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Abstract

Digitalization in catalysis research is a challenging endeavor due to its interdisciplinary

scope, encompassing synthesis, characterization, and modeling. This thesis focuses on the

development and application of digital tools to accelerate the workflows followed in nu-

merical modeling. In particular, the development of microkinetic models is a crucial step

in rational catalyst design and in gaining deeper insights from the reaction mechanism.

However, the high-dimensionality of these models often poses a significant bottleneck in

their development.

To address this, the work presented in this thesis introduces an optimization tool that

integrates automation and established gradient-free optimization algorithms to accelerate

the modeling process. The tool is applied across multiple catalytic systems and reactions,

showcasing its versatility and potential to enhance model development in heterogeneous

catalysis. A key application demonstrated in this thesis is the development of tailored

models for the oxidation of methane under lean conditions over PdO-based catalysts, and

using them to understand the effect of supports on the catalytic behavior.

In addition, the thesis also demonstrates the development of a deep learning-based surro-

gate model for methane oxidation over PdO/Al2O3 in a fixed bed reactor. This surrogate

model is then used in performing gradient-based optimization of the simulation parameter

representing the available active surface area against experimental performance data, to

predict the dynamic changes in the catalyst properties under reaction conditions.
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Kurzfassung

Die Katalyseforschung umfasst mehrere Bereiche wie die Synthese, Charakterisierung

und Modellierung. Dieser interdisziplinäre Charakter macht die Digitalisierung des

Forschungsfelds zu einer anspruchsvollen Aufgabe. Im Fokus der Aufmerksamkeit steht die

Entwicklung und Anwendung digitaler Werkzeuge zur Beschleunigung der Arbeitsabläufe

bei der numerischen Modellierung. Insbesondere die Entwicklung mikrokinetischer Mod-

elle ist ein entscheidender Schritt für das rationale Katalysatordesign indem sie tiefere

Einblicke in den Reaktionsmechanismus erlaubt. Die hohe Dimensionalität dieser Modelle

stellt jedoch häufig eine erhebliche Herausforderung bei der Modellentwicklung dar.

Um diesem Problem zu begegnen, wird in dieser Arbeit ein Optimierungstool vorgestellt,

welches einen Automatisierungsprozess und etablierte gradientenfreie Optimierungsalgo-

rithmen integriert, um den Modellierungsprozess zu beschleunigen. Das Tool wird auf

mehrere katalytische Systeme und Reaktionen angewendet und zeigt damit seine Viel-

seitigkeit und sein Potenzial zur Verbesserung der Modellentwicklung in der heteroge-

nen Katalyse. Eine wichtige Anwendung, die in dieser Arbeit demonstriert wird, ist die

Entwicklung maßgeschneiderter Modelle für die Oxidation von Methan unter mageren

Bedingungen über PdO-basierten Katalysatoren und deren Anwendung zur Entwicklung

eines Verständnisses über die Auswirkungen von Trägermaterialien auf das katalytische

Verhalten.
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Kurzfassung

Darüber hinaus zeigt die Arbeit die Entwicklung eines Deep-Learning-basierten Surro-

gatmodells für die Methanoxidation über PdO/Al2O3 in einem Festbettreaktor. Dieses

Surrogatmodell wird anschließend verwendet, um eine gradientenbasierte Optimierung des

Simulationsparameters durchzuführen, der die verfügbare aktive Oberfläche repräsentiert.

Die Optimierung erfolgt anhand experimenteller Leistungsdaten, um die dynamischen

Veränderungen der Katalysatoreigenschaften unter Reaktionsbedingungen vorherzusagen.

vi



Contents

Nomenclature . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . xi

1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 1

1.1 Digitalization in Catalysis Research . . . . . . . . . . . . . . . . . . . . . 2

1.2 Objective and Outline of this Thesis . . . . . . . . . . . . . . . . . . . . 4

2 Theory and fundamentals . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.1 Modeling of Heterogeneous Reactions . . . . . . . . . . . . . . . . . . . . 7

2.1.1 Kinetic Modeling Equations . . . . . . . . . . . . . . . . . . . . . 8

2.1.2 Thermodynamic Consistency . . . . . . . . . . . . . . . . . . . . . 10

2.2 Modeling Reactive Flow in a Packed Bed Reactor . . . . . . . . . . . . . 12

2.2.1 DETCHEM Simulation Model . . . . . . . . . . . . . . . . . . . . 12

2.2.2 Reaction Flow Analysis . . . . . . . . . . . . . . . . . . . . . . . . 14

2.2.3 Automation through CaRMeN . . . . . . . . . . . . . . . . . . . . 16

2.3 Optimization Techniques . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3.1 Basin-Hopping . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.3.2 Nelder-Mead Method . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.4 Artificial Neural Networks . . . . . . . . . . . . . . . . . . . . . . . . . . 23

2.4.1 Gradient-based Optimization for Neural Network Training . . . . 25

3 Kinetic Parameter Optimization using Basin-Hopping: A Proof of Concept 27

3.1 Background and Motivation . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.2 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

vii



Contents

3.2.1 Choosing the Type of Objective Function . . . . . . . . . . . . . . 31

3.2.2 Experimental Data for Objective Function Calculation . . . . . . 32

3.2.3 Implementation with DETCHEM . . . . . . . . . . . . . . . . . . 33

3.2.4 Independent Parameter Optimization and Thermodynamic Con-

straints . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

3.2.5 Overall Optimization Workflow . . . . . . . . . . . . . . . . . . . 36

3.3 Illustrative Example I: Methanation . . . . . . . . . . . . . . . . . . . . . 39

3.3.1 Optimization of Methanation Model . . . . . . . . . . . . . . . . 40

3.3.2 Convergence Study . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.3.3 Mechanism Parameter Comparison after Optimization . . . . . . 45

3.4 Illustrative Example II: Ammonia Decomposition . . . . . . . . . . . . . 48

3.4.1 Ammonia Decomposition Kinetic Model . . . . . . . . . . . . . . 49

3.4.2 Optimization Strategy for Bimetallic Catalysts . . . . . . . . . . . 50

3.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 54

3.6 Conclusions and Summary . . . . . . . . . . . . . . . . . . . . . . . . . . 55

4 Modeling the Effect of Supports in PdO-Based Methane Oxidation Catalysts 57

4.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 58

4.2 Kinetic Model for Methane Oxidation over PdO . . . . . . . . . . . . . . 59

4.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62

4.4.1 Optimization of Kinetic Parameters for the Supported Catalysts . 62

4.4.2 Surface Coverage Analysis . . . . . . . . . . . . . . . . . . . . . . 69

4.4.3 Reaction Flow Analysis and Key Species . . . . . . . . . . . . . . 75

4.4.4 Comparison of Kinetic Parameter Values . . . . . . . . . . . . . . 79

4.4.5 Limitations . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

4.5 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

5 Surrogate Modeling using Deep Learning Architectures and its Application 85

5.1 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.2 Experimental Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

5.3 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

viii



Contents

5.3.1 Data Generation . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.3.2 Data Storage . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

5.3.3 Surrogate Model Architecture Selection . . . . . . . . . . . . . . . 95

5.3.4 Surrogate Model Training . . . . . . . . . . . . . . . . . . . . . . 98

5.3.5 Optimization of Active Catalyst Area . . . . . . . . . . . . . . . . 102

5.4 Results and Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . 103

5.4.1 Surrogate Model Performance across Various Architectures . . . . 103

5.4.2 Simulation Results with Optimized Active Area . . . . . . . . . . 114

5.5 Conclusions and Summary . . . . . . . . . . . . . . . . . . . . . . . . . . 120

6 Conclusions and Outlook . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

References . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

List of Figures . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

List of Tables . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 159

List of Publications and Presentations . . . . . . . . . . . . . . . . . . . . . . . 163

Curriculum vitae . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 167

ix





Nomenclature

Latin Symbols

Symbol Description Unit

A Area m2

Ak Pre-exponential Arrhenius parameter [cm, mol, s]
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G Gibbs free energy J mol−1

H Enthalpy J mol−1

K Number of reversible reactions –

k Kinetic rate constant [cm, mol, s]

kfs Fluid-solid mass transfer coefficient m s−1

L Loss function –

L Length m

m Mass g
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T Temperature K or ◦C

t Time s

u Velocity m s−1

W Weight parameter in a neural network –

x Input vector in a neural network –

X Conversion –

y Output value –

ŷ Predicted output value –

Yi Mass fraction of species i K

z Axial coordinate m
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1 Introduction1

In the modern world, catalytic materials are being extensively used in facilitating numer-

ous chemical and biological reactions, with their impact on the chemical manufacturing

sector being particularly significant [2]. The development of efficient catalysts has been

pivotal in revolutionizing several important industrial processes. In the context of reduc-

ing anthropogenic environmental impacts as well, the field of catalysis plays a significant

role [3, 4].

Figure 1.1: Various applications of catalytic materials. Figure reproduced from [1].

As industries globally strive towards carbon-neutral technologies, catalysis is enabling

cleaner and environmentally responsible chemical processes (Fig. 1.1). Research efforts

are continually being made to support processes for carbon-capture and utilization [5],
1Parts of this chapter are taken with permission from [1] Chacko, R. et al., “Interconnected Digi-

tal Solutions to Accelerate Modeling of the Reaction Kinetics in Catalysis”, ChemCatChem 2024, 16,
e202301355, https://doi.org/10.1002/cctc.202301355, licensed under CC BY 4.0.
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1 Introduction

biomass conversion [6], and emission control [7–9]. To that extent, improving upon the

process of development of new and advanced catalytic materials is of utmost importance.

Emerging approaches, such as machine learning, and high-throughput experimentation are

accelerating catalyst discovery [10–12]. Therefore, the digitalization of catalysis by inte-

grating data-driven methodologies and automation in the research workflows is paramount

to reducing development time, increasing efficiency, and enabling the transition of cat-

alytic technologies from laboratory-scale to industrial applications [13, 14].

1.1 Digitalization in Catalysis Research

Catalysis deals with data that span a broad range of length and time scales while incorpo-

rating methods from a variety of disciplines such as organic, inorganic, physical, compu-

tational chemistry, and process engineering, thereby adding complexity to digitalization

efforts [13, 15]. However, once realized the long-term impact would be monumental. As

outlined in the GeCats whitepaper, “Digital Catalysis” would bridge the gap between

theoretical and experimental approaches and provide opportunities for increased collabo-

ration across disciplines and working groups, facilitating rational catalyst design [16].

The fundamental aspect to rational design of catalysts is to gain a deeper understand-

ing of the mechanism of catalytic behavior [17]. This is accomplished through the diverse

tools and methodologies in the “catalyst design toolbox” which includes advanced synthe-

sis methods [18–20], sophisticated analytical techniques [21–24], and theoretical modeling

approaches [25–29]. All these areas would greatly benefit from digitalization and efforts

are therefore underway to build robust data frameworks and workflows that support the

design process.

The materials sector has already witnessed significant strides [30–32] through initia-

tives such as the Materials Genome Initiative (MGI) [33], FAIRmat [34], and Novel

Materials Discovery (NOMAD) [35]. In recent years, catalysis has experienced simi-

lar progress, driven by efforts like NFDI4Cat [36], DAPHNE4NFDI [37], CatApp [38],

Catalysis-Hub [39], Catalyst Acquisition by Data Science [40]. These initiatives are lay-

2



1.1 Digitalization in Catalysis Research

ing the groundwork for digital catalysis, where the emphasis is also on building robust

research data management (RDM) infrastructures. An RDM plan is necessary to en-

able data-reuse, facilitate collaboration and data exchange, and leverage advanced digital

technologies such as machine learning. A key objective across these programs is to make

data obtained at various stages of catalysis research Findable, Accessible, Interoperable,

and Reusable (FAIR) [41], ensuring its use long after its generation, by the inclusion of

rich metadata and the adoption of standardized data formats. Several strategies have

been proposed to collect standardized data including use of ontologies for knowledge rep-

resentation and Resource Description Framework (RDF) for metadata representation [42–

46].

The diversity in the type of research data, ranging from experiments to characterization

to theory, makes the development of a unified research data infrastructure particularly

challenging [13]. To digitize catalyst synthesis and catalytic activity tests data, use of

software tools that log all relevant data associated with the synthesis procedure is recom-

mended [47]. Marshall et al. [15] have outlined strategies for the acquisition and storage

of data from catalyst synthesis to functional analysis. Employing suitable Electronic Lab

Notebooks (ELN) for data acquisition and use of standard protocols are key to ensure the

generation of high-quality data [15, 48].

Another approach is the creation of a digital twin of test setups to track the changes

made to the setup over time, while allowing data to be stored in repositories linked with

the devices used to generate them. This concept is exemplified in the Adacta tool [49]

developed within the NFDI4cat [36] initiative. Several reports have showcased the mer-

its of using RDM strategies for handling diverse characterization data in catalysis [50,

51]. Similarly, tools for automation of the workflows followed in modeling studies and

data-driven approaches have also gained increased attention [52–54]. Collectively, these

efforts are paving the way towards autonomous catalyst discovery [55]. In particular in

the modeling domain, interconnected digital solutions that deal with various aspects of

catalysis research represent a crucial step towards better understanding the catalyst be-

havior. This is illustrated in Fig. 1.2, which demonstrates the role of interconnected tools

in the process of development of kinetic models.

3



1 Introduction

Figure 1.2: Interconnection of the various software and tools in kinetic model development. Fig-
ure reproduced from [1].

1.2 Objective and Outline of this Thesis

In this thesis, digitalization efforts towards use of automation, numerical algorithms and

machine learning in the development and application of microkinetic models is demon-

strated. Given that model development is a crucial step in gaining mechanistic insights

and designing more efficient catalysts, leveraging digital tools and existing technologies

can significantly accelerate the development process. This acceleration allows researchers

to dedicate more time towards the application of these models. Additionally, this would

also enable the adoption of such detailed models in industrial settings, where simplified

models are often favored due to their rapid development.

The primary objective of this work was to develop tools that support the development of

kinetic models and gain a better understanding of the surface chemistry. To this end, the

initial focus was on developing and validating a protocol for the accelerated optimization

of existing microkinetic models in response to new data or minor modifications in catalytic

4



1.2 Objective and Outline of this Thesis

materials. Subsequently, the potential of machine learning-based surrogate models was

explored to better understand the catalytic performance under reaction conditions.

This thesis is structured into five chapters. The first two chapters provide a brief introduc-

tion to the topic and a description of the methods, the theoretical approaches used, and

the governing equations for modeling. Chapter 3 outlines the optimization methodology

and its application in optimizing two detailed microkinetic models for CO methanation

over Ni/Al2O3 and NH3 decomposition on ruthenium-based Ni-BCZY cermet catalyst.

Chapter 4 describes the use of the optimization workflow in obtaining tailored mecha-

nisms for two palladium-based supported catalysts to describe the effect of the supports

on the catalytic behavior of PdO for methane oxidation under lean conditions. Finally,

Chapter 5 demonstrates the development and application of a surrogate model trained

with the help of simulated data obtained using a microkinetic model for methane oxi-

dation on PdO/Al2O3 to better understand the dynamic nature of the active material

during the light-offs. The experimental data for most of the applications presented in

this work were sourced from published literature. An exception is the data related to

ammonia decomposition on the cermet material used in Chapter 3, which was obtained

through a collaborative project between Karlsruhe Institute of Technology (KIT) and the

European Institute for Energy Research (EIFER). The experimental and characterization

data were collected as part of the Master’s thesis [56] of Tim Bastek from KIT, and the

subsequent numerical investigations using the optimized model developed in this work,

were carried out by Sadaf Davari from KIT. The paper [57] reporting the data and the

model was published during the preparation of this thesis.
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2 Theory and fundamentals

This chapter provides a description of the numerical techniques, methods, and the mod-

eling equations. The content in this chapter are sourced from various textbooks and

published literature [58–61].

2.1 Modeling of Heterogeneous Reactions

Understanding the kinetics of surface reactions in heterogeneous catalysis is essential in

optimizing catalytic processes in both industrial and environmental contexts. Kinetics

describe the rate at which chemical reactions occur and their numerical description spans

a broad spectrum, ranging from global kinetic models to detailed microkinetic models

(MKM). The global kinetic models are primarily phenomenological and used for appli-

cation purposes instead of fundamental understanding [62]. In such models, only key

species are considered and individual reaction steps occurring on the surface are lumped

into global reactions, with empirically-calculated kinetic parameters that describe the be-

havior of the chemical system for a specific range of operating conditions. On the other

hand, detailed microkinetic models incorporate all possible elementary steps happening

on the surface without any prior assumptions about the rate-determining step or the most

abundant reacting species [63]. Such models employ kinetic and thermodynamic param-

eters calculated based on first-principle methods. The elementary approach makes their

application possible also at conditions that were not used during the development of the

model.
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2 Theory and fundamentals

A widely applied strategy in the microkinetic modeling framework is the mean-field ap-

proximation, which assumes a uniform distribution of surface species and active sites,

neglecting any lateral interactions between adsorbates. This approach is in contrast to

kinetic Monte Carlo (KMC) simulations [64], which model the temporal evolution of the

catalytic system considering detailed spatial distribution of the adsorbates, however they

are computationally expensive. Therefore, although the mean-field microkinetic models

(MF-MKM) have lower accuracy than KMC models, the reduced computational cost and

elementary approach makes mean-field microkinetic modeling a practical and powerful

tool to investigate the complex chemical kinetics governing the catalyst performance and

unravel the underlying mechanistic pathways. The following subsections detail the various

equations used in this work for modeling the chemical kinetics and the reactor.

2.1.1 Kinetic Modeling Equations

A detailed microkinetic model describing a heterogeneous catalytic system comprises of

several elementary steps, such as the adsorption/desorption of gaseous species, associa-

tion/dissociation reactions, and/or reactions between various surface intermediates occur-

ring on the catalyst active sites. The set of gas-phase species and surface species involved

are represented by the sets Sg and Ss, respectively. The concentration of the ith gas-phase

species is represented by ci. The concentration of surface species are related to their

coverage fraction (θ) through Eq. 2.1,

θi = ciσi

Γs
(2.1)

where, σi is the number of surface sites occupied by one particle of species i and Γs is the

surface site density of the specific surface. The coverage fractions of surface species and

the free-sites must fulfill the following criteria,

∑︂
i∈Ss

θi = 1 (2.2)
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2.1 Modeling of Heterogeneous Reactions

For any given reversible reaction, the rate of the forward reaction based on the forward

rate constant kf can be expressed as,

dci

dt
= vikf

∏︂
j∈S

c
˜︁v′

j

j (2.3)

where, vi = (vi′ − vi′′) and ˜︁v′
j is the reaction order of each species in the set of all species

in the system S. vi′ and vi′′ represent the stoichiometric coefficient of the reactants and

products, respectively. In microkinetic models each reaction is defined as an elementary

step, therefore the reaction order is considered equal to the stoichiometric coefficient.

Analogous to the forward reaction rate, the reverse reaction rate is defined based on the

reverse rate constant kr, such that,

dci

dt
= −vikr

∏︂
j∈S

c
˜︁v′′

j

j (2.4)

The kinetic rate constant (kk) for the kth elementary step is calculated based on the

Arrhenius equation [65], with additional modifications [61, 66], such that,

kk(T ) = Ak

(︃
T

Tref

)︃βk

exp
[︃
−Ea,k

RT

]︃
·
∏︂
i∈Ss

exp
[︄

ϵi,kθi

RT

]︄
(2.5)

where, Ak is the pre-exponential factor, Ea,k is the activation energy, βk is a fitting

parameter for temperature dependency, R is the universal gas constant, and Tref = 1K.

The parameter ϵ in the last term in Eq. 2.5 incorporates the effect of lateral interactions

between closely packed adsorbates in proximity, which may alter the activation energy of

a given elementary step.

The surface reaction rate (ṡi) for species i can then be expressed as follows,

ṡi =
∑︂

k∈Rs

vikkk

∏︂
j∈S

c
˜︁vjk′
j (2.6)

9



2 Theory and fundamentals

where, Rs is the set of all surface reactions. For adsorption reactions, the rates are

modeled using Eq. 2.7 through sticking coefficients s0
k, i.e., the probability that a gaseous

molecule colliding on the surface would get adsorbed [67].

dci

dt
= vi

s0
k

Γs
nk

√︄
RT

2πMi

(︃
T

Tref

)︃βk

exp
(︃
−Ea,k

RT

)︃ ∏︂
j∈S

c
˜︁vjk′
j (2.7)

Here, nk is equal to 1 for molecular adsorption and 2 for dissociative adsorption. Mi is the

molar mass of the gaseous species i. For a set of gas-phase reactions Rg and third-body

species SM, the rate of production of a gas-phase species i can be calculated as

ω̇i = dci

dt
=

∑︂
k∈Rg

vikkk

∏︂
j∈Sg∪SM

c
ν̃jk

j . (2.8)

2.1.2 Thermodynamic Consistency

At equilibrium, the rate of forward reaction is equal to the rate of backward reaction.

Therefore, Eqs. 2.3 and 2.4 can be rearranged to give,

kf(T )
kr(T ) =

∏︂
j∈S

c
vj

j (2.9)

A reaction mechanism is considered to be thermodynamically consistent, if Eq. 2.10 is

fulfilled for all reversible reactions in the mechanism.

kf(T )
kr(T ) =

∏︂
i

(︂
c⊖

i

)︂vi exp
[︄
−∆RG

RT

]︄
(2.10)

Here, ∆RG is the Gibbs free energy change and c⊖
i is the concentration of species i at

standard pressure. The Gibbs free energy change for a reaction can be calculated in terms

of the Gibbs free energy of each species, such that,

∆RG(T ) =
∑︂

i

viGi(T ) =
∑︂

i

vi (Hi(T )− T · Si(T )) (2.11)
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2.1 Modeling of Heterogeneous Reactions

The calculation of Gibbs energy requires availability of thermodynamic data to obtain the

standard enthalpy (H) and entropy (S) values for a given temperature. Thermodynamic

data is often made available in the form of NASA polynomial coefficients [68, 69], which

contain two sets of 7 constants (b1 to b7 in Eqs. 2.12 and 2.13), with one set valid for low

temperatures and the second set valid at high temperatures.

Hi(T ) = R

(︄
b1,iT + b2,i

2 T 2 + b3,i

3 T 3 + b4,i

4 T 4 + b5,i

5 T 5 + b6,i

)︄
(2.12)

Si(T ) = R

(︄
b1,i ln T + b2,iT + b3,i

2 T 2 + b4,i

3 T 3 + b5,i

4 T 4 + b7,i

)︄
(2.13)

Therefore, for a given forward reaction rate constant, Eq. 2.10 can be used to calculate the

rate constant for the reverse reaction. However, it is not as straight-forward for surface

mechanisms, as the thermodynamic data for surface species are often unknown. This

necessitates that the rate coefficients for the forward and reverse reactions be explicitly

given, which satisfy Eq. 2.10 for all reversible reaction pairs.

Typically in a detailed microkinetic model for a heterogeneous system, the number of

surface species are less than the total number of reversible reactions. Therefore, there

are more number of equations similar to Eq. 2.10 than there are unknown thermodynamic

functions Gi(T ). This implies that not all values of kf(T ) and kr(T ) can be chosen

independently. This depends on the available degrees of freedom, which in the case of

surface reactions equals the number of surface species (Ns) minus one. Therefore, for a

mechanism with K pairs of reversible reactions, there needs to be at least K − Ns + 1

dependent rate coefficient values to avoid an overdetermined equations system.

In this work, the DETCHEMADJUST tool is used to obtain thermodynamic consistency

in reaction parameters [70]. With the DETCHEMADJUST tool the user has the choice to

either allow all reaction parameters to be minimally changed so that the mechanism is

thermodynamically consistent or define only a subset of reactions whose parameters are

allowed to be adjusted. In the second scenario if the number of reactions allowed to be

modified are equal to K−Ns +1, then the system of equations are deterministically solved

to obtain the unknown thermodynamic functions and the dependent rate coefficients.

11
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However, for an underdetermined system of equations, the DETCHEMADJUST tool tries

to search for the solution that minimizes the changes in the rate constants.

2.2 Modeling Reactive Flow in a Packed Bed Reactor

2.2.1 DETCHEM Simulation Model

A bottom-up approach is followed in multi-scale modeling that starts with kinetic models

with elementary steps which are integrated with mass and heat transfer models. In this

work, all simulations are performed with the packed bed reactor model in the DETCHEM

simulation package [71]. The DETCHEM package, written in Fortran, comprises several

libraries which facilitate the modeling of various types of reactors. The core library in

DETCHEM provides various subroutines for reading input files such as the mechanism

input, thermodynamic data, etc., to calculate reaction rates, flow properties, and ther-

mochemical properties for the species. These subroutines are used in the implementation

of reactor models such as the packed bed reactor model, DETCHEMPBR.

The DETCHEMPBR code [72] models the reactor using a 1D heterogeneous model under

plug flow assumptions. This implies that no changes in flow properties in the radial

direction is assumed and that axial diffusion is considered negligible. Thus, the packed

bed simulation model can be expressed as a system of ordinary differential equations

(ODEs) as
dρu

dz
= av

∑︂
i∈Sg

Miṡi (2.14)

ρu
dYi

dz
+ Yiav

∑︂
j∈Sg

ṡjMj = Mi (avṡi + ω̇iε) (2.15)

where, ρ is the density, u is the superficial velocity, z is the axial coordinate, av is the

surface area to volume ratio, Mi is the molar mass of species i, Yi is the mass fraction

of species i and ε is the porosity of the catalyst bed. The surface and gas-phase rate of

production of species i are calculated using Eqs. 2.6 and 2.8, respectively. In this work

all the simulations are performed under isothermal conditions, therefore, the temperature
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balance equations are not given. External mass transfer resistance between the bulk fluid

and the particle surface is modeled by equation 2.16,

Miṡi = ki,fs (ρi,sYi,s − ρiYi) (2.16)

where, ki,fs is the fluid-solid mass transfer coefficient of species i and Yi,s is the mass

fraction of species i on the solid surface. The mass transfer coefficient is calculated as,

ki,fs = ShfsDi

dp
(2.17)

where, Shfs is the Sherwood number and Di is the effective diffusion coefficient of species

i and dp is the average particle size in the bed.

Figure 2.1: Illustration of the definition of surface area for non-porous and porous catalysts.
Figure adapted from [73], licensed under CC BY 4.0.

In DETCHEM, the effect of increased surface area in the case of a porous catalyst is

incorporated through the Fcat/geo factor. This factor is defined as the ratio of the catalytic

surface area available for adsorption to the geometric surface area as given in Eq. 2.18.

The catalytic area Acat is defined as the area of the active species in the catalyst bed and

Ageo is the geometric surface area of the spherical bed particles, as illustrated in Fig. 2.1.

Fcat/geo = Acat

Ageo
(2.18)

The available catalytic area may be determined experimentally by calculating dispersion

through chemisorption experiments. The catalytic area may also be calculated based
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on the average nanoparticle diameter of the active species dnp, obtained from imaging

techniques, assuming spherical particles [74] such that,

Acat = 0.5mactive species

ρactive species

6
dnp

(2.19)

where, mactive species is the mass of the active species calculated based on the catalyst

loading and ρactive species is the density of the active catalyst species. It is assumed that

the active species form spherical particles and half of the surface area is exposed to the

bulk. The geometric area for a cylindrical packed bed reactor is calculated based on the

surface area per unit volume of the solid fraction in the catalyst bed [75] such that,

Ageo = 6(1− ε)
dp

Vbed (2.20)

Ageo = 3π

2 (1− ε)D2L

dp
(2.21)

where, ε is the bed porosity, D is the diameter of the reactor, L is the length of the reactor

and dp is the average diameter of particles in the catalyst bed.

2.2.2 Reaction Flow Analysis

Reaction flow analysis (RFA) is a useful technique in studying chemical kinetics to deter-

mine how much a particular reaction contributes towards the production or consumption

of a species. RFA enables tracing the dominant reaction pathways that leads to the

formation of a product by identifying important intermediate species and the pathways

followed by them during the transformation of the reactants into the products. An integral

rate analysis considers the overall contribution of a reaction along the full reactor length,

while a local rate analysis examines the contributions towards formation or consumption

at specific points in the reactor.
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DETCHEMPBR supports calculation of the integrated and local rates for each elementary

step in a given reaction mechanism. The local rate (rk) of the kth reversible reaction is

given by the following equation,

rk = kfk
∏︂
j∈S

c
˜︁v′

j

j − krk
∏︂
j∈S

c
˜︁v′′

j

j (2.22)

where, kfk and krk are the rate constants for the forward and reverse step respectively.

For integral RFA, the local rate is integrated for the duration of the residence time,

Rk =
∫︂ t

0
rkdt (2.23)

where Rk is the total rate in units mol m−2. To calculate the rate of production (n+
ik) or

consumption (n−
ik) of a species i, rk is multiplied by the effective stoichiometric coefficient,

nik = (vik′ − vik′′)rk (2.24)

resulting in a matrix of dimensions (Ns×K), where Ns is the total number of species and

K represents the total number of reversible pairs of reactions. If nik is positive, then it in-

dicates that the reaction contributes towards production of species (n+
ik), and if negative,

it contributes to its consumption (n−
ik). To evaluate the overall impact of each reaction

on a given species, it is useful to convert the absolute rates into percentages. Hence, nor-

malization of the rate data is performed considering the formation and consumption rates

separately. Thus, the percentage contribution of the kth reaction towards the formation

and consumption of species i are calculated by Eqs. 2.25 and 2.26, respectively.

n+
norm,ik = n+

ik∑︁
k∈Rs n+

ik

× 100 (2.25)

n−
norm,ik = n−

ik∑︁
k∈Rs n−

ik

× 100 (2.26)

where, Rs is the set of all surface reactions.
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2.2.3 Automation through CaRMeN

The process of comparison of simulated data with measured data involves several steps,

namely: creation of input files for the various operating conditions, execution of multiple

simulations, extraction and post-processing of the output data, and finally plotting the

experimental and modeled data to obtain the comparison curves. The generation of input

files includes creation of directories with files describing the flow properties in the form of

a moldata file, thermodynamic information as NASA polynomial coefficients in the form

of a thermdata file, species-related information as a species.inp file, mechanism-related

information as a mech.inp file, and information on the configuration of the reactor setup

and operating conditions in reactor-specific formats namely pbr.inp file.

During the development of a kinetic model, multiple simulations need to be performed

which need to be quickly compared with experimental data and therefore, the simulation

workflow benefits from automation. In this work, during the initial testing and the final

validation of the developed kinetic models, the software CaRMeN (Catalytic Reaction

Mechanism Network) [52, 53] was used to compare simulated data with the measured

data. CaRMeN enables the acceleration of the simulation workflow by automating the

labor-intensive tasks of setting up input files required for multiple simulations, paral-

lelized execution and postprocessing of the outputs. Users of CaRMeN are able to specify

simulation-related information in YAML files, and the software creates the input files

in the required DETCHEM-specific format, executes the simulations, and displays the

post-processed output of the simulation as comparison plots with the experimental data

in the user-interface. Specifically for the simulation of a packed bed reactor, CaRMeN

also supports the use of a template for the user-inputs and the experimental data in the

form of a single Excel workbook, which contains validation checks to ensure valid data-

entry and also automatically calculates the necessary simulation parameters based on the

user-inputs. It not only allows easy data exchange across various working groups, but is

also convenient for users who are not familiar with CaRMeN data formats.

At its core, CaRMeN follows a modular approach in creating the simulation configuration

files as shown in Fig. 2.2. It deconstructs a complete simulation input into subsets or
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Figure 2.2: A pictorial representation of the modular approach followed in CaRMeN to create
multiple simulations. Reprinted with permission from [1].

fragments that act as building blocks which may be reused and combined with other

fragments. Due to this modular approach in creation of the simulation inputs, users

are able to define the individual subsets containing parts of the simulation inputs and

dynamically assemble them together within the user interface to run multiple simulations.

For example, as depicted in the Fig. 2.2, a complete simulation configuration may be

divided into subsets containing information regarding operating conditions and kinetic

parameters, among others. It is a likely scenario, where multiple kinetic parameters may

need to be tested, such as mechanisms for a given active catalyst from various literature

sources, or when several experimental data with various feed ratios need to compared with

simulations using the same kinetic model. When such simulations need to be executed

with several parameters remaining constant such as the reactor details, thermodynamic

data, and other reactor operating conditions, then CaRMeN enables the reuse of the

subset with constant values of simulation parameters, thereby reducing user effort in

redefining the same information for each individual simulation. Such digital tools help
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in accelerating the workflow of development of new models, and in reducing redundancy

and errors.

2.3 Optimization Techniques

During the development of kinetic models, it is a common approach to optimize kinetic

parameters based on measured data. Typically this optimization is conducted using nu-

merical techniques which offer a convenient and robust alternative to manual fitting of

the parameters [76–81]. Many optimization algorithms have been used in the literature,

ranging from gradient-based methods to heuristic algorithms [82–89]. The overall goal in

all methods is to minimize or maximize a given objective function such as, the residual

error between the modeled and the measured outputs.

2.3.1 Basin-Hopping

In this work, the global optimization method Basin-Hopping [90] was used to optimize

detailed kinetic models. Fig. 2.3 visualizes the basic principle behind this method. The

method attempts to find the global solution to a given objective function by hopping from

one local solution point to another point in the search space which might lead to a better

solution. This hopping refers to the exploration step in the global search. Additionally,

the algorithm uses a local-search method that may or may not use gradients to search for

the local solution, after each hop, known as the exploitation step. A user-defined value

of step size defines the range of each hop. A local solution is accepted or rejected based

on the metropolis criterion [91], where a solution is always accepted if the value of the

objective function is lower than the previously best value, or accepted with a probability

calculated based on the difference in the current and the best objective function values.

Basin-Hopping has inherent stochasticity in it since the hopping point at each iteration

is randomly decided in between the range determined by the step size value. Therefore,

the method does not guarantee reaching a global solution. Additionally, reproducibility
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Figure 2.3: Search for a global minimum through Basin-Hopping. Figure reprinted without
changes from [92].

of results is difficult as consecutive runs with the same value of step size and number of

iterations may not lead to the same solution. However, this stochasticity may also lead

to a better solution with multiple runs. In spite of these challenges, Basin-Hopping has

proven to be useful in optimization of multi-modal objective functions, especially with

high-dimensional search spaces [90, 93, 94]. The main advantage of Basin-Hopping is

that due to its hopping mechanism, it avoids getting stuck at a local minimum or max-

imum. In this work, the Nelder-Mead method [95] was used as the local search method,

which is described in detail in the following subsection. The Nelder-Mead method is

a gradient-free method, it may be used with any simulation code, without needing to

solve additional ODEs which would require significant computational resources for high-

dimensional problems. This approach makes it easier to setup a general automation code

for the optimization workflow irrespective of what reactor set up was used to measure the

experimental data.

2.3.2 Nelder-Mead Method

The Nelder-Mead method, also known as the Simplex search method is a heuristics-based

method to obtain the local optimum value of an objective function. It uses a set of

heuristics to obtain the solution rather than relying on gradients information to direct
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the search. The Nelder-Mead method uses a “simplex” to search the parameter space. A

simplex is a geometrical shape containing n+1 vertices, where n represents the number of

dimensions of the search space. In this work, n refers to the total number of independent

kinetic parameters to be optimized.

The method begins with an initial simplex, which is reshaped or moved towards the

optimal region in the search space during the optimization procedure. The initial simplex

is created using the initial guess of the parameters. The first vertex of the simplex is the

point of initial guess (here, the initial mechanism parameters) and then each subsequent

vertex is formed by making a small change in one of the parameter values, such that if
−→x1 is the initial guess, then the (i + 1)th vertex of the simplex is calculated using the ith

dimension unit vector −→u i, through the following equation,

−→x i+1 = −→x 1 + h(−→x 1, i) ∗ −→u i ∀i ∈ {1, . . . , n}. (2.27)

Here, h(−→x 1, i) is defined as 0.05 if the coefficient of −→u i in the definition of −→x 1 is non-zero,

otherwise it is defined as 0.00025. These values follow the default simplex-generation

heuristics used in Scipy [96] and MATLAB [97]. More generally, h(−→x 1, i) represents an

estimate of the characteristic length scale of the problem [98] in the ith dimension, namely,

the magnitude of perturbation in the parameter that produces a non-negligible change in

the objective function. In this work, the value of 0.05 corresponds to a 5 % change in the

kinetic parameter value, which is a reasonable estimate of the scale at which the change

in the objective function is meaningful.

