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fentlig granskning för avläggande av Teknologie licentiatexamen i elektroteknik onsdagen
den 12 Juni 2015 klockan 13.15 i Seminarierummet, Teknikringen 31, Kungliga Tekniska
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Abstract

The reversed-field pinch (RFP) is a magnetic confinement fusion (MCF) device. It ex-
hibits a variety of unstable modes that can be explained by magnetohydrodynamic (MHD)
theory. A particular unstable mode that is treated in this work is the resistive wall mode
(RWM), which occurs when the shell of the device has finite conductivity. Application of
control engineering tools appears to be important for the operation of the RFP. A model-
based control approach is pursued to stabilize the RWM. The approach consists of experi-
mental modeling of RWM using a class of system identificationtechniques. The obtained
model is then used as a basis for Mode Predictive Control (MPC) design. The MPC em-
ploys the model to build predictions of the system and find a control input that optimizes
the predicted behavior of the system. It is shown that the formulation of the MPC allows
the user to incorporate several physics relevant phenomenaaside from RWMs. The results
are encouraging for MPC to be a useful tool for future MCF operation.
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Sammanfattning

”Reverserat-fält pinch” (RFP) är en typ av experimentanläggning för magnetisk innes-
lutning av fusionsplasma. Den uppvisar olika instabila moder som kan beskrivas med den
magneto-hydrodynamiska teorin. En speciell instabil mod som behandlas i detta arbete är
den ”resistiv-vägg” mod (RWM) som uppkommer när anordningens omgivande metallskal
har ändlig konduktivitet. Verktyg från reglerteknikområdet, speciellt återkopplad kom-
pensering av RWM har visat sig vara viktiga för driften av RFP anläggningen. I detta arbete
används ett modell-baserat tillvägagångssätt för kompensering av RWM. Metoden innefat-
tar i första steget en experimentell modellering av RWM medsystem-identifieringsteknik.
Den erhållna modellen används sedan som bas för konstruktionen av en regulator enligt
”modell-prediktion” principen (MPC). MPC använder modellen för att prediktera systemet
och för att skapa en styrsignal som optimerar det predikterade beteendet hos systemet. Det
visas i detta arbete att formuleringen av MPC principen tillåter användaren att integrera
flera relevanta fysikaliska aspekter förutom RWM. Resultaten är uppmuntrande, och visar
att MPC kan vara ett användbart verktyg i framtida anläggningar för magnetisk inneslut-
ning av fusionsplasma.
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Chapter 1

Introduction

Energy is crucial to our daily lives. Currently, most of the energy that we use comes from
burning fossil fuels [1], which is a non-renewable resource. Our consumption rate of fossil
fuel does not appear to be sustainable [2]. Furthermore, theexcessive use of fossil fuel
has negative effects on the environment [3]. Utilization ofan alternative energy source
that is more sustainable than fossil fuels is essential in our effort to meet the growing
energy demand without further damaging the environment. Thermonuclear fusion is one
of the alternatives for future energy generation. It does not produce greenhouse gasses and
provides virtually unlimited fuel supply [4], which are significant advantages compared to
the fossil fuel.

In nuclear fusion, two light atoms are combined to form a heavier atom. To achieve
fusion, the atoms need to be heated to reach temperatures in the region of 108 - 109 degrees
so that their kinetic energy is enough to counter the repulsive electrostatic force. At this
temperature, a quasineutral gas with positively charged nuclei and electrons, known as
plasma is formed.

The type of fuel that is considered for nuclear fusion to produce energy are the isotopes
of Hydrogen, namely Deuterium (D) and Tritium (T). The D-T fusion reaction is given by:

D+T → 4He+n+17.6 MeV

The products of the D-T fusion reaction are the alpha particle (4He) and the neutron
n. The produced energy is distributed among the products according to their mass ratio.
The alpha particle is a charged particle that can be confined by a magnetic field to provide
heating to the plasma. The neutrons cannot be confined using magnetic fields, and their
kinetic energy can be harvested to produce heat and then turned into electricity.

1.1 Confinement concepts

To produce an efficient fusion power plant, there are three main parameters to consider:
temperature, density and energy confinement time. The hot plasma needs to be confined
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4 CHAPTER 1. INTRODUCTION

long enough so that the produced energy is higher than the energy required to heat the
plasma. A necessary condition to achieve ignition in a fusion reactor is the triple product:

nTτe ≥ 3×1021 keVsm−3

wheren denotes the density of fuel species. Temperature is denotedby T andτe denotes the
confinement time. This condition is derived from a power balance argument [5]. The tem-
perature must be high enough for ions to overcome their electrostatic repulsion and fuse.
The density determines to collision frequency of fuel species. The energy confinement
time is a measure of how long the plasma takes to dissipate itsenergy when all heating
sources are switched off.

One of the approaches to satisfy the criterion is called Magnetic Confinement Fusion
(MCF). Charged particles move in a helical path along the magnetic field lines, thus in
MCF, the motion of charged particles is restricted across the field lines but not along them.
The most successful MCF approach is based on the toroidal configuration.

The problem with confinement in a simple toroidal field is thata vertical drift in the
opposite directions for ions and electrons occurs due to thecurvature and gradient of the
field. This vertical drift causes charge separation that leads to a vertical electric field. The
electric field causes the particles to drift toward the wall of the vessel. To prevent the
charge separation, the field lines are usually twisted by applying an additional poloidal
field. Then, the particles are moving in helical trajectories. The main designs for toroidal
MCF are the tokamak, stellarator, and reversed-field pinch.The work presented in this
thesis is based on the reversed-field pinch.

1.2 Magnetohydrodynamics Model

The MHD equations are often used to describe the thermonuclear plasma. The MHD equa-
tions model the plasma as a conducting fluid [6]. The MHD equations combine the equa-
tions of electrodynamics and the hydrodynamics. The MHD equations are summarized
below [6]:

ρ
dv
dt

= J×B−∇p (1.1a)

σ(E+ v×B) = J (1.1b)

∇×E =−
∂B
∂ t

(1.1c)

∇×B = µ0J (1.1d)

∇ ·B = 0 (1.1e)

Equation (1.1a) is describes the conservation of momentum.Equation (1.1b) is the
Ohm’s Law. Often the plasma is assumed to have infinite conductivity (σ → ∞); thus the
following relation is used instead:

E+ v×B= 0 (1.2)
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1.3 Reversed-Field Pinch and Resistive Wall Mode

One of the axisymmetric configurations for the MCF is the reversed-field pinch (RFP).
In the RFP, the plasma is confined by a combination of toroidaland poloidal fields that
are generated by the current flowing in the plasma and from external coils. In the RFP,
the toroidal field is of the same order of magnitude as the poloidal field. Furthermore, the
toroidal field is reversed near the edge. The plasma confinement in the RFP is characterized
by βθ = 2µ0<p>

