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Abstract

The primary objective of fusion research is to realize a thermonuclear fusion power
plant. The main method to confine the hot plasma is by using a magnetic field. The
reversed-field pinch is a type of magnetic confinement devicewhich suffers from variety
of magnetohy- drodynamic (MHD) instabilities. A particular unstable mode that is treated
in this work is the resistive wall mode (RWM), which occurs due to the current gradi-
ent in the RFP and has growth rates of the order of the magneticdiffusion time of the
wall. Application of control engineering tools appears to allow a robust and stable RFP
operation. A model-based approach to stabilize the RWMs is pursued in this thesis. The
approach consists of empirical modeling of RWMs using a class of subspace identification
methodology. The obtained model is then used as a basis for a model based controller. In
particular the first experimental results of using a predictive control for RWM stabilization
are obtained. It is shown that the formulation of the model based controller allows the user
to incorporate several physics relevant phenomena along with the stabilization of RWM.
Another use of the model is shown to estimate and compensate the inherent error field. The
results are encouraging, and the methods appear to be generically useful as research tools
in controlled magnetic confinement fusion.
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Sammanfattning

Fusionsforskningens primära mål är att förverkliga enny typ av kraftverk baserade
på termonukleär fusion. Den viktigaste metoden för att innesluta det heta plasmat är
användandet av magnetfält. ”Reverserat-fält pinch” (RFP) är en typ av anläggning för mag-
netisk inneslutning av fusionsplasma som uppvisar ett flertal magneto-hydrodynamiska
instabiliteter. En specifik instabil mod som behandlas i detta arbete är”resistiv-vägg”
moden (RWM). Den orsakas av strömgradienten i RFPn och tillväxer med en tidskonstant
som är av samma storleksordning som magnetfältets diffusionstid i det omgivande metall-
skalet. Tillämpning av verktyg från reglerteknikområdet förefaller tillåta en robust och sta-
bil RFP drift. I detta arbete används ett modell-baserat tillvägagångssätt för kompensering
av RWM. Det innefattar empirisk modellering av RWM med användning av ”subspace”
system-identifieringsmetoder. Den erhållna modellen används sedan som grund för en
modell-baserad regulator. De första experimentella resultaten från modell-prediktiv kom-
pensering av RWM har erhållits. I detta arbete har också visats att formuleringen av den
modellbaserade regulatorn tillåter användaren att integrera flera relevanta fysikaliska as-
pekter förutom RWM. Ytterligare en användning av modellen är för att göra uppskattning
och kompensering av avvikelser i anläggningens magnetfält, så kallade fält-fel. Resultaten
är uppmuntrande, och det förefaller som om de undersöktametoderna är allmänt använd-
bara som verktyg för forskning om magnetisk inneslutning av fusionsplasma.
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Chapter 1

Introduction

1.1 Thermonuclear Fusion

The demand for energy is expected to increase significantly in the near future due to the
projected increase of population and increase of the quality of life in particular in the
developing countries [1]. A major part of the energy demand is being supplied by burning
fossil fuels [1]. Our consumption rate of fossil fuel does not appear to be sustainable [2].
Furthermore, the emission associated with burning the fossil fuels enhances the greenhouse
effects and in turn has adverse effects on the global environment [3].
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Figure 1.1: World energy outlook obtained from the U.S. Energy Information Agency [4]

The projected increase of the energy consumption should be met with limiting the use
of fossil fuels and increasing the use of alternative energysources. Several types of renew-
able energies such as wind and solar power can contribute to providing the world energy
supply. A continuously operating power plant, such as nuclear fission, would be beneficial
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for the stability of energy supply. However, for nuclear fission, there are challenges which
relate to the radioactivity of the nuclear waste and the riskof nuclear proliferation that still
need to be solved.

Nuclear fusion is another alternative for future energy generation with virtually un-
limited fuel supply [5]. The amount of energy that can be produced by nuclear fusion is
enormous. For comparison, the amount of energy obtained by burning 106 ton of fossil
fuels is roughly equal to the energy content of 0.8 ton of Uranium for fission and 0.14
ton of Deuterium in fusion [6]. Energy generation from nuclear fusion in principle does
not produce greenhouse gas unlike that of fossil fuels. Furthermore, the radioactive waste
produced by nuclear fusion has a decay time significantly shorter compared to nuclear
fission.

In nuclear fusion, two light atoms are combined to form a heavier atom. The same
mechanism also occurs in the sun (and stars) where Hydrogen nuclei are fused to produce
Helium and energy [7]. The energy produced is due to the mass difference between the
product and the reactant and is determined by the Einstein’senergy relationshipE = ∆mc,
whereE is the energy,∆m is the total difference of mass between the products and reactants
andc is the speed of light. Significant temperature is needed to achieve fusion. For the
type of fusion of interest the temperature region of 108 - 109 degrees is needed so that their
kinetic energy is sufficient to counter the electrostatic repulsive force. In this temperature
region, atoms are stripped of the electrons and form a quasi-neutral gas called plasma.

Several candidates of fusion reactions are available for energy generation:

D+D → 3He+n+3.27 MeV

D+D → T+p+4.03 MeV

D+ 3He→ 4He+p+18.3 MeV

D+T → 4He+n+17.6 MeV

Among these fusion candidates, the Deuterium-Tritium (D-T) reaction has the largest
cross-section, achieved at relatively low temperatures (∼ 15 keV). The cross-section of the
D-T reaction and the amount of the energy it produces is the reason that the D-T reaction
is considered as the most promising candidate for a future fusion reactor. The energy
produced by the D-T reaction is distributed among its products, α−particles(4He) and
neutrons. The fraction of the energy that each of the products carries depends on the mass
ratio of the products. In D-T reactions, around 80% of the energy produced is carried by
neutrons while the rest are carried byα−particles. In magnetic confinement concepts, this
means that the energy of theα−particles can be used as an additional source of heating to
the plasma, where the energy carried by the neutrons are to beextracted and converted to
electricity.

The use of D-T as the candidate for fusion still has some issues related to the fuels.
Tritium is rare on earth. Furthermore, it is an unstable isotope of Hydrogen with a short
decay time of 12.3 years. Thus to provide enough Tritium for future fusion power plant,
the Tritium needs to be produced. A solution to this issue is to breed the Tritium in the
reactor. One can use the neutron generated in the fusion reaction and Lithium to produce
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Tritium according to the reactions:
6Li +n→ 4He+T+4.8 MeV

7Li +n→ 4He+T+n−2.8 MeV

The abundance of fuel is another advantage of nuclear fusion. The D-T reaction re-
quires Deuterium and Lithium to produce Tritium needed for the reaction. Deuterium is a
stable isotope of Hydrogen and available in sea water. Lithium occurs in nature as minerals
and can also be extracted from sea water. The amount of Deuterium and Lithium available
in sea water could sustain the use nuclear fusion power plantat the current level of world
energy consumption for at least several million years [8].

1.2 Confinement concepts

Figure 1.2: Schematic of tokamak. Courtesy of EUROfusion [9].

The plasma can lose its energy through different means. In steady state conditions,
the energy confinement timeτE is defined as the ratio of the total energy of the plasma
with the energy loss rate. The energy losses of the plasma canbe balance by external
heating. Formally the efficiency of a nuclear fusion power plant can be defined by the
Q value which is the ratio of the energy produced by fusion with the energy provided by
the external heating. For a steady state reaction, it is desired to balance the energy losses
with the heat from theα−particles. The power balance conditions in the presence of the
α−particles provide the triple product condition for ignition [10]:

nTτE > 3×1021 m−3keV
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After the ignition, the external heating can be switched off, and the plasma can still be
sustained, although some power input will still be needed for control purposes or to drive
current in the plasma. Since for D-T reaction the highest cross section occurs at temper-
ature∼ 15 keV, the criterion then provides the operating conditionof density and energy
confinement time for a nuclear fusion power plant to reach ignition.

