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Abstract

An Open Source Computational Framework for Uncertainty Quantification of Plasma
Chemistry Models

by

Shadi Zaheri Sarabi

Master of Science in Mechanical Engineering

University of California, Merced

Assistant Professor Venkattraman Ayyaswamy, Chair

The current thesis deals with the development of a computational framework for performing
plasma chemistry simulations and their uncertainty quantification analysis by suitably com-
bining and extending existing open source computational tools. A plasma chemistry solver
is implemented in the OpenFOAM C++ solver suite. The OpenFOAM plasma chemistry
application solves the species conservation equations and the electron energy equation by
accounting suitably for various production and loss terms based on the provided reaction
set. The OpenFOAM solver is initially used to study a simple two-reaction zero-dimensional
argon plasma with one ionization reaction and one recombination reaction. The results are
verified by comparing with ZDPlaskin (an existing plasma chemistry solver that is restricted
to zero-dimensional simulations). The influence of a 5 % uncertainty on the rate constants
is quantified and it is shown that the ionization reaction affects the entire time history
whereas the recombination reaction only affects long-time behavior and steady state values
of the species number densities. The OpenFOAM solver is then applied to a carbon dioxide
dielectric barrier discharge plasma relevant to greenhouse gas reforming. The filamentary
nature of dielectric barrier discharge plasmas is modeled by assuming a triangular pulse
(pulse width of several nanoseconds) for power input followed by an afterglow period with
zero input power. A reduced chemistry set comprising of 9 species and 17 reactions is used
to obtain the time history of species number densities and electron temperature for various
peak input power, initial electron number density, and time step and the results are verified
using previously published work. A formal sensitivity analysis is performed by interfacing
the OpenFOAM solver to DAKOTA (an open source framework for uncertainty quantifica-
tion). The contribution of each reaction in determining the number density of a particular
species is quantified by computing the ratio of standard deviation to mean for an uncertainty
of 20 % for each reaction rate coefficient. The interplay predicted by the automated compu-
tational framework is along expected lines thereby demonstrating the feasibility of utilizing
it for problems involving a more complex chemistry set.
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Chapter 1

Introduction

1.1 Background and Motivation

Global warming is considered to be one of the major environmental concerns that humankind
is facing [3] today. Carbon dioxide (CO2) contributes largely to the global climate change
since it is being one of the main greenhouse gases that makes up the composition of am-
bient atmosphere. CO2 is one of the main contributors to the rising global temperature
through the absorption and re-emission of infrared radiation. CO2 is an important heat-
trapping (greenhouse) gas, which is released through human activities such as deforestation
and burning fossil fuels, as well as natural processes such as respiration and volcanic erup-
tions. Figure 1.1 shows the measured atmospheric CO2 levels at MaunaLoa Observatory,
Hawaii, in recent years, with average seasonal cycle removed. The second graph (1.2) shows
CO2 levels during the last three glacial cycles, as reconstructed from ice cores. The time
series below shows global distribution and variation of the concentration of mid-tropospheric
carbon dioxide in parts per million (ppm). The data taken from ”Global Climate Change”
website shows the atmospheric carbon dioxide level from the glacial cycles as a function of
time. As it is evident from the graphs, the CO2 levels continue to increase and for this reason
attention has been gotten to reduce the effect of that in different ways. The International
Panel on Climate Change (IPCC) predicted that atmospheric CO2 levels could reach up
to 590 ppm by 2100 and the global mean temperature would rise by 1.9 ◦ C [4]. There-
fore, the impact of greenhouse gases will be global and serious in many different ways and
will contributed to events such as ice melting at the Earth’s poles, fast rising sea-level and
increasing precipitation across the globe [5] apart from the occurrence of extreme-weather
events. Energy generation by fossil fuel combustion dominates CO2 emission. Therefore it
is imperative that we resort to renewable energy resources that will not only mitigate the
effect of global warming but also meet the increasing energy demand.
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Figure 1.1: Atmospheric CO2 levels measured, obtained from climate NASA

Figure 1.2: Global distribution and variation of the concentration of mid-tropospheric carbon
dioxide in parts per million (ppm) obtained from NASA climate change report

How the global warming effect can be decreased?

In principle, there are at least three possible routes to reducing the amount of CO2 in the
atmosphere, including[5]:

• direct reduction of CO2 emission

• CO2 capture and storage (CCS)

• and CO2 utilization

with each of these methods described briefly in the following sections.
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Reducing CO2 Emission

With regards to reducing CO2 emissions, possible options include prevention of the forma-
tion of greenhouse gases, sequestration and degradation. Separation and sequestration of
CO2 are nearterm goals for the reduction of emissions. For degradation, the intrinsic inert
nature of greenhouse gases makes activation a difficult task, thereby requiring elevated tem-
peratures and/or pressure. Despite the increasing utilization efficiency of fossil fuels, lower
CO2 emissions remains challenging and is compounded by the increasing population and
demand for high quality of life. Better fuel efficiency (in power production, transportation,
and other areas) can be considered a midterm goal. An acceptable longterm goal for re-
ducing emissions is using alternate power sources such as nuclear, solar, and wind power.
Since separation and sequestration are shortterm goals, they are critical and have received
the attention of researchers [6].

CO2 capture and storage

The capture and storage of CO2 is also gaining attention as an option for limiting CO2

emissions from the use of fossil fuels. CO2 capture is premised on the safe long-term storage
of CO2 in geological formations. Naturally occurring CO2 is used for enhanced oil recovery
in the USA, Trinidad, Turkey, Hungary, Brazil and Croatia. Industrially produced CO2

has been used for enhanced oil recovery at the Rangely field in Colorado, USA since 1986
and at the Weyburn field in Saskatchewan, Canada since 2000. Large-scale CO2 storage
in geological formations to avoid CO2 emissions was first undertaken offshore in Norway
in 1996 and onshore in Algeria in 2004. The cost of CO2 capture from low concentration
industrial sources varies with a number of factors, but will certainly be very much higher
than the recovery of naturallyoccurring CO2. Adequate knowledge exists in the oil and gas
industry for the application of CO2 capture and storage. Widespread implementation of
fully-integrated CO2 value chains will nonetheless depend on achieving public acceptance
and regulatory approval for CO2 storage, cost reduction for CO2 capture and sufficient
economic incentives for the key actors involved [7]. Unfortunately, the capacity of capture
and storage technology is also limited due to the environmental risk of leakage and the energy
requirement for gas compression and transportation [5].

CO2 Utilization

A promising alternative approach for addressing this problem is to capture and convert
the produced CO2 into value-added chemicals. Apart from capturing and storing CO2, it
could also be processed further as the primary step of a recycling procedure. By using this
approach it would be converted into products such as chemicals and fuels. In this way CO2

can effectively be converted into new feed stock for chemical industries and renewable fuels by
using cradle-to-cradle technology [8]. By means of this route, it can be utilized for favorable
purposes rather than being treated as an undesirable byproduct of the combustion process.
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However, the techniques developed in order to treat CO2 are challenging to put into practice
and the necessary conditions are not easy to provide. Researchers and establishments are
participating in the quest to discover innovative techniques for CO2 conversion [5].

During the past decade, there has been a growing emphasis on several alternative (non-
conventional) technologies, such as photo chemical, electrochemical and photo-catalytic path-
ways and all their possible combinations [9, 10]. In the long run, artificial photosynthesis,
photo catalytic conversion of CO2 using solar energy is a very attractive route for the trans-
formation of CO2 [11]. The interest in this area of research has grown rapidly with sev-
eral examples which demonstrated photoelectrical reduction of CO2 to organic compounds
starting from the 1970s [12]. More recently, the growth has been tremendous and could
be attributed to the promoting effect of advanced technologies (e.g. nano-technology and
advanced characterization) on the development of novel photocatalysts.

Another new technology considered to have great potential in recent years is based on
non-thermal (low-temperature) plasma [13]. Several options are being investigated, includ-
ing both pure CO2 splitting into CO and O2 [14] as well as the reaction with other gases,
such as CH4 (dry reforming of methane) [15], H2 [16], or H2O [17], aiming for the produc-
tion of syngas and valuable oxygenates, such as methanol,formaldehyde and formic acid. A
significant fraction of research on plasma-assisted CO2 conversion is performed using dielec-
tric barrier discharges (DBD) [2, 18], microwave (MW) plasmas [15, 16, 19], and gliding arc
(GA) discharges [20, 21]. The focus is on improving the energy efficiency of the conversion,
as well as the selectivity towards value-added chemicals, in combination with catalysis. To
date, the highest energy efficiency has been reported using the GA and MW set-up, with
values up to 43% [22, 23, 14] for the GA and up to 90% [23, 24] for the MW plasma. The
energy efficiency of a DBD is more limited (typically up to 10 %),[25] but can be improved
by inserting packing inside the plasma [2] and the latter also allows the integration of a cat-
alyst, for the selective production of value-added chemicals. Dielectric-barrier discharges, or
simply barrier discharges, have been known for more than a century. This was demonstrated
many years ago for the large-scale production of Ozone[26]. First experimental investiga-
tions were reported by Siemens[27] in 1857. They concentrated on the generation of ozone.
This was achieved by subjecting a flow of oxygen or air to the influence of a dielectric-barrier
discharge maintained in a narrow annular gap between two coaxial glass tubes by an alternat-
ing electric field of sufficient amplitude. The novel feature of this discharge apparatus was,
that the electrodes were positioned outside the discharge chamber and were not in contact
with the plasma. [28] Dielectric Barrier discharges happens when an AC volatge is applied
to one or both electrodes covered with a dielectric material. Dielectric barrier discharges
(DBDs) are gaining increasing interest for environmental applications such as the conversion
of greenhouse gases into value-added chemicals[28] Indeed, DBDs are characterized by highly
energetic electrons, whereas the gas itself remains at room temperature or slightly higher.
The electrons collide with the gas atoms and molecules, resulting in ionization, dissociation
and excitation, thereby creating ions, radicals and excited species, which can react to form
new molecules. This enables reactions that would not occur thermodynamically at room
temperature, such as the conversion of inert molecules like greenhouse gases.
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Optimizing the plasma-assisted conversion of CO2 requires a significantly better under-
standing of the underlying processes involved and the role of computational plasma science
cannot be stressed enough. When suitably combined with experimental data, numerical
analyses of plasma systems can potentially accelerate the deployment of plasma-assisted
conversion technologies for greenhouse gases. Before proceeding to outline the specific goals
and objectives of the current thesis, the following sections provide the necessary plasma
science and engineering background relevant to this work.

1.2 Fourth State of Matter: Plasma

The term plasma (potentially confused with blood plasma but has no relation to it) is used to
refer to ionized gas. Plasma is often referred to as the fourth state of matter since providing
energy to a gas results in a plasma (just like providing energy to solid produces a liquid and
providing energy to liquid produces gas) [29]. In terms of composition, plasmas comprise of
free charged particles, electronically/vibrationally excited species and highly reactive radicals
but remains electrically neutral (no net free charge). Interestingly, a significant fraction of
the universe exists in plasma state (earth being an exception). Space plasmas (including
stars) are classified as equilibrium, fully-ionized (no neutral species) plasmas in which the
electron temperature (mean energy of electrons) Te is equal to the ion temperature (mean
energy of ions) Tion. Apart from naturally existing plasmas, plasmas can also be produced in
laboratories using various techniques. Laboratory plasmas can fall under the broad categories
of thermal (equilibrium) and non-thermal (non-equilibrium) plasmas and for the most part
are not fully ionized (definitely contain neutral species).