B2
θ ,a

, where the< · > denotes the volume averaged quantity. The plasma

pressure is denoted byp andB2
θ ,a denotes the poloidal magnetic field at the boundary. The

force equilibrium of the MHD equations is given byJ×B= ∇p.
The basic RFP equilibrium is the minimum-energy relaxed plasma state [7]. This equi-

librium is force freej ×B = 0, and the current only flows parallel to the magnetic field
∇×B = µB. Here,µ = µ0J ·B/B2 is the normalized parallel current density profile. For
cylindrical geometry, the magnetic fields are expressed by the Bessel functions:

Bz = B0J0(µr) (1.3a)

Bθ = B0J1(µr) (1.3b)

where the subscriptz denotes the toroidal vector component andJn denotes the Bessel
function of the first kind. Typically the equilibrium of the RFP is characterized by two
parameters. The pinch parametersΘ =

Bθ ,a
<Bz>

and the field reversal parameterF =
Bz,a
<Bz>

.
The stability of an equilibrium is often investigated by theresponse to magnetic pertur-

bations expressed as Fourier modes. In a toroidal configuration such as an RFP, a magnetic
perturbationb ∼ exp(i(mθ + n

Rz)) is characterized by a poloidal mode numberm and a
toroidal mode numbern, whereR is the major radius of the torus.

In experiments, the RFP equilibrium is not the minimum-energy state due to the non-
zero plasma pressure and non-uniform current profiles whichis small or zero at the edge
of the plasma [8]. The current gradient leads to unstable resonant tearing modes (TM).
The term resonant means that the particular mode has the samehelicity as the field lines in
the equilibrium profile at the location of the perturbation.The nonlinear evolution of the
modes combined with an externally applied toroidal loop voltage produces a toroidal field
that prevents the resistive decay of the toroidal field. Thisprocess is called the dynamo and
provides the sustainment of equilibrium in RFP [9].

Stability of the ideal MHD modes can be achieved by a perfectly conducting shell. The
image current caused by the growing amplitude of these modescreates a magnetic field that
cancels the growth. However, in practice the shell has finiteconductivity thus the unstable
modes are not completely removed. For the resonant modes, stability can be achieved by
plasma rotation if the plasma rotation frequency of the modes is faster than the inverse of
the field diffusion time of the shell. The non-resonant modesare not affected by plasma
rotation; these modes are converted into the resistive wallmode (RWM). The amplitude of
RWMs grows exponentially in time, and their growth rates arein the order of the inverse of
field diffusion time. The RWMs are wall locked, and if the discharge lifetime is comparable
or longer than the field diffusion time, then the RWMs amplitudes are growing throughout
the discharge and lead to plasma termination. In EXTRAP T2R,both TMs and RWMs
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are observed. The dominating TMs in a typical EXTRAP T2R equilibrium have poloidal
mode numbersm= 1 and toroidal mode numbers−15≤ n≤−12 [10]. The RWMs have
poloidal mode numbersm= 1 and toroidal mode numbers−11≤ n≤ 6 [10].

1.4 Feedback Control of Resistive Wall Modes

The RWM growth rate is inversely proportional to the wall diffusion time. Since the wall
diffusion time is usually of the order of few milliseconds, it is feasible to design a feedback
controller to stabilize RWM. The active stabilization of RWM usually employs an array of
magnetic coils distributed along the torus. The idea is originated from the Intelligent Shell
[11], which is aimed to imitate a perfectly conducting shell, where the growing perturbation
is suppressed by the magnetic field that is produced by the image current. The magnetic
coils can sense a growing perturbation at a specific locationin the torus, and then a co-
located actuator coils are used to generate a magnetic field to suppress the perturbation.
The feedback controller governs the exact magnetic field produced by the active coil.

Several results have been obtained from many devices such asDIII-D [12, 13], NSTX
[14, 15], HBT-EP [16], EXTRAP T2R [17–19] and RFX-Mod [20, 21]. Originally, a
Proportional-Integral-Derivative (PID) type controllerwas used due to its simplicity. The
PID is a non-model based feedback controller since it has a fixed degrees of freedom that
is not related to the structure of the system. However, recent results suggest that a more
sophisticated controller might become necessary to improve the performance of RWM
controller, especially for tokamak [22]. Model-based control of RWM has been success-
fully demonstrated in tokamak devices such as DIII-D, HBT-EP, and NSTX. Some of the
reported benefits of the model-based control in fusion experiments are: i) ability to dis-
tinguish the RWM from transient noise such as ELM [12]. ii) significant reduction of
control actuation required to stabilize RWM [16]. iii) sustainment long-pulse high beta
discharges [15].

Aside from stabilizing the RWM, feedback control of the edgeradial field is commonly
used to simultaneously suppress the error field. Error field that is caused by the imperfec-
tion of the shell structure can affect the stability of the plasma through braking of plasma
rotation or driving the marginally stable modes [22]. Dynamic compensation of error field
during plasma operation can be achieved using feedback control [19,23].

Feedback control is useful for some physics experiments. In[24], a feature of feedback
control in EXTRAP T2R, namely the output tracking mode, is used to develop a method to
estimate the error field. Furthermore in [25], the output tracking mode is used to generate
a clean resonant magnetic perturbation that is used to investigate the braking of the plasma
rotation. The external magnetic perturbation generated bythe feedback controller can also
be used to estimate the field diffusion time for each mode number as demonstrated in Paper
III.



Chapter 2

Experiment Description

Most of the experiments in this study are performed in a closed-loop manner, which means
the feedback control is active during the experiments. To explain some basic concepts used
in the thesis, the overview of the RWM control loop of EXTRAP T2R is shown in figure
2.1.

Σ Σ

ΣΣ

C

F

G

−1

Controller

Power Amplifier

T2R

r

d

y

u v
uc

w

Figure 2.1: Overview of RWM closed-loop operation at EXTRAPT2R

The explanation of the symbols are :

G : The RWM dynamics of EXTRAP T2R.

F : The power amplifiers rack that are used to drive the actuatorcoils.

7
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C : RWM feedback controller.

u : vector of voltages that are applied to the power amplifiers.

uc : vector of currents that are applied to the actuator coils.

y : vector of output signals which are the time-integrated voltages of the sensor coils.

r : vector of output reference values.

d : vector of extra inputs used for dither injection.

v : vector of unmeasured input disturbances.

w : vector of unmeasured output disturbances.

Note that all the outward pointing signals in figure 2.1 referto measured signals. The
signalsr andd are completely defined by the user.

2.1 EXTRAP T2R

The study in this work is based on experiments performed on EXTRAP T2R, a high-aspect
ratio RFP machine located in Stockholm, Sweden. The physical dimensions of EXTRAP
T2R are characterized by its major radiusR= 1.24 m and a minor radius ofa= 0.183 m.
The term high-aspect ratio refers to theR

a ratio. A copper shell is used as a resistive wall
for the MHD modes. The penetration time of the shell is for a vertical field is around 6.5
ms. Typical plasmas are characterized by currentIp ∼ 50−150kA, electron temperature in
the range∼ 200−400eV, ion temperature in the range∼ 400−600eVand electron density
ne ∼ 1019m−3.

