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Sammanfattning 

Den viktigaste aspekten av strålningsterapi är att bestråla så lite frisk vävnad som möjligt. Andning 

försvårar behandlingen eftersom andning ger upphov till inre rörelser i bröstkorgen och i magen. 

Olika metoder för att reducera dessa rörelser existerar idag så som tryckanordningar och olika sätt 

att hålla andan på. Dessa metoder är dock inte så pålitliga eftersom de bygger på patientinteraktion 

och kan vara obehagliga för patienten. Ingetdera är önskvärt.  

Ett sätt att ta bort åverkan av andningen är att förflytta behandlingsbordet med patienten utifrån 

hennes andningsrörelser för att motverka dessa och hålla målet/tumören i centrum under hela 

behandlingen. Behandlingsbordets rörelse har en liten acceleration och förflyttas i en relativt liten 

rymd. 

Det finns ett flertal tänkbara insignaler för att styra detta system, den insignal som ansetts bäst i 

denna studie är användning av markörer som under planeringen av behandlingen korrelerats med 

tumörrörelsen. Markörerna mäts med hjälp av sensorer och därefter matas informationen till 

systemet. Systemet ställer i sin tur in positionen på behandlingsbordet så att det befinner sig på den 

plats där tumören ligger i centrum för strålningen. 

Den typ av reglering som ansetts bäst av klassisk och modellbaserad prediktiv reglering är den 

modellbaserade prediktiva regleringen. 

Lösningen som sådan fungerar i teorin. I praktiken är det många andra faktorer som påverkar 

tumörens placering. Sjukhuspersonal har inte heller tid att lägga ner på extra inställningar som gör 

behandlingen bättre för den enskilde men som leder till att någon annan inte kan behandlas på 

grund av tidsbrist. 
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Abstract 

In radiotherapy the most important aspect is to irradiate as little healthy tissue as possible. 

Respiration complicates treatment as it induces movements in the chest and abdominal area. 

Different techniques, such as breath-hold techniques, pressure devices and gaited treatments, exist 

to reduce the movements caused by respiration. However, these methods are of some discomfort to 

the patient and also rely on patient interaction, neither of which is desirable.  

One way to remove the effects of respiration is to move the patient accordingly to her respiratory 

movement and thus keep the target in focus all the time during the treatment. Fortunately the 

accelerations are so small that they do not induce motion sickness to the patient. 

To control the bed an input is needed. There are many possible inputs, the one chosen here are the 

use of markers correlated with the tumour movement during treatment planning. The type of control 

can be either classic control or model predictive control. After looking into both types of control 

model predictive control had the upper hand. 

As input to the control external markers are suggested. The placements of the markers are then 

measured with sensors and that information is fed back to the system which sets the position of the 

treatment table to match the beam to the centre of the tumour. 

The solution works in theory, in practice however there are a lot of other things that affect the 

placement of the tumour. Also, hospitals do not have time for the extra settings that makes 

treatment better for the individual but most likely will lead to another patient not being treated due 

to lack of time. 
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Acronyms 

CT – Computed Tomography 
CTV – Clinical Target Volume 
DMC – Dynamic Matrix Control 
GPC – Generalised Predictive Control 
GTV – Gross Tumour Volume 
IDCOM – Identification and command (control metod) 
IDCOM-M – Identification and command for system with multiple inputs/outputs 
MPC – Model Predictive Control 
MRI – Magnetic Resonance Imaging 
NMPC – Nonlinear Model Predictive Control 
PID – Proportional, Integrated, Derivative 
PTV – Planning Target Volume 
QBH – Quasi Breath Hold 
QDMC – Quadratic Programming DMC 
RF – Radio Frequency 

Glossary 

Abdominal - Stomach 
Apex – Top of structure 
Craniocaudal – Head to tail 
Diaphragm – Muscle below the lungs 
Dosimetric – How the dose (of radiation) are to be given 
Exhalation – Breathing out 
Fluoroscopy – Imaging with fluorescent substance injected into the blood 
Inhalation – Breathing in 
Inter – Between  
Intestinal flora – The flora in the stomach/intestines, if the stomach is for example acidic  
Intra – Within  
Lateral – To the left or right 
Oesophagus – Throat 
Pancreas – Organ producing hormones, for example insulin 
Pathological – Sick/unhealthy 
Respiration - Breathing 
Sternum – Breastbone 
Thoracic – Lung area 
Tissue – For example skin, muscles, bone etc. 
Ventrodorsal – Front to back 
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1. Introduction 

1.1 Background 
In radiation treatment today the most important aspect is to only irradiate the pathological tissue 

and spare the surrounding healthy tissue. This is done by careful planning of the irradiation. For each 

patient a treatment plan is made which takes the geometry and the placement of the tumour into 

account. However, these are not the only aspects which need to be accounted for; internal 

movements caused by respiration complicate the treatment plan and forces the planer to take more 

healthy tissue into the treatment plan. 

When making a treatment plan physicians use a computed 

tomography (CT) to define different treatment volumes. These 

volumes are roughly illustrated in Figure 1. The Gross Tumour Volume 

(GTV) contains the tumour, the Clinical Target Volume (CTV) includes 

the tumour volume and nearby tissues which might contain 

pathological cells. The CTV is enclosed by a Planning Target Volume 

(PTV) which includes differences in set-up between treatment 

sessions, tumour movement caused by radiation and respiration 

(Seppenwoolde, et al., 2002), (Hof, et al., 2003), (Isaksson, et al., 

2005), (Park, et al., 2011), (Podgoršak, 2005). The Treated Volume is 

larger than the PTV due to geometrical constraints in the radiation 

beam and the Irradiated Volume is larger due to scatter emerged from 

the beam, collimator and body. 

Another important aspect in radiation therapy is that the volume and 

geometry of the treated tissue changes between treatment sessions 

(Park, et al., 2011).  

Today, it is possible to irradiate very strange geometries, thus the Treated Volume is very close to the 

PTV. New treatment plans are also made, not before each session but a few times during long 

treatments, where the treatment is given in multiple fractions during an extensive amount of time. 

Hence, neither of these aspects can be much improved as they already are optimised. However in 

some parts of the body, namely chest and abdominal areas, respiration induces movements to the 

CTV which makes the PTV larger. Thus, a way to reduce the radiation necessary for treatment is to 

reduce the affect from respiration on the treatment (Isaksson, et al., 2005), (McClelland, et al., 2011), 

(Hong, et al., 2011), (Kyriakou & McKenzie, 2011), (Park, et al., 2011). 

1.2 Object 
This thesis will investigate the possibility and suggest a solution of reducing the affect of respiration 

on the radiation treatment. Current methods, existing research and different control methods will be 

investigated. Based on current practice the feasibility of a mobile treatment table and concepts 

regarding it will be made. 

1.3 Problem Description 
Respiration causes the internal organs to move. During radiotherapy this can be a problem since the 

motion may cause a larger volume to be irradiated.  

Figure 1. Volumes considered in 
radiation therapy. GTV is the gross 
tumour volume, CTV is the clinical 
target volume and PTV is the 
planning target volume. 
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1.4 Boundaries 
This thesis will look into existing research and from these studies investigate if there is a feasible way 

to reduce respiratory impact on radiation treatment. This thesis only deals with feasibility; an 

implementation will therefore not be made. Due to limitation in time this thesis only looks into the 

two control strategies classic and predictive control. 

1.5 Report Layout 
In section 2 the medical and control background necessary for this thesis will be presented, as well as 

some existing work and problems in these areas. In section 3 concepts of a moving patient bed will 

be presented. In section 0 the results from the findings in this project will be presented. A discussion 

will be held in section 5 and suggestions for further work will be made in section 6. 

2 Background Studies 
In this section the background studies made for this project will be presented. To get a wide range of 

understanding for this kind of problem both an extensive research regarding the existing medical 

technology and control theory have been investigated. 

2.1 Medical Background 
Within the medical background the physics and biology of radiation, respiration and existing research 

have been investigated and are presented below. 

2.1.1 Radiation 

Radiation is a process where energetic particles or waves travel through a medium or space. There 

are two types of radiation; ionising and non-ionising. Non-ionising radiation refers to radio waves, 

heat and visible light. Regarding medical imaging and treatment, ionising radiation is of interest and 

importance.  

There are different kinds of ionising radiation which are produced by radioactive decay, nuclear 

fission or fusion, particle accelerators or naturally occurring cosmic rays. For a particle to be ionising 

it has to have high energy and interact with atoms of a target (Podgoršak, 2005).  

In the following subsections the physics of radiation and how it affects biology will be further 

explained.  

2.1.1.1 Physics of radiation 

Ionising radiation is radiation composed of particles that have sufficient energy or can liberate 

sufficient energy to remove an electron from an atom or molecule. This produces free radicals which 

are atoms or molecules containing unpaired electrons.  

Roughly speaking, all particles and photons with energy above 10 eV are ionising. Alpha particles, 

beta particles, cosmic rays, gamma rays and X-ray radiation all have energy high enough to ionise 

atoms. Free neutrons are also ionising since their interaction with matter carry higher energies than 

10 eV. 

Alpha particles are relatively slow but interact heavily with matter and can travel a few centimetres 

in air or a few millimetres in a low density material. Because alpha particles only travel a maximum of 

a few millimetres in low density materials alpha radiation is easy to protect oneself against.  
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Beta particles are more ionising than alpha particles. However, beta particles can be stopped in a few 

centimetres of plastic or in a few millimetres of metal. 

Gamma rays consist of photons with a frequency greater than 1019 Hz. Gamma rays are highly 

energetic, penetrate matter deeply and are difficult to stop. Gamma rays can be stopped by a 

sufficiently thick material with a high stopping power. The stopping power mostly depends on total 

mass, so density of the material does not really matter (Podgoršak, 2005).  

X-rays are waves with a wavelength of less than approximately 10 nanometres. Shorter wavelengths 

correspond to higher energies. When an X-ray photon collides with an atom the atom absorbs 

energy. Generally a larger atom absorbs more energy than a small one; this is used when taking 

images of the skeleton since the calcium atoms are larger than the atoms in the soft tissue.  

Neutrons are the only type of ionising radiation that can cause other objects to be radioactive. 

Neutrons are either emitted spontaneously or through fission or fusion. Neutrons are generally 

stopped by light element that slows down the neutrons or capture them.  