A magnetic field can be used to confine the plasma and subsequently satisfy the crite-
rion. This approach is called magnetic confinement fusion, and it is based on the fact that
a charged particle will move helically along the magnetic field line. The simplest form of
magnetic confinement is a cylindrical device. The confinement of the particle is provided
due to a magnetic mirror set up at both ends of the cylinder. However, for cylindrical con-
figuration, there is always a fraction of the particles that can escape the magnetic mirror.
For a simple mirror machine, these end losses are too severe,and the maximum Q value
that can be achieved is too small as a candidate for future fusion reactor [6].

Another MCF concept is to use a toroidal configuration. In a toroidal configuration
which consists of a purely toroidal field, the radial gradient of the magnetic field and the
curvature give rise to a vertical drift. This drift is chargedependent. Thus electron and
ions will move in opposite direction. This vertical drift gives rise to a vertical electric
field which in turn gives another drift in the radial direction. This radial drift is not charge
dependent. Therefore it causes the whole plasma to move radially outward and eventually
hit the vessel. The problem with the particle drift can be solved by adding a poloidal
component to the field. By adding a poloidal field, the field lines are made to be helical.
Furthermore, the resulting drift will change periodically, and on average the net particle
drift is canceled.

The fusion devices such as tokamak and reversed-field pinch (RFP) are some examples
that utilize both toroidal and poloidal magnetic field to confine the plasma. The poloidal
magnetic field is generated by using the plasma as a secondarywinding of a transformer.
The current that is driven toroidally in the plasma providesthe required poloidal field and
ohmically heat the plasma. One drawback of this approach is that it cannot run in a steady
state since transformer action depends on time-changing ofmagnetic flux. Thus to achieve
steady state, a non-inductive current drive is required.

Tokamak is one of a MCF configuration for a fusion reactor. It is an axisymmetric torus
where the toroidal magnetic field is significantly higher than the poloidal magnetic field. A
schematic of the main components for tokamak is shown in figure 1.2. Significant progress
has been achieved in term of fusion performance since the research started in 1950s [11].
At the present day, tokamak is the most developed concept andthe leading candidate for
the future MCF power plant. Specifically, the highest recorded triple product has been
achieved in the tokamak with the device JT-60U [12]. Furthermore, D-T experiments have
been performed in TFTR [13] and JET [14]. The D-T campaign in 1997 carried out in
JET recorded a release of fusion power up to 16 MW [14]. Due to the success of tokamak,
most of the research effort in fusion community is based on the tokamak configuration.
Furthermore, the next generation research reactor ITER is based on tokamak configuration.
ITER is expected to demonstrate the efficiency of energy production by fusion, and the
expected value of Q is 10.

An alternative MCF concept is the RFP. Like the tokamak, the RFP is an axisymmetric
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toroidal configuration. The main difference is that in the RFP; the poloidal magnetic field is
the same order as the toroidal magnetic field. Furthermore, the toroidal field spontaneously
reverses its direction toward the edge of the plasma. As a candidate for a future fusion
reactor, the RFP has some advantages with respect to the tokamak. First, in principle, it
can use only ohmic heating to reach ignition. Second, the RFPas fusion reactor will not
need to use superconducting magnets to produce the toroidalfield. The RFP is, however,
more prone to many instabilities which in turn leads to degraded confinement.

Both the tokamak and the RFP require an inductive current drive to produce the poloidal
field needed to confine the plasma. To this end, reaching a steady state operation is an issue
that needs to be solved for both the tokamak and the RFP. Thereis another configuration
that relies only on external coils to produce the required helical field. Such a configuration
is called a stellarator [15] and in principle is ready to operate in steady - state. However,
the stellarator requires high precision in the shape and alignment of the magnetic coils.
Only after the availability of supercomputer, an optimization program could be used to
determine the shape and position of the magnetic coils that are now used in the newly built
Wendelstein7X [16].





Chapter 2

Resistive Wall Modes

2.1 Magnetohydrodynamics

Fusion plasma is a very complex system which involves simultaneous interaction of∼ 1022

ions and electrons. The magnetohydrodynamics (MHD) model is often used to describe
the fusion plasma. In the MHD model, the plasma is simplified to the extent that it is
described as a single conducting fluid. Thus as the name suggest, the MHD equations are
a coupling between the electrodynamics equation and the hydrodynamics equation. The
MHD equations are summarized below [6,17]:

ρ
dv
dt

= J×B−∇p (2.1a)

σ(E+ v×B) = J (2.1b)

∇×E =−
∂B
∂ t

(2.1c)

∇×B = µ0J (2.1d)

∇ ·B = 0 (2.1e)

Equation (2.1b) is the Ohm’s Law. Due to the high temperature, fusion plasma is often
assumed to have an infinite conductivity (σ → ∞). In such case, the ideal Ohm’s Law is
used instead:

E+ v×B= 0 (2.2)

The ideal MHD equations are useful in describing the global properties of fusion
plasma, in particular, those associated with the plasma equilibrium and stability of the
equilibrium. The stationary solution of the set of MHD equations (2.1) defines the equilib-
rium condition. For the static case (v = 0) one can obtain the force balance condition for
ideal plasma:

J×B = ∇p (2.3)

9
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The equation (2.3) represents the force balance between theplasma pressure and the mag-
netic force. The force balance condition also implies that the magnetic field lines and
current lie on a set of a closed-nested surface on which the pressure is constant.

2.2 RFP Equilibrium

In the previous chapter, it has been mentioned that a Reversed-Field Pinch (RFP) is a
magnetic confinement device for which the toroidal magneticfield and poloidal magnetic
field are of the same order. Furthermore in the RFP the toroidal magnetic reverses its
direction near the edge [18]. The RFP configurations have several physics implications
which will be discussed briefly in this section.

The simplest model of RFP equilibrium is the so-called force-free equilibrium. For this
equilibriumJ×B = 0 which implies that the current flows parallel to the magnetic field.
Since in experiment the plasma is not pressure-less, a more realistic approach to describe
the equilibrium is [18]:

∇×B0 = µ(r)B0+
µ0B0×∇p

B2
0

(2.4)

where for a cylindrical geometry, the equilibrium reduced to a set of differential equation:

dBφ

dr
= µBθ − µ0

Bφ

B2
0

dp
dr

(2.5a)

1
r

d
dr

(rBθ ) = µBφ − µ0
Bθ

B2
0

dp
dr

(2.5b)

dp
dr

=−χ
r

2µ0

(
µB2

0

2Bθ
−

Bφ

r

)

(2.5c)

The pressure profile used in the (2.5) gives Suydam’s necessary condition of stability when
χ < 1. The ratio of parallel current and magnetic field is denotedby µ and the profile is
commonly modeled according to [17–20]:

µ(r) =
2
a

Θ0

[

1− (
r
a
)α
]

(2.6)

Experimentally the equilibrium in usually characterized by the pinch parameterΘ and the
reversal parameterF , which can be directly measured using the global magnetic diagnos-
tics and defined as follows [18]:

Θ =
Bθ (a)
< Bφ >

(2.7a)

F =
Bφ (a)

< Bφ >
(2.7b)

HereBφ (a) andBθ (a) respectively denote the toroidal field and poloidal field at the edge
and< . > represents the volume average operator. A typical equilibrium profile for EX-
TRAP T2R can be computed forΘ = 1.6 andF = −0.3 which is the typical experimental
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value. The magnetic field profile can be seen in figure 2.1. Furthermore, the confinement
in RFP is usually characterized by the value of poloidal betaβθ = 2µ0<p>

B2
θ (a)

.

Given a cylindrical geometry, the safety factor profile can be defined as:

q(r) =
r
R

Bφ

Bθ
(2.8)

A typical q profile for EXTRAP T2R is shown in figure 2.2, and theprofile suggests a
wide range of resonant modes can occur in the RFP plasma. Resonant surfaces appear
in the plasma wheneverq(r) = −m

n and MHD modes that satisfy them andn condition
are said to be resonant. In EXTRAP the internally resonant modes are characterized by
n< 0 and 0<−m/n< q(0) and the have the same helicity handedness as the equilibrium
inside the reversal surface. The externally resonant modesare characterized byn > 0
andq(a) < −m/n< 0 and they have helicity handedness opposite of the internalmodes.
Resonant resistive MHD modesm= 0 andm= 1 are often rotating in EXTRAP T2R,
and their field at the boundary wall can be suppressed provided that rotation frequency
exceeds the inverse wall diffusion time. In this case, the resistive wall behaves like an
ideally conducting wall for such modes. These resonant modes, withm= 0 andm= 1 are
typically tearing modes, and they play important roles in the sustainment of the toroidal
field through the dynamo process [18].

