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Abstract

The ever-increasing global energy demand and the associated rise in anthropogenic CO»
emissions necessitate the development of sustainable carbon capture and utilization
technologies. Among various CO; valorisation pathways, catalytic hydrogenation of CO> to
methanol is particularly attractive due to methanol’s role as a clean fuel, hydrogen carrier, and
industrial feedstock. However, the efficient and stable conversion of CO; to methanol remains
a challenge due to thermodynamic limitations, catalyst deactivation, and an incomplete
understanding of both the mechanistic and kinetic aspects of the process. This thesis addresses
these challenges through a multi-layered strategy integrating machine learning-assisted catalyst
design, precursor-engineered catalyst synthesis, advanced physicochemical characterization,

in-situ mechanistic investigations, and rigorous kinetic modeling.

A Principal Component Analysis (PCA)-assisted machine learning framework was first
developed using a curated dataset of 227 literature data points for Cu-based binary and ternary
catalysts. Artificial Neural Networks (ANN), Support Vector Machine Regression (SVR), and
Gaussian Process Regression (GPR) were implemented to simultaneously predict CO>
conversion, methanol selectivity, CO selectivity, and methanol space-time yield (STY).
Among these, the ANN model demonstrated the highest predictive reliability (R? > 0.9 for
multiple outputs) with the lowest overall prediction error. Experimental validation using 30
independent data points over a laboratory-synthesized Cu/ZnO/ZrO, catalyst confirmed

excellent predictive accuracy, particularly for methanol and CO selectivity.

Guided by these ML-derived insights, precursor-engineered Cu-based catalysts were
systematically developed. A hydrothermal synthesis route was successfully established for
stabilizing a phase-pure Mg-rich McGuinnessite precursor for Cu/MgO catalysts, demonstrated
for the first time. The optimized Cu/MgO catalyst achieved a 15.2% CO: conversion, 68.5%
methanol selectivity, and a MeOH STY of 98 mgmeon/geat.hr at 240°C and 40 bar, along with
excellent stability of 100 hours. In-situ DRIFTS confirmed a formate-methoxy reaction
pathway, while enhanced oxygen vacancy concentration and strong Cu-Mg interaction were

identified as key structure-activity drivers.

To further advance toward industrially relevant systems, a scalable mechano-chemical ball

milling (MCBM) route was developed for synthesizing phase-pure zincian malachite
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precursors and high-performance Cu/ZnO/ZrO; catalysts (CZZ-MCBM). This approach
ensured superior metal dispersion, enhanced oxygen vacancy density, and a strong synergy
between ZnO and ZrO». The optimized CZZ-MCBM catalyst exhibited 14.4% CO; conversion,
73% methanol selectivity, and a MeOH STY of 187 mgmeon/gcat.hr at 260°C and 40 bar, along
with outstanding long-term stability over 184 hours with ~4.2% performance deviation. A

direct correlation between oxygen vacancy concentration and methanol productivity was

established.

A comprehensive kinetic and mechanistic investigation was subsequently performed over the
optimized CZZ-MCBM catalyst. In-situ DRIFTS conclusively established the dominance of
the formate-mediated CO, hydrogenation pathway, with negligible participation of the indirect
CO route. Intrinsic kinetics were described using multiple Langmuir-Hinshelwood-Hougen-
Watson (LHHW) models, among which a dual-site three-reaction model provided the best
statistical fit (R? > 0.97) and mechanistic consistency. The hierarchy of rate constants, ki(CO
— MeOH) > ko(RWGS) > k3(CO — MeOH), together with a low apparent activation energy
of 23.1 kJ/mol, quantitatively confirmed the high intrinsic activity of the CZZ-MCBM catalyst.

Overall, this thesis establishes a comprehensive and experimentally validated workflow for
CO»-to-methanol catalysis, encompassing data-driven catalyst screening, precursor-controlled
synthesis, defect and metal-support engineering, in-sifu mechanistic elucidation, and kinetic
model development. The integrated ML-experiment-kinetics strategy presented here provides
a powerful platform for the rational design, scale-up, and industrial deployment of next-
generation Cu-based catalysts for sustainable methanol production and advanced carbon

utilization.
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L3108

dfRash Fell AT 7 T gefr Jur Aasiid CO, 3chold H g W g Felay,

Tdd &Ieel ool TG 39497 (Carbon Capture and Utilization, CCU) dasilel &

e fr 3fFarar 1 Wifea &= g1 COF e 3uaeft ®uraer Al H,

CO, & 3 EISZISTAIRIUT GaRT AYelel H FUIAROT AT §T & 3Th¥a g, Fifh
YA Th TGO U, gTglolel dlgeh al NeARd Hed Al & & H Ageaqor
DT TAHIAT &1 TU, STAETIADT HAT, S HT ATSHT glar a2 AR
S FITEHT va AT T qUT HAS & HROT CO, @ AYeAIST & HT T FW

FTROT 379 & Th Al §1 €3 &1 T§ MY 6 5of IAAAT 1 FarenT #efer
dfaer-ggiRa 3cRe B3asd, NeR-3mRa 3c0Re Ievur, 3=aad  Aifas-
TR T&T0T, 31-fA¢ ATAHT 3HeqIT qUr HoR afadhra Al & gafed

I §T TEI T T

URH H, dE-3maRd gfaues va Bges 3ok & fav 227 @ifgfcas ser fagsit
& TH HoAdRFId STHT HT 3999 Fd §U [T Fdlic waafaa (PCA)
3R #feT aIfelor rar [aenf@a fohar arm| saa 3nfeThRIge =g scasd (ANN),
gaIc darex 7T RATT (SVR) TT Iitadl oo RaereT (GPR) & 393197 deh
CO, TATRUT, AYATT TIACHSBAl, CO TIATCHBAT dUT AT TIF-TsH Wes

(STY) &l Teh EY YaTAT fhar 7| 37 Alsel # ANN o Faifte faeaseig

qaTeHT &THAT (FS 3M3eYe & fav R? > 0.9) dUT LeidH FHA I FeRid &

N 9

TR H TFRATYT Cu/ZnO/ZrO; 36Re W 30 TadT ik ser fogit gan
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fohT 1T FeFoeT & 1999 &9 & AYsAlel Td CO TLeATCHAT & T Sehse qaTTATe

aﬂwaﬁrgﬁcg‘él

s AL Afeter & ured fasahsl & MR W MhaR-3meTRa dier-3meamiRd 3coehi
HT YUTelecy [ashrd T 91| Ugell 9) Ueh BISgIdHe HRWUT Yeufd garT
Cu/MgO 3Rl & fIU =RULYEY (phase-pure) Mg-8HcYH HbfdSE
(McGuinnessite) W&k &1 Aholarqdeh FUAAH0T fohdm 7| 3fejshfdd Cu/MgO
3O of 240°C FUT 40 bar W 15.2% CO, FUIAUT, 68.5% AYUAleT TUATCHbAT
AT 98 MQmeor/Jearhr T AYATT STY wied fohar, &g € 100 8¢ T 3cpsc
Tf¥ica o weRia farl s-f¢ DRIFTS aReIvoT garT Widc-HYiddr TR
Hﬁﬁgﬁdgéammmﬁaﬁg‘é’auddl Td Y&l Cu-Mg 3ia:fsrar

I EXAAT-FHATMAT (structure-activity) & Y@ W ded & §9 & TgdlA |

eI ¥ 8 310 Jrafiew Jomelr r G 7 39T 96 g, WYY Hfha
FAomepse MHdT AT 3= Yl alel Cu/ZnO/ZrO, 3l & HIANUT g Th
Teholdel Heholl-shfHehel dic AT (MCBM) Yeufa fasnfad $r 15| 58 fafer & erg
fawRor & Avaar, sitwie RiFaat i 3Ta ggaar aur Zno 3K 2r0; & #eg

Hgd TglharcAs T FiAfead g3l 3Thfdld CZZ-MCBM 3cR& & 260°C
aar 40 bar W 14.4% CO, FURUT, 73% RUATT TIACHBAT dar 187
MgmeoH/Jeat.hr FT AUATT STY efda forar| sas 3faRed, 184 ¢ & reiwifos
qO&oT # T4.2% @ FA G g & WY FHA YR RRAT o ey gl
itedior RfFaat fr Tgarar 3R AYATST 3cUeHar & AT Ycgel Tgaeel TUd
foram aram)
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3ejgfadd CZZ-MCBM 3Re W Tk ohUh fdhd Td I eadel fomar
47| $=1-fg DRIFTS ganT fAviiaes &7 & Tg T g37 foh CO. % Iggieteiienior
$T gfsrar AEad: wiee-3maRa ART § Feifad gidr §, Safs 3weasr CO AT H
iR UG | AR IR H &P AregT-RReegs-glie-aicas (LHHW)
AlSdl & ATETH ¥ afvrd fohar a=m, e gfa-ase da-3ifffhar Alsa o @adss
gifeahT @eeg (R? > 0.97) dur Iifyhr d@afa weiia $1l e eRisr &t

3R ki(CO2 — MeOH) > ko(RWGS) > ks(CO — MeOH) a2 23.1 kJ/mol &

=T yehe TfpIuT FAT 3 CZZ-MCBM 3& &1 3= TdRe Ifshadr $I AFcHS
gfse &I

THIT & &, Ig MY 9§ CO; & AYelel H FAROT g Ueh YOI Fedmad 3R
Thihd HRIYAE FEd Al o, Torad Ser-3memRd 3ok Bhifear, fed-afa
AT, 2V (defect) AT UTG-HHYT 3icT:Tohar AR, S-g FTFhT faawar
dur aifash Aise fade #@FATd g1 FgT e qa #MA Alciar-aer-artasr
ThIehd GISCehIVT, HAd HYUsAll 3cUlGal Td 3eold hielel 3L & [T 3wTell 9T &
TeT-3TETR 3Rt & TadehqoT SIS, Fhel-31T T HicAITFS Iuler 8 Th

fFaemel AT YT Har g
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Chapter 1 Introduction

1.1 Overview

The global energy demand is rising rapidly, driven by population growth and industrial
expansion. This surge has triggered a sharp increase in anthropogenic CO> emissions, elevating
atmospheric CO; levels and intensifying global warming. As a potent greenhouse gas, CO2 is
a significant contributor to emissions from industrial and vehicle sources. The accumulation of
harmful greenhouse gases, such as CO., in the atmosphere is primarily linked to fossil fuel
consumption, which has already raised the Earth’s average temperature by approximately
1.5°C [1,2]. For decades, societies have relied heavily on coal, natural gas, and oil to produce
fuels and chemicals essential for development. However, these conventional energy sources
release enormous amounts of greenhouse gases (GHGs). In response to the current climate
crisis, researchers stress the urgent need to develop efficient carbon capture technologies. Such
innovations are crucial in mitigating CO; emissions from both stationary sources (e.g., power
plants) and diffuse sources (e.g., transportation), thereby preventing further environmental

damage [3-8].

To achieve a carbon-neutral future, reducing reliance on fossil fuels and advancing modern
carbon capture technologies are crucial steps in stabilizing and ultimately lowering atmospheric
CO2 levels. Transitioning to renewable energy sources, such as solar, wind, hydrothermal,
geothermal, and biomass, can significantly reduce greenhouse gas (GHG) emissions while
easing dependence on conventional energy [9,10]. However, deploying carbon capture systems
faces multiple challenges, including high solvent costs, energy-intensive solvent regeneration,
and thermodynamic limitations during the conversion of CO; into value-added chemicals [10—
14]. A particularly pressing issue arises when implementing these technologies in thermal
power plants, which are major CO> emitters. Effective capture systems must minimize the
substantial energy demands of desorption (CO» release) and compression processes. Despite
these hurdles, carbon capture and storage (CCS) has emerged as a promising solution in both
scientific and industrial fields [11,12,15,16]. Rather than treating CO> as mere waste, CCS
reframes it as an affordable and abundant resource for producing energy carriers and industrial
chemicals. While CCS alone cannot eliminate global warming, it represents a vital tool for

mitigating climate change and fostering sustainable development [8,15-17].



Over the past decade, researchers have developed various technologies to reduce greenhouse
gas emissions, including atmospheric CO> [18-20]. Among the primary carbon capture
methods, absorption, adsorption, and membrane separation are widely used to capture CO>
from flue gases and ambient air [18,19,21,22]. Once captured, the CO> can be desorbed,
compressed, and either stored permanently or converted into high-calorific-value fuels
[8,20,21]. Among different value-added chemicals derived from CO,, methanol stands out as
particularly promising due to high energy density, compatibility with existing fuel
infrastructure, serves as a viable alternative to gasoline, and acts as a key feedstock in the
petrochemical industry [3,4,8,13,14,22-24]. It also has paramount use in various valorisation
sectors, such as fuel and fuel additives, and represents a discipline for reducing carbon
footprint. In addition, methanol has a wide range of applications in the chemical industry as a
raw material for producing formaldehyde, fatty acids, light olefins, and dimethyl ether (DME)
[3,8,13,14,16,22,24-26]. Its energy and chemical production versatility underscore its

importance in advancing sustainable industrial practices [3,8,24].

Conventional production relies on syngas processed via gas-solid reactions using
Cu/ZnO/ALO3 catalysts under high temperatures (250-300°C) and pressures (50 bar)
[7,8,22,26-29]. While modern methods prioritize CO> as the carbon source, persistent
challenges include catalyst deactivation (via sintering) [16,26,30,31], inefficient heat
management [30,32], and high energy demands associated with CCS integration [18,30].
Emerging solutions, such as integrated CO> capture and utilization (ICCU), which employ
homogeneous catalysts for streamlined conversion, show promise but remain in their early

stages of development [33,34].

Current research focuses on optimizing gas-solid systems by developing advanced
heterogeneous catalysts, particularly Cu-based binary and ternary variants, synthesized through
innovative methodologies. These catalysts undergo rigorous characterization to assess stability,
activity, and selectivity under operational stress [26]. Complementary strategies include
machine learning for predictive analysis in catalyst design, in-situ mechanistic studies to
decode reaction pathways and intermediates, and kinetic modeling for reactor design. This
work aims to advance sustainable methanol production by enhancing catalyst durability and
process efficiency, bridging energy needs with climate objectives. The integration of CCS with

renewable energy and catalytic innovation underscores methanol’s dual role in reducing carbon



footprints and supporting a circular economy. The major components of this work are

schematically illustrated in Figure 1.1.

modeling

Reaction
mechanism and
Kinetics

Figure 1.1. Schematic of the major components covered during the present work.

1.2 Global Scenario of CO; emissions from anthropogenic sources

The escalating concentration of COz in the Earth’s atmosphere has been widely acknowledged
in recent years due to the implications of global warming [10,35,36]. This has raised significant
environmental concerns globally, particularly about the reliance on carbon-based fuels
[9,37,38]. Based on the prevailing circumstances, the current atmospheric concentration of CO>
is at an all-time high, reaching 420 parts per million (ppm) in 2023 [35,36,39]. Multiple experts
have documented that the concentration of CO; in the atmosphere has not experienced such a

significant increase in the last century [10,36,40].

Over the past few decades, the increase in global energy demand, resulting from the rapid
processes of globalization and industrialization, has contributed to the disruption of
atmospheric CO; levels [9,10,36,38,39,41-44]. Therefore, it has been observed that the
anthropogenic sources of CO have been significantly influenced by global industrial
development in recent decades, resulting in a sudden increase in atmospheric CO; content that
surpasses what would be expected due to natural changes [9,18,21,37,39,42—44]. As depicted
in Figure 1.2, a significant proportion of the worldwide greenhouse gas emissions can be
attributed to the combustion of fossil fuels, namely in the context of coal-based thermal power
plants, as well as other businesses involved in petroleum refining and petrochemical production
[9,36,38,39]. Coal-fired thermal power plants are expected to gain increasing significance due

to their substantial reserves exceeding 100 years and the growing global energy demand [45—



47]. Nevertheless, the vast magnitude of coal and gas combustion for power generation is a
crucial concern [36,39]. Worldwide, CO> emissions have risen by almost 80% between 1970
and 2023. Anticipated growth in global energy demands is projected to lead to a further
escalation in CO; emissions in the coming decades [9,36,38,39]. The establishment of the
Intergovernmental Panel on Climate Change (IPCC) and the Environmental Protection Agency
(EPA) occurred between 1970 and 1990 with the primary objective of evaluating the impact of
greenhouse gas emissions on the Earth’s climate, forecasting potential future consequences,

and proposing appropriate corrective measures [36,38,39,48,49].

Based on the latest IPCC report, released in 2023 [36,39], the average global temperature
increase is expected to surpass the 1.5°C threshold by 2040, even under low-emission scenario
[36,39,48,50]. The average increase in global temperature is expected to be around 2.4°C by
2100 if global GHG emissions are met by the protocols, as illustrated in Figure 1.2
[9,36,37,39,51]. From 2010 to 2019, the average yearly GHG emissions were more than in any
other past decade on record [36,39,44,51]. The Global Carbon Budget (2023) [36,44] reported
that emissions growth in 2018 was the highest since 2011, driven primarily by increased coal

consumption in India (+8.7%), China (+0.9%), and Russia (+4.9%) [44].
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Fossil fuel combustion accounts for approximately 89% of global CO. emissions, with
contributions from coal (39%), oil (31%), and natural gas (18%), while clinker production in
cement plants contributes nearly 4% [44]. Reduction of CO> emissions from non-renewable
resources can only be achieved through accelerated deployment of renewable energy
technologies such as wind, solar, hydropower, nuclear energy, and through sustainable biofuel
production [9,38,52]. In parallel, CO capture technologies from flue gases of thermal power
plants and industrial sources remain indispensable mitigation tools [10,21,53]. Due to the rising
atmospheric CO; concentration, not only capture but also CO; utilization technologies (CCU)

are being actively pursued to reduce the overall carbon footprint [21,54].
1.3 History of methanol production

1.3.1 Early History (Pre-20"" Century)

Methanol, historically called “wood alcohol,” was initially produced by destructive distillation
of wood until around 1600 [4]. The first successful synthesis of pure methanol was achieved
by Robert Boyle in 1661 through the refinement of Buxus (boxwood), followed by further
distillation. Later, in 1834, Jean B. Dumas and Eugene Peligot determined its elemental

composition.

There are numerous similarities between the industrially produced methanol and ammonia.
Developing high-pressure catalytic processes for ammonia synthesis by Haber and Bosch [55]
inspired research into various organic compounds, including hydrocarbons and alcohols. While
hydrogen and nitrogen react under high-pressure and high-temperature conditions to form
ammonia, a similar process occurs when hydrogen is combined with carbon oxides. This
reaction yields a diverse range of products, with most processes resulting in a mixture of
compounds. By modifying process parameters, catalysts, equipment, and feedstocks, industries
gained access to a broad spectrum of valuable chemical products, fuelling competition,

innovation, and technological advancements [26].
1.3.2 CO Hydrogenation Era (1900s-1960s)

In 1905, Paul Sabatier proposed an artificial pathway for methanol production through CO
hydrogenation [56]. Following the success of the Haber-Bosch process for ammonia synthesis

in 1913, BASF developed the first industrial high-pressure technology for methanol synthesis



using syngas (CO and H:) over a ZnO/chromia-based catalyst [57]. This process was
commercialized in 1923, marking the transition to synthetic methanol. However, this early
catalyst exhibited low activity, requiring high temperatures (300-400°C) and pressures (250-
350 bar) to achieve acceptable conversion levels [58]. The primary catalyst for methanol
synthesis until the mid-1960s was zinc oxide/chromia. This groundbreaking technology
dominated the market for over fifty years, with DuPont and the Commercial Solvents

Corporation in the United States pioneering its global licensing [26].

Meanwhile, advancements in optimizing operating conditions, such as temperature and
pressure, have garnered significant attention from the global research community. In the 1940s,
Switzerland’s Lonza Company pioneered the synthesis of methanol using hydrogen produced
through electrolysis and carbon dioxide. Building on this, Professor Natta in 1955 proposed a
method for catalytically hydrogenating purified syngas over ZnO-based catalysts. Feedstocks
(CO, CO», and Hy) were purified using calcium nitrate vapours to enhance methanol yield and

selectivity, further refining the process [26,55,58].

However, in 1966, ZnO/Cr203 catalysts were replaced by Cu/ZnO/Al>O3 catalysts, which ICI
first synthesized. Introducing low-pressure (40-80 bar) methanol synthesis technology by ICI
reduced energy costs, improved efficiency, revolutionized the industry, and continues to
dominate global methanol production today [8,26,59,60]. Synthesis gas (syngas), a mixture of
CO, CO2, and H» required for the methanol synthesis, can be derived from various carbon
resources, including natural gas, coal, and biomass gasification [61]. One of the primary carbon
sources for methanol production is natural gas, which provides a purified form of syngas,
allowing methanol to be synthesized directly via oxidative transformation. However, the
availability of feedstocks varies by region, influencing the preferred method of syngas
generation and subsequent methanol synthesis. Due to the success of this process, the low-
pressure ICI process was implemented for commercial methanol production. Later in the
1970s, plants such as Lurgi, Haldor Topsoe, and Linde were established for industrial-scale

methanol production by sulfur-free syngas [8,26,58,62—64].

Beyond traditional syngas pathways, alternative methanol production routes are being explored
to improve sustainability. Methanol is widely used as a raw material in numerous industrial
applications and is gaining attention as a promising alternative fuel due to its liquid state at

ambient temperature and high energy density, making it a viable option for automotive and



energy sectors [3]. Due to the rise in CO> emissions associated with global warming, there is a
need to use CO» as a primary reactant for methanol synthesis over the same Cu/ZnO/Al,O;

catalyst, which sets the stage for CO2 hydrogenation to methanol [26,54].

1.3.3 Emergence of CO: hydrogenation (1990s - Present)

1.3.3.1 Environmental Drivers: Climate Concerns and CO; Utilization

e Problem: Rising atmospheric CO> concentration (from fossil fuel combustion,
deforestation, and flue gases released from thermal power plants) is the primary driver
of global warming. Mitigating CO> emissions is critical to limiting temperature rise to

1.5-2°C (as per IPCC goals) [36,39].

e Solution: Instead of merely capturing and storing CO2 (CCS), researchers and
industries began exploring carbon capture and utilization (CCU). Converting CO> into
valuable products, such as methanol, achieves two key objectives: reducing emissions

and producing a sustainable fuel [8,22,54].

Extensive research has been dedicated to advancing processes that operate at progressively
lower temperatures and pressures. Today, modern industrial plants utilizing Cu/ZnO-based
catalysts achieve optimal performance at conditions of 240-300°C and 50 bar, reflecting

decades of innovation in efficiency and sustainability [8,26,59].

1.4 Methanol Economy and World Methanol Demand

George A. Olah, a Nobel Prize-winning chemist for carbonation chemistry, proposed the
“methanol economy” concept as a sustainable alternative to the fossil fuel-based economy.
This process utilizes captured CO> (either industrial flue gases or direct air) and green H»
(produced through water electrolysis using renewable electricity) to synthesize methanol via a

hydrogenation reaction, ensuring the process is carbon neutral [3,4,65].

In 2011, Carbon Recycling International (CRI) launched the George Olah Renewable Methanol
Plant in Iceland, utilizing geothermal energy to produce green hydrogen (H2) and convert CO>
(captured from a nearby geothermal plant) into methanol. Today, CO> hydrogenation to

methanol is a cornerstone of the green chemistry movement, aligning with global net-zero



goals. At present, few other companies are synthesizing methanol on a commercial scale via

CO2 hydrogenation using the same process [3,4,65].
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global methanol demand distribution across key industrial applications.

The global methanol economy is experiencing significant growth and transformation, driven
by its versatile applications and the push for cleaner energy alternatives. Currently, methanol
ranks among the top five widely traded compounds globally on an annual basis. Over the past
two decades, there has been a significant increase in the demand for methanol. This is primarily
due to the emergence of the methanol economy and its derivatives, which have been crucial in
driving global methanol demand (Figure 1.3). Due to its high hydrogen-to-carbon ratio,
methanol is considered a cleaner energy source. Advancements in production technologies,
particularly those that optimize energy efficiency and utilize cost-effective processes, are
expected to enhance their economic viability compared to conventional methods. Additionally,
it signifies a domain of focus in reducing carbon footprint [8]. This process has been well
known for decades, but it still presents different challenges, including thermodynamic

limitations, catalyst deactivation, low reactivity, and higher water production.
1.5 Thermodynamics and challenges in synthesizing methanol via CO:

hydrogenation

The direct hydrogenation of CO; to produce methanol is both cost-effective and

environmentally friendly. However, this process is subject to certain thermodynamic



constraints. The thermodynamic restrictions arise from the enhanced stability and kinetic
inertness of CO2, making it challenging to activate the CO, molecule. The CO> hydrogenation
to methanol involves two reactions: methanol synthesis and the reverse water-gas shift process

[8,22,59,66].

Reactions System

CO,+3H,= CH3;0H + H,0, AH,sec =—49.5 kJmol™?! (1.1)
C0,+H,=CO0 + H,0, AH,soc = 41.2 kjmol ™1 (1.2)

The CO formed by the reverse water-gas shift (RWGS) reaction can potentially be converted
into methanol through hydrogenation. However, this conversion necessitates an additional

energy input, as indicated by equation (3).
CO +2H, = CH3;0H, AH,gec = —90.6 kjmol ™1 (1.3)

Equations (1.1) and (1.3) demonstrate that, in accordance with Le Chatelier’s principle, the
production of methanol is thermodynamically advantageous under conditions of low
temperature and high pressure. Due to the chemical inertness and increased thermal stability of
COg, a high temperature is necessary to initiate the methanol formation. The elevated reaction
temperature facilitates the activation of CO: and the subsequent production of methanol. The
RWGS reaction exhibits a greater propensity at elevated reaction temperatures than the
methanol synthesis reaction. Additionally, the methanol produced undergoes decomposition,
resulting in the formation of unwanted by-products, such as higher hydrocarbons and alcohols.
These by-products have a negative impact on the selectivity and yield of methanol.
Furthermore, the catalyst’s deactivation occurs at elevated temperatures because of the
sintering and agglomeration of the active site on the catalyst surface [67]. Therefore, the high-

temperature process is strongly contrary to the thermodynamics of the reaction [8,22,59,66].

According to Le Chatelier’s principle, high pressure is thermodynamically advantageous due
to the molecular reduction reaction of CO> hydrogenation to methanol. Various catalysts have
been suggested for achieving optimal CO2 conversion in methanol synthesis by employing
extended pressure ranges. The pressure range spans from 10 bar to 442 bar. However, the
conversion of CO; was considerably lower at lower pressures due to the more favourable

thermodynamics at higher pressures. Bansode et al. achieved the highest conversion and
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methanol selectivity levels by using a co-precipitated Cu/ZnO/Al,O3 catalyst in a micro-
reactor, operating under high-pressure conditions of up to 360 bar. The process surpasses the
kinetic barrier at elevated operating conditions and transitions into a thermodynamically

regulated zone [8,68].

Furthermore, the RWGS (Equation 1.2) and the methanol decomposition reaction involving
molecular reactions would be hindered as pressure increases. Therefore, in both scenarios, the
rate and selectivity of methanol synthesis will be increased due to thermodynamic factors [59].
The thermodynamic analysis of methanol synthesis was performed using Aspen Plus design
software, utilizing the RGIBBS block to minimize the total Gibbs free energy of the reaction
mixture. Graaf et al. implemented the SRK equation of state in Aspen Plus software to account
for non-ideality corrections and accurately calculate Gibbs free energy values for ideal gas
behaviour. The feasibility of a reaction is determined by the change in Gibbs free energy
(AG,s50c), whereas the change in enthalpy (AH,s5¢¢) defines whether the reaction is endothermic

or exothermic [69].

The hydrogenation reaction of CO> results in the generation of methanol, which is accompanied
by the formation of water molecules. Furthermore, the inevitable production of water is a
significant component in deactivating the catalyst used in methanol synthesis. Additionally,
when exposed to high temperatures, water acts as a potent oxidizing agent, causing the metal
to undergo oxidation and form metal oxides. Therefore, catalyst deactivation occurs when the
active sites for the reactant gas molecules are lost. Several studies have investigated this issue
and found that eliminating water during the hydrogenation process is the most effective
approach [59,67]. Nevertheless, a viable remedy has not yet been proposed. As previously
mentioned, the thermodynamics of the methanol process involve operating at low temperature
and high pressure. This condition is advantageous for achieving high conversion and yield, as
illustrated in Figure 1.4. When the temperature is raised over a thermodynamically favourable
range, both the conversion and yield of methanol synthesis from the direct hydrogenation of
COz drop. Furthermore, as clearly shown in the Figure 1.4, the temperature increase promotes
the RWGS reaction, resulting in CO formation, which is attributed to its endothermic

characteristics [16].
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Figure 1.4. Influence of thermodynamic conditions (T and P) on equilibrium conversion and product yield.

Adapted from ref [16].

1.6 Reaction Kkinetics of CO: hydrogenation to methanol

While the thermodynamics analysis defines the equilibrium limits and the feasibility of
temperature and pressure for methanol synthesis, the actual conversion achieved under given
conditions is predominantly governed by reaction kinetics [32,63,70]. Even under the
thermodynamically favourable conditions, the sluggish activation of CO», owing to its strong
C=0 bonds and linear geometry, introduces substantial kinetic limitations [25]. As a result, the
reaction often proceeds through multiple surface-mediated pathways involving the formation
and transformation of reaction intermediates such as formate (HCOO*), formyl (HCO¥*), and
methoxy (CH30%*) [25,71,72]. These intermediates evolve through a series of adsorption,
surface reaction, and desorption steps that collectively dictate the overall rate of methanol

formation [25,71,72].