When radiation comes into contact with matter: one out of the following interactions may occur. 

These interactions are commonly referred to as scatter. 

Bremsstrahlung is electromagnetic radiation produced by the deceleration of a charged particle 

when deflected by another particle, typically an electron. Bremsstrahlung often occurs in the 

interaction between X-rays or beta particles and matter.  

Gamma rays ionise all along their path, unlike the other types of radiation that only ionise during 

interaction with matter through Bremsstrahlung. Gamma rays do however interact with matter in 

three different ways; through the low energy phenomena photoelectric effect; through the mid-

energy phenomena Compton scattering and through the high energy phenomena pair production.  

In the photoelectric effect electrons are emitted from the matter as a consequence of their 

absorption of energy from electromagnetic radiation of short wavelength, such as visible or 

ultraviolet light.  

Compton scattering is a type of scattering that X-rays and gamma rays undergo in matter. The 

inelastic scattering of photons in matter results in a decrease in energy of an X-ray or gamma ray 

photon. This is called the Compton Effect. Part of the energy of the X-ray or gamma ray is transferred 

to a scattering electron, which recoils and is ejected from the atom (which becomes ionised), and the 

rest of the energy is taken by the scattered, “degraded” photon. Inverse Compton scattering also 

exists, in which a charged particle transfer part of its energy to a photon. 

Pair production refers to the creation of an elementary particle and its antiparticle, usually from a 

photon. This happens when there is sufficient energy to create the pair (Podgoršak, 2005), 

(Unknown, 2012).  

2.1.1.2 Biological effects of radiation 

Biological effects on radiation are thought of in terms of their effects on living cells. For low levels of 

radiation the biological effects are minor, and may go undetected. The body also repairs many types 

of radiation and chemical damage. There are a few different outcomes to the biological effects of 

radiation: the Radiation may have no effect on the cells; the cell may be delayed from its division; cell 
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death either before division or after division by fragmentation into smaller bodies that are taken up 

by nearby cells; the cell dies when attempting to reproduce itself; reproductive failure due to 

genomic instability; mutation of the cell; the cell survive the mutation but the mutation may lead to 

cancer; the cell can send signals to neighbouring un-irradiated cells and induce genetic damage in 

them or the irradiated cell become more resistant to radiation (Podgoršak, 2005). These outcomes 

can roughly be classified into four classes.  

The first class contains cells that experience DNA damage but are able to repair the damage. In the 

second class, cells experience damage to the DNA but are unable to repair the damage. These cells 

may, however, go through programmed cell death and thus eliminate the potential genetic damage. 

In the third class the cells experience a nonlethal mutation, i.e. damage is done to the DNA but the 

cells do not go through a programmed cell death and thus the damage is passed on to the next cell 

divisions. This mutation may contribute to cancer.  

The fourth class contains the cells experience of irreparable DNA damage leading to pre-mature 

aging and cancer. 

As seen above, radiation may cause cancer, but cancerous cells can also be affected in the same way 

as healthy cells when exposed to radiation. Here radiotherapy comes into account.  

Radicals tend to be especially chemically reactive and account for most biological damage caused by 

ionising radiation. Radiation damages the DNA in the cells which prohibits cell division. When the 

cells die there are no new ones to replace them and thus the tumour shrinks.  

Different types of radiation disperse differently into tissue, for this reason, depending on the depth 

of the tumour, different types of radiation are used for different tumours (Podgoršak, 2005).  

2.1.2 Respiration 

During respiration the diaphragm contracts and relaxes, this causes the internal organs in the 

abdomen to shift. This movement makes treatment planning of abdomen and chest tumours difficult 

and nearby tissue is often irradiated as a result (Keall, et al., 2006), (Tortora & Grabowski, 2000).  

The internal movements caused by respiration have the largest amplitude in the cranial-caudal (head 

to tail) direction and are registered in tumours situated in the lower lobes of the lung or in the 

abdomen i.e. close to the diaphragm. The tumours which experience the highest amplitude shift are 

the ones not attached to rigid structures (Seppenwoolde, et al., 2002), (Hof, et al., 2003), (Mutaf, et 

al., 2011)]. However, studies show an independency in tumour movement regardless from location.  

Respiration may not be symmetric i.e. inhalation and exhalation may not take the same amount of 

time. This means that the average tumour location may not be midway between the inhale and 

exhale position (Seppenwoolde, et al., 2002). (Mutaf, et al., 2011) found that the longest time is 

spent in the exhale phase of the respiratory cycle. The breathing motion has a semi-periodic pattern 

due to drifts in mean, frequency and phase (Hong, et al., 2011). 

As with most things, humans breathe differently from each other. Some patients breathe with their 

chests, some with their abdomen and others switch back and forth between the two (Isaksson, et al., 

2005). Respiratory motion can also vary greatly between planning and treatment and fractions 

(McClelland, et al., 2011) this is important to know and to be taken into account during treatment. 
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2.1.3 Existing treatment/research 

In this section eleven papers will be briefly described and findings relevant for this project will be 

presented. These papers are presented chronologically by publishing year. Also a summary of what is 

considered most relevant is found later in this section. 

2.1.3.1 Existing work 

In a clinical investigation of real time measurement of 3D tumour motions (Seppenwoolde, et al., 

2002) used CT to map the 3D paths of tumours. From the data collected from these mappings they 

fitted each patient’s pattern to a curve. If a patient were equally well fitted onto two curves, they 

concluded that the patient’s actual breathing curve were in between the two curves. They also noted 

that pre-existing lung diseases and the breathing technique are important for the estimation of the 

tumour motion.  

Between treatment fractions the respiration cycle might change due to outwards changes. This 

makes it difficult to put the breathing cycle’s zero position in the exact same place for each 

treatment. 

Hysteresis can also seriously affect the accuracy in radiation treatment. Since hysteresis is present 

during normal respiration. However, during long breath hold the tumour stays in a fixed position as 

long as the patient holds her breath. This is why breath hold techniques are interesting in radiation 

therapy. However, the marker used to localise the tumour may distort the tumour motion or cause 

hysteresis.  

(Hof, et al., 2003) investigated the use of multi-slice CT to determine lung tumour movement. An 

abdominal pressure device was used to reduce respiratory movements, leading to shallow breathing. 

For some patients, however, the abdominal pressure device does not reduce the tumour movement.  

The abdominal pressure device can reduce the movements in the cranial-caudal direction. As for the 

other directions, a 3D planning of the tumour motion has to be done. Inter- and intra-individual 

differences were present in each direction and no significant difference in lung tumour locations was 

seen. Fluoroscopy is extensively used to obtain measurements of the tumours maximum deviation. 

This is however made at the expense of extra time and inconvenience to the patient. Single-slice CT 

can be used instead of fluoroscopy at the expense of motion coverage (Hof, et al., 2003).  

In this study measurements are made using remarkable points both inside and outside the body in 

comparison to the implanted markers in the study made by (Seppenwoolde, et al., 2002). 

It is understandable that if a multi-slice CT is used to obtain the scans needed for the treatment plan, 

it is also clever to use this device for measurement of the tumour movements as well. This saves time 

that would otherwise be needed to acquire the information of the tumour motion in another way. 

This may also be somewhat more comfortable for the patient since only one method for obtaining 

both the treatment plan and the tumour movement would be necessary. 

(Hof, et al., 2003) notes in their discussion that the additional dose for acquiring the motion of the 

tumour is less than 100 mGy. They also points out that this is negligible since the dose necessary for 

treatment is about 26 Grey.  
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Resolution of the scans and the region of interest are inversely related and it is a trade-off between 

good resolution obtained by smaller slices and the area needs to fit in a certain number of slices.  

(Isaksson, et al., 2005) investigated the use of an adaptive neural network to predict tumour motion 

during respiration. Their results also show that adaptive signal processing filters can provide a more 

accurate estimation of the tumour position than simpler stationary filters. They made a 

demonstration on how the use of an adaptive neural network can predict the tumour motion ahead 

of time in cases where the respiration cycle and the tumour correlation vary during treatment. 

An important aspect is to not choose too many or too few weights for the filter. Too many will make 

the filter ill-conditioned and too few makes the filter insensitive to detailed structures. Also too little 

training data or too many parameters leads to overtraining. Training a nonlinear neural network is 

difficult due to weights being initialised at random. This result in a large variance in how good a filter 

can be. It might be very good after only a single training but may also result in a very bad one. 

(Isaksson, et al., 2005) concluded that the neural network does not perform significantly better or 

worse than a linear filter.  

(Nuyttens, et al., 2006) looked into the use of a CyberKnife for tumour tracking. The CyberKnife is a 

frameless image-guided radiotherapy system. They found that the use of the CyberKnife for tracking 

the tumour is feasible and resulted in excellent tumour response. However, their results were only 

tested on a small group and thus need more clinical trials for validation of the method. 

In the simulation study made by (Seppenwoolde, et al., 2007) about the accuracy of an algorithm to 

compensate the tumour motion with a robotic respiratory tracking system, it becomes apparent that 

it is a clear advantage that patients can breathe normally throughout the treatment. They also 

looked into the advantage of using Respiratory Tracking System over e.g. gated therapy due to the 

possibility of normal breathing for the patient. However, this method of tracking may still suffer in 

precision from irregular tumour motions. This imaging technique has virtually no set-up errors (less 

than 1 mm). 

With an increased number of images the 3D treatment error and the variability in the results 

decrease. However, with an increased amount of images the radiation on the body also increases 

since more images requires more radiation. For patients with high correlation between internal and 

external movements fewer images are needed to model the tumour motion. 

It is wise to update the treatment model halfway through the treatment. This decreases the 

treatment error.  

Ways of reducing the effect of respiration are abdominal compression, active breathing control, 

gating, tracking or a combination of these. 

Breath-hold techniques may induce additional errors which is why it a technique where the patient 

can breathe freely is supreme. This demands that the technique where the patient can breathe free 

is sufficiently accurate. A treatment plan where the patient can breathe more freely is better than a 

gated therapy. This requires the treatment to be made with less radiation than the gated therapy 

would have. The frequency of imaging to update the model should be carefully balanced between 

excess patient x-ray exposure, model accuracy and treatment time. 
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In the study made by (McClelland, et al., 2011) about inter-fraction variations in respiratory motion 

models they note that one of the main concerns with imaging is the difficulty in getting sufficient 

information about the internal movements during the time it takes to deliver a fraction in treatment.  