2.2 Magnetic Diagnostic

The signature of a RWM in EXTRAP is observed in the static and growing perturbation of
the radial magnetic field. Furthermore, the RWM is typicallyobserved in multiple Fourier
modes. Consequently, an array of saddle coils is needed to resolve these modes. The array
of coils used to resolve the RWM are referred to as the sensor coils. They are passive coils,
located inside the shell, that measure the time-derivativeof the radial magnetic field. The
voltage signals from the sensor coils are passed to a time integrator rack to provide the
radial magnetic field measurement. A separate set of saddle coils is used to provide an
external radial magnetic perturbation that can suppress the RWM. These coils are referred
to as the actuator coils. They are co-located with the sensorcoils outside the shell. The
schematic description of the sensor coils and actuator coils are given in figure 2.2.

The sensor coils and actuator coils are distributed around the torus at 4 poloidal location
and 32 toroidal locations. Thus each set of coils consists of128 saddle coils. The signals
from the top and bottom coils are subtracted, and the same is performed with the inboard
and outboard coils. The pairwise subtraction reduces the signal channel number by half
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Figure 2.2: EXTRAP T2R saddle coils1

but reduces the number of the Fourier modes that can be resolved. With the pairwise
configuration only the odd poloidal mode numberm can be resolved. Furthermore, the
toroidal mode number that can be resolved is in the range−16≤n≤ 15. This configuration
allows for observation of the most dominating tearing modesand RWMs in EXTRAP
T2R [26]. When all of the coils are used, EXTRAP T2R is a multivariable system with 64
input and 64 output channels.

2.3 Control Hardware

Recently the EXTRAP T2R control hardware has been upgraded.Thus, the work pre-
sented in this thesis includes the development of the new control system for RWM. The
development of the control system consists of developing a data management server for
the experimental data and writing a feedback control algorithm library for EXTRAP T2R.
An overview of the developed control system is shown in figure2.3

The first component is the Development and Analysis PC. The computer is a standard
PC located in the control room of EXTRAP T2R. This PC handles several functions. The
first is the data management server for the experimental data. The chosen software for
managing the experimental data is MDSPlus2, which provides many interfaces to 3rd
party software. The MDSPlus software package also providespost-shot data visualization.
This PC is also installed with some computational software that can be used to analyze
the experimental data or perform simulations of the feedback control. The Development
and Analysis PC is connected to the host PC through Ethernet and can provide remote
connection to the host PC.

The host PC is part of the recently upgraded hardware. The hardware and software for
the data acquisition are provided by D-tAcq3. The host PC is a Linux based PC equipped
with a 3.0 GHz 6-cores processor and 8 GB memory. The host PC isresponsible for

1Figure is taken from [27]
2http://mdsplus.org/
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Development &

Analysis PC

Host PC

EXTRAP T2R
ethernet

DAC

ADC

u

y anduc

Figure 2.3: Overview of the control system for RWM control inEXTRAP T2R

the execution of the control algorithm in real-time. The feedback control algorithms are
written in C++, where a specific numerical library [28] is used to solve all the required
mathematical operations in real-time.

The data acquisition modules consist of several cards that are interconnected through a
compact PCI crate. The data acquisition modules provide 16 bit analog-to-digital (ADC)
for 128 simultaneous channels and 64 digital-to-analog (DAC) channels. The ADC and
DAC boards are connected to the host PC by ethernet. The data acquisition modules trans-
fer data to a shared buffer in the host PC memory by Direct Memory Access. Furthermore,
the kernel of the Linux has been modified so that all of the interrupts to the CPU are sus-
pended during the shot. The kernel modification guarantees the availability of the CPU for
the real-time feedback control algorithm.

3http://www.d-tacq.com/



Chapter 3

Control Oriented Modelling of RWM

Obtaining an accurate model is essential for model-based control design. The model of a
plant is used to design a feedback controller that is tuned tomeet a performance criterion
for the particular plant. Furthermore, the availability ofa model is convenient for testing the
proposed feedback controller in simulation, thus minimizing the risk of a faulty controller
in the experiment. In the context of an RWM model for EXTRAP T2R, a first order model
can be used to described the time evolution of the mode given an external radial magnetic
field [18].

τm,nḂm,n− γm,nτm,nBm,n = Bext
m,n (3.1)

The first order model (3.1) only considers the ideal MHD modesfor cylindrical ge-
ometry. The stability of the modes is characterized by the growth rate of the modesγm,n.
The growth rates can be obtained from the theoretical calculation for a specific equilibrium
profile and boundary condition [29], or estimated from a series of experiment [10]. The
τm,n is the wall diffusion time for a Fourier harmonic. Although the model can be used to
describe the RWM on EXTRAP T2R, it is not sufficient as a basis for model-based control
design because the sensor and actuator dynamics are omittedfrom the model.

Another approach to obtain the model is to use a fully empirical method to capture
the dynamics of the plant into a generic model. The method is called system identifica-
tion [30,31] and have been applied successfully to EXTRAP T2R [27,32–35]. The RWM
dynamics along with the actuator dynamics can be captured ina single black-box model us-
ing a system identification technique. The aim of system identification is to obtain a model
that can estimate the input-output relations of the plant for a relevant operating condition.
Thus, it is seen as the control-oriented approach to model the RWM. The typical system
identification approach consists of several steps: experiment design, model structure selec-
tion, model parameters estimation and model validation. The system identification process
can be iterative, in the sense that each of the steps can be repeated if a valid model has not
been obtained, as shown in figure 3.1.

11
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Experiment
Design

Model Structure
Selection

Model Estimation

Model Validation if model not valid

Figure 3.1: Typical process of system identification

3.1 Experiment Design

The first step of system identification is to obtain the data from a series of experiments.
Several factors need to be considered for the experiment. The experiment can be done
in open-loop or closed-loop scheme. In open-loop, the experiment is carried out without
the use of any feedback controller. The experiment is straightforward, and with properly
chosen input signals, the correlation between the input signals and the output signals is
minimized, which is desired for obtaining the model. However, open loop identification
can not be done during plasma experiments in EXTRAP T2R due tothe unstable nature
of the system. Therefore, closed-loop identification is carried out, with a simple feedback
controller used to nominally stabilize the system. However, in closed-loop identification
the input to the system is correlated to the output due to the feedback. Special care needs to
be taken to remove the input correlation from the output whenestimating the model using
closed-loop identification [31,36].