The kinetics of CO2 hydrogenation to methanol are further complicated by the competing
reverse water-gas shift (RWGS) reaction, which consumes both CO; and H» while generating
CO and H>O [25,71,73]. This side reaction becomes increasingly dominant at elevated
temperatures, reducing methanol selectivity and introducing additional equilibrium constraints
[32,73,74]. Therefore, understanding the interplay between thermodynamics and kinetics is
essential for defining optimal operating windows where the methanol synthesis pathway is

kinetically favoured without significant inhibition by side reactions [32].
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The intrinsic rate of methanol formation is strongly influenced by catalyst composition and
surface structure. In Cu-based catalysts, for instance, the metallic copper sites facilitate
hydrogen dissociation, whereas the adjacent ZnO or ZrO> components promote CO; activation
and stabilize reaction intermediates. The synergistic interaction among these components
modulates the adsorption energies of reaction intermediates and alters the apparent activation
energies of the elementary steps, thereby determining both activity and selectivity. To capture
such complex behaviour, mechanistically derived rate expressions, typically of the Langmuir-
Hinshelwood-Hougen-Watson (LHHW) form, provide a quantitative description of surface

kinetics.

In this context, kinetic modeling is crucial for linking catalyst design with reactor performance.
It enables the estimation of intrinsic rate parameters, the identification of rate-determining
steps, and the prediction of methanol yields under varying reaction conditions. The insights
drawn from kinetic studies thus complement the thermodynamic framework and guide both
catalyst optimization and process intensification. Detailed mechanistic insights, kinetic
modeling, and validation for CO; hydrogenation to methanol are extensively discussed in the

subsequent chapters of this thesis.

1.7 Current possible approaches to overcome limitations

Building on the thermodynamic and kinetic perspectives, several methodologies have been
proposed to mitigate the inherent limitations of CO; hydrogenation to methanol. Optimizing
reaction conditions, such as temperature, pressure, and feed composition, is crucial to strike a
balance between the competing demands of thermodynamic favourability and kinetic activity.
Additionally, the use of thermally stable solvents and novel reactor configurations (e.g., slurry-
phase or structured catalytic reactors) can aid in heat management and enhance mass transfer
as both CO; absorption and hydrogenation reactions are exothermic in nature, thereby

improving overall processing efficiency [57,59,75].

Modifying the catalyst is crucial for enhancing the conversion of CO: and the selectivity of
methanol. It is essential to carefully adjust the catalyst’s properties to achieve optimal catalytic
efficiency. This adjustment depends on several factors, including: (i) the composition and
structure of the metal and support; (ii) particle size uniformity; (iii) dispersion and distribution

of active sites; (iv) surface area and porosity; (v) active and defect sites concentration; (vi)
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metal-support interactions; (vii) incorporation of promoters or ternary oxides that modify
surface basicity and reducibility. Such rational design strategies can simultaneously accelerate
the rate-determining steps, suppress side reactions like RWGS, and enhance methanol

selectivity even under mild operating conditions [59].

In this context, the present work focuses on developing advanced Cu-based catalytic systems
with optimized composition, structure, and reaction environment to achieve superior CO»
conversion and methanol productivity. By integrating experimental investigations with kinetic
modeling and machine learning approaches, this study aims to establish a comprehensive
framework for understanding and optimizing the CO»-to-methanol process under industrially

relevant conditions.

1.8 Data-driven and machine learning approaches in catalyst design

The growing complexity of catalytic systems and the vast parameter space associated with
catalyst synthesis, structure, and performance have driven the adoption of data-driven and
machine learning (ML) methodologies in modern catalyst design. Though fundamental,
traditional experimental and mechanistic approaches often face limitations due to high
experimental costs and the multidimensional nature of catalyst descriptors. Machine learning
provides an efficient alternative by identifying hidden correlations between physicochemical
features and catalytic performance, thereby accelerating the discovery and optimization of

high-performance materials [13,76].

In CO; hydrogenation to methanol, ML techniques such as principal component analysis
(PCA), random forest regression (RFR), support vector machines (SVM), gaussian process
regression (GPR) and artificial neural networks (ANN) have been applied to predict CO>
conversion, methanol selectivity, and space-time yield based on input descriptors like
crystallite size, surface area, Cu dispersion, Cu®/Cu’ ratio, and metal-support interaction
strength. Beyond prediction, interpretable ML tools such as SHapley Additive exPlanations
(SHAP) or permutation importance analyses help identify the most influential parameters
governing catalytic behavior, offering a mechanistic understanding complementary to kinetic

modeling and experimental characterization [13,77,78].

The present thesis establishes an intelligent, data-driven framework for rational catalyst design

by integrating these ML-derived insights with experimental synthesis and kinetic studies. The
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approach leverages literature-based datasets for model training, validated experimentally using
synthesized Cu/ZnO/ZrO; catalysts, to provide predictive guidance for optimizing catalyst

composition and reaction conditions for CO2 hydrogenation to methanol.
1.9 Summary and Future Outlook

This introductory chapter has provided an extensive framework for the current research,
beginning with the motivation derived from the global CO; emission challenge and the role of
methanol as a sustainable carbon carrier. The discussion is confined to the historical evolution
of methanol production, the concept of a methanol economy, world methanol demand, and the
industrial relevance of Cu-based catalysts. The debate on thermodynamic limitations and
kinetic complexities established the foundational context for catalyst and process design.
Subsequently, recent advancements and strategies to overcome these challenges were
summarized, highlighting the critical role of catalyst composition, structure, and reaction

engineering.

Introducing data-driven and machine learning strategies represents a paradigm shift in catalyst
development, enabling predictive modeling and rational optimization that complement
experimental and mechanistic approaches. Together, these elements provide a coherent
foundation for the present work, which combines experimental synthesis, kinetic modeling,
and ML-based predictive frameworks to advance the understanding of CO2 hydrogenation to
methanol. Chapter 2: Literature Review builds upon this foundation by providing an in-depth
discussion of previous studies on hydrogen production, development of catalytic systems, data-
driven methodologies in catalyst design, reaction mechanisms, and kinetic modeling

approaches relevant to CO; hydrogenation to methanol.

1.10 Thesis Organisation

Chapter 1 This chapter introduces global scenario of CO3, its impact on the environment, the
possible solutions, the history of methanol production, the methanol economy, its demand,
reaction thermodynamics, kinetics, possible approaches to overcome limitations, machine

learning approaches in catalyst design.
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Chapter 2 The recent advancements in the open literature are critically reviewed, and the
drawbacks of the current system are highlighted. The aim and approaches of this research are

introduced based on the literature gaps.

Chapter 3 The detailed description of different materials, catalyst preparation methods,
analytical characterisation techniques, experimental and computational procedures is

elucidated in more detail.

Chapter 4 This chapter integrates machine learning with experimental catalysis by developing
a predictive model trained on literature data and validated with the experimental dataset. This
approach bridges traditional kinetic modeling with data-driven tools to guide future catalyst

development.

Chapter 5 This chapter presents the hydrothermal synthesis and characterization of a novel
Cu/MgO catalyst with exceptionally high (up to 50% Mg) incorporation into the Cu lattice. It
highlights the structural and catalytic behaviour of Cu/MgO for CO: hydrogenation,

showcasing the impact of Mg promotion.

Chapter 6 This chapter is organized to explore the scalable synthesis of Cu-Zn hydroxy-
carbonate precursors via mechano-chemical ball milling and investigate the synergistic role of

Zn0O-ZrO: in enhancing catalytic properties.

Chapter 7 This chapter investigates the kinetics of CO> hydrogenation over Cu/ZnO/ZrO»,
focusing on parameter-driven catalytic performance. A LHHW kinetic model is developed to

uncover reaction mechanisms and rate-controlling steps.

Chapter 8 This chapter concludes the thesis and presents some future directions to be explored.
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Chapter 2 Literature Review

This chapter contains excerpts from the following publications.

1. Aakash Bhardwaj®, Akshdeep S. Ahluwalia®, K.K. Pant, Sreedevi Upadhyayula®, “A
principal component analysis assisted machine learning modeling and validation of
methanol formation over Cu-based catalysts in direct CO> hydrogenation”, Separation
and Purification Technology, Volume 324, 1 November 2023, 124576.

2. Aakash Bhardwaj*', Meenakshi Pokhriyal”’l , Vaibhav Pandey”, Kamal Kishore Pant®,
Sreedevi Upadhyayula®®, “Enhanced Methanol Formation over Cu/MgO catalyst
derived from Mg-Rich Active Hydroxycarbonate Precursor”, ACS Appl. Energy Mater.
2024, 7, 12, 5163-5178.

2.1 Overview

This chapter presents a comprehensive and critical review of CO2 hydrogenation to methanol,
intending to establish the scientific and technological foundation for the present thesis.
Building on the broader context introduced in Chapter 1, this chapter systematically examines
the hydrogen production routes, catalytic systems, mechanistic understanding, kinetic
modeling strategies, and reactor considerations that govern the performance and scalability of

CO»-to-methanol processes.

The chapter begins with a discussion on green and sustainable routes for hydrogen production
(Section 2.2), followed by a detailed review of heterogeneous catalytic systems for the direct
hydrogenation of CO> to methanol (Section 2.3), with special emphasis on the evolution and

development of Cu-based catalysts, which remain the industrial benchmark.

Subsequent sections focus on the precursor-guided catalyst synthesis, highlighting the critical
role of malachite, zincian malachite, and rosasite-type hydroxycarbonate phases in controlling
copper dispersion, oxygen vacancy formation, and metal-support interactions (Section 2.3.1.2).
The chapter then provides a comparative evaluation of Cu-based binary and ternary catalysts
to summarize activity-selectivity trends (Section 2.3.1.3). Emerging machine learning
approaches in catalyst design and performance prediction (Section 2.3.2) are also reviewed,
reflecting the growing role of data-driven strategies in accelerating catalyst discovery and

optimization.
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A major portion of the chapter is dedicated to the reaction pathways and mechanisms of CO»
hydrogenation to methanol (Section 2.3.3), covering competing formate and CO-mediated
pathways, the influence of the Cu surface and oxidation state, the role of interfacial water,
support-driven and multi-component synergies. The transition from mechanistic understanding
to kinetic modeling (Section 2.3.4) is then examined, with emphasis on LHHW kinetic
frameworks used to quantify intrinsic reaction rates. Finally, reactor aspects (Section 2.3.5)
relevant to heat transfer, mass transport, and process intensification are discussed to connect
intrinsic kinetics with practical reactor performance. A brief chapter summary consolidates the

key insights before identifying the remaining challenges (Section 2.4).

The chapter concludes with a clear identification of research gaps and motivation (Section 2.5)
arising from limitations in precursor phase control, scalable catalyst synthesis, oxygen vacancy
engineering, mechanistic ambiguity, and the lack of experimentally validated kinetic models.
These gaps directly shape the research objectives (Section 2.6) and thereby establishing a direct

intellectual link between the existing literature and the original contributions of this thesis.

2.2 Green routes to produce hydrogen

In the CO; hydrogenation to methanol process, hydrogen plays a significant role in the
transformation by participating in the reaction, using three times the number of moles of CO».
Therefore, various green routes to produce hydrogen have been investigated to meet the
massive demand for hydrogen and are illustrated in Figure 2.1. At present, industrial hydrogen
is mainly produced through fossil-based methods such as methane steam reforming, coal
gasification, and partial oxidation of petroleum residues, thereby accelerating fossil fuel
depletion and increasing CO; levels in the atmosphere [8,15,79,80]. To produce renewable
methanol from CO> and H> as primary reactants, the amount of CO> consumed during synthesis
must be greater than the CO; generated during hydrogen production. This requirement
highlights the necessity of using green hydrogen sources [8,15,81-83]. Water electrolysis
represents a promising alternative for large-scale green hydrogen generation; however, its
widespread adoption is currently limited by high costs, primarily due to the use of noble-metal

(Pt-based) electrodes and the high price of electricity [15,82].

Water electrolysis driven by electrical energy generated from green and renewable sources,

such as photovoltaics, wind energy, ocean energy, and geothermal power is considered the
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most appropriate routes for green hydrogen production. Among the available electrolysis
technologies, alkaline water electrolysis is currently the most established and widely used. In
this process, two electrodes are immersed in an alkaline electrolyte, where hydroxide ions
(OH") migrate from the cathode to the anode, leading to hydrogen generation at the cathode.
For the optimization of alkaline water electrolysis costs, novel Ni-based electrodes were used
instead of the costly Pt electrodes. Ni-based electrodes show good corrosion resistance, making
this technology cost-effective. These are the most advanced electrolysis technologies,
characterized by lower capital costs. However, the low efficiency of this technology, in turn,
leads to higher electrical energy costs, opening the door for other green water electrolysis

methods [8,15,82,83].

Methanation  CO; remover

Electrolyte (alkaline solution)

Coal
3030 TPD go5ep

65MW  Plant Power € Net Power 20,IMW

Figure 2.1. Various routes for the production of hydrogen.

Several emerging technologies are also being explored for green hydrogen production via water
electrolysis, including polymer electrolyte membrane (PEM) electrolysis, solid oxide
electrolysis cells (SOECs), and carbon-assisted water electrolysis (CAWE) [8,15]. PEM
electrolysers offer advantages such as higher efficiency and the absence of corrosion and
sealing issues commonly associated with alkaline systems; however, their widespread adoption
is limited by high capital costs. In contrast, SOECs exhibit strong potential for large-scale

industrial applications due to their ability to achieve nearly 100% Faradaic efficiency at
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elevated operating temperatures. Nevertheless, challenges such as material degradation, sealing
failures, thermal cycling instability, and chromium migration hinder their long-term durability.
Beyond electrochemical approaches, photocatalytic water splitting has also attracted
considerable attention as a promising clean and renewable pathway for sustainable hydrogen
generation. This process has a significant advantage due to its negligible emissions of CO; and
SO». Various investigations have been conducted on the direct splitting of water into hydrogen
and oxygen using semiconductor-based photocatalysts under solar irradiation. Numerous
efforts have been made to efficiently utilize solar radiation by developing photocatalysts that
are active under both ultraviolet and visible light. Titanium dioxide (Ti0Oz) has been one of the
most widely investigated photocatalysts for water splitting due to its chemical stability,
environmental compatibility, abundance, and low cost. However, TiO>-based systems suffer
from major limitations, including rapid recombination of photogenerated electron-hole pairs,
backward reactions, and limited absorption of the solar spectrum. Employing a composite is an
excellent approach to increase photocatalytic performance [15,82,83]. Such composites are
typically prepared by coupling oxide semiconductors with non-oxide materials to form
heterojunction structures, including CdS-TiO,, CdS-ZnO, CdS-MoS,, and CdS-Agl. Among
these heterojunctions, CdS-TiO2 and CdS-MoS:; have received particular attention due to their
improved charge separation efficiency and expanded light absorption capability [15]. Overall,
substantial progress has been made toward the development of environmentally benign
hydrogen production routes through photocatalytic water splitting. Water electrolysis in
combination with renewable sources should be the preferred option. The availability of low-
cost electric technology produced by solar, wind, hydro, geothermal, and other sources in

specific locations may justify its commercialization.

Despite significant progress, the large-scale deployment of green hydrogen technologies
remains challenging, particularly in industrial regions that serve as major sources of CO-
emissions. High capital investment and operating costs continue to be key barriers to
widespread implementation. In the case of photocatalytic hydrogen production, further
advances in material development are required to address persistent challenges related to
photocatalyst stability and low energy conversion efficiencies. If these limitations can be
mitigated to a reasonable extent, photocatalytic water splitting has the potential to play a more

effective role in supporting the green hydrogen economy in the near future [82,83].
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2.3 Heterogeneous catalytic system for the direct hydrogenation of CO: to

methanol

The direct hydrogenation of CO; to methanol sustains a solid potential to convert a tremendous
amount of CO; quickly due to its high reaction rate. George Olah et al. have proposed a closed
carbon cycle for CO2 hydrogenation to methanol and DME and vice versa [3,65]. The CO»
emissions released into the open atmosphere have been captured and catalytically reduced
using hydrogen produced from greener routes, such as photocatalytic water splitting and H>O

electrolysis powered by natural/renewable energy sources [82,83].

Over the last few decades, researchers have proposed several studies on the direct
hydrogenation of CO; to methanol using various combinations of heterogeneous catalysts.
Still, Cu-based commercial catalysts, such as Cu/ZnO/Al>O3, have been used for methanol
synthesis on an industrial scale, utilizing syngas as the primary reactant species due to their
high activity and product selectivity [8,16,22,26,59,66,84]. These heterogeneous conventional
catalysts for CO; hydrogenation to CH3OH require high temperature and pressure. Various
reactor configurations have been employed for methanol synthesis at both laboratory and
commercial scales, which can sustain very high reaction conditions. Among them, the fixed-
bed reactor configuration has been widely used for CO; hydrogenation reactions, utilizing
Cu/ZnO/AL20O; as a commercial catalyst [8,26,59]. This methanol formation process has several
shortcomings, including heat removal, hot spot formation, catalyst deactivation, and, last but
not least, the energy-intensive steps involved in the CO capture process. To overcome these
shortcomings, liquid-phase reactions have been proposed using slurry and trickle-bed reactors.
The benefit of using such reactors is the controlled reaction conditions, and the energy required
for the capture and storage has been reduced [59]. In this context, the integrative CO> capture
and utilization (CCU) approach has been implemented using metal-complex homogeneous
catalysts. However, this has never been combined with laboratory and commercial-scale

multiphase reactors.

The primary attention has been given to methanol synthesis via the CCU process and direct
utilization. The direct hydrogenation of CO to methanol has been researched in parallel with
heterogeneous catalysts. Therefore, transitioning to an entirely new process (ICCU with
homogeneous catalysts in three-phase reactors) will be challenging and will require multiple

years of trial and optimization for commercialization. Hence, we should remain within a known
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reaction system using the commercialized process and focus on addressing its shortcomings to

further optimize the catalytic system and method.

2.3.1 Catalytic Systems

2.3.1.1 Evolution and Development of Cu-based Catalysts

Copper-based catalysts have remained the cornerstone of methanol synthesis for decades,
particularly since the introduction of highly selective Cu/ZnO/Al,O3; systems by Imperial
Chemical Industries (ICI) in the 1960s for use with naphtha and natural gas feedstocks. This
innovation replaced the high-pressure ZnO/Cr,O3 catalytic system, initially pioneered by
BASF, enabling the methanol process to operate under significantly milder conditions
(typically 5-10 MPa and 200-300°C) while achieving higher methanol selectivity and
efficiency [8,22,26,59,66].

This innovation marked a paradigm shift, enabling the production of methanol from naphtha-
or natural gas-derived syngas with reduced energy consumption and improved process
economics. The superior performance and the environmental and cost advantages of operating
at lower pressures established Cu-based catalysts as the industrial benchmark. Since then,
extensive research has focused on optimizing Cu-containing systems, with a particular
emphasis on enhancing metal dispersion, tuning support interactions, and improving long-term

stability [26].

These Cu-based catalysts were initially extensively evaluated using syngas (a mixture of CO,
CO», and H>) as the feedstock [8,22]. The majority of early investigations focused on enhancing
performance under syngas conditions, resulting in a profound understanding of the
Cu/ZnO/ALlO3 system and its structure-activity relationships [8,22]. However, with the
growing urgency to mitigate CO2 emissions and reduce carbon footprints, attention has

increasingly shifted towards direct CO> hydrogenation as a sustainable alternative.

Interestingly, even as CO:> replaced syngas as the feedstock, the Cu/ZnO/ALO; system
remained a starting point for investigation, due to its well-documented performance and known
active sites. Over time, however, researchers recognized that catalysts optimized for syngas
conditions were not necessarily ideal for CO»-rich feeds [26]. The thermodynamic and kinetic
behaviour of CO; differs significantly from that of CO, necessitating the development of new

catalyst formulations tailored specifically for CO; activation and hydrogenation [64,85,86].
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Among various systems explored, Cu-based catalysts [8,14,16,22,25,26,64,66,85] continue to

dominate due to several compelling reasons:

e The intrinsic activity of Cu for the hydrogenation of CO; to methanol is mainly due to
its ability to stabilize key intermediates such as formate and methoxy species [26].

e Favourable electronic structure and moderate binding energy for reaction intermediates,
enabling efficient conversion without excessive side reactions [26]a.

e The low cost, abundance, and non-toxic nature of copper make it an attractive option

for large-scale deployment [8,26].

Despite a wide array of catalyst formulations, the Cu/ZnO system prepared by co-precipitation
remains a foundational reference, often used as a baseline for further modification [85-87].
This system’s well-characterized behaviour provides a valuable benchmark for understanding
the effects of dopants, support morphology, and synthesis methods on activity and selectivity.
Within this system, ZnO plays a multifaceted role, acting as a structural promoter, enhancing
copper dispersion, and stabilizing the Cu®/Cu” interface, which is widely considered the active
site ensemble for methanol synthesis. Furthermore, ZnO contributes to the adsorption and
activation of CO., thereby enhancing the intrinsic reaction rate. The well-established
synergistic interaction between Cu and ZnO underscores the importance of intimate interfacial
contact and optimized metal-support interactions for achieving high activity and selectivity

[8,25,26,64,85,87].

To further enhance the catalytic performance and overcome the limitations of binary Cu/ZnO
systems, researchers have explored the incorporation of secondary oxide supports, including
ALO;s, ZrO,, MgO, and CeO3, into the catalyst matrix (Figure 2.2). These oxides introduce a
range of functional benefits that can be tailored to meet specific catalytic requirements
[8,22,26,59,66]. For instance, Al,O3 imparts thermal stability and mechanical strength, making
it favourable for industrial applications, although it may weaken the metal-support interaction
and reduce Cu-ZnO synergy [8,22,26,59,66]. In contrast, ZrO> enhances reducibility and
oxygen mobility, which improves CO; adsorption and facilitates the formation of intermediates
[8,66,88-92]. MgO, known for its basic character, helps suppress the reverse water-gas shift
(RWGS) reaction, thereby increasing methanol selectivity by minimizing CO formation
[14,66,93,94]. CeO: contributes to the formation of oxygen vacancies and redox buffering,

both of which promote CO> activation and potentially enhance reaction kinetics [66,89,95-98].
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Together, these modifications reflect a strategic evolution in catalyst design, where the classical
Cu/ZnO system is no longer treated as a static solution but rather as a flexible platform for
tailoring performance through multi-component engineering. This has led to the development
of ternary and quaternary systems that capitalize on the combined effects of dispersion control,
surface basicity, oxygen storage capacity, and structural stability-key factors in advancing Cu-

based catalysts for low-temperature, low-pressure CO> hydrogenation to methanol [26].

[ Cu-based Methanol Synthesis Catalysts ]

ZrO,
CeO,

g 9 2l g <
$ 2 S ||
N < © Q

Figure 2.2. Various catalyst combinations have been used in the methanol synthesis reaction via CO;

hydrogenation in the last decade.

2.3.1.2 Precursor-guided synthesis: the critical foundation for high-performance Cu-based

methanol catalysts

As discussed in the previous section, Cu-based catalysts, particularly Cu/ZnO systems, have
long served as the benchmark for methanol synthesis, owing to the intrinsic activity of copper,
the promotional role of ZnO, and the positive contributions from secondary supports such as
ALOs, ZrOz, MgO, and Ce0;[16,22,26,66]. These oxides modulate surface basicity, oxygen
mobility, and thermal stability, suppressing side reactions such as the RWGS reaction and
stabilizing the active phases. However, despite numerous compositional optimizations,
consistently high performance in CO> hydrogenation still relies heavily on the catalyst
synthesis methodology and the precursor phase rather than on the elemental composition alone

[14,64,85,93].

The compositional evolution of Cu-based catalysts has significantly advanced methanol

synthesis performance, yet it is increasingly evident that the catalyst’s synthesis method and,
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more critically, the precursor phase it produces, play a decisive role in determining its final
catalytic behaviour [64,85,93,95,99-102]. This structure-property-performance linkage, often
underrepresented in earlier studies, is now recognized as a key parameter in the rational design
of catalysts for CO, hydrogenation. Catalyst precursors act as a ‘“chemical memory”,
determining essential characteristics such as metal dispersion, Cu-ZnO interfacial area, support
morphology, and thermal stability. Upon calcination and reduction, these precursor phases
decompose to form an active Cu® phase closely interfaced with ZnO and other oxide supports.
The quality and homogeneity of this transformation depend on the phase purity, crystallinity,
and distribution of metal ions in the precursor [25,85,87,88,93,103].

> Meso-structuring > Nano-structuring > Activation
Initial precipitate Aged precipitate Calcination product Active catalyst

Zincian georgeite Zincian malachite CuO/2Zn0O Cu/ZnO

undefined compact shape thin needles spherical particles
size ca. 100 nm size ca. 20 x200 nm size ca. 10 nm

Figure 2.3. Microstructural transformation of Cu/ZnO catalyst precursors during meso-structuring, nano-

structuring, calcination, and activation steps. Adapted from Behrens et al. [85,104]

Calcination and reduction steps significantly alter the catalyst’s structure and morphology,
transitioning from meso-structuring to nano-structuring (Figure 2.3). The high metal
dispersion and stability of Cu-based catalysts arise from a unique microstructure obtained after
reduction. The ZnO component in Cu/ZnO/Al,Os catalyst acts as a geometrical spacer between
the elemental Cu particles, prevents Cu sintering, enhances Cu dispersion, and helps facilitate
CO> adsorption and activation on the catalyst surface to be subsequently hydrogenated to
methanol. In contrast, the Al203 component improves the chemical and thermal stability of the
catalyst [8,66,104]. Behrens et al. [85,104] described this phenomenon by forming defect sites
and migrating ZnOx species onto the Cu nanoparticles, resulting in a strong metal-support
interaction (SMSI) effect as illustrated in Figure 2.3. In addition to a high copper surface area

(SAcu) and an optimized Cu®/Cu” ratio, other structural factors such as metal-oxide interactions

24



(MO/SMSI) and defect engineering also play critical roles in determining catalytic efficiency,

as illustrated in Figure 2.4.

Among the various synthesis methods, co-precipitation (CP) remains the most extensively used
due to its simplicity and scalability [64,87,104]. However, conventional CP often yields mixed-
phase precursors, including aurichalcite, zincian malachite, and hydrotalcite, whose formation
strongly depends on critical parameters such as pH, temperature, metal salt concentration, and
aging conditions. Despite their functional activity, mixed-phase precursors suffer from batch-
to-batch variability, limited reproducibility, and poor phase purity, especially under the
stringent controls of laboratory-scale synthesis. The importance of precursor chemistry in
governing the final catalyst structure and performance has gained increasing recognition

[26,85].

SMSI-induced synergetic effect of
Metal oxide must be present to
activate the defect sites for methanol
synthesis

Cu phase must be
defective to achieve a
high density of active
sites at the surface

Expose many
> active sites

Figure 2.4. Structure-performance correlation for Cu-based methanol synthesis catalysts, demonstrating how

SMSI effects, defect density, and Cu surface area integrates to produce the highest catalytic activity. Modified
from ref [85].

Over the past decade, growing research has recognized that catalytic performance is not solely
dictated by the final catalyst composition but is deeply rooted in the precursor phase and the
synthesis strategy employed. The precursor effectively acts as a “chemical memory,”
governing the catalyst’s metal dispersion evolution, support interaction, textural properties, and
active site formation. Recent advances in Cu-based methanol synthesis catalysts have
highlighted the crucial role of the precursor phase and the synthesis method employed
[25,64,103,104]. Studies by Behrens et al. emphasized that forming phase-pure zincian

malachite or rosasite-type hydroxycarbonates precursor yields catalysts with finely dispersed
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metallic Cu and robust Cu-ZnO interfaces upon thermal decomposition. These interfacial sites
stabilize key intermediates, such as formate and methoxy species, enabling selective CO»

hydrogenation [25,85,105].

Additionally, increasing Zn*" substitution within the malachite lattice enhances the synergistic
effects between the metal and support, improves structural stability, and suppresses Cu
sintering, thereby boosting methanol productivity. However, thermodynamic constraints limit
Zn?*" substitution to about ~27 at.%, restricting complete phase purity [25,64,85,102,104]. The
introduction of Mg?*, desirable for increasing surface basicity and suppressing the RWGS
reaction, further complicates precipitation, as it promotes undesired CuO formation and
disrupts uniform crystallization. Hence, traditional co-preparation often fails to produce fully

phase-pure precursors under controlled, reproducible conditions [93].

Alternative precursor structures, such as zincian georgeite, have emerged as promising options
due to their superior microstructural uniformity and high surface area, yielding catalysts with
~20% higher activity than those from aurichalcite or zincian malachite [93]. Modified CP
methods, including low-temperature precipitation or controlled carbonate addition, have also
enabled higher Zn?** incorporation (>30 at.%), improved surface area, and reduced activation

energy for methanol synthesis [26,106,107].

