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Summary

Carbon-based fuel synthesization by making use of renewable energy is
a method of storing CO2-neutral energy in high energy density form. High-
density energy carriers are required in the heavy industry, and, therefore,
CO2-neutral carbon-based fuel synthesization is favorable for reducing CO2

emissions in this heavy industry. Carbon-based fuel synthesization can be
carried out with well-understood chemistry, however, these chemical reactions
require a steady supply of carbon monoxide. A microwave plasma reactor
is an apparatus that creates carbon monoxide from carbon dioxide, named
plasma-driven CO2 dissociation, which can supply the carbon monoxide for
CO2-neutral carbon-based fuel synthesization.

To reduce unnecessary energy losses in the process of carbon-based fuel
synthesization, plasma-driven CO2 dissociation must be optimized. The
plasma-driven CO2 dissociation is sensitive to disturbances and noise, and,
therefore, online optimization is required to optimize the plasma-driven CO2

dissociation process. This thesis provides a study of optimizing the plasma-
driven CO2 dissociation process of a microwave plasma reactor by using optimal
control. At the start of this study multiple-input extremum seeking control is
believed to be suitable for the above-mentioned optimization, since a model
of the plasma-driven CO2 dissociation process does not exist at present, and
extremum seeking control is robust with respect to disturbances and noise.

This thesis provides an open-loop experimental study which shows that
the assumptions of extremum-seeking control theory are valid. Meaning, the
equilibrium points are asymptotically stable, the objective map is convex,
and that by a correct choice of dither signal frequencies time-scale separation
is valid. As a result, extremum-seeking control can be used for optimal
plasma-driven CO2 dissociation.

This study adopts the method of using multiple-input extremum-seeking
control with output constraint handling, where the energy efficiency is max-
imized and the carbon monoxide output is chosen as the output constraint.
Simulation results show that the performance of the controller is satisfactory:
the optimal point, which is reached by the controller, has a high carbon monox-
ide output with a high energy efficiency. The trajectories converge to the
same optimal point for different initial conditions, while the input constraints
are satisfied. The average convergence rate is fast, although, the average
convergence rate depends on the sampling frequency.

An experimental study shows that the simulations are accurate and that
indeed a high carbon monoxide output with a high energy efficiency is reached
in the plasma-driven CO2 dissociation process. Furthermore, it is shown that
the average convergence rate to the optimal point can be increased 6.6 times
by using faster carbon monoxide sensing than is used at present.
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1 Introduction

Due to human-induced climate change, there is a need for renewable and CO2-neutral
energy sources. Renewable energy sources, such as wind turbines or solar panels, however,
have the problem of fluctuating energy production and therefore the need for storage of
energy. A possible way of storing the renewable energy is by using batteries, leading to
electrification. However, carbon-based fuels can be preferred over electrification in several
industries. Long-distance road transport, shipping, and aviation [21] can benefit from
carbon-based fuels, because of the low volumetric energy density and gravimetric energy
density of batteries relative to carbon-based fuels. Therefore, storing renewable energy in
the form of synthetic carbon-based fuels can help these industries to reduce their CO2

emissions.

An approach for producing synthetic carbon-based fuels is to combine the WGS (Water-
Gas Shift) reaction (CO + H2O 
 CO2 + H2) and the Fischer-Tropsch process ((2n +
1)H2 + nCO → CnH2n+2 + nH2O, n ∈ Z≥0) [3]. When these chemical reactions are
combined with CO2 dissociation, the splitting of the CO2 molecule to CO and O, carbon-
based fuels can be produced in a CO2-neutral manner (assuming the energy sources are
CO2-neutral).

The most promising technologies for CO2 dissociation are electrolysis and plasmolysis
[3]. Plasma-driven CO2 dissociation provides several advantages over other technologies.
Plasma-driven CO2 dissociation is adaptable to varying power sources, no scarce materials
are required, the process can be energetically efficient (energy efficiencies of up to 90% have
been reported [14]), and the process has a large scaling potential. A microwave plasma
reactor (MPR) is an experimental apparatus where plasma-driven CO2 dissociation takes
place. This is the experimental setup of the study reported here.

A natural next step is optimization of the plasma-driven CO2 dissociation in a MPR.
That is, a high proportion of CO must be generated with a high energy efficiency. To
achieve optimal performance optimal control is believed to be required because of the
sensitivity of the plasma-driven CO2 dissociation process to real-world disturbances and
noise. However, at present, no model of the physics of the plasma-driven CO2 dissociation
process exists, making model-based control approaches unusable. Therefore, at the start of
this study, it is hypothesized that extremum-seeking (ES) control is adequate for achieving
the above-mentioned optimization, considering the general robustness to disturbances and
noise, and the model-free approach of ES control. In the following chapters, the objective
is to provide evidence to support the above-mentioned hypothesis.

In this introductory chapter, first, the control problem is described. Second, a literature
study is provided, describing existing technologies for plasma-driven CO2 dissociation and
experimental data. Third, a motivation for ES control is presented. Fourth, the thesis
contribution is addressed and last, the outline of this study is summarized.

1.1 The microwave plasma reactor control problem

In this section, first, the general MPR system will be described, and second, a more
detailed impression will be given of the challenge of optimizing the plasma-driven CO2
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dissociation process.

1.1.1 Microwave plasma reactor system description

From a control perspective, a MPR, can be seen as an input-output system. The
inputs are electrical energy and pure CO2 gas. The electrical energy is utilized to create
electromagnetic (EM) waves which are absorbed by the CO2 molecules. These CO2

molecules become excited and a plasma is formed. In the plasma, CO and other reactants
are created and they are channeled to the exhaust. The output of the plasma reactor is
CO, CO2, and O2.

The MPR at DIFFER is shown schematically in Figure 1. Pure CO2 is injected at the
gas injection manifold, into the quartz tube. In the quartz tube, the plasma is formed
and the reactions take place. The CO2 molecules absorb EM waves from the microwave
source and the CO2 molecules get excited. When the standard formation enthalpy ∆H	f
is reached, dissociation occurs (the splitting of molecules), see (1).

CO2 → CO +
1

2
O2 ∆H	f = 2.93 eV molecule −1 (1)

After dissociation, reverse reactions take place, see [1] and [6], which reduce the net output
of CO in the exhaust of the MPR and lowers the energy efficiency of the process.

To increase the energy efficiency of the MPR the absorption of EM waves by the CO2

molecules must be maximized, which is done by several different subsystems. First, a
waveguide is connected between the microwave source and the quartz tube (mechanically
the waveguide is connected to the field applicator, see Figure 1). The waveguide is the
main metal pipe that reduces radiation loss to the environment and guides the EM waves
to the quartz tube; the place where the CO2 molecules are localized. Second, a field
applicator is used which reflects the forward traveling EM waves towards the source when
the EM waves are not absorbed by the CO2 molecules. The field applicator reduces
radiation loss to the environment and creates a standing wave in the waveguide. The
standing wave is constructed to have its maximum amplitude in the middle of the quartz
tube such that the absorption of the EM waves by the CO2 molecules is maximized. Third,
an impedance tuner is connected to the waveguide. The impedance tuner matches the
wave impedance between the plasma and the rest of the system, for maximum EM wave
absorption of the CO2 molecules and as such, EM waves which are not absorbed (even
after encountering the CO2 molecules twice) and travel towards the source are reflected
at the impedance tuner and travel back towards the quartz tube. The final component
of the setup is the circulator. Its purpose is to absorb EM waves traveling back to the
source, to prevent heating and damage to the microwave source, while, at the same time,
the circulator does allow EM waves to travel to the quartz tube.
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Figure 1: The CO2 microwave reactor, with (1) the microwave source, (2) the circulator,
(3) the impedance tuner, (4) the field applicator and the plasma, (5) the gas injection

manifold, (6) the quartz tube and (7) the waveguide [21].

1.1.2 Control problem

The performance of the plasma-driven CO2 dissociation process can be described by two
main parameters, the conversion α and the energy efficiency η. They can be computed in
the following way:

α =
xCO

xCO + xCO2

, (2)

η = α · ∆H	f
Eν

, (3)

with the mole fractions of carbon monoxide and carbon dioxide, xCO, xCO2 , respectively,
the reaction enthalpy to break the CO−O bond ∆H	f in eV molecule −1, and the average

energy per molecule Eν in eV molecule −1. The average energy per molecule can be
computed by

Eν =
6 · 104kBTc

pcqe
· Pabs

φCO2

, (4)

with the Boltzmann constant kB in J ·K−1, the electric charge of a single electron qe in
C, the constant temperature of a gas at STP (standard conditions for temperature and
pressure, defined at 273.15 K at a pressure of 105 Pa), Tc in K, the constant pressure of
a gas at STP pc in Pa, the volumetric flow rate of carbon dioxide φCO2 in slm (standard
liter per minute at STP), and the absorbed EM power of the plasma Pabs in W .

The optimization of the plasma-driven CO2 dissociation process in a MPR, mentioned in
Section 1, can now be expressed in these variables, leading to the main control objective
of this study: a high conversion and simultaneously a high energy efficiency of the CO2

dissociation process inside a MPR should be realized by affecting the control inputs.
These control inputs are: the CO2 flow, the pressure, and the absorbed power (in reality,
however, these are not the exact inputs of the system because they are influenced by
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other components of the MPR, which is described in greater detail in Chapter 2. To avoid
confusion at this stage, the above-mentioned control inputs are assumed for now).

To comprehend the challenge of increasing the conversion and the energy efficiency
simultaneously it is constructive to see how both the conversion and the energy efficiency
react to changing control inputs. The conversion can be increased by three independent
approaches [21], [3]. First, the CO2 flow can be decreased. Second, the absorbed power
can be increased. Third, the pressure can be shifted to the point where the conversion is
maximal.

The first approach (decreasing the CO2 flow) increases the conversion, but also increases
the average energy per molecule Eν , see (4). The study of [21] shows that the increase
of conversion is not substantial enough to compensate for the increased average energy
per molecule and as a result, the energy efficiency drops with decreased CO2 flow. The
second approach (increasing the absorbed power) increases the conversion and increases
the energy per molecule, however, in this case, the study in [3] shows that the conversion
increases almost linearly with the increased absorbed power and these two effects cancel
each other (approximately), such that the energy efficiency is more or less independent
of the absorbed power. The third approach (changing the pressure to the position of
maximum conversion) can increase the conversion without influencing the energy per
molecule and hence, the energy efficiency is increased accordingly.

These independent processes can be summarized as:

• Decreasing the CO2 flow φCO2: α ↑ and Eν ↑↑ ⇒ η ↓.

• Increasing the absorbed power Pabs: α ↑ and Eν ↑ ⇒ η − (approximately no
change).

• Shifting the pressure p to the point of maximal conversion: α ↑ and Eν −
(approximately no change) ⇒ η ↑.

To solve the main control objective, optimal control is believed to be necessary. However,
because of the complexity of the nonlinear relationships between the control inputs and
the control outputs, and additionally, because of the interplay between thermodynamics,
fluid mechanics, and quantum mechanics, a complete model of the system is lacking at
the time of this study. Therefore, model-based control approaches cannot achieve the
main control objective. As mentioned previously, ES control is thought to be well-suited
to achieve the main control objective, which is motivated in Section 1.3.1.

1.2 Literature overview and industrial standards

This section provides an overview of the existing literature on microwave-induced plasmas
and existing control methods used for MPRs.

The experimental study of [14], reported energy efficiencies of 90%, and triggered further
research to, first, reproduce the results of [14] and second, to improve the understanding
of the physical processes inside a microwave-induced plasma. The high efficiencies of the
experimental study of [14] were, reportedly, achieved by non-equilibrium plasma conditions
which are characterised by Te � Tv > Trot ≈ Tgas (The electron temperature Te , the
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vibrational temperature Tv, the rotational temperature Trot, the gas temperature Tgas.
Note that Tv, Trot, and Tgas relate to different forms of kinetic energy of a molecule, while
Te relates to the kinetic energy of an electron). Unfortunately, energy efficiencies of 90%
have not been reproduced. However, energy efficiencies up to 51% and conversion values
up to 80% (see [3], [9], [13]) have been documented with different experimental setups at
different pressure, CO2 flow and power settings, at different plasma configurations.

Experimental data of the MPR at DIFFER, the 2.45 GHz InitSF setup, which is the
experimental setup considered in this study, are given in [21]. Figure 2, which is a result
from the study of [21], depicts the conversion and the energy efficiency as function of
pressure at different CO2 flow settings and at an input power of 1 kW . Figure 2a shows
that there is a peak of the conversion at around 130 mbar, with a CO2 flow of 4 slm.
The conversion is overall reduced by increased CO2 flow, while at a higher CO2 flow the
conversion is less sensitive to pressure. The energy efficiency also peaks around 130 mbar,
visible in Figure 2b, although with a different value of the CO2 flow, 9 slm. The energy
efficiency overall increases by increased CO2 flow and steadily decreases by increased
pressure. These experimental findings are in line with the reasoning of Section 1.1.2.

(a) Conversion (b) Energy efficiency

Figure 2: The conversion and the energy efficiency of the CO2 dissociation process as
function of pressure, obtained at a constant input power of 1 kW and various CO2 input

flow rates [21].

Figure 2 also shows the trade-off between conversion and energy efficiency, which is
explained in Section 1.1.2. The trade-off between conversion and energy efficiency is also
found in [13]. In the study of [13], however, it is concluded that increasing the input power
and the flow in the same proportions (keeping the energy per molecule constant, (4)) gave
a simultaneous increase in both the energy efficiency and the conversion. Electron-impact
vibrational excitation (vibrational excitation of a molecule by collision with an electron)
is suggested in [13] to be responsible for the above-mentioned behavior.

In addition, the experimental results from [21] of the InitSF setup at DIFFER show
distinct stable discharge modes of the plasma (Figure 3), which are dependent on the
absorbed power of the plasma and the pressure inside the quartz tube. These discharge
modes can indicate the gas temperature and the power density of the plasma.

In [19], the economic side of the chemical fuel synthesization using MPRs for creating
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Figure 3: The mode-space diagram, which shows the occurrence of the discharge modes
as function of pressure and absorbed power [21].

CO from CO2 is investigated, and the study in [19] reports that a high conversion can
be more beneficial from an economic perspective than a high energy efficiency, since the
separation/purification cost (separation of other compounds from the CO gas) is high
when the conversion is low. In addition, the capital cost is high when the conversion is
low since the same appliances produce less end product. Their conclusion is [19, p. 6]:
”Optimization of conversion should thus be, from an economical point of view, the priority
in further research”, although optimality of separation, quenching (rapidly cooling of the
produced compounds), and favorable raw material and end product combinations would
also improve the economics.

Existing control methods used in MPRs are usually a combination of decoupled reference
tracking feedback controllers. In the studies of [20], [9], and [13] gas flow control is realized
using a reference tracking feedback controller with the gas injection point on top (axially
or tangentially) of the quartz tube and the mass flow sensor is located after the injection
point. In addition, pressure control is realized using reference tracking feedback control,
the pressure in the exhaust is measured by a pressure sensor and a pressure valve in the
exhaust is adjusted to change the pressure. Regulation of the absorbed power of the
plasma can be done by regulating the output power of the microwave source. In [9] and
[20] an impedance tuner is used that uses feedback control to maximize the absorbed
power of the plasma, whereas power sensors are applied to detect the forward and reflected
power. As a result, the output power of the microwave source is approximately the
absorbed power, which can be regulated. As a result, the pressure, the absorbed power,
and the flow can be regulated using these already stable control loops. No study could be
found where an optimal control design is used on a MPR.

1.3 Introduction to extremum-seeking control

This section, provides a motivation for the use of ES control to solve the main control
objective stated in Section 1.1.2. Additionally, a general overview of the mechanism of ES
control is provided, based on existing literature.
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1.3.1 Motivation for extremum-seeking control

Classical ES control has some important advantages. First, ES control is a model-
free approach, which is important for a difficult-to-model system. Second, its stability
properties are well understood and ES control has been applied to a very large diversity
of systems [11]. Third, extremum-seeking can be extended for output constraint handling,
called constrained extremum-seeking (CES) control [18]. Fourth, ES control is, in general,
a robust control method, which means the tendency of the controller to find the optimal
point w.r.t. a variety of different initial conditions of the system, despite of measurement
noise and other disturbances.