After the initial simplex generation, the method tries to make modifications in the current

simplex at each iteration, so as to shift it towards the point with the lowest value of the

objective function. The method uses a series of steps during each iteration namely, (i)

ordering, (ii) computation of the centroid, and (iii) transformation of the simplex. The

ordering step involves sorting the vertices of the simplex based on the value of the objective

function f(−→x i) ranging from the best to the worst:

f(−→x 1) ≤ f(−→x 2) ≤ · · · ≤ f(−→x n) ≤ f(−→x n+1). (2.28)
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In the context of a minimization optimization task, the best vertex is the one with the

lowest objective function value, and the worst-performing vertex has the highest objective

function value. The consecutive steps are used to replace the vertex with the worst per-

formance with a better performing point. For this, a centroid −→x c is calculated considering

all the vertices except the worst-performing vertex followed by the transformation step,

which uses the centroid to guide the generation of the next vertex.

Figure 2.4: Schematic representation of the transformation operations used in the Nelder-Mead
method for n = 2.

The transformation step consists of a variety of operations, as illustrated in Fig. 2.4 for

a two-dimensional problem. The first operation that attempts to replace the worst-

performing vertex (−→x n+1) is the reflection operation, where a new reflected point −→x r

is generated using,
−→x r = −→x c + α(−→x c −−→x n+1) (2.29)

where, α is the reflection parameter. The reflection operation aims to move the simplex

in a direction away from the sub-optimal region around the worst-performing vertex. As

shown in Fig. 2.4(1) for n = 2, −→x r “mirrors” the worst-performing point −→x 3 across the
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centroid−→x c. If the newly generated point gives a lower value of the objective function than

the second worst-performing vertex, i.e. f(−→x 1) ≤ f(−→x r) ≤ f(−→x n), then the new vertex

replaces the worst-performing vertex (−→x n+1) and the algorithm begins a new iteration.

If the newly generated vertex performs even better than the best vertex (−→x 1) then the

algorithm tries to look for further solutions in the same direction by performing the

expansion operation. It is defined as,

−→x e = −→x c + γ(−→x r −−→x c) (2.30)

where−→x e is the expansion point and γ is the expansion parameter. As shown in Fig. 2.4(2)

for n = 2, −→x e further explores the same direction of −→x r. If −→x r is better than −→x r, then
−→x n+1 is replaced by −→x e, otherwise it is replaced by −→x r, and a new iteration is performed.

In the event that the objective function value for the reflected point is not better than

the second worst point, i.e. f(−→x r) ≥ f(−→x n), then there are two possible operations

for transformation. First, if f(−→x r) < f(−→x n+1), implying that the reflection direction is

promising, then outside contraction is performed (Fig. 2.4(3a)),

−→x oc = −→x c + ϱ(−→x r −−→x c) (2.31)

where, ϱ is the contraction parameter. Second, if f(−→x r) ≥ f(−→x n+1), implying that the

direction of the reflection point is not ideal, then the contacted point is computed on the

inside of the simplex (Fig. 2.4(3b)) as,

−→x ic = −→x c + ϱ(−→x n+1 −−→x c). (2.32)

If the contracted point is better, then it replaces −→x n+1 and a new iteration is performed.

If the contraction operation also did not lead to a better performing point, then a shrink

operation is performed, which replaces all the points in the simplex except for the best

vertex (Fig. 2.4(4)). Therefore, for 2 ≤ i ≤ n + 1, the ith vertex is calculated as,

−→x i = −→x 1 + δ(−→x i −−→x 1) (2.33)

22



2.4 Artificial Neural Networks

where, δ is the shrink parameter. The scalar parameters used in the above operations are

based on the adaptive implementation proposed by Gao and Han [99] where the parame-

ters are calculated based on the number of dimensions to make the Nelder-Mead method

suitable for high dimensional problems. According to the adaptive implementation, for

n ≥ 2,

α = 1, γ = 1 + 2
n

, ϱ = 0.75− 1
2n

, δ = 1− 1
n

. (2.34)

2.4 Artificial Neural Networks

This section aims to give a brief overview of artificial neural networks (ANN) with an

emphasis on how they are used for regression tasks. A more comprehensive discussion of

the architectures and model training procedure followed in this work is given in Chapter 5.

The primary inspiration for the fields of artificial intelligence (AI) and machine learning

(ML) is to enable machines to mimic human intelligence to perform a variety of complex

tasks. An ANN is a foundational model in the domain of deep learning, which is a subset

of machine learning, that is designed to replicate the behavior of biological neurons in

human brain. An ANN consists of a network of interconnected artificial neurons, each with

associated weights and biases that are learned during model training. According to the

universal approximation theorem, an ANN can approximate any function, given enough

number of neurons and layers in the network [100]. This makes them highly versatile

for complex regression and pattern matching tasks. Regression problems fall under the

category of supervised learning, where the model learns to approximate a function that

relates a set of input and output variables.

The training procedure for a typical regression problem simply involves optimizing the

weights and biases associated with the network, by minimizing the difference between

the predicted and the actual outputs for a given set of inputs. The key issue in machine

learning is making sure that the trained weights are generalized enough to not only perform

well on the training data but also on unseen data, i.e., data not experienced by the model

during training. This is also how ML training differs from a “true” optimization task,
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since ML training aims to reduce this generalization error on test data, while training its

parameters by minimizing a cost function that is calculated on a different set of data. If

the model performs well on training data, but does not generalize well on other testing

data, then such a model is considered to be an overfitted model. In contrast, a model

that does not predict well even on the training dataset is an underfitted model. A model

is said to have trained well if the prediction error on the training dataset is low and the

difference between the prediction errors of the training and the testing dataset is also low.

The complexity of the network architecture also plays a crucial role in determining if the

model would tend to overfit or underfit. The complexity of the model directly translates

to the capacity of the model to learn. If the true complexity of the prediction task is

less than the model’s capacity to learn, then the model would tend to overfit, by just

memorizing all the outputs. Similarly, if the true complexity is higher than the model’s

capacity to learn then it would tend to underfit. Regularization techniques are often used

during training to reduce overfitting and improve generalization.

Most ML algorithms including ANNs have hyperparameters, which determine the con-

figuration of the model and the number of trainable parameters in the model. These

hyperparameters are not adapted during the model training but are rather set before-

hand. However, one needs to determine the optimal values for these hyperparameters

to obtain the best model. This is where a validation dataset is useful which is typically

obtained by randomly splitting the training dataset into two disjoint sets. This valida-

tion dataset is distinct from the testing dataset mentioned above, which is only used to

estimate the generalization error of a model once the training is complete. The purpose

of the validation dataset is to guide the selection of hyperparameters, by training various

combination of hyperparameter settings and comparing model performance on same set

of samples. Commonly used approaches for hyperparameter tuning include grid search

or random search. A grid search involves defining a range for each hyperparameter and

discretizing the hyperparameter domain into a grid. A new model is trained at each point

on the grid representing a combination of hyperparameter values, and the performance

is tested. The grid point showing the best performance is then considered the optimal

combination of hyperparameters. Such an approach on one hand is thorough, since it
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spans all combinations, but it is also slow because many models need to be trained to

find the optimal set. Random search is similar to grid search, however instead of using

all points on the grid, only a subset of randomly selected points are tested. This results

in a fast but less accurate approach.

2.4.1 Gradient-based Optimization for Neural Network Training

A simple fully connected network would involve an input layer, a hidden layer and an

output layer, where every neuron within a layer gets input from all the neurons from the

previous layer. The hidden layers typically also include activation functions, which are

used to incorporate non-linearity in the model. The choice of the activation function is

done based on the type of prediction of task. Several activation functions exist such as

sigmoid (or logistic function), tanh, and ReLU. As the task complexity becomes more

demanding, the complexity of the neural network may also grow beyond the simple feed

forward architectures, such as deeper networks with more hidden layers, convolutional

layers, recurrent layers, or transformers.

The output (z[1]) from a hidden layer of size h can be expressed in terms of the input

vector (x ∈ Rn), the weights W[1] ∈ Rh×n, and biases b[1] ∈ Rh, as

z[1] = ϕ(W[1]x + b[1]) (2.35)

where ϕ(·) is the activation function. The predicted scalar output (ŷ) from the output

layer would be calculated as,

ŷ = W[2]x + b[2] (2.36)

where, W[2] ∈ R1×h are the weights and b[2] ∈ R are the biases of the output layer. A

loss function is used as a performance measure for the model, where mean squared error

(MSE) is commonly used for regression tasks. For a training dataset with N samples with

a true output value of yi the MSE loss function is defined as,

L = 1
N

N∑︂
i=1

(yi − ŷi)2 (2.37)
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2 Theory and fundamentals

The network parameters are updated typically through gradient descent algorithm [101]

where the parameters are changed in the negative direction of the derivative of the loss

function with respect to the network parameters, such that,

ϑ← ϑ− η · ∂L
∂ϑ

(2.38)

where, ϑ are the network parameters (could be weights or biases) and η is the learning rate.

The process of using an input x to obtain the predicted output ŷ and the loss function

L, is known as the forward propagation step, as information flows forward through the

network. The back-propagation step then allows the information from the loss function

to flow backward through the network in order to compute the gradients. Automatic

differentiation is used to calculate the partial derivatives needed for the update step, by

breaking down the complex functions used during the forward propagation step into a

sequence of basic operations and systematically applying the chain rule.

Traditional gradient descent-based optimization of the network parameters use a constant

value of learning rate to update the network parameters which may lead to issues such as

slow convergence and sensitivity to learning rate choice. A very low learning rate at the

start of the training would lead to very slow model training, while a very high learning rate

would lead to larger updates in the parameters which might lead to completely missing the

minimum point. Thus, learning rate schedulers are necessary to more efficiently guide the

update. More advanced optimizers such as Adam (Adaptive Moment Estimation) [102]

were proposed to handle these challenges. Adam optimizer works by adaptively adjusting

the learning rate for each parameter using estimates of the mean and variance of the

gradients. This enables Adam to adapt to the shape of the loss functions and make more

efficient steps towards minimizing the error. As a result, Adam has become the default

optimizer in many deep learning applications.
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3 Kinetic Parameter Optimization

using Basin-Hopping: A Proof of

Concept1

Microkinetic modeling is a powerful tool for rational catalyst design and understanding

the underlying surface phenomena. It is often necessary to fit existing microkinetic models

to new experimental data under different conditions or for similar catalytic systems that

share the same elementary steps but differ slightly in the values of the rate parameters.

In such cases, the large number of tunable kinetic parameters in the microkinetic model

is a limiting factor in optimizing the models. This chapter presents the development of

an automated optimization workflow used for fitting the rate parameters in microkinetic

models, that helps accelerate the microkinetic model development. Details regarding the

various steps in the optimization workflow and illustrative examples for the optimization

procedure are described. It is shown that the use of an automated approach in executing

the simulations necessary for the calculation of the objective function during the optimiza-

tion procedure helps in accelerating the development of a microkinetic model. The use

of a gradient-free optimization algorithm Basin-Hopping enables creation of a generalized

workflow that can be easily extended to any simulation framework or catalytic system.

1Parts of this chapter are taken with permission from [92] Chacko, R. et al., “Automating the Op-
timization of Catalytic Reaction Mechanism Parameters Using Basin-Hopping: A Proof of Concept”,
The Journal of Physical Chemistry C 2023, 127(16), 7628-7639, https://doi.org/10.1021/acs.jpcc
.2c08179, licensed under CC BY-NC-ND 4.0, and from [57] Davari, S., Chacko, R. et al., “Experimen-
tal and Microkinetic Investigation of Thermo-Catalytic Ammonia Decomposition over a Ba-promoted
Ru/Ni-BCZY Catalyst for Use in Ammonia-fed Protonic Ceramic Cells”, Applied Catalysis A: General
2025, 120571, https://doi.org/10.1016/j.apcata.2025.120571., licensed under CC BY 4.0.
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3.1 Background and Motivation

The primary advantage of using microkinetic models is that all possible elementary reac-

tions occurring on the surface are considered in the model without making any a priori

assumptions about the rate determining step (RDS) or the most abundant species on the

surface. It is necessary to avoid such assumptions so as to have a generalized kinetic model

capable of accurately extrapolating the kinetic behavior across a wide range of operating

conditions. The challenges of employing such a comprehensive approach include, the iden-

tification of an expansive set of elementary steps occurring on the catalyst surface and the

estimation of associated kinetic parameters to accurately model the reaction kinetics. Au-

tomated reaction mechanism generator programs [54, 103] are a viable strategy to obtain

an expansive reaction network which can act as an initial reaction mechanism with the

possibility of further refinement. The determination of the associated kinetic parameters

for these steps can be done through first principle-based computations, semi-empirical

methods, and/or experimental approaches.

First-principle simulations include ab initio quantum chemistry methods such as density

functional theory (DFT) and transition state theory (TST), which can be used for param-

eter estimation. However, these methods are computationally expensive, and estimating

the energy parameters for every possible elementary step across all relevant conditions

becomes highly demanding [104]. Therefore, hybrid parameter estimation approaches

are commonly employed where DFT computations are supplemented with semi-empirical

techniques like unity bond index-quadratic exponential potential (UBI-QEP) in combi-

nation with some fitting to experimental data. Purely experimental approaches would

involve extraction of the parameters from individual surface science experiments such as

temperature-programmed desorption (TPD). Such an approach also requires optimization

of the rest of the kinetic parameters against experimental catalytic performance measure-

ments. Additionally, the estimated parameters may have inherent uncertainties [17] that

require optimization of the parameters within the known uncertainties to be able to ac-

curately predict the catalyst behavior under experimental conditions [105].

28



3.1 Background and Motivation

Additionally, the use of different supports with an active catalyst may alter the kinetics

and the catalytic performance. This effect can stem from the direct participation of the

support or indirectly through modifications in the shape and size of the metal nanopar-

ticles, through charge transfer, metal–support interactions, or stabilization of ionic metal

species [106]. Generally, such an impact is modeled implicitly in the kinetic parameters

and not as additional elementary steps, especially when there is no direct participation

of the support. A direct estimation of rate parameters considering the influence of the

supports using first-principles is difficult and computationally demanding due to the com-

plex electronic structure of the supports. Hence, the microkinetic models developed for

an active metal generally need to be optimized to take into account the effect of supports

when experimental measurements are made with catalysts supported on other materials.

The optimization of kinetic parameters in a microkinetic model, with its high dimension-

ality, is a complex optimization problem, wherein the objective function is to minimize

the residuals between experimentally measured and modeled data, within the realistic

bounds for the parameters. Additionally, the process is made more complex if calculation

of gradients of the highly non-linear objective function is needed. Various optimization

algorithms [83–89] have been used in the literature in an attempt to have an optimized

model that is able to reveal more information about the catalytic behavior and the reac-

tion mechanism on the catalyst surface. Global optimization methods, such as differen-

tial evolution and genetic algorithms have gained much attention, however many of these

methods tend to get stuck in local minima [107], especially when the objective function

landscape is noisy. In order to circumvent these challenges, Basin-Hopping algorithm is

employed in this work.

As described in Section 2.3.1, the Basin-Hopping algorithm uses a combination of ex-

ploration and exploitation strategies to potentially find an optimal solution [90]. The

exploitation step is crucial in finding the local minima after each hop performed in the

exploration step. There are several possible choices for the local-search algorithm, such as

Nelder-Mead method [95], Powell’s conjugate direction method [108], or Limited-memory

Broyden-Fletcher-Goldfarb-Shannon (L-BFGS) method [109]. The L-BFGS method is

useful when the objective function is differentiable, however for applications such as ki-
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netic parameter optimization, the calculation of derivatives is not trivial, making it un-

suitable for current application. The Nelder-Mead method, a heuristics-based algorithm

is a more appropriate choice in this case, as it is not only gradient-free but also performs

well for high-dimensional use-cases, due to its adaptive implementation of the algorithm

parameters, as described in detail in Section 2.3.2. Therefore, the use of Basin-Hopping

together with the Nelder-Mead method offers an efficient and completely gradient-free

method for kinetic parameter optimization.

3.2 Methodology

The key step in the optimization procedure is the calculation of the objective function,

which entails running multiple simulations to generate the model outputs that can be

compared with the corresponding experimental data. In contrast to a gradient-based

method, where the search for an optimal solution is guided by the gradients of the ob-

jective function with respect to the kinetic parameters to be optimized, Basin-Hopping

approaches the objective function as a black-box, relying solely on its output values with-

out requiring any knowledge of its internal structure or derivatives. Therefore, it can be

used in conjunction with any simulation code, modeling any type of reactor or chemical

system, thus providing a general optimization workflow. The results presented in this

thesis are primarily focused on using Basin-Hopping to optimize detailed surface mecha-

nisms with experimental data measured in a packed bed reactor. However, the protocol

can be followed to optimize any type of model kinetics including lumped kinetic models

incorporating data from multiple reactor setups.

In this work, a Python-based [110] script was developed to automate and accelerate the

overall workflow for the optimization process. The DETCHEM simulation package [71],

specifically the DETCHEMPBR code was used to generate the simulation outputs, that

models a packed bed reactor as a one-dimensional heterogeneous model under plug flow

assumptions, using detailed microkinetic models for the surface rate calculation. The

governing equations for the reactor model are described in Section 2.2.1. The script au-
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tomates the various steps for calculation of the objective function during the parameter

search at each iteration. The various steps include, creation of specific input files necessary

for the simulations, parallelized execution of the multiple simulations, reading and post-

processing of the generated outputs, followed by the calculation of the chosen objective

function.

3.2.1 Choosing the Type of Objective Function

In the case of Basin-Hopping, the choice of the objective function is not very critical as

the algorithm uses the value of the objective function only to determine if the current

parameter set may be accepted as an optimal solution, via the Metropolis criterion [91].

Similarly within Nelder-Mead, the local-search method, only the value of objective func-

tion is compared with other points in the simplex to determine which point should be

replaced in the simplex, and does not explicitly use the objective function value to cal-

culate the next point. However, it may be necessary to use an appropriate objective

function based on the task at hand, in order to better interpret the fit from the values of

the objective function during the optimization process. A general rule of thumb would be

to use such an objective function that even significantly different experiments contribute

to the objective function value in the same manner.

In this work, since conversions were used, the objective function was chosen to be the sum

of the absolute deviations between the experimental and simulated data, as expressed

below in Eq. 3.1

f(λj) =
N∑︂

n=1

⃓⃓⃓⃓ (︂
XTn

i,sim(λj)−XTn
i,exp

)︂ ⃓⃓⃓⃓
(3.1)

where, λj is a vector of size j denoting the total kinetic parameters for a given microkinetic

model, XTn
i,sim is the simulated end-of-pipe conversion of reactant species i, and XTn

i,exp is

the experimental conversion of reactant species i at temperature Tn. N represents the

total number of experimental data points to be used in the objective function.
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3.2.2 Experimental Data for Objective Function Calculation

The selection of both the number and type of experimental data points to be included

in the objective function depends on the specific problem. One crucial aspect for consid-

eration is to include only those data points where significant dependency exists on the

kinetic parameters and where the catalytic performance is not limited by heat transfer

or mass transfer effects. An initial sensitivity analysis may be helpful in determining the

range of operating conditions where the reactor outputs are in a kinetic-control regime,

in addition to finding the most sensitive kinetic parameters in the microkinetic model.

The experimental data is to be provided for the objective function calculation in the

form of an Excel sheet containing tabulated data with each column header denoting the

type of data present, such as temperature, axial coordinate, time, and/or various species

concentration. Each experimental data file may contain only the data corresponding to a

particular feed type and operating condition except temperature. Therefore, a single data

file may include for a particular feed composition, multiple end-of-pipe measurements

when the reactor is either operated isothermally or subject to a temperature ramp, or

spatially-resolved measurements for every temperature and axial point in the reactor.

Different feed compositions, catalytic bed properties, reactor configurations, or operating

conditions other than temperature such as pressure or flow conditions, require additional

files as input to the Python script.

The number of experimental data points provided in the data file(s), determine the number

of simulations that would be executed during the calculation of the objective function. It

is important to consider that a unique solution for the parameter optimization problem

may not be found if the number of experimental points are lower than the number of

kinetic parameters needed to be optimized, leading to an over-parameterized (or under-

determined) system. However, due to the high dimensionality of the microkinetic models

it is not practical to include that many data points in the objective function, as it would

lead to a significant increase in the computational time needed to calculate the objective

function. This would significantly limit the practical application of the fitting process.

32



3.2 Methodology

Therefore, achieving a reliable mechanism requires balancing the number of data points

included with the computational effort needed to perform the optimization.

In order to overcome the risks of an over-parameterized system, the following strategies

are useful. One way to avoid an over-parameterized system is to reduce the number of

parameters to be fitted, by optimizing only the kinetically significant parameters and

keeping the rest of the parameters constant. In other cases, when an under-determined

system cannot be avoided, the experimental data should be divided into a fitting set

and a validation set, to reduce the risk of overfitting. The fitting set is used for the

objective function calculation and the validation set is used to see if the parameter sets

are generalizable to other operating conditions and are able to reasonably predict the

activity under these conditions. Additionally, imposing reasonable bounds and constraints

to the parameters would also be useful in obtaining parameters that are within physically

realistic ranges. In this thesis, since examples are shown for optimizing large microkinetic

models with limited experimental data, the latter approaches are used to minimize the

risk of overfitting.

3.2.3 Implementation with DETCHEM

As described above, the number of experimental points provided determines the number of

simulations that would be executed during the objective function call. The Python script

developed in this work employs the DETCHEM simulation suite to execute the reactor

simulations. The DETCHEM code requires a folder comprising the input files needed

for simulation, containing various details such as the reactor configuration details, the

mechanism information, and the transport and thermodynamic properties of the species

involved. Hence, each experimental data point corresponding to a unique set of operating

conditions requires its own folder containing its associated input files, which would also

contain the generated output data after a simulation is executed. Depending on the

type of experimental data points provided for the objective function calculation, several

files need to be dynamically generated during the various iterations of the optimization
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procedure. The DETCHEM program allows including the various information needed for

the simulations in separate input files in specific text-based formats.

Generally, the mechanism-related information is provided in the mech.inp file containing

the elementary steps and their associated Arrhenius kinetic parameter values. Here as

an initial guess, these values are provided by the end-user, obtained either from similar

mechanisms for other catalytic systems or from initial estimates from the various parame-

ter estimation methods discussed earlier. The script uses regular expressions matching to

extract the numerical values of the parameters to be optimized from the text-based input

files and for subsequent creation of the new mechanism files. During the optimization

procedure at each iteration when a new parameter set is explored, a new mech.inp file is

created in each directory. The species-related information specifying the gas-phase and

surface-phase species, the transport properties, and the thermodynamic data containing

the coefficients for the NASA polynomials are provided by the end-user as species.inp,

moldata, and thermdata files, respectively. The information contained in these files typ-

ically do not change during the optimization procedure. The reactor-specific input data

is provided as a separate file, depending on the type of reactor code used, such as in the

case of packed bed reactor model the input file is named pbr.inp. This file needs to

be updated depending on the experimental data. For example, if multiple end-of-pipe

data at several temperatures are provided as experimental data for a single feed compo-

sition, then only the wall temperature input in the pbr.inp needs to be updated in the

appropriate directories. In case several data points are provided for various feed com-

positions at multiple temperatures, then both the wall temperature and inlet conditions

need to be updated. However, if only a spatially resolved measurement is provided at a

single temperature and feed composition, the pbr.inp file remains fixed throughout the

optimization procedure.

During the initial development stage of the optimization script, only the DETCHEMPBR

code was compatible, as the inputs needed for the setup of the optimization routine were

obtained with the help of the CaRMeN Excel template used specifically for the packed

bed reactor simulations, described in Section 2.2.3. However, as the need arose for a

more generalized script that may be extended to other reactor codes available in the
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DETCHEM simulation package, then the script was updated to utilize a user-defined

reactor template file in the DETCHEM-specific format, as used by DETCHEM users for

running simulations. This template file needs to have placeholder texts (or strings) for

values that need to be updated during the optimization procedure. The placeholder string

should be a valid Python identifier, prefixed with the “$” sign, with the identifier string

matching the column headers as specified in the experimental data files. The script was

then updated to utilize the standard Template class in the Python string module, to

substitute the placeholder strings within the reactor template file with the actual values,

as provided in the experimental data at each iteration during the optimization procedure.

In addition to the reactor-specific template file, the user needs to provide all the other

input files needed for the simulation mentioned earlier that do not change during the

optimization procedure, along with the initial mechanism file.

3.2.4 Independent Parameter Optimization and Thermodynamic

Constraints

While developing microkinetic models, it is important to make sure that thermodynamic

consistency is maintained [111]. As outlined in Section 2.1.2, the thermodynamic consis-

tency for surface mechanisms is complex due to the unavailability of the thermodynamic

properties of surface species. Therefore, if the model consists of K pairs of reversible

reactions with Ns surface species, parameters corresponding to K − Ns + 1 number of

reactions need to be calculated to satisfy the thermodynamic constraints [70], while the

rest may be independently chosen. The deterministic calculation of the dependent pa-

rameters is accomplished with the help of the DETCHEMADJUST tool and is used within

the optimization script to maintain thermodynamic consistency.

There are multiple ways to use the DETCHEMADJUST tool during the optimization pro-

cedure. The first method is the one described above where the minimum number of reac-

tions i.e. K−Ns +1 are deterministically calculated through DETCHEMADJUST and only

the independent parameters are optimized independently via the optimization algorithm.

Therefore, at each iteration, the search space consists of only the independent parameters
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which are modified algorithmically, followed by calling the DETCHEMADJUST tool which

outputs a thermodynamically consistent parameter set and consequently a mech.inp file,

which is used for running the simulations for the objective function calculation. The

second method involves the user specifying the elementary reactions that need to be inde-

pendently modified by the algorithm. The DETCHEMADJUST tool may be called to either

calculate all the rest of the parameters or only the parameters for the dependent steps

(K−Ns + 1). In the latter scenario, there would be a certain number of elementary steps

that would remain constant throughout the optimization procedure. Both the methods

are useful in reducing the dimensionality of kinetic parameter search space while ensuring

thermodynamic consistency of the mechanism throughout the optimization procedure.

3.2.5 Overall Optimization Workflow

The Basin-Hopping algorithm was implemented in the kinetic parameter optimization

script using the Scipy library [96] for Python [110]. As described in Section 2.3.1, the

algorithm performs stochastic hops during the exploration step, which is constrained by

a user-defined step size. The step size value is a crucial parameter in the optimization

routine as it determines the total volume of the search space during each iteration. A

large step size would lead to a large search space with a low probability of landing near a

potential minimum. If the deviations between the initial model and the experimental data

are not large then it is prudent to keep a small step size. For larger deviations, a smaller

step size with more number of Basin-Hopping iterations would be appropriate. It is to be

noted that the step size value constraints the changes in the independent parameters only

during a single iteration, relative to the current value of the parameter. As the algorithm

proceeds, with each hop, the search space may move significantly away from the initial

point, and the parameters may attain values that lie outside the step size relative to their

initial values.

In the default Scipy implementation, step size is the maximum displacement of the value

of a parameter in either direction. However, due to the varying orders of magnitude

among different kinetic parameters, the default step-taking method was adapted. For each
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Figure 3.1: Overall optimization workflow. Figure reprinted without changes from [92].

parameter, a random value is drawn from a uniform distribution within the step size range

ensuring equal probability for increases and decreases. This value then determines the

magnitude and direction of the update. The hops are made proportionally to their current

values, resulting in relative adjustments that scale with magnitude. For pre-exponential

factors, updates are applied in logarithmic space. Additionally, bounds were imposed for

each parameter type to ensure that the optimized parameters are within realistic ranges,

for example, the activation energies were restricted to a maximum absolute change of

30 kJ mol−1. Inclusion of such bounds is necessary in addition to defining an appropriate
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value of step size because the local search method, Nelder-Mead is an unconstrained

method, and it may lead to unrealistic values for some parameters during the local search.

Other crucial user-defined parameters for the optimization procedure are the number of

iterations for the global and the local search, i.e., the number of Basin-Hopping iterations

and the number of Nelder-Mead iterations, respectively. The number of iterations for the

global search determines the number of hops that would be performed during the overall

procedure. The local minimization stops when either the changes in the objective function

values and parameter values fall below 1 × 10−4 or the number of local search iterations

are exceeded.

The overall workflow is illustrated in Fig. 3.1. The user needs to initialize the values for

step size, the number of iterations, and prepare the necessary input files. The mecha-

nism file has to be initialized with parameters marked for independent optimization and

those marked for thermodynamic adjustment. The user also has the option to specify

the type of parameters to be optimized, for example, fitting only the activation energies.

The independent parameters are suggested by either Basin-Hopping through random per-

turbation or through Nelder-Mead method based on the simplex-based search, followed

by the calculation of parameters specified by the user for thermodynamic adjustment

through DETCHEMADJUST. Based on the computational resources available, the simula-

tions needed for the objective function calculation are performed in parallel. The script

uses the multiprocessing library for parallelization. During each iteration, after all par-

allel simulations needed are executed, the output files are read and the objective function

is calculated. For spatially resolved experimental data, interpolation of data is done to

obtain the species concentrations at a given axial point. To avoid unnecessary compu-

tational effort, an optional early stopping criterion was also implemented for the global

search, such that if a better solution is not found after a user-defined number of iterations,

then the global search is terminated. If used, this value should be set sufficiently high

to minimize the likelihood of prematurely terminating the search and missing a better

solution.
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3.3 Illustrative Example I: Methanation

The following subsections illustrate the methodology with two applications, where the

automated optimization procedure is used to optimize detailed microkinetic models for

methanation of carbon monoxide (CO) on a nickel catalyst and for decomposition of

ammonia (NH3) on a cermet material.

3.3 Illustrative Example I: Methanation

Methanation of carbon oxides, first reported by Sabatier and Severens [112] in 1902, is

an essential chemical process with diverse applications. It is a key step in the removal of

trace amounts of CO from hydrogen feedstocks for use in ammonia production plants [113]

and fuel cell applications requiring high purity hydrogen [114]. Beyond purification, there

has been increased interest in the production of synthetic natural gas (SNG) through

methanation using hydrogen obtained via renewable energy sources [115]. This offers a

practical route for renewable energy storage and utilization, since methane is compatible

with existing natural gas infrastructure [116].

Methanation of CO, and of CO2 which may be formed due to water-gas shift reaction, is

an exothermic process, hence low temperatures are favored thermodynamically. However,

from a kinetic standpoint, at low temperatures the rates are too low for practical applica-

tion. Therefore, catalytic methanation is performed at temperatures higher than 250 ◦C,

typically in fixed bed reactors with nickel-based catalysts [117]. Although Ni-based cat-

alysts are prone to coke deposition and formation of hotspots within the reactor due to

high exothermicity of the reaction, for industrial applications, they are useful due to their

low cost, high activity and selectivity towards CH4 [117, 118]. Hence, when designing

reactors for practical applications, it is essential to model the reaction kinetics accurately

under a wide range of conditions.

To that extent, Schmider et al. [119] recently developed a microkinetic model for CO and

CO2 methanation over Ni. The model consists of 42 elementary steps with 5 gas-phase

and 14 surface species, considering several reaction pathways for conversion of CO and

CO2 into CH4 and H2O. The model parameters are thermodynamically consistent and
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are validated with a variety of experimental data under diverse conditions for various

supported nickel catalysts. For methanation of CO, two main pathways are defined in

the model, namely the carbide pathway and the hydrogen-assisted CO dissociation path-

way. The carbide pathway involves direct dissociation of the adsorbed CO species into

surface carbide species, which are subsequently hydrogenated to form methane on the

surface. The hydrogen-assisted pathway involves the formation of a formyl intermediate

which then dissociates to form the surface carbide species. Since the microkinetic model

by Schmider et al. [119] is a general reaction mechanism for Ni-based catalysts, small ad-

justments to kinetic parameters to improve accuracy are necessary to consider the effect

of supports [120].

3.3.1 Optimization of Methanation Model

The microkinetic model for methanation of CO and CO2 over Ni [119] consists of 42

elementary steps with additional coverage dependent activation energies defined for steps

involving adsorbed CO and adsorbed carbide (C(s)) species, leading to a total of 128

kinetic parameters available for fitting. Out of the 42 reactions, 8 were chosen to be

dependent reactions with the help of the DETCHEMADJUST tool. Basin-Hopping was

used to algorithmically optimize 104 parameters independently including the coverage

dependent parameters, and the rest of the parameters were deterministically calculated

using DETCHEMADJUST for ensuring thermodynamic consistency.

The experimental data for the calculation of objective function was taken from the liter-

ature [121] corresponding to a feed mixture containing a 3:1:1 molar ratio of CO, H2 and

N2, with a gas hourly space velocity (GHSV) of 30 000 mL g−1 h−1 between 450–900 K, in a

packed bed reactor with an average particle size of 630 µm in the catalytic bed, containing

0.5 g of 20 % Ni/Al2O3 catalyst. The step size for the Basin-Hopping hops was kept as

0.1, meaning a maximum of 10 % change was allowed in the parameter values at each hop.

The number of Basin-Hopping iterations and Nelder-Mead iterations were specified as 25

and 50, respectively. The number of iterations for early stopping of the global search was

set to be 6. The objective function was calculated using Eq. 3.1 with 9 experimental data
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points of end-of-pipe CO conversion at various temperatures. The overall optimization

procedure of the microkinetic model took approximately 52.5 min to complete.

Figure 3.2: Experimental data for CO methanation (CO:H2=3:1) over 20 % Ni/Al2O3 [121] com-
pared with simulated data using the original kinetic parameters from Schmider et
al. [119] and using the optimized parameters through Basin-Hopping. Figure redrawn
from [92].

As illustrated in Fig. 3.2, the simulated conversion of CO with the original kinetic pa-

rameters from Schmider et al. [119] closely follow the experimental data, except at 573 K

where the experimental data shows a conversion of 97.8 %, while the simulated conversion

is only 41.7 %. However, after the optimization of the parameters to reflect the activity of

Ni supported over Al2O3 catalyst, a much better fit was obtained with the experimental

data at all conditions. The optimized model is able to reproduce the steep increase in ac-

tivity at temperatures between 520–600 K and the loss in activity due to thermodynamic

limitations at temperatures higher than 700 K.

Fig. 3.3 showcases how the objective function value progresses during the optimization

procedure. The dashed vertical lines represent the hopping point, characterized by a

sudden change in the objective function value. The points marked with a red star represent

the value of the objective function at each of the local minima points during the Nelder-

Mead search. As depicted in Fig. 3.3, the search ran for 8 Basin-Hopping iterations,

after which the search was terminated due to 6 consecutive unsuccessful iterations, where
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Figure 3.3: Change in the objective function value during the parameter search. Local minima
points depicted with red star markers. Figure redrawn from [92].

Figure 3.4: Validation of the optimized mechanism parameters using experimental data from
Rahmani et al. [122]. Experimental conditions: CO:H2=1:3 over 20 % Ni/Al2O3.
Figure redrawn from [92].
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no new global minimum was found. The initial value of the objective function calculated

using Eq.,3.1 was 0.646, based on the conversions predicted by the model using the original

kinetic parameter values. During the first Nelder-Mead search, a local minimum with an

objective function value of 0.074 was observed. A lower value of 0.058 was later identified

after the second hop, representing the global minimum within the explored parameter

space. Consequently, the kinetic parameter values corresponding to this minimum was

considered to be the best fit for the experimental data [121].

As described in Section 3.2.2, to ensure that the model parameters were not overfitted to

the experimental data used during the optimization process, another set of experimental

data was used to validate the model parameters. The validation experimental data was

taken from the study of Rahmani et al. for CO methanation on 20 % Ni/Al2O3 in a packed

bed reactor [122]. The reaction feed mixture consists of CO and H2 in 1:3 molar ratio with

a GHSV of 9000 mL g−1 h−1. Fig. 3.4 shows the comparison between the experimental

and simulated data using the original and optimized model parameters. The model with

the optimized parameters performs well on the validation data and is able to reproduce

the performance of the Ni/Al2O3 catalyst at the given operating conditions better than

the original model. However, both the models overpredict the performance slightly at

higher temperatures. Since certain values related to the experimental setup had to be

assumed such as the dispersion of the catalyst, this could have led to the overestimation

of the activity. It is also possible that since the study [122] does not mention dilution of

the catalytic bed or the feed mixture, hotspots may have formed in the catalytic bed,

resulting in reduction of the catalytic performance at higher operating temperatures.

3.3.2 Convergence Study

Basin-Hopping being a stochastic optimization method, allows escape from local minima

and explore regions where a potential global minimum may exist. However, its stochastic

nature also implies that convergence to a true global solution cannot be guaranteed. To

increase the probability of reaching a global solution, the number of iterations for the

global search need to be high enough. In the earlier section, the optimization results have
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been shown when the number of Basin-Hopping iterations were set as 25 with an early

stopping criterion. This was done to minimize the computational effort needed for the

optimization procedure. Although the execution of the multiple simulations needed for

the objective function calculation is parallelized in the script, the search iterations have

to be executed sequentially, hence a high number of iterations may lead to significant

computational time without much gain in accuracy. Therefore, to assess this trade-off

between the computational cost and solution accuracy, a convergence study with an in-

creased number of iteration was performed. The results of the convergence study are

summarized in Table 3.1.

