precise prediction.

Despite this, it is used a lot to determine the location of an object in an image se-
quence over time, for example, tracking cars, the head of a computer user with a web-cam
or to find the corners of an object in space. The approach to track an object in an image
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was explained in [20] where the first guess is to look into a region centered around the
previous known position of this object. Unfortunately, poor results can be found with
another technique if the object moves outside this ROI. The goal is thus to look into a
region centered around a more robust prediction of the center of the object. This prediction
will still take into account the measurements already made knowing that they are noisy.
Indeed, there are a lot of variabilities including object position, variation in brightness,
and partial or full occlusion of the object which makes the position (measurement) more
noisy. In this paper, three methods of prediction are compared: "no prediction" (the
prediction is the last position measured), simple prediction (considering a movement in
the same direction from one time step to the other) and a Kalman filter. The simple
prediction method does not take noise into account while the Kalman filter can handle this
kind of drawbacks. The results show the average prediction error of less than one pixel
for all methods and states that depending on the model chosen, Kalman filter does not
always have the best performance. Indeed, the results of the Kalman predictor and their
accuracies strongly depend on the model chosen. Indeed, even though the kalman filter is
very robust, a good choice of model can drastically increase the performance. For example,
the simple prediction method is more accurate with a constant velocity model while the
Kalman filter clearly outperforms the other predictors with the constant acceleration one.
Nevertheless, the Kalman prediction method takes longer to recover from initial errors
and thus needs a bit more time to give good results. This will also be observed in this work.

The Kalman filter is used for linear system models whether in the equation of state
or measurement. Unfortunately, most systems, most behaviours are nonlinear in real
life and the filters can try to adapt to this reality. This is why different versions of this
famous algorithms have been thought for nonlinear systems. One example is the Unscented
Kalman filter or the Extended version of the Kalman algorithm which can be used
to predict respiratory motion in order to localise thoracic and abdominal tumors. Indeed,
this kind of filter allows the system to have nonlinear state equations that represent
the dynamics of the movement. The technique is here to linearize the model around an
estimate of the current mean and covariance. The model on which Kalman is based here
is the local circular motion model (LCM) that represents the natural evolution of
the breathing pattern in a 2D space instead of one. In the paper, they use the first and
second-order Kalman filters and try different predicting schemes. The result found is that
the first-order extended Kalman filter was the most accurate for a sampling rate of 5 Hz
and 0.5 s of prediction [30].

Other challenges have been taken up on fluoroscopic images acquired thanks to a fast-kV
switching real-time fluoroscope using a dynamic thorax motion phantom. Indeed, the
goal is to track a tumor even when it is occluded by another structure like bones, ribs or
spine. The tracking is applied to a lung tumor on which a combination of TM and
an extended kalman filter were used. This leads to the use of a Kalman filter to
estimate the position of the tumor especially when the TM is not working in an efficient
manner. In the paper, three different modelisation strategies were tried, applied and
compared using different representations of the different states such as position, velocity,
acceleration and spring motion. The performance greatly depends on the choice of the
initialization parameters and the dataset was mirrored and duplicated as Kalman needs
a certain amount of knowledge to work properly. The conclusion states that the physics
representation with the spring motion gets the best performing results with an average
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root mean square error (RMSE) of 0.44 mm which considerably improves the results of
the TM alone since the mean RMSE was of 1.81 cm for a sampling rate of 1 Hz [37].

3.5 Segmentation algorithm
In the domain of biomedical image processing, image segmentation is an important step
to localize the different structures. Being able to contour the tumor automatically and in
real-time can improve real-time adaptative radiotherapy, in particular in the context of
mobile tumor [18].

In the medical context, different segmentation methods are used and differ by their
principle. One type of method is based on thresholds [36]. They are used when the
region to segment has a distinctive quantifiable feature (e.g. image intensity or gradient
magnitude). This region is then found by selecting the pixels whose value is in a certain
interval. For example, the Otsu’s method determines the threshold using the pixel
histogram [36]. The threshold-based methods are divided into three categories: edge-based,
region-based and hybrid methods. Among the edge-based methods, there are the Canny
edge detection algorithm, that will be explored in this work, Sobel edge detection
and Laplacian edge detection algorithms. Because the boundaries are not always
clearly defined on medical images, these algorithms are generally not used alone but as
a pre-processing step. Region-based methods, such as region growing algorithm, are
used when the region of interest is homogeneous. The principle is to search pixels with
similar feature values to form the region of interest. There are also the methods known
as hybrid ones. That includes the watershed algorithm in which grayscale values are
considered as reliefs and the gradient magnitude as elevation. The watershed lines are
defined by the pixels with local maximum gradient magnitude. The pixels enclosed by the
same watershed lines define a region. The problem with this algorithm is that it suffers
from noise present in the image and tends to segment more objects than needed.

A second type of segmentation is based on clustering and these are the most popu-
lar techniques for medical image segmentation. Theses techniques are composed of two
types of algorithms: supervised and unsupervised ones. Among the supervised classifica-
tion techniques, we found the k-nearest neighbour classifiers (kNN), the maximum
likelihood algorithms, the supervised ANN, the support vector machines (SVM),
the active shape models (ASM) and the active appearance models (AAM). As
example, the study [28] implemented a deep learning model with U-net architecture to
segment tumors on MRI images. To train the model, they trained a generative adversarial
network that allows to form a MRI image based on a CT scan because of the lack of
MRI images dataset. The resulting Dice coefficient was around 0.75. The unsupervised
techniques include the C-mean algorithm (CM), the fuzzy C-means (FCM), iterative
self-organising data analysis technique algorithms (ISODATA) and unsupervised
neural networks. FCM is the most used for medical applications. There are also tem-
plate matching algorithms and atlas-guided algorithms that are frequently used for
medical image segmentation [36]. It is the case of [18] that use a multi-template matching
algorithm (MTM) to segment the primary lung tumor on fast 2D cine MRI in six locally
advance lung cancer patients. The principle of this algorithm is the following: the smallest
rectangle containing the tumor is found in the current image. This cropped image is then
compared with the images of the training set. The one with the highest cross-correlation
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is found and the contour of this image defines the current contour. In this study, they
did a comparison on MRI images with three other algorithms and found that MTM algo-
rithm has a better Dice coefficient and that the contour is found quicker, it takes about 1 ms.

A last type of segmentation is based on deformable models. Those are more flexible
and can thus be used when the contour to segment is more complex. They are composed
of two types of models: parametric and geometric models. The principle of parametric
methods is the minimization of a moving equation for the contour that can be derived
through energy function or dynamic forces. The minimum is reached at the boundaries
of the region to segment. The most known energy function is composed of the internal
and external energies. The internal energy is defined by the geometric properties of the
contour (length, area, curvature) and the external energy contains the image information
[36]. An example of parametric model is the snake. The problem with such method is
that it is very sensitive to initial conditions and the contour may stop at a local minimum.
Geometric models are based on the level set method. This method allows to track an
evolving contour. The evolving contour is represented by a level set function and the final
contour by the zero level set [36]. This evolving contour deforms with a speed that depends
on the contour curvature and image features. It is comparable to the internal energy. In
addition, there is another image term that allows to stop the contour at the right position,
i.e. the zero level set. Algorithms based on geometric deformable models are more robust
against noise and initial condition. However, as for the snake, some information about the
position of the target contour is needed because the initial level set must be close to it [23].

4 Masterthesis outline
In this first chapter, the medical context and the states of the art have been introduced.
In the next chapter, the method and the materials used to achieve the objective of the
masterthesis will be explained. After that, the results obtained will be discussed. Finally,
a conclusion will be outlined.
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Chapter 2

Method

As mentioned earlier, the method is composed of three steps: a 2D approximation of
the tumor with an ellipse, a prediction algorithm and a segmentation algorithm. Lastly,
the goal is to combine the prediction and segmentation algorithms in order to obtain an
independent technique, i.e. an algorithm that expects human initialization but which does
not need the help of human intervention once it is launched.
Indeed, predicting the tumor allows to take a decision about the tumor for the predicted
time step. Once the image corresponding to this time step is acquired, the precise contour
of the tumor is found using the segmentation algorithm in order to minimise the treatment
error, i.e. to alleviate over- and under-doses.

1 Ellipse approximation

Figure 2.1: Representation of the x
(in green) and y direction (in blue).
The center of the tumor (X, Y ) is
shown in red.

Tumors can have many variable shapes and thus
have complex contours. To simplify the contour, it
is approximated by an ellipse as shown in Figure
2.2(c). An ellipse is characterized by five parameters
as represented in Figure 2.2(a): the center in x and
y coordinates (X, Y ), the large and small half-axes
a and b, and the angle of rotation α. The position of
the tumor is described using the image coordinates
as a reference system.

The center in x and y coordinates is first deter-
mined to construct the ellipse because tumors, when
tracked, are most of the time reduced to their center
of mass [8]. On both the x and y axis, the mean of
the minimum and the maximum value (cf. Equation
(2.1)) of the contour pixel coordinates is taken. This
allows to understand how the tumor moves horizontally (x direction) and vertically (y
direction) over time. The direction of both movements is represented in Figure 2.1.

X = xmin + xmax

2 Y = ymin + ymax

2 (2.1)
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1. ELLIPSE APPROXIMATION

Figure 2.2: (a) Representation of the ellipse with the five parameters: the center in x − y
coordinates (X, Y ), the large and small half-axes a and b, and the angle of rotation α. (b)
Representation of the four quadrants. (c) Ellipse approximation of the tumor with the five
parameters (Y, X, a, b, α) and the most distant point (Xmax, Ymax) for P1S at t = 0.4 s.

Secondly, to determine the large half-axis a, we tried two methods namely the PCA and
the most distant point method.

Figure 2.3: Projection of the contour
points to find the axis with the maxi-
mum variance [33].

For the first method, a is found using the PCA.
This technique is used to find a new coordinate
system where variables are decorrelated and can
let know the principal components that keep the
most information (cf. Figure 2.3). The principal
components are thus uncorrelated variables that
are linear combinations of the initial ones. The
first principal component is such that the vari-
ance in the projected data is maximized [33].
In our case, we can thus find the biggest axis of
the ellipse by finding the axis on which the projection of the ellipse points are the most
spread, i.e. the first principal component. All points are then projected on this axis in
order to find the length of the big axis.

For the second method, a is build using the most distant point (Xmax, Ymax) (cf. Figure
2.2(a)) of the contour from the center. To determine this point, the distance between the
center and all contour points is calculated. The maximum distance corresponds to a and
the corresponding contour point is (Xmax, Ymax). As we suppose that the tumors do not
rotate more than 90◦ with respiratory motion but are only deformed, the most distant
point is always situated in the same quadrant of the ellipse for all time steps. Therefore,
we first determine this point on the first image (t = 1) and the quadrant in which it is
situated. For the remaining images, the most distant point from the center (Xmax, Ymax)
is selected only among the points situated in the right quadrant.
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1. ELLIPSE APPROXIMATION

Figure 2.4: Projection of the contour
points (in white) to find the length of
the axis b (in blue).

To find the quadrant, the coordinates of the first
distant point are used. By defining the center
of the ellipse as the origin point, we can pose
the four different quadrants by plotting both
axes. The quadrants are represented in Figure
2.2(b).

For both methods, the small half-axis b
is defined by taking the line perpendicu-
lar to a and by passing through the cen-
ter. All the points of the contour are
then projected on this perpendicular line
and the distance between the most distant
point and the center determines the length
of the axis (cf. Figure 2.4 for a representa-
tion).

The angle of rotation α is computed based on trigonometry as given by the equation (2.2):{
α = arccos(Ymax

a
) if (Xmax, Ymax) ∈ {QI,QIII}

α = − arccos(Ymax

a
) if (Xmax, Ymax) ∈ {QII,QIV} (2.2)

where a is the large half-axis and Ymax the y-coordinate of the most distant point of the
contour from the center.
The parameter α is thus defined as the angle between the horizontal and the big axis as
shown in Figure 2.2(a). Depending on the position of the most distant point, the definition
fo the angle of rotation is different following the quadrant considered (cf. equation 2.2)
since we always define the angle positive to construct the ellipse.
As the angle of rotation depends on the big axis direction, it is thus different for both
methods since the axis are defined differently. The PCA method is expected to better
represent the distribution of the contour pixels in space. However, it may occur that the
tumor is not entirely contained in the ellipse contour as we will see in the Chapter 5.
Indeed, this method finds the axis with the highest variance and does not ensure that this
axis passes through the most distant point. This can lead to the exclusion of this point
from the ellipse. On the contrary, this point (Xmax, Ymax) is always included in the ellipse
when using the most distant point method.

An example of a tumor approximated by an ellipse is shown in Figure 2.2(c).

Noise Once the values of the ellipse parameters are found at each time step, their
variation over time, namely for simplicity the trajectories zi(t), can be computed to obtain
the raw data z(t) := (zi(t))5

i=1 where zi(t) represents one ellipse parameter at time t (index
i = 1 and 2 for the y and x coordinate of the center, 3 and 4 for the length of axes a and
b and 5 the angle of rotation). On each zi(t), a Gaussian noise of variance σ2

n is added to
represent the noise present in the data, the noisy data yi(t) are obtained. As a result, we
assume the noise on the different parameters to be independent. To determine a consistent
value of σn, we found that the signal to noise ratio (SNR) of a FISP MRI image is around
30.6 ± 20.1 [25]. As the SNR of an image is defined as the ratio of the mean value of
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the signal and the standard deviation of the noise (SNR = SI
σn

where SI is the Signal
Intensity and σn is the standard deviation of noise), we can estimate the noise variance
of the images. The noise variances for each image are summarized in Table 2.1. A mean
noise variance of 0.549 are used and an analysis of the performance depending on the value
of this noise will also be conducted. This value seems coherent as it is possible that the
ellipse parameters vary from one or two pixels. For the angle α a smaller value is used.
We assume the angle to be sure with a marge of 0.4 radians, less than for the four other
parameters. Indeed, their value goes from 0.6 to 1.1 radians as the value of X position
goes from -4 to 3 mm for example for one patient. This amplitude of trajectory variation
is summed up in Table 5.1 and explains the reduction of noise for α for all patients.

Patient view 1C 1S 2S1 2S2 2S3 3C 3S
Noise variance 0.897 0.671 0.167 0.162 0.180 1.189 0.577

Table 2.1: Variance of the noise added on the raw data for each patient and view.

2 Prediction models

Figure 2.5: Diagram showing the three
steps to reach the objective of the mas-
ter thesis.

After approximating the tumor with an ellipse,
the next step is to predict the position of the
tumor based on the five parameters of the ellipse
(Y, X, a, b, α) = (y1, y2, y3, y4, y5). yi represents
the noisy measure of one of the ellipse parameter.
As it is a complex problem, it is divided into
several subproblems. First, the center position
of the tumor in both coordinates (X, Y ) is pre-
dicted. After that, the algorithm is extended
to the prediction of the axes a and b as well as
the angle of rotation alpha. The last step is to
add the axis a, b and the angle of rotation α.
This will give us a set of 5 variables to predict at
each time step to be able to reconstruct an ellipse.

To perform the prediction, the trajectory is modelled using two kinds of technique. First,
it is modelled by a simple sinusoid of the form given by the equation (2.3). Second, the
prediction of the trajectory can be set with a Kalman filter. To do that, we need to model
the system we are studying with a form such as equation (2.6). The unknown matrices
can be found analytically (using mathematical tools, assumptions and intuition to find
the general structure of the matrices) or with an identification toolbox.

2.1 Sinusoidal model
Mobile tumors, such as liver tumors, have a movement that depends on the respiratory cycle
[13]. One of the ellipse parameter zi with i = 1, ..., 5 at time t can firstly be approximated
by a sinusoidal model of the form 2.3:,

ẑk = A sin(ωtk + ϕ) + d + b(t) = A sin(ωt + ϕ) + d (2.3)
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where ẑk is the estimation of the real trajectory at time step k, A is the amplitude, ω is
the angular frequency, ϕ is the phase shift, d is the vertical shift and tk is the time of the
time step k. b(t) is the noise that can be caused by measurement and is considered to be
a Gaussian noise with a zero mean. Since it is an estimation, we take a mean and this last
parameter b(t) is put to 0. The other parameters need to be determined to construct the
model.

2.1.1 Parameters determination

The frequency is firstly obtained by applying the Fourier Transform on the trajectory and
taking the frequency with the highest amplitude. After that, the remaining parameters
are identified.

To determine the amplitude, the period T is calculated thanks to the frequency f (f = 1
T

).
On each period, the difference between the maximum (in green in Figure 2.6) and the
minimum (in red in Figure 2.6) is computed. The half mean of these differences defines
the amplitude A (in blue in Figure 2.6).

Figure 2.6: Representation of the method to deter-
mine the amplitude A.

For the vertical shift, the method is
quite the same except that, instead of
taking the difference on each period,
the mean between the maximum and
the minimum is taken. The mean
determines the vertical shift.
For the phase, the time at which the
first maximum occurs t∗ (in purple
in Figure 2.6) is obtained relatively
to each period and the mean time is
taken. The phase is then defined as
π
2 − ωt∗ with t∗ the mean time at which the maximum occurs on a period.

2.1.2 Model construction

After obtaining the four parameters, the sinusoidal model can be constructed and can be
used to predict the position of the tumor.
One first idea is to find these four parameters on a training set and then to apply the
sinusoidal model on the rest of the data called the testing set. This gives birth to a
continuous sinusoidal signal that represents the position of the tumor in time as shown in
Figure 2.7. With this approach all time steps can be determined without any updates of
measurement.
However, due to irregularities in the breathing pattern, a perfect sinusoidal signal is not a
realistic prediction for a very long time. It is thus interesting to update these parameters
over time using the data acquisition.

2.1.3 Model update

To predict the parameters, the measurements of n periods T are used. First, the period is
thus identified using a certain number of samples called the training set. After that, the
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four parameters are updated at each time acquisition tk using the measurements acquired
on the n previous periods as represented in Figure 2.7. These parameters A, ω, ϕ and d
are used to construct the sinusoidal model that predicts the position of the tumor at step
k + h. The predicted position being defined as

ẑk+h = A sin(ωtk+h + ϕ) + d|kk−(n∗T ) (2.4)

Where tk+h is the time of the time step k + h and h is the prediction step, i.e. the
time step at which we want to predict. Because the results of the prediction were not
sufficient, another definition of the predicted position has been used. The article [50] states
a method of adaptative sinusoidal model prediction. For that, it is possible to define the
parameters of a classical model on a certain number of data (that could be a period):
zmodel(t) = A sin(ωt + ϕ) + d|tt−(n∗T ). This represents the model that will be used to predict
the trajectory at future time steps. The method here evaluates this model at the predicted
time but also at the actual time. This is added to the real measure at the actual time.
This gives:

ẑk+h = yk + (zmodel(tk+h) − zmodel(tk)) (2.5)
Estimating the prediction error of zmodel by testing it on data we already have enables to
take into account the precision of the prediction model. Indeed, the error of the prediction
at time step k (yk − zmodel(tk)) is added on the prediction. In the article mentioned, this
method seems to work properly on both regular breathing pattern and irregular ones. This
will also be tested in our work to evaluate its performance.

Figure 2.7: Scheme of both methods adopted. (a) Ideal sinusoidal model. (b) Model
update based on one period.

