
 Eindhoven University of Technology

MASTER

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV tokamak

Shousha, Ricardo

Award date:
2018

Link to publication

Disclaimer
This document contains a student thesis (bachelor's or master's), as authored by a student at Eindhoven University of Technology. Student
theses are made available in the TU/e repository upon obtaining the required degree. The grade received is not published on the document
as presented in the repository. The required complexity or quality of research of student theses may vary by program, and the required
minimum study period may vary in duration.

General rights
Copyright and moral rights for the publications made accessible in the public portal are retained by the authors and/or other copyright owners
and it is a condition of accessing publications that users recognise and abide by the legal requirements associated with these rights.

            • Users may download and print one copy of any publication from the public portal for the purpose of private study or research.
            • You may not further distribute the material or use it for any profit-making activity or commercial gain

https://research.tue.nl/en/studentTheses/07d25938-2fde-495b-b2af-100315e225d5


Implementation of a IMM
Kalman Filter-based

real-time event detector
on the TCV tokamak

Thesis for the Masters Science &
Technology of Nuclear Fusion and
Mechanical Engineering (CST)

Ricardo Shousha, B.Sc.

Department of Mechanical Engineering, CST group
Department of Applied Physics, Fusion group

Supervisors:
dr. ir. Federico Felici
ir. Thomas Blanken

prof. dr. Marco de Baar

Eindhoven, March 2018



Abstract

In this thesis, an existing Interacting Multiple Model Kalman filter for real-time model-
based detection of LH-transitions, HL-transitions and ELMs has been implemented in the
plasma control system of the TCV tokamak. The set of 31 TCV discharges that were used for
performance assessment includes 45 LH-transitions, 45 HL-transitions and 5147 ELMs. Out of
45 visually detected LH-transitions, 44 were detected by the algorithm (more than 97%). The
detector detected 41 out of 45 HL-transitions (more than 91%), and 5074 out of 5147 ELMs
were detected correctly (more than 98%). The percentage of false positive LH-transitions and
HL-transitions with respect to the detected LH-transitions and HL-transitions respectively,
is equal to approximately 35% in both cases. The percentage of false positive ELM detections
is equal to approximately 2%. The practicality of the detector was demonstrated during
experiments on the TCV tokamak, where the detector was used to detect an ELM-free H-
mode phase in an ohmic ELM-free H-mode plasma, using the default cycle frequency of
10kHz. The detector detected the ELM-free H-mode adequately, and triggered actuation at
the appropriate moment. The triggered partial ramp-down of Ip caused a decrease the ohmic
power in the plasma, such that the plasma transitioned back to L-mode, and a high-density
disruption was avoided.
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Chapter 1

Introduction

The overall annual energy consumption has increased more than tenfold during the past
century [30]. According to the data in World Population Prospects: The 2017 Revision, Key
Findings and Advance Tables, their medium variant projection predicts that the population
could be nearly 11.2 billion by the end of this century [38]. Given this projected increase in
population—and therefore energy demand—it would be wise to explore possibilities of energy
generation which are sustainable, scalable, clean and economic, such that the energy demand
in the future can be met.

1.1 Need for Fusion

Generating energy by means of controlled nuclear fusion could contribute significantly to
solving the energy problem, as we would have an energy source with abundant, globally dis-
tributed fuel and no emission of harmful greenhouse gases. Also, the energy density of fusion
fuel is typically many times greater than that of fission fuel, and millions times denser than
any fuel that relies on chemical reactions [30].

Nuclear fusion can be described as a reaction in which two or more atomic nuclei come close
enough together to form one or more different atomic nuclei and subatomic particles. The
difference in mass between the reactants and products arises due to the difference in atomic
binding energy between the atomic nuclei before and after the reaction, and is manifested as
the release of energy [36].

Since the exothermic fusion reactions have been observed and the science has been estab-
lished, the focus has shifted from proving whether a fusion reaction is possible, to proving
that controlled fusion reactions can be an economic method of energy generation on earth.
The main challenge to achieve ignition—defined as the conditions at which the heating of the
fuel by the products of the fusion reactions is sufficient to maintain the temperature against
all losses without external power input—is to meet an improved version of the Lawson cri-
terion [25]—known as the triple product—which requires the product of energy confinement
time, temperature and density to exceed a threshold value [17]. In this work the focus is on
controlled magnetic confinement fusion, where the goal is to magnetically confine a sufficiently
hot plasma of fusion fuel, such that the triple product meets the ignition requirement and net
energy can be produced and extracted.

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
tokamak
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CHAPTER 1. INTRODUCTION

1.2 LH-transitions and need for real-time detection

In order to achieve economic feasibility of fusion, the ratio of output power with respect to
input power should be maximized. By accident, in 1982, it was discovered at ASDEX that
the plasma could transition into a different confinement regime if enough external heating
power was applied. In this regime, turbulence in the plasma edge is suppressed and transport
reduced. As transport is only suppressed locally in the edge, this is referred to as an Edge
Transport Barrier (ETB). The energy confinement time was typically observed to suddenly
increase significantly as illustrated in figure 1.1. Furthermore, the density gradient in the edge
of the plasma and the total kinetic pressure associated with H-mode were observed to have
increased significantly as well. The ’standard’ mode is referred to as low confinement mode
(L-mode) and the mode with increased energy confinement is termed high confinement mode
(H-mode) [41]. The transition from L-mode to H-mode is termed an LH-transition (and a
transition from H-mode to L-mode an HL-transition).

Given the potential for H-mode plasmas to outperform L-mode plasmas in terms of fusion
power output with respect to input power, the ITER tokamak—a major experiment, designed
to demonstrate the feasibility of a power multiplication factor of Q =10, which is currently
being constructed in France through international collaboration—will rely on H-mode oper-
ation [21].

However, there are several challenges associated with achieving and sustaining an H-mode
plasma. Due to uncertainty regarding details of the trigger mechanisms of an LH-transition
[40, 28], and which factors influence the LH-transition and how [28, 42, 39], a power threshold
scaling relation has been derived from empirical data, aimed at predicting the required heat-
ing power for an LH-transition to occur [28]. Due to the fact that in reality the threshold
power seems to be dependent on several factors that are not incorporated in the scaling law,
the injected power alone can not be used to infer whether the plasma is in H-mode or not [40].

In addition, when peeling-ballooning modes are driven unstable due to the high pressure
and current density gradients in the edge of the plasma associated with H-mode operation,
so-called Edge Localized Mode instabilities (ELMs) can occur [40, 32]. These ELMs cause
quasi-periodic expulsions of particles and energy, thereby limiting the density increase, as
illustrated in figure 1.1 and expelling impurities [40]. However, sudden expulsions of particles
and energy could damage the tokamak inner wall if the magnitude of the ELM is too large
[13, 27, 4]. Conversely, the absence of ELMs can, in some cases, cause the plasma density to
increase uncontrollably leading to a density limit disruption (Greenwald limit) [40, 8].

For these reasons, real-time detection of LH-transitions and ELMs is crucial in future power
producing tokamaks, as high performance and minimal damage to the reactor should be
balanced. Potential applications of the real-time model-based detector of LH-transitions,
HL-transitions and ELMs include aiding in general LH-transition control, aiding in ELM-
frequency control and being used in plasma monitoring and supervision to prevent undesired
disruptions.

2 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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CHAPTER 1. INTRODUCTION

Figure 1.1: Schematic representation of the pressure increase in H-mode with respect to
L-mode, due to increased confinement. The red curve indicates a pressure profile that is
expected in H-mode, whereas the blue curve indicates the pressure profile in L-mode. The
green arrow indicates the location where ELMs have effect on the pressure profile, and the
transport barrier width is indicated as well [10].

1.3 Existing work

The practicality of real-time ELM detection as part of a control algorithm has already been
demonstrated in [15], where the period of individual type-I ELMs in TCV H-mode plasmas is
controlled by real-time controlled application of EC power close to the plasma pedestal. For
the plasmas studies in [15] the ELM detector had already proven very robust and reliable,
despite its simplicity—an ELM is detected when the Hα emission signal exceeds a threshold
value during 200ms.

Another example of the benefits of real-time ELM detection is illustrated in [26], where
real-time ELM detections are used for ELM frequency feedback control on JET. Given that
in this particular application pellets are injected into the plasma—which resemble ELMs on
the typically used spectrometer Hα and Dα lines—the bolometer measurement of the total
radiated power is used to detect ELMs. In this application, an ELM has only been detected
if both a certain increase in the signal has been detected, followed by a certain decrease.

An example of an existing development centered on LH-transition detection is described
in [39], where a neural network (NN) has been developed which uses a data-based approach
and is trained to automatically recognize LH-transitions in post-shot analysis. It has to be
noted that this particular approach is not causal, as the classification of the plasma state
depends on measurement data in a time window ±100ms or ±500ms around the time sample,
depending on which classifier is used. This implies a time delay of at least 100 ms.

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
tokamak
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CHAPTER 1. INTRODUCTION

1.4 Gaps in existing approaches

Many of the existing solutions are either focused on only ELM detection ([15, 26]), or on only
LH-transition detection ([39]), but not both simultaneously. Furthermore, the LH-transition
detection scheme developed in [39] is not causal, which leads to a minimum detection delay of
100ms, if used in a real-time setting. In addition, existing ELM-detectors are mostly based on
a signal exceeding a threshold value, which can be robust but the threshold is not necessarily
automatically adjusted in case the diagnostic is recalibrated for a different shot. Another
shortcoming of existing solutions is that they are not model-based. Model-based solutions
can be improved over time, by substitution of current models by better models, without having
to alter the rest of the algorithm, which would be more difficult in a machine-learning based
scheme where internal variables have little to no physical meaning. Another convenience of
a model-based approach is that the models for the diagnostics can simply be replaced by
models of similar diagnostics, such that the detection algorithm is in principle not dependent
on a particular diagnostic. Moreover, the functionality of any model-based detector can be
extended to be able to detect more events, by including additional models for these events.

1.5 Proposed solution

While it is still difficult to predict LH-transitions, HL-transitions and ELMs using full models
that include all relevant physics, the timing of these events can often be pinpointed accur-
ately by visual analysis of measurement data. As these events result in typical changes in
visible emissions, electron density and stored energy in the plasma, the signals from photodi-
odes (PD), far infra-red interferometers (FIR) and diamagnetic loop (DML) diagnostics that
measure these respective quantities can be used by scientists to detect these events. Aiming
to automate such detection by visual inspection of signal features, a real-time, model-based
event detector for the detection of LH-transitions, HL-transitions and ELMs has been de-
veloped in prior research [1], which serves as the starting point of this project. It is based on
an Interacting Multiple Model Kalman filter—an algorithm which includes multiple dynamic
state observers running in parallel—and uses measurement data in combination with heuristic
models to detect the events of interest. The IMM compares the real-time data from the PD-,
FIR-, and DML diagnostics to their expected evolution in three cases: L-mode operation,
H-mode operation and ELM-event. Based on the resemblance of the data to the modeled
expectation, a classification is made as to whether an ELM has occurred, and whether the
plasma is most likely operated in L-mode or H-mode. Switches between L-mode and H-mode
classifications are reported as LH-transitions and HL-transitions. In its initial (not completely
causal) state of development, the detector performance was assessed using a set of 14 ELMy
and 4 quiescent H-mode TCV discharges. Using self defined cost functions, the typical timing
error of transitions between L-mode and H-mode was determined to be 10ms. Furthermore,
95% of ELMs were detected [1].