Table 3.1: Summary of various runs of the Basin-Hopping algorithm for optimization of kinetic
parameters for methanation reaction over Ni.

Algorithm
parameters

Successful hops Hop after which
best solution is

obtained

Best objective
function value

25 hops, step size 0.1,
Nelder-Mead iterations

50

8 (based on the
early-stopping

criterion)

2 0.058

300 hops, step size 0.1,
Nelder-Mead iterations

50

267 (due to solver
errors at higher

iterations)

58 0.055

300 hops, step size 0.1,
Nelder-Mead iterations

50

300 95 0.062

The results demonstrate that with high number of Basin-Hopping iterations, as the algo-

rithm moves away from the initial guess, the simulations with the new kinetic parameters

may encounter solver errors in regions of stiffness, preventing successful evaluation of the

objective function. Due to the inherent stochasticity, multiple runs do not lead to the

same solution. However, the results indicate the best solutions are reached much earlier,

making large number of hops unnecessary. The best solution was reached after 58 hops

with an objective function value of 0.055, corresponding to only about a 5 % gain in accu-

racy. This suggests that in applications where the kinetic parameters need to be optimized

to only incorporate the effects of small changes to the catalytic system, a relatively small
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number of Basin-Hopping iterations is sufficient to obtain parameters sets that provide

reasonable fits to the experimental data.

3.3.3 Mechanism Parameter Comparison after Optimization

The optimized parameters for the microkinetic model for Ni/Al2O3 are given in Table 3.2

tabulating the Arrhenius parameters for each elementary step. For the adsorption reac-

tions, the corresponding values of sticking coefficients are given, which are dimensionless,

while for the rest of the steps the pre-exponential factors are given in units that de-

pend on the order of the reaction. Specifically, for bimolecular reactions, the unit of

pre-exponential factor has units of cm2 mol−1 s−1, while for unimolecular reaction steps it

is expressed in s−1.

Fig. 3.5 compares the parameter values after optimization with the original values reported

by Schmider et al. [119]. The comparison shows that the order of the pre-exponential fac-

tors remains the same, with relatively larger modifications in the temperature-dependency

parameter β and the activation energies. The algorithmic optimization of the independent

parameters result in absolute changes in the range of 0.1 to 12 % compared to the original

values. The parameters modified by the DETCHEMADJUST tool showed relatively larger

changes, highlighting the need to consider less significant reactions for thermodynamic

adjustment.

It is also notable that although the initial deviation between the experimental and simu-

lated data was relatively small and significant only in a small range of temperature, all the

parameters needed to be altered to get the best fit. This strongly highlights the complex

relationship between the parameters associated with various competing pathways and the

catalytic performance under various conditions. Such complexities cannot be realized by

using a manual fine-tuning approach, and therefore underscores the need of using algo-

rithmic approaches. This example has demonstrated clearly the use of Basin-Hopping

in accelerating the kinetic model development process and the overall workflow that ad-

dresses the challenges associated with tuning high-dimensional microkinetic models.
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Table 3.2: Optimized kinetic parameters for CO methanation over Ni/Al2O3.

Reaction Independently
modified

Optimized parameters
s0 or A ([cm,mol,s]) Ea (kJ mol−1) β

H2 + 2(s)→ 2H(s) yes 1.22× 10−2 0 0
2H(s)→ H2 + 2(s) yes 5.05× 1021 101.6 −0.149
CH4 + (s)→ CH4(s) yes 0.039 0 0
CH4(s)→ CH4 + (s) yes 2.76× 1015 39.6 0.085
H2O + (s)→ H2O(s) yes 0.116 0 0
H2O(s)→ H2O + (s) yes 1.75× 1012 63.0 −0.029
CO2 + (s)→ CO2(s) yes 5.97× 10−5 0 0
CO2(s)→ CO2 + (s) yes 4.99× 107 28.0 0.021
CO + (s)→ CO(s) yes 0.381 0 0
CO(s)→ CO + (s)‡ yes 1.05× 1012 111.9 −0.114
CO2(s) + (s)→ CO(s) + O(s) yes 1.55× 1023 79.0 −0.947
CO(s) + O(s)→ CO2(s) + (s)‡ yes 5.99× 1019 127.4 0
CO(s) + (s)→ C(s) + O(s)‡ yes 2.67× 1014 113.4 0
C(s) + O(s)→ CO(s) + (s)§ yes 2.60× 1018 150.3 0
CO(s) + H(s)→ C(s) + OH(s)‡ yes 2.66× 1018 111.9 −0.228
C(s) + OH(s)→ CO(s) + H(s)§ yes 2.18× 1018 63.0 0.143
CO(s) + H(s)→ HCO(s) + (s) yes 6.50× 1021 135.0 −0.911
HCO(s) + (s)→ CO(s) + H(s)‡ yes 2.19× 1020 0.16 −0.022
HCO(s) + (s)→ CH(s) + O(s) yes 5.84× 1015 72.5 0.026
CH(s) + O(s)→ HCO(s) + (s) yes 3.54× 1019 117.7 −0.022
C(s) + H(s)→ CH(s) + (s)§ yes 1.50× 1024 154.6 −0.437
CH(s) + (s)→ C(s) + H(s) no 3.15× 1022 28.1 0.403
CH(s) + H(s)→ CH2(s) + (s) yes 3.17× 1025 90.0 −0.09
CH2(s) + (s)→ CH(s) + H(s) yes 6.14× 1024 83.8 0.087
CH2(s) + H(s)→ CH3(s) + (s) yes 8.62× 1022 55.6 −0.051
CH3(s) + (s)→ CH2(s) + H(s) yes 5.84× 1024 99.1 0.046
CH3(s) + H(s)→ CH4(s) + (s) yes 3.78× 1021 70.5 −0.049
CH4(s) + (s)→ CH3(s) + H(s) no 3.79× 1017 57.4 1.333
H(s) + O(s)→ OH(s) + (s) yes 1.02× 1024 102.0 −0.187
OH(s) + (s)→ H(s) + O(s) no 8.55× 1019 16.3 0.184
H(s) + OH(s)→ H2O(s) + (s) yes 2.58× 1020 45.0 0.074
H2O(s) + (s)→ H(s) + OH(s) no 1.91× 1021 83.1 −0.11
2OH(s)→ H2O(s) + O(s) yes 1.13× 1020 84.5 0.241
H2O(s) + O(s)→ 2OH(s) no 9.95× 1024 208.4 −0.314
H(s) + CO2(s)→ COOH(s) + (s) yes 1.32× 1025 110.1 −0.387
COOH(s) + (s)→ H(s) + CO2(s) yes 1.29× 1020 34.4 0.499
COOH(s) + (s)→ CO(s) + OH(s) yes 6.70× 1023 50.0 −0.209
CO(s) + OH(s)→ COOH(s) + (s)‡ no 2.23× 1021 88.3 0.223
COOH(s) + H(s)→ HCO(s) + OH(s) yes 4.01× 1023 107.4 −1.256
HCO(s) + OH(s)→ COOH(s) + H(s) no 4.50× 1019 10.9 0.065
2CO(s)→ CO2(s) + C(s)‡ yes 6.78× 1013 262.9 0.523
CO2(s) + C(s)→ 2CO(s)§ no 1.70× 1021 251.4 −0.424

Note: (s) represents an empty surface site. ‡ represents coverage dependency of 51.9 kJ mol−1

on CO(s) and § represents coverage dependency of 98.7 kJ mol−1 on C(s).
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Figure 3.5: Comparison between the original and optimized parameters for the microkinetic
model for Ni/Al2O3. Reactions in red were modified by DETCHEMADJUST to ensure
thermodynamic consistency. Figure redrawn from the supporting information of [92].
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3.4 Illustrative Example II: Ammonia Decomposition

This section presents another illustrative example demonstrating the use of the opti-

mization script in the development of a kinetic model for ammonia decomposition over

a bimetallic catalytic system. In addition to being one of the most important indus-

trial chemicals, ammonia (NH3) is gaining increased interest in the energy sector due to

its potential to be used as a clean fuel and energy carrier [123]. Ammonia offers sev-

eral advantages as a hydrogen carrier, including a high volumetric hydrogen density, ease

of liquefaction, and safe transportability due to its low vapor pressure and high boiling

point [124]. Hence, efficient NH3 decomposition is necessary for its practical application

as a hydrogen carrier.

Protonic ceramic cells (PCC) are promising energy conversion systems that function

reversibly as fuel cells and electrolysis cells, and exhibit great performance at low op-

erating temperatures (450–650 ◦C) [125]. In direct ammonia-fed protonic ceramic cells

(NH3-PCC), NH3 can be fed directly at the anode to obtain hydrogen as fuel [126, 127].

PCCs typically use a composite material made of ceramic and a sintered metal known

as a cermet as their fuel electrode, to improve the thermal durability and conductivity.

Nickel-based cermet materials such as Ni-BaCe0.8Zr0.1Y0.1O3–δ (Ni-BCZY) are commonly

used as anodes in PCCs, where Ni provides active sites for the electrochemical reactions,

while BCZY facilitates proton conduction and stability of the cell [128]. In NH3-PCCs,

the metallic Ni also acts as a catalyst for decomposition of NH3 into H2 and N2 [126].

To ensure optimal fuel utilization and power output, and minimize catalyst poisoning due

to unreacted NH3, efficient ammonia decomposition at the anode is a pre-requisite [126].

Ruthenium (Ru) exhibits superior catalytic activity for ammonia decomposition compared

to nickel, and is a suitable candidate for improving the efficiency of the decomposition

reaction [129, 130]. Furthermore, the use of barium (Ba) as a promoter for ammonia syn-

thesis is established [131]. Hence, experimental measurements [56] obtained with several

catalytic samples containing various compositions of Ba and Ru supported on a Ni-BCZY

cermet in a packed bed reactor were used to study the effect of addition of Ru on the

catalytic performance of the cermet (Ni-BCZY) for PCC application [57]. In this work,

48



3.4 Illustrative Example II: Ammonia Decomposition

the experimental data corresponding to the sample with the following composition was

used: 0.5 wt.-% of Ru, 1 wt.-% of Ba, and the Ni-BCZY cermet contained 60 wt.-% of NiO

before reduction of the cermet [56, 57].

3.4.1 Ammonia Decomposition Kinetic Model

Cermet-based catalyst samples differ from conventional supported metal catalysts in that

the metallic phase in a cermet is integrated throughout the bulk of the material, whereas

in supported metal catalysts the active metal is present as discrete nanoparticles dispersed

on the support surface. Therefore, a catalyst sample prepared by wet-impregnation of Ru

on a powdered Ni-BCZY cermet has dispersed ruthenium nanoparticles as active sites for

ammonia decomposition, in addition to the catalytically active surface from the exposed

nickel on the surface of the Ni-BCZY cermet powder. Hence, in order to model the activity

of such a catalyst two surfaces need to be considered with each surface having a distinct

value for the available catalytic area, which needs to be estimated through appropriate

characterization techniques. The role of Ba is limited as a promoter and does not provide

additional active sites for the decomposition reaction [131].

The microkinetic model for NH3 synthesis using gaseous N2 and H2 over ruthenium was

first reported by Hinrichsen et al. [132], containing 6 reversible surface reactions, which are

also applicable for NH3 decomposition due to the principle of thermodynamic reversibility,

and have been widely accepted as the reaction mechanism for synthesis/decomposition

of ammonia [133–137]. The reaction steps include dissociative adsorption/desorption of

gaseous N2 and H2, sequential dehydrogenation reactions, and adsorption/desorption of

NH3 on the metal surface site [132]. The initial kinetic parameters for the Ru surface

were taken from the study of Zhang et al. [131] where, the impact of alkaline earth metals

such as Ba on the activity of Ru supported on yttria-stabilized zirconia (YSZ) ceramic

was investigated, for synthesis of ammonia. The kinetic model from Zhang et al. [131]

has additional coverage dependencies defined for adsorbed nitrogen and hydrogen species.

For the nickel surface, the initial model parameters were taken from the model proposed

by Zhu et al. [138], where the kinetic parameters were obtained by tuning the parameters
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with experimental data for a Ni/BaZrO3 catalyst. In order to simulate the behavior of

the Ba-promoted Ru/Ni-BCZY sample, the elementary steps for both surfaces were used

with the initial parameter values.

3.4.2 Optimization Strategy for Bimetallic Catalysts

The catalytic performance of the Ba-promoted Ru/Ni-BCZY was simulated in a packed

bed reactor through the kinetic model described above considering both metal surfaces

using the DETCHEMPBR code. The available active area was incorporated in the sim-

ulations through Eq. 2.18. Since the amount of metals in the catalyst sample differed

significantly, the active area for individual metals needed to be characterized properly.

The active area for Ru in the bimetallic sample was calculated using Eq. 2.19 from the

nanoparticle diameter which was estimated to be approximately 4.78 nm through Energy-

Dispersive X-ray spectroscopy (EDX) [57]. For nickel surface, the dispersion of the metal

was estimated to be 13 % through H2 temperature-programmed desorption (H2-TPD) by

characterizing only the cermet powder without Ru [57]. The sample characterization and

testing were not within the scope of this thesis and details of the methods may be found

here [57].

Figure 3.6: Simulated catalyst performance with the initial model parameters for the bimetallic
catalyst Ba/0.5Ru/Ni-BCZY [56, 131, 138]. Figure redrawn from the supporting
information of [57].
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Fig. 3.6 compares the simulated data using the original kinetic parameters [131, 138] with

the experimental data at various concentrations of ammonia in the feed. The results

show that the model overpredicts NH3 conversion for all feed concentrations, indicating

the need for optimization of the kinetic parameters. This outcome is expected as the

original parameters were obtained for different catalyst systems which may not reflect the

activity of ruthenium dispersed on the cermet.

(a) (b)

Figure 3.7: Comparison of the experimental conversions [56] with simulated conversion using
original parameters with various concentration of NH3 at the inlet in a packed bed
reactor with sample (a) containing only Ba-promoted Ru supported on YSZ [131] (b)
containing only the Ni-BCZY cermet powder [138]. Figure (b) adapted from [57].

To determine whether the kinetic parameters associated with Ru or Ni surface should

be adjusted, simulations were first performed with catalytic samples containing only Ru

and only Ni. Fig. 3.7a shows the experimental and simulated catalytic performance of Ba-

promoted Ru supported on YSZ, and Fig. 3.7b compares the same for a sample containing

only Ni-BCZY powder. While Fig. 3.7a shows that the kinetic model [131] significantly

underpredicts the conversion of NH3 on the ruthenium surface, Fig. 3.7b shows overpre-

diction of activity on the nickel surface using the kinetic model [138].

Since Fig. 3.7 showed deviations with kinetic models for both the surfaces, this implied

that model parameters for both surfaces need to be tuned to reflect the activity of the

bimetallic catalyst sample. Moreover, it is possible that the activity of Ru may also

be affected by the use of Ni-BCZY support. Hence, first the model parameters for the
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nickel surface were optimized using the experimental data corresponding to feed contain-

ing 1000 ppm of NH3. The experimental data corresponding to 500 ppm and 3000 ppm of

NH3 were used for validation of the optimized parameters. The step size for the Basin-

Hopping hops was kept as 0.05, the number of hops as 25 with 200 Nelder-Mead iterations

during the local search. The objective function was calculated using Eq. 3.1. The des-

orption of NH3 from the Ni surface was found to be kinetically less significant during the

preliminary sensitivity analysis and was therefore considered to be the dependent step for

thermodynamic adjustment through DETCHEMADJUST tool. The parameters associated

with the remaining 11 reactions were allowed to be algorithmically modified. The results

with the optimized model are presented in Fig. 3.8a, which shows a better match with

the experimental data. The model underpredicts the activity at 3000 ppm of NH3 in the

feed which could be the result of underestimation of the active surface area of the catalyst

sample. The optimization script required around 2.3 h for the fitting process and ran

80 604 simulations with DETCHEMPBR during the routine.

Once the kinetic parameters reflecting the activity of the Ni surface present in the cermet

powder were obtained through the optimization routine described above, the parameters

for the Ru surface in the bimetallic model were optimized while the nickel surface parame-

(a) (b)

Figure 3.8: Comparison of the experimental conversions with simulated conversion using opti-
mized kinetic parameters at various feed concentration of NH3 for sample (a) con-
taining only Ni-BCZY cermet powder (b) with Ba-promoted Ru on Ni-BCZY cermet
powder. Figure redrawn from [57].
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Table 3.3: Optimized kinetic parameters for NH3 decomposition of ammonia on a Ba-promoted
Ru supported on Ni-BCZY cermet.

Reaction Independently
modified

Optimized parameters
s0 or A ([cm,mol,s]) Ea (kJ mol−1) beta

NH3 + Ni→ NH3−Ni yes 1.82× 10−5 0.02 −0.097
NH3−Ni→ NH3 + Ni no 9.89× 1012 50.35 −0.825
NH3−Ni + Ni→ NH2−Ni + H−Ni yes 1.84× 1020 66.09 0.198
NH2−Ni + H−Ni→ NH3−Ni + Ni yes 5.26× 1019 26.08 −0.201
NH2−Ni + Ni→ NH−Ni + H−Ni yes 5.70× 1019 12.21 0.174
NH−Ni + H−Ni→ NH2−Ni + Ni yes 9.22× 1019 78.27 −0.155
NH−Ni + Ni→ N−Ni + H−Ni yes 6.11× 1019 28.83 0.141
N−Ni + H−Ni→ NH−Ni + Ni yes 6.28× 1020 103.55 0.169
2N−Ni→ N2 + 2Ni yes 1.83× 1016 129.43 −0.136
N2 + 2Ni→ 2N−Ni yes 1.43× 10−6 53.95 0.0
2H−Ni→ H2 + 2Ni yes 5.92× 1020 103.94 −0.11
H2 + 2Ni→ 2H−Ni yes 1.87× 10−3 0.0 0.0

NH3 + Ru→ NH3−Ru yes 1.15× 10−5 0.0 0.0
NH3−Ru→ NH3 + Ru yes 2.51× 1011 72.45 0.087
NH3−Ru + Ru→ NH2−Ru + H−Ru yes 1.36× 1020 76.90 + 0.83θH−Ru 0.0
NH2−Ru + H−Ru→ NH3−Ru + Ru yes 3.58× 1019 16.10 0.081
NH2−Ru + Ru→ NH−Ru + H−Ru yes 8.91× 1019 15.65 + 0.83θH−Ru −0.085
NH−Ru + H−Ru→ NH2−Ru + Ru yes 5.25× 1019 84.93 0.1
NH−Ru + Ru→ N−Ru + H−Ru yes 6.31× 1019 33.44 + 0.83θH−Ru 0.216
N−Ru + H−Ru→ NH−Ru + Ru no 2.02× 1022 101.6− 9.02θN−Ru −0.38
2N−Ru→ N2 + 2Ru yes 2.08× 1017 143.70− 18.03θN−Ru −0.297
N2 + 2Ru→ 2N−Ru yes 3.01× 10−6 35.87 0.0
2H−Ru→ H2 + 2Ru yes 3.75× 1020 91.82− 1.67θH−Ru 0.734
H2 + 2Ru→ 2H−Ru yes 3.91× 10−3 0.0 0.0

ters were kept fixed, in order to only optimize the activity of ruthenium when supported on

the Ni-based cermet. The protocol followed for the optimization routine was same as that

described above for the Ni surface. Only the Ru surface reaction parameters including

the coverage-dependent parameters were optimized using the experimental data corre-

sponding to 1000 ppm NH3 in the feed. The reverse reaction of the last dehydrogenation

step (i.e., N−Ru + H−Ru→ NH−Ru + Ru) was considered to be the dependent reaction,

and the parameters for this step were calculated deterministically by DETCHEMADJUST.

The earlier optimized parameters associated with the Ni surface, reflecting the activity of

the cermet were kept constant throughout. As the Fig. 3.8b shows, after optimization of

the Ru related steps, the overall bimetallic kinetic model is able to accurately simulate

the catalytic performance of the bimetallic sample at all conditions. During this process,

the script executed 124,308 simulations and required approximately 3 h to complete. The

optimized parameters are presented in Table 3.3 for both the surfaces.
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3.5 Limitations

The methodology presented here performs reasonably well in refining detailed microki-

netic model parameters. However, it has several important limitations. First and foremost

is the need for a good initial guess for the mechanism, meaning that the initial microki-

netic model must include all relevant reaction pathways for the catalytic system and any

changes in the catalyst for which the optimization is performed do not alter the underlying

mechanism. The examples showcased in this thesis adhere to these assumptions.

Additionally, it must be recognized that the fitting process may mask the influence of

other effects, such as mass-transfer limitations or catalyst deactivation. Therefore, these

effects should be carefully considered when performing simulations during the optimiza-

tion process. Furthermore, it is imperative to use high-quality experimental data with

minimal noise, and the assessment of the model–experiment fit should account for inher-

ent measurement uncertainties to avoid overfitting. It is the responsibility of the user to

provide a sufficient number of experimental points for the optimization to ensure that the

optimized mechanism is reliable and valid for a wide range of conditions.

Furthermore, to maintain thermodynamic consistency, very large changes in the depen-

dent reaction parameters may be necessary, hence a sensitivity analysis should be con-

ducted to identify kinetically insignificant reactions which may be designated as depen-

dent. However, a key limitation of this approach is that linear dependencies among the

already-selected dependent reactions can restrict which reactions may be treated as inde-

pendent, thereby reducing the flexibility of the optimization process. Additionally in this

work, the presented examples are focused solely on accurately predicting the conversion

trends of the reactants, for which the temperature-dependent behavior was monotonic.

The feasibility of the approach when multiple species must be simultaneously optimized

with non-monotonic trends remains to be evaluated.
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3.6 Conclusions and Summary

This chapter described the development and implementation of the optimization work-

flow with the DETCHEM simulation model to optimize kinetic parameters in detailed

microkinetic models. The inherent challenges associated with optimizing large kinetic

models were discussed and the necessity of gradient-free algorithmic optimization was

highlighted via two illustrative examples.

To address the complexity and manual effort typically involved in dealing with large

microkinetic models, a Python-based automation script was employed. The script ac-

celerates the process by generating the necessary simulation input files for DETCHEM,

executing the multiple simulations in parallel, and postprocessing the output data to

compare simulated results with the experimental observations across various operating

conditions. Moreover, the overall workflow followed ensures thermodynamic consistency

throughout the optimization process, requiring minimal input from the end-user. The

global optimization algorithm Basin-Hopping was chosen for refining the kinetic param-

eters as the method is gradient-free and suitable for high-dimensional applications. To

complement this, the Nelder-Mead method, another gradient-free optimization method

was employed as the local search method within the Basin-Hopping framework.

The first application highlighted the use of the algorithm for fine-tuning a large microki-

netic model originally developed as a general mechanism for CO/CO2 methanation on

Ni-based catalysts, comprising of various competitive pathways for Ni/Al2O3. The opti-

mization explored the high-dimensional search space comprising 128 kinetic parameters,

where all the independent parameters were algorithmically modified and the remaining

dependent parameters were deterministically calculated to ensure thermodynamic con-

sistency. Despite the large dimensionality of the methanation model, the optimization

process required less than an hour to complete, due to fast simulation times and parallel

execution. Furthermore, a convergence study involving a high number of Basin-Hopping

iterations revealed that, for such applications where the refinement is necessary to incorpo-

rate only minor changes to the catalyst (here, the use of inert support), the computational

cost of an extensive exploration of the search space does not yield a proportional gain
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in accuracy. This highlighted the importance of balancing optimization complexity with

practical efficiency.

The second application showcased the use of the optimization protocol in developing a

kinetic model for decomposition of NH3 on a Ba-promoted Ru catalyst supported over a

Ni-BCZY cermet. Since both Ru and Ni exhibit catalytic activity for ammonia decom-

position, the microkinetic model needed elementary steps for both surfaces. However,

existing literature models were inadequate for accurately capturing the behavior of the

cermet-based bimetallic catalyst. Therefore, the optimization script was first used to re-

fine the kinetic parameters of the nickel surface to accurately simulate the performance of

the Ni-BCZY cermet alone. These optimized parameters were then held constant during

the subsequent optimization of the bimetallic model, where only the kinetic parameters re-

lated to the Ru surface were adjusted to match the performance of the Ba/Ru/Ni-BCZY

catalyst. This two-step strategy enabled the use of different sets of experimental data

for selectively optimizing subsets of reaction steps. Due to large discrepancies between

the initial model predictions and the experimental data, more iterations were needed,

resulting in higher computational time compared to the methanation example.

The results with the optimized model parameters in both the applications showed in-

creased accuracy in the simulated data. The automated workflow significantly reduced

the time and effort compared to a manual fitting process. It was showcased that since the

number of parameters to be tuned are larger than the amount of experimental data, which

is typically the case when dealing with large microkinetic models, the use of a separate set

of validation data is essential and ensured that the optimized model parameters were gen-

eralizable and capable of simulating the catalyst behavior under conditions beyond those

used for fitting. Therefore, the overall optimization workflow leveraging Basin-Hopping

is a convenient and suitable method for refining existing detailed microkinetic models

with new experimental data or assist in developing new microkinetic models for similar

catalytic systems.
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4 Modeling the Effect of Supports in

PdO-Based Methane Oxidation

Catalysts1

This chapter presents the use of the optimization workflow described in Chapter 3 to

extend an existing microkinetic model to more accurately model new experimental data

for oxidation of methane over palladium-based catalysts. The primary aim of this work

was to numerically investigate the effect of using different supports, namely SnO2 and

ZrO2 with PdO catalyst for methane oxidation under lean conditions, in the presence and

absence of water in the reaction mixture. In order to study the behavior of these supported

catalysts under these operating conditions, new microkinetic models were required as

existing models were unable to accurately predict the experimentally observed behavior of

the catalysts. The chapter outlines briefly the methodology followed for the optimization

process and discusses how the resulting optimized models were used to understand the

underlying mechanism and the various surface species that drive the catalytic performance

under various conditions for both the supported catalysts.

1Parts of this chapter are taken with permission from [139] Chacko, R. et al., “Microkinetic Modeling
of Support Effects in PdO-Based Methane Oxidation Catalysts”, ACS Catalysis 2025, 15, 9, 6937-6952,
https://doi.org/10.1021/acs.jpcc.2c08179, licensed under CC BY-NC-ND 4.0
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4.1 Motivation

Methane is a major greenhouse gas and its efficient removal from the exhaust gas of nat-

ural gas engines and emissions from chemical and energy production sectors is crucial in

mitigating its environmental impact [140–142]. Alumina-supported PdO catalysts remain

the premier choice for total oxidation of methane under lean conditions at low tempera-

tures, due to their high activity [143, 144]. However, these catalysts also suffer from rapid

decline in activity during long-term operation and pronounced inhibition in the presence

of water [145–149]. Several strategies to overcome the inhibition and deactivation be-

havior have been proposed, including the addition of Pt to Pd-based catalysts [150–152],

use of different support materials [153–156], or forced dynamic reactor operation by using

short-reducing pulses [157–159].

The inhibition in the presence of water is said to be a result of hydroxyl formation and

subsequent blocking of active sites, which leads to a shift in activity towards higher

temperatures [149, 160, 161]. The accumulation of hydroxyls is also observed on the

support materials [160, 162]. Previous experimental investigations have demonstrated

that supports such as zirconia which have higher oxygen mobility, can help in increasing

the activity of the palladium catalyst, although the support alone does not have activity

for methane activation [161]. Pd supported on SnO2 has been shown to outperform even

Pt-Pd/Al2O3 catalyst due to strong metal-support interactions and high oxygen mobility

in SnO2 [163]. Therefore, the use of these support materials presents an opportunity to

enhance catalytic activity. However, to fully ascertain the role of these supports, the

development and application of kinetic models that are able to reflect their experimental

behavior are essential.

Although several global kinetic models have been proposed in the literature [154, 164–

167], their limited generalization beyond the specific conditions under which they were

developed restricts their use in obtaining a comprehensive understanding of the underlying

reaction mechanism. Therefore, microkinetic models offer a better alternative, as they are

valid under a broad range of operating conditions and can help in studying the catalyst

under various reaction conditions. Moreover, if a microkinetic model exists for a similar
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catalytic system, they can be extended to new experimental datasets. However, since

microkinetic models have large number of elementary steps and consequently large number

of parameters to be estimated, algorithmic procedures are necessary in obtaining these

parameters [92], while making sure thermodynamic consistency is not violated [111].

In the context of methane oxidation, Stotz et al. [168] proposed a microkinetic model for

PdO catalyst, however, it does not account for the influence of the support material. The

choice of different supports affects the PdO particle sizes, which in turn influences its

reducibility [169–172]. Given that the reaction proceeds via Mars-van-Krevelen mecha-

nism [145, 169, 173], the effect of the particle size on the activity is crucial, as oxygen

is more strongly bonded to smaller particles than larger ones [170]. Therefore, the ki-

netic model needs to be refined to account for the influence of different supports. In

this work, the effect of supports is investigated by obtaining new tailored parameter sets

for the supported catalysts PdO/SnO2 and PdO/ZrO2, by leveraging Basin-Hopping for

optimization of the kinetic parameters as described in the previous chapter.

4.2 Kinetic Model for Methane Oxidation over PdO

The microkinetic model for oxidation of methane used in this work, reported by Stotz et

al. [168], was developed based on surface energies derived from DFT [174] for PdO/Al2O3.

The model is a dual-site mechanism considering two active sites in the (101) facet of

PdO namely, the coordinatively unsaturated (cus) Pdcus and Ocus sites. In this work, the

Pdcus and Ocus sites are represented as “a” sites and “b” sites, respectively. The reaction

network encompasses 23 surface species, 4 gas-phase species, and 39 reversible reactions.

The schematic representation of the reaction mechanism is shown in Fig. 4.1.

The mechanism consists of steps related to the Mars-van-Krevelen [145, 169, 173] redox

mechanism for reduction of the lattice oxygen, formation of oxygen vacancies (represented

as the surface species, vac−b), and regeneration through incorporation of oxygen in the

lattice from gas phase. Gas phase reactions are not considered in the model as they

become relevant only at high temperatures. The model primarily aims to simulate the
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4 Modeling the Effect of Supports in PdO-Based Methane Oxidation Catalysts

Figure 4.1: Schematic of the methane oxidation mechanism on PdO proposed by Stotz et
al. [168]. Reprinted from Journal of Catalysis, 370, H. Stotz, L. Maier, A. Boubnov,
A.T. Gremminger, J.-D. Grunwaldt, O. Deutschmann, Surface reaction kinetics of
methane oxidation over PdO, 152-175, Copyright (2019), with permission from El-
sevier.

inhibitory effect in the presence of water, which is pronounced under lean-burn conditions

at low temperatures (T < 500 K). The effect of support was not considered as alumina

was the only support used in the initial model development by Stotz et al. [168].

4.3 Methodology

The experimental data for oxidation of methane under lean conditions, on PdO catalysts

supported over ZrO2 and SnO2, in the presence and absence of water were taken from

the study of Keller et al. [149]. The corresponding experimental conditions are briefly

described here. The reacting gas mixture consisted of 3200 ppm of CH4, 10 vol.% O2,

0–12 vol.% of H2O in balance N2. The catalytic light-off tests were performed in a packed

bed reactor with a catalytic bed containing 300 mg of the supported PdO catalyst with a

metal loading of 2.3 %, and 700 mg of quartz, resulting in a bed length of approximately

1.3 cm. The internal diameter of the reactor was 8 mm. These tests were conducted
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under a linear temperature ramp of 3 K min−1 starting from 500 to 800 K and a GHSV of

80 000 h−1.

Due to the variation in supports, the nanoparticle sizes of PdO differed, resulting in

distinct values of catalytic surface area for each supported catalyst, which were calculated

using Eq. 2.19. The value of the simulation parameter Fcat/geo was obtained through

Eq. 4.1, where ς = 2 is the (a-b) site-pair conversion factor, as defined by Stotz et al. [168].

Fcat/geo = 1
ς

Acat

Ageo
(4.1)

The ZrO2 supported catalyst exhibited a lower catalytic surface area with a nanoparticle

size of 5.1±1.6 nm compared to SnO2-based catalyst which showed a nanoparticle diameter

of 4.1 ± 1.2 nm. To minimize mass transfer limitations, the particle size in the catalytic

bed were kept in the range of 125–250 µm. Additionally, the dilution of both the reaction

mixture and the catalytic bed helped ensure minimal temperature gradients throughout

the reactor.

The kinetic parameters associated with the elementary steps in the microkinetic model [168]

were optimized for the experimental data [149] with other supported catalysts using the

workflow described in Chapter 3 using Basin-Hopping [90]. The model parameters to be

independently optimized by the algorithm were selected based on an initial sensitivity

analysis of the kinetic parameters at the temperature corresponding to 10 % conversion

(T10) of methane. For PdO/SnO2, 60 elementary steps were chosen as independent re-

actions that were allowed to be algorithmically optimized, the parameters associated

with the remaining 18 steps were deterministically calculated by DETCHEMADJUST,

based on thermodynamic consistency as described in Section 3.2.4. Correspondingly for

PdO/ZrO2, 49 elementary steps were independently modified and the rest were obtained

through DETCHEMADJUST. The step size for the exploration step for both the supports

was chosen to be 0.01. The number of iterations for Basin-Hopping was set as 10 and for

the local search using the Nelder-Mead method was set to be 20.

For both supported catalysts, only a part of the experimental data corresponding to

certain concentrations of water fed at the inlet, were used for the fitting process. For the
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optimization of the mechanism for PdO/SnO2, the experimental data corresponding to

0 vol.% and 1 vol.% H2O were used for fitting, while for PdO/ZrO2, 0 vol.% and 12 vol.%

H2O data were used. The rest of the experimental dataset was used only for validation

of the optimized mechanism, to ensure the mechanism was not overfitted to the fitting

data. Since the original model [168] comprised 78 elementary steps, it involved tuning 234

kinetic parameters, resulting in a large search space. To reduce the computational burden

during the optimization process, the objective function through Eq. 3.1 was evaluated only

at temperatures corresponding to 10 %, 50 %, and 90 % methane conversion, represented

as T10, T50, and T90, respectively.

Packed bed reactor simulations were performed at all experimental conditions for both

the supports using the DETCHEMPBR simulation model. The governing equations for the

reactor model are provided in Section 2.2.1. The simulated coverages of various surface

species along the length of the reactor and the gas phase mole fractions at reactor outlet

were obtained as simulation outputs at various temperatures and feed conditions. After

an optimized set of parameters for both supports were obtained, a reaction flow analysis

using the integrated rates of each reversible reaction was performed at T10, T50, and T90

for both supported catalysts. The methodology for the reaction flow analysis is outlined

in Section 2.2.2, where the individual steps were implemented through a Python-based

script.

4.4 Results and Discussion

4.4.1 Optimization of Kinetic Parameters for the Supported

Catalysts

Fig. 4.2 compares the experimental conversion of methane with the simulated values us-

ing the original microkinetic model from Stotz et al. [168], at various concentrations of

water fed at the inlet. The results indicate that the original model parameters could not

accurately capture the experimental trends on both the supports. The simulations for the
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(a)

(b)

Figure 4.2: Comparison of the experimental conversions with simulated conversions using the
original parameters [168] at various concentration of H2O at the inlet in a packed
bed reactor with catalyst sample (a) PdO supported over SnO2 (b) PdO supported
over ZrO2. Feed conditions: 3200 ppm CH4, 10 vol.% O2, 0–12 vol.% H2O in N2.
Figure adapted from [139].

PdO/SnO2 catalyst predict lower conversion values at all operating conditions (Fig. 4.2a),

while for PdO/ZrO2 the parameters underpredict the conversion values primarily for the

dry feed (Fig. 4.2b). According to literature [161, 163], both SnO2 and ZrO2 lack intrinsic

activity towards methane activation at low temperatures. PdO supported on SnO2 ex-
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hibits higher catalytic activity and reduced water inhibition, attributed to the reducibility

of the support and its ability to remove hydroxyls from Pd surface [175]. Consequently,

the kinetic model developed for PdO/Al2O3 underestimates the catalytic performance of

PdO/SnO2. Similarly, PdO/ZrO2 also shows better performance than PdO/Al2O3 due to

improved metal-support interactions [176]. Additionally, the particle size of PdO on the

supported material plays a significant role in catalytic activity. Smaller particles lead to

higher dispersion and catalytic surface area, which may enhance conversion, while larger

particles may provide more accessible oxygen for oxidation [170]. Initial simulations with

the model for PdO/Al2O3 (Fig. 4.2) accounted for the effect of varying surface area with

variation in supports, through the parameter Fcat/geo (as outlined in Section 2.2.1). There-

fore, the deviations between the simulations and the experimental performance suggest

that the kinetic model requires further refinement.