2.2 Kalman filter model
2.2.1 Explanation of the algorithm

The Kalman filter was first developed in 1960 by R.E. Kalman. It allows to predict how a
system is going to change by taking into account that measurements are noisy and that
the system is completely known but stochastic. We can imagine a system that represents
the movement of a tumor, and thus the dynamics of one, two or the five parameters
representing the ellipse. The following notations are introduced: xk is the state vector at
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step k while yk is the measurement vector at step k and zk is the noisyless trajectories at
step k. This vector in our thesis will have a size of 1, 2 or 5 to find the dynamics of the
vertical movement of the tumor only, the position in x − y coordinates of the tumor center
and the dynamics of the ellipse movement respectively. We can thus pose:

yk :=


yk,1 If only the vertical movement is considered
(yk,i)2

i=1 For the vertical and horizontal movement of the tumor center
(yk,i)5

i=1 For the ellipse movement.
With some assumptions of linearity and Gaussianity, the system can be defined as:

xk+1 = Axk + Buk + wk

yk = Cxk︸ ︷︷ ︸
zk

+Duk + vk (2.6)

with
E
[(

wk

vk

)(
wT

k vT
k

)]
=
(

Q S
ST R

)
=
(

Q 0
0T R

)
≥ 0 (2.7)

where xk ∈ Rn, uk ∈ Rnu , wk ∈ Rn, yk ∈ Rny and vk ∈ Rny are the system state,
input, process noise, system output (measurement state) and output measurement noise
respectively; and nu, ny and n are defined as the number of different inputs, the number
of output data (in this paper it will always be comprised between one and five for the
different parameters of the predicted ellipse) and the order of the system respectively. The
process noise is assumed to be normally distributed with mean 0 and variance Q and the
measurement noise to be normally distributed with mean 0 and variance R. So we have
wk ∼ N (0, Q) and vk ∼ N (0, R). With the general system matrices being:

• A ∈ Rn×n the transition matrix

• B ∈ Rn×nu the command matrix

• C ∈ Rny×n the observation matrix

• D ∈ Rny×nu the direct action matrix

The equation (2.6) represents the dynamic of a general system. That explains the presence
of the input, which is not the case for our system. However, we will see later that an input
will be needed for the good functioning of the system identification toolbox.

Those quantities are all real given that all trajectories and measures of parameters are
real.

The principle of the Kalman algorithm is to compute x̂k|k := E
[
xk|Zk

]
and x̂k+1|k :=

E
[
xk+1|Zk

]
recursively where Zk denotes (yT

k , uT
k , ..., yT

0 , uT
0 ). To this end, the algorithm

passes through the prediction-update steps iteratively as shown in Figure 2.8. It computes
iteratively the estimate of the state x̂ and the filter error covariance matrix P .
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2. PREDICTION MODELS

1. The prediction step: predicted state and predicted MSE equations

x̂k+1|k = Ax̂k|k + Buk, x̂0|−1 := x̄0
(2.8)

Pk+1|k = APk|k−1A
T + Q − APk|k−1C

T (CPk|k−1C
T + R)−1CPk|k−1A

T , P0|−1 := P0
(2.9)

2. The update step: update and MSE equations

x̂k+1|k+1 = x̂k+1|k + Kk+1[
Estimate state error︷ ︸︸ ︷
yk+1 − Cx̂k+1|k] (2.10)

Pk+1|k+1 = Pk+1|k − Kk+1CPk+1|k (2.11)

Figure 2.8: Representation of different steps of the Kalman filter.

From this we can extract the Kalman gain equation:

Kk+1 = Pk+1|kCT
(
CPk+1|kCT + R

)−1
(2.12)

We can also define Ck, the noise covariance:

Ck = E
[
ekeT

k

]
= CPk+h|kCT (2.13)

where ek := zk − ẑk.

The goal is to predict the trajectory some times in advance. In order to do that, we can
use the Kalman filter theory and develop the optimal h-step ahead predictor [1]. This
means that the quantity wanted is the optimal E

[
xk+h|Zk

]
for h > 0. For each state we

have:
xk+h = Axk+h−1 + Buk+h−1 + wk+h−1
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As we are looking for a predictor, we can develop and use the noise assumption on {wk}:

x̂k+h|k = E
[
xk+h|Zk

]
= AE

[
xk+h−1|Zk

]
+ Buk+h−1

= Ax̂k+h−1|k + Buk+h−1

By repeating this step h times to express x̂k+h|k as a function of x̂k|k, the estimation based
on observations, we have:

x̂k+h|k = Ahx̂k|k +
h−1∑
l=0

Ah−1−lBuk+l (2.14)

To obtain the prediction of the measurement at h time steps (ẑk+h|k) instead of the
prediction of the state (x̂k+h|k), we can do the following operation:

ẑk+h|k = E [zk+h|Zk] = CE [xk+h|Zk] = Cx̂k+h|k = C

(
Ahx̂k|k +

h−1∑
l=0

Ah−1−lBuk+l

)
(2.15)

We can obtain the covariance matrix of those estimation prediction at h time steps by
having the same reasoning:

Pk+h|k = E
[
(xk+h − x̂k+h|k)(xk+h − x̂k+h|k)T

]
= E

[(
A(xk+h−1 − x̂k+h−1|k) + wk+h−1

) (
A(xk+h−1 − x̂k+h−1|k) + wk+h−1

)T
]

= APk+h−1|kAT + Q

= AhPk|k(Ah)T +
h−1∑
l=0

AlQ(Al)T (2.16)

2.2.2 Explanation of the model

To be able to use the Kalman filter to predict a future trajectory, a model is needed. The
model must represent the trajectory of the different parameters of the ellipse. This model
can be obtained by two means; analytically or based on input-output measures. This last
technique will be prefered when the system becomes too complex and when there is too
much unknown parameters in the model. The different steps are represented in Figure
2.9. We start from the raw data (cf. Chapter 3) that represents the real trajectory of the
tumor. On this data, we add a gaussian noise to represent the uncertainties related to
noisy measurement from noise image and ellipse bad approximation. The noise added has
a Gaussian distribution to respect the hypotheses of the Kalman filter. After that, we
divide this noisy data into three sets: training, evaluation and testing sets. The training
set allows to train the model. It is composed of 60% of the data set. On this part of
the dataset, we consider that the real noisyless trajectory is known. The validation set
is used to choose the hyperparameters, i.e. the system order that have the best results
(the smallest error of prediction). It is composed of the 20 following percent of the data.
Finally, the testing set is reserved to judge the real performance of the specific parameters
chosen on new data. It is composed of the last percents of the data. On the two last sets,
we can compare the predicted trajectory with the real data and evaluate the performance
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of our prediction methods. This also allows to identify the presence of overfitting. We
apply this technique on all datasets and since one dataset corresponds to one patient, the
approach is considered to be patient specific.

Two functions have been implemented. The code was based on one found in [19] that was
adapted for our work. Indeed, we add the h-step ahead predictor step to the approach. The
code is using two main functions, one for predicting, one for filtering. The filter function
computes all important quantities such as the estimated state and covariance matrix by
passing through the residual. These steps are based on the equations mentioned above.
The prediction function returns the time associated to each estimation, the prediction
computed thanks to equation (2.14) and the RMSE of this prediction.

Figure 2.9: Representation of different steps of the prediction using Kalman filter.
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2.3 Analytical model
2.3.1 One parameter model

One can first try to compute the model analytically for one parameter, i.e. the vertical
position y1 of the center of the tumor. Indeed, it is the parameter that is the most influ-
enced by the respiratory motion as shown by the standard deviation of the y amplitude
(c.f. Table 5.1).

The model can be represented as equation (2.6). To find the unknown parameters
(the elements that compose the matrices), several assumptions are made and different
conditions are used.

The first step is to determine the matrix A.

• We assume that the vertical motion induced by the respiration is periodic. To be
able to obtain an oscillating trajectory, a 2D model is considered as given by the
equation (2.17). (

x1,k+1
x1,k+2

)
=
(

A11 A12
A21 A22

)(
x1,k

x1,k+1

)
+ wk (2.17)

with wk ∈ R2, the process noise. Indeed, a linear 1D model can not give birth
to a periodic solution but only to an exponential trajectory. Indeed, y is a linear
combination of the states x thanks to the matrix C. A 1D continuous model can
only give: ẋ(t) = Ax(t) → x(t) = KeAt which is exponential while a 1D discrete
system can give: xk+1 = Axk → xk = Akx0 which gives an exponential growth or
only decay for the solution.

• To obtain a periodic movement, the singular values λ1,2 = a ± bi of the matrix A
need to have a modulus equals to 1. This is because the singular values of a discrete
model must be situated on the unit circle so that the model is periodic [47].

| λ1,2 |=
√

a2 + b2 = 1

• In addition, based on the equation (2.17), we know that A12 = 1 and A11 = 0. Which

already gives A =
(

0 1
A21 A22

)
.

• Moreover, it is known that the sum of the singular values must be equal to the trace
of the A matrix.

λ1 + λ2 = trace(A) = A11 + A22 = 2a

• The product of the singular values equals the determinant of the A matrix.

λ1λ2 = det A = A11A22 − A21A12 = (a + bi)(a − bi) = a2 + b2

By combining these conditions, we obtain the following matrix:

A =
(

0 1
−1 2c

)

Only one parameter c remains undefined. To find a value that models as well as possible
the system, we try a value proportional to the frequency of the trajectory because we want
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to model a periodic signal. The training set can be used to find the value of c.

We then assume that the system is free, i.e. without input. Indeed, the movement
of the tumor does not depend on an external input as it is due to the respiration. The
matrices B and D are thus null: B = 02×1, D = 0.

After that, because we want to observe the state x1,k+1 and to simplify the system
as much as possible, we define the matrix C as

C =
(
1 0

)
This allows us to give a sense to our states since we link them directly to the measurements.
This will ease the following reasoning.

The matrix Q, the state covariance matrix, wk ∼ N (0, Q)), is related to the impre-
cision of the model and is a covariance matrix which is thus positive-semidefinite and
symmetric. Moreover, since our observability matrix C is

(
1 0

)
, the state x1,k+1 repre-

sents the vertical position. We can thus deduce and construct this matrix Q based on the
information contained in the measures. Since the two states represent the vertical position
one step apart, they have the same information content and the diagonal of Q has the
same value q. Finally, we suppose uncorrelated noises.

Q =
(

q 0
0 q

)

Based on its definition, q is determined by simulating the model and obtaining y =

C(Ax) + v with x =
(

x1,k

x1,k+1

)
, and by taking the variance of the difference between the

output of this model and the real trajectory: q = V ar(y − z) with z the real noisyless
trajectory and y the simulated output from the model.

The matrix R, which is the input measurement noise (vk ∼ N (0, R)), is here a one
by one, so a real as the number of output is 1. In the same way as Q, it is the covariance
matrix of a Gaussian noise and it is thus positive-semidefinite and symmetric. It is defined
as R = σ2

n ∈ Rny×ny as it gives the uncertainties on the measures. This includes the noise
in the image that we might try to estimate since the measures are done using a MRI
scanner. The value of σ2

n is taken as 0.549 as explained previously in Section 1 of this
Chapter.

The matrix P0 (x0 ∼ N (x0, P0)) gives information about the uncertainties of the ini-
tial state x0. As Q and R, it is a covariance matrix and is thus positive-semidefinite and
symmetric. We consider here that it corresponds to the measurement noise since our
states correspond in a physical sense to the vertical position and thus the initial state is a
measurement. The value is here P0 = RIn.

2.3.2 Two parameters model

We then tried to find a model analytically to represent the dynamics of two parameters:
the vertical y and the horizontal x positions of the tumor center.
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The model is represented by the same equation as the one parameter model (cf. equation
(2.6)). Again, we need to make assumptions and use conditions to find the unknowns.

To find the matrix A, the following known information is used:
• Because the horizontal motion of the tumor induced by the respiration is assumed

to be periodic such as the vertical motion, a 4D model represented by the equation
(2.18) is considered.

x1,k+1
x1,k+2
x2,k+1
x2,k+2

 =


A11 A12 A13 A14
A21 A22 A23 A24
A31 A32 A33 A34
A41 A42 A43 A44




x1,k

x1,k+1
x2,k

x2,k+1

+ wk (2.18)

With wk ∈ R4, the process noise. The 4D model is the combination of two 2D
models, each one representing one of the movement. It is interesting to mention that
it would be possible to obtain two periodic movements using a 2D model represented

by
(

x1,k+1
x2,k+1

)
= A

(
x1,k

x2,k

)
. Since it is a 4D system, we have 4 eigenvalues denoted:

λ1,2,3,4.

• In order to have a periodic motion, the singular values of the matrix A must have a
unit modulus in the same way as the one parameter model. We assume that there
are two double eigenvalues with modulus 1 since we want to obtain two periodic
trajectories. We consider thus the eigenvalues to be noted as: λ1,2 = a ± bi and
λ3,4 = c ± di.

|λ1,2| =
√

a2 + b2 = 1 |λ3,4| =
√

c2 + d2 = 1

• Based on the equation of system (2.18), it is trivial that A11 = A13 = A14 = A31 =
A32 = A33 = 0 and A12 = A34 = (a2 + b2)(c2 + d2) = 1

• The conditions on the eigenvalues are the same as the ones used for the one parameter
model:

λ1 + λ2 + λ3 + λ4 = trace(A) = A11 + A22 + A33 + A44 = 2(a + c)

λ1λ2λ3λ4 = det(A) = A23A41 − A21A43 = 1

Combining all the information, we obtain the following matrix:

A =


0 1 0 0

A21 A22 A23 A24
0 0 0 1

A41 A42 A43 A44


Even when using all the conditions, a lot of undefined parameters remain. We can either
assume that both systems can be separated and are independent, which gives two systems
as the one parameter (with A23 = A24 = A41 = A42 = 0). However, this is a strong and
not realistic assumption as both movements are induced by the same respiration and are
thus correlated. In this last case, the eight unknown parameters stay unknown and this
becomes complicated to conclude. That is why we decide to use a system identification to
find the two parameters model and the five parameters model (the matrices of the system
of equation (2.6)).
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2.4 System identification
The system can be represented as equation (2.6). The different matrices and vectors have
each a defined role as already stated in Section 2.2 of this Chapter.

The goal of the system identification phase is to retrieve the principal matrices of the
system A, B, C, D, Q, R, x0 thanks to the study of signals. Those signals correspond to
the trajectories of the ellipse parameters extracted from the MRI images on which noise is
added as explained in Section 1 of this Chapter. They are given to the system identification
toolbox in order to identify a state-space model directly from input-output data. In a
sense, an input is not obvious in this context as we have only trajectories of output and a
free system. Indeed, the movement of the tumor does not depend on an external input as it
is due to the respiration. But an input is set here as it is required for a proper functioning
of the identification toolbox. To allow the use of an input, we can consider it is an affine
term that can be added without setting the system in an unstable state. We consider u(t)
as the delta function of value 0.1 at t = 0.4 s, like an offset term. The input signal must
be quasi-stationary [5] and must be persistently exciting of order minimum f + p, where
f and p stand respectively for future and past horizons. A delta function is persistently
exciting of order infinite since its spectrum is the constant function and any continuous
function can be written as an infinite sum of dirac delta. We also tested with u(t) equals
to a step function of amplitude 0.1 shifted to the right of one unit of time and u(t) equals
to a constant. We tested using these input functions but no prediction was obtained.
Once the model is obtained, a Kalman Filter is used to filter and predict the trajectory
as explained in the previous section. One must know that the system is unique up to a
similarity transformation (A′ = BAB−1, where A and A′ are similar matrices).

For this problem, Subspace Identification Methods (SIMs) are used since the goal is
to identify a state-space model. To identify transfer function models, Prediction Error
Methods will be prefered. To identify the state-space models, the subspace identification
algorithms are using N4SID, MOESP and CVA (which are traditional methods), or the
parsimonious methods [3].

An option was developed with those models to put the direct action matrix D to zero.
This can be useful for a system without a direct feedforward loop, so no direct relation
input-output is dressed. A certain knowledge of the system has to be known for this. If this
is not mentioned, the matrix D will be computed in the same way as the other command
and observability matrices. Moreover, the stability can be imposed thanks to a parameter
in the traditional method. This option is not possible for the parsimonious methods. The
stability implies that the norm of the eigenvalues is smaller than one and they lie in the
unit circle (they can be imaginary numbers). An extension of the observability matrix is
computed to impose the stability when the returned A is unstable. The command matrix
is not correct anymore since it is based on the previous A. It is thus recomputed too. This
process is still dangerous since it can lead to identification errors. Imposing stability or
reducing D to a null matrix is a consequent decision.

In this process, the D matrix values will be directly set to 0 and the stability will
be required. The reasons are the unexpected input so we assume the measures not to be
influenced by it. In addition, the unstability can lead to signals that explode in values and
grow very fast. The expected signals are for two of them periodic and the axes as well as
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the angle are measures that do not evolve exponentially. The stability is thus something
we expect.

2.4.1 SIMs methods

The SIMs methods can be applied on open-loop systems with input data independent of
past noise. These methods include N4SID, MOESP and CVA. Their general principle
consists of three major steps with sometimes a pre-processing phase. These are the
projection or regression, the model reduction, and the parameter estimation.

• The projection or regression is the step during which a least squares regression or
projection is performed to estimate one or several (up to f, the future horizons of
the system identification) high-order models.

• The model reduction is the process of reducing the order of the subspace. It gives
an estimation of the state of the system.

• The parameter estimation is the step of computation of the system general matrices
such as A, B, C, D, Q, R and S. By using the observability matrix of the reduced
system, we come to a solution [41].

The main differences can not only be stated between the traditional and the parsimonious
methods but also between the traditional methods themselves.

MOESP states for MIMO Output-Error State Space model identification approach. The
main point of that method is that it uses an QR factorization. This factorization is a
pre-processing step that decomposes a matrix into a product of an orthogonal and an
upper triangular matrix and allows to reveal its special structure (column or row). It
is sometimes followed by a Singular Value Decomposition (SVD), especially when the
acquisition is done with errors. The SVD consists of the factorization of the matrix into
a product of unitary matrices composed of the singular vectors and a diagonal matrix
containing the singular values. The last part is to find the solution of an overdetermined set
of equations. When a compatible solution can not be found, it is solved in a least squares
sense and it gives an approximate solution. The factorization is made on the matrix pair
made of the Hankel matrices U1,i,n (defined underneath) and Y1,i,n that are constructed
from the Markov parameters. Markov parameters are the impulse reponse terms of the
state-space model defined as h(n) = CAnB with n > 0 [27]. After the QR factorization,
the SVD is made on a matrix computed thanks to the Toeplitz cross covariance matrix Hi

defined as [51]:

U0|i−1 =


u0 u1 u2 · · · uj−1
u1 u2 u3 · · · uj
... ... ...

ui−1 ui ui+1 · · · ui+j−2

 , Hi =



D 0 0 · · · 0
CB D 0 · · · 0

CAB CB D · · · 0
... ... ... ...

CAi−2B · · · D


N4SID is noted for Numerical algorithm for subspace state space system identification. As
the MOESP algorithm, it uses QR factorization and the Singular Value Decomposition,
but here no Toeplitz matrix must be computed, which makes it numerically more stable.
Moreover, it is stated that this kind of algorithm is always convergent. Finally, a zero or
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non-zero initial state does not matter for this algorithm. The first step is to construct the
block Hankel matrix and to compute the QR factorization of this matrix. A subspace
is found from the projection of future outputs onto past and future inputs and past
outputs. Zi = Yi|2i−1/(U0|2i−1, Y0|i−1) and Zi+1 = Yi+1|2i−1/(U0|2i−1, Y0|i) where A/B :=
ABT (BBT )−1B. The necessary information is retained in those new matrices and they
are the basis to find the state space matrices. The SVD can be used to know the order as
it will correspond to the number of non-zero singular values of the matrix T . This last
matrix can be any rank deficient matrix for which the column space is the same as the
one of the observability matrix Γi:

Γi =



C
CA
CA2

...
CAi−1


The last step is to determine the system matrices in a least squares sense thanks to the
different decompositions made. A and C are determined immediately and B and D follow
them. The covariance matrices are determined thanks to ρ, the residuals of the least square

solution. 1
j
(ρρT ) ≈

(
Qs Ss

(Ss)T Rs

)
. The variable i corresponds to the number of data and

as i grows larger, the approximation error grows smaller. For deterministic subsystem, the
parameters can be guessed exactly while for stochastic system, an approximation can be
computed. However, for infinite i, the stochastic subsystem can be determined exactly
[39].