Thermal laboratory plasmas involve the use of high power plasma generators to trigger
significant ionization and associated reactions at high temperatures. The applied power is
absorbed by all plasma particles almost identically, giving an equally high temperature for
electrons and heavy particles (Te = Th ≈ 10000 K) thereby leading to the formation of a
plasma in thermal equilibrium [30]. Here Te and Th refer to electron and heavy particle
temperature respectively. Thermal plasma are mostly generated at atmospheric and higher
pressure conditions. The two main characteristics of thermal plasmas are a very high energy
density, and the production of a large number of variety of active species, which leads to
numerous industrial applications for thermal plasmas. The high energy density of thermal
plasma produces a high temperature energy source which is used in a variety of industrial
applications such as plasma cutting, welding, deposition, melting, refining, waste treatment,
vaporizing, spraying, arc furnaces and many other high temperature applications. Thermal
plasma is also used as a source of chemically active species in plasma chemical synthesis and
to produce high-purity materials [29, 31, 8]. Non-thermal plasma, also known as cold plasma,
is a non-equilibrium plasma, in which the energy is delivered primarily to the electrons
instead of increasing the kinetic energy of gas atoms and molecules. Thus, the gas remains
cold (relative to thermal plasmas) whilst the electrons gain high energy and temperature
(Te) ∼ 10000 K. The heavy particles in the gas discharge have temperatures (Th) ranging
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from 300 K to about 1000 K (Te >> Th). The energetic electrons are primarily responsible
for initiating the chemical reactions in low-temperature plasmas [32].

Non-equilibrium plasma processing technology is vitally important to several of the
largest manufacturing industries in the world. Plasma-based surface processes are indis-
pensable for manufacturing the very large scale integrated circuits used by the electronics
industry. Such processes are also critical for the aerospace, automotive, steel, bio-medical,
and toxic waste management industries. Since plasmas are conductive and respond to electric
and magnetic fields and can be efficient sources of radiation, they are also used in numerous
applications where such control is needed or when special sources of energy or radiation
are required. Chemically reactive plasma discharges are widely used to modify the surface
properties of materials [8]. Plasmas can accelerate particular reactions and initiate a method
that can efficiently provide the necessary conditions for a dissociation process. For example,
it is known that CO2 dissociation in microwave plasmas proceeds through electron-impact
reactions that increase the vibrational energy level of the CO2 molecules eventually leading
to dissociation at bulk temperatures where traditional dissociation would be unimaginable.

Plasmas are typically described by parameters including electron temperature, degree of
ionization, and plasma density (number density of electrons). The degree of ionization is
the measure of the proportion of how many atoms in the gas have lost an electron. Plasmas
characteristics can vary based on what percentage of the gas has become ionized

degreeofionization =
ni

ng + ne
(1.1)

where, ni is the ion number density, ne is the electron number density, and ng is the back-
ground gas density. The magnitudes of each of these parameters plays a major role in the
classification of plasmas. Weakly-ionized plasmas typically have densities of charged par-
ticles being much lower than the number density of the background gas ne � ng. If the
partially ionized gas or ”plasma gas” has an extremely low plasma density (number of free
electrons per unit volume) then the substance will still behave like a gas. However, even a
degree of ionization is only 1% , the substance will develop new characteristics such as a high
conductivity and magnetic field responses. Weakly-ionized plasmas are usually electrically
driven and the electrons are not in thermal equilibrium with ions [8].

1.3 Plasma Chemistry

Energy Distribution of Electrons

The rich chemistry of plasmas is direct consequence of electrons and their energies. Elec-
trons that possess energy greater than a threshold value can trigger chemical reactions with
comparable activation energy. While the electron temperature is a measure of the mean
energy of the electrons (much like the gas temperature is a measure of the random velocity
of the atoms/molecules), the distribution of electron energies is an important parameter for
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plasma chemistry. This distribution of electron energies is referred to as the electron energy
distribution function (EEDF) and is defined as the fraction of electrons that possess a certain
amount of energy. There are many different ways to describe the EEDF, such as MAxwellian,
Druyvesteyn function. Since rate and the transport coefficient for electron impact reactions
highly depends on EEDF, so the choice of method for solving it, plays an important role in
plasma modeling.

Under equilibrium conditions, the EEDF is said to be Maxwellian and is given by the
expression

ge(ε) =
√
ε

ε
K∗Te (1.2)

Here, ε is the electron energy, in electron Volt,K ∗ Te is the product of the Boltzmann’s con-
stant and thermodynamic temperature. The equilibrium EEDF is achieved when there are
sufficient electron-electron collisions which is only possible at high enough plasma densities.
While any kind of collision drives the EEDF towards Maxwellian, collisions between heavy
particles and electrons are known to be inefficient in terms of energy transfer and therefore
are not sufficient for achieving Maxwellian EEDF. In fact, the hallmark of low-temperature
weakly-ionized plasmas that are relevant to the current work is non-Maxwellian EEDFs that
demonstration significant deviation from the equilibrium Maxwellian EEDF. The EEDF is
governed by the Boltzmann equation that describes the motion of particles at the microscopic
level by accounting for their motion, acceleration due to any external fields and collisions.

A completely kinetic description of plasmas requires the use of stochastic simulations such
as particle-in-cell with Monte Carlo collisions (PIC-MCC) in one, two or three dimensions
depending on the nature of the problem. However, in many cases, low-temperature plasma
simulations utilize information from zero-dimensional solutions to the Boltzmann equation
as will be described in detail in a subsequent section.

Chemical Kinetics

An exhaustive list of reactions and corresponding reaction rates represent and important
input parameter to plasma chemistry simulations. The reaction rate typically depends on the
temperature (electron temperature for electron-impact reactions) and is commonly described
by an Arrhenius form given by

k(Te) = AT s
−Ei
eKBTe

(1.3)

where A is a constant pre-factor that depends on the reaction, kB is the Boltzmann’s constant
with a value of 1.38×10−23 J/K, Te is the electron temperature.

CO2 Plasma Chemistry

The plasma-chemical process of carbon dioxide decomposition, can be shown by this sum-
marized formula:

CO2 + C −−→ 1

2
CO,∆H = 2.9eV/mol (1.4)
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This process is extremely endothermic, and it has the enthalpy which is approximately
equal to the energy required to produce hydrogen from water.

The total carbon-dioxide decomposition, starts and limits by CO2 dissociation process.

CO2 + C −−→ CO + O,∆H = 5.5 eV/mol (1.5)

and then O will be converted into O2 by means of either recombination with another oxy-
gen atom or will be removed from CO2 molecule through the reaction with other CO2

molecule [29].
From the researching which have been done by Givotov, Rusanov, and Fridamne(1982,

1984, 1985b), CO2 dissociation in plasma has been gained increasing attentions for the
fallowing reasons:

1. The dissociation is an important process in CO2 lasers

2. it can be simulated by vibrational excitation with high energy efficiency

3. CO2 decomposition can be considered a model of a more complicated process of re-
duction pf metals from their oxides and halogenides

4. the fourth reason is related to the vast range of industrial applications for the decom-
position, such as treatment of power plant exhausts, synthesis of new transnational
fuels, and even probably the most interesting one, producing fuel in Mars, where the
atmosphere consists dominant amount of CO2.

An other advantages can be the conversion of CO generated through reaction 1.5 to Hydrogen
without spending additional energy for the thermo catalytic shift reaction:

CO + H2O −−→ CO2 + H2,∆H = −0.4eV/mol (1.6)

[29]
Therefore, combining reactions 1.4with 1.6 results in the two-stage cycle of hydrogen

production from water, which is special interest of the hydrogen energy approach. [29]

1.4 Research Goals and Objectives

The current thesis makes a contribution in computational plasma chemistry with specific
emphasis on modeling plasma-assisted conversion of CO2 using a DBD. As emphasized ear-
lier, modeling plays a crucial role in obtaining a better understanding of the underlying
mechanisms of the process thereby enabling suitable optimization. However, one of the
most significant challenges in the general area of plasma chemistry (and more specifically
one that involves a polyatomic molecule such as CO2) is the lack of knowledge of possible
reaction pathways and associated collision cross sections or rate constants. For example,
cross sections for electron-impact reactions are only available for simple molecules and in



CHAPTER 1. INTRODUCTION 9

many cases are based on old experimental data and suitable extrapolation. Also, for other
reactions involving heavy particles, the rate constants are typically based on knowledge of
similar reactions. As a result, cross section and reaction rate coefficients that are invalid
for the given operating conditions end up being used simply because of the lack of a bet-
ter alternative. With the advancement of fundamental computational tools including those
based on quantum chemistry calculations, there is a possibility to obtain extremely accurate
cross section information for the reactions that are of interest to us. For example, density
functional theory (DFT) is capable of providing highly accurate inter-molecular potentials
that can then be used to obtain accurate collision cross sections and in turn accurate rate
constants. Quantum-mechanically calibrated inter-molecular potentials are already available
for collisions between certain species and the database is constantly growing. However, it
is worth mentioning that such approaches are computationally intensive and may not be
feasible to determine rate constants for a large number of reactions. If one could identify
the most important/sensitive reactions for a given application, high fidelity approaches can
be used to fine-tune the rate constants of only the important reactions. While this can be
achieved, to a certain degree, by intuition, a formal approach to characterize the various in-
teractions will greatly benefit our ability to perform accurate plasma chemistry simulations.
In the current work, we resort to statistical approaches to enable identify the most sensitive
reactions from a given reaction set.

In this regard, the overarching goal of this thesis is the development of a computational
framework (using open source tools to the maximum possible extent) to enable sensitiv-
ity analysis and uncertainty quantification on plasma chemistry models. We utilize argon
and CO2 plasmas as representative examples to demonstrate the capabilities of the newly
developed framework. The specific objectives of the current thesis include

• Implementing a plasma chemistry module in the OpenFOAM solver suite by extending
the existing chemistry model and thermodynamics to include electron temperature and
electron-impact reactions.

• Validation of the plasma chemistry module developed by applying it to a simplified
two-reaction argon test case

• Perform zero-dimensional simulations of a reduced chemistry set for CO2 dissociation
using a DBD.

• Interface the OpenFOAM plasma chemistry module with DAKOTA through a python
script.

• Perform sensitivity analysis for argon and CO2 plasma chemistry to identify sensitive
reactions.
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1.5 Outline of Thesis

The remainder of the thesis is outlined as follows. Chapter 2 presents details of the com-
putational framework that has been developed as part of the current thesis. This includes
significant additions to the OpenFOAM opensource solver suite apart from suitable inter-
facing with DAKOTA (an open source tool for uncertainty quantification) using in-house
Python modules developed as part of this work. Chapter 3 presents the results obtained
using the newly developed OpenFOAM plasma chemistry module thereby validating it using
previously published computational studies. Chapter 4 presents the results obtained for sen-
sitivity analysis performed using DAKOTA and the OpenFOAM plasma chemistry model
thereby demonstrating the feasibility of performing large-scale uncertainty analysis using
the OpenFOAM-DAKOTA-Python framework with Chapter 5 reserved for summarizing the
conclusions and recommending future directions.
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Chapter 2

Computational Techniques and Tools

In this chapter, we describe the various techniques and tools that are relevant to the work
performed in the current thesis. This includes descriptions of BOLSIG+ (a zero-dimensional
Boltzmann solver freeware), ZDPLasKin (an open source plasma chemistry solver written
in FORTRAN), OpenFOAM (the open source finite volume solver suite that is used to
implement the in-house plasma chemistry solver developed as part of the current work),
DAKOTA (an uncertainty quantification tool) and the Python interface between Open-
FOAM and DAKOTA developed as part of the current work.

2.1 BOLSIG+

BOLSIG+ [33] is a non-commercial code for the numerical solution of the Boltzmann equa-
tion for free electrons in weakly ionized gases in the framework of the two-term approxi-
mation. Developed by Hagelaar [34] of the LAPLACE laboratory in Toulouse in France,
BOLSIG+ was first released in 2005 as a replacement for the earlier BOLSIG solver devel-
oped by Pitchford, Boeuf, and Morgan, based on the old code ELENDIF by Morgan and
Penetrante [35].The main utility of BOLSIG+ is to obtain electron transport coefficients
and collision rate coefficients from fundamental cross section data, which can then be used
as input for continuum simulations of plasmas. BOLSIG+ uses data from the web-accessed
database LXCat[36] (acronym for ELECtron SCATtering), a selection of complete sets of
electronneutral cross-section sets for a wide range of gases, compiled by different contributors
and with varying levels of detail.