Since the support is not directly participating in the conversion of methane by providing

more active sites, additional elementary steps are not required. Rather, optimization of

just the kinetic parameters for the elementary steps is sufficient to improve the simu-

lated performance, based on the experimental data. Therefore, Basin-Hopping [90] was

used to optimize the kinetic parameters for the various elementary steps for both sup-

ported catalysts, while maintaining thermodynamic consistency of the entire microkinetic

model. During the automated optimization workflow, DETCHEMPBR was executed mul-

tiple times to evaluate the objective function. Overall, 13,914 DETCHEMPBR simulations

were performed for the optimization of the SnO2-supported catalyst model parameters,

requiring approximately 4.6 h to complete on an AMD Ryzen Threadripper 3990X proces-

sor with 64-cores with a boost clock of 4.3 GHz. Correspondingly, for the ZrO2-supported

catalyst, since lesser number of reaction steps were independently optimized, the optimiza-

tion routine was completed in approximately 2.11 h with a total of 13,326 DETCHEMPBR

simulations. Although the global minimum obtained in the 10 hops of Basin-Hopping [90]

offered the best fit to the experimental data, the workflow also yielded several local min-

ima. These were carefully analyzed to identify the most physically realistic solution, which

is also closest to the original model. Simulations were conducted with these parameters,
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as they better represented the underlying system behavior despite not being the best fit

statistically.

(a)

(b)

Figure 4.3: Comparison of the experimental conversions with the simulated conversions using
the optimized parameters at various concentration of water in a packed bed reactor
with catalyst (a) PdO supported over SnO2 (b) PdO supported over ZrO2. Feed
conditions: 3200 ppm CH4, 10 vol.% O2, 0–12 vol.% H2O in N2. Figure adapted
from [139].

Fig. 4.3 demonstrates the improved simulated performance for both the supported cat-

alysts using the optimized model parameters. The simulations with the optimized pa-
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rameter sets were able to capture the experimental trends better than the original model

at all operating conditions. The larger deviations at higher temperatures beyond 90 %

conversion of CH4 most likely stem from internal mass transfer limitations. However,

internal mass transfer was not considered during the simulations, as these effects were not

significant under the conditions investigated in this work, according to the Weisz-Prater

criterion [177]. The Weisz-Prater number at T10 and T50 for both supported catalysts was

less than 0.3, while at T90 the values were between 0.5 and 0.6. Hence, it was concluded

that at higher temperatures, the internal mass transfer resistances may have an influence,

but were not severely limiting the catalytic performance.

The optimized parameter sets for both the supported catalysts are listed in Tables 4.1

and 4.2. The pre-exponential factors in both the tables are expressed in units [cm, mol, s]

as DETCHEM [71] uses concentrations of surface species in defining the rate expressions.

Therefore, for all of the bimolecular reactions, the units are cm2 mol−1 s−1, and for the

unimolecular reactions (specifically R4r, R5r, R7r and R8r) the units are s−1. The sticking

coefficients (s0) for the adsorption reactions and β which represents the temperature

dependency parameter in the modified Arrhenius expression are dimensionless parameters.

The activation energies are provided in kJ mol−1. The listed values are given for a surface

site density of 3.553× 10−9 mol cm−2 and a reference temperature (Tref , in Eq. 2.5) of 1 K.

The following sections present an analysis of surface coverages and reaction pathways,

followed by a discussion of the changes in reaction parameters observed after optimization.

Table 4.1: Optimized kinetic parameters for PdO supported over SnO2

Nr. Reaction s0 or A ([cm,

mol, s])

β Ea (kJ/mol)

R1f CH4 + a + b → CH3−a + H−b 0.0459 -0.001 34.23
R1r CH3−a + H−b → CH4 + a + b 1.03 × 1021 0.002 96.49
R2f CH4 + OH−a + a → CH3−a + H2O−a 0.015 0.001 28.77
R2r CH3−a + H2O−a → CH4 + OH−a + a 7.21 × 1019 -0.004 94.71
R3f CH4 + O−a + a → CH3−a + OH−a 0.0305 0.007 26.28
R3r CH3−a + OH−a → CH4 + O−a + a 2.66 × 1020 -0.03 191.23
R4f O2 + a → O2−a 0.0568 0 0
R4r O2−a → O2 + a 6.65 × 1015 -0.031 63.29
R5f O2 + vac−b → O−b 0.0569 0 0
R5r O−b → O2 + vac−b 7.01 × 1015 -0.027 159.86
R6f H2O + O−a + a → 2OH−a 0.139 0 0
R6r 2 OH−a → H2O + O−a + a 3.21 × 1021 0.013 199.38
R7f H2O + a → H2O−a 0.142 0 0
R7r H2O−a → H2O + a 6.31 × 1012 0.045 100.38
R8f CO2 + a → CO2−a 0.0504 0 0
R8r CO2−a → CO2 + a 3.98 × 1014 0.029 65.73
R9f CH3−a + b → CH3−b + a 1.5 × 1022 0.008 129.63
R9r CH3−b + a → CH3−a + b 3.74 × 1022 0.245 173.10
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Table 4.1 Optimized kinetic parameters for PdO supported over SnO2 (continued)

Nr. Reaction A ([cm, mol,

s])

β Ea (kJ/mol)

R10f CH3−b + O−a → CH2−b + OH−a 1.24 × 1022 0.012 34.24
R10r CH2−b + OH−a → CH3−b + O−a 1.69 × 1022 -0.012 308.90
R11f CH3−b + OH−a → CH2−b + H2O−a 1.42 × 1022 -0.004 34.84
R11r CH2−b + H2O−a → CH3−b + OH−a 1.05 × 1022 0.004 210.50
R12f CH3−a + O−a → CH2OH−a + a 3.55 × 1021 0.016 31.28
R12r CH2OH−a + a → CH3−a + O−a 3.68 × 1022 0.237 320.45
R13f CH3−a + OH−a → CH2−a + H2O−a 2.04 × 1021 0.004 73.21
R13r CH2−a + H2O−a → CH3−a + OH−a 1.17 × 1022 -0.004 114.87
R14f CH2−a + O−a → CH2OH−a + a 3.34 × 1021 -0.004 12.73
R14r CH2OH−a + a → CH2−a + O−a 3.26 × 1021 0.257 161.22
R15f CH2OH−a + b → CH2O−a + H−b 1.95 × 1022 0.012 12.66
R15r CH2O−a + H−b → CH2OH−a + b 3.35 × 1020 -0.012 57.24
R16f CH2O−a + OH−a → CHO−a + H2O−a 5.53 × 1021 0.012 51.46
R16r CHO−a + H2O−a → CH2O−a + OH−a 2.08 × 1022 -0.012 57.24
R17f CHO−a + OH−a → CO−a + H2O−a 5.96 × 1022 0.008 65.57
R17r CO−a + H2O−a → CHO−a + OH−a 9.15 × 1021 -0.008 264.64
R18f CH3−a + b → CH2−a + H−b 1.81 × 1021 0 123.35
R18r CH2−a + H−b → CH3−a + b 4.95 × 1022 0 161.34
R19f CH2−a + b → CH2−b + a 1.25 × 1022 0 13.32
R19r CH2−b + a → CH2−a + b 3.98 × 1021 0.253 190.78
R20f CH2−a + b → CH−a + H−b 3.80 × 1022 0.008 115.49
R20r CH−a + H−b → CH2−a + b 2.90 × 1022 -0.008 167.94
R21f CH−a + b → CHO−a + vac−b 2.10 × 1021 0.008 24.54
R21r CHO−a + vac−b → CH−a + b 1.832 × 1020 0.246 206.16
R22f CH2−b + a → CH2O−a + vac−b 2.12 × 1022 0.008 91.76
R22r CH2O−a + vac−b → CH2−b + a 2.46 × 1020 -0.008 9.02
R23f CH2O−a + b → CHO−a + H−b 3.33 × 1021 0.008 70.38
R23r CHO−a + H−b → CH2O−a + b 5.97 × 1022 -0.008 209.74
R24f CHO−a + b → CO−a + H−b 1.10 × 1023 0.004 55.33
R24r CO−a + H−b → CHO−a + b 8.02 × 1022 -0.004 250.7
R25f CHO−a + b → CHO−b + a 2.73 × 1022 0.018 76.01
R25r CHO−b + a → CHO−a + b 7.01 × 1021 -0.017 95.56
R26f CHO−b + a → CO−b + H−a 2.77 × 1021 -0.002 142.39
R26r CO−b + H−a → CHO−b + a 2.14 × 1021 0.002 267.83
R27f CO−a + b → CO−b + a 1.32 × 1021 0.011 33.98
R27r CO−b + a → CO−a + b 2.23 × 1021 -0.011 15.90
R28f CO−b + a → CO2−a + vac−b 1.39 × 1021 0.01 42.74
R28r CO2−a + vac−b → CO−b + a 9.54 × 1020 -0.01 79.20
R29f H−b + a → OH−a + vac−b 1.90 × 1022 0 126.37
R29r OH−a + vac−b → H−b + a 4.20 × 1021 0 28.01
R30f O2−a + a → 2O−a 3.87 × 1022 0.005 170.26
R30r 2 O−a → O2−a + a 1.72 × 1021 -0.005 59.61
R31f O−b + a → O−a + b 2.35 × 1022 0.027 116.88
R31r O−a + b → O−b + a 1.75 × 1021 -0.005 59.61
R32f O−a + vac−b → a + b 7.96 × 1021 0.025 48.27
R32r a + b → O−a + vac−b 1.40 × 1022 -0.02 249.32
R33f O2−a + vac−b → O−a + b 1.21 × 1024 0.025 81.95
R33r O−a + b → O2−a + vac−b 9.46 × 1022 -0.026 172.34
R34f H−b + a → H−a + b 5.87 × 1022 0 150.02
R34r H−a + b → H−b + a 9.39 × 1021 -0.002 117.70
R35f CHO−b + OH−a → H2O−a + CO−b 3.01 × 1022 0.001 2.12
R35r H2O−a + CO−b → CHO−b + OH−a 3.06 × 1022 -0.001 163.57
R36f CHO−b + a → HCOO−a + vac−b 3.69 × 1021 0 11.74
R36r HCOO−a + vac−b → CHO−b + a 1.19 × 1021 0 8.82
R37f HCOO−a + OH−a → CO2−a + H2O−a 2.31 × 1023 0.011 185.32
R37r CO2−a + H2O−a → HCOO−a + OH−a 4.99 × 1023 -0.011 386.14
R38f HCOO−a + b → CO2−a + H−b 1.70 × 1023 0.007 177.58
R38r CO2−a + H−b → HCOO−a + b 1.74 × 1024 -0.008 374.72
R39f H2O−a + b → OH−a + H−b 3.67 × 1021 0 13.65
R39r OH−a + H−b → H2O−a + b 1.74 × 1022 0.008 9.97
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Table 4.2: Optimized kinetic parameters for PdO supported over ZrO2

Nr. Reaction s0 or A ([cm,

mol, s])

β Ea (kJ/mol)

R1f CH4 + a + b → CH3−a + H−b 0.049 -0.001 32.56
R1r CH3−a + H−b → CH4 + a + b 1.03 × 1021 0.003 98.26
R2f CH4 + OH−a + a → CH3−a + H2O−a 0.015 0.001 28.87
R2r CH3−a + H2O−a → CH4 + OH−a + a 6.66 × 1019 -0.003 96.79
R3f CH4 + O−a + a → CH3−a + OH−a 0.032 0.007 25.88
R3r CH3−a + OH−a → CH4 + O−a + a 2.67 × 1020 -0.029 192.12
R4f O2 + a → O2−a 0.059 0 0
R4r O2−a → O2 + a 3.91 × 1015 0.051 52.70
R5f O2 + vac−b → O−b 0.057 0 0
R5r O−b → O2 + vac−b 5.73 × 1015 0 156.69
R6f H2O + O−a + a → 2OH−a 0.144 0 0
R6r 2 OH−a → H2O + O−a + a 3.63 × 1021 0.013 199.52
R7f H2O + a → H2O−a 0.140 0 0
R7r H2O−a → H2O + a 6.40 × 1012 0.045 101.21
R8f CO2 + a → CO2−a 0.049 0 0
R8r CO2−a → CO2 + a 5.93 × 1014 -0.025 72.16
R9f CH3−a + b → CH3−b + a 1.56 × 1022 0 129.65
R9r CH3−b + a → CH3−a + b 2.43 × 1023 -0.008 183.32
R10f CH3−b + O−a → CH2−b + OH−a 1.25 × 1022 0.012 33.91
R10r CH2−b + OH−a → CH3−b + O−a 1.83 × 1022 -0.006 306.61
R11f CH3−b + OH−a → CH2−b + H2O−a 1.44 × 1022 -0.007 35.24
R11r CH2−b + H2O−a → CH3−b + OH−a 1.08 × 1022 0.007 209.62
R12f CH3−a + O−a → CH2OH−a + a 3.55 × 1021 0.016 30.97
R12r CH2OH−a + a → CH3−a + O−a 2.15 × 1023 -0.008 347.59
R13f CH3−a + OH−a → CH2−a + H2O−a 2.15 × 1021 -0.005 80.52
R13r CH2−a + H2O−a → CH3−a + OH−a 1.10 × 1022 0.005 109.56
R14f CH2−a + O−a → CH2OH−a + a 3.42 × 1021 -0.004 12.73
R14r CH2OH−a + a → CH2−a + O−a 1.10 × 1022 0.005 201.99
R15f CH2OH−a + b → CH2O−a + H−b 1.94 × 1022 0.012 12.44
R15r CH2O−a + H−b → CH2OH−a + b 3.35 × 1020 -0.012 57.69
R16f CH2O−a + OH−a → CHO−a + H2O−a 5.64 × 1021 0.012 51.51
R16r CHO−a + H2O−a → CH2O−a + OH−a 2.16 × 1022 -0.012 197.16
R17f CHO−a + OH−a → CO−a + H2O−a 6.12 × 1022 0.008 66.50
R17r CO−a + H2O−a → CHO−a + OH−a 8.32 × 1021 0.01 270.80
R18f CH3−a + b → CH2−a + H−b 2.08 × 1021 -0.019 139.38
R18r CH2−a + H−b → CH3−a + b 5.20 × 1022 0 166.19
R19f CH2−a + b → CH2−b + a 1.25 × 1022 0 13.26
R19r CH2−b + a → CH2−a + b 2.85 × 1022 -0.004 212.27
R20f CH2−a + b → CH−a + H−b 3.80 × 1022 0.008 111.22
R20r CH−a + H−b → CH2−a + b 2.97 × 1022 -0.008 165.47
R21f CH−a + b → CHO−a + vac−b 2.08 × 1021 0.008 24.81
R21r CHO−a + vac−b → CH−a + b 1.23 × 1021 -0.008 246.47
R22f CH2−b + a → CH2O−a + vac−b 2.21 × 1022 0.004 75.48
R22r CH2O−a + vac−b → CH2−b + a 2.41 × 1020 -0.008 8.94
R23f CH2O−a + b → CHO−a + H−b 3.24 × 1021 0.008 67.11
R23r CHO−a + H−b → CH2O−a + b 6.03 × 1022 -0.008 210.53
R24f CHO−a + b → CO−a + H−b 1.20 × 1023 -0.014 55.92
R24r CO−a + H−b → CHO−a + b 7.95 × 1022 -0.004 257.99
R25f CHO−a + b → CHO−b + a 3.33 × 1022 0 86.57
R25r CHO−b + a → CHO−a + b 6.86 × 1021 -0.018 108.38
R26f CHO−b + a → CO−b + H−a 2.76 × 1021 -0.002 140.68
R26r CO−b + H−a → CHO−b + a 2.17 × 1021 0.001 269.15
R27f CO−a + b → CO−b + a 1.36 × 1021 0.011 33.13
R27r CO−b + a → CO−a + b 2.20 × 1021 -0.011 16.23
R28f CO−b + a → CO2−a + vac−b 1.38 × 1021 0.01 42.48
R28r CO2−a + vac−b → CO−b + a 9.45 × 1020 -0.01 76.88
R29f H−b + a → OH−a + vac−b 1.78 × 1022 0 129.63
R29r OH−a + vac−b → H−b + a 4.24 × 1021 0 27.59
R30f O2−a + a → 2O−a 3.97 × 1022 0.006 172.32
R30r 2 O−a → O2−a + a 1.79 × 1021 -0.005 58.41
R31f O−b + a → O−a + b 2.92 × 1022 0 119.91
R31r O−a + b → O−b + a 1.47 × 1021 0 104.59
R32f O−a + vac−b → a + b 7.97 × 1021 0.02 46.14
R32r a + b → O−a + vac−b 1.35 × 1022 -0.02 248.72
R33f O2−a + vac−b → O−a + b 1.22 × 1024 0.026 79.53
R33r O−a + b → O2−a + vac−b 9.27 × 1022 -0.025 168.21
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Table 4.1 Optimized kinetic parameters for PdO supported over ZrO2 (continued)

Nr. Reaction A ([cm, mol,

s])

β Ea (kJ/mol)

R34f H−b + a → H−a + b 6.13 × 1022 0.002 146.69
R34r H−a + b → H−b + a 9.29 × 1021 -0.001 111.79
R35f CHO−b + OH−a → H2O−a + CO−b 2.97 × 1022 0.001 2.16
R35r H2O−a + CO−b → CHO−b + OH−a 3.17 × 1022 -0.001 167.74
R36f CHO−b + a → HCOO−a + vac−b 3.59 × 1021 0 11.74
R36r HCOO−a + vac−b → CHO−b + a 1.23 × 1021 0 8.47
R37f HCOO−a + OH−a → CO2−a + H2O−a 2.34 × 1023 0.011 182.15
R37r CO2−a + H2O−a → HCOO−a + OH−a 4.98 × 1023 -0.011 385.41
R38f HCOO−a + b → CO2−a + H−b 1.67 × 1023 0.007 179.87
R38r CO2−a + H−b → HCOO−a + b 1.73 × 1024 -0.007 380.91
R39f H2O−a + b → OH−a + H−b 3.62 × 1021 0 12.49
R39r OH−a + H−b → H2O−a + b 1.76 × 1022 0.008 10.27

4.4.2 Surface Coverage Analysis

The spatially-resolved coverages of specific surface species as predicted by the optimized

kinetic model for PdO/SnO2 along the length of the reactor under dry and humid condi-

tions are provided in Fig. 4.4 and 4.5, respectively. Corresponding data for the PdO/ZrO2

catalyst are shown in Fig. 4.6 and 4.7. The species coverage behavior across the supported

catalysts is similar. For both supported catalysts, the comparison between the coverages

of the surface species under dry and humid conditions reveals that H2O–a species on the

a sites and H–b species on the b sites are the most abundant surface species until full

methane conversion is achieved.

Under dry conditions (cf. Fig. 4.4 and 4.6), for all temperatures until T90, the coverages

of H2O–a species increases along the length as methane is consumed, accompanied by a

corresponding decrease in the fraction of free a sites. In contrast, under humid conditions

(cf. Fig. 4.5 and 4.7), all the a sites were predominantly covered by H2O–a species due

to the adsorption of water from the gas phase, resulting in complete blockage of active

sites at lower temperatures. Methane oxidation is initiated only at elevated temperatures,

where enough desorption of water from the surface occurs, releasing the active sites for

adsorption of CH4. The coverages of other transient species H–a and O–a exhibit a

slight decreasing trend along the length under dry conditions, which is not predicted

under humid conditions below T50.
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Free b sites become available at higher temperatures where methane conversion is high. At

low temperatures and dry feed conditions, H–b species are formed primarily through the

hydrogen abstraction reactions from methane and other C-intermediates (R1f, R15, R18,

R20, R23, R24), as methane gets converted, and through R39f (H2O–a + b → OH–a +

H–b) from the produced water on the surface. H–b species coverages show a decreasing

trend only at higher temperatures as their consumption rate through R29f where H–b

species interact with free a sites resulting in formation of OH–a and vac–b species,

surpasses their production rate (cf. Fig. 4.4f, 4.4h, 4.6f, and 4.6h). This is also supported

by the increase in the simulated coverages of OH–a species beyond T90.

The vac–b species are crucial because they are formed through the Mars-van-Krevelen

mechanism by providing lattice oxygen for the formation of CO–a and CO2 –a species.

Their low coverage indicates that these species quickly react with gaseous O2 to regenerate

the b sites, following their formation. Only trace amounts of vac–b species are predicted

by the model at temperatures beyond T90, likely originating from reaction R29f. The

behavior of species associated with the b sites are similar under humid conditions. Al-

though the model predicts an increase in H–b species at temperatures below 550 K, this

does not imply methane activation, as the a sites are completely blocked by adsorbed

water and no formation of vac–b species is predicted. Therefore, the initial rise in H–b

species predicted by the model most likely originate from water-induced surface reactions,

particularly R7 and R39.
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Figure 4.4: Simulated surface coverages under dry conditions of the most abundant surface
species for various temperatures at different axial points along the catalyst bed con-
taining PdO/SnO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 0 vol.% H2O,
balance N2. Figure reproduced from [139].
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Figure 4.5: Simulated surface coverages under humid conditions of the most abundant surface
species for various temperatures at different axial points along the catalyst bed con-
taining PdO/SnO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 12 vol.% H2O,
balance N2. Figure reproduced from [139].
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Figure 4.6: Simulated surface coverages under dry conditions of the most abundant surface
species for various temperatures at different axial points along the catalyst bed con-
taining PdO/ZrO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 0 vol.% H2O,
balance N2. Figure reproduced from the supporting information of [139].
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Figure 4.7: Simulated surface coverages under dry conditions of the most abundant surface
species for various temperatures at different axial points along the catalyst bed con-
taining PdO/ZrO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 12 vol.% H2O,
balance N2. Figure reproduced from the supporting information of [139].
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4.4.3 Reaction Flow Analysis and Key Species

In order to investigate the differences in the catalytic activity across the two supports

in the presence and absence of water, analysis of the integrated reaction rates at various

temperatures and feed conditions were conducted. The dominant reaction pathways were

identified based on the consumption and production preference of the species towards the

various reaction pathways in the mechanism as outlined in Section 2.2.2. Fig. 4.8 and 4.9

illustrate the reaction flow for conversion of methane to carbon dioxide at T10, T50, and

T90 for SnO2-supported and ZrO2-supported catalyst, respectively.

The dominant reaction pathways under the different reaction conditions match the find-

ings from Stotz et al. [168], where they identified two main reaction pathways for oxida-

tion of methane, namely the oxygen-assisted pathway and the hydroxyl-assisted pathway.

In case of PdO/Al2O3 catalyst, Stotz et al. [168] showed that the oxygen-assisted path-

way (i.e., CH4(g) → CH3 –a → CH2OH–a → CH2O–a → CHO–a → CO–a →

CO–b → CO2 –a → CO2(g)) is the dominant path at low temperatures and dry con-

ditions, whereas the hydroxyl-assisted pathway (i.e., CH4(g) → CH3 –a → CH2 –a →

CH2 –b → CH2O–a → CHO–a → CO–a → CO–b → CO2 –a → CO2(g)) is the

preferred path at high temperatures and humid conditions.

For the other supported catalysts investigated in this work as well, the oxidation reaction

predominantly proceeds via these two key pathways; however, their relative contributions

vary across the supported catalysts. Particularly for PdO/SnO2, the oxygen-assisted

pathway was the dominant pathway under dry conditions at all temperatures (Fig. 4.8a).

Whereas, under humid conditions the dominant pathway shifts to the hydroxyl-assisted

pathway which becomes more prominent as the temperature increases (Fig. 4.8b). At

T10, under dry conditions CH3 –a species has 100 % preference towards reaction R12

(CH3 –a + O–a ⇋ CH2OH–a + a), which reduces to 41.39 % under humid conditions.

Correspondingly, the preference of CH3 –a towards R13 (CH3 –a + OH–a ⇋ CH2 –a +

H2O–a) increases from 0 % at T10 under dry conditions to 58.47 % under humid condi-

tions, making it the dominant route. The preference for this pathway increases to 74.38 %

as temperature rises to T90 under humid conditions.
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Figure 4.8: Reaction flow analysis of the mechanism optimized for PdO/SnO2 catalyst at tem-
peratures of 10 %, 50 %, and 90 % conversion in the (a) dry conditions and (b) humid
conditions. Figure reproduced from [139].
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Figure 4.9: Reaction flow analysis of the mechanism optimized for PdO/ZrO2 catalyst at tem-
peratures of 10 %, 50 %, and 90 % conversion in the (a) dry conditions and (b) humid
conditions. Figure reproduced from [139].
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In contrast, for the ZrO2-supported catalyst, the oxygen-assisted pathway exhibits higher

contribution towards formation of CO2 under most conditions. In the absence of water in

the feed, the CH3 –a species show consistently high preference towards R12 (more than

98 % contribution) at all temperatures (Fig. 4.9a). In the presence of water as well, this

reaction pathway is preferred as shown in Fig. 4.9b, where at T10 and T50 the consump-

tion preference is 63.18 % and 56.15 %, respectively. Only at T90, the hydroxyl-assisted

pathway contributes more than the oxygen-assisted pathway. As the original model [168]

was underpredicting methane conversion under dry conditions (cf. 4.2b), the parameters

were algorithmically optimized in such a way that the behavior of the catalyst under

dry conditions is improved while maintaining the activity under the humid conditions,

resulting in higher contribution of the oxygen-assisted pathway.

Figure 4.10: Schematic representation of the reaction pathways involving O–a and vac–b
species.

As is evident from the dominant pathways under dry and humid conditions, the O–a

species play a crucial role in the conversion of methane. Fig. 4.10 illustrates the reaction

pathways leading to the formation and consumption of O–a species. The activation of

methane leads to formation of H–b species on the surface which leads to formation of

the vac–b species through the Mars-van-Krevelen mechanism. As shown in Fig. 4.10,

vac–b species are the precursors for formation of O–a species which are required for the

oxygen-assisted pathway leading to formation of CH2OH–a. However, there are several

competing pathways for the consumption of O–a species, including the water abstraction
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reaction, where the O–a species react with gas-phase water to form surface hydroxyls

(OH–a species).

Figure 4.11: Consumption preferences of O–a species towards the various reactions for both
supported catalysts at T10.

Fig. 4.11 compares the consumption preference of O–a species across the supported cat-

alysts at T10, under dry and humid conditions, among the competing reactions. A clear

preference for the water abstraction reaction can be observed compared to the formation

of CH2OH–a, when the reaction conditions are humid. This behavior explains the shift

towards the hydroxyl-assisted pathway, as through the water abstraction reaction more

OH–a species are formed, which are the driving species for the hydroxyl-assisted pathway

(cf. Fig. 4.8 and 4.9). When comparing across the supports, water abstraction reaction

is still the preferred reaction under humid conditions; however, the contribution towards

the formation of CH2OH–a is higher in ZrO2-supported catalyst than SnO2-supported

catalyst. Therefore, in case of PdO/ZrO2 catalyst, the oxygen-assisted pathway remains

the dominant reaction route for the conversion of methane to carbon dioxide.

4.4.4 Comparison of Kinetic Parameter Values

During the optimization process, the step size for the global search was set to 0.01 resulting

in a maximum change of ±10 % of the original kinetic parameters for both supported

catalysts at each iteration, however after subsequent hops within the search space the

values may reach beyond the constraints set by the step size. A comparative analysis

was therefore conducted to evaluate the extent to which the newly optimized parameters

deviated from their original values.
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(a)

(b)

Figure 4.12: Reactions with absolute change in the values of activation energy higher than
5 kJ mol−1 in the optimized model for (a) PdO/SnO2 and (b) PdO/ZrO2. Fig-
ures reproduced from the supporting information of [139].
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For the SnO2-supported catalyst, most modifications in the activation energies were less

than 4 % of the original values. As demonstrated in Fig. 4.12a, 14 reactions had an abso-

lute change of more than 5 kJ mol−1, out of which only two reactions were algorithmically

modified. For six elementary steps (R6r, R9r, R12r, R14r, R19r, and R21r), the pre-

exponential factors deviated by about one order of magnitude. However, these reactions

were part of the dependent set of reactions and were calculated by DETCHEMADJUST

thus, significant deviations were necessary. In case of the optimized parameter values for

the ZrO2-supported PdO catalyst as well, the modifications were mostly limited to less

than 4 %. The activation energy values for 20 reactions were relatively higher beyond

5 kJ mol−1, as demonstrated in Fig. 4.12b. The changes in pre-exponential factors were

relatively small and varied by about one order of magnitude for only R6r.

Fig. 4.12a and 4.12b clearly demonstrate that most major adjustments occurred in the

energies of the dependent set of reactions to ensure thermodynamic consistency. The

reactions that were independently modified and had larger modifications, specifically R35r

and R29f for SnO2, and R21r and R35r for ZrO2, were not significantly sensitive reactions

and were not part of the dominant pathways. Moreover, the magnitude of the larger

energy changes in the optimized model is consistent with the inherent uncertainties of

parameters obtained from DFT calculations, which may be as high as 30 kJ mol−1 [178–

180].

The differences in energies for steps involved in the dominant reaction pathways is il-

lustrated in Fig. 4.13. The values are color-coded based on the extent of modification,

with red color indicating larger decrease in the energy compared to the original model

and green color denotes larger increase in the energies. Most steps within the dominant

pathway were modified algorithmically and had relatively small changes, while the larger

changes were primarily observed in the dependent reactions.

When comparing the optimized parameters across the two supported catalysts i.e.,

PdO/SnO2 and PdO/ZrO2, only 9 reactions (R4r, R8r, R9r, R12r, R18f R19r, R21r,

R22f and R25r) exhibited significant differences in energies. However, these reactions

were not significantly sensitive, and the larger adjustments did not significantly affect

81



4 Modeling the Effect of Supports in PdO-Based Methane Oxidation Catalysts

Figure 4.13: Changes in the optimized activation energies in the dominant reaction pathways
for both supported catalysts. Figure reproduced from the supporting information
of [168].

simulation outputs. Overall, for this application only small adjustments in almost all re-

actions were required, yet the cumulative effect of these smaller adjustments was evident

in the reactor outputs. This highlights the necessity of using algorithmic optimization

over manual tuning, as it enables more precise and effective parameter refinement.

4.4.5 Limitations

As discussed in Chapter 3, the optimization approach performs best when the initial

mechanism provides a complete and accurate representation of the reactions occurring

on the surface, with no missing reaction pathways. Here, the impact of using different

support materials with the active PdO catalyst could be modeled without introducing

new reaction pathways, as the supports primarily influence the size and stability of PdO

nanoparticles. This makes it appropriate to apply the optimization approach by refining

only the kinetic parameters. However, for systems where the support may play a more
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active role in the surface reactions, or where formation of new products require additional

elementary steps, this approach has not yet been explored and remains a topic for future

investigations.

4.5 Conclusions

This chapter showcased yet another example of using the global optimization algorithm

Basin-Hopping to obtain tailored microkinetic models for describing the experimental

trends in heterogeneous catalysis, specifically to study the catalytic activity of palladium-

based catalysts for methane oxidation. Initial simulations with an existing microkinetic

model for PdO/Al2O3 considering Pdcus and Ocus sites as active sites, indicated that the

microkinetic model needs refinement, to account for the influence of the support material

on the catalytic performance.

With the optimized parameter sets, the experimental trends were more closely captured

compared to the original model, even for experimental data that were not used for fitting.

Consequently, the optimized mechanisms were employed to identify key surface species

and dominant pathways to gain a better understanding of the reactions happening on

the surface. It was shown that for both supported catalysts, when water is fed at the

inlet with the reacting gas mixture, the catalytic active sites are blocked by adsorbed

water on the surface. Since methane and water compete for the same active site, this

suppresses methane activation at low temperatures, shifting catalytic activity towards

higher temperatures where water desorption becomes sufficiently fast to allow dissociative

adsorption of methane and subsequent reactions. Therefore, at low temperatures, H2O

on Pdcus sites and hydrogen on Ocus were the most abundant species on the surface.

Under dry conditions, water on Pdcus sites originates from the oxidation reaction, whereas

under humid conditions, it primarily results from water adsorption from the gas phase.

At higher temperatures as conversion increases beyond 90 %, the coverage of hydroxyl

species increases on the Pdcus sites. Correspondingly, hydrogen coverage on Ocus sites

reduces thereby, freeing more Ocus sites on the surface.
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The analysis of the rates of the various mechanistic steps showed that across both SnO2-

and ZrO2-supported catalysts two dominant pathways exist for methane oxidation, similar

to those observed for alumina-supported PdO. The key distinction between the supported

catalysts studied in this work lies in the relative contribution of these pathways towards

formation of CO2. For PdO/SnO2, oxygen-assisted pathway dominates under dry con-

ditions. However, as water is introduced at the inlet, the hydroxyl-assisted pathway be-

comes increasingly dominant. This shift is attributed to the preference of O-Pdcus species

to react with gaseous water, forming surface hydroxyls, rather than partaking in the re-

action with methyl species in the oxygen-assisted pathway. In contrast, for PdO/ZrO2

the oxygen-assisted pathway remains the dominant pathway under both dry and humid

conditions. Although the water abstraction reaction is still favored over methyl oxidation

for PdO/ZrO2, the relative preference for the reaction of O-Pdcus species with methyl

species is higher compared to PdO/SnO2.

This chapter demonstrated how algorithmic optimization of microkinetic models can ac-

celerate the development of tailored reaction mechanisms. These mechanisms can help

advance the understanding of the surface chemistry, when these models are well-validated.

A key requirement for the success of this approach is availability of a robust initial model,

which in this case was the model for PdO/Al2O3 originating from DFT, requiring minimal

modification to its original parameters and no addition of new elementary steps to the

microkinetic model. Only a subset of the experimental dataset was used for model fitting,

while the remaining data was used for validation, ensuring that the model generalized

well across relevant operating conditions. Overall, this study highlighted how numerical

methods, combined with automation, simulation tools, and systematic analysis of species

coverages and reaction rates, can significantly accelerate model development, help under-

stand the reaction mechanism, and facilitate its future application in scale-up studies and

reaction engineering.
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Learning Architectures and its

Application

This chapter presents the development and application of a surrogate model for methane

oxidation over PdO/Al2O3 in a packed bed reactor. The objective of this work was to

numerically study the deactivation behavior of PdO/Al2O3 catalysts in the presence of

water. The existing microkinetic model [168] is unable to accurately predict the experi-

mental light-off behavior [149] of the alumina supported PdO catalyst under all reaction

conditions. In order to better understand the phenomenon governing the behavior of these

catalysts under lean and humid conditions, the numerical model considering a constant

value of dispersion is insufficient, and therefore in this work, a neural network-based sur-

rogate model is proposed to help understand the light-off behavior. The chapter describes

the various steps of data generation, the employed model architectures, the methodology

followed for the surrogate model training, and demonstrates its application in understand-

ing the dynamic nature of the active sites during light-offs. Simulated data were generated

for a variety of operating conditions and were used to train a neural network architec-

ture which acted as a surrogate to the original simulation model to enable gradient-based

optimization of the catalyst properties.
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5.1 Motivation

PdO/Al2O3 oxidation catalysts are prone to deactivation, especially under wet condi-

tions. As illustrated in Fig. 5.1, this deactivation is of two types: first, an immediate

and reversible inhibition caused by hydroxyl formation or water accumulation on the sur-

face [147, 148, 160, 162, 176, 181, 182]; and second, a gradual and irreversible loss of

active sites over a period of time [183–185]. Notably, this slow deactivation can be rapidly

reversed by exposure to reducing conditions [157, 158]. Therefore, this slow deactivation

due to water is considered irreversible only when the reaction conditions are oxidizing.

Figure 5.1: Deactivation trend of PdO/Al2O3 due to presence of 10 vol.% water during oxida-
tion of methane (500 ppm CH4, 10 vol.% O2, balance N2, Temperature = 713.15 K).
Figure reprinted from [183], licensed under CC BY 4.0.