There is a possibility that regions that receive high doses of radiation may be subjected to greater 

inter-fraction variations in terms of tumour size and movement. However, high dose landmarks are 

close to the CTV and have less registered error in the inter-fraction model. Thus low dose landmarks 

which are placed further away from the tumour have a higher modelling error. 

(McClelland, et al., 2011) also mention that the number of datasets used in their study is too small 

for any conclusions to be drawn. Internal motion is not only dependent on the respiratory cycle. 

Depending on where the tumour is placed heartbeat and bowels may induce some movements too. 

When modelling respiration cycles underlying diseases and treatment for those as well as difference 

in breathing (e.g. chest vs. diaphragm breathing) may distort the models rendering them worse than 

anticipated. 

(McClelland, et al., 2011) points out that as long as failures occur in the models, the models needs to 

be manually checked before applying them in treatment.  

In the simulation study by (Mutaf, et al., 2011) irregular respiratory motion and the dosimetric 

impact it might have on lung tumours were looked into. Respiratory variations could have intra and 

inter fractional components affecting the radiotherapy of mobile tumours in different ways. Also, 

inter fractional variations was found to be larger than the intra fractional variations.  

Optic or radiographic imaging is not directly translatable to dosimetric conclusions due to radiation 

dispersion in tissue, penumbral effects and topology features. To normalise the results (Mutaf, et al., 

2011) gave all patients the same dosage, even though their dose plans differed in dose. 

In the study by (Hong, et al., 2011) about real-time prediction of respiratory motion they noticed that 

prediction is necessary in a process, here due to system latency. They also found that nonparametric 

methods often require intensive training on a large dataset and usually demand high computation in 

real-time. To achieve feasibility and flexibility one needs to balance the large quantity of data needed 

to obtain a reliable training set vs. the requirement of fast response and update. 

(Kyriakou & McKenzie, 2011) observed that only the models with realistic viscoelastic material 

properties incorporated can predict the main feature of the motion as represented in the hysteresis 

function. 

(Park, et al., 2011) looked into a quasi-breath-hold technique using a personalised audio-visual 

biofeedback of the respiratory motion.  

Gating is advantageous in patient comfortability though suffer in time efficiency (Keall, et al., 2006). 

Breath-hold techniques are more precise than gating but need patient alertness and are limited by 

patients pulmonary functions (Keall, et al., 2006). Breath-holding always causes patient discomfort. 

Quasi-breath-hold techniques utilises the best parts of the two methods. 
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Longer breath-hold times resulted in an increase of duty cycle and a decrease in treatment time. This 

technique (QBH) may thus be beneficial for patients who suffer from tumours in the pancreas, liver, 

breasts and oesophagus since they generally have a good lung capacity.  

(Fayad, et al., 2011) studied the correlation of respiratory motion between external and internal 

anatomical landmarks. They observed a significant variability in the motion of the different parts of 

the external patient surface. Larger magnitudes were found in the central regions of the thoracic and 

abdominal areas. They also noted that even experienced oncologists have problems with pointing 

out landmarks at the same position each time, both inter and intra variations were noticed. 

Internal anatomical landmarks show a higher correlation with the respiratory motion than external 

anatomical landmarks do. 

2.1.3.2 Summary of previous research 

From the previous section it can be seen that there are many different ways to reduce or map 

respiratory motion to try and control it. Research is focused in three different areas; mapping/ 

imaging, the effects of respiration and how to affect it and how to model the respiration.  

Of interest for this thesis are how to map the respiratory motion, how to affect the respiration 

through different breathing techniques and how the respiration can be modelled.  

The research regarding imaging techniques mostly focuses on how to decrease the radiation needed 

to obtain images and how to get better resolution in the images. How to affect respiration is done by 

different breathing techniques, breath-hold techniques and quasi breath-hold techniques. But to 

understand the respiratory motion results in knowledge how to predict and correlate the motion. To 

understand the respiratory motion research have been made, and are made, in the areas of how the 

motion differs between patients and also how respiration differs for patients in time. This knowledge 

is then implemented in modelling to get a model as exact as possible. 

Section 3 and 0 discuss different methods of reducing the impact of respiratory motion and the 

results of how this impact can be decreased in a good way without causing harm or discomfort to the 

patient.  

2.2 Control Background 
Control is about getting systems to behave in a desired way. The systems can be technical, biological, 

economical etcetera. These systems are affected by different things for example; angles, inertia, 

production of insulin, hormone production, interest rates and many, many other objectives (Glad & 

Ljung, 2006). 

In this section classical control and model predictive control, MPC will be closer looked into. 

2.2.1 Classic Control 

Classical control usually refers to different kinds of system feedback. All feedback takes the error into 

account. The error is the difference between the input and output signal. The simplest form of 

feedback is P-regulation where the P stands for proportional regulation. Proportional regulation can 

only compensate for disturbances but can neither eliminate them nor their affect.  
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Since a P-regulator cannot eliminate disturbances a common way to overcome this problem is to add 

a term in the regulator. Normally an integrator is added and a proportional, integrating regulator, a 

PI-regulator is obtained. With a PI-regulator the output can be kept at a desired level. A PI-regulator 

usually looks like Equation 1 

  ( )          ( )     ∫  ( )  
 

 
    (1) 

where  ( ) is the control signal,    is the input signal,  ( ) is the error,    is the proportional 

constant and    is the integration constant. For larger values of    and    the desired value is 

reached faster, however this may also cause stability problems.  

Instability occurs when too much trust is put in too old information. To stabilise the system one must 

either trust previously obtained information less, i.e. decrease the values of    and    or obtain new 

information.  

One way of obtaining new information is to let the input signal be affected by the derivative of the 

output signal i.e.  

  ( )          ( )     
 

  
 ( )   (2) 

where    is the derivative constant. The type of regulator seen in Equation 2 is called a PD-regulator 

or a proportional derivative regulator.  

To utilise the rapidity of the proportional regulator, the error elimination of the integrating regulator 

and the stabilising ability of the derivative regulator, these three are often combined into PID-

regulators. A simple PID-regulator can be seen in Equation 3 

  ( )          ( )     ∫  ( )  
 

 
    

 

  
 ( )  (3) 

The advantages with PID-control are that; it works well when the knowledge about the process is 

scarce, it is in an easy format, noise is taken into account even though the noise itself is not 

measurable and instable systems can be stabilised through the feedback.  

The drawbacks with PID-control are that a PID easily can become unstable, it is not always optimal, 

they might perform unsatisfactory and better regulation can be done with model based regulators. 

PID also only applies to linear processes or first order processes (Glad & Ljung, 2006).  

2.2.2 Model Predictive Control 

Model Predictive Control (MPC) is an advanced method of process control. MPC was developed in 

the late seventies and has expanded a great deal since then. Model based predictive control does not 

denote a special procedure but rather an entire class of control methods. Contrary to other fields 

model predictive control started in the industry and then moved its way into the theoretical field. In 

the commencement of MPC it was mostly used in the chemical process industry. Today MPCs are 

used not only in the chemical industry, but also in paper plants, in servo mechanisms and in robot 

arms (Camacho & Bordons, 2004), (Qin & Badgwell, 1997), (Zheng, 2010). 
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2.2.2.1 Overview 

Development of modern control can be traced back to the 1960’s and the work of Kalman on a linear 

quadratic regulator. This regulator never got any real breakthroughs in industry because of the fact 

that in the process industry units are complex, nonlinear, constrained multivariable systems. There is 

no real use for linear unconstrained regulators in industry where constraints are everywhere (Qin & 

Badgwell, 1997). 

MPC can be divided into three main categories; first, second and third generation model predictive 

control. First generations model predictive control consists of IDCOM (identification and command) 

and DMC (dynamic matrix control) algorithms. These algorithms had a huge impact on industrial 

process control and provided very good control for unconstrained multivariable processes. However, 

constraint handling was still not easily managed. 

The second generation model predictive control consists of QDMC (the DMC as a Quadratic Program 

(QP)). This algorithm posed the model predictive control problem as a QP problem. The algorithm 

provided a systematic approach to incorporate hard input/output constraints. The drawback of this 

algorithm was that it still could not handle infeasible solutions. Thus a need for a new generation of 

MPC arrived. 

The third generation model predictive control consists of among others the IDCOM-M algorithm. 

Where the extra M emphasises that the system has multiple inputs/outputs. In this generation the 

algorithm can make out the difference between a hard, soft and a ranked constraint. In order to deal 

with infeasible solutions, a mechanism was developed to handle problems resulting from real time 

changes (Qin & Badgwell, 1997).  

MPCs are generally used in complex dynamical systems especially systems with high-order dynamics 

or systems with large time delays. The complexity of MPC is normally not needed to control simple 

systems which sufficiently are controlled by PID controllers.  

MPCs predict the change in the dependent variables caused by independent variables. Dependent 

variables are measurements that represent either control objectives or process constraints. 

Independent variables are setpoints of PID controllers regulating among other things temperature, 

pressure and flow or the final control element which can be valves and dampers. Independent 

variables that cannot be regulated by the controller are used as disturbances.  

An MPC uses the current state of the process as well as a model, disturbances and the variable 

targets of the process to calculate future changes in the independent variables. 

MPC is applicable on both linear and nonlinear systems. MPC is a multivariable control algorithm that 

uses an internal dynamic model of the process, a history of past control moves and an optimisation 

cost function over the receding prediction horizon to calculate the optimum control moves. Due to 

the online computation, MPC’s are restricted to processes with relatively slow dynamics. 
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MPC is the most used procedure within industry since it has significant advantages compared to 

other methods; the most important are listed here: 

 It is an especially attractive alternative for personnel with limited knowledge of control 

theory since the concepts are intuitive and it is relatively easy to tune the system. 

 It can be used to control a variety of different processes from processes with relatively easy 

dynamics to more complex processes such as processes with long time delay, nonphase 

systems or unstable processes. 

 Multivariable systems are easy to handle. 

 It has embedded compensation for dead time. 

 It introduces feed forward in a natural way to compensate for measurement errors. 

 The resulting controller is an easy-to-implement control law. 

 Its extension for handling limitations is conceptually simple and can systematically be 

included in the process. 

 It is useful when future references are known. 

 It is an open methodology based on certain principles who allow future extension. 

