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Abstract

This thesis is focused on the exploration of the use of machine learning and
computational methods for modelling process conditions and for materials
screening within the process of sorbent enhanced steam methane reforming (SE-
SMR) for carbon-abated hydrogen production. Hydrogen is a clean, abundant
and versatile energy carrier that can be used for a wide range of applications.
However, the production of hydrogen is still largely dependent on fossil fuels,
which presents a significant challenge for achieving a truly sustainable energy
system.

The purpose of this study is to address this challenge by exploring novel
approaches to hydrogen production, namely using machine learning,
thermodynamic simulations, theoretical modelling, and the proposal of new

methodologies and materials for low-carbon hydrogen production.

Three main areas of work were conducted within this thesis, which include 1) two
surrogate models have been developed and used to predict and estimate
variables that would otherwise be difficult direct measured.; 2) applying machine
learning, namely quantitative structure—property relationship analysis (QSPR)
has been employed in the exploration of combined sorbent catalyst material
(CSCM) for SE-SMR; and 3) applying machine learning to screen suitable metal
organic frameworks (MOFs) for the storage of the produced blue hydrogen.

Firstly, a surrogate model, was developed which was done by firstly simulating
the model in Aspen Plus, applying a sensitivity analysis to gather a large dataset,
then applying two multiple linear regression model, to observe the accuracy of
predicting the gas concentration outputs. Two models were successfully

developed with both models were accurate with high R? values, all above 98%.

Secondly, the novel approach of QSPR with inductive transfer learning and
datamining, was applied to develop two large databases of sorbent and catalyst
properties, respectively. Then the developed machine learning models from
these databases were applied, to predict the optimal conditions and precursor
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materials for the highest performing CSCM, in terms of last cycle capacity and
methane conversion. Lastly, a similar approach was applied for the screening of
MOFs for the storage of hydrogen by using multiple linear regression, simple
geometric descriptors, and patterns in data to identify a better performing MOF

than the currently reported experimental MOFs in literature.

Keywords:

Carbon capture and storage, combined sorbent catalyst materials (CSCM),
sorption enhanced steam methane reforming (SE-SMR), quantitative structure
property relationship (QSPR), calcium looping, metal organic frameworks (MOFs)
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1 Introduction

1.1 Background

The First and Second Industrial Revolutions brought many positive changes to
human life including technological innovations in processes and development of
modern medicine to name a few. However, as we now know, these came at a
great cost. As the understanding of environmental chemistry has progressed, the
burning of fossil fuels as an energy source has been led to a disproportionate
amount of atmospheric greenhouse gases (GHG) particularly carbon dioxide
(CO2), and thus a disruption in the global carbon cycle, resulting in an increase
in the average global temperature on Earth. The effects of global warming and
climate change range from ecological, physical and health impacts, including
extreme weather events rising sea-levels, crop growth changes, and disrupted

water systems [1].

The goal set by The Paris Agreement was to restrict the global mean temperature
increase to 2°C by the end of the 215t Century relative to the pre-industrial period,
however from recent studies, projections for the increase could very well be as
severe as 4°C [2]. This higher temperature increase, stems from global climate
model projections, assessed by the Intergovernmental Panel on Climate Change
(IPCC), which identify that a high-end warming of 4°C or more by the 2090s is
likely, with the North African, Southern Europe and Central Asian regions possibly
experiencing a 6-8°C increase [3]. Whilst these projections are extreme, they
could unfortunately become the harsh reality if fossil fuel combustion doesn’t

ease at the current rate.

Despite vast changes being implemented to try to reduce anthropogenic
greenhouse gas emissions, record high atmospheric CO2 emissions were
measured at The Mauna Loa Observatory in Hawaii, with a reading of 423.78
parts per million (ppm) in May 2023, as shown in Figure 1-1, the highest in over
3 million years [4]. The red line trend is due to measurements being highest in
May of every year, the month when COz2 peaks in the Northern Hemisphere, as a

direct result of human activity. This amount shows that efforts to reduce
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emissions is currently not effective enough in order to reach emission reduction
goals, as the growth-rate has been steadily increasing, reaching 1.81+0.26 ppm/y
(mean = 2 std dev) at the beginning of 2023. This means that currently, the

concentration of carbon dioxide is growing by about 1.81 ppm per year [5].
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Figure 1-1 Graphs as of November 2023, showing the monthly mean carbon dioxide
measured at Mauna Loa Observatory, Hawaii a) over the last 5 years and b) since 1960.
The red lines and symbols represent the monthly mean values, centred on the middle of
each month. The black lines and symbols represent the same, after correction for the

average seasonal cycle. *
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*It should be noted that due to the eruption of the Mauna Loa Volcano,
measurements from Mauna Loa Observatory were suspended as of Nov. 29,
2022. Observations from December 2022 to July 4, 2023, were gathered from a
site at the Maunakea Observatories, approximately 21 miles north of the Mauna

Loa Observatory. Mauna Loa observations resumed in July 2023.

An important part of analysis of climate change is the allocation of CO2 emissions,
in order to assign resources or action to mitigate these emissions. Figure 1-2 [6]
and Figure 1-3 [7], give data from the organisation ‘Our World in Data’, which is
an online publication that presents research and data on global change, based at
The University of Oxford. The results in these charts show that emissions by both
fuel type and sector. From both graphs the clear message is that the main
contributors to CO2 emissions is energy production via fossil fuel combustion.
Therefore, a simple conclusion would be that by tackling the use natural
resources in energy production, the issue of CO2 emissions would greatly be
reduced. A vital step in doing this, is shifting from fossil fuels to low carbon

technology, via the process of carbon capture and storage (CCS).
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Figure 1-2 Coal, oil, gas, cement: where do CO2 emissions come from
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Global greenhouse gas emissions by sector e
This is shown for the year 2016 — global greenhouse gas emissions were 49.4 billion tonnes CO,eq.
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Figure 1-3 Global greenhouse gas emissions by sector

Carbon capture and storage technologies are the most promising route to reduce
CO2 emissions that have the potential to meet the climate change goals of the

future. The three leading CO2 capture methods are:

e Post-combustion capture
e Pre-Combustion capture

¢ And Oxy-fuel combustion capture.

The post-combustion capture process is usually amine based and the general
idea is that CO:is separated from a COzrich gas by absorption, using an aqueous
amine solution, after the combustion reaction has occurred [8]. Once the CO:zis
removed by the amine solvent, the solvent is then regenerated to be re-used,
then cooled and recycled continuously. The CO2removed from the solvent in the

regeneration process is dried, compressed, and stored [9]. The main advantage
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of this technology is ability for it to be applied to existing large, fixed-point sources
of CO2 for example to conventional power generation systems, such as coal fired

power stations [10].

In the pre-combustion storage process, the fuel is converted into a syngas
mixture mainly consisting of carbon monoxide and Hz, by gasification or
reforming, prior to combustion. The syngas mixture is then reacted with steam to
form carbon dioxide and Hz, through the ‘water gas shift' (WGS) reaction. The
products are then processed via desulphurisation and the CO:2 is removed,
leaving an H: fuel stream which can be used for various applications, e.g., fuel
call, gas turbine etc. [11]. There are certain thermodynamic advantages to this
technology, which lead to a lower-than-average efficiency penalty on a power

station.

In oxy-fuel combustion processes, the fuel is combusted with nearly pure
oxygen, instead of air, and CO2. The flue gas produced consists mainly of CO2
and H20, in which, the H20 is readily removable by condensation, leaving a pure

CO2 product, to be compressed and stored [8].

Each of these technologies have their advantages and downsides, for example,
although the post-combustion solvent scrubbing is the closest to market and most
mature, the disadvantages include solvent poisoning, solvent degradation, and
high solvent costs [12]. Oxy-fuel combustion is also fairly established and
reasonably close to the market, with a Technology Readiness Level (TRL) of 7—
8 for carbon capture from power generation and industry [13], however this
process requires an air separation unit (ASU) in order to provide the large
quantities of O2 demanded, resulting in it being a high cost and energy-intensive

process [14].

Due to these challenges, the motivation is to explore other viable options, in the
aim to aid the acceleration of CCS technology to commercial scale. This study
aims to do that via the application of artificial intelligence or more specifically
machine learning, in the process of a pre-combustion technology, sorption

enhanced steam methane reforming (SE-SMR).
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The process of SE-SMR is the combination of calcium looping (CalL) and steam
methane reforming (SMR), which involves an in-situ COz capture process where
methane is reacted with steam in the presence of a CO2 sorbent (that is calcium
based) and a reforming catalyst to generate decarbonised, high purity Hz [15].
Advantages include the use of limestone (CaCOs), which is a cheap,
environmentally friendly, and widely available material. It can also be utilised at a
wide range of temperature window and can keep CO:z2 reliably locked away in a
very stable form [16]. On the other hand, there are shortfalls in CaO as an
adsorbent, including rapid loss of activity during the capture cycles, as a result of
sintering, attrition and elutriation and additionally high operational conditions,
such as higher temperatures and fewer carbonation and calcination cycles, prior
to full capacity [17].

The production side of clean fuel is not the only challenge at hand to tackle the
ever-increasing greenhouse gas emissions. Once carbon abated hydrogen is
produced, a further obstacle is the ability to utilize hydrogen to its highest potential
when used as an energy source, for example in vehicle fuel tank. A high-capacity
material is required to store the gas, which can be difficult due to the molecular
properties. Other than associated costs and practicality, the main issue is the
amount of hydrogen that can safely be stored in a vehicle and delivered as

required under operational conditions [18].

To overcome both the production side and end use challenges faced hydrogen
from SE-SMR, the introduction of machine learning into this process will allow for

accelerated streamlined screening of optimal materials and process conditions.

With recent government policies being implemented all over the world to achieve
a net zero target by 2050, action is required now in the early 2020s to slow down
the global warming increase to 1.5°C, thus reaching a stable global temperature
[19]. In order to do this, the application of machine learning is increasingly being
used in all industries as a means to mitigate associated costs and time-
consuming methods such as practical experiments, in the physical chemistry
field.
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The process of SE-SMR is well-researched, however there are still areas
unexplored and the complexity of Hz production technology still poses some
challenging tasks. Because of this, the use of simple machine learning models is
of practical and theoretical significance, as it allows for the field to expand the

wider knowledge of under- researched areas.

In the research of chemical processes such as steam methane reforming, the
data and most of the results discussed in literature is normally found via
expensive and/or difficult experiments and measurements on real projects.
Additionally, high costs, time-consuming and other variable limitations make
some data/results sometimes insufficient methods of data collection. A possible
alternative solution to this is via machine learning, mathematical modelling and
computational analysis, as a method of data collection, analysis and

interpretation, thus contributing to a novel aspect of the SE-SMR process.

1.2 Project Aims and Objectives

The overall scientific aim of this thesis is to enhance the body of knowledge of
the sorbent enhanced steam methane reforming process through the application
of machine learning algorithms and computational methods that will be used to
investigate and optimise the production and utilisation of blue hydrogen.

In order to achieve this, there are three linked aims involved in this research,
described below:

Aim 1: Demonstrate the application of machine learning algorithms for the
prediction of the SE-SMR process:

Objective la: Generate a representative simulation model of the SE-SMR
process.

Objective 1b: Assess the performance of machine learning algorithms to
predict SE-SMR outputs, with an accuracy relative to training data above
95%
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Aim 2: Investigate the concept of combined sorbent catalyst materials (CSCM)
for SE-SMR

Objective 2a: Conduct a detailed review of developments of sorbent and
catalyst materials used for calcium looping and methane reforming,
respectively.

Objective 2b: Develop a CSCM database and compare and examine the
differences in performance of a bifunctional material and a two-particle
system.

Objective 2c: Assess the effect of implementing quantitative structure
property relationship analysis for the prediction of CSCM behaviour.
Objective 2d: Interpret the properties for the optimal CSCM performance
from analytical methods.

Aim 3: Assess the use of machine learning for the discovery of Metal Organic

Frameworks (MOFs) for H2 storage.

Objective 3a: Assess the properties and suitability of MOFs for H:
storage.
Objective 3b: Develop ML models for the prediction of Hz storage
capacity.
Objective 3c: Analyse and interpret data from ML models for the optimal

performance of a Hz storage MOF as a measure of their usable capacities.

1.3 Thesis QOutline

In order to achieve the objectives proposed for this PhD project, two first author
journal publications, one second author publication, and one further chapter
have been completed to fulfil the intellectual contribution to the scientific body of

knowledge.

The structure of this doctoral thesis with a brief description of the content of each
chapter is detailed below with the linkage displayed in Figure 1-4:
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o Chapter 1- Introduction- This chapter presents the background, aims
and objectives of this project, as well as an overview of the novelty and linkages
between publications and project outputs.

o Chapter 2- General Literature Review - This chapter is the general
literature review on CCS, SE-SMR and machine learning in CCS- additionally on
QSPR use.

o Chapter 3- Machine Learning for Carbon Capture, Utilisation and
Storage (CCUS) - This chapter contains excerpts of my contribution to the
published work (DOI: https://doi.org/10.1039/D1EE02395K) on ‘Harnessing the

power of machine learning for carbon capture, utilisation, and storage (CCUS) —

a state-of-the-art review’

o Chapter 4- Prediction of Sorption Enhanced Steam Methane
Reforming Products from Machine Learning Based Soft Sensor Models -
This chapter is published work (DOL:
https://doi.org/10.1016/j.eqyai.2020.100037) on the investigation of using soft-

sensor models developed from the use of artificial neural networks and random

forest models to predict gas concentrations in the reformer and regenerator
reactors of the SE-SMR process using temperature, pressure, steam to carbon
ratio and sorbent to carbon ratio as input process features.

o Chapter 5- Prediction of Combined Sorbent Catalyst and Catalyst
Materials for SE-SMR using QSPR and Multitask Learning — This chapter is
published work (DOI: https://doi.org/10.1021/acs.iecr.2c00971). This is on the

exploration of using QSPR to predict the behaviour of combined sorbent catalyst

materials, based on data mining.
o Chapter 6- Machine Learning for the Discovery of Metal-Organic
Frameworks for Hydrogen Storage Applications — This chapter is the short
communication on the research that was carried out during the Doctoral
exchange programme at Concordia University, Montreal, and is focused on using
ML to find a MOF for Hz storage.
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o Chapter 8- General Discussion — This chapter presents a general
discussion of all the work done through the course of this research linking all the
chapters together.

o Chapter 9- General Conclusion and Future Work — This chapter
provides a summary of the conclusions, discusses the contributions to knowledge

and recommendations for future research.

SORPTION ENHANCED
STEAM METHANE
REFORMING

N

Machine learning for
process conditions and
monitoring

Chapter 4- Aim 1 / Aapter 5-Aim 2 \ Chapter 6- Aim 3

Machine Learning for the
Exploration of Metal-Organic
Frameworks for Hydrogen Storage
Applications

Machine learning for
materials screening

Prediction of sorption enhanced
steam methane reforming products
from machine learning based soft-

sensor models

Prediction of Combined Sorbent
and Catalyst Materials for SE-SMR,
using QSPR and Multitask Learning

Figure 1-4 Structure and linkage of each project in this thesis

Overall, this thesis explores the application of different levels of computational
modelling to the SE-SMR process, to accelerate the development process of
optimal sorbent and catalyst materials. This is an area of significant importance
as it helps tackle the race to obtain the net zero target. Using computational
modelling tools is a time and cost-efficient solution to lead to the discovery of

optimal materials to aid in the scale up of carbon-abated hydrogen production.
In terms of the three aims, the novelty applied within this thesis addresses the

« Limited work to date on the process of methane conversion in the

SE-SMR process via a surrogate model

+ Development of a novel predictive method for optimal materials and

synthesis steps for CSCM
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* And the identification of new materials for hydrogen storage, in an
emerging scientific field. Highlighting a clear contribution to

knowledge.
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2 General Literature Review

2.1 Sorbent Enhanced Steam Methane Reforming

Aside from the clear imperative need to reduce energy production from fossil fuel
combustion, there are many reasons why hydrogen as an energy source is at the
forefront of energy and power production. For instance, it can be produced in
several ways and from numerous resources- both renewable and non-renewable.
In addition, it's a clean energy source producing no greenhouse gases or other
particulates, and it is also a raw material for many other eco-friendly and/or high
efficiency power systems for example fuel cells, for both vehicular transportation

and distributed electricity generation [1].

As mentioned above, hydrogen can be produced from various resources be it
renewable (hydro, wind, solar, biomass, geothermal) or non-renewable (natural
gas, gasoline, nuclear or coal). The most viable and thoroughly researched
method is production via steam methane reforming (SMR). In this process,
methane is reacted with steam producing carbon monoxide and Hz, then the
carbon monoxide is processed by the WGS reaction, with the overall SMR
reactions producing Hz and carbon dioxide [2].

H2 production via SMR has been a topic of interest since the late 1980s, with a
highly esteemed study on SMR and WGS intrinsic kinetics conducted by Xu &
Froment in 1989. Throughout the years, as technology has advanced, the kinetic
parameters derived from this research, using a nickel, magnesium, and
aluminium based catalyst, remains the most cited and reputable work in this area
of study.

The reactions that take place in order to produce Hz from methane are reforming
(reaction (2-1)) and the WGS Reaction (reaction (2-2)), giving the overall SMR

reaction (reaction (2-3)):

CH, + H,0 < CO+ 3H, AHr 298k = +206 kJ/mol (2-1)

CO+ H,0 « CO, + H, AHr 208k = -41 kJ/mol (2-2)
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CH4 + 2H20 d COZ + 4H2 AHI’,ZQBK = +165 kJ/m0| (2'3)

The reforming reaction is endothermic and occurs out at high-temperatures; the
methane enters the reactor at approximately 650°C and then heated up to ~850
- 950°C. The gas leaving the reformer is typically 50% pure Hz, therefore the gas
is further reacted over iron oxide at lower temperatures under excess steam to
undergo the water-gas-shift reaction. The exiting gas stream from WGS, which
contains amounts of methane, CO and trace COz: is passed through a pressure
swing adsorption unit which gives a product stream of very high purity hydrogen
(99.9 % pure) and a separate waste gas stream, which can be recycled back into

the reformer [2].

A simplified SMR process flow diagram is shown in Figure 2-1 below [2]:

Heat
Recovery
T~850°C

P~ 1 bar(a)
Ni catalyst

T % 200-350 °C
on Oxide Zeolite
Water gas shift .
€O+ H,0 © CO, Pressure S.wmg Hydrogen
+H, Adsorption

o, Fuel Waste gases

Steam
Steam reforming

CH,+ H,0 & CO +

Natural gas

Figure 2-1 SMR process simplified from Clough 2017

Studies on this process has varied from the initial reaction kinetics and rate
parameters to optimal operating conditions such as temperature, catalyst
material as well as reactor type. Throughout this research, over the last few
decades many of these factors have been founded and proven experimentally
and theoretically, and there is a general consensus on the ideal conditions of
SMR as it is now a well-established process. More recent research on SMR has
focused on implementing other processes either before or after the reaction, with
a novel example of the addition of a thermochemical energy storage reactor [3],

or rather a more distinguished process such as calcium looping.
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An additional CCS method which is relatively new compared to the previous
three, is Calcium Looping (CaL) combustion, which can be applied to pre or post
combustion capture systems. This process is a cyclic reversible reaction between
calcium oxide and carbon dioxide, in which the sorbent (calcium oxide) acts as
an ‘in-situ’ CO2 absorbent, resulting in a separate & pure CO2 product from a flue

gas stream.

This process is fairly similar to the conventional pre-combustion amine-based
absorption process mentioned above, with calcium oxide acting as the adsorbent.
The CO:2 capture occurs first, in what's known as the carbonator, then the
“saturated” sorbent material, CaCOgs, is passed to a second reactor, known as
the calciner, where the sorbent material is regenerated and recycled, whilst

producing a pure stream of COz, as shown in Figure 2-2 [4].

Flue gas containing CO, CO, stream
Fresh limestone
CaCoO
Carbonator 3 Calciner Sorbent (CaC0s)
Ca0 + CO, = CaCoOq CaCO5;~> CaO + CO,
Ca0 Spent sorbent
(Ca0)
Flue gases

Figure 2-2 Simplified diagram of calcination and carbonation

The principal reactions in CaL are carbonation (forward reaction) and calcination
(backwards reaction) described below:

Ca0 + CO, < CaCO;, AHr 298k = -178K]/mol (2-4)

The forward carbonation reaction is exothermic, typically carried out at 650°C.
It has a fast-initial reaction rate, followed by an immediate slow reaction rate.
During the backward calcination reaction, solid calcium carbonate is fed into a

calciner, where it is heated to around 850-950 °C which allows it to thermally
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decompose into gaseous carbon dioxide and solid calcium oxide CaO.

Calcination is endothermic and occurs rapidly within a single step.

The operation conditions are what set it aside as a promising process in CCS
technology. Thermodynamically, the reaction can occur at lower temperature
(approx. 750°C), however, in order to achieve a pure CO2 stream, higher
temperatures are required, which then requires additional fuel to be combusted
in the calciner. This additional energy need can be partially offset by the
recuperation of heat in the form of the hot CaO and CO: streams, and heat

produced from the exothermic carbonation reaction [5].

Sorbent Enhanced Steam Methane Reforming (SE-SMR) is the combination of
CaL and SMR. The concept was first introduced by Air Products and Chemicals
Inc. [6], back in the mid-late 90s and has since been subject to substantial

research, branching off in many different directions.

Combining Equations (2-3)(SMR) and (2-4)(CaL) gives the overall SE-SMR

reaction (2-5) Equation of:

CH, + 2H,0 + Ca0 < 4H, + CaCO;, AHr 298k = -13Kk]/mol (2-5)

In one of the early publications on SE-SMR, (referred to as Sorption Enhanced
Reaction Process (SERP) in the older studies), the novel ‘cyclic H- SERP’ idea
was introduced, having been verified experimentally (on a packed bed containing
a mixture of reforming catalyst and K2COs-promoted hydrotalcite) on laboratory-

scale equipment, with the following steps, and illustrated in Figure 2-3 below [6]:

1. Sorption-reaction step: Steam and methane at a specified ratio are fed to the
reactor and near pure H2 product stream (>98% purity) exits as reactor
effluent. The reaction step is repeated up to the point when the Hz purity in
the product decreases to a pre-set level. The feed is then diverted to a second
identical reactor.

2. De-pressurisation step: The reactor is depressurized. The effluent gas can be
recycled as feed to another reactor or used as fuel.

41



3. Purge step: The reactor is purged with a weak adsorbing gas such as
methane to desorb the CO2. The desorbed gas consists of CH4, COz2, Hz, and
H20 and is either separated for recycle of the CH4 purge gas or used as fuel.

4. Product purge step: The weakly adsorbing purge gas (CHas) is removed from
the reactor with product Hz. The removed CHa is recycled as purge gas or
used as fuel.

5. Product pressurisation: The reactor is pressurised to the reaction pressure
with pure Hz. At this point, the regeneration of the reactor is complete, and it

is ready to undergo a new cycle [6]

Reaction/Sorption Step

CH, +H,0 H

Regeneration Step

4_ - -
n 2. Depressurisation
C0,, CH, «— <«—— Purge gas
B :m: (CH,) 3. Purge
Pressurisation

Figure 2-3 Diagram of the sequential SERP steps for the production of carbon monoxide
by the reverse water-gas shift reaction.



Within this study the best performance conditions were proposed in Table 2-1,
[7]:

Table 2-1 Best performance of SERP from Carvill et al. 1996

Parameter Value

S:C ~8:1

Sorbent: Catalyst * 13

Operating temperature 450°C

Operating pressure 55 psig (~3.8 bar)
Methane conversion 68%

H. purity 95%

*|t should be noted that catalyst and sorbent materials were not made explicit in
this study and were referred to only as codes as this was still in the development
stage. Subsequent studies revealed that the best performance catalyst was a
commercial Ni-based catalyst and the sorbent, which was referred to as E-4, was
found to be a proprietary pelletised K2COs-promoted hydrotalcite based material
[8]. Section 2.4.1 gives further details on the adsorbents that were evaluated at

the early conception stage.

A few years later the same research group refined the operating conditions,
shown in Table 2-2, [8], which give parameters relatively closer to figures seen in
the present studies:

Table 2-2 Best performance of SERP from Hufton, Mayorga & Sircar, 1999

Parameter Value

S:C 6:1

Sorbent: Catalyst * 11

Operating temperature 450°C

Operating pressure 55 psig (~3.8 bar)
Methane conversion 82%

Ha purity 96%
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Since these early studies, there has been many studies looking at varying certain
parameters, in order to achieve optimal operating conditions, i.e., lower operating
temperature and pressure, lower operating costs, all whilst maintaining a high Hz

product purity and CH4 conversion rate.

A study, conducted fairly close to the introduction of SERP, is by Ding and Alpay
[9], which focused on modelling and verifying the kinetics of the process in order
to allow for the design, analysis or scale-up of pressure or concentration swing-
based adsorption reactors [10]. This study references the main research at the
time of publication which in this case was Hufton, Mayorga, Carvill and Sircar,
and additionally two fundamental papers: Han and Harrison (1994) and Brun-
Tsekhovoi, Zadorin, Katsobashvili and Kourdyumov (1986) [11]. The latter two
were also closely referenced as being in Anand et al. 1995 [6] and have since
been considered to have essentially paved the way for more recent studies on
SE-SMR.

The Ding & Alpay study confirmed numerous kinetic and equilibrium parameters
through the combination of various existing studies (Xu & Froment [12], Ergun
[13], Edwards & Richardson [13], Kunii & Levenspiel [14] and others) along with
the mathematical modelling tool gPROMS. The models from Ding & Alpay [9] and
additional research from Xiu et al. [15] are realistic in the SERP description;
however, with the nonlinear interaction involved in these models, the numerical
results are not easy to be interpreted. The study did however confirm that the rate
expressions proposed by Xu & Froment are suitable for both the transient and
steady-state periods of the process. However as steady state conditions are
rarely the case, and this model was only utilised as in the early days, as it does
not involve complexities as compared to the unsteady state modelling.

Another experimental study, reported that the overall reaction profile can be
described as a single step process, divided into 4 different subsections, as seen
in Figure 2-4, [16]:
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Figure 2-4 Typical breakthrough curve for a completely developed SE-SMR

1. Start-up — This is an unsteady time period that allows for the catalyst
activation. In this stage there is a sharp rise in H2 and a sharp fall in the CHa4
as the reforming reactions begin to take place.

2. Pre-breakthrough —The CaO is fully available, the SMR and WGS reactions
are running at maximum efficiency thus, the maximum vyield of Hz is reached.
The removal of H2 and CO: in the course of the SMR and WGS reaction shifts
the equilibrium to the forward reaction and improves the efficiency of H2
production and CO:2 capture.

3. Breakthrough — Adsorption reaction efficiency starts decreasing as the
sorbent reaches is saturation, (i.e., CaO has been converted to CaCOs), and
the H2 concentration begins to decrease. It is a gradual change (to the
standard SMR reaction) as some internal CaO still reacts with CO2 but at a
slower rate due to product layer diffusion.

4. Post-breakthrough — All sorbent action ends at this point; thus, only the
catalytic SMR reaction takes place, and the equilibrium level achieved is by
conventional SMR [2,17]
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The main cause of the varying 4 subsections is due to the structure of the sorbent

material which is further explained in section 2.4.1.

2.2 Reactor Design and Operation

As previously mentioned, the first proposal of a singular reactor performing both
the carbonation and calcination of SE-SMR, was by Hufton and Mayorga et al.
1996 [8]. In this publication, the reaction was first modelled in a fixed packed
column consisting of both the catalyst and sorbent.

However, over the years, it has been competing with other design such as a
circulating fluidised bed reactor (CFB), which is a mature technology at the large-
scale. It was reported by [5] that it was the most suitable for the carbonation and
calcination vessels due to a good gas-solid contacting and temperature uniformity

across the reactor bed.

This section focuses on two designs: fluidised bed reactors and packed-bed
reactors with alternating reaction-regeneration functions. These are of interest as
various studies and literature indicate they are suitable to provide overall steady

state Hz2 production.

2.2.1 Fluidised Bed

The fluidised bed model is one of the favoured in literature concerning sorption
enhanced steam methane reforming for various reasons. In addition to the fact
that they are widely used in industry, they are preferred due to the favourable

mass- and heat transfer characteristics [18].

In fluidised beds, the solid particles are suspended in an upward flowing stream
of gas. At suitably high fluid velocities, the force between solid particle sands the
fluid counterbalances the weight of the solid particles. In this state, the solid
particles are referred to as fluidised because they exhibit fluid-like behaviour.
Increasing the gas flow rate beyond the point of minimum fluidisation, the fluidised
bed reactors can be operated in various fluidisation regimes. In view of chemical

reaction processes, fluidised bed reactors are particularly suitable for highly
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exothermic and temperature-sensitive reactions, such as steam methane
reforming. The use of solids also means that fluidised bed systems represent
optimal technology since they allow large amounts of solids to be transferred
easily [18].

In particular, it has been proven that gas-solid contact in a laboratory-scale
bubbling fluidised bed reactor is adequate to achieve close approximation to
equilibrium conditions. Product hydrogen concentrations as high as 98% (dry

basis) were attained during the steady-state pre-breakthrough period [19,20]

Whilst with a circulating fluidised bed (similar to bubbling fluidised bed but with a
much higher gas velocity relative to the minimum fluidisation velocity), they also
have the ability to divert a portion of the sorbent to a hydration reactor for
reactivation if necessary. Figure 2-5, [20] gives an example of what a commercial

process might look like using fluidised beds.

Another advantage that fluidised beds have over a packed bed reactor, is that
they have lower operating and capital costs due to the packed bed material; a
key for the large-scale deployment of sorption enhanced reforming is the sorbent

development [20].

Hydrogen Sorbent Sorbent Regenerggon Gas +
Product Purge Makeup 2
) )
B
B Spent Sorbent 8
= ©
B 5
Bt
=) =
S %)
ot =Ty
(=~ Q
Regenerated [ Regeneration
Sorbent Energy
Natural Gas Hydrator Regeneration
+ Steam Gas

Figure 2-5 Schematic of a possible SE-SMR Hz production using dual circulating fluidised

bed reactors with sorbent hydration.
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2.2.2 Packed Bed

More recently, packed beds were proposed as an alternative to fluidised beds as
they allow for easier operation at higher pressures, as well as other operational
issues such as removal of the gas/solid separation step, as well as fewer issues
with attrition and elutriation of the solid material [21].

Because of these factors, the reactor bed design is important to consider the
sorption capacity, as well as the sorbents structural characteristics specifically
the surface area and porosity. Additionally, with the many cycles, that take place
during a reaction, the implementation of the process on an industrial scale has to
be robust enough to withstand the consecutive cycles. This is where the use of
a packed bed would be beneficial because it could reduce the effect of attrition,

as the sorbent would not be very mobile [21].

There are many proven studies of the sorption enhanced reforming process in a
fluidised bed with particular natural sorbent materials such as calcined dolomite
[22]. However as more recent publications are exploring the study of new
synthetic Calcium Oxide based sorbents, there aren’t many developed or
validated studies within a fluidised bed. Typically, these has been conducted in
fixed bed reactors. This is because they allow for the operating limits for both the
sorbent particles and the combined sorbent- catalyst material (CSCM) to be
determined [23,24,25].

The use of CSCM is a primary reason why a packed bed reactor would be
favoured to model the SE-SMR reaction for this study. Bi-functional catalysts are
a fast-emerging area of research and in order to stay at the forefront of further
development of sorption enhanced reforming, a packed bed reactor is preferred,

however due to the practicality of a lab-scale reactor, this isn’t ideal [24].

The issues presented through using two packed beds operated in parallel,
alternating feed and temperatures at constant pressure, is that due to the
constant change in conditions the production isn’t particularly stable.

Temperature, pressure, and gas composition must be carefully controlled to
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avoid catalyst deactivation due to coking [17]. Therefore, only small-scale batch

production would be advisable using this system.

For the large scale, a network of packed beds was proposed by [26], reporting
that the energetic self-sufficiency could be reached for SE-SMR, by burning part
of the produced H: in an external combustor to cover the heat demand.

2.3 Operating Conditions and Materials

2.3.1 Temperature & Pressure

2.3.1.1 Carbonation

In conventional steam methane reforming, the increase of temperature greatly
increases methane conversion, an expected result since the endothermic
reforming reaction is favoured by high temperatures. However, the presence of

the COz2 sorbent results in high methane conversion levels even at temperatures

below 650°C as shown in Figure 2-6(a) [27].
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Figure 2-6(a) CH4 conversion (b) CO: capture efficiency as a function of the reformer’s

temperature (P=1 atm, S/C molar ratio=3, CaO/C molar ratio=1)

The advantage that SE-SMR has over SMR at low temperatures is related to the
in-situ capture of the produced CO2. At temperatures less than ~650°C, the CO:
capture efficiency is over 90% (Figure 2-6(b)). It starts to decrease rapidly at ~

670°C and drops to zero at around 720°C.
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When the conditions are increased to pressure of 5 atm, S/C ratio of 4 and CaO/C
ratio of 2, the graph retains the similar curve shape, but at higher temperatures
as shown in Figure 2-7[16]. When compared to the conventional SMR process,
the temperature at which the maximum Hz concentration is approximately 0.77 at
800°C, whereas the maximum of 0.98 is reached by SE-SMR at 580°C.