The principles of BOLSIG+ can be summarized as follows:

• The electric field and collision probabilities are constant in space and time and there
are no boundaries for the system.

• A constant gas composition.

• The electron production/loss due to ionization/attachment is assumed to result in
exponential growth/decay of the electron number density.
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• It is assumed that the electric field and collision probabilities are constant in space and
time and that there are no boundaries.

• Various electron transport coefficients and rate coefficients are calculated and accessible
in different numerical/graphical forms and output file formats.

[37]
Under the above assumptions, the Boltzmann equation reduces to a convection diffusion

equation with non-local source term in energy space, which is then discretized by an expo-
nential scheme and solved for the electron energy distribution function by a standard matrix
inversion technique described in detail by Hagelaar and Pitchford [34]. In the current work,
BOLSIG+ is used to provide important input parameters to the plasma chemistry model.
Specifically, once a set of reactions is chosen, BOLSIG+ computes the non-Maxwellian EEDF
which upon suitable multiplication and integration over the entire range of electron ener-
gies gives rate coefficient as a function of electron temperature. It should be noted that
BOLSIG+ is relevant only to electron-impact reactions.

2.2 ZDPlasKin

ZDPlaskin is a Zero-Dimensional Plasma Kinetics solver which is designed to solve the
time evolution of the species densities and temperature in a non-thermal plasma with an
arbitrary chemistry. It can be coupled directly with BOLSIG+ to obtain rate coefficients
for electron-impact reactions on the fly apart from the ability to use precomputed Arrhenius
equation based rate coefficients. Rate equations in ZDPlaskin, for species densities and
the gas temperature are integrated in time by using a fortran module solver. ZdPlaskin
calculates species densities by taking balance equations for chemical reactions which lead
to production and loss process of species. The approach used in ZDPlaskin is based on a
local approximation and it solves the time- evolution of the species as follows. The time
evolution of species Ni with the density of [Ni] for species i = 1, ...., imax is determined by
numerical integration, starting with the specified initial values by user: The source terms
Qi,j corresponding to the contributions from different processes j = 1, ..., jmaxare calculated
automatically from information provided by the user as the input. The relevant equations
are given by

dNi

dt
=

jmax∑
j=1

Qi,j(t) (2.1)

aA+ bB[+δε]→ a′A+ eC [+δε] (2.2)

Rj = Kj [A]a [B]b (2.3)

QA = (a′ − a)R,QR = −bR,QC = cR (2.4)
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Ngas

γ − 1

dTgas
dt

=

jmax∑
j=1

±δεj.Rj + Pelast. [e] (2.5)

The evolution of the gas temperature is originally taken into account and it can be obtained
by using equation2.5 with known specific gas heat ratio γ. The second term in the right
side is Joule heating due to the electron current and corresponds to elastic electron-neutral
collisions. The corresponding rate coefficient is computed using the BOLSIG+ solver. The
output from a typical ZDPLasKin simulation that is of relevance to the current work includes
time history of all species number densities. ZDPlaskin is used as a benchmark for verifying
the OpenFOAM-based plasma chemistry solver developed in this work. One of the primary
disadvantages of ZDPlaskin is its inherent restriction to zero-dimensional simulations (as
the name suggests). Extension to even one-dimension is quite challenging and requires
complete rewrite of several pieces of code. The OpenFOAM based module directly targets
this shortcoming since code is typically written for arbitrary dimensions. For example, even
a 0-D simulation is essentially a simulation with one cell.

2.3 OpenFOAM Plasma Chemistry

One of the most significant contributions of the current thesis is the code development asso-
ciated with the ability to perform plasma chemistry simulations in the OpenFOAM (OPEN
source Field Operation And Manipulation) framework. OpenFOAM is a collection of C++
libraries that are used primarily to create executables, known as applications. The appli-
cations fall into two categories: solvers, that are designed to solve a specific problem in
continuum mechanics; and utilities, that are designed to perform tasks that involve data
manipulation. The OpenFOAM distribution contains numerous solvers and utilities cover-
ing a wide range of problems. For example, existing solvers that are included by default
in a standard OpenFOAM download include incompressible and compressible flow solvers,
direct numerical simulation, particle-based methods such as direct simulation Monte Carlo,
multiphase solvers, combustion, heat transfer to name a few. The conservation equations
are discretized using traditional finite volume method and has a variety of discretization
schemes already implemented. The framework also has several boundary condition options
that are commonly encountered in computational fluid dynamics. With the large number of
existing resources, the creation of custom applications, in principle, could be greatly simpli-
fied. However, OpenFOAM programming is associated with a very steep learning curve just
to understand the overall structure.

The choice of performing plasma chemistry simulations in OpenFOAM had its own share
of positives and negatives. One of the primary positives included the availability of chemistry
models relevant to combustion as a result of which Arrhenius expressions where rate coeffi-
cient depended on gas temperature were already implemented and available for use. Also,
all OpenFOAM code is written without restriction to any dimensions. Therefore, any new
application created in OpenFOAM is automatically three-dimensional and parallel with the
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ability to handle meshes that can be created using any standard mesh generation software.
One of the primary negatives of OpenFOAM with regards to plasma simulations was its gen-
eral ignorance to the concept of electrons as a species with an independent temperature. In
other words, plasma simulations inherently involve two temperatures (one for electrons and
the other for heavy species) whereas all applications in OpenFOAM were implemented based
on a single temperature (gas temperature). As a result, several fundamental changes were
performed in the OpenFOAM framework by adding user-defined classes and are described
below. Just to provide an idea of the magnitude of the software development involved in
this effort, it can be compared to modifying the source code of COMSOL or FLUENT (if
only they were available). COMSOL does allow the relatively straightforward addition of
user-defined equations but modifying the underlying source code to be able to add new fea-
tures is much more challenging and the development of OpenFOAM modules performed as
part of this thesis is comparable if not more challenging.

Since all of the required changes that had to be performed belonged to the thermophysical
models, a user-defined mythermophysicalModels folder was first created (with the my sub-
script referring to user-defined additions to the source code of OpenFOAM). Four new user-
defined folders including mybasic (analogous to /src/thermophysicalModels/basic in original
OpenFOAM), mychemistryModel (analogous to /src/thermophysicalModels/chemistryModel
in original OpenFOAM), myreactionThermo (analogous to /src/thermophysicalModels/ re-
actionThermo in original OpenFOAM), and myspecie (analogous to /src/thermophysical
Models/ specie in original OpenFOAM) were created. The mybasic folder contained the
user-defined implementation of plasmaPsiThermo which was a derived class of fluidThermo
(included in original OpenFOAM). The plasmaPsiThermo class included a variable for elec-
tron temperature (apart from variables in psiThermo class that already included parameters
such as pressure, temperature etc.) which is an inherent requirement of plasma simulations.
The myreactionThermo folder contained the plasmaPsiReactionThermo which is a class that
is constructed using the plasmaPsiThermo and basicMultiComponentMixture classes in or-
der to define reaction thermodynamics for plasma chemistry. The myspecie folder contained
the myreaction folder which was used to define new reaction types as well as new reaction
rate types. Specifically, myReactions folder was used to define electronImpactElasticReaction
and electronImpactInelasticReaction classes apart from ReversibleReaction, IrreversibleRe-
action and NonEquilbriumReversibleReaction classes defined by default in OpenFOAM. Two
different classes were defined for electron-impact elastic and inelastic reactions since the elec-
tron energy equation has different source terms summed over elastic and inelastic collisions
respectively. Also, the TabularReactionRate class was defined apart from the ArrheniusRe-
actionRate (and other reaction rate types) that are part of the default OpenFOAM. The
TabularReactionRate class is ideally suited to use rate constant information from a data
file generated by BOLSIG+ with rate constant as a function of electron temperature. This
class utilizes the interpolationTable class of OpenFOAM to perform logarithmic interpola-
tion for values between data points. Finally, the mychemistryModel is a class analogous to
the default chemistryModel class in OpenFOAM. The mychemistryModel class integrates all
modifications by utilizing the electron temperature to compute rate constants for electron-
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impact reactions while reactions that do not involve electrons utilize the gas temperature
to determine rate constants. Also, functions were included to return the energy loss terms
for elastic and inelastic electron-impact reactions. Apart from the fundamental changes de-
scribed above, a new application (mynewchemFoam) was created along the lines of chemFoam
(a single-cell solver for traditional combustion chemistry) to solve the species concentration
equations along with the electron energy equation. The pressure and gas temperature were
assumed to be constant as specified by the user. The time-evolution in number density of
the different plasma species is calculated from

dni
dt

=
∑
j

[
(aRij − aLij)kj

∏
l

nLl

]
(2.6)

where ni is the density of species i, aRij and aijL are the right-hand side and left-hand side
stoichiometric coefficients of species i in reaction j, kl is the reaction rate coefficient, and nLl
is the density of the lth species in the left-hand side of reaction j. Here the assumption is
based on the uniform concentration of species over the entire reactor volume. For solving the
equation, the electron induced reactions depend on electron temperature. This value can be
changed because of the Joule heating from applied power and the energy lost in collisions.

To obtain the electron temparture the mynecwchemfoam will solve

d

dt

(
3

2
nekBTe

)
= ~j. ~E −

∑
i

3

2
neνm,i

(
2me

Mi

)
kB(te − Ti) +

∑
l

neklNl∆εl (2.7)

Here ne is the electron density, kB is Boltzmann’s constant, Te is the electron temperature,
~j is the current density, ~E is the electric field in the discharge, νm,i is the electron momentum
transfer collision frequency with species i, me is the electron mass, Mi and Ti are the mass and
temperature of species i. Furthermore, kl is the reaction rate coefficient for the lth electron
impact process. Nl is the density of the gas phase collision partner.∆εl is the corresponding
change in the electron energy, positive for gaining energy and negative for energy losses.
Therefore, the first term refers to Joule heating, the second and third terms refers to elastic
and inelastic heating respectively. In this solver instead of the product of the current density
and electric field, the ratio of the applied power to reactor volume is used.

2.4 Ar Case Study

In order to validate the OpenFOAM plasma chemistry model, a simple two-reaction argon
plasma chemistry at constant electron temperature, was studied using both ZDPlaskin and
OpenFOAM in order to compare and verify the OpenFOAM solver. The argon chemistry
considered here for verification included an ionization reaction that produces electrons and
argon ions and a recombination reaction that consumes electrons and argon ions as shown
below

e + Ar
k1−−→ Ar+ + 2 e (2.8)
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e + Ar + Ar+ k2−−→ Ar + Ar (2.9)

Here, k1 and k2 correspond to the reaction rate of ionization and recombination reactions,
respectively. In order to obtain the reaction rate for electron-impact reaction, ZDPlaskin
invokes BOLSIG+. The OpenFOAM solver in its current form does not invoke BOLSIG+
during runtime (but future versions could potentially have this capability) and therefore
requires a precomputed table of reaction rates vs electron temperature. k2 is independent of
electron temperature and is equal to 10−25 cm6/s. ZDPlaskin requires the reduced electric
field E/N (ratio of electric field to background gas number density) as an input and was
chosen as 40 Td which in turn fixes the electron temperature at around 48000 K which was
used as input in OpenFOAM. It should be noted that the electron energy is not solved in
this case (unlike the CO2 simulations that will be presented in the next Chapter). Fixing the
electron temperature in turn fixes the ionization rate coefficient since the only parameter that
affects the rate coefficients of electron-impact reactions would be the electron temperature.
The gas temperature was fixed at 300 K with the initial value of electron density chosen as
1/cm3. The initial argon number density is 2.5 ×1019 1/cm3. These values were converted
to suitable values of mole fractions since the OpenFOAM chemistry solver works in terms
of mole fractions. It should be reiterated that the simulations presented here are zero-
dimensional simulations wherein the spatial variations are neglected. Figure 2.1 shows the
results obtained using both ZDPlaskin and OpenFOAM. It can be seen that the results
are nearly identical as would be anticipated thereby verifying the implementation of our
OpenFOAM plasma chemistry model for this two-reaction test case. The ionization reaction
is the dominant reaction pathway at initial times and once the electron and ion densities
reach a certain threshold value, the recombination reaction starts to kick in and the system
eventually reaches a steady value in about 0.25 µs.