Despite these advances, a persistent synthesis-performance disconnect remains, as illustrated

in Figure 2.5, which classifies existing synthesis methods by their influence on:

o C(Catalyst structural properties (e.g., metal dispersion, particle size, surface area, textural
morphology).

e Active site characteristics (e.g., Cu®/Cu’ ratio, oxygen vacancies, Cu-ZnO interface,
surface basicity).

e And practical application metrics (e.g., scalability, mechanical strength, simplicity).

Many conventional precipitation or lab-scale methods (e.g., sol-gel, microwave-assisted
synthesis, ammonia evaporation) address one of these domains but fail to meet all
simultaneously. Only a few synthesis routes successfully integrate structural precision, active
site optimization, and industrial scalability, such as hydrothermal, combustion & pyrolysis, ball

milling (mechanochemical synthesis), and spray drying [16].
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Building on these insights, our thesis focuses on two advanced synthesis methodologies that

directly address these challenges:

1) Hydrothermal synthesis enables the controlled crystallization of mcguinnessite

(CuMgCO3(0OH)z2), a rosasite-type hydroxycarbonate phase, facilitating well-defined

Cu-MgO interfaces. This approach prevents unwanted CuO formation, enhances

surface basicity, and yields a phase-pure, thermally stable precursor. The resulting

catalyst exhibits improved methanol selectivity, structural stability, and active site

exposure [14].

2) Mechano-chemical ball milling (MCBM) provides a scalable, solvent-free method for

synthesizing phase-pure Cu-Zn hydroxycarbonate precursors, utilizing ZrO; as a

ternary promoter. Atomic-level mixing achieved by milling ensures excellent metal

dispersion, strong metal-support interaction, and efficient promoter incorporation. The

final catalysts display superior space-time yields, lower CO formation, and improved

durability under reaction conditions.
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Figure 2.5. Comprehensive summary of catalyst design parameters for Cu-based catalysts, illustrating the

interrelation between catalyst structure, active site features, and catalytic activity, along with corresponding

synthesis methodologies. Modified from ref[16].
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These findings highlight that catalytic performance cannot be attributed solely to composition
but must be interpreted through a precursor-structure-property relationship. Parameters such as

crystallographic identity, metal substitution behaviour, and interfacial stability govern:

e the dispersion and accessibility of metallic Cu;
e the stability and intimacy of Cu-support interfaces; and

¢ the electronic and acid-base properties that control intermediate binding and desorption.

Thus, integrating rational synthesis design with precursor phase engineering marks a paradigm
shift from empirical catalyst development toward predictive and scalable synthesis strategies,

bridging the gap between academic research and industrial applicability [16].

2.3.1.3 Comparative catalytic performance of Cu-based catalysts for CO: hydrogenation to

methanol

The growing understanding that catalyst performance originates from precursor chemistry and
synthesis strategy makes it essential to benchmark how these design parameters translate into
actual catalytic behaviour across different Cu-based systems. Literature consistently
demonstrates that the catalytic efficiency of Cu-based catalysts for CO, hydrogenation to
methanol depends not only on chemical composition but also on the synthesis route, precursor
structure, and the resulting metal-oxide interfaces. Beyond simple compositional effects, the
transformation of precursors into active Cu®>-Cu” ensembles, the density of oxygen vacancies,
and the degree of metal dispersion collectively determine CO; activation and methanol
selectivity [26]. A comparative analysis of representative literature studies is summarized in
Table 2.1, followed by a discussion of synthesis-dependent performance trends to

contextualize these relationships.

Table 2.1. Overview of literature-reported Cu-containing catalysts and their performance in CO; hydrogenation

to methanol as a function of synthesis route, operating parameters, and productivity indicators.

Preparation CO/H: Operating Xcoz Sweon MeOH STY
Catalyst Methods Conditions (mgmeoH/geat.hr) Ref
Ratio (%) (%) ’
CZA-LDH

Hydrotalcite- T=523K

(Heng like precursor 1:3 18 49 515 [108]

Zhang derivation P =30 bar

2024)
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W = 18000

ml g h'!
T=553K
1Cu/Zn0O-
Air Hydrothermal 1:3 P=30bar ¢, 38.5 ; [109]
(Chen 2024) W = 3600
ml g h!
CuZnZr- T=303K
flower Hydrothermal _
with urca 13 P=30bar o5 562 138 [110]
(Hazlg zczfl)len hydrolysis W = 3600
ml g h!
CuMgZn- T=523K
20HT B
Hydrothermal — 1:3 P=30bar —r3 793 10 [6]
(Szhoazr;;'a W = 7200
ml g h'!
Cu-ZnO- T=523K
ZrO:-pH-8 Co-
e ‘i’taﬁon 1:3 P=30bar  28.1 59.0 - [92]
(W. Gao precip
2019) G =3000 h!
CuZnZr@S T=523K
BA-15 Impregnation-
sol-gel auto- 1:3 P =30 bar 19.2 30.6 376 [111]
(Mureddu combustion
2019) G = 6600 h'!
CuZnAlZr- T=523K
FA-650 precg‘i’t;ﬁon 1:3 P=30bar 2588  49.17 232 [112]
(Hou 2019) G = 4000 1
T=533K
CuZnCe/T
NTs gzg‘l’;ﬁggn 1:3 P=30bar )54 59.8 298 [113]
(Shi 2019) W = 7500
mlg'h'!
M-Cu-ZnO- T=493K
Zr0O: _
reciC(th-altion 13 P=30bar 159 go2 297 [88]
(Wang preeip _
2019) W = 6000
ml g h'!
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T=513K

Cu-ZnO-
Zr02-WO3 —
co- 130 PE0bAr e, 498 74.6 [114]
precipitation
(Wang -
2019) W = 2400
ml.g'.h!
Cu-ZnO- T=523K
ZrO»-
TPABr Co- P =50 bar
precipitation 1:3 26.7 55.2 - [115]
(Shuyao with VPT W = 3000
Chen 2019) mlg'.h'!
CuZnAlZr- T=305K
USP Ultrasonic _
Spray 1:3 P=30bar 5,5 22.6 - [116]
(Ramli Precipitation
G =10,000
2018) Bl
Cu-ZnO- T=543 K
Zr0-S  Precipitation- 3 p_sopy 230 568 20 [117]
reduction
(Dong 2016) G = 4600 h-!
CuO-ZnO- T=33K
Zr02 Microfluidic P =50 bar
continuous co- 1:3 21.0 34.0 486 [118]
(Angelo precipitation B
2015) G= }119,000
T=513K
Cu/ZnO
) P =30 bar
(Hong Lei Hydrothermal 1:3 16.5 78.2 550 [119]
2015) W =12000
ml.g'.h'!
Cu-ZnO- T=553K
ZrO> _
Co- 1:3 P=50bar 33 331 [89]
precipitation
(Angelo G = 10,000
2015) h‘l,
Cu- T=533K
ZrOx(1V) Citric
Precursor 1:3 P =80 bar 8.6 92.0 - [120]
(Samson method
2014) G =3600h"
CuZnZr-Ce .C(.J_ . 1:3 T=503K 22.8 53.0 102 [121]
precipitation
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(Fujimoto P =50 bar

2014)
W =2226
mlglh'!
Cu-Zn-Zr- T=513K
(0).¢ Gel-oxalate _
co- 1:3 P=30bar 4, 51.5 1200 [122]
(Frusteri precipitation B
2014) G= 89,000
h
T=523K
Cu-Ga20s- Solid state
Zr0: reaction + 13 P=20bar 155 455 61 [123]
deposition-

(Liu 2006)  coprecipitation G=2,500h
1

Hydrothermal synthesis routes have enabled the controlled formation of nanostructured and
defect-rich oxides. Cu/ZnO/AL,Os catalysts derived from hydrotalcite-like precursors (CZA-
LDH) exhibit a high Cu® surface area, uniform metal dispersion, and strong Cu-ZnO
interactions, resulting in superior methanol productivity and stability (Heng Zhang, 2024
[108]). Likewise, the incorporation of Mg and Zn through hydrothermal co-precipitation
promoted synergistic Cu/MgO/ZnO interfaces with abundant oxygen vacancies and basic sites,
thereby facilitating CO:2 adsorption and selective hydrogenation to methanol with greater than
99% selectivity (Sharma, 2021[6]). Morphology-controlled hydrothermal synthesis of
Cu/ZnO/ZrO, with flower-like ZnO produced catalysts with the highest oxygen vacancy
concentration and enhanced CO; activation capability, confirming the role of lattice defects in

lowering activation barriers (Hao Chen, 2022 [110]).

Co-precipitation-based methods remain the most versatile for tuning precursor phase
chemistry and metal-support interactions. For instance, Cu/Zn/Zr catalysts prepared at
optimized pH values (~8) produce hydroxycarbonate precursors such as zincian malachite,
which transform into highly dispersed Cu-ZnO phases with intimate contact upon reduction
(W. Gao, 2019 [92]). Promoters such as Zr or Ce enhance oxygen mobility and interfacial
stability, as observed for Cu/Zn/Zr/Ce and Cu/Zn/Zr/Al systems, improving both methanol
yield and long-term stability (Fujimoto, 2014 [121]; Hou, 2019 [112]). Moreover, chemical
additives such as formaldehyde pre-activation partially reduce Cu? to Cu* during synthesis,
yielding highly dispersed Cu® nanoparticles and crystalline ZnO phases that synergistically
promote CO> conversion (Hou, 2019 [112]).
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Advanced precipitation and post-treatment techniques such as ultrasonic spray
precipitation (USP), vapor-phase treatment (VPT), and microfluidic co-precipitation offer
better control over particle uniformity, scalability, and interfacial control. USP-generated
Cu/Zn/Al/Zr catalysts offer enhanced Cu dispersion and surface area but require optimization
to balance methanol productivity (Ramli, 2018 [116]). In contrast, vapor-phase-treated
Cu/Zn/Zr catalysts (TPABr-assisted VPT) exhibit surface enrichment of Zn and Zr with
abundant oxygen vacancies, achieving a methanol selectivity of over 90% and stability of more
than 100 hours (Shuyao Chen, 2019 [115]). The microfluidic continuous co-precipitation route
reported by Angelo (2015) [118] provides precise control over particle size and precursor
formation kinetics, resulting in catalysts with homogeneous distribution, improved Cu surface

exposure, and reproducible activity, which outperforms batch-synthesized counterparts.

Support engineering and promoter incorporation also play decisive roles in tailoring
surface basicity, reducibility, and interface stability. CeO2 and TiO2 nanotubes support the
enhancement of CO; adsorption and hydrogen spillover by introducing redox-active sites and
additional basicity, leading to higher methanol selectivity (Shi, 2019 [113]). The introduction
of MoOs3 or WOs as secondary promoters further strengthens surface basic sites and CO2
binding energy, resulting in improved methanol productivity compared to Cr20s-modified
analogues in a ternary Cu/Zn/Zr catalyst (Wang, 2019 [114]). Similarly, ZrO, acts as a
promoter, providing structural stability and oxygen vacancy sites, while Ga;O3; or MgO
modifies electronic interactions and suppresses side reactions, thereby facilitating the

activation and hydrogenation of CO2 (Liu, 2006 [123]; Sharma, 2021 [6]).

Synthesis-dependent structure-activity relationships emerge across these studies: catalysts
prepared via homogeneous or gel-oxalate precipitation routes show improved dispersion,
balanced Cu®/Cu" ratios, and superior methanol selectivity (Frusteri, 2014 [122]). The gel-
oxalate-derived Cu/Zn/Zr catalyst maintained a stable STY of 1200 mgmeon/gcat.hr over 200 hr
due to its well-defined metal-oxide interfaces and optimal particle size. Similarly, continuous-
flow and hydrothermal synthesis consistently outperform batch precipitation and impregnation

methods in terms of reproducibility, dispersion, and defect control.

In summary, the literature clearly demonstrates that synthesis routes play a crucial role in
determining precursor structure, active site distribution, and, ultimately, catalytic performance.

Methods that enable homogeneous precursor formation, control defect density, and optimize
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the Cu®-Cu” interfacial balance, such as hydrothermal treatment, vapor-phase treatment, and
microfluidic co-precipitation, consistently yield superior catalysts. However, achieving a truly
phase-pure precursor while maintaining scalability and reproducibility remains a persistent

challenge, leaving significant scope for innovation in catalyst synthesis strategies.

To address this gap, the present thesis adopts hydrothermal and mechanochemical ball milling
synthesis strategies. Both approaches yield pure precursors with superior Cu dispersion,
interfacial synergy, and durability under reaction conditions. These studies aim to establish a
predictive framework for designing high-performance Cu-based catalysts by linking precursor
phase chemistry with catalytic performance. The following section introduces machine
learning (ML) as a complementary data-driven approach that extends this framework, enabling
quantitative prediction and optimization of catalyst behaviour based on fundamental

physicochemical descriptors.

2.3.2 Machine learning approaches in catalyst design for CO:z hydrogenation to methanol

Despite considerable progress in Cu-based catalyst design, achieving high metal dispersion,
stable metal-support interfaces, and long-term structural integrity under industrial operating
conditions remains a challenge. These challenges highlight the limitations of traditional
empirical methods, which rely on iterative, resource-intensive experimentation. This evolving
complexity in catalyst development necessitates rational design strategies that transcend trial-
and-error approaches. In this context, machine learning (ML) has emerged as a transformative,
data-driven tool capable of deciphering multidimensional relationships between catalyst

properties, reaction conditions, and performance metrics.

The design and optimization of catalysts for CO> hydrogenation to methanol is a multifactorial
problem. Catalytic performance depends not only on chemical composition but also on
synthesis methods, precursor phases, surface structure, particle morphology, and reactor
operating conditions. As the number of variables increases, the experimental search space
expands exponentially. Thus, a purely experimental strategy becomes impractical due to time,
cost, and scalability constraints. ML provides a data-driven alternative, offers predictive
accuracy, pattern recognition, and the potential to accelerate catalyst discovery while

significantly reducing experimental burden [13,77].
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A reasonably large but heterogeneous dataset on CO»-to-methanol conversion exists in the
literature. However, these datasets often suffer from inconsistencies such as unsystematic
variability, missing data, and limited coverage across important reaction variables and catalyst
descriptors. Robust data interpretation frameworks are crucial for extracting meaningful
correlations from diverse sources. Traditional computational tools, such as regression analysis
or basic statistical models, fall short in handling the nonlinear, multi-variable interdependencies
that govern catalytic systems. Moreover, these approaches frequently suffer from overfitting,

computational complexity, or limited generalizability [13,76].

Several attempts have been made to apply ML techniques to catalytic systems in recent years.
For example, Hossain et al. [124] and Ayodele et al. [125] applied artificial neural networks
(ANNSs) to model syngas production from methane reforming over Ni- and Co-based catalysts,
respectively. Their work demonstrated the capability of an ANN to correlate operational
variables with product distributions. Later, Smith et al. [76] proposed a generalized ML
framework to predict catalytic performance by identifying descriptors correlating with
experimental outcomes, highlighting ML’s role in guiding experimental planning and

formulation screening.

A more relevant study by Perez-Ramirez [126] and coworkers explored the prediction of
methanol space-time yield (STY) using a comprehensive database of 1425 experimental data
from the CO; hydrogenation literature. They used advanced ML models, such as Extreme
Gradient Boosting (XGB), Random Forest (RF), and Gradient Boosting Decision Trees
(GBDT), to train predictive algorithms. However, their model’s applicability was limited to
STY prediction and failed to maintain prediction accuracy when validated on new experimental
data. This limitation underscores a key shortcoming of most data-driven models: they often

require retraining on additional datasets and lack generalizability beyond their training scope.

Another work by Bahri et al. [127] presented a multi-level hypothesis-based model using only
a limited set of catalyst characterization parameters and reaction conditions (temperature,
pressure) [17]. Although the model attempted to improve yield predictions through linear
regression, it overlooked key variables such as feed ratios, metal loadings, and surface
properties, making the output incomplete and prone to statistical errors. While conceptually
novel, this approach risks excluding high-performing catalysts that fall outside predefined

statistical clusters, limiting its applicability for comprehensive catalyst screening.
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To overcome these limitations, recent advances in ML-assisted catalyst design have
emphasized the importance of thorough data preprocessing, dimensionality reduction, and
robust model validation. Techniques like principal component analysis (PCA) often reduce
redundancy and ensure that input features are orthogonal and informative. Cross-validation
methods, such as k-fold validation, assess model generalizability and help prevent overfitting.
Furthermore, integrating domain knowledge, such as mechanistic insights and structure-
property relationships, into ML pipelines has significantly enhanced model interpretability and
reliability [13].

These modern ML frameworks are increasingly capable of predicting multiple catalytic
outputs, such as CO2 conversion, methanol selectivity, CO selectivity, and methanol yield-
using a single unified model. Such multi-output modeling offers a more realistic representation
of catalytic behaviour under variable process conditions. Feature selection techniques are also
applied to identify the most influential catalyst descriptors, allowing researchers to focus on

tuning critical parameters during catalyst design [13].

In summary, machine learning offers a powerful complement to experimental methodologies
in catalyst research. When appropriately designed and validated, ML models can accelerate the
discovery of high-performance Cu-based catalysts for CO, hydrogenation, provide valuable
insights into key structure-performance relationships, and enable more targeted, cost-effective
experimental strategies. However, their predictive power is greatly enhanced with a clear
mechanistic understanding of reaction pathways, active site structures, and surface chemistry.
Integrating ML with mechanistic insights derived from spectroscopy, microscopy, and
computational modeling ensures that predictions are statistically robust and chemically
meaningful. The following section further discusses the fundamental reaction pathways and
surface mechanisms governing CO> hydrogenation to methanol, thereby strengthening this

understanding.

2.3.3 Reaction Pathways and Mechanisms in CO2 Hydrogenation to Methanol

The catalytic hydrogenation of CO2 to methanol is a complex reaction system involving
multiple competitive and parallel pathways, diverse intermediate species, and intricate surface
interactions. Investigating the fundamental reaction mechanism is essential for rational catalyst
design and kinetic modeling, particularly for Cu-based systems, where both metallic Cu® and

partially oxidized Cu" species contribute to activity.
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2.3.3.1 Nature of Active Sites

Despite more than a century of research, the precise nature of the active sites responsible for
catalysis remains debatable [128,129]. Several studies have proposed that Cu” species serve as
the primary active centers for methanol formation, while others correlated catalytic activity
more directly with surface metallic (Cu®) [130]. Investigations on single-crystal surfaces, such
as Cu (100), Cu (110), and polycrystalline films predominantly exposing the Cu (111) facet,
have provided compelling evidence that metallic Cu plays a crucial role in facilitating hydrogen

activation and hydrogenation reactions [71].

Accordingly, most kinetic models assume Cu (111) as the representative reactive surface,
owing to its thermodynamic stability and preferential exposure under reducing conditions.
Moreover, experimental kinetic rates obtained on polycrystalline copper, primarily
characterized by the Cu (111) surface, also show close agreement with those of industrial

Cu/ZnO catalysts [71].

However, this view has been challenged by reports describing the coexistence of Cu® and Cu”.
Chinchen et al. [130] revealed that optimal catalytic performance arises from synergistic
Cu®/Cu” interfacial sites, which enable CO; adsorption and activation on Cu* while promoting
hydrogen dissociation and hydrogenation on Cu°. This synergistic redox behaviour enhances
the formation of formate and methoxy intermediates, which are central to methanol synthesis.
To clarify the role of these intermediates and their site-specific formation pathways, the key

surface intermediates and their associated active sites are listed in Table 2.2.

Table 2.2. Key surface intermediates and their associated active sites in the CO; hydrogenation to methanol

process.
Intermediate Species Role in Mechanism Associated Active Site/Catalyst Feature
- ) o Cu" sites, Cu-ZnO interface, oxygen
CO: (adsorbed) Initial adsorption and activation )
vacancies
Key intermediate in the formate . .
HCOO (Formate)* Stabilized on Cu*™ and Cu-ZnO interface
pathway
Hydrogenated intermediates (route- ] )
H>2COO/HCOOH Cu'/basic oxide supports (e.g., ZrO,, MgO)
dependent)
CH:0 Common intermediate in multiple
Cu® surfaces (e.g., Cu(111))
(Formaldehyde)* pathways
CH30 (Methoxy)* Precursor to methanol Cu®, Cu®-ZnO interface
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CH3;0H Final product Desorbs from Cu® or Cu’ sites

Formed via RWGS; may re-enter o
CO* Cu® surface; competitive pathway
the methanol route

HO* Co-product; influences surface Desorbs or interacts with support (e.g.,
2
coverage ALOs, Zr0O»)

In addition to the oxidation state, the metal-support interface, particularly Cu-ZnO, has also
been identified as a key structural motif for methanol synthesis. Studies by Behrens et al. using
operando spectroscopy and high-resolution microscopy revealed that a strong Cu-ZnO
interaction, especially in catalysts derived from zincian malachite precursors, generates highly
dispersed Cu sites and stabilizes reaction intermediates through oxygen vacancies and dynamic

ZnO species [25,131].

Furthermore, modern in-situ and operando techniques, such as X-ray absorption spectroscopy
(XAS), ambient-pressure XPS, DRIFTS, and HAADF-STEM, have provided deeper insights
into the dynamic nature of active sites. These studies demonstrate that the surface structure of
Cu undergoes changes under reaction conditions, and the active phase may not correspond to
a static oxidation state, but rather to a dynamic ensemble of species maintained by the chemical

potential of the gas-phase reactants [26,131-133].

Recent computational studies, particularly DFT simulations, support this evolving perspective,
showing that formate binding is generally more favourable on partially oxidized Cu" sites,
whereas methoxy desorption is energetically favoured on the metallic Cu® surface. This dual-
site  functionality underpins the high activity of industrial Cu-ZnO-based -catalysts
[25,71,73,74,88,105].

In summary, while the exact nature of the active site is still debatable, the current agreement

points toward a multifunctional active environment involving:

e Metallic Cu® surfaces (primarily Cu (111)),
e Cu%Cu" redox pairs, and

e Cu-ZnO or Cu-oxide interfaces enriched with oxygen vacancies and basic sites.

This ensemble collectively governs CO» adsorption, activation, and subsequent hydrogenation
steps, stabilizing key intermediates such as formate (HCOO*) and methoxy (CH3O%*)
[29,73,74,105,134-136].
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Various investigations have sought to decode the mechanism of CO:> hydrogenation on
heterogeneous Cu-based catalysts; however, a universally accepted pathway remains elusive
due to the complexity of parallel and competing reactions. The overall reaction for methanol

formation;
CO,+3H,= CH;0H + H,0, AHysoc =—49.5 kJmol™! 2.1

is exothermic and is accompanied by competing reactions such as the reverse water-gas shift
(RWGS) and CO hydrogenation, which introduce mechanistic complexity. Consequently,

methanol synthesis may proceed via three interconnected mechanistic routes:

1. Direct CO> hydrogenation to methanol (via surface-bound intermediates),
2. RWGS followed by CO hydrogenation, and
3. Direct CO hydrogenation (especially when CO is formed in situ).

The formate route is most widely accepted among proposed pathways for CO; hydrogenation
to methanol. In this mechanism, CO; is first activated (often at Cu” or interfacial sites) to form
a surface formate (HCOO*), which then hydrogenates through intermediates such as
formaldehyde (CH20O*) and methoxy (CH30%), ultimately yielding methanol. Experimental
studies, such as DRIFTS and TPD, have consistently confirmed the presence of formate and

methoxy species, underscoring their mechanistic relevance [110,133,135,137].

2.3.3.2 Mechanistic Overview: Competing Pathways in CO; Hydrogenation

Complementing this general understanding, Yang et al. (2010) [138] combined experimental
and theoretical studies over Cu (111), Cu nanoclusters, and Cu/ZnO (0001) surfaces,
demonstrating that Cuz9 nanoclusters supported on ZnO (0001) exhibited higher activity than
the planar Cu (111) surface. DFT calculations revealed that the reaction proceeds via a formate
pathway (HCOO* — H,COO* — H,CO* — H3;CO%*), with the hydrogenation of formate
(HCOO*) and dioxymethylene (H2COO¥*) identified as the rate-determining step. They also
observed that CO formation occurs via RWGS, noting that on metallic Cu, CO hydrogenation
to methanol is kinetically unfavourable due to unstable formyl (HCO*) species, suggesting that

suitable promoters are required to stabilize this intermediate.

Grabow and Mavrikakis (2011) [71] extended this understanding through a comprehensive

microkinetic model coupled with DFT calculations over the Cu (111) surface. They confirmed
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that formate forms directly from CO; without the involvement of carbonate (CO3*)
intermediates, and that methanol proceeds through HCOO*, HCOOH*, CH30,*, CH,O*, and
CH;0%* species. CO generated from RWGS was shown to further hydrogenate to methanol
through the formyl (HCO¥*) intermediate and CH20*, CH30%*, and CH3OH* species. The rate-
limiting step for both formate and CO pathways is methoxy (CH30*) formation or
hydrogenation, depending on the COR ratios in the feed.

e Role of Cu Surface, Oxidation State, and the Influence of Water

Zhao et al. (2011) [73] investigated the methanol synthesis pathway using periodic DFT
calculations on Cu (111) to identify key elementary steps via the dimer method. Their study
revealed that direct hydrogenation of formate species is kinetically unfavourable due to high
activation barriers. However, in the presence of water, CO2 hydrogenation proceeds more
favourably through a distinct water-assisted pathway involving intermediates such as COOH*,
COH*, COHOH*, HCOH*, H,COH*, and H;COH?*, facilitated by a unique hydrogen transfer
mechanism. Water thus acts as a co-catalyst, lowering the activation barrier and providing new

insights into reaction mechanisms beyond those observed spectroscopically in surface species.

Behrens et al. (2012) [25] laid foundational insights by employing advanced operando
characterization techniques and DFT calculations to investigate the active sites on industrial
Cu/ZnO/ALLO; catalysts. They established that methanol formation occurs at the Cu-ZnO
interface, where metallic Cu facilitates H> dissociation and ZnO stabilizes key intermediates
such as formate and methoxy species. They highlighted the dynamic redox interplay between

Cu®/Cu" as central to CO; activation and selective methanol production.

e Interface Engineering and Support-Driven Pathways

Studt et al. (2015) [64] further advanced the mechanistic understanding by combining DFT
calculations and microkinetic modeling to investigate both CO, and CO hydrogenation
pathways over various Cu surfaces. They concluded that CO, hydrogenation predominantly
proceeds via the formate pathway, involving intermediates such as HCOO*, H.COO*, CH,0O%*,
and CH30*, while the CO route follows an efficient path through the formyl (HCO%)
intermediate, previously described by Grabow et al. (2011) [71]. Methoxy (CH30*) was
confirmed as the common intermediate in both routes, with its hydrogenation being rate-

limiting under typical industrial conditions. The Cu-ZnO interface was reaffirmed as the active
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center for CO> activation, and their model demonstrated that direct CO hydrogenation
(originating from CO formed via RWGS) becomes significant at high CO partial pressures,

effectively bridging both carbon-source pathways.

Kattel et al. (2016) [105] investigated how oxide supports, such as ZrO> and TiO., influence
the reaction pathway. Using a combination of density functional theory (DFT), kinetic Monte
Carlo (KMC) simulations, in-situ DRIFTS, and steady-state reactor studies, they found that
these oxide supports favour a RWGS + CO hydrogenation mechanism over the direct formate
route. CO2 adsorption occurs at the Cu-ZrO: interface, forming bent CO; and carboxyl
(HOCO¥*) intermediates, yielding CO that hydrogenates to methoxy and methanol. Although
formate species are spectroscopically abundant, KMC simulations indicate that they act mainly
as spectators due to their thermodynamic stability. ZrO; exhibited superior activity compared
to TiO, as reduced Zr** centers optimized the binding of CO2*, CO*, and HCO* species. This
work highlights how combining theory and experiments helps clarify reaction mechanisms and

guide better catalyst design.

Building on this, Wang and Kattel (2019) [88] extended these insights to ternary Cu-ZnO-ZrO>
(CZZ) catalytic systems. In-situ DRIFTS and DFT calculations confirmed that the reaction
proceeds via the formate pathway, with ZnO-ZrO: interfaces acting as key active sites for CO:
adsorption and intermediate stabilization. Compared to binary systems, ZnO-ZrO> showed
superior ability for activating CO-, while Cu facilitated H> dissociation. This study highlights
the importance of optimizing the interactions between ZnO and ZrO; for enhancing catalytic

activity.

Studt et al. (2019) [139] conducted a DFT study using a Cu nanowire model supported on
tetragonal ZrO>(101), representing the Cu-Zr interface. Adsorption-energy calculations
indicated a stronger binding of key intermediates (HCOO*, H,COO*, H,COOH*, and H;CO%¥)
at Zr-supported Cu sites compared to unsupported Cu (111) and Cu (211) surfaces,
underscoring the beneficial role of metal-oxide contact. The adsorption energies were found to
scale linearly with those of O and OH species, consistent with general trends observed for

transition-metal catalysts.

e  Multi-Component and Synergistic Catalysts
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The mechanistic complexity increases for multi-component systems that integrate multiple
oxides. Dharmalingam et al. (2023) [29] investigated Cu/ZnO/ZrO2/Al,O3 catalysts using
DFT-based microkinetic modeling and in-situ DRIFTS. Their reaction pathway analysis
revealed that methanol formation proceeds mainly via the formate pathway near the reactor
inlet, whereas the CO hydrogenation via the carboxyl route becomes more significant in
downstream regions. Although DFT results suggested CO, adsorption at the Cu-ZrO; interface,
the validated microkinetic model identified the Cu-ZnO interface as the primary reaction center
in driving methanol synthesis. This cooperative interplay between interfaces enhances
intermediate stabilization and hydrogenation kinetics, explaining the superior performance of

these multi-component systems for future catalyst design and process optimization.