The real-time capability provides the possibility to detect events with a smaller delay than the
100ms that would result from applying the NN in real-time. The model-based approach al-
lows this detector to detect LH-transitions, HL-transitions and ELMs with a single algorithm.
The modularity results in flexibility to add more modes in the future, to improve models that
predict dynamics by substituting them, and to be widely applicable as detection does not
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CHAPTER 1. INTRODUCTION

require a specific diagnostic. Finally, as the models that are used are linear, the algorithm is
not likely to be prohibitively computationally intensive.

1.6 Proposed application: TCV

TCV is a medium sized tokamak, operated at the Swiss Plasma Center (SPC), at the Swiss
Federal Institute of Technology in Lausanne (EPFL). It is chosen to implement the algorithm
in the digital control system (SCD, Système de Contrôle Distribué) of the TCV tokamak, due
to the fact that this control system has been specifically designed to allow for rapid algorithm
development, debugging, simulation, sharing, archiving and tuning during operations [18].
At TCV, algorithms can be developed in Simulink block-programming language, after which
the algorithms are automatically converted into C-code. As the TCV digital control system
consists of several different computational nodes which can be operated at different cycle
rates, interconnected via reflective memory, it is chosen to implement the event detection
algorithm on a node with a cycle frequency equal to 10 kHz, which should be sufficient to
detect LH-transitions, HL-transitions and ELMs.

1.7 Research questions

For LH- and HL-transitions only the detection of the occurrence of these events is of interest,
whereas for ELM events both timing and expelled energy are of interest. The MATLAB
implementation which was used in prior research to estimate the detector performance was
not yet fully causal (due to non-causal signal normalizations and non-causal estimation of the
energy losses caused by ELMs) and contained some mistakes. Furthermore, from the tests
conducted in [1], one cannot infer whether the algorithm can in fact be executed within the
cycle time on the target real-time PC. These factors lead to the conclusion that it is unclear
whether the event detector will in fact perform as expected as part of the actual plasma
control system of TCV. Therefore, this thesis addresses the main research question: “Can the
real-time model-based event detector for LH-transitions, HL-transitions and ELMs be used in
real-time for event detection at TCV?”

In order to answer the research question, several sub-questions need to be answered. The
first sub-question is: “Can the event detector be implemented in the digital plasma control
system of TCV and run at a cycle frequency of 10kHz?” Given that the event detector was
specifically designed using the TCV tokamak as a target device, the first step is to implement
the detector in the control system of this tokamak, but in principle this event detector can
be adapted to be useful as part of control systems of other tokamaks as well. After the al-
gorithm has been implemented in Simulink, the algorithm needs to be tested by running it
in the background during a discharge, such that it can be determined whether the algorithm
can be executed within a cycle time of 1× 10−4s.

Once it has been established that the implementation can run at the desired cycle rate,
this leads to the second sub-question: “What is the detection performance of the Simulink
implementation of the detector?” The performance the detector—after it has been imple-
mented in Simulink—will be assessed by running post-shot simulations with data obtained
from several different types of discharges that include LH-transitions, HL-transitions, multiple

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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CHAPTER 1. INTRODUCTION

types of ELMs, different types (ELM-free, ELMy) of H-modes, and the number of transitions
per discharge will vary as well. The performance regarding LH-transition and HL-transition
detection is quantified by determining the percentage of accurately detected events (with
respect to visual event detection), and by determining the time delay of the detection. In
addition, the percentage of false positive detections (with respect to visual event detection)
is also assessed. For ELMs, the percentage of accurately detected ELM events is determined,
as well as the time delay in detection.

The information obtained from the performance assessment is used to answer the third
sub-question: “Can typical situations be identified in which the detector performs relatively
poorly?” In order to optimize detection performance over the long term, it is useful to find out
which scenarios lead to poor performance (either non-detection or false positives). Analysis
of detection performance during each of the individual discharges included in the set of dis-
charges for performance assessment possibly leads to patterns of certain situations causing the
poor performance. These situations can be analyzed such that the detector can be improved
or extended in order to achieve better performance under these circumstances. In a worst-case
scenario the detector could inform other systems that it cannot produce a trustworthy output
under these circumstances.

Finally, in order demonstrate the practicality of the event detector, experiments will be con-
ducted during which the event detector output is used in real-time during a discharge in order
to trigger actuation as to prevent undesired behaviour of the plasma. There is a multitude
of possible applications, but in this work it is chosen to use the event detector to detect an
ELM-free H-mode and trigger actuation to prevent the disruption. This leads to the final
sub-question: “How can the event detector be used to detect ELM-free H-mode and trigger
actuation in time to allow for actuation to prevent a disruption?”

1.8 Outline thesis

The structure of this thesis is as follows: in Chapter 2, background information will be
provided regarding the events of interest (L-mode, H-mode, ELMs). Next, in Chapter 3,
a theoretical background about state estimation—relevant for this project—is given. Then
the implementation of the event detector in the control system of TCV will be discussed in
Chapter 4. Chapter 5 is a draft version of a paper that is to be submitted to a journal, which
serves as the main text of this thesis. Given that the paper does not include details that are not
directly related to the subject of the paper, the text outside the paper is used to elaborate on
some of the details. Chapter 6 presents a short overview of the ELM loss estimation routine.
Finally, Chapter 7 is used to answer the research questions, and to present an outlook to
future research by discussing the open issues and potential foreseen improvements.

6 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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Chapter 2

Events of interest

In this Chapter, only aspects of LH-transitions, HL-transitions and ELMs are discussed which
are relevant for detection of these events. For a small overview of the physics related to these
events, see Appendix A.

Figure 2.1 illustrates the effect of each of the events on the visual emissions. When the
plasma transitions from L-mode (a) to H-mode (b), the visual emissions typically reduce, as
it is not uncommon for the energy- and particle confinement time to increase by a factor of
2 after an LH-transition [40]. During an ELM, as particles and energy are expelled from the
edge of the plasma, this results in a spike in visual emissions. Therefore, the visual emissions
can be used to distinguish between L-mode, H-mode and ELM-events. The visual emissions
can be measured using a photo diode detector which is sensitive to Hα radiation. An example
of a typical signal is shown in Figure 2.2(b).

Figure 2.1: Images of MAST shot no. 23344, showing visual emissions for L-mode in (a), for
H-mode in (b) and for an ELMy phase in (c) [20].

The increased confinement time in H-mode enables the plasma to store significantly more
thermal energy for the same input power [40]. Interestingly, after an LH-transition, only
confinement near the edge of the plasma improves as an Edge Transport Barrier (ETB) is
formed, resulting in the large pressure gradient in the edge (which is mostly due to a density
gradient). As a consequence, the increase in density spreads from the edge to the centre of the
plasma, on a time scale in the order of the confinement time. This behaviour is illustrated in

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
tokamak
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CHAPTER 2. EVENTS OF INTEREST

Figure 2.2. Conversely, after an HL-transition the confinement time is reduced again, causing
a decrease in the density measurements. Similarly, the ELM expels particles, thereby reducing
the density. Therefore, density measurements can be used to distinguish between L-mode,
H-mode and ELMs as well. The evolution of the density can be measured with a far-infra red
interferometer setup.

Figure 2.2: Figure (a) shows the density profile as function of radius as measured at ASDEX
at different times around an LH-transition, illustrating the formation of the ETB. Figure (b)
shows the line-averaged density and Hα signal as function of time, and the 5 marked time
instances correspond to data sets used in Figure (a) [43, 22, 1].

And finally, a measure for the thermal energy of the plasma can be used to distinguish between
the events as well, as the stored energy should increase after an LH-transition, decrease after
an HL-transition, and decrease in case of an ELM (as can be deduced from Figure 1.1). An
example of a diagnostic which measures the stored energy in a plasma is a diamagnetic loop,
that measures the contribution of the plasma to the toroidal flux.

8 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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Chapter 3

State estimation

In this section state estimation for dynamical systems is discussed, as state estimation plays a
crucial role in the event detector. First, the concept of state estimation is introduced. Then,
in section 3.1 it is shown how in general a linear state space representation of a dynamic
model can be derived, as multiple state-estimation schemes have been developed which rely
on state-space representations. In section 3.2 the Kalman filter—a component part of the
state-estimation algorithm—is introduced. Finally, in section 3.3 the concept of multi model
estimation is discussed, as well as how Kalman filters and thus state-space representations
are relevant for this type of state-estimation algorithm.

In system theory for control of dynamical systems, the state of a system is the smallest
subset of internal variables that fully reflects the internal condition of the system. So given
specific system dynamics and future external influences like control inputs and noise, the
evolution of the system is uniquely determined by the current state. Two general state es-
timation strategies include state reconstruction based on measurements alone, and based on
predicting the state evolution using models alone. Given that control oriented models often
use state-space representations of systems, the model of the system dynamics could be con-
veniently integrated in the state estimation algorithm if a state-space representation of the
system dynamics is derived.

Using only measurements to produce state estimates can cause difficulties in cases when the
state to measurement relation is not invertible or when the inverse relation is ill-conditioned.
In practice, this often results from the fact that not all state variables are measured directly,
and it can result in an inability to distinguish between two different internal states that would
produce the same output. A very simplistic example of this idea would be if one only measures
the voltage of an electrical circuit, while not having any information about the current and
the resistance. Whatever voltage you measure, it is impossible to determine the current apart
from the resistance (assuming V = IR). Furthermore, the measurement may include noise
which cannot be filtered optimally without more knowledge about the noise or the system
dynamics [1].

The accuracy of state estimates produced by using only a state-space representation of a
model (assuming a perfect model) is entirely dependent on the choice of the initial condition,
which can be problematic in case the initial condition is uncertain. In case of stable system

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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CHAPTER 3. STATE ESTIMATION

dynamics, an inaccurate initial condition can still result in convergence toward the actual
state of the system, but only on a time scale specified by the system dynamics. However,
even when the initial condition is known exactly, effects of process noise and unmodeled dy-
namics (model-reality mismatch) on the the actual state cannot be accounted for in the model
unless measurements from the real system are included.

Consequently, the accuracy and robustness of state estimation can be improved if the two
strategies are combined. Both measurements and the state-space representation of the model
should be taken into account.

A continuous-time model in state-space representation, under the unfluence of external inputs
can be described as follows:

ẋ(t) = f(x, u) (3.1)

y(t) = h(x) (3.2)

Here, the evolution of the state variables is defined by ẋ(t), and measurements are reproduced
using the relation for y(t). x(t) represents the state, and u a known input.

3.1 Linear state-space representation of a system

While linear state-space representations can be defined both for continuous-time systems
and disrete-time systems, this work centers on discrete-time state-space systems, because
implementations on digital hardware operate in discrete computational cycles.

3.1.1 Time discretization of state-space models

Given that in this case f(x, u) and h(x) are linear (otherwise they could be linearized) and
time invariant, a linear continuous time state-space representation of the model can be derived:

ẋ(t) =
d

dx
(f(x, u))x(t) +

d

du
(f(x, u))u(t) = Ax(t) +Bu(t)

y(t) =
d

dx
(h(x))x(t) = Cx(t)

Assuming zero-order hold for the input u(t), time discretization yields:

xk = x(kTs)

= eAkTsx(0) +

∫ kTs

0
eA(kTs−τ)Bu(τ)dτ

= eATsxk−1 +

(∫ Ts

0
eAτdτB

)
uk−1 = Fxk−1 +Guk−1

yk = Cxk = Hxk

Given that there might be a (acceptable) model-reality mismatch, or that the actual dynamics
change over time such that they differ from the dynamics described by F , a process-noise term

10 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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CHAPTER 3. STATE ESTIMATION

wk−1 is included to account for these effects. Also, the measurements are subject to noise,
which is accounted for by including a measurement-noise term vk:

xk = Fxk−1 +Guk−1 + wk−1 (3.3)

yk = Hxk + vk (3.4)

3.1.2 Discretized state-space models

The state of the system is represented by xk, which is an n× 1 vector, and fully and uniquely
reflects the internal condition of the system at time tk, where tk = kTs. The state-space is the
multi-dimensional space which includes all states that are reachable by the system. Given a
state-space representation of a system and an initial condition, the (future) trajectory through
state-space is uniquely determined if the external influences over time are known [1].