The input signals used in system identification need to be chosen properly. In general
the input signals need to be ”rich” enough to capture all of the plant dynamics. The input
signal needs to satisfy the condition of persistent excitation. A discrete-time signalu(k) is
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persistently exciting of orderni if [30,31]:

Ru(τ) = lim
N→∞

1
N

N

∑
k=1

u(k)u(k− τ) (3.2)

exists, and the following matrix is nonsingular:










Ru(0) Ru(1) . . . Ru(ni −1)
Ru(−1) Ru(0) . . . Ru(ni −2)

...
. . .

...
Ru(1−ni) . . . Ru(0)











(3.3)

A popular type of signal used for system identification is Pseudo-Random Binary Se-
quence (PRBS) where the order of persistent excitation for PRBS can be set by choosing
the appropriate period. A single experiment in EXTRAP T2R usually last for 50 ms and
does not provide sufficient samples to estimate the model parameters. Thus, several ex-
periments need to be performed. Each experiment uses different input signals, and every
output data is recorded.

The input-output data is usually analyzed for every batch. Typically, the input-output
data is truncated such that it only corresponds to the time ofthe plasma current flat-top
period. Furthermore, trend removal in each channel of the data is performed to remove
any bias in measurements and to minimize the drift in the output data that arises from the
signal integrator.

3.2 Model Structure Selection

The system identification that is considered in this work focuses on estimating a linear
time-invariant (LTI) model. There are two main assumptionsused when using such a model
to describe the RWM. First, it is assumed that the RWM is linear for some small pertur-
bations around the operating condition. The operating condition in EXTRAP T2R is the
equilibrium, which is parameterized by the field-reversal parameterF and the pinch param-
eterΘ. The second assumption used is related to the mode rigidity,where the eigenvalues
of the RWM are constant given an external magnetic perturbation. These two assumptions
are reasonable and have been verified in the experiments [27,32,33].

A linear discrete time state space is chosen as the model structure. A general state
space model in innovation form is given by:

x(k+1) = Ax(k)+Bu(k)+Ke(k) (3.4a)

y(k) =Cx(k)+Du(k)+e(k) (3.4b)

with A ∈ Rnx×nx, B ∈ Rnx×nu, C ∈ Rny×nx, K ∈ Rnx×nu, x(k) ∈ Rnx, u(k) ∈ Rnu, y(k) ∈
R

ny, e(k) ∈ R
nu. TheA,B,C,D are the system matrices,K is the filter gain,x(k) are the

state variables that describe the internal dynamics of the system,u(k) are the inputs to the
system,y(k) are the outputs of the system and finallye(k) are the innovation sequences.
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The associated predictor form is:

x̂(k+1) = AK x̂(k)+BKz(k) (3.5a)

y(k) =Cx̂(k)+Du(k)+e(k) (3.5b)

which is obtained using the relation thate(k) is the residual of the measured output and the
estimated output. Furthermore:

AK = A−KC; BK = (B−KD K) ; z(k) =
(

u(k)
y(k)

)

(3.6)

The use of a discrete time model of (3.4) is appropriate sincethe data is obtained in a
sampled manner. The main advantage of obtaining the model inthe form of (3.4) is that
the control design theory for such systems is well established.

3.3 Model Estimation

After the data is acquired, and model structure is chosen, the next step is to estimate the
model parametersA,B,C,D,K. The model parameters are obtained by employing an es-
timation algorithm. The class of algorithm to estimate the matricesA,B,C,D,K is called
subspace identification. It usually consists of pre-estimation step and model reduction
technique to obtain the matricesA,B,C,D,K. Overviews of existing subspace identifica-
tion algorithms can be found in [36, 37]. The particular algorithm used to estimate the
components of these matrices is called SSARX [36–38].

The SSARX is chosen due to its ability to cope with closed loopdata. It has been
mentioned before that it is crucial in EXTRAP T2R to obtain the data in a closed loop due
to the unstable nature of the plant. Furthermore, the extension of SSARX for multi-batch
data is straightforward [33].

The first step of SSARX is the estimation of the vector auto-regressive input with ex-
ogenous variables (VARX). For multi-batch data, several notions need to be defined. A set
of input-output data from a single batchbwith lengthNb is given by:Db =

{

yb(k),ub(k)
}Nb

k=1
Furthermore, the lag vector is introduced:

zp(k) =







z(k−1)
...

z(k− p)






(3.7)

The following matrices can be formed given a lag orderq and batchb:

Yb
q =

(

yb(q+1) . . .yb(Nb)
)

(3.8a)

Zb
q =





zb
q(q+1) . . .zb

q(Nb)

ub(q+1) . . .ub(Nb)



 (3.8b)
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The matrices 3.8a are defined for a single batch. Merging matrices 3.8a to include the set
of all batches can be done by the following:

Yq =
(

Y1
q . . .YNb

q

)

(3.9a)

Zq =
(

Z1
q . . .Z

Nb
q

)

(3.9b)

The VARX estimator for multi batch data is of the form:

Ŷq = HqZq (3.10)

where ˆdenotes the estimated quantity, and the parameters of VARX are contained in the
matrixHq. The matrixHq contains the Markov coefficientH( j) and the direct feed-through
matrixDq:

Hq =
(

H(1) . . . H(q) Dq
)

(3.11)

The matrixHq can be found optimally by solving the least square problem :

Ĥ = argmin
∥

∥Yq−HqZq
∥

∥

2
= YqZT

q (ZqZT
q )

−1 (3.12)

The next step of the SSARX is to find the state sequence estimate. First, the typical
data equations used for SSARX is given as follows:

yb
f (k) = H̄ f pzb

p(k)+ Ḡf z
b
f−1(k)+ D̄ f u

b
f (k)+eb

f (k) (3.13)

where the past horizonp is selected to be sufficiently large such that the influence from the
initial condition has decayed. The vector notation in (3.13) are defined as follows:

zb
f−1(k) =







zb(k)
...

zb(k+ f −2)






(3.14)

and the future signal vectors are given by :

yb
f (k) =







yb(k)
...

yb(k+ f −1)






(3.15)

Finally, ub
f (k) andeb

f (k) are formed in the same way as (3.15). The matrices in (3.13) are
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given by:

Ḡf =











0 0 . . . 0
H(1) 0 . . . 0

...
...

.. .
...

H( f −1) H( f −2) . . . H(1)











(3.16a)

H̄ f p =











H(1) H(2) . . . H(p)
H(2) H(3) . . . H(p+1)

...
...

. . .
...