From Figure 2-7, it's clear that Hz2 production is far greater in SE-SMR than

traditional SMR, but only up to a certain temperature of approximately 820°C.
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Figure 2-7 Equilibrium Hz molar fraction (dry basis) in the product gas with and without the

CaO-based acceptor as a function of temperature at fixed pressure and S/C molar ratio

At high temperatures the partial pressure of CO:z in the system is lower than its
equilibrium partial pressure which favours CaCOs decomposition (Figure 2-8,
[28]). As a result, at temperatures above 820°C the sorption enhanced process
slips into conventional steam reforming.
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Figure 2-8 Equilibrium CO2 pressure as a function of temperature

At the other end of the spectrum, SMR is not more efficient than SE-SMR at lower
temperatures until around 400°C, where the benefits of CO2 absorption become
negligible. This is due to the methane conversion rate and CO2 formation
decreasing, as well as the Ca(OH): formation, leading to a low CO2 molar

concentration in the system [17].

So, whilst SE-SMR is thermodynamically more efficient, the addition of CaO
introduces other issues. In order to meet the conditions of sorbent regeneration,
the main factors to be met are appropriate pressure and temperature, as shown
in Figure 2-8. Temperatures and pressures above and to the left of the
equilibrium line favour carbonation, whereas carbonate decomposition is

favoured at conditions below and to the right of the line [20].

In terms of the effect of pressure it has been stated that, the thermodynamic
characteristics of the SMR and WGS reactions (Equations (2-1) and (2-2)
respectively) suggest that larger Hz and significantly lower CO concentrations can
be achieved at lower pressure, although lower reaction temperature is also

required [20].

The low-pressure argument was supported by [17], who stated that from a

thermodynamic equilibrium point of view, a lower pressure promotes the
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production of Hz. This is shown by the overall reaction expressed by which

demands an increase in the total number of gas phase moles.

CH,(g) + 2H,0(g) + Ca0(s) « 4H, (g) + CaCO5(s) (2-5)

A study on the effects of pressure was presented in [29] and is shown in Figure
2-9. Equilibrium hydrogen content, which is almost independent of temperature
and is favoured by low pressure, approaches 98% and 96% at 1 and 3 bars,
respectively. In contrast, the equilibrium CO content increases with increasing

temperature and decreasing pressure.
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Figure 2-9 Equilibrium hydrogen and carbon monoxide concentrations as a function of

temperature and pressure

Figure 2-9 suggests that keeping the temperature as low as 480-500°C is the
only suitable operating temperatures to correspond with a low pressure.
However, another study by [27] used the conventional SE-SMR temperature of
650°C, and, although it doesn’t explicitly reference the CO make, the study
confirms that lower pressures, close to atmospheric are optimal for SE-SMR- see
Figure 2-10(a-d).
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Figure 2-10 CHa conversion (a), Hz yield (b), Hz2 purity (c) and CO:z capture efficiency (d) as
a function of the reformer’s pressure (T=650°C, S/C=3, CaO/C ratio=1)

Figure 2-10(a) and (b) are in agreement that a higher pressure is not in the
interest of the CHa4 conversion or H: yield, where CHa4 conversion is defined as
the quantity of carbon converted from the fuel (methane) to the product (carbon
dioxide) as a percent and H: yield is the quantity of hydrogen produced from
methane, again as a percent. However, with Hz purity and CO2 conversion, the
values increase up until around 4 atm. This happens because in this pressure
range the partial pressure of COz is higher than the equilibrium pressure and the
carbonation reaction is shifted to the products side, resulting in greater CO:2
sorption and production of Hz with higher purity. Further increase of pressure

leads to the expected slight decrease in Hz purity [27].

2.3.1.2 Calcination

Although CaCOs decomposition in a CO2-free atmosphere is thermodynamically
favoured at all temperatures shown in the figure, a temperature of at least 800°C

is needed to ensure adequate decomposition kinetics [28]
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Complete regeneration of CaCOs occurs at temperatures near 850°C, at
atmospheric pressure. Further increase of temperature has no effect on the
thermodynamics of the system. Therefore, when operating near atmospheric
pressure, the temperature of the regeneration reactor needs to be at least 850°C,

in order to achieve complete regeneration of the sorbent.

Pressure increase adversely affects the sorbent regeneration and therefore a
higher temperature for complete desorption of CO:2 is required. By increasing
pressure up to 2 atm the minimum temperature for complete calcination of CaCO3
is around 900°C. However, high regeneration temperatures lead to sintering and
agglomeration of the material, reducing its sorption capacity. Therefore, these
results indicate that it is necessary to operate the regeneration cycle at pressures

as low as possible [27].

2.3.2 Steam to Carbon Ratio

An increase in the S/C ratio positively effects the process of SE-SMR in terms of
CHa conversion, Hz yield, Hz purity as well as CO2 capture. This can be seen in
Figure 2-11(a-d) [27] and can be explained by the shift of the equilibrium towards
the products in both the SMR and WGS reactions.
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Figure 2-11 CHa4 conversion (a), Hz yield (b), Hz purity (c) and CO: capture efficiency (d) as
a function of S/C ratio (T=650°C, P=1 atm, CaO/C ratio=1)

A shift to the right in the in these reactions results in a greater methane conversion
and Hz yield. A shift to the right for the WGS reaction also increases COz2
production and CO: partial pressure and therefore favouring the carbonation
reaction of CaO, and thus the CO2 capture by the sorbent, leading to a higher Hz

purity in the product stream.

From that logic, one would think, the higher the S/C ratio, the better, however a
high demand of steam means increased energy demands, since heating of large
quantities of steam is required. Additionally, as shown in Figure 2-11(c) and
Figure 2-11(d), S/C ratios greater than four do not have any significant increase
in parameter [30]. As you increase the amount of steam, you convert less
methane per unit of duty, therefore resulting in a diminishing return, i.e. lower
profits, from more money or energy invested. It's important to note, that higher
conversion is achieved, but not per unit heat duty, i.e. the heat required to be
added or be removed from the process fluids to create the required change in

temperature.
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An experimental study on the effects of S/C on the CHa4 yield and Hz conversion

was conducted with results in agreement with this principle [31]:

- Conditions: S/C: 2, S/C: 3 and S/C; 4 with 650°C reaction temperature
and 300 minutes reaction time

- Catalyst: Coated Nickel Aluminide (NisAl)

- Reactor: Microreactor

- Analysis: Gas chromatography

Results:

- A S/C of 4 produced the highest methane conversion of 65.56% and a S/C
of 3 produced the highest hydrogen yield of 41.34%.

- The S/C of 2, showed faster and smoother stability trend conversion as
early as 180 minutes from the start of the reaction.

- However, S/C of 3 showed the most optimum methane conversion and
hydrogen yield and achieved stability trend conversion within the defined
reaction time range of 300 minutes.

- It is inferred that the S/C of 3 is the best steam to carbon ratio for the

developed catalyst in these conditions.

2.3.3 Effect of Sorbent Ratio
2.3.3.1 Sorbent to Carbon Ratio

If assuming the sorbent of choice is the popular CaO, the effect of the molar

concentration relative to methane, is optimal at a roughly 1 to 1 ratio.
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Figure 2-12 CH4 conversion and CO:2 capture efficiency (a) and Hz yield and purity (b) as a
function of CaO/C ratio (T=650°C, P=1atm, S/C ratio=3)

This is confirmed in the same studies as referred to from the previous operating
conditions [27][30] which report that CH4 conversion and H:z yield increase with
increasing CaO/C ratio until it reaches ~ 0.8 at which the levels begin to level out,
Figure 2-12, [27].

The maximum contribution of CaO in the process occurs for CaO/C ratios
between 0.8 and 1. Further increase in CaO/C ratio above 1 has essentially no
effect on the amount of captured COz, but instead has a negative impact on the
energy efficiency of the process, since heating of extra CaO requires extra

energy.

A study conducted on a circulating fluidised bed reported thermodynamic
equilibrium data for SE-SMR at a reformer temperature and pressure of 575°C

and latm respectively.
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Table 2-3 Thermodynamic equilibrium data

CaO/CHg4 CHg4 H- Gas composition to the reformer
ratio conversion | vyield CO flow CO:z2 flow Ca0O/CaCOs3
0 98.2 0.90 16.1 33.0 -
0.5 98.8 0.95 8.6 15.8 0/0.5
1 99.5 0.98 2.9 4.8 0.16/0.84
10 99.5 0.98 2.9 4.8 9.16/0.84

As can be seen in Table 2-3, the methane conversion is high for all cases but the
H2 yield becomes high only at a CaO/CHa ratio of 1 [22]. The CaO/CHa ratio of
10 was included to provide a range of ratios, and it’s clear that the results are as
a CaO/CHa of 1. This supports the data from the studies by Antzara et al. [30]
that a continuous increase of the ratio beyond, doesn’t necessarily result in an

improvement on conversion or yield.

2.3.3.2 Catalyst to Sorbent Ratio

For a reactor of the same size, decreasing the catalyst to sorbent ratio allows for
operation at a higher space velocity since higher amount of CO2 is possible to
retain. At the same time, there is a minimum catalyst quantity requirement in order
to maintain adequate reaction performance. It is also desirable to use the lowest

catalyst amount to minimize the associated catalyst costs [24].

In the Arstad et al. [22] study mentioned above, the primary objective was
observing the effect of the catalyst/sorbent ratio on SE-SMR results, in particular
a calcined dolomite sorbent and a Ni based catalyst. As seen in Figure 2-13, it
was reported that a lower percentage of catalyst in comparison to sorbent

(catalyst/sorbent ratio of 20/80) performed worse compared to a 50/50 ratio.
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Figure 2-13 Methane conversion and hydrogen yield (a) 1:4 cat:sorb ratio (b) 1:1 ratio

At a 1:4 ratio, methane conversion and Hz purity begin at around 80% and decline
to a very insignificant conversion and yield after 8 hours, whereas at a 1:1 ratio
starts at around 98% and is able to be maintained after the 8 hours [22].
Conditions for this comparison were: S/C ratio: 4. Reformer temp: 575°C,
Regenerator temp: 890-900°C.

As there is very little research conducted on this ratio, in particular a chemical
looping (CLC) study was analysed as it is a very similar process to Cal, difference
being the use of a metal oxide oxygen carrier in CLC. Fernandez et al. [32]
evaluated the effect of Cat/Sorb ratio on Hz production and CH4 conversion also

using a calcium-based sorbent and a nickel-based catalyst on a Ca/Cu chemical

loop process for hydrogen production, with results shown in Figure2-14, [32].

As the catalyst/sorbent ratio decreases from 0.3 to 0.1, the Hz purity drops from
92% to 85% and likewise the methane conversion from 85% to 60%. The graph
confirms that very low ratios result in lower methane conversion and therefore
longer pre breakthrough periods and thus poor hydrogen production. An
approximate ratio of 0.6-0.7 appears to be the minimum amount of reforming

catalyst in order to achieve the maximum possible hydrogen production.

Conditions for this comparison were 650°C, 35 bar, S/C molar ratio of 5 [32].
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2.3.4 Effect of Particle Size

The effects of sorbent particle size on the carbonation process were explored in
[33]. The particle size fractions explored were 0.25-0.4, 0.4-0.6, 0.6-0.8 and
0.8—-1 mm) of a limestone named “La Blanca” and they were tested in a TGA
apparatus. As shown in Figure 2-15(a), [33] with the increase in the grain size,
the resistance of CO:2 diffusion inside CaO particles also increases and thus the
degree of conversion is reduced. After 20 cycles, Figure 2-15(b), the sorbent
capture capacity is lower, as expected, and the clear differences in the curves
between the different particle sizes have disappeared. This indicates that there
are no diffusion effects in the interior of the particles and the reaction rate must
be controlled by the reaction mechanism taking place uniformly on a free surface
of CaO [33].
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Figure 2-15 Conversion curves vs. time for different particle size. Limestone: La Blanca,
PCO:2 0.1bar, carbonation T:650°C, for 20 min; calcination T:850°C, for 15 min.(a) cycle 1;

(b) cycle 20

Various other literature has also confirmed that there is no significant impact in
maximum carbonation conversions, with increased particle size for example [34]
where the size was evaluated from 0.335-0.5 to 1-1.18 mm, and [35] which

evaluated 0.1-0.25 mm to 0.8-1 mm.

However, particle size does have an influence on the rate of carbonation- the
smaller the particle size, the more pronounced the shift between the fast and slow
reaction stages is. [36] confirmed that with increasing cycle number this effect

disappears as mentioned above in Grasa et al. 2008 [33]. Larger pores are

XCaO

0.3

e 0.25-0.4 mm
0 0.4-06 mm

time (min)

formed, enhancing CO: diffusion through the particle porous structure.
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2.3.5 Operating Conditions Conclusions

Based on section 2.3 and the study by Antzara et al 2014, 2015, [27][30], the

optimal operating conditions of SE-SMR are concluded below.

Table 2-4 Optimal operating conditions for sorption enhanced steam methane reforming.

Reforming/ Carbonation

Temperature 550 - 650°C
Pressure 1-4atm
Steam/Carbon Ratio ~3
CaO/Carbon Ratio 0.8-1.0
Catalyst/Sorbent Ratio 0.7-1
Regeneration/ Calcination
Temperature 850 - 900°C
Pressure Atmospheric

The next section will discuss the sorbent, support, and catalyst type, which in turn
will give an indication of particle size and a more conclusive and specific position

on catalyst/sorbent ratio.

2.4 Sorbent and Catalyst Selection

2.4.1 Sorbent Material

As stated in an early Hufton et al. study [8], an important requirement for a sorbent
in the use of SE-SMR is its availability and ability to selectively remove CO: at
fairly high temperatures (300 - 500°C) in the presence of steam.

Other important factors include:

- The ability for the adsorbent to be regenerated

- the adsorbent having a high CO2 capacity

- economically viable

- having fast reaction kinetics for the adsorption and desorption steps

- the material is stable in presence of steam

- and maintains adequate mechanical strength after carrying out certain

number of cycles
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These are the fairly basic properties that are required. Since the early studies,
more knowledge has been gained on what makes an efficient and appropriate
sorbent material. For example, durability comparable to the catalysts, to minimize
the requirements of purge of the system to renew the spent sorbent; [25] and
adequate pore size distribution with large pore volume and active surface of fresh
sorbent; [37].

More specifically, [38] concurred that, a minimum amount of 10-15% wt. was
required to maintain a stable and improved CO: carrying in the long-term

performance.

Temperature, duration of carbonation and calcination, sorbent category, and
sorbent particle size are all key players in determining the suitability of a sorbent
for SE-SMR. However, the principal indicator of sorbent performance is the
number of reaction cycles, and this is the key parameter in experimental models

describing the change in carbonation levels [39].

One of the earliest players in the sorbent game was hydrotalcite (HTC), as
explored in the Hufton et al. studies as the ‘best performing’ sorbent in their
studies. Table 2-5, and Figure 2-16, both from [7], give a comparison of the
sorbents tested in their studies, and it's clear why the HTC sorbent (E4) was a

clear front runner at the time.
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Table 2-5 High performing sorbents in SE-SMR; *Capacity loss after 1 day of steam (10 atm

H20/ 0.3 atm CO2) (Binary Desorption Unit); ** Air Products proprietary pelletised K2COs-

promoted hydrotalcite based material)

Material Reversible CO; capacity Cyclic Hydrothermal
at 400C Stability Stability at
(mmol/g) (dry CO, -TGA) 400°C *
MgO 0.20 Loses 20% -
after 20 cycles
CaO 0.05 - -
C3 (promoted Al203) 0.30-0.35 - 5% loss
C31 (promoted Al203) 0.25-0.30 Loses 25% 10% loss
after 20 cycles
B2 (promoted Al>O3) 0.30 - 0.50 Loses 40% 30% loss
after 60 cycles
E4** 0.50 - 0.60 Stabilizes at No loss
0.45mmol/g
after 20 cycles
0.7 4
Il before steam

CO, capacity
(mmol/g)

06

s} B8 7 day steam
SN 30 day steam

:
s

044

034

024

00~ % :
B2 C31

(promoted (promoted
AI203) Al203)

ed

Figure 2-16 Hydrothermal Stability Test on Hydrothermal Stability Testing Unit
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Hydrotalcite, aka magnesium—aluminium hydroxycarbonate (MgesAl2(OH)16C0O3-4H20),
is a naturally occurring mineral with a layered crystal structure, and they are also

referred to as anionic clays or layered double hydroxides [40].

The main reason why HTC based sorbents are suitable is the high stability after
multiple cycles, along with other factors such as lower energy of regeneration,
and suitable kinetics of carbon dioxide adsorption [41]. As it was introduced as
a proprietary sorbent from the SERP patent holders, Air Products it can be
understandable that some could argue there is bias towards HTC as a sorbent,
however it has been subject to many studies throughout the years, and it still

stands to be a considered sorbent.

Since the early studies, the popularity of HTC as a sorbent has been somewhat
warped by use of calcium-based sorbents. A very clear side by side comparison

of these sorbents is shown in Table 2-6, [17].

Table 2-6 Comparison of natural and synthetic sorbents

Stoichiometric | Regenerating Stoichiometric
Type Material adsorption temperature | adsorption ability
ability (°C) after 45 cycles
Calcium carbonate
(Limestone- CaCO:s) 0.79 900 0.316
Dolomite (CaMg(COs3)2 0.46 900 0.16
900
Natural .
Huntite (Mg;Ca(CO3),) 0.25 0.20
0.029 400 (through Stable after nearly
K2COs-promoted (d 65) PSA) 6000 cycles
hydrotalcite ['9]
8]
Stable until 100
Lithium orthosilicate cycles
(LisSiOs) 0.37 750
Synthetic Lithium zirconate . Stable until 100
(Li2ZrOs) 029 690 (in N2) cycles
Sodium zirconate Stable until 100
in ai cycles
(Naz2ZrO3) 0.24 790 (in air) Y
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From this comparison, whilst the synthetic sorbents have a higher stability than
the natural based sorbents, their manufacturing costs are not economical enough
at present, and in order to compete with natural sorbents, they are required to
sustain at least 10 000 cycles, and have a generally higher rate of reaction [44].

Additionally, whilst the HTC sorbent has a much lower regeneration temperature
as well as higher stability after cycles, the carrying capacity is the most important
factor that sets aside CaO based sorbents as the optimal choice for SE-SMR

especially if to be implemented on an industrial scale.

Other materials such as lithium or sodium-based sorbents, are not
thermodynamically favourable as shown in Figure 2-17, [45]. From the plot, it was
interpreted by authors that it translates into, at 10 bar, 850K and S/C of 5, using
CaO the result is a product containing about 98.3% H2 (dry basis), 90% with
Na2ZrOs, 89% with Li2ZrOs, and only about 82% with Li2SiO4 [45].
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Figure 2-17 Equilibrium CO2 pressure as a function of temperature for CaO, Li2ZrOs,
Na2ZrOs, and LisSiO4 sorbents.

CaO is also a promising material due to its low cost, wide availability in naturally
occurring minerals, e.g., limestone or dolomite, and most importantly, its initially

high absorption/ carrying capacity [4]. In more recent years, Di Giuliano and
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Gallucci presented a refined study on this, with a review in 2018 focusing

specifically on nickel-based catalysts and calcium looping [46].

In this study, reasons given for choice of CaO-based sorbents included:

e satisfactory CO2 sorption capacity and rate

e full carbonation at 600-700°C and atmospheric pressure, conditions
compatible with a simultaneous SMR conversion and at which CaO is
thermodynamically favoured in comparison to other high-temperature
sorbents.

o full calcination at atmospheric pressure and roughly 800-950°C. [17]

2.4.1.1 Sorbent Degradation & Mitigation

Despite many advantages of calcium-based sorbents, there are disadvantages
which include attrition, sulphation and sintering, the latter of which is seen as the

biggest issue to overcome [39], depicted in Figure 2-18; [47].

1-st decomp. 1-st recarb.
< >

2-nd decomp.

After 50 cycles

-

2-nd recarb.
-

Figure 2-18 - Representation of sintering phenomena in CaO (light grey) CaCOzs (dark grey)

Sorbent decay can be described through the rapidly fluctuating reaction kinetics
within carbonation; the transition from rapid to slow phases is associated with the

build-up of a CaCOzs layer, thus resulting in obstruction of further conversion i.e.,
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the rate determining step in the reaction is no longer the surface kinetics of the

reaction, but instead becomes the diffusion of CO:2 through the solid CaCOs

product [5]. Depicted graphically in Figure 2-19 [4].
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Figure 2-19 Repeated calcination/carbonation cycles of limestone in a TGA

Commonly referred to as the greatest contributing factor to sorbent degradation,
sintering refers to changes in the pore shape and size distribution, and grain
growth. As the surface of the CaO sorbent is coated with more and more solid
CaCOs, the sorbent loses reactive surface area as well as total pore volume. This
process is promoted with increase of temperature, long exposure at high

temperatures, as well as exposure to steam, CO2, and impurities [5].

Less significant parameters that contribute to sorbent decay are attrition and

sulphation (from the competing reaction of CaO with impurities found in fuel
forming CaSO0a).

The main strategies being explored to counter the negatives of CaO based
sorbents include [5][46]:

- Reactivation by steam hydration
- Thermal pre-activation

- Inert supports/stabilizers
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- Pelletisation
- Nanomaterials

- lon doping

Sorbent reactivation has been explored through many studies, via two main
methods: water and steam [48]. Of the two, technically water is more efficient in
the hydration of spent sorbent; however, the conditions are less than ideal due to
the energy requirements for drying the wet hydrated material [49] therefore,
steam hydration has been proposed as the preferred method for reactivation. In
this process the calcined sorbent is cooled to ~250-450°C and subjected to high
partial pressures of steam. This converts CaO to Ca(OH)2 which is more reactive
towards CO2 and has improved pore surface area and distribution, leading to a

faster carbonation reaction than that of un-hydrated CaO sorbents [50].

Thermal pre-activation was first explored by [47] and later honed by [39] in a
widely cited study. Four different limestones were preheated at different
temperatures (800-1300°C) and for different durations (6-48 hours) under
nitrogen, then analysed via TGA. Initially the carrying capacity was lower than
normal, however after about the first or second carbonation, there was an
increase in carrying capacity, which steadily increases for a few cycles, until it
starts to decrease as expected [4]. The trend of an increase in carrying capacity
per cycle was particularly prominent in powdered samples preheated at 1000°C,
which still showed an increase at the highest reported cycle of 30. The overall
clear trend was that in comparison to the original, pre-treated sorbents showed

better conversions over a longer series of CO:2 cycles, [39].

The use of an inert support material or a ‘stabiliser’ is a method that seeks to
distribute inert particles in between CaO grains, thus preventing CaO sintering
due to inert high Tammann temperature (temperature at which atoms or ions
within a solid have bulk mobility, about one half of material’s melting point in
Kelvin [51]).
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2.4.2 Catalyst Material

Catalyst materials used for SE-SMR should resist coke formation by steam
reforming, be inactive for side-reactions, maintain the activity at high temperature,
and have high mechanical strength as well as good heat transfer properties [53].
They must also be able to operate at low steam/methane ratios in order to

improve the energy efficiency of the process [54].

The mechanisms of several metal-based (nickel, rhodium, platinum, ruthenium,
and iridium) catalysts on the reactions of methane and steam, were explored by
Wei and Iglesia [55]. They reported that platinum catalysts were the most
reactive, however among these, nickel oxide has widely been proved to be
preferable for use in SE-SMR due to its good conversion rate of methane and low
cost ([12][17][56])

However, nickel does have its disadvantages [57]:

¢ Nickel nanoclusters (as opposed to a skeletal structure) are prone to sinter
under catalytic reforming conditions of high temperatures and in the presence
of steam.

e Severe carbon accumulation is also high particularly on nickel catalyst, known
as coking.

e The production of hydrogen rich gas with a low concentration of CO is a
challenge using nickel catalysts, as are not so active in the water gas shift

reaction.

Other factors to consider in catalyst choice include the sensitivity to sulphur
poisoning. It is assumed that the natural gas feed will have undergone
desulfurization, however, most naturally occurring limestones and dolomites may
still contain small quantities of sulphur. Therefore, in the reforming atmosphere
of the reaction, with enough sulphur present, it can be transferred from the

sorbent to the gas phase to quickly poison the nickel reforming catalyst [20].

The use of metal dispersion and alloying (particularly with Pt, Pd or Ru), are both

effective methods to enhance certain properties of catalysts, including resistance
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to sintering as well as resistance to nickel oxidation, which promotes its activation
[58]. The addition of a metal such as iron, copper, or tin, has the possibility to

improve the catalytic activity [57].

2.4.3 Combined Sorbent Catalyst Material

A combined sorbent catalyst material (CSCM), or a bifunctional material, is a one-
particle system that contains a metal for the catalysis and a sorbent for the in-situ
CO:2 sorption. Due to the close contact of the catalyst and sorbent in the solid, the
CSCM particle system enables higher heat transfer and reduced mean path
length for mass transfer of the reaction products, which enables a greater
conversion efficiency compared to a two-particle system [57]. Additionally, the
overall reactor volume can be reduced by using a sorbent that acts as a support
[58].

The application of CSCM also isn’t limited to the process of SE-SMR with
methane as a carbon source, as there are many studies conducted on CSCM
applied in sorption enhanced steam reforming using other raw materials such as
glycerol [59][60], phenol [61], coal [62], biomass [57], ethanol [63] and methanol
[64].

The different parameters of a CSCM that contribute to an optimal material- in the
sense of capturing the highest CO2 capacity after multiple cycles, whilst

maintaining high methane conversion, are shown in Table 2-7.
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Table 2-7 Properties and their respective experimental conditions within a CSCM

Material | Property (units) | Experimental conditions (units)

Sorbent | Last cycle CaO concentration (%), cycle number,
capacity calcination, and carbonation temperatures (°C)
(gCO2/gSorbent) | and times / (mins), synthesis method, CaO
precursor, initial cycle capacity
(gCO2/gSorbent)

Catalyst | Methane Nickel concentration (wt%), calcination

conversion (%) | temperature (C), calcination duration (h), SMR
reaction temperature (°C) fresh (unaged
catalyst) BET surface area (m?/qg),

steam/carbon ratio

The use of an inert support material or a ‘stabiliser’ is a method that seeks to
distribute inert particles in between CaO grains, thus preventing CaO sintering
due to inert high Tammann temperature (temperature at which atoms or ions
within a solid have bulk mobility, about one half of material’s melting point in
Kelvin [65]).

The purpose of a support for a catalyst and sorbent particle, is to increase the
surface area [66] and thus, to offer more stability, ability to withstand destruction
of pore volume, as well as possibly increasing the catalyst activity and/or the
sorbent carrying capacity, whilst having little effect on the products from the
reactions. The commonly used supports of choice are Al20s or calcium
aluminates (CaxAlyOz) [46], or silica, SiOa2.

2.5 Machine Learning

2.5.1 Machine Learning in SE-SMR
2.5.1.1 ML in Hydrogen Production and Analysis

In the research of chemical processes such as steam methane reforming, the

data and most of the results discussed in literature is normally found via
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expensive and/or difficult experiments and measurements on real projects.
Additionally, high costs, time-consuming and other variable limitations make
some data/results sometimes insufficient methods of data collection. A possible
alternative solution to this is via mathematical modelling as a method of data
collection and analysis. In these studies, programs such as Aspen or MATLAB or
gPROMS, allow for certain processes to be modelled using kinetic parameters
etc. and subsequently influences of changes to the system to be predicted. There
are various shortcomings of using this method such as that its time-consuming,
sometimes quite complicated, and includes assumptions, data from other
experiments/literature, extrapolation, and adjustments/ changes to allow it to be
applicable to the current study. Therefore, the application of Al is a necessary

tool to overcome these issues.

There are numerous types of Al that can be applied to better understand and
control Hz production, for example artificial neural network (ANN) [67][68], genetic
algorithms (GA) [69], random forest (RF) [70], deep neural network (DNN)
[71][72], to name a few.

Applying machine learning can be alternative methods of data handling,
overcoming the complexity of numerical and analytical methods and high costs
of empirical experiments [73]. These techniques allow use of non-iterative
methods, where the only inputs necessary are inlet parameters then using the
developed Al model allows the process parameter to be generated as answers

to the input data set.

These models have the ability to reproduce the process from training examples
so specific knowledge of the process is not essential [74]. They are deemed to
be tools which sometimes can overcome the shortcomings of the programmed
computing approach and the experimental procedures, or in some cases used

alongside the other approaches.

Whilst the production of Hz via SE-SMR is a fairly well researched process, there

are still areas unknown and the complexity of Hz production technology still poses
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some challenging tasks. Because of this, the development of a simple, non-

iterative model of a reactor is of practical significance.

As the automation of processes is expanding across most industries, it is optimal
to apply the use of computational intelligence (Cl) to optimise or control the

production of Ha.

A review of the Cl approaches applied to H2 production was published in 2018,
and it gave an overview of 21 recent leading-edge articles for Hz2 production [75].
The techniques reviewed were ANN, fuzzy methods such as ANFIS, GA and one
case using support vector machine (SVM) method. The studies range between
2007 and 2017, with the more recent studies, focusing on ANN and ANFIS. The
objectives targeted in these studies include modelling the thermochemical
conversion process (ANN), optimising Hz production via fermentation (GA) and
estimating the Hz production from jet fuel and optimising the production for

maximum yield and energy efficiency (ANFIS).

Through this review it was shown that MLP (Multi layered perceptron- a type of
ANN) and ANFIS presented the highest correlation coefficient and the lowest
modelling error encountered in the prediction of the Hz2 production process (as of
2017). MLP is a feed-forward ANN that uses backpropagation, and supervised
learning for the training of the network. The method contains input, hidden and
output layers and the model aims to map input data onto an output space [76].
Table 2-8 depicts some of the values of the model evaluating factors from this
study [77]. Overall, the study also concluded that using hybrid ClI methods
(particularly the GA-ANN method) led to an improved and optimized opportunity
for the production of Hz. It should be noted that this review, covered various Hz

production methods and was not exclusive to SE-SMR.
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Table 2-8 The values of the model evaluating factors.

Paper | Method Efficiency factor Value
1 ANN-MLP | R? 0.99 for H2 production yield
RSM R? 0.90 for H2 production yield
2 ANN-MLP | R? 0.9726, 0.8597, 0.9638 & 0.9394 for H2 yield, CO
yield, CH4 conversion
ANN-RBF | R? 0.9218, 0.7759, 0.8307 & 0.7425 for H2 yield, CO
yield, CH4 conversion
6 BP ANN |r 0.955 for H2 production yield
7 ANFIS R? 0.998, 0.998, 0.999 & 0.999, respectively for Hz2 yield
& conversion efficiency of jet fuel & butanol.
8 ANFIS R? 0.9, 0.97 & 0.92 for normalized exergy destruction,
rational exergy, & process exergy efficiencies
MAPE 0.019, 0.0029, 0.0228 for normalized exergy
destruction, rational exergy, & process exergy
efficiencies
MSE 1.15, 0.245 & 1.39 for normalized exergy destruction,
rational exergy, & process exergy efficiencies
9 Modified | frequency 8% of successful long-term conduction cooling
fuzzy
algorithm
12 Fuzzy Overall weights of | 0.529, 0.46, 0.449, 0.331, 0.395 & 0.366 for SMR,
AHP each prod. CGP, BG, WE, NPE, & H2 yield, respectively
method based on
risk, cost &
opportunities
13 Fuzzy Final score of 0.1945, 0.1648, 0.1474, 0.1385, 0.1151, 0.0908,
AHP each prod. 0.0863 & 0.0627 for WS-CL, H-EL, SMR, W-EL,
method based on | POX, PV-EL, CG & BG, respectively
GHG emission,
raw material,
energy efficiency,
scalability, wastes
& emission
14 GA- ANN | R? for Training 0.966, 0.81, 0.882 & 0.92 for Hz2 concentration in the
biogas, prod. rate, yield, & effluent TOC
R2for validation 0.719, 0.806, 0.843 & 0.854 for H2 concentration in
the biogas, prod. rate, yield, & effluent TOC
15 ANN-MLP | RMSE, & SEP 16.6% & 38.4%, respectively for RMSE & SEP for H2
prod.
RSM RMSE, & SEP 7.7% & 17.8% respectively for RMSE & SEP for H2
prod.
GA- ANN | Max H2 prod. 360.5 ml/g of glucose
GA- RSM | Max Hz prod. 289.8 ml/g of glucose
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2.5.1.2 ML in Sorbent Materials; Quantitative Structure Property
Relationship (QSPR)

There have been different approaches taken to develop and predict the behaviour

of optimal properties for suitable sorbents, catalysts and CSCMs, such as the

determination of kinetic and diffusion parameters and computational modelling

[78-83], as well as material synthesis and experimental studies in a fluidised bed

reactor [84] or fixed bed reactors [85-87].

The development of an ‘optimal’ CSCM has proven to be a complicated and
monotonous one, however this can be overcome with the application of machine
learning, specifically the process of quantitative structure—property relationship
analysis (QSPR). QSPR is a modelling method to predict different physical and
thermodynamic properties using the knowledge about the chemical structure of
the molecules [88]. These chemical structure and properties are known as
descriptors. Molecular descriptors are defined as mathematical representations
of a molecule, from characteristics related to the structure of the chemical [89].
They are calculated quantum chemistry methods and allow for the modelling of
many different properties in fields such as physical chemistry, pharmaceuticals,

and analytical chemistry [90].

QSPR modelling has long been used particularly in the pharmaceutical industry
for drug development, and it has recently seen expansion into various physical
chemistry fields, including adsorption of metal organic frameworks [91-94].
Additionally, the use of QSPR in combination with other computational methods
such as DFT or process simulation has also garnered effective prediction within
research in the energy field [95,96], however, to the best of our knowledge, QSPR
has not been applied to the development of a CSCM material for use in SE-SMR.