At present, no model of the dynamics of the MPR exists. Additionally, the plasma-driven
CO2 dissociation process inside the MPR is thought to be sensitive to disturbances
and noise. Furthermore, constraint handling could be favorable and/or required when
the optimization problem is formulated. When these properties are compared to the
advantages of ES control, it is anticipated that ES control is well-suited to solve the main
control objective introduced in Section 1.1.2. Therefore, ES control is adapted.

1.3.2 Background of extremum-seeking control

The paradigm of ES control is depicted in Figure 4. First, the definitions of the mathe-
matical variables in Figure 4 are provided and second, its mechanism is explained.

Figure 4: Extremum-seeking paradigm.

The non-linear system in Figure 4 can be mathematically represented as

Hdyn :


ẋ(t) = f(x(t),u(t))
y(t) = g(x(t),u(t))
J(t) = h(x(t),u(t))

(5)

with t ∈ R≥0 (time), x ∈ Rn (state vector), u ∈ Rm (input vector), y ∈ Rp (output vector),
J ∈ R (objective scalar), f : Rn × Rm → Rn, g : Rn × Rm → Rp, h : Rn × Rm → R.
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d(t) in Figure 4 is the dither signal vector to perturb the system, defined as d(t) =[
d1(t) d2(t) . . . dm(t)

]>
, dk(t) = ak cos (ωdkt), with ak, ωdk ∈ R>0, k = 1, 2, . . . ,m,

being the amplitude and frequency, respectively. The output of the derivative estimator
block in Figure 4 is the derivative estimate of J w.r.t u, which is g̃J ∈ Rng , where
ng =

∑N
l=0

(l+m−1)!
l!(m−1)!

and N is the highest degree of the derivatives w.r.t u. The optimizer

uses g̃J to calculate û ∈ Rm, resulting in u = d+ û.

The mechanism of ES control in Figure 4 is as follows: the input u(t) of the plant is a
sum of a periodic dither signal d(t) and the output of the optimizer û(t). As a result of
the periodicity of d(t), u(t) becomes periodic and in turn J(t) and y(t). The derivative
estimator uses the periodicity of the objective scalar J to get an estimate of the derivative
of J w.r.t. u. The estimated derivative is used by an optimization algorithm (e.g., gradient
descent, Newton’s method, etc.) to adjust the û(t) signal such that u∗ is reached, the
extremum of J . y in the closed-loop system of Figure 5 is unused.

The above described mechanism is only valid if certain assumptions are met. These
assumptions are:

Assumption 1.1. For constant u, l : Rm → Rn, x∗(t) = l(u) is an unique, asymptoti-
cally stable equilibrium, i.e. where ẋ = 0.

As a consequence of Assumption 1.1 the plant in (5) can be written as

H :


0 = f(l(u),u) = Qx(u)
y = g(l(u),u) = Qy(u)
J = h(l(u),u) = QJ(u)

(6)

for a constant u, with Qy(u) (output static map), QJ(u) (objective static map). Using
(6) the other assumptions can be stated:

Assumption 1.2. QJ : Rm → R is a convex or a concave steady-state objective map and
QJ is N + 1 times differentiable with respect to u.

Assumption 1.3. Time-scale separation is valid, meaning the optimizer is sufficiently
slow w.r.t. the derivative estimator, which in turn is sufficiently slow w.r.t. the system
dynamics.

Assumption 1.1 and Assumption 1.3 are necessary because the derivative estimator uses
the periodicity of QJ(u) (e.g., by integration) to estimate the derivatives of J w.r.t. u.
QJ(u) is periodic when Assumption 1.1 and Assumption 1.3 are met since û can be
assumed constant w.r.t. d(t), resulting in a periodic u(t) and hence, a periodic QJ(u).
Furthermore, Assumption 1.2 assures that the map QJ(u) has one global minimum or
maximum, which, together with the differentiability of the map, implies that the derivative
J w.r.t. u is only equal to 0 at the optimal point u∗. When combining Assumption 1.1,
1.2, and 1.3 the optimizer can steer û(t) to u∗, because û(t) cannot get stuck in local
extrema and the estimated derivatives are accurate.

The classical paradigm of Figure 4 can be extended to constraint handling, see Figure 5.
The DEJ , DEy blocks in Figure 5 are the derivative estimators of the objective function
J and the output vector y, respectively. The derivative estimate of J w.r.t u is g̃J ∈ Rng
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and the derivative estimate of y w.r.t u is g̃y ∈ Rng×p. The gradient estimators g̃J(t) and
g̃y(t) are used in a weighted sum, represented as the fcon block in Figure 5, to create a
gradient estimator g̃c(t) ∈ Rng which schedules between g̃J(t) and g̃y(t). The scheduled
gradient estimator g̃c is used as the input to the optimizer.

Figure 5: Constrained extremum-seeking paradigm [17].

To explain the workings of the ES controller with output constraint handling, the approach
of [17] is applied and we assume for simplicity y ∈ R and that the optimizer is a
maximization algorithm. The scheduled gradient estimator is then

g̃c(t) = g̃J(t)βy(t) + γyg̃y(t)[1− βy(t)], (7)

with the scheduling function as

βy(t) =
1

1 + exp(−y(t)+ycon
ky

)
. (8)

Here, ycon ∈ R adjusts the βy = 0.5 (−) point, ky ∈ R determines the smoothness of the
transition from βy = 0 (−) to βy = 1 (−), and γy ∈ R adjusts the balance between the g̃J
and g̃y, γy ≈ ‖g̃J‖2

‖g̃y‖2 gives the desired balance.

The mechanism is as follows: when y << ycon, βy(t) is approximately 0 and g̃c(t) is
mostly influenced by the gradient estimator of the output g̃y(t). As a result, the optimizer
maximizes y, which increases the value of y to the point where y >> ycon and βy(t) ≈ 1.
When βy(t) ≈ 1, g̃c(t) ≈ g̃J(t), which implies the classical ES control paradigm of Figure
4 and the optimizer is maximizing the objective scalar J .

1.4 Contribution of this study

This thesis provides an overview of a study in which extremum-seeking control is used to
reach an optimal point between the conversion and the energy efficiency of the plasma-

12



driven CO2 dissociation process. The considered experimental setup is the 2.45 GHz
InitSF MPR at DIFFER. No other study of optimal control applied to a MPR is known to
the author and as a result, the approach in this thesis is state-of-the-art in this particular
industry.

1.5 Outline of the thesis

The outline of this thesis is as follows. Chapter 2 provides a system description of the 2.45
GHz InitSF MPR at DIFFER. In Chapter 3, first, an open-loop experiment is performed
to investigate if the system satisfies Assumption 1.1, 1.2, and 1.3, such that ES control
can be applied, and, second, a static map of the system is created. In Chapter 4 the
optimization problem and the control objectives are presented. In Chapter 5 the structure
of the controller and the tuning procedure are provided. Chapter 6 shows a simulation
study, utilizing the designed controller. In Chapter 7, simulation results are compared to
experimental results, resulting in an estimated controller validation and last, in Chapter 8
and Chapter 9, the discussion and the conclusion are given, respectively.
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2 The microwave plasma reactor setup

The experimental setup of this study is the 2.45 GHz InitSF MPR at DIFFER, which
is described in this chapter with its sensors, actuators, and the already implemented
low-level flow and pressure feedback controllers. First, the main system description is
given. Second, actuators and feedback controllers are presented. Third, the measured
outputs are described and last, the control inputs and outputs are combined to form an
input-output system.

2.1 System description

The experimental setup is schematically depicted in Figure 6 and in Figure 7. The gray
blocks in Figure 6 indicate the main appliances: the microwave source, the circulator, the
impedance tuner, and the reaction chamber. The yellow blocks are the already existing
low-level pressure controller and low-level mass flow controller (MFC). The green blocks
are the power, pressure, and CO2 flow setpoints, and the blue blocks indicate measured
variables.

Figure 6: A block diagram of the InitSF 2.45 GHz MPR at DIFFER, with (green) the
reference/input variables, (gray) the main appliances, (yellow) the reference tracking

feedback controllers, (blue) the measured variables.
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Figure 7: A schematic of the reaction chamber of the InitSF 2.45 GHz MPR at DIFFER,
containing (a) the injection manifold, (b) the quartz tube with the plasma, (c) the field

applicator, (d) the waveguide, (e) the pressure valve [21].

The reaction chamber of Figure 6 is shown in more detail in Figure 7. Figure 7 consists
of: an injection manifold (for the injection of pure CO2 gas), a quartz tube (the place
where the CO2 molecules are injected and where the plasma is formed), a waveguide (the
main metal pipe that guides the EM waves towards the reaction chamber), and a pressure
valve (to control the pressure inside the quartz tube).

Next, the mechanism of the experimental setup is explained, followed by an overview of
the inputs and outputs.

2.1.1 Mechanism of the experimental setup

The main mechanism of the experimental setup is as follows: CO2 molecules (in gaseous
form) are injected inside the quartz tube, by the low-level MFC, using the injection
manifold, and EM waves produced by the microwave source travel through the waveguide.
These EM waves, when absorbed by the molecules inside the quartz tube, produce the
heat to form a plasma, which, therefore, is also formed in the quartz tube. Because of the
increased heat CO2 molecules are dissociated into CO, and other components, producing
a mixture of gasses. The mixture of gasses leads to a pressure inside the quartz tube,
which is controlled by the low-level pressure controller, by adjusting the pressure valve.
Located between the reaction chamber and the microwave source are the circulator and
the impedance tuner. The circulator prevents EM waves from traveling back towards the
microwave source when reflected, to prevent damage to the microwave source, and the
circulator permits EM waves to travel into the direction of the reaction chamber. The
impedance tuner maximizes the absorption of the EM waves by the molecules inside the
quartz tube, by matching the wave impedance of the source to the wave impedance of the
plasma, for maximum heat production (the wave impedance of the source is a function
of the wave impedance of the microwave source, the wave impedance of the waveguide,
and the wave impedance of the impedance tuner itself. By adjusting the wave impedance
of the impedance tuner, the impedance tuner can change the wave impedance of the
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source).

2.1.2 Overview of the inputs and the measured outputs

The inputs of the MPR, depicted in Figure 6, are the power setpoint Pms
f,ref , the pressure

setpoint pref , and the CO2 flow setpoint φCO2,ref . The pressure setpoint and the CO2

flow setpoint adjust the pressure inside the quartz tube and the amount of CO2 molecules
injected inside of the quartz tube, respectively. The pressure setpoint and the CO2 flow
setpoint are tracked by low-level reference tracking feedback controllers, which adjust a
pressure valve position Xp and four gas valves positions Xgas, such that φCO2,ref becomes
equal to ‖φCO2,out‖1 and pref becomes equal to pout. The power setpoint adjusts the
amount of output power of the microwave source Pms

f , in the form of EM waves, and since
the impedance tuner matches the wave impedance of the source to the wave impedance of
the plasma, nearly all these EM waves are absorbed by the molecules inside the quartz
tube. Therefore, the output power of the microwave source Pms

f is approximately equal to
the absorbed power of the molecules Pabs, hence Pms

f = P c
f ≈ Pabs. Here, P c

f is the output
power of the circulator and no losses inside of the circulator are assumed, i.e. Pms

f = P c
f .

As a result, the absorbed power Pabs can be changed by adjusting the power setpoint
Pms
f,ref , since the Pms

f can be adjusted by Pms
f,ref .

The measured outputs of the MPR depicted in Figure 6 are measured by the impedance
tuner, four mass flow sensors, a pressure sensor, a camera, a temperature sensor and a
mass spectrometer. The impedance tuner measures the power of the electromagnetic
waves traveling towards the reaction chamber (the forward power Pf), the power of
the electromagnetic waves traveling from the plasma towards the impedance tuner (the
reflected power Pr), the power of the electromagnetic waves absorbed by the plasma (the
absorbed power Pabs), as well as the wave impedance of the plasma Zp (which is needed
for the wave impedance matching). The mass flow sensors are measuring the mass flows
after the four gas vales φCO2,out, and the pressure sensor measures the pressure inside
the quartz tube pout. Both the mass flow sensors and the pressure sensor are used in the
closed-loop system of the low-level CO2 flow and pressure feedback controllers, respectively.
The camera is used for electron density measurements of the plasma ne, plasma emission
intensity measurements in x- and y-directions Ix,y and the gas temperature measurements
of the plasma Tgas. The gas temperature of the plasma can also be measured with the
temperature sensor. The mass spectrometer measures the mole fractions of the different
molecules in the exhaust of the reactor from which the conversion α (see (2), Section 1.1.2)
can be derived. Together with the sensor information of the CO2 flow φCO2,out , the
absorbed power Pabs, and the conversion α, the mass spectrometer can derive the energy
efficiency η and the average energy per molecule Eν , see (3) and (4) of Section 1.1.2. As a
result, the conversion and the energy efficiency can be measured and processed in real-time,
which is essential for real-time optimization of conversion and energy efficiency.

2.2 Actuators and feedback controllers

The actuators of the MPR consist of a microwave source, an impedance tuner, a pressure
valve, and four gas valves. The pressure valve is controlled by the low-level pressure
controller and the four gas valves are controlled by the low-level mass flow controller.
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The impedance tuner can be seen as an actuator and a measurement device since the
impedance tuner matches the wave impedance of the source to the wave impedance of the
plasma, and the impedance tuner measures the reflected power, the forward power, the
absorbed power, and the wave impedance.

The EM waves in the MPR are created by a Frick und Mallah MKO 1 X 2 2 kW microwave
source. The outpower Pms

f , in the form of EM waves, is adjusted by the power setpoint
Pms
f,ref with a settling time lower than 1 s. The controllable output power range is around

400 to 1550 W , which corresponds to approximately Pms
f,ref ≈ 31% and Pms

f,ref ≈ 100% (a
percentage of the total output power of the microwave source), respectively. There is
a variance of the output power of the microwave source and the variance of the output
power increases at lower power values, therefore values under the 31% are not considered
controllable.

The low-level mass flow control system can adjust the amount of (axial or tangential)
input flow of CO2 gas to the quartz tube by adjusting four gas valve positions. The
low-level mass flow control system consists of four separate TN2900 mass flow controllers,
each having a mass flow sensor and a gas valve. Each individual gas valve position Xgas

is controlled by a mass flow controller, a PID controller. The PID controller uses CO2

mass flow measures for feedback, using a mass flow sensor located after the individual
gas valve, to increase or decrease the CO2 input flow. Each mass flow controller has
an upper limit of the amount of trackable CO2 flow, and as such the total CO2 flow
setpoint φCO2,ref is divided over the four mass flow controllers such that φCO2,ref becomes

equal to ‖φCO2,out‖1, with φCO2,out =
[
φ1
CO2,out

φ2
CO2,out

φ3
CO2,out

φ4
CO2,out

]>
being

the CO2 flows after each individual gas valve. The low-level mass flow control system
has a controllable CO2 flow range of approximately 1 to 29 slm and a settling time of
approximately 1 s.

The low-level pressure control system consists of a Bronkhorst EL-PRESS P-600 pressure
controller and a GS8 series back pressure regulator. The back pressure regulator is located
at the exhaust of the quartz tube, and the back pressure regulator can adjust the amount
of output flow of the mixture of gasses that are formed inside the quartz tube. At a
higher back pressure regulator valve position Xp (more open) there is a higher output
flow, which results in a lower pressure inside of the quartz tube pout and vice versa (when
the CO2 input flow of the quartz tube remains constant). The back pressure regulator
valve position Xp is controlled by the pressure controller, a PID controller, which tracks
the pressure setpoint pref , such that pout becomes equal to pref . The low-level pressure
control system has a controllable pressure range of approximately 20 to 1000 mbar and a
settling time of, roughly, 2 s.