The deactivation behavior was also observed in the experimental observations from Keller

et al. [149] for PdO/Al2O3 catalyst. The DFT-based microkinetic model from Stotz et

al. [168], described in Chapter 4 Section 4.2, models the loss in catalytic performance as a

blocking of active sites due to the presence of water in the reaction environment. Conse-

quently, as demonstrated in Fig. 5.2 the simulation of the light-off behavior of oxidation

of methane over PdO/Al2O3 under varying concentrations of water, using the microki-

netic model [168], qualitatively predicts the shift in activity to higher temperatures when

water is present in the feed. However, it does not accurately match the experimental

observations as temperature is increased. Specifically, the experimental light-offs exhibit

a distinct change in slope with increasing temperature and inlet water concentrations,

which are not captured in the simulated data. This discrepancy likely stems from the as-
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Figure 5.2: Comparison of the experimental [149] and the simulated catalytic performance of
PdO supported on Al2O3 using the kinetic model by Stotz et al. [168] (conditions:
3200 ppm CH4, 10 vol.% O2, 0-12 vol.% H2O, balance N2, GHSV = 140 000 h−1)

sumption of a constant catalytic surface area throughout the light-off process, which does

not account for the irreversible deactivation occurring under reaction conditions. Given

that the kinetic model has been validated under lean conditions [149, 168] and success-

fully reproduces the shift in activity to higher temperatures in the presence of water, and

considering that the experiments were designed to minimize mass transfer limitations,

the most plausible explanation for the mismatch is the model’s failure to incorporate

a dynamic active area. Stotz et al. [168] also reported that the deviations in the simu-

lated values at elevated temperatures, are likely due to the consideration of a constant

catalytically-active surface area during the light-off simulations. The experimental ob-

servations in Fig. 5.2 are taken from the study by Keller et al. [149]. The experimental

conditions are briefly described in Section 5.2.

Studies indicate that during methane oxidation under dry conditions, catalyst deactivation

is less pronounced than under humid conditions [147, 183, 184, 186]. At temperatures

above 350 ◦C, significant deactivation is observed only after several hours of operation [145,

147, 183]. The experimental data measured under dry conditions in Fig. 5.2 do not show a

noticeable change in slope with increasing temperature, in contrast to experiments where
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additional water is present. The underprediction of methane conversion in the simulation

likely arises from underestimation of the catalytically active area and/or possible hot-spots

in the catalytic bed, particularly at temperatures of high conversion. Moreover, because

the time-on-stream during light-off experiments at lower temperatures is relatively short,

substantial deactivation due to the produced water during the reaction is not expected.

Therefore, this work focuses on the deactivation behavior observed in the experimental

data when additional water was dosed in the feed.

A variety of factors have been suggested to explain the deactivation phenomenon during

humid reaction conditions. These include, formation of Pd(OH)2 due to the presence

of water leading to loss of active sites [148, 160, 162, 181], or morphological changes to

the active PdO particles due to the formation of smaller particles or flattening of the

original spherical particles [183], or the surface reconstruction of the PdO sites from the

coordinatively unsaturated sites to fully coordinated sites [187, 188]. Another reason could

be sintering of the nanoparticles due to higher temperatures [148], however as reported

by Stotz et al. [168], this would require that the size of the PdO nanoparticles would need

to be abnormally large to exhibit the loss in activity observed in the case of PdO/Al2O3.

The formation of hydroxyls is a widely recognized as the primary cause of inhibition under

humid conditions. However, recent studies [183, 184] suggest that other factors such as,

morphological changes in the Pd phase may also play a significant role. While the exact

reason for the loss in active sites is unclear, experimental evidence indicates that there is

a reduction in the number of active sites during the light-off under humid conditions [149].

It is important to highlight that the microkinetic model used in Fig. 5.2 accounts for the

blocking of active sites through both the formation of surface-bound H2O species and the

adsorption of gas-phase water under humid conditions. Therefore, any further decline in

the catalytic activity must stem from mechanisms beyond simple site-blocking, such as

the irreversible deactivation of active Pdcus sites due to formation of Pd(OH)2 or fully

coordinated sites, which do not exhibit activity towards methane oxidation.

When numerically solving the reactor model equations with the microkinetic model in

the DETCHEM simulation package [71], the overall rate of production or consumption

of the species is scaled by a factor known as Fcat/geo (Eq. 2.18), to account for the higher
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surface area encountered in porous samples. For a packed bed reactor, it is defined as

the ratio of the available catalytic area of the active metal to the geometrical surface

area of the catalyst bed including the support particles. The value of Fcat/geo needs to be

defined in the simulation input file based on the catalyst properties. Accurate estimation

of the available active metal area is difficult under the dynamic reaction conditions and

would require sophisticated characterization techniques. In lieu of that, one can obtain

the values of Fcat/geo with changing reaction conditions by optimizing the values based on

the comparison of the simulated data with the experimental data. It is to be noted, that

in most cases the calculated value of Fcat/geo using chemisorption or imaging techniques of

the as-prepared catalyst samples is sufficient for use during the simulations. However, in

the case of methane oxidation over PdO, during the additional degreening step before the

light-off measurements, performed at a high temperature under dry and lean conditions,

the change in dispersion of the PdO nanoparticles would likely be significant compared

to the as-prepared samples. More importantly, with changing reaction conditions and

in the presence of water, when the deactivation phenomenon is more pronounced, the

consideration of Fcat/geo as a fitting parameter during simulations is appropriate to ob-

tain agreement with experimental observations, in the absence of in-situ or operando

characterization [149].

The optimization of the Fcat/geo parameter used as an input in the numerical model to

reproduce the performance under the experimental conditions can be achieved by utiliz-

ing gradient-free optimization algorithms, similar to the kinetic parameter optimization

demonstrated earlier in this thesis. However, since only a single parameter is being opti-

mized in this case, gradient-based algorithms offer a more efficient approach by guiding the

optimization towards the optimal solution. Additionally, this would serve as a demon-

stration for the potential benefits of such an approach for future applications. When

employing an out-of-box software for performing simulations, such as the DETCHEM

software package [71] used in this work, users generally do not need to formulate the gov-

erning equations on their own and hence, cannot directly access the gradient information

needed for utilizing gradient-based optimization approaches. Additionally, in case the

number of parameters for which gradient computation is required is large, unlike the cur-
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rent application, then the computational effort and time involved in solving the resulting

additional ODEs would be substantial. Hence, the use of machine learning-based surro-

gate models is often a more scalable alternative, which could easily be used to calculate

the gradients during the optimization procedure. Here in this work, the development and

application of a surrogate model is demonstrated for the modeling of methane oxidation

on a PdO/Al2O3 catalyst.

5.2 Experimental Data

The experimental data used in this work are taken from the study of Keller et al. [149]

for PdO/Al2O3, which investigated methane oxidation over PdO/Al2O3 in a packed bed

reactor under lean conditions. The catalytic tests were conducted with varying concentra-

tions of H2O (0–12 vol.%) and a temperature ramp of 3 K min−1 between 500 and 825 K.

Prior to testing, the catalyst samples were degreened under reactive conditions (3200 ppm

CH4, 10 vol.% O2 in N2) at 825 K to ensure comparable catalyst properties across samples

used at different conditions.

The tests were performed in a packed bed reactor containing 300 mg of PdO/Al2O3 with

a metal loading of 2.3 %. The bed was diluted with 700 mg of quartz to prevent hot-spots

within the reactor. The resulting catalytic bed had a length of 1.5 cm and the internal

diameter of the channel was 8 mm, with a bed porosity of approximately 56 %. The average

diameter of the bed particles was 200 µm. Transmission Electron Microscopy (TEM)

measurements indicated an average PdO nanoparticle size of 1.7 nm. The experimental

setup was designed to minimize mass transfer limitations.

5.3 Methodology

A schematic representation of the methodology is shown in Fig. 5.3, which is used to obtain

a reliable surrogate model and its subsequent application in optimization of the Fcat/geo

parameter. The methodology involves generating a robust dataset for training the machine
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learning-based surrogate model and validation of the trained model. Once a surrogate

model is obtained that has comparable performance to the numerical simulation model, it

is used to obtain the gradients of the relevant model outputs with the Fcat/geo parameter

which is fed to a gradient-based optimization algorithm to search for the optimum values

of Fcat/geo to minimize the error between the simulated data and the experimental data

with the changing reaction conditions during the light-offs. The following subsections

outline each step in detail.

Figure 5.3: Schematic representation of the surrogate model development and application work-
flow.

5.3.1 Data Generation

A crucial requirement in the development of a neural network-based surrogate model is

the availability of high-quality dataset for training. Based on the available literature, it is

evident that the available catalytic area during the light-offs change as the experimental

conditions are changed and it is likely to decrease with the increase in water concentration

in the feed [149]. In this context, the decline in the catalytic performance at higher

temperatures also indicates that the available catalytic area might decrease as a function

of the reactor temperature. However, the extent of this decrease remains uncertain, as

does the possibility of it varying along the length of the reactor. Therefore, a dataset was

generated through simulations of the packed bed reactor model with variations in several

input parameters, including defining sections of catalytic bed with decreasing Fcat/geo from
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one section to another. The input parameters and the range of their variation are listed

in Table 5.1.

Table 5.1: Details on the variation in parameters during the data generation.

Input parameter Range of values
and units

Step

Temperature 450–900 K 5 K
H2O mole fraction in the feed 0–12 vol.% 1 vol.%
Reactor length 0.01–0.02 m 0.0005 m
Fcat/geo 5–100 % of reference

value
5 % or 3 %

Number of sections with different Fcat/geo 2–5 1
Section length Uniform/Random -

The generated data are essentially the outputs from running the simulations using the

DETCHEMPBR code with the kinetic model for PdO/Al2O3 [168] under varying inlet

and reactor operating conditions. In order to reduce the complexity in the dataset and

focus the surrogate model on learning the dependency of Fcat/geo on the output, certain

input parameters were kept constant. These included the input mole fraction of reactants

other than H2O, porosity of the catalytic bed, reactor diameter, particle diameter, and

pressure. A Python-based script [110] was used to parallelize and automate the various

steps in the generation of the dataset namely, the generation of the input files needed

for DETCHEMPBR, the execution of the simulations, the extraction of the relevant data

from the output files, and the storage of the data in an appropriate data format (HDF5)

to make them compatible for training the surrogate model and ensure adherence to FAIR

principles [41]. Overall 2,739,828 simulations were performed to generate the complete

dataset. The simulations were performed using an AMD Ryzen Threadripper 3990X

processor, leveraging 10 cores in parallel for computations, and required approximately

58 h to generate the dataset.
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5.3.2 Data Storage

The primary outputs during the simulation of methane oxidation in a packed bed reactor

with a catalytic bed of PdO supported on Al2O3 particles, are the mole fractions of the

gas-phase species and the surface coverages of the surface species, along the length of the

reactor. Hence, the data needed to be stored as three-dimensional arrays of the following

shape = [Number of sample points (N), Number of length-steps (L), Number of variables

(D)]. The first dimension of the array corresponds to the total number of simulations with

variation in any of the input parameters. The second dimension in the dataset corresponds

to the resolution of the axial coordinate. In this work data was captured at every 0.5 mm

of the reactor length. The third dimension corresponds to the number of variables (or

features) in the dataset including, the temperature, the mole fractions of the gas-phase

species, the coverages of the surface species, pressure, velocity, residence time, and the

Fcat/geo value at each axial point within the reactor. Since, the number of simulated

sample points are large, the dataset is considered to be big data and without a proper

data storage architecture, it would lead to memory and performance issues during model

training. Therefore, the Hierarchical Data Format version 5 (HDF5) [189] was chosen to

store the dataset so as to streamline its use during training and ensure adherence to the

FAIR [41] principles for data storage and reuse.

The HDF5 data format is commonly used in training deep learning models with big data

and offers several advantages (Fig. 5.4a). HDF5 data format is an open data format, useful

for storing large and heterogeneous data, which can be organized hierarchically in groups.

The format is self-describing meaning all elements of an HDF5 file may have an associ-

ated metadata needed for understanding the data contained within the element. HDF5

supports data slicing, enabling the extraction of subsets of data for processing without re-

quiring the entire file to be loaded into memory. This attribute is especially useful during

the surrogate model training where batches of data are sampled and processed. Fig. 5.4

demonstrates the data organization and the screenshot of the data as viewed using the

HDFView software [190], a visual tool for viewing and editing HDF5 files.
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(a)

(b)

Figure 5.4: (a) Illustration of Hierarchical Data Format version (HDF5) structure and (b) screen-
shot of the dataset visualized in HDFView.
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5.3.3 Surrogate Model Architecture Selection

Given the sequential nature of the generated dataset containing reactor outputs along

the length of the reactor, neural network architectures that are capable of learning de-

pendencies across the various dimensions in the dataset and output the spatially-resolved

data are required. Such architectures are commonly used in the field of natural language

processing (NLP) and have also been showcased to be useful in multi-variable forecast-

ing tasks such as weather prediction [191, 192]. Several deep learning architectures were

explored in this work which are briefly summarized in Table 5.2.

Table 5.2: The various deep learning architectures used in this work.

Architecture Long Short-Term
Memory (LSTM)

Crossformer Mamba2

Type Recurrent neural
network

Transformer State-space model

Advantages Effective in learning
long-term

dependencies in
sequential data

Able to learn
dependencies across

features in sequential
data

Learns the state of
the system over time

with reduced
computational

complexity

The Long Short-Term Memory (LSTM) [193] networks are a type of recurrent neural

network (RNN) [194], designed for learning long-term dependencies across sequential

datasets. In general, an RNN incorporates a looping mechanism, which allows opera-

tion over a sequence of vectors. This looping mechanism is analogous to an unrolled

neural network which re-uses the network parameters (i.e. the weights and the biases of

the layers in the network) across each step to propagate information through the sequence.

Therefore, the output of an RNN is influenced by the “history” of the inputs that were

fed to it. RNNs try to learn this history by updating a hidden state vector every time

information from a new step is given as inputs to it, and pass this updated hidden state to

the next step. However, vanilla RNNs (i.e., the most simplest form of RNN, with a single

hidden state) tend to lose information from earlier steps in larger sequences, a limitation

known as the vanishing gradient problem.
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To overcome this challenge, LSTM networks [193] were developed which had a more so-

phisticated gating mechanism in its cell to update its memory, to retain information over

large sequences. The long-term memory of an LSTM cell is termed as its cell state. At

each step, first the current input at that step and the hidden state of the previous step

is used to calculate the candidate memory cell. This is then used to update the cell state

via the gating mechanism. A typical LSTM cell consists of three gates: input gate, for-

get gate and output gate. The input gate determines how much of the new information

from the current step should be stored in the memory, while the forget gate controls how

much of the information already stored in the memory from the previous steps need to

be retained. The output gate is then used to determine how much of the stored memory

is allowed to be passed on to the next step as the new hidden state. Given the relatively

short sequence lengths in the dataset, the LSTM architecture was selected as one of the

surrogate models for its simplicity and fast training time.

Unlike RNN-type networks, which handle sequential data step-by-step in a progressive

manner, transformer-based neural networks process them all at the same time using a

self-attention mechanism, making them significantly faster and efficient in handling large

sequences compared to RNNs. Through the self-attention mechanism, the transformer

networks learn to weigh the importance of all the steps in an input sequence for gener-

ating the output, enabling them to retain information over very large sequences. Since,

all steps in the sequence are processed at the same time, they lose the order-information

which is explicitly present in the RNNs through their recurrent connections. Therefore,

transformers utilize embedding layers with positional encoding to capture this informa-

tion. With these capabilities, transformers become particularly powerful for tasks requir-

ing fast computation and contextual understanding of large sequences of data, such as

machine translation and text summarization.

While transformers excel at learning long-term dependencies within a sequence, they can

only implicitly capture cross-channel dependencies (i.e., relationships between various

features of the sequential data) through their embedding layers. This is where the Cross-

former [195] architecture is more useful. Crossformer builds upon transformers, by explic-

itly modeling the cross-channel dependencies across sequences, enabling them to handle
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multivariate time-series datasets more efficiently. These datasets comprise multiple se-

quences of data over time, and are commonly found in domains such as finance, weather

forecasting, and energy analytics, requiring understanding of the inherent patterns within

the dataset not only across time but also across multiple variables. Hence, Crossformer

was selected to be one of the architectures for training the surrogate model, since in order

to efficiently model the reactor outputs, the model needs to learn the complex relation-

ships across different variables of the spatially-resolved data such as the temperature, the

velocity and the reaction environment at a particular point in the reactor.

The self-attention mechanism used in transformer-based networks introduces significant

computational complexity (O(L2)) during training, as it requires calculating the atten-

tion values for each step in relation to all the steps in the sequence. In the domain of

NLP, where the number of steps (commonly known as tokens) can reach up to millions,

this quadratic scaling can lead to slow training. To address this challenge, the Mamba

model [196], a selective structured state-space model (SSM), has shown superior perfor-

mance by achieving linear scaling with sequence length. State-space models strive to

learn the state of the system as it evolves over time. The state of the system refers to

the variables which when combined with input variables, determine the behavior of the

system in future. Essentially, the state of a system is a compressed version of the history

of a system. The concept of state in SSMs is similar to the hidden state vector used in

RNNs, however, they differ in how the state is computed. SSMs are capable of main-

taining a dynamic state of the system and learn dependencies for much larger sequences,

by employing a selective mechanism, which allows the model to determine how much of

the new input is relevant for the desired output. Moreover, the updated Mamba code

(Mamba2) [197] allows simultaneous update of the state across multiple features, bridging

the gap between state-space models and transformers, while offering improved scalability

without the burden of quadratic complexity. Therefore, given its computational advan-

tages and architectural alignment with the current application, Mamba was also selected

for exploration as a potential surrogate model.
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5.3.4 Surrogate Model Training

All the three architectures detailed above, i.e., LSTM, Crossformer and Mamba, were

used for surrogate model training to find the best performing architecture. The following

procedure was followed for all architectures involving the steps related to data preprocess-

ing, model training, and validation. The models were built and trained using the Pytorch

library [198] for the Python programming language [110]. In the data preprocessing step,

a Dataset class is created that is used to prepare the dataset for training. In this Dataset

class, the HDF5 file containing the dataset is read and converted into tensors of spatial

data for each feature. These are thereafter standardized using Eq. 5.1 in order to scale the

data to have a mean value of 0 and a standard deviation of 1. This step helps ensure that

all features are on the same scale during the model training. Therefore, the outputs of the

surrogate model need to be de-normalized to obtain the original values during inference

(i.e., when the trained model parameters are used for prediction without further update).

Xstd = X − µ

σ
(5.1)

In Eq. 5.1, Xstd is the standardized value, X is the original value of the sample point for a

given feature, and µ and σ are the mean and standard deviation of all data points for that

feature, respectively. Before training, the dataset was split in an 80:20 ratio to obtain

training data and validation data, respectively. The validation data was further split in

a 50:50 ratio to obtain a test dataset, reserved as the unseen samples on which the final

model performance is tested. The validation set excluding the test set is used to evaluate

the model after each training loop. The test set is used to estimate the generalization

error of the model, as described in Section 2.4. Pytorch’s Dataloader class is used to

load and shuffle batches of data for efficient processing. Since the dataset is sequential

in nature with variable reactor lengths and spatial points in the reactor (cf. Table 5.1),

padding operation [199] was also performed to obtain the same size for the number of

length-steps for each batch.

During a typical deep learning training procedure, data is processed in mini-batches for

multiple number of epochs, where each epoch means that the model has seen the complete
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training data once. In this work, all models were trained for at least 50 epochs. Each mini-

batch consists of small subsets of the full sequences for all features, on which the model

learns iteratively. After each epoch the batches are shuffled again to avoid overfitting.

During each epoch, the model makes predictions (known as the forward pass), which are

compared with the true output values (also known as the ground truth value) through

a predefined loss function. Typical loss function include, mean squared error, root mean

squared error, and cross-entropy loss, among others, based on the type of the task. During

the forward pass, Pytorch stores a computational graph for all the operations performed

as the input is passed through the surrogate model architecture to obtain the final model

output and the loss value. After the calculation of the loss, the gradients of the loss

function with respect to the model parameters are calculated, using the computational

graph via backpropagation (known as the backward pass), and based on the gradients,

the model parameters are updated using an optimizer.

In this work, the mean squared error was used as the loss function to compare the model

predictions with the ground truth, and the Adam optimizer [102] was used to perform

parameter update after each epoch. The loss function for the spatially-resolved data is

calculated through Eq. 5.2 as mean squared error (MSE) between the predicted (ŷn,l,d)

and the ground truth value (yn,l,d) for all N samples, L length-steps, and D features,

L = 1
N · L ·D

∑︂
n,l,d

(ŷn,l,d − yn,l,d)2 . (5.2)

The model weights are saved as checkpoints after each epoch, and as the best model

whenever the loss is improved, ensuring that progress was not lost in case model training

was interrupted.

As the dataset contains spatially-resolved data where the input data is known only at the

inlet at z = 0, the reactor output at any given point in the reactor is to be calculated

based on the previous points, hence the complete training of all the three architectures

is performed in an autoregressive manner. During an autoregressive training, the model

predictions at one step (here, point in the reactor) is used as input for the next step,

instead of using the ground truth values. Therefore, during each epoch, for each mini-
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batch of sequences with total length-steps L, predictions are made in a loop as one length-

step at a time.The inlet data at z = 0 is first fed to the model, which then predicts for

the next step, z = 1, and continues iteratively until predictions are made for z = L.

Within this loop at each length-step z = l, the loss function is calculated between the

predicted values and the ground truth value. After the final length-step loss calculation,

the total loss averaged over the full sequence in the mini-batch is used for the backward

pass, followed by the update step. Due to autoregressive training, the errors accumulate

with each length-step and hence, the models are harder and slower to train in comparison

with the typical training approach where ground truth values are used.

After each training loop, the model performance is evaluated on the validation dataset

in the eval mode, where gradient calculations are not performed and only the model

performance is tested on samples not seen during training. As the model trains, the

difference between the training and validation loss reduces. Once the losses are converged,

model training is complete and the saved model weights are used for inference on unseen

data. The model performance is examined on the unseen data and compared with other

models to obtain the best performing surrogate model.

The surrogate model training was performed on the high-performance computing cluster

“Helmholtz AI computing resources (HAICORE)@KIT”. The deep learning models were

built using the libraries Pytorch 2.3.1 [198], mambapy 1.2.0, and mamba-ssm 2.2.2 in

Python [110]. Other additional Python packages such as matplotlib 3.7.5 [200], NumPy

1.24.4 [201], pandas 2.0.3 [202], and h5py 3.11.0 [189] were used for processing of data

and plotting. The Distributed Data Parallel (DDP) in Pytorch was used to parallelize

model training on multiple Graphics Processing Units (GPUs) to improve the perfor-

mance.

Reduction of training data

It was initially considered that it was possible that the catalyst properties may be chang-

ing along the length of the reactor and therefore, using spatial variations in the value of

Fcat/geo in the catalytic bed during the simulation of light-offs might help obtain a better
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agreement with the experimental data. Therefore, the generated dataset consisted of vari-

able sections of catalytic zones in the reactor with decreasing value of Fcat/geo. However,

during the surrogate model training with the various architectures, it was observed that

the surrogate model did not learn the spatial variation of the Fcat/geo parameter accurately.

The model also struggled to learn the constant temperature trend along the length, even

though the simulated data were for isothermal reactor temperatures. To ensure that this

was not because of the accumulated errors at each length-step during autoregressive train-

ing, the ground truth values of temperature and Fcat/geo at each length-step were given

during the model training for comparison. Such an approach where the ground truth

values are given to the model for prediction of the next step is known as teacher forcing.

In both approaches, the model training remained unaffected, and the model outputs

were the same. This indicated that the spatial variation of Fcat/geo used during dataset

generation did not significantly influence the simulation results. The comparison between

the autoregressively-trained outputs and the teacher-forced outputs suggested that only

the temperature value and the Fcat/geo value given as inputs i.e., at z = 0 was important

for the surrogate model predictions, as the model outputs remained consistent across both

approaches. Therefore, it was decided to reduce the dataset size by using only one reactor

length with a constant value of Fcat/geo throughout the reactor length.

The reduction in the dataset to constant Fcat/geo and one reactor length i.e., L = 0.015 m

significantly reduced the complexity and the time required to train the various surrogate

model architectures. Using a single reactor length also helped minimize information leak-

age between the training and validation datasets, as full conversion is achieved near the

reactor’s inlet at higher temperatures. Consequently, data from longer reactor lengths

would inherently include information from shorter lengths. Therefore, with the reduced

dataset, the values of reactor temperature and Fcat/geo were considered as inputs to the

surrogate model and not predicted at the next length-steps, except in the case of the

Crossformer architecture, which does not support different feature size in the input and

the output sequences. Hence, the final surrogate models used in this work were trained

with the reduced data containing overall 68,614 samples which resulted in the total num-

ber of data points considering the length-steps in the sequences to be 2,058,420.
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5.3.5 Optimization of Active Catalyst Area

Once the surrogate model is trained and is validated well on unseen data, then the best

performing model can be used in place of the simulation model (here, DETCHEMPBR) for

the optimization of the Fcat/geo parameter under the dynamic reaction conditions during

the light-offs. The optimization process is similar to the training of a neural network

architecture, where the optimizer learns to update the input parameters whose values

are unknown, instead of the model parameters as done during a typical model training.

In this scenario, the loss function acts as an objective function for minimization of error

between the surrogate predictions and actual experimental outputs. Therefore, during

the optimization process, the surrogate model weights are kept constant and the input

Fcat/geo parameter is defined as a trainable parameter, which would be updated using an

appropriate optimizer. The experimental data measured at the end of the reactor i.e.,

at z = 0.015 m for a given reactor temperature is used as the ground truth and used to

calculate the loss function as expressed in Eq. 5.3, where XCH4,surr is the value of CH4

mole fraction predicted autoregressively by the surrogate model based on the inlet data

provided as inputs, and XCH4,exp is the experimentally measured mole fraction of CH4 at

the end of the reactor.

L = (XCH4,surr −XCH4,exp)2 (5.3)

The Adam optimizer, used during the surrogate training, was also used here for updating

the Fcat/geo value after each iteration. The total number of iterations for the optimization

were kept to be 2000. The optimization process was performed for every temperature and

inlet feed condition from 0–12 vol.% H2O. For each feed condition, at least 20 temperature

points were considered for optimization between 500 K and 800 K. The optimization

process was stopped either when the set number of total iterations are exceeded or when

the loss value is lower than a given threshold value (in this work, threshold = 10−5 with

the scaled data).

For gradient-based optimization methods, it is imperative to start from a good initial point

to avoid converging to a sub-optimal solution, especially when the objective function has

multiple local minima or a noisy landscape. Therefore, for the optimization of how the
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ratio of catalytically active area to geometrical area changes under the dynamic reaction

conditions during the light-off at a given water concentration, it is essential to start from

a good value of the initial ratio for the catalyst. As during the light-off, the catalyst

properties change over time, i.e., with the temperature ramp and the conversion of CH4,

the initial value of the catalyst surface area to be used for simulation would also need

to change with change in the operating conditions. The initial active area at any given

temperature T in the light-off would depend on how much of the active surface area

was lost at the earlier temperatures because of the loss of active sites, either due to

the presence of water or due to the conversion of CH4. The initial Fcat/geo value for

the temperature at the beginning of the experimental light-off for a given concentration

of water were approximated from the characterization data of the as-prepared samples.

Once an optimal value is obtained by the optimizer with help of the gradients from the

surrogate model under the given reaction conditions (i.e., the reactor temperature and

the inlet feed condition), the obtained optimal Fcat/geo value then served as the initial

Fcat/geo value for the next temperature point and so on. This way the dynamic change in

the catalyst properties during the experimental light-offs could be closely simulated.

5.4 Results and Discussion

5.4.1 Surrogate Model Performance across Various Architectures

In this section, the performance of the various deep learning architectures is compared

on unseen samples of data that were not used in the model training and validation loops.

Each architecture has a different set of hyperparameters, that are fixed before training

is started. However, the optimal values for these hyperparameters are not known before-

hand, hence multiple combinations of these hyperparameters need to be tested to find

the optimal set, a process known as hyperparameter tuning. In this work, the study of

several distinct architectures with multiple hyperparameters made a complete grid search

for hyperparameter tuning computationally impractical. Instead, a manual search was

performed within a predefined range of values of hyperparameters, by iteratively refining
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hyperparameter combinations based on model performance. Table 5.3 shows the range

of hyperparameters tested for each architecture. The following subsections discuss the

various hyperparameters for each architecture and the results obtained with the optimal

set of hyperparameters.

Table 5.3: The range of values of various hyperparameters used during the hyperparameter
tuning.

Architecture Number of
hyperparameters

Hyperparameter
name

Range Best value

Crossformer 5

e_layers 2, 3 2
factor 5, 10 10

d_model 64 – 256 64
n_heads 4, 6, 8 8

d_ff 64 – 512 64

Mamba 4

n_layers 2 2
d_state 64 – 256 64
d_model 64 – 512 256
d_head 8 – 64 64

LSTM 2
n_layers 1 – 4 2
d_model 64 – 512 256

Crossformer

The crossformer architecture contains five hyperparameters that need to be tuned to

obtain the best performing model. The hyperparameter e_layers corresponds to the

number of encoder-decoder layers used in the architecture. Encoders and decoders are

typical building blocks in transformer-based architectures. The encoder layers take the

multi-variate sequences as input and generate a context vector to serve as a dense rep-

resentation of the input data. The decoder layers on the other hand take these context

vectors as inputs and learn to decode the output multi-variate sequences based on the

information contained in the context vectors. In this work, the total number of encoder-

decoder layers were kept small to keep the number of learnable parameters in the model
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comparable to the number of training data points. If the number of learnable parameters

are much larger than the data points, then the model would tend to memorize all data

points rather than learning the inherent patterns.

As mentioned in Section 5.3.3, crossformer architecture aims to effectively capture both

cross-time dependencies and cross-channel dependencies. This is achieved primarily

through its Two-Stage-Attention (TSA) layer. The first stage in the TSA layer is the

“cross-time stage” where multi-head self-attention (MSA) is applied to all time steps

(here, length-steps) for each feature. The output from the cross-time stage becomes the

input for the second “cross-dimension stage” in the TSA layer, where MSA is applied to

all dimensions (or features) at each time step, to capture the cross-channel dependen-

cies. In the process of applying MSA in transformer-based networks, every element in

the input determines the attention values (referring to how important the element is for

the output) for every other element including itself. Each head in MSA computes its

own attention scores, enabling the model to learn various kinds of dependencies from the

data. To reduce the high computational cost of attention calculation (O(D2L)) when

the feature dimension D is large, crossformer introduces a fixed set of learnable router

vectors that aggregate and redistribute attention values, lowering complexity to O(DL).

The hyperparameter factor is the number of such routers in the crossformer model. The

hyperparameter n_heads represents the number of heads in the MSA mechanism. The

hyperparameter d_model represents the number of features in the embedding vector for

each length-step. The value of d_model also determines the size the attention vectors

computed in the TSA layer. The hyperparameter d_ff represents the size of the Linear

layers used in the TSA mechanism.

After testing multiple values for the above mentioned hyperparameters, the best set of

values for the hyperparameters were obtained (cf. Table 5.3. The best model had overall

418,883 trainable parameters and took approximately 47 h to train on 2 GPUs. Figure

5.5 demonstrates the variation in the MSE loss across all training and validation samples

with each epoch. The model losses converged after 20 epochs and the MSE loss on

the validation data was calculated to be 0.263. The significant difference between the

training loss and the validation loss suggest that the model could not generalize well on
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Figure 5.5: Training history of crossformer model with best set of hyperparameters.

unseen data. This is more clearly seen in Fig. 5.6, which shows the crossformer model

predictions compared to the ground truth simulated values for a subset of features, for a

randomly selected set of samples not used during training or validation. To reiterate from

Chapter 4, in the nomenclature of the surface species, “a” represents the Pdcus sites and

“b” represents the Ocus sites of the supported PdO catalyst. The comparison between

the numerically simulated and predicted spatial curves show that the crossformer model

struggles to learn the complex reaction kinetics in the packed bed reactor. Since the

crossformer model does not support using input and output sequences of different sizes,

it was necessary to predict all features in the output including the parameters used as

input in the simulations i.e., the reactor temperature and the Fcat/geo parameter. As can

be observed in the Fig. 5.6, the model does not accurately predict the isothermal behavior

and the constant Fcat/geo values. The crossformer model was able to predict the methane

mole fractions under the conditions of full conversion quite well but performed poorly at

low conversion temperatures. Additionally, it was unable to capture the water production

trends, leading to the conclusion that the crossformer architecture was unsuitable as a

surrogate to the numerical simulation model. It is possible that the model lacked sufficient

complexity to capture the underlying trends in the data, or that the architecture itself was

not well-suited for regression tasks of this nature. Furthermore, the significant training

time in spite of parallel training on multiple GPUs, constrained the exploration of deeper

network configurations.
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Mamba

The Mamba architecture consists of four hyperparameters. The n_layers hyperparam-

eter determines the number of Mamba blocks in the overall architecture. Each Mamba

block implements a multi-head selective state-space model. The d_state hyperparame-

ter specifies the size of the state vector used in the state-space computations within each

head of a Mamba block. The d_model hyperparameter determines the dimensionality of

the input and output vectors passed between the various Mamba blocks, similar to the

embedding size in Transformer models. The d_head hyperparameter specifies the dimen-

sionality of each head used in a Mamba block. The heads in Mamba are analogous to the

heads in multi-head attention, except that here they are used to divide the input vectors

of size d_model into smaller subsets of size d_head, enabling parallel application of the

state-space models.

Figure 5.7: Training history of Mamba model with the best set of hyperparameters.

Fig. 5.7 shows the progression of the loss values with the training and validation datasets

during the model training with best set of hyperparameters (Table 5.3). The validation

loss at the beginning of the training was noisy likely due to the autoregressive train-

ing approach. However, both the training and validation loss converged after around 30

epochs. The minimum validation loss associated with the best model was 0.1366. The

validation dataset in this case showed lower loss value compared to the crossformer archi-

tecture. The total number of trainable parameters in the best model were 880,719 and
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the model took approximately 17 h to train on a single GPU. The time taken for training

the Mamba model was significantly less compared to the crossformer architecture, since it

does not depend on attention calculation for learning long term dependencies. Addition-

ally, its hardware-aware implementation makes its training on GPUs significantly faster

than transformer based architectures. The performance of the best model on the testing

set samples are shown in Fig. 5.8. Since, Mamba could be configured to have different

sizes for the input and the output sequences, the features namely the reactor temperature

and the Fcat/geo parameter were used only as inputs and not predicted with the outputs.

The results show that, similar to the crossformer model, the Mamba model struggles to

capture the water production trends, particularly at low conversion temperatures. How-

ever, the coverages of certain surface species, such as O-a and H2O-a, were predicted

reasonably well. Interestingly, while the model correctly captured the overall trend of

methane conversion, it underpredicted the outlet concentrations. Therefore, the Mamba

model was also deemed unsuitable to be used as a surrogate for DETCHEMPBR. The

reasons for the inadequate performance remain unclear, given the inherently black-box

nature of the model and its limited interpretability.
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LSTM

In comparison to the other models, the LSTM architecture has the lowest number of

hyperparameters, namely n_layers relating to the number of LSTM layers and d_model

relating to the dimensionality of the hidden state. During LSTM training, reactor tem-

perature and Fcat/geo were only considered as inputs to the model and not predicted. In

order to improve performance of the model, a penalty was also imposed during training on

the error in prediction of the mole fractions of methane and water, hence the loss function

for LSTM model training had an additional penalty term as expressed in equation 5.4,

where λ = 10, is the penalty weight,

L = 1
N · L ·D

∑︂
n,l,d

(ŷn,l,d − yn,l,d)2

+ λ · 1
N · L

∑︂
n,l

[︂
(ŷn,l,CH4 − yn,l,CH4)2 + (ŷn,l,H2O − yn,l,H2O)2

]︂
(5.4)

Fig. 5.9 compares the penalized training and validation loss values after each epoch during

the model training with the best set of hyperparameter values, as tabulated in Table 5.3.

The best model had 832,287 trainable parameters and took approximately 6.5 h to train

on a single GPU. The model converged after 25 epochs with a minimum validation loss

of 0.155. The train and validation losses showed similar trend and converged values

suggesting that the trained model generalized well.