2.5.1.3 ML in Hydrogen Storage; Metal Organic Frameworks (MOFs)

Storing hydrogen can be difficult due to its molecular properties. Whilst hydrogen

has almost three times the energy content of gasoline with 120 MJ/kg versus 44
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MJ/kg respectively, this is also inversely reflected on a volume basis. The
equivalent amount of hydrogen requires more storage space than gasoline with
liquid hydrogen having a density of 8 MJ/L whereas gasoline has 32 MJ/L [97].
Other than associated costs and practicality, the main issue is the amount of
hydrogen that can safely be stored in a vehicle and delivered as required under

operational conditions [98].

Some solutions include high-pressure gas or liquid hydrogen, physical adsorption
at cryogenic temperature (~77 K) in porous materials, primarily on the internal
and external surfaces of a nano-porous solid, is an attractive option due to the
speed and reversibility, whilst being maintained at relatively low storage
pressures (~up to 100 bar) [99]. Hydrogen physisorption also has a low enthalpy
of adsorption, compared to chemisorption, which therefore reduces thermal
management issues that can be problematic [100]. For these reasons, a lot of
research has gone into developing an optimal material, particularly metal organic
frameworks (MOFs).

MOFs are made from inorganic nodes and organic linkers and are a class of often
crystalline materials that can be tuned to have ultrahigh porosity and high surface
areas, made from infinitely extendable metal ligand networks [101,102]. These
properties make MOFs an effective candidate for storage and transportation
applications in clean energy, for gases such as hydrogen and methane, and as
high-capacity adsorbents to meet various separation needs. As advantageous as
MOF are, there are also some downsides to MOFs. These challenges vary
greatly depending on the MOF class, but can include laborious or expensive
synthesis, lack of electrical conductivity, and chemical, thermal, and mechanical
stability to name a few [103]. For example, in terms of synthesis, difficulties can
include understanding and controlling both structural and compositional
complexity.

Therefore, owing to the difficulty in exhaustively assessing large libraries of these
complex materials experimentally, the use of computational chemistry has been

widely employed to accelerate the evaluation of such materials, particularly the
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use of GCMC [104]. GCMC is a statistical-mechanical method, in which a
thorough molecular-level modelling of adsorption is solved accurately [105]. It is
an approach that is widely used for the simulation of adsorption equilibrium, thus
making it beneficial to model H2 adsorption on a MOF. However, a main downside
is computational time which is why ML is sometimes favoured.

There are a number of studies that have explored MOFs for Hz uptake, using
either ML, GCMC or both with interesting results [106—111]. A largely cited paper
in the field of MOFs for Hz uptake is by Ahmed et al. [112], which looks at using
computational screening via GCMC to examine 493,458 MOFs based on the
crystallographic properties and the Chahine rule. The conditions used were a
pressure swing between 100 bar and 5 bar at 77 K and the benchmark used was
the best performing MOF at the time which was identified to be IRMOF-20, which
had been found to have the best combination of gravimetric & volumetric
capacities under these pressure-temperature conditions [113]- a tricky balance
to achieve. From this study, three MOFs surpassing IRMOF-20 were found, and
experimentally validated with positive results, yielding the current record-holders
for balanced hydrogen capacity- SNU-70, UMCM-9, and PCN-610/NU-100, with
a ceiling of ~40 g H2/L. It should be noted that although there are MOFs with
higher volumetric capacities, this study focused on high volumetric along with
gravimetric capacity, thus these are the current highest performing MOFs in both
aspects.

Bucior et al. [114] used ML to train on MOF databases, and in addition, they
calculated new descriptors for gas adsorption derived from the energetics of
MOF—guest interactions. The findings from this showed that their ML method was
three times faster than conventional molecular simulations, which allows for rapid
exploration of large numbers of MOFs. In order to validate their method, it was
applied to screen experimental MOFs and the selected highly performing MOF
was chosen to be experimentally validated, with positive results. Another study
that applied the use of machine learning in combination with other methods is by
Giappa et al., [97] where they employed multiscale theoretical calculations such

as binding energy, to identify and explore the effect of the functional group
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composition on the hydrogen uptake profile. Consequently, GCMC was then
applied to three MOF candidates, with some functional group modifications, and
the total gravimetric and volumetric uptake profile was obtained both at cryogenic
(77 K) and ambient temperature (300 K). The results obtained, showed a fair
prediction capability of the Hz binding energies even with a limited amount of data,
and that the use of ML can largely bypass the need for computational methods,
by extrapolating for valuable physical-chemical insights.

Anderson et al. [115], successfully used both machine learning and molecular
simulation for the exploration of hydrogen storage of porous crystals, including
MOFs, amongst others. They gave insights into how inputs influenced the
adsorption output, namely volumetric surface area (VSA) and gravimetric surface
area (GSA), again two parameters that lead to difficulty in finding a good balance
between volumetric and gravimetric uptake. In this study, over 18,000 adsorption
simulations using the topologically based crystal constructor code, ToBaCCo,
was used, alongside the application of a neural network model to predict
hydrogen uptake and various conditions. Results showed that the combined
application of simulation data at various temperature and pressures, as inputs to
a neural network, allowed for the prediction of hydrogen adsorption at different
thermodynamic conditions, with final results determining that 62 g/L is an
attainable deliverable hydrogen capacity for 100 bar/77 K < 5 bar/160 K swing

conditions.

2.6 Literature Review Conclusion

From the findings presented in the literature review, there have been areas that
have given an insight into the future development of this process along with
machine learning. There are gaps in the research which allows for the research
presented in this study going forward to address and pave the way for future work.
As mentioned, prior, the process of SE-SMR is a well-established one, and little
or very novel work can result in more unknowns, therefore the main focus will be

on the Al aspect, with some exceptions.
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An emerging development in the field of SE-SMR is the concept of combined
catalyst and sorbent material (CSCM) or also known as hybrid/ bifunctional
catalyst sorbent and catalyst. There are already substantial studies focused on
this developed, and although the separate materials in their own right have been
subject to years of analysis and investigation, with a general consensus, it can’t
be said the same for a CSCM combination, therefore that will be an incorporated

part of this study.

From this literature review however other aspects such as the operating
conditions, reactor type, and reactor material properties were explored, and it was
concluded that there is an agreement on these parameter conditions amongst

esteemed researchers.

Certainly, within the modelling aspect of the SE-SMR process, there is larger
scope, such as research on the machine learning control, namely neural
networks. Whilst other processes have had these models applied for various
outcomes (optimisations, predictions, verification), the sorption enhanced steam
methane reforming process as a whole, has not had NN applied. Moreover,
QSPR is a very novel approach to this process, therefore this will be applied in
our study into the exploration of hydrogen production via SE-SMR, from process
control to the materials used (CSCM or doped sorbents) to the final product i.e.,

the storage of the blue hydrogen produced.
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3.1 Introduction

“Carbon Capture and Storage (CCS) will play a critical role in future
decarbonisation efforts to meet the Paris Agreement targets and mitigate the
worst effects of climate change. Whilst there are many well developed CCS
technologies there is the potential for improvement that can encourage CCS

deployment. A time and cost-efficient way of advancing CCS is through the
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application of machine learning (ML). ML is a collective term for high-level
statistical tools and algorithms that can be used to classify, predict, optimise and

cluster data.

The use of machine learning (ML) has increased for a multitude of applications
due to the growth in computing power in recent years, as well as for CCS
applications as well. ML offers the potential to identify links between data/results
that aren’t readily identifiable, and it also provides alternative lower computing
cost pathways. Within the field of CCS, ML has begun to be utilised to evaluate
new CO:2 sorbents and oxygen carrier materials [1], simulate, control and operate
capture processes [2-7] , simplify process economics, predict CO2 solubilities in
solvents and CO:2 capture capacities in adsorbents [8-10], improve the accuracy
of multiphase flowmeters used for CO2 pipelines [11], and predict leaks from CO2
wells [12]; each with the aim of advancing the field of CCS in a cost and time
effective manner. Nevertheless, ML in CCS is still relatively new and there is

much yet to be studied.”

3.2 Machine Learning Algorithms

“ML is a subset of artificial intelligence (Al) that involves the study of computer
algorithms that allow programs to automatically improve through experience
[13,14]. Advantages include ease of trends and pattern identification, minimal
human intervention (automation), ability to improve continuously, as well as high
efficiency in the handling of multi-dimensional and multi-variety data [13,15]. Its
application is however sometimes limited by factors such as ethics, lack of
physical constraint, data availability and quality, misapplication as well as
interpretability [16]. Figure 3-1 presents the types of ML and respective areas of
application, [17].”
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Figure 3-1 Types and applications of machine learning

“There are three main types of ML: supervised, unsupervised and reinforcement
learning. The supervised ML, which is the most commonly used of the three is
usually applied when the input-output data is known. It involves training the ML
models to learn the relationship between the given inputs and associated output
values [18]. If the available dataset consists of only input values (no labels),
unsupervised ML can be used in an attempt to identify trends, structure, patterns
or clustering in the input data [19]. Reinforcement learning is an ML technique
that enables an agent to learn in an interactive environment by trial and error
using feedback from its actions and experiences [20]. The execution of any of the
types of ML can be done through the application of the appropriate algorithm. A

brief description of common ML algorithms is presented in Table 3-1, [17,21].
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Table 3-1 Common machine learning algorithms

Algorithm L

g Task type Description
name
Linear By fitting a linear model with coefficients, this algorithm
rearession Regression correlates each data feature to the output, thus assisting in

g predicting future values.
Logistic Classification A classification algorithm that predicts the likelihood of a
regression dependent variable (usually binary) belonging to a category.
. Regression This interpretable algorithm performs by splitting values of data
Decision . L . . -
ree and features into branches at decision nodes until a final decision
classification | output is established.
Naive Regression This algorithm is based on the Bayesian theorem which
Baves and updates the prior knowledge of an event with the independent
Y classification | probability of each feature that can affect the event.
Support Regression, . . . .

PP 9 o This algorithm operates by transforming the required data and
vector classification, determining the optimal boundary (hyperplane) between the
Machines and outlier various outg uts P y (Nyperp
(SVMs) detection PUts.

. The algorithm is an ensemble of decision trees characterised
Regression . . .
Random and by improved accuracy. It operates by generating a multitude of
forest e decision trees and uses either the modal vote or average
classification L e . )
prediction for classification or regression tasks respectively.
Artificial Regression, | This algorithm which is modelled after the biological neurons of
Neural classification, | the brain consists of several layers with interconnected artificial
Network and neurons performing various data transformations to obtain the
(ANN) clustering required output.
K-means This centroid-based algorithm clusters unlabelled data points
. Clustering by their similarity of characteristics determined by the model
clustering . .
without human interference.
Hierarchical Clusterin This algorithm splits clusters along a hierarchical tree to form a
clustering 9 classification system.
Gaussian . . . . .
. . This unsupervised algorithm clusters data by estimating the
mixture Clustering o
density distribution of the dataset.
model
Regression . ) . .
g This is an ensemble algorithm that combines multiple weak
AdaBoost and ) , :
e algorithms to obtain an improved output.
classification
Principal . . , . . .
P . . This algorithm is often used to reduce the dimensionality of
Component | Dimension ) . L -
. . large data sets without distorting its characteristics. (Though
Analysis reduction . . .
(PCA) not strictly a ML algorithm on its own.)

100



Other ML algorithms include K-Nearest neighbour, Density-Based Spatial
Clustering of Applications with Noise (DBSCAN), recommender systems, genetic
algorithm, gradient boosting trees, particle swarm algorithms. The choice of
algorithm is dependent on the characteristics of the available dataset and
required output or task [18]. It is important to note that in many applications,
multiple algorithms are usually combined (referred to as ensemble algorithms) to

improve model performance accuracy and robustness.”

3.3 Machine Learning in CO2 Adsorption

“Adsorbents are micro-porous structures with a characteristically large surface
area and the ability to capture large amounts of gases on their surface [22]. They
generally have a selective affinity for specific gases in a mixture of gases, making
them ideal for gas separation applications such as CO: capture [22,23]. One of
the primary considerations when designing an adsorbent-based CO:2 capture
process is the choice of the adsorbent media [24]. This field has gone through a
renaissance in recent years with the advent of organometallic chemistry
[8,25,26]. There are several new classes of adsorbents such as Metal-Organic
Frameworks (MOFs) [25-27], Covalent Organic Frameworks (COFs) [28],
Zeolitic Imidazolate Frameworks (ZIFs) [29], Porous Organic Cages (POCs) [30]
along with the classical Zeolites [22,31] and activated carbons. Many of these
porous structures are chemically and physically tuneable and can be reverse
engineered to provide the process designer with tailor-made options [32-34].
This means an effectively infinite number of possible structures can be theorised
[8,35]. Exploring the entire adsorbent material design space is computationally
restrictive, and traditional adsorbent characterisation techniques are time-
consuming, adding to the complexity [35,36]. Large databases with over one
million of such real and in-silico hypothetical porous structures are available to
process designers that are already partially characterised for the application of
COz capture [8,37-43].”
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3.3.1 Machine Learning in Calcium Looping

Calcium looping is a CO:2 capture process, that uses calcium oxide-based
sorbents to separate and remove CO2 from flue gases. The process is based on
the reversible reaction of lime with CO2 and is considered as an emerging CO2
capture technology. This process has been well researched with findings
focusing on optimal CaO based sorbents to achieve the best capture efficiency,
however the application of ML to this field is relatively new, with very few studies

on this.

Chen et al. [44] proposed the use of BPNN to predict the performance of Ca-
based sorbents in the calcination/carbonation cycles, based on TGA
experimental data. This study investigated the factors that affected the sorbent
performance, namely sample particle diameter, calcination temperature,
calcination duration, calcination atmosphere and carbonation duration. The feed-
forward multilayer ANN, which had the architecture of 5-34-1, had the five
aforementioned factors as inputs, and the carbonation conversion degree as the
output parameter, calculated with the assumption that the decomposition of
calcium carbonation was the only reason for sample weight change. Here, 75%
of the data was used for training while the remaining 25% was accounted as the
test data. The model proposed showed strong correlation with TGA results and
proved the validity for the approximation of Ca-based sorbent in the carbonation

process even when conducted at extreme reaction condition.

A recent application of ML to the calcium looping process was developed by
Nkulikiyinka et al. [45]. Here, the authors developed an ANN and random forest
(RF) model to act as soft sensor models, for the prediction of gas concentrations
for the reaction of steam methane reforming coupled with calcium looping, also
known as sorption enhanced steam methane reforming (SE-SMR). In this study,
the data was obtained using the Aspen Plus software, where input parameters,
regenerator and reformer temperatures, pressure, steam-to-carbon ratio and
sorbent-to-carbon ratio, were varied to obtain a wide range of data for the

process. The Aspen Plus data was validated against literature data, and was then
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split into training, validation and test data. Various gas concentrations in the
reformer and regenerator, as well as methane conversion were used as the
output parameters. The models developed displayed high accuracy prediction for
the reactor gas concentrations and confirmed that ANN and RF algorithms can
successfully model a nonlinear process such as SE-SMR, and therefore can act

as a suitable data-driven soft sensor for the process.

Krzywanski et al. [46] explored a method of predicting the NOx emissions
produced from the regenerator of a calcium looping system, coupled with oxyfuel
combustion of coal to provide heat of decomposition, using a regression analysis-
based modelling technique. The authors conducted the experiment in a dual-
fluidized bed (DFB), with the effects of fuel type, oxygen feed, and NO addition
to primary or secondary feed gas, being evaluated. The authors provided limited
detail on the regression model, however Figure 3-2, [46], shows the flowchart of
the model application, and the only inputs necessary are the fixed carbon, the
molar ratio of nitrogen to carbon content in fuel (N/C), and the Oz concentration
in the flue gas from the regenerator, leading to the NOx emission as the output
parameter. The results obtained from the model were in good agreement with
experimental results, with a correlation coefficient equal to 0.925. They confirmed
that the developed model could readily be applied by scientists as well as

engineers for future optimization purposes.

Input Call the
parameters 4 model

Figure 3-2 Application of the model for the evaluation of NOx concentration if flue gas.

An alternate purpose that ML has been applied to in the calcium looping field, is
on the study of the economic feasibility of the post-combustion calcium looping
process on a 580 MW coal fired power plant, by Hanak and Manovic [47]. In this
study an ANN was developed using data from Aspen Plus simulations, and this
model was then combined with results from an economic model developed from
a Monte Carlo (MC) simulation. The ANN model was used to connect the process

inputs of the process model with the process inputs of the economic model. A
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two-layer feedforward ANN with ten sigmoid hidden neurons and linear output
neurons was developed, with 70% of the data obtained from the Aspen Plus
model, used for training, 15% used for validation and 15% used for testing. Figure
3-3, [47], shows that the ANN used in this study is capable of depicting the
thermodynamic performance of the calcium looping retrofit accurately, despite
the nonlinear characteristic. The study concluded that the stochastic approach,
and incorporation of the ANN model in the economic feasibility assessment
enables a more accurate and reliable comparison of different calcium looping
retrofit configurations.”

Input layer Output layer

Gross power output of the secondary
steam cycle

Net power output of the retrofitted
: system

Relative make-up rate ¥
CO, emission rate

O, content in the calciner
inlet gas stream

9 CO;, rate to transport and storage
O, content in the calciner
outlet gas stream

XL IR Fuel consumption rate in the calciner
CO, capture level {/’1 Z‘}&m\‘\
N

754X XS
) \\‘L\\
/SN

Sorbent make-up rate in the calciner

25
KT JNESDERNSST
/2 .’vl ’ \‘,0\’;5‘;‘9\‘«

17

)

AR

\ / a7 /; é; g‘i\‘*\\ Volumetric flow rate of fluidising gas
7% /"/A’é“ " o the calciner

Bias

Volumetric flow rate of fluidising gas

Figure 3-3 Structure of the artificial neural network used to map the thermodynamic

performance of the calcium looping process retrofit.

3.4 Conclusion

“For ML in CO2 adsorption, the research is focused on applying ML in adsorbent
synthesis and characterisation, process modelling and optimisation, and process
inversion. It suggests that ML is a powerful tool for screening solvents and

adsorbents, as well as process modelling and optimization, which can reduce the
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development time, capital and operating costs for CO2 capture. There are some
studies available that utilise ML models for calcium looping and/or chemical
looping combustion for CO2 capture and is an area that requires more work.
Some researchers have started to apply ML to predict the performance of oxygen
carriers and Ca-based sorbents, as well as process control and techno-economic
assessments. The findings so far in ML use for CO2 absorption and adsorption,
is that it can be adapted to the calcium looping and chemical looping combustion
for CO2 capture. For instance, using QSPR to find the optimal properties of
oxygen carriers and Ca-based sorbents for CO2 separation. ML is also expected
to play a vital role in the development of COz2 utilisation technologies, such as
screening the catalysts for COz2 catalytic or electro-catalytic conversion, combined
with the DFT calculations, and predicting suitable microalgae types and optimal

cultivation conditions for carbon fixation.

The distinct advantages of applying ML in CCS are that it provides the potential
to identify links between data/results that aren’t readily identifiable, and it also
provides alternative lower computing cost pathways. Researchers in CCS can
apply ML to accelerate the design and development of materials for CO:2
separation and conversion, measure the multiphase CO: flow, evaluate the
trapping mechanisms for CO2 storage, and develop the surrogate model for
process optimisation and uncertainty analysis. It is important to mention that ML
is a data-driven method, which always requires a large quantity of data to develop
generalised and robust models. The quality of training dataset, the selections of
input-output features and the type of ML algorithms play a vital role to develop a
comprehensive model. As mentioned before, some researchers have illustrated
suitable methods for feature selection, avoiding overfitting, and issues with small
datasets, when applying ML in CCS. With the development of ML in CCS, it is
expected that ML will be an efficient tool to accelerate the development of cost-

effective CCS systems to tackle the climate change.

Regarding further topics discussed in the full review, the authors made the

following recommendations for future work and research:
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. “Education of future generations in ML techniques and CCS at
undergraduate and graduate levels is incredibly important and something
that is not always part of mainstream curriculums in engineering. We
recommend ML and CCS take a greater emphasis in Higher Education
practice.

. Greater emphasis should also be placed on transferable learning-focused
methods, so that models do not need to be retrained for each material
and/or process. Generalised models, which can infer functional
information should be explored in CCS.

. The development of combined models for materials and process
optimisation (performed simultaneously) would prove useful for
deployment of CCS technologies at commercial scale.

. Utilising uncertainty assessment methods to accurately estimate the
potential value proposition of CCS systems.

. Performing more detailed investigations on the effect of process scale (in
capture/utilisation). Do models/designs/optimisation conducted at lab/pilot
scales hold at industrial scales, or will models need to be retrained and
optimisation redone during scaling up? Can ML models be truly multi-scale
(accounting for chemical properties of materials to overall reactor
performance) in their CCS applications? This will need increased
collaboration with industrial partners.

. Developing hybrid ML methods that find ways to incorporate
intuition/domain knowledge to compensate for a lack of data.

. Process control is challenging in many CCS (and other chemical)
processes, more work needs to be conducted to understand if ML can be
applied to improve process control.

. Finally, we recommend that when ML research is conducted in CCS, then
the training data and ML models should be made publicly accessible in the

open domain to enable greater take up and deployment.”
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3.5 This Study

Considering these recommendations, this thesis has attempted to address some,

for example, points 2, 3, 6, and 7.

More specifically, Chapter 4 addresses point 7, in producing a machine learning
methodology with the ability to predict gas concentrations in a reactor when
hardware sensors are not available, therefore allowing for better process control

where necessary.

Chapter 5 partially addresses point 3, and point 6, in terms of developing a
machine learning model that can predict the behaviour of a combined material
using single and multitask learning, via datamining to create two separate
databases.

Chapter 6 also partially addresses point 3, by utilising machine learning and
patterns in data, for the identification of optimal hydrogen storage MOF materials.
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Abstract

Carbon dioxide-abated hydrogen can be synthesised via various processes, one
of which is sorption enhanced steam methane reforming (SE-SMR), which
produces separated streams of high purity H2 and CO.2. Properties of hydrogen
and the sorbent material hinder the ability to rapidly upscale SE-SMR, therefore
the use of artificial intelligence models, that are a realistic representation of plant
performance, is useful in order to assist scale up. Advantages of a data driven
soft-sensor model over thermodynamic simulation software is the ability to obtain
real time information dependent on actual process conditions. A soft sensor
model using machine learning has been developed and used to predict and
estimate variables that are otherwise difficult to be directly measured. In this
study, artificial neural networks and the random forest models were developed
as soft sensor prediction models. Both models were shown to provide good
performance predictions for gas concentrations in the reformer and regenerator
reactors of the SE-SMR process using temperature, pressure, steam to carbon
ratio and sorbent to carbon ratio as input process features. Additionally, the CHa4
conversion within the reformer, that was predicted with both algorithms was able
to reflect the efficiency of the reaction very accurately. Both models were accurate

with high R? values, all above 98%, however the random forest model was more
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precise in the predictions, and thus has a good ability to act as a soft sensor, with
consistently higher R? values and lower mean absolute error values (0.002-0.014)

compared to the neural network model (0.005-0.024).

Keywords: Machine learning; artificial neural network; sorption enhanced steam

methane reforming; soft sensor; calcium looping

4.1 Introduction

Aside from the imperative need to reduce greenhouse gas emissions from fossil
fuel use, there are many other reasons why blue hydrogen, produced from fossil
fuels with CO2 capture, is likely to be at the forefront of future energy systems.
For instance, it can be produced in several ways and from numerous resources,
both renewable and non-renewable, and upon combustion, no greenhouse gases
or other emissions are produced. Hydrogen can also be used to decarbonise
several sectors that are otherwise difficult to reduce greenhouse gas emissions
from [1].

Although hydrogen can be produced from various resources, both renewables
and non-renewables, the most common method at present for production of Hz is
via steam methane reforming (SMR). In this process, methane is reacted with
steam producing carbon monoxide and Hz, then the carbon monoxide is reacted

with steam in water gas shift (WGS) reactors to produce CO2 and more Ho.

The reactions that take place in order to produce Hz from methane are reforming
(reaction (2-1)) and the WGS Reaction (reaction (2-2)), giving the overall SMR

reaction (reaction (2-3)):

CH, + H,0 & CO + 3H, AHr 208k = +206 kJ/mol (2-1)
CO + H20 d COZ + HZ AHI’,298K =-41 kJ/mOI (2'2)
CH, + 2H,0 & CO, + 4H, AHr 208k = +165 kJ/mol (2-3)
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Sorbent Enhanced Steam Methane Reforming (SE-SMR) is a process which
integrates calcium looping (CaL) and SMR. The principal reactions in CalL are
carbonation (forward reaction) and calcination (backward reaction) described in
Equation 2-4. The combination of Equations (2-3) (SMR) and (2-4) (Cal) gives

the overall SE-SMR reaction shown in Equation (2-5):

Ca0 + CO, < CaCOs, AHr 298k = -178 kJ/mol (2-4)
CH, + 2H,0 + Ca0 — 4H, + CaCO, AHr.208k = -13 kJ/mol (2-5)

One of the challenges faced in SE-SMR, and in various other thermochemical
processes, is the inability to measure and thus control important variables in a
reactor and process control systems due to a variety of physical conditional
limitations. These variables range from parameters such as product composition,
concentration of reactants, spatial-temporal temperature and pressure profiles,
and the limitations stem from reasons including financial, physical, inaccuracies,
or competing influences [2]. A solution to this challenge is to incorporate artificial
intelligence (Al) into the energy sector through the use of soft sensors, which are
inferential estimators using predictions based on data to provide real time digital
approximations as to the conditions inside the reactor [3,4]. A simpler definition
of a soft sensor is that it is a predictive model based on large quantities of data
available on an industrial process, which can either be first principle models
(white-box models) or data driven models (black-box models). White box models
depend on actual mechanical data of the process, whereas the latter uses
historical collected process data, which makes black-box models far more

practical and readily applicable to process plants [5].

The principle on which soft sensors work is based on the estimation of quality
through a mathematical model that uses all available measured process variables
[6]. In further detail, the idea of inference estimation (soft sensing) is to
approximate the values of primary variables (e.g., gas composition) by the easily
measured secondary variables (e.g., temperature), which are correlated to the

primary variables.
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For example, if Y is the dependent variable (soft sensor output, e.g.
concentration) and Xi, Xz...Xn are the independent inputs (e.g. temperature, flow),
the mathematical model for the output prediction can be described with Equation
(4-1), where X = £(X1, X2...Xn) and is the vector of the inputs, B is the vector of

the model coefficients, and ¢ is the output error [6].

Y=F(XB)+¢ (4-1)

In recent years, soft sensors have been widely studied and used in industrial
process control to improve the quality of product and assure safety in production,
and additionally act as backup when hardware sensors are unavailable or
unsuitable [7,8]. In addition, the desired measurements which are the key
indicators of process performance, are normally ascertained by off-line sample
analyses or on-line product quality analysers, which are often costly and require
frequent and high-cost maintenance, and sometimes add delay to the process as
the measurements cannot be used as feedback signals for quality control

systems [9].

The use of soft sensors is not new and has been extensively implemented in
process industries for the past three decades. Recently, machine learning, as a
whole, has been used in carbon capture technologies, mainly focused on the
process modelling and control of amine-based post-combustion capture systems
[10,11]. The most up to date literature that is somewhat comparable to this study
includes use of a surrogate model to optimise the energy within steam methane
reforming [12], domain reduction for efficient surrogate model generation in the
production of hydrogen [13] and data-driven process design on SMR [14].

However, to the best of our knowledge, machine learning algorithms have not
been applied to sorption enhanced steam methane reforming to develop a soft
sensor model of the process. In this study, artificial neural network (ANN) and
random forest (RF) algorithms are employed to construct soft sensor models. A
comparison of the models is then conducted against the SE-SMR reactions taking

place to evaluate their ability to predict operating parameters including reactor
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gas concentrations, reformer CH4 conversion and overall process H:z purity at

specified conditions.

4.2 Methodology

The development of the data-driven soft sensor followed the typical systematic
approach as found in literature, with the following being the main elements of the

process [5][15]:

1. Data collection, with the secondary variables selected according to
knowledge of the process.
2. Data pre-processing
a. Outlier detection using univariate analysis.
b. Normalisation where necessary
c. Correlation/redundancy elimination using multivariate principal
component analysis (PCA)
3. Regression model development
4. Validation of the soft sensor on independent process data

For the first point, data collection, a database of 13,756 data points were obtained
for the machine learning soft sensor, which were produced from an Aspen Plus
model that was developed to simulate the SE-SMR process and then applying a
sensitivity analysis to the process across a range of commonly employed

operating ranges.

4.2.1 Process Configuration and Simulation

The SE-SMR process was simulated using Aspen Plus V10 (Figure 4-1) using
the Peng-Robinson property method and the equilibrium calculations were
performed, initially using the baseline conditions (Table 4-1). Peng-Robinson was
chosen as it's a key aspect of understanding real fluid behaviour, phase
equilibrium and thermodynamic properties. It is defined as a mathematical model
that calculates and predicts the behaviour of pure components and mixtures in
the gas, liquid and supercritical fluid state, and is one of the most commonly used

Equation of State models used within chemical engineering for this reason.
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The sorbent carrying capacity is defined as the CaO molar conversion to CaCOs
at the end of the fast carbonation stage of CaO in each carbonation—calcination
cycle. The cyclone separation efficiency is defined as how well a cyclone can
remove particulate matter in flue gas, which is usually dependant on particle size.

Table 4-1 Aspen Plus SE-SMR baseline process model parameters.

Baseline Conditions

Steam to carbon molar ratio 4
Sorbent to carbon molar ratio 1
Pressure 1 bar
Reformer temperature 650°C
Regenerator temperature 850°C
Efffiecsizlrj\::i/ Swing Adsorber (PSA) 95%
Sorbent carrying capacity 20%
Cyclone separation efficiency 100%

The reformer and regenerator reactors were simulated with RGibbs blocks. CO2-
abated hydrogen (stream 18) was obtained from separating hydrogen from the
other flue gas components using a pressure swing adsorber with an efficiency of
95%. Water was separated from the system, using flash separators, producing
two product streams of water (streams 16 and 20) and the product stream of CO2
(stream 19). The temperature and pressure for FL1 and FL2 were both at 25°C
and 1 bar. The method of operation within these units is to heat the feed up at a
certain pressure and temperature, wherein some of the mixture will be vaporised.
This results in two phases: a vapor phase, saturated with the more volatile
components, and a liquid phase, with the less volatile components, resulting into

two exit streams in different phases.

An oxyfired calciner was added to the process in order to provide heat for the
regeneration of the carbonated sorbent. In this case the heat requirement is met
by combustion of methane (stream 2) and PSA tail gas (stream 17- consisting of
CHg4, H20, CO, CO2 and Hz all in trace amounts i.e., 0.02-0.19kmol/hr), using
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oxygen (stream 22) from an air separation unit, producing carbon dioxide and
steam. To ensure these were the only gases formed, excess oxygen was
supplied to ensure complete combustion of methane. Fresh sorbent i.e.,
limestone (CaCOs), was entered into the process via stream 24. Two heat
exchangers were used in order to elevate as well as maintain the heat in the
streams to and from the reactors, thus achieving an efficient heat integration of
the reactors’ thermal content. With these baseline conditions, the Hz purity was
found to be 91.65%. Stream compositions under baseline conditions are shown

in the appendices (Table_Apx A-1).

Methane
Feed

Spent
22 P
[]
EVAP | Evaporator
HX1/2 | Heat Exchanpgers

R1 Reformer/ Carbonator
- .—)19 i CO. Produc(l a
R2 | Repenerator/Calciner P FL1 - 2
ASU

CYC1/2| Crclones
FL1/2 | Flash Separators
PSA | Pressure Swing Absorber

ASU | Air Separation Unit

Figure 4-1 Process flow diagram of the SE-SMR process simulated in Aspen Plus.

A sensitivity analysis was performed to generate a large database (13,756) that
was implemented in the machine learning models. The parameters that were
chosen to vary were: steam to carbon ratio, sorbent to carbon ratio, reformer
pressure, as well as reformer and regenerator temperatures. They were varied
over the ranges shown in Table 4-2. These parameters were chosen as they form
the independent control/performance variables for the SE-SMR process, and the
ranges were chosen as they were typically reported in the available literature [16—
19]. The data sampling was arranged with one change per datapoint and the

rationale for this was to act as if it were an actual reactor and therefore
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experiencing slight changes in the conditions in every and any direction. For
example, for one datapoint the reformer temperature, regenerator temperature,
S/C (steam to carbon ratio) and reformer pressure were all kept constant with
changing CaO/C (sorbent to carbon ratios). Then for the next datapoint, the next
reformer temperature was chosen, and again the other three parameters were
kept constant, for changing CaO/C, and so forth so that each parameter was
altered and was combined with all changes in the other parameters as well.
Additionally, as seen in Table 4-2, whilst the pressures and temperatures had set
intervals, the ratios varied between the given ranges as they were calculated from
changing flowrates. Again, this was chosen to replicate practical operation as the
flowrates would be the parameters altered as opposed to picking specific ratios.
What was ensured however was that the ratios were kept within the specified

ranges.