The absorbed power Pabs, the amount of power absorbed by the plasma in the form of
EM waves, is maximized by the impedance tuner, a Homer ISM 2.45 GHz, by matching
the wave impedance of the source to the wave impedance of the plasma Zp. The wave
impedance of the source is changed by length adjustments of three metallic rods, which
are controlled by three stepping-motors. The impedance tuner operates at a power range
of 1 to 30 kW and the reflected-to-incident power ratio is within 1%. The absorbed power
is maximized within approximately 3 s.
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2.3 Measured signals

The measured signals are determined by the impedance tuner, a camera, four mass flow
sensors, a pressure sensor, a temperature sensor, and a mass spectrometer.

The impedance tuner is the same device described in Section 2.2 above. The impedance
tuner measures the absorbed power Pabs, the forward power Pf , the reflected power Pr
and the wave impedance Zp. The maximum sampling frequency is dependant on the
sampling mode, but the maximum sampling frequency ranges from 400 to 1000 Hz.

The camera is a GigE Vision camera with a Sony ICX267 CCD sensor. The camera
measures the plasma emission intensity at a 777 nm wavelength in x- and y-direction
Ix,y, using a CCD sensor, from which the electron density of the plasma ne and the gas
temperature of the plasma Tgas can be derived. The camera has a maximum frame rate
of 17.8 fps at a resolution of 1388× 1039 pixels.

The four mass flow sensors are part of the low-level mass flow control system described
above in Section 2.2 and the four mass flow sensors measure the CO2 mass flow after
each gas valve (their are four gas valves), which are combined in the vector φCO2,out =[
φ1
CO2,out

φ2
CO2,out

φ3
CO2,out

φ4
CO2,out

]>
, where ‖φCO2,out‖1 is the total input CO2 flow

of the reaction chamber, and hence of the quartz tube. Each mass flow sensor uses two
resistors (up-and downstream) which change linearly in resistance depending on the mass
flow. The voltage difference as a result of a change in resistance is a measure of the mass
flow. No specifications of the mass flow sensors are known to the author since they are
part of the closed-loop low-level mass flow control system and they are not separately
specified.

The temperature sensor is a K-type thermocouple positioned in the exhaust gas flow.
The temperature sensor measures the electrical potential over two wires, which changes
according to the difference between a reference temperature and the measured tempera-
ture. The temperature sensor has a thermal measurement range of approximately 75 to
1600 K.

The pressure sensor measures the pressure Pout inside the quartz tube and the pressure
sensor is part of the low-level pressure control system described above in Section 2.2. No
specifications of the pressure sensor are known to the author since they are part of the
closed-loop low-level pressure control system and they are not separately specified.

The mass spectrometer is a HAL 201-RC Quadrupole. The mass spectrometer uses two
heated filaments and an electric field to produce an electron beam. These electrons are
used in collisions to produce ions that are bent by a magnetic field. The displacement of
the ions is a measure of the mass of the molecule. The mass spectrometer can derive the
mole fractions of the different compounds in the exhaust gas. From these mole fractions
the conversion can be calculated and together with the CO2 flow and the absorbed power,
the energy efficiency and the energy per molecule can calculated, see (3), (2) and (4) of
Section 1.1.2.
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2.4 Input-output system

The MPR of Figure 6 can be depicted as a nonlinear input-output system (plant) in
Figure 8. Figure 8 is considered throughout the remainder of this study, which means
that the already existing low-level flow and pressure feedback controllers are used in
the closed-loop of the ES controller. As a result, the ES controller can be seen as a
supervisory controller using the setpoints as the controllable variables. By adapting the
low-level feedback controllers in the closed-loop, minimal hardware changes are required
for the applicability of the ES controller, additionally, other research can continue when
no optimal CO2 dissociation is required.

Figure 8: Input-output system of the InitSF 2.45 GHz MPR at DIFFER.
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3 Experimental results

In Section 1.1.2, ES control was hypothesized to be well-suited to solve the main control
objective. In this chapter, first, an experimental study is performed to get a better
understanding of the conversion and the energy efficiency as function of the control inputs,
i.e., the input power Pms

f,ref , input pressure pref , and the input CO2 flow φCO2,ref , when
the system is in equilibrium, and the results of the experimental study are compared to
Assumption 1.1, 1.2, and 1.3 of Section 1.3.2, to investigate if ES control is applicable.
Second, the experimental findings are used to construct the static map. The static map is
used for tuning the parameters of the ES controller, in Section 5.2, and the static map is
used in the simulation studies in Chapter 6 and 7.

3.1 Open-loop measurements

In this section, open-loop measurements are performed on the setup described in Section 2.1,
which is treated as the nonlinear input-output system in Figure 8, to get an understanding
of the steady-state behavior of the system. The open-loop measurements are done at
predetermined values of the power setpoint Pms

f,ref , the pressure setpoint pref , and the flow
setpoint φCO2,ref . For each input setting, the conversion and the energy efficiency are
measured by the mass spectrometer, when the system is in equilibrium. To make sure
the system is in equilibrium, data was collected about 5 s after each change of input. 5 s
is long enough, preservable from the measured data, to make sure the output variables
are not changing over time, apart from random deviations. Each combination of input
settings contains more or less 10 conversion and energy efficiency data points. From
these data points the sample mean and the confidence interval of 95% are calculated (the
confidence interval is based on the t-distribution). A tangential CO2 flow injection is used
to realize turbulent flow, to increase quenching (rapidly cooling of the compounds formed
in the plasma which prevents the recombination of CO [21]), and to realize a rotational
symmetric temperature distribution of the plasma. Additionally, a brass mesh around
the quartz tube is used to reduce radiation loss to the environment and hysteresis effects
between conversion and energy efficiency are neglected for simplification.

The predetermined input settings are selected based on Figure 3. It is hypothesized that a
high conversion and a high energy efficiency could lie in between the 90 to 125 mbar range,
in the region where a transition between different discharge modes can happen, depicted in
Figure 3. Therefore, more pressure input settings are selected in this range with additional
pressure input settings for more insight. Hence, the pressure setpoint pref is chosen at
{50, 75, 90, 100, 110, 125, 150, 175, 200, 250, 300} mbar. The input settings for the power
setpoint Pms

f,ref are selected at {31, 48, 65, 82, 93}% (a percentage of the total output power
of the microwave source), corresponding approximately to an absorbed power Pabs of
{450, 700, 950, 1200, 1450} W , depicted in Figure 13(b). The input settings for the power
setpoint are again at potential transition regions between different discharge modes. The
input settings for the flow setpoint φCO2,ref are selected at {6, 8, 10, 12, 18, 24} slm. More
points are chosen at lower flow values since it is hypothesized that a high conversion
and a high energy efficiency could be found there. However, in some instances when
pref > 175 mbar, the plasma is unstable and is extinguished, turning into a regular
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mixture of gas. Additionally, pref < 75 mbar could sometimes result in instabilities or the
heating of the quartz tube, which could result in damage of the quartz tube. Consequently,
these unsuitable input settings are omitted in the measurement data.

The results of the open-loop conversion and energy efficiency measurements are depicted
below.

Figure 9: The average conversion α as function of reference power Pms
f,ref and reference

pressure pref , at different constant CO2 flow values φCO2,ref , while the system is in
equilibrium. The black bars indicate a 95% confidence interval.
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Figure 10: The average conversion α as function of (a) reference power Pms
f,ref , and (b)

reference pressure pref , at different constant CO2 flow values φCO2,ref , while the system is
in equilibrium.

Figure 11: The average energy efficiency η as function of reference power Pms
f,ref and

reference pressure pref , at different constant CO2 flow values φCO2,ref , while the system is
in equilibrium. The black bars indicate a 95% confidence interval.
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Figure 12: The average energy efficiency η as function of (a) reference power Pms
f,ref , and

(b) reference pressure pref , at different constant CO2 flow values φCO2,ref , while the
system is in equilibrium.

In Figure 9, the average conversion with a confidence interval of 95% per input setting is
visualized. The confidence intervals are in general small, which indicates that the true
conversion, with a confidence of 95%, will be in that region, which is close to the average.
As a result, the grid points are a good approximation. However, there are two input settings
((Pms

f,ref , pref , φCO2,ref) ∈ {(48%, 90 mbar, 6 slm), (48%, 110 mbar, 6 slm)}) with a higher
confidence interval width than on average, which is most probably due to measurement
faults. Figure 10 shows that the conversion increases almost linearly with increased
reference power, the conversion peaks at approximately 110 mbar and the conversion
increases with decreasing flow. The highest conversion measured is α = 0.3579 (−)
at (Pms

f,ref , pref , φCO2,ref) = (93%, 110 mbar, 6 slm). These experimental findings are in
agreement with the rationale of Section 1.1.2, assuming that the absorbed power increases
appropriately with the reference power, which is a fair assumption, see Figure 13(b).

Figure 11 is similar to Figure 9, but in Figure 11, the energy efficiency is on the z-
axis. The confidence interval widths at input settings of Pms

f,ref = 31% are higher on
average, which is most likely due to variations of the absorbed power at low power
values. Since the mass spectrometer uses the measured absorbed power, measured by
the impedance tuner (see Figure 6), and calculates the energy efficiency using (3) and
(4) of Section 1.1.2, high variations in absorbed power will lead to high variations in
energy efficiency, which is depicted as a wider 95% confidence interval in Figure 11. These
variations in absorbed power can be a result of high variations in the output power of the
microwave source at low power values. Figure 12 shows that the energy efficiency is almost
invariant w.r.t. increased reference power and the energy efficiency peaks at approximately
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125 mbar and 300 mbar, depending on the flow. Overall, the energy efficiency increases
with increased flow and the highest energy efficiency measured is η = 0.3824 (−) at
(Pms

f,ref , pref , φCO2,ref ) = (65%, 300 mbar, 24 slm). Again, the experimental findings are in
agreement with the rationale of Section 1.1.2.

To illustrate the performance of the low-level reference tracking feedback controllers,
described in Section 2.2, the averaged equilibrium points of the measured output variables
(Pabs, pout, ‖φCO2,out‖1) are depicted in Figure 13 as function of the reference setpoints
(Pms

f,ref , pref , φCO2,ref ). The same input settings are used as in Figure 9-12. In Figure
2.2(a) and Figure 2.2(c) the desired setpoints are very close to the actual output variables
and approximately invariant with respect to the other reference setpoints (decoupled).
Figure 2.2(b) shows a higher variation in absorbed power for Pms

f,ref ∈ {31, 93}%, which
can be the result of a high variation in output power of the microwave source or because of
off-diagonal dynamics (Pabs being also influenced by changes in pref and φCO2,ref ).

Figure 13: The average output equilibrium points as function of the reference inputs of
(a) pressure, (b) power, and (c) CO2 flow.

When comparing the results in Figure 9-12 with Assumption 1.1, 1.2, and 1.3 of Section
1.3.2, the following can be concluded (the following statements cannot be proven, because
the conclusions are based on measurement data). First, the conversion in Figure 9-10
and the energy efficiency in Figure 11-12 show that Assumption 1.1 is satisfied. The
equilibrium points are asymptotically stable and the equilibrium points are a function of
the constant control inputs. Second, Figure 9-12 show that the energy efficiency is concave
for pref < 200 mbar, and smooth, additionally, the conversion has no local minima and is
smooth. Hence, Assumption 1.2 is satisfied if J = η. Third, the experimental study shows
that the system is in equilibrium after 5 s. Hence, when the dither signal frequencies are
chosen appropriately Assumption 1.3 is valid. As a result of these satisfied assumptions,
the system is well-suited for the use of ES control.
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Before the static map and the ES controller can be designed, however, input constraints
need to be specified to make sure unstable or undesired regions are not reached by
the ES controller. The unstable or undesired regions are input settings where plasma
extinction or quartz tube damage can occur. The input constraints of Pms

f,ref and φCO2,ref

are chosen to be equal to the maximum and minimum values applied to the system
in the above mentioned experimental study, to avoid unpredictable behavior. Hence,
Pms
f,ref ∈ [31, 93] %, φCO2,ref ∈ [6, 24] slm. The input constraints of pref are chosen

as pref ∈ [75, 170] mbar, which is based on the aforementioned unstable regions, the
heating of the quartz tube, and the concavity of the energy efficiency for pref < 200 mbar.
A summary of the input constraints are given in Table 1.

Variable Interval
Pms
f,ref [31, 93] %

pref [75, 170] mbar
φCO2,ref [6, 24] slm

Table 1: The input constraints of the ES controller, to avoid unstable or undesired
plasma configurations.

3.2 Static map

In the previous section, ES control was found to be applicable for the system described in
Chapter 2. In this section, the construction of the static map is treated, i.e., Qy(u) (QJ(u)
will be derived from Qy(u) when the optimization problem is formulated in Chapter 4).
The static map will be used for the tuning of the control parameters in Section 5.2 and
the simulation studies in Chapter 6 and 7, so, the static map is an essential element in the
design of the ES controller. However, since the static map, by definition, does not contain
dynamics, the tuning of the dither signals can be challenging because the time-scale of
the system is unknown. To simplify the tuning of the dither signals, dynamics are added
to the static map, which will provide insight into the time-scale of the system, resulting
in an adequate choice of the dither signals.

3.2.1 Static map overview

In this section, an overview of the static map is given and a schematic of the static map is

depicted in Figure 14. In Figure 14 the reference input u =
[
Pms
f,ref pref φCO2,ref

]T
is the

input to the static map and the flow and pressure dynamics. The flow and pressure dynam-

ics changes the reference signal, resulting in the signal u∗ =
[
Pms
f,ref

∗ pref
∗ φCO2,ref

∗ ]T.
The u∗ signal is then used in the lookup-table for conversion and energy efficiency to

produce a signal containing the conversion and energy efficiency, y∗ =
[
α∗ η∗

]T
. Both

y∗ and u∗ are used as inputs to the CO sensor dynamics. The CO sensor dynamics uses
the u∗ signal, using a lookup table and a dynamical system, to change y∗ , resulting in

the output signal of the static map, y =
[
α η

]T
.

The flow and pressure dynamics, the left block in Figure 14, model the low-level pressure
and flow control systems described in Chapter 2. The flow dynamics models the low-level
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flow control system, which minimizes the error between the reference CO2 input flow
φCO2,ref and the actual CO2 input flow φCO2,ref

∗, which in reality is equal to ‖φCO2,out‖1.
The pressure dynamics models the pressure control system, which minimizes the error
between the reference pressure pref and the actual pressure pref

∗, which in reality is
equal to pout. The flow and pressure dynamics are rough approximations of the low-level
pressure and flow control systems. However, since the flow and pressure dynamics are
solely intended to provide insight into the approximate time-scales of the low-level pressure
and flow control systems, the flow and pressure dynamics are satisfactory.

The lookup table for conversion and energy efficiency, the middle block in Figure 14, is
created using the open-loop measurements of Section 3.1. The lookup table for conversion
and energy efficiency interpolates the open-loop measurement results while maintaining
smoothness.

The CO sensor dynamics, the block at right in Figure 14, models the time delay between
the gas passing through the plasma and measuring the conversion and energy efficiency
by a CO sensor, thereby providing insight into the approximate time-scale of conversion
and energy efficiency measurements. The CO sensor is modeled at a distance of 3 m
from the plasma, to ensure the gas is cooled for accurate conversion and energy efficiency
measurements. Reverse reactions of CO can change the conversion and the energy efficiency
over time. By letting the gas cool, less reverse reactions occur, reducing the change of
conversion and energy efficiency over time. The time delay of the CO sensor is the travel
time of the gas from the plasma to the CO sensor.

In the above-mentioned models, the chemical dynamics in the plasma region of the reactor
are ignored because of its low predicted time scale, << 10 ms [12]. Furthermore, sound
waves propagating in the quartz tube, which can form when changes are made in the
input CO2 flow and/or output flow, are ignored, because the pressure gradients of the
sound waves are local and since the average pressure inside the quartz tube has a greater
significance for estimating the time-scale of the low-level pressure control system.