As with all processes there also exist some drawbacks with MPC. One disadvantage is that even 

though the resulting control law is easy to implement and only needs a few calculations, getting to 

the control law is significantly more demanding. In the cases where the process dynamic do not 

change the calculations of the controller can be made before, but for adaptive processes the 

calculations needs to be done every sampling time. When limitations are present, the amount of 

calculations increases but with the computing possibilities available today that does not pose an 

issue.  

Models are often over parameterised which is a source for erroneous behaviour. Because tuning of 

the parameters is not clearly defined, there is a trade off resulting in suboptimality of the dynamic 

optimisation. There is also an assumption that there is a constant disturbance. The greatest 

disadvantage is the need for a model who describes the process in a correct way. There will always 

be uncertainties in the models (Camacho & Bordons, 2004). 

2.2.2.2 Theory behind MPC 

For all MPC processes it is of importance to find a proper process model that predicts the process 

behaviour depending on future control actions.  

MPC is based on iterative, finite horizon optimisation of a process model. At a time  , the state of the 

process is sampled and strategy to minimising a cost function is computed for a horizon not too far 

into the future        . Thus new denotations of the state vector, output and input are introduced; 

 (   | ),  (   | ) and  (   | ) respectively. The first step of the control strategy is then 

implemented and a new iteration takes place, using the current state as input and then repeating the 

calculations (Camacho & Bordons, 2004). 

For more about the principles of MPC, linear and nonlinear MPC see Appendix A. 

2.3 Comparison between classic control and MPC 
From the previous section and Appendix A, a comparison between classic control i.e. PIDs and MPC 

can now be made. The comparison can be seen in Table 1. 
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Table 1. Comparison between PID and MPC. 

Function PID MPC 

Demand of knowledge 
needed of the process 

Very little knowledge is needed Intimate knowledge of the 
process is needed 

Type of system Linear and first order processes Multivariable, nonlinear, linear or 
higher order processes 

Limitation handling Strenuous to take into account. Easily done but with extra 
computational effort 

Error handling Easy to handle with feedback Easy to handle errors with feed 
forward 

Complexity of the controller Relatively simple Complex 

Computational effort Low High 

Implementation Relatively demanding Easy  

Adaptable to the trajectory Deficient Good adaption 

Knowledge needed about 
control theory 

Knowledge is needed to be able 
to tune the system 

Little knowledge needed to tune 
the system 

Dead time handling No handling present  Compensation for dead time 
exist 

Handling of the future  Only knowledge of the future 
from derivatives 

Good handling of future 
references 

Noise handling Good at handling noise Deficient, presumes constant 
disturbances 

Stability Can become unstable but can 
also stabilise unstable systems 

Stable and can handle unstable 
processes 

PIDs are advantageous for simple systems for processors that cannot process too much computation. 

MPCs are better at complex systems where the process is known and when the computational effort 

is not an issue.  

PIDs are deficient when it comes to systems that suddenly change and high precision is necessary. 

MPCs are deficient when small processors are needed and when knowledge of the system, that 

needs to be controlled, is lacking.  

3 Conceptual study of a mecatronic treatment table 
In this section different concepts of how to move a hospital bed during treatment will be presented. 

The feasibility of having a mechatronic hospital bed during treatment and the limits from control, 

medical devices and the human body will also be discussed. 

What is demanded of the hospital bed is that it can be moved in three directions and in time i.e. in 

four dimensions (4D). The device also needs to be able to generate enough force to produce the 

correct motion. In other words the device needs to be able to move the patient and the treatment 

table and needs to be able to produce the necessary acceleration to keep the tumour in centre of 

radiation at all times. It is also of great importance that the produced motion of the table does not 

interfere with the radiation treatment device by, for example, emitting electromagnetic fields that 

may affect the device.  
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3.1 Radiation treatment today 
Roughly Figure 2 shows how the treatment starts. The patient is positioned onto the treatment table 

and the dose delivery system is in its starting position. The delivery system is then programmed to fit 

the patient’s dose plan and then treatment can begin. 

 

Figure 2. The RapidArc by Varian Medical Systems Inc. at start position, 90, 180 and 270 degrees. 

The delivery system then irradiates the patient according to the treatment plan. This can either be 

done by irradiating at certain angles or by irradiating through the whole circle adjusting speed, dose 

and geometry of the beam as the treatment head moves one revolution. 

3.2 Placement of tumours relevant for this application 
This application relates to tumours that are affected by respiratory motion. The application is thus 

not practical for tumours placed in parts of the body that is not affected by respiration. The parts of 

the body that are affected by respiration are naturally the thoracic cavity, the abdominal cavity and 

the organs present there as well as the prostate.  

A tumour in for example the leg is not affected by the respiratory motion and does therefore not 

need this type of therapy.  

3.3 Sensor inputs 
How the motion is to be created is at this point of little importance, since all possible solutions will 

need an input. That possible input will be investigated below.  

There are multiple possible inputs to control a mechatronic treatment table. The input signal either 

tells the controller directly where the tumour is and where it is headed or some calculations are 

needed, in order to get the position of the tumour from the input signal.  
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3.3.1 Possible sensor inputs 

The possible inputs are; measure lung pressure, submerge the patient in water and measure water 

movements, measure the volume of each breath, use a model of the patient’s respiratory cycle, 

modelling how the muscle changes, real time imaging, ultrasound, lasers, fluorescents, internal or 

external markers or a model of the tumour motion. From Section 2.1.3 it is made clear that all of 

these inputs are deficient by themselves, but by using a model of the tumour motion together with 

one of the other possible inputs, the controller can use the input signal and the model to find out 

where the tumour is and where it is headed. Below these inputs will be closer examined. 

The idea is to measure the tumour motion and at the same time model the other input so a 

correlation between the two can be made. Then during treatment, the input signal will be used to 

find the correlating tumour position.  

The idea to submerge the patient in water can be discarded at once. To begin with it may be of some 

discomfort to the patient. It is also very difficult to correlate the movement of the water with the 

tumour movement. If the patient were to move her foot or hand, that will cause the water to move 

which in turn will cause error to the input signal and either make the controller think that the tumour 

is somewhere else or cause the system to go into pause mode since the input signal show an 

anomaly. Also, radiation disperses approximately the same in water as it does in soft tissue, making 

the depth of the water of high importance and too much water can prevent the patient from 

receiving any dosage. 

A breath volume device, a spirometer, can be used as an input. However, the use of a spirometer 

may be of some discomfort to the patient since she would have to breathe into the spirometer. 

Patients are also known to breathe differently when conscious of their breathing which they most 

likely will be if they are breathing into some device.  

There are a lot of different imaging techniques, which can be used as inputs, such as Computed 

Tomography (CT), Magnetic Resonance Imaging (MRI) and x-ray. X-ray uses the difference in 

dispersion between materials but is not ideal for imaging soft tissues. X-ray also needs relatively 

much radiation and is therefore not an option for this application. CT and MRI are similar in the 

images they produce. The MRI uses a magnetic field and a radio frequency (RF) pulse, thus no 

ionising radiation is used. CT uses ionising radiation and requires a larger dose than projection x-ray 

does. It is possible to image in real time with both CT and MRI; however, a small delay might be an 

issue. The drawback with both CT and MRI for this application is that the machines surround the 

patient making it impossible to conduct radiotherapy at the same time, unless the imaging technique 

also can perform the treatment.  

A model of the respiratory cycle can be used as input. The model contains different parameters such 

as frequency of the respiration, how deep the breathing is and if the patient breathes with her chest, 

abdomen or a combination of the two. Since the model is also correlated with the tumour’s 

placement it can be used to track the tumour. The drawback with this method is that if the 

respiration differs a lot from the model, the model becomes inadequate. Respiration may differ from 

one day to the next; thus this method is deficient (Keall, et al., 2006).  

A possible way could be to model changes in muscles, the difficult part with this method is to find out 

which muscles are connected to the tumour and affected by the respiratory movement, as well as 
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how to measure the change in those muscles. This method mostly got drawbacks, but it might be 

useful to look further into it in the future. 

Ultrasound is an imaging technique that uses high frequency broadband sound waves which reflect 

tissue in varying degree. This form of imaging provides less anatomical information than for example 

CT does, but it does not require any radiation and the images are good enough to be used. However, 

ultrasound requires someone to hold and move the instrument. This is not ideal since the person 

holding the instrument would also be exposed to the radiation. Also this person or the devise itself 

may shield the patient from the radiation beam, which would lead to the patient receiving less 

dosage than intended. 

Using the lung pressure as an input to track the tumour motion is a possibility. A pressure device 

utilises the fact that when respiration starts at the inspiration a negative pressure arises. Pressure 

devices are mostly used during mechanical ventilation when patients cannot breathe properly on 

their own. Pressure is easy to measure but the devise for measuring may cause discomfort to the 

patient, this method will therefore not be further investigated here.  

Fluorescents are substances that fluoresce during imaging. If a tumour or tissue of some sort is 

injected with fluorescence that injected tissue will stand out during imaging and will be easier to 

detect and to differentiate from other tissues. The drawback is that fluorescence can only be used 

together with an imaging technique, and these are spacious.  

Internal markers are used today in treatment for positioning. They may therefore be a good input for 

tumour tracking as well. The idea is to model the correlation between marker or markers and the 

tumour. Regarding internal markers, they are easy to put inside or near the tumour. Therefore they 

make it easy to track the tumour without much correlation needed. The drawbacks with internal 

markers are that they are invasive, they might move inside the body and they also require an imaging 

technique which, as mentioned above, takes up space and may block the radiation beams.  

External markers are markers attached to the patient’s skin. Since they are placed outside the body 

the mapping technique will not be as spacious as the imaging techniques for internal markers are. 

Also, the use of external markers is non-invasive which is advantageously. The drawbacks with 

external markers are that they might be difficult to position them at the exact same place for each 

treatment fraction and they need to be placed at such positions that neither the markers nor the 

sensors will interfere with the treatment beams. The problem of positioning the markers may 

however be surpassed by taking a photo of the initial marker placement, and then for each 

treatment fraction take another photo and recalculate the correlation. 

3.3.2 Sensor input conclusion 

As can be seen in the previous section, there are many different ways to realize the respiratory 

motion into an input for a controller. Which type of sensors that are considered better than the 

others, for this application, can be found in a discussion in Section 3.6 and some limitations to the 

intended system is found in the next section. 
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3.4 Medical and control limits 
In this section some limitations from treatment, treatment planning, control, patients and medical 

equipment are looked into, a table of limits can also be found in Appendix B.  