The non-resonant ideal unstable MHD modes can be stabilizedif there is a perfectly
conducting wall facing the plasma [6,17]. The growing magnetic perturbation due to insta-
bility can induce current in the wall which in turns producesa magnetic field that cancels
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Figure 2.2: Safety factor profile of EXTRAP T2R computedΘ = 1.6 andF =−0.3 with

the perturbation. However since in experiments the wall always has finite resistivity, the
resistive wall cannot stabilize them. Instead the modes areconverted into Resistive Wall
Modes (RWM) and their growth times are comparable to the wallmagnetic diffusion time.
Typically the growth rates of RWMs are much slower than the growth rates of the ideal
MHD modes and this allows them to be stabilized actively by feedback control.

2.3 Stabilization of Resistive Wall Modes

The RWM is the primary instability that is treated in this thesis. As mentioned before, the
RWMs in RFP are current driven, and they are a potential causeof disruption whenever the
plasma duration is longer than the wall diffusion time. In a tokamak, the RWM is pressure
driven and they play an important role in advance tokamak scenario since they limit the
obtainable beta.

The RWM can be suppressed by passive or active stabilization. The plasma rotation
can provide a passive dissipative mechanism to the RWM [21].For the RFP plasma, it is
understood that the plasma rotation must be of the order of the Alfven frequency for the
plasma to have sufficient damping to stabilize the RWM. On theother hand, in a tokamak,
the RWM stability has non-monotonic variation with the plasma rotation [21, 22]. It has
been shown in tokamak that the RWM could be stabilized also atlow plasma rotation due to
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kinetic effects not included in the MHD model [22,23]. However, various MHD activities
can trigger the RWM thus it is desirable to also have methods for active stabilization if
needed [24,25].

Active stabilization is achieved utilizing a controlled magnetic field. The original idea,
dubbed the Intelligent Shell, was presented in reference [26]. The Intelligent Shell aims
to mimic an ideally conductive shell, by using an array of co-located actuator and sensor
coils. The sensor coils are used to measure the growing magnetic perturbation at a specific
location on the shell, where the actuator coils can apply an external magnetic control field
to suppress the growing mode.

Typically, a Proportional-Integral-Derivative (PID) type controller is used to determine
the necessary external field required to suppress RWM. The PID is a standard feedback
controller that does not require a model of the system. In theabsence of a model, there are
several empirical rules of thumb available to tune the PID parameters [27]. In fact, the use
of PID controller has been shown to be able to suppress multiple RWMs in RFP [28–31].

Recent results suggest that a model based controller might become necessary to im-
prove the performance of RWM controller, especially for tokamak to reach beta close to
the ideal wall limit [25, 32]. Model-based control of the RWMis currently the frontier
of RWM control algorithm research and has been successfullydemonstrated in tokamak
devices such as DIII-D [33, 34] and HBT-EP [35]. Some of the reported benefits of em-
ploying model-based RWM control in tokamak experiments are: i) ability to discriminate
the transient noise such as ELM from the RWM [33], ii) optimization of control actuation
required to stabilize RWM [35], iii) long-pulse high beta discharges [36,37].





Chapter 3

Experimental Setup

3.1 EXTRAP T2R

The results presented in this thesis are from experiments carried out on EXTRAP T2R [38].
EXTRAP T2R is a medium sized reversed-field pinch operated atthe KTH Royal Institute
of Technology in Stockholm. The physical dimension of EXTRAP T2R is characterized
by its major radiusR= 1.24 m and minor radiusa = 0.183 m. The EXTRAP T2R vac-
uum vessel is made of stainless steel equipped with molybdenum limiters. The vessel is
enclosed with a double-layer copper shell(which constitutes the wall) with a traverse field
penetration time of around 6.3 ms. The EXTRAP T2R usually operating with plasma cur-
rentIP = 50−120 kA, toroidal loop voltage in the range of 20−30 V. Table 1 provides the
typical parameters in EXTRAP T2R [39].

Figure 3.1: EXTRAP T2R reversed-field pinch
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Table 3.1: Typical EXTRAP T2R Parameters

Plasma currentIp 50 - 120 kA
Toroidal loop voltageVφ 20 - 30 V
Minor radiusa 0.183 m
Major radiusR 1.24 m
Wall timeτshell 6.3 ms
Pinch parameterΘ 1.5 - 1.8
Reversal parameterF −0.1 - −0.5
Electron densityne 0.5 - 2.0 × 1019 m−3

Electron temperatureTe 200 - 300 eV

3.2 Active Control System

active coils

resistive shell

vacuum vessel

sensor coils

limiter

Figure 3.2: EXTRAP T2R reversed-field pinch

The experimental results obtained in this thesis mostly used the magnetic diagnostics
in EXTRAP T2R. The magnetic diagnostics can be divided into two sets: global and MHD
diagnostics. The global magnetic diagnostics are used to measure the plasma current,
toroidal loop voltage as well as the poloidal and toroidal field at the edge and the average
toroidal field [40].

The MHD diagnostics, which concerns the RWMs, is measured byusing an array of
saddle coils. Figure 3.3 depicts the overview of EXTRAP T2R magnetic diagnostic coils
and a poloidal cross section of EXTRAP T2R is given in figure 3.2 which elaborates the
coils in more details. The coils used for RWM control are active and passive saddle coil.
The passive sensor coils are placed inside the shell, and theactive actuator coils are placed
outside the shell. The arrays consist of a set of 4 poloidal and 32 toroidal coils evenly
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distributed to cover the whole torus surface area. Furthermore, the coil signals are series
connected for the inboard and outboard coil to form an ”m=1” coil. The same connections
are done for the top and bottom coil. The arrangement of the coils allowed the measure-
ment of the radial field with poloidal mode number ofm= 1 and toroidal mode number
−16≤ n≤ 15.

The MHD diagnostics are used for real-time control application in EXTRAP T2R. The
EXTRAP T2R control hardware has been recently upgraded and the work presented in this
thesis includes the development of the new control system hardware and software. The de-
velopment of the control system consists of a data management server for the experimental
data and a feedback control algorithm library for EXTRAP T2R.

Figure 3.3: EXTRAP T2R reversed-field pinch

The hardware for the data acquisition is provided by D-tAcq [41] which consists of a
host PC and a data acquisition module. The host PC is a Linux based PC equipped with
a 3.0 GHz 6-cores processor and 8 GB memory. The data acquisition modules consist of
several cards that are interconnected through a compact PCIcrate. The data acquisition
modules provide 16 bit analog-to-digital (ADC) for 128 simultaneous channels and 64
digital-to-analog (DAC) channels.

3.3 Model-based approach of control design

The plasma experiment performed in this thesis is carried out while invoking one of the
algorithms implemented in the host PC. To ensure a high confidence of the designed al-
gorithm during implementation, a model-based framework isused as seen in figure 3.4.
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Figure 3.4: EXTRAP T2R reversed-field pinch

The availability of a model, allows a simulation test to be performed before implementing
the algorithm in real-time thus increasing the confidence level of the algorithm before the
experimental validation.

The implemented approach in EXTRAP T2R is not entirely automatic, in the sense
that there is no automated code generation used. The controlalgorithms are written in
C++, where a specific numerical library [42] is used to solve all the required mathematical
operations in real-time. The main reason for using a custom made code is related to latency
in real-time. In our experience a custom made code can solve the required mathematical
operation in a more efficient manner.