Although oxy-fuel combustion usually occurs in 70-80% CO2 and 30-20% O3
since burning methane in Oz releases a lot of heat, instead of recycling CO2 from
stream 12, only CO:2 from the PSA off-gas was recycled. This is because it has
been shown in literature, that increasing the oxygen concentration in the calciner
reduces the amount of recycled gas (CO2z, H20 and impurities); thus, removing
the energy necessary to heat the recycled gas stream [20]. To ensure excess air
was supplied to the process at all times, a calculator block was used, which took
into account the methane fed to and the CO2 from the PSA off-gas recycled to
the calciner and made appropriate adjustments to the flow from the ASU. In
addition, a design spec was used to ensure the quantity of fresh sorbent supplied
was equal to the spent sorbent being purged from the calciner. The specification
also ensured the relative sorbent make up (Fresh limestone/Sorbent circulation
rate) was 0.04 mol% which is in the range of typical rates presented in the
literature [21].
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Table 4-2 Parameter ranges used in the sensitivity analysis to build up the machine

learning database. *In order to obtain a ratio, the flowrates for the steam, methane or

sorbent, were altered between the given ranges, and a ratio was then calculated.

Parameter Range Intervals
Steam to carbon ratio 1-7 Various*
Sorbent to carbon ratio 0.1-5 Various*
Reformer pressure 1-10 bar 1,5, 10 bar
Reformer temperature 500 - 800°C Every 50°C
Regenerator temperature | 700 - 1000°C Every 50°C

4.2.2 SE-SMR Process Model Validation

In order to validate the SE-SMR process model and thus to ensure that the results

from the machine learning models were an accurate representation of the system,

the literature data were used, as a comparison with the model predictions is

presented in Table 4-3.

Table 4-3 Comparison of literature data against Aspen Plus data for validation purposes.

Li et al. Johnsen et al. Arstad et al.
[22] [23] [24]
Process parameters
S/C ratio 5 3 4
CaO/C ratio 0.125 0.18 1.1
Reformer pressure (bar) 1 1 1
Reformer temperature (°C) 630 600 575
(R%g)]enerator temperature 850 850 895
Literature data
H concentration (%) 95.6 98.4 95.8
CO; concentration (%) 2.7 0.4 0.7
Model predictions
H. concentration (%) 97.3 96.9 98.9
CO; concentration (%) 15 0.5 0.3
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Table 4-3 shows that the model predictions are in good agreement with the
experimental data found in literature. The average percentage error (Equation (4-
2)), where n is the number of times the summation iteration happens, At is the
actual value and F¢ is the forecast value, across the Hz concentration and COz2
concentration is 2.2% and 42.2%, respectively. The deviation for H2 concentration
is deemed acceptable to validate the model as 2.2% margin of error for
experimental results, particularly for this sample size. On the other hand, whilst
the CO2 concentration error is much higher, it should be considered that CO2
concentrations are relatively low, and a small deviation in process performance

can make a significant difference.

(4-2)

1 At - Ft
Average percentage error (%) = EZ I
t
t=1

4.2.3 Machine Learning Model Selection

The input variables, or features, chosen were S/C (steam to carbon ratio), CaO/C
(sorbent to carbon ratio), reformer pressure and the reformer and regenerator
temperatures. The desired soft sensor outputs to be obtained from these features
were the gaseous concentrations within the reformer (H20, CO, H2) and
regenerator (H20, COz2). Another valued output to be found during process
operation was the reformer CH4 conversion efficiency (Equation (4-3)) defined as
the moles of CH4 reacted, divided by the moles of CH4 going entering the reformer
[25].

(McH, 1~ MCH, oue) « 100 (4-3)

CH, conversion (%) =

NcH, 1
With the five input features and the desired output performance indicators
selected, a machine learning algorithm was developed. As the information
gathered was all numerical, very little data pre-processing was required at this
stage. One action taken on the data was randomising the order of the data as it
had been collected in order of increasing variable e.g., S/C, CaO/C, temperature,

pressure. This was an action taken to prevent the models from overfitting the
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data, by recognising a sequential pattern. Additionally, the data was scaled once
it was implemented into Python, more specifically normalised to have a value
between zero and one, which prevented the models attributing a higher
‘importance’ to larger values, and thus giving it higher influence on the overall

results.

The next step in the process to develop the soft sensor, was to select appropriate
machine learning models that were suitable for the type of data collected. The
type of machine learning chosen was ‘supervised learning’ since the system was
presented with labelled input-output data in order to learn from it. Of the two types
of supervised learning categories- classification and regression, regression was
the type to be used as the data was continuous and numerical. The two models

chosen were RF and ANN.

4.3 Machine Learning Theory and Calculations

4.3.1 Random Forest

The random forest model is a combination of decision tree predictors, where each
tree depends on the values of a random vector sampled independently, as well
as with an equal distribution across all trees [26]. They are able to overcome the
problem of overfitting as they introduce the randomness into each individual tree
by growing each tree on a bootstrap sample of the training data and only using
random subsets of the available predictors when creating the split. The formula
for the predictions is given in Equation (4-4), where x' is unseen samples, f, is

each tree and B is the number of trees after the spilt.

L& (4-4)
f0)= 2> folx)
b=1

Two principal features of the RF algorithm are out-of-bag (OOB) error estimates
and feature importance rankings. Out-of-bag samples refers to a third of samples
not being used for fitting a particular regression tree in the forest. The OOB score
provides a similar measure of the model's generalization error and is calculated

by constructing the predictor for each observation with the trees that apply for
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that specific observation that was out-of-bag. The overall OOB score is then
computed as the average error of all OOB predictions [27]. The feature
importance is calculated by recording the improvement in the split-criterion at
each split and in each tree. These improvements are then attributed to the feature
that were used to split these particular nodes and summed over all trees and for

all feature separately [28].

The primary reasons for the random forest algorithm being beneficial for this type
of dataset includes that they are quite resistant to overfitting, with the addition of
more trees and they do not require complicated or time-consuming processes of
variable selection [29]. Additionally, RF can handle missing values and maintain
the accuracy of a large proportion of data. An annotation of how this random
forest works through the ‘trees’ is shown in supplementary materials (Figure_Apx
A-1)

4.3.2 Artificial Neural Network (ANN)

ANN is a non-parametric, information processing, statistical paradigm, which
does not require any pre-assumption of the input—output relationship. ANNs
consist of three principal layers: an input layer, several hidden layers and an
output layer, which are made up of various numbers of connected ‘neurons’ or
‘nodes’ in each layer. The quantity of hidden layers defines the depth of the
architecture. The data is transferred from the input node, along to the hidden layer
nodes, eventually reaching the output layer to achieve the results or predictions
[30]. It has also been shown that ANNs have the ability to approximate any non-
linear system with high interpolation capacity. ANNs have a high ability to
effectively approximate non-linear systems which is down to the use of one or
more hidden layers and non-linear transfer functions in the hidden layer's
neurons. A unique attribute of ANNSs is that they are adaptive, but with the
requirement that the input data is presented to the network in order to recognize
the process i.e., it must be trained first, therefore, ANN is a ‘supervised learning’
algorithm. The training process of the ANNs aims to achieve the highest

coefficient of determination (R?) and the lowest root mean square error (RMSE)
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and mean absolute error (MAE) (Equations (4-5) and (4-6)), where n is the
quantity of data required for the network training ,y; is the predicted output and ¢;
is the target output. This is done by fine-tuning the weights and biases according
to the training algorithms [10][31]. The reason both RMSE and MAE were used
as accuracy metrics include, that they can be used together to diagnose the

variation in the errors in a set of forecasts.

The MAE measures the average magnitude of the errors in a set of forecasts,
without considering their direction. It measures accuracy for continuous variables
and is a linear score which means that all the individual differences are weighted

equally in the average.

The RMSE is a quadratic scoring rule which measures the average magnitude of
the error. Since the errors are squared before they are averaged, the RMSE gives
a relatively high weight to large errors. This means the RMSE is most useful when
large errors are particularly undesirable.

1 n
RMSE = |- [;(ti - yi)2]

MAE = %[z;lti ~yil| (*+0)

The use of ANN as a tool for nonlinear soft sensing modelling has been widely

(4-5)

used in the recent years, particularly regarding the prediction accuracy and
saving of computational costs in many industrial fields [32]. Some examples of
the applications include estimation of outputs based on industrial data [11],
reduction of costs involved in computational methods [33], and prediction of
behaviour for control and optimization systems [34,35]. Benefits of this model
include that it has the ability to model highly non-linear functions and can be

trained to accurately generalise when presented with new, unseen data [36].

128



4.3.3 Multivariate Analysis

As previously mentioned in the section 4.3.1, a feature commonly used within the
random forest model is the feature importance (Table 4-4), which is found by the
OOB data. When the training set for the current tree is drawn by sampling with
replacement, as explained in section 4.3.1, only a third of the cases are left out
of the sample. This OOB data is used to get a running unbiased estimate of the
classification error as trees are added to the forest, and also used to get estimates
of feature importance, which has proven to be unbiased in many tests [26], (full
list of data in Appendix A, Table_Apx A-2). In addition, another popular method
to quantify the importance of the features on the impact it has on a model, is to
permute the values of each feature and measure the effect of permutation on the
accuracy of the model. This essentially creates a cut-off point in the feature
importance values [37]. An example of this is applied to the CO2 concentration in
the regenerator. Table 4-4 indicates that regenerator temperature and the
sorbent to carbon ratio are the most influential in the CO2 concentration, and it is
clear from permuting the values of the other three features, that the former two
are the only important features in predicting CO2 concentration from the calciner,
which is expected. From this it can also be inferred that the value of 0.1 for
variable importance acts as a good cut-off point as the R? value remained at
>0.99 with the permuted features. This was confirmed by testing the other
concentrations and permuting values until a significant change in accuracy was
found, and across each parameter it was clear that features with an importance

greater than 0.1 was considered ‘important’.

The equivalence of this application in ANN is backward stepwise elimination to
the ANN model (assessing change to RMSE with each input node removal) [38].
However, it has been reported in the literature [39,40] that the method of
backward stepwise elimination is not always a preferable method of quantifying
variable importance, as the method is usually only successful in measuring the

most influential variable as opposed to the whole input dataset.
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Table 4-4 Random Forest feature importance for each output parameter. (Ref = Reformer,

Reg = Regenerator, T = Temperature, P = Pressure)

Level of Reformer | Reformer | Reformer | Regenerator | Regenerator | [CH4]
importance | [H20] [CO] [H2] [H20] [CO2] reformer
conversion

Most S/IC Ref T S/IC CaO/C Reg T S/IC

Reg T Ref P Reg T S/IC CaO/C Ref T

Ref T S/C Ref T Reg T Ref T Ref P

Ref P Reg T Ref P Ref T Ref P Reg T
Least CaO/C CaO/C CaO/C Ref P SIC CaO/C

ANN is often seen as a black box, from which it is very difficult to extract useful
information for another purpose like feature importance/explanations [41].
Although it is possible, for this reason, to analyse the input features for the ANN
model and compare against the random forest variable importance, principal
component analysis (PCA) was performed as an effective procedure for the
determination of input parameters [42]. PCA is a mathematical model that is used
to reduce the dimensionality of a dataset, whilst retaining most of the variation in
the dataset, which allows for better interpretation of the data. Some features in a
dataset, measure related properties, and are effectively redundant, and therefore
should be removed for effective analysis, which is what PCA aims to do. The
reduction of features is achieved by identifying the directions (principal

components) that the variation is highest [43,44].

The PCA was calculated in Python using ‘scikit-learn's PCA package’, firstly to

check the interaction and redundancies of the five input variables.

Figure 4-2Figure 4-2 shows the correlation plot of the inputs. From this, it is inferred
that the reformer pressure and regenerator temperature, are inversely correlated,
meaning as one increases the other decreases. It can also be seen that
regenerator temperature has little linear correlation with reformer temperature,
but is positively correlated to steam to carbon ratio, as the former value is close
to zero, and the latter, close to one. Additionally, it is evident that none of the

input variables are redundant as none of the variables correlate perfectly
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throughout, i.e., none of the values are significantly close to one, so they are
independent of each other, therefore all inputs are retained for the model

development.
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Figure 4-2 Correlation heatmap of input features (Ref = Reformer, Reg = Regenerator, temp
= Temperature).

Secondly, Figure 4-3 was generated to examine the interrelation among a set of
variables in order to identify the underlying structure of those variables. As
mentioned before, PCA allows a reduction in components by looking at the
independence (Figure 4-2) as well as how they contribute to the variance, i.e.,
how the variables combine to form the principal components. This can be found

by measuring the variance ratio of the principal components.
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Figure 4-3 Heatmap showing dependencies of 5 principal components on input features
(Ref = Reformer, Reg = Regenerator, temp = Temperature).

The results for this dataset was found to be that the first PC explains 32.1% of
the variance, PC2 explains, 21.2%, PC3 and PC4 explain 20% each and PC5
explains 0.07%. This indicates a fairly even distribution of variable influence
across the first four principal components, and therefore not essentially
necessary to remove any parameters. On relatively small data sets, and in
examples from literature [40], the first two components normally contribute to
around 70-95% of the total variance, hence why PCA is normally depicted with
two principal components. PCA becomes a valid method for feature selection,
only when the most important features, are the ones that happen to have to most
variation in them, which is usually not true, and therefore features with low

variation should not automatically be disregarded [45].

In addition to explaining the variance, Figure 4-3 also explains feature
importance. From this plot it can be calculated that the top three features that

contribute to the five PCs of reformer methane conversion, are the reformer and
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regenerator temperature, and the steam to carbon ratio, which corresponds to

the random forest variable importance results (Table 4-4).

4.3.4 Machine Learning Model Setup

The models were coded in Python 3.8 using the PyCharm integrated
development environment with the Keras and TensorFlow libraries as the
backend. Keras is a library of open sources of the neural network developed in
Python, which is focused on minimization, modularity, and scalability.
Additionally, TensorFlow is an open-source software library which provides an
interface for expressing and executing various machine learning algorithms [46].
Firstly, with the ANN model, various network configurations were tested trialled
and compared with their R? and MAE values. The elbow-curve method was
employed to find the configuration with the least number of nodes per layer that
still resulted in high prediction accuracy metrics and minimised computational

time.

Alongside the number of nodes per layer, the number of epochs and batch size
are two important variables that influence the run time of the model as well as the

accuracy of prediction. Simple descriptions of these parameters are:

- Batch size: The number of samples worked through by the model before
updating the internal node parameters.
- Epoch: The number of times that the machine learning model works

through the full dataset provided whilst training.

The optimal combination was found, by methods recommended in the literature,

through multiple iterations and by plotting network accuracy vs epochs [47].

The metrics used to give the accuracy of the models were the coefficient of
determination (R?), the MAE and the root mean square error (RMSE). An
indication of a well fitted and highly accurate model was that with low RMSE and
MAE values as well as a high R?. Figure 4-4 shows a plot of accuracy using the
MAE, on the training and validation datasets over training epochs, for CHas

conversion. Whilst it is clear the variation is lesser with more epochs, the actual
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MAE at the end of both iterations is very close and the difference is almost
negligible after ~10 epochs. Due to this, 10 epochs were tested against the
dataset to further reduce computation time, however, it was found that this
resulted in error and therefore there is a minimum limit of epochs for the size of

dataset used, which in this case was 30.
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Figure 4-4 Number of epochs vs MAE for reformer H20 concentration: a) 30 epochs, b) 100

epochs.

In the literature, it is suggested that a larger number of epochs gives higher
accuracy for prediction as the model is able to go through the dataset more times.
However, with this dataset and model scenario, it was found that a sufficiently
high R2 and MSE were obtained with low batch sizes and epochs. Reasons for
this outcome is thought to be down to the use of a relatively simple and clean
dataset obtained from thermodynamic calculations in Aspen Plus, as opposed to
using experimental data that will contain experimental error leading to deviations
in the dataset. A model with 100 epochs (Figure 4-4b) and batch size of 10 gave
an R? value of 0.95 whereas a model with 30 epochs (Figure 4-4a) and batch size
of 10, and a lower model run time, gave R?value of 0.92. The small difference in
error from these two examples hides the computational time required, thus, to
minimise computational time (from 907 seconds to 245 seconds), and error a low

epoch size (30) was applied.

For the model developed, the batch size chosen was 2 and 30 epochs, and the

way in which this was found is explained in the results section.
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- To give an insight into what that meant for the data provided:

- With a dataset with 13,756 samples, the dataset was divided into 6,878
batches, each with 2 samples.

- The model weights were updated after each batch of 2 samples. One
epoch will involve 6878 batches i.e., 6878 updates to the model.

- With 30 epochs, the model will go through the whole dataset 30 times.

- Resulting in a total of 206,340 batches during the entire training process.

An additional factor in the ANN setup to be considered was the activation function
used, which defines the output signal of that node, given an input or set of inputs
[48]. From literature [11][42], it was found that whilst the Rectified Linear Unit
(ReLU), was the most commonly used due to its speed, functions such as
hyperbolic tangent (tanh) and sigmoid functions were more appropriate functions
to be used with the dataset provided. This was investigated in order to reach the
optimal function and it was found that a combination of both the ReLU and
sigmoid functions in between the layers of nodes gave the highest accuracy
metrics. A comparative view of the functions is shown in supplementary materials
(Figure_Apx A-2) and details on the activation functions are shown in Table_Apx
A-3.

The calculations involved in the random forest model are less dependent on the
inputs from the user as the model has a more automatic analysis process [49].
What does have to be specified however is the subsample size (the number of
preselected directions for splitting the data) the tree depth (which can be specified
in different ways) and the number of trees. However, there is a general consensus
that implemented default values for these parameters produce good empirical
performance in prediction, which is partially why random forests are so popular

as a machine learning tool [50].

4.4 Results and Discussion

The results are graphically presented in the form of predicted against actual plots,
which shows the accuracy of the model. These plots indicate how well the

predicted data fits with actual data, and whether the patterns in the actual data
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be reproduced by the model [51]. A model that performs well would produce a
scatter of data that are close to the y = x line. Figure 4-5 and Figure 4-6 depict
the calculated Aspen data as ‘Actual’ data plotted against the ‘Predicted’ data
from the two machine learning models. From both figures and the supporting
metrics, it is evident that the random forest performed better than the neural
network in the ability to predict the concentration of the gas in each reactor, due
to achieving higher R? and lower RMSE and MAE values (presented in Table 4-
5).

Table 4-5 Neural network vs random forest soft-sensor concentration predictions

Neural Network Random Forest

R? MAE RMSE | R? MAE RMSE
Reformer [H.O] 0.98 0.012 0.018 | 0.99 0.007 0.011
Reformer [CO] 0.99 0.005 0.008 | 0.99 0.003 0.007
Reformer [H.] 0.98 0.016 0.020 | 0.98 0.014 0.023
Regenerator [H.O] 0.99 0.011 0.015 | 0.99 0.010 0.015
Regenerator [CO;] 1.00 0.007 0.008 | 1.00 0.002 0.003
CH. Conversion 0.98 0.024 0.043 | 0.99 0.012 0.017

Another comparison of the two models is the prediction of the conversion of CH4
within the reformer, Figure 4-5(f) (ANN) and Figure 4-6(f) (RF). In this
comparison, both the neural network and random forest give a high R?value (0.98
and 0.99, respectively), indicating that they produce an accurate prediction of the
efficiency of the reaction taking place in the reformer, at any given moment. In
practical terms, this translates to allowing an operator to observe if the set
conditions (pressure, temperature, flowrates) are giving a sufficient conversion
rate and product purity in real time and make appropriate changes to achieve the

desired product.
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Figure 4-5 Actual vs Predicted plots by the ANN algorithm for: a) reformer [H20], b)
reformer [CQ], c) reformer [H], d) regenerator [H20], e) regenerator [CO2], f) reformer CH4
conversion reformer concentration modelled. Black lines in each figure represent y = Xx.

Red lines indicate the line of best fit.
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Figure 4-6 Actual vs Predicted plot by the random forest algorithm for: a) reformer [H20],
b) reformer [CO], c) reformer [H2], d) regenerator [H20], €) regenerator [CO2], f) reformer
CHa4 conversion reformer concentration modelled. Black lines in each figure representy =

X. Red lines indicate the line of best fit.

In the plots, the red line represents the line of best fit for the data, with the black
line representing y = x. For the neural network, the one main difference is that
there is a higher spread of data, and this can be explained by MAE value, which
gives the magnitude of model prediction error, and is higher for the neural
network. For all plots it is clear that that line of best fit almost overlaps the y = x
line for most plots, specifically regenerator CO2 concentration (Figure 4-6(e) and
Figure 4-5(e)). This is due to the Aspen model calculation, which is able to
calculate the most stable species in a gas stream at each temperature, which in
this case at the given temperature range, is COz. This is translated into the Python
models, as the set of five features used from Aspen, allows the model to obtain

a more accurate prediction.

Whilst the majority of the graphs are fairly uniform in the points plotted around
the line of best fit and y = x line, there are some apparently anomalistic datapoints
seen in both Figure 4-5(f) and Figure 4-6(c). For Figure 4-5(f), neural network CHa

conversion, there is a clear curve of data points above, and a few points below
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the line of best fit and y = x line. To eliminate this being a mistake, this plot was
run in Python multiple times, with different epochs and number of nodes in the
layers, with the same pattern being detected. An explanation for this is down to
the raw data and potentially, that an insufficient set of features was selected to
identify all reactions occurring, for example more components than necessary
were used leading to over or underfitting. When analysing the raw data, it is
evident that whilst 0.99% was the maximum for the conversion, at the lower end,
0.02% was the minimum however this was for a specific set of inputs, i.e. the
results go from 0.99 to 0.02% in a set pattern, with little to no results at 0-0.4%
for higher input feature conditions, and the same at 0.6-0.99% for lower input

feature data, creating a curve in the overall raw dataset.

For the Figure 4-6(c), random forest Hz concentration in the reformer, an
explanation for the plateau of datapoints at around 0.5% and again between 0.7-
0.8%, is that since H2 is the final and main product gas from all the reactions
taking place in the reformer, it is essentially least affected by slight changes in
input features. This is because it is the agglomeration of 3 different reactions -
Equations (2-1), (2-2) and (2-4) thus a lot of the different combinations of inputs
(S/C, CaO/C, temperature, pressure), result in the same Hz concentrations, which
can be seen when analysing the raw data, and can also be seen practically.
Additionally, reasons the plateau of data points occurs at the aforementioned
concentrations percentages, can be attributed to the concentration increasing
from Equation 2-1 (SMR), then again with Equation 2-2 (WGS). The data in this
study is theoretical and manually adjusted in the Aspen model however, in
literature concerning experimental studies on SE-SMR [52-54], there are a
number of different conditions that are accepted as ‘optimal’, thus, the reason for
different conditions resulting in a high Hz concentration. This pattern in data can
vaguely be seen in the neural network plot as well (Figure 4-5(c)), particularly
around 0.7%, but not as clearly. Reasons for this fall under the fact that the ANN
is a connected network of neurons, that are grouped in layers and process data
in each layer sequentially before passing forward onto next layers, therefore,

each message is passed on until the very last end results, and the output is a
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more holistic representation of the input features. On the other hand, random
forests are made up of decision trees, where within each tree, the input is
processed and an output is predicted, independent of all the other trees [55].
Additionally, an assumption that RF takes on is that it relies on sampling being
representative. For example, if one class consists of two components and in the
dataset one component is represented by 100 samples, and another component
is represented by one sample - most individual decision trees will see only the
first component and RF will misclassify the second one. RF on the whole does a
good job at classification but not as much for regression in some cases, as it does
not give precise continuous nature prediction. In the case of regression, it does
not predict beyond the range in the training data and can sometimes lead to
nonsensical predictions if applied to extrapolation domains, as seen in Figure 4-
6(c) [56]. Advantages of a data driven soft-sensor model, as opposed to a
mathematical modelling program such as Aspen Plus, is that one is able to obtain
real time variable measurements dependent on actual process conditions instead
of manually inputting each component conditions in order to obtain a parameter
output. Despite how thermodynamically accurate an Aspen Plus model is over a
soft sensor, in practical terms the use of a representative model is more

beneficial.

The use of an ANN or RF model acts as the code within a control system which
in turn predicts the concentration of the gases, thus bypassing the use of
hardware components, and with the metrics shown in Figure 4-5 and Figure 4-6,
the predictions are highly accurate. Mathematical programming software such as
Aspen Plus, have the feature of performing reactions at equilibrium, whereas
actual experimental processes experience various limitations such as diffusional
limitations and axial dispersion. For this reason, the use of a soft sensor is highly
advantageous over a simulation program, due to the use of actual historical

process data.

In addition, in practical terms, a soft sensor can be used as a backup sensor,

when the hardware sensor is faulty or is removed for maintenance or
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replacement, or it can be used in the process of quality control, in place of

laboratory analysis, which is often not exhaustive enough [6,57].

4.5 Conclusion

In this work, a soft sensor model was developed through the application of
artificial neural network (ANN) and random forest (RF) algorithms for the
hydrogen production process by sorption enhanced steam methane reforming
(SE-SMR). The choice and development of the models were discussed as well
as parameters that were necessary to produce accurate predictions of the dataset
provided. From the results, both models were shown to provide good
performance predictions for gas concentrations in the reformer and regenerator
reactors using five specified process features, in particular those of high
concentrations. Additionally, the CHa conversion within the reformer was
calculated and predicted with both models able to reflect the efficiency of the
reaction very accurately. The random forest model indicated higher levels of
accuracy with consistently higher R? values and lower mean absolute error
(0.002-0.014) compared to the neural network model (0.005-0.024). Overall, this
study concludes that ANN and RF algorithms can successfully model a nonlinear
process such as SE-SMR. The developed models can be applied as a soft sensor
for analysis and evaluation of a SE-SMR based hydrogen production plant and
to predict key process performance indicators. The chemical properties of
hydrogen and the sorbent material hinder the ability to rapidly upscale this
process, therefore the use of machine learning models, that are a realistic
representation of experimental data, is very useful in order to overcome such
limitations. With hydrogen fast becoming a leader in clean energy systems, it is
essential that all efforts are made to simplify and ensure the safety and feasibility
in the process of up-scaling hydrogen production. The use of a data-driven soft
sensor does exactly that and allows for further exploration and incorporation of
artificial intelligence into this energy field. Future directions for this study would
be to implement the soft sensor experimentally in order to compare the success
rate of the soft sensor against hardware sensors, and thus further validating this

machine learning application for the process of SE-SMR.
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Abstract

The process of Sorption Enhanced Steam Methane Reforming (SE-SMR) is a
popular emerging technology for the production of low carbon hydrogen.
Upscaling this process faces issues in the development of a suitable catalytic
material as well as a CO2 adsorbent with high capture capacity. In this study, to
aid the development of a Combined Sorbent Catalyst Material (CSCM) for SE-
SMR, a novel approach involving quantitative structure—property relationship
analysis (QSPR) has been proposed. Through data mining, two databases have
been developed for the prediction of the last cycle capacity (gCO2/gSorbent) and
methane conversion (%), wherein ‘last’ cycle refers to the cycle once the sorbent
is spenti.e., saturated. Multi-task learning (MTL) was applied for the prediction of
CSCM properties. Further information yielded from this study is patterns in data;
Colour scatter plots were able to show certain patterns in the input data as well
as suggestions on how to develop an optimal material. With all the results from
the Actual vs Predicted plots collated raw materials and synthesis conditions were
proposed that could lead to the development of a CSCM that has good
performance with respect to both the last cycle capacity and the methane

conversion.
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5.1 Introduction

Hydrogen is seen as an attractive energy source for many reasons, including the
high potential to reduce carbon emissions by decarbonising multiple sectors,
being more efficient due to the high gravimetric energy density, compared to
hydrocarbon fuels such as diesel or gasoline [1,2]. This therefore gives hydrogen
the ability to store a lot more energy for every unit weight of fuel in comparison.
Hydrogen production as a fuel source is vital in the race towards the 2050 Net-
Zero Target and one of the most promising methods for the future production of
low carbon H2 is via sorbent enhanced steam methane reforming (SE-SMR) [3],
(Equation (2-5)), which combines the two processes of steam methane reforming
(SMR) (Equation (2-3)) and calcium looping (CaL) (Equation (2-4)).

CH4 + 2H20 A xd COZ + 4H2 AHT,298K =+165 k\]/m0| (2'3)
Ca0 + CO, < CaCOg4 AHr 208k = -178 kJ/mol (2-4)
CH, + 2H,0 + Ca0 < 4H, + CaCO;, AHr 298k = -13 kJ/mol (2-5)

In the SE-SMR process, the reforming reaction takes place in the presence of a
calcium oxide (CaO)-based sorbent, which allows it to capture in-situ the
produced COz2, which then drives the reaction equilibrium of reaction 1 to the right,
leading to higher hydrogen yields. So, whilst the introduction of a sorbent in the
conventional steam reforming process is beneficial for those two reasons, there

are also some challenges that come with the use of a sorbent.

Firstly, the selection of sorbent itself poses an issue as the material of choice
must possess several properties in order for efficient operation in terms of
economics as well and operating conditions. One of the important requirements
of a sorbent in the use of SE-SMR is its’ carrying capacity over multiple cycles

[4,5]. Other important factors include:

e The ability for the adsorbent to be regenerated.
e The adsorbent having a high CO2 capacity in the kinetic limited regime.

e Economically viable with a potential export market for the spent material
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e Having fast reaction kinetics for the absorption and desorption steps

¢ And maintains adequate mechanical strength after multiple cycles.

From early studies on sorbents used in steam methane reforming, further
knowledge has been gained on what makes an efficient and appropriate sorbent
material. For example, additional factors include durability comparable to the
catalysts, to minimize the purge requirements for the spent sorbent [6]; and an
adequate pore size distribution with large pore volume in the 50-100 pm range
and active surface of fresh sorbent [7]. Reaction temperature, carbonation and
calcination duration times and atmospheric conditions, sorbent precursor, and
sorbent particle size are key influencers in determining the suitability of a sorbent
for SE-SMR. A principal indicator of sorbent performance is the number of
reaction cycles and the capacity capability at the last cycle, which essentially

suggests the lifetime of a sorbent before replenishment is required [8].

Quicklime (CaO) is a particularly favourable material due to its low cost and wide
availability in naturally occurring minerals, e.g., limestone or dolomite. Despite
calcium-based sorbents being a favoured material, a disadvantage of naturally
occurring calcium-based materials is the rapid decrease of their CO2 uptake
capacity with cycle number due to sintering or pore plugging. Some proposed
mechanisms to improve the CO2 capture characteristics of CaO, include methods
such as hydration or thermal pre-treatment [9]. The choice of the CaO precursor
has also been reported to have an effect on the sorption properties of the final
synthesised material, with calcium acetate proven to a high performer [10].

Another challenge faced in the SE-SMR process is the catalyst selection. Catalyst
materials used for SE-SMR should resist coke formation and sulphation
poisoning, be inactive for side-reactions, maintain the activity at high
temperature, and have high mechanical strength as well as good heat transfer
properties [11]. Preferably, they should also be able to operate at low
steam/carbon ratios in order to improve the energy efficiency of the process [12].
The mechanisms of several catalysts (nickel, rhodium, platinum, ruthenium, and

iridium) for SMR reactions were investigated [13], where it was reported that
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platinum catalysts were the most reactive however, among these, nickel oxide
has widely been proved to be preferable for use in SE-SMR due to its high
catalytic activity i.e., high conversion rate of methane and lower cost compared
to rare earth elements [14-16]. However, nickel does have its disadvantages [17]:

e Nickel nanoclusters (as opposed to a skeletal structure) are prone to
sintering from the high temperatures.

e A tendency towards coking leading to particle fracturing and active site
loss.

e The production of hydrogen rich gas with a low concentration of CO is a
challenge using nickel catalysts, as they aren’t as active in the water gas

shift reaction as other catalysts.

Other factors to consider in catalyst choice include the sensitivity to sulphur
poisoning. It is assumed that the natural gas feed will have undergone
desulfurization, however, most naturally occurring limestones and dolomites may
still contain small quantities of sulphur. Therefore, in the reforming reaction, with
enough sulphur present, it can be transferred from the sorbent to the gas phase
to quickly poison the nickel reforming catalyst [18]. The use of metal dispersion
and alloying (particularly with platinum, palladium, or ruthenium), are both
effective methods to enhance certain properties of catalysts, including resistance
to sintering as well as resistance to nickel oxidation, which promotes its activation
[19]. The addition of a metal such as iron, copper or tin, also has the possibility

to improve the catalytic activity [17].

The concept of a material that possess both catalytic and adsorbing properties is
not a new one and has been of interest for the last 20 years. A combined sorbent
catalyst material (CSCM), or a bifunctional material, is a one-patrticle system that
contains a metal for the catalysis and a sorbent for the in-situ CO2 sorption. Due
to the intimate contact of catalyst and sorbent in the solid, the CSCM particle
system enables greater heat transfer and reduced mean path length for mass

transfer of the reaction products, which enables a greater conversion efficiency
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compared to a two-particle system [20]. Additionally, the overall reactor volume

can be reduced by using a sorbent that acts as a support.

There have been different approaches taken to develop and predict the behaviour
of optimal properties for a suitable CSCM, such as the determination of kinetic
and diffusion parameters and computational modelling [21-25], as well as
material synthesis and experimental studies in a fluidised bed reactor [26] or fixed
bed reactors [27-29]. The application of CSCM also isn’t limited to the process of
SE-SMR with methane as a carbon source, as there are many studies conducted
on CSCM applied in sorption enhanced steam reforming using other raw
materials such as glycerol [30,31], phenol [32], coal [33], biomass [20], ethanol
[34], methanol [35].