Fernandez-Villanueva et al. (2024) [136] investigated Cu-MgO-Al>Os3 catalysts, highlighting
the synergistic effect between Cu’ species and water. The combined experimental and
theoretical approaches revealed that the coexistence of Cu’/Cu®, in conjunction with water,
facilitated the formation of surface formate and methoxy intermediates, thereby enhancing
methanol selectivity. This work reiterated the importance of dynamic redox behaviour and

surface hydroxyl groups in modulating CO; activation, reaction intermediates, and kinetics.

Liu et al. (2025) [135] provided further mechanistic insights into Zr-modified Cu/ZnO/Al>,0O3
catalysts. Both experimental and DFT calculations confirmed that Zr incorporation enhances
Cu dispersion, strengthens CO> adsorption, and lowers the activation barrier for methanol
synthesis. The improved performance arises from a greater abundance of oxygen vacancies and
stabilized formate and methoxy intermediates, showcasing the benefits of multi-component

systems in tailoring reaction energetics and interfacial chemistry.

e Mechanistic synthesis and transition to Kinetic modeling

Cumulative evidence from both early and recent studies consistently identifies the formate
(HCOO¥*) pathway as the dominant route for methanol synthesis over Cu-based catalysts, with
methoxy (CH3O*) hydrogenation often serving as a key rate-limiting step. However,
complementary roles of CO-assisted hydrogenation, water-mediated pathways, and multi-
component synergistic effects demonstrate that the reaction mechanism is susceptible to

catalyst composition, structure, and operating conditions [71,140,141].
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The reaction mechanism and the active-site chemistry are intrinsically coupled [25,64,142],
requiring a holistic approach that integrates the electronic structure of the catalyst surface, the
nature of the metal-support interface, and the dynamic behaviour of intermediates under
reaction conditions. Such an integrated perspective is crucial for rational catalyst design, with
an optimized Cu®/Cu’ ratio, tunable oxygen vacancies, and tailored surface properties, to

maximize methanol selectivity and yield [140,141].

Building on this reaction mechanism foundation, kinetic modeling provides a quantitative
framework to link active-site chemistry and reaction pathways to measurable reaction rates. In
methanol synthesis, identifying the dominant carbon source (CO» vs. CO) and accounting for
competing pathways such as RWGS are essential for accurate rate expressions. However,
despite these mechanistic insights, significant uncertainty still surrounds the true origin of the
carbon atom in methanol. Determining whether methanol primarily forms via direct CO>
hydrogenation, through CO formed by the RWGS reaction, or by a combination of both,

remains a central question that kinetic modeling seeks to resolve [143—-147].

The following section discusses the evolution of kinetic models, including the Langmuir-
Hinshelwood-Hougen-Watson (LHHW) and power-law formulations, examines their
underlying assumptions, and explores their applicability to various catalyst systems and

operating conditions.

2.3.4 Kinetic Modeling

Many early kinetic models considered CO hydrogenation as the primary pathway to methanol,
while CO2 was considered kinetically inert or only indirectly involved via RWGS (e.g., Klier
et al., 1982 [148]). These models are generally designed based on experimental data obtained
at CO-rich feed compositions, where CO» hydrogenation was found to be negligible. However,
isotopic labeling experiments and studies using high-purity CO, feeds revealed that, under
typical industrial feed gas ratios, methanol formation mainly occurs via CO; hydrogenation

(Graaf et al., 1988 [149]; Van den Bussche & Froment, 1996 [70]; Behrens et al., 2012 [25]).

The roles of CO and CO:> in methanol formation are strongly dependent on the feed
composition, catalyst formulation, and operating conditions. Kunkes et al. (2014) [64] reported
that ZnO and ZrO» promoted Cu catalysts favor CO; hydrogenation even in the presence of

CO. In contrast, Villa et al. (1995) [150] found measurable CO hydrogenation rates under CO-
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rich conditions. Similarly, the inevitable formation of CO (via RWGS reaction) has been
identified as a significantly competitive reaction in CO»-rich feeds, influencing both CO
selectivity and methanol formation rates (Askgaard et al., 1995 [151]; Grabow & Mavrikakis,
2011 [71]).

Due to this ongoing uncertainty, numerous kinetic models have been developed based on
different assumptions regarding the origin of carbon, mechanistic pathways, and the
inclusion/exclusion of competitive reversible reactions, such as RWGS. These models can be
broadly classified into four categories [143] (Figure 2.6): Category I considers both CO> and
CO as carbon sources and explicitly includes RWGS (Graaf et al., 1988 [149]; Seidel et al.,
2018 [152]); Category II models include both hydrogenation routes but neglect RWGS (Klier
et al., 1982 [148]); Category III focuses solely on CO; hydrogenation (Askgaard et al., 1995
[151]; Skrzypek et al., 1991 [153]; Van den Bussche & Froment, 1996 [70]); whereas Category
IV synthesize methanol exclusively from CO hydrogenation (Villa et al., 1985 [150]).

I I

CcO Co,

Figure 2.6. Illustration of the four elementary methanol synthesis pathways (I-1V), showing the hydrogenation of

CO; and CO and the reverse transformations among these species.

Kinetic modeling of CO; hydrogenation to methanol has evolved through nearly four decades
of research, reflecting both advances in mechanistic understanding and the growing complexity
of catalytic systems. Despite differences in mathematical treatment, most studies converge on
the Langmuir-Hinshelwood-Hougen-Watson (LHHW) framework, which provides a
physically meaningful description of surface adsorption, surface reaction, and desorption steps

over Cu-based catalysts. The gradual progression from early single-site to multi-site and
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microkinetic models illustrates an apparent effort to reconcile laboratory-scale observations

with industrially relevant conditions.

Table 2.3 provides an outline of key kinetic studies reported in the literature for CO-
hydrogenation to methanol over Cu-based catalysts, summarizing their modeling approaches,
underlying assumptions, and mechanistic treatment. The following section systematically
evaluates these model categories, discusses their theoretical foundations, and assesses their

applicability to modern Cu-based catalytic systems.

Table 2.3. Overview of literature-reported kinetic models describing CO» hydrogenation to methanol on Cu-based

catalytic systems.

Kinetic Expression

Principal Catalyst Carbon
Reference )
and Mechanism (CO: > CH;OH) Source
Cu/ZnO/AlL, 03 kKCO2<pCO2pI3_I/22_pC:;,/(ZZZZzO) co,
Graaf et al. [149] Ha o
K
(Dual Site) (1+ Kcopco+ Kco,pco,) P}f;+%razo ominant
Hyp
ZnO/Al 1 \[PCH30HPH,0
Bussche & Froment CuZnO/ALO; kKH,PC02PH |1~ (Keq1)< p;Ozp?-Izz ) CO,
3
KH,0 PH,0 .
[70] (Single Site) [(1+ <K3K921(H2)<ﬁ>+ /K,y + KHzosz()) ] dominant

LHHW with CO & CO; on distinct Cu sites; CO & CO»
Kubota et al. [154] Cu/ZnO/A1,03/Zr0O;

~48 RDS mixed
Cu/ZnO/Al,03 372 fcH30HSfH,0
kKco,| feo, f3/?—LEH30H Ha0 CO & CO;
Park et al. [155] COZ( 02z T, .
(Triple Site) (1+ Kco, fc0,) [1+ K2 fa 2+ Kngo  Hy0] mixed
CU/ZI'IO/A1203 kCOZfCOsz?IéZ 1_( D 1 >(fCH30H);H20)] COo & C02
Slothoom et al. [143] “poo, M)\ Tcozli o
2
(Triple Site) |Cetro 327+ rp0p0F y0+ Fonson) | e
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Cu/ZnO/ZrO; k1<pcozp3/z_ w)

Hy p;:I/ZZKqu CO,
Assaf et al. [137] domi
K
(Dual Site) (1+ Kcopco+ Kco,Pco,) P111/22+ %IJHZO ominant
Hyp
Cw/ZnO/ALO; kabco,| Peo,py/?— CCHIOHTH20
P 2K3 CO;
Portha et al. [145] domi
b
(Dual Site) (1+ bcoPco+ bco,Pco,) IP:I/22+ %PHZO ominant
Hz
3/2_fcHzoHTH 0
. . CU/ZHO/A12O3 leC()Z(fCOZfHZ f13-1/22KeqC02 ) CO & CO2
Bisotti et al. [146] ed
K
(Dual Site) (1+ Kcofco+ Kco,fco,) f1;£2+ K’i?ffyzo fxe
Hy
Cu/Ce0,/Z10; klbc"z(pcozp’l"g' %) CO & CO
2 2
Angelo et al. [144] b .
(Dual Site) (1+bcopco+ beo,Pco,) |PRiy+ \/IZZJPHZO mixed
Hy
DFT-based microkinetic model; no single CO,
Varghese et al. [29]  Cu/ZnO/ZrO»/Al;0; ]
closed-form dominant
Cu/ZnO/A1203 P
. kCH30Hb(;o2<PCO2PH2— 7P2CH3OH HZO) CO & C02
Kouzehli et al. [156] P, KeqcH30H ‘
Dual Si (1+bco,Pcoy+ /PH,PH,+ PcoPco+ bHZOPHZO)Z mixed
(Dual Site)
Facet-dependent LHHW with parameters CO & CO,
Varghese et al. [28] Cu/ZnOy

varying by facet mixed

The foundational models by Graafet al. (1988) [149] and Vanden Bussche and Froment
(1996) [70] form the cornerstone of modern kinetic descriptions. Graaf et al. proposed a dual-
site LHHW model in which CO; and CO competitively adsorb on one type of site while H, and
H>O compete on another. The model assumes dissociative adsorption of hydrogen and neglects

methanol adsorption, successfully describing both CO> and CO hydrogenation routes as well
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as their inhibition by products. It captured the thermodynamic coupling between methanol
synthesis and the reverse water-gas shift (RWGS) reaction and has since served as a benchmark
for numerous later studies. In contrast, Vanden Bussche and Froment (1996) developed a
single-site LHHW model assuming CO; as the only carbon source, with methanol formed
exclusively via COz hydrogenation and RWGS treated as a side reaction. This simplification
provided excellent predictive stability and thermodynamic consistency, making it highly

applicable for process-scale reactor design, particularly when CO;-rich feeds are predominant.

Following these seminal contributions, later researchers sought to refine the mechanistic
picture and expand model applicability to wider operating windows, promoting catalyst
systems. Kubota et al. (2001) [154] derived kinetic equations for Cu/ZnO-based catalysts by
integrating mechanistic hypotheses with extensive plant-scale data, demonstrating that such
rate laws could reliably guide reactor design and scale-up. These efforts reinforced the practical

utility of LHHW-type kinetics when parameterized correctly in industrial conditions.

Building upon the dual-site foundation, Park et al. (2014) [155] introduced a three-site
adsorption mechanism, distinguishing between sites for CO2, CO, and hydrogen species. This
formulation allowed a more detailed representation of parallel reaction channels and better
captured product selectivity trends. Seidel et al. [152] later expanded this mechanistic
framework, but the increased complexity prompted Slotboom et al. (2020) [143] to simplify it
substantially, reducing parameter redundancy while maintaining fidelity to the experimental
data. Their streamlined model reverted to a CO>-dominant pathway but retained flexibility to
describe the RWGS reaction. This refinement marked an important balance between

mechanistic realism and practical regression capability.

Complementary studies have explored how promoters and support influence apparent kinetics
and mechanistic routes. Assaf et al. (2021) [137] proposed a dual-site LHHW model for
Cu/ZnO/ZrO; catalysts, emphasizing how ZrO> polymorphism alters adsorption and activation
behaviour. Their model incorporated both CO; and CO routes and quantitatively linked
structural promotion to methanol selectivity. Similarly, Portha et al. (2017) [145] applied the
Graaf framework to Cu/ZnO/Al,O3 and Cu/ZnO/ZrO; catalysts under high-pressure CO-
hydrogenation. They confirmed that ZrO:-enhanced catalysts yield improved methanol
selectivity due to stronger CO: adsorption and higher interfacial stability, demonstrating that

support composition must be explicitly considered in kinetic parameterization.
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At the industrial scale, Bisotti et al. (2021) [146] extended LHHW-type models into empirical
reactor-level correlations, using plant data to predict conversion and selectivity under complex
recycle conditions. Although largely phenomenological, such correlations emphasize
predictive control and process optimization rather than microkinetic interpretation. In a similar
effort toward thermodynamic consistency, Kouzehli et al. (2024) [156] developed a robust
LHHW expression that incorporates the competitive adsorption of CO», H», and H>O. Their
model reproduced experimental data with high accuracy and identified surface formate species

as inhibitory intermediates, in line with spectroscopic evidence.

The role of promoter oxides and active interfaces has become increasingly central in recent
kinetic analyses. Angelo et al. (2022) [144] systematically compared single-, dual-, and three-
site LHHW models for CuO/Ce0O./ZrO> mixed oxide catalysts, revealing that oxygen vacancies
and Ce/Zr synergy significantly modify adsorption energetics and the rate-determining steps.
Their work demonstrated that kinetic constants extracted from classical models must be
reinterpreted when redox-active supports participate in the activation of CO,. Similarly,
Assaf’s and Portha’s findings corroborate that the inclusion of promoter-dependent terms or
additional active-site types is necessary to represent the kinetics of these multifunctional

systems accurately.

With the increasing use of computational insights, hybrid models have begun to bridge
macroscopic kinetics with atomic-scale mechanisms. Varghese et al. (2023) [29] integrated
DFT-based microkinetic modeling with reactor data for Cu/ZnO/ZrO,/AlO3 catalysts,
explicitly accounting for the interfacial contributions of Cu-ZnO and Cu-ZrO». Their results
showed that methanol primarily forms via the formate pathway near the reactor inlet, while
CO-assisted hydrogenation gains significance downstream, explaining the composition-
dependent switching between routes. A subsequent study by the same group introduced facet-
dependent LHHW formulations, which map surface-specific energetics (Cu (111), steps, and
nanoclusters) into kinetic parameters, thereby connecting catalyst morphology to macroscopic

rates and selectivity.

The collective progression of kinetic models, from the dual-site formulation of Graaf to modern
hybrid microkinetic and DFT-assisted approaches, reveals a consistent trend: methanol
formation cannot be universally described by a single mechanistic route or carbon-source

assumption. Under CO»-rich feeds, methanol synthesis proceeds primarily through CO>
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hydrogenation via formate and methoxy intermediates. In contrast, at higher temperatures or
CO-rich conditions, the RWGS reaction, followed by CO hydrogenation, becomes increasingly
significant. The apparent kinetics are thus strongly governed by feed composition, catalyst
morphology, active-site distribution, and promoter chemistry, all of which reshape adsorption

equilibria and reaction energetics.

Over time, kinetic modeling of CO; hydrogenation to methanol has evolved from empirical
rate equations toward mechanistically informed, thermodynamically consistent frameworks
that bridge surface chemistry and reactor-scale behaviour. Modern LHHW-based schemes now
capture the interplay between Cu®Cu’ redox sites, metal-oxide interfaces, and key reaction
intermediates, offering a more unified understanding of the process. Yet, despite these
advances, no single kinetic model can fully represent all catalyst systems or operating regimes,
highlighting the necessity for system-specific parameterization that reflects both structural

characteristics and process conditions.

Ultimately, mechanistic and kinetic insights achieve practical value only when coupled with
reactor engineering strategies that can translate molecular-scale understanding into process-
scale performance. The design of suitable reactor systems, capable of managing the strong
exothermicity, equilibrium constraints, and catalyst stability issues inherent to CO:
hydrogenation, is therefore pivotal to realizing efficient and scalable methanol synthesis. These

reactor considerations are discussed in the following section.

2.3.5 Reactor Aspects

The translation of molecular-level insights into process-scale performance is ultimately
governed by the choice and design of reactors [32,70]. Methanol synthesis from CO»/H>
mixtures poses distinct challenges due to the strongly exothermic nature of the reaction (AHzsc
~ -90.7 kJ/mol) coupled with thermodynamic equilibrium constraints [3]. Unlike combustion
reactions, which benefit from high temperatures, methanol synthesis requires moderate
temperatures (220-280 °C) and elevated pressures (50-100 bar) to achieve appreciable yields
[4,32,68,157]. This necessitates reactor concepts that can simultaneously (i) remove the
substantial heat of reaction, (ii) prevent catalyst deactivation by sintering or carbon deposition,

(ii1) recycle unreacted gases, and (iv) maintain high per-pass and overall conversions [8,32,68].

48



Historically, methanol was produced from syngas with a high CO content; however, the
increasing emphasis on CO; utilization has led to feedstocks with higher CO2/H; ratios [4].
This shift accentuates equilibrium limitations and increases the importance of reactor
engineering. Industrially, three main reactor concepts have been commercialized: tubular
boiling-water reactors, quench reactors, and multi-bed adiabatic reactors with interstage

cooling [8,22].

1. Tubular boiling-water reactors (BWRs)

One of the earliest and most widely deployed designs, the Lurgi process employs tubular
reactors containing catalyst-filled tubes immersed in a boiling water jacket. Heat released from
methanol synthesis is absorbed by water at saturation conditions, providing nearly isothermal
operation. The boiling water also serves as a utility to generate medium-pressure steam,
enhancing process integration. By adjusting the pressure of the boiling water, stable operating
temperatures are maintained across long campaigns, minimizing the risk of catalyst

overheating and sintering.

The BWR offers excellent thermal control and high productivity; however, its complexity lies
in the large number of tubes (often exceeding 10,000) and the substantial investment required
for pressure-resistant shells and heat exchange infrastructure. Mechanical stresses resulting
from differential thermal expansion, fouling, and pressure drop issues further increase capital
and maintenance costs. Despite these challenges, BWRs remain the benchmark for large-scale
methanol synthesis owing to their robustness and proven lifetime of 4-6 years for

Cu/ZnO/ALOs catalysts [8,22,63,158].
2. Quench reactors

ICI (now Johnson Matthey) developed a quench reactor design to simplify construction, where
the reaction proceeds in a series of adiabatic catalyst beds separated by cold gas injection. Each
bed operates adiabatically, with the hot effluent cooled by mixing with fresh or recycled cold

feed before entering the next bed. This avoids the need for complex tube bundles and jackets.

While easier to construct and operate, quench reactors have inherent disadvantages. The
injection of quench gas dilutes the reactant mixture, lowering the driving force for reaction and
reducing per-pass conversion. Additionally, incomplete utilization of the catalyst bed may

occur due to localized hot spots. Such drawbacks reduce overall efficiency for CO:
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hydrogenation, where equilibrium conversion is already limited. Consequently, quench
reactors are less common today in new installations but remain in operation in older plants

[8,22,63].
3. Multi-bed adiabatic reactors with interstage cooling

The Kellogg and Haldor-Topsoe processes adopted an intermediate approach: multi-bed
adiabatic reactors with external heat exchangers between catalyst beds. Here, the reaction
mixture is passed through one adiabatic bed, cooled in an intercooler, and then fed to the next
bed. This design reduces gas dilution compared to quench reactors while maintaining better

temperature control than a single adiabatic unit.

Mechanical innovations, such as spherical reactor vessels, have been employed to minimize
stress at high pressures and reduce pressure drop across beds. These reactors strike a balance
between heat removal, catalyst utilization, and operating simplicity, making them widely

adopted in modern methanol plants [8,22,63].
4. Recycle strategies and equilibrium control

Regardless of reactor type, per-pass CO> conversion is typically limited (<20% under standard
conditions) due to equilibrium. Industrial practice, therefore, relies on high recycle ratios, with
unconverted CO2, H», and CO separated from the crude methanol product and returned to the
reactor inlet. This recycle loop boosts overall yield and stabilizes reactor operation by diluting
the reactant mixture and moderating temperature rise. Advanced gas separation units, often
based on cryogenic or pressure-swing adsorption, are employed to optimize the recycle

composition [8,22,63,159,160].
5. Emerging reactor concepts for CO:z hydrogenation

In the context of CO»-based methanol synthesis, conventional syngas reactors face limitations.

To overcome these, several advanced designs have been investigated:

e Membrane reactors: The integration of Pd- or zeolite-based membranes enables the
selective removal of products (e.g., methanol or water) during the reaction, thereby
shifting the equilibrium and increasing the per-pass conversion. Studies by Gallucci et

al. and others have demonstrated significant improvements in CO> conversion, but
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challenges include membrane stability under high pressures, cost, and scalability
[8,22,63,161].

e Structured reactors: Monoliths, microchannel reactors, and coated foams provide
enhanced heat and mass transfer, enabling better temperature control and reduced hot
spots. These designs are attractive for small-scale or modular methanol plants powered
by renewable H». Coating uniformity, long-term adhesion, and scalability remain active
areas of research [162—164].

e Slurry-phase reactors: Gas-liquid-solid systems, where finely dispersed Cu-based
catalysts are suspended in an inert oil, offer highly effective heat management due to
excellent liquid-phase heat transfer. However, challenges with catalyst separation,
attrition, and oil stability have limited their industrial adoption [8,59,75,165-168].

e Process intensification strategies: Coupling methanol synthesis with in-situ CO:
capture (sorption-enhanced synthesis) or RWGS integration has been proposed to
improve yields further, although these approaches are primarily at the lab or pilot scale

[22].

Overall, reactor engineering in methanol synthesis involves striking a balance among heat
management, equilibrium control, and long-term catalyst stability. While boiling-water
reactors remain the industrial standard for large-scale operation, multi-bed adiabatic designs
provide simpler and cost-effective alternatives. For CO2 hydrogenation, equilibrium limitations
and more substantial heat effects make conventional designs less efficient, driving interest in

membrane-assisted, structured, and slurry-phase concepts [22].

Future reactor development is expected to focus on (i) integration with renewable hydrogen
production, (i) modular and flexible reactor concepts for distributed methanol plants, and (iii)
hybrid configurations that combine conventional designs with process intensification
strategies. Thus, while catalyst innovation defines intrinsic activity and selectivity, reactor
design ultimately determines whether CO2 hydrogenation to methanol can be implemented at

a commercial scale in a sustainable and economically viable manner.

2.4 Summary

This chapter critically reviewed the scientific foundations of CO2 hydrogenation to methanol,

covering sustainable hydrogen production, Cu-based catalytic systems, precursor-guided
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synthesis, reaction mechanisms, kinetic modeling, and reactor aspects. The evolution of Cu-
based binary and ternary catalysts was discussed with emphasis on the decisive role of
hydroxycarbonate precursors, oxide promoters, metal dispersion, oxygen vacancies, and metal-

support interactions in governing catalytic performance, selectivity, and stability.

Recent advances in machine learning-assisted catalyst design further demonstrated the growing
role of data-driven strategies in accelerating catalyst development and performance prediction.
Mechanistic studies revealed the dominance of formate- and CO-mediated pathways, which
are strongly influenced by the Cu surface state, water, and the effects of support-driven and
multi-component synergistic interactions. Kinetic and reactor studies further demonstrated the

importance of linking intrinsic reaction behaviour with practical process conditions.

Overall, this literature review establishes that precursor chemistry, promoter engineering,
defect modulation, and metal-support synergy are the key determinants of high-performance
CO»-to-methanol catalysis, while also revealing the need for fully integrated studies that link
precursor structure, reaction mechanism, intrinsic kinetics, and reactor performance. These
insights directly motivate the research gaps and objectives defined in the subsequent sections
of this chapter and form the scientific basis for the machine learning, experimental, and kinetic

studies presented in this thesis.

2.5 Research gaps and motivation

1. Lack of standardized catalyst data and experimental validation limits reliable ML-based
catalyst design for methanol synthesis.

2. There is a limited understanding of how high Mg incorporation in Cu-based catalysts
influences catalytic performance in CO> hydrogenation to methanol.

3. The role of ZnO-ZrO; synergy in tuning active sites and enhancing methanol
productivity over ball-milled Cu-based catalysts is not well established.

4. Validated kinetic models integrating mechanistic and experimental insights for CO>

hydrogenation over Cu/ZnO/ZrO; remain scarce.

2.6 Research Objectives

This work integrates machine learning-guided catalyst design with experimental studies on Cu-

based precursor development and promoter incorporation, advancing to mechanistic
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understanding through reaction intermediate analysis and kinetic modeling of CO»

hydrogenation to methanol. The specific chapter-wise objectives are as follows-

1. To develop and validate an ML model for methanol synthesis catalysts using curated
literature data and experimental results from in-house synthesized catalysts.

2. To evaluate Cu/MgO catalysts with high Mg content for CO> hydrogenation and
correlate their performance with key physicochemical properties.

3. To evaluate mechano-chemically synthesized Cu/ZnO/ZrO; catalysts and investigate
how ZnO-ZrO» synergy influences activity in CO> hydrogenation to methanol.

4. To construct and validate a comprehensive Langmuir-Hinshelwood-Hougen-Watson
kinetic model incorporating experimental data and intermediate species behaviour for

methanol synthesis.

53



Chapter 3 Material and Methods

This chapter contains excerpts from the following publications.

1. Aakash Bhardwaj®, Akshdeep S. Ahluwalia®, K.K. Pant, Sreedevi Upadhyayula®, “A
principal component analysis assisted machine learning modeling and validation of
methanol formation over Cu-based catalysts in direct CO> hydrogenation”, Separation
and Purification Technology, Volume 324, 1 November 2023, 124576.

2. Aakash Bhardwaj*', Meenakshi Pokhriyal”’l , Vaibhav Pandey”, Kamal Kishore Pant®,
Sreedevi Upadhyayula®®, “Enhanced Methanol Formation over Cu/MgO catalyst
derived from Mg-Rich Active Hydroxycarbonate Precursor”, ACS Appl. Energy Mater.
2024, 7, 12, 5163-5178.

3.1 Overview

This chapter outlines the integrated methodology employed in this study, which combines
machine learning, experimental synthesis, computational modeling, and kinetic analysis to
develop and evaluate Cu-based catalysts for CO> hydrogenation to methanol. Machine learning
models were employed to construct data-driven predictive frameworks using both literature
and experimental datasets. Complementing the computational approach, a range of catalyst
materials was synthesized through hydrothermal, co-precipitation, impregnation, and
ultrasonication-assisted methods, followed by extensive physicochemical characterization and
catalytic performance testing. Density functional theory calculations provided molecular-level
insights into adsorption behaviour. The kinetic modeling component established mechanistic
rate expressions, incorporated reactor and transport considerations, and used parameter
estimation and validation procedures to ensure consistency between predicted and
experimental behaviour. Together, these methodologies form a cohesive framework that links
catalyst design, mechanistic understanding, and performance optimization in the CO--to-

methanol process.

3.2 Methodology for machine learning

The dataset comprises 227 points, capturing over 30 different kinds of unique formulations for
Cu-based catalysts, with 12 sets of binary and 18 sets of tertiary formulations. The input

parameters that were taken for building the non-linear regression models using machine
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learning algorithms are temperature, pressure, space velocity, BET area, metal dispersion, and
copper grain size. Although the other variables characterizing the physical conditions, like
CO»/H; ratio and other catalyst properties such as metal surface area, catalyst weight, and
copper weight percent, were collected, these turned out to be either not fit enough to be used
in a linearly independent capacity or were not exhaustively present for all the points. This work
evaluates the use of three algorithms, namely, Artificial Neural Networks (ANN), Support
Vector Regression (SVR), and Gaussian Process Regression (GPR). All the algorithms were
evaluated based on 10-fold cross-validation and then further tested on a dataset curated from
the laboratory for a ternary CZZ-C catalyst used in a fixed-bed reactor. The catalytic activity
tests of the laboratory-synthesized catalyst were evaluated with pure CO: using a high-pressure
fixed-bed tubular reactor with a temperature range of (200-250 °C), a pressure range of (20-40
bar), at constant space velocity (2600 ml/gcac.hr). Overall, the final model validation was
performed using 30 datasets derived from a ternary CZZ-C laboratory catalyst under varying

operating conditions, including temperature and pressure, at a constant space velocity [13].

The physical conditions, such as temperature and pressure, are essential for proceeding with
any reaction; their range depends on the reaction’s thermodynamics; therefore, they are the two
primary input parameters. Furthermore, the third parameter is space velocity, which quantifies
the incoming volumetric flow rate and directly impacts both catalytic activity and output. These
fairly accurately characterize the physical conditions [169]. To accurately capture the catalyst’s
fundamental insights, the three metrics being used are Brunauer-Emmett-Teller (BET) Surface
Area (m?/g), Metal Dispersion (%), and Copper Grain Size (nm). The BET area is determined
by the total surface area of a solid, which is measured by suspending a powdered analyte in an
inert gaseous bath and measuring the adsorption of gas molecules to the surface and its porous
structures. This explains the physical adsorption of gas molecules on a solid surface.
Moreover, Dispersion (Dcu) is an important concept in heterogeneous catalysis, as only atoms
exposed to the surface can participate in catalytic surface reactions. Finally, Copper grain size
(dcu) has been shown to have a positive effect on MeOH selectivity and yield, which is
attributed to the improved hydrolysis of methoxy to methanol (in the mechanism) by enhancing
the desorption and diffusion of water vapor [170]. The catalyst insights will significantly
depend on the support material used in combination with Cu-based catalysts. The proper

selection and implementation of the best-suited support are essential for enhancing catalytic
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properties and all those directly related to catalytic performance. The main reactions involved

during the catalysis process are given in Table 3.1.