Chapter 4

Control Oriented Modeling of RWM

This section focuses on describing the process of obtainingthe required model for control
design. To explain some basic concepts used in the thesis, the overview of the RWM
feedback control loop of EXTRAP T2R is shown in figure 4.1. Theexplanation of the

Σ Σ

ΣΣ

C

GA

G

−1

Controller

Power Amplifier

T2R

r

d

y

u wu

uv

wy

Figure 4.1: Overview of RWM feedback loop operation at EXTRAP T2R

symbols are :

G : The EXTRAP T2R

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

C : Feedback controller.

19
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u : vector of voltages that are applied to the power amplifiers.

uv : 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.

wu : vector of unmeasured input disturbances.

wy : vector of unmeasured output disturbances.

For the purpose of control design, EXTRAP T2R dynamics(bothshell dynamics and
RWM) and power amplifier need to be modeled accurately. It canbe useful to find a
linear representation of the system since the feedback control design theory for a linear
system is well developed. However, a linear representationmight not truly represent the
true dynamics of the plasma since in general, the MHD equation is nonlinear due to the
resistivity of the plasma. However, under a certain condition, the linear representation
might be sufficient to represent the plasma dynamics. In the context of RWMs in the RFP,
it is known that the eigenvalues of the RWMs depend on the equilibrium parametersΘ and
F [21, 43, 44]. Furthermore, it is often assumed that the mode is rigid, in the sense that
the eigenfunction of the RWM is not affected by external magnetic perturbation associated
with the control actions. Due to this, a linear representation of RWM can be justified in
RFP.

A physics based model is usually desired to predict the system behavior. For RWM
several finite element codes are available such as CarMa [45,46], and VALEN [47]. These
codes can model the 3D walls surrounding the plasma and have been used as standard tools
for many fusion devices [32,48,49]. The use of these finite element codes usually leads to
a model with high order. Since most of the model-based control methods often embed the
model of the system in its structure, a complex model will lead to a sophisticated controller
that can be difficult to be implemented in real-time. A model order reduction technique is
often necessary to obtain an optimal low order approximation of the finite element model.

One approach to obtaining a model is by using system identification. System identifi-
cation is an empirical method to obtain a model [50]. The RWM in EXTRAP T2R along
with its actuator and sensor dynamics can be captured in a single black-box model using a
system identification technique. In most cases, the system identification does not require
a physical understanding of the system to be able to predict system behavior. However, it
requires a carefully designed experiment in which the system is perturbed by some ran-
dom signals, the d vector in figure 4.1, to expose the dynamic response of the system to the
control actuators.

4.1 System Identification

System identification can be seen as a classic supervised learning problem that aims to
generate a function that can predict output data given an input data. System identifica-
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tion typically consists of several steps: experiment design, model parameters estimation
and model validation. In this thesis, a class of system identification called the subspace
identification method (SIM) is used. The SIM is used due to itsnumerical efficiency in
estimating state space model and its ability to handle multivariate data in a closed loop.
However, since state space representation is non-unique, the state variables obtained by
SIM are difficult to interpret. Furthermore, the asymptoticstatistical property of SIM is
not well understood [51,52].

Conventional SIM method aims to represent a system in a typical discrete time state
space form:

G=

{

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

y(k) =Cx(k)+Du(k)+e(k)
(4.1)

Equation (4.1) is often called innovation form, and the innovation terme(k) represents the
residual between the measured and predicted output. The innovation form can be recast
into a predictor form as follow:

G=

{

x̂(k+1) = AK x̂(k)+BKz(k)

y(k) =Cx̂(k)+Du(k)+e(k)
(4.2)

with:

AK = A−KC; BK = (B̄ K) ; B̄= B−KD; z(k) =
(

u(k)
y(k)

)

(4.3)

To obtain the system matrices, SIM method usually employs several stages of estima-
tion. The first state of estimation is to obtain high order auto-regressive input with exoge-
nous variables (ARX). The ARX is well known to be able to handle closed loop data if the
order is sufficiently high. In a closed-loop experiment, external noise can be correlated to
the input of the system due to feedback. Thus closed loop identification should take proper
care of de-correlating of the external noise. First, we introduce several stacked notations
which split the past and future data based on the user selected past horizon (np) and future
horizon (nf ):

z̄np(k) =






z(k−np)
...

z(k−1)




 ; z̄nf (k) =






z(k+1)
...

z(k+nf )




 (4.4)

The stacked notation rules can be used to define stacked vector for the state, output, and
innovation term as well. Furthermore, the following matrices can be formed:

Ynp = [y(p+1) . . .y(Nb)] (4.5a)

Ȳnf =
[

ȳnf (p) . . . ȳnf (Nb−nf +1)
]

(4.5b)

Z̄np =
[
z̄np(p+1) . . . ȳnp(Nb)

]
(4.5c)

Z̄np,nf =
[
z̄np(p+1) . . . ȳnp(Nb−nf )

]
(4.5d)
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with Nb denotes the length of data. The ARX estimator is a linear estimator that can be
written using matrices in (4.5a) as:

Ŷnp = [Ξ(np) . . . Ξ(1) D]
︸ ︷︷ ︸

Ξ̄

[
Z̄np

Unp

]

(4.6)

where ˆ denotes the estimated quantity, and the parameters of ARX contain the Markov
parameters and have the following structure :

Ξ(i) = [Ξu(i) Ξy(i)] (4.7)

with :

Ξu(i) =

{

D ; i = 0

CAi−1
K B̄ ; i ≥ 1

; Ξy(i) =

{

0 ; i = 0

CAi−1
K K ; i ≥ 1

(4.8)

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

argmin
∥
∥Ynp − Ξ̄Z̄np

∥
∥2

F
(4.9)

The typical data equation for SIM is given as follows:

Yf = ΓK Z̄np,nf + H̄Unf + ḠYnf +Enf (4.10)

The data equation is obtained from the definition of prediction and assuming the influence
of the initial condition has vanished whennp is sufficiently long sinceAK is stable. The
matricesΓ andK is related to the observability and controllability matrix:

Γ =








C
CAK

...

CA
nf −1
K








(4.11a)

K =
[
Anp−1BK . . . AKBK BK

]
(4.11b)

Another important relation in SIM is the following:

Γx(k) = ΓK z̄np(k) (4.12)

Several SIM methods aim to find the state sequence estimate from estimation of matrix
ΓK . There are several alternatives to obtain the state space realization that fits the data
[53]. In SSARX [54], a following pre-estimates is used:

Ŷnf =Ynf − H̄Unf − ḠYnf = ΓK Z̄np,nf +Enf (4.13)
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The pre-estimation step makes the future input-output terms and the innovation uncor-
related. Then a Canonical Variate Analysis is performed betweenŶnf andZ̄np,nf to obtain
the estimate ofΓK . The CVA procedures:

ˆΓK = (Ŷnf Ŷ
T
nf
)(−1/2)Ŷnf Z̄

T
np,nf

(Z̄np,nf Z̄
T
np,nf

)(−1/2) (4.14)

Performing Singular Value Decomposition on̂ΓK =UΣVT and using the relation (4.12),
the estimate of state sequence can be obtainX̂ =VT

nx
(Z̄np,nf Z̄

T
np,nf

)(−1/2)Z̄np,nf .
Another approach is the so-called optimized Predictor Based Subspace Identification

[51, 55]. The PBSIDopt differ from SSARX in the way it obtainsthe state estimate [56].
Instead of using CVA, the PBSIDopt directly obtain the statesequence estimate by solving
low-rank approximation problem:

min
∥
∥
∥ ˆΓK Z̄np,nf −ΓX̂

∥
∥
∥

F
(4.15)

where the estimate ˆΓK is obtained directly from the ARX argument. The optimal low-
rank approximation can be solve by employing the SVD onˆΓK Z̄np,nf =UΣVT . Finally
the state estimate can be obtain as:

X̂p = Σ1/2
nx VnT (4.16)

Note that the state sequence estimate obtained by SSARX and PBSIDopt is truncated up
to ordernx. The truncation order is obtained by observing the decay rate of the singular
values inΣ. After the state sequence has been obtained, the state spacematrices can be
obtained by solving two least square problems based on the state space definition.