The development of an ‘optimal’ CSCM has proven to be a complicated and
monotonous one, however this can be overcome with the application of machine
learning, specifically the process of quantitative structure—property relationship
analysis (QSPR). This analysis is based on using the molecular structure of a
material to predict its’ physical behaviour. QSPR modelling has long been used
particularly in the pharmaceutical industry for drug development, and it has
recently seen expansion into various physical chemistry fields, including
adsorption of metal organic frameworks [36-39]. Additionally, the use of QSPR in
combination with other computational methods such as DFT or process
simulation has also garnered effective prediction within research in the energy
field [40,41], however, to the best of our knowledge, QSPR has not been applied
to the development of a CSCM material for use in SE-SMR.

In this study, we propose a new QSPR machine learning approach for the
prediction of a CSCM, through the development of a calcium-based sorbent
database and nickel-based catalyst database, consisting of SE-SMR and SMR
experimental data from literature. The properties of interest used as a measure
of the performance for the CSCM, is the methane conversion and the CO:2
adsorption capacity for the last cycle calcination/carbonation. The individual

databases were firstly developed into QSPR models for the prediction of separate
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sorbent and catalyst materials, then eventually integrated for the prediction of
unseen CSCM materials.
5.2 Methodology

The methodology typically used in QSPR studies consist of six steps that fall into

4 main categories outlined in Figure 5-1.

Data p Application

and
Interpretation

Processing « Machine learning
models

+ Training, testing

« Data collection
via data mining or
experimental + Normalisation

. . ot  Applicability
results « Outlier detection and validation domain
« PCA « Accuracy metrics
Data . Model « Prediction of new
Preparation Development molecules

N

Figure 5-1 Process flow diagram of the development of QSPR models
Preparation of data:

1. The collection or measurement of property data points (here, the last cycle
capacity and the methane conversion),

2. Collection of descriptor data, (descriptor data was selected via the
OCHEM software. Different descriptor sets were trialled and compared.

Examples include constitutional or topological descriptors)
Data pre-processing:

3. Analysis of the data to ensure its suitability; application of processes such
as feature selection, normalisation, standardisation, and outlier detection.
(Specifically in this study, the pre-processing included standardization,
neutralization, removing salts (where applicable since salts are not
typically considered in QSPR models as most software doesn’t calculate
molecular descriptors on non-full connected structure) and cleaning the
structure, which were processes were applied in the OCHEM software,
prior to model predictions.)
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Model development

4. Training and validation of the model; development of various machine

learning models to obtain high prediction metrics.

Model application and interpretation

5. Recognition of the applicability domain
6. Statistical evaluation and interpretation of the model

In addition to using examples from literature [42,43], care was made to ensure
the development followed the principles outlined by the Organisation for
Economic Co-operation and Development (OECD), which are guidelines that
were formulated in 2002 by QSPR experts to regulate the use and development

of these models [44]. Further details are given in Appendix B, Table_Apx B-1.

The stages involved in QSPR development are described in the following

sections:

5.2.1 Database Development

The data collection method took the form of a data-mining process, often used in
model building, where data is gathered through sifting through large amounts of
data from literature in order to obtain new patterns, correlations, or structures in
data [45]. Literature ranging from around 20 years ago to the present was studied
to build up two separate databases, and eventually an overall combined
database, consisting of the properties of interest (last cycle sorbent capacity and
catalyst methane conversion) and well as the experimental conditions used to
obtain these results. Care was taken to ensure the data collected was based on
experimental measured data as opposed to computational modelling work.
Additionally, some literature was omitted where the properties were present in
the work, however with a large percentage of the details of the conditions missing,
as this would cause a skew in the ability to predict the properties. For instance,
the sorbent database went from a size of 248, to 239, and the catalyst database
was reduced from 249 datapoints to 183, due to the aforementioned reasoning.

The conditions chosen to aide in the predictions of the properties are shown in
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Table 5-1. These were chosen for two reasons; they have been proven to have
an influence on the properties’ outcome. Additionally, principal component
analysis (PCA) was conducted to confirm that none of the input categories were
not redundant (Figure 5-2 and Figure 5-3).

Table 5-1 Properties and their respective experimental conditions per database.

Database | Property (units) | Experimental conditions (units)

Sorbent Last cycle CaO concentration (%) of the whole sorbent mass,
capacity cycle number, calcination and carbonation
(gCO2/gSorbent) | temperatures (°C), synthesis method, CaO
precursor, initial cycle capacity (gCO2/gSorbent)

Catalyst | Methane Nickel concentration (wt%) with respect to the
conversion (%) whole catalyst monolith weight, calcination
temperature (C), calcination duration (h), SMR
reaction temperature (°C) fresh BET surface area
(m?/g), steam/carbon ratio

PCA is a mathematical model that is used to reduce the dimensionality of a
dataset, whilst retaining most of the variation in the dataset and as an effective
procedure for the determination of input parameters [46]. The reduction of
features is achieved by identifying the directions (principal components) that the
variation is highest [47,48]. From the PCA heatmaps, the variance across the 9
and 6 principal components (PCs) for the sorbent and catalyst databases
respectively, was shown to be fairly evenly distributed across the first few PCs
(e.g., for the catalyst database, the first PC explains 32% of the variance, PC2,
PC3, PC4, PC5 and PC6 explain 20.3%, 15.7%, 13.3% 11.6% and 7.1%
respectively). Therefore, it was not essentially necessary to remove any
parameters. That would be necessary if the first two components contributed to
around 70-95% of the total variance. (See Appendix B, Table_Apx B-2 for sorbent

variance data).
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Additional data garnered from the PCA heatmaps was feature importance. From
Figure 5-2 it can be calculated that the top three features that contribute to the
PCs of last cycle capacity, are the precursor type, CaO concentration and
calcination temperature, and from Figure 5-3, the top three to contribute to
methane conversion are calcination temperature, S/C ratio and BET surface
area. (See Appendix B, Table_Apx B-3 for full feature importance data). This is
evident as they are the PCs that have the largest total.

PCA1 0.44 0.27 0.03 0.18
0.7
PCA 2 - 0.09 0.06

0.6
PCA3 0.47 0.09

0.5

PCA 4 - 0.07
PCAS - 0.16 0.04 0.26 0.12 0.00 0.16 0.4
PCA 6 - 0.30

-03

-02

-01

Figure 5-2 Correlation heatmap of sorbent input features.
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Figure 5-3 Correlation heatmap of catalyst input features.

See Appendix B, Table_Apx B-4 and B-5 for the individual sorbent and catalyst
databases respectively, and Table_Apx B-9 for the CSCM literature data.

5.2.2 Molecular Descriptors

Once the experimental conditions were confirmed, the molecular descriptors
were evaluated. Molecular descriptors are defined as mathematical
representations of a molecule, from characteristics related to the structure of the
chemical [43]. They are calculated quantum chemistry methods and allow for the
modelling of many different properties in fields such as physical chemistry,

pharmaceuticals, and analytical chemistry [49].

The use of different descriptor sets has been shown to result in different
performance in the modelling of the properties of interest [50]. Therefore, a
selection of descriptors was trialled by measuring the accuracy metrics with
varying descriptors using the OCHEM platform [51], which is an online chemical
database with a QSPR/AR modelling environment. A list of the descriptors trialled
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is given in Table 5-2, [50-55]. Alongside the molecular descriptors and
experimental conditions from literature, an additional fundamental input was the
structures of the molecules in SMILES format (simplified molecular-input line-

entry system), i.e., CaO would be represented as O=[Ca].

Table 5-2 Descriptors used for comparison.

Descriptor Description

Prediction of logP by ALogPS2.1 program, calculated from each
ALogPS, atoms’ intrinsic electronic properties and the influence of other
OEstate atoms in the molecule

Molecular fragments which contain from 2-4 atoms generated by
the ISIDA module in OCHEM

Descriptors based on the occurrence of certain special
fragments

Fragmentor

GSFrag

alvaDesc v.2.0.2 | Calculates and analyses molecular descriptors and fingerprints,
(3D) such as constitutional, topological, and geometrical descriptors

(Quantitative Name Property Relationship) Uses substrings of

QNPR SMILES or IUPAC name as a representation of molecules

5.2.3 Machine Learning Models

Several types of models were used in this study along with the application of the
inductive transfer approach. This is the use of a combination of several
conventional single task learning (STL) machine learning models, used in
parallel, also known as multitask learning (MTL), to act as additional nodes of the
original model as opposed to separate models, as shown in Figure 5-4, [56,57].
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Figure 5-4 Schematic of a neural network configuration using different inductive transfer
approaches (a) conventional single task learning (STL) and (b) multitask learning (MTL)

5.2.4 Single Task Learning (STL)

The conventional approach of STL in QSPR, is to focus on obtaining the target
of one property, using only descriptors and conditions relating to that single
property. This was the first approach taken to predict the properties of last cycle
capacity and methane conversion using their respective databases, alongside
comparing performance with descriptors. The machine learning models trialled
were associative neural network (ASNN), deep neural network (DNN) and least-
squares support-vector machine (LSSVM). These models were chosen as they
have the ability to be applied as MTL models, as well as with the use of molecular

descriptors on the OCHEM platform.

A built-in function of OCHEM called unsupervised forward selection (UFS) was
implemented. This is a method used for eliminating redundant descriptors and is
specific for use in the development of QSPR models. Redundancy can be
common in QSPR datasets due to high or exact linear dependencies between
subsets of the variables and high multiple correlations between subsets of the
variables. These factors hinder the development of models that have the ability
to effectively predict new data. UFS produces a reduced dataset that contains no

redundancy and has a minimal amount of multicollinearity, via the method
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depicted in Figure 5-5 [58]. See Supporting Information for other descriptor filter
settings in addition to UFS.

ASNN, DNN and LSSVM were implemented in OCHEM, and then compared
against each other to firstly observe the effect on ability to predict the properties
using molecular descriptors with experimental conditions, then the best
performing algorithms were used to further predict unseen properties using more
data from literature. Details on the architectures of the machine learning models
can be found in Appendix B, Table_Apx B-6 — B-8).

Select the first two columns that

have the lowest Pearson
correlation coefficient (PCC)

Remove columns with a PCC that
exceeds R? .

Select the next column that has the

selected columns

Repeat until all
columns are
either removed or

Remove columns with a PCC that selected

2
exceeds R?,,,

Figure 5-5 Process flow diagram showing the steps involved in unsupervised forward

selection (UFS) to remove unneeded molecular descriptors

5.2.5 Multitask Learning (MTL)

With MTL, multiple properties are trained and learned in parallel [59]. This
approach improves the performance of STL due to the training data from the extra
tasks acting as a suggestive bias, adding in effect constraints for the other task
at hand, which aides in the accuracy and the speed of learning [60].

163



Two types of comparisons were conducted, the first being a combination of
finding the machine learning model and molecular descriptor set, resulted in the
highest prediction accuracy. For efficiency, this was trialled using STL data only,
and the models were conducted using OCHEM’s automatic multiple models
setting. The results from this were used in the second comparison which was STL
compared against MTL, all using default model settings, in order to observe which

inductive transfer approach was the best performing for this data.

Following this, the approach that yielded the best accuracy metrics, was then
taken and the model settings were optimised to obtain the best predicting model,
which was then used to predict unseen CSCM molecules.

5.2.6 Model Development and Performance Measurement

Each model was validated using a grid search method based on 5-fold cross-
validation procedure, which is useful to mitigate overfitting, parameter
optimisation as well as evaluating the predictive validity of linear regression
models [61]. On the OCHEM platform, the 5-cross validation process, develops
a new model on each validation step without the use of known information about
the molecule, as they are only calculated after completion of the model
developed. This approach is reported to be the correct validation approach, as
no prior information about the test molecules is used to skew the models’
development [50]. Additionally, the models themselves had internal validation

which can be seen in the Supporting Information.

To assess the predictive performance, the accuracy metrics used were root mean
square error (RMSE), mean absolute error (MAE), and the coefficient of
determination (R?), shown in Equations (4-5) to (5-1). The aims of the machine
learning models was to obtain the highest R? and lowest RMSE and MAE, where
n is the quantity of data required for the network training, y is the predicted value

of y, y; is the target output, and y is the mean value of y.
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Additionally, a recommended tool when dealing with large datasets, in order to
evaluate the models’ prediction capabilities of new molecules, the absolute
relative error (ARE) for each molecule was calculated using Equation (5-2) as
well as the models’ average (AARE), Equation (5-3) where n is the number of

molecules predicted per model, and i is the predicted molecule [62].

ARE, = |J’i - }7‘ (5-2)
' Yi
AARE = i=1 ARE; (5-3)
n

5.3 Results and Discussion

5.3.1 Comparison of the Models

A comparison of molecular descriptors and machine learning models for the
sorbent database, Figure 5-6, shows that the ASNN model gave the highest R?
and lowest RMSE, across all models. In terms of the ‘most optimal’ set of
descriptors, although not clear in the figure, AlogPS/OEstate, Fragmentor and
GSFrag resulted in equally strong values whilst QNPR and alvaDesc consistently
underperformed for this database. On the other hand, interestingly, as also shown
in Figure 5-6, a comparison of machine learning models and descriptors for the
catalyst database, whilst the best performing model was in agreement with the

sorbent database (ASNN), the descriptors that performed best were the opposite.

165



Here, alvaDesc and QNPR were the top two and Fragmentor was the least

accurate predictor.

ASNN stood out with both the catalyst and sorbent results, and suggestions for
this include the learning method behind this algorithm. It is a combination of an
ensemble of the feedforward artificial neural network model (ANN) and the K-
nearest neighbour technique (kNN). ANN is a supervised learning algorithm,
which does not require any pre-assumption of the input-output relationship [63].
This would have a positive effect on the prediction capability as it would allow the
model to rely more on the molecular descriptors calculated to provide a
prediction. The model uses the correlation between ensemble responses as a
measure of distance within the analysed cases for the kNN [57], which corrects
the bias of the neural network ensemble [64], and the combination of two

algorithms, proved to be optimal in this case.

As all five descriptors resulted in high predictions for either of the databases, it
was too ambiguous to decide which was optimal at this stage, therefore it was
decided to take all sets to the next step of applying the inductive transfer
approach of multitask learning, to see if what effect, if any, this approach had on

the results, which yielded interesting results.
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Figure 5-6 Comparison of machine learning models- least square support vector machine
(LSSVM), deep neural network (DNN), associative neural network (ASNN) and molecular
descriptors on the catalyst methane conversion database, (a) coefficient of determination

(R?), (b) root mean square error (RMSE) and (c) mean absolute error (MAE).
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Figure 5-7 Comparison of the effect of the inductive transfer approach and molecular
descriptors, on the associative neural network (ASNN) algorithm, for the sorbent database
(a) coefficient of determination (R?), (b) root mean square error (RMSE), (c) mean absolute
error (MAE).
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Figure 5-8 Comparison of the effect of the inductive transfer approach and molecular
descriptors, on the associative neural network (ASNN) algorithm, on the catalyst methane
conversion database, (a) coefficient of determination (R?), (b) root mean square error
(RMSE) and (c) mean absolute error (MAE).
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Figure 5-7 gives the accuracy metrics for sorbent database and Figure5-8, the
results for the catalyst database, using the ASNN model. The results show that
MTL gave the highest R?, and the lowest MAE and RMSE. Reasons why the MTL
improved accuracy predictions over STL, is mainly down to having additional
datapoints, with 422 for the MTL compared to 239 and 183 for the sorbent and
catalyst STL models, respectively. Extra data isn’t always a good thing and
instead the quality of data has more bearing, due to the effect of overfitting. If the
model is tuned with too much data, it starts to memorise data instead of ‘learning’,
which leads to high errors for unseen data [65]. However, it has also been shown
that more data can lead to lower estimation variance and therefore better
predictive performance. More data increases the probability that it contains useful
information, which is advantageous [66]. With these opposing arguments in mind,
for this particular dataset, it is suggested that the additional datapoints improved
the generalization of the prediction, by using the domain-specific information
contained in the training signals of the added related property, which allowed for

these training signals to act as an inductive bias [56].

As mentioned before the molecular descriptors gave interesting results between
the two databases, with AlogPS/OEstate and Fragmentor descriptors performing
well with the sorbent database and alvaDesc and QNPR giving good results for
the catalyst database. As seen in Table 5-2, AlogPS/OEstate calculates
descriptors based on each atom’s intrinsic electronic properties, as well as
looking at the counts of atom or bond types and Fragmentor set of descriptors
focus on molecular fragments which contain between 2 - 4 atoms. The QNPR set
of descriptors uses substrings of SMILES as a representation of molecules [50],
and alvaDesc calculates descriptors such as constitutional indices, charge
descriptors and atom pairs for example, with the majority of descriptors being 2D
based. When looking at the two databases, a main difference is firstly the number
of experimental conditions as inputs, however this is unlikely to affect the way the
descriptors behaved with the databases, and another difference is the SMILES
format. As a percentage, more of the sorbent database had a SMILES format that

incorporated bonds and functional groups (31% compared to catalyst 22%),
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whereas the catalyst database had more data that was a ‘mixture’. This could
explain why it yielded the good results for the catalyst dataset. Typical molecules
used in QSPR are standard compounds and therefore, the SMILES input often
involve structures such as aromatic rings, functional groups, and the bond type
for example. As most of the catalyst molecules included in this study aren’t whole
compounds but rather a physical mixture, the SMILES input format in this case
was simply the element in the molecule along with its charge, as a string.
Therefore, considering that QNPR relies on the substrings to calculate
descriptors as opposed to focusing on bonds or functional group, its suggested
that it could readily calculate more accurate and relevant descriptors to the
databases used in this study. Additionally, alvaDesc looks at aspects such as
charge descriptors, and 2D matrix-based descriptors for example which would
favour the catalyst database based on the SMILES input. Conversely, looking at
the sorbent database, reasoning behind why AlogPS/OEstate and Fragmentor
would be favourable here, is that it specifically looks at the bond types, as well as
the molecular fragments and neighbouring atoms, which would allow for better

prediction if the SMILES input data consisted of this information.

In terms of STL vs MTL, as seen in Figure 5-7 and Figure 5-8, the descriptors
that favour the STL approach for the sorbent database, i.e., the set that yields
higher R?, and lower RMSE/MAE in order is
AlogPS/OEstate>Fragmentor>GSFrag>alvaDesc>QNPR. For the STL catalyst
database the performance is alvaDesc>QNPR>GSFrag>
AlogPS/OEstate>Fragmentor, which is in line with the aforementioned reasoning.
Interestingly, the set of molecular descriptors that sits in the middle for both
databases in terms of predictive ability, is GSFrag. For this reason, it is the best
performing set of descriptors for both databases when used with the MTL
approach, as it provides equally strong performance for each database, thus
resulting in an overall high performing prediction capability when a combined

sorbent and catalyst database is the input data.

The GSFrag descriptors are the occurrence numbers of certain special fragments

containing 2—10 non-hydrogen atoms, and it's been proven that the occurrence
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of specific fragments produces a unique code of a chemical structure for wide
sets of compounds [67]. As most QSPR descriptors sets are predominately
developed on the field of drug discovery, it is unlikely that other descriptors such
as Fragmentor which is based on the pharma industry, to have fragments
common to sorbents and nickel catalysts. QSPR equations constructed from
these descriptors usually provide good statistical characteristics and high
predictive ability. Molecular fragments of this type provide good correlations
between properties and chemical structure for many classes of compounds [68].

Consequently, as the results indicated that the GSFrag was favourable, along
with the MTL ASNN approach, these settings were taken forward to predict new

unseen CSCM molecules.

When predicting new unseen molecules using this ML model set up, although the
accuracy metrics were almost perfect, the prediction capability was less than
optimal, giving a range of accuracy between 11-300% between the actual vs
predicted values for both the methane conversion and last cycle capacity. This
can be down to a number of reasons, namely overfitting and having the
experimental conditions skew the effects of the molecular descriptors [65]. In this
case what may have occurred can be due to either the limits of the data, either
from being limited in size or having too much ‘noise’ (which can be caused by
various factors, including incorrect collection, from either human error or
instruments, or both), or it may be down to the constraints of algorithm itself,
which may too complicated or too simplified to this type of data [69]. It can also
be caused when additional independent variables do not add any significant

information to the dependent variable.

A way to overcome this issue is the use of an adjusted coefficient of
determination, (Rﬁdj, Equation (5-4)), instead of R? as an accuracy metric, where
R? is the coefficient of determination, n is the is the number of observations i.e.
datapoints, and k is the number of independent variables, i.e. experimental
conditions. In doing so, adjusted coefficient takes into consideration the number

of independent variables in the model in order to avoid overestimating, the impact
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of adding independent variables to the model. i.e. reduces the chances of

overfitting the model.

R2..=1— ((Tl - 1)(1 - RZ) (5-4)

adj n—k-—1

Adjusted R?is always less than or equal to R2. RZdj increases when a new
datapoint improves the model more than would be expected by chance and it

decreases when a predictor improves the model by less than expected [69].

As demonstrated in Table 5-3, the difference in R? and R2a4j is almost negligible,
therefore the likelihood of overfitting due to the quantity of datapoints can be
ignored, and be atrributed to other factors, such as the aforementioned molecular

descriptors or incorrect collection, from either human error or instruments.

Table 5-3 A comparison of R? and RZgj for the ASNN STL and MTL models using GSFrag

descriptors

GSFrag ASNN | MTL R? | STL R? n Kk MTL R%adj | STL R2agj

Sorbent Data | 0.99995 | 0.9700 | 183 6 0.999948 0.9690
Catalyst Data | 0.99500 | 0.9600 | 239 9 0.994803 0.9584

So, whilst it’s difficult to confirm, the molecular descriptors may have a limitation
on the prediction abilities as they are seldom used in sorbent and catalyst
materials, therefore, the ability to ‘learn’ is only as good as the past research they

had been used in.

Because of these various reasons, in order to reduce the cumulative
discrepancies on the end results the machine learning model development stage
was repeated with some omitted steps. Firstly, the only model taken forward was
the ASNN as that outperformed the other two clearly, additionally GSFrag was
the molecular descriptor set taken forward for the reason of resulting in equally
good results for both databases. What was changed however, was the dataset
inputs, the validation and the model architecture. After trial and error and using
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data from the PCA information, a new model that resulted in more accurate
predictions, was developed, with the input data and ASNN structure given in
Table 5-4.

Table 5-4 Properties of the final ML model used for prediction of unseen combined sorbent

catalyst materials (CSCM)

Database | Property (units) | Experimental conditions (units)

Sorbent Last cycle CaO concentration (%), cycle number, calcination
capacity and carbonation temperatures and times (°C/
(gCO2/gSorbent) | mins), synthesis method, CaO precursor, initial
cycle capacity (gCO2/gSorbent)

Catalyst Methane Nickel concentration (wt%), calcination
conversion (%) temperature (C), calcination duration (h), SMR
reaction temperature (°C) fresh BET surface area
(m?/g), steam/carbon ratio

Validation 5 cross-validation

ASNN architecture

Training method SuperSAB

Number of neurons in 32

hidden layer

Learning iterations 1000

Ensemble 256

Additional Parameters PARTITION=3, SELECTION=2

5.3.2 Applicability Domain

The Applicability Domain (AD) is a theoretical region in ‘physicochemical space’
on which the training set of the model has been developed, and for which for
which a QSPR model should makes predictions with a given reliability [70,71].
Due to this, its recommended that new data is predicted within the AD by
interpolation as opposed to extrapolation. In this study the AD was well defined
with validation data falling within the AD, however the prediction results for the
unseen CSCM molecules did not fall within the AD, therefore, they were
calculated by extrapolation. To visualise the spread of data, a distance to model

plot (Williams plot) was generated, which assesses how ‘far’ a molecule is from
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the model. Compounds that are ‘further from the model’, are by definition

expected to have lower prediction accuracy than compounds that are ‘closer’ [72].

Figure 5-9 gives the Williams plot for the graphical visualization of outliers for the
predicted results in the developed model. The red dots indicate the prediction
capability, where its X-position is the ‘distance to model’ given by ASNN-Standard
Deviation (STDEV) and its Y-position is the expected RMSE. From this, it can be
suggested that OECD guideline 3 is adhered to as the predicted data for the

model development largely falls within the AD.

Conversely, when applying this model to new unseen data, the results are not as
fruitful. The green datapoints in Figure 5-9, which are the new predicted
compounds, all indicate an RMSE value of, or around, 0.086 and 0.4 for the
sorbent and catalyst properties, respectively. This is expected as when looking
at the original metrics, the RMSE values for the developed models were
0.09£0.03 for the sorbent training data and 0.23+ 0.08 for catalyst training data.
Therefore, the expected RMSE for the predicted CSCM molecules is in line with
the developed model training data, with the catalyst RMSE being significantly
higher. Reasons for this include the fact that the catalyst database has less data
in quantity, as well as using fewer parameters for prediction. In terms of distance
to model, they are on the high end, meaning the predictions aren’t as reliable as
they could be. Reasons for why this occurred could be due to the nature of the
input data vs the CSCM predictions.

However, distance to model plots estimate the reliability of predictions, and whilst
accuracy is an objective measure that has a fixed calculation procedure, reliability
is subjective and can be estimated in numerous ways [73]. Because of this, data
that falls out of the AD isn’t necessarily invalid, however is less reliable. Due to
this, further analysis, whether practical or theoretical i.e. more computational
modelling, would be recommended to validate or confirm the findings of

developed models via this QSPR approach, prior to commercial synthesis.
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Figure 5-9 Williams plots for the model when applied to predict unseen CSCM molecules,

with ASNN-Standard Deviation used as the distance to the model. Black lines represent

the averaged RMSE over different distance to model intervals (a) Last cycle CO2 capacity
(g CO2/g Sorbent), and (b) methane Conversion (%).
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5.3.3 Model Prediction Capability

m Catalyst Predictions ™ Sorbent Predictions Average
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Average Absolute Relative Error Range

Figure 5-10 Comparison of the percentage of data belonging to each average absolute
relative error (AARE) range for the last cycle capacity and methane conversion prediction
of CSCM molecules.

The GSFrag/ASNN model was used to predict the last cycle capacity of CSCM
molecules, again where the data was collected through literature data mining,
difference being that the new molecules possessed both catalytic and sorbent
properties, compared to the molecules used to create the predictive model, which
had one or the other. As the study of CSCMs isn’t as exhaustive as nickel-based
catalysts and calcium-based sorbents, there was less data available to apply the
model to, with only 41 datapoints. Furthermore, with some of the data collected,
some literature didn’t provide both last cycle capacity and methane conversion
despite reporting on a CSCM. The database along with the predicted properties
can be found in Appendix B, Table_Apx B-9 and B-10. Lastly, through trial and
error a pattern was observed in the type of input data fed into the machine
learning model. A combined sorbent and catalyst database made up of just the
239 and 183 datapoints (422 datapoints) yielded a model that could not predict

the output behaviour at all, i.e., no clear regression pattern was seen in the Actual
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vs predicted graphs. Consequently, splitting the CSCM database of 41 datapoints
into two and adding some to the overall MTL database (resulting in 446
datapoints overall) and using some as the validation unseen data (17 datapoints)
was successful and the model was able to ‘learn’ and predict some of the CSCM

behaviours.

Figure 5-10 shows the percentage of molecules’ predications that fell in specific
AARE ranges (%), for the last cycle capacity prediction, the methane conversion
prediction, and an average of the two for the unseen CSCM molecules. From this
figure, it’s clear that although good amount of unseen CSCM were predicted well
(around 30-35% of data falling in an error range of 10% or less), a significant

amount also fell in the error range above 100%.

The molecules with the highest ARE (%), were those at the extremities, in this
case the molecules with very low sorbent capacities, the molecules missing highly
influential conditions (e.g., CaO concentration %), and molecules with conditions
that were not commonly occurring in the databases that developed the model. In
these cases, the information provided was not sufficient for the model to

extrapolate well, based on existing data.

The average prediction capability of the overall model isn’t tremendously high,
with only 58% of the data resulting in an AARE of 50% or less, however given
this new approach, and the fact that high ARE (%) values have an explanation

behind them, the models’ application on new data is a fairly positive one.

Looking at the prediction capability of the individual properties, the catalyst
properties are predicted ever so slightly better at 61% of data falling in and AARE
range of 50% or less, compared to 58% for the sorbent properties. Reasons for
this can be attributed to the fact the catalyst database uses less experimental
conditions and relies on the molecule more to predict the behaviour. This can be
a good and bad thing; it allows for less literature data to be gathered in order to
predict an output from ML and QSPR. On the other hand, it prevents the ability
to observe correlations in the input data, which can help further the development

of a CSCM, as described in the next section.
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5.3.4 Patterns in Data

Further to obtaining a measure of how well the model could predict new
molecules, additional information was also garnered from the results. Patterns in
the output prediction data were seen as a function of input data, specifically the
two main influencers CaO concentration (%) and Nickel %wt, Figure 5-11.
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Figure 5-11 Actual vs Predicted scatter plots showing the effect of an influential input for
(a) Last cycle capacity (gCO2/gSorbent) as a function of CaO concentration (%), and (b)

methane conversion (%) as a function of nickel wt%.
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Figure 5-11(a and b) show certain patterns in the input data; a low concentration
of calcium oxide in a sorbent material yields lower CO2 capacities in the last cycle,
as expected, but there is also an optimal concentration as too much CaO % also
does not yield the maximum COz2 capacity in the last cycle. Similarly, for the wt%
of Nickel in a catalyst is shown to yield low conversion if too high. In both cases,

this is likely to be due to dispersion and availability of active sites.

Additional parameters have an effect on where a datapoint sits on an actual vs
prediction plot, therefore colour plots such as these, prove helpful to narrow down
the best direction to go in CSCM development. Further information garnered from
colour plots generated from this study include the calcium precursor and the inert
support in the sorbent. As you can see from Figure 5-12, there is an indication
that the naturally occurring precursors of calcium carbonate and calcium oxide,
yield a lower last cycle capacity. Conversely the best performing precursors are
shown to be calcium gluconate and calcium nitrate. Other precursors that gave
good performance but equally underperformed were calcium acetate and calcium
chloride. Reasons behind this, is that it is well known that calcium oxide from
natural precursors undergo a rapid loss of reactivity after several
carbonation/calcination cycles. Additionally, it has been reported that natural
sorbents, such as limestones, form product layers with higher cohesion than
those formed by the synthetic sorbent. Thus, once the small pores have largely
filled and a thin layer of product has been deposited the natural sorbents CO:2

uptake rapidly decreases [74].
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Figure 5-12 Actual vs Predicted scatter plot showing the effect of the calcium precursor

on the Last cycle capacity (gCO2/gSorbent)
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From Figure 5-13, it can be seen that Mayenite (Cai12A114033), provides both good
and under par performance. From this colour plot, very little information can be
gathered, in terms of the type of support is optimal for the sorbent development.
This can be down to the fact that there are other more influential factors, and that
the inert support, as inferred from the name, has little effect on the overall
performance. A colour plot that did provide a definitive output is the synthesis
method, Figure 5-14 and Table 5-5. From this colour plot it can clearly be seen
that the sol-gel method outperforms the other methods consistently. A method
that consistently underperformed was the surfactant template method/ultrasound
assisted technique. Reasons for this include that the former is a well-researched
method and has had time to be perfected in time whereas the latter is a fairly new

and novel method.
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Figure 5-14 Actual vs Predicted scatter plot showing the effect of the synthesis method on

the Last cycle capacity (gCO2/gSorbent)
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Table 5-5 Key for the synthesis method

Synthesis method

Method-1 Mixing

Method-2 Sol-gel/sol gel combustion/ sol mixing/
gel template

i Flame spray pyrolysis (FSP)/Flame

Method-3 synthesis/Combustion synthesis

Method-4 Wet mixing/Mixing + palletisation

Method-5 Four-step heating method

Method-6 Coprecipitation

Method-7 Surfa_ctant template/ultrasound-assisted
technique

Method-8 Wet impregnation

Additional information gathered from other colour plots for the sorbent properties
(see Appendix B, Figure_Apx B-1 to B-3.) was data such as the optimal cycle

number, calcination/carbonation time and calcination/carbonation temperature.

Data gathered from the catalyst colour plots equally gave some conclusive and
some ambiguous results. Figure 5-15 represents the optimal steam to carbon
ratio during the reforming step. Clearly its shown that the higher the S/C the
higher the methane conversion (%). Likewise, from Figure 5-16, it can be seen
that an average calcination temperature for the catalyst, at around 600°C, results
in a high methane conversion (%). On the other hand, a colour plot that seemed
inconclusive is Figure 5-17, the catalyst calcination time. Even with changing the
y-axis to a smaller time range, the data didn’t provide a definitive time, as shown
in both colour plots. What can be inferred from this plot is that a relatively low time
e.g., 10 hours, is sufficient.

183



T} 6
°
10 -
=
° *% BT
84 @ @ °* a<
=
= ° ‘. +3
L ™ e F
L 06 L) ogf ® ﬁ ™ <
£ c. ‘fTe S
E ® wn®® o 3-8
goaq @ L g ® =
L v ;
o 0
° ... . o . s 2
02 e Pe, . b
° . E
wd{ *® 1
Y
0.0 02 04 06 08 10
Actual

Figure 5-15 Actual vs Predicted scatter plots showing the effect of steam to carbon ratio

on methane conversion (%)

184



1000

900

800

700

- 600

- 500

- 400

°
10 b -
ol oa ¥
] 9y
8l ® @ L '.- - .'t\.'
' f;" ¥
= | ° . e
,% 0.6 %, A lg o® ... °. %
= ® o
E 04 - * L] 7." ‘:, "
[
° o ee
0.2 ¢ 0% e, .
. *e g °
ool *®
™
0.0 02 04 06 08 10
Actual

Figure 5-16 Actual vs Predicted scatter plots showing the effect of catalyst calcination

temperature (°C) on methane conversion (%)
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Additional information gathered from other colour plots include sorbent properties
such as cycle number, carbonation/calcination time and temperature, and
catalyst properties such as BET surface area and the SMR reformer temperature
(see Appendix B, Figure_Apx B-1 to B-4.) When all the results from the Actual vs
Predicted plots are collated, the results of the route that that should be explored
to develop a CSCM that has good performance with respect to both the last cycle

capacity and the methane conversion, is shown in Table 5-6.