Table 3.1. Reactions involved during the hydrogenation reaction of CO; to methanol.

Primary Reaction

CO, + 3H, = CH3;0H + H,0 AHysoc = —49.5 kJmol™! Methanol Synthesis

Side Reactions

CO, + H, = CO + H,0 AHyzoc = 41.2 kJmol™? (Reverse Water-gas Shift
Reaction)

CO + 2H, = CH3;0H AHygoc = —90.6 kjmol™?! Methanol Synthesis

CO, + 4H, = CH, + 2H,0 AH,goc = —165.0 kjmol™! Methanation

CO + 3H, = CH, + H,0 AHysoc = —201.1 kJmol ™t Methanation

Although another important parameter is the metal surface area (Scu), as its increase allows
more reactants to reach the catalyst atoms/molecules, thus increasing the number of
“collisions” and resulting in a faster rate. Nevertheless, it is intercoupled with dispersion. Metal
surface area is more widely characterized than dispersion; however, dispersion better serves
the purpose of being used as the input. The two are mathematically derived from Equations
(3.1) and (3.2), respectively [171], wherever the dispersion value was not reported during

dataset collection, it was estimated by interlinking the two.

2ny,x N

Scu = ey (M8 (3.1
Dy = 2228 4 100% (3.2)

where N is Avogadro’s constant (6.02*10%* atoms mol™!), and My is the relative atomic mass
(63.546 g mol™!). ny, is the molar number of consumed H». W is the weight of the catalyst and
X is the composition of Cu (wt.%), and 1.4*10'? is the number of copper atoms per square
meter.

Furthermore, at times, the average pore diameter (dcu) was also evaluated in

conjunction with pore volume and BET surface area [172], as per Equation (3.3).

4 PV

dey =

SBET

(3.3)
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Regarding the dataset’s outlook, several statistical metrics are reported in Table 3.2 and Table
3.3. Additionally, for visualization, Principal Component Analysis (PCA) is employed to
generate 2-dimensional score plots for the dataset; the testing data is also projected onto the
same space to assess where the points fall [76].

For any given dataset, PCA attempts to transform the original space of the variables to the
space characterized by the maximum possible variance that can be captured. The algorithm for
a standardized dataset usually first evaluates the covariance matrix for the data and
subsequently derives the eigenvectors (vis) and corresponding eigenvalues (A{s) such that

Ivill*=

1. Sorting and clubbing the eigenvectors based on the maximum eigenvalues yields a
matrix P, called the projection matrix. The transformation of the data into the new space is

represented using a scores matrix S and input dataset D, calculated as;
S =D*P (3.4)

The projection matrix, also sometimes referred to as the loadings, when plotted, helps evaluate
the contribution of variables in creating the principal components that comprise the new space.
With the projection matrix P known, it can help project any new dataset onto the same space;

for example, for dataset T, the scores Y for its transformation could be evaluated as;
Y =T*P (3.5)

The methodology was used to project the laboratory data into the space of the collected dataset
from the literature survey. Four outputs were chosen to characterize the reaction output
appropriately and, therefore, to be regressed: CO2 Conversion (%), Methanol Selectivity (%),
CO selectivity (%), and Methanol space-time yield (STY) (mmolmeon/geat.hr) were collected,

each being an essential and independent output for the reaction.

3.2.1 Machine Learning Models

3.2.1.1 Neural Network Model

A feedforward artificial neural network (ANN) was employed to develop a nonlinear
regression model that simultaneously predicts multiple catalytic performance indicators. The
model consisted of six input parameters and four output parameters, representing the key
physicochemical and operational variables influencing methanol synthesis. A representative 3-

layer ANN architecture with one hidden layer is illustrated in Figure 3.1. The ANN model was
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trained using a standard supervised learning approach, in which network weights and biases
were iteratively updated to minimize the prediction error between the measured and predicted
outputs. Instead of using specialized learning algorithms such as Levenberg-Marquardt,
Bayesian regularization, or scaled conjugate gradient, the network was trained using a
conventional backpropagation optimization framework with typical gradient-based weight
updates. This choice aligns with establishing a generalizable and easy-to-implement ANN

model without introducing algorithm-specific complexity [124,125].

The development of a single multi-output ANN model was preferred over constructing separate
individual networks for each output. A combined model captures the interdependence among
outputs, such as the interplay between CO> conversion, methanol selectivity, and by-product
formation, and therefore better reflects the real catalytic system, where these properties are not
independent of each other. In contrast, individual-output models may overlook these intrinsic
correlations and can diverge substantially from real reactor behaviour. To ensure robust
performance evaluation, the ANN was assessed using a 10-fold cross-validation procedure.
The model’s predictive capability was quantified using the average mean squared error (MSE),
and corresponding R? values for each output were computed for every fold and subsequently
averaged. These statistical indicators collectively confirmed that the joint multi-output ANN

provided superior predictive reliability compared to individually trained models.

Temperature (°C) —

H 0
Pressure (bar) Tmm—) mmmm)  CO, Conversion (%)

Methanol Selectivity (%
Space Velocity (mLgg h~1) m) m—) ethanol Selectivity (%)

Copper grain Size (nm) H—) mmmm)  CO Selectivity (%)
BET area (m%/g) mmmm—m)p ; Methanol Space Time Yield
(mmulmethanulggea:hr-])
Dispersion (%) m—)
Input Layer Hidden Output Layer

Layer

Figure 3.1. lllustrative ANN regression model.

The interesting feature of our model assessment is that the number of neurons in the hidden
layer is not fixed and is evaluated for the optimal number between 1 and 20 for each fold. Then,

based on the average number of optimum neurons of each fold, an estimate for that algorithm
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was obtained, as depicted in Figure 3.2. While evaluating the optimum for a particular fold,

MSE values on the corresponding test set were used.

Optimum

1 10 20
Number of Hidden Ncurons

Figure 3.2. General scheme to calculate the optimum number of neurons in the hidden layer.

The activation function used when passing from the input to the hidden layer was a sigmoid
function, resulting in an output response in the range [0, 1]. The activation function used to get
output from the hidden layer is the Linear activation (ReLU) function. The ANN and
subsequent modeling were performed in MATLAB R2021a using the appropriate packages.

There are four kinds of network weights in the model:

The input-to-hidden layer weights: w! (No. of hidden units x 6; matrix)
The hidden-to-output layer weights: w? (No. of hidden units x 4; matrix)
The input-to-hidden layer bias: b' (No. of hidden units x 1)

El o

The hidden-to-output layer bias: b? (4x1)

Hence, the total associated weights in the final model can be evaluated by adding the above,
leading to (number of hidden units x 11 + 4) total weights. For the sensitivity analysis for the
ANN, Garson’s method [173] has been used to measure the influence of variables on the
response. This method utilizes the connection weights of the neural network, as specified in

Equation (3.6).

= (3.6)
o me wih
oy 4 Emoa (%)x who,
z:k=1 |ka|
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. th .
where Ij refers to the relative importance of the ]t input variable on the response, ‘w’ represents
the neural network weights, and N; and N, refer to the numbers of input and hidden neurons,

respectively. The superscripts ‘i’, ‘h’, and ‘0’ denote input, hidden, and output layers, and the

subscripts ‘k’, ‘m’, and ‘n’ are related to input, hidden, and output neurons, respectively.

3.2.1.2 Support Vector Machine Regression

The Support Vector Machine (SVM) utilizes kernels to expand the feature space in a specific
manner. Unlike other generic regression methods, it provides us the flexibility to define how
much error is acceptable in our model and identifies an appropriate line (or hyperplane in higher
dimensions) to fit the data. Here, we highlight the mathematics for a linear regression SVM

problem and then extend it to non-linear [174].

For a multivariate training data set, x, of N observations and observed response values ya. Our

objective is to find the linear function:
fx) =x'B+Db (3.7)

For (x) to be formulated, the convex optimization problem that is to be minimized is:

JB) = 5B'B (3.8)

Subject to the residuals having a value less than €, called the error margin. In mathematical

terms, it’d be written as:
vn:ly, —f(x)| < ¢ (3.9)

The epsilon (¢) can be tuned to get the desired accuracy for the model. But as a matter of fact,
no such function might exist to satisfy the constraints for all points. In that case, a necessity
arises to introduce so-called slack variables &;, for each point in our objective function. That

denotes the deviation from the margin for the values that fall outside the error margin.

Thus, the objective function is modified as follows:

J(B) = BB+ CIL, & (3.10)
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Subject to,
vn: |y, — fx)] < e+ ] (3.11)

The non-linear form is written with the help of the non-linear kernel function, G(x;, x). The
kernel, in general, involves the use of inner products. The inner product of two r-vectors is

defined as (a,b) = }}j_; a;b;. Thus, the inner product of two observations X; and Xy, is given

by (xi, Xy} = ZJP=1 XjjXjj-
The function, in this case, is written as:
f(X) = {1=1 Bi G(Xi,X) + b (312)

Thus, it is a powerful algorithm that allows us to adjust our tolerance for errors by defining an
acceptable error margin (&) and also tweaking our tolerance for exceeding that acceptable error
rate. In this study, we have employed both Gaussian and polynomial functions of order up to 3
to test their performance and select the best one for model assessment. Higher-order
polynomials were not used, as their inclusion would have significantly increased the
computational expense without yielding a substantial improvement in the model’s
performance. The dataset was randomly split into an 80% training set and a 20% testing set
while selecting the optimum kernel function. After this, complete regression was evaluated
based on average metrics of 10-fold cross-validation. The general scheme used for SVM

regression is shown in Figure 3.3.

Dataset

Normalization

Figure 3.3. Scheme for Support Vector Regression Evaluation.
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3.2.1.3 Gaussian Process Regression

This regression model is based on nonparametric kernel-based probabilistic models. These
models have found widespread usage in machine learning applications due to the flexibility of
their representations and built-in uncertainty metrics for predictions. Multivariate normal
distribution, kernels, nonparametric models, and joint and conditional probability are the
fundamental ideas on which a Gaussian process is based. Considering the training
set {(xi,yi);i=1,2,....,n}, where x,€R% and yi€R, drawn from an unknown distribution. A GPR
model addresses the question of predicting the value of a response variable ynew. The regression
function modelled by a multi-variate gaussian is as- P(f'| X) = N(f | u, K), where X =[x, . . .,
Xal, f=[f(x1), ..., f(Xn)], 0 = [m( x1), . .., m( xn)] and Kjj = k(xi, xj). The two variables, m
and k, stand for the mean function and a positive definite kernel function, respectively. When
there are no observations, the mean function is set to m(X) = 0, given that the data is often
normalized to a zero mean [175]. A distribution over functions with a shape (smoothness)
determined by K is the Gaussian process model. The trained model can also calculate prediction

intervals, as a GPR model is probabilistic. The regression is of the form,
y=x"B+e (3.13)

where e~N(0,6?). The error variance, 62, and the coefficients, B, are estimated from the data.
In this work, the ‘fitrgp’ function was used in MATLAB to estimate the basis function
coefficients, B, the noise variance, 6%, and the hyperparameters with the help of the ‘Optimize

Hyperparameters’ argument. The general scheme used is illustrated in Figure 3.4.

Splitting into 10
Basis folds Kernel

Function Scale

Kernel
Function

Figure 3.4. The general scheme used for model assessment for Gaussian Process Regression (GPR).
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3.3 Experimental Methods

The experimental work performed for this research is represented in three separate sections.
These sections contain: catalyst synthesis, characterization techniques, and catalyst activity in

a high-pressure fixed-bed reactor system (Figure 3.5).

* Binary Catalysts

Catalyst * Ternary Catalysts
Synthesis

« XRD, BET, FTIR, ICP-MS, FESEM, HRTEM, N,O h
Chemisorption
Sl * TGA, UV-DRS, H,-TPR, H,-TPD, CO,-TPD, XPS, DRIFTS,
Characterization EPR
J
~
* Fixed-bed reactor for catalyst activity
@il © Gas Chromatography for product evaluation
Tests )

Figure 3.5. Discrete sections of experimental work.

3.3.1 Catalyst Synthesis

The carbon conversion and methanol selectivity over the Cu-Zn-based catalyst remain low,
facing significant challenges such as difficulties in obtaining a single-phase pure precursor,
weak SMSI, low creation of oxygen vacancies, and catalyst stability issues. Keeping the
challenges in mind and aiming to capture all the possible properties of the best catalyst, the
ultimate goal is to synthesize a catalyst that achieves the highest catalytic performance with
enhanced catalytic stability. This is achieved by introducing novel catalyst precursor methods
which enhance active and defect sites in the binary and ternary catalysts such as Cu/MgO,
Cu/Zn0O, Cu/ZnO/ZrO>, Based on literature and preliminary experiments, Cu is chosen as an
active metal for all the catalyst synthesized and partially reducible oxide (MgO, ZnO, ZrO)
are chosen as support materials for the final catalysts to be selected for study. Several strategies
of catalyst synthesis have been employed in the dissertation for CO> hydrogenation reaction
i.e. (1) synthesis of ((Cu,Mg)2(OH).CO3) precursors using hydrothermal method, (2) synthesis
of Cu/MgO catalysts using conventional co-precipitation and impregnation method, (3)
synthesis of Cu-Zn hydroxycarbonate precursor with zirconium oxide support, (4) synthesis of

CuO-ZnO-ZrO; catalyst by simultaneous co-precipitation followed by ultrasonication, (5)
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synthesis of CuO-ZnO-ZrO, catalyst by conventional co-precipitation followed by
ultrasonication.
Elaborated catalyst synthesis materials and methodologies are described in subsequent

sections.

3.3.1.1 Materials used to synthesize all Cu/MgO-based catalysts used in Chapter 5

Cu(NO3)2.3H20 (Merck> 99%), Mg(NO3)2.6H20 (Thomas baker, 99%), ammonium carbonate
solution (Merck, 99 %), and deionized water (resistivity > 18.2 MQ).

3.3.1.2 Methodologies adopted to synthesize all Cu/MgO-based catalysts used in Chapter 5
e Synthesis of ((Cu,Mg)2(OH)2C03) precursors using hydrothermal method

All the reactants and reagents employed in this study were of analytical grade and were used
as purchased. For the synthesis of the Cu/MgO catalyst, the first step is to synthesize a hydroxy
carbonate precursor equivalent to mecguinnessite using a hydrothermal route for the synthesis
of 50 at.% Mg (i.e., nominal Cu: Mg =1:1) substituted precursor, 0.5194 g (2.15 mmol) of
Cu(NO3)2.3H20 was dissolved in a minimum amount of deionized water, and to this solution,
0.5518 g (2.15 mmol) of Mg(NO3),.6H20 was added under stirring. After the complete
dissolution of the salts, 60 ml of 0.1 M ammonium carbonate solution was added slowly to the
metal solution (pH 7.0). The resulting precursor suspension, exhibiting a dense cyan color, was
then transferred to a 100 ml Teflon-lined stainless-steel autoclave and maintained at 150°C for
16 hours. The solid product was collected using vacuum separation, washed with copious
amounts of deionized water, and dried overnight at 60°C. The precursor obtained (CM50) was
subjected to various characterization techniques and then calcined at 350°C and 400°C for 3 hr
individually in static air. Other samples with different Mg substitutions (0%, 12.5%, 25.0%,
and 37.5%) were also prepared using the above recipe by adjusting the molar concentrations
of Cu and Mg salts. The samples are labeled as CM0O, CM12.5, CM25, and CM37.5,
representing 0%, 12.5%, 25%, and 37.5% atomic percent (at. %) of Mg-substituted precursor

samples, respectively [14].
e Catalyst preparation by co-precipitation and wet impregnation

For the co-precipitation route to synthesize the Cu-Mg hydroxycarbonate precursor, the

procedure was adapted directly from the literature [93,176]. Cu/Mg (1.0 M) nitrate solutions
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and a Na,COs solution (1.6 M) were used as the precipitating agent, and the mixture was
precipitated at a constant pH of 9.0. The variation in the Cu to Mg ratio was done by altering
the weight of the individuals. The final catalyst obtained was calcined at 400°C (2°C /min) for
3 hr (CM-CP).

The Cu/MgO catalyst with equimolar Cu and Mg was prepared via the wet impregnation
method, as adapted from the preparation by Kleiber et al [177]. Firstly, the 4MgCO3.Mg(OH)s.
4H,0 (BDH, 98%) was taken and calcined at 550°C for 2 h. The calcined MgO (1 g) was then
impregnated with 100 ml aqueous solution of 0.25 M Cu(NO3),. 3H20 with continuous stirring
for two hours. The blue precipitate was filtered and washed with copious amounts of water,
then dried overnight at 60°C in an oven. The dried powder was further calcined in the muftle

furnace at 400°C for 3 h to obtain the final catalyst (CM-IMP).

3.3.1.3 Materials used to synthesize all Cu/ZnO-based catalysts used in Chapter 6

Copper hydroxycarbonate (CDH, 99%)), zinc carbonate (CDH, 99%), Cu(NO3).. 3H20 (Merck,
99%), Zn(NO3),. 6H,0 (CDH, 99%), ZrO(NO3)>. xH20O (CDH, 99%), Na,COs3 (Merck, 99%),
acetone (SRL, 99%), and deionized water (resistivity > 18.2 MQ).

3.3.1.4 Methodologies adopted to synthesize CZ and CZZ catalysts used in Chapter 6
e Synthesis of Cu-Zn hydroxycarbonate precursor with zirconium oxide support

The copper hydroxycarbonate and zinc carbonate precursors were used in a specific ratio on a
metal basis (2.33:1) in powder form as the starting material for synthesis. A high-energy
planetary ball mill (Retsch, PM 100) was used for the mechanochemical wet ball milling and
ion-exchange of metal precursors in an acetone medium under ambient atmospheric conditions
at a constant rotational speed of 500 rpm. The size reduction and ion-exchange of metal
precursors were done with zirconia balls (2mm and 3mm) in a zirconia-lined stainless steel
vessel with a feed-to-ball ratio of 1:15. The precursors with a time variation of 3-12 hr were
synthesized, dried at 80°C for 12 hr, and simultaneously checked with X-Ray diffraction
technique for phase purity. No significant change in precursor phases was noticed after 9 hr of
milling. The as-prepared Cu-Zn phase pure precursor (zincian malachite) was then thermally
treated at 350°C for 4 hours under a static atmosphere, and the obtained catalyst sample was
denoted as CZ-MCBM-C. To study the effect of a weakly hydrophilic material, zirconium, a
similar synthesis procedure was adopted by mixing the previously prepared CZ-MCBM
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precursor with the nitrate salt of zirconia (Zirconyl oxynitrate) and milling for an additional 3
hours to attain the zirconia-supported Cu-Zn precursor. The prepared catalyst precursor was
then recovered with solvent, and the mill was cleaned. It was then subjected to drying in a hot
air oven at 80°C for 12 hours prior to thermal treatment (calcination) in static air at 350°C for

4 hours. The final catalyst obtained after calcination was termed CZZ-MCBM-C.

e Synthesis of Cu-ZnO-ZrO: catalyst by simultaneous co-precipitation followed by

ultrasonication.

The Cu-ZnO-ZrO; catalyst was synthesized via simultaneous precipitation, followed by
ultrasonication, to enhance metal dispersion on the support surface. Cu(NO3),. 3H>O,
Zn(NO3)2. 6H20, and ZrO(NOs).. xH20 was taken in a molar composition of (56/24/20) and
by maintaining the molar ratio of (2.33:1) for Cu/Zn. The metal nitrate salts stated above were
dissolved in 250 ml of deionized water. The metal nitrate salt solution and 1.0 M Na>COs3 basic
solution were simultaneously added to a 500 ml beaker under vigorous stirring at a bath
temperature of 60°C, while maintaining a pH of around 8-8.5. The mixture was then subjected
to ultrasonication for 30 min in an ultrasonication bath (machine specifications). The
precipitant was then left to age for 6-8 hours to attain the desired phase-pure precursor. The
solid product was then collected after multiple washings and vacuum filtration with a sufficient
amount of deionized water, and dried overnight at 80°C. The product obtained (CZZ-SPUSI-
P) was subjected to a phase purity check by X-ray diffraction technique. The precursor obtained
was then calcined at 350°C for 4 hr in a static atmosphere and denoted as CZZ-SPUSI-C.

e Synthesis of Cu-ZnO-ZrO: catalyst by conventional co-precipitation followed by

ultrasonication.

The Cu-ZnO-ZrO, catalyst was synthesized via conventional co-precipitation, followed by
ultrasonication to enhance metal dispersion on the support surface. Cu(NOs).. 3H2O,
Zn(NO3)2. 6H>0, and ZrO(NOs)>. xH20O was taken in a molar composition of (56/24/20) and
by maintaining the molar ratio of (2.33:1) for Cu/Zn. The metal nitrate salts stated above were
dissolved in 250 ml of deionized water. After the complete mixing of nitrate salts, a 1.0 M
NaxCOs solution was slowly added under vigorous stirring at a bath temperature of 60°C, while
maintaining the pH at around 8-8.5. The mixture was then subjected to ultrasonication for 30

min in an ultrasonication bath (machine specifications). The precipitant was then left to age for
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6-8 hours to attain the desired phase-pure precursor. The solid product was then collected after
multiple washings and vacuum filtration with a sufficient amount of deionized water, and dried
overnight at 80°C. The product obtained (CZZ-CPUSI-P) was subjected to a phase purity check
by X-ray diffraction technique. The precursor obtained was then calcined at 350°C for 4 hours

in a static atmosphere and denoted as CZZ-CPUSI-C.

3.3.2 Catalyst Characterization Techniques

Extensive catalyst characterizations were executed for a complete series of in-house
synthesized catalyst matrices (Cu, Mg, Zn, and Zr) using several cutting-edge characterization

techniques (Figure 3.6). The detailed procedure for each analysis is provided below.

Catalyst Characterization Techuipaes

92%

Figure 3.6. Schematic diagram of catalyst characterization techniques during this work.

The powder X-ray diffraction (PXRD) data of the Cu/MgO catalyst samples were collected
using a Rigaku Miniflex 600 equipped with a CuKa (A= 0.15418 nm) source generated at
40 kV/15 mA. Each catalyst sample was scanned over a 20 range of 10° to 80° at a speed of
4°/min and a step size of 0.02°. The crystallite sizes of CuO and Cu phases were estimated
from the reflections of CuO (///) and Cu (/1) planes by Scherrer’s Equation
[6,13,14,94,98,178].

The Fourier Transform Infrared (FTIR) analysis was performed using a Thermo Fisher Nicolet
IS-50 spectrometer in transmittance mode, with a wavenumber range of 400-4000 cm™. The
pellet was prepared with a dried, finely ground catalyst and potassium bromide (KBr) powder

[13,14].
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The model SDT650 simultaneous DSC-TGA instrument was used to test the thermal stability
of the catalyst sample using Thermal Gravimetric Analysis (TGA), with a temperature range

from ambient to 1000°C under zero air flow at a rate of 100 ml/min [13,14].

An Agilent (Cary-4000) spectrometer equipped with an integrating sphere attachment was used
to record the ultraviolet diffuse reflectance spectrum (UV-DRS) with a step-size of 0.2 nm in

the range of 200-800 nm with BaSOs as the reference sample [14].

A Microtrac BELSORB MAX II surface area analyzer was used to study the textural properties
of the catalyst samples, i.e., BET Surface area from the Multipoint BET method, pore volume,
pore size distribution, and mean pore diameter from the Barrett-Joyner-Halenda (BJH) method.
Before characterization, the catalyst samples were heated and degassed under vacuum at 200°C

for 12-16 hours [13,14,94,98,178].

An Agilent 7900 ICP-MS with UHMI technology instrument was used to determine the
chemical composition of the catalyst sample. An aqua regia mixture of HCl and HNOs3 (3:1 by

volume) was used to digest 100 mg of the catalyst sample, which was then diluted with Milli-
Q water for analysis [6,13,14,94,98,178].

Field-emission scanning electron microscopy (FESEM) and energy-dispersive spectroscopy
(EDS) analysis were used to gather surface topographical information and surface elemental
data using a JEOL JSM-7800F Prime microscope with an accelerating voltage of 10 kV.
Elemental distribution can be determined by mapping using the exact spectrophotometer. The
finely ground powdered catalyst sample was charged on aluminium pin flat stubs, and then

gold sputtering was done to prepare the sample for analysis [6,13,14,94,98,178].

High-resolution transmission electron microscopy (HRTEM) techniques were used to
characterize surface morphological changes, including shape, pore size, average particle size,
and particle size distribution. The HRTEM images were recorded on the FEI Tecnai TF20
microscope, with a maximum accelerating voltage of 200 kV and an FEG source. For the
HRTEM analysis, the catalyst samples were dispersed in 99.99% pure ethanol and then
mounted onto a carbon-containing copper grid, which was allowed to dry under a lamp

[6,13,14,94,98,178].
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The Electron Paramagnetic Resonance (EPR) data of the samples were recorded on an Electron
Paramagnetic Resonance spectrometer (Bruker A300-9.5/12/S/W), with a working frequency
0f 9.78 GHz at room temperature [14].

A temperature-programmed reduction (H>-TPR) chemisorption technique was employed to
investigate the reduction behaviour using the Chem BET Pulsar instrument. A calcined catalyst
sample (50 mg) was used to create a catalyst bed in a quartz reactor, and the temperature was
raised to 300°C at a rate of 10°C/min under a He gas flow for the physical and chemical removal
of adsorbed water. The furnace was cooled to room temperature under an inert He gas flow.
The furnace temperature was again raised to 600°C using a ramp of 10°C/min under a 5 vol.%
H»/Ar mixture flow of 50 ml/min, and the total H, was quantitatively monitored by a thermal
conductivity detector (TCD). To determine the active surface area (SAcy) and metal dispersion
(Dcu), the N2O chemisorption technique was used. The first step reduction profile was recorded
during an earlier TPR run to reduce CuO and obtain metallic Cu, which was then exposed to a
N20 gas flow for 30-45 minutes to completely oxidize the exposed surface Cu atoms to Cuz0.
The sample was then cooled to room temperature under an inert He atmosphere. The second
step reduction profile was then recorded with a similar Ho/Ar composition to reduce the Cu,O
again, thereby obtaining Cu metal by raising the temperature to 600°C at a rate of 10°C/min.
Based on the amount of H> consumed during the reduction steps, SAcu and Dcy were calculated,
assuming that Cu crystallites are spherical [6,13,14,94,98,178].

The active copper surface area (SAcu), copper metal dispersion (Dcu), and Cu particle size were

calculated based on the formula given in Equations (3.14-3.16).

Sy () = [10% (Mol Hy) (SFY(NA)I/[(SDcu) (W) (3.14)
Dy (%) = [10*(Mol H,)(SF) (At. wt. Cu)]/(Wey) (3.15)
d, = 6M/DpoN, (3.16)

where SAcu = active copper surface area, D = Dcu = copper metal dispersion, dp= copper
particle size, Mol H> = amount of H, consumed per gm catalyst (mol Ho/gcat), Stoichiometric
factor (SF) = 2, Avogadro’s number (Na) = 6.022%10%, Copper surface density (SDcy) =
1.46*10" atoms/m?, Catalyst Cu content (Wcy) determined from ICP-MS analysis (wt%),
Atomic weight of Cu = molecular weight (M) of Cu = 63.546 g/mol, Cu metal density (p) =

8.94 g/cm?, area occupied by a surface Cu atom (o) = 6.85 A%/atom.
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Temperature-programmed desorption (CO2-TPD) was used to determine the surface basicity
of the calcined catalyst sample with the same apparatus as for other chemisorption
characterization techniques. For the CO>-TPD analysis, a similar procedure was applied as in
other chemisorption techniques: helium gas flow, catalyst degassing at approximately 300°C,
followed by reduction of the H> gas flow, flushing, and cooling with inert helium gas to room
temperature. The surface of the catalyst sample was then completely saturated with pure CO>
flow rate (50 ml/min) at 50°C for 30-45 min and flushed with the He gas flow (50 ml/min) to
remove all the physically adsorbed molecules. The CO; Desorption profiles were recorded
from 50 to 700°C at a ramp rate of 10°C/min under continuous He gas flow

[6,13,14,94,98,178].

An AXIS SUPRA instrument equipped with an Al Ka X-ray emissive source, operating at
1488.6 eV, 12 kV, and 6 mA, was used to perform X-ray photoelectron spectroscopy (XPS).
The scans were performed over an energy range of 0-1200 eV, with a step size of 1 eV. The C
Ls peak was used to correct the XPS spectra at 284.8 eV, and then the electronic properties of
Cu 2p, Mg 2p, and O 1s were determined [14,94,98,178].

An Elementar Vario MACRO Cube was used to measure the elemental analysis of C in the
spent catalyst samples using a CHNS analyzer. The CHNS analyzer determined the carbon
percentage of the coke deposited on the catalyst surface during the CO> reduction reaction

[14,179].