While a more formal sensitivity analysis is performed and reported for the CO2 plasma
chemistry in Chapter 4, we present some preliminary results for sensitivity analysis for the
argon plasma. Specifically, the values of the two reaction rate constants were increased and
decreased by 5 % to quantify the influence on the results obtained. Figures 2.2 and 2.3 show
the results obtained for the baseline rate coefficient and those with a ± % uncertainty for
each of the reactions. As expected, the ionization reaction plays a major role in determining
the early-time behavior as well as the steady state value while the recombination reaction
only affects the steady state value.

2.5 Uncertainty Quantification and Sensitivity

Analysis

Any model that takes input parameters to compute a number of outputs requires a character-
ization of the most important input parameters especially when they are not deterministic as
would be the case for operating parameters. For example, in the context of plasma chemistry
simulations, while pressure and temperature are operating parameters with a reasonable de-
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Figure 2.1: Comparison of the species number density profiles obtained using OpenFOAM
solver and ZDPlaskin

Figure 2.2: Comparison of the results obtained for the baseline rate coefficient and a ± 5 %
uncertainty for the ionization reaction.
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Figure 2.3: Comparison of the results obtained for the baseline rate coefficient and a ± 5 %
uncertainty for the recombination reaction.

gree of certainty, the collision cross sections and the reaction rate coefficients obtained using
these cross sections are input parameters with significant uncertainties. Sensitivity analysis
is a natural successor of such a model since it both guides the aspect of modeling and pro-
vides information on the validity of the model. There is a strong relation between performing
uncertainty and sensitivity analysis. A very well known definition for uncertainty analysis is
given by Saltelli (2004).

The study of how uncertainty in the output of a model (numerical or otherwise)
can be apportioned to different sources of uncertainty in the model input [38]

where the key terms are ’model’, ’input’ and desired ’output’. We perform uncertainty
analysis(UA) in order to examine the possible results of the model due to uncertainties
existed in the input parameters. While Sensitivity analysis(SA) deals with focusing on
importance of different input factors on the output of the model. To put it in an other
words, these two tasks have different objectives, but completing each other [39].

The first historical approach to SA is known as the local approach. The impact of small
input perturbations on the model ouput is studied. These small perturbations occur around
nominal values (the mean of a random variable for instance). This deterministic approach
consists in calculating or estimating the partial derivatives of the model at a speci c point.
The use of adjoint-based methods allows to process models with a large number of input
variables. Such approaches are commonly used in solving large environmental systems as in
climate modeling, oceanography, hydrology, etc. Cacuci [40], Castaings et al. [40]).
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From the late 1980s, to overcome the limitations of local methods (linearity and normality
assumptions, local variations), a new class of methods has been developed in a statistical
framework. In contrast to local sensivity analysis, it is referred to as global sensitivity
analysis” because it considers the whole variation range of the inputs Saltelli et al. [41]).
Numerical model users and modelers have shown large interests in these tools which take full
advantages of the advent on computing materials and numerical methods for both industrial
and environmental applications. Saltelli et al. [41] emphasized the need to specify clearly
the objectives of a study before making a SA.

In order to perform Sensitivity Analysis(SA), the first step is to identify the uncertainty
sources and objective of study [38, 42]. These objectives may include

• identify and prioritize the most in uential inputs,

• identify non-in uential inputs in order to x them to nominal values,

• map the output behavior in function of the inputs by focusing on a specific domain of
inputs if necessary,

• calibrate some model inputs using some available information (real output observations,
constraints, etc.).

After one finds out the source of uncertainty which wants to focus on, next step would be
to choose a most suitable method for the problem and propagate these uncertainties forward
and backward to obtain data for analyzing. The method can be heuristics, graphical tools,
design of experiments theory, Monte Carlo techniques, quasi-Monte Carlo, Latin hypercube
and variants, orthogonal arrays, Morris method, Fourier Amplitude Sampling Test (FAST),
statistical learning methods, etc. In this work we examine some of these methods and
for more information about these methods the reader is guided to read from Sensitivity
Analysis by Emanuele [43]. The following section discusses the so-called screening methods,
which are qualitative methods for studying sensitivities on models containing several tens of
input variables.

Screening Method

Screening methods are based on a discretization of the inputs in levels, allowing a fast
exploration of the code behaviour. These methods are adapted to a large number of inputs;
practice has often shown that only a small number of inputs are influential. The aim of this
type of method is to identify the non-influential inputs with a small number of model calls
while making realistic hypotheses on the model complexity. The model is therefore simplifed
before using other SA methods, more subtle but more costly [40]. The most engineering-used
screening method is based on the so-called ’One At a Time’ (OAT) design, where each input
is varied while fixing the others (see Saltelli and Annoni [39]) for a critique of this basic
method). In the following section we introduce the Morris method [44] which which is the
most complete and most costly one and has been chosen for our work.
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Morris Method

The Morris One-At-A-Time method, originally proposed by Morris [44], is a screening
method, designed to explore a computational model to distinguish between input variables
that have negligible, linear and additive, or nonlinear or interaction effects on the output.
The computer experiments performed consist of individually randomized designs which vary
one input factor at a time to create a sample of its elementary effects. Models containing
a large number of uncertain parameters are commonly encountered, and consequently the
problem of ranking the input parameters in such models is a challenging deal. The method of
Morris allows to classify the inputs in three groups: inputs having negligible effects, inputs
having large linear effects without interactions and inputs having large non-linear and/or
interaction effects. The method consists in discretizing the input space for each variable,
then performing a given number of OAT design. Such designs of experiments are randomly
chosen in the input space, and the variation direction is also random.

The repetition of these steps allows the estimation of elementary effects for each input.
From these effects, sensitivity indices are derived. ’Ranking’ in this context means identifying
those parameters that most strongly influence the model predictions. The ranking scheme
adopted in the present work was suggested by Morris [34]. Formally, the problem is to
investigate the effect of a vector of ’factors’ on a vector of ’model outputs’. An efficient
strategy for sampling elementary effects is essential to the Morris method. The recommended
sampling strategy is simple, and is based on the concept of a Morris trajectory. A Morris
trajectory begins at a randomly selected point on the lattice. Each step of the trajectory
then consists of an elementary effect evaluation in the form of equation, and there is one
such evaluation for each factor.

The order in which the factors are taken is, however, randomly selected, and the updated
value of X is used for the next step. So a Morris trajectory is a restricted random walk within
the unit hypercube. If there are N factors, then a Morris trajectory will involve N +1 model
evaluations, one at the starting point and one for each subsequent step. Of course, one needs
a number of Morris trajectories to adequately characterise the elementary effects, but ten or
twenty is claimed to be sufficient [34, 11]. The important point is that the computational
cost is linear in the number of factors [45].

With MOAT, each dimension of a kdimensional input space is uniformly partitioned into
p levels, creating a grid of p k points x R k at which evaluations of the model y(x) might take
place. An elementary effect corresponding to input i is computed by a forward difference.

di(x) =
y (x+ ∆ei)− y (x)

∆
(2.10)

where ei is the ith coordinate vector, and the step δ is typically taken to be large (this is not
intended to be a local derivative approximation). In the present implementation of MOAT,
for an input variable scaled to [0, 1], ∆ = p

2(p−1)
, so the step used to find elementary effects

is slightly larger than half the input range. The distribution of elementary effects d i over
the input space characterizes the effect of input i on the output of interest. After generating
r samples from the distribution, their mean,
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µi =
1

r

r∑
j=1

di (2.11)

modified mean equation 4.3

µ∗i =
1

r

r∑
j=1

∣∣∣d(j)
i

∣∣∣ (2.12)

σi =

√√√√1

r

r∑
j=1

(
d

(j)
i − µi

)2

(2.13)

are computed for each input i. The mean and modified mean give an indication of the
overall effect of an input on the output. Standard deviation indicates nonlinear effects or
interactions, since it is an indicator of elementary effects varying throughout the input space.
so that the metrics µi,j and σi,j characterizes the effect of the ith factor on the jth output.
For each output, the magnitude of is used to rank the influence of each factor on that output.
The modified mean µ∗i , which is the mean of the absolute values of ∆Y avoids misleading
outcomes when the sequence of values of ∆Y involves terms with different signs.

One can use σ to evaluate the effect of nonlinear coupling between parameters. For
instance, if σi,j � µi,j then the influence of the ith factor on the jth output is essentially
linear and independent of the other factors. On the other hand, if σi,j ≥ µi,j, then the
influence is either nonlinear, or strongly coupled to other factors,or both [45].

Sampling Methods

Sampling is the process of producing one independent sample of model X by calling a
sampler. There are different methods for getting samples and different computational tools
may pay different attention to the sampling due to the details of the algorithm and codes
that is implemented in the model. In the fallowing paragraphs we introduce some different
methods of sampling and in order to read more about sampling the reader is guided to read
from Analysis and Measurement Procedures book [46].

Monte Carlo

’Monte Carlo’ was first invented by Ulam and von Neumann in the 1940’s in the context
of stochastic simulations for the development of the atomic bombs. They used this term
methods for analyzing the low of chances.There are many different definition for ”Monte
Carlo” such as ”stochastci simulation” for all kind of test, integration and simulations. Or
the some authors define it as a method that is able to approximate a response of a function
by getting the sample mean of that function resulted from many arbitrary inputs [47]. They
are a class of computational algorithms which can be applied to different range of problems
such as numerical or analyitical solutions. Monte Carlo has different applications such as:
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numerical integration, error estimation, optimization problems and numerical simulations.
Monte Carlo has been used widely in the case of stochastic simulations and algorithms
due to its property of being independent of the input uncertainties. A quantity of interest
Q : E → R, represents as a random variable (RV), can be introduced as function of a
random vector εεE ⊂ Rd. The goal of any MC simulation is computing statistic for Q,e.g.
The expected value E [Q]. The MC estimator Q̂MC

N for E [Q] is described as follows:

Q̂MC
N =

1

N

N∑
i=1

Q(i), (2.14)

where Qi = Q
(
ε(i)
)

and N is used to indicate the number of realizations of model.
For large N it is trivial to demonstrate that the MC estimator is unbiased, i.e., its bias is

zero and its convergence to the true statistics is O
(
N−1/2

)
. Moreover, since each sequence

of realizations is different, another crucial property of any estimator is its own variance:

Q(i) = Q
(
ε(i)
)
, (2.15)

Furthermore, it is possible to show that the error(
E [Q]− Q̂MC

N

)
√
V ar

(
Q̂MC
N

) (2.16)

is proportional to a standard normal RV N (0, 1). As a consequence, it is possible to define a
confidence interval for the MC estimator which has an amplitude proportional to the standard
deviation of the estimator. Indeed, the variance of the estimator plays a fundamental role in
the quality of the numerical results: the reduction of the variance (for a fixed computational
cost) is a very effective way of improving the quality of the MC prediction [48].

Monte Carlo investigates and analyze the out put of the model while the input is being
changed repeatedly. More precisely, it relies on repeated random sampling and provides
generally approximate solutions which are not random. For example, if we assume that X
is a random input which

Monte Carlo method can some times be expensive in the aspects of both time and com-
putational costs. And that usually happens when the probability function of failure is a very
small value, so that a large number of samples will be needed to predict the accuracy. If we
say that the actual failure probability is Pactual, and the calculated value by Monte Carlo
sampling is P̄ , the relation between these two values can be shown as (2.17: [49]

E
(
P̄
)

= Pactual, σ
2
p =

1

N
(Pactual (1− Pactual)) , VP̄ =

√
1− Pactual
N × Pactual

(2.17)

Here N is the number of samples and E
(
P̄
)
,σP 2 , and VP̄ are the expected value, the variance

and the variance coefficient of the estimated probability respectively. We can see from
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equation 2.17 that when we increase the number of samples(N) the variance and dispersion
of Monte Carlo estimation will be reduced which will yield in more uncertainty in the results.
For example by using equation 2.17 for a low failure probability of one percent, with a
variation coefficient of five percent, the total number of samples 39600 are required, which will
make the method expensive to apply and will render the simulation analysis computationally
expensive.