CVA is the acronym of Canonical Variate Anlaysis and is the third traditional method
we have tested and we explained. The state corresponds to the Markov state of process.
The first step of this method is to determine the canonical states of the process and by
selecting the first n ones, an optimal state for a model of order n is thus found. This
step allows to reduce the order state. A simple regression can then be used to obtain the
state equation. The difference is made between this method and the others in the order of
the processes. CVA can also be used and can perform when the order of the system is
uncertain [32]. One must be aware that Markov parameters may sometimes be difficult to
compute.

2.4.2 Parsimonious methods

PARSIM comes from PARsimonious Subspace Identification Method. Four types exist:
PARSIM-P, PARSIM-S, PARSIM-K and PARSIM-E.

• PARSIM-P means Parallel PARSIM. This method removes the non-causal terms of
the input vector u and involves least squares problems in parallel [43].

• The S of PARSIM-S states for sequential. It is based on the same principle as
PARSIM-P except that least squares problems are sequential [44].

• PARSIM-E means PARSIM with Innovation Estimation which is based on the
estimation of the innovation terms to take into account the past innovation in the
least squares regression [40].
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• PARSIM-K estimates system matrices from the predictor form and is also based on
least squares problems. The difference is that the matrix K is computed along with
the BK , D, x0 while other algorithms compute it in a separate step [40].

There are 6 methods that could thus be used for our identification and based on the
information found in articles, only three were compared. Using [42], we know that the
Parsimonious Methods do not return the covariance matrices. However, this is an impor-
tant element in the Kalman algorithm. It could be possible to compute them analytically
following certain methods like we did for the analytical way (cf. Section 2.3) but the
number of parameters would start to become high for large orders. Moreover, it has been
observed that the PARSIM-K method has good performance in the training phase but was
less robust to noise in the validation phase [3]. Therefore, we decide to compare N4SID,
MOESP and CVA methods.

Most algorithms required some a priori knowledge over the system to work properly,
such as the fact that D is null or the order of the system. With those traditional methods,
there is an option to find the best order of model. This option is called Information
Criterion (IC) [3]. The basic idea of this criterion is to find an order not too high to
alleviate overfitting but not too low so that the complexity of the model can be taken
into account and so that it stays robust to errors. It consists of finding the minimum
of a likelihood function on which a penality term for high orders is added. However,
this approach is not the central point of this work. We prefer to follow a more intuitive
approach to find the order of the system.

2.4.3 System identification toolbox

For the implementation, we used the Systems Identification Package for PYthon namely
SIPPY. When using CVA, N4SID and MOESP methods, it returns the following matrices:
A, B, C, D, AK , BK , K, ts, G, x0, Qs, Rs, Ss, Vn [42]. For a system of order n, the size of
the matrices returned by the system identification is given in Table 2.2:

A B C D AK BK K ts x0 Q R S V n

Rn×n Rn×nu Rny×n Rny×nu Rn×n Rn×nu Rn×ny R Rny Rn×n Rny×ny Rn×ny R
n2 nun nyn nynu n2 nun nny 1 ny n2 n2

y nyn 1

Table 2.2: Size of the matrices of the model.

The different responses can be defined as:

• A, B, C and D are the matrices of the principal system (cf. equation (2.6)) as defined
above.

• AK and BK are the matrices of the predictor form:{
xk+1 = AKxk + BKuk + Kyk

yk = Cxk + Duk + ek
(2.19)

where the following relations hold:

AK = A − KC

BK = B − KD
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This is obtained thanks to the innovation form:{
xk+1 = AKxk + BKuk + Kek

yk = Cxk + Duk + ek
(2.20)

and replacing ek by yk − ŷk, where ŷk is the estimated noisy measurement.

• K is the steady-state Kalman filter gain obtained from Algebraic Ricati Equation
equation (2.9) and equation (2.12).

• ts is the sampling time of the identified discrete system.

• G is the linear state-space model.

• x0 is the initial state estimate.

• Q, R and S are the covariance matrices of the system, more developed:(
Q S
ST R

)
= E

[(
ρw

ρv

)(
ρT

w ρT
v

)]
where ρw and ρv are the estimated sequences of the

state noise and output measurement noise (w and v).

• Vn represents the estimated error norm that is computed as:

Vn = 1
2L

tr(ϵϵT )

where tr is the trace operator on matrices and ϵ = y − ymodel is the prediction
error sequence where ymodel is the output of the identified model while y is the real
measures given to the system identification toolbox.

Because Q and R are symmetric as there are covariance matrices, the number of undeter-
mined parameters is equal to n2+n

2 instead of n2. In addition, AK is obtained thanks to
A and C while BK from B and D. If K is computed, AK and BK can be deduced. This
removes n2 + nun parameters. D is stated to be equal to the null matrix of appropriated
size. This gives nynu parameters that have not to be computed.
Based on Table 2.2 and the previous information, the total number of parameters ntot to
compute is:

ntot = nun + 3nyn + nynu + 2 + 3n2 + n

2 +
n2

y + 3ny

2
Considering that the input size nu = 1 and output size ny = {2, 5} depending on the
number of ellipse parameters we predict (Y, X, a, b, α), the total number of parameters for
several orders are summarized in Tables 2.3 and 2.4.

• For ny = 2 (system of two parameters (X, Y )): ntot = n+6n+2+2+ 3n2+n
2 + 22+6

2 =
3n2+n

2 + 9 = 3n2+15n
2 + 9

Order n 2 3 4 5
Number of parameters ntot 30 45 63 84

Table 2.3: Number of parameters to determine for ny = 2 and n = {2, 3, 4, 5}.
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Order n 2 3 4 5
Number of parameters ntot 66 90 117 147

Table 2.4: Number of parameters to determine for ny = 5 and n = {2, 3, 4, 5}.

Patient 1C 1S 2S1 2S2 2S3 3C 3S
Training set 130 130 108 108 108 132 132

Test / validation set 42 42 36 36 36 44 44

Table 2.5: Size of the training, test and validation sets for each patient and view.

• For ny = 5 (system of five parameters (X, Y, a, b, α)): ntot = n+15n+5+2+ 3n2+n
2 +

52+15
2 = 3n2+33n

2 + 27:

This number of parameters that the system identification has to compute can be linked
to the number of data the system identification will have at disposal. Indeed, there is a
certain relation between those two quantities. For the system identification to construct a
robust and precise model, it is recommended to have much more data than the number
of parameters to compute. A ratio of 10 is advised. As already said, the system will be
identified thanks to a set of data called the training set. This training set is composed
of 60% of the data set. That corresponds to a mean of 121 images. Therefore, there is a
mean of 242 and 605 samples in the training set for ny = 2 and ny = 5 respectively. The
exact value for each patient is specified in Table 2.5.

3 Segmentation algorithms
Three different segmentation algorithms (Region growing algorithm, Canny edge detection
and Snake algorithm) are tested and compared to find the real contour of the tumor. This
section allows to explain the use of different segmentation algorithms for the tracking of
tumors in MRI images. The goal of the refinement given by the segmentation algorithm
is to be able to judge the quality of the treatment. By measuring the excess doses, the
treatment could be adapted in the next time steps.

The parameters for each segmentation algorithm are chosen based on the results on
the training set. The optimal parameters are then used on the testing set to compare the
performance of the segmentation algorithms on data that were never used previously.

For this section, we consider for simplicity that (ẑ1, ẑ2, ẑ3, ẑ4, ẑ5) = (Y, X, a, b, α).
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3.1 Region growing algorithm
As already said, Region growing is a region-based segmentation method. The main princi-
ple is to add pixels that meet a certain condition to a surface.

Figure 2.10: Seed point of the region
growing algorithm for P1C at t =
0.4 s.

First, a seed pixel is selected. The seed point
is usually put in the center of the ROI. To au-
tomate the algorithm, the seed pixel is defined
by the center of the predicted ellipse (X, Y ) as
shown in Figure 2.10. Indeed, we assume that
the predicted parameters (Y, X, a, b, α) form an
ellipse that is a good approximation of the tu-
mor.

After selecting the first pixel of the region as ex-
plained just above, this area, called "growing region",
is extended with the neighbouring pixels that meet
a certain condition. As it is often the case, this con-
dition is based on the pixel intensity. To be added
to the surface, the pixel must have a gray value in
a certain interval. This interval is defined by:

[(mean gray value of the pixels ∈ to the surface) − ϵ × (σ of the pixels ∈ to the tumor),
(mean gray value of the pixels ∈ to the surface) + ϵ × (σ of the pixels ∈ to the tumor)]

(2.21)

with σ the standard deviation, ϵ the percentage of the standard deviation taken and
ϵ × (σ of the pixels ∈ to the tumor) the margin of acceptance in the region. To determine
the standard deviation, the pixels that belong to the tumor are found on the first five MRI
images thanks to the physician’s contours and the standard deviation of their gray value
is taken. Indeed, this gives an idea about how the intensity of the pixels in the tumor
varies. To adapt as much as possible the condition to enter in the growing region and thus
the parameter of the condition, we tried several percentages of the standard deviation
found on a training set composed of the five first MRI images and their corresponding
physician’s contour.

Another condition can also be added, e.g. a condition based on the gradient. In our case,
we decided to define a stopping criterion for the Region growing algorithm relative to
the surface of the region, more precisely to the number of pixels that compose the region.
When this number is higher or equal than the mean number of pixels belonging to the
ellipse approximated the tumor times 1.2, an error margin, the algorithm stops. The mean
number of pixels is found using the five first physician’s contours that were filled. This
stopping criterion was chosen to take into account the fact that the difference of gray values
between the tumor and the background of the MRI image may be low. That prevents the
surface from growing too much if the condition is respected for pixels that do not belong
to the tumor. Indeed, without this criterion, it may occur that the surface continues to
grow outside the area of interest where the tumor is located. A solution to avoid this
would have been to use a ROI. In addition, the order of the neighbouring pixels to check
is always the same: the upper pixel, the right one, one below and the left neighbouring pixel.
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For the implementation, we first start by fixing the seed point knowing the parame-
ters of the predicted ellipse. We then create two matrices of the same size as the image.
One allows to indicate the pixels that belong to the growing region and the other the
pixels that have already been checked, meaning that we know whether they are respecting
the condition or not. We also create a vector that contains the neighbouring pixels to
check. After that, the algorithm begins by adding the neighbouring pixels (those which
are not already present in the vector of pixels to check) to the vector. Then, all the pixels
contained in the list are verified and the ones that verify the condition are added to the
region and its neighbours are added to the list of pixels to check. The algorithm stops
once this last vector is empty or if the condition on the surface is not respected anymore.

Because the physician’s contour is always a bit bigger than the exact contour of the
tumor, to be sure that it contains all tumoral cells, we tried to dilate the obtained region to
see whether it gives better results. The same training set, composed of the five physician’s
contours, can be used to determine if it is the case. The dilation is a process of combining
two sets using the vector addition of set elements. This allows to change the size of an
object without changing its general shape using a kernel. The kernel is thus added to the
object of interest and the object is thus enlarged.

3.2 Canny edge detector
Canny edge detector is an edge-based method. This involves finding the contour by keeping
some pixels of the image based on its gradient.

We firstly crop our image to only have the ROI, i.e. a region around the tumor and
containing it. The center of the ROI is defined by the center of the predicted ellipse.
Cropping the image allows us to restrict the domain of our segmentation algorithm and
save time which is important as it is for a real-time application. Indeed, we decrease the
domain of search of the algorithm instead of letting it look at the entire image. In addition,
that prevents from taking the wrong contour if there are similar objects in the image or
other borders or changes of intensity.

The second step is to find the gradient magnitude and direction. The gradient in both
directions Gx and Gy are computed using the Sobel operator. They are then used according
to 2.22, 2.23:

|G| =
√

G2
x + G2

y (2.22)

θ(x, y) = arctan(Gy

Gx

) (2.23)

The magnitude gives an image represented in Figure 2.11.
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Figure 2.11: Plot of the gradient and thinned gradient for P1C at t = 0.4 s.

A high gradient indicates a large change of intensity between two neighbouring pixels and
thus a border. The gradient magnitude and direction can be seen in Figure 2.12.

Figure 2.12: Representation of the gradient magnitude and direction on the MRI image of
P1C at t = 04 s.

The next step is called "edge thinning". It allows to reduce the border thickness by taking
the pixel with the highest gradient magnitude from a large border and taking into account
the direction. In the implementation, the function takes the direction into account by
scanning the pixels and storing the value of the pixels in the direction of the gradient.
Thus, the algorithm allows to keep stored pixels with the maximum gradient value and
the value of other pixels stored is put to 0. This makes it possible to refine the contour by
keeping only one pixel on a contour that is wider as shown in Figure 2.11. A finer gradient
is interesting because the algorithm can have more accurate results.
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After that, the pixels that make up the gradient are separated in two classes. To do
that, two thresholds are used. Pixels whose value is higher than the high threshold are
classified as strong borders and pixels whose value is between both thresholds are named
weak borders. The rest of the pixels are considered as background, i.e. their value are put
to 0. The thresholds can be defined manually by trying different combinations of values
and choosing the ones that give the best results. This is called the inverse parametrisation.
However, this method is time-consuming because the values can be very different for each
patient and there is no specific rules of proportionality to follow between the thresholds.
Therefore, in order to not have to try too many low and high thresholds, we tried to
automate the algorithm for each patient. We can opt for different strategies:

• One method is to define the thresholds proportionally to the maximum gradient
value. Indeed, for each patient, the brightness level is very different and the gradient
values are thus very different. This makes it possible to take into account differences
between patients. However, we have to optimize the two proportionality coefficients.
It is thus not the optimal strategy.

• The high threshold can also be found using the Otsu method as suggested by the
article [17]. This method allows to find a threshold that separates well the different
elements in the image in two parts thanks to the pixels intensity. The Otsu separation
intensity can be taken as the strong threshold while the weak threshold would be
proportional to it. As for the first method, an optimization step is needed to find
the proportionality coefficient.

• We also tried another method which is more adapted to patients and views (sagittal
or coronal). On the first five contours that we get from the physician, we take the
mean number of pixels n that compose the contour. This number allows to define a
good threshold. Indeed, by looking at the histogram of the enhanced gradient (cf.
Figure 2.13), we obtain the pixel value for which there are n pixels above, i.e. pixels
with a higher gradient value. This pixel intensity value is taken as strong threshold
since we are sure there are at least n pixels with higher intensity changes above, we
only keep the n most marked transitions of pixels. To determine the weak threshold,
we can imagine keeping a safety margin of a certain number pixels that can be less
bright but still belonging to the contour. This pixel number could be adjusted to the
size of the tumor contour and thus to the brightness intensity of the gradient. This
is why we define it as 1.2n. It considers the intensity where there are 1.2n pixels
above, as it is shown in Figure 2.13. This safety margin is necessary since the tumor
can be deformed and the contour can consequently be larger and count more pixels.
We have decided to focus on this last method.

All pixels classified as weak borders are then checked. If one of its neighbouring pixels
(left, right, up, down) is already in the strong border category, the pixel becomes a strong
border. If not, the pixel becomes part of the background. The result is therefore dependent
on the order in which the pixels are checked. Let’s take the following example: we have
three pixels aligned: strong, weak and weak. If the algorithm starts from the left, the
result is strong, strong and strong. Indeed, the first weak will become strong and the last
weak will also have a strong neighbour. If the algorithm starts from the right, we obtain:
strong, weak, weak.
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Figure 2.13: Histogram of the gradient MRI image of P1C at t = 0.4 s.

In Figure 2.14, the different steps of the Canny edge algorithm are represented. Af-
ter cheking the weak borders, we see that some single strong pixels are left and are often
not part of the contour. They are considered irrelevant since they have no neighbour
belonging to the contour. We thus decide to apply a filter that eliminate the single pixels
of the image. The filter puts the pixel value to 0 if all neighbouring pixels are black (0).

The contour is finally found by taking the remaining strong borders.

To take into account the fact that the physician’s contour is always a bit bigger than the
exact contour of the tumor, we again tried to dilate the contour. The same training set
can be used to determine whether this gives better results. As for the Region growing
algorithm, we used the training set to vary the parameter (i.e. the number of pixels in the
contour) and determine which one gives the best results.

For the implementation, the majority of the code is based on the one found on [52].
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Figure 2.14: Steps of the Canny edge algorithm on P1C at t = 0.4 s.

3.3 Snake algorithm
The active contour model is a segmentation algorithm based on deformable models and is
widely used since 1988 [53]. This kind of algorithm (here the snake) presents lots of variants
like Gradient Vector Flow (GVF) snake model, the balloon model, the Diffusion snakes
model and the Geometric active contours [54]. Those are used mainly in computer vision,
object tracking, shape recognition, segmentation, edge detection and stereo matching [54].
The principle of the Snake algorithm is to find the contour of an element based on different
energies. An initial contour composed of points of the image is first given as input. The
precision of the initial contour depends on the application and at each iteration, its dy-
namics is governed by certain metrics. Those metrics are called here the energies. Indeed,
the energies will guide the snake to the border of the tumor, so its contour. The algorithm
can judge the quality of this first contour and adapt it to optimize those metrics iteratively.
When those energies are optimized, the best contour is found. The different energies used
can be defined differently following the problem to solve. The precise algorithm used and
its different steps are explained just below.

The first step of the Snake algorithm is to crop the image to limit the algorithm to
our region of interest, the liver, and even more restricted, a certain number of pixels
around the tumor. This is done using the same method as the one used for the Canny
edge algorithm.
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Figure 2.15: Initialization of
the snake.

The second step is to set a certain number of
points representing the initial snake. This step
is made easy with our application. Indeed,
our project is to predict the position of the tu-
mor at a certain time step. The prediction of
its position consists in the prediction of 5 pa-
rameters which constitute an ellipse, (Y, X, a, b, α).
This ellipse is then close to the real contour
of the tumor if the prediction algorithm works
well. The assumption is that the prediction is
a good approximation of the tumor at this time
step and therefore a good initialization of the algo-
rithm.

To have a better convergence, it is reasonable to take as first guess a reduction of this
ellipse. Indeed, we can use the ellipse defined by (Y, X, a − 2, b − 2, α) instead of the one
with half-axes a and b without reduction. By taking a smaller value of axes, and thus a
smaller ellipse, it ensures the fact that the ellipse will be mainly comprised in the tumor.
This technique ensures a faster convergence of the algorithm since it will be firstly attracted
to the border of the tumor. Indeed, if the initial snake is outside the tumor, there is more
chance that it could be attracted to the walls of the liver or other components in the organ.
This will lead to more iterations of the algorithm. For our application, this is problematic
since it has to be used during treatment and needs to be efficient and fast enough. This
technique allows thus to limit the number of iterations and to speed up the convergence.
The difference between both snake initializations can be seen in Figure 2.16 and Figure 2.17.
We can observe that after the same number of iteration, the contour found by the algorithm
seems more precise when the reduced ellipse is used as initial guess. We always take the ap-
proximated ellipse as initial snake at each time step as represented in Figure 2.15. The final
goal is to really use the predicted ellipse to join the prediction and segmentation algorithms.

The number of points also influences the convergence. Indeed, more points lead to
a more precise contour but need more time to converge and vice-versa. The number of
points in the initial snake can be adapted to the mean size of the tumor. Indeed, as it is
mentioned in Table 5.1, surfaces of the tumor differ from one patient to another. When the
tumor is bigger, more points will be needed to have a precise contour. Here the number
of points contained in the predicted ellipse is 100 and a certain proportion of it can be
taken to be part of the snake. One third can be used for the first patient since the contour
is composed of 36 pixels, while for the two other patients one half of the points are used
in the snake since the tumor is bigger. The number of points in the snake does not vary
from one iteration to the other, and the number is taken so that it is big enough to be
accurate but not too big for the real-time application of our algorithm.
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Figure 2.16: Initial and final snake for normal and reduced approximated ellipse for P1C
at t = 3.
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Figure 2.17: Initial and final snake for normal and reduced approximated ellipse for P3C
at t = 3.