Table 5-6 Data gathered from the colour plots, indicating parameters that lead to a well/bad
performing CSCM.

Parameter Good performance | Bad performance
Calcium Calcium nitrate, Calcium carbonate/
precursor Calcium gluconate oxide

Inert support | Y203, CeO; Cai2Al14033, CaZrOs
Synthesis

method Sol gel Surfactant template

Optimal synthesis details:

CaO concentration (%) 70-90%
Cycles 10-15
SMR reformer temperature 650°C
SMR S/C ratio 6
Carbonation time/

15-20mins / 650-700°C
temperature

Calcination time/ temperature | 5-10mins / 900°C

Nickel wt% 2.5-10%
Catalyst calcination 600-700°C
temperature

Catalyst calcination time 10 hours

5.4 Conclusion

In this work, a database for the prediction of Combined Sorbent Catalyst Material
(CSCM) properties, was developed through the application of data mining,
guantitative structure—property relationship analysis (QSPR) and multi-task
learning (MTL).

187



The development of the databases was discussed as well as the parameters
chosen to produce accurate predictions for the properties of interest- last cycle
capacity (gSorbent/ gCO2) and methane conversion (%). A thorough comparison
of machine learning models, molecular descriptors and their respective settings
was also detailed. From the results, the application of MTL was shown to improve
the prediction capability of new molecules, compared to single-output models.
Consequently, the MTL model was used to predict properties of unseen CSCM
molecules somewhat effectively, 58% of the data resulting in an AARE of 50% or

less.

Overall, this study has presented a methodology for the prediction of CSCM that
hasn’t been conducted before, with promising results. The study concludes that
a combination of machine learning models and application of molecular
descriptors has the capability to predict properties for a CSCM for the process of
SE-SMR. The results from this aim to streamline and accelerate the experimental
discovery of an optimal CSCM, by reducing the repetitive trial and error processes
involved in material development. This study also possibly paves a route into
expanding the QSPR approach for applications beyond drug discovery or
biochemistry, which is the main use of molecular descriptors and QSPR.

Future directions for this study would be to use information from Table 5-6 to
synthesise a new material using the model as is, then make changes to the
models as appropriate, from the findings of this study, namely the reduction of
experimental conditions. This would allow for, firstly, the synthesis of a material
that would be assumed to possess the desired properties for a CSCM, but with
the removal of the conditions after this data is obtained, the prediction of how it
would perform is assumed to be more accurate with fewer conditions specified.
The material could then be synthesised, and performance compared against the
models’ predictions, and thus further validating this QSPR and MTL application
for the process of SE-SMR. This could also pave a route for the application of
multitask learning to be more utilised to predict behaviour of materials that rely or

more than one type of property feature.
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6 Machine Learning for the Exploration of Metal-
Organic Frameworks for Hydrogen Storage

6.1 Keywords

Machine learning, hydrogen, metal organic frameworks, Grand Canonical Monte

Carlo

6.2 Abstract

Using machine learning in the development of metal organic frameworks (MOFs)
for various applications, is a field that is gaining momentum, particularly for gas
storage, namely hydrogen (Hz). One of the main reasons behind this is the
promising nature of Hz as an automotive fuel, and in order to adopt this new
technology, a suitable material is required. MOFs are posed as a viable solution
as they have properties that counter the main challenge with Hz which is the
difficulty in storage and transportation due to the low volumetric density. The
design and synthesis of MOFs is usually highly experimentally based, with some
promising work in using high-throughput computational screening, which can be
equally expensive and time consuming. Alternatively, using machine learning to
screen existing and hypothetical MOFs for applications of interest can avoid these
issues. In our study we have taken elements from the different approaches
currently available to screen and identify properties of a high performing H2
storage MOF, further stream-lining the computational application in material
discovery. Our approach eliminates the longer computational methods such as
GCMC or DFT, whilst showing patterns in data i.e., the influential factors of
several input parameters. In using multiple linear regression and patterns in data,
a MOF that had high usable gravitational and volumetric uptake (mof_10846),
was identified albeit a hypothetical MOF. This further allows for the exploration of
optimal MOFs to be accelerated experimentally via extracting vital data from the

graphs produced in this study.
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6.3 Introduction

Computational methods in the development and discovery of new materials, is
an increasingly popular tool, as it allows for not only the interpretation of
experimental results but to also act as a guide into which areas to investigate
further. Hydrogen production and use is also rapidly developing its market
potential and scalability as it is a promising replacement for fossil fuels because
it reduces harmful greenhouse gas emissions into the environment. Additionally,
it is an attractive automotive fuel source for many reasons, including the high
potential to reduce carbon emissions by decarbonising multiple sectors, being
more efficient due to the high gravimetric energy density, compared to
hydrocarbon fuels such as diesel or gasoline [1, 2]. This therefore gives H2 the
ability to store a lot more energy for every unit weight of fuel in comparison.
However, to store hydrogen under relatively mild conditions upon a solid material,
a high-capacity material is required to store the gas, which can be difficult due to
the molecular properties of hydrogen. Whilst hydrogen has almost three times the
energy content of gasoline with 120 MJ/kg versus 44 MJ/kg respectively, this is
also inversely reflected on a volume basis. The equivalent amount of hydrogen
requires more storage space than gasoline with liquid hydrogen having a density
of 8 MJ/L whereas gasoline has 32 MJ/L [3]. Other than associated costs and
practicality, the main issue is the amount of hydrogen that can safely be stored in
a vehicle and delivered as required under operational conditions [4].

Among different proposed solutions, such as high-pressure gas or liquid
hydrogen, physical adsorption at cryogenic temperature (~77 K) in porous
materials, primarily on the internal and external surfaces of a nano-porous solid,
IS an attractive option due to the speed and reversibility, whilst being maintained
at relatively low storage pressures (~up to 100 bar) [5]. Hydrogen physisorption
also has a low enthalpy of adsorption, compared to chemisorption, which
therefore reduces thermal management issues that can be problematic [6]. For
these reasons, a lot of research has gone into developing an optimal material,

particularly metal organic frameworks (MOFsS).

201



MOFs are made from inorganic nodes and organic linkers and are a class of often
crystalline materials that can be tuned to have ultrahigh porosity and high surface
areas, made from infinitely extendable metal ligand networks [7][8]. These
properties make MOFs an effective candidate for storage and transportation
applications in clean energy, for gases such as hydrogen and methane, and as
high-capacity adsorbents to meet various separation needs. As advantageous as
MOF are, there are also some downsides to MOFs. These challenges vary
greatly depending on the MOF class, but can include laborious or expensive
synthesis, lack of electrical conductivity, and chemical, thermal, and mechanical
stability to name a few [9]. For example, in terms of synthesis, difficulties can
include understanding and controlling both structural and compositional
complexity.

Consequently, owing to the difficulty in exhaustively assessing large libraries of
these complex materials experimentally, the use of computational chemistry has
been widely employed to accelerate the evaluation of such materials, particularly
the use of GCMC [10]. GCMC is a statistical-mechanical method, in which a
thorough molecular-level modelling of adsorption is solved accurately [11]. It is
an approach that is widely used for the simulation of adsorption equilibrium, thus
making it beneficial to model H2 adsorption on a MOF. However, a main downside
is computational time which is why ML is sometimes favoured.

There are a number of studies that have explored MOFs for Hz uptake, using
either ML, GCMC or both with interesting results [12—-17]. A largely cited paper in
the field of MOFs for Hz uptake is by Ahmed et al. [18], which looks at using
computational screening via GCMC to examine 493,458 MOFs based on the
crystallographic properties and the Chahine rule. The conditions used were a
pressure swing between 100 bar and 5 bar at 77 K and the benchmark used was
the best performing MOF at the time which was identified to be IRMOF-20, which
had been found to have the best combination of gravimetric & volumetric
capacities under these pressure-temperature conditions [19]- a tricky balance to
achieve. From this study, three MOFs surpassing IRMOF-20 were found, and

experimentally validated with positive results, yielding the current record-holders
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for balanced hydrogen capacity- SNU-70, UMCM-9, and PCN-610/NU-100, with
a ceiling of ~40 g H2/L. It should be noted that although there are MOFs with
higher volumetric capacities, this study focused on high volumetric along with
gravimetric capacity, thus these are the current highest performing MOFs in both
aspects.

Bucior et al. [20] used ML to train on MOF databases, and in addition, they
calculated new descriptors for gas adsorption derived from the energetics of
MOF—guest interactions. The findings from this showed that their ML method was
three times faster than conventional molecular simulations, which allows for rapid
exploration of large numbers of MOFs. In order to validate their method, it was
applied to screen experimental MOFs and the selected highly performing MOF
was chosen to be experimentally validated, with positive results. Another study
that applied the use of machine learning in combination with other methods is by
Giappa et al., [3] where they employed multiscale theoretical calculations such
as binding energy, to identify and explore the effect of the functional group
composition on the hydrogen uptake profile. Consequently, GCMC was then
applied to three MOF candidates, with some functional group modifications, and
the total gravimetric and volumetric uptake profile was obtained both at cryogenic
(77 K) and ambient temperature (300 K). The results obtained, showed a fair
prediction capability of the Hz binding energies even with a limited amount of data,
and that the use of ML can largely bypass the need for computational methods,
by extrapolating for valuable physical-chemical insights.

Anderson et al. [21], successfully utilized both machine learning and molecular
simulation for the exploration of hydrogen storage of porous crystals, including
MOFs, amongst others. They gave insights into how inputs influenced the
adsorption output, namely volumetric surface area (VSA) and gravimetric surface
area (GSA), again two parameters that lead to difficulty in finding a good balance
between volumetric and gravimetric uptake. In this study, over 18,000 adsorption
simulations using the topologically based crystal constructor code, ToBaCCo,
was used, alongside the application of a neural network model to predict

hydrogen uptake and various conditions. Results showed that the combined
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application of simulation data at various temperature and pressures, as inputs to
a neural network, allowed for the prediction of hydrogen adsorption at different
thermodynamic conditions, with final results determining that 62 g/L is an
attainable deliverable hydrogen capacity for 100 bar/77 K < 5 bar/160 K swing
conditions.

Thornton et al. [22], looked at the use of computational tools to explore physical
hydrogen storage. They applied a combination of thermodynamic models
coupled with a neural network machine learning as well as data mining for
validation, to address the limits of hydrogen storage using porous materials and
also to identify new additional promising candidate materials to enhance the
viability of a global hydrogen fuel economy. The database screened consisted of
850,000 materials, of which around 20 % were MOFs - either Computationally
Ready Experimental (CoRE) MOFs [23] or Hypothetical MOFs [24]. In this study,
they used the Langmuir adsorption model, to predict hydrogen uptake (N) at room
temperature, using Equation(6-1, where P is the pressure, K is the Langmuir
equilibrium constant, and M is the saturation capacity:

N =X m (6-1)
1+KP

From this they found that at cryogenic temperatures, the Langmuir model failed
to adequately predict adsorption capacity because of the poor correlation
between hydrogen density and pore volume at high pressures. Therefore, instead
GCMC simulations were adopted to predict hydrogen uptake. Consequently,
neural network ML models for gas adsorption were trained on the data generated
by GCMC to predict hydrogen adsorption volumetric working capacity based on
the following structural descriptors:

e Adsorption energy

e Void fraction

e Volumetric surface area (VSA)

e Gravimetric surface area (GSA)

e Pore diameter

e Density
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Results from this study showed reasonably good agreement is found between
GCMC and data-mined experimental data for some materials, particularly with
hypothetical MOF-5059389 which had the highest working capacity of 40 H2 g/L,
along with MOF-210 and ZIF-8 with a similar uptake, with a comparison shown in
Figure 6-1 [22]. Similarities across the top performing candidates included a void
fraction close to 0.5 and a major pore diameter of around 10 A, along with high

surface areas above 3000 m?/cm? and 5000 m?/g.
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Figure 6-1 Total hydrogen uptake for top candidates with the highest working capacity oof
MOF-210, ZIF-8, and hypothetical MOF-5059389

An early study that adopted the accuracy of the ab initio methods and the speed
of the classical approaches is by Borboudakis et al. [25]. Their proposed
approach was to introduce machine learning for the prediction of gas adsorption
in MOFs. In this study, data from literature of 100 MOFs that had been
experimentally synthesized was collected, with conditions of 1 bar and 77 K.
Across all selected MOFs, 62 organic linkers, 18 different types of metal nodes.
and 12 functional groups were identified, and these were inputted into the

JustAddData (JAD) Machine learning tool. Results from this study showed that
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chemical properties of MOFs are predictable (stochastically, not deterministically)
and that machine learning algorithms can learn predictive models that can
generalize unseen MOFs (i.e., MOFs that have not been used to train the ML
model), and guide experiments in material discovery by predicting properties of
new materials, which leads us onto the aim of this study. The most recent study
within this field in using machine learning for H2 MOFs was the application of
SHapley Additive exPlanations (SHAP) and contours to improve the accuracy
prediction of a support vector regression (SVR) to observe the effects of
temperature, pressure, isosteric heat of adsorption, BET surface area, on
hydrogen uptake [26].

Whilst there is no known ‘acceptable’ storage capacity for storage use, the
highest excess H2 storage capacity reported so far for MOFs is 99.5 mg/g at 56
bar and 77K in NU-100, which has a total capacity of 164 mg/g at 77 K and 70
bar. The highest total H2 storage capacity reported is 176 mg/g (excess 86 mg/g)
in MOF-210 at 77 K and 80 bar [18].

In this study, we employ the application of machine learning, to screen and
identify high performing MOFs for Hz uptake, using available databases on the
computational prediction of hydrogen storage capacities in MOFs. Starting from
98,694 MOFs, we apply multivariate analysis as well as looking at patterns in
data to narrow down the database to the ‘best’ performing MOFs in terms of

volumetric and gravimetric capacities.
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6.4 Methodology

The approach for this study is shown in Figure 6-2.

f 1.Data Collection z9":IMARC

( )

2.Model Development P PUthOﬂ ”

. J
a Northwestern| MOFDB B
3. Model Application & Evaluation CCDC

Figure 6-2 Methodological approach for this study

In more detail, the process is:

1. Use the HYMARC databases consisting of hydrogen storage capacities of
98,695 MOFs in both usable gravimetric capacity and usable volumetric
capacity [26].

e These are calculated via GCMC.

2. Find the correlation between the desired output (Hz uptake) of the GCMC
simulated MOFs and their structural properties — using multiple linear
regression (MLR) in Python to find correlation with simple geometric
descriptors e.g., surface area, density etc. as inputs.

e Plot Actual (GCMC from literature) vs. Predicted (ML), then use colour
plots to find patterns in data.
3. Using the CCDC database, to identify high-performing hypothetical MOFs.
e Use the actual vs predicted plot, to predict the deliverable capacity of
hydrogen for the selected materials.

¢ Using the ranges found from the predictive plots, apply this to available
H2 MOF databases to filter through and narrow down the best
performing MOFs, based on highest uptake only in this study. Other
KPIs that could be used include stability and reproducibility.
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For step one, the input parameters were seven common crystallographic features
that describe the MOF structure:

Single crystal density, d (g/cm?®); range = 0.03 — 5.18

Gravimetric surface area, gsa (m?/g); range = 0 — 9750

Volumetric surface area, vsa (m?/cm?); range = 0 — 3995

Void fraction, vf (unitless, range of 0-1); range = 0 — 0.99

Pore volume, pv (cm?/g); range =0 — 35.7

o ok~ w0 NP

Largest cavity diameter, Icd (&); range = 0.4 — 71.6

7. Pore limiting diameter, pld (A); range = 0 — 71.5

Additional assumptions made were:

e The predictions of volumetric capacity assume that the MOF is a single
crystal monolith.

e Hence, losses due to imperfect packing (i.e., void space) or structural
defects (i.e., missing linkers and nodes) that might be present in a storage
system where the MOF is stored as a powder or in an experimentally
synthesized bulk material are not accounted for.

e The present volumetric predictions should therefore be considered as an

upper bound on the practical volumetric capacity of the MOF storage
medium [28], though it should be noted that in some cases structural

defects could lead to experimental values higher than predicted [29].

Prior to commencing further, principal component analysis (PCA) was applied to
ensure non redundancy via variance analysis. From the PCA heatmap, Figure 6-
3, the variance across the 7 principal components, was shown to be fairly evenly
distributed across the first few PCs (e.g., the first PC explains 71.8% of the
variance, PC2, PC3, PC4, PC5, PC6 and PC7 explain 17.9%, 3.5%, 2.7%, 2.0%,
1.1% and 1.0% respectively. This indicates that 2 PCs highly influence the output
(they explain 89.7% of the variance) and the latter 5 are almost redundant. With
that said, all the 7 features were used as inputs to further analyse the influence
on the output, in order to maximise the accuracy prediction and to see what the

effect was with each input feature.
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Variance heatmap of inputs for Usable H; Gravimetric Capacity at TPS
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Figure 6-3 Heatmap showing dependencies of 7 principal components on input features.

The models developed were based on machine learning algorithms that were
trained on computed Hz uptake data (i.e., isotherms from Grand Canonical Monte
Carlo calculations) on a diverse set of MOFs. The capacities were predicted using
operating conditions [27]:
* Temperature + Pressure Swing (TPS) between P =100 bar / T =77 K (full
condition) and P =5 bar/ T =160 K (empty condition)
And two types of capacities are reported:
+ Usable gravimetric capacity in weight percent (wt.%), defined as the
mass of stored H2 divided by the summed mass of H2 and the MOF
» Usable volumetric capacity in grams of Hz stored per litre of MOF (g Hz/L
MOF)
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6.5 Results and Discussion

The first models that were developed are shown in Figure 6-4, where a) is the

usable volumetric capacity (gH2/LMOF) and b) is usable gravimetric capacity
(Wt.%).
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Figure 6-4 Scatter plots showing correlation between the input features and Hz capacity at
TPS for a) Usable volumetric capacity (gH2/LMOF) and b) usable gravimetric capacity
(wt.%). Black lines represent y = x. Red lines indicate the line of best fit.
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From these plots, it is clear that the ability to predict the gravimetric capacity is
much higher than that of volumetric capacity. A reason behind this includes that
calculating the volumetric capacity of a material requires knowledge of its density,
or bulk volume. More specifically, for crystalline materials, such as MOFs, this
can be calculated from the amount of material bounded by the faces of the crystal
(single crystal density); however, a downfall of this is that this ignores interparticle
voids and structural defects present in real bulk samples, and therefore, results
in an overestimation of the practical volumetric H> storage capacity, hence the
variation [6], to overcome this, bulk density could be considered. Additionally, it
is clear that the relationships between output capacities both volumetric and
gravimetric, and the input features behave differently under different pressure
swing and temperature pressure swing conditions [27], although the exact
patterns are fairly ambiguous due to the complex nature of different MOFs; thus,
it's more on a type of MOF basis as opposed to a holistic trend across all Hz
uptake MOF behaviour [30].

Following the predictions of the usable capacities from the seven inputs, colour
plots were configured in order to observe patterns in data, which are shown from
Figure 6-5 to Figure 6-11. It should be noted that the PLD of a MOF is defined as
the aperture size of the material and is often used as a key structural property to

evaluate the size exclusion capability for a gas mixture [31].
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Usable Volumetric Capacity (gH,/LMOF) at TPS

Usable Gravimetric Capacity (wt.%) at TPS
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Figure 6-5 Actual vs Predicted plots using simple MLR using single crystal density (g/cm?)
to predict a) usable volumetric capacity (gH2/LMOF) and b) usable gravimetric capacity
(Wt.%).
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Figure 6-8 Actual vs Predicted plots using simple MLR using largest cavity diameter (4) to
predict a) Usable volumetric capacity (gH2/LMOF) and b) usable gravimetric capacity

(Wt.%).
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Figure 6-9 Actual vs Predicted plots using simple MLR using pore limiting diameter (4) to
predict a) Usable volumetric capacity (g H2/L MOF) and b) usable gravimetric capacity
(Wt.%).
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Figure 6-10 Actual vs Predicted plots using simple MLR using gravimetric surface area
(m?/g) to predict a) Usable volumetric capacity (gH2/LMOF) and b) usable gravimetric
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Figure 6-11 Actual vs Predicted plots using simple MLR using volumetric surface area
(m2/cm?) to predict a) Usable volumetric capacity (gH2/LMOF) and b) usable gravimetric
capacity (wt.%).

From these plots, the clearest correlations in usable volumetric capacity, is shown
from the following plots: single crystal density (Figure 6-5(a)), gravimetric surface
area (Figure 6-10(a)), volumetric surface area (Figure 6-11(a)) and void fraction
(Figure 6-6(a)). And for usable gravimetric capacity, the clearest correlations
were seen in pore volume (Figure 6-7(b)), gravimetric surface area (Figure 6-
10(b)), pore limiting diameter (Figure 6-9(b)) and largest cavity diameter (Figure
6-8(b)).

Whilst the aforementioned parameters gave the clearest correlations in the colour
plots, this shouldn’t be mistaken with the most influential for the given usable
capacities, the clearer correlations are merely used as an indication as to what
range to narrow down the database to for a high performing MOF. If anything, the
plots where the colour gradient is spread across the scattered dots or there is a
clear contrast between high and low, are more of an indicator as to which are
most influential. So, in this case, for the usable volumetric capacity, the plots that
have a wider spread of the coloured scattered dots are single crystal density
(Figure 6-5(a)), volumetric surface area (Figure 6-11(a)) and void fraction (Figure

6-6(a)), and for usable gravimetric capacity, they are void fraction (Figure 6-6(b))
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and gravimetric surface area (Figure 6-10(b)). Then looking at the plots that have
a clear divide between high and low for both capacities this is pore volume (Figure
6-7), and additionally single crystal density for the gravimetric capacity (Figure 6-
5(b)). Having said that, the research from which this data is from [27], gives the
most influential parameters in order, having calculated it via ML models with one
parameter as the input for the output capacity. Then results of this approach is
shown in Table 6-1 and are in line with the colour plot indications, perfectly for
the top 4 for usable gravimetric capacity, whilst only identifying two out of the top
4 for volumetric capacity. Again, this is down to the varying effect of temperature
and pressure along with the property relationship with the input features on the

output capacities.

Table 6-1 Performance of ML models for the prediction of usable H2 storage capacities in
MOFs under temperature & pressure swing (TPS) conditions, where d = Single crystal
density (g/cm?); pv = Pore volume (cm?®/g); vf = void fraction; gsa = Gravimetric surface
area (m2/g); vsa = Volumetric surface area (m2?/cm3); lcd = Largest cavity diameter (4); pld
= Pore limiting diameter (4). Performance from [18] is ranked based on R? where green is

the parameters identified as influential that match that of the original database study.

Usable volumetric capacity Usable gravimetric capacity
(g H2/LMOF) (Wt%)
From study This study From study This study
[18] [18]
vf pv pv pv
pv d d d
gsa vsa vf vf
vsa vf gsa gsa

By looking at patterns in data the properties that can lead to a high performing
MOF can be narrowed down, and on using this method, the figures in Table 6-2

are what indicated a higher uptake for both volumetric and gravimetric capacities.
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Table 6-2 The ranges obtained from the colour plots, indicating the properties that a high

performing MOF would have.

Property Range from Volumetric Range from Gravimetric
Capacity plot (gH2/LMOF) Capacity plot (wt.%)
Single crystal density 0.03-0.75
(g/lcmd)
Gravimetric SA (m?/g) 7000 — 9000
Volumetric SA (m?/cm?) 2250 - 3250 2250 — 3250
Void fraction (-) 0.8-0.9 0.8-0.9
Pore volume (cm3/g) 20-25
LCD (&) 40 -71.6
PLD (A) 40-715
Note:

*VSA as a parameter was removed as the range didn’t apply to both plots
** The range encompassing both was used: 0.8-1

Interestingly and also expectedly, using the conditions in the table the database
was narrowed down from 98,694 datapoints to 0, and the main reason for this is
that although the gravimetric capacity plots were largely in agreement, using
volumetric surface area as an input to predict this, largely contradicts the other
parameters, and this is seen clearly in Figure 6-11(a). For this plot, there is a
‘sweet spot’ for optimal capacity, ranging from 2250-3250 m?/cm? for volumetric
surface area. However, the gravimetric plot indicates that the exact same range,
results in a capacity of approx. 10 wt%, compared to the optimal capacity of
around 50 wt% based on the data currently available. This is in line with literature
as mentioned before, finding the balance between the usable gravimetric and
volumetric capacities has long been one of the main targets withing the MOF gas
adsorption field [18,19,32,33]. Due to this, the parameter of volumetric surface
area (vsa) was removed as an input, as it was less influential on the performance
compared to gravimetric surface area (gsa) in either capacity output. In removing
this parameter, the database was further amended from O datapoints, up to 34
MOFs of interest. Another interesting point as noted in Table 6-1, is that this study

manage to predict the gravimetric capacity in line with the performance from study
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[18], however not the volumetric capacity, which is expected due to the effect of
volumetric surface area having contradictory results from the other input factors.
All the 34 narrowed down MOFs were from the same database which was
gathered from [10], which was a study on the use of GCMC to evaluate over
10,000 structures for the storage of gaseous fuels such as hydrogen and
methane at various operating conditions, using the top-down algorithm via the
code Topologically Based Crystal Constructor (ToBaCCo). They were all
available as crystallographic information files (CIF) files, which give geometry
information on molecular building blocks, as well as cell geometry, space group,
cell coordinates etc. From this, similarities and differences were noted, and some
are given below:
Similarities
* All MOFs have Cu present.
* All MOFs consist of trinuclear Cu clusters (Cu3) connected by linkers
containing chelating N groups.
* The majority of the MOF’s have 21 or 33 Cu per unit cell.
Differences/ Patterns
* Only 1 MOF has Zn present. This results in the lowest volumetric
capacity.
* The higher performing MOFs in terms of volumetric capacity consist of
a metal count of 24 whereas lower performing have a count of 12. The
opposite is true to higher performing MOFs in terms of gravimetric
capacity.
* Inthe unit cell parameters, larger alpha (a) angle sizes favour gravimetric
capacity (where a is the geometric mean between sides ca and ab of a
unit cell),

* Longer unit cell lengths favour volumetric capacity, expectedly.

Based on the original colour plots and the additional patterns in data found from
CIF files, a MOF leaning towards a higher gravimetric capacity is the route to
explore further. This is because the original prediction plots show that more of the
geometrical descriptors are in agreement with a high performing MOF relative to
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gravimetric capacity. Applying all parameters except vsa, results in (expectedly)
a MOF with high gravimetric capacity, and a medium level volumetric capacity,
seemingly giving a good balance. When ranking the 34 MOFs in terms of
gravimetric capacity, the top 5 performing MOFs are shown in Table 6-3, all of
which are hypothetical MOFs yet to be experimentally validated, but only

computationally calculated using GCMC.

Table 6-3 Top performing MOFs for Usable gravimetric capacity in weight percent (wt.%),
where d = Single crystal density (g/cm?); pv = Pore volume (cm?/g); vf = void fraction; gsa
= Gravimetric surface area (m?/g); vsa = Volumetric surface area (m?/cm?®); lcd = Largest
cavity diameter (4); pld = Pore limiting diameter (4), UG = Usable gravimetric capacity
(wt%), and UV = Usable volumetric capacity (gH2/LMOF)

Name d gsa vsa | Vf pv lcd pld uGc |uv

mof_10846 0.04 | 7753 | 313 |0.99 |24.36 | 48.2 |46.1 |42.4 | 314
mof_10842 0.04 | 8467 |346 |0.99 |24.02|44.6 |42.7 | 423 |31.6
mof_10900 0.04 | 7973 | 317 |0.99 |24.77 | 48.3 | 45.8 | 42.3 | 30.7
mof_10857 0.04 | 7613 | 309 [0.99|24.24|479 |455 |42.1 |31.2
mof_10807 0.04 | 8747 | 360 [0.99|23.86|44.4 |42.4 |42.1 |31.6

From further analysis, the topology of all five MOFs was found to be srs, which
is a chiral net with 3-connected vertices. Many MOFs with srs topology have
metal ion nodes, and on looking at the structure of other reported MOFs in
literature with this topology via the Northwestern MOF database [34] and the
Cambridge Structural Database, a database of small molecule crystal structures
[35], the types of linkers required to synthesize these, are those that are not
readily available and are extremely long, further making the task of experimentally
validating it, very time consuming. When looking at the current highest performing
MOFs for H2 uptake, Table 6-4 shows how the top identified MOF from this study

compares.
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Table 6-4 Properties of previously reported high performing MOFs compared to the top
performing hypothetical MOF identified in this study, where d = Single crystal density
(g/cm3); pv = Pore volume (cm?g); vf = void fraction; gsa = Gravimetric surface area (m?/g);
vsa = Volumetric surface area (m%cm?3); lcd = Largest cavity diameter (4); pld = Pore
limiting diameter (4), UG = Usable gravimetric capacity (wt%), and UV = Usable volumetric
capacity (g Hz2/L MOF). Blue is the UV and UG for the MOF identified in this study, and the

green and red indicates better or worse performance from different studies, respectively.

Property mof 10846 | MOF-5 |IRMOF-20 | SNU-70 | UMCM-9 | NU-100
Year This study 2003 2017 2019

Reference | [10] [36] [19] [18]

gsa 7753 3512 4073 4944 5039 6050
vsa 313 2172 2000 1905 1805 1603

vf 0.99 0.81 0.84 0.86 0.86 0.88
pv 24.36 1.36 1.65 2.14 2.31 3.17
UG 42.4 51.9 51 47.9 47.4 47.6
uv 314 7.8 9.1 10.6 11.3 13.9

Whilst its clear the MOF identified in this study is just a hypothetical MOF, what
sets its aside from the other ‘high performing’ MOFs is that it manages to achieve
the balance between the two opposing capacities, thus making it more optimal, if
it were to be validated experimentally, over the other MOFs that have much

higher usable volumetric capacities, but very low usable volumetric capacities.

6.6 Conclusion and Future Work

In this study a literature review on the different approaches that have been
applied to the development and discovery of hydrogen uptake MOFs was
conducted. Consequently, a simple machine learning algorithm (multiple linear
regression) was applied using Python and available databases consisting of
seven input parameters to predict the usable gravimetric and usable volumetric
capacities. The aim was to find a good balance between the two outputs, which
is defined as the ideal properties of a gas adsorption MOF in terms of volumetric

and gravimetric capacity, in various literature. The application of colour plots was
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applied as way to streamline and bypass the complex computational approaches,
with promising results. The top performing MOFs were identified and compared
to current high performing MOFs. In doing this, our approach eliminates the
longer computational methods such as GCMC or DFT, whilst showing patterns in
data i.e., the influential factors of several input parameters. This further allows for
the exploration of optimal MOFs to be accelerated via extracting vital data from
the graphs produced in this study.

Future directions for this study would be to consider practical aspects such as
ease of synthesis of the MOF, expected MOF robustness, and other heuristics
based on experimental literature, to go on and select one MOF for experimental
preparation. Additionally, an area of research that is worth exploring further in
MOF discovery, is the application of quantitative structure property relationship
analysis (QSPR). The use of QSPR is an emerging and helpful mathematical tool
that allows the link between physical or chemical properties to predict the
behaviour or desired characteristics of a molecule. The use of this application
within the study of MOFs, particularly for carbon capture, is not particularly new,
for example there are studies focused on using QSPR for screening of MOFs for
CO2/H2 selectivity [37], CO2 capture [38,39] and methane storage [40—-42] to
name few, with most of them published in very recent years. However, despite
the clear interest in this field, the novel aspect is that there are very few studies
on the application of QSPR to screen and explore the use of suitable MOFs for
hydrogen storage specifically. In fact, with just one key study [43], this is a novel
area worth exploring further as there is high potential to obtain newer findings

and predictions from updated descriptors and materials.
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7 General Discussion

The overall aim of this study was to successfully apply the use of machine
learning algorithms and computational methods for the prediction of properties,
materials and conditions of the sorption enhanced steam methane reforming
process (SE-SMR). This has had varying success rates within the three

applications outlined in this thesis.

Firstly, the application of machine learning to produce a surrogate model for the
accessibility of process conditions within a reactor had accurate levels of
prediction, with the exception of some concentrations and conditions. As
previously discussed in Chapter 4, from the accuracy metrics for both algorithms,
it is evident that the random forest performed better than the neural network in
the ability to predict the concentration of the gas in each reactor, due to achieving
higher R? and lower RMSE and MAE values.

The main takeaway points from this publication were which concentrations gave
the best prediction and which conditions didn’t perform as well, whist looking at
what the physical implications were. Specifically, regenerator CO2 concentration,
(Figure 7-1(e) and 7-2(e)). This was deducted to be due to the Aspen model
calculation, which is able to calculate the most stable species in a gas stream at
each temperature, which in this case at the given temperature range, is COz. This
is translated into the Python models, as the set of five features used from Aspen,
allows the model to obtain a more accurate prediction.
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X. Red lines indicate the line of best fit.
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Adversely, there are some apparently anomalistic datapoints seen in the neural
network CHa4 conversion (Figure 7-1(f)) and the random forest Hz2 concentration
in the reformer (Figure 7-2(c)), with reasons behind these effects being suggested
to be due to an insufficient set of features was selected to identify all reactions
occurring, and Hz being final and main product gas from all the reactions taking
place in the reformer, therefore it is essentially least affected by slight changes in
input features. This is because it is the agglomeration of 3 different reactions,
however overall, both models were very accurate with high R? values, all above
98%. However, the random forest model was more precise in the predictions,
with consistently higher R? values and lower mean absolute error (0.002-0.014)
compared to the neural network model (0.005-0.024). Whilst the difference is
small, due to the low values, an increment of even 0.001 makes a difference in

this case.