The main explanation for this problem is the falling of failure probability in to the region
in tail of the fitted distribution function, where usually no sample falls in. So in general the
conventional Monte Carlo sampling method can be an expensive approximation of tail and
even a small error in the tail can results in a huge error in the estimated failure probability [50]
An other approach Latin Hyper Sampling (LHS) which is an other technique of sampling
and requires fewer samples in comparison with traditional Monte Carlo method.

2.6 DAKOTA

The DAKOTA (Eldred et al., 2006) software package is used for the design and collection
of computer experiments. DAKOTA is an object-oriented framework for design optimiza-
tion,parameter estimation, uncertainty quantification, and sensitivity analysis that can be
configured to interface with the thermal simulator via external file input/output and a driver
script. The Dakota toolkit provides a flexible and extensible interface between simulation
codes and iterative analysis methods. Dakota contains algorithms for optimization with
gradient and non gradient-based methods; uncertainty quantification with sampling, relia-
bility, and stochastic expansion methods; parameter estimation with nonlinear least squares
methods; and sensitivity/variance analysis with design of experiments and parameter study
methods. These capabilities may be used on their own or as components within advanced
strategies such as surrogate-based optimization, mixed integer nonlinear programming, or
optimization under uncertainty. By employing object-oriented design to implement abstrac-
tions of the key components required for iterative systems analyses, the Dakota toolkit
provides a flexible and extensible problem-solving environment for design and performance
analysis of computational models on high performance computers.

Dakota and Design of Computer Experiments

Computer experiments are often different from physical experiments, such as those performed
in agriculture, manufacturing, or biology. In physical experiments, one often applies the
same treatment or factor level in an experiment several times to get an understanding of the
variability of the output when that treatment is applied. There are many goals of running
a computer experiment: one may want to explore the input domain or the design space and
get a better understanding of the range in the outputs for a particular domain. Another
objective is to determine which inputs have the most influence on the output, or how changes
in the inputs change the output. This is usually called sensitivity analysis. Another goal
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is to use the sampled input points and their corresponding output to create a response
surface approximation for the computer code. The response surface approximation (e.g.,
a polynomial regression model, a Gaussian-process/Kriging model, a neural net) can then
be used to emulate the computer code. Constructing a response surface approximation is
particularly important for applications where running a computational model is extremely
expensive.

In addition to the sensitivity analysis and response surface modeling mentioned above, we
also may want to do uncertainty quantification on a computer model. Uncertainty quantifi-
cation (UQ) refers to taking a particular set of distributions on the inputs, and propagating
them through the model to obtain a distribution on the outputs. For example, if input
parameter A follows a normal with mean 5 and variance 1, the computer produces a random
draw from that distribution. If input parameter B follows a weibull distribution with alpha
= 0.5 and beta = 1, the computer produces a random draw from that distribution. When
all of the uncertain variables have samples drawn from their input distributions, we run the
model with the sampled values as inputs. We do this repeatedly to build up a distribution
of outputs. We can then use the cumulative distribution function of the output to ask ques-
tions such as: what is the probability that the output is greater than 10? What is the 99th
percentile of the output?

Dakota supports both DoE and DACE techniques. In common usage, only parameter
bounds are used in selecting the samples within the parameter space. Thus, DoE and DACE
can be viewed as special cases of the more general probabilistic sampling for uncertainty
quantification (see following section), in which the DoE/DACE parameters are treated as
having uniform probability distributions. The DoE/DACE techniques are commonly used
for investigation of global response trends, identification of significant parameters (e.g., main
effects), and as data generation methods for building response surface approximations. Note
that sampling-based uncertainty quantification and design of computer experiments are very
similar. There is significant overlap in the purpose and methods used for UQ and for DACE.
We have attempted to delineate the differences within Dakota as follows: we use the methods
DDACE, FSUDACE, and PSUADE primarily for design of experiments, where we are inter-
ested in understanding the main effects of parameters and where we want to sample over an
input domain to obtain values for constructing a response surface. We use the nondetermin-
istic sampling methods (sampling) for uncertainty quantification, where we are propagating
specific input distributions and interested in obtaining (for example) a cumulative distribu-
tion function on the output. If one has a problem with no distributional information, we
recommend starting with a design of experiments approach.

Note that DDACE, FSUDACE, and PSUADE currently do not support distributional
information: they take an upper and lower bound for each uncertain input variable and
sample within that. The distinction between UQ and DACE is somewhat arbitrary: both
approaches often can yield insight about important parameters and both can determine
sample points for response surface approximations. Three software packages are available in
Dakota for design of computer experiments, DDACE (developed at Sandia Labs), FSUDACE
(developed at Florida State University), and PSUADE (LLNL). In this work the PSUADE
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library has been implemented which will be discussed in the succeeding paragraph.

PSUADE

PSUADE (Problem Solving Environment for Uncertainty Analysis and Design Exploration)
is an analysis tool used by Lawrence Livermore National Laboratory tool for metamodeling,
sensitivity analysis, uncertainty quantification, and optimization[51]. Its features include
non-intrusive and parallel function evaluations, sampling and analysis methods, an integrated
design and analysis framework, global optimization, numerical integration, response surfaces
(MARSand higher order regressions), graphical output with Pgplot or Matlab, and fault
tolerance [52]. PSUADE has some specific feature which makes it a good tool for performing
analysis compared with other software packages, such as

• PSUADE is the only package, based on the best knowledge of the author, which offers
the Morris-One-At-a-Time (MOAT) [44] scheme for screening experiment. MOAT is
by far the most efficient design exploration method for screening problems with high
dimension, e.g., the number of parameters (control and input factors together) exceeds
20. The traditional two-level, full factorial design for screening experiment is unfeasible
when the number of parameters is greater than 10. When the number of parameters
equals to 13, the numbers of analyses required for MOAT and a two-level resolution IV
factorial design are about the same. With the same number of analyses, MOAT can
provide a better diagnosis for screening purpose; whereas the traditional (fractional)
factorial design will be crippled with the aliasing effect [53]. There is one trade off in
using MOAT since the method cannot assess interaction effects quantitatively.

• Another feature that distinguishes PSUADE from other tools is its adaptive sampling.
Beyond the curse of high dimension, another issue that analysts often face is lack of
knowledge prior to analysis. Most approaches to approximate a systems response make
step-by-step improvements to the approximation model by adjusting the limits of the
design variables. One way to improve the efficiency of response surface construction is
to apply adaptive sampling. PSUADE has implemented such capabilities so the user
can start with a small number of computer experiments and then, if needed, refine the
original design space to achieve a better resolution. In other words, PSUADE can help
users optimize their analysis by reducing the number of analyses.

• Unlike iSIGHT and Dakota, whose initial development aimed for design optimization,
PSUADE is developed to facilitate global/local sensitivity and uncertainty quantifica-
tion. Moreover, PSUADE is developed to wrap around the simulation software already
used in Livermore Lab.

• As compared with NESSUS, whose development aimed for reliability assessment, PSUADE
offers a much better collection of design of experiments, sensitivity analysis, and un-
certainty quantification capabilities. As far as reliability assessment is concerned, the
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future release of PSUADE will have traditional analytical methods for reliability as-
sessment, such first-order reliability method (FORM) and Second-Order Reliability
Method (SORM).

Dakota sampling Methods

Monte Carlo, quasi-Monte Carlo, Latin hypercube and variants, orthogonal arrays, fac-
torial and fractional factorial, Morris method, Fourier Amplitude Sampling Test (FAST),
Box-Behnken, Plackett-Burman, central composite, and methods based on spatial decompo-
sition. In addition, a few uniform and adaptive sampling refinements are supported. Basic
probability distributions such as uniform, normal, lognormal, and triangular are available.

A simulator Execution Environment

Once a sample design has been created, the sample points are propagated through the sim-
ulator to generate the corresponding outputs of interest. Since PSUADE supports an inte-
grated design and analysis environment, it also provides an automated system for launching
the simulators and collecting results. There are several parallel simulation modes supported
by PSUADE. in Our case a code written in python was used to be the interface between
dakota and openfoam to rerun the openfoam for each of the new changes in input data which
are performed via DAKOTA.

Analysis Methods

1. Basic statistical analysis( moments and correlations) 2. Many methods for main, second-
order, and total-order effect analyses. 3. several dimension reduction analysis methods
4. Markov Chain Monte Carlo for parameter estimation 5. Principal component analysis
and some hypothesis testing 6. Response surface analysis (many different types of response
surfaces) In our case we used response surface analysis and to do so we used Morris one at
a time method.

Dakota includes a prototype interface to its Morris One-At-A-Time (MOAT) screening
method, a valuable tool for global sensitivity (including interaction) analysis facilitate model
validation, including global/local sensitivity analysis and uncertainty quantification.

2.7 Coupling Dakota to a Model

A key Dakota advantage is access to a broad range of iterative capabilities through a single,
relatively simple, interface between Dakota and the model. Trying a different iterative
method or meta-algorithm typically requires changing only a few commands in the Dakota
text input file and starting the new analysis. It does not require intimate knowledge of
the underlying software package integrated in Dakota, with its unique command syntax
and interfacing requirements. In addition, Dakota will manage concurrent executions of
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your computational model in parallel, whether on a desktop or high-performance cluster
computer.

There is a typical loosely-coupled relationship between Dakota and the simulation code(s).
Such coupling is often referred to as black-box, as Dakota has no (or little) awareness of the
internal details of the computational model, obviating any need for its source code. Such
loose coupling is the simplest and most common interfacing approach Dakota users em-
ploy. Dakota and the simulation code exchange data by reading and writing short data files.
Dakota is executed with commands that the user supplies in a text input file which specify
the type of analysis to be performed (e.g., parameter study, optimization, uncertainty quan-
tification, etc.), along with the file names associated with the users simulation code. During
operation, Dakota automatically executes the users simulation code by creating a separate
process external to Dakota.

The input and output (I/O) operations can be performed through Dakota main script, or
the users simulation code. However, if the user’s simulation code is being used, the converted
information must be passed or implemented to the Dakota by the user. As Dakota runs, it
writes out a parameters file containing the current variable values. Dakota then starts the
users simulation code (or, often, a short driver script wrapping it), and when the simulation
completes, reads the response data from a results file. This process is repeated until all of
the simulations required by the iterative study are complete.

For this project, a very simple optimization algorithm, namely a parameter study, is
used to show the principle and the most simple type of interaction is used, which has been
depicted below. That means that Dakota will use OpenFOAM as a black box function that
takes some input, specified by Dakota, and transform this to some output, used by Dakota
to determine whether the input was ”good” or not. We used python as an interface between
Dakota and open foam or in an other words to Dakota OpenFOAM.

Dakota Script

Dakota controls the simulation of the sensitivity case, by using an input file. This input file
contains different sections which needs to be modified by user based on the case of interest
study. In order to make it more clear, a sample of Dakota input file which uses python
script as the interface to check the linearity of variables of a function has been shown in and
described in the following paragraphs.

The variables section handles the variables of the optimization. In this case there will be
seventeen variables with names x1x17 and some lower and upper bounds. Here some care
has to be taken when performing the simulation because these variables will be imported
to OpenFOAM and used to change the corresponding rate coefficient from the reaction
file. Based on performing sensitivity analysis, optimization or experimental study different
optioned can be used as taking the variables.
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Figure 2.4: Coupling Dakota with OpenFOAM

Python Interface

The section interface is the part where the user specifies to Dakota how the variables will
be mapped to a response. The fork keyword tells Dakota that the response will be provided
by some external source, in this case OpenFOAM. Here a few things are necessary, first
a script that is run for each simulation in this case. This script will be responsible for
handling the input file params.in that Dakota creates for each set of variables tested and
making sure that a response to that file will be present in a file called results.out. Secondly
Dakota will do each iteration of the simulation in a new directory. Then its needed to
specify the names and the directory that theses files are to be saved after the simulation
is complete. The templatedirectory allows the user to have a directory linked into each of
the working directories if there are some files the simulation will always need to see. When
coupling Dakota and OpenFOAM, the accurate use of the template directory will be really
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important. The template directory will contain all the files for a base case setup and will be
the starting point for each iteration step.