The goal of the third step is to create an image the algorithm can use to calculate certain
forces. Based on these forces and the gradient, the contour can be orientated to find the
perfect contour of the object. To do this, it is rewarding to use the gradient as it gives a lot
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of information about sudden changes of intensity in the image. The external energy map
(emap) is taken by converting the cartesian coordinates of the Sobel operator Gx and Gy
to polar ones by taking the magnitude and angle of 2D vector. It is interesting to apply
a thinning edge afterwards which highlights the edges of the components of the image.
As previously stated, thinning will allow only the main part of the edge, highlighted by
the gradient, to be retained so that only a specific edge is retained amongst a wider and
potentially blurrier edge. Refer to the Section 3.2 of this Chapter to have more details
about the functioning of edge thinning.

The fourth step is to define the metrics that we have introduced above. Indeed, the
principle of the snake is that the final state that normally fits perfectly the contour of
the liver tumor is a state of lower energy based on a defined energy function Esnake. To
measure the snake energy, we can define different metrics that can favor some specific
behaviours of the snake. A lower energy means thus that the current snake curve respects
the imposed contraints. The final energy of the snake can be decomposed in two parts: an
internal and external parts, that can also be decomposed, reinvented or refined following
the problem. We can thus pose:

Esnake = Eint + Eext (2.24)

with
Eint = αEcont + βEcurv = α|dvi

ds
|2 + β|d

2vi

ds2 |2 (2.25)

and
Eext = γEimage = γ(−∇I(vi)) (2.26)

where

• Eint represents the internal energy of the snake while Eext characterizes the external
energy of the snake.

• The internal energy is composed of the continuity energy Econt and the curvature
energy Ecurv. Their definitions are given by the equation (2.25) and their terms are
developed in Equations (2.27) and (2.28) [53].

|dvi

ds
|2 ≡ |vi − vi−1|2 = ||xi − xi−1||2 + ||yi − yi−1||2 (2.27)

|d
2vi

ds2 |2 ≡ |vi−1 − 2vi + vi+1|2 = ||xi−1 − 2xi + xi+1||2 + ||yi−1 − 2yi + yi+1||2 (2.28)

with xi and yi, the x- and y-coordinate of the point i of the snake.

• α, β and γ are parameters that guide the proportion of each energy in the final
optimization.

The first component of the internal energy is the continuity energy. This ensures that the
points of the snake are equidistant or not, and therefore allows the elasticity of the snake.
To take this into account, the value of this energy is the sum of the squared distances
between each point and its neighbour (cf. equation (2.27)). The curvature energy Ecurv

defines the fact that our snakes can have curved shapes or not. So it is directed by the
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angles between three points of the ellipse. Indeed, acute angle between points defines a
jerky shape. As given by the equation (2.28), it is defined by the second order derivative
approximated by the finite differences.

The external energy is therefore composed of the energy of the image Eimage. This
energy contained in the image itself can be read on the emap. Indeed, the emap as
described above, contains the necessary information about the edges and intensity changes
in the image. This energy causes the snake to be drawn towards the edge of the tumor
and the strong elements of the image. The energy is taken as the negative sum of the
gradient of all the pixels that composed the snake in the image considered. If the value is
small, this indicates that the snake might be at the right position. Indeed, contours are
characterized by high gradient values. Based on the emap (cf. equation (2.26)), a high
gradient means a low energy.

This is not an exhaustive list of the energies that can be used. Indeed, depending
on the application, other constraints can be added. The perimeter, area or number of
pixels contained in the contour can also be taken into account by adjusting the formula of
some energies. For this work, only the energies presented above will be used.

Once all this is done, the different energies can be computed and optimized along the
iterations and the algorithm can propagate from one slice to the other in time.

We also varied the different parameters to see their influence on the results. Theses
parameters can also be optimized using the training set. The optimal parameters are the
ones that maximize the Dice coefficient introduced in Chapter 4.

For the implementation, we first define the points that compose the snake and the energy
map. After that, the different energies are computed following the definitions given. Once
the total energy is computed, it is optimized using the Broyden–Fletcher–Goldfarb–Shanno
(BFGS) algorithm. It is an iterative optimization method that determines the descent
direction based on the gradient and curvature information and improves the loss function
(or metric) (i.e. here the total energy) at each iteration. The optimization process stops
when the minimum energy is found or when the maximum number of iterations is reached.
The code for the optimization part is based on the one from [2].

3.4 Other segmentation algorithm
Watershed is an algorithm based on the gradient of the image considered as a relief map.
In this one, one can consider the minima as the bottom and from these ones, they can
make begin a stretch of water which will thus propagate and fill the holes. The objective of
this algorithm is to find the watershed lines that correspond to barriers where the different
water starting points cannot merge. Indeed, water from different minima will start to
propagate after a certain time. The algorithm stops when all the peaks are underwater and
only the barriers are visible from above. The different steps of the watershed algorithm
are represented in Figure 2.18. If applied on the gradient instead of the image, the regions
found should correspond to the homogeneous grayscale regions of this image [35].
This method can produce over-segmented results image since there can be noise in the
initial image or irregularities. This can be avoided by different techniques such that
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isolating some minima [35] or by the marker-controlled watershed. In this version, water
begins to flood from a set of markers previously defined, instead of minima [9].

Figure 2.18: Flooding of a 2D image. On the first image, the minima are represented. The
remaining images represent the propagation of the minima to fill the holes [35].

4 Combination of prediction and segmentation algo-
rithms

The major goal of this application is to use simultaneously both algorithms of prediction
and segmentation. The first one to predict the region where the tumor will be some time
steps in advance and the other to know exactly the location of the tumor to be able to
adjust the treatment in case of a bad prediction. Untill now, the segmentation algorithms
were initialized thanks to the approximated ellipse obtained from the physician contour.
This enables us to get the optimal parameters of our different algorithms based on an
ellipse that was very well located. The objective is now to see if those segmentation
algorithms work fine on predictions (coming from the prediction algorithms). This will
thus not always be perfect located ellipse as before. As the performance of the different
prediction models were tested, the best predictor is known. This last one is used to predict
parameters of the ellipse on the testing set. Those predictions are got and given to the
segmentation algorithms to see which one will be able to best recover the perfect surface
of the tumor based on a prediction sometimes shifted.
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Chapter 3

Material used

A Siemens Skyra 3T scanner allows us to get True FISP sequences. Abdominal compression
and audio-coaching are used to try regularizing the breathing pattern. For each patient,
the different positions are taken the same day and under the same conditions and are used
independently. This means that each view even for the same patient is used as unique
information over the movement of the tumor. The different views for a same patient do
not add information to each other.

The MRI images are acquired with a frequency between 1.5 and 3.16 Hz. This is a
compromise between the time needed for the acquisition and the quality of the image. The
pixel size is thus of 1.82 mm. Different slice positions are given to study the tracking of
the tumor motion:

• 2 interleaved coronal and sagittal slices (2 sequences for 4 positions) - 1.83 Hz for
both orientations (3.66 Hz in total), 440 slices (2 x 220) in 2 minutes - TE: 1.39,
TR: 3.16, 188x192 pixels of 1.82x1.82x7 mm

• 3 contiguous slices in sagittal or coronal plane (1 sequence for 3 position) - 1.5 Hz
for the 3 slices (4.5 Hz in total), 540 slices (3 x 180) in 2 minutes - TE: 1.33,
TR: 3.01, 126x128 pixels of 2.5x2.5x7 mm.

The data are composed of MRI image sequences from three different patients as summa-
rized in Table 3.1. For each patient and each view, a file containing the MRI images and a
file containing the tumor contours defined by the physician are acquired. The MRI images
can be seen in Figures 3.1, 3.2, 3.3.

The language used for the code is Python and the SIPPY package is used for system
identification [42]. For some codes, we were inspired by the following sources [19], [52] and
[2].
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P V Av. surface
[mm2]

1 C 278.42 ± 17.41
1 S 247.34 ± 24.52
2 S 633.68 ± 22.10
2 S 673.96 ± 18.84
2 S 593.53 ± 32.10
3 C 679.57 ± 59.80
3 S 706.04 ± 71.80

Table 3.1: Summary of the average surface and the standard deviation for all patients P
and the corresponding views V. C corresponds to coronal and S to sagittal.

Figure 3.1: MRI images of P1 and MRI images zoomed on the tumor.

42



Figure 3.2: MRI images of P2 and MRI images zoomed on the tumor.

Figure 3.3: MRI images of P3 and MRI images zoomed on the tumor.
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Chapter 4

Precision and evaluation

1 Baseline models
To evaluate the different models and algorithms, simpler models, namely the baseline
models, are used. This allows us to compare the performance of our methods to a basic
one. Those approaches are the most intuitive and are not expected to give the most
performant results. We expect that our methods have better results.

1.1 Prediction models
The baseline model for the prediction models consists of considering the position and the
shape of the tumor constant between two states k and k + h. The prediction for time step
k + h corresponds thus to the noisy measure of time step k. This means that

(ẑ1,k+h, ẑ2,k+h, ẑ3,k+h, ẑ4,k+h, ẑ5,k+h) = (y1,k, y2,k, y3,k, y4,k, y5,k) (4.1)

The baseline model is represented in Figure 4.1.
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Figure 4.1: Baseline model with a shift h of 5 time steps.

The trajectory is thus the noisy measures shifted from h time steps. Even though it is a
simple model, we could expect that it gives sufficient results on a small range of time.

Our prediction algorithms are firstly evaluated on their performances to predict only
the tumor center of mass (i.e. (z1, z2) = (Y, X) trajectory). The next step is to figure out
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the results of the prediction of the 5 parameters (z1, z2, z3, z4, z5) = (Y, X, a, b, α) which
are used to rebuild an ellipse. The entire trajectory of the tumor surface is thus modeled;
horizontal and vertical movement, stretching, shortening and rotation.
In addition, the prediction algorithms are tested on two types of trajectory, as it can be
seen in Figure 4.2:

• On a perfect sinusoidal trajectory that represents a regular breathing. The regular
breathing pattern for the Y and X positions are modelled by : yregular = 2 sin(4.57t),
xregular = −0.8 sin(4.8t). The different values are chosen based on the real trajectory.
Indeed, the period and the amplitude are calculated on the x and y trajectories of
P1C. We would expect the same period for both sinus as it is determined by the
respiratory cycle. The periods are different because they are calculated independently
of each other and influenced by irregularities.

• On the real trajectory zi(t) that represents a real and irregular beathing.

Figure 4.2: Representation of both types of trajectory: (a) Regular breathing pattern. (b)
Irregular breathing pattern.

1.2 Segmentation algorithms
The baseline model for the contour algorithms is simply given by the contour of the
approximated or predicted ellipse without refinement which is represented by the green
ellipse in Figure 2.2. This approach allows us to see the real impact of the refinement from
our contour algorithms.

2 Error quantification
We use the physician contour as ground truth to be able to quantify the prediction. In
practice, these contours are only needed when constructing the model on the training set.
To quantify the error between the real (z1,k, z2,k, z3,k, z4,k, z5,k) and predicted trajectory
(ẑ1,k, ẑ2,k, ẑ3,k, ẑ4,k, ẑ5,k), we first wanted to use the Root Mean Squared Error (RMSE)
given by equation (4.2).

RMSEi =

√√√√ 1
N

N∑
n=1

(ẑi,n − zi,n)2 (4.2)
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with N , the number of time steps on which the RMSE is computed.

As it will be mentioned in Chapter 5, the errors are always bigger when the move-
ment amplitude is higher. To determine whether it is related to our models or to the
dependence between the RMSE and the amplitude of the trajectory, we tried to use the
Percent Relative Error (PRE) whose formula is stated in equation (4.3):

PREi = 100
N

N∑
n=1

(zi,n − ẑi,n)
zi,n

(4.3)

There is no dependence to amplitude anymore because of the division by the noisyless
measure zi,n and thus the amplitude of movement at each time step. However, the real
value can sometimes be equal to zero. Because of the division by zero, a problem is raised.
That is why we decided to use the Symmetric Mean Absolute Percentage Error (SMAPE).
The definition is given by the equation (4.4).

SMAPEi = 100
N

N∑
n=1

|ẑi,n − zi,n|
|ẑi,n| + |zi,n|

(4.4)

Thanks to the division by a sum of absolute amplitudes of movement, there is no problem
of division by zero anymore. This division is made for all time steps where we have a
prediction and the mean is then taken. This formula ensures that the SMAPE has an
upper and lower bound since it will be comprised between 0 and 100%. It must be known
that over- and under-forecasting are not treated equally. Indeed, if the predicted value
ẑi,n is greater than zi,n from a certain number, the SMAPE will be different than for a
predicted value which is smaller than zi,n from the same number. The higher influence is
given to the underprediction since this will lead to a smaller denominator.

To evaluate the performance of the identification stage of the Kalman filter predic-
tion method (the system identification), the Explained Variance (EV) could be used (cf.
equation (4.5)) [3]. However, we decide to mainly use RMSE and SMAPE.

EVi = 1 −
∑

n(ϵ̂(i)
n )2∑

n(z(i)
n − z̄(i))2

(4.5)

with EVi representing the explained variance of the ellipse parameter i and n is the time
step.

3 Dice coefficient
A percentage of recovery between two surfaces can be used as a measurement metric to
determine whether:

• The ellipse approximates well the tumor contour.

• The ellipse obtained with the prediction models is a good prediction of the real
contour.

• The contour found with segmentation algorithms is correct and performant.
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The Sorensen-Dice coefficient is a metric that gives the recovery percentage. For two finite
sets X and Y , the Sorensen-Dice coefficient Dice(X, Y ) is defined as

Dice(X, Y ) = 2 | X ∩ Y |
| X || Y |

(4.6)

with |X|, |Y | the number of elements in the set X and Y respectively, |X ∩ Y | the number
of elements belonging to the intersection between both sets.
The value of Dice(X, Y ) is comprised between 0 and 1 meaning the sets are respectively
disjointed and equal.

To know whether the ellipse is a good approximation of the tumor contour, the Sorensen-
Dice coefficent is used. To select the pixels belonging to the ellipse, a binary mask is first
constructed. The pixels where the ellipse contour is situated are put to 1 and the rest
remains black. After that, the shape is filled. These steps are shown in Figure 4.3. The
ellipse is a good approximation if the Sorensen-Dice coefficient is near 1.

Figure 4.3: Steps to select pixels belonging to the ellipse. P3C at t = 0.4 s.

To have an idea of which performance can be qualified as good one, different articles were
found. In the study [55], a multi-scale template matching algorithm is used to segment
lung tumors on PET-CT images and the average Dice coefficient is around 0.858. As the
soft tissue contrast is better on MRI images, we expect slightly better results. Indeed,
Dice coefficients above 0.93 were reported when contouring a lung tumor on dynamic MRI
images [56].
In another article, three different algorithms (Chan Vese, Otsu adaptive threshold seg-
mentation and Region growing) were used to segment lung tumors on MRI images. The
performance was measured with the Dice coefficient between the region found with the
algorithms and the one contoured by experts. The results show that this value was equal
to 0.860, 0.612 and 0.730 for respectively the Chan Vese, the Otsu segmentation and
Region growing [16]. These are numbers we could take as reference.
A study has shown results about tumor segmentation in the brain based on MRI images.
Thanks to their data set, they manage to test their algorithm with different loss functions;
CE-based and metric sensitive ones. In general, the Dice coefficients have a mean value of
0.8-0.85, going from 0.808 to 0.871 [15].
In [6], based on MRI images, baseline models have been created to predict the progression
of nasopharyngeal carcinoma. They evaluate the performance of their radiomic model
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with the Dice Similarity Coefficient (DSC) between segmented regions of interest of each
patient. They indicate a scale of goodness of this metric so that if it is lower than 0.6,
it indicates inadequate consistency, while between 0.6–0.8, 0.8–1.0, and 1.0 it represents
good, very good and ideal consistency.
Based on these studies, we can say that the performances are satisfying if the Dice coeffi-
cient is above 0.8.

For the prediction models, the sets are composed of pixels contained in the real con-
tour, based on the MRI image of the predicted time, and the predicted ellipse.

The Sorensen-Dice coefficient is also used to quantify the performance of the segmentation
algorithms. The sets used contain the pixels of the real contour and the one found with
one of the algorithms.

The Dice coefficient is also useful to quantify the performance of our algorithms be-
cause when treating a tumor, knowing its surface is important as all tumor cells must be
treated. As the surface is too large, healthy cells will be over-dosed and as it is too small,
cancer cells will be under-dosed.

A simple and visual tool to represent the performances and to compare the different
models in function of a parameter is the use of boxplots. An example of boxplot is
represented in Figure 4.4. The yellow line is positioned at the median, the red rectangle
includes the 25th percentile until the 75th and the blue segments go from the first to the
ninth deciles. The points represent the outliers, they are determined by a method based
on the inter-quartile range.

Figure 4.4: Boxplot representation [21].
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4 Noise influence
Since we are dealing with imaging data, noise is always present. The goal is to be sure
that our algorithms are robust to noise. The noise added to data are simulated randomly
as explained in Section 1 of Chapter 2. To test the robustness, one can imagine to do
several simulations of the same prediction models with different random noises added to
raw datas (z1, z2, z3, z4, z5). The concerned models are the baseline, the sinusoidal models
and the kalman filter since it is based on the system identification response. All those
algorithms depend on the noisy measures. A set of 100 simulations will thus be performed
for the training and identification stages while the validation and the testing stages will
be evaluated on 50 and 100 simulations respectively. The validation stage is longer since
it adjusts the hyperparameters and lots of different parameters have thus to be tested
thanks to inverse parametrisation. This is why less simulations are performed.

5 Precision gain
As explained in Section 3 of Chapter 1, one of the most used solution to take into account
tumor motion is to use an ITV-based PTV margins. To determine the ITV, the primary
macroscopic tumor surface (the physician’s contour) is delineated on each image of the
MRI image sequence and the surfaces found are combined [29], [7]. In the article [7],
isotropic margins of 5 mm, 4 mm and 3 mm were added to the ITV to take into account
remaining uncertainties. To add a margin, we dilate the ITV obtained with a 5 × 5 kernel.
The surface is increased by two pixels, corresponding to 3.64 mm. The ITV (in orange)
and PTV (in red) obtained for P1C and P1S are shown in Figure 4.5. The white represents
the physician contour, the orange the ITV and the red the PTV.

Figure 4.5: Physician contour (in white), ITV (in orange) and PTV (in red). Left: P1C,
Right: P1S at t = 81.6 s

One method to evaluate the performances of the prediction models is to compute what is
gained in terms of dose compared to the margins, what quantities have gone erroneously to
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the patient with one method and the other. This gain is based on the surface of healthy cells
and the proportion of tumor surface that are irradiated. By determining and comparing
the surface and the proportion for both methods, margin-based and prediction-based
methods, we can evaluate the gain. When evaluating, the proportion of the tumor not
irradiated has a higher importance as it is important for the treatment that all cancer
cells are irradiated. To find the surface irradiated or not, the number of pixels is used
knowing that the pixel surface is 1.82 × 1.82 mm2.

6 Real-time
To determine whether the different algorithms can be used in real-time, the time taken to
run the code can be computed using the time funtion of Python. However, due to lack of
time, this will not be evaluated in this work.

In our approach, two types of algorithm must be applied simultaneously, named a predic-
tion and a segmentation algorithms. To be optimized, these algorithms must be applied
in parallel. Indeed, the prediction algorithm allows to predict the parameters of time
t + h. In parallel, the information given by image obtained at this time t is compared
to the prediction of this time step (this prediction was made at time t − h for time t) in
order to determine the quality of the prediction and the treatment. Once the prediction is
done for time t + h, a segmentation algorithm is applied and the information is retained
until the image corresponding to this time step is obtained to perform the comparison.
Then, when a new MRI image comes in, it is supposed to begin directly the segmentation
algorithm since the prediction is already made for this time step. The ideal solution must
be implemented thanks to Parallel computing which allows several tasks at the same time.
This should make those algorithms partially independent and able to run simultaneously
by using the data from each other. A schematic view of our entire application can be seen
in Figure 4.6.