Both methods have been used in this thesis to model the EXTRAPT2R. In EXTRAP
T2R, the equilibrium parameters are highly reproducible and relatively constant during a
plasma shot. The plasma operation condition and equilibrium parameters for 50 shots of
plasma experiment in which a dither signal is applied are shown in figure 4.2. In dither
experiment, a nominal feedback controller(PID) is used to stabilize the RWM. Then a
dither signal is given,d in figure 4.1, to perturb the plasma. A typical dither signal for
system identification is the Pseudo-Random Binary Signal [50].

The parameters ofnp,nf and ordernx will affect the accuracy of the model. As men-
tioned before, the order of the systemnx can be chosen based on the observation of the
singular values decay. However, it is not so obvious to choose the optimalnp andnf [55],
although in general highnp should be used such that it is consistent with the assumption
of the data equation. A common way to systematically choose the parameters (which have
integer value) is using cross-validation technique.

The quality of the obtained model can be assessed by validating with real experimental
data. It is essential that the data used for validation is different from that used to obtain
the model. A merit function is usually used to quantify the agreement of the model with
real data. One example of such a merit function is the variance-accounted-for (VAF) that
is defined as follows [57].

VAFi =

(

1−
var
(
yexp

i − ymodel
i

)

var(yexp
i )

)

×100% (4.17)
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Figure 4.2: Plasma operating condition and the equilibriumparameters. The shaded area
represent variation over 50 shots of plasma



4.2. MODAL ANALYSIS 25

The obtained VAF with the presented SIM method is shown in figure 4.3. The VAF value
indicates how well the simulated data agrees with experimental data. The VAF value of
100 % represents perfect matching of experimental data.
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Figure 4.3: VAF obtained with the SIM methods. Error bar represents the standard devia-
tion of the VAF

4.2 Modal Analysis

Due to the black-box nature of the model obtained via SIM, interpretation of the model
parameters is non-trivial. The modal analysis suggests a method to distinguish the real
physical modes with mathematical modes. It is expected thatthe dominant physical modes
would be less sensitive to the data than the purely mathematical modes. This is the basic
idea of bootstrap approach performed in [58–60]. Given a full set of data batches obtain
from the experiment, a bootstrap re-sampling technique canbe used to synthesize some set
of artificial batches of data. For each set of the synthesizedbatches, the SIM is performed,
and the eigenmodes can be obtained from the model. The recurring eigenmodes are ex-
pected to be correlated to the dominant physical modes. Furthermore, a Fourier analysis
can be performed on the eigenmodes to get some interpretation of the modes. In [58], the
eigenvectors are mapped to the output and then transformed to Fourier space. In [61], a
kind of correlation function is introduced to quantify the correlation between the eigen-
value and input-output helicity. In our experience, the latter approach seems to give better
clarity and provides an independent confirmation that the dynamics of RWM in EXTRAP
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T2R can be explained by the linear cylindrical model [62] in the form:

τshellḂm,n− γm,nτshellBm,n = Bext
m,n (4.18)

whereτshell denotes the shell time constant of a Fourier mode andγm,n denotes the growth/decay
rates. Note that for a vacuum case; the system is stable henceγm,n < 0. Some results of
the modal analysis of the SIM model is given in figure 4.4, where the red contour indicates
a strong correlation of an eigenvalue with toroidal mode numbers. The interpretation is
consistent with the linear cylindrical model, where for vacuum case it represents the mag-
netic diffusion time through the shell. The two branches represent the different diffusion
times between the horizontal and vertical direction. The plasma case shows the broad spec-
trum of RWMs in EXTRAP T2R, and makes a distinction between the stable and unstable
RWMs.

4.3 Model Order Reduction

Model reduction is a method to obtain a low order approximation of a model. The simplest
model reduction is done by transforming the state space intodiagonal form and arbitrarily
removing the modes deemed unnecessary. However, one might expect that this method
is not optimal and often yields an unsatisfactory result since there is no clear directive on
how to select the discarded modes.

Another method is based on the so-called balanced realization of a system, which uses
the notion of controllability and observability to determine the minor modes. Loosely
speaking, a system is called controllable if there exists a control input that can transfer the
initial state to any arbitrary state in a finite time. Similarly, a system is called observable
if the initial state can be determined uniquely from the output on finite time [63] . The
notions of controllability and observability can be used todetermine which mode that is
less important. The balanced truncation method aims to remove the modes that are most
difficult to control and observe at the same time.

The balanced truncation method can be considered as the standard method for model
reduction. Most of the time, balanced truncation is the method used as a first attempt in
finding a reduced order model. It has some useful properties such as stability preservation
and upper bound guarantee of approximation error. However,the balanced truncation is not
an optimal method. Another method named optimal Hankel [64–66]norm approximation
explicitly defines an optimality condition. More precisely, it aims to find a reduced order
model that minimizes the Hankel norm of the error system. Note that the Hankel norm of
a system G is given as:

||G||H = sup
u∈L2

∫ ∞
0 y(t)2 dt
∫ 0
−∞ u(t)2 dt

(4.19)

which has a system interpretation as the amount of energy transferred from past input to
future output. Similarly to balanced truncation, the optimal Hankel norm approximation
preserves stability and gives an error bound estimate.

Another approach is the so-called Krylov-based method which is usually referred as an
approximation by moment matching [65, 66]. The k-th moment of a systemG is defined
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Figure 4.4: Experimental modal analysis of EXTRAP T2R with and without plasma. The
result was obtained with 100 bootstrap resampling.

by the k-th derivative of the frequency response ofG at a specific frequency. The moment
represents the coefficient of the Laurent series expansion of the systemG. It is equivalent
with the impulse response parameter when the Lauren series expansion is carried out at
infinite frequency. The Krylov-based method aims to find a reduced order model that
matches the moment of full order model up to the k-th moment. When the full order system
is described in state space, this problem can be solved iteratively in an efficient manner. The
efficiency of computation is the main benefit of using Krylov method. However, Krylov-
based method, in general, does not preserve the stability ofthe original system and no error
bound guarantee is given.

In fusion community, several application of model reduction can be found. In [67, 68]
a controller was designed to control vertical instability based on a reduced order model.
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Moreover, a model-based controller is proposed for ITER after the model is obtained from
VALEN [32] and reduced via balanced truncation. Similar approach is also carried out in
NSTX [36,37].

The described methods have been used for EXTRAP T2R [PAPER II], to obtain a
reduced order of the shell. The shell, which is a stable system, can be obtained via finite
element codes such as CARIDDI code [69]. The CARIDDI code usually yields a state-
space model in the order or 103. The complexity of the model naturally comes from the
discretization of the complex 3D conducting structures which include gaps, ports, coil
shape, etc. For EXTRAP T2R a state space of order 4285 seems toreasonably model the
shell [70]. However, using such complex model for control design can be a problem since
the standard model based control design such as Linear Quadratic Gaussian (LQG) yields a
controller that has the same order as the model. To this end, the model reduction technique
is used to reduce the complexity of the model up to 97%. Figure4.5 shows the comparison
of the eigenvalues for the CARIDDI model and reduced order models. The reduced order
model seem to remove most of the high-frequency eigenvalues. The eigenvector of the
CARIDDI model corresponds to the current distribution in the 3D structure. Figure 4.6
shows the comparison of current distribution for the fast and slow eigenmodes. The slow
eigenmode corresponds to current distribution with long spatial wavelength whereas the
fast eigenmode corresponds to the short spatial wavelengthas seen in the erratic behavior
in the current distribution. These fast eigenmodes can be seen as the least controllable and
least observable modes, which are the first candidates of theeigenmodes to be removed in
the balanced truncation and optimal Hankel approximation.For the Krylov based method,
the algorithm is set to match the Lauren series expansion at frequency 0, thus the removal
of high frequency content is obtained by construction.

4.4 Graybox Model

Graybox model stems from the idea to combine physics-based model (”white-box”) model
and empirical model (”black-box”). In EXTRAP T2R, it is envisioned that Graybox ap-
proach might give some improvement compared to using white-box or black-box alone.