Figure 2.5: Sample of Dakota Input File

Here the user specifies what kind of response Dakota will receive. In this case one response
with no gradient or hessians. The script that Dakota runs each time will first receive the
params.in file from Dakota and use the written python code to map the corresponding
variable to the reactions in order. As a part of this research, the python script which
contains was written to map the corresponding values and change the rate coefficient based
on the type of the reaction, then run the OpenFOAM for each of the changes separately.
The Python script will then move the file that the openfoam just created and at this time
OpenFOAM simulation then starts and lastly the script calls another scrip sample of our
code which calculates the desired output, which is speceis densities in our case, and saves it
in the file given.

The response function in this project is the density of the species. OpenFOAM has
functionality for calculating this based on provided rate coefficient data which are specified
in the reaction file of the simulation. The output from the above function is then manipulated
some to finally come to the desired response for the iteration. The script for doing this first
begins with importing some libraries to the iteration, and then store the corresponding values
which in our case is density of the species at the desired time step of the reaction with the
index related to that species in a list. Finally these arrays will be saved in a temporary
directory, which will be used by Dakota as the response value to perform the analysis. The
last thing the calculation script does is to save the calculated standard deviation and mean
values to the specified file for performing the post processing analysis. In chapter4 this
process will be discussed in more details.
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Chapter 3

Modeling CO2 Dissociation Using
Dielectric Barrier Discharges

This chapter deals with the modeling of CO2 plasma chemistry using the OpenFOAM module
that was developed as part of the current thesis. The focus is on zero-dimensional simulations
to simulate CO2 splitting in the non-equilibrium plasma of a DBD. Apart from the baseline
simulation, simulations are also performed to determine the influence of various operating
parameters including input power and initial electron number density.

Model Description

Several researchers have focused on simulating the splitting of CO2 using non-thermal plas-
mas including DBDs and those excited by microwaves. The complete model for carbon
dioxide splitting in DBD contains 42 species that interact with each other in 501 chemical
reactions [18]. However, such a detailed model may be computationally prohibitive especially
when one-dimensional and two-dimensional simulations are required. Therefore, a reduced
model set was proposed by Aerts et al. [2] taking into account only a subset of production
and loss processes of the full model so that it only includes the most critical plasma species
and reactions for CO2 splitting. The reduced model was deemed to be sufficient to demon-
strate the features of the computational framework developed as part of the thesis. In this
reduced model, nine different species are included, which contains neutrals such as CO2, CO,
O, O3, negative and positive ions including CO +

2 , O –
2 , O– , and the electron. Therefore,

vibrationally excited CO2 molecules are not included in this model. The list of species in-
cluded in the model are presented in Table 3.2. The reactions included in this model are
listed in Table 3.1. According to Bogaerts et al. [2], the reduced model includes 17 reactions.

We included the excitation reaction in our work because of the role of the vibrationally
excited carbon dioxide molecules in consuming electron energy (reaction 1). This model
includes only one ionization process, which is the ionization process of CO2 to CO+

2 (reaction
2). The other ionization reactions such as ionization of the CO and O2 can be important
depending on the conversion and the kind of plasma technology that is being used [18].
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However, for a DBD plasma at low conversion conditions, including the other ionization
process can increase the computational cost due to the increase in the number of the species
and the number of the reactions that occurs through ionization of excited species [2]. Three
electron impact dissociation reactions are incorporated for CO2, O3, and O2 which are shown
in Table 3.1 as reactions 4, 5, and 6 respectively. The only reaction of CO+

2 ions is included in
this model is the recombination with electrons and O−2 (reactions 12 and 13 in Table 3.1) [2].
Furthermore, three electron attachment reactions including dissociative attachment to form
CO2 and O2, three body attachment to O2 which leads to the production of O− and O−2
ions are incorporated in the model (reactions 4, 7, and 18 in Table 3.1). Then O−2 ions, get
neutralized through the recombination process with CO+

2 ions (reaction 13) in Table 3.1).
Three electron detachment reactions are included, which are the reactions which happen

through collisions of O− with CO, O2, and O3 (reactions 9, 10, and 11 of Table 3.1 respec-
tively. The other reactions which are considered in this model include some of the reactions
between neutral species, such as the reaction 14 which results in the recombination of oxygen
atoms to form oxygen molecules, and reaction 15 which models the recombination of O atoms
with O2 molecules thereby leading to the production of O3 molecules. Furthermore, when
the density of oxygen atoms is high enough, they can produce CO2 by recombining with
CO (reaction 17). Figure 3.1 shows the schematic diagram of the species and the reactions
incorporated in the model and, list of the complete reaction is shown in Table 3.1.

Table 3.1: Overview of reactions included in the model

Reaction Rate Type
1 e– + CO2 −−→ eV + CO2 f(σ) momentum transfer
2 e– + CO2 −−→ CO +

2 + 2 e– f(σ) ionization reaction
3 e– + CO2 −−→ CO + O + e f(σ) dissociation
4 e– + CO2 −−→ CO + O– f(σ) electron attachment
5 e– + O3 −−→ O + O2 + e– f(σ) dissociation
6 e– + O2 −−→ O + O + e– f(σ) dissociation reaction
7 e– + O2 −−→ O + O– Arrhenius equation dissociative attachment
8 O3 + M −−→ O2 + O + M Arrhenius equation three body reaction
9 O– + CO −−→ CO2 + e– Arrhenius equation neutral- negative ion reaction
10 O– + O2 −−→ O3 + e– Arrhenius equation neutral- negative ion reaction
11 O– + O3 −−→ O2 + O2 + e– Arrhenius equation neutral-negative ion reaction
12 e– + CO +

2 −−→ CO + O Arrhenius equation electron-ion reaction
13 O –

2 + CO +
2 −−→ CO + O2 + O Arrhenius equation negative-positive ion reaction

14 O + O + M −−→ O2 + M Arrhenius equation three body recombination
15 O + O2 + M −−→ O3 + M Arrhenius equation three body recombination
16 O + O3 −−→ O2 + O2 Arrhenius equation neutral-neutral reaction
17 O + CO + M −−→ CO2 + M Arrhenius equation three body reaction
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Table 3.2: Species included in the CO2 DBD splitting model

CO2

CO
O
O2

O3

CO +
2

O–

O –
2

Figure 3.1: Schematic diagram of the reactions of CO2 splitting incorporated in the model

As shown in Figure 3.1 the actual splitting of the CO2 is relatively straightforward and
the most important reactions can be summarized as follows[2]:

• electron impact reactions to form CO and O atoms through reaction 3,

• electron impact ionization to form CO+
2 ions by reaction 2, which will result in the

dissociatively recombination with electrons or O−2 ions into CO and O and/or O2

through reactions 12 and 13.

• electron dissociative attachment to form CO and O− ions by reaction 4 pathway
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3.1 Rate Constants

Electron-impact Reactions

In order to calculate the reaction rate coefficients for the electron-impact reactions, the rele-
vant electron-CO2 collision reactions and the cross-section values, depending on the electron
energy are obtained from literature [54] and then the BOLSIG+ [33] module was used to
calculate the rate coefficient as a function of electron temperature. Then a script written in
Python was used to convert the BOLSIG+ output to the format that is suitable for use by
the OpenFOAM interpolationTable. Various datasets are available for both electronic and
vibrational excitation to various levels [54, 36]. For this work we aggregated the excitation
into a single excitation cross section, which is shown in Figure 3.2. If the two particles col-
lide in-elastically, ionization will take place through various channels, which highly depend
on the plasma under consideration. The first and the most critical one when considering
non-thermal plasma systems is the direct ionization by electron-impact. By means of this
ionization, atoms stated primarily in the unexcited zone are ionized via an electron with a
sufficiently high energy to produce an ionizing collision. The cross section information for
ionization and dissociation reactions of CO2 is shown in Figure 3.2. As it was discussed in
Chapter 1, cross sectional area defines the probability of a collision occurring under given
conditions. From this figure we can compare the threshold energy (the minimum energy that
is required for the electron impact reactions to occur) for various reactions.

The dissociation attachment reaction of CO2 has a threshold energy of 3.3 eV which is
the lowest among electron-impact reactions for CO2 that are included in this model. This
reaction can therefore be anticipated to occur at a higher rate. Threshold energy of the
ionization reaction is 13.8 eV, which can be assumed to be high and in order for this ioniza-
tion reaction to happen, a significant fraction of high energy electrons are required. Cross
section information for electron-impact reactions of ground state O2 and O3 are included
in Figure 3.3 and 3.4 respectively. The data for these cross sections are obtained from a
popular database [36].

The collision cross section information of these reactions as a function of electron energy
were used in tabular format as an input for BOLSIG+ [33] solver. BOLSIG+ was used to
solve the EEDFs at various values of E/N and the corresponding rate coefficients and mean
electron energies were obtained. A script written in python was used to convert the format of
these files into the format which is suitable for use in the OpenFOAM solver. The calculated
rate coefficients for electron-impact reactions with ground state molecules of CO2, O2, and
O3 are depicted in Figures 3.5,3.6, and 3.7 respectively.

It can be seen from Figure 3.5 that including the elastic reaction of CO2 in the model
can be vital, as it has a high rate coefficient. Although this reaction has no direct impact
on the electron density, it affects the electron energy equation which in turn can affect the
rate coefficients through the influence of electron temperature. The CO2 ionization reaction
has the highest threshold energy (around 13.8 eV), which requires an electron temperature
of at least 2 eV to demonstrate non-zero rate coefficients. However, the CO+

2 produced by
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Figure 3.2: Cross sections for electron impact reactions of CO2 from the ground atomic
state, measured by Phelps et al. [1]
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Figure 3.3: Cross sections for electron impact reactions of O2 from the ground atomic state,
measured by Phelps et al. [1]

ionization can also recombine with electrons. The CO2 dissociation rate is relatively quick,
and it consists of the dissociative attachment of CO2 through the reaction e+CO2 −−→ CO+
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Figure 3.4: Cross sections for electron impact reactions of O3 from the ground atomic state,
measured by Phelps et al. [1]

O−, and the electron impact dissociation reaction e+CO2 −−→ e+CO+O. Electron impact
dissociation of CO2 requires high energy input to occur (at around 10.5 eV) which will require
electron temperatures of about 2 eV to occur, whereas the dissociative attachment requires
less energy (3.3 eV) and occurs even at electron temperatures less than 1 eV. From 3.6
and 3.7, it can be seen that oxygen and ozone dissociation reactions require very low initial
energies. This is more significant for ozone as its threshold energy for being converted into
O2 and O is less than 0.5 eV. The accuracy of these coefficients are really important as
they contribute to the calculation of source term for electron-impact gas reactions of plasma
species production.

Heavy Particle Reactions

The rate coefficients for reactions that involve heavy particles (i.e., atoms, molecules, radicals,
and ions), calculation is based on the extended Arrhenius type. This equation is based on
the assumption that reacting species that are involved in these reactions, have Maxwellian
distribution of energy and they all have the same temperature. The collisions that occur
between heavy particles lead to significant energy exchange thereby making the assumption
of uniform temperature quite accurate. The extended Arrhenius equation is given by

k = AT βe exp(
−Ta

Te
) (3.1)
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Figure 3.5: Rate constants of different electron impact reactions of CO2 included in the
model
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Figure 3.6: Rate constants of different electron impact reactions of O2 included in the model

In this equation, Te is the electron temperature in units of K, A has units of m3/mol.sec
for second order reactions and m6/mol2.sec for third order reactions. Ta has units of Kelvin.
Most experimental determinations of rate constants, gives the result either in this form or in
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Figure 3.7: Rate constants of different electron impact reactions of O3 included in the model

the form that can be translated into this one. In this work, the values for the rate coefficients
were adopted from different data sources which are referenced in Table 3.3. Table 3.3 also
contains required values for obtaining the rate coefficients of for these reactions.