In the following sections, first, an insight into the construction of the lookup table for
conversion and energy efficiency is provided. Second, the construction of the flow and
pressure dynamics is discussed, and last, the construction of the CO sensor dynamics is
examined.

Figure 14: Overview of the static map with added dynamics.
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3.2.2 Lookup table for conversion and energy efficiency

In this section, an insight into the construction of the lookup table for conversion and
energy efficiency, the middle block in Figure 14, is provided. The lookup table for
conversion and energy efficiency consists of two individual lookup tables, separately based
on the conversion and the energy efficiency data points of Section 3.1. The lookup tables
are constructed as follows. First, the data points of conversion and energy efficiency are
interpolated, separately, as function of reference power Pms

f,ref and reference pressure pref ,
per constant reference flow φCO2,ref , resulting in 2-dimensional surfaces for each reference
flow value. Second, the 2-dimensional surfaces of conversion and energy efficiency are
interpolated as function of reference flow φCO2,ref , resulting in two 3-dimensional maps,
one for conversion and one for energy efficiency, and both as function of the reference
power Pms

f,ref , reference pressure pref , and reference flow φCO2,ref . The two 3-dimensional
maps form the lookup table for conversion and energy efficiency, depicted as the middle
block in Figure 14.

The above mentioned 2-dimensional surfaces of conversion and of energy efficiency are
depicted in Figure 15-16 and in Figure 17-18, respectively, and Figure 19 shows interpolated
surfaces at constant CO2 flow values of {7, 15, 22} slm using the lookup table for conversion
and energy efficiency.

Figure 15: The interpolated surfaces of conversion α as function of reference power Pms
f,ref ,

reference pressure pref , at different CO2 flow values φCO2,ref . Here, the thin-plate spline
interpolation method [16] is used at each reference flow value φCO2,ref . The data points

indicate measured averaged values.

27



Figure 16: The interpolated surfaces of conversion α as function of (a) reference power
Pms
f,ref , (b) reference pressure pref . Here, the thin-plate spline interpolation method [16] is

used at each reference flow value φCO2,ref . The data points indicate measured averaged
values.

Figure 17: The interpolated surfaces of energy efficiency η as function of reference power
Pms
f,ref , reference pressure pref , at different CO2 flow values φCO2,ref . Here, a lowess

quadratic smoothing method [15] with a span of 50% is used at each reference flow value
φCO2,ref . The data points indicate measured averaged values.
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Figure 18: The interpolated surfaces of energy efficiency η as function of (a) reference
power Pms

f,ref , (b) reference pressure pref . Here, a lowess quadratic smoothing method [15]
with a span of 50% is used at each reference flow value φCO2,ref . The data points indicate

measured averaged values.

Figure 19: Interpolated surfaces, using the lookup table for conversion and energy
efficiency, of (a) the conversion α, and (b) the energy efficiency η, as function of reference
power Pms

f,ref and reference pressure pref , at φCO2,ref ∈ {7, 15, 22} slm. Here, the linear
Lagrange interpolation method [4] is used. The data points indicate measured averaged

values.

The interpolated surfaces of Figure 15-16 are created using thin-plate spline interpolation
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[16]. The interpolation is visually smooth and the average sum of squared estimate of
errors (SSE) of all the interpolation surfaces (per constant reference CO2 flow value) is
5.5325 · 10−5 (−).

The interpolated surfaces of Figure 17-18 are created using the lowess quadratic smoothing
method [15] with a span of 50%. The lowess quadratic smoothing method is chosen
over the thin-plate spline interpolation method to increase smoothness since the energy
efficiency data points have more overall variation and less smooth behavior w.r.t. the
conversion data points, which was established in Section 3.1. By recognizing that the
reduced smoothness of the energy efficiency data points w.r.t. the conversion data points
is most likely due to measurement deviations, the interpolated surfaces of the energy
efficiency are made smooth without much deviation from the actual energy efficiency,
as opposed to the measured energy efficiency. The lowess quadratic smoothing method
increases the smoothness of the surface at a cost of a higher SSE. Here, the average SSE
of all the interpolation surfaces (per constant reference CO2 flow value) is 2.4 · 10−3 (−),
which is two orders of magnitude larger than the conversion fits.

Figure 19 shows conversion and energy efficiency interpolated surfaces at {7, 15, 22} slm
using the lookup table for conversion and energy efficiency. The lookup table uses the
surfaces from Figure 17-18 and Figure 15-16 and interpolate them as function of the input
CO2 flow using the linear Lagrange interpolation method [4]. The surfaces are visually
smooth and do not contain discontinuities.

3.2.3 Flow and pressure dynamics

In this section, an insight into the construction of the flow and pressure dynamics, the
left block in Figure 14, is given. The flow dynamics and the pressure dynamics model
the low-level flow control system and the low-level pressure control system, respectively.
The flow and pressure dynamics are derived using Figure 20 below, which is a simplified
version of Figure 7 of Section 2.1. The φ∗CO2,ref

is the input CO2 flow of the quartz tube
and φ∗CO2,ref

is controlled by the low-level flow control system. The low-level pressure
control system adjusts the output flow φ2, to control the pressure p∗ref inside the quartz
tube. The differential equation describing the dynamical changes to the pressure p∗ref
w.r.t. time, is based on the ideal gas law and a constant gas temperature is assumed for
simplification. The differential equation is

dp∗ref (t)

dt
= K ·

[
φ∗CO2,ref

(t)− φ2(t)
]
. (9)

With K = RT
V

, R being the gas constant, defined as R = 8.3145 J ·mol−1 ·K−1, V the
quartz tube volume, defined as 2.53 · 10−3 m3, T the constant gas temperature, defined as
300 K, p∗ref the pressure inside the quartz tube in Pa, φ∗CO2,ref

the input CO2 flow in mol
s

,

and φ2 the output flow in mol
s

.
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Figure 20: An illustration of the pressure model, with (a) the input CO2 flow valve which
adjusts the input CO2 flow φ∗CO2,ref

(t), (b) the quartz tube, the part of the reaction
chamber containing the plasma, having pressure p∗ref , and (c) the output flow valve which

adjusts the output flow φ2.

The pressure drop at each gas valve in Figure 20 can be modeled using the Darcy–Weisbach
equation. When assuming laminar flow, the Darcy–Weisbach equation is

Q =
∆p

L
· pi

128
· D

4
c

µ
, (10)

with Q the volumetric flow rate in m3

s
, p the pressure in Pa, L the length of the valve in

m, Dc the diameter of a circular valve in m, and µ the dynamic viscosity in Pa · s.

However, when combining (10) and (9), the differential equation is non-linear (e.g., if
∆p(t) = p0 − p∗ref (t) and/or ∆p(t) = p∗ref (t)− p2, where p0 is the constant pressure above
the input CO2 flow valve, and p2 the constant pressure after the output flow valve), which
is undesirable. To avoid non-linear dynamics, for simplification, the following assumptions
are constructed

Assumption 3.1. The flow controller can regulate the flow φ∗CO2,ref
directly, irrespective

of the value of the pressure inside of the quartz tube p∗ref .

Assumption 3.2. The pressure controller can regulate the output flow φ2 directly, with
φ2 ∈ [0, φmax2 ] slm, where φmax2 = 29 slm, which is equal to the maximum value of φ∗CO2,ref

without output constraints.

As a result of Assumption 3.1, the low-level flow control system, controlling φ∗CO2,ref
, has

no dynamics. To resemble the low-level flow control system more realistically, a small
control, mechanical, and computational time delay is modeled using a first-order transfer
function. The first-order transfer function which models the low-level flow control system
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is

φ∗CO2,ref
(s) =

a

s+ a
φCO2,ref (s), (11)

with φ∗CO2,ref
being the CO2 input flow of the quartz tube, φCO2,ref the reference CO2

input flow, and a being defined such that 98% of the output is reached in time τφ, with
a step response. τφ being the control, mechanical, and computational time delay. a as
function of τφ is derived here: a step response in S-domain is defined as φCO2,ref(s) =
φCO2,ref

s
. Substituting φCO2,ref(s) =

φCO2,ref

s
in (11) gives φ∗CO2,ref

(s) = a
(s+a)s

φCO2,ref ⇒
φ∗CO2,ref

(s) = [ 1
s
− 1

s+a
]φCO2,ref , which in time-domain is φ∗CO2,ref

(t) = [ 1− e−at]φCO2,ref .
Solving for a when φ∗CO2,ref

(t) = 0.98 · φCO2,ref at time τφ, gives

a = − 1

τφ
ln (0.02). (12)

τφ is defined to be τφ = 10−4 s, representing an achievable time delay for flow control on
the MPR.

The pressure dynamics is derived in the following way. Applying the Laplace transform
on both sides of (9) and rearranging gives

p∗ref (s) = −K
s
· φ2(s) +

1

s
· p∗ref (0) +

K

s
· φ∗CO2,ref

(s). (13)

Assuming p∗ref(0) = 0, φ∗CO2,ref
(s) is a disturbance signal, and using a PI controller

to represent the pressure controller, controlling φ2(s), using Assumption 3.2, gives the
closed-loop system in Figure 21, which models the low-level pressure control system.

A PI controller is chosen as the pressure controller because a second-degree slope is
preferable, before the zero, for reasonable disturbance rejection and an increase in phase
is needed for a reduced overshoot. A high amplitude drop at high frequencies, for high-
frequency noise reduction, is unnecessary because Figure 21 is only a model to estimate
the time-scale of the low-level pressure control system. The PI controller is tuned to
have high bandwidth while having a high phase margin, to reduce overshoot. The PI
controller is tuned such that φ2 is within 0 to 29 slm, accordingly to Assumptions 3.2, at
a maximum pressure step from 170 mbar to 75 mbar, or equivalently, since the dynamics
are linear, at a step from 0 mbar to −95 mbar (here is assumed φ∗CO2,ref

= 0, and since
the PI controller is only allowed to adjust φ2 within φ2 ∈ [0, 29] slm, the PI controller
can only lower the pressure by a positive φ2, hence the step response is negative). The
pressure step from 170 mbar to 75 mbar is the maximum pressure step allowed (Table 1,
Section 3.1).
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Figure 21: Closed-loop diagram of the pressure model which models the low-level
pressure control system. The pressure controller is represented as a PI controller which
uses the back-calculation anti-windup method (magnified in the lower part of the figure).

The units of the signals are transformed to SI units before entering the loop.

To keep the controller output within the constraints according to Assumption 3.2 when
the step response is positive and/or φ∗CO2,ref

6= 0, and to avoiding integral windup (an
increasing controller output signal over time because of a larger error contribution, since
the controller output signal is limited), an anti-windup method is used, called back-
calculation. The basic mechanism is as follows. When the control output u∗ is within
the saturation limits, the PI controller with the back-calculation method resembles a
general PI controller, i.e., uKI ,sat is zero. When u∗ is outside of the saturation limit, the
difference between u and φ2 multiplied by a gain is added to the KI · e(s) signal, reducing
the contribution of KI · e(s) such that large uKI signals are avoided when the error e is
large and the φ2 signal is limited.

The PI controller has constants Kp = −2.2245 · 10−6 (−), KI = −1.8201 · 10−6 (−), and
Kb = 1 (−). The resulting open-loop has a phase margin of 70.6◦, a bandwidth of 2.32 rad

s

(meaning, the frequency where |CG| = 0 dB, with the controller C and the plant G) and
a gain margin of −∞ dB. The control constants are small because the variables in Figure
21 are converted to SI units before entering the loop.
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3.2.4 CO sensor dynamics

In this section, an insight into the construction of the CO sensor dynamics, the right block
in Figure 14, is given. The CO sensor dynamics models the time delay of conversion α
and energy efficiency η measurements, which is based on the gas travel time from the
plasma to the CO sensor. The travel time of the gas from the plasma to the CO sensor is
computed using the model in [22], as function of Pms

f,ref
∗, p∗ref , and φ∗CO2,ref

, from which
a lookup table is formed. The lookup table is constructed in the following way. First,
the gas travel times are interpolated as function of Pms

f,ref
∗ and p∗ref , per constant φ∗CO2,ref

,
using the thin-plate spline interpolation method [16], resulting in two-dimensional surfaces.
Second, the two-dimensional surfaces are interpolated as function of φ∗CO2,ref

, using the
linear Lagrange interpolation method [4], resulting in a 3-dimensional map as function
of Pms

f,ref
∗, p∗ref , and φ∗CO2,ref

. The output of the lookup table, the gas travel time, is
used to calculate the pole and the gain of a first-order transfer function, resulting in a
parameter-varying first-order transfer function. The parameter-varying first-order transfer
function is given by

[
α(s)
η(s)

]
=

[
a
s+a

0

0 a
s+a

] [
α∗(s)
η∗(s)

]
, (14)

with α, the output conversion signal of the static map; η, the output energy efficiency
signal of the static map; α∗, the output conversion signal of the lookup table for conversion
and energy efficiency, and η∗, the output energy efficiency signal of the lookup table for
conversion and energy efficiency. a is similarly defined as in the flow control system, i.e.,
98% of the output is reached in a time τCO, with a step response. τCO is the output of
the lookup table, the gas travel time, and, since τCO is a function of Pms

f,ref
∗, p∗ref , and

φ∗CO2,ref
, a becomes

a(Pms
f,ref

∗, p∗ref , φ
∗
CO2,ref

) = − 1

τCO(Pms
f,ref

∗, p∗ref , φ
∗
CO2,ref

)
ln (0.02). (15)

The input variables of a are omitted in (14) to improve readability. When the inputs of
the static map remain in the constraints of Table 1 of Section 3.1 τCO > 0, and (15) is
mathematical consistent.
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4 Optimization problem and control objectives

In the previous chapter, the results from an open-loop experiment lead to the conclusion
that ES control is applicable to the system. Accordingly, the measurement results were
used to create the static map Qy(u) and dynamics were added to Qy(u) to provide
insight into the time-scale of the system. Before the ES controller is designed, however,
the optimization problem and the control objectives are stated in this chapter. The
optimization problem and the control objectives are necessary to channel the design of the
ES controller in the appropriate direction and a priori formulation of the control objectives
is necessary for the evaluation of the performance of the ES controller (Chapter 8 and 9).
First, the optimization problem will be provided, and second, the control objectives are
stated.

4.1 Optimization problem

In this section, the optimization problem is formulated. The main goal of a MPR is
the production of CO and, consequently, a minimum conversion output of the MPR is
desirable, as mentioned in [19]. When the desired conversion is achieved, however, a
high energy efficiency is desirable. This reasoning intuitively leads to an optimization
problem: the conversion must be above some chosen threshold, which can be described by
an output constraint, and when the conversion is above the chosen threshold, the energy
efficiency should be maximized, which can be translated to a maximization of an objective
function. When translating the above intuitive optimization problem into a mathematical
framework, this gives the constrained optimization problem of

max
u

(QJ(u)) s.t. Qα(u) ≥ c, (16)

where c ∈ R, QJ(u) = Qη(u)2 and Qη(u), Qα(u) are the energy efficiency and the
conversion components of the static map Qy(u) from Section 3.2, respectively. Note that
(16) coincides with the main control objective stated in Section 1.1.2.

The reason for choosing QJ(u) = Qη(u)2 instead of QJ(u) = Qη(u) is to better balance
the gradients of Qη(u) and Qα(u). By adopting QJ(u) = Qη(u)2 in (16) the norm of

the gradient of QJ(u) becomes ‖∂Qη(u)2

∂u
‖2 = 2 · |Qη(u)| · ‖∂Qη(u)

∂u
‖2, appose to ‖∂Qη(u)

∂u
‖2,

when QJ(u) = Qη(u) is used in (16). As a result, the ratio between the gradients

when QJ(u) = Qη(u)2 is used in (16) is 2 · |Qη(u)| · ‖
∂Qη(u)

∂u
‖2

‖ ∂Qα(u)
∂u

‖2
, instead of

‖ ∂Qη(u)

∂u
‖2

‖ ∂Qα(u)
∂u

‖2
when

QJ(u) = Qη(u) is used in (16). The 2 · |Qη(u)| factor improves the balancing between the
gradients of Qη(u) and Qα(u). In Section 3.1 it was concluded that Qη(u)) is concave and
differentiable. Since the square of a concave and differentiable function remains concave
and differentiable, QJ(u) satisfies Assumption 1.2 of Section 1.3.2.