State-evolution as determined by a discrete state-space representation of a model occurs
in discrete time steps using linear dynamics:

xk = Fk−1xk−1 +Gk−1uk−1 + wk−1 (3.5)

In this equation Fk−1 represents the state matrix—which may be time dependent—of size
n× n and it contains the dynamics associated with autonomous evolution of the state. Gk−1
is the input matrix of size n × l, where l is the number of external inputs, and this matrix
determines the way in which external inputs affect the state-vector. uk−1 is thus an l × 1
vector which represents the external inputs.

Measurements can be used to obtain knowledge about state-evolution. Equations that re-
late the state-variables to the measurements can be used to derive a state-space formulation,
as shown in (3.6).

yk = Hkxk + vk (3.6)

The values of the measurements as obtained by sensors at a certain point in time are repres-
ented by the m× 1 measurement vector yk. Hk is termed the output matrix, its size is m×n
and it determines how the measurements are reproduced based on a state-vector.

As a consequence, the state-evolution can be predicted based on the modeled dynamics,
and the resulting state-estimate can in turn be used to reproduce measurements. This is
illustrated in figure 3.1. Measurements yk are obtained from the sensors of the system or
’Plant’. The ’One-step Model evolution’ block inside the ’Model’ block represents equation
(3.5)—neglecting the process-noise term—while the the ’Synthetic diagnostics’ block repres-
ents equation (3.6), neglecting the measurement noise term.

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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Figure 3.1: Block scheme of a state-space representation of a model that is used to predict
state-evolution. During each consecutive time step, the simulated (estimated) state x̂k is
updated using the modeled dynamics, and the measurements are reproduced as represented
by ŷk based on the output relation of the state space representation of the system. These
reproduced measurements can be compared to the actual measurements [1].

3.2 Kalman filtering

Kalman filters combine the information obtained from measurements with information ob-
tained from a state-space represention of a model in order to estimate the state of a system.

The Kalman filter (KF) is defined for continuous-time systems as well as discrete-time sys-
tems. The KF is an estimator that minimizes the covariance of the estimation error, and
it is optimal in this respect, provided that noise entering the system is stochastic, uncorrel-
ated with known covariance. The measurement noise covariance matrix (related to vk) is
represented by Rk, and the process-noise covariance (related to wk) is represented by Qk. If
the requirements for optimality are assumed to be met, this implies for the expected values
E(vkv

>
j ) = Rkδk−j , E(wkw

>
j ) = Qkδk−j and E(vkw

>
j ) = 0 (uncorrelated, with δ the Kro-

necker delta). Furthermore, a KF is iterative and causal, which makes it suited for real-time
applications [1, 37], and as it is recursive, it uses information obtained from all measurements,
while not needing all measurements explicitly during each cycle.

The main function of the Kalman filter in real-time applications is to estimate the state
xk at time step k using the model, the present measurements yk and all previous measure-
ments. Before the current measurement yk is used, the expected value of xk—which can
be conditioned on all past measurements—is determined, which is denoted as state estimate
x̂k|k−1, as illustrated in (3.7).

x̂k|k−1 = E(xk|y1, . . . , yk−1) (3.7)

The state estimate resulting from (3.7) is termed the a priori estimate of the actual state
xk, and its subscript indicates that the estimate is conditioned only on past measurements.
The next step is to include information from the measurement yk of the current time step to
improve the state estimate, resulting in a a posteriori estimate of xk, as shown in (3.8).

x̂k|k = E(xk|y1, . . . , yk) (3.8)

12 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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As mentioned before, the Kalman filter minimizes the error covariance over time. The error
covariance is denoted by Pk, it is taken as the auto-covariance of xk and represents the
uncertainty in the estimate x̂k. Consequently, the error covariance associated with x̂k|k−1 is
given by Pk|k−1, while Pk|k represents the covariance of the estimation error in x̂k|k [1], such
that:

Pk|k−1 = E
(

(xk − x̂k|k−1)(xk − x̂k|k−1)>
)

(3.9)

Pk|k = E
(

(xk − x̂k|k)(xk − x̂k|k)>
)

(3.10)

As the main ingredients of a KF have now been introduced, the following section is used to
present the all equations that constitute the KF.

3.2.1 Discrete-time Kalman filter equations

The equations that constitute the discrete-time Kalman filter algorithm are presented below.

Prediction step
A priori state estimate: x̂k|k−1 = Fkx̂k−1|k−1 +Gkuk (3.11)

A priori estimate covariance: Pk|k−1 = FkPk−1|k−1F
>
k +Qk (3.12)

Measurement update step
Measurement residual (Innovation): zk = yk −Hkx̂k|k−1 (3.13)

Innovation covariance: Sk = HkPk|k−1H
>
k +Rk (3.14)

Kalman gain: Kk = Pk|k−1H
>
k S
−1
l (3.15)

A posteriori state estimate: x̂k|k = x̂k|k−1 +Kkzk (3.16)

A posteriori estimate covariance: Pk|k = (I −KkHk)Pk|k−1(I −KkHk)
> +KkRkK

>
k (3.17)

Note that the KF equations are recursive, as shown by the state estimate x̂k|k−1 and Pk|k−1
which are used in every next iteration, substituting index k by k− 1. It can be seen in (3.15)
that the Kalman gain Kk is proportional to the estimate covariance matrix and inversely pro-
portional to the innovations covariance matrix. This implies a large Kalman gain when the
measurement noise covariance matrix Rk is small and the estimate covariance matrix Pk|k−1
is large. As a result, the KF relies more heavily on measurements when they are reliable
while the state estimate is not [1]. On the other hand, when the estimate covariance matrix
is small while the innovation covariance matrix is not, the Kalman gain will be small and the
KF will rely mostly on state-evolution as prescribed by the model.

A schematic representation of a discrete KF is shown in figure 3.2. The Kalman filter is
the optimal causal filter when the process noise and measurement noise are known exactly
and white, while the model perfectly matches the real system. Optimality in this case is
defined by the fact that the KF minimizes any weighted two-norm (xk− x̂k)>W (xk− x̂k) (Wk

any positive definite matrix) of the estimation error [1, 2].
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Figure 3.2: Block diagram of the discrete-time KF equations written in (3.11)-(3.17). During
every time-step, first state-evolution is predicted based on a model. The resulting state
estimate is used to generate synthetic measurements ŷk, which are compared to the actual
measurements yk in order to obtain the residual zk which will be pre-multiplied by the Kalman
gain and added to the prior state estimate in order to update x̂k. Figure from [1].

3.3 Multiple model state estimation

For systems with changing dynamics at unknown times, a single KF is not the ideal solution.
An example of such a class of systems is the set of systems which jumps between M different
’modes’ m, which exhibit distinct dynamics [11].

A multiple model estimator (MME) is based on M different linear state-space models for
each of the modes m(i) (i ∈ 1, 2, . . . ,M). As the active mode might change as function of
time, the mode m(i) is time dependent. Each state-space model predicts state evolution using
equation (3.5), and produces synthetic measurements using (3.6), provided that the matrices

Fk−1, Gk−1, Hk, Rk and Qk are replaced by F
(i)
k−1, G

(i)
k−1, H

(i)
k , R

(i)
k and Q

(i)
k , which can be dif-

ferent for different state-space models.

The MME tracks its confidence in the different models by calculating mode probabilities

µ
(i)
k during each time step, which represent the probability that modes i are currently active.

The MME operates M Kalman filters in parallel, such that during each time step each filter
predicts the state-evolution based on its own model, corresponding to mode m(i), and pro-
duces synthetic measurements which are to be compared to the actual measurements. Based
on the resemblance of the synthetic measurements produced by each model to the actual
measurements, the mode probabilities are updated to find out which mode is most probable
to be active.

It would be ideal to take into account all possible sequences of mode histories in order to
get the most accurate state estimate. This way, the correct mode history is always preserved,
which leads to a minimum variance estimate. However, the possible mode histories—and thus
filter operations—grow exponentially over time as Mk, which leads to prohibitively large com-
putational requirements that are not feasible. A sub-optimal but practical solution is to limit
the number of mode histories that are taken into account. Several different hypothesis reduc-
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tion (HR) strategies have been developed to deal with this problem, but this work focusses
on only the solution that is relevant for the event detector, namely the Interacting Multiple
Model Kalman filter (IMMKF) [44]. In this approach a unique mixed estimate is determined
for each filter (instead of simply providing all KFs with the same state-vector), where weights
are based on the transition probabilities to the mode described by each filter, and the mode
probabilities. Moreover, the mode which is assumed to be active is the mode with the highest
posterior mode probability.

Figure 3.3 presents a schematic overview of some main components of the IMMKF. De-
tails regarding the algorithm equations are not discussed here as they are mentioned in the
draft paper in Chapter 5.

Figure 3.3: Block diagram of an Interacting Multiple Model Kalman filter. Only a single of
the M KFs is shown here. It can be seen that the filters interact as the initial condition
for each filter for every iteration is dependent on the state estimates produced by the other
filters, the mode probabilities and the transition probabilities [1].
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Chapter 4

Implementation in TCV plasma
control system

The TCV tokamak has a digital real-time control system capable of controlling almost all
aspects of a plasma discharge. The system is based on a real-time sharing data network
(reflective memory) of modular computer nodes, each embedded or a desktop PC [18]. The
digital control system is designed in a way which favors simplicity, flexibility and maintain-
ability. The intrinsic modularity allows for addition and substitution of computational nodes
over time. In figure 4.1 a schematic representation of the SCD is shown.

Figure 4.1: Schematic representation of the top view of the TCV SCD. The SCD consists of
7 computational nodes. Figure taken from [18].
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The SCD was designed with the requirement that it should be able to hande sample rates
between 1kHz (shape control) to 250kHz (MHD mode detection). This is realized by pre-
serving the ability to choose—within the limits of each node—the cycle rate per individual
node. Only vertical plasma position stabilization is still handled by the original, analog con-
trol system. More than 200 diagnostic channels are available, which include for example more
than 100 channels of magnetic measurements, 64 soft X-ray diagnostic channels, 14 inter-
ferometer channels and multiple Photo Diode diagnostics. Examples Actuators that can be
controlled via the SCD include 16 poloidal field coils, 6 Electron Cyclotron poloidal mirror
angles, 2 Electron Cyclotron power supplies and 4 gas valves [18].

Due to its design, the control system design allows for rapid algorithm development, de-
bugging, simulation, sharing, archiving and tuning during operations. This is realized by
providing the possibility for control algorithms to be entirely programmed with Simulink
block-programming language. These Simulink models are then automatically converted to
C-code and translated into machine-executable code if a discharge is to be run [18].

The event detector for LH-transitions, HL-transitions and ELMs—after it has been imple-
mented in Simulink—is run on node01, and is expected to run at a cycle rate of 10kHz.

It has to be noted that even though the Simulink implementation of the detector has been
made sample time dependent, this does not guarantee that the detection performance does
not change at cycle rates other than the default 10kHz.

Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
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Draft paper

A Real-time model-based detector of LH-transitions, HL-transitions
and ELMs and its applications to TCV

R. Shousha1,2, G.R.A. Akkermans1,2, F. Felici1, T.C. Blanken1, B.P. Duval3, C.
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and the TCV team
1 Eindhoven University of Technology, Mechanical Engineering Department, Control Systems
Technology Group, P.O. Box 513, 5600MB Eindhoven, The Netherlands.
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513, 5600MB Eindhoven, The Netherlands.
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EURATOM-Suisse, 1015 Lausanne, Switzerland

Abstract

In this paper, a real-time, model-based Interacting Multiple Model Kalman filter (IMMKF)
is used for the detection of LH-transitions, HL-transitions and ELMs on the TCV tokamak.
The IMM uses three Kalman filters in parallel, each with a different model, which can be
either an L-mode, H-mode or ELM-event model. The detector uses real-time measurement
data from diagnostics that show signature features during each of the events of interest.
The set of 31 TCV discharges that were used for performance assessment includes 45 LH-
transitions, 45 HL-transitions and 5147 ELMs. Out of 45 visually detected LH-transitions,
44 were detected by the algorithm (more than 97%). The detector detected 41 out of 45 HL-
transitions (more than 91%), and 5074 out of 5147 ELMs were detected correctly (more than
98%). The percentage of false positive LH-transitions and HL-transitions with respect to the
detected LH-transitions and HL-transitions respectively, is equal to approximately 35% in
both cases. The percentage of false positive ELM detections is equal to approximately 2%.
The practicality of the detector was demonstrated during experiments on the TCV tokamak,
where the detector was used to detect an ELM-free H-mode phase in an ohmic ELM-free
H-mode plasma, using the default cycle frequency of 10kHz. The detector detected the ELM-
free H-mode adequately, and triggered actuation at the appropriate moment. The triggered
partial ramp-down of Ip caused a decrease the ohmic power in the plasma, such that the
plasma transitioned back to L-mode, and a high-density disruption was avoided.
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1. Introduction

It is well-known that a future tokamak reactor is expected to operate in H-mode [23] due
to the benefits of higher confinement time and pressure for the fusion triple product. In
most tokamaks with diverted equilibria, the plasma spontaneously transitions from L-mode
to H-mode when the externally applied heating power exceeds a certain critical value, beyond
which turbulence in the edge of the plasma is significantly reduced, resulting in a reduction in
transport and thus increased energy and particle confinement. There is substantial evidence
that the suppression of turbulence is caused by a sheared flow layer and an associated radial
electric field in the edge of the plasma, which leads to the reduction of transport and steeper
edge profiles [40].

However, there are several complications arising from H-mode operation. For instance, Edge
Localized Mode instabilities (ELMs) can occur, when peeling-ballooning modes are driven
unstable due to high pressure or current density gradients in the edge of the plasma [40, 32].
The ELMs cause quasi-periodic expulsions of particles and energy, thereby limiting the dens-
ity increase and expelling impurities [40]. However, sudden expulsion of particles and energy
could damage the tokamak inner wall if the magnitude of the ELM is too large [13, 27, 4].
Conversely, the absence of ELMs can, in some cases, cause the plasma density to increase
uncontrollably leading to a density limit disruption (Greenwald density limit) [40, 8].

Due to uncertainty about the details of the trigger mechanisms of an LH-transition [40, 28],
and which parameters influence the LH-transition and how [42, 28, 39], a power threshold scal-
ing relation has been derived from empyrical data, aimed at predicting the required power
for an LH-transition [28]. This relation predicts the required power as function of several
plasma parameters, such that it can also be used to extrapolate the requirements for bigger
devices that have not yet been built. However, since in reality the threshold power seems to
be dependent on several factors that are not incorporated in the scaling law, a comparison of
the injected power to the required power from the scaling law alone can not be used to infer
whether the plasma is in H-mode or not [40].

Given the potential benefits, risks and uncertainties associated with H-mode operation and
the occurrence of ELMs, it is beneficial for a tokamak plasma control system to be aware of
their occurrence in real-time, and use this information to aid in real-time monitoring, and
possibly for control of LH-transitions and of the frequency and magnitude of ELMs. To this
aim, it is important to have reliable real-time detectors of LH-transitions, HL-transitions and
the occurrence of ELMs.

Even though it is difficult to predict LH-transitions, HL-transitions and ELMs using models
that contain all known relevant physics, the timing of these events can often be pinpointed
accurately by visual analysis of measurement data. As these events result in typical changes in
visible emissions, electron density and stored energy in the plasma, the signals from photodi-
odes (PD), far infra-red interferometers (FIR) and diamagnetic loop (DML) diagnostics—that
measure these respective quantities—can be used by scientists to detect these events.

In this work, we use this information to develop a real-time, model-based event detector
for the detection of LH-transitions, HL-transitions and ELMs. It is based on a so-called
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Interacting Multiple Model Kalman filter, which combines measurement data with heuristic
models to detect the events of interest. The IMM compares the real-time data from the PD-,
FIR-, and DML-diagnostics to their expected evolution in three cases: L-mode operation,
H-mode operation and ELM-event. Based on the resemblance of the data to the modeled
expectation, a classification is made as to whether an ELM has occurred, and whether the
plasma is most likely in L-mode or H-mode. Switches between L-mode and H-mode classific-
ations are reported as LH-transitions and HL-transitions.

The practicality of real-time ELM detection as part of a control algorithm has already been
demonstrated in, for example, [15], where the period of individual type-I ELMs in TCV is
controlled by real-time controlled application of EC power. An ELM is reported if the differ-
ence between the current value of the Hα signal and its value of the preceding 200µs exceeds
a threshold value. For the plasmas studied in [15], this simple ELM detector had already
proven very robust and reliable. Another example of real-time ELM detection is illustrated
in [26], which focuses on ELM frequency feedback control on JET, using pellet injections. In
this application is chosen to use the bolometer measurement of the total radiated power to
detect the ELMs. An ELM is considered to have been detected if both a certain increase in
the signal is detected, followed by a certain decrease. In its intended application, the typical
duration of the spike on the bolometer signal is approximately 8-10ms, such that a bolo-
meter signal sampled at 2-4ms intervals can still be used. An existing development centered
on LH-transition detection is described in [39]. A neural network (NN) has been developed
which uses a data-based approach and is trained to automatically recognize LH-transitions
in post-shot analysis. However, this NN is not causal, due to the fact that classification of
the plasma state depends on measurement data in a time window ±100ms or ±500ms around
the time sample, depending on which classifier is used. This implies a time delay of at least
100ms in real-time applications.

The real-time detector of LH-transitions, HL-transitions and ELMs that is presented in this
paper has several advantages over the existing solutions. First of all, the algorithm is causal
and real-time capable, so that events can be detected with a smaller time delay than would
be the case for a real-time capable version of the NN described in [39]. Secondly it has to
be noted that this single algorithm is capable of detecting LH-transitions, HL-transitions,
and ELMs, as opposed to only ELMs ([15, 26]) or only confinement mode transitions ([39]).
A third feature of this algorithm is that the modularity of the algorithm provides flexibility
in the choice of selected diagnostics used for event detection. If the detector is used on an-
other tokamak than TCV, the models related to the diagnostics can simply be substituted
by models for the available diagnostics, while the rest of the algorithm can remain unaltered.
Another advantage of the modularity is that the number of different events that the detector
can detect, can be increased by adding models that are related to those events. Further-
more, if more accurate versions of some of the models become available, the present versions
can be replaced by the new ones, which would be more difficult in a machine-learning based
scheme where internal variables have little to no physical meaning. Another beneficial aspect
of the detector is that the models that are used are linear, such that the algorithm is not too
computationally intensive, allowing it to be easily run at a cycle rate of 10kHz (chosen as a
requirement for TCV based on the typical duration of the rise in the Hα emission measure-
ment signal during ELMs).
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The rest of this paper is organized as follows: in section 2, the heuristic models for the
expected signal features will be presented. Section 3 describes the design and implementation
of the event detection algorithm. An assessment of the performance is discussed in section 4.
Finally, the event-detector was implemented in the digital control system of TCV (SCD) and
used during real-time experiments, which are discussed in section 5.

2. Heuristic modeling of LH, HL and ELM diagnostic signal
features

In this section we will introduce heuristic models for the responses of selected TCV diagnostics
to the events that are to be detected by the event detector. We have chosen to to use the
photodiodes, interferometers and diamagnetic loop, because the quantities that they measure
should not only enable us to distinguish between LH-transitions, HL-transitions and ELMs,
but they should do so with as little delay as possible. In addition, the sampling frequency of
the diagnostics should ideally be at least equal to the cycle rate of the detector, which is true
for all three diagnostics.

The photodiode detector considered in this work has a top-down vertical line of sight. It
has an Hα-filter and measures radiation intensity at wavelengths of 656.3nm. The sample
rate of this diagnostic is 50kHz. The FIR diagnostic is used to measure the line integrated
density along 14 parallel chords in the vertical direction. Measurements are acquired at a
rate of 20kHz. More details about the setup can be found in [16]. In order to minimize the
effects of noise, the FIR signal used by the event detector is obtained by averaging the signals
obtained from the individual chords. The DML diagnostic consists of 4 different loops, that
are used to measure the plasma toroidal magnetic flux φp through a poloidal surface S. The
data is acquired at a sample rate of 10 kHz. More details about the setup can be found in [7].

Multiple discharges have been analyzed in order to extract frequently observed signal fea-
tures that are indicative of the occurrence of the events of interest.

2.1. LH-transition

Typical signals observed by the PD-, FIR- and DML diagnostics during an LH-transition are
illustrated in Figure 5.1. A frequently observed feature in the PD signal that is indicative of
an LH-transition, is a relatively abrupt decrease. A recurring feature in the FIR signal is a
sudden increase in the slope of the signal. The DML signal can either be positive or negative,
depending on the direction of Ip. A typical feature is that the absolute value of the slope of
the DML signal typically decreases after an LH-transition.
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Figure 5.1: Plots (a),(b) and (c) show typical signal features of the PD-, FIR- and DML
signal respectively during an LH-transition in TCV. The black dashed vertical line indicates
the LH-transition time as inferred visually.

2.2. ELMs

Figure 5.2 shows the PD-, FIR- and DML signals before, during, and after ELMs. ELMs
crashes are visible as spikes of variable magnitude and width on the PD signal. A notable
feature is that the rise of the signal tends to be very abrupt, and frequently a ’slow tail’ can
be observed after the peak. The ELMs also result in a decrease in the slope of the FIR signal.
Furthermore, the absolute value of the DML signal often observed to increase. The effect of
ELMs on the FIR signal and DML signal typically occur later and on a slower time-scale than
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Figure 5.2: Plots (a), (b) and (c) show typical signal features of the PD-, FIR- and DML
signal during an ELMy H-mode phase.

the Hα peaks.

2.3. HL-transition

The PD-, FIR- and DML signals before, during, and after an HL-transition are illustrated
in Figure 5.3. When an HL-transition event occurs, the magnitude of the PD signal is
often observed to increase abruptly. The slope of the FIR signal typically decreases with
approximately the same amount as it increased after the LH-transition. A recurring feature
on the DML signal is that the absolute value of the slope typically increases after an HL-
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Figure 5.3: Plots (a),(b) and (c) show typical signal features of the PD-, FIR- and DML
signal respectively, associated with HL-transitions. The red dashed vertical line indicates the
HL-transition time as inferred visually.

transition, by approximately the same amount as subtracted after the LH-transition.

2.4. Summary of heuristic model equations

The resulting heuristic model equations that have been designed to describe the expected fea-
tures during the events of interest are presented in Table 5.1. In every model, the reproduced
PD-, FIR-, and DML signals are denoted by εHα(t), ne(t) and φp(t) respectively. The time
derivative of each of these signals—per mode—are shown as the bottom equation of each box
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in table 5.1. Each of these expressions is a function of one other variable—of which the time
evolution is defined in the top equation of each box—and can include constants in some cases.
As can be inferred from table 5.1, the quantities described by the equations at the top of each
box are modeled as constants. This particular formulation of constants is later exploited
in the IMMKF equations to estimate these constants from the available measurements, as
discussed in section 3.