Table 3.3: Rate coefficient information of heavy particles reactions using k = AT β
e exp(

−Ta

Te
)

equation. Te is the electron temperature in K, A has unit of m3/mol.sec · s for second order
reactions and m6/(mol2).sec for third order. Ta has units of Kelvin

Reaction Equation Order A β Ta Ref
e + O2 + M −−→ O –

2 + M 3 1.088e12 0 0 [2]
O– + CO −−→ CO2 + e– 2 3.3126e11 0 0 [55]
O– + O2 −−→ O3 + e– 2 6.023e8 0 0 [56]
O– + O3 −−→ O2 + O2 + e– 2 1.8069e11 0 0 [57]
e– + CO +

2 −−→ CO + O 2 3.915e14 0 0 [58]
O –

2 + CO +
2 −−→ CO + O2 + O 2 3.61e14 0 0 [58]

O + O + M −−→ O2 + M 3 1.8864e7 0 0 [2]
O + O2 + M −−→ O3 + M 3 7.8203e14 -2.7 0 [56]
O + O3 −−→ O2 + O2 2 4.8184e9 0 17.13 [56]
O + CO + M −−→ CO2 + M 3 6.167e8 0 1510.0 [59]
O3 + M −−→ O2 + O + M 2 2.4694e11 0 11430.0 [55]
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3.2 OpenFOAM Simulations

The simulations performed in OpenFOAM are similar to those reported by Aerts et al. [60].
We performed our simulations considering pure CO2 discharge, operating at 104880 Pa, and
a temperature of 400 K with an initial electron temperature of 300 K. The initial density
of carbon dioxide was set to be 1.9×1025 1/m3 and the initial number density of electrons
was assumed to be 1 × 1018 1/m3. The initial density of CO+

2 ions was taken to be the
same as electrons to ensure electrical neutrality. The initial number density of all other
species was fixed as 0. It has been established that the simulation of a DBD plasma can be
performed using triangular pulses lasting for several ns followed by a duration of no power
input (referred to as afterglow). The peak power density, pulse duration and afterglow
duration are parameters that depend on the operating conditions including gas flow rate,
input power, length of reactor etc. The pulse duration for the simulations reported here was
chosen to be 30 ns with the afterglow time of 1 µs. The peak power density was set to be
5 × 109 W/m3 occurring at 15 ns (half of pulse duration). Figure 3.8 shows representative
results obtained using OpenFOAM and agree well with results published by Bogaerts et,
al [60, 2]. The peak electron density is about 4.8 ×1020 1/m3 with the maximum electron
temperature obtained as 3.6 eV.
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Figure 3.8: Calculated electron temperature (dark red line; right y axis) and densities of all
plasma species included in the model during the 5 pulses discharges and afterglow.

Figure 3.8 represents that the density of CO, O2, and ozone increases step wise at each
pulse and they have the highest produced densities comparing with other species and their.
Produced ozone, has the lower density, in the nearly 1.8 order of magnitudes in comparison
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Figure 3.9: Symbols of Species Densities

with CO and O2. Therefore, that can be the reason for identifying CO and O2 as the main
products of the carbon dioxide splitting from different literature.[61],[32],[62],[60]. Density
of CO and O changes similarly during the pulse and its afterglow, but as it was discussed
in section 3.1.1, atomic oxygen will further participate in recombination reactions (reaction
14 and 15 of the 3.1) which yields in the decreases in the O density along with increasing in
ozone and oxygen molecules.

As it was illustrated in section 3.2.2 electrons and ion(CO +
2 ) rates, reach their maximum

value after the pulse deposition (at around 15 nano second) and start to dissipate right after
the termination of the pulse, which results in a significant drops in their densities. The
densities of some ions can increase due to the accumulation during the applied consecutive
pulses, which has been shown in 3.8. The density of O −

2 is lower than the other ions, but
it will increase during the pulse, and will drop by an order of half magnitude between the
pulses.
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3.3 Influence of Operating Parameters

In this section we examine the impact of the key parameters in the model by changing them
and comparing them with results that we obtained in the previous section. In order to do
so, we took the case that examined above as the reference case and then altered the process
parameters. In order to see the effect of initial electron density we decreased the initial
electron density by the 3 orders of magnitude powers of ten. As it is evident from 3.11, this
change does not have any impact on the plasma species densities. However, it yields in the
temporary sharp increase in the electron temperature to the 8.7 eV at the first picoseconds
time of the reactions. This increase is artificial, and electron temperature rapidly drops
again, and behave similar to the reference case. However, there is a limit for decreasing
electron density, and having the electron density lower than that threshold, can prevent the
reactions to not happen.
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Figure 3.10: Calculated electron temperature (dark red line; right y axis) and densities of
all plasma species included in the model during the 5 pulses discharges and afterglow with
the initial electron density of 1× 1015 1/m3

In order to examine the effect of input power, we increased the maximum input power
from 5× 1012 W/m3 to 5× 1015 W/m3 with the results obtained for the first pulse presented
in Figure 3.11. Figure 3.11 represents the results of the first pulse with an initial gas tem-
perature of 400 K, initial electron density as 1018 1/m3 and initial gas density of 1025 1/m3

(same as the reference case). As evident from the plot, increasing the maximum input power,
can significantly increase the CO2 conversion into CO and O2. This result is reasonable as
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we create more intense streamers and specifically higher electron density values by increasing
the power thereby leading to more dissociation.
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Figure 3.11: Calculated electron temperature (dark red line; right y axis) and densities of
all plasma species included in the model during the 5 pulses discharges and afterglow with
the maximum input power of 5× 1015 1/m3

In order to see the importance of the initial gas density, we doubled the initial CO2

density. From 3.12 we can see that, it increase the density of the O2, CO (the main products)
by the factor of about two. It has a less effect on the density of produces O3. However it
does not affect density of other species significantly. We earlier discussed that dissociative
attachment reaction of CO2 requires low energy (3.3 eV) to occur, which means that it
can happen even at low electron temperature Te <1 eV. So it happens dominantly, and by
increasing the gas density, more CO, and O− will be produce. The negative O− will then
recombine through other reactions, and as the result the number density of O2 will increase.

We then applied up to 500 consecutive pulses, with the same initial conditions as initial
ne = 1e18, initial gas density = 1.9e25 1/m3 and the gas temperature of 400 K. The de-
posited maximum power was set to be 5E12 W/m3 with the pulse duration of 30 ns. From
Figure 3.12 we can see that, comparing with reference case, increasing the number of pulses
can significantly increases the conversion since it increases the residence time.
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Figure 3.12: Calculated electron temperature (dark red line; right y axis) and densities of
all plasma species included in the model during the 5 pulses discharges and afterglow with
the initial gas density of 3.8× 1025 1/m3

Figure 3.13: Calculated electron temperature (dark red line; right y axis) and densities of
all plasma species included in the model during the 500 pulses discharges and afterglow
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Chapter 4

Sensitivity Analysis of
Plasma-Assisted CO2 Splitting

We investigated a reduced model set for CO2 splitting using a low-temperature DBD plasma
in Chapter3 by using OpenFOAM to model the plasma chemistry. However, as it was
discussed in the introduction, there is still a lot of uncertainties assisted with the kinetic rate
information of the reactions involved in this system and sensitivity analysis is a powerful
tool to find the most dominant reactions pathways incorporated in the model of interest.
In this chapter we use DAKOTA to identify the influence of each reaction’s rate constant.
Specifically, we compare the importance of the reactions for each species separately, by
quantifying the corresponding uncertainty contribution and demonstrating the values on the
plot.
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4.1 Method

As was discussed in Chapter 2, Morris screening is a well known method to rank the factors
that result in the uncertainty in the output of the model. In this work, we used the Morris
screening to rank the rate coefficients that influence the uncertainty in the species density.
A typical outcome of the Morris screening is a”ranking” of the factors that influence the
uncertainty in the model output. Then the effect of each factor on the output is examined
by comparing the ratio of corresponding modified mean (µ?), and standard deviation (σ)
values which are calculated using the Morris screening method in DAKOTA.

The operating conditions of the model that is developed and applied here considers pure
CO2 with the initial gas density of 1.9×1025 1/m3 operating at 400 K. The initial number of
density of electrons was chosen to be 1018 1/m3 and the peak power of the triangular pulse
was chosen as 5×1012 W/m3 with a pulsewidth of 30 ns. Therefore the number of the inputs
was set to be equal to 17, which means that each input represents the rate coefficient of the
each of the reactions of the model. We have defined the lower and upper limit of 0.8 and 1.2
to choose continuous variables to examine the case of changing the rate coefficient by 20 %.
So that each of the variables take any real numbers between the bounds and by using Morris,
each of these continuous variables will be mapped to the relevant reaction rate constant by
using ”one-at-a time” approach.

A python code was then used as an interface between Dakota and OpenFOAM to perform
the mapping process and changing the kinetic rates. This script will further make the changes
to the corresponding rate coefficient information by checking the type of each of the reactions
and applying the mapping process to the corresponding rate coefficient data, separately.
Then it runs the OpenFOAM for the new kinetic rate information of these reactions,one by
one, and save the density output information in a temporary directory and later transfer
these outputs to DAKOTA for performing the analysis. It should be reiterated that the
entire process is completely automated and can be extended to any complex reaction sets.
The reduced model for CO2 is chosen only as a representative example.

For the electron-impact reactions, the main corresponding rate coefficient information
were provided in data files, which were obtained in the tabular form depending on the
electron energy[33], and then were changed by multiplying each factor to the rate coefficient
values, respectively. In the case of heavy-particle reactions, the study was performed by
assuming that the uncertainty affects only the parameter A in 4.1, of the Arhenius form of
their rate coefficient.

k = AT β
e exp(

−Ta

Te
) (4.1)

Therefore, the uncertainty exists in the rate coefficients of each reactions and has been
mapped to the species densities at each microsecond of the simulation. The uncertainty
analysis is carried out at 39 ns and 1 µs of the simulation, corresponding to a few nanosec-
onds after the power deposition and the end of the simulation respectively. The results are
presented in Figures 4.1 - 4.8 for each plasma species in the system, by using histogram bars
that represent the standard deviation values normalized by the mean values.
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4.2 Results and Discussion

In this section we discuss the results of the screening process which was performed by applying
Morris One At a Time (MOAT) method on the model described above.

CO2

The effect of the variation in the rate coefficients of different reactions on carbon dioxide
molecules, is illustrated in 4.1. From this figure we can see that, the most important reaction
for this specie was found to be electron impact dissociative attachment, and the dissociation
reaction of CO2. As it was discussed in Chapter 3, these two reactions can happen even at
low electron temperature, so they can have relatively high impact on the CO2 density during
the whole simulation. However their influence, will be higher at the end of the maximum
power segment, when the electron density reaches its maximum value.
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End of Simulation

Figure 4.1: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species CO2. The upper orange bar demonstrates the contribution to the un-
certainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation.

O2

It is evident from 4.2 that the density of the oxygen molecule can be significantly affected
by the three body reaction:

O + O + M −−→ O2 + M.
This reaction leads to the consumption of O atoms and their conversion into O2. The ratio

of standard deviation to mean could be as high as 20 % for this reaction. Since the oxygen
molecule is one of the two main products of the CO2 splitting, and the parameters of this
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three body reaction is obtained through the experiments, the accuracy of this information
is important.
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Figure 4.2: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species O2. The upper orange bar demonstrates the contribution to the un-
certainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation.

O3

As it is clear from Figure 4.3, the ozone density was highly affected by the three-body
reactions including

O + O2 + M −−→ O3 + M (4.2)

O + M + O −−→ O2 + M (4.3)

These two reactions influence on O3 density by as high as 20 %, since changing the rate coeffi-
cient of them can effect the produced O3 particularly at the end of the simulation. The other
reaction which has an effect on this species density was found to be O+O3 −−→ O2 +O2 with
an effect of about 5 % at the end of the simulation when we have the recombination reaction.
This reaction does not have a significant effect immediately after the power deposition.