Evidently, (16) cannot be solved by ES control since output constraint handling is
required and, therefore, CES control is adopted henceforward. Using the conclusions from
Section 3.1 it is concluded that CES control can solve (16) since Assumption 1.1 is valid,
Assumption 1.3 is valid, with the correct choice of dither signal frequencies, Qα(u) is
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smooth and has no local minima, and Assumption 1.2 is valid for QJ(u) (not mentioned
in Section 3.1, but stated above).

The choice of c in (16) is based on the maximum conversion obtained from the open-loop
measurements in Section 3.1, which is α = 0.3579 (−). By choosing a c of 0.3579 (−) the
energy efficiency will not be maximized, since the optimizer will only try to steer û to a
higher conversion, which is not achievable in practice (assuming the open-loop measure-
ments are accurate). Therefore, c = 0.3 (−) is chosen, which is a high conversion where
the input û can be manipulated to achieve a maximization of the energy efficiency.

In (16) only α and η are relevant variables in the output vector of Figure 8 of Section
2.4 and, therefore, the following input and output vectors are used henceforward: input
vector

u =
[
Pms
f,ref pref φCO2,ref

]T
, (17)

and output vector

y =
[
α η

]T
. (18)

4.2 Control objectives

The previous section concluded that CES control is required for solving the constrained
optimization problem. In this section, the control objectives are specified. These are the
objectives that need to be achieved by the CES controller, and therefore influence the
design.

Control Objective 1. The optimizer should steer û to the optimal point u∗, for all
initial conditions allowed by the input constraints of Table 1 of Section 3.1, where u∗

corresponds to a solution of the constrained optimization problem of (16).

Control Objective 2. For all time t ∈ R≥0, û(t) should remain within the input
constraints of Table 1 of Section 3.1.

Control Objective 3. The average convergence rate should be 6 · T , where T is the
minimal MA filter time window of the derivative estimator defined in the optimal dither
signal frequency tuning procedure in [17].

The reason for choosing Control Objective 1 is to solve the main control objective
introduced in Section 1.1.2, which corresponds to the constrained optimization problem
of (16). Control Objective 2 is chosen to avoid unpredictable behavior, plasma extinction,
and non-concavity of the energy efficiency, mentioned in Section 3.1. Control Objective 3
is chosen to avoid long periods of unnecessary non-optimal performance and an average
convergence rate is mentioned because the convergence rate depends on the initial condition.
6 · T is a reasonable convergence rate when compared to other studies in literature, e.g.,
[17], [8].
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5 Constrained extremum seeking controller

In the previous chapter, the constrained optimization problem was formulated which led
to the conclusion that CES control is required. Additionally, the conclusion was made that
CES control satisfies all assumptions required for CES control to solve the constrained
optimization problem (assuming that the dither signal frequencies are chosen such that
Assumption 1.3 holds). In this chapter, the CES controller is designed and tuned such
that the control objectives of Section 4.2 are met. First, the individual components of the
CES controller are derived: the derivative estimator, the scheduled gradient estimator,
and the optimizer. Second, the parameters of the CES controller are tuned to fulfill the
control objectives. The notation from [17] and Section 1.3.2, and the convergence proofs
in [8] and [10] are used.

5.1 Constrained extremum seeking controller structure

5.1.1 Derivative estimator

In this section, first, the derivative estimator of J is designed, and second, the derivative
estimator of α is designed. The derivative estimators of J and α are required for the
optimizer to steer û to u∗, solving Control Objective 1. The design of the derivative
estimators is based on Figure 5 of Section 1.3.2.

To design the derivative estimator of J , first, QJ(u) is Taylor expanded using a multivariate
Taylor expansion. QJ(u) can be Taylor expanded because Assumption 1.1, 1.2 and 1.3 of
Section 1.3.2 are satisfied (assuming the dither signal frequencies are chosen such that
Assumption 1.3 is valid), concluded in Section 4.1. The multivariate Taylor expansion is
defined as, for x ∈ Rp,a ∈ Rp, f : Rp → R,

f(x) =
N∑
r=0

(
1

r!

(
m∑
k=1

(xk − ak)Dxk

)r

f(a)

)
+RN , (19)

Dr
xk

:=

(
∂

∂xk

)r
=

∂r

∂xrk
,

with ak, xk, k = 1, 2, . . . , p, being the elements of the a,x vectors, respectively, RN =
O
(
xN
)

being the higher order terms (h.o.t.) and N is the degree of the Taylor expansion.
Here, the Schwarz’s theorem [5] can be used, e.g., if N = 2 and p = 3, Dx1Dx2 = Dx2Dx1 ,
Dx1Dx3 = Dx3Dx1 , Dx2Dx3 = Dx3Dx2 .

Using (19) for f(x(t)) = QJ(û + d(t)) at x(t) = û + d(t) and using vector notation
gives

J(t) = QJ(û+ d(t)) = p>(t)Ag(û) +RN , (20)

where, RN ∈ R, and p, g(û) ∈ Rng , A ∈ Rng×ng , ng =
∑N

l=0
(l+m−1)!
l!(m−1)!

.
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Pre-multiplying (20) by a demodulation vector m(t) gives

m(t)J(t) = m(t)QJ(û+ d(t)) = m(t)p>(t)Ag(û) +m(t)RN , (21)

with m(t) =
[

1 m1(t) m2(t) . . . mng−1(t)
]>

, mk(t) = cos (ωmkt), with ωmk ∈
R>0, k = 1, 2, . . . , ng − 1.

Integrating (21) with a Moving Average (MA) filter and rearranging gives the derivative
estimator

gJ(t) = K(t)−1

ˆ t

t−T
m(τ)J(τ)dτ+e(t) = K(t)−1

ˆ t

t−T
m(τ)QJ(û+d(τ))dτ+e(t), (22)

K(t) =

ˆ t

t−T
m(τ)p>(τ)Adτ, (23)

e(t) = −K(t)−1

ˆ t

t−T
m(τ)RNdτ, (24)

K(t) ∈ Rng×ng . Assuming that by choosing the right dither signal frequencies ωdk and
demodulating signal frequencies ωmk , and the appropriate integration window T , K(t)
becomes time-independent and invertible, and, additionally, assuming that the h.o.t. are
neglectable, i.e. RN = 0, (22) can be rewritten as

g̃J(t) = K−1

ˆ t

t−T
m(τ)J(τ)dτ, (25)

with

K =

ˆ t

t−T
m(τ)p>(τ)Adτ, (26)

where g̃J(t) is an estimate of gJ(t), and g̃J(t) is the derivative estimator of J .

In order to design the derivative estimator of α the above design can be repeated for
Qα(u). The above design can be repeated for Qα(u) because Assumption 1.1 and 1.3
of Section 1.3.2 are valid (assuming the dither signal frequencies are chosen such that
Assumption 1.3 is valid), and because Qα(u) is differentiable and has no local minima,
see Section 4.1 for these conclusions.
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Repeating the above procedure for Qα(u) gives the following derivative estimators

DEJ : g̃J(t) = K−1

ˆ t

t−T
m(τ)J(τ)dτ,

DEα : g̃α(t) = K−1

ˆ t

t−T
m(τ)α(τ)dτ.

(27)

The reason for using a MA filter in (25) and (26) instead of a high/low-pass filter design
(used in general for ES control, see [11], [10]) is that a MA filter completely removes
periodic inputs (when the integration window and frequency are appropriately chosen),
while a high/low pass filter design attenuates and phase shifts the signal at specific
frequencies. Therefore, the accuracy of the derivative estimator in (25) is in general
improved.

The performance of the derivative estimator in (25) is determined by several factors.
First, Assumption 1.1 assures that the non-linear system can be written as a static map
for a constant u. However, in the derivation, using the multivariate Taylor expansion,
u(t) = û+ d(t) is used, for a constant û, and a time-dependant u(t). By designing the
dither signals such that Assumption 1.3 holds, the time-dependant u(t) is very slow w.r.t.
the dynamics of the non-linear system, which in turn results that the non-linear system
can be seen as a static map and the derivation is accurate. Furthermore, in ES control, û
is time-dependant, resulting in u(t) = û(t) + d(t). Again, by designing the dither signals
such that Assumption 1.3 holds, û(t) is slow w.r.t. d(t) and hence, û(t) can be seen as
static w.r.t d(t), making the derivation accurate. Second, since the h.o.t. in the derivative
estimator are neglected, the gradient estimate becomes less accurate when moving away
from the stationary point û, by, e.g., large amplitudes of the dither signal d(t). Third, in
order to have an accurate derivative estimator, J has to be periodic to ensure the MA
filter in (25) can extract the gradient. Since J = QJ(u) is periodic when u = û(t) + d(t)
is periodic, the amplitudes of d(t) have to be large w.r.t. û, to ensure u is periodic and in
turn J . Hence, the amplitudes of d(t) and the area around the optimal point u∗, reachable
by ES control, are lower bounded. Last, when T is decreased in (25), there is a faster
accurate estimate of g̃J with a constant û. To make sure a rapid convergence is made to
the optimal point u∗, û(t) has to change rapidly in time, which can only be accomplished
with a fast estimate of g̃J . Hence, a fast convergence rate requires a small T .

5.1.2 Scheduled gradient estimator

In this section, the scheduled gradient estimator is designed. The scheduled gradient
estimator needs to switch between the derivative estimate of J , g̃J , and the derivative
estimator of α, g̃α, such that the appropriate variable is maximized by the optimizer,
solving the constrained optimization problem of (16) and satisfying Control Objective 1.
The scheduled gradient estimator needs to switch in the following manner

• If α < c, g̃c ≈ g̃α (maximize α).

• If α ≥ c, g̃c ≈ g̃J (maximize J).
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g̃c is the derivative estimator used in the optimizer for maximization and c is defined in
Section 4.1. A large number of functions can be constructed which have the properties
above. Here, the scheduled gradient estimator based on [17] is used

g̃c(t) = g̃J(t)βα(t) + γαg̃α(t)[1− βα(t)], (28)

with the scheduling function βα as

βα(t) =
1

1 + exp(−α(t)+αc
kα

)
, (29)

with αc, kα, γα ∈ R. (29) is a function which changes form βα = 0 (−) to βα = 1 (−)
when α increases, with the smoothness of the transition, from βα = 0 (−) to βα = 1 (−),
depending on kα. The αc variable determines the βα = 0.5 (−) point, i.e. αc shifts the
function in the positive α direction if αc increases. γα can be used to better balance
the ratio between g̃J and g̃α, to avoid an imbalance between the convergence rate of the
maximisation of the constraint and the objective function in (16). Note that (28) means
that, first, the conversion α is maximized above a certain value by the optimizer, and,
afterward, the energy efficiency η, thereby giving α a higher priority.

5.1.3 Optimizer algorithm

In this section, the optimization algorithm is chosen. The optimizer is responsible for
steering û to the optimal point u∗, the optimal solution of the constrained optimization
problem of (16), and solving Control Objective 1. The gradient descent algorithm is
chosen for the optimizer to keep ng to a low value, i.e. keeping the dimensionality of
K to a minimum, and because of the concavity of QJ(u), established in Section 4.1,
the gradient descent algorithm will simplify the expressions without much performance
deterioration. To make sure the optimizer is not active when the K matrix in (27) is
singular, the optimizer is defined as

˙̂u(t) =

{
Koptg̃c(t) when t ≥ 2 · T
0 when t < 2 · T (30)

with the initial condition

û(t) = û(0) when t < 2 · T. (31)

Kopt is defined as

Kopt =

 0 k1
opt 0 0

0 0 k2
opt 0

0 0 0 k3
opt

 , (32)
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with k1
opt, k

1
opt, k

3
opt ∈ R. The initial conditions of the pressure dynamics and the flow

dynamics, described in Section 3.2.3, are set at û2(0) and û3(0), respectively, to avoid
a singularity at t = 0 of (15) at Section 3.2.4. The initial condition of the CO sensor
dynamics is set to zero, because of no sensor delay at t = 0.

As mentioned in Control Objective 2 of Section 4.2, the optimizer needs to be able to
operate within the input constraints of Table 1 of Section 3.1. Input constraints of û are
implemented using a saturation limit at the output of the optimizer, as shown in Figure 22.
To avoid integral windup (an accumulating integrator output signal over time because the
optimizer output signal is limited by the saturation limits, which could result in a large
overshoot), the integrator output û∗ is subtracted from the signal after the saturation
block û, multiplied by Kb and added to Koptg̃c(t), to avoid an excess integrator output û∗

when û is limited by the saturation block. The constant Kb in Figure 22 is equal to

Kb = diag(k1
b , k

2
b , k

3
b ), (33)

for k1
b , k

1
b , k

3
b ∈ R.

Figure 22: The optimizer with back-calculation anti-windup for input constraint handling
according to Control Objective 2.

The gradient descent algorithm only needs first-order derivatives w.r.t u, hence, the degree
of the Taylor expansion in (19) is N = 1. Combining N = 1 with (17) from Section 4.1,
i.e. u ∈ R3, leads to the following expressions

p(t) =
[

1 d1(t)
a1

d2(t)
a2

d3(t)
a3

]>
,

m(t) =
[

1 m1(t) m3(t) m3(t)
]>
,

A = diag(1, a1, a2, a3),

g̃J(t) =
[

1 D̃u1 D̃u2 D̃u3

]>
QJ(û(t)),
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g̃α(t) =
[

1 D̃u1 D̃u2 D̃u3

]>
Qα(û(t)),

K(t) =

ˆ t

t−T


1 d1(τ) d2(τ) d3(τ)

m1(τ) d1(τ)m1(τ) d2(τ)m1(τ) d3(τ)m1(τ)
m2(τ) d1(τ)m2(τ) d2(τ)m2(τ) d3(τ)m2(τ)
m3(τ) d1(τ)m3(τ) d2(τ)m3(τ) d3(τ)m3(τ)

 dτ.

The individual components of the CES controller, i.e., the derivative estimators of (27),
the scheduling gradient estimator of (28), and the optimizer of (30), are depicted in Figure
23 below.

Figure 23: The complete CES controller to solve the constrained optimization problem of
Section 4.1

The tuning variables of the CES controller are summarized as:

• Dither signal frequencies: ωd1 , ωd2 , ωd3 .

• Dither signal amplitudes: a1, a2, a3.

• Demodulation signal frequencies: ωm1 , ωm2 , ωm3 .

• MA filter time window: T .

• Parameters of the scheduling function: αc, kα, γα.

• Parameters of the optimizer: k1
opt, k

2
opt, k

3
opt, k

1
b , k

2
b , k

3
b .

The tuning variables are determined in the following section, Section 5.2.

5.2 Constrained extremum seeking parameter tuning

In this section, the parameters of the CES controller are determined such that the control
objectives of Section 4.2 are achieved. Two sets of controller parameters are given, one
set for Chapter 6 and one set for Chapter 7.
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In the controller parameter set of Chapter 6, the choice of the dither signal frequencies
is based on the dynamical systems in the static map, described in Section 3.2. In the
controller parameter set of Chapter 7 the dither signal frequencies are based on the
sampling frequency of the mass spectrometer, which is fs = 0.2 Hz. Because of the
low sampling frequency of the mass spectrometer the dither signal frequencies in the
controller parameter set of Chapter 7 need to be much smaller compared to the dither
signal frequencies in the controller parameter set of Chapter 6. Both sets are given to
compare the performance of the closed-loop when Ts << 5 s (when, e.g., a higher sampler
of conversion and energy efficiency is adopted) with the performance of the closed-loop
when Ts = 5 s, using the mass spectrometer, i.e. the current experimental setup described
in Section 2.