Figure 5.9: Training history of LSTM model with the best set of hyperparameters.
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The LSTM model performed the best on unseen data samples compared to the crossformer

and Mamba models as shown in Fig. 5.10. The additional penalty term contributed to

more accurate predictions of methane and water mole fractions. Overall, the LSTM model

was able to reproduce the general spatial trends across most conditions. Although the

model exhibited slightly reduced accuracy at low conversion temperatures, the associated

errors between the prediction and the ground truth were minimal. It is important to

note that the comparison plots in this work are scaled to emphasize discrepancies, mak-

ing even small differences appear more pronounced. Based on the performance on the

unseen samples, the LSTM architecture with 2 layers and hidden state of size 256 was

shown to be the best candidate for a surrogate model, among all the studied architec-

tures. In order to compare the performance of the LSTM-based surrogate model to the

DETCHEMPBR simulation model at relevant experimental conditions, predictions were

made at several temperatures between 500 K and 800 K for various water concentrations

in the feed. Fig. 5.11 compares the predicted end-of-pipe conversion of methane by the

surrogate model, the numerically simulated conversion using DETCHEMPBR, and the

measured experimental data under varying conditions. For the simulations and the sur-

rogate predictions, a reference value of Fcat/geo = 74.48 was used, calculated based on the

nanoparticle diameter of the as-prepared catalyst samples. The comparison shows that

the surrogate model closely follows the simulated conversions using DETCHEMPBR under

all conditions and therefore, can be used for the optimization of the Fcat/geo values based

on the experimental data.
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(b) (c)

(d) (e)

(f) (g)

Figure 5.11: End-of-pipe performance of the surrogate under experimental conditions.

5.4.2 Simulation Results with Optimized Active Area

Keller et al. [149] in their study, suggested a correlation between the variation of Fcat/geo

and the water concentration in the feed. They reported that the catalytic performance

under wet conditions may be predicted well if the loss in catalytic area due to the presence

of water at the inlet is accounted for during the simulations. This loss can be incorporated
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by scaling the Fcat/geo parameter with a factor representing the percentage of active area

remaining under wet conditions. This factor was obtained in the study [149] by fitting

the simulated data at T50 (i.e., at 50 % conversion temperature). Fig. 5.12 compares

the simulations and the surrogate model predictions of the conversion of methane at

the reactor outlet under wet conditions based on the modified Fcat/geo values suggested

by Keller et al. [149] for various inlet water conditions, with the experimental values.

The comparison shows that although the modified Fcat/geo values do have a favorable

impact on the simulation (and the surrogate predictions), but they also lead to significant

deviations in the conversion values for higher concentrations of water. This indicates that

the correlation considering only the loss of active sites due to presence of more water in the

feed is not sufficient to accurately simulate the behavior during the light-offs. Moreover,

the shift in the catalytic activity due to presence of water is predicted accurately by the

kinetic model (Fig. 5.11). This modification of Fcat/geo considering the loss in active sites

only as a function of water concentration results in further shift of the activity to higher

temperatures as evident in the Figures 5.12d, 5.12e and 5.12f. Specifically, the T10 values

(i.e., the temperature at which 10 % conversion of CH4 is achieved) for the feed with

9 vol.% water shifted to 675 K from the experimental value of 648 K. Therefore, to truly

simulate the inhibition effect on PdO catalyst supported over alumina, it is necessary

to incorporate also the dynamic change in the active sites as the catalyst is exposed to

changing reaction conditions during the light-offs.
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(a) (b)

(c) (d)

(e) (f)

Figure 5.12: End-of-pipe simulated data under experimental conditions using the modified
Fcat/geo values based on the inlet water concentration (denoted in vol.%.
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The Fcat/geo values were optimized by minimizing the difference between the experimental

end-of-pipe methane mole fractions and the predictions from the surrogate model. The

optimization was performed for at least 20 temperature points for each feed condition.

The resulting trends in the optimized Fcat/geo values during light-off for various wet feed

conditions, based on the experimental data, are illustrated in Fig. 5.13. In the figure, the

light blue background highlights the temperature range where a variation in Fcat/geo has

an influence on the reactor outputs. The areas shaded in gray correspond to temperature

regions where either the rates are too low to have any conversion or so high that the

inhibition effects become negligible, therefore the Fcat/geo values under these conditions

are irrelevant. As shown in Fig. 5.13, the use of optimized Fcat/geo values leads to a

much closer agreement between the experimental light-off data and the simulations using

DETCHEMPBR, compared to simulations assuming a constant Fcat/geo throughout the

light-off. The optimized Fcat/geo values generally decrease with increasing temperature,

and the rate of this decrease depends on the inlet water concentration. Notably, at higher

temperatures, the optimized Fcat/geo values converge to approximately 10 across all water

concentrations, indicating that inhibition effects are minimal in this regime, consistent

with the findings of Mortensen et al. [183]. The discrepancies observed in simulations

using a constant Fcat/geo at high temperatures (Fig. 5.11) may also stem from internal

mass transfer limitations not accounted for in the model, leading to overestimated reaction

rates. The reduction in Fcat/geo in the optimized case effectively lowers the predicted

rates, aligning them more closely with experimental observations. Given that inhibition

is negligible at elevated temperatures [145], the analysis of Fcat/geo trends should primarily

focus on the lower temperature range, where its impact is more pronounced. The Weisz-

Prater number [177] calculated for these conditions showed values lower than 0.2 at all

conditions except at T90 for both dry and humid conditions. At T90, the values were

estimated to be 0.29 and 0.32 for 0 vol.% and 12 vol.%, respectively. These values imply

that internal mass transfer is not limiting under the studied conditions.

A comparison of the Fcat/geo trends across different water concentrations in Fig. 5.13 re-

veals that the rate at which Fcat/geo changes with reactor temperature is strongly influ-

enced by the water content in the feed. With 1 vol.% water in the feed, Fcat/geo ini-
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(a) (b)

(c) (d)

(e) (f)

Figure 5.13: End-of-pipe simulated data with DETCHEMPBR under experimental conditions
using the optimized Fcat/geo values through the surrogate model.
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tially decreases gradually up to the temperature corresponding to approximately 60 %

methane conversion. Beyond this point, the decline becomes steeper until full conversion

is achieved. For feeds containing 2 vol.% and 3 vol.% H2O, the decrease in Fcat/geo follows

an almost linear trend throughout the temperature range. However, at higher water con-

centrations, the behavior becomes distinctly non-linear. In these cases, Fcat/geo exhibits a

sharp initial drop followed by a more gradual decline as conversion increases. This effect

is particularly pronounced at 12 vol.% water, where Fcat/geo drops dramatically from an

initial value of 74.48 to around 15 at temperatures corresponding to only 25 % conversion.

This suggests that higher water content in the feed intensifies the inhibition effect at lower

temperatures, leading to a more significant early reduction in Fcat/geo value.

(a) (b)

Figure 5.14: Loss in catalytically active area with respect to conversion for various feed condi-
tions.

Compared to the optimized Fcat/geo values, the loss in active area reported by Keller et

al. [149] was overestimated across all concentrations of water. For example, for 1 vol.%

water in feed, Keller et al. suggested that nearly 50 % of the catalytically active area is

lost at the very onset of light-off. In contrast, the optimized data indicate that such a

significant loss occurs after more than 70 % conversion is achieved (cf. Figure 5.14a).

This much loss in active area is encountered much earlier for water concentrations of

3 vol.% and above at temperatures of approximately 20 % conversion, due to the intensified

inhibition effect. At lower concentrations of water, the loss in active area progresses more
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gradually as more conversion takes place with increase in temperature. The overlap in

the curves at higher concentrations of water (Fig. 5.14b) indicates a saturation point in

the inhibition with respect to water content, similar to the findings of Keller et al. [149].

In the Fig. 5.14b, at low conversions (less than 5 %) the loss in active area is negligible.

This may be attributed to the fact that the loss is calculated relative to the as-prepared

catalyst, whereas the catalyst properties likely changed after the degreening step. As a

result, the initial Fcat/geo values at the start of light-off may have been underestimated,

underscoring the need for accurate post-degreening characterization of catalyst samples.

Overall, the experimental observations during the light-offs are reproduced well using the

modeling approach in this work. The modeling results with changing values of Fcat/geo

show that there is an irreversible loss of active sites as the samples are continuously ex-

posed to humid conditions and increasing temperatures during the light-off measurements.

Fig. 5.14 shows that this irreversible deactivation is a function of both water concentration

and how much of the methane is converted at any point in the light-off. The dependency

of the loss in catalytically active area on conversion values is consistent with the find-

ings from Mortensen et al. [183], which suggested that an inactive state is a result of the

migration and re-dispersion of the Pd0 species which are formed when methane gets acti-

vated. The use of the surrogate model for gradient-based optimization enabled capturing

the complex interactions of water concentration and the reaction temperature on the sur-

face coverages and the observed end-of-pipe methane concentrations, without relying on

making prior assumptions about the conditions driving the deactivation.

5.5 Conclusions and Summary

In this chapter, the use of a surrogate model to optimize the Fcat/geo simulation parame-

ter was explored. Several neural network architectures were trained on simulated data to

capture the methane oxidation kinetics in a packed bed reactor. Among them, the Long

Short-Term Memory (LSTM) network [193] delivered the best performance on test data

and was selected as the surrogate model to replace the DETCHEMPBR simulation model.
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The LSTM model accurately predicted the spatially-resolved reactor outputs across all

studied reaction conditions and was successfully applied in gradient-based optimization

tasks. Surrogate models like these offer a powerful alternative when direct gradient ex-

traction from numerical simulations is either unavailable or too costly to compute. A

key factor in their success is the availability of a high-quality dataset. In this work, the

dataset was generated and stored following FAIR principles [41], ensuring it is well-suited

for training and future reuse. This approach is especially valuable in tasks, where multiple

interacting parameters must be tuned for optimal performance.

The study investigated the deviations in simulation results in comparison with the ex-

perimental data using the microkinetic model by Stotz et al. [168] for PdO/Al2O3. These

deviations were traced to the assumption of a constant catalytically active area during

light-off. While the model correctly captured the shift in activity to higher tempera-

tures in the presence of external water, experimental data revealed additional inhibition

not explained by site blocking alone. Instead, the findings suggest an irreversible loss of

active sites due to prolonged exposure to reaction conditions, in agreement with recent

studies [183, 184]. Through the optimization of the Fcat/geo parameter, the variation in

the catalytically active area with water concentration could be investigated. At low water

concentrations (<3 vol.%), a gradual loss of active sites was observed as temperature and

conversion increased. Higher water concentrations led to a more pronounced loss, up to

50 % of the active area at 20 % conversion.

The results also showed that the inhibition effect saturates with increasing water con-

centration and becomes negligible at higher temperatures, aligning with literature [145].

Overall, the findings highlight the significant role of external water in irreversible cata-

lyst deactivation. While the simulations with optimized Fcat/geo values do not pinpoint

whether this deactivation is due to Pd(OH)2 formation, or a change in the Pd2+ state,

or re-dispersion of the Pd particles, they underscore the need to account for the change

in catalyst state for accurate simulation of catalyst performance, especially under wet

conditions.
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The study also highlights the importance of characterization of catalyst samples before and

after measuring light-offs, in addition to as-prepared samples, as the catalyst properties

may change significantly after degreening, and an accurate measurement of the catalytic

area during the reaction conditions is imperative for accurate modeling. In the present

investigation, the simulated dataset indicated that variation of Fcat/geo values along the

length of the reactor did not significantly influence the reactor output. However, this

result is likely influenced by the coarse and poorly defined section with variable catalytic

area in the bed. A more through investigation employing a finer and more realistic spatial

variation of Fcat/geo is therefore warranted, to draw a more reliable conclusion.

Furthermore, although the internal diffusion was found to be negligible under the condi-

tions studied here, such effects may need to be incorporated in future work. Parameter

fitting that directly affects reaction rates may inadvertently mask the influence of diffu-

sion limitations. If present, these effects must be explicitly incorporated into the dataset

and, consequently, into the surrogate modeling framework as well.

In conclusion, this chapter highlighted the effectiveness and practicality of surrogate mod-

eling for accelerating optimization in heterogeneous catalysis. The LSTM-based surrogate

model enabled accurate, efficient predictions and facilitated gradient-based optimization,

offering a practical alternative to costly numerical simulations. The study also revealed

the critical role of water-induced irreversible catalyst deactivation and emphasized the

need to account for dynamic catalyst properties in modeling. This study highlights the

value of using data-driven tools to bridge the gap between simulation and experimen-

tal catalytic performance. These data-based surrogate models are particularly useful in

scenarios that require a large number of costly simulations, for example during scale-up

studies or when designing setups with multiple unit operations.
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The work presented in this thesis demonstrates how numerical optimization techniques

and machine learning methods can support the development and application of microki-

netic models. The primary objective was the development of an automated workflow that

integrates the DETCHEM simulation package for reactor modeling with the global opti-

mization algorithm Basin-Hopping to generate tailored mechanisms for catalytic systems.

The inherent uncertainty in microkinetic model parameters obtained from DFT or em-

pirical estimates makes parameter fitting to experimental data essential, yet challenging

due to the high dimensionality of microkinetic models.

The optimization approach developed in this work overcomes this challenge by employ-

ing a stochastic, gradient-free algorithm that efficiently navigates large parameter spaces,

while ensuring that the mechanism is always thermodynamically consistent. The workflow

enables fully automated execution of multiple simulations across various reaction condi-

tions, allowing efficient comparison of model predictions with experimental data during

the optimization procedure. The parallelized execution of the multiple simulations needed

at each run together with the gradient-free approach followed in Basin-Hopping, signifi-

cantly reduces the overall time needed for any iterative model development procedure.

Several examples were presented to illustrate the effectiveness of this workflow in generat-

ing tailored mechanisms for a variety of catalytic systems, spanning microkinetic models

of various sizes. The approach shows great promise, producing accurate models even for

large mechanisms containing more than 200 kinetic parameters within only a few hours.

The resulting optimized microkinetic models were further validated against additional

experimental data, enabling a deeper understanding of the surface chemistry and reliable
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prediction of the catalyst behavior across a wide range of operating conditions. This is a

key advantage of microkinetic models as they are valid for a wide range of operating con-

ditions, distinguishing them from lumped kinetic models which offer limited extrapolation

capacity.

Although the methodology developed in this work requires minimal user intervention

during the optimization procedure, its overall success remains strongly dependent on the

quality of the initial system setup. It is therefore essential that all relevant reaction

pathways are accurately specified, that the assumptions employed in the simulations are

consistent with the experimental conditions, and that all significant physical and chemical

effects are incorporated accurately into the model formulation.

When the kinetic parameter fitting procedure fails to reasonably reproduce the experi-

mental data, such discrepancies may provide valuable insights. They may indicate the

presence of missing reaction pathways and/or intermediates, or additional transport or

heat transfer effects that are not yet represented in the current simulation. In this sense,

unsuccessful fits can highlight gaps in the underlying model assumptions or structure.

However, this situation also introduces a potential risk. In the absence of a complete

or physically accurate model structure, the optimization algorithm may compensate for

these deficiencies by adjusting the kinetic parameters in a way that improves agreement

with the experimental data but lacks physical justification. Such overfitting can lead

to parameter values that obscure the true surface chemistry and limit the predictive

capability of the microkinetic model when applied beyond the specific conditions used

for optimization. Ensuring that the modeling foundation is as complete and physically

meaningful as possible prior to optimization is therefore crucial for maintaining both

parameter interpretability and model reliability. This further underscores the necessity

of validating the generated mechanisms with additional experimental data that were not

used during the fitting.

Furthermore, the stochastic nature of the Basin-Hopping algorithm represents both an

advantage and a limitation within the optimization framework developed in this work. Its

reliance on random perturbations helps prevent the search process from becoming trapped
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in local minima points, thereby facilitating broader exploration of the high-dimensional

parameter landscape. However, this same randomness also introduces the possibility

that the global minimum may be missed, particularly in systems with complex objective

functions.

For this reason, careful configuration of the optimization procedure is essential. Multiple

independent optimization runs, a sufficiently large number of iterations, appropriately cho-

sen step sizes, and sufficient number of experimental data points are required to enhance

the robustness and reliability of the results. Because no universally optimal parameter

settings exist for these algorithmic parameters, the optimization must be conducted iter-

atively, guided by both performance observations and domain-specific understanding of

the system under study. Adopting such a systematic and exploratory approach ensures

that the search process is as exhaustive as practically achievable and increases confidence

that the identified solution represents a meaningful and physically relevant model.

In addition to the global stochastic optimization strategies explored in this work, the thesis

has also demonstrated the potential of machine-learning-based surrogate models to enable

gradient-based optimization in catalytic reactor simulations. Surrogate models based

on neural networks offer a computationally efficient means of approximating complex

simulation frameworks, while providing access to gradients that are otherwise difficult or

prohibitively expensive to compute directly from detailed reactor or microkinetic models.

This capability creates new opportunities for incorporating derivative-based optimization

methods into workflows where such information is traditionally unavailable.

A proof-of-concept implementation was presented in which a surrogate model was con-

structed for the DETCHEMPBR simulation tool modeling the methane oxidation behavior

over a Pd-based catalyst under lean conditions. This surrogate was subsequently used to

predict the effective catalytic area to be used during simulations so as to accurately re-

produce the experimental trends under increasing operating temperature in the presence

of various concentrations of water. The easy availability of gradient information from

the surrogate enabled the prediction by iteratively optimizing the available catalytic area

needed to obtain the same reactor outputs as measured during the experiments.
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Although this represents a relatively simple application of the surrogate model, it nev-

ertheless demonstrates that surrogate models are capable of reproducing reactor out-

puts with sufficient accuracy. The results underscore the promise of surrogate-based

approaches in accelerating parameter optimization and facilitating the numerical inves-

tigation of parameters that influence catalytic performance. With the rapidly growing

availability of materials databases and the increasing number of literature studies pub-

lishing original experimental data in open repositories, the opportunities for leveraging

machine-learning-based approaches are substantial. Such methods hold promise across a

broad spectrum of applications, ranging from accelerated catalyst discovery and improved

catalyst performance to enhanced reactor design and optimization.

While the application demonstrated here focused on predicting reactor-level outputs for

a specific catalytic system under limited operating conditions, the overall methodology is

inherently flexible. The design and training of a surrogate model, whether based on neural

networks, Gaussian processes, or other machine-learning architectures, must be tailored to

the specific characteristics of the underlying system. Factors such as the dimensionality of

the input space, the desired accuracy, the variability in the outputs, and the computational

cost of generating training data all influence the appropriate modeling strategy. As such,

the development of effective surrogate models represents a problem-specific engineering

challenge, requiring careful consideration of both data generation and model architecture.

Overall, the inclusion of surrogate modeling in this thesis highlights a promising direction

for future research.

Surrogate models may also offer significant potential for further accelerating the optimiza-

tion of microkinetic models, particularly through the exploitation of gradient information.

Such an approach could enable a more efficient and systematic exploration of the param-

eter space compared to the stochastic and heuristic-based strategies employed in the

Basin-Hopping algorithm. In the present work, the optimization framework was applied

primarily to parameter optimization based on the experimental data corresponding to a

single reactant. Future research should therefore investigate the robustness and scalabil-

ity of the proposed methodology when extended to datasets comprising multiple reaction

products measured across a range of operating conditions. Additionally, the incorporation
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of experimentally observed trends in the reacting gas mixture along the axial direction

of the reactor remains an important aspect for further development of the optimization

methodology. Ongoing efforts are focused on integrating additional DETCHEM reactor

modeling codes into the optimization workflow, such as DETCHEMCHANNEL modeling

a 2D catalytic channel and DETCHEMSTAG modeling a stagnation flow reactor. The

application of the optimization procedure with these reactor configurations within the

proposed framework will form a central component of future work.

127





References

(1) Chacko, R., Gossler, H., Angeli, S., Deutschmann, O. Interconnected digital solu-

tions to accelerate modeling of the reaction kinetics in catalysis. ChemCatChem

2024, 16, e202301355, DOI: 10.1002/cctc.202301355.

(2) Vogt, C., Weckhuysen, B. M. The concept of active site in heterogeneous catalysis.

Nature Reviews Chemistry 2022, 6, 89–111, DOI: 10.1038/s41570-021-00340-y.

(3) Anastas, P. T., Kirchhoff, M. M., Williamson, T. C. Catalysis as a foundational

pillar of green chemistry. Applied Catalysis A: General 2001, 221, 3–13, DOI:

10.1016/S0926-860X(01)00793-1.

(4) Centi, G., Perathoner, S. Catalysis and sustainable (green) chemistry. Catalysis

Today 2003, 77, 287–297, DOI: 10.1016/S0920-5861(02)00374-7.

(5) Song, Q.-W., Zhou, Z.-H., He, L.-N. Efficient, selective and sustainable catalysis

of carbon dioxide. Green Chemistry 2017, 19, 3707–3728, DOI: 10.1039/C7GC00

199A.

(6) Alonso, D. M., Bond, J. Q., Dumesic, J. A. Catalytic conversion of biomass to

biofuels. Green Chemistry 2010, 12, 1493–1513, DOI: 10.1039/C004654J.

(7) Beale, A. M., Gao, F., Lezcano-Gonzalez, I., Peden, C. H., Szanyi, J. Recent ad-

vances in automotive catalysis for NOx emission control by small-pore microporous

materials. Chemical Society Reviews 2015, 44, 7371–7405, DOI: 10.1039/C5CS0

0108K.

(8) Datye, A. K., Votsmeier, M. Opportunities and challenges in the development

of advanced materials for emission control catalysts. Nature Materials 2021, 20,

1049–1059, DOI: 10.1038/s41563-020-00805-3.

129

https://doi.org/10.1002/cctc.202301355
https://doi.org/10.1038/s41570-021-00340-y
https://doi.org/10.1016/S0926-860X(01)00793-1
https://doi.org/10.1016/S0920-5861(02)00374-7
https://doi.org/10.1039/C7GC00199A
https://doi.org/10.1039/C7GC00199A
https://doi.org/10.1039/C004654J
https://doi.org/10.1039/C5CS00108K
https://doi.org/10.1039/C5CS00108K
https://doi.org/10.1038/s41563-020-00805-3


References

(9) Lott, P., Deutschmann, O. Lean-burn natural gas engines: Challenges and concepts

for an efficient exhaust gas aftertreatment system. Emission Control Science and

Technology 2021, 7, 1–6, DOI: 10.1007/s40825-020-00176-w.

(10) Goldsmith, B. R., Esterhuizen, J., Liu, J.-X., Bartel, C. J., Sutton, C. Machine

learning for heterogeneous catalyst design and discovery. AIChE Journal 2018,

64, 2311–2323, DOI: 10.1002/aic.16198.

(11) Williams, T., McCullough, K., Lauterbach, J. A. Enabling catalyst discovery

through machine learning and high-throughput experimentation. Chemistry of

Materials 2019, 32, 157–165, DOI: 10.1021/acs.chemmater.9b03043.

(12) Sun, M., Dougherty, A. W., Huang, B., Li, Y., Yan, C.-H. Accelerating atomic

catalyst discovery by theoretical calculations-machine learning strategy. Advanced

Energy Materials 2020, 10, 1903949, DOI: 10.1002/aenm.201903949.

(13) Wulf, C., Beller, M., Boenisch, T., Deutschmann, O., Hanf, S., Kockmann, N.,

Kraehnert, R., Oezaslan, M., Palkovits, S., Schimmler, S., Shunk, S. A., Wage-

mann, K., Linke, D. A unified research data infrastructure for catalysis research–

challenges and concepts. ChemCatChem 2021, 13, 3223–3236, DOI: 10.1002/cc

tc.202001974.

(14) Suvarna, M., Pérez-Ramírez, J. Embracing data science in catalysis research. Na-

ture Catalysis 2024, 7, 624–635, DOI: 10.1038/s41929-024-01150-3.

(15) Marshall, C. P., Schumann, J., Trunschke, A. Achieving digital catalysis: Strategies

for data acquisition, storage and use. Angewandte Chemie International Edition

2023, 62, e202302971, DOI: 10.1002/anie.202302971.

(16) Demtröder, D., Deutschmann, O., Eck, B., Gläser, R., Goosen, L., Grunwaldt,

J.-D., Krähnert, R., Kragl, U., Leitner, W., Mestl, G., et al. Whitepaper: The

Digitalization of Catalysis-Related Sciences. Whitepaper: German Catalysis Soci-

ety 2019, https://dechema.de/dechema_media/Downloads/Positionspapier

e/GeCatS_Whitepaper+2019_engl_ezl-p-20005018.pdf.

130

https://doi.org/10.1007/s40825-020-00176-w
https://doi.org/10.1002/aic.16198
https://doi.org/10.1021/acs.chemmater.9b03043
https://doi.org/10.1002/aenm.201903949
https://doi.org/10.1002/cctc.202001974
https://doi.org/10.1002/cctc.202001974
https://doi.org/10.1038/s41929-024-01150-3
https://doi.org/10.1002/anie.202302971
https://dechema.de/dechema_media/Downloads/Positionspapiere/GeCatS_Whitepaper+2019_engl_ezl-p-20005018.pdf
https://dechema.de/dechema_media/Downloads/Positionspapiere/GeCatS_Whitepaper+2019_engl_ezl-p-20005018.pdf


References

(17) Motagamwala, A. H., Dumesic, J. A. Microkinetic modeling: A tool for rational

catalyst design. Chemical Reviews 2020, 121, 1049–1076, DOI: 10.1021/acs.ch

emrev.0c00394.

(18) Munnik, P., De Jongh, P. E., De Jong, K. P. Recent developments in the synthesis

of supported catalysts. Chemical Reviews 2015, 115, 6687–6718, DOI: 10.1021/c

r500486u.

(19) Gashnikova, D., Maurer, F., Sauter, E., Bernart, S., Jelic, J., Dolcet, P., Mali-

akkal, C. B., Wang, Y., Wöll, C., Studt, F., et al. Highly active oxidation cat-

alysts through confining Pd clusters on CeO2 nano-islands. Angewandte Chemie

International Edition 2024, 63, e202408511, DOI: 10.1002/anie.202408511.

(20) Liebertseder, M., Maliakkal, C. B., Crone, M., Nails, G., Casapu, M., Grunwaldt,

J.-D., Türk, M., Kübel, C., Feldmann, C. TiO2-CeOx-Pt hollow nanosphere cat-

alyst for low-temperature CO oxidation. ChemCatChem 2024, 16, e202301358,

DOI: 10.1002/cctc.202301358.

(21) Topsøe, H. Developments in operando studies and in situ characterization of het-

erogeneous catalysts. Journal of Catalysis 2003, 216, 155–164, DOI: 10.1016/S0

021-9517(02)00133-1.

(22) Sharma, S., Maurer, F., Lott, P., Sheppard, T. L. Unlocking the mysteries of

technical catalyst deactivation: A view from space. ChemCatChem 2024, 16,

e202301655, DOI: 10.1002/cctc.202301655.

(23) Das, S., Pashminehazar, R., Sharma, S., Weber, S., Sheppard, T. L. New dimen-

sions in catalysis research with hard X-ray tomography. Chemie Ingenieur Technik

2022, 94, 1591–1610, DOI: 10.1002/cite.202200082.

(24) Zaera, F. New advances in the use of infrared absorption spectroscopy for the

characterization of heterogeneous catalytic reactions. Chemical Society Reviews

2014, 43, 7624–7663, DOI: 10.1039/C3CS60374A.

(25) Chen, B. W., Xu, L., Mavrikakis, M. Computational methods in heterogeneous

catalysis. Chemical Reviews 2020, 121, 1007–1048, DOI: 10.1021/acs.chemrev

.0c01060.

131

https://doi.org/10.1021/acs.chemrev.0c00394
https://doi.org/10.1021/acs.chemrev.0c00394
https://doi.org/10.1021/cr500486u
https://doi.org/10.1021/cr500486u
https://doi.org/10.1002/anie.202408511
https://doi.org/10.1002/cctc.202301358
https://doi.org/10.1016/S0021-9517(02)00133-1
https://doi.org/10.1016/S0021-9517(02)00133-1
https://doi.org/10.1002/cctc.202301655
https://doi.org/10.1002/cite.202200082
https://doi.org/10.1039/C3CS60374A
https://doi.org/10.1021/acs.chemrev.0c01060
https://doi.org/10.1021/acs.chemrev.0c01060


References

(26) Czekaj, I., Wambach, J., Kröcher, O. Modelling catalyst surfaces using DFT clus-

ter calculations. International Journal of Molecular Sciences 2009, 10, 4310–4329,

DOI: 10.3390/ijms10104310.

(27) Bhandari, S., Rangarajan, S., Mavrikakis, M. Combining computational modeling

with reaction kinetics experiments for elucidating the in situ nature of the active

site in catalysis. Accounts of Chemical Research 2020, 53, 1893–1904, DOI: 10.1

021/acs.accounts.0c00340.

(28) Studt, F. Grand challenges in computational catalysis. Frontiers in Catalysis

2021, 1, 658965, DOI: 10.3389/fctls.2021.658965.

(29) Nørskov, J. K., Bligaard, T., Rossmeisl, J., Christensen, C. H. Towards the com-

putational design of solid catalysts. Nature Chemistry 2009, 1, 37–46, DOI: 10.1

038/nchem.121.

(30) Pyzer-Knapp, E. O., Pitera, J. W., Staar, P. W., Takeda, S., Laino, T., Sanders,

D. P., Sexton, J., Smith, J. R., Curioni, A. Accelerating materials discovery using

artificial intelligence, high performance computing and robotics. npj Computa-

tional Materials 2022, 8, 84, DOI: 10.1038/s41524-022-00765-z.

(31) Juan, Y., Dai, Y., Yang, Y., Zhang, J. Accelerating materials discovery using

machine learning. Journal of Materials Science & Technology 2021, 79, 178–190,

DOI: 10.1016/j.jmst.2020.12.010.

(32) Montoya, J. H., Winther, K. T., Flores, R. A., Bligaard, T., Hummelshøj, J. S.,

Aykol, M. Autonomous intelligent agents for accelerated materials discovery.

Chemical Science 2020, 11, 8517–8532, DOI: 10.1039/D0SC01101K.

(33) De Pablo, J. J., Jackson, N. E., Webb, M. A., Chen, L.-Q., Moore, J. E., Morgan,

D., Jacobs, R., Pollock, T., Schlom, D. G., Toberer, E. S., Analytis, J., Dabo, I.,

DeLonchamp, D. M., Fiete, G. A., Grason, G. M., Hautier, G., Mo, Y., Rajan, K.,

Reed, E. J., Rodriguez, E., Stevanovic, V., Suntivich, J., Thornton, K., Zhao, J.-C.

New frontiers for the materials genome initiative. npj Computational Materials

2019, 5, 41, DOI: 10.1038/s41524-019-0173-4.

132

https://doi.org/10.3390/ijms10104310
https://doi.org/10.1021/acs.accounts.0c00340
https://doi.org/10.1021/acs.accounts.0c00340
https://doi.org/10.3389/fctls.2021.658965
https://doi.org/10.1038/nchem.121
https://doi.org/10.1038/nchem.121
https://doi.org/10.1038/s41524-022-00765-z
https://doi.org/10.1016/j.jmst.2020.12.010
https://doi.org/10.1039/D0SC01101K
https://doi.org/10.1038/s41524-019-0173-4


References

(34) Junkes, H., Krieger, M., Oppermann, P., Schlögl, R., Trunschke, A., Weber, H.,

FAIRmat-a consortium of the German research-data infrastructure (NFDI) In 18th

International Conference on Accelerator and Large Experimental Physics Control

Systems (ICALEPCS’21), Shanghai, China, 14-22 October 2021 ; JACoW Pub-

lishing, Geneva, Switzerland: 2022, pp 558–563.

(35) Draxl, C., Scheffler, M. NOMAD: The FAIR concept for big data-driven materials

science. MRS Bulletin 2018, 43, 676–682, DOI: 10.1557/mrs.2018.208.

(36) NFDI4Cat – NFDI for Catalysis-Related Sciences, https : / / nfdi4cat . org/,

Accessed: 2025-10-29, DECHEMA e.V. / NFDI4Cat Consortium.

(37) DAPHNE4NFDI – DAta from PHoton and Neutron Experiments, https://www

.daphne4nfdi.de/, Accessed: 2025-10-29, DAPHNE4NFDI Consortium / NFDI.

(38) Hummelshøj, J. S., Abild-Pedersen, F., Studt, F., Bligaard, T., Nørskov, J. K.

CatApp: A web application for surface chemistry and heterogeneous catalysis.

Angewandte Chemie International Edition 2012, 51, 272–274, DOI: 10.1002/an

ie.201107947.

(39) Winther, K. T., Hoffmann, M. J., Boes, J. R., Mamun, O., Bajdich, M., Bligaard,

T. Catalysis-Hub.org, an open electronic structure database for surface reactions.

Scientific Data 2019, 6, 75, issn: 2052-4463, DOI: 10.1038/s41597-019-0081-y.

(40) Fujima, J., Tanaka, Y., Miyazato, I., Takahashi, L., Takahashi, K. Catalyst Ac-

quisition by Data Science (CADS): A web-based catalyst informatics platform for

discovering catalysts. Reaction Chemistry & Engineering 2020, 5, 903–911, DOI:

10.1039/D0RE00098A.

(41) Wilkinson, M. D., Dumontier, M., Aalbersberg, I. J., Appleton, G., Axton, M.,

Baak, A., Blomberg, N., et al. The FAIR guiding principles for scientific data

management and stewardship. Scientific Data 2016, 3, 160018, issn: 2052-4463,

DOI: 10.1038/sdata.2016.18.

(42) Huskova, N., Dikova, Y., Petrenko, T., Bönisch, T. Improvement of data and

metadata quality in catalysis research: A use case-driven methodology. Catalysis

133

https://doi.org/10.1557/mrs.2018.208
https://nfdi4cat.org/
https://www.daphne4nfdi.de/
https://www.daphne4nfdi.de/
https://doi.org/10.1002/anie.201107947
https://doi.org/10.1002/anie.201107947
https://doi.org/10.1038/s41597-019-0081-y
https://doi.org/10.1039/D0RE00098A
https://doi.org/10.1038/sdata.2016.18


References

Today 2025, 446, 115111, issn: 0920-5861, DOI: 10.1016/j.cattod.2024.1151

11.

(43) Behr, A. S., Borgelt, H., Kockmann, N. Reac4Cat-Ontology: Harnessing the power

of ontological description logic in catalysis research as a practical approach to

knowledge inferences. Datenbank-Spektrum 2024, 24, 139–150, DOI: 10.1007/s1

3222-024-00476-3.

(44) Behr, A. S., Borgelt, H., Kockmann, N. Ontologies4Cat: Investigating the land-

scape of ontologies for catalysis research data management. Journal of Chemin-

formatics 2024, 16, 16, DOI: 10.1186/s13321-024-00807-2.

(45) Nieva de la Hidalga, A., Goodall, J., Anyika, C., Matthews, B., Catlow, C. R. A.

Designing a data infrastructure for catalysis science aligned to FAIR data princi-

ples. Catalysis Communications 2022, 162, 106384, issn: 1566-7367, DOI: 10.10

16/j.catcom.2021.106384.

(46) Horsch, M., Petrenko, T., Kushnarenko, V., Schembera, B., Wentzel, B., Behr,

A., Kockmann, N., Schimmler, S., Bönisch, T., Interoperability and architecture

requirements analysis and metadata standardization for a research data infras-

tructure in catalysis In Data Analytics and Management in Data Intensive Do-

mains, Pozanenko, A., Stupnikov, S., Thalheim, B., Mendez, E., Kiselyova, N.,

Eds.; Springer International Publishing: Cham, 2022, pp 166–177, isbn: 978-3-

031-12285-9.

(47) Parveen, F., Slater, A. G. Digitalisation of catalytic processes for sustainable pro-

duction of biobased chemicals and exploration of wider chemical space. Catalysis

Science & Technology 2025, 15, 1689–1701, DOI: 10.1039/D4CY01525H.

(48) Lin, C.-L., Huang, P.-C., Wöll, C., Théato, P., Kübel, C., Pilz, L., Jung, N.,

Bräse, S. Addressing standardization and semantics in an electronic lab notebook

for multidisciplinary use: LabIMotion. Journal of Cheminformatics 2025, 17, 75,

DOI: 10.1186/s13321-025-01021-4.

134

https://doi.org/10.1016/j.cattod.2024.115111
https://doi.org/10.1016/j.cattod.2024.115111
https://doi.org/10.1007/s13222-024-00476-3
https://doi.org/10.1007/s13222-024-00476-3
https://doi.org/10.1186/s13321-024-00807-2
https://doi.org/10.1016/j.catcom.2021.106384
https://doi.org/10.1016/j.catcom.2021.106384
https://doi.org/10.1039/D4CY01525H
https://doi.org/10.1186/s13321-025-01021-4


References

(49) Gossler, H., Riedel, J., Daymo, E., Chacko, R., Angeli, S., Deutschmann, O. A

new approach to research data management with a focus on traceability: Adacta.

Chemie Ingenieur Technik 2022, 94, 1798–1807, DOI: 10.1002/cite.202200064.