There are a lot of different ways in which a person can breathe. Respiration can be quiet or deep, 

chest, abdominal or a mixture of the two, healthy or compromised. Thus each patient needs a 

specific mapping to model their respiratory cycle. Respiration may also change from one day to the 

next (Keall, et al., 2006).  

Sudden unpredictable movements such as coughs, sneezes and yawns, differs a lot from regular 

respiration; thus, any treatment needs to notice this and stop the treatment till the anomaly is over. 

Hiccupping is another modified movement, but if a patient experiences hiccups the best thing would 

be to postpone treatment till those are over (Tortora & Grabowski, 2000). Unless the hiccupping will 

continue for a very long time, in which case this anomaly would better be taken into the plan.  

Changes in anatomy between fractions are a source of error in radiotherapy. Tumours and normal 

tissue can shrink, grow or shift in response to radiation as treatment proceeds (Keall, et al., 2006). 

How these changes occur is patient specific and not possible to predict. However, making new 

mappings of the tumour too often is pointless since the small save in radiation during treatment is 

cancelled out by the radiation needed to do the new mapping.  

Different breathing techniques such as breath-hold and quasi breath hold are deficient due to patient 

discomfort and conscious breathing which causes unnatural breathing patterns. Gating is sometimes 

used. It is a technique where the patient is only irradiated during certain intervals of the breathing 

cycle. However, it is not clear if this kind of on and off again treatment is advantageous or if it is 

deficient since the patient is not irradiated continuously during each treatment fraction.  

External markers do not always move in relation to internal markers (Fayad, et al., 2011). This makes 

it difficult to use external landmarks to determine where in the respiratory cycle the patient is and 

also complicates determining where the centre of the tumour is.  

Mappings of the respiratory motions are difficult to make due to delays in the imaging techniques. 

Either an imaging technique that takes the delay into account or a technique with a very small time 

delay needs to be used.  

As seen in section 2.2 limits from control differs depending on which type of control that is used. 

Limitations can include time delays, overshoots, oscillating systems, model uncertainties, steady 

state errors etcetera. It is important to make the decision of which type of control to use based on 

desired performance and complexity needed both from the system and control set up.  

3.5 Motion sickness 
To ensure that motion sickness cannot be felt during treatment on a mechatronic treatment table 

this section is devoted to looking into when motion sickness occurs and if the treatment table can 

induce this feeling in patients.  

3.5.1 Internal motions and motion sickness 

Motion sickness is greatest in the vertical direction and for sinusoidal motions. Since the respiratory 

motion is a sinusoidal motion and the vertical, craniocaudal, direction is the one that is most affected 
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by the respiratory movement this needs to be further investigated. The motion directions in the body 

can be seen in Figure 3. (O'Hanlon & McCauley, 1973) wrote that motion sickness is maximal at 0.167 

Hz, but occur in the frequency range 0.05-0.8 Hz. 

 

Figure 3. Motion directions in anatomy are: craniocaudal, head to tail; ventrodorsal, 
front to back and lateral, going from midsection and out to either left or right. 

The average adult human takes       breaths per minute (Tortora & Grabowski, 2000), which is a 

frequency of           , i.e. in a frequency range where motion sickness is likely to occur. 

However, motion sickness is not only dependent on the frequency of the motion, but also on the 

acceleration of the motion.  

Regarding lung tumours (Seppenwoolde, et al., 2002) noted that the amplitude of the tumour 

motions induced by respiration is largest in the craniocaudal direction where the motion was about 

12 mm +/- 2 mm SD. They also noted that in the other two directions the motion amplitude were 2 

mm +/- 1 mm. In the study made by (Hof, et al., 2003) it was found that: in the craniocaudal direction 

the mean tumour motion was 5.1 mm, SD 2.4 mm and maximum 10mm; in the ventrodorsal 

direction the mean motion was 3.1 mm, 1.5 mm SD and maximum 6.7 mm and in the lateral 

direction the mean motion was 2.6 mm, 1.4 mm SD and maximum 5.8 mm. (Tortora & Grabowski, 
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2000) wrote that during normal breathing the diaphragm descends 1 cm and during deep breathing 

the diaphragm can descend up to 10 cm.  

3.5.2 Motion estimation 

An assumption can be made that the internal motion in the abdominal cavity is greater than the 

motion in the chest cavity due to a less restrictive frame. Considering the average respiratory rate 

and the maximum displacement, the velocities needed to keep up with the respiratory movements 

ends up at a few centimetres per second.  

The tumour motion caused by respiration is in the range of maximum a few centimetres. By a rough 

calculation and assuming the tumour displacement is three centimetres and the whole breathing 

motion takes three seconds (   breaths per minute).  

If the respiratory motion is assumed to be a sine wave with the period of   seconds and amplitude of 

    centimetres the acceleration would be  
   

  
   

  

 
 , where   is the time. As can be seen in Figure 

4 the maximal acceleration is approximately        .From Figure 5 it is made clear that motion 

sickness occur at      . Since             motion sickness will occur at roughly         , which 

is approximately    times the acceleration from the tumour. It is thus clear that motion sickness 

should not occur. However, it is still of importance to make sure that the acceleration does not 

exceed          since that is when motion sickness may occur.  

 

Figure 4. Respiration induced acceleration of the tumour. 
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Figure 5. From (O'Hanlon & McCauley, 1973) empirically derived relationship or motion sickness 
(percent of occurrence within two hours) to wave frequency and average acceleration imparted 
during each half-wave cycle for a vertical sinusoidal motion. It is made clear from the paper that the 
interval of the average acceleration is in the range of   to      .  

3.5.3 Conclusion regarding motion sickness 

Form the calculations in the previous section, motion sickness is unlikely to occur, but since these 

calculations are only estimates motion sickness might still occur. Thus, it is of importance to not have 

accelerations too high. 

Thus, it is in this aspect feasible to have a mechatronic treatment table. What may complicate 

matters is the fact that by moving the patient another organ may end up in the path of the beam. Of 

course when dealing with mobile beams, the beam could be shut off when a radiation sensitive 

organ is in the way. Radiation of sensitive healthy organs may cause problems in that organ. Which 

problems depend on the organ, but malfunctioning of any organ, regardless of which, is unwanted. 

However, in order to be able to stop irradiating for part of the treatment a more complicated control 

algorithm may prove necessary. 

3.6 Analysis/Choice of input 
In the previous sections the possible inputs and limitations have been listed. From these it is made 

clear that all possible inputs which may cause the patient discomfort are undesirable. Therefore, 

submerging the patient in water, the use of a spirometer and the pressure device concepts are 

discarded. 
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Concepts containing CT are discarded due to increased radiation to the patient. MRI and Ultrasound 

are discarded due to spacious equipment that may also interfere with the treatment. Thus also the 

concepts with internal markers and fluorescence are discarded since these use some sort of imaging. 

The concept with a model of the respiratory cycle is discarded because it contains too much room for 

error; respiration changes all the time, and to map the respiratory cycle at each treatment fraction, 

in order to make it more precise, is just not possible; it takes too much time.  

To model muscles is difficult and for this application it will be discarded.  

This only leaves the concept with the external markers. The markers will need to be placed in specific 

places so that they correlate with the tumour movement while not interfering with the treatment. It 

is still of importance that the markers are placed in approximately the same place for each treatment 

session, since the recalculation of the marker position will be a source of error if the markers are 

placed too far apart for each fraction. 

3.7 External markers 
Markers can be used as an input by first measuring the marker movement and the tumour 

movement simultaneously and obtain a correlation between marker movement and tumour 

placement. After this one just need to keep track of the markers and their placement during 

treatment via sensors; then feed this information as input into the system, which then calculates 

where the tumour is and then move the patient so that the tumour is in the centre of radiation. 

One thing which always complicates measurements of the body is that markers move according to 

the respiratory movement but also in correlation to different parts of the body, for example the 

skeletal system and internal organs. (Fayad, et al., 2011) investigated the correlation between the 

internal and external landmarks. They discovered that the movements vary depending on where they 

origin. The largest motion is seen in the abdomen and the thoracic cavity. The greatest correlation 

coefficients were found between motion in the external and internal landmarks in the abdomen and 

thoracic cavity, with the unit less constants being           for the abdomen and           for 

the thoracic cavity. Worst correlations were found in anatomical landmarks which are not 

significantly affected by the respiration, such as the apex and sternum.  

From the previous sections it is made clear that placing sensors are not a trivial matter. The sensors 

cannot be placed so that they are obscuring the treatment, this is also applies to placement of the 

markers. However, the sensors are also not to be placed so that they are hidden from the markers by 

the treatment device i.e. it is of importance to place the markers and sensors so that no interference 

between them and the other equipment can occur. An option is therefore to place the sensors on 

stands by the patient’s head and feet. The problem which might occur here is that the sensors have a 

difficult time to notice the markers and to measure where the markers are in space. This and the fact 

that the markers should only be intercepted by one sensor are of importance when choosing the 

sensors, also type of sensor is of importance. If a marker can be intercepted by more than one 

sensor, one sensor can measure the distance to the wrong marker and the correlated motion may be 

completely off target. 
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The type of sensor to be used for this application would have to be a light sensor since it got high 

precision and will also not interfere with the radiation. Sound sensors are less precise than light 

sensors, and may also interfere with the radiation.  

Mappings of the tumour movement are done simultaneously as mappings of the markers movement. 

The two are then correlated so a certain marker position translates to a certain position of the 

tumour. Rotations are in general very small in the body and relative to the other motions rotations 

are negligible. Further work can be put on investigating the rotational movements.  

At least three markers are needed to obtain a three dimensional movement of the tumour. In the 

case that there are more markers than three and one marker is for some reason unattainable; the 

other markers can still provide the system with enough data to get it to work properly.  

The markers can be attached to the body with tape that holds the markers in place while at the same 

time is easy to remove and do not harm or irritate the skin on the patient. Here the difficulty lies in 

placing the markers at the exact same place for each fraction during the treatment. A patient would 

not like to have painted marks on her body throughout the treatment.  

Anatomical landmarks are relatively easy to find and use, e.g. places on the ribs and sternum are 

easy to locate and relocate; therefore, they are good places to put the markers on. However, since 

the ribs and sternum are part of a rigid structure they do not move as much as for example the 

abdomen does, so at least one marker should be placed on a non-rigid structure to get better 

accuracy of the model.  