Table 5.1: Heuristic models used to replicate expected features of the PD- FIR- and DML
signals caused by LH-transitions, HL-transitions and ELM-events. The factors τ ,τrise,fH ,∆γne
and ∆φp are predefined constants which values remain unaltered during execution of the
algorithm.

L-mode H-mode ELM

PD
d
dtbHα = 0 d

dtbHα = 0 d
dtbHα = 0

d
dtεHα = 1

τ (bHα − εHα) d
dtεHα = 1

τ (fHbHα − εHα) d
dtεHα = 1

τrise
bHα

FIR
d
dtγne = 0 d

dtγne = 0 d
dtγne = 0

d
dtne = γne

d
dtne = γne + ∆γne

d
dtne = γne

DML
d
dtγφp = 0 d

dtγφp = 0 d
dtγφp = 0

d
dtφp = γφp

d
dtφp = γφp + ∆γφp

d
dtφp = γφp

Table 5.2: Values of the parameters used in the heuristic models that are used to model
expected features in the PD-, FIR- and DML signals.

Constant Value Unit

τ 1 ms
τrise 0.25 ms
∆γne 50× 1019 m−3s−1

|∆γφp
| 50 mWbs−1

2.4.1. Modeled PD signal in L-mode, H-mode and during ELMs

In L-mode, the modeled PD signal (sHα) tends to some baseline value bHα on a time scale
τ according to first order decay, as described in table 5.1 and in table 5.2. In H-mode,
the PD signal tends to a baseline which is approximately 30% lower. The value τ in table
5.2 represents the typical time-scale of PD signal relaxations during LH-transitions, HL-
transitions and ELMs [1]. At the start of an ELM the model expects a rapid increase in the
PD signal. Therefore, the evolution during an ELM is simply modeled as a rapid increase in
the PD signal. The simulated behaviour in L-mode, H-mode and during ELMs is illustrated
in plot(b) of figure 5.4. Here, as shown in plot(a), the time instants at which the events occur
are prescribed.

2.4.2. Modeled FIR signal in L-mode, H-mode and during ELMs

In L-mode, the FIR signal is modeled to change at a constant rate of γne . The expected
improvement in confinement in H-mode is modeled by an constant predetermined increase of
the time derivative of the FIR signal (ne) by ∆γne . During an ELM, the FIR signals typically
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drop, following the spike on the PD signal. This is modeled using the same dynamics as the
L-mode dynamics. This is not ideal, since the effects of ELMs on the FIR signal occur later
and on a slower time-scale than the peak in the PD signal. Given that implementing this
would require the addition of at least a fourth model, it is chosen to instead detect ELMs
mostly on the basis of the PD signal. The modeled expected behaviour of the FIR signal in
L-mode, H-mode and during ELMs is illustrated in plot(c) of Figure 5.4.

2.4.3. Modeled DML signal in L-mode, H-mode and during ELMs

During L-mode operation, the DML signal, φp, is modeled with a constant slope, equal to
γφp . In H-mode, a constant predetermined factor with absolute value ∆γφp

is either added or
subtracted from the slope that was determined in L-mode, depending on the direction of Ip.
If an ELM occurs, L-mode dynamics are used, for the same reason as is the case for the FIR
signal. In plot(d) of Figure 5.4, the modeled dynamics in case of negative Ip are shown.
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Figure 5.4: Simulation of diagnostic signals during various events as modeled using the heur-
istic model in equations listed in table 5.1, using the parameters listed in table 5.2. The active
mode used as input in the simulation is shown in (a). Simulated PD, FIR and DML signals
are shown in, respectively, panels (b),(c),(d).

3. Interacting Multiple Model for event detection

In this section we describe the algorithm used for real-time event detection, which is based
on the equations presented in [44].
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3.1. Outline of the Interacting Multiple Model algorithm

The event detection algorithm is based on an IMM scheme, the functioning of which can be
summarized as follows: at every time step, the acquired signals are compared to the predicted
signals from the heuristic models described in section 5. Based on how well the predicted sig-
nals from each of the models resemble the actual measurements, the event detector determines
which mode is most likely to be active—either L-mode, H-mode, or ELM-event. Furthermore,
if the injected power exceeds the predicted threshold power for an LH-transition, this will in-
crease the probability that the H-mode model is active. The mode that is detected by the
IMM will be post-processed outside the IMM scheme, where some conditions need to be met
in order for mode switches (transitions) to be trusted and reported. A simplified overview of
the structure of the algorithm can be found in Figure 5.5.

Figure 5.5: Simplified representation of IMM algorithm used for detection of LH-transitions,
HL-transitions and ELMs.

3.1.1. Main outputs

The main outputs are the detected mode, which can be either L-mode, H-mode, ELM, or
?-mode (detected mode not trustworthy). In addition, the detector outputs the LH-transition
times tLH , HL-transition times tHL and timing of detected ELM-events tELM . The detector
can also trigger a routine that outputs the estimated losses due to ELMs as a fractional loss
of poloidal beta, with a constant computational delay of 2ms. Finally, a degree of certainty
is calculated in real-time for L-mode and H-mode, which is dependent on the detection of
ELMs, the posterior mode probabilities and elapsed time in a certain mode.

3.1.2. Main inputs

Aside from the PD-, FIR-, and DML signals, which are used to distinguish between events,
several other inputs are used to improve event detection and extend the functionality of
the detector. For instance, as the probability of an LH-transition should increase when the
injected power exceeds a threshold value, this threshold power is predicted in real-time by
making use of the scaling presented in [28]. The detector uses the estimated ohmic power, EC
power and NBI power to determine the total injected power. Another input of importance is
the estimated plasma current Ip, which is used to activate and deactivate the detector.
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3.2. IMM algorithm equations

As each of the models predicts a different evolution of the signals over time, the algorithm
needs to track the evolution for all three models separately. Therefore, the variables that
are needed in the heuristic models from table 5.1, are collected in a seperate state vector:

xi =
(
b
(i)
Hα

s
(i)
Hα

γ
(i)
ne n

(i)
e γ

(i)
φp

φ
(i)
p

)>
, i ∈ {L,H,ELM}. Here, only the main equations

that are necessary to understand the principle are shown, and the complete IMM algorithm
can be found in Appendix I.

3.2.1. Estimate mixing step

The detector typically activates itself at the beginning of the discharge when a plasma current

is measured—in L-mode. Therefore, the initial condition (µ
(i)
0|0) for the mode probabilities

assigns the highest mode probability to L-mode. The detector updates the mode probabilities
every time step k, in order to keep track of which mode is most probable to be active.
Therefore, at the beginning of each time step, detector determines the so-called a priori
mode probabilities, which depend on the mode probabilities which were determined during the
prior time step and on the transition probabilities, given by the so-called transition probability
matrix Πk.

µ
(i)
k|k−1 =

M∑
j=1

πji,kµ
(i)
k−1|k−1, M = 3 (5.1)

The increased transition probability from L-mode to H-mode if the injected power exceeds
the predicted power threshold is realized as follows: first the threshold power is estimated
in real-time using the relation shown in (5.2), which is a function of the density, toroidal
magnetic field and plasma surface area [28]:

Psc,k = 0.0488n0.717e,20,kB
0.803
T S0.942

k (5.2)

Using (5.2), the normalized power is then defined as PN,k = Ptot,k/Psc,k. The expressions that
have been defined for all entries of the transition probability matrix that should be influenced
by the injected power are shown in (5.3),(5.4) and (5.5):

πLH,k = p0(tanh(
PN,k − 1

wπ
) + 1) (5.3)

πHL,k = 2.5p0 − πLH (5.4)

πXELM,k =
p0E
p0

πLH (5.5)

The factors p0 and p0E are constant base probabilities, equal to 1× 10−5 and 0.05 respect-
ively, and wπ = 1/3. The resulting behaviour of the transition probabilities as function of the
normalized heating power is shown in Figure 5.6. As a result, the transition probability to
H-mode starts at zero and tends to a finite maximal value. Similarly, the transition probab-
ility to an ELM-event increases too. In contrast, the transition probability to L-mode starts
at a finite maximum and tends to a finite non-zero minimum.
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Figure 5.6: Scaling of the transition probabilities with the normalized applied heating power,
as expressed in (5.3)-(5.5). With increased normalized heating power, the probability of an
LH-transition (blue) or ELM (green) increases, while the probability of an HL-transition (red)
decreases.

This leads to the normalized power dependent transition probability matrix shown in (5.6):

Πk = [πij,k] =

1− πLH,k − πXELM,k πHL,k 0.4
πLH,k 1− πHL,k − πXELM,k 0.4

πXELM,k πXELM,k 0.2

 , {i, j} ∈ {L,H,ELM}

(5.6)
After the a priori mode probabilities have been determined, this information is used to define
mixing weights using equation (5.7).

µ
j|i
k|k−1 = πij,kµ

(j)
k−1|k−1/µ

(i)
k|k−1 (5.7)

These mixing weights are used in order to determine individually mixed state estimates, which
are a weighted average of all the individual state estimate vectors.

x̄
(i)
k−1|k−1 =

∑
j

x̂
(j)
k−1|k−1µ

j|i
k|k−1 (5.8)

Here, x̂
(j)
k−1|k−1 represents the state estimates obtained during the previous time step. At this

point, each of the mixed state estimates serve as an input for their respective Kalman filters.

3.2.2. Kalman filtering step

Kalman filters are often used for state estimation, because these algorithms are real-time cap-
able, they combine informations from models with information obtained from actual meas-
urements, and as a result they often outperform approaches that are solely model-based, or
solely dependent on measurements. Under certain assumptions, it is even the optimal linear
filter, in the sense that it minimizes the estimation error over time.
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The Kalman filters first predict signal evolution based on their internal model, which can
be either L-mode, H-mode, or ELM-event, and these models are obtained via discretization
of the continuous time models that are described in table 5.1. The left hand side of each
equation in table 5.1 represents the time derivative of a state variable. Each column of table
5.1 therefore describes the time derivative of the entire state vector per mode (L-mode, H-

mode, ELM). Given that ε
(i)
Hα
, n

(i)
e and φ

(i)
p directly represent the synthetic measurements for

the PD-, FIR- and DML signal respectively, these dynamics can be captured in general in a
model of the following form:

ẋ(t) = f(x, u) (5.9)

y(t) = h(x) (5.10)

Given that in this case f(x, u) and h(x) are linear and time invariant, a linear continuous
time state-space representation of the model can be derived:

ẋ(t) =
d

dx
(f(x, u))x(t) +

d

du
(f(x, u))u(t) = Ax(t) +Bu(t)

y(t) =
d

dx
(h(x))x(t) = Cx(t)

Assuming zero-order hold for control input u(t), time discretization of the obtained model
results in:

xk = x(kTs)

= eAkTsx(0) +

∫ kTs

0
eA(kTs−τ)Bu(τ)dτ

= eATsxk−1 +

(∫ Ts

0
eAτdτB

)
uk−1 = Fxk−1 +Guk−1

yk = Cxk = Hxk

Given that there might be a (acceptable) model-reality mismatch, or that the actual dynamics
change over time such that they differ from the dynamics described by F , a process-noise term
wk−1 is included to account for these effects. Also, the measurements are subject to noise,
which is accounted for by including a measurement-noise term vk:

xk = Fxk−1 +Guk−1 + wk−1 (5.11)

yk = Hxk + vk (5.12)

The Kalman filters each use their own discrete time state-space representation of their internal
model in order to predict state evolution, resulting in the so-called a priori state estimate:

x̂
(i)
k|k−1 = F (i)x̄

(i)
k−1|k−1 +G(i)uk−1 (5.13)

Now that each KF has predicted its own new state estimate (x̂
(i)
k|k−1) based on its model,

these predictions will be used to generate synthetic measurements (Hx̂
(i)
k|k−1) and they will

be compared to the actual measurements yk:

z
(i)
k = yk −Hx̂

(i)
k|k−1 (5.14)
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The residuals z
(i)
k are a measure for how well the models predicted state evolution. Each of

the Kalman filters uses this information to improve its state estimate:

x̂
(i)
k|k = x̂

(i)
k|k−1 +K

(i)
k z

(i)
k (5.15)

Here, K
(i)
k represents the so-called Kalman gain, which is large if the Kalman is the actual

measurements are far more reliable than the model, and is small if the models are more reliable
relative to the actual measurements (see Appendix I.). The change in the state estimates is
proportional to the residual. The resulting state estimate is termed the a posteriori state
estimate.