Figure 4.6: Timeline representing real-time operations

Based on theses steps and because the time interval between two image acquisitions is 400
ms, the execution time should be around 400 ms for both prediction and segmentation
algorithms to be considered as real-time.
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It all depends on the goal we give to this application and the time step to which we want
to predict. Indeed, a prediction of one time step or two time steps (here 0.4 or 0.8 s) will
not be sufficient for a physician to have any control while a prediction of 5 times steps
(here 2 s) can lead to a fast decision of a physician to adapt the treatment following the
prediction made. Moreover, following the prediction algorithm chosen (the Kalman filter
for example), the performance is sometimes not the same in the 20-30 seconds than after 1
minute. This will be seen in the Chapter 5 since the algorithm needs a certain time of
convergence and gives sometimes less precise results after a certain period of time.
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Chapter 5

Results and discussion

All the figures depicted in this chapter are interpreted and then discussed in the black
boxes. The limitations of our algorithms and the propositions of amelioration are stated
in Chapter 6. The main conclusions are finally taken in Chapter 7.

1 Ellipse approximation
As mentioned in Section 1 of Chapter 2, two methods can be used to compute the a axis
of the ellipse: PCA and most distant point. The Figures 5.1 and 5.2 allow to conclude
about the best technique to approximate the tumor with an ellipse in a visual way for
P1C and P1S, and in a quantitative way thanks to the Dice coefficient for each patient.
This states the overlapping of the physician contour and the ellipse found. P1C and P1S
are chosen because the tumors have two different shapes: one is round (coronal view) and
one is more oval (sagittal view). The best technique is taken for the rest of the work.
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Figure 5.1: Boxplot of the Dice coefficient between the real contour and the approximation
of the tumor with an ellipse. Two methods of approximation are used: PCA and most
distant point (NON-PCA). All patients. Testing set.
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Figure 5.2: Comparison between two ellipse approximation methods. The approximated
ellipse is represented in green and the filled physician contour in white. Left: PCA method.
Right: Most distant point method. Up: P1C at t = 0.4 s. Down: P1S at t = 0.4 s.

We can observe in Figure 5.1 that the mean of the Dice coefficient for both methods is
between 0.83 and 0.93. Moreover, their standard deviation is in the same range for both
methods. The performances of both methods are thus quite similar but the Dice coefficient
is a little bit higher for five out of seven patients with the most distant point methods.
As it can be seen in Figure 5.2, a lower proportion of the tumor surface is included in
the ellipse with PCA method than with the most distant point method for both patients.
This arrives even if the Dice is better with this method for one patient.

We can conclude that the tumor is well approximated as the mean Dice coefficient
is high (> 0.83) for all patients.
The higher tumor coverage of the most distant point method could be explained
by the fact that the most distant point is always included in the ellipse. For our
application, it is better that the whole tumor surface is contained within the ellipse
as all cancer cells must be irradiated so that the treatment works properly. This is
a disadvantage of the Dice coefficient: the penality is the same whether the overlap
between the two sets is larger or smaller. For our application, the penality, i.e. the
reduction of the Dice coefficient, should be lower in the case of higher overlap.
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1. ELLIPSE APPROXIMATION

Based on these observations, we decided to use the most distant point method for
the rest of this work.

After obtaining the five ellipse parameters at each time step, the trajectory of each
parameter for P1C is traced in Figure 5.3. The trajectories for the remaining patients can
be seen in Figures A.1, A.2, A.3, A.4, A.5 and A.6. This allows to obtain a global view of
the movement of the seven tumors studied.
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Figure 5.3: Trajectories for the five parameters of the ellipse (Y, X, a, b, α). The vertical
lines represent the separation between the training, validation and testing sets. P1C. All
sets.

Based on these trajectories, the amplitude of the five parameters trajectory is calculated
and summarized in Table 5.1. This enables to understand whether the tumor is moving a
lot or not. Knowing the mean surface (cf. Table 3.1) is also useful for the initialisation of
the segmentation algorithms (as the number of points for the Snake algorithm).
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1. ELLIPSE APPROXIMATION

1 2 3 4 5
P V Y amp. X amp. a amp. b amp. α amp.

[mm] [mm] [mm] [mm] [rad]
1 C 2.73 ± 0.91 1.09 ± 0.36 0.91 ± 0.45 1.04 ± 0.56 0.13 ± 0.016
1 S 2.46 ± 0.82 1.64 ± 0.55 1.10 ± 0.55 1.26 ± 0.94 0.20 ± 0.09
2 S 1.64 ± 1.23 0.55 ± 0.41 1.07 ± 0.8 0.77 ± 0.58 0.26 ± 0.08
2 S 2.05 ± 1.02 0.55 ± 0.41 0.96 ± 0.32 0.83 ± 0.28 0.19 ± 0.09
2 S 1.64 ± 1.23 0.55 ± 0.64 0.76 ± 0.57 0.55 ± 0.64 0.25 ± 0.19
3 C 3.25 ± 1.62 1.64 ± 1.23 1.12 ± 0.84 0.83 ± 0.63 0.75 ± 0.09
3 S 3.60 ± 1.20 2.73 ± 0.91 1.34 ± 1.01 1.71 ± 0.57 0.71 ± 0.09

Table 5.1: Summary of mean amplitude and standard deviation values of the ellipse
parameters (Y, X, a, b, α) for the patients P and the corresponding views V. C corresponds
to coronal and S to sagittal.

The major observation done in Figure 5.3 is that the trajectories of the Y and X positions
have a more sinusoidal tendency and thus seem to be the most regular. In addition, the
amplitude of the Y position is higher than the one of the X position. As it can be seen in
Table 5.1, this observation can be done for all patients.
Moreover, we observe that the values of a and b axes are close to each other for P1C.
Another analysis is that the trajectory of the angle of rotation α shows less variations. In
degrees, the variation is less than 90◦.

The sinusoidal character of the Y and X position explains why we consider a
sinusoidal model for the prediction. This is relevant since it is due to respiratory
motion.
Based on the values of a and b axes, we can conclude that they are well defined.
Indeed, their equality is explained by the round shaped tumor of P1C.
The small variations in α angle leads to the conclusion that the tumor does not
rotate much between two time steps as stated in the assumptions of Section 1.

Concerning the Table 5.1, the amplitudes found correspond to what we
can find in the litterature. For tumors closer to the diaphragm, the vertical
displacement can go to 15 mm and the horizontal one is around 3 mm [29, 31].
The standard deviation found on the real trajectory can give an idea about the
irregularities that appear in the trajectory. One can state that the Y position
has more irregularities while for a, b or α, it cannot be said that there are many
irregularities. Indeed, the variation of these parameters is not regular enough on
the whole time studied to qualify some changes as irregularities. It remains thus
complex to draw a conclusion on the irregularity of the signals.
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2. PREDICTION MODELS

2 Prediction models
Each prediction model is analysed independently. Based on their individual characteristics,
prediction precision, advantages and inconvenients, the best one can determined.

In the figures of this section, the real noisyless trajectory is shown in continuous red
line while the noisy trajectory (measurements) is located mainly in the lighter red region.
Indeed, as we want to evaluate the robustness of the algorithm, we simulate the entire
noisy trajectory 100 times, that is with 100 different noises for each time step. It is thus
impossible to represent all the measurements on a graph. The standard deviation is thus
filled in red to represent the region through which the noisy trajectories pass.
The prediction is shown in the same way in the color associated to the model: the mean
of all predictions based on the different simulated noisy trajectories is represented in con-
tinuous line and the region in which all the predictions for all the simulations are mainly
located in a ligther color. This concept of zone represented by the standard deviation
of all the different signals due to stochasticity of the measurements are used for all methods.

The vertical line, which corresponds to the fifteenth time step of the set used, repre-
sents the moment at which the RMSE, the SMAPE and the Dice begin to be calculated.

2.1 Baseline model
The Figures 5.4 and 5.5 represent the performance of the baseline model on a regular
breathing pattern and on the real trajectory (for P1C) on the testing test. The testing set
is directly used since no model has to be built and no parameter has to be optimized. It
allows to evaluate the performance of this model in a realistic situation in a visual and
in a quantitative way thanks to the RMSE, the SMAPE and the Dice coefficent between
the ellipse predicted (thanks to the 5 predicted parameters (Y, X, a, b, α)) and the tumor
contour of the physician.
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2.1.1 Regular breathing pattern

Figure 5.4: 5 steps prediction for 2 parameters using baseline model on a regular breathing
pattern. The mean real trajectory is represented in red and the mean prediction in
green, both with their variance represented in lighter color. The regular breathing is
simulated by two sinus: ysimple = 2 sin(4.57t), xsimple = −0.8 sin(4.8t). P1C. Testing set.
100 simulations.

2.1.2 Real trajectory

Figure 5.5: 5 steps prediction for 5 parameters using baseline model on the real trajectory.
The mean real trajectory is represented in red and the mean prediction in green, both
with their variance represented in lighter color. P1C. Testing set. 100 simulations.

58



2. PREDICTION MODELS

For this application, a bigger contour is requested to be sure to irradiate the entire tumor.
To be sure that the predicted ellipse is not too small, we try to dilate the predicted ellipse.
The dilation is applied with a kernel of 3 × 3 and 5 × 5. It will increase the surface covered
by the prediction from 1 and 2 pixels respectively to each side. The boxplot represented
in Figure 5.6 enables to determine if the predicted ellipse needs to be dilated or not in
order to be a better prediction thanks to the Dice coefficient.
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Boxplot of the Dice coefficient for 5 steps prediction for 5 parameters using baseline model on the real trajectory

Figure 5.6: Boxplot of the Dice coefficient for 5 steps prediction for 5 parameters using
baseline model on the real trajectory. The dilation kernel applied on the predicted ellipse
varies between 1 × 1, 3 × 3 and 5 × 5. All patients. Testing set. 100 simulations.

The Figure 5.4 shows that the baseline prediction is simply the measurements translated
by 5 time steps. The RMSE of the Y position is higher than the one of the X position
while the SMAPE is around the same value (0.5).

In Figure 5.5, we can also see that the prediction is the translation of the measure-
ments. The SMAPE of the Y position (0.48) is lower than the one of the baseline model
(0.58) but the SMAPE of the X position is higher (0.62 vs 0.54). The SMAPE of the a
and b axes as well as α are lower (0.05, 0.07, 0.1).

The Figure 5.6 shows that the Dice coefficient decreases when a dilation is applied.
Without dilation, the Dice coefficient is above 0.7 for each patient.
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Figure 5.7: Illustration of the de-
pendence between the prediction
accuracy of the baseline model and
the signal period.

The advantage of the baseline model is that
the amplitude is in the same range as the real
amplitude since we are dealing with measures
translation. Only the noise can influence the
amplitude of the predicted trajectories.
In addition, the accuracy of the prediction
depends on the signal period and the prediction
step. If the prediction time is a multiple of
the signal period, the prediction will be very
performant as we will be at the same moment
inside the period in a next period as illustrated
in Figure 5.7. If this happens, the magnitude
of the error between the real trajectory and the
prediction will be the noise added on the data.
Since the relative error is quite similar for
X and Y predictions, we can conclude over
the dependence of the RMSE on the amplitude. Indeed as the Y amplitude is
higher, the error will always be bigger than for the X position. The SMAPE is
thus a good metric to compare different parameters that have not the same amplitude.

The fact that the SMAPE of the X position is higher can be explained by
the more sinusoidal character of the Y position. The lower error of α can
be explained by the trajectory that contains less variation. For a and b
axes, the reason can be that the variations in the trajectory arrive slower than
for the X position, there is no huge peak. The error at each time step is thus smaller.

For all patients, the predicted ellipses do not need to be dilated as shown
in Figure 5.6. This can be because the average amplitude corresponds to the
amplitude of the real trajectory.
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2.2 Sinusoidal model
As explained in the Section 2.1 of Chapter 2, two different models of prediction are
used. The following figures 5.8 and 5.9 allow to conclude about the best sinusoidal model
to predict regular and irregular trajectories. The trajectories of the evaluation set are
compared qualitatively and quantitatively thanks to the RMSE, the SMAPE and the Dice
coefficient.

2.2.1 Regular breathing pattern
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Comparison between two sinus models for 5 steps prediction for 2 parameters on a regular breathing pattern

Figure 5.8: Comparison between two sinus models for 2 parameters on a regular breathing
pattern. The mean real trajectory is represented in red and the mean prediction in yellow,
both with their variance represented in lighter color. Left: Classical method. Right:
Method that comes from the article [50]. The regular breathing is simulated by two sinus:
ysimple = 2 sin(4.57t), xsimple = −0.8 sin(4.8t). P1C. Evaluation set. 50 simulations.
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2.2.2 Real trajectory
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Figure 5.9: Comparison between two sinus models for 5 steps prediction for 5 parameters
on the real trajectory. Left: Classical method. The mean real trajectory is represented in
red and the mean prediction in yellow, both with their variance represented in lighter color.
Right: Method that comes from the article [50]. P1C. Evaluation set. 50 simulations.

Moreover, the number of periods considered to compute the parameters of the sinusoidal
signal (ω, ϕ, d and A) is varied to determine its influence on the prediction. The Figure
5.10 allows to determine the optimal number of periods based on the Dice coefficient
between the physician contour and the predicted ellipse.
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Figure 5.10: Boxplot of Dice coefficient for 5 steps prediction for 5 parameters using sinus
classical model on the real trajectory. The number of periods used for the prediction varies
from 1 to 3. P1C. Evaluation set. 50 simulations.
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Once the best number of periods is chosen, the RMSE between the predicted trajectory
and the real one can be dressed for both methods as well as the Dice coefficient to select
the best sinus model for all patients. The results can be seen in a quantitative way in
Figures 5.11 and B.1. The Table 5.2 summarizes the results for the optimal value of the
number of periods, the optimal method between both presented and the corresponding
RMSE and SMAPE for all other patients.
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Figure 5.11: Boxplot of Dice coefficient for 5 steps prediction for 5 parameters using two
sinus models on the real trajectory. All patients. Evaluation set. 50 simulations.

Y position X position
Patient Optimal method Optimal #T RMSE [mm] SMAPE RMSE [mm] SMAPE

P1C Classical model 1 3.581 0.622 1.908 0.643
P1S Classical model 1 3.381 0.547 2.007 0.494
P2S1 Classical model 1 2.777 0.406 1.384 0.562
P2S2 Classical model 1 2.791 0.485 1.302 0.784
P2S3 Classical model 1 2.886 0.328 1.642 0.770
P3C Classical model 1 5.846 0.680 2.469 0.729
P3S Classical model 1 5.142 0.627 2.683 0.566

Table 5.2: Table containing the optimal method and number of periods for each patient,
and the corresponding RMSE and SMAPE. #T refers to the number of periods.

On a regular breathing pattern, the Figure 5.8 shows that the RMSE of both Y and X
positions is lower for the article model. The SMAPE is also smaller, especially for the Y
position.

We can observe in Figure 5.9 that the predicted trajectory of the Y position with the
classical model is better at the end, between 63.75 s and the end of the trajectory.
In general, when an irregularity occurs, it is not directly taken into account as shown by
the fact that it occurs later in the prediction. As an irregularity occurs, the prediction
sometimes decreases its amplitude, it thus reduces the error. Indeed, in the article model,
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it takes into account the noise and thus continues large predictions.

The Figure 5.10 shows that taking one period to determine the parameters of the si-
nus model gives the best results.

In Figures B.1 and 5.11, we can see that the RMSE is higher for the article method
and the Dice coefficient is lower. For the other patients, we can see that the mean error is
lower than 4 and 3 mm (Y and X respectively) except for P3 for which it is quite big (cf.
Table 5.2). The RMSE of Y position for both coronal and sagittal views are large: 5.1
and 5.8 mm; and the SMAPE are: 0.68 and 0.63. The errors on the X position are also large.

On a regular sinusoidal trajectory, the article model gives better performance. It is
quite surprising that the classical model does not work so well knowing that the
trajectory is a perfect sinus. This can be due to the noise contained in the data.
The classical model does not succeed to find correctly the parameters. The article
model has an idea about the noise value because it takes into account the difference
between the prediction and the real value at the present time.

On a real trajectory, the prediction is better when using the classical model. Again,
this observation is unexpected. Because the trajectory is not a perfect sinus, it
was expected that the article model would be better. The article model has the
advantage of taking into account the error of the prediction at the current time.
When there are less irregularities, the classical model gives lower error in the
prediction which seems logical due to the sinusoidal character of the trajectory at
the end of the set.

Taking one period to determine the parameters of the model seems to give
the best results. The reason could be that the model can catch the irregular-
ities occuring over time. But the problem by taking only one period is that
the consequence will be felt one period after. On the contrary, if too many
periods are taken, a mean is done and the irregularities are thus smoothed. In
addition, the classical model remains the best one. This is the reason why we
decide to use the classical model for the rest of the prediction with a sinusoidal model.

The big error for P3 especially is due to the fact that the trajectory of
this particular patient is at one time very irregular (cf. Figure A.5) and depending
on how the data sets are cut, it can lead to erroneous frequency calculations.

Figure 5.12 allows to provide a visualisation of the performance of the optimal sinusoidal
model on the P1C testing set. The quantitative character of the performance and the
accuracy of the optimal model found for the other patients testing set will be observed
thanks to the Dice coefficient in the algorithms comparison.

As for the baseline model, the predicted ellipse is dilated to see whether it covers better
the real contour of the tumor. This is the purpose of the Figure 5.13.
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Figure 5.12: 5 steps prediction for 5 parameters using classical sinus model on the real
trajectory. The mean real trajectory is represented in red and the mean prediction in yellow,
both with their variance represented in lighter color. P1C. Testing set. 100 simulations.
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Figure 5.13: Boxplot of Dice coefficient for 5 steps prediction for 5 parameters using
classical sinus model on the real trajectory. The dilation kernel applied on the predicted
ellipse varies between 1 × 1, 3 × 3 and 5 × 5. All patients. Testing set. 100 simulations.

In Figure 5.12, the SMAPE for Y and X positions are a little bit higher than the ones on
the training set. As with the baseline model, the errors on a and b axes as well as on α
are smaller and this is confirmed with the SMAPE values.
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Concerning the prediction, we can observe that the range of predicted amplitude is the
same as the one of the real trajectory. The periods are also well approximated. However,
the irregularities are not taken into account directly. Moreover, the Y trajectory seems
out of phase when a more regular pattern occurs.

The predicted ellipse is better if no dilation is applied as we can see in Figure 5.13.
The Dice coefficient of the predicted ellipse is above 0.75 without dilation for all patients,
which is higher than the one obtained with the baseline model.

In Figure 5.12, the Y predicted trajectory seems out of phase when a more regular
pattern occurs. This leads to the conclusion that the dephasage is certainly not
correctly considered. It may be due to the fact that we reconstruct a sinus when
predicting (this sinus start at t = 0 s) while the time is continuously growing as we
evolve in the trajectory.

Based on the Dice coefficient, we can conclude that the sinusoidal model
has better performance than the baseline model.

2.3 Kalman filter
To present the Kalman predictor, we need a model that represents the dynamics of
the tumor movement. To obtain this model, two strategies are tested: an analytical
computation and a data-based method by using the system identification toolbox.

2.3.1 Analytical

In the first strategy outlined, one parameter c can be optimized to represent as well the
dynamics. The trajectories are represented on the evaluation set for different values of
this parameter c and the Dice coefficients between the real contour and the predicted one
obtained with the Kalman filter are represented in a boxplot. The Figures 5.14 and 5.15
as well as Figures 5.17 and 5.18 allows to decide the optimal parameter c for a regular
breathing pattern and a real trajectory respectively.
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Center position: (Y ), regular breathing pattern

Figure 5.14: 5 steps prediction for 1 parameter using Kalman on regular breathing pattern.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found analytically. Four values of c are used: c = −0.3, 0.1, 0.5 and c = 0.9.
P1C. Evaluation set. 50 simulations.

Figure 5.15: Boxplot of the RMSE for 5 steps prediction for 1 parameter using Kalman
filter on regular breathing pattern. The model is found analytically. The parameter c
varies between -0.9 and 1.0. P1C. Evaluation set. 50 simulations.