In [PAPER I], a clear separation of the plasma model and shellmodel is made where
the plasma is modeled using SIM and the shell is modeled from the CARIDDI code. The
cascade interconnection (see figure 4.7) of the model is based on physics understanding that
the measured field is a resulting contribution of both the plasma and shell. Furthermore, the
field produced by the plasma is driven by the field produced by the shell (not necessarily
the same as the exerted field by the magnetic coils) [62].

The proposed gray-box approach is envisioned to have several benefits. The use of
CARIDDI code should incorporate the 3D effects of the conducting shell and and clear
interpretation of the state variables. Furthermore, the use of system identification use the
experimental data to compensate the approximation error arising from using model reduc-
tion for the shell model.

In the gray-box approach of [PAPER I], the cascade model can be used to reconstruct
the field from the vacuum and plasma separately. The cascadedmodel contains a separate
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Figure 4.7: Block diagram of interconnection between amplifier, vacuum response and
plasma response

vacuum and plasma structure that can be exploited in the control design process. Another
important application of a model is state estimation, in which a real-time measurement is
used to reconstruct the state variables. The state variables might belong to some physical
quantity that is not directly available by real-time diagnostics [71].





Chapter 5

Control of Resistive Wall Modes

Model-based control has been used successfully in many existing fusion devices, and it is
likely to be used in future fusion devices such as ITER [32, 71]. One particularly mature
application of model-based control in fusion is the controlof equilibrium and vertical sta-
bility that have been used effectively in many devices [72].A control model can describe
the effects of inputs (including internal, self-driven dynamics) to the plasma response. One
way to interpret a model-based control approach is to see it as an ”inverse problem” in
which we want to find the appropriate input given the desired plasma response. Advanced
control theory provides a variety of solutions to accomplish this ”inverse problem” which
are not limited to the linear model that is used in this thesis. Some examples of model-
based control design methodology have been considered in this thesis [73–75]:

1. Linear Quadratic Gaussian (LQG) in which the controller includes an optimal state
observer and a state feedback regulator. The observer is typically designed to min-
imize the influence of noise, where the regulator is designedto minimize measured
error or actuator power. This type of controller has been widely proposed for RWM
stabilization in the tokamak configuration [32, 36, 76], andnumerical results shown
increase plasma performance achieved by using LQG when compared to a simple
PID controller.

2. Model Predictive Control (MPC) [77] in which the controller predicts the future
response of the system in real time and calculates an optimized control response. The
optimized control response can be found while satisfying a well-defined constraint.

A brief description of both approaches will follow.

33



34 CHAPTER 5. CONTROL OF RESISTIVE WALL MODES

5.1 Linear Quadratic Gaussian

Traditional Linear Quadratic Gaussian control assumes a linear system with the addition
of the process noisewd and measurement noisewn:

G=

{

x(k+1) = Ax(k)+Bu(k)+wd(k)

y(k) =Cx(k)+Du(k)+wn(k)
(5.1)

For simplicity we setD= 0; extension to the non-zeroD is straight forward [63]. The exact
value of the noise does not need to be known, only its statistical property is needed. The
process and measurement noise are usually assumed to be a zero-mean Gaussian process
with static covariancesRwd andRwn.

The LQG control problem is to find optimal control inputu which minimizes the fol-
lowing cost function:

J = E

[

lim
T→∞

1
T

ΣT
k=0(x(k)

TQx(k)+u(k)TRu(k))

]

(5.2)

whereQ andR are positive definite constant weighting matrices andE is the expectation
operator.

The solution to the LQG control problem is turned out to be thecombination of the
deterministic (noiseless) linear quadratic regulator andoptimal state estimation problem.
The solution to the linear quadratic regulator problem is a simple state feedback lawu(k) =
−KLQRx(k). WhereKLQR is a constant matrix that is found from solving the algebraic
Riccati equation:

ATSA−S− (ATSB)(BTSB+R)−1(BTSA)Q= 0 (5.3a)

K = (BTSB+R)−1(BTSA) (5.3b)

Note that the state feedback requires the state informationx(k) which is not always directly
measured. This leads to the second part of the LQG which is to construct an optimal state
estimator in the form of:

x̂(k+1) = Ax̂(k)+Bu(k)+K f (y−Cx̂(k) (5.4)

where the optimal observer gainK f is chosen such that the covariance of the state estima-
tion errorE

[
(x(k)− x̂(k))T(x(k)− x̂(k)

]
is minimized. The solution in finding optimalK f

is the well-known Kalman filter [78,79], which in the steady state limit is found by solving
the following Riccati equation:

P= APAT +Rwd− (APCT)(Rwn+CPCT)−1(CPAT) (5.5a)

K f = (APCT)(Rwn+CPCT)−1 (5.5b)

Kalman filter is widely used in many applications due to its ability to obtain the state
estimation from a noisy measurement. The use of Kalman filteris also has become more
common in fusion community [35,80].
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5.2 Model Predictive Control

MPC utilizes the model of a system to predict the future response. For a model in the form
of discrete-time state space illustration of the prediction is straightforward. Consider the
state-space withe(k) = 0:

x(1) = Ax(0)+Bu(0) (5.6)

which is the one step ahead response of the system at initial conditionx(0) andu(0). The
response atk= 1 is:

x(2) = Ax(1)+Bu(1) (5.7)

Substituting (5.6) to (5.7) can remove the dependency ofx(1) in (5.7). This procedure can
be generalized for arbitrary finite time horizonsNp:

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(Np) = ANpx(0)+ANp−1Bu(0)+ . . .+ABu(Np−2)+Bu(Np−1)

or written in a matrix form :
X := Φx(0)+ΓU (5.8a)

with :

X :=








x(1)
x(2)

...
x(Np)








; U :=








u(0)
u(1)

...
u(Np−1)








; Φ :=








A
A2

...
ANp








(5.8b)

Γ :=








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

...
.. .

...
ANp−1B ANp−2B . . . B








(5.8c)

The set of equations (5.8) can be used to predict the future response of a system for a finite
time window provided the initial conditions and the sequence of inputs are available. The
aim of MPC essentially is to find the sequence of inputs that optimize the future response
of the system given an initial condition and set of constraints. Formally stated:

U∗ = argminJ = x(Np)
TPx(Np)+

Np−1

∑
i=0

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

)
(5.9a)
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subject to :

x(k+1) = Ax(k)+Bu(k),∀k= 0, ...,Np−1 (5.9b)

u(k) ∈ U,∀k= 0, ...,Np−1 (5.9c)

x(k) ∈ X,∀k= 0, ...,Np (5.9d)

When the constraint is the upper and lower limit of actuator,the optimization problem can
be written as a convex optimization problem:

J =
1
2

θ THθ +θ TFx s.t: θmin ≤ θ ≤ θmax (5.10)

with all the necessary matrices are given by:

θ =








u(0)
u(1)

...
u(Np−1)








; H = 2
(
Ψ+ΓTΩΓ

)
; Fx = 2ΓTΩΦx(0); (5.11)

Ω = diag(Q,Q, . . . ,P); Ψ = diag(R,R, . . . ,R); (5.12)

Φ =








A
A2

...
ANp








; Γ =








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

...
.. .

...
ANp−1B ANp−2B . . . B








(5.13)

Here,diag(.) denotes the diagonal block operator. The matricesP,Q,R are user-defined
positive definite matrices that describe the trade-off of the cost function term [81, 82]. In
practice, the implementation of MPC uses the so-called receding control horizon scheme.
In receding horizon control, the optimization is solved at one time to obtain the future
sequence of optimal input. However only the input in the sequence that corresponds to the
next time step is applied to the system and the process is repeated for every time instance.

The MPC control action is similar to LQG in the sense that it requires the state infor-
mation. A Kalman filter can be used in combination with MPC if the state of the system is
not directly measure. A fundamental difference between MPCand LQG is that the MPC
solves the optimization problem using a moving time window while LQG uses a fixed
window. The use of a moving time window includes the ability of MPC to satisfy a set of
constraints on plant variables.