(50) Amelung, L., Barty, A., Murphy, B. M., Grunwaldt, J.-D., Hövelmann, S., Leonau,

A., Paripsa, S., Schneidewind, A., Busch, S., Gutt, C., Lohstroh, W., Schreiber, F.,

Unruh, T. DAPHNE4NFDI - Improving research data management at synchrotron

facilities. Journal of Physics: Conference Series 2025, 3010, 012133, DOI: 10.10

88/1742-6596/3010/1/012133.

(51) Weber, S., Zimmermann, R. T., Bremer, J., Abel, K. L., Poppitz, D., Prinz, N.,

Ilsemann, J., Wendholt, S., Yang, Q., Pashminehazar, R., Monaco, F., Cloetens,

P., Huang, X., Kübel, C., Kondratenko, E., Bauer, M., Bäumer, M., Zobel, M.,

Gläser, R., Sundmacher, K., Sheppard, T. L. Digitization in catalysis research: To-

wards a holistic description of a Ni/Al2O3 reference catalyst for CO2 methanation.

ChemCatChem 2022, 14, e202101878, DOI: 10.1002/cctc.202101878.

(52) Gossler, H., Maier, L., Angeli, S., Tischer, S., Deutschmann, O. CaRMeN: A tool

for analysing and deriving kinetics in the real world. Physical Chemistry Chemical

Physics 2018, 20, 10857–10876, DOI: 10.1039/C7CP07777G.

(53) Gossler, H., Maier, L., Angeli, S., Tischer, S., Deutschmann, O. CaRMeN: An

improved computer-aided method for developing catalytic reaction mechanisms.

Catalysts 2019, 9, 227, DOI: 10.3390/catal9030227.

(54) Liu, M., Grinberg Dana, A., Johnson, M. S., Goldman, M. J., Jocher, A., Payne,

A. M., Grambow, C. A., Han, K., Yee, N. W., Mazeau, E. J., Blondal, K., West,

R. H., Goldsmith, F. C., Green, W. H. Reaction mechanism generator v3.0: Ad-

vances in automatic mechanism generation. Journal of Chemical Information and

Modeling 2021, 61, 2686–2696, DOI: 10.1021/acs.jcim.0c01480.

(55) Coley, C. W., Eyke, N. S., Jensen, K. F. Autonomous discovery in the chemical

sciences Part I: Progress. Angewandte Chemie International Edition 2020, 59,

22858–22893, DOI: 10.1002/anie.201909987.

135

https://doi.org/10.1002/cite.202200064
https://doi.org/10.1088/1742-6596/3010/1/012133
https://doi.org/10.1088/1742-6596/3010/1/012133
https://doi.org/10.1002/cctc.202101878
https://doi.org/10.1039/C7CP07777G
https://doi.org/10.3390/catal9030227
https://doi.org/10.1021/acs.jcim.0c01480
https://doi.org/10.1002/anie.201909987


References

(56) Bastek, T. H2 production from ammonia via high temperature protonic ceramic

cells, Master’s thesis, Karlsruhe, Germany: Karlsruhe Institute of Technology,

2022.

(57) Davari, S., Chacko, R., Bastek, T., Lott, P., Dailly, J., Angeli, S., Deutschmann,

O. Experimental and microkinetic investigation of thermo-catalytic ammonia de-

composition over a Ba-promoted Ru/Ni-BCZY catalyst for use in ammonia-fed

protonic ceramic cells. Applied Catalysis A: General 2025, 120571, DOI: 10.101

6/j.apcata.2025.120571.

(58) Kee, R. J., Coltrin, M. E., Glarborg, P., Zhu, H. Chemically reacting flow: Theory,

modeling, and simulation; John Wiley & Sons: 2017.

(59) Fogler, H. Elements of Chemical Reaction Engineering; Elements of Chemical Re-

action Engineering; Prentice Hall PTR: 2006, isbn: 9780131278394.

(60) Warnatz, J., Maas, U., Dibble, R. W. Combustion: Physical and chemical fun-

damentals, modeling and simulation, experiments, pollutant formation; Springer:

2006.

(61) Deutschmann, O. Modeling of the interactions between catalytic surfaces and gas-

phase. Catalysis Letters 2015, 145, 272–289, DOI: 10.1007/s10562-014-1431-1.

(62) Burnham, A. K., Introduction to chemical kinetics In Global chemical kinetics of

fossil fuels: How to model maturation and pyrolysis; Springer International Pub-

lishing: Cham, 2017, pp 25–74, isbn: 978-3-319-49634-4, DOI: 10.1007/978-3-3

19-49634-4_2.

(63) Dumesic, J. A., Rudd, D. F., Aparicio, L. M., Trevino, A. A., Rekoske, J. E. The

microkinetics of heterogeneous catalysis; American Chemical Society: 1993, DOI:

10.1002/aic.690400620.

(64) Reuter, K., First-principles kinetic Monte Carlo simulations for heterogeneous

catalysis: Concepts, status, and frontiers In Modeling and simulation of hetero-

geneous catalytic reactions: From the molecular process to the technical system,

Deutschmann, O., Ed.; Wiley-VCH: Weinheim, Germany, 2011, pp 71–111, isbn:

978-3-527-32120-9, DOI: 10.1002/9783527639878.ch3.

136

https://doi.org/10.1016/j.apcata.2025.120571
https://doi.org/10.1016/j.apcata.2025.120571
https://doi.org/10.1007/s10562-014-1431-1
https://doi.org/10.1007/978-3-319-49634-4_2
https://doi.org/10.1007/978-3-319-49634-4_2
https://doi.org/10.1002/aic.690400620
https://doi.org/10.1002/9783527639878.ch3


References

(65) Arrhenius, S. Über die Dissociationswärme und den Einfluss der Temperatur auf

den Dissociationsgrad der Elektrolyte. Zeitschrift für physikalische Chemie 1889,

4, 96–116, DOI: 10.1515/zpch-1889-0408.

(66) Stewart, P., Larson, C., Golden, D. Pressure and temperature dependence of re-

actions proceeding via a bound complex. 2. Application to 2CH3 → C2H5 + H.

Combustion and Flame 1989, 75, 25–31, issn: 0010-2180, DOI: 10.1016/0010-2

180(89)90084-9.

(67) Deutschmann, O., Behrendt, F., Warnatz, J. Modelling and simulation of hetero-

geneous oxidation of methane on a platinum foil. Catalysis Today 1994, 21, 461–

470, issn: 0920-5861, DOI: 10.1016/0920-5861(94)80168-1.

(68) Gordon, S., McBride, B. J. Computer program for calculation of complex chemical

equilibrium compositions, rocket performance, incident and reflected shocks, and

Chapman-Jouguet detonations. Interim revision, March 1976 ; tech. rep.; Lewis

Research Center, Cleveland, Ohio, United States, 1976.

(69) Kee, R. J., Rupley, F. M., Miller, J. A. The Chemkin thermodynamic data base;

tech. rep.; Sandia National Lab.(SNL-CA), Livermore, CA (United States), 1990.

(70) Herrera Delgado, K., Maier, L., Tischer, S., Zellner, A., Stotz, H., Deutschmann,

O. Surface reaction kinetics of steam-and CO2-reforming as well as oxidation of

methane over nickel-based catalysts. Catalysts 2015, 5, 871–904, DOI: 10.3390

/catal5020871.

(71) Deutschmann, O., Tischer, S., Correa, C., Chatterjee, D., Kleditzsch, S., Janard-

hanan, V. M., Mladenov, N., Minh, H. D., Karadeniz, H., Hettel, M., et al.

DETCHEM Software Package, Karlsruhe, Germany, 2020, www.detchem.com.

(72) Mokashi, M., Shirsath, A. B., Çelik, A., Lott, P., Müller, H., Tischer, S., Maier,

L., Bode, J., Schlereth, D., Scheiff, F., Flick, D., Bender, M., Ehrhardt, K.,

Deutschmann, O. Methane pyrolysis in packed bed reactors: Kinetic modeling,

numerical simulations, and experimental insights. Chemical Engineering Journal

2024, 485, 149684.

137

https://doi.org/10.1515/zpch-1889-0408
https://doi.org/10.1016/0010-2180(89)90084-9
https://doi.org/10.1016/0010-2180(89)90084-9
https://doi.org/10.1016/0920-5861(94)80168-1
https://doi.org/10.3390/catal5020871
https://doi.org/10.3390/catal5020871
www.detchem.com


References

(73) Hettel, M., Daymo, E. A., Sawant, N., Deutschmann, O. 2D lattice-boltzmann

method with detailed surface chemistry: conservation of geometrical surface.

Chemical Engineering Science 2026, 321, 122797, issn: 0009-2509, DOI: 10.1

016/j.ces.2025.122797.

(74) Bergeret, G., Gallezot, P., Particle size and dispersion measurements In Handbook

of Heterogeneous Catalysis, Ertl, G., Knozinger, H., Weitkamp, J., Eds.; Wiley-

VCH: Weinheim, 1997, pp 439–491.

(75) Carman, P. Fluid flow through granular beds. Chemical Engineering Research and

Design 1997, 75, S32–S48, issn: 0263-8762, DOI: 10.1016/S0263-8762(97)800

03-2.

(76) Aghalayam, P., Park, Y. K., Vlachos, D. G. Construction and optimization of

complex surface-reaction mechanisms. AIChE Journal 2000, 46, 2017–2029, DOI:

10.1002/aic.690461013.

(77) Ting, K. W., Kamakura, H., Poly, S. S., Takao, M., Siddiki, S. M. A. H., Maeno,

Z., Matsushita, K., Shimizu, K.-i., Toyao, T. Catalytic methylation of m-xylene,

toluene, and benzene using CO2 and H2 over TiO2-supported Re and zeolite cat-

alysts: Machine-learning-assisted catalyst optimization. ACS Catalysis 2021, 11,

5829–5838, DOI: 10.1021/acscatal.0c05661.

(78) Singer, A. B., Taylor, J. W., Barton, P. I., Green, W. H. Global dynamic opti-

mization for parameter estimation in chemical kinetics. The Journal of Physical

Chemistry A 2006, 110, 971–976, DOI: 10.1021/jp0548873.

(79) Villaverde, A. F., Ross, J., Morán, F., Balsa-Canto, E., Banga, J. R. Use of a gen-

eralized Fisher equation for global optimization in chemical kinetics. The Journal

of Physical Chemistry A 2011, 115, 8426–8436, DOI: 10.1021/jp203158r.

(80) Raimondeau, S., Aghalayam, P., Mhadeshwar, A., Vlachos, D. Parameter opti-

mization of molecular models: Application to surface kinetics. Industrial & Engi-

neering Chemistry Research 2003, 42, 1174–1183, DOI: 10.1021/ie0202470.

138

https://doi.org/10.1016/j.ces.2025.122797
https://doi.org/10.1016/j.ces.2025.122797
https://doi.org/10.1016/S0263-8762(97)80003-2
https://doi.org/10.1016/S0263-8762(97)80003-2
https://doi.org/10.1002/aic.690461013
https://doi.org/10.1021/acscatal.0c05661
https://doi.org/10.1021/jp0548873
https://doi.org/10.1021/jp203158r
https://doi.org/10.1021/ie0202470


References

(81) Rubert-Nason, P., Mavrikakis, M., Maravelias, C. T., Grabow, L. C., Biegler,

L. T. Advanced solution methods for microkinetic models of catalytic reactions:

A methanol synthesis case study. AIChE Journal 2014, 60, 1336–1346, DOI: 10

.1002/aic.14322.

(82) Tjoa, I. B., Biegler, L. T. Simultaneous solution and optimization strategies for

parameter estimation of differential-algebraic equation systems. Industrial & En-

gineering Chemistry Research 1991, 30, 376–385, DOI: 10.1021/ie00050a015.

(83) Murzin, D. Y., Wärnå, J., Haario, H., Salmi, T. Parameter estimation in kinetic

models of complex heterogeneous catalytic reactions using Bayesian statistics. Re-

action Kinetics, Mechanisms and Catalysis 2021, 133, 1–15, DOI: 10.1007/s111

44-021-01974-1.

(84) Enikeeva, L., Potemkin, D., Uskov, S., Snytnikov, P., Enikeev, M., Gubaydullin,

I. Gravitational search algorithm for determining the optimal kinetic parameters

of propane pre-reforming reaction. Reaction Kinetics, Mechanisms and Catalysis

2021, 132, 111–122, DOI: 10.1007/s11144-021-01927-8.

(85) Kadiva, A., Taghi Sadeghi, M., Sotudeh-Gharebagh, R., Mahmudi, M. Estima-

tion of kinetic parameters for hydrogenation reactions using a genetic algorithm.

Chemical Engineering & Technology 2009, 32, 1588–1594, DOI: 10.1002/ceat.2

00900070.

(86) Mansoornejad, B., Mostoufi, N., Jalali-Farahani, F. A hybrid GA–SQP optimiza-

tion technique for determination of kinetic parameters of hydrogenation reactions.

Computers & Chemical Engineering 2008, 32, 1447–1455, DOI: 10.1016/j.com

pchemeng.2007.06.018.

(87) Elliott, L., Ingham, D. B., Kyne, A. G., Mera, N. S., Pourkashanian, M., Wilson,

C. W. Reaction mechanism reduction and optimization using genetic algorithms.

Industrial & Engineering Chemistry Research 2005, 44, 658–667, DOI: 10.1021

/ie049409d.

139

https://doi.org/10.1002/aic.14322
https://doi.org/10.1002/aic.14322
https://doi.org/10.1021/ie00050a015
https://doi.org/10.1007/s11144-021-01974-1
https://doi.org/10.1007/s11144-021-01974-1
https://doi.org/10.1007/s11144-021-01927-8
https://doi.org/10.1002/ceat.200900070
https://doi.org/10.1002/ceat.200900070
https://doi.org/10.1016/j.compchemeng.2007.06.018
https://doi.org/10.1016/j.compchemeng.2007.06.018
https://doi.org/10.1021/ie049409d
https://doi.org/10.1021/ie049409d


References

(88) Najari, S., Gróf, G., Saeidi, S., Gallucci, F. Modeling and optimization of hydro-

genation of CO2: Estimation of kinetic parameters via artificial bee colony (ABC)

and differential evolution (DE) algorithms. International Journal of Hydrogen En-

ergy 2019, 44, 4630–4649, DOI: 10.1016/j.ijhydene.2019.01.020.

(89) Najari, S., Saeidi, S., Gróf, G., Keil, F. J., Rodrigues, A. E. Kinetic parameters es-

timation via dragonfly algorithm (DA) and comparison of cylindrical and spherical

reactors performance for CO2 hydrogenation to hydrocarbons. Energy Conversion

and Management 2020, 226, 113550, DOI: 10.1016/j.enconman.2020.113550.

(90) Wales, D. J., Doye, J. P. Global optimization by Basin-Hopping and the lowest en-

ergy structures of Lennard-Jones clusters containing up to 110 atoms. The Journal

of Physical Chemistry A 1997, 101, 5111–5116, DOI: 10.1021/jp970984n.

(91) Metropolis, N., Rosenbluth, A. W., Rosenbluth, M. N., Teller, A. H., Teller, E.

Equation of state calculations by fast computing machines. The Journal of Chem-

ical Physics 1953, 21, 1087–1092, DOI: 10.1063/1.1699114.

(92) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Angeli, S., Deutschmann,

O. Automating the optimization of catalytic reaction mechanism parameters using

basin-hopping: A proof of concept. The Journal of Physical Chemistry C 2023,

127, 7628–7639, DOI: 10.1021/acs.jpcc.2c08179.

(93) Olson, B., Hashmi, I., Molloy, K., Shehu, A. Basin Hopping as a general and versa-

tile optimization framework for the characterization of biological macromolecules.

Advances in Artificial Intelligence 2012, 2012, 674832, issn: 1687-7470, DOI: 10

.1155/2012/674832.

(94) Do, H., Besley, N. A. Structural optimization of molecular clusters with density

functional theory combined with basin hopping. The Journal of Chemical Physics

2012, 137, DOI: 10.1063/1.4755994.

(95) Nelder, J. A., Mead, R. A simplex method for function minimization. The Com-

puter Journal 1965, 7, 308–313, DOI: 10.1093/comjnl/7.4.308.

(96) SciPy: Fundamental algorithms for scientific computing in Python, https://sci

py.org/.

140

https://doi.org/10.1016/j.ijhydene.2019.01.020
https://doi.org/10.1016/j.enconman.2020.113550
https://doi.org/10.1021/jp970984n
https://doi.org/10.1063/1.1699114
https://doi.org/10.1021/acs.jpcc.2c08179
https://doi.org/10.1155/2012/674832
https://doi.org/10.1155/2012/674832
https://doi.org/10.1063/1.4755994
https://doi.org/10.1093/comjnl/7.4.308
https://scipy.org/
https://scipy.org/


References

(97) The MathWorks, Inc. MATLAB, https://www.mathworks.com/, Version R2024b,

2024.

(98) Press, W. H., Teukolsky, S. A., Vetterling, W. T., Flannery, B. P. Numerical

recipes: The art of scientific computing, 3rd ed.; Cambridge University Press: 2007,

isbn: 978-0-521-88068-8, https://numerical.recipes/book.html.

(99) Gao, F., Han, L. Implementing the Nelder-Mead simplex algorithm with adap-

tive parameters. Computational Optimization and Applications 2012, 51, 259–

277, DOI: 10.1007/s10589-010-9329-3.

(100) Hornik, K., Stinchcombe, M., White, H. Multilayer feedforward networks are uni-

versal approximators. Neural networks 1989, 2, 359–366, DOI: 10.1016/0893-6

080(89)90020-8.

(101) Cauchy, A. Méthode générale pour la résolution de systèmes d’équations simul-

tanées. Comptes Rendus Hebdomadaires des Séances de l’Académie des Sciences

1847, 25, 536–538.

(102) Kingma, D. P., Ba, J. Adam: A method for stochastic optimization. arXiv preprint

arXiv:1412.6980 2014.

(103) Green, W. H., Automatic generation of reaction mechanisms In Computer Aided

Chemical Engineering; Elsevier: 2019; Vol. 45, pp 259–294, DOI: 10.1016/B978-

0-444-64087-1.00005-X.

(104) Nørskov, J. K., Abild-Pedersen, F., Studt, F., Bligaard, T. Density functional

theory in surface chemistry and catalysis. Proceedings of the National Academy of

Sciences 2011, 108, 937–943, DOI: 10.1073/pnas.1006652108.

(105) Kreitz, B., Lott, P., Studt, F., Medford, A. J., Deutschmann, O., Goldsmith, C. F.

Automated generation of microkinetics for heterogeneously catalyzed reactions

considering correlated uncertainties. Angewandte Chemie International Edition

2023, 62, e202306514, DOI: 10.1002/anie.202306514.

141

https://www.mathworks.com/
https://numerical.recipes/book.html
https://doi.org/10.1007/s10589-010-9329-3
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.1016/0893-6080(89)90020-8
https://doi.org/10.1016/B978-0-444-64087-1.00005-X
https://doi.org/10.1016/B978-0-444-64087-1.00005-X
https://doi.org/10.1073/pnas.1006652108
https://doi.org/10.1002/anie.202306514


References

(106) Shekhar, M., Wang, J., Lee, W.-S., Williams, W. D., Kim, S. M., Stach, E. A.,

Miller, J. T., Delgass, W. N., Ribeiro, F. H. Size and support effects for the water–

gas shift catalysis over gold nanoparticles supported on model Al2O3 and TiO2.

Journal of the American Chemical Society 2012, 134, 4700–4708, DOI: 10.1021

/ja210083d.

(107) Elbeltagi, E., Hegazy, T., Grierson, D. Comparison among five evolutionary-based

optimization algorithms. Advanced Engineering Informatics 2005, 19, 43–53, issn:

1474-0346, DOI: 10.1016/j.aei.2005.01.004.

(108) Powell, M. J. An efficient method for finding the minimum of a function of several

variables without calculating derivatives. The Computer Journal 1964, 7, 155–

162, DOI: 10.1093/comjnl/7.2.155.

(109) Liu, D. C., Nocedal, J. On the limited memory BFGS method for large scale

optimization. Mathematical Programming 1989, 45, 503–528, DOI: 10.1007/BF0

1589116.

(110) Python programming language, https://www.python.org/.

(111) Mhadeshwar, A. B., Wang, H., Vlachos, D. G. Thermodynamic consistency in

microkinetic development of surface reaction mechanisms. The Journal of Physical

Chemistry B 2003, 107, 12721–12733, DOI: 10.1021/jp034954y.

(112) Sabatier, P., Senderens, J. Comptes Rendus Des Séances De L’Académie Des Sci-

ences, Section VI–Chimie. Paris: Imprimerie Gauthier-Villars 1902.

(113) Rönsch, S., Schneider, J., Matthischke, S., Schlüter, M., Götz, M., Lefebvre, J.,

Prabhakaran, P., Bajohr, S. Review on methanation–From fundamentals to cur-

rent projects. Fuel 2016, 166, 276–296, DOI: 10.1016/j.fuel.2015.10.111.

(114) Batista, M. S., Santiago, E. I., Assaf, E. M., Ticianelli, E. A. Evaluation of the

water-gas shift and CO methanation processes for purification of reformate gases

and the coupling to a PEM fuel cell system. Journal of Power Sources 2005, 145,

50–54, DOI: 10.1016/j.jpowsour.2004.12.032.

142

https://doi.org/10.1021/ja210083d
https://doi.org/10.1021/ja210083d
https://doi.org/10.1016/j.aei.2005.01.004
https://doi.org/10.1093/comjnl/7.2.155
https://doi.org/10.1007/BF01589116
https://doi.org/10.1007/BF01589116
https://www.python.org/
https://doi.org/10.1021/jp034954y
https://doi.org/10.1016/j.fuel.2015.10.111
https://doi.org/10.1016/j.jpowsour.2004.12.032


References

(115) Gao, J., Liu, Q., Gu, F., Liu, B., Zhong, Z., Su, F. Recent advances in methanation

catalysts for the production of synthetic natural gas. RSC Advances 2015, 5,

22759–22776, DOI: 10.1039/C4RA16114A.

(116) Blanco, H., Nijs, W., Ruf, J., Faaij, A. Potential of Power-to-Methane in the EU

energy transition to a low carbon system using cost optimization. Applied Energy

2018, 232, 323–340, DOI: 10.1016/j.apenergy.2018.08.027.

(117) Aziz, M., Jalil, A., Triwahyono, S., Ahmad, A. CO2 methanation over heteroge-

neous catalysts: Recent progress and future prospects. Green Chemistry 2015, 17,

2647–2663, DOI: 10.1039/C5GC00119F.

(118) Gardner, D. C., Bartholomew, C. H. Kinetics of carbon deposition during metha-

nation of carbon monoxide. Industrial & Engineering Chemistry Product Research

and Development 1981, 20, 80–87, DOI: 10.1021/i300001a007.

(119) Schmider, D., Maier, L., Deutschmann, O. Reaction kinetics of CO and CO2

methanation over nickel. Industrial & Engineering Chemistry Research 2021, 60,

5792–5805, DOI: 10.1021/acs.iecr.1c00389.

(120) Shen, L., Xu, J., Zhu, M., Han, Y.-F. Essential role of the support for nickel-

based CO2 methanation catalysts. ACS Catalysis 2020, 10, 14581–14591, DOI:

10.1021/acscatal.0c03471.

(121) Hu, D., Gao, J., Ping, Y., Jia, L., Gunawan, P., Zhong, Z., Xu, G., Gu, F., Su, F.

Enhanced investigation of CO methanation over Ni/Al2O3 catalysts for synthetic

natural gas production. Industrial & Engineering Chemistry Research 2012, 51,

4875–4886, DOI: 10.1021/ie300049f.

(122) Rahmani, S., Rezaei, M., Meshkani, F. Preparation of promoted nickel cata-

lysts supported on mesoporous nanocrystalline gamma alumina for carbon dioxide

methanation reaction. Journal of Industrial and Engineering Chemistry 2014, 20,

4176–4182, DOI: 10.1016/j.jiec.2014.01.017.

(123) Klerke, A., Christensen, C. H., Nørskov, J. K., Vegge, T. Ammonia for hydrogen

storage: Challenges and opportunities. Journal of Materials Chemistry 2008, 18,

2304–2310, DOI: 10.1039/B720020J.

143

https://doi.org/10.1039/C4RA16114A
https://doi.org/10.1016/j.apenergy.2018.08.027
https://doi.org/10.1039/C5GC00119F
https://doi.org/10.1021/i300001a007
https://doi.org/10.1021/acs.iecr.1c00389
https://doi.org/10.1021/acscatal.0c03471
https://doi.org/10.1021/ie300049f
https://doi.org/10.1016/j.jiec.2014.01.017
https://doi.org/10.1039/B720020J


References

(124) Kojima, Y., Yamaguchi, M. Ammonia as a hydrogen energy carrier. International

Journal of Hydrogen Energy 2022, 47, 22832–22839, DOI: 10.1016/j.ijhydene

.2022.05.096.

(125) Duan, C., Kee, R., Zhu, H., Sullivan, N., Zhu, L., Bian, L., Jennings, D., O’Hayre,

R. Highly efficient reversible protonic ceramic electrochemical cells for power gen-

eration and fuel production. Nature Energy 2019, 4, 230–240, DOI: 10.1038/s4

1560-019-0333-2.

(126) Miyazaki, K., Muroyama, H., Matsui, T., Eguchi, K. Impact of the ammonia

decomposition reaction over an anode on direct ammonia-fueled protonic ceramic

fuel cells. Sustainable Energy & Fuels 2020, 4, 5238–5246, DOI: 10.1039/D0SE0

0841A.

(127) Yun, J., Xiong, G., Kim, S., Bardgett, D., Choi, S., Haile, S. M. Understanding

direct-ammonia protonic ceramic fuel cells: high-performance in the absence of

precious metal catalysts. ACS Energy Letters 2024, 9, 5520–5528, DOI: 10.1021

/acsenergylett.4c02263.

(128) Wang, Y., Ling, Y., Wang, B., Zhai, G., Yang, G., Shao, Z., Xiao, R., Li, T. A

review of progress in proton ceramic electrochemical cells: material and structural

design, coupled with value-added chemical production. Energy & Environmental

Science 2023, 16, 5721–5770, DOI: 10.1039/D3EE03121G.

(129) Yin, S., Xu, B., Zhou, X., Au, C. A mini-review on ammonia decomposition cata-

lysts for on-site generation of hydrogen for fuel cell applications. Applied Catalysis

A: General 2004, 277, 1–9, DOI: 10.1016/j.apcata.2004.09.020.

(130) Schüth, F., Palkovits, R., Schlögl, R., Su, D. S. Ammonia as a possible element

in an energy infrastructure: catalysts for ammonia decomposition. Energy & En-

vironmental Science 2012, 5, 6278–6289, DOI: 10.1039/C2EE02865D.

(131) Zhang, Z., Karakaya, C., Kee, R. J., Way, J. D., Wolden, C. A. Barium-promoted

ruthenium catalysts on yittria-stabilized zirconia supports for ammonia synthesis.

ACS Sustainable Chemistry & Engineering 2019, 7, 18038–18047, DOI: 10.1021

/acssuschemeng.9b04929.

144

https://doi.org/10.1016/j.ijhydene.2022.05.096
https://doi.org/10.1016/j.ijhydene.2022.05.096
https://doi.org/10.1038/s41560-019-0333-2
https://doi.org/10.1038/s41560-019-0333-2
https://doi.org/10.1039/D0SE00841A
https://doi.org/10.1039/D0SE00841A
https://doi.org/10.1021/acsenergylett.4c02263
https://doi.org/10.1021/acsenergylett.4c02263
https://doi.org/10.1039/D3EE03121G
https://doi.org/10.1016/j.apcata.2004.09.020
https://doi.org/10.1039/C2EE02865D
https://doi.org/10.1021/acssuschemeng.9b04929
https://doi.org/10.1021/acssuschemeng.9b04929


References

(132) Hinrichsen, O., Rosowski, F., Muhler, M., Ertl, G. The microkinetics of ammonia

synthesis catalyzed by cesium-promoted supported ruthenium. Chemical Engi-

neering Science 1996, 51, 1683–1690, DOI: 10.1016/0009-2509(96)00027-9.

(133) Ganley, J. C., Thomas, F., Seebauer, E., Masel, R. I. A priori catalytic activity

correlations: The difficult case of hydrogen production from ammonia. Catalysis

Letters 2004, 96, 117–122, DOI: 10.1023/B:CATL.0000030108.50691.d4.

(134) Logadóttir, Á., Nørskov, J. K. Ammonia synthesis over a Ru(0001) surface studied

by density functional calculations. Journal of Catalysis 2003, 220, 273–279, DOI:

10.1016/S0021-9517(03)00156-8.

(135) Prasad, V., Karim, A., Arya, A., Vlachos, D. Assessment of overall rate expressions

and multiscale, microkinetic model uniqueness via experimental data injection:

Ammonia decomposition on Ru/γ-Al2O3 for hydrogen production. Industrial &

Engineering Chemistry Research 2009, 48, 5255–5265, DOI: 10.1021/IE900144X

.

(136) Kulkarni, S. R., Lezcano, G., Velisoju, V. K., Realpe, N., Castaño, P. Microki-

netic modeling to decode catalytic reactions and empower catalytic design. Chem-

CatChem 2024, 16, e202301720, DOI: 10.1002/cctc.202301720.

(137) Deshmukh, S. R., Mhadeshwar, A. B., Vlachos, D. G. Microkinetic modeling of

ammonia synthesis and decomposition on ruthenium and microreactor design for

hydrogen production. Prepr. Pap.-Am. Chem. Soc., Div. Fuel Chem 2003, 48,

936.

(138) Zhu, H., Karakaya, C., Kee, R. J. Modeling ammonia-fueled co-flow dual-channel

protonic-ceramic fuel cells. International Journal of Green Energy 2022, 19, 1568–

1582, DOI: 10.1080/15435075.2021.2018321.

(139) Chacko, R., Keller, K., Shirsath, A. B., Angeli, S., Lott, P., Deutschmann, O. Mi-

crokinetic modeling of support effects in PdO-Based methane oxidation catalysts.

ACS Catalysis 2025, 15, 6937–6952, DOI: 10.1021/acscatal.5c00516.

145

https://doi.org/10.1016/0009-2509(96)00027-9
https://doi.org/10.1023/B:CATL.0000030108.50691.d4
https://doi.org/10.1016/S0021-9517(03)00156-8
https://doi.org/10.1021/IE900144X
https://doi.org/10.1021/IE900144X
https://doi.org/10.1002/cctc.202301720
https://doi.org/10.1080/15435075.2021.2018321
https://doi.org/10.1021/acscatal.5c00516


References

(140) Karion, A., Sweeney, C., Pétron, G., Frost, G., Michael Hardesty, R., Kofler, J.,

Miller, B. R., Newberger, T., Wolter, S., Banta, R., Brewer, A., Dlugokencky, E.,

Lang, P., Montzka, S. A., Schnell, R., Tans, P., Trainer, M., Zamora, R., Conley,

S. Methane emissions estimate from airborne measurements over a western United

States natural gas field. Geophysical Research Letters 2013, 40, 4393–4397, DOI:

10.1002/grl.50811.

(141) Deutschmann, O., Grunwaldt, J.-D. Exhaust gas aftertreatment in mobile systems:

Status, challenges, and perspectives. Chemie Ingenieur Technik 2013, 85, 595–617,

DOI: 10.1002/cite.201200188.

(142) Lott, P., Casapu, M., Grunwaldt, J.-D., Deutschmann, O. A review on exhaust

gas after-treatment of lean-burn natural gas engines–From fundamentals to appli-

cation. Applied Catalysis B: Environmental 2024, 340, 123241, DOI: 10.1016/j

.apcatb.2023.123241.

(143) Gélin, P., Primet, M. Complete oxidation of methane at low temperature over

noble metal based catalysts: a review. Applied Catalysis B: Environmental 2002,

39, 1–37, DOI: 10.1016/S0926-3373(02)00076-0.

(144) Ciuparu, D., Lyubovsky, M. R., Altman, E., Pfefferle, L. D., Datye, A. Catalytic

combustion of methane over palladium-based catalysts. Catalysis Reviews 2002,

44, 593–649, DOI: 10.1081/CR-120015482.

(145) Burch, R., Urbano, F., Loader, P. Methane combustion over palladium catalysts:

The effect of carbon dioxide and water on activity. Applied Catalysis A: General

1995, 123, 173–184, DOI: 10.1016/0926-860X(94)00251-7.

(146) Kikuchi, R., Maeda, S., Sasaki, K., Wennerström, S., Eguchi, K. Low-temperature

methane oxidation over oxide-supported Pd catalysts: Inhibitory effect of water

vapor. Applied Catalysis A: General 2002, 232, 23–28, DOI: 10.1016/S0926-86

0X(02)00096-0.

(147) Alyani, M., Smith, K. J. Kinetic analysis of the inhibition of CH4 Oxidation by

H2O on PdO/Al2O3 and CeO2/PdO/Al2O3 Catalysts. Industrial & Engineering

Chemistry Research 2016, 55, 8309–8318, DOI: 10.1021/acs.iecr.6b01881.

146

https://doi.org/10.1002/grl.50811
https://doi.org/10.1002/cite.201200188
https://doi.org/10.1016/j.apcatb.2023.123241
https://doi.org/10.1016/j.apcatb.2023.123241
https://doi.org/10.1016/S0926-3373(02)00076-0
https://doi.org/10.1081/CR-120015482
https://doi.org/10.1016/0926-860X(94)00251-7
https://doi.org/10.1016/S0926-860X(02)00096-0
https://doi.org/10.1016/S0926-860X(02)00096-0
https://doi.org/10.1021/acs.iecr.6b01881


References

(148) Gholami, R., Alyani, M., Smith, K. J. Deactivation of Pd catalysts by water during

low temperature methane oxidation relevant to natural gas vehicle converters.

Catalysts 2015, 5, 561–594, DOI: 10.3390/catal5020561.

(149) Keller, K., Lott, P., Stotz, H., Maier, L., Deutschmann, O. Microkinetic modeling

of the oxidation of methane over PdO catalysts—Towards a better understanding

of the water inhibition effect. Catalysts 2020, 10, 922, DOI: 10.3390/catal1008

0922.

(150) Lapisardi, G., Urfels, L., Gélin, P., Primet, M., Kaddouri, A., Garbowski, E.,

Toppi, S., Tena, E. Superior catalytic behaviour of Pt-doped Pd catalysts in the

complete oxidation of methane at low temperature. Catalysis Today 2006, 117,

564–568, DOI: 10.1016/j.cattod.2006.06.004.

(151) Castellazzi, P., Groppi, G., Forzatti, P. Effect of Pt/Pd ratio on catalytic activ-

ity and redox behavior of bimetallic Pt–Pd/Al2O3 catalysts for CH4 combustion.

Applied Catalysis B: Environmental 2010, 95, 303–311, DOI: 10.1016/j.apcatb

.2010.01.008.

(152) Narui, K., Yata, H., Furuta, K., Nishida, A., Kohtoku, Y., Matsuzaki, T. Effects of

addition of Pt to PdO/Al2O3 catalyst on catalytic activity for methane combustion

and TEM observations of supported particles. Applied Catalysis A: General 1999,

179, 165–173, DOI: 10.1016/S0926-860X(98)00306-8.

(153) Colussi, S., Trovarelli, A., Groppi, G., Llorca, J. The effect of CeO2 on the dy-

namics of Pd–PdO transformation over Pd/Al2O3 combustion catalysts. Catalysis

Communications 2007, 8, 1263–1266, DOI: 10.1016/j.catcom.2006.11.020.

(154) Keller, K., Lott, P., Tischer, S., Casapu, M., Grunwaldt, J.-D., Deutschmann, O.

Methane oxidation over PdO: Towards a better understanding of the influence of

the support material. ChemCatChem 2023, 15, e202300366, DOI: 10.1002/cctc

.202300366.

(155) Lee, J., Lim, T. H., Lee, E., Kim, D. H. Promoting the methane oxidation on

Pd/CeO2 catalyst by increasing the surface oxygen mobility via defect engineering.

ChemCatChem 2021, 13, 3706–3712, DOI: 10.1002/cctc.202100653.

147

https://doi.org/10.3390/catal5020561
https://doi.org/10.3390/catal10080922
https://doi.org/10.3390/catal10080922
https://doi.org/10.1016/j.cattod.2006.06.004
https://doi.org/10.1016/j.apcatb.2010.01.008
https://doi.org/10.1016/j.apcatb.2010.01.008
https://doi.org/10.1016/S0926-860X(98)00306-8
https://doi.org/10.1016/j.catcom.2006.11.020
https://doi.org/10.1002/cctc.202300366
https://doi.org/10.1002/cctc.202300366
https://doi.org/10.1002/cctc.202100653


References

(156) Mao, X., Foucher, A., Stach, E. A., Gorte, R. J. A study of support effects for CH4

and CO oxidation over Pd catalysts on ALD-modified Al2O3. Catalysis Letters

2019, 149, 905–915, DOI: 10.1007/s10562-019-02699-6.