H( f ) H( f +1) . . . H( f + p−1)











(3.16b)

D̄ f = I f ⊗D (3.16c)

where⊗ denotes the Kronecker product andI f denotes the identity matrix of sizef .
Note that each entry of the matrices (3.16) can be filled by putting the associated

Markov coefficients that were already found from the VARX pre-estimation step.
In closed loop identification, the input and innovation sequence in (3.13) are correlated

due to feedback. Most of the closed-loop subspace methods try to decouple this term. In
SSARX, this is achieved by utilizing the predictor form and Canonical Correlation Analy-
sis (CCA) [39,40]. Using the definition of the predictor form(3.5), the equation (3.13) can
be rewritten:

ỹb
f (k) = yb

f (k)− Ḡf zb
f−1(k)− D̄ f ub

f (k) (3.17)

The following data matrices are constructed:

Ỹb
f =

(

ỹb
f (p+1) . . . ỹb

f (Nb− f +1)
)

(3.18a)

Zb
p =

(

zb
p(p+1) . . . zb

p(Nb− f +1)
)

(3.18b)

The matrices are then merged in the same manner as (3.9) to obtain Ỹf , Zp. From here
the CCA is then performed for the matricesỸf , Zp. The idea of CCA is to find a mutual
subspace betweeñYf and Zp where their correlations are maximum. The CCA is described
as follow:

Rỹ f ỹ f = ỸfỸ
T
f (3.19a)

Rz̃pz̃p = ZpZp
T (3.19b)

M = R−1/2
ỹ f ỹ f

ỸfZp
TR−1/2

z̃pz̃p
(3.19c)

M = U ΣV
T (3.19d)

Tnx = V
T

nx
R−1/2

z̃pz̃p
(3.19e)

whereVnx denotes the firstnx column ofV .
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The (3.19) includes a Singular Value Decomposition step (3.19d), where the singular
values are contained in the diagonal entry ofΣ. The matrixU is an orthonormal matrix
that contains the basis vectors of the output space. Similarly, the matrixV is an orthonor-
mal matrix that contains the basis vectors of the input space. The singular values inΣ are
ordered in a descending manner, and their values indicate the correlation value. From in-
spection of the singular value, the final order of the state-space model can be determined.
The state sequence estimate can be foundx̂(k) = Tnxzp(k), which can be seen as a projec-
tion of zp(k) to the subspace which contains the main correlation betweeny f (k) andzp(k).
Once the state estimates have been found, it is straightforward to obtain the state-space
matrices by synthesizing the state estimate matrix for the multi-batch data and solving the
appropriate least-square problems using the definition (3.5).

3.4 Model Validation

The quality of the obtained model needs to be assessed. Normally the model is tested
against real experimental data given the same excitation signal. The data used for model
validation must not be the same as the data used for model estimation so that there is no
bias when validating the model. As a measure of quality, the variance-accounted-for (VAF)
is used [31].

VAFi =

(

1−
var
(

yexp
i − ymodel

i

)

var(yexp
i )

)

×100% (3.20)

If the model is accurate then the VAF values should be close to1 for all of the output
channels. The model in this work is obtained assumingD = 0 since there is at least one
sample delay from the input to the output. The total 11840 samples of measurements for
each input and output is obtained from 37 different batches.Furthermore SSARX is used
with the following parametersnx = 150,q= f = p= 20. The VAF is compiled in figure
3.2, where the x-axis corresponds to the output channel. Channels 1-32 correspond to the
horizontal coils and channels 33-64 correspond to the vertical coils. It can be seen from
figure 3.2 that a minimum of 74% VAF value is achieved for the obtained model. Further
inspection of the VAF values for each output channels shows that the VAF values for the
horizontal coils are, in general, lower than the vertical coils. This indicates that there is
a systematic difference between the horizontal coil signals and the vertical coil signals.
In EXTRAP T2R, there is a horizontal gap in the mid plane of theshell. The horizontal
gaps caused the horizontal coils to be more susceptible to the high-frequency disturbances.
Thus, it is expected that the signal-to-noise ratio for the horizontal coils is lower than the
vertical coils.

The output of the model and the measured output is compared toillustrate the accuracy
of the model. The output of the model is generated using the same input signals as the
experiment. For brevity, only four channels that have the least VAF value are shown. They
are shown in figure 3.3.

The shown channels have VAF values of around 72−74%. However, the model seems
to be able to represent the experimental data. From visual inspection, it can be seen that
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Figure 3.2: VAF value of the obtained state-space model fromSSARX
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Figure 3.3: Comparison of the SSARX model and measurement

the source of discrepancy between the model and experimental data are mostly the high-
frequency component of the signals. This is consistent withour previous analysis, where
the high-frequency disturbances are more present in the horizontal coils.



Chapter 4

Model Predictive Control of Resistive
Wall Modes

Model Predictive Control (MPC) is an advanced optimal control technique. MPC allows
the control engineers to enter the constraints directly into the control problem formulation.
Originally, MPC was developed from an industrial application. An early version of MPC
can be found under different names such as Dynamic Matrix Control [41] and Generalized
Predictive Control [42]. MPC has had a major impact on industrial practice, in particular,
oil refineries, and petrochemical plants, due to its abilityto handle difficult multivariable
control problems that include some constraints [43,44].

The feature of constraint handling in MPC is important sincemost physical systems are
subject to constraints. The most common constraint in control applications is the saturation
of actuators, which when combined with an integral controller can lead to loss of control.
In EXTRAP T2R, the constraint handling will be advantageousin characterizing the least
number of actuator coils required to suppress the RWM. Another important feature of
MPC is the use of the plant model to predict future behavior ofthe plant. In pursuit of
better performance, the MPC tries to find an optimal input while taking into account the
time evolution of the plant for several steps ahead.

The ideal of MPC is illustrated in figure 4.1. In every time instant, a measurement is
made. Based on the current measurement and model of the system, prediction of the output
can be made. The objective of the MPC is to find a sequence of control input such that the
predicted output approaches the reference in an optimal way. Furthermore, only the first
step of the sequence is applied to the system, and the processis repeated for every time
instant.

4.1 MPC Formulation

MPC utilizes the explicit knowledge of the system to make predictions. For a discrete-
time linear time-invariant system in the form (3.4) a seriesof finite time predictions of the

19
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futurepast

k k+1 k+2 k+3 k+Np

reference

predicted output

planned input

prediction horizon

Figure 4.1: Illustration of Model Predictive Control

system can be made. To illustrate this, consider (3.4) withe(k) = 0:

x(1) = Ax(0)+Bx(0) (4.1)

which is the one step ahead response of the system atk = 0 according to (3.4) withx(0)
andu(0). The one step ahead response atk= 1 is:

x(2) = Ax(1)+Bu(1) (4.2)

Substituting (4.1) to (4.2) can remove the dependency ofx(1) in (4.2). This procedure can
be generalized for arbitrary finite time horizonsHp:

x(1) = Ax(0)+Bu(0)

x(2) = A2x(0)+ABu(0)+ABu(1)

x(3) = A3x(0)+A2Bu(0)+ABu(1)+Bu(2)

...

x(Hp) = AHpx(0)+AHp−1Bu(0)+ . . .+ABu(Hp−2)+Bu(Hp−1)

which can be written in a matrix form :

X = Φx(0)+ΓU (4.3a)
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with :

X =











x(1)
x(2)

...
x(Hp)











; U =











u(0)
u(1)

...
u(Hp−1)











; Φ =











A
A2

...
AHp











(4.3b)

Γ =











B 0 . . . 0
AB B . . . 0
...