Fast Gradient MPC

The computational cost of MPC is relatively high compared toother model-based control
methods. The feasibility of implementing MPC depends on therequired time to solve the
optimization problem relative the time scale of the system.Originally, MPC was developed
from an industrial application with slow time scale [83–85]. However, recent advancement
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in optimization theory [86–88] and increase of computational power has allowed the ap-
plication of MPC at MegaHertz rate [89]. Fast Gradient algorithm can be used to solve the
MPC optimization problem in an efficient manner:

Algorithm 1 Fast Gradient MPC

Define : imax, θ0, θ̂0 = θ0, 0<
√

µ/L ≤ a0 < 1
Compute : 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: for i = 0 to imax do
2: ∇Ji = Hθ̂i +Fx

3: θi+1 = max
{

θmin,min
{

θ̂i −
1
L ∇Ji ,θmax

}}

4: θ̂i+1 = θi+1+bi(θi+1−θi)
5: end for

Finding the parametersL andµ is crucial for fast gradient algorithm. In the context of
MPC problem (5.9), where theH is a positive definite and symmetric matrix, the parame-
tersL andµ are the maximum and minimal eigenvalue ofH.

The underlying idea of the fast gradient method is to drop thestrict condition of form-
ing the relaxation sequence as in the conventional, traditional method and make use of an
estimate sequence. In [87,88] an estimate on the upper boundof the residual to the optimal
value is provided, which in turn can be used to obtain the required maximum iterationimax

that guarantee a particular value residual upper bound.
In some cases, the convergence of the fast gradient MPC couldbe too slow for it to be

implemented. There are some adjustments that can be used to improve the convergence;
such as the use of a warm starting point (use the previous result as an initial guess of the
next iteration), numerical conditioning and generalization of L to matrix instead of scalar
value [90]. In our experience combining these methods with amodest maximum number
of iterations, is sufficient to achieve good performance by MPC.

5.3 RWM control logic

For RWM control, there are several types of control-logic have been proposed [91,92]. We
will try to summarize some of the most common control logic types and show that they
can be seen as different weighting matrices in the LQG and MPC. For simplicity, the direct
feedthrough term is assumed to be 0 (D = 0) in the state space model.

The most basic control logic for RWM is perhaps the Intelligent Shell, in which the
controller aims to suppress the raw value of the measured field. Following from the output
equation, the IS control logic can be achieved by setting theQ matrix as:

Q=CTQISC (5.14)

Thus the state penalty in the cost function essentially becomes the output penalty with
weightQIS.
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Another commonly used control logic is the so-called Raw Mode Control(RMC), where
the feedback value is the field in Fourier space. Initially the Raw Mode Control(RMC)
[29, 29] logic employs an online spectral analyzer to resolve the mode number. However,
this control logic can also be implemented simply by modification of weighting matrices.
This follows from the relation thatyf (k) = WDFTy(k), whereyf is the output in Fourier
mode andWDFT is a Discrete Fourier Transform (DFT) matrix. The weightingmatrices
for RMC control logic then:

Q=CTW†
f QRMCWfC (5.15)

where† denotes the conjugate transpose andQRMC is a diagonal matrix for which its di-
agonal entry corresponds to a weighting value of a specific mode number. The state cost
is then transformed to the 2-norm of the weighted Fourier transformed output signals. The
use of RMC control logic allows incorporating physics information such as the exclusion
of axisymmetric mode and error field mode number in the control objective[PAPER V].

If the case of cascade model such as in [PAPER I], a separationof plasma response
from the measured field is possible through weight modification. The state variables of
the shell and plasma can be estimated separately in real-time using the state estimator. To
this end, the field contribution of the shell and plasma can bereconstructed. By using
weight modification, the contribution of the shell can be excluded in the cost function.
Such an approach is similar to the Explicit Mode Control (EMC) logic. The EMC is
commonly used in the tokamak, where the plasma response is obtained by subtraction of
the measured field with the modeled vacuum response and used to measure the resonance
field amplification factor by the RWM [93]. A similar approachlike the EMC is used in
the RFP [94], to show that the RWM can be unlocked from the wallby inducing rotation
externally.

5.4 Experimental Results

RWM Stabilization

Here are shown the results of RWM stabilization using the approaches mentioned above.
Both LQG and MPC are able to stabilize the RWMs as can be seen infigure 5.1 and
figure 5.2, where the RMC control logic is used. The plasma termination does not seem
to be attributed to RWM instability. A possible cause of plasma termination is due to
the incomplete suppression of the field. The residual field can interact with the rotating
tearing modes and cause it to lock to the wall. Furthermore since the tearing modes in
EXTRAP T2R have a high mode number that cannot be resolved by the coils, some of
these modes might appear as aliased modes which affect the performance of the mode
controller. Furthermore, the plasma current power supply in EXTRAP T2R sets the limit
of the duration of the discharge.
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(a) The obtained output of EXTRAP T2R with active LQG; shown
for different Fourier toroidal modes
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(b) The obtained actuator current of EXTRAP T2R with active LQG;
shown for different Fourier toroidal modes

Figure 5.1: Plasma shot obtained with the designed LQG 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.
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(b) The obtained actuator current of EXTRAP T2R with active MPC;
shown for different Fourier toroidal modes

Figure 5.2: 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.
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Extension to output tracking

The initial formulation of the LQG and MPC focused on finding the controller that opti-
mally stabilizes the system. In other words the aim is to achieve near zero amplitude for
the unstable modes. For possible physics experiments it canbe desirable to control the
spectrum so that one or more modes do not have zero amplitude but have a controlled am-
plitude and rotation. In this case where it is desired to track an arbitrary reference, some
modification of the controller formulation needed. One alternative to achieve good track-
ing performance is to introduce an extra state variable which corresponds to the integral of
error between the output and reference.

In EXTRAP T2R the reference, the vector r in figure 4.1, is usually given in term of
amplitude or phase in Fourier domain. For a simple reference, this can be computed in
real-time by employing an inverse DFT operation. For a more complex reference, an off-
line computation of the reference can be done to reduce the real-time computation load.
Some of the results with output tracking can be seen in figure 5.3 and figure 5.4. For this
campaign, the LQG based on a gray box model is used [PAPER I].

The output tracking capability of the controller in EXTRAP T2R has several physics
study applications. (i) The controller can be used to generate a static resonant magnetic
perturbation at the edge of the plasma that couples to the TMs. The purpose is to study
the locking-unlocking mechanism of TMs [95,96].(ii)The feedback control can be used to
generate rotating magnetic perturbation that interacts with a stable RWM. The interaction
is observed in the modulated amplitude of the field and can be used to assess the intrinsic
error field [97].

5.5 On Error Field Estimation and Compensation

Error field always exists in all magnetic confinement devices. Any small geometrical im-
perfection can lead to error field. Error field can interact with stable RWM and leads to
greater error field and braking of plasma rotation. This effects is called resonant field am-
plification and has been observed in many devices. Error fieldcan also be a trigger of
marginally stable RWM that leads to disruption [98].

One possible approach of suppressing the error field is by applying a pre-programmed
perturbation [99]. The pre-programmed perturbation can beobtained by dedicated exper-
iments to estimate the error field. The most common way to estimate error field is by
application of a slowly increasing external perturbation at different toroidal phase to gen-
erate a locked mode [100–102]. Another approach makes use ofa rotating perturbation
that excites a stable RWM; the error field is the assessed fromthe non-uniformity of the
rotation [97]. More recently, an adaptive controller is proposed to compensate the error
field in DIII-D tokamak [103].

The suppression of error field sometimes overlaps with RWM control since they share
the same actuators. In fact, the control logic such as RMC andIS are expected to suppress
the error field to some extent since they do not discriminate the field based on the plasma
contribution or vacuum contribution. The conventional approach is to set the feedback
gain to a very high value to suppress the static error field. However, the dynamics of
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Figure 5.3: Tracking of the unstable RWMn= 6 using LQR.
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Figure 5.4: Tracking of the unstable RWMn= 10 using LQR.
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Figure 5.5: Block diagram of disturbance observer

the plasma and noise might set a limit on the value of the gain.Thus the separation of
error field compensator and RWM control can be beneficial to achieve proper error field
compensation without compromising the RWM control stability.