In-situ DRIFTS (Diffuse reflectance infrared Fourier transform spectroscopy) experiments
were conducted to identify the reaction intermediates involved in the CO> hydrogenation to
methanol reaction. It is performed on a Nicolet-6700 FTIR spectrometer equipped with a liquid
nitrogen-cooled MCT detector (accumulates 64 scans at a resolution of 4 cm™) to draw the
reaction mechanism. The FTIR instrument, equipped with an additional DRIFTS cell fitted
with ZnSe windows, was used as the chamber for performing the experiments. Initially, the
catalyst samples were pretreated with N> gas at 300°C for 60 min to remove moisture and
physically adsorbed species, which were then reduced with a 10% Haz/Ar (30 ml/min) mixture
for 60 min. The temperature was then lowered to 50°C under a N> atmosphere, and 5% CO2/N»
(30 ml/min) was introduced into the cell and flowed for 30 min to saturate the catalyst surface.
The adsorbed COz spectra were then recorded at different intervals. The gases then changed to

COo/H> with a feed gas ratio of 1:3 and maintained an overall flow (50 ml/min) with N> as
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balanced with temperature increased to 300°C at a ramp rate of 10°C/min. The in-situ DRIFTS
spectra were recorded at an interval of 50°C during temperature-programmed processes from

50 to 300°C [14].

3.3.3 Catalytic Activity Tests Setup

The catalytic activity tests were performed in a continuous high-pressure fixed-bed reactor
(Figure 3.7) over a temperature range of 200-260°C, a pressure range of 20-40 bar, and a
WHSYV range of 2600-10400 ml/gcat.hr to study the effect of process parameters. The calcined
catalyst sample was fine ground, pelletized, crushed, and sieved to obtain the desired 40-60
mesh size. The catalyst sample of 3.0 g diluted with SiC beads in a 1:3 weight ratio was loaded
into a reactor of 12.7 mm ID and length 400 mm with a thermocouple in the middle of the
catalyst bed to sense the actual bed temperature. The in-situ reduction of the catalyst samples
was performed at 300°C for 2 hours in a pure H» stream at 100 ml/min under atmospheric
pressure prior to the catalytic activity test. The reactor was flushed with N> and cooled to the
desired operating temperature. The gas mixture with the feed composition (H2:CO2 = 3:1) was

then introduced into the reactor to achieve the desired operating pressure [13,14].

MFC: Mass Flow Controller
TC: Temperature Controller
PI: Pressure Indicator

TI: Temperature Indicator

PMH: Pre-mixture-heater

BPR: Back Pressure Reactor

SRV: Safety Relief valve

Data Collection System

SRV

BPR

COLD)
Vent ]

Liquid products

Chiller

Figure 3.7. Schematic diagram of the high-pressure fixed-bed tubular reactor setup with an inline gas analyzer.

After attaining a steady state, the products were analyzed using an online Gas

Chromatography (GC 5800, Centurion) equipped with molecular sieves and Porapak-Q packed
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columns. To introduce a consistent gas sample flow into the GC, a 0.5 mL stainless steel loop
was installed. TCD responds explicitly based on the difference in thermal conductivity between
the gas sample and the carrier gas passing through the detector. Herein, the inorganic gas
products (CO2, Hz, N2, CO) were analyzed by TCD. FID works on the principle of ionization
of organic compounds that burn in a hydrogen-oxygen flame. In this work, organic gas products
(CH30H and CHa4) were analyzed using an FID [13,14]. Detailed, analytical, and optimized

conditions for both detectors are given in Table 3.2.

Table 3.2. Optimized analytical conditions for the GC-5800 model.

Apparatus GC-TCD GC-FID

Loop Volume 0.5 mL 0.5 mL

Column Molecular Sieve Porapak-Q

Gas carrier & Flow rate Argon, 56 psi (30 mL/min) Argon, 56 psi (30 mL/min)
Oven Temperature 60°C (5 min), 15°C/min to 220°C, 60°C (5 min), 15°C/min to 220°C,
220°C (3 min) 220°C (3 min)

Detector Temp 220°C 220°C

H: flow rate -- 30 ml/min

Air flow rate -- 60 ml/min

Based on the obtained GC data, the overall carbon balance was performed to calculate the CO»
conversion, CH30H selectivity, CO selectivity, and CH30H space-time yield for the CO-

hydrogenation to methanol.

The Equations (3.17-3.19) applied for the calculation were as follows:

(Moles of CO3)in—(Moles of COy)out
(Moles of CO3)in

€O, Conversion, (X¢o,, %) = x 100 (3.17)

Desired Product Moles

Selectivity (%) = x 100 (3.18)

Total Products Moles Formed

CO; Conversion X MeOH Selectivity X Fco, inMMeoH

Methanol STY = (3.19)

Weat X Molar Volume

where (moles of COz)in and (moles of CO2)out are the number of moles at the inlet and outlet of

the reactor, MeOH Selectivity- Methanol Selectivity, F¢o, , - volumetric feed flow rate of CO2

at STP in (ml/min), Mmeon- Molecular weight of methanol (32.04 g/mol), W is the weight of
catalyst (g), Molar volume-22400 ml/mol. After unit conversion and calculation, the final unit

of Methanol STY is expressed as (mgmeon/gcat.hr) [14].
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3.4 DFT Computational details

The first principles DFT calculations of the catalyst precursor were performed using the well-
tested CASTEP code [180—-183]. The geometry optimization of malachite ((Cux(OH)2CO3)
structure having monoclinic space group P2,/a with lattice parameters, a =3.240 A, b=11.974
A, ¢ =9502 A, and B = 98.75° was performed using the ultrasoft pseudopotentials
[181,182,184], periodic boundary conditions, k-point sampling techniques, and BFGS scheme
[181,182]. The exchange-correlation potential function was described by the Local Density
Approximation (LDA) [181,182,185]. The computational parameters were given a maximum
energy cutoff set to 380 eV, SCF tolerance was 10 eV/atom, and the k-point Brillouin zone
was set to 3xX2%8. The convergence thresholds for the total energy change, maximum force,
stress, and displacement were 1x 107 eV/atom, 0.05 eV/A, 0.05 GPa, and 0.001 A, respectively
[181,182]. Following the same computational method and model, the optimized cell models
with different substitution of Mg at total of eight Cu positions were investigated: four Cu;
positions (labeled as 1,2,3,4) and four Cu; positions (labeled as 5,6,7,8) [181,182], as listed in
Figure 3.8. The total energy and relative formation energies of Mg-substituted malachite were

investigated.

DFT calculations for magnesium were performed using malachite as the initial
structure; the crystal belongs to a monoclinic symmetry (S.G. P 121/al) with the following
lattice parameters: a=9.502 A, b=11.974 A, c=3.240 A, and = 98.75° [182]. The malachite
structure suggests two different crystallographic copper atoms, 1.e., Cu; (labeled as 1, 2, 3, 4)
and Cu; (labeled as 5, 6, 7, 8) in the unit cell (Figure 3.8). Previous studies suggest that the
Cu2 site is more favourable for Zn and Mg substitution, providing stable structures [181,182].
Similar observations have been obtained here with various levels of Mg substitution (12.5%,

25%, 37.5%, and 50%) performed at the Cul and Cu2 sites of the malachite precursor.

The optimized relative formation energies (Er) for pure and magnesium-substituted

malachite structures were determined using the following Equation 3.20.

Er= (ETot, substituted T NEcu — ETot, pure — nEMg)/ n (320)

where Etot, pure, and ETot, substituted denote the total energies of pure malachite and Mg-substituted

malachite systems, respectively. Ecu and Ewmg are the energies of optimized single Cu and Mg
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atoms, respectively, and ‘n’ denotes the number of Mg substituted for Cu atoms in the

malachite lattice.

Figure 3.8. Most stable configurations of (Cu;.Mg.)>(OH),COj3 systems, (a) x = 0, (b) x = 0.125, (c) x = 0.25, (d)

x =10.375, and (e) x = 0.50. The orange, green, red, grey, and white colours represent Cu, Mg, O, C, and H atoms,

respectively.
3.5 Kinetic modelling and parameter fitting

3.5.1 Selection of a kinetic model framework

The intrinsic kinetics of CO; hydrogenation to methanol were modeled using Langmuir-
Hinshelwood-Hougen-Watson (LHHW) rate expressions, which explicitly represent
adsorption-desorption equilibria and surface reaction steps. Three model families from the
literature were implemented to identify the formulation that best describes the behaviour of the

CZZ-MCBM catalyst:
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Model A- Single-site two-reaction model

Vanden Bussche & Froment (1996) [70] - (CO2 — CH30H and RWGS)

Model B - Dual-site two-reaction model

(Graaf et al., 1988) [149] - (CO2 — CH;OH and RWGS)

Model C - Dual-site three-reaction model

(Graaf et al., 1988) [149] - (CO2 — CH;0H, RWGS, and CO — CH;OH)

The single-site LHHW model treats all species as adsorbing on a single type of active site and
contains 10 kinetic parameters. The dual-site LHHW models introduce two distinct surface
sites- CO2/CO adsorbs on one site (S1) while H»/H20O adsorbs on another site (S2). The two-
reaction model determines 10 kinetic parameters, while the three-reaction model determines
12 kinetic parameters. These models were initially discriminated based on their accuracy in
fitting the random experimental data collected in a laboratory-scaled plug flow reactor.

Realistic kinetic parameters were then estimated using a genetic algorithm [70,144,149].

3.5.2 Model assumptions and elementary reaction mechanisms

For completeness and mechanistic clarity, the elementary steps and assumptions used for each

model are provided below.

(A) Single-site two-reaction model - Vanden Bussche & Froment (1996) [70]

Assumptions

e (CO; and H; dissociatively adsorb on the same site.
e Formate hydrogenation is the RDS.

e (CO; adsorption participates in RDS.

Reaction Mechanism

e Ha(g)+2s=2H:s

e HO+s=HO:s

e COy+s=COzs

e COz2(g)+s=0's+CO(g) (RDS)
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e CO2+0O's+s=CO0;32s

e (CO;32s+H's=HCOs32s+s

e HCO;2s+s=HCO22s+O-s

e HCO;2s+H-s = H2CO2-2s + s (RDS)
e H>CO2-2s = HCO's+O-s

e HxCO's+H's=H3CO's+s

e H3CO's+ H:s = CH30H(g) + 2s

e Os+Hs=0OHs+s

e OH's+Hs=HOs+s

e HO's=HO(g) +s

(B) Dual-site two-reaction Graaf model (1988) [149]

Assumptions

e (CO,/CO adsorb on site S;
e Hy/H>O adsorb on site S»

e RDS = hydrogenation of formate species

Reaction Mechanism

Adsorption

e COy+s1=CO2s
e Hr+2sp=2H's,
e HO+sy=HOs

CO2 hydrogenation

e COzss1+H's2=HCOzs1+s2

e HCO;z's1+ H'sz & H2COzs1 + 52 (RDS)
e HCOz's1 +Hrsa = H3COz's1 + 52

e H3COz:s1+H'so = H2CO's1 + H2Os2
e H>CO:'si +H'so= H3CO-s1 + 52

e H3CO-s;+H-s;= CH30H + 51 + 52
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RWGS
o (COzs1+H-s22 HCOz's1 + 52
e HCO2's1 +H'so = CO-s; + H2O-s2 (RDS)
(C) Dual-site three-reaction Graaf model (1988) [149]

Assumptions

e (CO»/CO adsorb on site S; and H2/H>O adsorb on site S
e RDS = hydrogenation of formate species

e Additional RDS possibility: formate — dioxymethylene — methoxy

Reaction Mechanism

Adsorption

o COy+s1=CO0O;2s;
e Hr+2sp=2H's»
e HO+s;=HOs

CO2 hydrogenation

e COzs1+H'so2=HCOzs1+s2

e HCO;z's1+ H'sx & H2COzs1 + 52 (RDS)
e H2COz2's1 +H-s2 = H3COz2's1 + 52

e H3COz's1 + H'so= HxCO's1 + H2O-s2
e HxCO-si+H's2= H3COs1 + 52

e H3CO'si+H's;= CH30H +5s1 + 52

RWGS

e (COz's1+H'so = HCOz's1 +s2
e HCO2's1 +H's2 = CO-s; + H2O-s2 (RDS)

CO hydrogenation

e CO'sitH's;=HCO's; +s2
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e HCO-'si +H-'so= HxCO-s1 +s2
e H>CO-s;1 + H-so = H3CO-s1 + s2 (RDS)
e H3CO-'s;+H's;= CH3OH +s; +s2

3.5.3 Reactor Model and Assumptions

A one-dimensional plug flow reactor (PFR) model was employed to simulate the fixed-bed
catalytic reactor under differential conditions [70,149]. The following assumptions were

applied:

e [sothermal and isobaric operation.

e Negligible axial and radial dispersion.

e No catalyst deactivation during the experimental runs.
¢ Intrinsic kinetics free of transport limitations.

e Adsorption sites are uniform and independent.

3.5.4 Assessment of Transport Limitations

Intrinsic kinetic data must be free from diffusional artifacts. To ensure this, external and

internal mass transfer resistances were evaluated [70,95,144,146,147,149]:

e Mears Criterion (External mass transfer limitation)
(Cp) = 222222 (3.21)
m kC-CA,b ’
where 7, 1s the observed reaction rate (mol/g/s), Rp is the catalyst particle radius (m), k. is
the external mass transfer coefficient (m/s), and Cy4j is the bulk concentration of reactant A

(mol/m?).

e Weisz-Prater Criterion (Internal mass transfer limitation)

obs-R
(Cwp) = ;sll;_ef; (3.22)

where 7,4 is the observed reaction rate (mol/g/s), Rp is the catalyst particle radius (m), Desr

is the effective diffusivity inside catalyst pores (m?/s), and C is the reactant concentration at

the external surface of the catalyst (mol/m?).
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3.5.5 General Rate Law Formulation

Arrhenius form for rate constants
B; Eq;j
ki = Ajexp (ﬁ) = k;oexp (— R—T’) (3.23)

where k; is the rate constant, k;, is the pre-exponential factor, E, ; is the activation

energy, R is the universal gas constant, and T is the temperature (K).

Van’t Hoff form for adsorption constants
Bj ASgys i AHG 4 i
K; = Ajexp (é) = exp (%) exp (— %) (3.24)

where K; is the adsorption constant, ASg,, ; is the standard entropy, AHg, ; is the

enthalpy of adsorption, R is the universal gas constant, and T is the temperature (K).

Adsorption constants were estimated for CO,, CO, and H>O, as these species strongly influence

surface coverage.

Thermodynamic equilibrium constants

Kg = exp (-5 (3.25)

where AG? = AH? — TAS°
InKp = % (a1 + a;T + asT? + a,T3 + asT*+ agTInT)
A simplified version of the Equation for the temperature range 200-300°C is:
B
log,, Kp, = ?1 + B, (3.26)
where K, ;3]. is the equilibrium constant, B; and B, are the constants for that component,

T is the temperature (K).

Table 3.3. Thermodynamic equilibrium constant of all the reactions as a function of temperature (Adapted from

Graafet al. 1988 [149]).

Equilibrium constant Expression Units

3066
log1oKeq1=——

108eq1
Keql q T

—10.592 bar? with T in K
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logi0Keqz= — 207 4 2.029 Dimensionless with T in K
Kqu T

_ 5139 2 with T i
Kegs log0Keq3 . 12.629 bar” with T in K

3.5.6 Model-Specific Rate Expressions
Single-site two-reaction model - Vanden Bussche & Froment (1996)

e (CO:2 hydrogenation to methanol

kenzonKoKsKaKp,Dco,PH, [1_<1/Keq1)(pCH3 OHPH,0/Pco, P13-12)]

k (3.27)

Tco,— CH;0H =
2 3 Kn,0 PH,0
(1+( K8K9KH2)( /pH2)+\/KH2PH2+KHzoI?H20)

e RWGS reaction

PH,0PCO
Y 122 =2
_ 1pc02< KequCOZPH2> 398
Tco,~co = L+ (KH20 PH,0 Ik . (3.28)
+ KgKoKpy, ( /pH2)+ HoPH,YKH,0PH,50
Dual-site two-reaction Graaf model (1988)
e (CO:2 hydrogenation to methanol
3/2 PCH30HPH,0
PcoyPy, —— 3/2.
_ Py, Keq1
Tco,- ctzon = k1Kco, (3.29)
1/2  KHy0
(1+Kcopco+Kco,Pco,)|Py, t— 177 PH20
KHZ
e RWGS
PCOPH,0
Pco,PH, — qu
Tco,-co = szco2 (3.30)
1/2 , KH,0
(1+KcopcotKco,Pco,)|Py, + 1/2 PH20
Hy

Dual-site three-reaction Graaf model (1988)

e (CO:2 hydrogenation to methanol
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( 3/2 _PCH30HPH»0 \

Pco,Py
2hH2 P?.I/ZZ Keq1
Tco,— CH;0H = k1Kcoz (3.31)
1/2 H20
(1+Kcopco+Kco,Pco,)|Py, t—1/7 PH20
Ky
e RWAGS reaction
PCOPH,0
Pco,PH, — qu
Tco,—-co = szco2 (3.32)

(1+KcopcotKco,Pco,)|Py, + ~1/2PH20

Hjp

1/2 HzO l

e CO hydrogenation to methanol

( 3/2 PCH30H

Pcoby, m }

Tco-CcH3;0H = ksKco (3.33)

1/2 KH,0
(1+Kcopco+Kcozpcoz)[PH/2 152 PH,0

3.5.7 Parameter Estimation and Optimization

Kinetic parameters were estimated by performing a nonlinear regression between the

experimental outlet compositions and the model-predicted values [145].
e A two-step optimization strategy was employed:

1. Global optimization using a Genetic Algorithm (GA) to explore the parameter space
broadly and avoid local minima.
2. Local refinement using the Sequential Quadratic Programming (SQP) algorithm (via

fmincon) to achieve precise convergence near the global optimum.
e Objective Function (minimization):
OF = 3.0 $TL (Fnedel — FeiPy? (3.34)

where F, ke ’;p represents the experimental value of the molar flow rate of species j in experiment

k. The experimental data are incorporated with corresponding inlet flow rates, inlet

Fmodel

compositions, temperatures, and total pressures. On the contrary, represents the one
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calculated by the numerical model based on the design equation of a fixed-bed reactor. The

solver ode15s of MATLAB R2024a software is used to solve the differential equation system.

dF;
AWcat

= ¥ (1) (3.35)

where, Fi = Molar flow rate of the component i, weae = Catalyst weight, N = Total number of
reactions involved, vji = Stoichiometric number of the component i in reaction j, rj = Reaction

rate expression.

3.5.8 Model Validation
Model adequacy was evaluated using multiple, complementary approaches:

e Parity Plots - experimental vs modeled outlet molar flows (1:1 line) for CH30H and
CO, £10% bounds are shown for visual inspection, and £95% parameter confidence
bands are superimposed where possible.

e Error metrics - root-mean-square error (RMSE), and the coefficient of determination
R?).

e Thermodynamic consistency - check predicted compositions against thermodynamic
equilibrium and ensure no violation of conservation laws.

e Parameter physicochemical checks

Table 3.4. Physicochemical constraints of the kinetic parameters [144,145,149].

Parameter Physicochemical constraints
Pre-exponential factor, k; , ki, >0
Activation energy, E, E,; >0
Enthalpy of adsorption, AHg s ; AHg4,; <0
Entropy of adsorption, ASgy ; 0 < —ASgas; < Sg;
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Chapter 4 Catalyst design using principal component analysis
machine learning approach in methanol formation from direct

CO: hydrogenation

This chapter contains excerpts from the following publication.

1. Aakash Bhardwaj®, Akshdeep S. Ahluwalia®, K.K. Pant, Sreedevi Upadhyayula®, “A
principal component analysis assisted machine learning modeling and validation of
methanol formation over Cu-based catalysts in direct CO> hydrogenation”, Separation

and Purification Technology, Volume 324, 1 November 2023, 124576.

4.1 Overview

The catalytic hydrogenation of CO: to methanol is a promising strategy to mitigate rising CO2
emissions while producing a versatile fuel, hydrogen carrier, and chemical feedstock. Copper-
based binary and ternary catalysts, especially with promoters such as Zn, Zr, and Al, remain
the benchmark systems due to their activity and affordability. However, their performance is
strongly influenced by multiple catalyst features (synthesis method, promoter type/loading,
dispersion, metal-support interaction) and operating parameters (temperature, pressure, space
velocity). Optimizing such a multidimensional system through conventional experimentation

alone is both resource-intensive and time-consuming.

Machine learning (ML) provides a powerful approach for analyzing complex catalytic datasets,
capturing nonlinear correlations, and guiding both catalyst design and process optimization.
Various existing ML models have been reported for methanol synthesis, yet overfitting,
redundant descriptors, single-output prediction, or poor generalization on new datasets limit

many.

In this chapter, a Principal Component Analysis (PCA)-assisted ML framework is developed
for Cu-based binary and ternary catalysts in CO> hydrogenation to methanol. A curated dataset
of 227 literature points was first analyzed using PCA to assess descriptor relationships and
reduce dimensionality. Three algorithms-Artificial Neural Networks (ANN), Support Vector

Machine Regression (SVR), and Gaussian Process Regression (GPR) were then trained to
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predict four key outputs: CO> conversion, methanol selectivity, CO selectivity, and methanol

space-time yield (STY).

Model validation was performed using 30 experimental data points obtained from a laboratory-
synthesized Cu/ZnO/ZrO; catalyst prepared via ultrasonic-assisted reverse coprecipitation and
tested in a fixed-bed, plug-flow reactor. Among all algorithms, the ANN demonstrated the best
performance (R? > 0.9 for multiple outputs), while PCA facilitated the identification of data-

rich regions, thereby enhancing prediction confidence.

Overall, this PCA-assisted ML framework provides a robust and experimentally validated
predictive tool for methanol synthesis, providing a practical pathway to accelerate catalyst

development, reduce trial-and-error experimentation, and guide process optimization [13].

4.2 Results and Discussion

4.2.1 Final Evaluation

Having conducted preliminary model evaluations using the collected literature data set and 10-
fold cross-validation, we proceed with the best-identified regression method. The final
evaluation is assessed on the data derived from the laboratory experiment. The first step is to
appropriately normalize the datasets, which is achieved by first estimating the population mean
and standard deviation using the training data (the literature dataset) and then applying these
derived metrics to normalize both the training and testing data using a Z-score. Furthermore,
training with the most promising algorithm (in our case, ANN) is followed by evaluation on
the test set. The standard practice of iterating the procedure several times is followed to remove
the initialization bias, and the best model based on the lowest MSE is saved [186]. The general

scheme followed is given in Figure 4.1.

This section first presents the dataset evaluation and then discusses the results of each
algorithm, highlighting the most promising one. Finally, the performance of the promising

algorithm on the laboratory dataset is presented.
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Estimating
Population Mean
and Variance

Testing

Iterating to Remove Initialization Bias:
Reclaiming Best Model

Figure 4.1. Scheme for model evaluation on testing data.
4.2.1.1 Dataset assessment

For all input and output parameters, Table 4.1 and Table 4.2 present the various statistical
metrics for the collected dataset. We can see that the minima and maxima are reasonably
separated, with the corresponding variance for each parameter, thereby suggesting that our
training set is robust. Table 4.3 shows the catalytic and physical metrics for the laboratory

catalyst.

Table 4.1. Statistics for Input parameters.

Input Parameters Range Minimum Maximum Std. Std. Variance

Error Deviation

Temperature (°C) 130 170 300 2.15 32.96 1086.66
Pressure (bar) 356 4 360 5.29 81.29 6608.12
BET area (m?/g) 462.3 8 470.3 5.94 91.28 8331.33
Copper Grain Size (nm) 20.6 3.5 24.1 0.32 4.83 23.33
Dispersion (%) 46.56 0.64 472 0.57 8.83 78.03
Space Velocity (ml/gea.hr) 200345 716 201061 2816.97  43275.05 1872730078

Table 4.2. Statistics for Output parameters.

Output Parameters Range Minimum Maximum Std. Std. Variance

Error Deviation

CO; Conversion (%) 33.6 0.1 33.7 0.45 6.94 48.18
MeOH Selectivity (%) 99.1 0.9 100 1.73 26.63 709.2
CO Selectivity (%) 99.1 0 99.1 1.84 27.65 765

MeOH STY 17.43 0.031 17.461 0.21 3.27 10.7

(mmolmeon/geat.hr)
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Table 4.3. Laboratory evaluation of catalytic performance and physicochemical properties of the CZZ-UARCP

catalyst.
Parameters Values
BET area (m?/g) 36.9
Cu Loading (wt%) 36
Crystallite size (dcy, nm) 13
Metal Surface Area (Scu, m%/g) 13.1
Dispersion (%) 5.378
WHSYV (Space Velocity, ml/gcai.hr) 2600
Temperature (°C) 200-250
Pressure (bar) 20-40

4.2.2 Dimensionality reduction using Principal Component Analysis (PCA)

To visualize the collected literature data, Principal Component Analysis was performed to
project the data into a lower-dimensional 2D space for visualization. The PCA or the scores
plot is shown in Figure 4.2. Additionally, the catalysts were color-coded according to the
number of other primary metals besides Cu, i.e., binary or ternary, to identify any possible
clustering or trends. The scores plot has no clear trend, and the binary catalysts clearly overlap
with the space exploited by the ternary ones. The percentage number beside the principal
component number represents the percentage of variance explained by that principal
component. In total, six principal components were obtained, and a bar plot showing the trend
is illustrated in Figure 4.3. It can be noted that the first two principal components capture

approximately 50% of the total variance, thus, are reasonable for depictional purposes.
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Figure 4.2. Scores plot for the input parameters onto the first two principal components.
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Figure 4.3. Bar plot for variance explained for each principal component for input variables.
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Figure 4.4. Loadings for the first two Principal Components for input variables.

Also, an essential feature of the PCA plot is the corresponding loadings, which help
identify how much each variable contributes to building any particular PC and its effect. Figure
4.4 depicts the loadings plot for the first two principal components. From Figure 4.4, we can
infer that the variable with the most contribution is pressure, followed by space velocity and

dispersion. Grain Size, BET area, and temperature are the least contributing ones.

To evaluate the laboratory dataset in terms of any outliers or the extent to which it differs from
the collected dataset, it was projected onto the same previous score space, using loadings. The
combined plot is as in Figure 4.5. We observe that the laboratory ternary catalyst falls close to
the space already explored by the previous dataset, so, for now, it is consistent according to a

preliminary inspection. Finally, we observed the presence of a promoter in the PCA landscape,

87



as depicted in Figure 4.6, which is an essential parameter that affects catalytic efficiency. In

the plot, we observe that almost the entire landscape has been explored without a promoter.

However, some essential promoters that primarily help navigate the PCA space are potassium

and barium, as well as the use of methanol as a catalytic promoter.

Scores on PC2 (19.626%)

-
‘.:. .. . Tf‘l'tiﬂl'_v
3 «t, v, = Binary
Test Data
2 -
14 t.‘ : PR P : . » . .
[T ? 2* 3 ll‘.i' s .‘ *
0 1 e .;‘v :r\ 4 e .
' > & \b -‘.‘.
. 2 [ de L
& . .8 T
-1+ % . .
*
&
-2+
-3 a T T T T T
-3 -2 -1 0 1 2 3 4

Scores on PC1 (28.762%)

Figure 4.5. Projection of test data onto the previous scores plot of the training dataset.
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Figure 4.6. PCA plot for input descriptors of the training dataset characterized by the presence of promoters.

After verifying the consistency of the input parameters, a similar analysis is conducted for the

outputs, serving the same purpose. Four principal components were obtained based on the four

variables; the first two components explain more than 85% of the total variance. Thus, a two-

dimensional representation, using the scores plot in Figure 4.7 (a), is very appropriate for

physical visualization. From the loadings plot given in Figure 4.7 (b), we understand that for

the most important axes, i.e., PC1, the contribution of CO; is negligible, in contrast to having
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the highest for PC2 as marked by the projection of its vector on the corresponding axes. Further,
for building PC1, methanol yield and selectivity are opposed to CO selectivity. In PC2, the
least contribution is from MeOH selectivity, which has the opposite effect compared to the rest.
Figure 4.8 depicts the overall trend of captured variance by each principal component. The

first two being the dominant ones.
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Figure 4.7. (a) Scores plot for the output parameters onto the first two principal components, (b) Loadings plot

for the first two principal components for output variables.
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Figure 4.8. Bar plot for variance explained for each principal component.

4.2.3 Performance Comparison of the Applied Algorithms

4.2.3.1 Performance of the ANN Model

The ANN was the first algorithm among three (ANN, SVM, GPR) for which the assessed data
were used to train the model to determine its accuracy. The scheme followed for each algorithm

is discussed in the methods section. Table 4.4 has the 10-fold results for this particular
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algorithm. Here, MeOH selectivity and CO selectivity are modeled with more than 90%
accuracy, and the remaining two are also modeled with an R? score of more than 0.75. The

optimized number of average units is 15.

Table 4.4. 10-Fold results for ANN Algorithm.