The second publication was the use of machine learning, specifically quantitative
structure—property relationship analysis (QSPR) alongside the use of inductive
transfer learning, and datamining, for the development of combined sorbent and
catalyst materials (CSCM) (Chapter 5). The accuracy success rate with this study
was slightly less than the surrogate model development, in terms of the ability to
predict the output based on a multiple linear regression (MLR) model. From the
results, the application of multitask learning, (MTL), was shown to improve the
prediction capability of new molecules, compared to single-output models.
Consequently, the MTL model was used to predict properties of unseen CSCM
molecules somewhat effectively, 58% of the data resulting in an average absolute
relative error (AARE) of 50% or less (Figure 7-3).
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Figure 7-3 Comparison of the percentage of data belonging to each average absolute
relative error (AARE) range for the last cycle capacity and methane conversion prediction
of CSCM molecules.

Overall, this study presented a methodology for the prediction of CSCM that
hasn’t been conducted before, with promising results. The study concludes that
a combination of machine learning models and application of molecular
descriptors has the capability to predict properties for a CSCM for the process of
SE-SMR. The results from this study had the aim of streamlining and accelerating
the experimental discovery of an optimal CSCM, by reducing the repetitive trial
and error processes involved in material development. This study also possibly
paves a route into expanding the QSPR approach for applications beyond drug
discovery or biochemistry, which is the main use of molecular descriptors and
QSPR. The main outcome of this study was the use of colour plots to ascertain
the best experimental conditions and material precursors that would result in a
high capture rate and an optimal catalytic rate, for SE-SMR, with results shown
in Table 7-1.
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Table 7-1 Data gathered from the colour plots, indicating parameters that lead to a well/bad

performing CSCM.

Parameter Good performance | Bad performance
Calcium Calcium nitrate, Calcium carbonate/
precursor Calcium gluconate oxide

Inert support | Y203, CeO> Ca12Al14033, CaZrOs
Synthesis

method Sol gel Surfactant template

Optimal synthesis details:

CaO concentration (%) 70-90%
Cycles 10-15
SMR reformer temperature 650°C
SMR S/C ratio 6

Carbonation time/

15-20mins / 650-700°C
temperature

Calcination time/ temperature | 5-10mins / 900°C

Nickel wt% 2.5-10%
Catalyst calcination 600-700°C
temperature

Catalyst calcination time 10 hours

Lastly, the final study within this thesis was using machine learning to screen real
and hypothetical MOFs and to use patterns in data, to identify a high-capacity
MOF for hydrogen storage (Chapter 6).

From the plots produced, it was clear that the ability to predict the gravimetric
capacity is much higher than that of volumetric capacity. A reason behind this
includes that calculating the volumetric capacity of a material requires knowledge
of its bulk volume or density, so for crystalline materials, such as MOFs, this can
be calculated from the amount of material bounded by the faces of the crystal
(single crystal density) however a downfall of this is that this ignores interparticle
voids and structural defects present in real bulk samples, and therefore results in
an overestimation of the practical volumetric H2 storage capacity, hence the

variation.
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An important takeaway from this study was which parameters showed the
clearest corelations in the colour plots and which were most influential in the
ability to predict the usable capacity, which aren’t interchangeable. From these
plots, the clearest correlations in usable volumetric capacity, shown from, single
crystal density, gravimetric surface area, volumetric surface area and void
fraction. And for usable gravimetric capacity, the clearest correlations were seen
in pore volume, gravimetric surface area, pore limiting diameter and largest cavity

diameter.

Whilst the aforementioned parameters gave the clearest correlations in the colour
plots, this shouldn’t be mistaken with the most influential for the given usable
capacities, the clearer correlations are merely used as an indication as to what
range to narrow down the database to for a high performing MOF. If anything, the
plots where the colour gradient is spread across the scattered dots or there is a
clear contrast between high and low, are more of an indicator as to which are
most influential. So, in this case, for the usable volumetric capacity, the plots that
have a wider spread of the coloured scattered dots are single crystal density,
volumetric surface area and void fraction, and for usable gravimetric capacity,
they are void fraction and gravimetric surface area. Then looking at the plots that
have a clear divide between high and low for both capacities this is pore volume,
and additionally single crystal density for the gravimetric capacity.

The results from this colour plots, specifically by looking at patterns in data, the
properties that can lead to a high performing MOF can be narrowed down, and
on using this method.

The clear common interlinking within these chapters has been shown to be the
application of multiple linear regression in order to test the predictive accuracy of
the models to predict the process conditions and materials. Additionally, there is
the common theme of employing graphical presentations of observing patterns in
data via the use of colour plots, either narrow down an optimal range, or observe
the conditions/parameters with the best predictability, or to identify the most

influential factors, to name a few.
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Despite the benefits of the colour plots, there are clearly still some inabilities to
fully be able to predict unseen data, namely within the study regarding the use of
QSPR for CSCM. From the results, the application MTL was shown to improve
the prediction capability of new molecules, compared to single-output models,
with the capability of predicting 58% unseen molecules with an AARE of 50% or

less.

The training and test sets were applied to build and validate the models, while
the external evaluation ‘unseen’ sets are used to assess the true predictive ability
of the model. Since the obtained models rely on the molecule structures alone,
i.e., the inputted data, the estimated values by the presented approach were only
as good as the databases developed and the molecular structure descriptors
which are not specifically built for the types of molecules evaluated, i.e., the
structures sets are more suitable to drug discovery or biochemistry, which is the
main use of molecular descriptors and QSPR. The application of QSPR in
physical chemistry needs to be further explored in order to build up more suitable
molecular descriptors, in this field of research. However, overall, this study has
presented a methodology for the prediction of CSCM that hasn’t been conducted

before, with promising results.
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8 General Conclusion and Future Work

8.1 Final Conclusions

The scope of this work has been the application of machine learning and
computational methods, within the process of sorption enhanced steam methane
reforming (SE-SMR) for the production of blue hydrogen. This approach aimed
to streamline the overall process by allowing for accelerated and more holistic
screening of materials for capture, catalysis and storage, as well as looking at the
ability to monitor the process in circumstances where hardware sensors are not

available or applicable.

Chapter 4 was to develop a surrogate/ soft sensor model which was done by
firstly simulating the model in Aspen Plus, addressing Objective 1a, applying a
sensitivity analysis to gather a large dataset, then applying two multiple linear
regression model, to observe the accuracy of predicting the gas concentration
outputs. Objective 1b was achieved, with two models being successfully
developed with both models were accurate with high R? values, all above 98%.

Secondly, in chapter 5 a novel approach of QSPR with inductive transfer learning
and datamining, was applied to develop two large databases of sorbent and
catalyst properties, respectively, which addressed Obijective 2a and 2b. Then the
developed machine learning models from these databases were applied, to
predict the optimal conditions and precursor materials for the highest performing
CSCM, in terms of last cycle capacity and methane conversion. Lastly, in chapter
6, a similar approach was applied for the screening of MOFs for the storage of
hydrogen by using multiple linear regression, simple geometric descriptors, and
patterns in data to identify a better performing MOF than the currently reported
experimental MOFs in literature, addressing Aim 3.

In conclusion, this PhD project addressed some of the key challenges of
upscaling the process of sorption enhanced steam methane reforming. More
specifically, tackling the issues that arise in all aspects of the SE-SMR value

chain:
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- The actual process monitoring itself,

- The sorbent and catalyst materials used within the process,

- and lastly the materials to store the produced hydrogen at the end of the
process.

This study has explored the application of different levels of computational
modelling to SE-SMR, to accelerate the scale up of this process to commercial
scale. This is an area of significant importance as it helps tackle the race to obtain
the net zero target. Using computational modelling tools is a time and cost-
efficient solution to lead to the discovery of optimal materials to aid in the scale
up of carbon-abated hydrogen production.

The intellectual contributions to this field include:

1. A soft sensor/surrogate model has been developed, with the ability to offer
accurate gas concentration readings and methane conversion within the
SE-SMR process.

2. A QSPR model has also been developed, with the uses of inductive
transfer learning, that is able to predict the behaviour of unseen CSCM.
The model in this study was the first to use feature nets and multitask
learning in the SE-SMR field, and one of very few to use QSPR. It
presented a methodology for the prediction of CSCM that hasn’t been
conducted before, with promising results.

3. And lastly MOF screening for Hz storage using MLR and patterns in data

has streamlined a somewhat complex task.

Process optimisation and optimal materials are some the key factors to
accelerate the development of sorption enhanced steam methane reforming. The
use of machine learning can accelerate the finding and designing of cost-effective
materials for large-scale SE-SMR for carbon abated hydrogen, which in turn can

lead us closer to a net zero future.
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8.2 Limitations
Limitations that were faced within this thesis include the following:

- Time constraints
- Inability to conduct experiments.

- Lack of data

These limitations can be seen in all the in studies in this thesis, but each chapter

was affected differently.

For the first study that produced a soft sensor/ surrogate model, the main
limitation was the COVID-19 pandemic. This affected the study, as the
preliminary hypothesis was to develop the model then prove it out experimentally,
as the data used in the study was theoretical and gathered from Aspen Plus. The
original goal was to conduct experiments on a rig that had been designed and
constructed (see Figures 8-1 to 8-4). The software’s to be used to observe the

model’s results vs the experimental results was to be Agilent VEE and LabVIEW.
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Figure 8-1 Sizing and design schematic of the reactor

However due to certain policies during the pandemic, the study was amended to

be theoretical only, and to use existing literature as validation.

The positive side of this study was that, although the rig was not used in this
study, an operational hydrogen reactor was built, and various skills were honed
and applied.
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Figure 8-3 Constructed rig consisting of gas analysers on the left, mass flow controllers,
a quartz reactor within a Carbolite furnace, joined via Swagelok fittings, and various other
components.
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Figure 8-4 Constructed rig, with software programming and process monitoring station on
the right.

The second study was based on a very novel take on the use of machine learning,
QSPR and SE-SMR, to explore and develop an optimal combine sorbent catalyst
material (CSCM). The main restriction in this study was lack of data, as this was

a new methodology, therefore quantity of data was limited.

The approach taken was to gather a large amount of data, then to narrow down
certain sources that was more relevant to the study, i.e., the type of catalyst was
methane based and the absorbent was calcium based. In doing this the data size
was further reduced but this ensured that the end results were more accurate and
in line with the scope of study, and ensured there was less noise in the results.

Additionally, an aim was to synthesise the ‘optimal’ material found from the study,
however this was not completed, due to time limitations, however this is

something that is still a goal despite completing the study.
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The final study was the exploration of metal organic frameworks (MOFs) for
hydrogen storage, through the application of machine learning. The main
restriction in this study was time constraints as this was a study in collaboration
with Concordia University, and the time was limited to 12 weeks. Again, the goal
was to attempt to synthesise the hypothetical MOF identified in the study,
however this is a very long process that can take months to years, especially

when the linker used is long and complex and not readily commercially available.

The use of machine learning in SE-SMR is not new, however the different
approaches employed in this study was able to look at the production process,
materials used and end product (Hz) storage, in a different way and offer a

methodology not used before.

Overall, despite the various obstacles encountered, the end results of each study
in this thesis, was still able to meet the set objectives and offer novelty in an
under- researched area. A lot of the original aims were quite ambitious and time
willing, the theoretical results found, would have been experimentally applied for
further validation. The ability to adapt based on time and practicality, is what has

allowed this study to be successfully completed.

8.3 Future Work

All recommendations presented following each study were all practical based,
that is, to experimentally validate the theoretical results presented in each piece

of research.

8.3.1 Machine learning for the development of soft-sensor models
Future suggestions for this study would be to implement the soft sensor

experimentally in order to compare the success rate of the soft sensor against
hardware sensors, and thus further validating this machine learning application
for the process of SE-SMR. The use of the term surrogate model and soft sensor
model is sometimes interchangeable with the main difference of a soft sensor

being ‘online’ whereas a surrogate model is ‘offline’. Therefore, the next step of
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this study would be essentially to put the developed surrogate model online, and
effectively use the soft sensor practically to observe and control the process

conditions.

8.3.2 Quantitative structure—property relationship analysis for the
development of a combined sorbent catalyst material
Future directions for this study would be to use information from Table 7-1 to

synthesise a new material using the model as is, then make changes to the
models as appropriate, from the findings of this study, namely the reduction of
experimental conditions. This would allow for, firstly, the synthesis of a material
that would be assumed to possess the desired properties for a CSCM, but with
the removal of the conditions after this data is obtained, the prediction of how it
would perform is assumed to be more accurate with fewer conditions specified.
The material could then be synthesised, and performance compared against the
models’ predictions, and thus further validating this QSPR and MTL application
for the process of SE-SMR. This could also pave a route for the application of
multitask learning to be more utilised to predict behaviour of materials that rely
on more than one type of property feature.

8.3.3 Machine learning for the Exploration of Metal-Organic
Frameworks for Hydrogen Storage
Future development of this study would be to consider practical aspects such as

ease of synthesis of the MOF, expected MOF robustness, and other heuristics
based on experimental literature, to go on and select one MOF for experimental
preparation. the types of linkers required are not readily available and are
extremely long, further making the task of making it very time consuming to the
point of years as opposed to weeks or months. However, the proposed MOFs
presented in this study, if successfully synthesised, would absolutely be better
than the current physically available MOFs, the limitations are the linkers and
other physical parameters, hence why all the top performing MOFs are
hypothetical MOFs.
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Additionally, an area of research that is worth exploring further in MOF discovery,
is the application of quantitative structure property relationship analysis (QSPR).
The use of QSPR is an emerging and helpful mathematical tool that allows the
link between physical or chemical properties to predict the behaviour or desired
characteristics of a molecule. The use of this application within the study of
MOFs, patrticularly for carbon capture, is not particularly new, for example there
are studies focused on using QSPR for screening of MOFs for CO2/H: selectivity,
COz2 capture and methane storage to name few, with most of them published in
very recent years.

However, despite the clear interest in this field and the novelty that this topic
presents, there are very few studies on the application of QSPR to screen and to
explore the use of suitable MOFs for hydrogen storage specifically. With just one
key study between the two topics, this is a niche area worth exploring further as
there is a strong potential to obtain newer findings and predictions from updated

descriptors and materials.
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Appendices

Appendix A - Prediction of Sorption Enhanced Steam Methane Reforming Products
from Machine Learning Based Soft Sensor Models

Table_Apx A-1 Stream compositions under baseline conditions

Stream Name

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27

Temperature (°C)

25 | 25 | 25 | 150 | 123 | 382 | 599 | 650 650 | 650 850 850 | 619 | 407 | 25 25 25 25 25 25 25 25 25 850 | 850 850 | 850

Mole flows (kmol/hr)

CH4 1 0.5 1 1 1 0.02 0.02 0.02 | 0.02 0.02

H.O 4 4 4 4 4 212 212 1.34 134|134 | 212 | 011 | 2.01 | 0.11 0.15 | 1.19

(6{0) 0.08 0.08 0.08 | 0.08 0.08

CO; 0.09 0.09 3.74 3.74 | 3.74 | 0.09 | 0.09 0.09 3.74

H. 3.84 3.84 3.84 | 3.84 0.19 | 3.65

CaO 52.70 52.70 | 55.76 53.53 | 2.23 | 55.76
CaCOs 0.81 0.81 2.24

(07} 1.83 183 | 1.83 1.83 3.00 3.00

\P 11.29 11.29

Total 1 05| 4 4 5 5 5 59.66 | 6.15 | 53.51 | 62.67 | 6.91 | 6.91 | 6.15 | 4.14 | 2.01 | 0.49 | 3.65 | 5.72 | 1.19 | 1429 | 3 11.29 | 2.24 | 53.53 | 2.23 | 55.76
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Table_Apx A-2 Random Forest Feature Importance

Level of Reformer [H20O] | Reformer [CO] | Reformer [H:] Regenerator Regenerator [CH4] reformer

importance [H20] [COy conversion

Most S/IC 0.7454 | Ref T | 0.5244 | S/C 0.4339 | CaO/C | 0.5194 |RegT |0.6727 | S/C 0.5124
Reg T | 0.1194 | RefP | 0.1872 | Reg T | 0.3154 | S/C 0.1779 | CaO/C | 0.308 Ref T 0.2469
Ref T | 0.086 | S/C 0.1322 | Ref T | 0.1303 | Reg T | 0.1367 | RefT 0.0088 | Ref P 0.1392
Ref P | 0.0489 | Reg T | 0.0828 | RefP | 0.1187 | Ref T 0.1052 | RefP | 0.0085 ' RegT 0.0918

Least CaO/C | 0.0003 | CaO/C | 0.0734 | CaO/C | 0.0017 | Ref P 0.0609 | S/C 0.002 CaOo/C 0.0096
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Table_Apx A-3 Details of Activation functions

Activation function Description Mathematical definition and diagram

Rectified Linear Unit (ReLU) | The activation is linear for input values

z ifx>0
greater than zero: R(x) = max(0,x). Other R(z) =

o _ _ 0  otherwise
activation  functions  require  very

computationally expensive operations
such as exponents, etc., but ReLU, on the
other hand, can be implemented simply

by thresholding a value vector at zero.

Hyperbolic tangent (tanh) The function maps a real-valued humber

to the range [-1, 1]. Its outputs are zero- ( ) el — e %
centred. f X) =
et +e "
Sigmoid The sigmoid function maps the incoming
inputs to a range between 0 and 1. 1
flx) = -
1l+e®
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Appendix B - Prediction of Combined Sorbent and
Catalyst Materials for SE-SMR, Using QSPR and
Multitask Learning

Table_Apx B-1 OECD guidelines for the development of a QSPR

Guideline

Examples/ Application

A defined endpoint

An example of this is having consistency in the data used, for the
calculation of the endpoint property a specific instance of this is if
data is collected from multiple literature sources. As this was the
case for this study, care was taken to ensure all data was inputted
in heterogenous units, and with consideration regarding the type
of experiment conducted.

An unambiguous
algorithm

An indicator of a good QSPR model is the transferability of the
model, i.e., the ability to replicate the descriptor values, the
accuracy metrics and ability for a new user to predict new models
using the developed model easily. In this case, it has been
confirmed that all the models developed are readily reproducible
with the given input data.

A defined domain of
applicability

The applicability domain (AD) is defined as the physico-chemical,
structural, or biological space, knowledge or information on which
the training set of the model has been developed, and for which it
is applicable to make predictions for new compounds’ [1]. Due to
this its recommended that new data is predicted within the AD by
interpolation as opposed to extrapolation. In this study the AD was
well defined and further detail is given in Section 5.3.3.

Appropriate
measures of
goodness of fit,
robustness and
predictivity

Two examples of errors for this include use of excessive numbers
of descriptors and failure to validate the model properly. Because
of this, an evaluation of the number of descriptors was trialled.
Furthermore, in accordance with the ‘principle of parsimony’,
unnecessary additional descriptors were not utilised, as it often
did not improve the fit. In terms of validation, its stated that use of
external validation, i.e., using data not included in the training set
is the only acceptable way to ensure good predictivity for a QSPR
model.

A mechanistic
interpretation, if
possible

This can be validated by checking if the descriptors either have
physiochemical interpretation that is consistent with a known
mechanism or if data from literature can support the mechanistic
basis of the model. In this case the latter was applied, in using
experimental data from literature to validate the model against.
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Table_Apx B-2 PCA Variance

Sorbent Variance

PCA1 21.5%
PCA2 15.7%
PCA3 14.3%
PCA4 12.2%
PCAS5 8.5%
PCAG6 7.5%
PCA7 6.2%
PCAS8 4.7%
PCA9 4.0%
PCA10 3.2%
PCA11l 2.3%

Catalyst Variance

PCA1 32.0%
PCA2 20.3%
PCA3 15.7%
PCAA4 13.3%
PCA5 11.6%
PCAG6 7.1%
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Table_Apx B-3 Feature importance

Sorbent — Last cycle capacity (gCO2/gSorbent)

Precursor

CaO concentration (%)

Calcination temperature (°C)

Carbonation temperature (°C)

Synthesis Method

Calcination time(mins)

Initial cycle capacity (g/g)

Carbonation time (mins)

O |0 | N |0 | DWW IN|PF

Cycle number

Catalyst — Methane conversion (%)

Calcination temperature (°C)

SMR S/C ratio

BET surface area (m?/g)

Nickel wt. %

SMR Reaction temperature (°C)

O |~ WIN|PF

Time (h)
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Table_Apx B-4 Sorbent Database- Property- Last cycle COz capacity (g/g)

Molecule CaO Calcium Cycle Method | Calcination Calcination | Carbonation | Carbonation | Initial Cycle Last cycle CO Ref
Concentration | Precursor | Number Temperature | Time Temperature | Time (mins) | Capacity capacity
(%) ) (mins) C) (gCOzlgSorbent)
(gCOZ/gSorbent)
Cay2Al14033 91 5 10 2 750 20 750 20 0.5562 0.5242 2
Cai2Al14033 82.16 4 30 2 750 20 750 20 0.5283 0.54 3
Cay2Al14033 80 8 7 1 800 10 650 30 0.523916 0.5 4
Cai2Al14033 90 4 30 2 750 20 750 20 0.5272 0.5556 3
Cay2Al14033 82 11 32 3 950 10 850 10 0.62 0.62 (5)
Cay2Al14033 82 11 100 3 700 10 700 10 0.39 0.39 (5)
Cai2Al14033 84 2 25 1 700 30 850 10 0.493344 0.42 6)
Cay2Al14033 80 1 30 4 750 10 750 10 0.55704 0.374 (@)
Cai2Al14033 75 2 13 1 850 10 690 30 0.4 0.45 8)
Cay2Al14033 55 11 100 3 950 10 850 10 0.4 0.4 (5)
Cai2Al14033 67 11 82 3 950 10 850 10 0.5 0.5 5)
Cai2Al14033 67 5 10 2 750 20 750 20 0.503 0.4696 2
Ca;2Al14033 34 1 50 1 800 5 650 40 0.258144 0.169598 9)
Cai2Al14033 80 10 7 1 800 10 650 30 0.495815 0.44 4)
Caj2Al14033 80 4 7 1 800 10 650 30 0.621946 0.6 4)
Cai2Al14033 35 2 13 1 850 10 690 30 0.215659 0.21 (8)
Caj2Al14033 80 9 7 1 800 10 650 30 0.410043 0.36 [3]
Cai2Al14033 80 7 7 1 800 10 650 30 0.581804 0.57 [3]
CayAl14033 37 5 10 2 750 20 750 20 0.1467 0.1427 )
Cay2Al14033 58.35 11 100 2 950 10 850 10 0.36 0.25 [4]
CayAl14033 82 6 10 6 750 20 750 20 0.4421 0.3515 | (10)
Cay2Al14033 75 56 1 980 5 650 30 0.52009 0.220173 [7]
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CaAlO5 80 4 100 2 950 25 650 2.5 0.409 0.1282 | (11)
CarAli0ss 75 2 20 2 750 8.33333 750 8.33333 0.3009 0.2543 | (12)
CaAlO5 52 5 10 2 750 20 750 20 0.213 0.1994 | (2
CarAli0ss 75 2 200 1 1000 15 600 25 0.1518 0.0871 | (13)
Al,O; 80 4 11 2 850 10 650 20 0.429264 0.43 | (11)
CaAlO5 75 4 45 1 850 10 690 30 0.3256 0.2728 | (14)
CarAli0ss 82.16 3 30 2 900 10 650 30 0.3952 02562 | (2
CaAlOs 75 4 45 1 850 5 690 30 0.35 0.3 | (15)
CaAli0ss 75 2 13 1 950 10 690 30 0.42 033 | [7]
Ca;MnO, 80 4 100 2 950 25 650 25 0.271 0.0845 | (11)
TiO, 71.85 1 40 2 750 10 600 10 0.18743 0.2363 | (16)
CazrO, 70 3 30 4 950 0 650 15 0.3555 0.3075 | (17)
CazrO; 23.83 11 1200 3 700 30 700 30 0.11 011 | [
CeO, 85 6 18 2 700 20 600 45 0.59 059 | (18)
La,05 80 4 100 2 950 25 650 25 0.3474 0.0614 | (11)
MgO 58 4 50 1 758 30 758 30 0.45 0.43 | (19)
MgO 75 1 51 1 850 6 650 10 0.3345 0.27 | (20)
MgO 80 4 100 2 950 25 650 2.5 0.3923 0.1417 | (11)
MgO 80 1 1250 8 750 30 750 20 0.36916 017 | (21)
SiO, 65.1 13 50 2 700 5 600 60 0.4861 0.3348 | (22)
TiO, 90 1 10 2 750 10 600 10 0.2 0.24 | (16)
TiO, 83.44 1 40 4 750 10 600 10 0.310737 0.187695 | (16)
Y20: 19.9 6 190 8 740 10 740 10 0.06 0.077 | (23)
Y20: 80 6 10 2 950 650 30 0.5426 0.4879 | (24)
Yb,0; 90 4 50 2 900 650 25 0.4 0.22 | (25)
Yb,0; 90 4 15 4 800 650 25 0.51 0.53 | (25)
Zr0, 90 3 10 2 900 10 650 20 0.57 036 | [2]
210, 64 3 10 2 900 10 650 20 0.33 021 | 2]
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ZrO; 80 3 10 2 900 10 650 20 0.49 0.31 [2]
ZrO; 76.9 1 15 7 750 15 600 30 0.19 0.14 | (26)
CazrOs 76.9 11 100 3 700 30 700 30 0.34 0.33 [4]
ZrO; 60.3 11 50 8 750 10 750 10 0.31 0.15 | (27)
CazrOs 66.7 11 100 3 950 10 850 10 0.21 0.21 [4]
ZrO; 60.3 11 50 3 750 10 750 10 0.31 0.32 | (27)
ZrO; 60.3 11 23 3 950 0 850 10 0.25 0.23 | (27)
CazrOz 66.7 11 100 3 700 30 700 30 0.23 0.23 [4]
ZrO; 60.3 11 100 3 700 30 700 30 0.3 0.3 | (27)
Ca;,Al14033 85 4 45 1 850 5 690 30 0.45 0.36 | (15)
Al,O3 91 6 30 2 750 20 750 20 0.52 0.55 [2]
CeO: 91 6 18 2 700 20 600 45 0.55 0.535 | (18)
CeO, 80 6 18 2 700 20 600 45 0.57 0.49 | (18)
Ce0? 95 6 18 2 700 20 600 45 0.44 0.45 | (18)
Nd»O3 90 10 24 4 900 5 650 30 0.56 0.4 | (25)
Nd,Os 60 10 24 4 900 5 650 30 0.46 0.31 | (25)
Nd»O3 30 10 24 4 1000 5 650 30 0.23 0.22 | (25)
CaCOs3 56 1 50 2 700 5 600 60 0.6683 0.277 | (22)
SiO, 50 13 50 2 700 5 600 60 0.2825 0.1835 | (22)
SiO; 75 13 50 2 700 5 600 60 0.5367 0.2985 | (22)
CaO 100 1 50 2 700 5 600 60 0.5135 0.2675 | (22)
CagAlgO1s 77.9 1 25 4 750 30 650 30 0.2626 0.3333 | (26)
CayAlgO1g 59.2 1 25 4 750 30 650 30 0.1547 0.2033 | (26)
CayAlgO1g 77.9 1 25 4 750 30 650 30 0.2371 0.2912 | (26)
CagAlgO1s 59.2 1 25 4 750 30 650 30 0.2062 0.2599 | (26)
CagAlsO1s 43.2 1 25 4 750 30 650 30 0.1661 0.2408 | (26)
CagAlgO1s 29.3 1 25 4 750 30 650 30 0.1199 0.1867 | (26)
Al,O3 91.7 1 25 4 750 30 650 30 0.2198 0.2624 | (26)
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MgO 93.3 1 25 4 750 30 650 30 0.4148 0.3054 | (26)
MgO 87.4 1 25 4 750 30 650 30 0.405 0.3045 | (26)
MgO 7.7 1 25 4 750 30 650 30 0.4015 0.2814 | (26)
MgO 73.6 1 25 4 750 30 650 30 0.4235 0.275 | (26)
MgO 63.5 1 25 4 750 30 650 30 0.41 0.2454 | (26)
CaCOs3 56 1 25 4 750 30 650 30 0.265 0.2933 | (26)
Y203 83.2 1 25 4 750 30 650 30 0.1701 0.2719 | (26)
ZrO, 76.9 1 25 4 750 30 650 30 0.2335 0.2168 | (26)
CazrOs 73.8 1 25 4 750 30 650 30 0.3439 0.2893 | (28)
CazrOz 55.6 1 25 4 750 30 650 30 0.2872 0.2595 | (28)
CazrOs 42.2 1 25 4 750 30 650 30 0.2267 0.2033 | (28)
CazrOs 31.9 1 25 4 750 30 650 30 0.1869 0.1823 | (28)
MgO 7.7 1 25 4 930 10 650 30 0.4307 0.1907 | (26)
CazrOs 73.8 1 25 4 930 10 650 30 0.3248 0.298 | (28)
CagAlgO1s 77.9 1 25 4 930 10 650 30 0.3067 0.2273 | (26)
CaCOs3 56 1 25 4 930 10 650 30 0.2683 0.1266 | (26)
CagAlgO1s 77.9 1 25 4 930 10 650 30 0.2232 0.2107 | (26)
Y203 80 6 10 2 850 5 650 30 0.5965 0.5399 | (24)
Y203 80 6 10 2 950 5 650 30 0.5901 0.4974 | (24)
Y203 80 6 10 2 850 5 650 30 0.5838 0.5748 | (24)
Y203 80 6 10 2 1050 5 650 30 0.5843 0.3919 | (24)
Y203 80 6 10 2 950 5 650 30 0.5721 0.5021 | (24)
Y203 95 6 10 2 850 5 650 30 0.6058 0.5821 | (24)
Y203 80 6 10 2 850 5 650 30 0.5847 0.5756 | (24)
CaO 100 1 10 2 950 5 650 30 0.5292 0.4183 | (24)
Y203 60 6 10 2 850 5 650 30 0.4365 0.4477 | (24)
CaO 100 1 115 4 758 30 758 30 0.687016 0.178031 | (29)
MgAI;O4 90 4 131 4 758 30 758 30 0.613301 0.45249 | (29)
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MgAI,O4 82 4 126 4 758 30 758 30 0.48762 0.437944 | (29)
MgAI;O4 74 4 126 4 758 30 758 30 0.48762 0.442778 | (29)
MgAI,O4 68 4 106 4 758 30 758 30 0.389737 0.405143 | (29)
MgAI;O4 58 4 132 4 758 30 758 30 0.322062 0.34132 | (29)
CaO 100 1 60 4 758 30 758 30 0.687016 0.209582 | [28]
MgAI,O4 90 4 60 4 758 30 758 30 0.613301 0.540095 | [28]
MgAI;O4 82 4 60 4 758 30 758 30 0.48762 0.478465 | [28]
MgAI,O4 68 4 60 4 758 30 758 30 0.389737 0.410186 | [28]
MgAl,O, 58 4 60 4 758 30 758 30 0.322062 0.344325 | [28]
Ca;,Al14033 87 2 50 1 850 5 700 30 0.448624 0.414285 [7]
Cay2Al14033 80 4 11 2 850 10 850 30 0.4696 0.4586 | (11)
Cay2Al14033 66 1 50 1 800 5 650 40 0.25795 0.17097 9)
Ca,Al14033 90 7 28 1 800 10 650 30 0.59 0.51 [3]
CasAl,06 91 1 50 5 850 10 650 30 0.6 0.41 | (30)
CazAl,06 91 1 100 5 850 10 650 30 0.6 0.34 | (30)
La;03 80 4 11 2 850 10 850 30 0.4987 0.2197 | (11)
La,O3 80 4 11 2 850 10 850 30 0.6009 0.5808 | (11)
Ca;,Al14033 80 4 11 2 850 10 850 30 0.4691 0.3188 | (11)
Cay2Al14033 87 2 50 1 980 5 700 30 0.52 0.22 [7]
CazAl,06 74 1 20 3 850 10 700 30 0.4919 0.4248 | [29]
CasAl,06 74 1 20 3 850 10 700 10 0.4739 0.3606 | [29]
CazAl,06 74 1 20 3 850 10 700 5 0.4357 0.2805 | [29]
CasAl,06 74 1 20 3 850 10 700 0.3258 0.1828 | [29]
CasAl,06 70 1 50 3 850 10 700 30 0.4508 0.358 | [29]
CazAl,06 74 1 50 3 850 10 700 30 0.4919 0.381 | [29]
CasAl;06 78 1 50 3 850 10 700 30 0.5671 0.3186 | [29]
CazAl;06 74 1 20 3 900 10 700 30 0.4858 0.3493 | [29]
CasAl;06 74 1 20 3 950 10 700 30 0.4865 0.2969 | [29]
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CazAl,O, 74 1 20 3 850 10 700 30 0.4927 0.4243 | [29]
CazAl,0s 74 1 20 3 950 10 700 30 0.4729 0.2799 | [29]
CazAl,O, 74 1 20 3 950 10 700 30 0.4593 0.2304 | [29]
CazAl,Os 74 1 20 3 850 10 680 30 0.5143 0.4343 | [29]
CazAl,0s 74 1 20 3 850 10 700 30 0.4929 0.4215 | [29]
CazAl,O, 74 1 20 3 850 10 725 30 0.4702 0.379 | [29]
CazAl,Os 74 1 20 3 850 10 650 30 0.4582 0.2916 | [29]
CanAlO% 90 12 30 2 900 10 650 30 0.6827 0.624 | [32]
CaAli0ss 85 12 30 2 900 10 650 30 0.6417 0.6096 | [32]
CaAlOs 75 12 30 2 900 10 650 30 0.5823 0.559 | [32]
CaO 100 1 30 2 900 10 650 30 0.555 0.1277 | [32]
CarAli0ss 65 12 30 2 900 10 650 30 0.4891 0.4795 | [32]
CaAlOs 90 12 30 2 950 10 650 30 0.6793 0.3638 | [32]
CaAl0ss 85 12 30 2 950 10 650 30 0.6407 0.4152 | [32]
CaAlOs 75 12 30 2 950 10 650 30 0.5802 0.4401 | [32]
CaO 100 1 30 2 950 10 650 30 0.552 0.089 | [32]
CaAlOs 65 12 30 2 950 10 650 30 0.4898 0.4107 | [32]
CasAleO1s 80 10 35 2 900 10 650 30 0.5486 0.4665 | [33]
CaoAlsOss 80 10 35 2 800 10 650 30 0.5482 0.5148 | [33]
CasAleO1s 80 10 35 2 1000 5 650 10 0.534 0.1933 | [33]
CaoAlsOss 80 10 35 2 800 10 650 30 0.5272 0.5244 | [33]
CasAleO1s 80 10 35 2 900 10 650 10 0.5185 0.326 | [33]
MgO 75 8 24 2 900 10 650 10 0.5758 0.5373 | [34]
MgO 67 8 24 4 900 10 650 10 0.499 0.4806 | [34]
CaO 100 1 24 2 900 10 650 10 0.4863 0.1891 | [34]
MgO 52 8 24 4 900 10 650 10 0.391 0.3725 | [34]
CasAleO1s 92,5 4 31 2 800 10 700 30 0.587734 0.565443 | [35]
CaoAlsOss 92.5 4 31 2 800 10 650 30 0.553211 0.56465 | [35]
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CagAlgO1s 92.5 4 31 2 800 10 600 30 0.460751 0.431713 | [35]
CayAlgO1g 92.5 4 31 2 800 10 650 30 0.55382 0.564516 | [35]
CagAlgO1s 92.5 4 31 2 850 10 650 30 0.552235 0.524109 | [35]
CayAlgO1g 92.5 4 31 2 900 10 650 30 0.58472 0.511036 | [35]
CayAlgO1g 80 4 31 2 930 5 650 30 0.519672 0.334915 | [35]
CazrOs 90 3 30 4 800 0 650 15 0.3101 0.3645 | [17]
CazrOs 82 3 30 4 800 0 650 15 0.2503 0.3113 | [17]
CazrOz 70 3 30 4 800 0 650 15 0.1743 0.2664 | [17]
CazrOs 90 3 30 4 950 0 650 15 0.4622 0.2992 | [17]
CazrOz 82 3 30 4 950 0 650 15 0.4344 0.3087 | [17]
TiO, 90 1 10 4 750 10 600 10 0.206206 0.23313 | [16]
TiO, 85 1 10 4 750 10 600 10 0.183203 0.159056 | [16]
TiO, 92 1 10 4 750 10 600 10 0.172168 0.163632 | [16]
TiO, 80 1 10 4 750 10 600 10 0.168648 0.159408 | [16]
TiO, 95 1 10 4 750 10 600 10 0.113714 0.120908 | [16]
Cay2Al14033 82.16 3 30 2 900 10 650 30 0.4918 0.3088 [2]
MgO 85 8 24 4 900 10 650 10 0.6282 0.5693 | [34]
MgO 95 8 24 4 900 10 650 10 0.6577 0.5589 | [34]
Cay2Al14033 85 2 21 4 750 8.33333 750 8.33333 0.0812 0.2105 | [12]
MgO 25 2 21 4 750 8.33333 750 8.33333 0.0665 0.0636 | [12]
Cay2Al14033 75 2 20 4 750 8.33333 750 8.33333 0.043 0.0636 | [12]
Ca;,Al14033 75 2 20 4 750 8.33333 750 8.33333 0.043 0.079 | [12]
MgO 50 2 21 4 750 8.33333 750 8.33333 0.0323 0.0276 | [12]
Cay2Al14033 50 2 21 4 750 8.33333 750 8.33333 0.0125 0.0338 | [12]
MgO 63 2 21 4 750 8.33333 750 8.33333 0.0724 0.0816 | [12]
Ca2Al14033 80 3 30 6 800 5 650 10 0.499695 0.298191 | [36]
Ca,Al14033 80 3 30 6 900 5 650 10 0.472178 0.254909 | [36]
Ca2Al14033 80 3 30 6 900 5 650 10 0.428466 0.189125 | [36]
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Ca2Al14033 80 3 30 6 900 5 650 10 0.410982 0.213346 | [36]
Cay2Al14033 95 3 30 6 900 5 650 10 0.549851 0.164672 | [36]
Ca2Al14033 90 3 30 6 900 5 650 10 0.53663 0.205625 | [36]
Cay2Al14033 85 3 30 6 900 5 650 10 0.498256 0.22465 | [36]
Cay2Al14033 80 3 30 6 900 5 650 10 0.428765 0.189985 | [36]
Ca2Al14033 75 3 30 6 900 5 650 10 0.397003 0.164672 | [36]
Cay2Al14033 85 3 15 6 900 5 650 10 0.412839 0.243346 | [36]
Ca;,Al14033 75 3 15 6 900 5 650 10 0.36416 0.20554 | [36]
Cay2Al14033 75 3 18 4 900 10 650 30 0.5764 0.483 | [37]
Ca;,Al14033 75 3 18 4 900 10 650 30 0.4963 0.3239 | [37]
Cay2Al14033 75 3 18 4 900 10 650 30 0.4295 0.2579 | [37]
Cay2Al14033 75 1 18 4 900 10 650 30 0.4188 0.1885 | [37]
Ca,Al14033 75 10 18 4 900 10 650 30 0.4772 0.3966 | [37]
Cay2Al14033 75 4 18 4 900 10 650 30 0.4705 0.3611 | [37]
Ca,Al14033 75 3 18 4 900 10 650 30 0.4682 0.2841 | [37]
Cay2Al14033 75 8 18 4 900 10 650 30 0.4283 0.3881 | [37]
Ca;,Al14033 75 9 18 4 900 10 650 30 0.4184 0.2785 | [37]
Ca;,Al14033 75 4 18 4 900 10 650 30 0.4028 0.1771 | [37]
Cay2Al14033 75 4 18 4 900 10 650 30 0.3736 0.1543 | [37]
Ca;,Al14033 75 3 62 4 900 10 650 30 0.5764 0.3406 | [37]
Cay2Al14033 75 10 68 4 900 10 650 30 0.4779 0.3632 | [37]
Ca;,Al14033 75 8 66 4 900 10 650 30 0.4298 0.3099 | [37]
Cay2Al14033 50 3 50 4 900 10 650 30 0.3315 0.2735 | [37]
Cay2Al14033 50 10 70 4 900 10 650 30 0.2719 0.2486 | [37]
Ca;,Al14033 50 8 66 4 900 10 650 30 0.2068 0.2048 | [37]
Al,O3 90 4 11 2 850 10 650 20 0.461639 0.366498 | [11]
Al,O3 60 4 11 2 850 10 650 20 0.384814 0.462 | [11]
Ca2Al14033 91 4 10 2 750 20 750 20 0.6158 0.4625 [2]
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Ca2Al14033 91 4 10 2 750 20 750 20 0.5516 0.5215 [2]
Cay2Al14033 91 1 10 2 750 20 750 20 0.0423 0.0897 [2]
Ca2Al14033 91 4 30 2 750 20 750 20 0.6188 0.3099 [2]
Cay2Al14033 91 5 30 2 750 20 750 20 0.5537 0.5067 [2]
Cay2Al14033 82 4 10 6 750 20 750 20 0.5385 0.2976 | [10]
Ca2Al14033 82 4 10 6 750 20 750 20 0.4198 0.2897 | [10]
Cay2Al14033 82 1 10 6 750 20 750 20 0.5377 0.2983 | [10]
Ca;,Al14033 82 6 10 6 750 20 750 20 0.5215 0.2131 | [10]
Cay2Al14033 82 4 10 6 750 20 750 20 0.4853 0.3461 | [10]
CazAl,06 75 2 30 1 850 5 700 30 0.4479 0.4346 [7]
CasAl,06 75 2 30 1 850 5 650 30 0.3617 0.46 [7]
CasAl,06 75 2 15 1 850 5 650 30 0.1746 0.3091 [7]
CazAl,06 75 2 15 1 850 5 650 30 0.0482 0.1867 [7]
CasAl,06 75 2 15 1 850 5 650 30 0.0341 0.1391 [7]
CazrOz 62.7 1 15 7 750 30 600 30 0.193194 0.12817 | [28]
CazrOs 42 1 15 7 750 30 600 30 0.190553 0.134856 | [28]
CazrOz 78.2 1 15 7 750 30 600 30 0.166702 0.130234 | [28]
CazrOz 13 1 15 7 750 30 600 30 0.136413 0.095735 | [28]
CazrOs 42 1 15 7 750 30 700 30 0.245857 0.247321 | [28]
CazrOz 42 1 15 7 750 30 650 30 0.215933 0.200011 | [28]
CazrOs 42 1 15 7 750 30 600 30 0.190568 0.134032 | [28]
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Table_Apx B-5 Catalyst Database- Property- Methane Conversion (%)