From control engineering perspective, error field can be seen as a disturbance or un-
known input to the system which can affect the state estimation process. The disturbance
observer(DOB) and unknown input observer(UIO) are some of the common tools that have
been adapted to estimate error field in EXTRAP T2R[PAPER III]. A DOB is illustrated in
figure 5.5, where from the block diagram the estimated disturbance relation can be written
as:

d̂(k) = FDOB
[
Ĝ−1Gu(k)+ Ĝ−1Gd(k)−u(k)

]
(5.16)

The idea of DOB is to use an inverse of a model to reconstruct the input from the measured
output, and by comparing the reconstructed input to the actual input, the unknown dis-
turbance can be estimated. The performance of the DOB is characterized by two factors.
First is the accuracy of the inverse modelĜ−1, which is related to the quality of model that
we have. The inverse plant can be an issue when dealing with non-minimum phase [63]
system. Extension to non-minimum phase system can be seen in[104,105]. Furthermore,
the DOB is limited to a system which has the same number of inputs and outputs. The
second factor is the filterFDOB which ideally should be set to 1. However, a static filter
might amplify sensor noise or make the DOB cannot be implemented due to the inverse
plant dynamics. In most cases, the filter is set to be a low passfilter in which the cut-off
frequency is related to the expected frequency of the disturbance.

The UIO approach is slightly different than DOB. In UIO, an assumption of the dis-
turbance dynamic is required. Error field is assumed to be static, and the state observer is
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modified to incorporate the error field dynamic:
{

x̂(k+1) = Ax̂(k)+B(u(k)+d(k))+Ke(k)

ŷ(k) =Cx̂(k)
(5.17a)

{

x̂EF(k+1) = AEFx̂EF(k)+KUIOe(k)

d̂(k) =CEFx̂EF(k)
(5.17b)

The DOB and UIO can provide an online and off-line estimationof error field. Fig-
ure 5.6 shows multiple error field modes can be estimated simultaneously and some of
the results are consistent with the previously estimated error field in EXTRAP T2R [97].
The online estimation of error field can be coupled with the existing RWM controller and
provides a dedicated error field compensator.
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Chapter 6

Summary and Discussion

The main scientific results are summarized in this section. The primary focus of this thesis
is to present a model based approach to stabilizing the RWM instability. The contributions
of this thesis can be categorized as modeling of RWM, controlsystem design and error
field estimation/compensation.

6.1 Summary of Papers

Paper I: Graybox Modelling of EXTRAP T2R with Vacuum-Plasma
Separation and Optimal Control Design of Resistive Wall Modes

In this paper, we combine the use of the CARIDDI model and the system identification
to model the EXTRAP T2R RWM dynamics. The shell and plasma response are mod-
eled separately, and a cascade interconnection is proposed. The shell is modeled by the
CARIDDI code whereas the plasma is modeled by system identification. The resulting
model is used to design an LQG controller where it is shown that the gray box model
allows the use of different control logic through weight modification. The designed con-
troller is tested experimentally against different plasmaequilibrium parameters.

Paper II: Reduced Order Modelling of Resistive Wall Modes inEXTRAP
T2R Reversed-Field Pinch

In this paper, the finite element code CARIDDI is used to modelEXTRAP T2R. CARIDDI
is a 3D code which solves the integral formulation of the eddycurrent problem. The
resulting model is obtained as a state space model with over 4000 states. The complexity
of the model prevents it to be used in real-time. Thus the paper aims to obtain low order
approximations of the CARIDDI model. Several model order reduction techniques such
as balanced truncation, optimal Hankel norm approximation, and Arnoldi method were
applied to obtain low order models, and the results are compared.

47
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Paper III: Improved model predictive control of resistive wall modes by error
field estimator in EXTRAP T2R

This paper proposed to use the empirical model obtained by system identification to es-
timate the intrinsic error field in EXTRAP T2R. From a controlengineering perspective,
error field can be seen as an unknown input to the system, and there exist a well-known
concept to estimate it. In particular, two concepts were tested which are the DOB and
UIO. Both methods simultaneously determine multiple harmonics of the error field and
some modes are consistent the apriori known error field. The DOB and UIO can also use
in a real-time setting and coupled with the RWM controller thus improving overall field
suppression.

Paper IV: Implementation of model predictive control for re sistive wall mode
stabilization on EXTRAP T2R

This paper shows the first experimental result of using MPC tostabilize RWMs. The use
of MPC is made possible due to the upgrade of the EXTRAP T2R control hardware. The
MPC was designed based on an empirical model which is obtained by the SSARX subspace
identification method. The performance of the MPC is compared with a conventional
PID controller. Despite the computational complexity the MPC is shown to be feasible
to be implemented in EXTRAP T2R through the use of the fast gradient method. The
experimental result shows that the MPC outperforms the conventional PID controller in
suppressing the radial magnetic field perturbation.

Paper V: Design and Operation of Fast Model Predictive Controller for
Stabilization of Magnetohydrodynamic Modes in a Fusion Device

In this work, the design process of the MPC is discussed in more detail. The system identi-
fication process of obtaining a control-oriented model and validation of the model is shown.
The mode control logic extension for MPC is discussed in moredetail. It is shown that the
mode control logic in MPC can be done simply by modification ofthe weighting matrices
thus avoiding additional computational load which can arise if an online DFT Analyzer is
used instead. The feature of mode control logic in MPC is discussed, in particular, how to
treat the error field in EXTRAP T2R.

6.2 Discussion

This thesis shows that tools from control theory can be useful in solving some of the
physics issues in fusion research in particular with RWMs stabilization. The availabil-
ity of a model thus can provide a mechanism to design a controller with high confidence
to succeed. To this end, the availability of a real-time capable model with good predic-
tive quality is crucial. The empirical modeling through SIMhas shown to be sufficient
in capturing the RWM dynamics, but there are still some issues that need to be addressed
related to the uncertainty of the model. This uncertainty can be related to the validity of the
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main assumption used for linear representation: constant equilibrium condition and mode
rigidity. A natural extension of the SIM used in this thesis is to try to model the process as
a linear parameter varying (LPV) system. For a LPV system thesystem dynamics depend
on some scheduling parameters. Recently, the PBSIDopt has been extended to model LPV.
Thus it might be interesting to use the method to model the RWMin EXTRAP T2R and
use the equilibrium parameters as the scheduling parameters [106–108].

Some of the MPC features have not yet been fully explored, in particular, the ability
to handle state and input constraints. The input constrainthandling feature of MPC can be
useful when attempting to stabilize the RWM with a subset of actuator coils, which is more
relevant to a tokamak case. In a tokamak, the coils usually donot cover the whole torus.
Thus the sideband effect can play a crucial role. Optimal actuator selection is still an open
problem which needs to be considered when attempting to stabilize the RWM with subsets
of coils.

The state constraint has not been used in this thesis. The state constraint has the poten-
tial to formulate the ”forbidden” region which the MPC should try to avoid. Formulating
physics requirement in term of the state is difficult, especially when using empirical model
since the state variables do not necessarily have a physicalinterpretation. The combination
of finite element model, model reduction, and SIM simultaneously potentially can help in
characterizing physics-relevant state constraint.





Chapter 7

Conclusion

A model-based approach to stabilize resistive wall mode is pursued in this thesis. The
approach relies on the availability of a real-time capable model that focuses on predictive
qualities. The control oriented model can be obtained through i)a first principle model and
employing a model reduction technique, ii)empirical modeling with system identification,
and iii) combination of the first principle and empirical modeling.

It is shown that the model-based controller allows the user to incorporate several physics
requirements related to RWM stabilization. Another application of the model is to estimate
and compensate the inherent error field in real-time. The results obtain in this thesis are
based on the experiments performed on the EXTRAP T2R RFP, however, the presented
algorithms are generic and in principle can be adapted for other type of configuration such
as a tokamak.
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