3.2.3. Mode probability update step

The IMMKF uses the residuals z
(i)
k to determine the so-called model likelihood (L

(i)
k , see

Appendix I.) of each model, and these model likelihoods are then used to update the a priori

mode probabilities µ
(i)
k|k−1 as follows:

µ
(i)
k|k =

µ
(i)
k|k−1L

(i)
k∑

j µ
(j)
k|k−1L

(j)
k

(5.16)

The resulting mode probabilities are termed the a posteriori mode probabilities, and this
last step concludes one iteration of the IMMKF scheme. The mode with highest a posteriori
mode probability is then used in some minor post-processing, where some conditions need to
be met in order for the detection to be trusted in case of a mode transition. The a posteriori

mode probabilities µ
(i)
k|k and state estimates x̂

(i)
k|k serve as an initial condition for the next time

step.

3.2.4. Hypothesis reduction strategy

In order to produce an optimal estimate of the state of the system, an MM estimator should
in principle take into account all possible sequences of mode histories. However, this means
that the amount of possible model histories at a time instance, and hence the amount of filter
operations that have to be performed per time step, grow exponentially. In order to limit
the number of mode history hypotheses that the MM takes into account, several hypothesis
reduction strategies have been developed [44]. For this paper, as we use the IMMKF approach
with estimate mixing at the start of every time step, it is chosen that the mode with the highest
posterior mode probability is assumed to be the active mode.

Mdetect = {i |µ(i)k|k = max(µ
(L)
k|k , µ

(H)
k|k , µ

(ELM)
k|k )} (5.17)

3.2.5. Post-processing of detected mode

At each time step, the mode with highest posterior mode probability is not directly reported
as trusted detected mode, but has to meet conditions in order to reduce false positives.

An ELM is always reported, provided that it was not detected in the previous time step.
And if additionally the detected mode during the previous time step was H-mode, then a
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routine will be triggered which estimates—with a constant computational delay of 2ms—the
energy losses due to ELMs.

If L-mode has been reported as the trusted detected mode, and then at some point in time
the H-mode results in the highest posterior mode probability, the H-mode (and thus the LH-
transition) will only be trusted if the detector persistently determines H-mode to have the
highest posterior mode probability for at least 3ms.

Conversely, if H-mode has been reported as the trusted detected mode, and then the L-
mode model starts to have the highest posterior mode probability, L-mode (and thus the
HL-transition) will only be trusted if the detector detects L-mode persistently for at least
3ms if in total maximally 1 ELM has been detected, or if the detector detects L-mode per-
sistently for 1.2 times the estimated time between ELMs, or if the detector detects L-mode
persistently for at least 1ms if the ELM-frequency is very high.

In all cases where the mode with highest posterior mode probability conflicts with the trusted
detected mode, ?-mode will be reported.

4. Detection performance

In Figures 5.7 and 5.8 histograms are shown of the detection delay for LH-transitions, HL-
transitions and ELMs.

4.1. Overall performance

The set of 31 TCV discharges that were used for performance assessment includes 45 LH-
transitions, 45 HL-transitions and 5147 ELMs. Out of 45 visually detected LH-transitions,
44 were detected by the algorithm (more than 97%). The detector detected 41 out of 45
HL-transitions (more than 91%), and 5074 out of 5147 ELMs were detected correctly (more
than 98%).

The percentage of false positive LH-transitions and HL-transitions with respect to the LH-
transitions and HL-transitions respectively as detected by the event detector, is equal to
approximately 35% in both cases. The percentage of false positive ELM detections is equal
to approximately 2%.
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Figure 5.7: Histogram of the detection delays of the detected LH-transitions and HL-
transitions. The horizontal axis represents the increments in detection delay. The time
increments on the horizontal axis are 5ms. The vertical axis represents the cumulative per-
centage of detected events within a certain delay.

Figure 5.8: Histogram of the detection delays of the detected ELMs. The horizontal axis
represents the increments in detection delay. The horizontal axis represents the increments
in detection delay. The time increments on the horizontal axis are 0.1ms. The vertical axis
represents the cumulative percentage of detected events within a certain delay.

4.2. Causes of false positives and false negatives

The detector is able to detect most of the events, and the main area of improvement is the
reduction of false positive detections. Three main circumstances have been identified where
the detector has difficulty avoiding false positive event detections.
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4.2.1 Dithering phase

Dithering phases cause high frequency fluctuations in the PD signal, and the detector does
not include a model to detect a dithering phase. As a result, the detector can falsely detect
an ELM instead, or an LH-transition or HL-transition, as shown in Figure 5.9.

Figure 5.9: Main signals related to event detection of discharge #49330. Plot (a) shows
the normalized PD signal. Plot (b) shows the electron density, obtained by averaging over
12 vertical FIR chords. Plot (c) presents the plasma toroidal diamagnetic flux. Clearly the
detector has difficulty coping with the dithering phase.

4.2.2. End of discharge

As the measurement signals typically display deceptive features during the end of a discharge,
HL-transitions during this phase can not be detected robustly based on the PD-, FIR-, and
DML signals alone. As shown in Figure 5.10, the signals show features that would be indicative
of an LH-transition, rather than an HL-transition.
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Figure 5.10: Main signals related to event detection of discharge #39872. Plot (a) shows
the normalized PD signal. Plot (b) shows the electron density, obtained by averaging over
12 vertical FIR chords. Plot (c) presents the plasma toroidal diamagnetic flux. Clearly the
detector has difficulties with detection near the end of the discharge.

4.2.3. Transitions between type I-III ELMy phases

During type I ELMy phases or during transitions between type I and type III ELMy phases,
the detector is prone to false positive detections. As shown in Figure 5.11, the PD signal shows
significant changes in the baseline, and the slopes of the FIR- and DML signals fluctuate
significantly in the type I ELMy phase.
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Figure 5.11: Main signals related to event detection of discharge #29884. Plot (a) shows the
normalized PD signal. Plot (b) shows the electron density, obtained by averaging over 12
vertical FIR chords. Plot (c) presents the plasma toroidal diamagnetic flux. The detector
has difficulties with detection due to the fact that all main diagnostics display significant
fluctuations on a relatively slow time scale.

5. TCV experiments

To complete this paper, we present the application of the detector to LH-transitions, HL-
transitions and ELMs in TCV. Specifically, we demonstrate the use of the detector for detec-
tion of an ELM-free H-mode phase, and subsequent action to avoid a high-density disruption.

5.1. RT implementation of detector

One of the key features of the digital plasma control system (SCD) installed on the TCV toka-
mak is the possibility to rapidly design, test and deploy real-time algorithms [14]. It allows
control algorithms to designed and tested in Simulink block-programming language, as the
Simulink models can be automatically compiled into C-code [14, 18]. The digital control sys-
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tem is modular, with multiple computational nodes that communicate via reflective memory.
The cycle time of each of the nodes can be assigned separately (1kHz-250kHz, depending on
computational power per node and computational requirements of algorithm).

The event detector in this work has been implemented on computational node01, and its
default cycle rate is 10kHz. It has been assessed that the computation time of the event
detector is well within the cycle time of node01, such that the algorithm can be run smoothly.

5.2. Objectives

Once the ELM-free H-mode phase has been detected, the plasma can be forced to transition
back into L-mode, or be somehow forced to produce an ELM, before the disruption occurs. In
case of returning to L-mode, after the HL-transition, the reduced particle confinement time
will prevent the density from increasing further, such that a disruption is avoided.

5.3. Method

As reference discharge to design these experiments, we start with discharge #55547. The
evolution of the key signals are presented in Figure 5.12. This ohmic discharge transitions
into an ELM-free H-mode, after which the density builds up until the shot ends in a high
density disruption.

First, an offline test of the detector is performed to determine whether it can successfully
detect the LH-transition and the subsequent lack of ELMs. The moment of the LH-transition
as detected by the detector is indicated in Figure 5.12 by a black dashed vertical line. The
delay between the visually determined moment of LH-transition and the timing of the detec-
tion by the detector in the simulation is approximately 2ms. Following the LH-transition, a
clear sudden decrease in PD signal can be observed, as well as a steady increase in the density
and a change in slope of the toroidal diamagnetic flux, all as expected during an ELM-free
H-mode phase.

The time between the detected LH-transition and the disruption—as evidenced by the spikes
in the PD signal at the end of the discharge—is determined to be approximately 307ms.
Within this time interval, the detector should not only decide whether or not the detected
H-mode is in fact ELM-free, but it should also leave enough time left to take action to avoid
the disruption. To decide the appropriate maximum time to wait for the first ELM before
taking action, the typical time interval between the LH-transition and the first ELM must be
determined. Based on analysis of similar TCV discharges, it is determined that the time delay
between the LH-transition and the first ELM is generally smaller than 100ms. Therefore, it
has been decided that the control system should take action if no ELM is detected within
100ms after the last ELM or LH-transition—whichever occurred last.

In order to avoid the ohmic power, which increases with density, rising too far above the
HL-transition threshold power, which would make a back transition to L-mode more difficult
to achieve, it was decided to add another condition for triggering action by the control system:
when the density measurement has risen more than one fringe (1.2078× 1019m−3) since the
moment of ELM-free H-mode detection.
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Figure 5.12: Main signals related to event detection of discharge #55547. Plot (a) shows the
normalized PD signal. Plot (b) shows the electron density, obtained by averaging over 12
vertical FIR chords. Plot (c) presents the plasma toroidal diamagnetic flux. Plot (d) shows
the normalized injected power. Plot (e) shows the reference and measured plasma current.
Plot (f) displays the simulated mode detection output of the detector, obtained post-shot.

5.3.1. Actuation

Various options exist for forcing the plasma to revert back to L-mode. The most practical
one for these ohmic discharges is simply to lower the plasma current, which can be done by
modifying the reference signal for the Ip feedback controller. The maximum reduction in Ip
is determined a priori and is chosen to be 180kA for these experiments, compared to 315kA
flat-top current. In order to maintain good control of the plasma position and shape while
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changing Ip, the position control reference signals ZIp and RIp, as well as the reference signals
for the 16 poloidal field coils are scaled with |Ip,ref,mod/Ip,ref |.

Since the disruption in #55547 occurs 307ms after the LH-transition, it is chosen to ramp
down the current in 100ms.

If the density during the experiments will be similar to discharge #55547, then actuation
will be triggered by the density exceeding its threshold increase, because the electron density
exceeds the threshold value only 40ms(<100ms) after the ELM-free period has been detected,
as illustrated in Figure 5.12.

5.4. Results

Two shots were performed to test the set-up. The results are shown in Figures 5.13 and 5.14.