In the following sections, first, the parameters of the scheduling function are chosen,
second, the frequencies of the dither signals and the demodulation signals are selected,
third, the optimizer gains are appointed, and last, the amplitudes of the dither signals are
determined

5.2.1 Selection of the scheduling function parameters

In this section, the scheduling function parameters are determined. The scheduled gradient
estimator of (28) was designed such that the appropriate variable is maximized by the
optimizer to fulfill Control Objective 1. The scheduled gradient estimator needs to fulfill
the properties which were described in Section 5.1.2 and these properties can be translated
to the properties of the scheduling function βα in (29). When translating these properties
to βα, they become

• if α = c− c
20

, βα = 0.1 (−)

• if α = c+ c
20

, βα = 0.9 (−)

where c
20

means 5% of c. Using Figure 24 (see page 44), the above properties are
approximately satisfied if αc = 0.3 (−), kα = 0.007 (−). Then βα = 0.0105 (−) if
α = c − c

20
, and βα = 0.895 (−) if α = c + c

20
, with the c established in Section 4.1.

γα is determined such that γα ≈
‖
[
D̃u1 D̃u2 D̃u3

]>
QJ (û)‖2

‖
[
D̃u1 D̃u2 D̃u3

]>
Qα(û)‖2

, which is achieved with

γα = 1 (−). The 2 · |Qη(u)| factor between the gradients, described in Section 4.1, does
most of the balancing.
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Figure 24: The scheduling function (29) of Section 5.1.2 as function of α at different kα
parameters with αc = 0.3 (−). The dark red line with the red and blue dots, having

kα = 0.007 (−), is used for the scheduling function.

The selected scheduling function parameters for Chapter 6 and Chapter 7 are summarized
in Table 2 below.

Chapter 6 Chapter 7
Symbol Value Symbol Value
αc 0.25 (−) αc 0.3 (−)
kα 0.007 (−) kα 0.007 (−)
γα 1 (−) γα 1 (−)

Table 2: Table of the scheduling function parameters.

Note that, in Table 2, kα for Chapter 6 deviations from kα for Chapter 7. Later, in the
simulation study of Chapter 6, after the experimental study of Chapter 7 was performed,
kα was perceived to be too high and a ripple in the conversion caused βα to jitter between
1 and 0, resulting in minimal maximization of energy efficiency. Due to time constraints,
the experimental study could not be repeated with the better value of kα = 0.25 (−),
which would probably lead to a better energy efficiency maximization (although with a
smaller α value).

5.2.2 Selection of the demodulation and the dither signal frequencies

In this section, the dither signal frequencies, the demodulation signal frequencies, and
the derivative estimator time window are determined such that Control Objective 3 in
Section 4.2 is achieved and Assumption 1.3 of Section 1.3.2 is valid. Control Objective 3
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implies a fast average convergence rate, which requires a small derivative estimator time
window T . T determines the speed of the derivative estimation with a constant û, and
since û is changing with time in ES control, a fast average convergence rate implies a
fast-changing û(t), which can only be accurate if the derivative estimator time window
T is small, i.e. the derivative estimation is fast. In the study of [17] a procedure was
developed to choose the dither signal frequencies, the demodulation signal frequencies,
and the minimal derivative estimator time window based on the largest dither signal
frequency. Additionally, the K matrix becomes invertible and static in the procedure
of [17], making (25) well-defined. In what follows, first, the tuning procedure of [17] is
summarized, second, the procedure is applied, and last, the highest dither signal frequency
is chosen such that Assumption 1.3 of Section 1.3.2 is valid.

The aforementioned procedure form [17] is as follows: the demodulation signal frequencies
are chosen such that ωmj of the (j + 1) -th element of m(t) is equal to the highest
frequency of the harmonic contributions of the (j+ 1)− th element of the vector p(t), j =
1, 2, . . . , ng − 1. Now assume

ωdk = γkωdm

where 0 < γk < γk+1 ≤ 1, k = 1, 2, . . . ,m− 1, are the elements of the vector γ ∈ Rm×1,
and γm = 1, with m number of elements in the u vector. Now suppose the elements γk are
chosen to be rational numbers, such that 0 /∈ Ωmp(γ), then K is full rank for T = 2πδγ

ωdm
,

where δγ > 0, and δγ is the smallest common divisor of all the elements in the γ vector.
Ωmp(γ) is given as

Ωmp(γ) =
{∣∣β>γ∣∣ωdm ∈ R≥0 | β ∈ B

}
,

with B as

B =

{
β ∈ Zm×1

∣∣∣∣∣0 <
m∑
k=1

|βk| ≤ 2N

∣∣∣∣∣ βk ∈ {−2N,−(2N − 1), . . . , 2N}

}
,

N is the degree of the Taylor expansion. The optimal value γ∗ that minimizes T is than
given by

γ∗ = arg max
γ

(ωmp0(γ)) ,

where
ωmp0(γ) := min (ωmp ∈ Ωmp(γ)) .

Doing the analysis for m = 3, N = 1 gives

γ∗ =
[

1
3

2
3

1
]>
,

 ωm1

ωm2

ωm3

 =

 ωd1
ωd2
ωd3

 = γ∗ωd3 ,
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δγ = 3, T = 3 · 2π

ωd3
,

and the matrix

K =


6π
ωd3

0 0 0

0 3πa1
ωd3

0 0

0 0 3πa2
ωd3

0

0 0 0 3πa3
ωd3

 = T ·


1 0 0 0
0 a1

2
0 0

0 0 a2
2

0
0 0 0 a3

2

 ,
which is static and invertible. Note that the highest dither signal frequency is ωd3 , which
has a time period of Tωd3 . Additionally, the time window T of the derivative estimator
decreases with a larger ωd3 , hence, a fast convergence rate implies a large ωd3 .

The choice of ωd3 for Chapter 6 is based on the bandwidth of the flow and pressure dynamics,
and the CO sensor dynamics of the static map, described in Section 3.2. The bandwidth
is defined as the angular frequency at a gain of −3 dB. Note that the flow and CO sensor
dynamics represent closed-loop systems, while the closed-loop system for the pressure
dynamics is |CG|

|1+CG| , where C is the controller and G the plant which are depicted in Figure

21 of Section 3.2.3. The flow dynamics has a bandwidth of ωb
φCO2 = 3.9027 · 104 rad/s

with a phase of φφCO2 (ωb
φCO2 ) = −44.9320◦ and the pressure dynamics has a bandwidth of

ωb
p = 2.9568 rad/s with a phase of φp(ωpb ) = −62.4439◦. The bandwidth of the CO sensor

dynamics is difficult to define, because of the parameter-varying transfer function. To
have an indication of the minimal bandwidth, the minimal value of a(Pms

f,ref , pref , φCO2,ref )
is calculated inside the controllable space of the CES controller, i.e. the input constraints
of Table 1 of Section 3.1. The minimal a(Pms

f,ref , pref , φCO2,ref) is calculated over a grid
of 75 ≤ pref ≤ 170 mbar, 31 ≤ Pms

f,ref ≤ 93 %, 6 ≤ φCO2,ref ≤ 24 slm, with steps of 100
for each interval. The result is a(Pms

f,ref , pref , φCO2,ref) = 2.11 (−), leading to a minimal
bandwidth of ωb

CO = 2.1050 rad/s and a phase of φCO(ωb
CO) = −44.9320◦. The CO

sensor dynamics has the lowest bandwidth of the dynamical systems and, therefore, the
CO sensor dynamics determined the choice of ωd3 . By choosing a ωd3 which is lower
than the bandwidth of the CO sensor dynamics, the phase lag and the gain attenuation
is minimal for the CO sensor dynamics, the flow dynamics and the pressure dynamics,
satisfying Assumption 1.3 of Section 3.1. The time period at ωb

CO is 2π
ωbCO

= 2.9849 s,

rounding up above 2.9849 s gives Tωd3 = 3 s and ωd3 = 2π
3
rad/s.

The choice of ωd3 for Chapter 7 is based on the sampling frequency of the mass spectrometer,

which is fs = 0.2 Hz and ωb
CO/(2π)
fs

≈ 1.7 (−) times the bandwidth of the CO sensor
dynamics. Tωd3 ≈ 10 s is the minimal time period allowed by the Nyquist–Shannon
sampling theorem (2Ts < Tωd3 ) to avoid aliasing. However, u is not completely sinusoidal
because of the time-dependant û(t). û(t) changes the spectrum of u such that a larger
Tωd3 must be used to avoid aliasing according to the Nyquist–Shannon sampling theorem.

As a result, Tωd3 = 20 s, ωd3 = 2π
20
rad/s is chosen for Chapter 7. Evidently, Assumption

1.3 of Section 3.1 is valid because ωd3 is 20
2.9849

= 6.7 (−) times lower than the bandwidth
of the CO sensor dynamics.
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The demodulation frequencies, the dither signals frequencies, and the derivative estimator
time window for Chapter 6 and Chapter 7 are summarized in Table 3 below.

Chapter 6 Chapter 7
Symbol Value Symbol Value
ωd1

1
3
ωd3 rad/s ωd1

1
3
ωd3 rad/s

ωd2
2
3
ωd3 rad/s ωd2

2
3
ωd3 rad/s

ωd3
2π
3
rad/s ωd3

2π
20
rad/s

ωm1 ωd1 rad/s ωm1 ωd1 rad/s
ωm2 ωd2 rad/s ωm2 ωd2 rad/s
ωm3 ωd3 rad/s ωm3 ωd3 rad/s
T 9 s T 60 s

Table 3: Table of the dither signal frequencies, the demodulation signal frequencies, and
the derivative estimator time window.

5.2.3 Selection of the optimizer parameters

In this section, the optimizer gains are determined. The optimizer gains influence, mainly,
the convergence rate to the optimal point u∗ and, therefore, the optimizer gains are
important to achieve Control Objective 3. The tuning procedure of the optimizer gains
and the dither signal amplitudes are interconnected. u has to be periodic such that
the derivative estimators in (25) accurately estimate the derivatives. The periodicity of
u = û+d can be increased by lowering the optimizer gains or by increasing the amplitudes
of the dither signals.

To achieve Control Objective 3, the following tuning procedure is used. The optimizer
gains are set to reach the average convergence rate of 6 ·T for all initial conditions allowed
in Table 1 of Section 3.1, with large dither signal amplitudes, while Control Objective 2 is
met. Thereafter, the dither signal amplitudes are lowered, while avoiding transient peaks
and keeping stability. Lowering the dither signal amplitudes decreases, in general, the
convergence rate, and therefore the optimizer gains are again appropriately changed to
achieve the 6 · T average convergence rate. Afterward, the dither signals amplitudes are
decreased, again, and the above repeats itself. The anti-windup constant Kb is chosen at
Kb = I, which is the identity matrix. Kb = I reduces the overshoot without too much
overshoot reduction.

Using the described tuning procedure for Chapter 6 and Chapter 7, the values in Table 4
below are obtained.
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Chapter 6 Chapter 7
Symbol Value Symbol Value
k1
opt 975 (−) k1

opt 66 (−)

k2
opt 7800 (−) k2

opt 660 (−)

k3
opt 78 (−) k3

opt 2.2 (−)

k1
b 1 (−) k1

b 1 (−)
k2
b 1 (−) k2

b 1 (−)
k3
b 1 (−) k3

b 1 (−)

Table 4: Table of the optimizer constants.

5.2.4 Selection of the dither signal amplitudes

In this section, the dither signal amplitudes are determined. The dither signal amplitudes
ak (k = 1, 2, . . . ,m) influence the accuracy of the derivative estimators in (25). Large
dither signal amplitudes result in a large error e, (24), since in the derivative estimators
of (27) the h.o.t. of the Taylor expansion are neglected and the dither signal adds a
deviation around the û point (see (20)). More explicitly, the error scales with ā2, where
ā := max (a1, a2, . . . , am) [17]. An advantage of large dither signal amplitudes, however, is
that a large portion of QJ(u) and Qα(u) is exploited to determine the gradient, reducing
the likelihood of the controller getting stuck in local minima, if they would be present.
An other advantage of large dither signal amplitudes is a large signal-to-noise ratio of α
and J , increasing the accuracy of the derivative estimators when there are disturbances
and/or sensor noise.

Because no local minima exist in QJ(u) and Qα(u), established in Section 3.1, and because
of the low confidence interval widths found in the open-loop experiment in Section 3.1,
indicating a high signal-to-noise ratio, low dither signal amplitudes are chosen to reduce
the error around the optimal point u∗. Hence, the same tuning procedure described in
Section 5.2.4 is used for Chapter 6 and Chapter 7, and the values are summarized in
Table 5.

Chapter 6 Chapter 7
Symbol Value Symbol Value
a1 6.2% a1 6.2%
a2 11.3333 mbar a2 11.3333 mbar
a3 1.6 slm a3 1.0435 slm

Table 5: Table of the dither signal amplitudes.

48



6 Simulation study

In this chapter, a simulation study is performed to investigate the performance of the
CES controller, designed in Chapter 5, when the frequencies of the dither signals are not
limited by the sampling frequency of the mass spectrometer. Instead, the dither signal
frequencies are based on the dynamical systems in the static map of Section 3.2. First,
the simulation parameters are discussed, and second, the results are provided.

6.1 Simulation parameters

In this section, the simulation parameters are provided. The simulation in this chapter
is performed in Matlab/Simulink, in discrete-time. A discrete model is constructed to
avoid rebuilding the model again from continuous-time to discrete-time for Chapter 7.
Zero-order hold discretization is used for the dynamical systems in the static map and the
optimizer, which are the continuous dynamical systems of the simulation study. Zero-order
hold discretization is done in the following way, a continuous-time system of the form

d

dt
x(t) = Ax(t) +Bu(t), x(0) = x0,

y(t) = Cx(t) +Du(t),
(34)

with t ∈ R≥0 (time), x ∈ Rn (state vector), u ∈ Rm (input vector), y ∈ Rp (output vector)
and matrices A ∈ Rn×n, B ∈ Rn×m, C ∈ Rp×n, D ∈ Rp×m, is discretized using

x((k + 1)Ts) = G(Ts)x(kTs) +H(Ts)u(kTs), x(0) = x0,

y(kTs) = Cx(kTs) +Du(kTs),
(35)

with G(Ts) = eATs , H(Ts) =
´ Ts

0
eAλdλB, k ∈ Z≥0, and Ts the sampling time.

Additionally, the MA filter integral in the derivative estimators of (27), i.e.,

y(t) =

ˆ t

t−T
u(τ)dτ, (36)

is discretized using

y(t) =
n−1∑
i=0

z−iu(t)Ts, (37)

with n = T
Ts

. The constant sampling time period in the simulation study is Ts = 0.01 s,
which is 500 times smaller than the sampling time of the mass spectrometer. The
Dormand–Prince method [7] is chosen as the discrete fixed-step numerical method for
solving the ordinary differential equations (ODEs) and the parameters of the CES controller
are given in the Chapter 6 column of Table 2, 3, 4, 5 in Section 5.2. Three different
initial conditions are used in the simulation to get a better indication of the average
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convergence rate and Control Objective 1. The initial conditions are defined as in (31)

and they are û(0) =
[

31% 170 mbar 10 slm
]>

, û(0) =
[

93% 75 mbar 6 slm
]>

,

û(0) =
[

62% 122.5 mbar 15 slm
]>

.

6.2 Simulation results

The simulation results are depicted in Figure 25-27 below, each with a different initial
condition. On the left side of each figure the trajectories over time are depicted, i.e. the
input vector (17) and the output vector (18). On the right side the scheduling function of
(29), the estimated first-order derivatives w.r.t. u of (27) and the estimated first-order
derivatives w.r.t. u of (28) are depicted as function of time. The red line in the figures
indicates the point where the optimizer becomes active.