Optimized R2-CO: R2-MeOH R2-CO R2-MeOH

Hidden Units Conversion Selectivity Selectivity STY

Fold-1 13 0.687 0.971 0.929 0.671
Fold-2 12 0.824 0.874 0.868 0.775
Fold-3 19 0.753 0.857 0.881 0.703
Fold-4 14 0.696 0.883 0.936 0.716
Fold-5 20 0.818 0.892 0.953 0.781
Fold-6 17 0.745 0.925 0.895 0.688
Fold-7 18 0.678 0.882 0.912 0.713
Fold-8 16 0.752 0.917 0.894 0.738
Fold-9 17 0.827 0.908 0.939 0.775
Fold-10 7 0.912 0.934 0.958 0.857
Averaged 15.3 0.769 0.904 0.916 0.751

Here, in fact, for CO> conversion and MeOH STY, we observe an accuracy greater than
75% for a 5-fold increase. Artificial Neural Networks (ANNs) are flexible and robust modeling
tools that can approximate nonlinear relationships provided their transfer, weight, and net input
functions are differentiable. Training is carried out by iteratively adjusting weights to minimize
error, enabling the network to capture complex input-output dependencies and obtain an MSE

value of 20.71 [187,188].
Sensitivity Analysis

Sensitivity analysis of the neural network was performed using Garson’s method, based on the
model weights. The plots for the sensitivity analysis are illustrated in Figure 4.9. The results
highlight that copper dispersion is the most influential parameter, emerging as the primary
catalyst property governing CO; conversion, methanol selectivity, and space-time yield.
Pressure is identified as the most critical operating condition, exerting a direct impact on
methanol productivity and overall process performance. Together, dispersion and pressure

dominate the catalytic outcome.
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Figure 4.9. (a) Contribution pie chart for CO, Conversion (b) Contribution pie chart for MeOH Selectivity (c)
Contribution pie chart for CO Selectivity (d) Contribution pie chart for MeOH STY.

Among the other variables, space velocity plays a notable role by modulating product
distribution, suppressing CO formation while favouring methanol selectivity. In contrast, grain
size and BET surface area exert only a moderate influence, acting as secondary parameters that
are useful for process fine-tuning but lack decisive control. Interestingly, temperature appeared
as the least sensitive parameter in the ANN-derived analysis. This outcome may be attributed
to the fact that the experimental dataset was collected within a relatively narrow and optimized
temperature window, where the system already operates close to the thermodynamic and
kinetic optimum for methanol synthesis. Within such a constrained range, slight temperature

variations produce limited incremental changes compared to dispersion or pressure.

However, from a thermodynamic standpoint, temperature remains one of the most sensitive
levers for the CO;-to-methanol equilibrium, with even slight deviations capable of altering

methanol selectivity and, consequently, space-time yield. The apparent discrepancy, therefore,
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reflects the context-dependent nature of sensitivity: while temperature is a critical variable
globally, under the studied operating conditions, the dominant effects of dispersion and

pressure overshadow its relative influence.

In summary, effective process optimization should prioritize dispersion and pressure, with
space velocity as a secondary lever. Grain size, surface area, and temperature act as supporting
variables, although the fundamental thermodynamic role of temperature must still be

acknowledged in broader process design.

4.2.3.2 Performance of the SVM Model

For SVM regression, we begin by selecting the kernel function to be used. We have tried
Gaussian and polynomial kernels of orders one, two, and three to evaluate the MSE and R
values. The lowest MSE is achieved with the second-order kernel, which has a value of 179.56
and a corresponding R-value of 0.893, as depicted in Figure 4.10; therefore, it is selected for
further regression. We note an interesting observation wherein the third-degree polynomial
results in an MSE value (~800) approximately 4 times that observed using other algorithms in
the preliminary evaluation. Several reasons could cause this observation, including overfitting,
noise sensitivity, parameter tuning, and the curse of dimensionality itself. Out of the previously
mentioned possible factors, our results are exempt from noise sensitivity and parameter tuning,
as there were no extreme outliers, as observed in Figure 4.2 (a), for which the higher-degree
kernels are sensitive, explaining the marginal role of noise. Furthermore, our evaluation
scheme, as represented in Chapter 3, Material and Methods, in Figure 3.3, optimizes the
hypermeter comprehensively, thereby mitigating the effects of inappropriate parameter tuning.
Thus, the drastic increase occurs due to overfitting and the innate requirement for a higher
number of data points to achieve effective generalization, which demands an exponential

growth.

The 10-fold modeling results for SVM regression are shown in Table 4.5. All variables are
modeled with approximately 60% accuracy, except for MeOH selectivity, which is modeled
with 75% accuracy. In the 10-fold evaluation, we observe that the performance, as indicated
by the MSE values, has not been consistently characterized by abrupt fluctuations (standard
deviation of 21.500), in contrast to the ANN, which exhibited consistent fluctuations (standard
deviation of 11.342). This highlights the trait of inconsistency in this methodology. The

comparison of performance with the ANN is in the next section.
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Figure 4.10. Optimal kernel function selection based on MSE and R values.

Table 4.5. 10-fold results for SVM regression.

R2-CO: Conversion R2-MeOH Selectivity R2-CO Selectivity =~ R:-MeOH STY

Fold-1 0.735 0.843 0.79 0.353
Fold-2 0.747 0.772 0.672 0.81
Fold-3 0.44 0.836 0.76 0.754
Fold-4 0.456 0.782 0.625 0.727
Fold-5 0.238 0.783 0.602 0.393
Fold-6 0.77 0.583 0.491 0.271
Fold-7 0.544 0.515 0.405 0.479
Fold-8 0.628 0.774 0.631 0.829
Fold-9 0.84 0.709 0.597 0.505
Fold-10 0.624 0.863 0.648 0.357
Averaged 0.602 0.746 0.622 0.548

4.2.3.3 Performance of the GPR Model

In Gaussian process regression, two hyperparameters need to be optimized. In Error! Not a
valid bookmark self-reference., while assessing each fold, hypermeters were optimized
correspondingly, as establishing them uniquely could bias the results towards a particular fold

due to its specific innate data distribution.

We observe that three output variables are modeled with more than 90% accuracy, except for
CO> conversion, which achieves an accuracy of approximately 78%. The corresponding

average value for MSE is 33.5. Here again, we note that the performance, as measured by MSE
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values across the folds, is consistent with SVM regression (standard deviation of 16.537), but

still lower than that of the ANN model.

Table 4.6. 10-fold results for GPR.

R2-CO: Conversion R2:-MeOH Selectivity = R2--CO Selectivity R2-MeOH STY

Fold-1 0.901 0.942 0.954 0.952
Fold-2 0.621 0.921 0.853 0.788
Fold-3 0.754 0.901 0.881 0.949
Fold-4 0.783 0.895 0.932 0.969
Fold-5 0.714 0.911 0.961 0.967
Fold-6 0.899 0.935 0.938 0.963
Fold-7 0.595 0.75 0.753 0.753
Fold-8 0.721 0.969 0.973 0.971
Fold-9 0.886 0.947 0.934 0.926
Fold-10 0.869 0.949 0.942 0.968
Averaged 0.774 0.912 0.912 0.921

4.2.3.4 Comparison Evaluation of ANN, SVM, and GPR

This section draws the final comparison to establish the most promising algorithm for the
methanol output modeling statement. The results of both mean squared error (MSE) and R?
scores for the output variables are summarized in Table 4.7 and Table 4.8. From the
perspective of overall model error, ANN clearly outperforms the other two approaches,
achieving the lowest MSE value of 20.71, compared to 113.36 for SVM and 33.5 for GPR.
Since MSE directly reflects prediction accuracy by penalizing deviations, it provides the most
robust indication of model performance. On this basis, ANN is the most reliable algorithm for

minimizing predictive error.

Table 4.7. Evaluation of ANN and GPR performance based on MSE values.

ANN algorithm SVM algorithm GPR algorithm
MSE 20.71 113.36 335

The R? score, however, provide additional nuance. Both ANN and GPR deliver high predictive
accuracy for methanol selectivity and CO selectivity (above 0.90), while SVM consistently

lags with significantly lower scores across all variables. Notably, GPR achieves the highest R?
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score (0.921) for methanol space-time yield, outperforming ANN (0.751). This highlights the
ability of GPR to capture the trend of a numerically smaller but critical performance parameter.
However, the advantage in STY prediction does not translate into a lower MSE because STY
values are numerically smaller in magnitude and therefore contribute less to the global error

metric.

Table 4.8. Comparison of the R’ score for ANN, SVM, and GPR algorithms.

R2-CO; Conversion  R%-MeOH Selectivity R2-CO Selectivity R2-MeOH STY
ANN 0.769 0.904 0.916 0.751
SVM 0.602 0.746 0.622 0.548
GPR 0.774 0.912 0.912 0.921

An additional benefit of ANN is its ability to backtrack input contributions via sensitivity
analysis, something SVM cannot provide, and which is central to this study for guiding
experimental optimization. Although GPR also provides strong accuracy, ANN combines
competitive R? scores with the lowest overall MSE and interpretability, making it the most

balanced and practically useful approach.

In summary, SVM shows the weakest performance and is unsuitable for accurate modeling in
this context. Both ANN and GPR are competitive, but ANN emerges as the most promising
regression method due to its lowest mean squared error (MSE), strong R? scores across key
outputs, and the added advantage of enabling sensitivity analysis. GPR, however, remains
valuable as a complementary approach, particularly for improving the accuracy of methanol
space-time yield predictions. This gives weight to MSE as the primary metric, explains the
nuances of the R? score, and concludes that ANN > GPR > SVM, while acknowledging the
specific strengths of GPR in terms of STY.

4.2.4 Experimental validation on the best optimized model

Having established the ANN as the most promising algorithm for modeling methanol synthesis
performance. The optimized model was further validated using an independent laboratory
dataset comprising 30 experimental points generated over the Cu/ZnO/ZrO; catalyst. This step
not only serves to evaluate the true predictive capability of the model but also demonstrates the
impact of expanding the training pool, as the complete literature database (227 points) was

employed for final model training. As described in the methodology, the ANN was iteratively
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trained to remove the initialization bias, and the best-performing model was identified and
saved. Upon testing with the laboratory dataset, the optimized ANN model achieved a lowest
MSE of 9.08, which is significantly lower than the 10-fold cross-validated average MSE of
20.71 obtained during preliminary model assessment. This improvement is attributed to the
increased number of training points, from 204 (representing 90% of the previously used
literature dataset for 10-fold training purposes) to the entire dataset of 227 points, which

strengthened the network’s ability to learn nonlinear relationships more robustly.

Figure 4.11 (a-d) display the parity plots for the four modeled output variables: CO»
Conversion, MeOH Selectivity, CO Selectivity, and MeOH STY, comparing predicted values
against experimental measurements. These plots provide a direct visual assessment of
prediction accuracy, complementing the statistical metrics. The corresponding R? scores,
summarized in Table 4.9, indicate excellent predictive performance for MeOH Selectivity (R?
~ 0.94) and CO Selectivity (R? = 0.95), in strong agreement with the 10-fold cross-validation
estimates. Notably, the CO> conversion (R* = 0.91) is substantially higher than that obtained
from fold-averaged estimation, indicating that the expanded training dataset significantly
enhanced the model’s generalization capability for this variable. In contrast, the MeOH STY
prediction (R? = 0.79) exhibits only a marginal improvement over its 10-fold estimate,
reflecting the inherent difficulty in modeling STY due to its numerical scale, compounded error

propagation from conversion and selectivity, and relatively narrower data distribution.

During preliminary dataset assessment using PCA, the influence of low STY values could not
be distinctly captured in the score space. This behaviour can be rationalized by the fact that
STY ranked as the third most influential descriptor within PC1, and with each variable
contributing approximately 25% to the total variance, its statistical weight remained relatively
subdued. Furthermore, the limited number of extreme STY values in the experimental dataset
restricted the model’s exposure to boundary conditions. Given the strongly nonlinear coupling
between outputs in multi-target regression, further enrichment of the training dataset,
particularly with very low and very high STY regimes, is expected to improve not only STY

prediction but also the mutual consistency among all output variables.

A useful comparison can be drawn with the work of Perez-Ramirez et al.[126], who reported
an R? of ~0.85 for MeOH STY using a much larger dataset of 1425 points, spanning a wide
spectrum of active phases, including Cu-, In2O3-, Pd-, and ZnO-ZrO;-based catalysts.
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However, their model relied on 12 input descriptors, which, while statistically robust, limit its
practicality for rapid experimental screening and preliminary optimization. In contrast, the
present work deliberately restricts itself to a compact set of six physically meaningful

descriptors, ensuring both model robustness and experimental applicability.
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Figure 4.11. Parity plots comparing experimental and ANN-predicted values for (@) CO conversion, (b) MeOH
selectivity, (¢) CO selectivity, and (d) MeOH STY using the independent laboratory validation dataset. The solid
lines represent ideal parity (y = x), and the corresponding R’ values indicate the predictive accuracy of the

optimized ANN model.

Table 4.9. Comparative R’ scores of output variables for the training and validation datasets obtained using 10-

fold cross-validation with the optimized ANN model.

CO: Conversion MeOH Selectivity CO Selectivity MeOH STY
R2-value (10-folds) 0.769 0.904 0.916 0.751
RZ-value 0.91 0.94 0.95 0.79
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Moreover, in contrast to broad multi-catalyst datasets, the present ANN model is exclusively
trained on Cu-based binary and ternary catalysts, which retain direct industrial relevance.
Copper-based catalysts have dominated commercial methanol synthesis for the past six to
seven decades, initially for syngas conversion and, more recently, for CO2-based methanol
synthesis using Cu/Zn0O/Al,0s systems. By confining the modeling space to Cu-based systems,
the present framework achieves higher mechanistic specificity, improved predictive reliability,

and stronger relevance for industrial catalyst optimization.
4.3 Summary and Future Outlook

This chapter establishes a PCA-assisted machine learning framework for the predictive design
and performance evaluation of Cu-based binary and ternary catalysts for CO> hydrogenation
to methanol. A curated dataset of 227 literature data points was systematically analyzed to
capture the complex nonlinear relationships between catalyst properties, operating parameters,
and reaction outputs. Three algorithms-Artificial Neural Networks (ANN), Support Vector
Machine Regression (SVM), and Gaussian Process Regression (GPR) were developed for the
simultaneous prediction of CO; conversion, methanol selectivity, CO selectivity, and methanol
space-time yield (STY). Based on a comprehensive evaluation using R? scores and mean
squared error (MSE), the ANN emerged as the most reliable and experimentally relevant model
due to its lower overall prediction error and the ability to perform sensitivity backtracking of
input parameters. Although GPR exhibited competitive R? values for multiple outputs, its

higher MSE and lack of interpretability limited its practical utility.

The optimized ANN model was experimentally validated using 30 independent laboratory data
points generated over a Cu/ZnO/ZrO> catalyst. The model demonstrated excellent predictive
accuracy for methanol and CO selectivity, significantly improved prediction of CO:
conversion, and moderate accuracy for MeOH STY, the latter being constrained by the limited
representation of low-STY regimes in the training dataset. PCA further confirmed that STY
contributes relatively weakly to the dominant variance space, explaining its comparatively

lower predictability.

Sensitivity analysis revealed that Cu dispersion and operating pressure are the most influential
parameters governing catalytic performance, followed by space velocity, while grain size, BET

surface area, and temperature play secondary roles within the investigated operating window.
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These findings highlight that structural attributes and metal-support interactions significantly

influence catalytic behaviour, extending beyond purely thermodynamic effects.

Overall, this chapter demonstrates that a PCA-guided ANN framework offers a robust,
experimentally validated, and practically applicable tool for catalyst screening and process
optimization in CO»-to-methanol conversion. By focusing exclusively on industrially relevant
Cu-based catalysts, the developed model provides high predictive reliability, mechanistic
specificity, and direct experimental relevance, thereby enabling accelerated catalyst

development with reduced trial-and-error experimentation.

The insights gained from this ML-based screening, particularly the dominant role of metal
dispersion, support interaction, and pressure, provide a strong rational basis for the
experimental precursor engineering of alternative Cu-based catalyst systems. Accordingly, the
next chapter extends this data-guided design philosophy toward the development of Mg-
promoted Cu/MgO and Zr-promoted Cu/ZnO/ZrO; catalysts, focusing on precursor chemistry,
defect modulation, and structure-activity relationships for enhanced methanol synthesis from

COa.
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Chapter 5 Enhanced methanol formation over Cu/MgO catalyst

derived from Mg-rich hydroxycarbonate precursor

This chapter contains excerpts from the following publication.

1. Aakash Bhardwaj*', Meenakshi Pokhriyal®', Vaibhav Pandey”, Kamal Kishore Pant®,
Sreedevi Upadhyayula®®, “Enhanced Methanol Formation over Cu/MgO catalyst
derived from Mg-Rich Active Hydroxycarbonate Precursor”, ACS Appl. Energy Mater.
2024, 7,12, 5163-5178.

5.1 Overview

The hydrogenation of CO; to methanol is a promising pathway for carbon capture and
utilization, but it requires highly efficient and stable catalysts to overcome the significant
energy barrier of reducing CO,. While Cu/ZnO-based systems remain the industrial
benchmark, the role of alternative promoters such as MgO has attracted increasing interest.
MgO enhances catalyst performance by boosting surface basicity, increasing defect sites,
stabilizing Cu dispersion, and inhibiting side reactions such as the reverse water-gas shift.
Recent experimental and computational studies also highlight the Cu-MgO interface as an

active site for methanol synthesis.

A critical aspect of Cu-based catalyst preparation is the choice of precursor, as the “chemical
memory” effect strongly links precursor phases with the final catalyst structure and activity.
For Cu/ZnO systems, precursor phases such as zincian malachite are well established; however,
the incorporation of Mg?* into crystalline Cu hydroxycarbonates has been far less explored.
Conventional co-precipitation methods limit Mg incorporation to ~18 at.% due to solid-state
restrictions, typically leading to amorphous phases or mixed precursors. In contrast, the
naturally occurring mcguinnessite, (CuMg)2(OH)2COs, represents a stable Mg-rich rosasite
analogue, but synthesizing this phase in a controlled laboratory setting has remained a

challenge.

This chapter addresses this gap by employing a one-pot hydrothermal synthesis route to
stabilize mcguinnessite-like (CuMg)2(OH):CO; precursors with substantially higher Mg
incorporation. First-principles formation-energy calculations for compositions spanning x =

0.0-0.5 in (CuixMgx)2(OH)2CO3 were used to predict stability trends, which were then
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experimentally validated. Catalysts derived from the hydrothermal precursor were
benchmarked against those prepared via conventional co-precipitation and wet impregnation

to assess the influence of synthesis method on structure and performance.

The hydrothermally prepared Cu/MgO catalyst exhibited superior catalytic performance,
achieving 15.17% COz conversion, 68.49% methanol selectivity, and a methanol STY 0f 98.11
mgmeon/geat.hr at T = 240°C, P = 40 bar, and WHSV = 2600 ml/gca.hr. It also exhibited
excellent durability, maintaining remarkable activity over a 100 hr stability test. In-situ
DRIFTS measurements further revealed the formation of key surface intermediates and

demonstrated a favourable mechanistic pathway for methanol synthesis.

Overall, this chapter establishes, for the first time, the successful stabilization of mcguinnessite-
based precursors for Cu/MgO catalysts and demonstrates how tailored precursor chemistry can
drive desirable structure-activity relationships. The integration of hydrothermal synthesis,
detailed characterization, catalytic testing, and computational insights provides a
comprehensive framework for advancing Mg-promoted Cu catalysts for CO; hydrogenation to

methanol.

5.2 RESULTS AND DISCUSSION

5.2.1 Structural identification of precursor phase

The structures of malachite precursors with magnesium substitution, denoted as (Cui-
Mgx)2(OH)2CO3 (x = 0, 0.125 (1/8), 0.25 (2/8), 0.375 (3/8), and 0.50 (4/8)), have been
investigated through a combination of first-principles calculations employing DFT followed
by experimental trials. The experimental evidence for zinc substitution has already been
validated by first principles studies by Li et al [181]. The calculation results obtained from the
geometry optimization of a structure show that (CuesMg2/8)2(OH)2COs3, in which 25% Mg is
substituted for Cu at the Cuo site, is the most thermodynamically stable structure, owing to its
lowest formation energy (-1.863 eV) with the weakest Jahn-Teller distortion. The formation
energy calculated for different configurations follows the stability order as
(CuesMgog)2(OH)COs > (Cu7sMgi8)2(0OH):2CO3 > (CussMgas)2(OH):CO3 >
(Cus;sMg38)2(OH)2COs. The lower stabilities observed in compositions with higher Mg
substitutions might indicate the malachite structure’s limited flexibility in forming magnesian

malachite due to structural constraints. These findings align well with the common occurrence
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of the mineral mcguinnessite in the Earth’s crust, demonstrating notable flexibility in allowing
higher magnesium levels [189]. On the other hand, the first-principles calculations
investigating zinc substitution in malachite suggested that (CuesZnog)2(OH)2CO3 precursor
presents the most stable arrangement, also consistent with experimental observations [181,182]
and does not coincide with the naturally occurring composition of rosasite (Zn>50 %).
Following these observations, the experiments for the Mg-incorporated precursor formation
were performed for (Cui-xMgx)2(OH).CO3 (x =0, 0.125 (1/8), 0.25 (2/8), 0.375 (3/8), and 0.50
(4/8)) compositions using a simple one-step hydrothermal method. The progress of the
precursor phase formation under different conditions has been followed by recording the
powder X-ray diffraction (PXRD) patterns. It has been found that with the right choice of
carbonate source and with the correct set of reaction conditions, the desired phase can be
achieved under hydrothermal treatments. Initial experiments conducted at various temperatures
(120°C to 180°C) for durations of 6-20 h showed a single crystalline phase formation only at
150°C for 16 h; a detailed description is provided in (Figure SA1 (a)). After optimizing the
reaction conditions and selecting the right carbonate source, experiments were conducted to

explore different levels of Mg substitutions.

Figure 5.1 (a) and Figure 5A1 (b) illustrate the PXRD patterns for precursor compositions
((Cu1-xMgx)2(OH)2CO3) with x = 0, 0.125, 0.25, 0.375, and 0.50. Notably, as Mg substitution
increased, an intensity reversal of (020) and (/20) occurred, supporting the Mg substitution.
More prominent changes were observed in the (207) reflection with increasing Mg content,
manifesting as a shift to higher 20 angles attributed to structural alterations due to the
substitution of the Jahn-Teller ion Cu** with non-Jahn-Teller Mg?* ions (Figure 5A2). In this
instance, the intensity of the (207) reflection in each composition was nearly suppressed, while
a simultaneous significant increase in the intensity of reflections near 34.5° was observed. As
the substitution level reaches 50%, the intensities in the 34-37° region become more prominent,
matching well with the relative intensities observed in naturally occurring mineral data (Figure
5.1 (a)). These observations contrast with a previous study where Mg ion substitution beyond
18% resulted in a mixture of magnesian malachite and mcguinnessite [190]. The PXRD
patterns of the single-phase products could readily be indexed in monoclinic symmetry (S.G.
P12;/al) with the refined lattice parameters of a = 12.15157(5); b = 9.20767(3); ¢ =
3.19374(8) A; p = 94.999 (5)°. Moreover, the broad peaks in the PXRD pattern of CM50

indicated a small average crystallite size of 32 nm calculated using Scherrer’s formula. In
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contrast, similar experiments conducted using the conventional co-precipitation method
resulted in the formation of an amorphous phase for a Cu/Mg ratio of 70/30 identified as
magnesian georgeite, as reported earlier [93]. Increased magnesium concentrations did not
result in crystalline formation; instead, the precipitate transitioned to a deep brown hue before
crystallization occurred. This colour change was attributed to the exceedingly high pH

necessary for magnesium precipitation, suggesting the conversion to CuO through oxolation.
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Figure 5.1. (a) PXRD patterns of Cu-Mg hydroxycarbonate precursor with nominal substitution of Mg to be 50%
(CM50) and no substitution (CM0), in comparison to the line diagrams of standard Malachite (PDF No. (PDF
No.-41-1390) and McGuinnessite (AMCSD-0011133) structures, and (b) FTIR of Cu-Mg hydroxycarbonate
precursor in comparison with the standard data (Extracted from RRUFF database No. R050508 (malachite),
R050294 (rosasite)).

The FTIR spectrum of CM50 samples, compared to the data extracted from the database of
standard minerals (rosasite and malachite), is presented in Figure 5.1 (b). The bands at higher
wave numbers at 3569 and 3322 cm™! are ascribed to the hydroxyl stretching modes of two
distinct crystallographic sites of OH™ in the lattice. The spectrum of CM50 closely resembles
that of standard rosasite, indicating a higher substitution of Mg?" ions, in agreement with the
PXRD results. It is worth noting that a significant disparity between the spectra of malachite
and rosasite occurs within the 600-700 cm™ range. A band at 658 cm™ in the CM50 and
standard rosasite spectra suggests structural alterations caused by M?* substitution, serving as

a distinctive feature for forming a rosasite-like structure [191].

5.2.2 Physical and Chemical Properties of the final catalyst

Figure 5.2 (a) shows the PXRD pattern of the calcined CM50 (CM-HT) compared with the

other two calcined samples for assessment purposes. All three samples showed the formation
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of CuO, i.e., tenorite phase (PDF No. 80-0076), along with the slight presence of cubic MgO
phase (PDF No. 87-0653) in CM-HT and CM-IMP samples. The broad nature of the reflections
of the CM-HT sample indicates a smaller crystallite size compared to the other two samples.
The BET surface area of all three samples belonged to type-IV isotherm (Figure 5.2 (b)), and
the particle size varied in the order HT < CP < IMP. The surface area, along with other
physicochemical details of the samples, is summarized in Table 5.1. It could be observed that
the graph shows that the CM-HT catalyst formed by the hydrothermal method has a smaller

crystallite size than the other two catalysts.
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Figure 5.2. (@) PXRD patterns, and (b) N>-adsorption-desorption isotherms of calcined samples prepared via

different methods. Inset in (b) shows the pore size distribution curve for the CM-HT sample.

Table 5.1. Structural and textural properties of the catalysts.

Surface
SgeT? dcuo® dcu® Dcu® .
Vy? SAc® atomic Metal
Catalyst (Calcined) (calcined) (reduced) dispersion
(cc/g) (m?¥/g) (at.%)4
(m?/g) (nm) (nm) (%)
Cu Mg

CM-HT 66.84 0.287 8.5 7.1 20.62 5.78 55.20
CM-CP 16.46 0.117 9.9 8.3 5.36 1.34 72.12
CM-IMP 23.7 0.233 17.0 13.1 7.01 2.04 50.43

“From N, Physisorption (multipoint BET method), *Calculated using Scherrer Formula, ‘Measured using N,O chemisorption method, and
datomic percent obtained from ICP-MS.

The chemical state and elemental surface composition of all the CM samples are confirmed
using the XPS technique. The deconvoluted curves at binding energies indexed in the range of
933.4-933.8 eV and 953.5-953.9 eV are attributed to the states of Cu 2p3» and Cu 2p1p,

respectively, in Figure 5.3 (a) in all three samples. These bands are coupled with corresponding

104



satellite peaks at 942.8 eV and 962.6 eV, respectively [91]. These characteristics are typical of
Cu in the +2-oxidation state as CuO. Figure 5.3 (b) spectra revealed that the single band in the
range of 48-54 eV in all three calcined samples is assigned to Mg 2p, clearly demonstrating
that magnesium species were present as MgO [192]. Figure 5.3 (¢) displays the XPS spectrum
of O 1s; the asymmetric shape of the peak was deconvoluted into two peaks at 531.2 and 529.2
eV, assigned to the chemisorbed oxygen (Oads), and the oxygen belonging to the lattice (Or)
respectively [91,193]. In general, an adsorbed peak is a result of surface vacancies in the
catalyst, which is closely related to the presence of MgO in the sample and is in total agreement
with the literature [91]. The Oads/(OadsTOL) ratio can be used to determine the relative oxygen
vacancy concentration (Cov) [110,193], in the present case, which was found to be maximum
for CM-HT (91.46 %), followed by CM-IMP (80.10 %) and CM-CP (79.02 %). These results
revealed that more Mg in the sample is beneficial for inducing defects in the crystal structure,
which would ultimately be favourable to modulate electronic properties at the metal-oxide

interface, i.e., Cu-MgO [194].
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Figure 5.3. High-resolution XPS spectrum of (a) Cu 2p, (b) Mg 2p, (c) O 1s, and (d) C s of the calcined catalyst

samples.

Interestingly, the introduction of such defects also boosts the reduction behaviour of CuO

particles, consequently lowering the reduction temperature; these observations are in good
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agreement with the existing reports and temperature-programmed reduction (TPR) results
discussed in the next section [94,98]. Cls spectrum in Figure 5.3 (d) showed that there are
mainly two peaks near binding energies of 284.6 eV and 289 eV. The lower binding energy
peak is assigned to the Cls peak of the reference, and the peak at high binding energy in all
samples indicates -C=0 formed during the annealing of the samples. Furthermore, the sub-
peak in the CM-CP catalyst at 281.5 eV corresponds to carbides formed in the sample during
calcination, likely due to the amorphous nature of the precursor [192]. No other peaks were

observed in the CM-HT sample, indicating the absence of other carbon moieties.