...
.. .

...
AHp−1B AHp−2B . . . B











(4.3c)

From the set of equations (4.3), one can predict the trajectory of a system provided the
initial conditions, and the sequence of inputs are available.

It has been mentioned that the aims of MPC is to find a sequence of inputs such that the
predicted output approaches the reference in an optimal manner. The notion of optimal in
MPC is obtained by minimizing a certain cost function that penalizes the output (or state)
and input of the system over a finite prediction horizon. The typical optimization problem
for linear MPC , assuming zero reference, is given as follows:

U∗ = argminJ = x(N)TPx(N)+
Hp−1

∑
i=0

(

x(i)TQx(i)+u(i)TRu(i)
)

(4.4a)

subject to :

x(k+1) = Ax(k)+Bu(k),∀k= 0, ...,N−1 (4.4b)

u(k) ∈ U,∀k= 0, ...,N−1 (4.4c)

x(k) ∈ X,∀k= 0, ...,N (4.4d)

In (4.4) the user defined matricesQ, R, andP are called the state weighting, input
weighting, and terminal weighting respectively. TheQ penalizes the distance of the pre-
dicted state to the reference, andR penalizes the control actuation. The terminal cost
x(N)TPx(N) can be seen as the cost arriving from the truncation of the infinite horizon
problem. These matrices are positive definite matrices, thus the cost function in (4.4) is
a convex function. The performance of the MPC is correlated with the selection of these
weighting matrices. Some guidelines to choose the proper weighting matrices can be found
in [45, 46]. The constraints in (4.4) are the system dynamics, input constraints, and state
constraints. In linear MPC these constraints are linear, thus the MPC problem (4.4) is a
convex optimization problem.

Note that the cost function can be written in matrix form utilizing the relation in (4.3a):

J = xT
0 Qx0+XTΩX+UTΨU (4.5)
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with

Ω =











Q 0 . . . 0
0 Q . . . 0
...

...
.. .

...
0 0 . . . P











(4.6)

Ψ =











R 0 . . . 0
0 R . . . 0
...

...
.. .

...
0 0 . . . R











(4.7)

Furthermore by substituting (4.3a)

J = x(0)TQx(0)+ (Φx(0)+ΓU)TΩ(Φx(0)+ΓU)+UTΨU

J =
1
2

UTHU +UTFx(0)+ x(0)T(Q+ΦTΩΦ)x(0) (4.8)

whereH = 2
(

Ψ+ΓTΩΓ
)

is a positive definite matrix andF = 2ΓTΩΦ. Note that the
first two terms in (4.8) are formulated in such a way that they coincide with the Quadratic
Programming (QP) formulation. The last term in (4.8) is a constant term because it is
independent of the optimization variableU . Furthermore, the Hessian of the cost function
J is given byH, and it is independent ofU andx(0). The gradient of the cost function is
given by:

∇J(U,x(0)) = HU +Fx(0) (4.9)

In a special case where there is no constraint, it is possibleto find an analytic solution
by equalizing the gradient (4.9) to 0. The corresponding optimal input sequenceU∗:

U∗ =−H−1Fx(0) (4.10)

Another useful formulation of MPC is to distinguish betweenprediction horizonHp

and control horizonHc. Loosely speaking, prediction horizon tells how far ahead MPC
looks and control horizon tells the length of the sequence ofthe input to be optimized.
Distinguishing betweenHp andHc can be useful, because unlikeHp, Hc directly deter-
mines the size of our optimization variableU . It is usually sufficient to setHc < Hp and
the last sequence kept constant for the rest of prediction horizon.

Implementation of MPC uses the so called receeding control horizon (RHC) scheme,
which involves taking only the first time instance from the sequence of the optimal input,
and solving the QP at every time instance. The benefit of usingthe RHC scheme is that
it exhibits the closed loop scheme for controlling the system; therefore it provides some
robustness against disturbances during the process. In brief, the RHC scheme used by
MPC is as follows:
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Algorithm 1 MPC with RHC scheme

1: DefineQ,P,R,Hp and set of constraints
2: Build prediction matrices (Φ,Γ)
3: Solve QP (4.8) to obtainU∗

4: Apply only the first time instance inU∗, u(k) =
(

11×nu,01×Hp−nu
)

×U∗

5: Update the state
6: Repeat from step 3

Mode Control MPC

The term mode control in RWM feedback refers to the ability ofthe feedback controller
to control the spatial Fourier mode of the output selectively. In the revised IS [47], this is
achieved by first using a real-time Fourier analyzer to transform the output channels into
Fourier modes. Then by zero multiplication, a particular mode can be excluded from the
error calculation. The resulting error is then transformedback into real space by perform-
ing inverse Fourier calculation before feeding it to the digital controller. The mode control
feature of feedback control is beneficial in particular for the axisymmetric mode. The ax-
isymmetric mode refers to the horizontal and vertical displacement of the plasma, and it
is controlled separately by the plasma equilibrium control. Thus, the mode control feature
in RWM feedback controller allows the user to exclude the axisymmetric mode from the
feedback such that it does not interfere with the plasma equilibrium control.

Mode control can be obtained using MPC. First, two dimensional Discrete Fourier
Transform (DFT) with 32×4 points can be achieved in matrix form:

Ym,n =W32 Y WT
4 (4.11)

WN ∈ CN×N is theN points DFT matrix,Y ∈ R32×4 is the matrix that contains the signal
to be transformed andYm,n ∈ C32×4 is the transformed signals. The sample argument is
omitted in (4.11) for simplicity. In EXTRAP T2R, only the oddpoloidal harmonics can be
resolved due to the pairwise subtraction of the signals. Forthe poloidal harmonicsm= 1
the DFT becomes:

Y1,n =W32
(

yA yB −yA −yB
)









1
− j
−1
j









(4.12a)

Y1,n =W32
(

2yA−2 jyB
)

= 2
(

W32 jW32
)

(

yA

yB

)

(4.12b)

Y1,n =Wf y (4.12c)

In (4.12)yA corresponds to the subset of output signals with the poloidal angle of 0, π
andyB are the subset of output signals with the poloidal angle ofπ

2 ,
3π
2 .
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The mode control feature of MPC can be achieved by setting thestate weighting matrix
Q as follows:

Q=CTW†
f LWfC (4.13)

where† denotes the conjugate transpose and

L =





















l0
. . .

l15

l−16
. . .

l−1





















(4.14)

with l i ∈ R≥0. This guarantees thatQ is a positive definite matrix.
Given the state weighting matrices set as (4.13) the state cost becomes:

xTQx = Y
†

1,nLY1,n = ‖Y1,n‖
2
L (4.15)

which is the 2-norm of the Fourier transformed output signals andL is the toroidal mode
weighting matrix. Thus, by tuning theL, the MPC can select or prioritize certain Fourier
modes of the output. Note that there is no additional computation load in real-time when
using theQ as (4.13) compared to any arbitrary positive definite matrix.