(157) Franken, T., Roger, M., Petrov, A. W., Clark, A. H., Agote-Aran, M., Krumeich,

F., Kröcher, O., Ferri, D. Effect of short reducing pulses on the dynamic structure,

activity, and stability of Pd/Al2O3 for wet lean methane oxidation. ACS Catalysis

2021, 11, 4870–4879, DOI: 10.1021/acscatal.1c00328.

(158) Keller, K., Hodonj, D., Zeh, L., Caulfield, L., Sauter, E., Wöll, C., Deutschmann,

O., Lott, P. Spatiotemporal insights into forced dynamic reactor operation for fast

light-off of Pd-based methane oxidation catalysts. Catalysis Science & Technology

2024, 14, 4142–4153, DOI: 10.1039/D4CY00625A.

(159) Karinshak, K. A., Lott, P., Harold, M. P., Deutschmann, O. In situ activation

of bimetallic Pd-Pt methane oxidation catalysts. ChemCatChem 2020, 12, 3712–

3720, DOI: 10.1002/cctc.202000603.

(160) Ciuparu, D., Perkins, E., Pfefferle, L. In situ DR-FTIR investigation of surface hy-

droxyls on γ-Al2O3 supported PdO catalysts during methane combustion. Applied

Catalysis A: General 2004, 263, 145–153, DOI: 10.1016/j.apcata.2003.12.006.

(161) Ciuparu, D., Bozon-Verduraz, F., Pfefferle, L. Oxygen exchange between palla-

dium and oxide supports in combustion catalysts. The Journal of Physical Chem-

istry B 2002, 106, 3434–3442, DOI: 10.1021/jp013577r.

(162) Velin, P., Hemmingsson, F., Schaefer, A., Skoglundh, M., Lomachenko, K. A., Raj,

A., Thompsett, D., Smedler, G., Carlsson, P.-A. Hampered PdO redox dynamics

by water suppresses lean methane oxidation over realistic palladium catalysts.

ChemCatChem 2021, 13, 3765–3771, DOI: 10.1002/cctc.202100829.

(163) Nassiri, H., Hayes, R. E., Semagina, N. Tin dioxide as an alternative to plat-

inum promoter in palladium-catalyzed wet lean methane combustion. Topics in

Catalysis 2019, 62, 386–390, DOI: 10.1007/s11244-018-1084-1.

148

https://doi.org/10.1007/s10562-019-02699-6
https://doi.org/10.1021/acscatal.1c00328
https://doi.org/10.1039/D4CY00625A
https://doi.org/10.1002/cctc.202000603
https://doi.org/10.1016/j.apcata.2003.12.006
https://doi.org/10.1021/jp013577r
https://doi.org/10.1002/cctc.202100829
https://doi.org/10.1007/s11244-018-1084-1


References

(164) Kolaczkowski, S., Thomas, W., Titiloye, J., Worth, D. Catalytic combustion

of methane in a monolith reactor: Heat and mass transfer under laminar flow

and pseudo-steady-state reaction conditions. Combustion Science and Technology

1996, 118, 79–100, DOI: 10.1080/00102209608951973.

(165) Hayes, R. E., Kolaczkowski, S. T., Li, P. K., Awdry, S. The palladium catalysed

oxidation of methane: Reaction kinetics and the effect of diffusion barriers. Chem-

ical Engineering Science 2001, 56, 4815–4835, DOI: 10.1016/S0009-2509(01)0

0131-2.

(166) Torkashvand, B., Gremminger, A., Valchera, S., Casapu, M., Grunwaldt, J.-D.,

Deutschmann, O. The impact of pre-turbine catalyst placement on methane oxi-

dation in lean-burn gas engines: An experimental and numerical study; tech. rep.;

SAE Technical Paper, 2017, DOI: 10.4271/2017-01-1019.

(167) Wang, M., Chen, H.-Y., Lugo-Jose, Y., Fedeyko, J. M., Toops, T. J., Fidler, J.

Mechanistic and kinetic analysis of complete methane oxidation on a practical

PtPd/Al2O3 catalyst. Catalysts 2024, 14, 847, DOI: 10.3390/catal14120847.

(168) Stotz, H., Maier, L., Boubnov, A., Gremminger, A., Grunwaldt, J.-D., Deutschmann,

O. Surface reaction kinetics of methane oxidation over PdO. Journal of Catalysis

2019, 370, 152–175, DOI: 10.1016/j.jcat.2018.12.007.

(169) Müller, C. A., Maciejewski, M., Koeppel, R. A., Baiker, A. Combustion of methane

over palladium/zirconia derived from a glassy Pd–Zr alloy: Effect of Pd particle

size on catalytic behavior. Journal of Catalysis 1997, 166, 36–43, DOI: 10.1006

/jcat.1997.1501.

(170) Castellazzi, P., Groppi, G., Forzatti, P., Baylet, A., Marécot, P., Duprez, D. Role

of Pd loading and dispersion on redox behaviour and CH4 combustion activity of

Al2O3 supported catalysts. Catalysis Today 2010, 155, 18–26, DOI: 10.1016/j

.cattod.2009.02.029.

(171) Velin, P., Florén, C.-R., Skoglundh, M., Raj, A., Thompsett, D., Smedler, G.,

Carlsson, P.-A. Palladium dispersion effects on wet methane oxidation kinetics.

149

https://doi.org/10.1080/00102209608951973
https://doi.org/10.1016/S0009-2509(01)00131-2
https://doi.org/10.1016/S0009-2509(01)00131-2
https://doi.org/10.4271/2017-01-1019
https://doi.org/10.3390/catal14120847
https://doi.org/10.1016/j.jcat.2018.12.007
https://doi.org/10.1006/jcat.1997.1501
https://doi.org/10.1006/jcat.1997.1501
https://doi.org/10.1016/j.cattod.2009.02.029
https://doi.org/10.1016/j.cattod.2009.02.029


References

Catalysis Science & Technology 2020, 10, 5460–5469, DOI: 10.1039/D0CY00734

J.

(172) Hicks, R. F., Qi, H., Young, M. L., Lee, R. G. Structure sensitivity of methane

oxidation over platinum and palladium. Journal of Catalysis 1990, 122, 280–294,

DOI: 10.1016/0021-9517(90)90282-O.

(173) Mars, P., Van Krevelen, D. W. Oxidations carried out by means of vanadium oxide

catalysts. Chemical Engineering Science 1954, 3, 41–59, DOI: 10.1016/S0009-2

509(54)80005-4.

(174) Bossche, M. V. d., Grönbeck, H. Methane oxidation over PdO(101) revealed by

first-principles kinetic modeling. Journal of the American Chemical Society 2015,

137, 12035–12044, DOI: 10.1021/jacs.5b06069.

(175) Barrett, W., Shen, J., Hu, Y., Hayes, R. E., Scott, R. W., Semagina, N. Under-

standing the role of SnO2 support in water-tolerant methane combustion: In situ

observation of Pd(OH)2 and comparison with Pd/Al2O3. ChemCatChem 2020,

12, 944–952, DOI: 10.1002/cctc.201901744.

(176) Murata, K., Ohyama, J., Yamamoto, Y., Arai, S., Satsuma, A. Methane com-

bustion over Pd/Al2O3 catalysts in the presence of water: Effects of Pd particle

size and alumina crystalline phase. ACS Catalysis 2020, 10, 8149–8156, DOI:

10.1021/acscatal.0c02050.

(177) Weisz, P., Prater, C., Interpretation of measurements in experimental catalysis In

Advances in Catalysis; Elsevier: 1954; Vol. 6, pp 143–196, DOI: 10.1016/S0360-

0564(08)60390-9.

(178) Bruix, A., Margraf, J. T., Andersen, M., Reuter, K. First-principles-based mul-

tiscale modelling of heterogeneous catalysis. Nature Catalysis 2019, 2, 659–670,

DOI: 10.1038/s41929-019-0298-3.

(179) Wellendorff, J., Silbaugh, T. L., Garcia-Pintos, D., Nørskov, J. K., Bligaard, T.,

Studt, F., Campbell, C. T. A benchmark database for adsorption bond energies

to transition metal surfaces and comparison to selected DFT functionals. Surface

Science 2015, 640, 36–44, DOI: 10.1016/j.susc.2015.03.023.

150

https://doi.org/10.1039/D0CY00734J
https://doi.org/10.1039/D0CY00734J
https://doi.org/10.1016/0021-9517(90)90282-O
https://doi.org/10.1016/S0009-2509(54)80005-4
https://doi.org/10.1016/S0009-2509(54)80005-4
https://doi.org/10.1021/jacs.5b06069
https://doi.org/10.1002/cctc.201901744
https://doi.org/10.1021/acscatal.0c02050
https://doi.org/10.1016/S0360-0564(08)60390-9
https://doi.org/10.1016/S0360-0564(08)60390-9
https://doi.org/10.1038/s41929-019-0298-3
https://doi.org/10.1016/j.susc.2015.03.023


References

(180) Matera, S., Schneider, W. F., Heyden, A., Savara, A. Progress in accurate chem-

ical kinetic modeling, simulations, and parameter estimation for heterogeneous

catalysis. ACS Catalysis 2019, 9, 6624–6647, DOI: 10.1021/acscatal.9b01234.

(181) Li, X., Wang, X., Roy, K., van Bokhoven, J. A., Artiglia, L. Role of water on the

structure of palladium for complete oxidation of methane. ACS Catalysis 2020,

10, 5783–5792, DOI: 10.1021/acscatal.0c01069.

(182) Sadokhina, N., Ghasempour, F., Auvray, X., Smedler, G., Nylén, U., Olofsson, M.,

Olsson, L. An experimental and kinetic modelling study for methane oxidation over

Pd-based catalyst: Inhibition by water. Catalysis Letters 2017, 147, 2360–2371,

DOI: 10.1007/s10562-017-2133-2.

(183) Mortensen, R. L., Noack, H.-D., Pedersen, K., Dunstan, M. A., Wilhelm, F., Ro-

galev, A., Pedersen, K. S., Mielby, J., Mossin, S. Understanding the reversible

and irreversible deactivation of methane oxidation catalysts. Applied Catalysis B:

Environment and Energy 2024, 344, 123646, issn: 0926-3373, DOI: 10.1016/j.a

pcatb.2023.123646.

(184) Chen, H.-Y., Lugo-Jose, Y., Fedeyko, J. M., Toops, T. J., Fidler, J. Irreversible

catalyst deactivation mechanisms of PdO/γ-Al2O3 catalysts for lean methane oxi-

dation. ACS Catalysis 2024, 14, 15751–15763, DOI: 10.1021/acscatal.4c03690.

(185) Persson, K., Pfefferle, L. D., Schwartz, W., Ersson, A., Järås, S. G. Stability of

palladium-based catalysts during catalytic combustion of methane: The influence

of water. Applied Catalysis B: Environmental 2007, 74, 242–250, DOI: 10.1016

/j.apcatb.2007.02.015.

(186) Cullis, C., Willatt, B. The inhibition of hydrocarbon oxidation over supported

precious metal catalysts. Journal of Catalysis 1984, 86, 187–200, DOI: 10.1016

/0021-9517(84)90359-2.

(187) Nilsson, J., Carlsson, P.-A., Martin, N. M., Adams, E. C., Agostini, G., Grönbeck,

H., Skoglundh, M. Methane oxidation over Pd/Al2O3 under rich/lean cycling fol-

lowed by operando XAFS and modulation excitation spectroscopy. Journal of

Catalysis 2017, 356, 237–245, DOI: 10.1016/j.jcat.2017.10.018.

151

https://doi.org/10.1021/acscatal.9b01234
https://doi.org/10.1021/acscatal.0c01069
https://doi.org/10.1007/s10562-017-2133-2
https://doi.org/10.1016/j.apcatb.2023.123646
https://doi.org/10.1016/j.apcatb.2023.123646
https://doi.org/10.1021/acscatal.4c03690
https://doi.org/10.1016/j.apcatb.2007.02.015
https://doi.org/10.1016/j.apcatb.2007.02.015
https://doi.org/10.1016/0021-9517(84)90359-2
https://doi.org/10.1016/0021-9517(84)90359-2
https://doi.org/10.1016/j.jcat.2017.10.018


References

(188) Boucly, A., Artiglia, L., Roger, M., Zabilskiy, M., Beck, A., Ferri, D., van Bokhoven,

J. A. Water inhibition and role of palladium adatoms on Pd/Al2O3 catalysts dur-

ing methane oxidation. Applied Surface Science 2022, 606, 154927, DOI: 10.101

6/j.apsusc.2022.154927.

(189) The HDF5 library & file format: High-performance data management and storage

suite, https://www.hdfgroup.org/solutions/hdf5/, Accessed: 2024-12-10.

(190) HDFView, https://www.hdfgroup.org/downloads/hdfview/, Accessed: 2024-

12-10.

(191) Guo, T., Lin, T., Antulov-Fantulin, N., Exploring interpretable LSTM neural net-

works over multi-variable data In Proceedings of the 36th International Conference

on Machine Learning; PMLR, Long Beach, California: 2019, pp 2494–2504, http

s://proceedings.mlr.press/v97/guo19b/guo19b.pdf.

(192) Liu, Y., Hu, T., Zhang, H., Wu, H., Wang, S., Ma, L., Long, M. In The Twelfth

International Conference on Learning Representations, 2024, DOI: 10.48550/ar

Xiv.2310.06625.

(193) Hochreiter, S., Schmidhuber, J. Long Short-Term Memory. Neural Computation

1997, 9, 1735–1780, DOI: 10.1162/neco.1997.9.8.1735.

(194) Rumelhart, D. E., Hinton, G. E., Williams, R. J. Learning representations by

back-propagating errors. Nature 1986, 323, 533–536, DOI: 10.1038/323533a0.

(195) Zhang, Y., Yan, J. In The Eleventh International Conference on Learning Repre-

sentations, 2023, https://openreview.net/forum?id=vSVLM2j9eie.

(196) Gu, A., Dao, T. In First Conference on Language Modeling, 2024, https://open

review.net/forum?id=tEYskw1VY2.

(197) Dao, T., Gu, A., Transformers are SSMs: Generalized models and efficient algo-

rithms through structured state space duality In Proceedings of the 41st Interna-

tional Conference on Machine Learning; ICML’24; JMLR.org: Vienna, Austria,

2024, DOI: 10.5555/3692070.3692469.

152

https://doi.org/10.1016/j.apsusc.2022.154927
https://doi.org/10.1016/j.apsusc.2022.154927
https://www.hdfgroup.org/solutions/hdf5/
https://www.hdfgroup.org/downloads/hdfview/
https://proceedings.mlr.press/v97/guo19b/guo19b.pdf
https://proceedings.mlr.press/v97/guo19b/guo19b.pdf
https://doi.org/10.48550/arXiv.2310.06625
https://doi.org/10.48550/arXiv.2310.06625
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.1038/323533a0
https://openreview.net/forum?id=vSVLM2j9eie
https://openreview.net/forum?id=tEYskw1VY2
https://openreview.net/forum?id=tEYskw1VY2
https://doi.org/10.5555/3692070.3692469


References

(198) Paszke, A., Gross, S., Massa, F., Lerer, A., Bradbury, J., Chanan, G., Killeen, T.,

Lin, Z., Gimelshein, N., Antiga, L., Desmaison, A., Köpf, A., Yang, E., DeVito, Z.,

Raison, M., Tejani, A., Chilamkurthy, S., Steiner, B., Fang, L., Bai, J., Chintala,

S., PyTorch: an imperative style, high-performance deep learning library In Pro-

ceedings of the 33rd International Conference on Neural Information Processing

Systems; Curran Associates Inc.: Red Hook, NY, USA, 2019, DOI: 10.5555/345

4287.3455008.

(199) Dwarampudi, M., Reddy, N. Effects of padding on LSTMs and CNNs. arXiv

preprint arXiv:1903.07288 2019.

(200) Matplotlib: Visualization with Python, https://matplotlib.org/.

(201) NumPy: The fundamental package for scientific computing with Python, https:

//numpy.org/.

(202) pandas: Python data analysis library, https://pandas.pydata.org/.

153

https://doi.org/10.5555/3454287.3455008
https://doi.org/10.5555/3454287.3455008
https://matplotlib.org/
https://numpy.org/
https://numpy.org/
https://pandas.pydata.org/




List of Figures

1.1 Various applications of catalytic materials. Figure reproduced from [1]. . . . 1

1.2 Interconnection of the various software and tools in kinetic model development.

Figure reproduced from [1]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1 Illustration of the definition of surface area for non-porous and porous cata-

lysts. Figure adapted from [73], licensed under CC BY 4.0. . . . . . . . . . . 13

2.2 A pictorial representation of the modular approach followed in CaRMeN to

create multiple simulations. Reprinted with permission from [1]. . . . . . . . 17

2.3 Search for a global minimum through Basin-Hopping. Figure reprinted without

changes from [92]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

2.4 Schematic representation of the transformation operations used in the Nelder-

Mead method for n = 2. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

3.1 Overall optimization workflow. Figure reprinted without changes from [92]. . 37

3.2 Experimental data for CO methanation (CO:H2=3:1) over 20 % Ni/Al2O3 [121]

compared with simulated data using the original kinetic parameters from

Schmider et al. [119] and using the optimized parameters through Basin-

Hopping. Figure redrawn from [92]. . . . . . . . . . . . . . . . . . . . . . . . 41

3.3 Change in the objective function value during the parameter search. Local

minima points depicted with red star markers. Figure redrawn from [92]. . . 42

3.4 Validation of the optimized mechanism parameters using experimental data

from Rahmani et al. [122]. Experimental conditions: CO:H2=1:3 over 20 %

Ni/Al2O3. Figure redrawn from [92]. . . . . . . . . . . . . . . . . . . . . . . 42

155

https://creativecommons.org/licenses/by/4.0/


List of Figures

3.5 Comparison between the original and optimized parameters for the microki-

netic model for Ni/Al2O3. Reactions in red were modified by DETCHEMADJUST

to ensure thermodynamic consistency. Figure redrawn from the supporting in-

formation of [92]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

3.6 Simulated catalyst performance with the initial model parameters for the

bimetallic catalyst Ba/0.5Ru/Ni-BCZY [56, 131, 138]. Figure redrawn from

the supporting information of [57]. . . . . . . . . . . . . . . . . . . . . . . . . 50

3.7 Comparison of the experimental conversions [56] with simulated conversion us-

ing original parameters with various concentration of NH3 at the inlet in a

packed bed reactor with sample (a) containing only Ba-promoted Ru sup-

ported on YSZ [131] (b) containing only the Ni-BCZY cermet powder [138].

Figure (b) adapted from [57]. . . . . . . . . . . . . . . . . . . . . . . . . . . 51

3.8 Comparison of the experimental conversions with simulated conversion using

optimized kinetic parameters at various feed concentration of NH3 for sample

(a) containing only Ni-BCZY cermet powder (b) with Ba-promoted Ru on

Ni-BCZY cermet powder. Figure redrawn from [57]. . . . . . . . . . . . . . . 52

4.1 Schematic of the methane oxidation mechanism on PdO proposed by Stotz

et al. [168]. Reprinted from Journal of Catalysis, 370, H. Stotz, L. Maier,

A. Boubnov, A.T. Gremminger, J.-D. Grunwaldt, O. Deutschmann, Surface

reaction kinetics of methane oxidation over PdO, 152-175, Copyright (2019),

with permission from Elsevier. . . . . . . . . . . . . . . . . . . . . . . . . . . 60

4.2 Comparison of the experimental conversions with simulated conversions using

the original parameters [168] at various concentration of H2O at the inlet in

a packed bed reactor with catalyst sample (a) PdO supported over SnO2 (b)

PdO supported over ZrO2. Feed conditions: 3200 ppm CH4, 10 vol.% O2, 0–

12 vol.% H2O in N2. Figure adapted from [139]. . . . . . . . . . . . . . . . . 63

156



List of Figures

4.3 Comparison of the experimental conversions with the simulated conversions

using the optimized parameters at various concentration of water in a packed

bed reactor with catalyst (a) PdO supported over SnO2 (b) PdO supported

over ZrO2. Feed conditions: 3200 ppm CH4, 10 vol.% O2, 0–12 vol.% H2O in

N2. Figure adapted from [139]. . . . . . . . . . . . . . . . . . . . . . . . . . . 65

4.4 Simulated surface coverages under dry conditions of the most abundant surface

species for various temperatures at different axial points along the catalyst bed

containing PdO/SnO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 0 vol.%

H2O, balance N2. Figure reproduced from [139]. . . . . . . . . . . . . . . . . 71

4.5 Simulated surface coverages under humid conditions of the most abundant

surface species for various temperatures at different axial points along the

catalyst bed containing PdO/SnO2. Inlet conditions: 3200 ppm CH4, 10 vol.%

O2, 12 vol.% H2O, balance N2. Figure reproduced from [139]. . . . . . . . . . 72

4.6 Simulated surface coverages under dry conditions of the most abundant surface

species for various temperatures at different axial points along the catalyst bed

containing PdO/ZrO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 0 vol.%

H2O, balance N2. Figure reproduced from the supporting information of [139]. 73

4.7 Simulated surface coverages under dry conditions of the most abundant surface

species for various temperatures at different axial points along the catalyst bed

containing PdO/ZrO2. Inlet conditions: 3200 ppm CH4, 10 vol.% O2, 12 vol.%

H2O, balance N2. Figure reproduced from the supporting information of [139]. 74

4.8 Reaction flow analysis of the mechanism optimized for PdO/SnO2 catalyst at

temperatures of 10 %, 50 %, and 90 % conversion in the (a) dry conditions and

(b) humid conditions. Figure reproduced from [139]. . . . . . . . . . . . . . . 76

4.9 Reaction flow analysis of the mechanism optimized for PdO/ZrO2 catalyst at

temperatures of 10 %, 50 %, and 90 % conversion in the (a) dry conditions and

(b) humid conditions. Figure reproduced from [139]. . . . . . . . . . . . . . . 77

4.10 Schematic representation of the reaction pathways involving O–a and vac–b

species. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

4.11 Consumption preferences of O–a species towards the various reactions for both

supported catalysts at T10. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

157



List of Figures

4.12 Reactions with absolute change in the values of activation energy higher than

5 kJ mol−1 in the optimized model for (a) PdO/SnO2 and (b) PdO/ZrO2. Fig-

ures reproduced from the supporting information of [139]. . . . . . . . . . . . 80

4.13 Changes in the optimized activation energies in the dominant reaction path-

ways for both supported catalysts. Figure reproduced from the supporting

information of [168]. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.1 Deactivation trend of PdO/Al2O3 due to presence of 10 vol.% water dur-

ing oxidation of methane (500 ppm CH4, 10 vol.% O2, balance N2, Temper-

ature = 713.15 K). Figure reprinted from [183], licensed under CC BY 4.0. . . 86

5.2 Comparison of the experimental [149] and the simulated catalytic performance

of PdO supported on Al2O3 using the kinetic model by Stotz et al. [168] (con-

ditions: 3200 ppm CH4, 10 vol.% O2, 0-12 vol.% H2O, balance N2, GHSV =

140 000 h−1) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

5.3 Schematic representation of the surrogate model development and application

workflow. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

5.4 (a) Illustration of Hierarchical Data Format version (HDF5) structure and (b)

screenshot of the dataset visualized in HDFView. . . . . . . . . . . . . . . . 94

5.5 Training history of crossformer model with best set of hyperparameters. . . . 106

5.6 Comparison of the ground truth with the predictions from the crossformer

model on unseen data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 107

5.7 Training history of Mamba model with the best set of hyperparameters. . . . 108

5.8 Comparison of the ground truth with the predictions from the Mamba model

on unseen data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 110

5.9 Training history of LSTM model with the best set of hyperparameters. . . . 111

5.10 Comparison of the ground truth with the predictions from the LSTM model

on unseen data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

5.11 End-of-pipe performance of the surrogate under experimental conditions. . . 114

5.12 End-of-pipe simulated data under experimental conditions using the modified

Fcat/geo values based on the inlet water concentration (denoted in vol.%. . . . 116

158

https://creativecommons.org/licenses/by/4.0/


List of Figures

5.13 End-of-pipe simulated data with DETCHEMPBR under experimental condi-

tions using the optimized Fcat/geo values through the surrogate model. . . . . 118

5.14 Loss in catalytically active area with respect to conversion for various feed

conditions. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

159





List of Tables

3.1 Summary of various runs of the Basin-Hopping algorithm for optimization of

kinetic parameters for methanation reaction over Ni. . . . . . . . . . . . . . 44

3.2 Optimized kinetic parameters for CO methanation over Ni/Al2O3. . . . . . . 46

3.3 Optimized kinetic parameters for NH3 decomposition of ammonia on a Ba-

promoted Ru supported on Ni-BCZY cermet. . . . . . . . . . . . . . . . . . 53

4.1 Optimized kinetic parameters for PdO supported over SnO2 . . . . . . . . . 66

4.2 Optimized kinetic parameters for PdO supported over ZrO2 . . . . . . . . . 68

5.1 Details on the variation in parameters during the data generation. . . . . . . 92

5.2 The various deep learning architectures used in this work. . . . . . . . . . . 95

5.3 The range of values of various hyperparameters used during the hyperparam-

eter tuning. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

161





List of Publications and Presentations

Journal Publications

(1) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Angeli, S., Deutschmann,

O.: “Automating the Optimization of Catalytic Reaction Mechanism Parameters Us-

ing Basin-Hopping: A Proof of Concept”. J. Phys. Chem. C, 2023, 127, 7628-7639.

DOI: 10.1021/acs.jpcc.2c08179

(2) Chacko, R., Gossler, H., Angeli, S., Deutschmann, O.: “Interconnected Digital

Solutions to Accelerate Modeling of the Reaction Kinetics in Catalysis”. ChemCatChem,

2024, 16, e202301355. DOI: 10.1002/cctc.202301355

(3) Chacko, R., Keller, K., Shirsath, A. B., Angeli, S., Lott, P., Deutschmann, O.:

“Microkinetic Modeling of Support Effects in PdO-Based Methane Oxidation Catalysts”.

ACS Catalysis, 2025, 15, 9, 6937-6952. DOI: 10.1021/acscatal.5c00516

(4) Davari, S., Chacko, R., Bastek, T., Lott, P., Dailly, J., Angeli, S., Deutschmann, O.:

“Experimental and Microkinetic Investigation of Thermo-Catalytic Ammonia Decomposi-

tion over a Ba-promoted Ru/Ni-BCZY Catalyst for Use in Ammonia-fed Protonic Ceramic

Cells”. Appl. Catal., A, 2025, 708, 120571. DOI: 10.1016/j.apcata.2025.120571

(5) Gossler, H., Riedel, J., Daymo, E., Chacko, R., Angeli, S., Deutschmann, O.: “A

New Approach to Research Data Management with a Focus on Traceability: Adacta”.

Chemie Ingenieur Technik, 2022, 94(11), 1798-1807. DOI: 10.1002/cite.202200064

163

https://doi.org/10.1021/acs.jpcc.2c08179
https://doi.org/10.1002/cctc.202301355
https://doi.org/10.1021/acscatal.5c00516
https://doi.org/10.1016/j.apcata.2025.120571
 https://doi.org/10.1002/cite.202200064


List of Publications and Presentations

Oral Presentations

(1) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Deutschmann, O.:

“Optimization of Catalytic Reaction Mechanism Parameters Using Basin-Hopping”. The

28th North American Catalysis Society Meeting, Providence, USA, 2023.

(2) Keller, K., Chacko, R., Lott, P., Deutschmann, O.: “Catalytic Total Oxidation of

Methane – Towards a Better Understanding of the Water Inhibition Effect and the Influ-

ence of the Support Material”. International Symposia on Chemical Reaction Engineering

(ISCRE 27) Québec, Canada, 2023.

(3) Chacko, R., Gossler, H., Riedel, J., Schunk, S., Deutschmann, O.: “Digitalization in

Catalysis and Reaction Engineering: Automatizing Work Flow”. Conference on Research

Data Infrastructure (CoRDI), Karlsruhe, Germany, 2023.

(4) Dolcet, P., Schulte, M., Maurer, F., Jung, N., Chacko, R., Deutschmann, O., Jrun-

waldt, J.-D.: “LabIMotion Electronic Lab Notebook as Research Data Management tool

in Catalysis”. Conference on Research Data Infrastructure (CoRDI), Karlsruhe, Germany,

2023.

(5) Chacko, R., Davari, S., Gossler, H., Angeli, S., Karakaya, C., Kee, R. J., Deutschmann,

O.: “Towards Digitalization of the Microkinetic Modeling Workflow: Example NH3 de-

composition”. 57. Jahrestreffen Deutscher Katalytiker, Weimar, Germany, 2024.

(6) Chacko, R., Gossler, H., Angeli, S., Deutschmann, O.: “Digitalization in Catalysis:

Accelerating the microkinetic model development by automation tools”. 17th Panhellenic

Symposium on Catalysis, Paphos, Cyprus, 2024.

(7) Chacko, R., Gossler, H., Angeli, S., Deutschmann, O.: “Digitalization in Catalysis:

Accelerating the microkinetic model development by automation tools”. Symposium on

Chemically Reacting Flows in Low-carbon Energy Transition, Beijing, China, 2024.

(8) Chacko, R., Davari, S., Gossler, H., Angeli, S., Deutschmann, O.: “Digitalization

of workflow and research data management in microkinetic modeling: H2 production via

NH3 decomposition”. MTET Workshop, Berlin, Germany, 2025.

164



List of Publications and Presentations

(9) Chacko, R., Keller, K., Götz, M., Lott, P., Angeli, S.: “Leveraging Optimization

Algorithms and Surrogate Modeling to Understand Methane Oxidation Kinetics”. 8th In-

ternational Symposium on Modeling of Exhaust-Gas After-Treatment (MODEGAT VIII),

Bad Herrenalb, Germany, 2025.

Short Presentations

(1) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Deutschmann, O.:

“Automating the Optimization of Catalytic Reaction Mechanism Parameters using Basin-

Hopping”. 56. Jahrestreffen Deutscher Katalytiker, Poster Workshop: Data Driven Catal-

ysis, Weimar, Germany, 2023.

(2) Chacko, R., Gossler, H., Angeli, S., Deutschmann, O.: “Towards digitalization of

the microkinetic modeling workflow”. 18th International Congress on Catalysis (ICC),

Lyon, France, 2024.

Poster Presentations

(1) Riedel, J., Chacko, R., Angeli, S., Gossler, H., Daymo, E., Deutschmann, O.: “Au-

tomation of Interdisciplinary Research Data Management for Catalysis”. Annual Digital

Catalysis & Catalysis-Related Sciences Conference 2022 (ADCR22), Frankfurt, Germany,

2022.

(2) Chacko, R., Riedel, J., Angeli, S., Gossler, H., Sheppard, T., Studt, F., Deutschmann,

O.: “Automation of Interdisciplinary Research Data Management for Catalysis”. Inter-

national CataLysis Networking Conference, Kassel, Germany, 2022.

(3) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Deutschmann, O.:

“Automating the Optimization of Catalytic Reaction Mechanism Parameters using Basin-

Hopping”. 56. Jahrestreffen Deutscher Katalytiker, Weimar, Germany, 2023.

165



List of Publications and Presentations

(4) Chacko, R., Riedel, J., Gossler, H., Daymo, E., Deutschmann, O.: “Interdisci-

plinary Research Data Management for Catalysis”, 56. Jahrestreffen Deutscher Kat-

alytiker, Weimar, Germany, 2023.

(5) Chacko, R., Keller, K., Tischer, S., Shirsath, A. B., Lott, P., Deutschmann, O.:

“Automated Kinetic Parameter Optimization of Catalytic Reactions using Basin-Hopping:

CH4 Oxidation over PdO/ZrO2”. Annual Meeting on Reaction Engineering, Frankfurt,

Germany, 2023.

(6) Gossler, H., Riedel, J., Jägerfeld, J., Kuhn, C., Chacko, R., Angeli, S., Deutschmann,

O.: “Catalysis-related Research Data Management Software”. Annual Digital Catalysis

& Catalysis-Related Sciences Conference 2023 (ADCR23), Frankfurt, Germany, 2023.

(7) Keller, K., Chacko, R., Shirsath, A. B., Lott, P., Angeli, S., Deutschmann, O.:

“Mechanistic Insights into Pd-based Methane Oxidation Catalysts: Accounting for Sup-

port Effects in Microkinetic Modeling”. Annual Meeting on Reaction Engineering and

Electrochemical Processes, Würzburg, Germany, 2024.

(8) Chacko, R., Götz, M., Deutschmann, O., Angeli, S.: “Elucidating the effect of in-

situ reaction environment on the catalytic performance using machine learning models”.

FuturEMission, Karlsruhe, Germany, 2024.

(9) Chacko, R., Davari, S., Gossler, H., Cardenas Munoz, C., Lott, P. Angeli, S.,

Deutschmann, O.: “Digitalization of Workflow and Research Data Management in Mi-

crokinetic Modeling: NH3 decomposition”. Energy Symposium 2025: Powering the Future

- Accelerating the Energy Transition, Karlsruhe, Germany, 2025.

(10) Davari, S., Chacko, R., Häber, T., Cardenas, C., Lott, P., Angeli, S., Deutschmann,

O.: “Kinetic Modeling of Ammonia Oxidation Based on Multi-scale Experiment Data”.

8th International Symposium on Modeling of Exhaust-Gas After-Treatment (MODEGAT

VIII), Bad Herrenalb, Germany, 2025.

166



Curriculum vitae Rinu Chacko

Personal Data

Date of Birth 04.07.1992

Place of Birth Jaipur, India

Citizenship India

Professional Experience

04/2021 – Present Research Assistant, Karlsruhe Institute of Technology, Institute

for Chemical Technology and Polymer Chemistry

09/2018 – 10/2020 Researcher, Material Informatics, Tata Research Development

and Design Centre, Pune, India

07/2015 – 07/2016 Graduate Engineer Trainee, Reliance Industries Limited, Vado-

dara, India

Education and Academic Degrees

04/2021 – Present Doctoral Researcher, Karlsruhe Institute of Technology, Thesis:

Development and application of microkinetic models leveraging op-

timization algorithms and surrogate models.

08/2016 – 05/2018 Master of Technology in Chemical Engineering, Indian Insti-

tute of Technology Madras, Chennai, India

08/2011 – 05/2015 Bachelor of Technology in Chemical Engineering, National

Institute of Technology Calicut, Kerala, India

167


	Nomenclature
	Introduction
	Digitalization in Catalysis Research
	Objective and Outline of this Thesis

	Theory and fundamentals
	Modeling of Heterogeneous Reactions
	Kinetic Modeling Equations
	Thermodynamic Consistency

	Modeling Reactive Flow in a Packed Bed Reactor
	DETCHEM Simulation Model
	Reaction Flow Analysis
	Automation through CaRMeN

	Optimization Techniques
	Basin-Hopping
	Nelder-Mead Method

	Artificial Neural Networks
	Gradient-based Optimization for Neural Network Training


	Kinetic Parameter Optimization using Basin-Hopping: A Proof of Concept
	Background and Motivation
	Methodology
	Choosing the Type of Objective Function
	Experimental Data for Objective Function Calculation
	Implementation with DETCHEM
	Independent Parameter Optimization and Thermodynamic Constraints
	Overall Optimization Workflow

	Illustrative Example I: Methanation
	Optimization of Methanation Model
	Convergence Study
	Mechanism Parameter Comparison after Optimization

	Illustrative Example II: Ammonia Decomposition
	Ammonia Decomposition Kinetic Model
	Optimization Strategy for Bimetallic Catalysts

	Limitations
	Conclusions and Summary

	Modeling the Effect of Supports in PdO-Based Methane Oxidation Catalysts
	Motivation
	Kinetic Model for Methane Oxidation over PdO
	Methodology
	Results and Discussion
	Optimization of Kinetic Parameters for the Supported Catalysts
	Surface Coverage Analysis
	Reaction Flow Analysis and Key Species
	Comparison of Kinetic Parameter Values
	Limitations

	Conclusions

	Surrogate Modeling using Deep Learning Architectures and its Application
	Motivation
	Experimental Data
	Methodology
	Data Generation
	Data Storage
	Surrogate Model Architecture Selection
	Surrogate Model Training
	Optimization of Active Catalyst Area

	Results and Discussion
	Surrogate Model Performance across Various Architectures
	Simulation Results with Optimized Active Area

	Conclusions and Summary

	Conclusions and Outlook
	References
	List of Figures
	List of Tables
	List of Publications and Presentations
	Curriculum vitae