In each figure a relatively large conversion ripple is noticeable. The conversion ripple
starts in Figure 25 at approximately 50 s, in Figure 26 at approximately 0 s, and in Figure
27 at approximately 30 s. The conversion ripple is most likely due to a large sensitivity of
the conversion as function of the input CO2 flow and the input power; the input pressure
dependence is less sensitive, which can also be observed from the open-loop measurements
in Section 3.1. The energy efficiency, however, is less sensitive w.r.t. changing control
inputs, which can also be seen in Section 3.1, and the energy efficiency is relatively smooth
w.r.t the conversion. The gradient g̃c, which is used by the optimizer and is a function
of g̃α and g̃J , shows that the trajectories converge to an approximate constant point
(constant over time), hence, g̃c ≈ 0. The approximate points in time where g̃c ≈ 0 are
t ≈ 100 s in Figure 25, t ≈ 40 s in Figure 26 and t ≈ 80 s in Figure 27. Each figure shows
that that βα becomes approximately 1 at these aforementioned time periods. However, a
fast-changing βα remains due to the aforementioned conversion ripple. Before T = 18 s
(before the red dotted line), in each figure, the gradients are extensive because the K
matrix of (26) is not yet invertible.

Comparing Figure 25-27 shows that the trajectories for all three initial conditions con-
verge to the same optimal point u∗, which, after analysing is found to be equal to u∗ =[

86.4362% 119.5038 mbar 6.0096 slm
]>

, resulting in y∗ =
[

0.3250 (−) 0.3044 (−)
]>

for all three initial conditions (obtained by simulating for 2000 s and taking the sample
mean of the last 50 s of the trajectory of û). Hence, the sample standard deviations of
u∗ and y∗ over all three initial conditions are both equal to 0. The convergence rate is
approximately 82 s in Figure 25, approximately 22 s in Figure 26, and approximately
62 s in Figure 27, which is averaged 55.33 s (measured from the time when the optimizer
becomes active, i.e. the red dotted line). The convergence rate is mostly influenced by
Pms
f,ref , since the dither signal amplitude a1 could not be exceedingly high because of

the evidently 100% input limit and because Pms
f,ref is perturbed by the lowest frequency

dither signal, ωd1 , resulting in a slow g̃u1α , g̃u1J . The û(t) signal, for all t ∈ R≥0 and

for all three initial conditions, stays within P̂ms
f,ref ∈ [31, 93]%, p̂ref ∈ [75, 170] mbar,

φ̂CO2,ref ∈ [6, 15] slm.
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Figure 25: Simulation results of the CES controller with an initial condition of

û(0) =
[

31% 170 mbar 10 slm
]>

, containing (1) the input power Pms
f,ref , (2) the

input pressure pref , (3) the input CO2 flow φCO2,ref , (4) the conversion α, (5) the energy
efficiency η, (6) the scheduling function βα, (7) the estimated gradient of the objective
map g̃J , (8) the estimated gradient of the conversion map g̃α, and (9) the scheduled

estimated gradient g̃c. The red dotted line indicates the starting point of the optimizer.
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Figure 26: Simulation results of the CES controller with an initial condition of

û(0) =
[

93% 75 mbar 6 slm
]>

, containing (1) the input power Pms
f,ref , (2) the input

pressure pref , (3) the input CO2 flow φCO2,ref , (4) the conversion α, (5) the energy
efficiency η, (6) the scheduling function βα, (7) the estimated gradient of the objective
map g̃J , (8) the estimated gradient of the conversion map g̃α, and (9) the scheduled

estimated gradient g̃c. The red dotted line indicates the starting point of the optimizer.
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Figure 27: Simulation results of the CES controller with an initial condition of

û(0) =
[

62% 122.5 mbar 15 slm
]>

, containing (1) the input power Pms
f,ref , (2) the

input pressure pref , (3) the input CO2 flow φCO2,ref , (4) the conversion α, (5) the energy
efficiency η, (6) the scheduling function βα, (7) the estimated gradient of the objective
map g̃J , (8) the estimated gradient of the conversion map g̃α, and (9) the scheduled

estimated gradient g̃c . The red dotted line indicates the starting point of the optimizer.
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7 Estimated controller validation

This chapter describes an experimental study which is performed using the 2.45 GHz InitSF
MPR at DIFFER, the experimental setup described in Chapter 2. The measurement
results are compared to a stimulation study, different from the one reported in Chapter 6,
to compare the accuracy of the static map from Section 3.2.

Four different measurements are performed. In the first three, the u signal, provided from
a simulation study, is used as the input signal of the MPR, each having a different initial
condition. The fourth measurement is performed around an area of the optimal point u∗,
where u∗, again, follows from a simulation study. The fourth measurement gives insight
into what conversion and energy efficiency can be reached in the area around u∗.

In the following sections, first, the measurement method of the experiment is addressed,
and, second, the measurement results are provided.

7.1 Measurement method

In this section, the experimental procedure is discussed. The experiment is performed
without an implemented CES controller. A completely new software system would be
needed and be adapted for a controller implementation, which, however, would result
in a substantial time delay of this study. Instead of controller implementation, the u
signal, which follows from a simulation study, is used as the input to the MPR. The
simulation study is performed using the parameters of CES controller in the Chapter 7
column of Table 2, 3, 4, 5 of Section 5.2. Similar to the simulation study in Chapter 6, a
discrete fixed-step numerical ODE solver is used, but in this chapter, the Euler method
[2] is used. The continuous dynamics from the optimizer is discretized using (35) and
the continuous MA filter is discretized using (37). The dynamical systems in the static
map are omitted in the simulation study of this chapter because the dynamical systems
are neglectable, since the dither signal frequencies are at least 20

2.9849
= 6.7 (−) times

smaller than the bandwidth of the CO sensor dynamics, which in turn is smaller than the
bandwidth of the flow and pressure dynamics. The constant sampling time period used in
this simulation study is Ts = 5 s, which is equivalent to the sampling time period of the
mass spectrometer.

Four measurements are performed. The first three use the u trajectory which follows
from the simulation study, each with a different initial condition. The initial conditions
are equivalent to the initial conditions of the simulation study from Chapter 6, i.e.,

û(0) =
[

31% 170 mbar 10 slm
]>

, û(0) =
[

93% 75 mbar 6 slm
]>

, and û(0) =[
62% 122.5 mbar 15 slm

]>
.

The fourth measurement is performed around an area of the optimal point u∗, to get
a more detailed picture of what conversion and energy efficiency can be reached at
u∗. u∗ is the sample mean of all the optimal points per initial condition found in the

simulation study, u∗ =
[
ū∗1 ū∗2 ū∗3

]>
=
[

92.8032% 114.3911 mbar 6.3640 slm
]>

,
where ū∗n = 1

3
[u∗n | u1(0)+u∗n | u2(0)+u∗n | u3(0)], n = 1, 2, 3. u∗n | uj(0) means the first

n component of the u∗ vector given the j-th initial condition. Each u∗ | uj(0), j = 1, 2, 3,
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is obtained by simulating for 5000 s and taking the sample mean of the last 2000 s
of the trajectory of û. For the fourth experiment the input settings around the area
of u∗ are Pms

f,ref ∈ {85, 88.75, 92.5, 96.25, 100}%, pref ∈ {100, 105, 110, 115, 120} mbar,
φCO2,ref ∈ {6, 7, 8, 9, 10} slm.

Considering that the measurements are done manually, with no implemented controller,
no fast-changing u can be used as input to the MPR. Alternatively, for each input
setting approximately 10 conversion and energy efficiency data points are collected, when
the system is in equilibrium. To make sure the system is in equilibrium, the data is
collected approximately 5 s after each change of the input settings. 5 s is long enough,
perceivable from the measured data, to make sure the output variables are not changing
over time, apart from random deviations. The sample mean and the 95% confidence
interval are calculated (the confidence interval is based on the t-distribution) from these
10 conversion and energy efficiency data points, similar to the measurement procedure
of Section 3.1. Consequently, the measurement results of Section 7.2.1 are presented per
input setting (measurement point), not as function of time. The results are obtained
with a tangential CO2 flow injection, to increase quenching, and to realize a rotational
symmetric temperature distribution of the plasma, and, furthermore, hysteresis effects
between conversion and energy efficiency are neglected for simplification. In contrast
with Section 3.1, in this experimental study no brass mesh around the quartz tube is
used.

7.2 Simulation and measurement results

In this section, first, simulation and measurement results are given of the first three mea-
surements, and second, measurement results of the fourth measurement are provided.

7.2.1 Comparison of simulation and measurement results

The simulated and measured results are depicted in Figure 28-30 below, each having a
different initial condition. On the left side of each figure the trajectories per input setting
(measurement point) of the input vector (17) are depicted, which are identical for both
the simulation study and the experimental study. On the right side of each figure the
conversion α and the energy efficiency η are shown for both the simulation study and
the experimental study; for the experimental study these are the sample mean values.
The 95% confidence interval per measurement point is visualized as a black bar and the
red dotted line is the start of the optimizer of the CES controller. For the simulated
results, the x-axis in each figure can be converted to time by multiplying the value of the
measurement point by the sampling time of the simulation, which is 5 s.

Due to an error in the measurement of the forward power, Pf in Figure 6 of Section 2.1,
some measured conversion and energy efficiency data points are missing from Figure 28-30.
These omitted points are at measurement point {51, 52, 58, 62, 65} (−) in Figure 28,
and at measurement point {11, 22, 23, 33, 38} (−) in Figure 30. Measurement points

{3, 4} (−) in Figure 29 are missing because at u =
[

96% 72.8 mbar 4.9796 slm
]>

and u =
[

92.8% 70.5 mbar 6.0418 slm
]>

, quartz tube heating began, which could
result in damage or destruction of the quartz tube.
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The simulation results in Figure 28-30 show the following. The convergence rate is
approximately 500 s in Figure 28, approximately 200 s in Figure 29, and approximately
400 s in Figure 30, which is 366.67 s on average. The û(t) signal, for all t ∈ R≥0 and for all

three initial conditions, stays within P̂ms
f,ref ∈ [31, 93]%, p̂ref ∈ [75, 170] mbar, φ̂CO2,ref ∈

[6, 15] slm. The sample mean of the optimal point u∗ is stated in Section 7.1 and y∗ =[
ȳ∗1 ȳ∗2

]>
=
[

0.3349 (−) 0.3044 (−)
]>

(equivalently obtained as for u∗ in Section
7.1, although with the y signal). The sample standard deviation of u∗ and y∗ are su∗ =[
su∗1 su∗2 su∗3

]>
=
[

0.0074% 0.0281 mbar 0.0004 slm
]>

and sy∗ =
[
sy∗1 sy∗2

]>
=[

0.5774 · 10−4 (−) 0 (−)
]>

, respectively. su∗n =
√

1
N−1

∑N
i=1 (u∗n | ui(0)− ū∗n)2, N =

3, n = 1, 2, 3 and sy∗n , n = 1, 2, are equivalently obtained as for su∗n , although with the y
signal.

Comparing the simulation results with the measured results in Figure 28, shows that the
simulated conversion follows the measured conversion reasonably well within the 95%
confidence intervals, although, at higher measured conversion values, after measurement
point 64 (−), the simulated conversion is estimated at a lower value. The simulated energy
efficiency is in general lower than the measured energy efficiency over all measurement
points. The accuracy of the simulated conversion and energy efficiency w.r.t. the
measured conversion and energy efficiency can be quantified using the sample mean
errors ēα = 1

N

∑N
i=1 |αidata − αisim| and ēη = 1

N

∑N
i=1 |ηidata − ηisim|, for N number of

measurement points and αidata, η
i
data are the sample means per measurement point i of

the measured conversion and the measured energy efficiency, respectively, and αisim, η
i
sim

are the simulated conversion and the simulated energy efficiency at measurement point i,
respectively. For Figure 28, ēα = 0.0108 (−) and ēη = 0.0204 (−), over all measurement
points. Figure 29 shows approximately the same behavior. At high measured conversion
values, after measurement point 0 (−), the simulated conversion is lower than the measured
conversion and the simulated energy efficiency is lower, in general, than the measured
energy efficiency over all measurement points, which is also visible from the sample mean
errors, ēα = 0.0246 (−) and ēη = 0.0268 (−), over all measurement points. However,
in contrast to the measured energy efficiency in Figure 28, in Figure 29 an oscillatory
behavior is perceived in the measured energy efficiency after approximately measurement
point 35 (−). This oscillatory behavior of the measured energy efficiency is only slightly
followed by the simulated energy efficiency. The results in Figure 30 show, again, that
the simulated conversion follows the general pattern of the measured conversion and the
simulated energy efficiency is, in general, lower than the measured energy efficiency over
all measurement points. The sample means errors in Figure 30 are ēα = 0.0147 (−) and
ēη = 0.0268 (−), over all measurement points.

The measured data has a sample mean value y∗ =
[
ȳ∗1 ȳ∗2

]>
for all three initial conditions

of y∗ =
[

0.3382 (−) 0.3271 (−)
]>

. This value was obtained by taking the sample mean
of y from measurement point 100 (−) to 144 (−) in Figure 28, from measurement point
40 (−) to 89 (−) in Figure 29, and from measurement point 80 (−) to 89 (−) in Figure 30
and averaging the sample means. The sample standard deviation of the measured y∗ for

all three initial conditions is sy∗ =
[
sy∗1 sy∗2

]>
=
[

0.0124 (−) 0.0053 (−)
]>

.
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Figure 28: A comparison between the results of a simulation study and an experimental

study with an initial condition of û(0) =
[

31% 170 mbar 10 slm
]>

while the system
is in equilibrium, showing (1) the input power Pms

f,ref , (2) the input pressure pref , (3) the
input CO2 flow φCO2,ref , (4) the simulated conversion and the measured average

conversion, (5) the simulated energy efficiency and the measured average energy efficiency.
The black bars indicate the 95% confidence interval and the red dotted line indicates the

starting point of the optimizer.
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Figure 29: A comparison between the results of a simulation study and an experimental

study with an initial condition of û(0) =
[

93% 75 mbar 6 slm
]>

while the system is
in equilibrium, showing (1) the input power Pms

f,ref , (2) the input pressure pref , (3) the
input CO2 flow φCO2,ref , (4) the simulated conversion and the measured average

conversion, (5) the simulated energy efficiency and the measured average energy efficiency.
The black bars indicate the 95% confidence interval and the red dotted line indicates the

starting point of the optimizer.
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Figure 30: A comparison between the results of a simulation study and an experimental

study with an initial condition of û(0) =
[

62% 122.5 mbar 15 slm
]>

while the
system is in equilibrium, showing (1) the input power Pms

f,ref , (2) the input pressure pref ,
(3) the input CO2 flow φCO2,ref , (4) the simulated conversion and the measured average
conversion, (5) the simulated energy efficiency and the measured average energy efficiency.
The black bars indicate the 95% confidence interval and the red dotted line indicates the

starting point of the optimizer.

7.2.2 Obtained optimum

The results of the measurements around the optimal point u∗, reached in the simulation
study, are provided in Figure 31-34. In Figure 31, the sample mean of the conversion is
displayed as function of the input power Pms

f,ref and the input pressure pref , per constant
input CO2 flow φCO2,ref . In Figure 32, the sample mean of the conversion is depicted as
function of the input power Pms

f,ref and the input pressure pref separately, and, again, per
constant input CO2 flow φCO2,ref . The black bars in Figure 31 are the 95% confidence
intervals per measurement point which are omitted in Figure 32 for clarity. Figure 33
and 34 are equivalent to Figure 31 and 32, respectively, although the z-axis contains the
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energy efficiency.

Figure 31 shows that the confidence interval widths are larger on average compared to
Figure 9 of Section 3.1. The larger confidence interval widths are mainly due to fewer data
points per input setting, and of a variance which is 3 orders of magnitude larger w.r.t the
measurements in Figure 9. The average confidence interval width of all the conversion data
points in Figure 31 is 0.0156 (−), on both sides, compared to 0.0057 (−), on both sides, for
the measurements in Figure 9. Figure 32 shows a high sensitivity of the conversion w.r.t
the input CO2 flow, similar to Figure 9 and the average conversion of all the conversion
points is α = 0.2896 (−). The highest conversion value found is α = 0.3998 (−) with an

energy efficiency of η = 0.3279 (−) at u =
[

100% 105 mbar 6 slm
]>

.