Molecule Nickel wt. | Calcination temperature Reaction S/C Time BET Surface Area Methane Ref
% catalyst temperature (°C) ratio (h) (m?/g) Conversion (%)
SiO2Al203 4.34 900 650 1 50 105.8 0.075663 [38]
SiO2A1203 4.34 900 700 1 50 105.8 0.049667 [38]
SiO2A1203 4.34 900 750 1 50 105.8 0.985249 [38]
SiO2A1203 4.34 900 800 1 50 105.8 0.991883 [38]
SiO2A1203 4.34 900 850 1 50 105.8 1 [38]
SiO2A1203 4.34 900 900 1 50 105.8 0.996566 [38]
SiO2A1203 6.2 900 650 1 50 73.4 0.00011 [38]
SiO2A1203 6.2 900 700 1 50 73.4 0.001592 [38]
SiO2A1203 6.2 900 750 1 50 734 0.743141 [38]
SiO2Al203 6.2 900 800 1 50 73.4 0.859668 [38]
SiO2Al203 6.2 900 850 1 50 73.4 0.905794 [38]
SiO2Al203 6.2 900 900 1 50 73.4 0.97596 [38]
MgAl204 15.3 350 600 5 9 70.2 0.419067375 [39]
MgAl204 15.3 500 600 5 9 64.8 0.44841325 [39]
MgAl204 15.3 650 600 5 9 50.2 0.4800525 [39]
MgAl204 15.3 850 600 5 9 43.2 0.485568 [39]
MgAI204 15.3 1000 600 5 9 42.3 0.486923375 [39]
MgAI204 15.3 350 600 5 9 70.2 0.32975025 [39]
MgAl204 15.3 500 600 5 9 64.8 0.3691085 [39]
MgAl204 15.3 650 600 5 9 50.2 0.410592625 [39]
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MgAL204 15.3 850 600 5 9 432 0.418064 [39]
MgAL204 15.3 1000 600 5 9 423 0.399417 [39]
MgAL204 15.3 350 600 5 9 70.2 0.296565125 [39]
MgAL204 15.3 500 600 5 9 64.8 0.3596845 [39]
MgAL204 15.3 650 600 5 9 50.2 0.342117125 [39]
MgAL204 15.3 850 600 5 9 432 0.379053875 [39]
MgAL,O4 15.3 1000 600 5 9 423 0.348423375 [39]

Al04 34 1000 700 2.4 12 37 0.78 [40]
NiAl20s 45 1000 700 2.4 12 25 0.82 [40]

Al203 10 700 600 3 30 93 0.440502 [41]

Al03 10 700 650 3 30 93 0.638497 [41]

Al03 10 700 700 3 30 93 0.792961 [41]

Al203 10 700 750 3 30 93 0.846399 [41]

Al203 10 700 800 3 30 93 0.871973 [41]
Y2107 9.7 800 550 2 0.5 15 0.211503 [42]
Y2107 9.7 800 600 2 0.5 15 0.340291 [42]
Y2Zr:07 9.7 800 650 2 0.5 15 0.462472 [42]
Y2Zr:07 9.7 800 700 2 0.5 15 0.597867 [42]
Y2107 9.7 800 750 2 0.5 15 0.698571 [42]
Y2107 9.7 800 800 2 0.5 15 0.749708 [42]
Y2Zr,07 9.8 800 550 2 0.5 20.5 0.323846 [42]
Y2Zr:07 9.8 800 600 2 0.5 20.5 0.437764 [42]
Y2Zr:07 9.8 800 650 2 0.5 20.5 0.614463 [42]
Y2Zr,07 9.8 800 700 2 05 20.5 0.845681 [42]
221,07 9.8 800 750 2 0.5 20.5 0.926558 [42]
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Y2Zr:07 9.8 800 800 2 0.5 20.5 0.990913 [42]
Y2Zr:07 9.8 800 550 2 0.5 62.6 0.261065 [42]
Y2107 9.8 800 650 2 0.5 62.6 0.592986 [42]
Y2Zr:07 9.8 800 700 2 0.5 62.6 0.77464 [42]
Y2Zr:07 9.8 800 750 2 0.5 62.6 0.901776 [42]
Y2Zr:07 9.8 800 800 2 0.5 62.6 0.949612 [42]
Y2107 9.8 800 800 2 100 20.5 0.990792667 [42]
Y2107 9.8 800 800 2 100 62.6 0.89036 [42]
Y2Zr:07 9.7 800 800 2 100 15 0.661074 [42]
Y2Zr:07 9.8 800 800 2 200 20.5 0.63712775 [42]
Y2107 9.8 800 800 2 90 62.6 0.545453667 [42]
Y2107 9.7 800 800 2 90 15 0.294691333 [42]
Al203.CaHsO2 7.2 700 550 2.2 16 257 0.611779333 [43]
Al203.CaHsO2 7.6 700 550 2.2 16 276 0.625771333 [43]
Al203.C4HsO2 13 700 550 2.2 16 265 0.662265 [43]
Al203.C4HgO2 11.9 700 550 2.2 16 262 0.639041667 [43]
Al203.CaHgO2 8.8 700 550 2.2 16 274 0.634857667 [43]
Y2Tiz07 7 800 600 2 0.5 21 0.509268 [44]
Y2Ti207 7 800 650 2 0.5 21 0.683814 [44]
Y2Ti207 7 800 700 2 0.5 21 0.826027 [44]
Y2Ti207 7 800 750 2 0.5 21 0.914368 [44]
Y2Tiz07 7 800 800 2 0.5 21 0.96499 [44]
Y2Sn;07 6.9 800 600 2 0.5 38 0.01718 [44]
Y2Sn207 6.9 800 650 2 05 38 0.039073 [44]
Y2Sn207 6.9 800 750 2 0.5 38 0.127747 [44]
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Y2Sn207 6.9 800 800 2 05 38 0.165798 [44]
Y2Zr207 7 800 600 2 0.5 2 0.34404 [44]
Y2Zr207 7 800 650 2 0.5 2 0.500623 [44]
Y2Zr207 7 800 700 2 0.5 2 0.660801 [44]
Y2Zr207 7 800 750 2 05 2 0.786855 [44]
Y2Zr207 7 800 800 2 0.5 2 0.896742 [44]
Y2Ce»07 71 800 600 2 0.5 4 0.387142 [44]
Y2Ce»07 71 800 700 2 0.5 4 0.673375 [44]
Y2Ce»07 7.1 800 750 2 05 4 0.797629 [44]
Y2Ce07 7.1 800 800 2 05 4 0.8734 [44]
Y2Ti207 6.9 800 750 2 50 21 0.814813 [44]
Y2Ce»07 71 800 750 2 50 4 0.604116 [44]
Y2Zr207 7 800 750 2 50 0.401646 [44]
Y2Sn207 6.9 800 750 2 50 38 0.07572 [44]
LazTizO7 71 800 600 2 0.5 19.2 0.412934 [45]
Pr2Ti207 6.9 800 600 2 0.5 185 0.371955 [45]
Sm2Ti,07 7.1 800 600 2 05 16.9 0.445095 [45]
Y2Ti207 7 800 600 2 05 15.8 0.450934 [45]
LazTizO7 71 800 650 2 0.5 19.2 0.559158 [45]
Pr2Ti207 6.9 800 650 2 0.5 185 0.544514 [45]
Y2Ti207 7 800 650 2 0.5 15.8 0.623494 [45]
LazTi2O7 7.1 800 700 2 05 19.2 0.695141 [45]
PraTiz07 6.9 800 700 2 0.5 185 0.680497 [45]
Sm2Ti207 71 800 700 2 05 16.9 0.756562 [45]
Y2Ti207 7 800 700 2 0.5 15.8 0.822388 [45]
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LasTizO7 71 800 750 2 0.5 19.2 0.804787 [45]
Sm2Tiz07 71 800 750 2 0.5 16.9 0.876452 [45]
Y2Tiz07 7 800 750 2 0.5 15.8 0.910089 [45]
LasTizO7 71 800 800 2 0.5 19.2 0.886637 [45]
PraTiz07 6.9 800 800 2 0.5 185 0.911496 [45]
Sm2Ti>07 71 800 800 2 0.5 16.9 0.934893 [45]
Y2Ti207 7 800 800 2 0.5 15.8 0.964139 [45]
Pr2Ti207 6.9 800 800 2 50 185 0.805779 [45]
LasTizO7 71 800 800 2 50 19.2 0.749774 [45]
Sm2Ti,07 71 800 800 2 50 16.9 0.644985 [45]
Y2Ti207 7 800 800 2 50 15.8 0.616078 [45]
Al203 10 550 600 1.2 1 101 0.502171 [46]
Al203 10 550 650 1.2 1 101 0.833715 [46]
Al203 10 550 700 1.2 1 101 0.934697 [46]
Al20s 10 550 650 1.2 1 205 0.881292 [46]
Al20s 10 550 700 1.2 1 205 0.952997 [46]
Al203 10 550 600 1.2 20 101 0.532417 [46]
Al203 10 550 600 1.2 5 101 0.484269 [46]
Al20s 10 550 650 1.2 20 101 0.855784 [46]
Al20s 10 550 650 1.2 5 101 0.842772 [46]
Al20s 10 550 700 1.2 20 101 0.912283 [46]
Al203 10 550 700 1.2 101 0.954138 [46]
Al203 10 550 600 1.2 205 0.632041 [46]
Al20s 10 550 600 1.2 20 205 0.636707 [46]
Al20s 10 550 650 1.2 5 205 0.860525 [46]
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Al203 10 550 700 1.2 5 205 0.990004 [46]
Al,03 10 550 700 1.2 20 205 0.98705 [46]
Al,03 10 550 600 35 5 101 0.849106 [46]
Al,03 10 550 600 35 20 101 0.860623 [46]
Al203 10 550 650 35 5 101 0.9405 [46]
Al203 10 550 650 35 20 101 0.980956 [46]
Al,03 10 550 700 35 20 101 1 [46]
Al,03 10 550 600 6.1 5 101 0.966395 [46]
Al203 10 550 600 6.1 20 101 0.980963 [46]
Al203 10 550 650 6.1 5 101 0.996862 [46]
Al,03 10 550 650 6.1 20 101 1 [46]
Al,03 10 550 700 6.1 5 101 0.996862 [46]
Al203 10 550 700 6.1 20 101 1 [46]
CaZrOs.Al203 10 750 700 1 1 7.4117 0.300809 [47]
CaZrOs.Al203 10 750 700 1 10 7.4117 0.302993 [47]
CaZrOs.Al203 10 750 700 1 1 8.8919 0.637843 [47]
CaZrOs.Al203 10 750 700 1 10 8.8919 0.630293 [47]
Al203 10 750 700 1 1 4.067 0.685295 [47]
Al203 10 750 700 1 10 4.067 0.641244 [47]
CaZrOs.Al203 10 750 700 1 1 10.7274 0.684079 [47]
CaZrOs.Al203 10 750 700 1 10 10.7274 0.669228 [47]
Al203 10 750 700 0.33 1 4.067 0.154028 [47]
Al203 10 750 700 0.33 10 4.067 0.126861 [47]
CaZrOs.Al203 10 750 700 0.33 1 10.7274 0.183494 [47]
CaZrOs.Al203 10 750 700 0.33 10 10.7274 0.188356 [47]
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CaZzrOs.Al203 10 750 700 3 1 10.7274 0.661359 [47]
CaZzrOs.Al203 10 750 700 3 10 10.7274 0.667502 [47]
Al203 10 750 700 3 1 4.067 0.813815 [47]
CazrOs.Al203 10 750 700 0.33 9 8.8919 0.207896 [47]
CaZzrOs.Al203 10 750 700 0.33 97 8.8919 0.216223 [47]
Al20s 10 750 700 0.33 8 4.067 0.141751 [47]
Al03 10 750 700 0.33 96 4.067 0.024964 [47]
MgALO4 17.9 900 750 1.24 1 64 0.027388 [48]
MgAL204 17.9 900 800 1.24 1 64 0.274466 [48]
MgAL204 17.9 900 850 1.24 1 64 0.388216 [48]
MgAL,O4 12.3 900 750 1.24 1 31 0.094834 [48]
MgALO4 12.3 900 800 1.24 1 31 0.337217 [48]
MgAL204 12.3 900 850 1.24 1 31 0.599987 [48]
MgAL204 13.4 900 750 1.24 1 71 0.279938 [48]
MgALO4 13.4 900 800 1.24 1 71 0.437609 [48]
MgAL,O4 13.4 900 850 1.24 1 71 0.749001 [48]
Ce02-Z10z 10 500 500 1.94 5 63.6 0.099 [49]
Ce02-Z10z 10 500 600 1.94 5 63.6 0.292 [49]
Ce02-Z10; 10 500 700 1.94 5 63.6 0.458 [49]
Ce0,-Z10> 10 500 800 1.94 5 63.6 0.666 [49]
Al20s 10 500 700 1.94 5 123 0.338 [49]
Al203 10 500 800 1.94 5 123 0.711 [49]
LaAlOs 10 500 800 2 0.5 15.9 0.918695 [50]
LaAlO3 10 500 800 2 1 15.9 0.914169 [50]
LaAlO3 10 500 800 2 5 15.9 0.918412 [50]
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SrTiOs 10 500 800 2 0.5 13.4 0.878246 [50]
SrTiOs 10 500 800 2 5 13.4 0.88545 [50]
LaFeOs 10 500 800 2 15.9 0.370349 [50]
LaFeOs 10 500 800 2 5 15.9 0.371596 [50]
BaTiOs 10 500 800 2 0.5 15 0.06027 [50]
BaTiOs 10 500 800 2 15 0.081212 [50]
BaTiOs 10 500 800 2 5 15 0.016542 [50]
LaAlOs 10 500 800 1 17 15.9 0.833139 [50]
LaAlOs 10 500 800 1 23 15.9 0.803568 [50]
RuAl203 20 900 650 12 0.5 1.05 0.253151 [51]
Al203 20 900 650 1.2 0.5 0.32 0.224613 [51]
RuAlz03 20 900 650 1.2 9.5 1.05 0.280361 [51]
Al20s 20 900 650 12 9.5 0.32 0.20901 [51]
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Filters of descriptors

¢ Eliminate descriptors with less than 2 unique values

e Delete descriptors that have absolute values larger than 999999

e Delete descriptors that have variance smaller than 0.01

e Group descriptors, that have pair-wise correlations Pearson's correlation

coefficient R larger than 0.95

Table_Apx B-6 Architecture of the ASNN model

Setting Value

Training method SuperSAB

Number of neurons in hidden layer 3

Learning iterations 1000

Ensemble 64

Additional Parameters PARTITION=3, SELECTION=2

Table_Apx B-7 Architecture of the DNN model

Setting Value

Epochs 1024

Batch size 10000

Training/internal validation set ratio 0.8

Model Dense7 (seven layers) Net
Optimisation method Adam

Activation function relu

Table_Apx B-8 Architecture of the LSSVM model

Setting Value
Kernel RBF Kernel
Internal CV (cross validation) folds 5
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Table_Apx B-9 CSCM database

- 3 s 5 ~ | E ~1 8 |3 19 =

N Molecule ?\i _S % g g ° .§ _S § g ;’i) _5 % _5 -§ % -§ % UEJ o

$Ses| g8 |2 e | . B|Ez|o_|e|5|£|cE|cg|2g|32|388 4588 @

2 | 888 | &8 || |0E| 28|88 | G|8|2| S8 |8E|SE|SE|ES] =82 &
1 CasAleO14 15 850 650 2 2 0.95 | 61.7 50 | 10 2 800 10 650 30 0.484 0.449 | [52]
2 CaZrOs 15 850 650 3 1 12.8 0.83 | 60.3 50 2 800 10 650 20 0.399 0.355 [53]
3 Cai2Al14033 10 900 600 3 1 7.1 0.93 30 200 4 900 30 600 30 0.206 0.192 | [54]
4 | Cai2Al14033 5.2 800 650 4 | 0.67 10.5 0.97 18 200 | 3 4 925 15 650 20 0.116 0.028 | [55]
5 CasAleO14 15 850 650 31 0.83 175 0.94 18 40 | 10 2 800 45 650 30 0.130 0.115 | [56]
6 Ca12Al14033 3 900 650 3 3 12.7 0.10 54 50 4 4 900 60 650 60 0.195 0.063 | [57]
7 Cai2Al14033 3 900 650 3 3 9.2 0.12 30 50 4 4 900 60 650 60 0.136 0.127 [57]
8 Cai2Al14033 3.6 750 650 3 50 | 11.5 0.99 75 30 6 3 800 10 650 30 0.450 0.338 | [58]
9 Cai2Al14033 3.6 750 650 3 50 12.6 0.80 75 30 1 4 800 10 650 30 0.401 0.292 [58]
10 | Cai12Al14033 13.2 900 650 3| 05| 1244 0.96 10 200 | 2 8 850 10 650 10 0.104 0.099 | [59]
11 | Cai12Al14033 20 900 650 | 3.4 1 9.5 0.36 70 44 4 1 850 5 690 30 0.303 0.264 [60]
12 | Cai12Al14033 16 900 650 | 3.4 1 8.8 0.81 70 44 4 1 850 690 30 0.292 0.307 [60]
13 | Cai12Al14033 11 900 650 | 3.4 1 10 0.59 70 45 4 1 850 690 30 0.317 0.271 [60]
14 | Cai12Al140s3 8 900 650 | 3.4 1 11 0.22 70 44 4 1 850 690 30 0.378 0.281 [60]
15 | CazrOs 3.4 900 600 3 3 17.7 0.70 | 95.4 10 2 4 850 30 600 30 0.308 0.287 | [61]
16 | CeO2 2.5 900 600 3 3 8.2 0.61 | 96.3 10 2 4 850 30 600 30 0.226 0.236 [61]
17 | Laz20s 2.8 900 600 3 3 13.1 0.46 | 92.6 10 2 4 850 30 600 30 0.295 0.247 | [61]
18 | AlOs 3 900 650 3 1 10.1 0.96 29 50 4 800 30 650 30 0.099 0.087 [62]
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19 [ Al2Os 3 900 650 3] 1] 92 096[ 29 [ 50 4] 800 [ 30 [ 650 [ 30 [0.135 0.123 [ [62]
20 | ALOs 900 650 | 3| 1| 149 096| 52 | 50 4| 800 | 30 | 650 | 30 |O0.257 0.097 | [62]
21 | AlOs 3 900 650 | 3| 1| 127 096| 52 | 50 4| 800 | 30 | 650 | 30 |0.194 0.061 | [62]
22 | AlOs 15 900 650 | 4] 2| 99 56 | 10 | 10| 2| 800 | 10 | 650 | 30 |o0.218 0.233 | [63]
23 | AlOs 15 900 650 | 4| 2] 115 68 | 10 |10 | 2| 800 | 10 | 650 | 30 |0.396 0.397 | [63]
24 | AlOs 15 900 650 | 4| 2| 121 723 |10 [10 | 2| 800 | 10 | 650 | 30 |0.457 0.456 | [63]
25 | AlOs 15 900 650 | 4| 2| 123 75 |10 [10 | 2| 800 | 10 | 650 | 30 |0.492 0.487 | [63]
26 | AlOs 15 900 650 | 4| 2| 109 772 | 10 [10 | 2| 800 | 10 | 650 | 30 |0510 0512 | [63]
27 | AlOs 15 900 650 | 4| 2| 96 785 | 10 |10 | 2| 800 | 10 | 650 | 30 |O0525 0526 | [63]
28 | AlOs 15 900 650 | 2| 2| 121 723 |50 [10 | 2| 800 | 10 | 650 | 30 |0.395 0.376 | [63]
29 | CazrOs 18 800 650 | 4| 2| 159 097|343 | 10 | 4 | 4| 800 | 20 | 650 | 30 [64]
30 | CazrOs 205 800 650 | 4| 2| 96| 099] 332 |10 | 4 | 4| 800 | 20 | 650 | 30 [64]
31 | CazrOs 13 800 650 | 4| 2| 83| 089|364 | 2 | 4 | 4| 800 | 20 | 650 | 30 [64]
32 | CasAlsO1s 25 900 650 | 4| 2| 10| 099|584 |10 | 1 | 1| 800 | 20 | 650 | 30 [65]
33 | CasAlsOss 18 900 650 | 4| 2| 129 096|639 |10 [ 1 | 1| 800 | 20 | 650 | 30 [65]
34 | Laz0sAl1:03 550 600 | 4| 52018 0.78 30 [ 1| 8] 725 | 10 | 600 | 10 |0.136 0.053 | [66]
35 | La20sA:03 550 600 | 4| 5]3337 30 | 1| 8] 725 | 10 | 600 | 10 |0.001 0.037 | [66]
36 | MgAl204Ca12Al14033 | 5.3 800 650 | 3| 31462 21 |20 [ 3| 1| 925 | 35 | 650 | 35 [o0.164 0.021 | [67]
37 | MgAl204Ca12Al103 | 5.3 800 650 | 3| 31462 21 [ 90 [ 3 | 1| 925 | 35 | 650 | 35 |O0.211 0.133 | [67]
38 | Cai2Al40a3 3 900 640 | 3| 15| 13| 085| 30 | 4 | 2 | 4| 700 | 40 | 640 | 16 [68]
39 | pdCH24Al:MgsOz | 9-68 800 650 | 4| 2[29140.755| 65 6| 700 | 20 | 700 | 20 [69]
40 | RhCH2:AlMgsOzs | 9-68 800 650 | 4| 2 0266 | 65 | 1 6| 700 | 20 | 700 | 20 [69]
41 | RuCH2:AMgsOz; | 9-68 800 650 | 4| 2 0957 | 65 | 10 6| 700 [ 20 | 700 | 20 [69]

Data in black, is input data added to the overall combined sorbent (239) and catalyst (183) database used to predict unseen

molecules (24) (446 datapoints overall for MTL). Data in green is the unseen molecules (17).
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Table_Apx B-10 Measured vs Predicted CSCM data using GSFrag/ASNN model, with ARE%

N Methane Methane ARE (%) Last cycle CO2 Last cycle COz2 ARE
Conversion (%) Conversion capacity capacity (%)
{measured} (%) {predicted} (gCO2/gSorbent) | (gCO2/gSorbent)
{measured} {predicted}
5 0.9352 0.918 1.84
1 0.1146 0.184 60.56
21 0.96 0.959 0.10
2 0.060649 0.184 203.39
23 0.3967 0.454 14.44
29 0.972245 0.997 2.55
38 0.037431 -0.0504 234.65
24 0.456 0.474 3.95
43 0.2305 0.965 318.66
22 0.2332 0.385 65.09
27 0.5257 0.525 0.13
46 0.9956 0.755 24.17
35 0.937 0.797 14.94
11 0.09284 0.278 199.44
10 0.964 0.73 24.27
12 0.099 0.184 85.86
3 0.930637 0.495 46.81
13 0.1921 0.184 4.22
11 0.358614 0.802 123.64
14 0.263876 0.184 30.27
14 0.224135 0.819 265.40
15 0.280825 0.184 34.48
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31 0.88621 0.996 12.39
7 0.119 0.63 429.41

17 0.126654 0.184 45.28
2 0.825943 0.849 2.79

18 0.3554 0.287 19.25

18 0.96 0.96 0.00

19 0.086673 0.184 112.29

44 0.2663 0.965 262.37

28 0.3761 0.43 14.33
6 0.101 0.535 429.70

22 0.063326 0.184 190.56

45 0.3513 0.965 174.69

13 0.588014 0.815 38.60

24 0.271215 0.184 32.16
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Figure_Apx B-1 Actual vs Predicted scatter plot showing the effect of the cycle number on

the Last cycle capacity (g/g)
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Figure_Apx B-2 Actual vs Predicted scatter plot showing the effect of the (a) carbonation time and (b) calcination time on the Last cycle capacity (g/g)
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Figure_Apx B-3 Actual vs Predicted scatter plot showing the effect of the (a) carbonation temperature and (b) calcination temperature on the Last

cycle capacity (g/g)
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