Model Predictive Control based on Fast Gradient Optimization

The feasibility of implementing MPC will depend on the required time to solve the QP
problem relative to the time scale of the system. Thus, an efficient solver of QP is cru-
cial in the implementation of MPC. This section will discussthe so-called fast gradient
optimization method and its application in MPC. The fast gradient method was developed
in [48], and its first use to solve MPC problem was proposed in [49]. To illustrate the fast
gradient method, first consider the conventional gradient method. The gradient method
forces the cost function to decrease in every iteration, forming the relaxation sequence :
Ji+1 ≤ Ji ,∀i ≥ 0. This is done by updating the design variable to move towards the anti-
gradient directionUi+1 = Ui −α∇J(Ui),∀i ≥ 0, whereα is the step size of the direction.
In case of a constrained optimization, a gradient method canstill be used by projecting
the updates of the unconstrained gradient method onto the feasible set of the constrained
optimizationsU. More precisely, the updates for the projected gradient method is given
by:

Ui+1 =BU (Ui −α∇J(Ui)) ,∀i ≥ 0 (4.16)

with the projection operatorBU(.) defined as :

BU(Ū) = argmin
U∈U

‖U −Ū‖2 (4.17)

The fast gradient is defined for a cost function that is convexand smooth. In particular the
cost function should exhibit the following properties:
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1. Lipschitz continuous for the gradient of the cost function
This property implies that the cost function should at leastbe once continuously
differentiable. Furthermore, the gradient of the cost function should satisfy the fol-
lowing inequality:

‖∇J(U2)−∇J(U1)‖ ≤ L‖U2−U1‖ (4.18)

with U1,U2 ∈ U andL ≥ 0 is the Lipschitz constant.

2. Strong convexity for the cost function
Strong convexity holds whenever there exists a positive convexity parameterµ > 0
such that the function can be lower bounded by the quadratic function:

J(U1)≥ J(U2)+∇J(U2)
T(U1−U2)+

µ
2
‖U1−U2‖

2 (4.19)

Finding the parametersL,µ is crucial for the fast gradient algorithm. In the context ofthe
MPC problem (4.4), where theH is a positive definite and symmetric matrix, the parame-
tersL andµ are the maximum and minimum eigenvalue ofH, i.e:

L = λmax(H) (4.20)

µ = λmin(H) (4.21)

The underlying idea of the fast gradient method is to drop thestrict condition of form-
ing a relaxed sequence, as in the conventional method, and make use of an estimate se-
quence. Furthermore, the fast gradient method gives an estimate on the upper bound of
the residual, which in turn can be used to derive the maximum iterationimax required to
guarantee a user defined value of residual upper boundε. A detailed derivation of the fast
gradient method can be seen in [48]. In brief, the algorithm of MPC with the fast gradient
method is shown in Algorithm 2 [49,50].

Algorithm 2 Fast Gradient MPC

Define :U0 ∈U, V0 =U0, 0<
√

µ/L ≤ a0 < 1
Compute :imax, ai , bi , ∀i from a2

i+1 = (1−ai+1)a2
i +

µ
L ai+1 and

bi = (ai(1−ai))/(a2
i +ai+1)

1: read current statex
2: for i = 0 to imax do
3: Ui+1 =BU

(

Vi −
1
L ∇J(Vi ,x)

)

⊲ do projection as in (4.17)
4: Vi+1 =Ui+1+bi(Ui+1−Ui)
5: end for

From this point, readers may already note the simplicity of the algorithm. Most of the
parameters needed can be computed off-line, and the main workload of the algorithm is in
the projection onto the feasible sets. However, for simple constraints such as maximum and
minimum limit of the control input, such projections can be done analytically by saturating
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the update. In case of a more general constraint, an extension to the fast gradient method
for the dual problem of the optimization has been proposed in[51].

Step 3 of algorithm 2 is the typical gradient step, whereas Step 4 takes the updates to
an extra step that is based on the estimate sequence. The benefit of Fast Gradient Method
is that it offers a higher convergence rate than conventional gradient method while main-
taining complexity of a first order method.

4.2 Implementation of MPC at EXTRAP T2R

The MPC has been successfully implemented in EXTRAP T2R using the model obtained
from system identification. The MPC has been tuned to incorporate other physics-relevant
information of EXTRAP T2R aside from the RWM. This is done viathe mode control
(4.13). It has been mentioned that the RWM feedback controller should not interfere with
the plasma equilibrium control. In MPC, this can be achievedby settingl0 = 0, thus
excluding the axisymmetric mode from the cost function calculation.

Information of the error field can also be incorporated in MPCusing the mode control
feature. The main error field in EXTRAP T2R is caused by the vertical gaps on two
opposite toroidal locations and the single iron core returnleg. The error field arising from
this asymmetry and gaps can be observed on the toroidal mode spectrum of the output at
n= ±1,±2. In general, non-axisymmetries of the machine can lead to error fields. Most
of these error fields can be observed in the even toroidal modes and are seen as a static
disturbance to the RWM controller. The error field can excitethe marginally stable mode
and cause the perturbation to grow and lead to plasma termination. Suppressing these error
fields potentially lead to better plasma confinement. Error fields that coincide with the
unstable modes are seen as particularly dangerous. In EXTRAP T2R the moden=−10 is
one of the most unstable RWM [10, 26, 33] that also interacts with the error field. Taking
into account the error fields and the axisymmetric mode the mode weighting matrixL is
set as:

l i =







0 i = 0
2000 i =±1,±2,±8,−10
200 else

(4.22)

The input weighting matrix is set as the identity matrix. Finally the prediction horizon is
set asN = 4, with the input weighting matrixR= I andimax= 5. For the current settings
of MPC, implementation at EXTRAP T2R yields an average computational time of 0.117
ms, which is slightly longer than the sampling period. The achieved computational time
implies that there are some cycles during the real-time execution that take two sample
intervals. The latency is tolerable since the sampling timeis an order of magnitude faster
than the growth rate of the RWM.

The result of implementing MPC has been promising as seen in figure 4.2. The y-
axis of figure 4.2a and figure 4.2b identifies the toroidal modenumber of the output and
current in the actuator coils, respectively. To analyze theRWM behavior, the current is
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more relevant than the voltage applied to the power amplifiers. The color coding in the
figures shows the amplitude of each mode as they evolve over time. The plasma duration is
shown by the interval between the red dashed lines in figure 4.2. The axisymmetric modes
are omitted from figure 4.2.

The use of MPC results in significant prolongation of the plasma duration. The plasma
duration achieved with MPC is 72 ms. This is a significant prolongation compared to the
duration of plasma without using any feedback controller, which lasts for around 15 ms.
The extension of the plasma duration is attributed to the suppression of the radial magnetic
field at the edge as seen in the figure 4.2a. The RWMs in EXTRAP T2R have toroidal
mode number−11≤ n≤ 6. The amplitudes of these modes along with the other resolved
modes are suppressed by activating the MPC.