The Figure 5.16 shows the prediction on the testing set for a regular breathing pattern.
This allows to evaluate the performance of the system found and determine the presence
of overfitting.
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Figure 5.16: 5 steps prediction for 1 parameter using Kalman filter on regular breathing
pattern. The mean real trajectory in red, the measurements in light red and the prediction
in blue. The model is found analytically. P1C. Testing set. 100 simulations.

In Figure 5.15, a minimum can be observed when c = 0.9. This is verified in Figure 5.14,
we see that the dark blue curve follows the real trajectory represented in red. Moreover,
we observe that when the parameter c varies, the predicted trajectory is shifted hori-
zontally but its frequency does not change. This can also be observed in Figure C.1 for P3C.

In Figure 5.16, we can see that until t = 71 s, the prediction is just a constant. Be-
tween t = 71 s and t = 72.5 s, the prediction does not follow perfectly the real trajectory.
After t = 72.5 s, the predicted trajectory follows the real one.
The RMSE and the SMAPE with this method on a regular trajectory are smaller than the
ones with the baseline model (RMSE = 1.34 vs 2.7 mm, SMAPE = 0.33 vs 0.6) and the
sinus model (RMSE = 2.6, SMAPE = 0.55). Moreover, the performance on the training
(RMSE = 1.27 mm) and testing (RMSE = 1.34) sets are similar. We can see the same
tendency for the SMAPE.

This shows that, contrary to our first guest, the parameter c is not related to the
frequency of the signal but to the phase shift.

What we can conclude is that this parameter is quite easy to optimise
since a minimum value is clearly visible.

This shows that, contrary to our first guest, the parameter c is not related
to the frequency of the signal but to the phase shift. However, more mathematically,
when we solve the system of differential equations 2.17, the solutions are quite
complex. The change of c value induces change in more than one parameter in the
solution. It is thus complex to conclude it visually.
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What we can conclude is that this parameter is quite easy to optimise since a
minimum value is clearly visible.

The first predictions are not really predictions because the Kalman predic-
tor need data to work. This represents the time between the start of the prediction
and the time at which the first prediction occurs. After that, the prediction does
not fit perfectly the trajectory because the filter is gaining information. Indeed, it is
written in the litterature that the Kalman filter needs time to acquire information.
This time is called the adaptation time. Because it is assumed to last 15 measures,
the RMSE and SMAPE are calculated from the 16th measure. This adaptation
time will be more understood in the following results.

Because the errors are the same on the training and testing sets, we can
conclude that there is no overfitting.

Center position: (Y ), real trajectory
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Figure 5.17: 5 steps prediction for 1 parameter using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in
blue. The model is found analytically. Four values of the parameter c are used: c = −0.3,
c = 0.1, c = 0.5 and c = 0.7. P1C. Evaluation set. 50 simulations.
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Figure 5.18: Boxplot of the RMSE for 5 steps prediction for 1 parameter using Kalman
filter on the real trajectory. The model is found analytically. The parameter c varies
between −0.9 and 1.0. P1C. Training set. 100 simulations.

The optimal c value and the corresponding RMSE and SMAPE are depicted for all patients
in Table 5.3.

Patient Optimal c RMSE [mm] SMAPE
P1C 0.7 2.447 0.555
P1S 0.7 2.265 0.585
P2S1 0.9 1.972 0.747
P2S2 -0.9 1.442 0.812
P2S3 0.9 2.146 0.475
P3C 0.8 2.517 0.431
P3S 0.8 2.759 0.450

Table 5.3: Table containing the optimal parameter c for each patient, and the corresponding
RMSE and SMAPE.

The system with the optimal c value can be evaluated on the testing set for P1C in Figure
5.19. This allow to determine if there is overfitting.
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Figure 5.19: 5 steps prediction for 1 parameter using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found analytically. Optimal parameters are used. P1C. Testing test. 100
simulations.

In Figure 5.17, we can see that there is a minimum of the Dice coefficient when c = 0.7.
The dark blue line in Figure 5.17 is the associated prediction. At the start of the trajectory
(around 55 s), the irregularities are predicted just a bit later than the time they really occur.

Moreover, even though it is not visible at first sight, we can observe a link between
c and a horizontal shift. Indeed, the dark blue curve (c = 0.7) and the curve c = 0.5 seem
shifted. The curve c = 0.5 seems also shifted with a slight variation of shape compared to
the real trajectory. The curves c = −0.3 and c = 0.1 are horizontally shifted and seem
to have undergone a symmetry of axis x compared to the real trajectory. In a sinus, this
corresponds to a horizontal shift of a half period.

An adaptation time is also observed on the regular trajectory. Indeed, the prediction is
better at the end of the trajectory.

In Table 5.3, we observe that the optimal c is high, it varies between 0.7 and 0.9 for all
patients except for P2S2 for which it is equal to -0.9. The SMAPE increases to 0.8 for
P2S2 and the smallest one is around 0.4.

In Figure 5.19, the RMSE and the SMAPE are higher than the ones on a regular breathing
pattern.

However, the performances of Kalman filter are the same compared to the baseline
model on the real trajectory. The RMSE and SMAPE of Kalman filter equal respectively
2.44 mm and 0.47 mm while they equal 2.4 mm and 0.47 for the baseline model. The
sinus model gives higher errors: RMSE = 3.2 mm and SMAPE = 0.57.

We can see that the prediction is quite good in general but the quality of the prediction
decreases when a high irregularity occurs as it is the case around t = 82.5 s.
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The trend is the same as the one observed for a regular breathing pattern since the
higher values of c gives better results. Based on the previous observations, we can
thus conclude that the parameter c is related to a horizontal shift.
The best prediction at the end can also be explained by the shape of the trajectory.
We can see that it has a more sinusoidal shape and is thus more regular.

The same performances of the Kalman filter and the baseline model can be
explained by the trajectory period (2.4 s) that more or less equals the prediction
time step (2 s).
Again, we can say that there is no overfitting. Indeed, the RMSE on the testing and
training sets are similar: 2.47 and 2.43 mm. The same trend can be observed for
the SMAPE.

Ellipse parameters: (Y, X, a, b, α), real trajectory We decide to try to predict each
parameter independently of the others using the analytical system in the Kalman predictor.
The results are shown in Figure 5.20.
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5 steps prediction for individual parameter using Kalman filter on the real trajectory

Dice = 0.778

Figure 5.20: 5 steps prediction for 5 parameters using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in
blue. The model of each parameter is independent of the others and is found analytically.
Optimal parameters are used. P1C. Testing test. 100 simulations.
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In Figure 5.20, we can see that the Y position is predicted correctly while the X position
is not as accurate. Compared to other algorithms, we have RMSE of 2.462, 1.532, 1.655,
2.0 and 0.833 mm. In terms of center position and b axis, it has the best result through
the methods that we have already seen while it has the worst one for the angle α.
The predicted trajectories for a, b and α seem shifted compared to the real ones while this
observation can not be made for the X position.

The worst prediction of the X position can be due to the trajectory that is less
regular. While for the α, the variation is not pronounced and a constant prediction
would create less errors. However here the Kalman filter try to catch all small
variations and is thus not very constant.

The shifts observed indicate that the Kalman filter takes into account the
measurements.

2.3.2 System identification

The second technique consists of using a system identification toolbox and the data to find
the general structure of the system matrices. This approach is first only used to predict
the movement of the tumor center of mass (Y, X), and then the 5 parameters (Y, X, a, b, α).

With this approach, the order of the system is the parameter that is optimized. We
evaluate the performance of the Kalman filter with systems of order 2 to 10. The Figure
5.21 allows to determine the optimal order for a regular breathing pattern in a visual and
in a quantitative way thanks to the RMSE and the SMAPE. The RMSE for the Y and X
positions of the predictions can be visualized in Figure D.1. The best order found is then
used to generate a system and is evaluated on a testing set in Figure 5.22. This allows to
determine if overfitting occurs. The same reasoning is hold for the two following parts
(prediction of tumor center of mass and the 5 parameters on a real trajectory).

Center position: (Y, X), regular breathing pattern The performance of the Kalman
filter using the system identification is first evaluated for a regular breathing pattern. This
enables us to study the performance of the system identification for a periodic signal.
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Figure 5.21: 5 steps prediction for 2 parameters using Kalman filter on a regular breathing
pattern. The mean real trajectory in red, the measurements in light red and the prediction
in blue. The model is found with a system identification and three identification methods
are used. Left: MOESP/N4SID, Right: CVA. P1C. Evaluation set. 50 simulations.
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Figure 5.22: 5 steps prediction for 2 parameters using Kalman filter on a regular breathing
pattern. The mean real trajectory in red, the measurements in light red and the prediction
in blue. The model is found with a system identification. Optimal parameters are used.
P1C. Testing set. 100 simulations.
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Center position: (Y, X), real trajectory The results of predicting the tumor center
of mass on a real trajectory are shown in Figures 5.23 and 5.24.

Figure 5.23: 5 steps prediction for 2 parameters using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found with a system identification and three identification methods are used.
Left: MOESP/N4SID, Right: CVA. P1C. Evaluation set. 50 simulations.
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Figure 5.24: 5 steps prediction for 2 parameters using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found with a system identification. Optimal parameters are used. P1C.
Testing set. 100 simulations.

As shown in Figure 5.21, the MOESP and the N4SID identification methods give the same
results. Indeed, we can see in Figure D.1 that the mean and the standard deviation of the
RMSE for both positions are similar. The outcome of CVA is nearly the same as the one
of both other methods, the RMSE are slightly higher.

There are only small differences between the RMSE and the predicted trajectories between
all orders. In Figure D.1, we only observe bigger values of RMSE for order 2 and 3 for
X position. From the order 4, there is no visible variation. In Figure 5.21, a certain
time at the beginning of the set is highlighted during which the errors are bigger and the
prediction is first very small and increases to reach the amplitude of the real signal. For
the X position, this period seems longer as the prediction continues to improve at the end
of the trajectory.

On the testing test shown in Figure 5.22, the prediction is quite good. The SMAPE for
respectively the Y and the X positions are in the same range as the one of the training
set. Indeed, the errors are smaller on the testing set (RMSE Y = 0.68 mm, RMSE X =
0.59 mm) than in the training set (RMSE Y = 0.73 mm, RMSE X = 0.62 mm). Again,
there is an adaptation time which is quite longer for the X position.

The observations are now stated for the real trajectories case. We can observe in Figure
5.23 that N4SID and MOESP give the same results and CVA nearly the same. When
comparing the different orders, we do not observe any trend. The RMSE and the SMAPE
only vary a little but the order 4 is the best one due to a compromise between a small
error and a small order to avoid overfitting.
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We see that the prediction on the real trajectory in Figure 5.24 is less precise than
the one of regular breathing pattern even after the 15 first measures. The prediction
seems to follow a periodic trajectory and does not take into account a lot of irregularities
appearing in the real trajectory. However, the RMSE and the SMAPE are in the same
range as the one in the evaluation set.

The highlighted time at the beginning of the set corresponds to an adaptation
time for the Kalman filter. Indeed, this algorithm needs a certain time to acquire
information about the real evolution of the system and its dynamics. As a
consequence, we calculate the errors from the 15th measures so that at this time,
the Kalman filter has acquired enough information to predict a good trajectory. For
the Y position, this period lasts 15 measures while for X it is a bit more but we are
limited in the number of data here.

It could be interesting to train during a longer period of time to determine
whether the prediction continues to evolve. Because the adaptation time is longer
for the X position, the prediction is less performant and the errors are higher than
for the Y position.

The order of the system does not influence a lot the prediction. This is
due to the limited number of data we have since here, an higher degree means
more chance to have overfitting. Indeed, here, we want an order not so big to avoid
overfitting but not too low to be fairly accurate. It would be possible that the
prediction becomes better if the testing set was composed of more measures since
we could increase a bit the system order without unstability.

We can conclude that there is no overfitting with our model on a real tra-
jectory as the performances on both sests are in the same order (SMAPE Y: 2.35 vs
2.33 mm, SMAPE X: 0.94 vs 1.03)

The prediction of the tumor center position on a real trajectory is not ac-
curate but follows the variation in the trajectory.
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Ellipse parameters: (Y, X, a, b, α), real trajectory The best order is determined
visually and quantitatively by using Figures 5.25 and 5.26.

Figure 5.25: 5 steps prediction for 5 parameters using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found with a system identification and three identification methods are used.
Left: MOESP/N4SID, Right: CVA. P1C. Evaluation set. 50 simulations.
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Figure 5.26: Boxplot of Dice coefficient for 5 steps prediction for 5 parameters using
Kalman filter on the real trajectory. The model is found with a system identification using
MOESP, N4SID and CVA. The order of the system varies from 2 to 10. P1C. Evaluation
set. 50 simulations.
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The best order and its performance can be found for all other Patients in Table 5.4.

Y position X position
Patient Optimal order RMSE [mm] SMAPE RMSE [mm] SMAPE

P1C 3 2.485 0.767 1.02 0.748
P1S 3 2.094 0.639 1.07 0.471
P2S1 3 1.503 0.662 0.54 0.558
P2S2 4 1.231 0.869 0.68 0.872
P2S3 3 2.124 0.541 0.5 0.452
P3C 3 4.903 0.73 1.565 0.559
P3S 5 5.493 0.637 3.283 0.844

Table 5.4: Table containing the optimal order for each patient, and the corresponding
RMSE and SMAPE.

When predicting the five parameters (cf. Figure 5.26), we observe that CVA gives nearly
a constant as result (cf. Figure 5.25). However, when predicting only the tumor center
of mass, CVA approach gives results other than a constant. In addition, the standard
deviation of the CVA is larger (due to this constant prediction) and the mean is less good
than both other methods (N4SID or MOESP).
Again, N4SID and MOESP give the same results and have a very small standard deviation
and a high mean Dice coefficient for the system orders 2 and 3.

In Table 5.4, the optimal order varies between 3 and 5 and the SMAPE varies between
the 0.45 and 0.85.

We could think that the constant response of the CVA approach is due to the order
of the system that is not high enough but even when the order equals 5, the result is
a constant. To test with a higher order, a larger dataset should be used as explained
in Section 2.2. Moreover, since CVA approach gives results other than a constant
when predicting only the tumor center of mass, this strange observation for the
prediction of the five parameters is due to the complex dynamics that it has to model.

We can conclude that 2 and 3 are the best system orders. However, an or-
der 2 may give a constant as result because the order is too small and the system
found is thus simpler (cf. Figure 5.25). For order higher than 4, the standard
deviation is higher. Based on the number of data we have and the value of Dice
coefficient, we determine that the order 3 is the best one even though the predicted
trajectory is not perfect as shown in Figure 5.25.

The 3 to 5 system orders that we obtain as best parameters in Table 5.4
are coherent with the number of data available that we use to determine the system
matrices and what can be found in the litterature.

80



2. PREDICTION MODELS

Different simulations of trajectory with the best order are drawn on the testing set in
Figure 5.27 to determine the presence of overfitting.
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5 steps prediction for 5 parameters using Kalman filter on the real trajectory, Dice coefficient = 0.841

Figure 5.27: 5 steps prediction for 5 parameters using Kalman filter on the real trajectory.
The mean real trajectory in red, the measurements in light red and the prediction in blue.
The model is found with a system identification using N4SID/MOESP. P1C. Testing set.
100 simulations.

Again, as we can see in Figure 5.29, the prediction is not always containing the whole
tumor surface. A boxplot of the Dice coefficient between the real contour and the dilated
prediction with kernel sizes of 1, 3 and 5 can be seen in Figure 5.28 to determine for each
patient whether a dilated predicted ellipse found is a better prediction.
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Figure 5.28: Boxplot of Dice coefficient for 5 steps prediction for 5 parameters using
Kalman filter on the real trajectory. The model is found with a system identification.
The dilation kernel applied on the predicted ellipse varies between 1 × 1, 3 × 3 and 5 × 5.
Optimal parameters are used. All patients. Testing set. 100 simulations.

The following figure shows the representation of the predicted ellipse using Kalman
algorithm at time t = 81.6 s in the testing set for P1C and P1S. On these, the predictions
are represented in a non dilated form, dilated with a kernel 3 × 3 and 5 × 5.

 

 

 Figure 5.29: Prediction using Kalman filter. Three dilation kernels are represented: 1 × 1,
3 × 3 and 5 × 5. Left: P1C, Right: P1S at t = 81.6 s.

As we can observe in Figure 5.27, the prediction needs a certain time to correspond to the
real trajectory for the a and b axes. Moreover, we see that the predictions for the X and
Y positions evolve in a sinusoidal way and therefore hardly take into account irregularities
occuring in the real trajectory.

The SMAPE are higher when using an identification toolbox to identify the system
compared to finding it analytically (cf. Figure 5.20). The errors on X and Y positions are
higher when predicting 5 parameters than when predicting only those two parameters (cf.
Table 5.6).

82



2. PREDICTION MODELS

For the model with the five parameters found with the system identification, the er-
rors are a bit larger on the testing set than on the training set (RMSE Y = 2.37 vs 2.8
mm, RMSE X = 0.98 vs 1.27 mm) but the SMAPE remains 0.7 on both sets.

For the optimal dilation kernel (cf. Figure 5.28), the pattern is not the same for all
patients but for most of them, a 3 × 3 or 5 × 5 kernel gives the best Dice coefficient.
Indeed, when observing the Figure 5.29, the predicted ellipse, which is not dilated, does
not comprise the whole tumor surface. It is thus needed to dilate it.

The long period of convergence for a and b axes could be due to the different
ranges of values between the different parameters to predict. To solve the problem,
we try to center the trajectory around 0 but that does not give better results.
The best solution is to dilate the predicted ellipse since the value of a and b
are always smaller than the real ones. This long time of convergence ressem-
bles to the time needed for the Kalman filter to gain information, the adaptation time.

We consider the difference of RMSE between both sets not significant enough to
consider overfitting.

The higher error on Y and X positions when predicting 5 parameters than
when predicting only the tumor center of mass can be explained by the fact that the
system will be more complex since 5 dynamics have to be caught. Moreover, the
number of data available does not give the chance to get a robust 7 or 8 order system.

The performance of the Kalman filter to predict the a and b length axis
are a bit disappointing. However, it still leads to higher Dice coefficients. We can
deduce that if a dilation was again applied on a predicted ellipse, the Dice coefficient
could be even bigger.
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2.4 Comparison between prediction algorithms
Once the best parameters for each patient and method are found, the three prediction
methods (baseline in green, sinus model in yellow and kalman filter in blue) are compared
using the testing set. The comparison is made based on the SMAPE for X and Y positions,
the RMSE for the five ellipse parameters Y, X, a, b, α and the Dice coefficient.

The three following tables summarize the general results that we obtain in the pre-
vious sections on P1C. This will allow us to have a global view of the best method for
each kind of trajectory that we want to predict.

We can first compare the results of the three methods on two parameters (X, Y ) on
a regular trajectory in Table 5.5:

Y position X position
Model RMSE [mm] SMAPE RMSE [mm] SMAPE

Baseline 2.7 0.58 1.38 0.55
Sinus 3.7 0.773 1.91 0.74

Kalman filter (A) 1.34 0.34 - -
Kalman filter (SI) 0.68 0.24 0.59 0.44

Table 5.5: Summary of RMSE and SMAPE for the four prediction methods on regular
breathing pattern for the center of mass (X, Y ). P1C.