The markers may affect the movement, but since they are placed in the same place during both the 

time for data acquisition and treatment, this should not affect the outcome of the treatment. This is 

where a problem with having the markers placed in slightly different places during treatment 

fractions and then recalculate the correlation to the tumour movement by measuring the distance 

between the markers’ original position and the position they are in at each of the fractions.  

Marker position is the only feedback present during treatment. If the correlation between markers 

and tumour alters this approach is futile. 

3.8 Type of control 
In this section the type of control which will be best suited for this application will be deduced. 

The entire respiration cycle will be modelled and the tumour movement is smooth and few sudden 

movements will occur from it. The markers tell us where the tumour is now and where it will be in 

the next instant; thus, it is possible to feed the next placement to the system and thereby lessen the 

delay and time it takes for the controller to stabilise itself. Since we are looking at small movements 

(see Section 3.5) and thinking ahead, there is no need for a particularly fast system and an overshoot 

system is not desirable.  

MPC is better at following a set point curve or a trajectory than PIDs are, because MPC take the 

future into account and PIDs rely both on past knowledge and present direction. Dealing with 

disturbances MPC and PIDs are equally bad. MPCs are less noisy than PIDs but PIDs are more stable 

than MPC.  
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Since following a trajectory is of high importance here MPC would be advantageous. Markers are the 

both input and reference to the system; therefore, the need for online computation will be 

decreased. The marker movements will be translated to a tumour position, and there will not be 

much need for calculating where the tumour is. If the markers move outside the model it will not be 

for very long as it will be due to a special breathing movement such as yawning or coughing. 

Because a model of the tumour movement can be obtained relatively easy and because the 

computational burden will not be particularly large since a lot of the calculations can be done offline 

MPC is considered the better type of control for this application but PIDs could also be implemented 

successfully, though with somewhat less precision than MPCs. 

3.9 Producing the motion 
Now that the system got an input, the right type of control for this system and the knowledge that 

motion sickness is unlikely to occur, the next thing to consider is whether or not possible to achieve 

the velocities and accelerations needed to produce the correct motion.  

The motion can be produced by either an industrial robot or by motors. The advantages of using an 

industrial robot are that the robot is already built and only needs programming and that these robots 

have good precision. The drawback is that in hospitals space is of the essence and industrial robots 

need a lot of space, not to forget that in industry these robots work in cages so they cannot harm 

people. To have one so close to the patient might be dangerous. Due to these concerns any concept 

including an industrial robot are discarded, there simply is not enough space for one in the treatment 

room. Thus any motion will have to be made by motors. A flow chart of the process can be seen in 

Figure 6. 

 

Figure 6. A chart of the system from input to motion. 

The motors will have to be able to accelerate fairly large loads (patient and treatment table) and they 

will also necessitate a high-quality precision. Using the acceleration from Section 3.5 and assuming a 

total load of        the necessary effect would be approximately      , if the tumour were to 

move       instead of      the necessary effect would be approximately     instead, but for these 

accelerations motion sickness is likely to occur. Considering the needed effects, it is made clear that 

it is not an issue to find a motor which can produce the required motions.  
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4 Results 
In this section the results from the previous chapter will be listed. 

From the concepts in section 3.3 the concept considered best was the one using external markers as 

an input. This because external markers can be used with little to no discomfort for the patient, there 

is no need for extra radiation and the extra equipment needed is small enough to fit easily into a 

treatment room. 

For this application MPC is considered advantageous over PID control because MPC use future inputs 

and are also better at following a trajectory. Due to the amount of calculations that can be done 

offline, the computational effort of the MPC will not be very high, which is good since one of the 

bigger concerns with MPC is to keep the computational effort down. However, another control 

method which complexity is somewhere in between that of PID and MPC may be preferable. PIDs 

could also be implemented successfully but with some lesser precision.  

To produce the motion necessary for the treatment table motors should be used. Industrial robots 

were looked into but take up too much space in the treatment room. Industrial robots also pose a 

potential threat to the patients. 

The accelerations in this application are not large enough to cause motion sickness.  

In order for the sensors not to interfere with the treatment they can be placed on stances at the 

head and feet of the table. Also light sensors should be use because they are fast and does not 

interfere with the radiation. 

5 Discussion 
This application will work in theory. However, practice is another matter. In Sweden treatment that 

may take more time than the existing one will be discarded. From the hospitals’ perspective it is 

better to treat more patients well than to treat fewer patients very well.  

Respiration is not the only thing that induces motion; heartbeat may also cause movements to 

tumours near the heart. However, heartbeat induces not nearly as much movement as respiration 

does to unattached tumours in the lung and abdomen area (Seppenwoolde, et al., 2002). If a patient 

experience gas, that can induce movement as well. Other intestinal conditions may also induce 

movements.  

Between treatment fractions there are many sources for tumour motion and displacement, such as: 

intestinal flora, constipation and diarrhoea. Large errors can also be found in GTV and CTV as well as 

large inter-physician variations in these are other important sources that need looking into (Keall, et 

al., 2006).  

The accuracy of the model will always be questioned, since the respiratory motion is highly irregular 

and nonlinear it is a great source of error.  

Motion sickness should not occur at the low accelerations which are present here. However, the 

patient might experience some discomfort from being moved during treatment.  
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If the respiratory motion is small this compensation with the motion and a more extensive treatment 

plan may turn out to be a white elephant. 

The impact on the tumour to map the respiration may take more time and cost more. However, if 

the mappings are not made the patient will most likely be exposed to more radiation than necessary.  

6 Suggestions for Further Work 
In this section suggestions for different areas of further work will be presented. 

How would the design of this concept look like and how would it preform. Experiments on this needs 

to be done.  

How much radiation is to be decreased with this type of control. Is the computation and extra 

motion justifiable or is the amount of decreased radiation so small that the treatment cost more and 

gain very little in return.  

Do rotations exist in the thoracic cavity and abdomen, and will these rotations affect the outcome of 

the radiation treatment. How much would the tumour rotations add to the dose and treatment plan 

and how much would they add to the computational burden, as well as if it is justifiable to 

complicate the treatment plan further or are the gains, if any, too small for this to be necessary.  

Look into other control methods that have a higher precision then PIDs but are less complex than 

MPCs.  

Will it be possible to use muscle movement as an input for respiration and is this something that is 

desirable. Will this be an invasive treatment or not and is it possible to get information to be precise 

enough for the treatment to be useable.  

Is it possible to take other things responsible for the internal movements into account, for example 

intestine movement, heart beat etc. to make the treatment plan better and remove even more 

sources of internal motions.  
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Appendices

A. MPC 
Summarize the part on MPC from the literature chapter.  

A.1. Principles of MPC 
The representation  ( | ) denotes the common predictive trajectory for a quantity   starting at 

time  . The objective of the controller is to follow the setpoint curve  ( | ) as accurately as 

possible. Since fast changing systems cannot follow a set point curve if it very suddenly changes its 

value, i.e. jumps, normally in MPC a reference trajectory  ( | ) is introduced. The reference 

trajectory contains information of the desired dynamic transfer from the present value to the set 

point. Frequently an exponential transfer is chosen. The objective with control thus changes to 

minimise the deviation of the reference trajectory from the setpoint curve.  

The limits    and     from the prediction horizon are control parameters in need of determination. It 

is sensible to set the lower limit    to at least the same size as the systems dead time since the input 

is calculated first after the dead time has affected the controller. The upper limit should be chosen so 

that the essential dynamics of the process model can be discovered. The predictive control trajectory 

depends on the optimisation of the input  ( | ). To limit the number of optimising parameters 

 ( | ) encounters the additional structural assumption that  ( | ) at the time        no 

longer changes i.e. that  (      | )    (      | ) for all    . The maximal, significant 

control horizon    is therefore   . The future input for the causal system do not influence  ( | ) in 

the prediction horizon (Camacho & Bordons, 2004).  

Quantification of the deviations from the control course and reference trajectory follow through the 

scalar cost function  , who in most cases assumes the quadratic form ‖ ‖ 
       , thus the cost 

function can be written as Equation A.1 

  ( ( | ))   ‖(
 (    | )

 
 (    | )

)  (
 (    | )
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  (      | )
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(A.1) 

Where the weight matrices   and   is arbitrary selectable diagonal matrices whose entries are MPC 

parameters; thus, getting Equation A.2 

    ∑ ‖ (   | )    (   | )‖ ( )
   

    
  ∑ ‖  (   | )‖ ( )

     
    (A.2) 

All entries in   and   are greater than or equal to zero i.e.   and   are positive semi definite. The 

treatment of the input change   ( | ) has the objective to avoid variable fluctuations as well as 

limit the energy consumed. The calculations to optimise the sequence of variables are obtained 

through minimising   see Equation A.3 

  ( | )             ( | )  ( ( | ))     (A.3) 

with the limitations in Equation A.4 
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  (     | )   ( (   | )  (   | )) 

  (   | )   ( (   | )  (   | )) 

  (   | )    (     | )     (   | )  (A.4)

    ( (   | )  (   | )  (   | )   (   | ))    

    ( (   | )  (   | )  (   | )   (   | ))    

Thus the prediction process model is used and obtained through the functions   and   and the 

functions     and     denotes the system limits (Camacho & Bordons, 2004), (Qin & Badgwell, 1997). 

A.2. Linear MPC 
The concept of linear MPC is used when the process model is linear and is not to be mixed with the 

linear behaviour of the controller. Even though a linear internal model is used the behaviour is often 

nonlinear due to considerations of the constraints.  

A.2.1. Versions of Linear MPC 

Under the concept of linear MPC a variety of procedures with independently established denotations 

are present. Here two of these procedures will be presented. They differ especially in the structure of 

the underlying process model. Here dynamic matrix control, DMC and generalised predictive control, 

GPC, will be presented further. 

A.2.1.1. Dynamic Matrix Control  

One approach frequently used is the Dynamic Matrix Control (DMC). DMC is based on a transfer 

model that follows the trajectory. Equation A.5 is a discrete convolution sum used as a starting point. 