There is no apparent growth of amplitude observed in the radial modes, which suggests
that the plasma termination is unlikely to be caused by the unstable RWMs. The plasma
termination is more likely to be connected to the level of remaining uncompensated fields
which can reduce the velocity of the plasma and leads to locked tearing modes. Several
factors could cause the remaining level of amplitudes observed. Many uncertainties during
the plasma operation might cause some error in the prediction by the model, thus influenc-
ing the performance of the MPC. It is also possible that thereare other error fields, which
are not properly compensated by the MPC.

Figure 4.2b shows the current in the actuator coils when MPC is active. The main
actuation of MPC is allocated for the modesn= ±1, ±2. The actuation modes coincide
with the most dominant error fields in EXTRAP T2R. The high-level actuation in modes
n= ±1, ±2 corresponds to the dynamic error field compensation by MPC.The current
required to suppress the RWMs is not as large as is required tocompensate the error field.
Short current pulses are applied to suppress the initial amplitude of the RWMs, followed
by small amplitude actuation to prevents the growth of the RWMs.
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(a) The obtained output of EXTRAP T2R with active MPC; shown
for different Fourier toroidal modes
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Figure 4.2: Plasma shot obtained with the designed MPC in EXTRAP T2R. The y-axis
shows different toroidal mode numbers and the color-codingshows the amplitude of the
mode as it evolves over time.



Chapter 5

Contribution

In this section, the main scientific results are summarized.The study is focused on employ-
ing model predictive control to suppress the RWM. The results are based on experiments
in the reversed-field pinch EXTRAP T2R. The study includes preparation of the control
hardware and the software that is necessary to implement theMPC, which has more com-
putational load than typical feedback control algorithms such as PID.

A necessary step in implementing the MPC is the availabilityof the control relevant
model of the system. The RWM dynamics of EXTRAP T2R has been extracted and mod-
eled by linear time-invariant dynamics through the use of system identification. The sys-
tem identification was used to obtain the RWM dynamics along with the power amplifier
dynamics. The obtained model was validated and shows a good agreement with the exper-
iment. Based on this model, an MPC is designed.

The use of MPC for stabilization of RWM has not been done elsewhere, and the first
experimental result is shown in EXTRAP T2R. Based on experiments, the MPC has been
shown to be able to suppress the RWM and have the potential to outperform the conven-
tional PID controller. An important feature of the MPC in EXTRAP T2R is the mode
control that allows the user flexibility in selecting and prioritizing the Fourier mode of the
output.

Paper I: Implementation of model predictive control for resistive wall
mode stabilization on EXTRAP T2R

This work shows the first experimental result of RWM stabilization using MPC in EX-
TRAP T2R. First the RWM dynamics is modeled empirically using system identification.
The obtained linear time-invariant model is used to design the MPC. The MPC has been
successfully implemented in EXTRAP T2R and successfully stabilize the RWM. The per-
formance of the MPC is compared with a conventional PID controller. It is shown that
the MPC outperforms the PID in suppressing the radial magnetic field perturbation. I was
the main contributor to this work, responsible for the controller design, writing the control
software, analysis of the experimental results and writingthe paper.
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Paper II: Design and Operation of Fast Model Predictive Controller
for Stabilization of Magnetohydrodynamic Modes in a FusionDevice

In this work, the design process of the MPC is discussed in more detail. The multi-batch
closed-loop subspace identification to obtain the control-oriented model is discussed. The
subspace identification method models the RWMs in a form of a linear time-invariant sys-
tem based only on empirical data. The mode control feature ofMPC is discussed, in
particular, how to treat the error field arising from asymmetry in the shell structure. The
fast gradient algorithm is chosen as the optimization solver for the MPC. The application
of the fast gradient method for MPC allows the MPC to be implemented in sub-millisecond
time scale, which is necessary to stabilize the RWMs. I was the main contributor to this
work. I was responsible for implementing the controller in real-time, performing analysis
on the experimental result and writing the paper.

Paper III: A method for the estimate of the wall diffusion for
non-axisymmetric fields using rotating external fields

This work presents a new method to estimate the wall diffusion time of non-axisymmetric
fields. The feedback controller is used to generate a rotating single harmonic external field
in vacuum. The method is based on scanning the rotation frequency value and toroidal
mode number of the external field. To this end, a frequency response measurement for
each of the Fourier toroidal modes of the wall is developed and used to estimate the wall
diffusion time. The experimental results are compared withthe diffusion time estimated
using a simple cylindrical model and show a good agreement. The method was also tested
using the subset of coils and showed good agreement if the relevant sideband effects are
considered. I contributed mainly on the experimental side;performing the experiments and
helping with the control software.

Paper IV: Resistive Wall Mode Studies utilizing External Magnetic
Perturbations

The feedback controller implemented in EXTRAP T2R allows the user to generate a gen-
eral external magnetic perturbation and to track the radialmagnetic field boundary condi-
tion. The use of the feedback controller in several physics study is presented in this work.
The diffusion time for each Fourier harmonic can be estimated using a rotating external
perturbation. The machine error field can be assessed by a static magnetic perturbation
as a proxy field and a secondary rotating perturbation as a probe field. The combination
of the perturbations excites the RWMs. The RWMs amplitudes are observed to be modu-
lated, and the RWMs rotate non-uniformly. The amplitude andphase of the error field can
be inferred by varying the amplitude and phase of the probe field. The external magnetic
perturbation can also be used to extract RWM dynamics using the system identification
method. A random low amplitude perturbation is generated toexcite the RWMs. Sub-
sequently a linear time-invariant model can accurately describe the RWMs by carefully
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estimating the model parameters. I was involved mainly in the experiment to estimate the
wall diffusion time.





Chapter 6

Conclusion

A systematic approach to design Model Predictive Control for the stabilization of Resistive
Wall Modes has been presented in this study. The first step in the approach is the modeling
of RWM dynamics using system identification. The obtained linear time-invariant model
has been validated and shows high accuracy when compared to real experimental data. The
second step of the approach is to design an appropriate MPC tostabilize the RWMs. It has
been shown that MPC, using the system identification model isable to suppress the RWMs
and error fields during the plasma discharge.

The use of MPC for RWM stabilization in EXTRAP T2R is still at an early stage,
and many of its features have not yet been fully explored. Although the mode control
feature has been used to compensate the error field and to exclude the axisymmetric mode,
the optimal tuning of the mode weighting matrix will requiremore rigorous experiments.
The constraint handling feature of MPC can be useful when attempting to characterize the
least number of inputs that is required to stabilize the RWM.The robustness of MPC for
different equilibrium parameters is another issue that still needs to be investigated. Finally,
improvements in the MPC real-time execution is possible by adjusting the model order and
accelerating the optimization algorithm [52].
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