O−2

The O−2 density shows no variation over the range of parameters investigated. Therefore,
even their maximum density is still very low comparing the other species and is not affected
by changing the rate coefficient.The only reaction that produces this specie is e+O2+M −−→
O −

2 + M. We noticed that this reaction has no significant effect on the model under the
conditions of interest.
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Figure 4.3: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species O3. The upper orange bar demonstrates the contribution to the un-
certainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation.

Electron

Figure 4.4 demonstrates the contribution of each of the rate coefficients on the uncertainty
in electron density calculations. The most important reactions were found to be the two
recombination reactions which are

O− + CO− > CO2 + e (4.4)

e+ CO+
2 − > CO +O (4.5)

These recombination reactions have a strong influence on the electron density and as a
result on almost every other species. They can therefore be considered as two of the most
important reactions of the reduced chemistry model considered here. In particular, they
have the maximum affect when the electron temperature reaches its maximum value and
their influence decreases at the end of the simulation.

O−

From the variation changes in the O− shown in 4.5 it is evident that the most important
reactions for this species, were found to be the two electron-impact dissociation and the
dissociative attachment reactions of CO2. Specifically, it was mostly influenced (as high as
18 %) by the dissociative attachment reaction (e + CO2 −−→ CO + O−) which as it was
reported in Chapter 3, can happen even at low electron temperature. The other reaction,
which can have a relatively high influence on O− density was found to be the recombination
reaction of this specie with the produced CO by the reaction

O− + CO− > CO2 + e (4.6)
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Figure 4.4: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for electron species. The upper orange bar demonstrates the contribution to the
uncertainty of each reaction 9 ns after the power deposition, and the lower red bar shows
the contribution at the end of the simulation.

particularly at the end of simulation when the recombination reactions are dominant in the
system.
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Figure 4.5: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species O−. The upper orange bar demonstrates the contribution to the un-
certainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation..
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O

The density of oxygen atom was not affected that much over the range of variation in the
rate coefficients. However it was influenced (less than 1 %) after the pulse segment, by the
dissociation reaction of CO2 given by

e+ CO2− > CO +O + e (4.7)

The other reaction which can effect the O density at the end of simulation (only a small
contribution of around 2 %) was found to be the three body reaction of O+O+M− > O2+M
which leads to the consumption of this species.
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Figure 4.6: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species O. The upper orange bar demonstrates the contribution to the uncer-
tainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation.

CO+
2

The corresponding comparing bars for CO+
2 have been shown in 4.7. The density of this

specie is highly affected indirectly by the dissociation reaction (e + CO2− > CO + O + e)
and dissociative attachment reaction (e+CO2− > CO+O−)of CO2. As it was discussed in
Chapter 3, these two reactions can even occur at low electron temperatures because of their
low threshold energy. By increasing the rate coefficient of these two reactions, the amount
of produced CO and O− will be highly increased. These two species will then participate in
the recombination process through reaction O− + CO− > CO2 + e, which has about 10 %
influence on the O2 density, and produce more CO2. The large amount of produced CO2

will then lead to more production of CO+
2 through the electron-impact ionization reaction

e+ CO2− > CO+
2 + 2e (4.8)
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which has a high rate coefficient but requires more energy to occur. As it is evident, their
influence is very high after the maximum power deposition, which has a large effect on the
density of electrons and ions such as CO+

2 (as it was discussed in the previous chapter). The
other reaction which slightly effects the density of CO +

2 was found to be the recombination
reaction given by

e+ CO+
2 − > CO +O (4.9)

which leads to the consumption of CO+
2 ions. Although its influence was only about 5 %,

it still can be considered high in comparison with other reactions. It specially has more
effect at the end of the simulation, when the electron temperature is relatively low and the
recombination reactions are dominant.
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e + CO2 => CO2(+) + 2e
e + CO2 => CO + O + e
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O(-) + O2 => O3 + e

O(-) + O3 => O2 + O2 + e
e + CO2(+) => CO + O

O2(-) + CO2(+) => CO + O2 + O
O + O + M => O2 + M
O + O2 + M => O3 + M
O + O3 => O2 + O2

O + CO + M => CO2 + M
O3 + M => O2 + O + M

Comparing Reactions for CO2plus

After Pulse Segment
End of Simulation

Figure 4.7: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species CO+
2 . The upper orange bar demonstrates the contribution to the

uncertainty of each reaction 9 ns after the power deposition, and the lower red bar shows
the contribution at the end of the simulation.

CO

The uncertainty in CO density due to the uncertainty in rate coeffients has been summarize
in Figure 4.8. As it is clear from the figure, most of the reactions do not have a direct
impact on this species density, and the highest influence (about 0.08 %) was recorded for
the electron-impact dissociation reaction of CO2. While this is surprising to begin with, it
could possibly be explained by the large amounts of CO that are produced thereby leading
to relatively small dependence on various reaction rates.
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Figure 4.8: Comparing the importance of reactions incorporated in reduced model of CO2

splitting for species CO. The upper orange bar demonstrates the contribution to the un-
certainty of each reaction 9 ns after the power deposition, and the lower red bar shows the
contribution at the end of the simulation.

The DAKOTA-OpenFOAM-Python hybrid framework can therefore aid in the determi-
nation of the most sensitive reactions by a completely automated algorithm which might be
crucial for systems with a larger number of species and reactions.
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Chapter 5

Summary and Future Work

The current thesis dealed with the development of a computational framework for perform-
ing plasma chemistry simulations and their uncertainty quantification analysis by suitably
combining and extending existing open source computational tools. A plasma chemistry
solver was implemented in the OpenFOAM C++ solver suite that is popular in the compu-
tational fluid dynamics community for its ability to perform massively parallel finite volume
simulations in complex geometries. The development of the plasma chemistry solver involved
significant code development including the modification of several underlying classes in order
to account for electron temperature, elastic and inelastic electron-impact reactions to name
a few. Apart from the default Arrhenius reaction rate implemented in OpenFOAM, this
work extended the solver suite to take in tabulated reaction rate information as a function of
temperature thereby making it ideally suited to receive input from the BOLSIG+ freeware
that is commonly used to determine the rate coefficients for electron-impact reactions. The
OpenFOAM plasma chemistry application solved the species conservation equations and the
electron energy equation. The species conservation equation for each species accounted for
the production and loss terms based on the specified reaction set. The electron energy equa-
tion was used to solve for the electron temperature by accounting for the input power and
energy losses associated with elastic and inelastic electron-impact reactions.

The OpenFOAM solver was initially applied to a simple two-reaction zero-dimensional
argon plasma that included an ionization reaction and a recombination reaction. The results
obtained for the electron and ion density profiles was verified using ZDPlaskin (an existing
plasma chemistry solver that is restricted to zero-dimensional simulations). The influence of
a 5 % uncertainty on the rate constants was quantified and as anticipated, the ionization re-
action affected the entire time history whereas the recombination reaction only affected with
long-time behavior and steady state values of the species number densities. The OpenFOAM
solver was then applied to a carbon dioxide dielectric barrier discharge plasma relevant to
greenhouse gas reforming. The filamentary nature of dielectric barrier discharge plasmas was
modeling by assuming a triangular pulse (pulsewidth of several nanoseconds) for power input
followed by an afterglow period with zero input power. A reduced chemistry set comprising
of 9 species and 17 reactions was used to obtain the time history of species number densities
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and electron temperature for various peak input power, initial electron number density, and
timestep and the results were verified using previously published work. A formal sensitivity
analysis was performed by interfacing the OpenFOAM solver to DAKOTA (an open source
framework for uncertainty quantification) using a Python code that was developed as part
of the current work. The contribution of each reaction in determining the number density
of a particular species was quantified by computing the ratio of standard deviation to mean
for an uncertainty of 20 % for each reaction rate coefficient. The interplay predicted by the
automated computational framework was along expected lines thereby demonstrating the
feasibility of utilizing it for problems involving a more complex chemistry set.

With the development of the computational framework completed and demonstrated in
this thesis, there is a significant amount of work that can be performed. Some of the im-
mediate tasks that can be recommended include the extension of the solver to study a more
detailed carbon dioxide chemistry set involving several electronically and vibrationally ex-
cited species. The vibrationally excited species are expected to play a major role in driving
the dissociation particularly in microwave plasmas. The tool could potentially be used for
other exciting plasma chemistry applications including plasma medicine where atmospheric
pressure plasmas operating in ambient air interact with biological materials. The computa-
tional framework can be envisioned to lead to many exciting developments in the broad area
of plasma chemistry in the near future.
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Chapter 6

Appendices
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Appendix A

Reduced Model Reactions Set

Table A.1: Overview of reactions included in the model [2]

Reaction Rate Type
1 e– + CO2 −−→ eV + CO2 f(σ) momentum transfer
2 e– + CO2 −−→ CO +

2 + 2 e– f(σ) ionization reaction
3 e– + CO2 −−→ CO + O + e f(σ) dissociation
4 e– + CO2 −−→ CO + O– f(σ) electron attachment
5 e– + O3 −−→ O + O2 + e– f(σ) dissociation
6 e– + O2 −−→ O + O + e– f(σ) dissociation reaction
7 e– + O2 −−→ O + O– Arrhenius equation dissociative attachment
8 O3 + M −−→ O2 + O + M Arrhenius equation three body reaction
9 O– + CO −−→ CO2 + e– Arrhenius equation neutral- negative ion reaction
10 O– + O2 −−→ O3 + e– Arrhenius equation neutral- negative ion reaction
11 O– + O3 −−→ O2 + O2 + e– Arrhenius equation neutral-negative ion reaction
12 e– + CO +

2 −−→ CO + O Arrhenius equation electron-ion reaction
13 O –

2 + CO +
2 −−→ CO + O2 + O Arrhenius equation negative-positive ion reaction

14 O + O + M −−→ O2 + M Arrhenius equation three body recombination
15 O + O2 + M −−→ O3 + M Arrhenius equation three body recombination
16 O + O3 −−→ O2 + O2 Arrhenius equation neutral-neutral reaction
17 O + CO + M −−→ CO2 + M Arrhenius equation three body reaction
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Table A.2: Species included in the CO2 DBD splitting model

CO2

CO
O
O2

O3

CO +
2

O–

O –
2



57

Appendix B

Cross Section Plots for Electron
Impact Reactions
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Figure B.1: Cross sections for electron impact reactions of CO2 from the ground atomic
state, measured by Phelps et al. [1]
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Figure B.2: Cross sections for electron impact reactions of O2 from the ground atomic state,
measured by Phelps et al. [1]
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measured by Phelps et al. [1]
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Appendix C

Rate Coefficients for Electron Impact
Reactions
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Figure C.1: Rate constants of different electron impact reactions of CO2 included in the
model
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Figure C.2: Rate constants of different electron impact reactions of O2 included in the model
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Appendix D

Rate Coefficients for Heavy Partivles
Reactions

Table D.1: Rate coefficient information of heavy particles reactions using k = AT β
e exp(

−Ta

Te
)

equation. Te is the electron temperature in K, A has unit of m3/mol.sec · s for second order
reactions and m6/(mol2).sec for third order. Ta has units of Kelvin

Reaction Equation Order A β Ta Ref
e + O2 + M −−→ O –

2 + M 3 1.088e12 0 0 [2]
O– + CO −−→ CO2 + e– 2 3.3126e11 0 0 [55]
O– + O2 −−→ O3 + e– 2 6.023e8 0 0 [56]
O– + O3 −−→ O2 + O2 + e– 2 1.8069e11 0 0 [57]
e– + CO +

2 −−→ CO + O 2 3.915e14 0 0 [58]
O –

2 + CO +
2 −−→ CO + O2 + O 2 3.61e14 0 0 [58]

O + O + M −−→ O2 + M 3 1.8864e7 0 0 [2]
O + O2 + M −−→ O3 + M 3 7.8203e14 -2.7 0 [56]
O + O3 −−→ O2 + O2 2 4.8184e9 0 17.13 [56]
O + CO + M −−→ CO2 + M 3 6.167e8 0 1510.0 [59]
O3 + M −−→ O2 + O + M 2 2.4694e11 0 11430.0 [55]
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