  ( )   ∑  ( ) (   ) 
       (A.5) 

where  ( ) is the weight matrix. Since the weight sequence for a stable system     strives 

towards zero, the process can be interrupted after   significant entries; thus, Equation A.5 can be 

written as Equation A.6 

  ( )   ∑  ( ) (   ) 
       (A.6) 

If the input   is formulated as a result of the jump    then Equation A.6 results in Equation A.7 

  ( )   ∑  ( )(∑   ( )   ( )   
   ) 

      (A.7) 

And with a mathematical reformulation Equation A.7 can be written as Equation A.8 

  ( )    ( ) (   )  ∑  ( )  (   )   
     (A.8) 

With the fast acting, jumping, sequence (Equation A.9) 

  ( )   ∑  ( ) 
       (A.9) 

The DMC model also contains the assumption of a constant output disturbance  ( ), which is 

estimated by comparing the predicted output and the measured output   ( ). Thus, the prediction 

is found in Equation A.10 
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  (   | )    ( ) (     )   ∑  ( )  (     | ) 
                          

    ∑  ( )  (     )   
        (   | )  (A.10) 

with 

  (   | )    ( | )     ( )    ( |   )  (A.11) 

The advantage with the fast acting sequence model is that it is straightforward and easy to identify 

the process with, without knowledge of basic laws of physics. The disadvantage is the great amount 

of parameters  ( ) which needs determining. The greatest constraint in the DMC model is that it is 

only useful for stable processes (Camacho & Bordons, 2004), (Qin & Badgwell, 1997). 

A.2.1.2. Generalised Predictive Control 

Another popular method is the Generalised Predictive Control, GPC, which is based on the use of a 

discrete transfer function seen in Equation A.12 

  (   ) ( )    (   ) ( )   
 (   )

      ( )   (A.12) 

The noise term  ( ) is mean-free if white noise is assumed. A discrete state space model has the 

form of Equation A.13 

  (   )     ( )     ( )     ( ) 

  ( )     ( )   ( )    (A.13) 

which proves that the formulation of the MPC problem definition is especially advantageous. Due to 

the advantage of MPC on state space form this be should considered. Since both the fast acting 

sequence model of the DMC process and the transfer function model of the GPC process are 

transferrable onto a state space model this is not a constraint, the terms  ( ) and  ( ) are mean-

free, white noise denoted process and measurement noise (Camacho & Bordons, 2004). 

A.2.2. Set up of the Cost Function 

Since  ( ) and  ( ) are mean-free, white noise the best possible prediction is  (   | ) and 

 (   | ) through Equation A.14 

  (   | )     ( )     (   )      ( | ) 

  (   | )       ( )     (   )      ( | )   (A.14) 

from there follows that 
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This results in a forecast for the entire prediction horizon, Equation A.16, under the notion that 

  (   | ) is valid for      
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with {
 (∑      

   )       

                              
 

Since  ( ) and  (   ) are well known quantities nothing at time   can change, thus 

  ( | )   (
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 (∑       
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 (∑       
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) (   )  (A.17) 

Equation A.17 denotes a free control variety, since the best possible prediction  ( | ) is represented 

when no changes are made on the input. The part    ( | ) is denoted as a coerced control variable. 

Now the cost function can be written as Equation A.18 

   ‖ ( | )     ( | )   ( | )‖ 
  ‖  ( | )‖ 

   (A.18) 

With the free deviation  ( | )   ( | )   ( | ) Equation A.18 becomes Equation A.19 

    ( | )   ( | )    ( | )     ( | )    ( | ) (      )  ( | ) (A.19) 

which is the cost function (Camacho & Bordons, 2004). 

A.2.3. Solution to the Optimisation Problem 

The cost function described in the previous section is quadratic for the optimising variable   ( | ). 

From the fact that the weight matrices   and   are positive semi definite and after elimination of 

shared zero rows and zero columns, the matrix in Equation A.20 

            (A.20) 

is positive semi definite and has a clear minimum in   ( | )   , which due to the absence of 

constraints can be analytically calculated. 

A.2.3.1. Indefinite Quadratic Optimisation 

A minimum to the cost function is obtained through the condition in Equation A.21 

 
  

   ( | )
       ( | )   (      )  ( | )      (A.21) 

i.e. 

   ( | )     (      )       ( | )  (A.22) 
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Since only the relevant control action   ( | )    is issued the control set is found in Equation A.23 

   ( | )           ( | )   (A.23) 

with  

             (      )        (A.24) 

Since      only depends on the system and weight matrices, and  ( | ) varies linearly with  ( ), a 

linear state controller is obtained whose properties can be investigated with linear control theory.  

The matrices   and   can be seen in Equation A.25  

    (
 (         ) 

 
 (         ) 

) 

   (
    

 
    

)     (A.25) 

A.2.3.2. Definite Quadratic Optimisation 

As previously mentioned, the greatest advantage with MPC is that it is based on its explicit regard for 

constraints in the variable, state or control quantities. These constraints are generally described by 

minimal or maximal values and appropriate constraints for state and control variables due to the 

linear process model and corresponding constraints. Thus, the optimisation problem is as stated in 

Equation A.26 

      ( | )  (  ( | )) 

     

      ( | )           (A.26) 

      ( | )        

Such optimisation problems as seen in Equation A.26, with a quadratic goal function and linear 

equality and inequality constraints are called Quadratic Programming (QP). For these systems 

efficient numerical methods for solving are available (Svanberg, 2007).  

The equality constraints limits the degree of freedom of the optimisation problem i.e. limits the 

amount of elective possibilities for    , since the constraints always have to be fulfilled. The solution 

of an optimisation problem with only equality constraints present can be set up as an undefined 

optimisation problem stretched over a subspace with the variable    . Inequality constraints are 

classified as either active or inactive. For inactive constraints the analytical optimum     lies within 

the allowed area; thus, rendering the constraint irrelevant. Active constraints however violate the 

analytical optimum. The solution to the optimisation problem lies on the active constraint which can 

be interpreted as an equality constraint (Svanberg, 2007).  

The core in the so called active set method is to find active inequality constraints. The advantage with 

this method is that it starts in a permitted point and for each iteration strives to find a better 

permitted solution to the problem. The disadvantage of this method is that the amount of necessary 

calculations grows exponentially with the magnitude of the optimisation problem. Also important is 
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that significant reductions of the cost function only can be made at the end of the iteration process; 

since an earlier interruption will provide a suboptimal solution (Svanberg, 2007).  

A.2.4. Installation of the Parameters 

The parameters that need to be chosen are: the weight matrices   and  ; the prediction horizons 

  ,    and    as well as the dynamics from the reference trajectory  ( | ). The influence of the 

choice of these parameters will be further investigated in this section (Camacho & Bordons, 2004).  

A.2.4.1. Weight Matrices Q and R 

At the choice of the weight matrices   and  , the relationship between the specific entries in   and 

  are of significance. This relationship shows how the demand on a closely following reference 

trajectory weighed against the amount of control interventions that are necessary. A typical choice is 

therefore Equation A.27 

              (A.27) 

With   growing, the control interventions become more penalised. This results in a calm course for 

the control interventions without large fluctuations, which typically makes the control system slow. 

In the limit case     the control interventions are suppressed, which correspond to an open 

control loop. The control system’s poles then correspond to the poles in the open system; thus, 

instability on the control stretch causes instability in the control loop (Camacho & Bordons, 2004). 

A.2.4.2. Horizons   ,   ,    

As previously mentioned, the choice of making    smaller than the dead time of the system is futile, 

since the present control variable cannot be calculated until the dead time has affected the variable.  

The upper horizon    has to be able to catch the essential dynamics of the process. A too small value 

for    can lead to instability in the system since the controller do not have enough time to look into 

the process dynamics. For      the MPC problem converges towards the optimal state, which 

always provides a stabilising controller; thus, for a lager value on the horizon    a more stable 

control loop is obtained. 

The control horizon    decides the degree of freedom of the optimisation. An increase in    results 

in faster dynamics for the control loop. 

To have a    larger than    is absurd, since the changes in the control variable further into the 

future does not have any influence on the control loop. Frequently      is sufficiently large 

(Camacho & Bordons, 2004). 

A.2.4.3. Reference Trajectory  ( | ) 

The reference trajectory sets the desired course for the control variable. Since it is obvious that a 

non-jumpable system cannot follow the setpoint value when it jumps, it is frequently chosen to have 

an exponential transfer from the present value to the new setpoint value on the form of Equation 

A.28 
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where 
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    (A.29) 

With the sampling time     and the time constant        for each output   .    acts as a prefilter to 

 ( ) and another feedback on  ( ) is given. This feedback can be used for stabilising the control 

loop. This can; however, also result in a destabilisation of the control system. Due to this      is 

frequently chosen to solve this feedback i.e. letting the system work with only one prefilter 

(Camacho & Bordons, 2004).  

A.2.5. Stability  

The most important property for a control loop is its stability. Only in the case where the linear MPC 

is unconstrained, is the resulting controller linear and can thus be obtained directly through 

calculations of the closed system’s eigenvalues and have its stability be investigated. In all other 

cases the controller is nonlinear either due to the process model or due to constraints. For these 

cases the stability can only be investigated with nonlinear stability theory.  

One way to make sure the control loop is stable is to introduce a constraint of the final state from the 

stable state, which here in Equation A.30 is assumed to be zero 

  (    | )       (A.30) 

This demand leads to stability but is very restrictive and can during certain circumstances not be run 

by unpermitted optimisation problems, i.e. no trajectory  ( | ) that satisfies all constraints could be 

found.  