During both experiments, the plasma entered an ELM-free H-mode and the signal to force
an HL-transition was sent based on detection of a rapid increase in density. In plot(e) of
Figures 5.13 and 5.14 the measured Ip, the original reference and the modified reference for
Ip are shown. The reduction in Ip lead to an HL-transition in both cases and a high-density
disruption was avoided succesfully during these two consecutive attempts.

During both experiments, the event-detector correctly detected the ELM-free H-mode phase,
up until the HL-transition. However, in both shots, the detector did not detect the HL-
transition and the subsequent L-mode phase, as shown in plot(f) in both cases.

During the first experiment, the detector consistently detected H-mode after the HL-transition.
As shown in plot(a) of Figure 5.13, the PD signal relaxes after the peak to a baseline that
is even lower than before the HL-transition, whereas the detector expects an increase in the
baseline after an HL-transition. This is due to the fact that the gas valve was also closed
after actuation was triggered. Furthermore, several jumps can be seen in the density signal
in plot(b), which is also in contradiction with what the detector expects in L-mode.

During the second experiment, the detector consistently detected ?-mode instead of L-mode,
as shown in plot(f) of Figure 5.14. It is not clear what the cause of this poor performance is
after the HL-transition, and this is to be investigated and understood.
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Figure 5.13: Main signals used for detection of LH-transitions, HL-transitions and ELMs and
the output of the event detector, as obtained during the real-time experiments (discharge
#59520) aimed at avoiding a high-density disruption in ELM-free H-mode by forcing the
plasma back into L-mode by reducing the plasma current significantly.
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Figure 5.14: Main signals used for detection of LH-transitions, HL-transitions and ELMs and
the output of the event detector, as obtained during the real-time experiments (discharge
#59523) aimed at avoiding a high-density disruption in ELM-free H-mode by forcing the
plasma back into L-mode by reducing the plasma current significantly.
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6. Discussion

These experiments illustrate one of the potential uses of a real-time model-based event de-
tector for LH-transitions, HL-transitions and ELMs. Several extensions are foreseen to im-
prove the robustness of event detection, and a few are listed below.

Ramp down detection should be improved by including information about the plasma current
reference signal, so that the probability of an HL-transition can increase rapidly after the
ramp down phase has been detected, while not risking triggering the increased HL-transition
probability mid-discharge.

In order to cope with false positives caused by dithering phases and discharges with type
I or type I and type III ELMs, a degree of certainty has been defined. This degree of cer-
tainty is a function of the posterior mode probabilities, elapsed time in a certain mode and
of the number of detected ELMs. Setting a threshold value of at least 65% will reduce the
number of false positives significantly, but necessarily results in a longer detection delay.

Another approach to improve event detection in dither phases is to detect the dithering
phase itself. This could be done by adding an artificial diagnostic, which will detect the
dithering phase if the squared signal of the high pass filtered PD signal exceeds a threshold
value. This way, false positive LH-transitions, HL-transitions and ELMs during the dither
phase will be overwritten by a detected dither mode.

7. Conclusions

A real-time model-based event detector for the detection of LH-transitions, HL-transitions
and ELMs has been developed to aid in real-time monitoring and control of these events.

The algorithm has been implemented in the control system of TCV and the main outputs are
the timing of LH-transitions, HL-transitions and ELMs. The detection performance has been
assessed in a set of 31 discharges. The set of 31 TCV discharges that were used for perform-
ance assessment includes 45 LH-transitions, 45 HL-transitions and 5147 ELMs. Out of 45
visually detected LH-transitions, 44 were detected by the algorithm (more than 97%). The
detector detected 41 out of 45 HL-transitions (more than 91%), and 5074 out of 5147 ELMs
were detected correctly (more than 98%). The percentage of false positive LH-transitions and
HL-transitions with respect to the detected LH-transitions and HL-transitions respectively,
is equal to approximately 35% in both cases, which should be addressed in future research.
The percentage of false positive ELM detections is equal to approximately 2%.

The applicability of the detector was demonstrated during experiments on the TCV toka-
mak where the detector was used to detect an ELM-free H-mode phase in an ohmic ELM-free
H-mode plasma. The detector detected the ELM-free H-mode adequately, and triggered ac-
tuation at the appropriate moment. After triggering the partial ramp-down of Ip in order
to decrease the ohmic power in the plasma, the plasma transitioned back to L-mode, and a
high-density disruption was avoided during both experiments.
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Appendix I.

I.1 IMM algorithm overview

Figure 5.15: One time step of the IMM algorithm, adapted from [44].

44 Implementation of a IMM Kalman Filter-based real-time event detector on the TCV
tokamak



Chapter 6

ELM energy loss estimation

Aside from being able to detect LH-transitions, HL-transitions and ELMs, the algorithm is
also able to estimate the energy losses due to ELMs, as a fractional loss in poloidal beta.

The main idea is as follows: if an ELM is detected, value of poloidal beta at that point
in time is stored. Next, the algorithm determines a local minimum in poloidal beta within
2ms after the ELM detection. The fractional loss is then defined as:

fELMloss =
βp,k −min({βp,k, . . . , βp,k+Nhor})

βp,k
(6.1)

the number of samples Nhor over which a minimum is sought represents a time span of 2ms in
case no ELM is detected during that period. If however another ELM is detected within the
2ms, then the minimum of poloidal beta is determined using the samples up to the sample
where the next ELM was detected. Furthermore, a consequence of the real-time implement-
ation is that the algorithm outputs the estimated fractional losses with a constant delay of
2ms, regardless of whether an ELM is detected within that period (the estimated loss is in
that case known before 2ms have passed).

The poloidal beta itself is estimated as well by the algorithm at a cycle rate of 10kHz, because
poloidal beta estimate from the RTLIUQE real-time equilibrium reconstruction code typically
runs at a significantly lower sample rate of 1kHz.

The high frequency poloidal beta estimate is obtained by using a KF to estimate a cer-
tain shape term s which was derived in [1]. Only the last steps of this derivation are shown
here (see [1] for details).

In the limit of a static plasma, small diamagnetism, and isotropic pressure, the pressure
balance can be written as:

Wkin,⊥ =
1

2
(S1 + δRS2)−

2π

µ0
RBϕvφp (6.2)

The kinetic energy is then normalized to obtain poloidal beta:

βp⊥ ≡
Wkin,⊥
B̄2
p/2µ0

(6.3)
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Here, B̄p represents the average poloidal magnetic field over the contour of the poloidal
cross-section of the plasma. However, in LIUQE the normalization factor is evaluated in the
cylindrical limit such that:

βp⊥ =
Wkin,⊥
µ0R0I2p/4

(6.4)

Combining (6.2) and (6.4) results in:

βp,⊥ =
1

2
(s1 + δRs2)−

8πBϕv
µ20I

2
p

φp = s− φp
φ0

(6.5)

The shape term s is the shape term which was mentioned before, and it represents 1
2{s1 +

δRs2}, with s1, s2 the normalized Shafranov integrals and δR a normalized, pressure-weighted
radial shift of the plasma.

The first step in estimating poloidal beta at the sample rate of the detector, is to produce
a reference value for the shape term, which is done using the low frequency poloidal beta
obtained from LIUQE (zero-order-hold), the high frequency plasma current estimate and the
DML signal:

ys = βp⊥,lowfreq +
φp
φ0

(6.6)

The resulting values for ys are interpreted by the KF as ’real’ measurements, and uses it to
estimate s. The KF model does not contain any dynamics (constant), and is only affected
via the Kalman gain, based on the measurements.

In figure 6.1 the estimation results are shown for TCV discharge #45 105.
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Figure 6.1: Fractional losses in poloidal beta caused by ELMs (b), as estimated by the real-
time capable ELM loss estimation routine. Qualitatively the losses associated with large
spikes on the PD signal (a) are higher than for smaller spikes as one would expect.
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Chapter 7

Conclusions, open issues, discussion
and outlook

The main research question for this work was: ”Can the real-time model-based event de-
tector for LH-transitions, HL-transitions and ELMs be used in real-time for event detection
at TCV?” In order to answer this question, several sub-questions needed to be answered first.

The first sub-question was: ”Can the event detector be implemented in the digital plasma
control system of TCV and run at a cycle rate of 10kHz?” The detector was succesfully im-
plemented in the digital control system of TCV, and it has been verified that the algorithm
can be executed at a sampling rate of 10kHz without any problems. All required inputs
are available or can be computed from other signals, with the exception of the injected NBI
power. The tool which was developed for post-shot analysis can indeed include the NBI power
(becomes available after the shot).

The second sub-question was: ”What is the detection performance of the Simulink imple-
mentation of the detector?” The detection performance has been assessed by analysing the
detector output for a set of 31 discharges, all of which include at least 1 and up to 4 LH-
transitions, totalling 45 LH-transitions and HL-transitions and 5147 visually detected ELMs.
Out of these visually detected events, more than 97% of the LH-transitions, more than 91%
of the HL-transitions and more than 98% of the ELMs were detected by the detector. More
than 93% of the detected LH-transitions, and more than 43% of the detected HL-transitions
were detected within 10ms. Furthermore, more than 99.9 % of the detected ELMs was detec-
ted within 0.5ms. Aside from the correct detections and the delays, the detector also yielded
false positive detections. For both LH-transitions and HL-transitions, the percentage of false
positives is approximately 35%. For ELMs this is only 2%.

The third sub-question was: ”Can typical situations be identified in which the detector per-
forms relatively poorly?” As can be inferred from the overall performance, the detector ex-
periences in certain situations difficulties in detecting HL-transitions. The HL-transitions are
either detected very late, or not detected at all. Analysis of this problem suggests that these
problems mostly occur at the end of the discharges, especially during the ramp-down phase,
due to deceptive measurement signals. Even though detection of the ramp-down phase has
been included (after which an HL-transition is defined to become more likely), this does not
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significantly improve detection in these situations. Another type of situation which causes
detection difficulties is the occurrence of a significant dithering phase. The large fluctuations
in the PD-signal can cause faulty detections (false positives) of LH-transitions, HL-transitions
and ELMs. The last type of situations which has been identified to cause detection difficulties
is the occurrence of both type I and type III ELMy phases in a single discharge or only type
I ELMy phases, as this often results in false positive detections, due to the large fluctuations
of the PD-signal (on a slower time-scale than dithering).

Finally, the research question related to the practicality of the detector was: ”How can the
event detector be used to detect ELM-free H-mode and trigger actuation in time to allow for
actuation to prevent a disruption?” The practicality of the detector was demonstrated during
experiments on the TCV tokamak where the detector was used to detect an ELM-free H-mode
phase in an ohmic ELM-free H-mode plasma. The detector detected the ELM-free H-mode
adequately, and triggered actuation at the appropriate moment. After triggering the partial
ramp-down of Ip in order to decrease the ohmic power in the plasma, the plasma transitioned
back to L-mode, and a high-density disruption was avoided during both experiments.

It can indeed be concluded that the real-time model-based event detector for LH-transitions,
HL-transitions and ELMs can be used for real-time event detection at TCV, although the
detector has not yet reached its potential in terms of robust performance, which should be
addressed in future work.

Open issues

The detector performance cannot be compared directly to the performance assessment in [1],
as the average detection delays in that work were obtained via self-defined cost-functions in
which not only the transitions but also the detected mode (L-mode or H-mode) during each
time-step were included. On the other hand, it can be stated that the average detection
delays are significantly lower than the minimum detection delay of 100ms, as would be the
case for the neural network that automatically detects mode transitions presented in [39]. The
performance in terms of detection of ELMs and the detection delay seems to be better than
presented in [26], and in general ELMs are detected rather quickly by the detector developed
in this work such that it seems unlikely that the ELM detection delay would be problematic
in the future.

another major loose end is the estimation of ELM losses. The estimated ELM losses have
not been compared against ELM losses as obtained by other estimators. Also the approach
itself not very robust. First of all, the low-frequency poloidal beta is upsampled using zero-
order-hold. This leads to an unnatural time evolution. This can be compensated by tuning
the parameters of the Kalman filter, but if you choose a larger initial process-noise covariance
matrix in order to rely more heavily on the (DML and Ip) measurements, you basically end
up with the dynamics of the DML signal. Therefore, it seems impossible to determine the
accuracy of the ELM loss estimation without benchmarking it.
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Discussion and outlook

There are a number of possibilities to improve event-detection in future research. Some ideas
are listed below.