In Figure 33, the average confidence interval width of all the energy efficiency data points is
0.0177 (−), on both sides, compared to 0.0030 (−), on both sides, for Figure 11 of Section
3.1. As also stated above, this is probably due to fewer data points per input setting and
a higher variance. Figure 34 shows that the energy efficiency is at its highest with a CO2

input flow value of 10 slm, which is in contradiction with the highest conversion, which
is at a CO2 input flow value of 6 slm. The average energy efficiency of all the energy
efficiency points is η = 0.3328 (−). The highest energy efficiency value is η = 0.3715 (−)

with a conversion of α = 0.2293 (−) at u =
[

85% 115 mbar 10 slm
]>

.

The measured optimal point u∗, according to the constrained optimization problem

of (16) of Section 4.1, is u∗ =
[

96.25% 100 mbar 8 slm
]>

, which reaches y∗ =[
0.3209 (−) 0.3622 (−)

]>
.

Figure 31: The average conversion α as function of reference power Pms
f,ref and reference

pressure pref , at different constant CO2 flow values φCO2,ref , while the system is in
equilibrium. The black bars indicate a 95% confidence interval.
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Figure 32: The average conversion α as function of (1) reference power Pms
f,ref , and (2)

reference pressure pref , at different constant CO2 flow values φCO2,ref , while the system is
in equilibrium.

Figure 33: The average energy efficiency η as function of reference power Pms
f,ref and

reference pressure pref , at different constant CO2 flow values φCO2,ref , while the system is
in equilibrium. The black bars indicate a 95% confidence interval.
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Figure 34: The average energy efficiency η as function of (1) reference power Pms
f,ref , and

(2) reference pressure pref , at different constant CO2 flow values φCO2,ref , while the
system is in equilibrium.
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8 Discussion

The performance of the CES controller, for solving the control objectives, was investigated
in Chapter 6 and 7.

The simulation results in Section 7.2.1 show the following. First, y∗ is in concordance
with the constrained optimization problem (16) of Section 4.1, and, additionally, as is
shown by the sample standard deviation sy∗ , which has a maximum order of magnitude
of −4 for its elements, approximately the same y∗ is achieved for each initial condition.
Indicating that Control Objective 1 could be satisfied (since it is no proof for all initial
conditions no stronger statement can be made). Second, û, for all t ∈ R≥0 and for all
three initial conditions, stays within the input constraints of Table 1 of Section 3.1, which
is in accordance with Control Objective 2. Third, the average convergence rate for all
three initial conditions is 366.67 s, which is substantial and a direct result of the low
frequencies of the dither signals which is, in turn, a direct result of the low sampling
frequency of the mass spectrometer. However, 366.67

60
= 6.1112 · T is very close to 6 · T and,

hence, it can be concluded that Control Objective 3 is met.

When comparing the simulation results with the measured results in Section 7.2.1, it
appears that the sample mean error for the conversion is lower than the sample mean
error for the energy efficiency, leading to the conclusion that the simulated conversion
is more accurate relative to the simulated energy efficiency. At y∗ the measured energy
efficiency is approximately 7% higher than the energy efficiency in the simulation, while
the measured conversion is only 1% higher, compared to the simulated conversion. This
difference can be explained by the lack of a brass mesh around the quartz tube, which was
used in Section 3.1, or by the higher average SSE of the energy efficiency interpolation
described in Section 3.2.2. When considering that a maximum error of ēα = 0.0246 (−) is
found for the conversion and a maximum error of ēη = 0.0268 (−) is found for the energy
efficiency, which are both low, it can be concluded that the lookup table for conversion
and energy efficiency (in the simulation study of Section 7.2.1 no dynamics are present
in the static map, only the lookup table for conversion and energy efficiency is present)
is accurate, which strengthens the hypothesis that the CES controller meets the control
objectives. However, Section 7.2.1 does not give definite evidence for the performance
of the CES controller, because the performance of the CES controller in the presence of
sensor noise and disturbances is not examined, since the u signal from a simulation was
used as input to the MPR. The optimal measured conversion and energy efficiency found
in Section 7.2.2 are higher than the measured conversion and energy efficiency at y∗ in
Section 7.2.1. Because of the perturbing dither signals, however, this value is difficult to
reach with ES control when a fast convergence rate is mandatory. Great accuracy would
require small dither signal amplitudes, leading to small optimizer gains, which, in turn,
result in a slow convergence rate.

When comparing the experimental findings in Section 7.2.1 with the experimental findings
in [21], the results do approximately agree. In [21], the optimal point, according to the
constrained optimization problem (16) of Section 4.1, is found to be at approximately
150 mbar, 6 slm at an input power of 1 kW (≈ 70%), reaching a conversion of around
0.31 (−) and an energy efficiency of around 0.33 (−). This optimal point is near the values
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reported in Section 7.2.1. Most of the experimental results in [21], however, were obtained
using a different input values, which makes a direct comparison challenging. The results
in [3], while having a similar experimental configuration compared to the experimental
configuration in Chapter 7, show a maximum conversion and energy efficiency of α = 0.22,
η = 0.38, at approximately 150 mbar, 14 slm at an input power of 1 kW (≈ 70%). These
findings do not agree, however, again, a direct comparison is challenging since the results
in [3] have different input values. Questionable measurement accuracy can also be a reason
for the disagreement between the findings in [3] and Section 7.2.1.

In the simulation study of Chapter 6, the highest dither signal frequency is chosen to
be below the bandwidth of the CO sensor dynamics as well as below the bandwidth of
the flow and pressure dynamics. As a result, the contribution of the dynamical systems
in the static map to y is modest. Therefore, the lookup table for conversion and energy
efficiency mostly influences the performance of the CES controller in Chapter 6, which
was demonstrated in Section 7.2.1 to be accurate when compared to the measured data. It
follows that the simulation study of Chapter 6, as well as the simulation study in Chapter
7, can be seen as reasonably accurate. In Chapter 6, the achieved optimal point y∗ and the
sample standard deviation sy∗ make a strong case for the fulfillment of Control Objective
1, since the conversion and the energy efficiency are above 0.3 (−), which is a solution
to the constrained optimization problem in (16), and the sample standard deviation is
equal to 0, indicating that the same y∗ is achieved for each initial condition (again, it is
no proof for all initial conditions, hence, no stronger statement can be made). The input
signal û remains within the input constraints of Table 1 of Section 3.1 for all time and
for all three initial conditions, fulfilling Control Objective 2. The average convergence
rate achieved in Chapter 6 is 55.33

9
= 6.1478 · T , which is in the neighbourhood of 6 · T ,

achieving Control Objective 3.

An important point in connection with the accuracy of the simulation study in Chapter
6 is that the dither signals are responsible for deviations around the input constraints
of Table 1 of Section 3.1. Too much deviation from the input constraints of Table 1
would lower the bandwidth of the CO sensor dynamics, which could lead to invalidity of
Assumption 1.3 of Section 1.3.2, making ES control unsuitable. Because the bandwidth of
the CO sensor dynamics increases when the pressure decreases, based on the model of [22],
and since u∗ is not located at the highest pressure allowed in Table 1 it is not an issue.
Nevertheless, initial conditions outside and on the boundary of the input constraints of
Table 1 should be avoided. Additional initial conditions that should be avoided are in
the interval of pref < 81 mbar with Pms

f,ref > 90%, since Section 7.2.1 shows that this
input combination could cause quartz tube heating. Quartz tube heating, however, is not
necessarily a concern if the controller steers u away from this interval in a short time, i.e.,
below approximately 5 s to 10 s.

Considering the absence of a controller implementation in this study, the above-discussed
simulation results are of great importance to demonstrate the functioning of the CES
controller. The simulations in Chapter 6 and Chapter 7 are only accurate, however, when
the dither signals are chosen appropriately. In cases of excessive dither signal frequencies,
the system cannot be considered static and hence, the assumptions obligatory for ES
control, Assumption 1.1, 1.2, and 1.3 of Section 1.3.2, would no longer hold. Since the
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dither signal frequencies in this study are chosen based on the dynamics in the static map,
the dynamics in the static map are of great importance. When the dynamical systems
of the static map were constructed, several assumptions were used that determine the
accuracy. First, although assumptions 3.1 and 3.2 simplify the flow and pressure dynamics
they are not physical and only a reasonable approximation if the pressure difference ∆p
is constant (if the pressure on one side of the valve is much larger w.r.t the pressure on
the other side) or the valve area is large w.r.t ∆p (see (10) of Section 3.2.3). However,
even then the valve area needs to be changed by an actuator, to influence the flow rate,
which adds additional dynamics. Also, in (10) laminar flow is assumed, which may not
be the case at high flow rates and/or when changes are made to the position of the flow
valve. Second, chemical delays are ignored. Although they are hypothesized to be fast,
<< 10 ms [12], additional experiments must be performed to support this hypothesis.
Last, sound waves propagating in the quartz tube are ignored in Section 3.2. However,
sound waves could have an effect on the conversion and the energy efficiency at low
time-scales, although this is unknown at present.

The experimental results in this study are based on a calibration method that was later
found to be inaccurate at high input pressures and low input power values. Because this
was only recognized at a late stage of this study, it was not feasible any more, due to time
constraints, to take into account the new calibration method. Therefore, the findings of
this study may differ from future experimental results. Be that as it may, the evidence
which supports the functioning of the CES controller would only be slightly affected,
owing to the robustness of ES control.
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9 Conclusion and recommendations

This final chapter will, first, summarize and conclude this study, and last, recommend
different possible directions for further research.

9.1 Conclusion

The aim of this study is to verify the hypothesis that ES control could fulfill the main
control objective: a high conversion and simultaneously a high energy efficiency of the
CO2 dissociation process inside a MPR must be achieved by affecting the control inputs:
the microwave power, the pressure inside the vessel, and the CO2 flow. An open-loop
experimental study shows that the system satisfies the underlying assumptions necessary
for ES control to be usable. Meaning, the equilibrium points are asymptotically stable,
the objective map is convex, and that by a correct choice of dither signal frequencies
time-scale separation is valid. Therefore, ES control can be used for fulfilling the main
control objective.

After the main control objective is formulated as a constrained optimization problem and a
CES controller is designed to solve the constrained optimization problem, the performance
of the CES controller is examined in two simulation studies, both with different CES
controller parameters. Both simulation studies show that the output signal of the CES
controller is steered to the optimal point for all three initial conditions within the inputs
constraints, and additionally, the average convergence rate is fast, although, this depends
on the sampling frequency. As result, it can be concluded that the CES controller solves
the main control objective, with satisfactory performance, when certain initial conditions
are avoided. However, the results of the simulation studies need to be interpreted with
care since the dither signal frequencies are chosen based on models that represent the
time-scale of the system.

The experimental results, which are obtained by using the input signal from a simulation
as input to the system instead of a controller implementation, are comparable to those
reported in the literature, although higher energy efficiencies are found in some studies.
Experimental results, when compared with simulation results, show that the lookup table
for conversion and energy efficiency is underestimating the achievable conversion and
energy efficiency, possibly due to interpolation errors, although, on average, the accuracy
is high. Experimental results around the optimal point which follows from a simulation
study, show that a higher conversion and energy efficiency is achievable, but this is difficult
to achieve when a fast convergence rate is mandatory.

9.2 Recommendations

In the current configuration of the 2.45 GHz InitSF MPR at DIFFER the sampling time
of conversion and energy efficiency measurements is Ts = 5 s. In the simulation study
of Section 7.2.1, this same sampling time is used, resulting in an average convergence
rate that is 366.67

55.33
= 6.627 (−) times slower than the average convergence rate achieved

in Chapter 6, where a higher sampling frequency was used. When assuming that the
dynamical systems in the static map are accurate, i.e. they accurately represent the time
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scale of the MPR, the convergence rate can be increased 6.627 (−) times by using faster
sampling. This is an easy and cost-effective method of improving the current experimental
setup. To investigate if the dynamical systems in the static map are accurate, system
identification methods can be used.

A different approach to increase the convergence rate would be to enlarge the bandwidth
of the pressure control system and the CO sensor dynamics (a higher bandwidth of the
CO sensor dynamics is not equivalent to a higher sampling frequency, since the bandwidth
of the CO sensor dynamics determines the time-scale of accurate conversion and energy
efficiency measurements and a higher sampling frequency means more conversion and
energy efficiency data points per unit of time). Decreasing the time for accurate CO
measurements can be done by, e.g., an infrared absorption measurement of CO, which
can be done in milliseconds [12]. Increasing the bandwidth of the pressure control system
is more difficult, since it is fundamentally limited by the input CO2 flow. The input CO2

flow must be low to achieve a high conversion, leading to an increasing time-scale of
the pressure control system. A larger pressure valve area could increase the output flow,
reducing the time-scale of the pressure control system when a pressure drop is required.
However, a slow pressure rise at a low CO2 flow would remain.

Another possibility would be to investigate which conversion and energy efficiency can
be achieved at high CO2 flows (higher than used in this study). A high CO2 flow would
increase the bandwidth of the pressure control system which, in turn, could lead to a
faster convergence rate to the optimal point when, in addition, fast sensing would be used.
Exploiting high pressures (higher than used in this study) could also be interesting. It
could lead to the use of low performing and cheaper vacuum systems, and a reduction
of the energy consumption of the pressure regulation system. Exploiting hysteresis of
conversion and energy efficiency could also be an option, although there is currently no
evidence supporting that a high conversion and a high energy efficiency could be achieved
in this way.

A more radical approach would be to avoid using the already existing feedback controllers.
Using open-loop control for the pressure and the CO2 flow would still result in an
asymptotically stable system, satisfying Assumption 1.1 of Section 1.3.2. However, this
may be a poor proposition. By using open-loop control for pressure regulation, the valve
would be at a position such that the steady-state pressure would become equal to the
reference pressure. However, since the valve position can be more open in the time that
the pressure reaches the steady-state pressure, it will only lower the time-scale when
compared to closed-loop control of the pressure. Open-loop control can be made more
accurate for the flow control system by making the pressure difference before and after
the valve neglectable, by having a high pressure at the CO2 reservoir. In addition, a large
valve area could reduce this error.

A final recommendation would be to consider the use of a thermal sensor, measuring the
quartz tube temperature, in combination with ES control for improved safety. When an
excessive quartz tube temperature would be measured a safety control system could take
over, reducing the plasma radius and lowering the quartz tube temperature. Alternatively,
the safety control system could, e.g., adaptively change the saturation limits of the
optimizer of the CES controller, thereby avoiding the heating at a later time.

67



Appendices

A The designed CES controller

B The parameters of the CES controller

Chapter 6 Chapter 7
Symbol Value Symbol Value
αc 0.25 (−) αc 0.3 (−)
kα 0.007 (−) kα 0.007 (−)
γα 1 (−) γα 1 (−)
ωd1

1
3
ωd3 rad/s ωd1

1
3
ωd3 rad/s

ωd2
2
3
ωd3 rad/s ωd2

2
3
ωd3 rad/s

ωd3
2π
3
rad/s ωd3

2π
20
rad/s

ωm1 ωd1 rad/s ωm1 ωd1 rad/s
ωm2 ωd2 rad/s ωm2 ωd2 rad/s
ωm3 ωd3 rad/s ωm3 ωd3 rad/s
T 9 s T 60 s
k1
opt 975 (−) k1

opt 66 (−)

k2
opt 7800 (−) k2

opt 660 (−)

k3
opt 78 (−) k3

opt 2.2 (−)

k1
b 1 (−) k1

b 1 (−)
k2
b 1 (−) k2

b 1 (−)
k3
b 1 (−) k3

b 1 (−)
a1 6.2% a1 6.2%
a2 11.3333 mbar a2 11.3333 mbar
a3 1.6 slm a3 1.0435 slm
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