We can compare the results of the three methods for the prediction of only the tumor
center of mass (X, Y ) on a real trajectory, i.e. irregular trajectory, in Table 5.6:

Y position X position
Model RMSE [mm] SMAPE RMSE [mm] SMAPE

Baseline 2.43 0.48 1.81 0.642
Sinus 3.2 0.573 1.84 0.642

Kalman filter (A) 2.46 0.473 1.53 0.78
Kalman filter (SI) 2.33 0.416 1.03 0.21

Table 5.6: Summary of RMSE and SMAPE for the four prediction methods on the real
trajectory for the center of mass (X, Y ). P1C.
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A final general comparison can be made to conclude over the best methods to predict the
trajectory of the 5 parameters of the ellipse. This can be found in Table 5.7:

Y position X position a axis b axis α angle Dice
Model RMSE RMSE RMSE RMSE RMSE

[mm] [mm] [mm] [mm] [mm]
Baseline 2.43 1.81 1.49 1.92 0.3 0.68

Sinus 3.2 1.84 1.41 1.74 0.29 0.74
Kalman filter (A) 2.46 1.53 1.65 2.0 0.83 0.78
Kalman filter (SI) 2.8 1.27 3.16 3.10 0.27 0.84

Table 5.7: Summary of RMSE and SMAPE for the four prediction methods on real
trajectory for the five parameters (X, Y, a, b, α). P1C.

We can observe in Table 5.5 that Kalman filter using the system identification has the
smallest SMAPE for both positions.

Compared to the baseline and sinus models, we can state that the errors of the Kalman
predictor are smaller (cf. Table 5.6).

If we look at Table 5.7, we can state that the baseline model has the smallest RMSE
for quite all the parameters but the higher Dice coefficient is obtained with the Kalman
predictor.

Following the results of Tables 5.5 and 5.6, the conclusion is that the Kalman filter
using the system identification is the best prediction model for the regular breathing
pattern as well as for real trajectory for 2 parameters. Indeed, with the system
found using a system identification toolbox, it provides the smallest RMSE and
SMAPE for both X and Y positions.

Based on Table 5.7 and since a transformation can be made on the ellipse
(dilation), we can conclude that the Kalman filter is again the best solution to
predict the position of a tumor by an ellipse.
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A more detailed analysis of the comparison of the different methods are made below. The
comparison using the optimal parameters is represented in Figure 5.30. This allows to
determine the best prediction model for each patient.
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Comparison between prediction algorithms for 5 steps prediction 
for 5 parameters on the real trajectory

Figure 5.30: Comparison between prediction algorithms (baseline model in green, sinus
model in yellow and kalman filter in blue) for 5 steps prediction for 5 parameters on the
real trajectory. All patients. Testing set. 100 simulations.

After that, the prediction step is varied between 0 (no prediction) and 9 time steps. The
figure 5.31 shows the performance for P1C. This figure can give us an idea about how the
prediction algorithms behave following the prediction step. This allows us to determine to
which time step we can accurately predict in our application but also which algorithm
may be prefered following the time step at which we have to predict. The graph for the
other patients can be viewed in the Annexe in Figures E.1, E.2, E.3, E.4, E.5 and E.6.
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for 5 parameters on the real trajectory

Figure 5.31: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. Optimal parameters are used. P1C.
Testing set. 100 simulations.

To finish, we tried to increase the noise added on the raw data to see the influence on the
prediction. The variation of the noise standard deviation goes from 0.0 to 4.4. This can
be seen in Figure 5.32 for P1C. Those results for the other patients can be visualized in
the Annexe in Figures E.7, E.8, E.9, E.10, E.11 and E.12. This enables to determine the
robustness to noise of each algorithm and draw conclusion on which algorithm may be
preferred following the noise we have in our application.
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Comparison between prediction algorithms for 5 steps prediction 
for 5 parameters on the real trajectory with different noises

Figure 5.32: Comparison between prediction algorithms for 5 steps prediction for 5
parameters on the real trajectory. The noise varies from 0.0 to 4.4. Optimal parameters
are used. P1C. Testing set. 100 simulations.

We can see in Figure 5.30 that the Kalman filter has a lower RMSE for the Y and X
position for the majority of patients. If the Kalman filter has not the lowest RMSE, it is
the baseline model. For the a and b axes, the RMSE of the Kalman filter is higher. This
is not surprising as we saw that the prediction takes time before corresponding to the real
trajectory. The RMSE of α is lower for the Kalman filter except for P2. Regarding the
Dice coefficient of the Kalman filter, it is higher for all patients except P2S2, P3C and
P3S. For these patients, the baseline model has a higher Dice.
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In Figure 5.31, we can observe that the Dice coefficent of the baseline model varies in a
sinusoidal shape with the prediction step. The performances of the sinus model are very
constant when we make the prediction step vary. The Kalman filter stays the best predictor
until the 7th prediction step. After that, its Dice coefficient decreases to be equal to the
one obtained with other predictors. This is a general conclusion for all patients. Regarding
the SMAPE, we can observe that it is higher for the Kalman filter while the RMSE is lower.

In Figure 5.32, we can see that the Dice coefficient decreases with noise for the three
methods but the decrease is less pronounced for the Kalman filter. The same observation
can be made for the RMSE. It increases with the noise and the increase of the Kalman
filter is very small or even constant. However, the standard deviation of the SMAPE for
the Kalman predictor is much bigger than for the other predictors.

For the majority of patients, Kalman predictor gives the best predicted ellipse,
followed by the baseline model except for P3. The good performance of the baseline
is explained by the relation between the prediction step and the period of the signal
as already explained.

The sinusoidal shape of the baseline model Dice coefficient when the pre-
diction step is varied seems logical with the observation made before. The error of
the sinus prediction is constant because if the sinus model has the good parameters,
predicting two, five or nine steps further only changes the moment at which we
arrive in the signal but does not change the quality of the prediction model. Indeed,
the model does not change with the prediction step.

Moreover, the decrease of performance of the Kalman filter after the 7th
prediction step is due to the continuous increase of the RMSE for a, b and α as the
step prediction increases. A dilation of more than 5 × 5 can be considered to solve
this problem. The fact that, for Kalman, the SMAPE is higher while the RMSE
is lower can be explained by the difference in terms of SMAPE of the under- and
over-predicted values.

The high SMAPE standard deviation for the Kalman predictor can be ex-
plained by the very variable predicted trajectory. However, unlike the other method,
the amplitude remains in the same range than the real one explaining the better
performance. Indeed, the two other methods are more governed by noise.
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As explained in Section 5 of Chapter 4, we also compare the prediction algorithms with a
treatment without prediction, the ITV-based PTV margins. This comparison is based
on two values: the proportion of tumor surface irradiated and the surface of healthy cells
irradiated. The Figure 5.33 shows the results when using the optimal parameters for each
patient and method. Because it is important for the treatment to cover the entire tumor
with the particle beam, we tried to dilate the predicted ellipses until the proportion of
tumor surface irradiated with our prediction methods is equal to 1 (cf. Figure 5.34). This
allows to determine what we gain in term of surface of healhty cells irradiated by using a
certain prediction algorithm instead of what is actually used (ITV-based PTV margins).
These two figures allow thus to know which treatment is the best one.
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Figure 5.33: Comparison of precision gain of our algorithms compared to ITV-based
PTV method: baseline model in green, sinus model in yellow, kalman filter in blue and
ITV-based PTV method in red. Optimal parameters for each method and patient are
used. All patients. Testing set. 100 simulations.
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Figure 5.34: Comparison of precision gain of our algorithms compared to PTV method:
baseline model in green, sinus model in yellow, kalman filter in blue and ITV-based PTV
method in red. Optimal parameters for each method and patient are used. Only the
kernels applied on the predicted ellipse are bigger. The kernel size is increased of 6 units.
All patients. Testing set. 100 simulations.

We can see in Figure 4.5 that the tumor is entirely inside the ITV, as said by the definition
in Section 3.1. This is confirmed by the Figure 5.33 where the proportion of tumor surface
irradiated equals 1 for all patients when using ITV-based PTV treatment. On the contrary,
the surface of healthy tissue irradiated is high compared to the prediction models tested
in this work.

In terms of proportion of tumor irradiated, the same trend can be observed for P2
and P3. We can enumerate the methods from the smaller to the larger tumor surface
proportion covered: the Kalman filter, the sinus model and the baseline model. For P1,
the proportion of tumor surface irradiated with the Kalman filter is higher than the two
other predictors. We can also observe that this proportion is more variable for the Kalman
filter as the standard deviation is higher. The same tendency is shown for the surface
of healthy cells irradiated. When using the contour found with the Kalman filter, less
healthy cells are irradiated. One must specify that for this gain measurement, we want to
have the proportion of tumor surface irradiated as big as possible (=1) and the smallest
surface of healthy cells irradiated (near 0).

When we increase again the dilation kernel applied on the contour found (cf. Figure 5.34),
we enlarge the predicted ellipse. As we see that the tumor surface irradiated is not equal
to 1, we suppose that the dilated predicted ellipse will comprise more tumor cells. By
doing this, the majority of the tumor surface is irradiated which is what is searched for
the treatment. Regarding the healthy cells, we observe that it is the contour found with
the Kalman filter that irradiates them the least for almost all patients.
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The fact that the ITV-based PTV treatment has a high surface of healthy tissues
irradiated is not surprising as the PTV is much larger than the tumor motion
region.
These results indicate that predicting the tumor position can help reducing the
effects of treatment on healthy tissues, more precicely the Kalman filter is the one
that irradiates the least healthy tissues.

However, we can see in Figure 5.34 that the mean proportion of the tumor
surface irradiated with Kalman is not exactly equal to 1. We must thus keep in
mind that the surface of healthy cells irradiated may increase if this proportion
equals to 1.

3 Segmentation algorithms
The goal of this section is to verify that the algorithms give sufficient results when their
initialization is the more precise (i.e. based on the approximated ellipse and not the
predicted yet).

For each segmentation algorithm, the superposition of the contour found on the physician
contour for two patients P1C and P1S is shown. The physician contour is represented in
white and the contour found with the segmentation algorithm is superposed on it in a
specific color. These images come from the testing set. Only one simulation is done as
there is no randomness in the segmentation algorithm.

3.1 Baseline algorithm
For the baseline algorithm, we only have to determine if the contour found needs to be
dilated or not to cover the entire tumor surface. This is done based on the Dice coefficient
found on the training set since no other parameters need to be optimized (cf. Figure 5.35).
A representation of the contour found is given in Figure 5.36.
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Figure 5.35: Boxplot of the Dice coefficient of the contour found using the baseline
algorithm. The dilation kernel applied on the contour found varies between 1 × 1, 3 × 3
and 5 × 5. All patients. Training set.

 

Figure 5.36: Physician contour (in white) and contour found using baseline algorithm (in
green). Left: P1C, Right: P1S at t = 59.2 s.

We can see in Figure 5.35 that the mean Dice coefficients are higher than 0.8 for all
patients. Moreover, they are always higher when no dilation is applied.

In Figure 5.36, we can see that the shape of the ellipse is a circle for P1C and oval
for P1S. In addition, we can observe that the tumor is entirely contained in the ellipse
and that the Dice coefficients are a bit lower than 0.8.
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The high coefficients indicate that the ellipses are good approximations of the
tumor.

The optimal dilation kernel is the one expected because the ellipse is di-
rectly constructed on physician contour. However, we must mention that this result
can be different when combining segmentation algorithms with predictions. In this
last case, the baseline model is the predicted ellipse. If the prediction is good, the
Dice coefficient will be high. On the contrary, if (X, Y ) is not predicted at the
center of the tumor, the ellipse will only contain a part of the tumor and the Dice
coefficient will be lower. If the predicted length of a and b axes is smaller than the
real one, it is possible that the optimal dilation kernel is 3 × 3 or 5 × 5 because it
allows to include a larger part of the tumor.

The shape of the obtained ellipses seems logic. The tumor of P1C has a
roundest shape. On the contrary, the ellipse for the PS1 is more elongated. The
lower Dice (< 0.8) is explained by the fact that there are some pixels which do
not belong to the tumor that are included in the approximated ellipse. For our
application, this is not problematic.

3.2 Region growing
For the region growing algorithm, the parameter ϵ is optimized on the training set. As
reminder, ϵ is related to the condition so that the pixel is contained in the growing region.
To find the optimal parameter, the value of ϵ is varied between 80% and 145%. This will
be the percentage of the standard deviation of the tumor gray values taken as belonging
criterium. This standard deviation is found using the five first physician contours. The
appropriate dilation kernel is also determined at the same time on the training set. The
optimal combination of ϵ and dilation kernel size can be determined based on the Dice
coefficient, as represented for P1C in Figure 5.37. The optimal parameters for each
patient are summarized in Table 5.8. Two examples of contours found with region growing
algorithm are shown in Figure 5.38.
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Figure 5.37: Boxplot of the Dice coefficient of the contour found using region growing
algorithm. The percentage of the standard deviation (belonging parameter) varies between
80% and 145%. The dilation kernel applied on the contour found varies between 1 × 1,
3 × 3 and 5 × 5. P1C. Training set.

Patient Optimal % of standard deviation Optimal dilation kernel Dice
P1C 115 5 × 5 0.853
P1S 115 5 × 5 0.582
P2S1 145 1 × 1 0.701
P2S2 105 1 × 1 0.748
P2S3 135 1 × 1 0.748
P3C 110 5 × 5 0.748
P3S 85 5 × 5 0.723

Table 5.8: Table containing optimal percentage of standard deviation and dilation kernel
for each patient, and the corresponding Dice coefficient.
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Figure 5.38: Physician contour (in white) and contour found using region growing algorithm
(in yellow). Left: P1C, Right: P1S at t = 59.2 s.

We can observe in Figure 5.37 that there is a slight increase of the Dice coefficient when
a higher percentage of the standard deviation is taken. Moreover, the Dice coefficient is
better (above 0.8 for P1C) when the contour found is dilated with a 5 × 5 kernel.

When observing the value of the optimal percentage of the standard deviation given
in Table 5.8 for the other patients, we can see that there is no specific trend.

One observation is that for all patients except P3S, this percentage is higher than 100%.
Another remark is that P2 is the only patient with an optimal kernel of 1 × 1. Other
patients have an optimal dilation kernel of 5 × 5.

Regarding the performances of the Region growing algorithm, the Dice coefficients are
higher than 0.70 with the exception of P1S.
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The proportionnality between the Dice coefficient and the standard deviation is
expected. Indeed, if the belonging condition is higher, more pixels are allowed to be
inside the contour until the stopping criterion is met.

The absence of trend for the optimal parameter indicates that the method
is patient-specific. As reminder, we consider that sequences of different views
coming from the same patient are independent.
The high percentage allows to take into account the fact that the contrast in MRI
image can be low as more pixels can be included in the growing region. The values
of the optimal dilation kernel can be explained by the MRI images shown in Figures
3.1 and 3.3. For P1C, there is a strong delimitation at the tumor border. The
region will thus stop at the boundary while the physician contour is a bit bigger.
For P1S, it is because only one part of the tumor is visible in the image and the
algorithm only finds this part because it is stopped at the separation. The pixels
of the other part have thus a different intensity and cannot be integrated to the
growing region. As shown in Figure 5.38, only the right part of the tumor belongs
to the final region. For P3, this can be explained by the pixels of a very different
intensity next to each other inside the tumor itself. The segmentation algorithm
stops thus very early and needs to be dilated to reach a bigger surface of the tumor.

3.3 Canny edge detector
For the Canny edge detector, the parameter to optimize on the training set is the value of
the strong treshold. The initial value corresponds to the mean number of pixels n that
compose the physician contour of the five first images. This value is then varied between
n − 15 and n + 40 by steps of 5 units. The Dice coefficient is used to evaluate the optimal
strong threshold and dilation kernel size. This can be determined thanks to Figure 5.39
for P1C. The optimal parameters and the corresponding Dice coefficient for the remaining
patients are summarized in Table 5.9.
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Figure 5.39: Boxplot of the Dice coefficient of the contour found using Canny edge
algorithm. The strong threshold varies between n − 10 and n + 40. The dilation kernel
applied on the contour found varies between 1 × 1, 3 × 3 and 5 × 5. P1C. Training set.

Patient Optimal strong threshold Dilation kernel Dice
P1C n − 10 3 × 3 0.918
P1S n − 15 3 × 3 0.627
P2S1 n + 5 1 × 1 0.851
P2S2 n + 15 1 × 1 0.775
P2S3 n + 5 1 × 1 0.836
P3C n + 20 1 × 1 0.742
P3S n + 25 1 × 1 0.697

Table 5.9: Table containing the optimal strong threshold and dilation kernel for each
patient, and the corresponding Dice coefficient.

The contours found with Canny edge detection for the two same patients are shown in
Figure 5.41 with the gradient on which the algorithm is based in Figure 5.40.
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Figure 5.40: Gradient on which the algorithm was based. Left: P1C, Right: P1S at
t=59.2s

Figure 5.41: Contour found using Canny edge algorithm. Left: P1C, Right: P1S at t=59.2s

Some steps of the Canny edge algorithm are shown for P2S2 in Figure 5.42.
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Figure 5.42: Contour found using Canny edge algorithm. P2S2 at t=0.4s

In Figure 5.39, we can see that the Dice coefficient varies when the strong threshold
increases. We also see that the strong threshold equal to n − 10 maximizes the Dice
coefficient when a 3 × 3 dilation kernel is applied and its mean value is around 0.9. We can
observe a higher Dice coefficient with a 3 × 3 dilation kernel when the strong threshold has
a lower value. When the strong threshold increases, the Dice coefficient is higher when a
smaller dilation kernel (1 × 1) is applied.

When observing the value of the optimal strong threshold for each patient in Table
5.9, we can see that it is lower for P1 and higher for P3. Regarding the dilation kernel,
the following observation can be conducted: the optimal dilation kernel is 3 × 3 for P1
and 1 × 1 for the remaining patients. We also see that the Dice coefficients are above 0.7
for all patients except for P1S and P3S.
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3. SEGMENTATION ALGORITHMS

The variation of the Dice coefficient with the strong threshold indicates that is has
a high influence on the perfomance of Canny edge. The inverse proportionnality is
explained by the fact that when the strong threshold increases, more pixels are
allowed to be part of the contour and a dilation is less needed.

We can deduce a proportionality between the optimal strong threshold value and
the tumor size. As given by the Table 3.1, the tumor of P1 is the smallest and the
one of P3 is the largest.
The higher dilation kernel for P1 can be explained by the visibility of the tumor in
the MRI images (cf. Figure 3.1) that gives a high gradient on the border as shown
in Figure 5.40. The contour found corresponds to this limit. A dilation kernel of
3 × 3 is the best as the physician contour is always a little bit larger. The same
explanation was used for the Region growing algorithm.
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Figure 5.43: Illustration of the
thinned gradient of P3S.

The reason the Dice coefficient is lower for
P1S is the visibily of the tumor in the MRI
image. We can indeed see in Figure 5.41
that only one part of the tumor is found by
Canny edge. For P3S, the gradient does not
show a very defined contour as we can see in
Figure 5.43. However, the Dice coefficients
have increased compared to those obtained
with Region growing algorithm, meaning that
Canny edge is more performant. A reason can
be that Canny edge is based on the image
gradient and not on the image intensity. It
is thus more robust to image contrast and
shows good performances even though a clear
contour of the tumor is less visible in the MRI
image.

However, a disadvantage of Canny egde is that the presence of another or-
gan or structure in the ROI can affect the contour. As shown in the bottom left of
Figure 5.42, another structure is present in the gradient and becomes part of the
contour.

3.4 Snake algorithm
For the Snake algorithm, the best parameters α, β and γ related to the snake energies
are found on the training set. In order to gain time, these parameters are optimized
independently of each other. The best value of α is first determined by varying its value
between 0.0 and 1.0 and maintaining β and γ constant. It is varied between those val-
ues because these parameters indicate a proportion. Then, the value of β is optimized
in the same way and finally, the value of γ is found. One must not forget that we use
a reduced ellipse as initialisation in this part as it was explained in Section 3.3 of Chapter 2.
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3. SEGMENTATION ALGORITHMS

We can observe how the Dice coefficient varies according the α, β and γ, respectively in
Figures F.1, F.2 and 5.44, to select the optimal parameters.
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Figure 5.44: Boxplot of the Dice coefficient of the contour found using the Snake algorithm
with different γ. The parameter γ varies between 0.1 and 1.0; α and β are put at their
optimal value. P1C. Training set.