First of all, as a real-time estimate of injected NBI power is expected to become available in
the near future, the algorithm has already been prepared, such that the dummy NBI input
port of the detector can be substituted by the actual signal when it becomes available.

Secondly, the estimated injected power in the real-time environment should be improved.
The ohmic power is simply determined by the product of the loop voltage and the plasma
current, both of which contain significant noise. Pre-processing of these signals (low-pass
filtering), or using better estimates produced by other routines (if available) should be used.
For the EC-power, only the feedforward signals are used, which causes a biased estimate
(feedforward EC-power is greater than actual injected power). Furthermore, an estimate for
the NBI power should be included as soon as possible, such that it be determined whether
detection during NBI shots improves as a result.

In addition, the dithering phase should be included as a mode. Within the current struc-
ture of the algorithm it seems inconvenient to try and develop a model which predicts state
evolution during a dithering phase. A better approach would be to calculate the square of
a high-pass filtered PD-signal, and report a dithering phase if a threshold value is exceeded.
This way, false-positives could be overwritten and thus reduced.

Furthermore, during real-time operation fringe-jumps can occur which cause a significant
increase in the density signal. It might be helpful to detect an unreasonable slope of the
density measurement, estimate the error caused by the fringe jump and correct for this, as it
might lead to faulty LH-transition detections due to sensor failure.

Moreover, HL-transition detection at the end of discharges should be improved. The cur-
rently used ramp-down detection is too slow to significantly improve detection. Furthermore,
it does not distinguish between end-of-discharge ramp-down phases and partial ramp-downs
mid-shot. Therefore it might be helpful to include a time dependence, or to use the plasma
current reference signal is this is available in the control system before the discharge. This
way the detector can anticipate any partial ramp-down phases during the discharge, such that
the probability of an HL-transition is only increases ’artificially’ near the end of a discharge.
The cause of the deceptive signals at the end of a discharge should be determined in future
work. If the deceptive features are caused due to a significant change in the shape of the
plasma for example, this information could be used to counter these effects.

Optimization of detection performance by tuning the parameters could also yield improved
detection performance, as up until now not all relevant parameters were tuned, and all para-
meters that were in fact tuned, were tuned independently rather than simultaneously across
the n-dimensional parameter space.

In conclusion, there are various approaches available to improve detection performance. How-
ever, first the maximum allowable detection delay should be determined (dependent on ap-
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plication), such that solutions as a degree of certainty can be properly developed, as these
necessarily introduce an extra delay.
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Appendix A

Physics overview of L-mode,
H-mode and ELMs

A.1 Events of interest

In this chapter, the main qualititative changes in dynamics which are typically expected
around LH-transitions, HL-transitions and ELMs are discussed, as well as the associated
benefits risks and uncertainties.

A.1.1 LH-transition

Consensus is still forming about which model best describes the LH-transition trigger mech-
anism [40]. Therefore, this section is used to present a general description of factors that are
thought to play a role in the LH-transition, rather than a detailed description of a specific
model.

Transition mechanisms

There is a multitude of hypotheses available that are aimed at explaining the physics involved
in LH-transitions, as evidenced by the reviews presented in [40] and [5]. One of the mechan-
isms that multiple hypothesis have in common is that turbulent transport in the plasma edge
region is reduced by a sheared poloidal flow, as analytically investigated in [3].

A potential trigger mechanism for LH-transitions is discussed in [40, 9, 24], where these
sheared poloidal flows are sheared ’Zonal Flows’ (ZFs). It is proposed that the Reynolds
stress plays an important role in the sudden reduction of turbulence. The Reynolds stress
couples energy from smaller to larger scales and zonal flows are self-generated out of the
turbulence field. A simplistic representation of the evolution of turbulence as affected by the
Reynolds stress is shown in figure A.1.

The flow velocity of a ZF oscillates as a function of spatial coordinates, implying that the flow
is sheared and the flow can dampen the turbulence that caused it, by ripping apart turbulent
eddies as shown in figure A.2.

If a sufficiently large pressure gradient has developed before the ZF is dampened, the resulting
well in the radial electric field in the edge of the plasma can drive a sheared mean flow
that stablizes the increased pressure gradient. Conversely, until a sufficiently large pressure
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Figure A.1: Evolution of turbulence in a thin layer of electrolyte in a cell during spectral
condensation. (a) indicates the initial linear stage, (b) represents the inverse cascade stage,
and (c) the condensate stage. ∆xD represents the spatial scale of the trace particle transport
[35]. This serves to illustrate the coupling of energy from smaller to larger scales via Reynolds
stress, which is expected to play a role in triggering LH-transitions.

Figure A.2: Schematic representation of a turbulent eddy being ripped apart by sheared flow
[9].

gradient has been developed, ZFs can be repeatedly generated out of turbulence, decrease the
turbulunce level, be dampened as their driving force vanishes, and be regenerated after the
turbulence levels have increased again. These Limit Cycle Oscillations (LCOs) of ZFs and
turbulence levels—if the plasma is close to an LH-transition—can result in periodic expulsions
of particles and energy, which can in practice be observed as so-called ’intermediate’- or
’dithering’ phases between L- and H-mode [1, 31, 46]. So far, several experiments that have
been conducted suggest ZFs as a likely triggering mechanism for the LH-transition [45, 6, 12,
34].

H-mode

After the transition from L-mode into H-mode, a sheared E×B flow is sustained by the
radial electric field Er and the toroidal magnetic field Bφ. The reason that the flow is sheared
is because of the appearance of a deep redial electric field well in the edge region of the plasma
at the time of the LH-transition. On both sides of this well, Er has a large gradient [1, 40].

The development of an Er-field well right at the edge and after the transition for both the W7-
AS stellarator and the ASDEX-Upgrade tokamak are illustrated in figure A.3(a) and figure
A.3(b) respectively. Fluctuations are quenches in the radial range of the well, the turbulent
transport decreases and steep gradients develop.
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Figure A.3: Radial electric field at the plasma edge for W7-AS and ASDEX-Upgrade for L-
and H-modes. For W7-AS the ion pressure gradient is shown as the dashed curve [40].

A simple relation for the radial electric field includes the diamagnetic contribution and the
v ×B-contributions:

Er =
1

Zene
∇pi − vθBϕ + vϕBθ, (A.1)

where Z represents the ion charge number, e the elementary charge, ne the electron density,
pi the ion pressure and v the fluid flow velocity. The first term on the right hand side of
(A.1) is the diamagnetic term and contains the ion pressure gradient. This is in fact also
a v ×B-term, caused by the ion diamagnetic drift velocity crossed with the magnetic field.
The diamagnetic drift is a result of the Larmor orbits of charged particles, which are affected
by forces due to pressure gradients. After the LH-transition, the radial electric field well is
deepened due to a growing diamagnetic contribution to Er and the H-mode is stabilized as
the Edge Transport Barrier (ETB) is formed [1]. The vφBθ term is negative when a toroidal
flow is present which opposes the direction of the plasma current, for example when neutral
beams are injected in a counter-current configuration. Experiments conducted in [19] support
the idea that the power required to induce an LH-transition is dependent on the applied beam
torque and the edge toroidal plasma rotation. For upper single null diverted discharges in
which the ion grad-B drift is away from the X-point, the LH-transition power threshold is
reduced by nearly a factor of 3, by changing from predominantely co-injection to predomin-
antly counter-injection. Finally, the evolution of the poloidal flow velocity vθ (second term on
right hand side of (A.1)) is determined by the poloidal momentum balance, which contains a
Lorentz-force, poloidal viscous damping, friction with neutrals, and turbulent Reynolds stress
(the average effect of turbulent fluctuations on the mean flow) [1].

As supported by the fact that ITER is expected to operate in H-mode [21] (and perhaps
future fusion power plants as well), there are significant befenits to operating in this con-
finement regime. First of all, H-mode operation has been achieved in most tokamaks, and
stellarator devices have succeeded in accessing H-mode as well [40], so this mode of operation
is not limited to a specific reactor design. Secondly, when a threshold of auxiliary power is
exceeded, energy- and particle confinement increase significantly, which in turn increases the
plasma density and temperature, which makes H-mode an attractive mode of operation for
power generation.
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It is not uncommon for the energy- and particle confinement time to increase by a factor
of 2 after an LH-transition, such that the plasma is able to store more thermal energy for
the same input power [40]. Interestingly, after an LH-transition, only confinement near the
edge of the plasma improves as an ETB is formed, resulting in the large pressure gradient
in the edge (which is mostly due to a density gradient). As a consequence, the increase in
density spreads from the edge to the centre of the plasma, on a time scale in the order of the
confinement time. This behaviour is illustrated in figure A.4.

Figure A.4: Figure (a) shows the density profile as function of radius as measured at ASDEX
at different times around an LH-transition, illustrating the formation of the ETB. Figure (b)
shows the line-averaged density and Hα signal as function of time, and the 5 marked time
instances correspond to data sets used in figure (a) [1].

Negative aspects of H-mode operation include that the rise in density might cause an undesired
HL-transition and increase the risk of a (high-density) disruption [29]. Furthermore, the
increased increased impurity confinement time may lead to an ccumulation of impurity ions
in the plasma, which in turn increases radiation heat losses and dilutes the concentration of
fusion fuel in the plasma, lowering the fusion power in future fusion power plants.

A.1.2 ELMs

If the pressure gradient in the edge of an H-mode plasma and/or associated current dens-
ity (bootstrap current) grow too large, this can trigger ELM instabilities. ELMs quasi-
periodically expel particles and energy from the plasma. In between consecutive ELMs, the
pressure gradient continuously increases as a result of the improved confinement, until the
stability limit is reached again, at which point particles and energy are expelled.

An advantage of ELMy H-mode plasmas is that ELMs ameliorate the problems of uncon-
trolled density increase and impurity accumnulation which are typical during a quiescent (or
ELM-free) H-mode. However, unavoidable negative consequences of ELMs include the fact
that they deteriorate confinement, and that they cause a pulsed heat load to the divertor,
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which potentially results in unacceptable damage to the divertor, or an unacceptable reduc-
tion in lifetime of the divertor [1].

ELMs are often categorized in three different types. Type I ELMs are typically associated
with relatively low ELM frequencies, and heat loads of a large magnitude. Type II ELMs are
expected to occur at a higher frequency that Type I ELMs, but lower than type III ELMs.
The magnitude of the heat load caused by type II ELMs is expected to be lower than from
type I ELMs, but higher than from type III ELMs. Type III ELMs are associated with rel-
atively small, almost continuous heat loads [17]. In practice, type I and type III ELMs can
be distinguished based on the dependence of their frequency on heating power. The type I
ELM frequency is expected to increase with increasing heating power, while the type III ELM
frequency is expected to decrease in that case [1, 33].

A.1.3 HL-transition

After switching off the external heating, the plasma remains in H-mode for a dwell=time of the
order of the confinement time, as the plasma does not hover at the transition condition after
the LH-transition, but moves deeper into the H-mode domain. Regardless of the dwell-times,
both LH-transitions and HL-transitions occur in a distinct step—not gradual.
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