Another approach is to weigh the deviation from the end state of the stabilised state in the cost 

function through Equation A.31 

    ∑ ‖ (   | )   (   | )‖ ( )
   

    
 ∑ ‖  (   | )‖ ( )

     
    

     (    | )  (    | )   (A.31) 

By choosing a large enough   stability is guaranteed. For     this approach turns into the demand 

 (    | )    

Modern approaches therefore use a weighing of the end state and end constraints, Equation A.32 

  (    | )         (A.32) 

where    is a closed region around the stabilising point. Fundamental factor is the optimal state 

feedback which guarantees stability. If there also is an optimal state trajectory from    to the point 

that needs stabilisation, which do not violate any restrictions, the final cost ‖ (    | )‖ 
  is an 

upper limit for the residual cost for the optimisation problem when     , then the resulting MPC 

have a guaranteed stability (Camacho & Bordons, 2004). 
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A.2.6. Steady State Accuracy 

Another important property for a control loop is its steady state accuracy, i.e. the prevention of a 

control deviation. In classical linear control design this is guaranteed by integration of the open loop 

behaviour. Because the principles of MPC calculates the process issued control variables so that the 

control deviation can be minimised, it is obvious that this deviation if the predetermined value is 

realisable, in steady state it becomes zero. This is; however, not the general case. When the real 

process is described by Equation A.33 

  (   )    ( )    ( )     ( ) 

  ( )    ( )     ( )    (A.33) 

the internal control model becomes Equation A.34 

  (   | )    ( )    ( ) 

  ( | )    ( | )    (A.34) 

when the real process is not completely off. The deviations    ( ) and    ( ) includes both the 

affect of outer disturbances and general deviations from modelling the system dynamics. If one 

observes the control loop in its steady state    the states are as in Equation A.35 

                  

                 (A.35) 

The prediction of free control variables using the internal control model is found in Equation A.36 
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Choice of reference trajectory can be seen in Equation A.37 
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Results for the free deviation without constraints is found in Equation A.38 
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Due to bitwise linearity of the linear MPC, steady state    is assigned from the linear feedback 

matrix        and, as previously shown, the control loop is linear. From steady state Equation A.39 

follows  

                  ( | )      (A.39) 

and, thus, 
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This observation shows that a deviation      in the internal control model from the real process 

inevitably sets a permanent deviation         (Maciejowski, 2000). 

A.3. Nonlinear Model Predictive Control 
Even when using a linear process model, the resulting controller can be nonlinear when respect to all 

constraints is taken into account. Under the concept Nonlinear Model Predictive Control (NMPC) a 

variety of process methods exist. These can be obtained either through analytical process description 

or identification, for example using polynomial methods, Volterra series or neural networks.  

Since the super positioning principle is not valid for these models, the only possibility to linearise the 

process model in each time step is for example to use a GPC algorithm with quadratic programming. 

This algorithm has the task to minimize the cost function through nonlinear optimisation during 

explicit use of nonlinear models. 

The costs are decided through control variables where, in the case with systems on state space form, 

the relevant system conditions from the initial values are shown. These are general but for 

determination of control variables through determination of a nonlinear optimisation with a limiting 

horizon at the relevant time   to the time     and a trajectory to the state so that the systems 

common in and out signal behaviour at least mostly conform to the model. This method is called 

receding horizon estimation. Thus, nonlinear optimisation procedures through nonlinear predictive 

control will be especially advantageous (Maciejowski, 2000).  

Nonlinear optimisation procedures are principally iterative searches which start in the point    and 

the next point      is decided through Equation A.41 

                  (A.41) 

i.e. the next point is found in the direction   with a step length   . A minimum is decided based on 

the necessary condition, Equation A.42 

   ( )    ( )       (A.42) 

A.3.1. NMPC without constraints 

All optimisation problems have to have a starting point    where the search begins. The search is 

then done stepwise, where a search direction is determined in the beginning of each step and an 

optimisation problem is then solved in that direction. The seemingly simple assignment to find a 

beneficial search direction later indicates that this is non-trivial. Of significance is whether the 

derivation of the function  ( ) is determined analytically or is approximated by differential 

quotation. Finally the procedure will need the information from the second derivation of  ( ) i.e. 

the Hessian matrix. Such expressions can normally not be obtained through corresponding 

differential quotations.  

One search direction is obtained through a gradient method called steepest decent, Equation A.43 

        (  )    (A.43) 
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Even though this method seems to be good, is it shown in practice that this simple search direction 

frequently receive noticeably worse results than alternative methods. It is therefore appropriate to 

highlight the basic method for multidimensional optimisation (Maciejowski, 2000) . 

The obvious weakness in the steepest decent method has required other methods to develop. 

Methods, which take better derivations into account than the steepest descent method, do. These 

include the Newton method (Svanberg, 2007).  

The Newton method for optimisation is based on the idea that the function  ( ), which shall be 

minimised, is in the region of    by a parabolic rapprochement, Equation A.44 

  (  )   
 

 
    (  )     (  )       (A.44) 

The slope to this rapprochement is set to zero. See Equation A.45 

   (   )   (  )     (  )       (A.45) 

by an estimation of    

        (  ) (  )    (A.46) 

the desired searched minimum is obtained. 

In the case where the Hessian equals the unit matrix the Newton model turns into the steepest 

decent method since  (  )    (  ). Because the Hessian,  , mostly is not available or only 

available close to the solution and because the fact that it can be difficult to form the inverse to the 

Hessian, Newton’s method is not used in practice (Svanberg, 2007). 

Of great practical meaning are the quasi Newton methods which by evaluating results, that inevitably 

occurs through minimum search and collects information about the Hessian or its inverse. Frequently 

a method is used from Broyden, Fletcher, Goldfarb and Shanno, called the BGFS form which iterative 

improves the Hessian, see Equation A.47 
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   (A.47) 

where 

            

      (    )    (  )    (A.48) 

As a rule the unit matrix is used as a start matrix. 

          (A.49) 

i.e. the search starts with the steepest decent method. 

A similar method is named after Davidon, Fletcher and Powell, DFP. In this method the Hessian’s 

inverse is approached directly by using        (  ) (  ). 
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A special structure of the optimisation problem minimises the sum of quadratic terms. The goal 

function has the special structure of Equation A.50 

  ( )  
 

 
∑   ( )  

       (A.50) 

When the elements   ( ) are put together to a vector  ( ) and the belonging Jacobian,  ( ), which 

can be decided through differential equations, both the gradient ,  ( ), and the Hessian,  ( ), can 

be decided through relatively simple vector matrix operations. In this case opportunities for using the 

Newton method exist. The combination of minimising a quadratic sum and Newton method is called 

the Gauss Newton method. If this method is applicable is it generally more effective than other 

quasi-Newton methods (Svanberg, 2007).  

A version of the Gauss-Newton method is the Levenberg-Marquardt model, which generates a search 

direction that is a linear combination of the steepest decent method and the Gauss-Newton method. 

The Levenberg-Marquardt method is deemed less effective than the Gauss-Newton method, but is 

more reliable in the special case when  ( ) is not small while close to the searched minimum.  

Optimisation problems with equality and inequality constraints can be turned to optimisation 

problems without constraints by the use of so called penalty functions in the goal function. The 

optimisation problem without constraints can then be solved with existing solution methods. A 

particularly simple approach uses quadratic penalty functions, Equation A.51 

  (   )   ( )   ∑   ( )  
     ∑    {  ( )  }  

     (A.51) 

By using sufficiently large values on the factor  , forces the optimisation problem to fulfil the 

constraints. Despite this seemingly elegant approach, this method is not established, since the 

optimisation problem’s penalty function changes the entire time it can be difficult to solve with 

numerical methods. The difficulty can be reduced if the first optimisation starts with small values for 

  and when the optimum is found turn to larger   –values. 

As for the quadratic programming the generalised Lagrange function, Equation A.52 

  (     )   ( )     ( )     ( )   (A.52) 

is used for nonlinear optimisation with constraints. The constraints  ( ) and  ( ) can now be 

nonlinear on  . Necessary constraints for a minimum to the function  ( ), with respect to the 

constrains, are: 

   (     )    ( )    ( )     ( )     

   (     )   ( )    

  ( )        (A.53) 

   ( )     

     

The constraints decrease both the region where the solution exist and the possible search directions. 

Optimisation algorithms strive for an improved solution. In the region to the optimal point the 

allowed direction, which the inactive constraints initially ignore, can be decided and the active 

constraints are reformulated to equality constraints and are then put together with other equality 

constraints. 
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The minimising Lagrange function, Equation A.54 

  (   )   ( )     ( )    (A.54) 

is significantly more simple than the earlier introduced function. Its minimum is achieved by Equation 

A.53  

   (   )    ( )    ( )     

   (   )   ( )       (A.55) 

To stepwise solve the optimisation problem, the Lagrange function is approximated with a quadratic 

function and then its minimum is searched for. This is then used as a start for the next step, unless it 

violates any constraints. The result from this method is called sequential dynamic programming and 

is the most effective method for solving nonlinear optimisation problems with constraints (Svanberg, 

2007), (Svanberg, 2007). 

A.4. Summary 
This appendix has treated some parts of MPC, which is a relatively new area of control theory where 

a lot of development and progress are being made for more efficient controllers.  

MPCs have the advantage of being able to control complex systems with multiple variables. It is also 

easy to tune the controller, even if knowledge of control theory is scarce. The drawbacks with MPCs 

are that they necessitate a lot of computational effort and experience problems when having to 

control fast systems. 

Linear MPCs refer to linear process models and are divided into different types of procedures, two of 

which are treated in this report. DMC are advantageous when it comes to identifying the process 

without knowledge of the laws of physics. The disadvantage is that a great amount of parameters 

need determining and this model is only useful for stable processes. The other linear type is GPC 

which utilises state space form and take noise into account. 

The report has also treated how to set up the cost function and how to solve the optimisation 

problem that arises. How to set up the installation parameters are also present as well as stability.  

Nonlinear model predictive control refer to the nonlinear controller, the process model may still be 

linear. As with linear MPC there exists a variety of different methods for NMPC. In this report how to 

set up an NMPC are treated as well as NMPCs without constraints. Constraint handling is of 

importance since in real life processes constraints are present everywhere; they are, however, not 

treated in this report.  

To conclude: MPCs are superior to PIDs when there are no computational limits and the systems 

needed to control are not too fast. 
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B. Limits 
For these kinds of systems there are a lot of limits present. Some limits on the patient, on the control 

method and on the treatment taken into account in this thesis are listed in the table below.  

Table B1. Limits on the patient, control method and treatment. 

Medical limits Control limits  Treatment room/treatment 

Respiration- highly individual and 
may change from day to day 

Delays Treatment room- a specific area 

Unpredictable internal 
movements- coughs, sneezes, 
bowel movements 

Overshoots Respiratory mapping- time delays in 
imaging 

Anatomy changes- tissue changes 
when exposed to radiation 

Oscillatory behaviour Treatment- how to restore the 
environment to the same state each 
time 

Breathing techniques- may cause 
discomfort 

Model uncertainties Delivery system- a large machine 

Markers- do not always move in 
relation to anatomical landmarks 

Steady state errors Delivery system- only mobile in two 
dimensions (circular motion with 
patient in the centre) 

 