Once the optimal values are found, the best dilation kernel is identified on the evaluation
set (cf. Figure 5.45).
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Figure 5.45: Boxplot of the Dice coefficient of the contour found using the Snake algorithm.
The dilation kernel applied on the contour found varies between 1 × 1, 3 × 3 and 5 × 5.
Optimal parameters are used. All patients. Evaluation set.

A summary of the optimal parameters for all patients is given in Table 5.10.
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Patient Optimal α Optimal β Optimal γ Dilation kernel Dice coefficient
P1C 0.1 0.2 0.5 3 × 3 0.895
P1S 0.1 0.2 0.5 5 × 5 0.851
P2S1 0.3 0.3 0.5 1 × 1 0.900
P2S2 0.6 0.3 0.5 3 × 3 0.918
P2S3 0.5 0.2 0.6 5 × 5 0.928
P3C 0.2 0.1 0.5 1 × 1 0.92
P3S 0.3 0.2 0.5 3 × 3 0.912

Table 5.10: Table containing the optimal parameters α, β, γ and dilation kernel for each
patient, and the corresponding Dice coefficient.

Again, contours found with the Snake algorithm for P1C and P1S at t = 59.2 s are given
in Figure 5.46.

 

Figure 5.46: Physician contour (in white) and contour found using Snake algorithm (in
red). Left: P1C, Right: P1S at t = 59.2 s.

In addition, two examples of the initial snake with the final snake can be visualized in
Figure 5.47 and 5.48 to highlight some specific behaviour of this algorithm. The final
contour for P1C and P3C is also placed onto the physician contour to be compared visually.
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Figure 5.47: Comparison between the physician contour (in white) and the contour found
with the snake algorithm (in red). The parameters used are: α = 0.9 and β = 0.9 and
γ = 0.5. The initial ellipse (in green) is reduced. Left: MRI image, Right: physician
contour. P1C at t = 1.2 s.
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Figure 5.48: Comparison between the physician contour (in white) and the contour found
with the snake algorithm (in red). The parameters used are: α = 0.9 and β = 0.9 and
γ = 0.5. The intial ellipse (in green) is reduced. Left: MRI image, Right: physician
contour. P3C at t = 1.2 s.
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In Figure F.1, we observe a slight variation of the Dice coefficient with the parameter
α. All means are above 0.8 which is quite good. It has a higher effect on the standard
deviation of the Dice coefficient.
The influence of the parameter β on the mean and standard deviation of the Dice coefficient
is the same as the parameter α: a low effect on the mean and a high effect on the standard
deviation as shown in Figure F.2. The Dice coefficient remains above 0.8 for each β value.
In Figure 5.44, a higher variation of the standard deviation of the Dice coefficient is
observed when the parameter γ varies. Again, the mean Dice coefficient is always above
0.8 with the optimal parameters on the training set.

In Table 5.10, we can see that the Dice coefficient is above 0.85 for all patients. The
performances of the Snake algorithm are thus higher than Region growing and Canny edge
detector.

For the optimal dilation kernel given in Figure 5.45, we do not observe a specific trend.
The optimal γ equals 0.5 for all patients except for the patient P2S3. The optimal β varies
between 0.1 and 0.3. The optimal value for α is the most variable, we do not see any
tendency.

In Figure 5.46, we can observe that the final snake corresponds very well to the tu-
mor contour. Even though some pixels belonging to the tumor are not included in the
final contour and some pixels of healthy tissue are included in it, the number of wrong
pixels is lower than the one found with Region growing and Canny edge.

This conclusion can also be seen in Figures 5.47 and 5.48 on the MRI images and on the
physician contour. The contour found for P1C in Figure 5.47 fits very well to the perfect
tumor contour on the MRI image. However for P3C, the snake is attracted to the border
of the organ but the contour stays well comprised in the physician contour that we would
tend to dilate.

The parameter α and β have not a high influence on the mean Dice coefficient. For
the parameter γ, it has a higher influence on the standard deviation compared to
the two other parameters. These observations show that the snake is robust to
the parameters. One must not forget that a best combination of parameters could
maybe be found by optimizing them all together. Since the γ is taken as a mean
value, the snake is reasonably attracted to the borders. Indeed, it is refered to what
is in proximity in the MRI image and since we are taking a ROI, there are less risks
that there will be another border in this region. Moreover, the smallest β parameter
means that we highlight the character rigid of our snake since we allow to have
angles for the pixel representation of the tumor. The α parameter is more specific
to patient and to tumor shape.
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As we can see in the illustration, the physician contour is enlarged. This explains
why the contour found by the Snake algorithm must sometimes be dilated. Another
case can occur as for P3C, where we would be tempted to dilate the contour found.
This would add a proportion of healthy cells to treat in the upper right of the tumor.
This will tend to decrease the Dice coefficient if we dilate too much the contour
found.

3.5 Comparison of segmentation algorithms
After determining the optimal parameters for each algorithm and each patient, the four
segmentation algorithms are compared on the testing set. The Dice coefficient is used to
determine which segmentation algorithm gives the best results for each patient (cf. Figure
5.49).
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Figure 5.49: Comparison between segmentation algorithms: baseline (in green), region
growing (in yellow), canny edge (in blue) and snake (in red). All patients. Testing test.

When comparing the Dice coefficients obtained with the different segmentation algorithms,
a trend can be observed as shown by Figure 5.49. For all patients except P1C, the baseline
algorithm is slighty more performant than the Snake with a Dice coefficient always above
0.8 while the contours found with Region growing and Canny edge present lower Dice
coefficients.
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We can conclude that the baseline is the more performant algorithm followed
by the Snake algorithm. These two segmentation algorithms are the best for all
patients except for P1C for which Region growing and Canny edge give higher Dice
coefficients. Indeed, this tumor is the most visible one in MRI images. The higher
performances of the baseline algorithm for other patients can be explained by the
contour which is less good delimited on the images and the low number of iterations.

One can not forget that the initialisations of the algorithms are based on
the physician contour and are thus perfect initialisations. The results can thus be
very different if the predicted ellipses are used instead, as shown in Figures 5.50 and
5.52.

4 Combination of prediction and segmentation algo-
rithms

The goal of this section is to combine both algorithms (of prediction and segmentation) to
see the performance of the entire process. For that, it is decided to test the combination of
the more performant and the more relevant prediction methods with the four segmentation
algorithms. The predictions given to the segmentation algorithms are thus the one found
with the Kalman filter since they give the best results. The analytical way but also the
system identification model are used while all segmentation algorithms are tested. The
purpose is to determine whether one combination of prediction-segmentation algorithm is
more performant for all patients or if it is more patient-specific.

4.1 Kalman filter: analytical
After testing each part, we combine the prediction with the Kalman filter, whose dynamics
is based on analytical model, and the segmentation algorithms. The Dice coefficients
between the contour found and the real position of tumor are represented in Figure 5.50.
An example of the contours found with the segmentation algorithms for P1C is shown
in Figure 5.51. Those two Figures allow to conclude quantitatively and visually on the
best segmentation algorithm that must be used following a prediction from the analytical
Kalman filter.
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Figure 5.50: Comparison between segmentation algorithms. The predicted ellipses are
obtained using the Kalman filter. The model is found analytically. P1C.

Figure 5.51: Physician contour (in white) and contours found using the segmentation
algorithms. P1C at t = 59.2 s.

4.2 Kalman filter: system identification
We also combine the Kalman filter where the model is found with a system identification
with the different segmentation algorithms. The Dice coefficients for all combinations and
all patients can be found in Figures 5.52 and 5.53. This allows to determine quantitatively
and visually which combination is the most performant.

108



4. COMBINATION OF PREDICTION AND SEGMENTATION ALGORITHMS

Figure 5.52: Comparison between segmentation algorithms. The predicted ellipses are
obtained using the Kalman filter. The model is found with a system identification. All
patients.

109



4. COMBINATION OF PREDICTION AND SEGMENTATION ALGORITHMS

Figure 5.53: Physician contour (in white) and contours found using the segmentation
algorithms. All patients at t = 59.2 s. From up to down and left to right: P1C, P1S, P2S1,
P2S2, P2S3, P3C, P3S.

In Figure 5.50, we see that Region growing has the best Dice coefficient while it had the
lowest one when using the physician contour as initialisation of the segmentation algorithm.
The contours found with the three other algorithms have a similar mean Dice which is
around 0.78.

Figure 5.52 shows no trend but the baseline algorithm has the best Dice coefficient
for all patients except P3C and P3S. For each patient, the best method gives a mean Dice
above 0.75.
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Figure 5.51 shows a good example of the limitation of Canny edge. On the upper
left, there is an undesirable object that is part of the contour while it should not.
The contour found with Region growing includes well the tumor. The one found
with the Snake is shifted compared to the tumor position. It remains around the
ellipse whose center is not exactly at the center of the tumor. Perhaps with more
iterations, the Snake would find the right contour.

For the contour found based on the predicted ellipse using the Kalman pre-
dicted trajectories, what we can conclude is that the baseline models gives the best
results followed by the Canny edge despite some limitations due to other structures
nearby for approximatively all patients. Even when the predicted ellipse is too
small, the region found with the Canny edge is well enlarged so that it covers
the whole tumor surface. The snake is restricted to the number of iterations for
time reasons, and this is visible since it is very often not so far from the predicted
ellipse. The baseline model is sometimes too small and is entirely comprised in the
physician tumor contour. It is also very dependent on the prediction precision.
The Region growing algorithm is working properly on tumors which have a visible
contour in the MRI image as it is the case for P1C. Conclude that the method is
often better without refinement seems not really precise since the ellipse is mostly
comprised in the tumor (cf. Figure 5.53). The Canny detector gives often very good
but bigger contour. The fact that the conclusion based on the boxplot about those
two algorithms is biased is mainly due to the definition of the Dice coefficient.

However, the mean Dice of the best segmentation algorithm for all patients
except P3S is above 0.78. Following what was found in the literature, these are
satisfying results.

To summarize, the best algorithm to track a tumor during a treatment
would be the combination of the prediction with a Kalman filter based on a
dynamics found with the system identification. Since the value of the a and b are
often under-estimated, i.e. their predicted values are smaller than the real ones, the
predicted ellipse must be dilated to better cover the tumor. This would be followed
by the Canny edge detector to know precisely the tumor contour. Concerning the
segmentation, this is the most stable segmentation algorithm that does in general
not need to be dilated. This complete scheme lead to a quite performant tracking
algorithm.
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Chapter 6

Limitations and future improvements

This work represents only a track to solve the problem of mobile tumors and has limitations
that remain to be improved.

The first limitation of our study about the tracking of mobile tumors is the data used. As
we work in 2D images, we do not consider tumor volume and only consider the motion in
the x and y directions. The movement in the z direction is thus not taken into account.

A second limitation over the data is the number of images in each MRI image sequence.
As we have to divide each sequence in three different sets, each set contains far fewer
images. To identify the system for the Kalman filter, the data set contains around 100
images. That limits the number of parameters that can be identified and thus the order of
the system.

In addition, we must take into account that the tumor contours used as ground truth are
delimited manually and it is thus subjective, i.e. depends on the person who does it. The
trajectories can thus be a little more irregular than in reality.

Regarding the metric used for the evaluation of the recovery of our prediction and of the
contour of the segmentation algorithms, the Dice coefficient, it could be more indicative of a
complete recovery. Indeed, it would be preferable to have a metric that can be proportional
to the surface of the tumor. On the one hand, it would be better for the metric to be bigger
than one if the structure we get was containing the tumor. On the other hand, it would
be better for the metric to be smaller than one if the structure was comprised inside the
tumor contour and equal to 1 if perfectly covered. As a result, we could discriminate be-
tween contours that contain the entire tumor or not since it is important for our application.

One evaluation that we have not done and that may enrich the study is the evalua-
tion of the system identification process. Indeed, here the well functioning of the system
identification step is tested with the Kalman filter algorithm. We consider that it is
indirectly tested via the error quantification of the Kalman filter. We could maybe dissoci-
ate both processes to understand which one induces the (bigger) mistakes by evaluating
directly the identification process in a further work with Vn the estimated error returned
by the identification toolbox as explained in Section 2.4.3 of Chapter 4.
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As explained in the previous chapter, there is a problem when constructing the sinus model
as the phase shift is not correclty taken into account. This is a point that could be enhanced.

The performances of the Kalman filter could be enhanced too. It could be interest-
ing to test whether maintaining a and b axes constant improves the Dice coefficient.
Especially since it is assumed that the tumor does not rotate and deform much. As we
do not do it, the system is more complex. However, the Kalman filter is limited to linear
systems. As the tumor movement is complex, it could be interesting to try using the
extended Kalman filter or the unscented Kalman filter.

As already discussed, one limitation of Canny edge is that the performances decrease when
another light structure is present inside the ROI. However, if the physician is present, he
can realise that there is a problem if two contours are found.

Another limitation of Canny edge and the Snake algorithms is that we use a ROI. That
can induce several problems. The first one is that the tumor can go out of the ROI if the
patient suddently breathes with a higher amplitude. That also raises a problem if the
center of the predicted ellipse is not inside the ROI.

All the algorithms could be optimized with a specified and more precise optimization
technique like a gradient descent technique for example. Here an inverse parametrisation
has been done. For example, an optimized Snake algorithm could do less iterations to
find a better contour. Better combinations of parameters can be found by optimizing the
parameters all together and not independently anymore. Indeed, we saw here that more
iterations are needed. Unfortunately, more iterations lead to more time.

The combination of prediction and segmentation algorithms we get is not the final goal that
we wanted to reach. Indeed, the goal is to use the data obtained with the segmentation
algorithm as measures to predict. More precisely, after refining the prediction with a
segmentation algorithm, an ellipse must be reconstructed and the value of these parameters
should be used to provide the prediction algorithm and make it work no longer on data
from the physician tumor contour.

This combination is more complex to achieve since both algorithms must be embed-
ded and will be dependent on each other. This could lead to more serious errors since
an error is passed on to another algorithm, which in turn can generate more and more
important errors. This leads to the conclusion that our algorithm is not usable coarsly in
clinics. One step further has to be done.

Another limitation which is important if used in clinics is the notion of real-time. Indeed,
we do not really take into account the time needed for each algorithm to run. This could
also be optimized since our algorithms were coded in an intuitive way. Our algorithms
take relatively little time but this could be more performant on more powerful machines.
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Chapter 7

Conclusion

To summarize this work, the following conclusions can be drawn.

Regarding the prediction models, we observed that the Kalman filter based on a dy-
namics given by a system identification gives the best results on a regular breathing
pattern for two parameters (predicting the position of the tumor center of mass). The
RMSE is around 2.3 and 1.0 mm for the Y and X positions. On the real trajectory for two
parameters, the Kalman filter remains the best prediction model as the RMSE equals 2.33
and 1.03 mm for both positions. It is also the case when predicting five parameters even if
the RMSE are a bit higher. The Kalman filter has the higher Dice coefficient (above 0.7)
except for P2S2 and P3. It remains the best even when increasing the noise contained
in the data and varying the prediction time steps. However, the RMSE is large for the a
and b axes, meaning that the Dice coefficient can increase if we apply a larger dilation
kernel. For both positions, the RMSE are below 3 and 1.5 mm except for P3. After the
Kalman filter, it is the baseline model that shows the best performances but it is strongly
dependent on the prediction step and the period of the trajectory.

One of the major conclusion is that there is a gain in terms of healthy cells irradi-
ated when predicting the tumor compared to the use of a ITV-based PTV treatment. The
minimum gain found is around 200 mm2 of healthy cells which are not irradiated. However,
to be sure that the whole tumor surface is caught by the particle beam, the predicted el-
lipse needs to be dilated. This can increase the performance and be useful in our application.

The segmentation algorithm which arrives best to capture the tumor region based on an
approximated ellipse is the Snake algorithm (with a mean Dice coefficient of 0.85 in general
with the smallest mean for one specific patient at 0.72). When combining the processes of
prediction and segmentation, the Canny edge seems to be a more performant algorithm
(with a mean Dice from 0.7 to 0.81 except for P1C, P1S and P2S3 where the snake takes
the lead with an average of 0.83, 0.75 and 0.79). The Canny edge method has the most
constant good Dice results even though it needs a physician’s control for the surrounding
structures that could be included in the ROI. It is the algorithm that can best adapt to the
given initialization since it is the least dependent on the precision of its initialization. The
Snake algorithm is too dependent on the initialization to be the best alternative based on
predictions since the predictions are not 100% precise. As already said, other methods of
image segmentation are effective (like Snake algorithm, Region growing) but they mainly
depend on certain characteristics of the tumor and its environment. We must not forget
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that this is patient specific.

For now, some enhancements are needed to be usable in real life such as optimizing
the prediction to be sure that the tumor is included in the ellipse. The time needed to
predict and to refine the contour also needs to be quantified and optimized to be as short
as possible. Moreover, our algorithm is not automatic yet since we would like that the
data used in the predictor are based on results of the segmentation algorithm. The inverse
is already the case, we use predictions to initialise segmentation algorithms.
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Appendix A

Trajectories
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Figure A.1: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P1S. All sets.
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Figure A.2: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P2S1. All sets.
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Figure A.3: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P2S2. All sets.
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Figure A.4: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P2S3. All sets.
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Figure A.5: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P3C. All sets.

125



0 20 40 60 80
10

0

10
Y 

po
si

tio
n 

[m
m

]
Real trajectories of the five ellipse parameters

0 20 40 60 80

5

0

X
 p

os
iti

on
 

[m
m

]

0 20 40 60 80

14

16

18

a 
ax

is
 

[m
m

]

0 20 40 60 80

12

14

16

b 
ax

is
 

[m
m

]

0 20 40 60 80
Time [s]

1.5

1.0

0.5

0.0

 
[ra

d]

Figure A.6: Trajectories for the five parameters of the ellipse. The vertical lines represent
the separation between the training, validation and testing sets. P3S. All sets.

126



Appendix B

Sinus model

Figure B.1: Boxplot of RMSE for 5 steps prediction for 5 parameters using sinus models
on the real trajectory. All patients. Evaluation set. 50 simulations.
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Appendix C

Kalman filter: Analytical
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Figure C.1: 5 steps prediction for 5 parameters using Kalman filter on the real trajectory.
The model is found analytically. Three values of parameter c are used: -0.3, 0.1, 0.5 and
0.7. P3C. Testing set. 100 simulations.
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Appendix D

Kalman filter: System identification
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Figure D.1: Boxplot of the RMSE for 5 steps prediction for 2 parameters using Kalman
filter on a regular breathing pattern. The model is found with a system identification and
three identification methods are used. Left: MOESP/N4SID, Right: CVA. The order of
the system varies from 2 to 10. P1C. Evaluation set. 100 simulations.
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Appendix E

Comparison between patients
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Figure E.1: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P1S. Testing set. 100 simulations.
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Figure E.2: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P2S1. Testing set. 100 simulations.
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Figure E.3: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P2S2. Testing set. 100 simulations.
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Figure E.4: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P2S3. Testing set. 100 simulations.
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Figure E.5: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P3C. Testing set. 100 simulations.
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Figure E.6: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The prediction step varies from 0 to 9. P3S. Testing set. 100 simulations.
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Figure E.7: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P1S. Testing set. 100
simulations.
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Figure E.8: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P2S1. Testing set. 100
simulations.
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Figure E.9: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P2S2. Testing set. 100
simulations.

141



Figure E.10: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P2S3. Testing set. 100
simulations.
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Figure E.11: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P3C. Testing set. 100
simulations.
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Figure E.12: Comparison between prediction algorithms for 5 parameters on the real
trajectory. The noise standard deviation goes from 0 to 4.4. P3S. Testing set. 100
simulations.
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Appendix F

Snake algorithm
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Figure F.1: Boxplot of the Dice coefficient of the contour found using the Snake algorithm
with different α. The parameter α varies between 0.1 and 1.0; β = 0.5 and γ = 0.5. P1C.
Training set.
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Figure F.2: Boxplot of the Dice coefficient of the contour found using the Snake algorithm
with different β. The parameter β varies between 0.1 and 1.0; α is put at its optimal value,
γ = 0.5. P1C. Training set.
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