H,-TPR of the samples provided insight into the promotional effect of the Mg?" dopant on the
reducibility of the copper species. The profiles of calcined Cu/MgO catalysts in the temperature
range of 90-400°C are depicted in Figure 5.4, and the corresponding H> consumption data are
shown in Table 5.2. Each TPR profile was analyzed to identify characteristic peaks associated
with distinct reduction processes and interactions with the support. The reduction peaks of CM-
HT, CM-CP, and CM-IMP mainly consisted of two peaks with asymmetries in the profiles
arising from the interaction between CuO and MgO. They were found to be the maximum for
the CM-HT sample. To gain deeper insights into the CuO-MgO interactions, the reduction
profile in the range of 50-200°C was further deconvoluted into two subsequent peaks (o and
B). This represents a two-stage reduction of Cu®>* to Cu’ and Cu* to Cu®. The peaks in the lower-
temperature range indicate a weak interaction between CuO and the MgO support,
corresponding to the reduction of highly isolated, smaller, and more dispersed CuO species
[94,195]. The third peak (y) at higher temperatures signifies strong metal-support interaction,
representing the reduction of either interface CuO or bulk CuO, requiring elevated temperatures
for reduction [195]. It is worth mentioning that throughout the temperature range, the reduction
peaks of copper oxide exhibit asymmetry and broadness, indicative of a broader particle size
distribution [94]. These findings provide insights into the intricate CuO-MgO interactions
within the catalysts synthesized through different methods.

The variation in H> consumption (peaks a and f) is intriguing, considering they share similar
constituents. CM-HT exhibits the highest consumption (69.39%), followed by CM-IMP
(66.98%) and CM-CP (53.45%). Notably, CM-HT exhibits lower reduction temperatures and
a higher maximal H> consumption (in a and ), indicating potentially smaller and more
uniformly dispersed CuO crystallites with fewer CuO aggregates, a conclusion in good

agreement with the XRD results. Further, the total H> consumed by all synthesized catalysts
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exceeds the theoretically expected H> consumption for complete CuO reduction, with CM-HT
showing the highest (7.23 mmol/g). This excess H> consumption beyond theoretical values
may be attributed to hydrogen spillage over the reduced Cu surface [94,196]. Such spillage
potentially aids in MgO support reduction, creating oxygen vacancy defect sites, a phenomenon

reported on metal oxide support reduction due to a similar effect [196].

Table 5.2. Quantitative data of H>-TPR analysis of Cu/MgO catalysts.

Catalyst T (°C) Area T (°C) Area T (°C) Area Total H; consumed  Hz/Cu

(@) (%) ® (%) ) (%) (mmol/g)*
CM-HT 1227 5047 1446 1892  301.6  30.59 7.23 1.05
CM-CP  129.7 395 148.5 1395 2943 465 7.07 1.02
CM-IMP 1368 2575  151.7 4123 3427 330 7.16 1.04

“Theoretical H, consumed = 6.91 mmol/g
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Figure 5.4. H, -TPR profiles of calcined catalyst samples (a) CM-HT, (b) CM-CP, (¢c) CM-IMP.

The surface basicity of Cu/MgO catalysts was examined through CO>-TPD analysis. Figure
5.5 (a) illustrates CO>-TPD profiles of CM-HT, CM-CP, and CM-IMP catalysts in the
temperature range of 80-550°C. Commercial MgO’s TPD analysis was also recorded, and the
profiles showed three temperature ranges: 80-200°C for weak sites (o), 200-400°C for medium
sites (B), and > 400°C for strong sites (y). CM-HT and CM-IMP contain weak (100-150°C)
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and strong basic (>400°C) sites, while CM-CP contains weak, medium, and strong sites. These
weak, medium, and strong basic sites confirm the formation of bicarbonate, bidentate, and
monodentate carbonate, respectively. Bicarbonate formation proceeds from hydroxyl group
interactions, while bidentate and monodentate carbonate formation resulted from CO; bonding
with Mg?*-O? pairs and low coordination oxygen atoms (O%") ions, respectively Figure 5.5 (b)
[197]. Interestingly, CM-HT and CM-IMP lack moderately basic sites () compared to
commercial MgO, as interaction of copper metal with MgO creates a well-dispersed catalyst
surface. Additionally, bidentate carbonate species on medium-basic sites, coupled with H»
adsorption on Cu surfaces, generate CO and H>O via the reverse Water-Gas Shift (RWGS)
reaction[198]. The hydrogenation of unidentate carbonate (i.e., strong basic sites) leads to
methanol production through formate pathways, and consequently, their presence proves
advantageous in methanol synthesis through CO> hydrogenation [90]. Hence, the absence of
medium basic sites and the presence of strong basic sites not only inhibit the RWGS reaction
but also increase the efficiency of methanol formation by preventing the catalyst deactivation
[90,198]. Notably, the strong basic sites (y) in CM-HT and CM-IMP align with the XPS
measurements, showing maximal low coordination O*" anions (or defects/unsaturated ions).
Additionally, the total CO2 desorption followed the order: CM-HT (1647 pmol/g) > CM-IMP
(603 pmol/g) > CM-CP (505 pmol/g). CM-HT, with maximum total basic sites, correlates with
the BET data, where a higher surface area offers more basic sites [90,98]. To confirm this,
strong basic site densities were calculated and found to be 23.11, 21.94, and 19.26 pmol/m? for
CM-HT, CM-IMP, and CM-CP, respectively. CM-HT showed enhanced, strong basic sites and
density, indicating superior metal-support interaction. The amount of desorbed CO; for all

samples is listed in Table 5.3.

Table 5.3. Quantitative data of CO»-TPD analysis of Cu-MgO catalysts.

Density of
T CO: T CO: T CO: Total CO:

strong
Catalyst O desorbed cO) desorbed cO) desorbed desorbed

basic sites
(0 (pmol/g) ® (pmol/g) (69) (pmol/g)  (pmol/g)

(umol/m?)
1193 1656
MgO 147 130 (4.4%) 382 465 2979 -
(40%) (55.6%)
1545
CM-HT 135 102 (6%) - - 479 1647 23.11
(94%)
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CM-CP 146 31 (6%) 379 158 (31%) 429 316 (63%) 505 19.26

CM-IMP 143 83 (14%) - - 468 520 (86%) 603 21.94
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Figure 5.5. (a) CO>-TPD profiles of the reduced catalyst samples compared to commercial MgO, (b) mode of

CO:; adsorption over weak, medium, and strong basic sites.

The differences and similarities in the morphological features of all three catalysts were
analyzed using microscopic imaging. Figure 5.6 shows the FESEM images of the CM-HT
catalyst with the other two catalysts (CM-CP and CM-IMP). The spherical ball-like
morphology of the calcined catalyst is intact, as observed in the precursor sample, indicating
that the CM-HT sample is both morphologically sound and thermally stable (Figure SA3). This
effect is induced by the incorporation of Mg?* ions in the pure phase, transforming it into a
rosasite-like structure through the HT route of synthesis, which tends to result from preserved
shapes and chemical memory in the calcined catalyst. These results indicate that the precursor
synthesized by the HT route yields a catalyst with an improved constructive interaction of
compactness and controlled shape, a metal oxide, which is favourable for the methanol
formation reaction [119,199]. Conversely, the other two samples showed spheres with chunks

of particles sticking together, forming agglomerates.
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Figure 5.6. FESEM images of (a, d) CM-HT, (b, ¢) CM-CP, and (c, f) CM-IMP calcined catalyst samples.
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Figure 5.7. (a, b, c) TEM and (d, e, f) HRTEM images of CM-HT, CM-CP, and CM-IMP, respectively.

To capture the dispersion in all three samples, the samples were scrutinized by HRTEM Figure
5.7. The presence of agglomerated particles in CP and IMP clearly indicates the superiority of
the HT method used for catalyst synthesis in the initial stage of preparation. The HRTEM
image of the CM-HT and CM-CP catalyst showed a fringe width of 0.253 nm compatible with
the d-spacing corresponding to the (171) hkl plane of CuO. In contrast, the CM-IMP sample
displayed an additional fringe width of 0.275 nm assigned to the (//0) plane of CuO. The
absence of 4kl planes in the presence of MgO in all catalysts is apparent due to its amorphous

nature, as also evident in the PXRD data.
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5.2.3 Catalytic activity results

5.2.3.1 Effect of operating conditions

The catalytic performance of the CM-HT catalyst was assessed by varying temperature,
pressure, and space-time velocity (WHSV) while maintaining a feed gas ratio of 3:1. Methanol
synthesis is an exothermic reaction favoured at low temperatures and high pressures. The
impact of these operating conditions on the catalytic performance is illustrated in Figure 5.8
(a-d). It was observed from Figure 5.8 (a-c) that increasing temperature leads to higher CO-
conversion and methanol STY. In contrast, increasing pressure resulted in an upward trend in
CO> conversion, methanol STY, and selectivity. The reactions of 260°C, 40 bar, and 2600
WHSYV showed a CO; conversion, methanol selectivity, and methanol STY of 17%, 65%, and
104 mgmeon/gea.hr, respectively, aligning closely with thermodynamic predictions
[22,71,207]. Despite the higher CO> conversion and STY at 260°C, methanol selectivity was
lower than at 240°C due to the increased formation of CO and CHa.

The decrease in methanol selectivity is attributed to increased CO selectivity at higher
temperatures, promoting the RWGS reaction [6,177,200]. The final optimized conditions for
CO> hydrogenation to methanol over this lab-synthesized catalyst were established at 240°C
and 40 bar. Increasing the WHSV decreased CO2 conversion by approximately fourfold, while
methanol selectivity and MeOH STY increased, as shown in Figure 5.8 (d). This trend was
attributed to reduced residence time in the packed bed reactor as WHSV increased

[98,201,202].

In the CO; hydrogenation to methanol, various reactions occur besides methanol formation as
the primary product, including the formation of CH4 and CO, as well as carbon formation. The
equations of CH30H, CO, and CH4 formation via CO2 and CO hydrogenation and carbon

formation through the Boudouard reaction are written in Equations (5.1) to (5.6).

CO, + 3H, = CH3OH + Hy0, AHycoc = —49.5 kjmol™? (5.1)
€O, + H, = CO + H,0, AHygoc = 41.2 kJmol ™1 (5.2)
CO + 2H, = CH;0H, AH,sec = —90.6 kjmol ™1 (5.3)
CO,+ 4Hy = CH, + 2H,0,  AHygec = —165.0 kjmol ™! (5.4)
€O+ 3H,= CH, + H,0, AHysoc = —206.5 kjmol ™1 (5.5)
2C0=C0,+C AH,sec = —172.0 kjmol™? (5.6)
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WHSYV = 2600 ml/gcar.hr, and H>:CO>= 3:1).
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Higher pressures and temperatures facilitated CO; activation, notably increasing CO formation
through the reverse water-gas Shift (RWGS) reaction [6,177]. Product distribution, illustrated
in Figure 5.8 (e) and (f), highlighted that lower temperatures (e.g., 200°C) corresponded to
reduced CO formation (~19%), favouring increased methanol production. However, at such
lower temperatures, overall catalytic performance (CO2 conversion and MeOH STY) resulted
in markedly low values [13,98]. Figure 5.9(a) reveals the comparative catalytic performance
of all three catalysts at 240°C, 40 bar pressure, and a WHSV of 2600 ml/gcac.hr, at which a CO»
conversion of 15%, a methanol selectivity of 68.5%, and a methanol STY of 98 mgmeon/geat.hr
is achieved. Under similar conditions, the CM-IMP catalyst showed a CO> conversion of
10.5%, methanol selectivity of 61%, and a methanol STY of 60.5 mgmeon/gcat.hr, while the
CM-CP catalyst exhibited a CO2 conversion of 8%, methanol selectivity of 55.4%, and a
methanol STY of 43 mgmeon/geat.hr (Figure 5.9 (a) and (b)).
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Figure 5.9. (a) Bar chart illustrating the comparative catalytic performance (CO; conversion and methanol
selectivity) of Cu/MgO catalysts at optimized reaction conditions (T = 240°C, P = 40 bar, WHSV = 2600
ml/geanhr, and H>:CO; = 3:1), (b) Overall comparison of methanol STY at optimized reaction conditions.

The subsequent analysis aimed to understand the changes in spent catalyst properties after the
catalytic experiments. It could be noticed that the PXRD pattern (Figure 5.10 (a)) of all the
spent samples (CM-HT-S, CM-CP-S, and CM-IMP-S) showed typical diffraction peaks of Cu
(PDF No. 04-836); these significant reflections are accompanied by a minimal diffraction from
CuO (PDF No. 48-1548) also. Due to the closeness in the diffraction pattern of CuxO and Cu,
the identification was challenging. The average crystallite size, calculated from the Cu (111)
metal diffraction peaks, followed the order CM-HT-S < CM-CP-S < CM-IMP-S (Table 5.1).

As is evident, the lowest crystallite size and highest BET surface area were observed for CM-
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HT-S, which potentially explains its superior performance compared to the others (Figure 5.10

(b)).
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Figure 5.10. (a) PXRD patterns, and (b) N>-adsorption desorption isotherm of the spent samples.

The stability of the promising catalyst (CM-HT) was also tested in a long-term on-
stream (TOS) run under the optimized conditions of 240°C and 40 bar for 100 hours at a flow
rate of 2600 ml/gcat.hr. The TOS run does not exhibit significant deactivation over the 100-hour

test period, as shown in Figure 5.11.
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Figure 5.11. Catalyst stability test (TOS) for CM-HT catalyst at optimized reaction conditions (T = 240°C, P =

40 bar, WHSV = 2600 ml/gcat.hr, and H>:CO; = 3:1).

Additionally, post-catalysis elemental analysis revealed approximately 2% carbon deposition,
as determined by CHNS analysis, a result of the Boudouard reaction, which was almost
negligible after such a prolonged on-stream period. CM-HT catalyst exhibited reasonably good
stability during the 100 hr test, demonstrating some resistance to deactivation caused by coke

formation or major agglomeration and sintering.
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5.2.4 Structure-activity relationship

The structure-activity relationship of Cu/MgO catalysts synthesized via different preparation
routes was systematically evaluated by correlating their physicochemical properties with
catalytic performance. Clear distinctions were observed among the CM-HT, CM-CP, and CM-
IMP catalysts. As summarized in Table 5.1 and visualized in the spider plot (Figure 5.12),
CM-HT exhibits the smallest crystallite size, along with the highest BET surface area, Cu
surface area (SAcu), and Cu dispersion (Dcu) compared to CM-CP and CM-IMP. The reduction
in crystallite size in CM-HT enhances the number of exposed active Cu sites, strengthens Cu-
Mg interfacial contact, and minimizes particle agglomeration, thereby directly contributing to

superior catalytic activity.

Quantitatively, the BET surface area, SAcy, and Dcy follow the order- CM-HT (66.84 m%/g,
20.62 m%/g, 5.78%) > CM-IMP (23.7 m%*/g, 7.01 m?/g, 2.04%) > CM-CP (16.46 m?*/g, 5.36
m?/g, 1.34%), which is in excellent agreement with the observed methanol STY trend: CM-HT
(98 mgmeon/gcat.hr) > CM-IMP (64.5 mgmeon/geat.hr) > CM-CP (43 mgmeon/geat.hr). This strong
parallelism between dispersion-related properties and methanol productivity confirms that Cu

dispersion and accessible active surface area are the dominant descriptors governing catalytic

performance.
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Figure 5.12. Radar plot illustrating the structure-activity relationship of Cu/MgO catalysts.

Furthermore, CO>-TPD analysis (Figure 5.5) reveals that CM-HT possesses a more favourable
distribution of basic sites, characterized by suppression of excessive medium basic sites ()

compared to pristine MgO. This modification in surface basicity, induced by strong Cu-Mg
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interaction, effectively suppresses the reverse water-gas shift (RWGS) reaction, thereby
enhancing methanol selectivity. The spider plot (Figure 5.12) clearly integrates these structure-
property-performance correlations, illustrating how the synergistic effects of smaller crystallite
size, higher surface area, superior Cu dispersion, and optimized surface basicity collectively

drive the exceptional methanol synthesis performance of the CM-HT catalyst [90,198].

These findings align closely with the existing literature on similar CO; reduction catalysts,
suggesting that both the BET surface area and the concentration of basic sites have a critical
impact on refining methanol selectivity [90,199]. Furthermore, high experimental H>
consumption values over the theoretical showed enhanced reduction of MgO in CM-HT with
subsequent increase in strong basic sites (y) [203]. The CO> molecules adsorbed on both sites
(i.e., B and y) undergo sequential hydrogenation steps, ultimately yielding HCOO*, H,COO*,
H>COOH*, and H,CO* with atomic hydrogen (H) being transferred via H spillover from Cu.
Moreover, the adsorption of the C=0O bond of H>CO on the most robust basic sites (y) causes
reaction with surface hydrogen, resulting in methanol formation. In contrast, adsorption of the
same species on medium basic sites (B) leads to the formation of CO [90]. The results of CO»-
TPD and H>-TPR indicate the absence of medium basic sites and plenty of strong basic sites
with the highest Ha-spillover as the driving force for high selective conversion to methanol.
The superior physicochemical properties and catalytic performance result from incorporating
the maximum amount of Mg?" in the phase-pure precursor during the early stage of synthesis
in CM-HT, which cannot be achieved by the CP route. Interestingly, the enhanced physical
properties and catalytic performance of CM-IMP over CM-CP resulted from utilizing
magnesium carbonate hydroxide (4MgCO3.Mg(OH),.4H,0) as a precursor for MgO. This
choice creates an active porous surface conducive to the dispersion of active metal species
[204]. In other words, the characterization results unveiled that the physicochemical attributes
and the catalytic performance of the catalysts synthesized were significantly influenced by the
morphology of the catalyst in the case of CM-HT, creating a more defective MgO interface for
the reaction to proceed. Similar observations were earlier reported by Tsang’s group for
differently shaped Cu/ZnO catalysts, wherein the presence of (002) facets of the plate-like ZnO
support showed a more vital interaction than the other crystal facets, resulting in a superior
catalytic performance for CO; hydrogenation to methanol [198]. In another study by Lei et al.
[119], the filament-structured morphology of the Cu sample supported by ZnO created more

oxygen vacancies, which thereby improved the activation/adsorption of COz [90]. These
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findings underscore the significance of synthesis methodology in tailoring catalyst properties
and thus offering insights into the structure-activity relationship of the catalyst in methanol

formation from CO/CQO; reduction.

5.2.5 Mechanistic insights into CO2 hydrogenation to methanol over the CM-HT catalyst

To unveil the possible molecular intermediates formed during CO; activation and further
hydrogenation, the in-situ DRIFTS experiments were conducted over the best Cu/MgO catalyst
(CM-HT). Three distinct types of adsorbed species were detected: bicarbonate (HCO3*),
carbonate (COs%), and formate (HCOO") species in the CO, adsorbed sample (Figure 5.13).
The presence of HCO3™ and CO3*" is linked to CO; adsorption on surface hydroxyls (OH) and
surface oxygen sites of the catalyst, respectively. The generation of HCOO" is attributed to the
reaction between adsorbed HCOs* and CO3*" with interstitial H atoms produced during the
catalyst’s pre-reduction treatment with Hz [205]. The peak at 1668 cm™! is assigned to ionic
bicarbonate (i-HCOs*) species. Two bands at 1588 cm™ and 1360 cm™! are associated with
HCOO* species, while the band at 1470 cm™ corresponds to monodentate carbonate (m-CO3>
) species [133,205,206]. Additionally, the band at 1407 cm is attributed to polydentate
carbonate (p-CO3%") species. The intensity variation and presence of various carbonate forms
are linked to different surface phenomena. For instance, the higher intensity of i-HCO3* band
results from an excess of surface hydroxyls, whereas the formation of p-CO3> or b-COs?" is
attributed to coordinatively unsaturated bonds on the surface of defect-containing catalysts

[205].

In-situ DRIFTS experiments were also conducted using CO» + H» (1:3) reactant gases under
reaction conditions (H2:CO; = 3:1, 1 bar) to explore the potential mechanism during CO>
hydrogenation over the CM-HT catalyst. Figure 5.13 illustrates the transient changes in major
surface species during CO> hydrogenation from 50 to 300°C over these catalysts. As the
reaction temperature increased, the peaks associated with i-HCOs;* species gradually
diminished and nearly vanished at 150°C, while new bands corresponding to HCOO* species
appeared at 2940, 2876, 1555, and 1365 cm™. The intensity of the p-COs> species peaks
decreased notably with an increase in temperature, attributed to its reaction with H to generate
HCOO* species. Additionally, bands corresponding to the methoxy group (H3CO*) were
detected at 2825 and 1060 cm™', indicating the formation of CH3OH through the hydrogenation
of HCOO* species [133]. Surprisingly, the absence of peaks at 2175 and 2115 cm,
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characteristic of gaseous CO, suggests inhibition of the reverse water-gas shift (RWGS)

reaction, a conclusion supported by CO»-TPD analysis [205].
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Figure 5.13. Characterization of the surface species on the Cu-MgO (CM-HT) sample. In-situ DRIFT spectra of
Cu-MgO (CM-HT) with feed gas CO::H (1:3) with a flow rate of 50 ml/min under atmospheric pressure and
different temperatures. The bottom last spectra show the spectra with CO; activation over the catalyst surface

before switching the feed gas to H».

5.3 Summary and Future Outlook

In this study, a binary catalyst, Cu/MgO, was synthesized through a simple single-step
procedure using a tailored precursor for CO2 hydrogenation to methanol. The results clearly
demonstrate that the methodology for precursor synthesis plays a critical role in governing the
physicochemical properties and catalytic performance of Cu/MgO catalysts. The
hydrothermally synthesized Mg-rich hydroxycarbonate precursor (mcguinnessite), analogous
to the rosasite mineral, was found to be the most promising among the investigated preparation
methods, outperforming co-precipitation and wet impregnation pathways by enabling

enhanced CO; activation and H»> adsorption.

Through comprehensive characterizations, the following insights were gathered: (1) the
hydrothermal method facilitates the stabilization of a monophasic crystalline mcguinnessite
(rosasite analogous) precursor across a wide range of Mg substitutions for the first time; (2)
the precursor itself exhibited a high specific surface area and mesoporosity, favourable for the
development of an active final catalyst; (3) the resulting Cu/MgO catalyst exhibited strong

metal-support interactions and modulates the concentration and distribution of surface basic
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sites, thereby enhancing H» adsorption and CO> activation, while suppressing the RWGS
reaction; (4) an increased concentration of oxygen vacancies was observed for the
hydrothermally synthesized catalyst, effectively strengthening the density and stability of

active sites under reaction conditions.

Among all catalysts tested with different preparation histories, the CM-HT catalyst exhibited
the highest catalytic activity, achieving a CO2 conversion of 15%, a methanol selectivity of
68.5%, and a methanol STY of 98 mgmeon/geat.hr at 240°C, 40 bar, and WHSV = 2600
ml/gear.hr. The catalyst also demonstrated reasonably impressive long-term stability, as
evidenced by a 100 hr time-on-stream test, attributed to the stabilization of active metal species,
restricted metal particle agglomeration and sintering, and minimal coke formation. In-situ
DRIFTS confirmed the formation of formates and methoxy intermediates during the CO>

hydrogenation to methanol process.

The findings of this chapter establish that precursor chemistry is the central design handle
governing the dispersion of active metal species, oxygen defect density, metal-support
interaction, and ultimately the activity and durability of Cu-based catalysts for CO:
hydrogenation to methanol. The successful stabilization of a phase-pure Mg-rich
mcguinnessite precursor demonstrates that precise control over hydroxycarbonate chemistry is

a powerful route to improve catalytic performance and stability in binary Cu/MgO systems.

Building on this fundamental understanding, the overall research objective is extended without
deviating from precursor engineering by transferring this design philosophy from Cu/MgO to
the industrially relevant Cu/ZnO system and subsequently upgrading it into a ternary
Cu/ZnO/ZrO; catalyst through engineered oxide promotion. This progression preserves the
core principles of phase-pure precursor formation, defect and dispersion control, and strong
metal-support interactions, while enabling simplified and scalable mechanochemical synthesis
strategies. Accordingly, the next chapter focuses on the mechano-chemical synthesis of
Cu/ZnO-based catalysts and their transformation into high-performance Cu/ZnO/ZrO: systems

for enhanced methanol productivity and stability.
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Chapter 6 CO: hydrogenation to methanol over mechano-

chemically synthesized phase-pure Cu-based catalysts
6.1 Overview

Following the insights gained from Mg-rich precursor engineering in the previous chapter, this
chapter advances the catalyst design strategy toward the industrially relevant Cu-ZnO-based
system. The focus now shifts to achieving phase-pure zincian malachite precursors and
enhanced metal-support synergy through a mechanochemical synthesis route, enabling the

development of high-performance Cu/ZnO/ZrO; catalysts.

Designing efficient catalysts for CO> hydrogenation requires more than just high activity; it
demands a precise control over precursor phases, metal dispersion, and metal-support
interactions to ensure both selectivity and long-term stability. For Cu-ZnO-based catalysts,
the formation of a phase-pure zincian malachite precursor is critical, as it directly governs the
generation of catalytically active Cu-ZnO interfaces after reduction [85]. However,
conventional preparation methods such as co-precipitation often suffer from multiphase
formation, poor dispersion, and structural inhomogeneity, which not only reduce methanol
selectivity but also accelerate deactivation through sintering and the reverse water-gas shift

reaction [26,106,107].

To overcome these limitations, the present study employs a mechanochemical ball milling
(MCBM) strategy for the synthesis of Cu/ZnO/ZrO; catalysts [207-210]. This approach
enables direct formation of zincian malachite with controlled incorporation of Zr, resulting in
uniform metal distribution, enhanced oxygen vacancy concentration, and stronger metal-
support interactions. These structural advantages are expected to translate into improved
catalytic performance compared to catalysts prepared by conventional and ultrasonic co-
precipitation methods. Extensive physicochemical characterization confirmed that the
MCBM-derived CuO/ZnO/ZrO, (CZZ-MCBM) catalyst exhibits superior textural and
structural properties, including higher Cu dispersion, stabilized surface area, and robust Zn-
Zr synergy. These features establish a clear structure-property relationship, linking the
synthetic method to the catalyst’s performance. Catalytic evaluation under optimized
conditions demonstrated methanol selectivity exceeding 75% with a methanol space-time

yield of ~200 mgmeon/geat.hr, significantly outperforming conventionally synthesized
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counterparts. Moreover, stability tests revealed minimal deactivation over extended operation,

and post-catalytic characterization confirmed retention of active sites and structural integrity.

Overall, this chapter establishes mechanochemical ball milling as an effective and scalable
route for producing high-performance Cu/ZnO/ZrO; catalysts. By correlating synthesis,
structure, and activity, this approach highlights the robustness and durability of MCBM,
laying the foundation for mechanistic and kinetic investigations explored in the subsequent

chapter.
6.2 Results and Discussion

6.2.1 From hydroxycarbonate precursors to active Cu/ZnO phases: A structural and

nanoscale investigation

Figure 6.1 (a) shows the PXRD plot of the catalyst precursor synthesis using commercial Cu
and Zn precursors in a specific ratio, followed by a mechanochemical operation. The diffraction
pattern of Cu, Zn precursors in comparison with the standard malachite (JCPDS no. 41-1390)
and zincite (JCPDS no. 19-1458) was plotted. The exchange of ions occurs during the milling
operation, which also involves size reduction. Different milling cycles (3, 6, and 9 hours) were
employed during the entire ion-exchange operation, and the corresponding diffraction patterns
are presented in Figure 6.1 (a). Plots of different cycles show the quantity of ions exchanged
during that particular cycle and how many cycles are still needed for phase-pure precursor
formation. It is observed that after the 3™ cycle (9 hours of run), the desired phase was obtained
with some amorphous nature, which is due to the reduction in crystallite size by ball milling
[207,209]. Moreover, due to surface etching by the solvent (acetone), peak broadening
(resulting from a reduction in crystallite size) was observed. The mechanochemical operation
involved in this catalyst synthesis results in the formation of a pure zincian malachite precursor.
The phase-pure precursor was then subjected to calcination, whose XRD pattern is illustrated
in Figure 6.1 (b), along with the standard patterns of CuO (JCPDS 48-1548) and ZnO (JCPDS
36-1451). The major diffraction peaks of CuO (111), (002), and ZnO (001) were observed.

Figure 6.2 shows an N> adsorption-desorption isotherm and the pore size distribution for the
CZ-MCBM catalyst, which was synthesized using the MCBM method. This specific isotherm
exhibits a Type IV hysteresis curve, characteristic of mesoporous materials. The sharp increase

in adsorption at higher relative pressures (P/P, > 0.8) suggests capillary condensation within
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mesopores. The inset shows the pore size distribution (PSD) obtained from the desorption
branch using the BJH method. The peaks in the PSD plot correspond to the presence of pores
with varying diameters, primarily concentrated between 2 nm and 35 nm. The catalytic
efficiency of Cu-based catalysts is often linked to the surface area and pore structure, which
facilitate the dispersion of active metal sites and improve reactant accessibility. As earlier
studies suggest, the high surface area and well-distributed mesopores enhance the catalyst’s
ability to adsorb CO2 and Ha, increasing the methanol formation rate [14,98,178]. Therefore,
we determine the CZ-MCBM catalyst’s physicochemical properties (Table 6.1) here to gain a

better understanding of it.
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Figure 6.1. (a) PXRD patterns illustrating the stepwise formation of hydroxycarbonate precursor via the MCBM
method, (b) PXRD plot of calcined CZ-MCBM catalyst.

Accordingly, the physicochemical properties of the CZ-MCBM catalyst were evaluated (Table
6.1) to gain deeper insight into its characteristics. Despite consisting of only two components
(Cu and Zn), the catalyst exhibits satisfactory physicochemical parameters, clearly indicating
the successful synthesis of a high-quality material derived from a phase-pure precursor. ICP-
MS analysis (Table 6.1) further confirms that the experimentally measured metal composition
closely matches the nominal Cu/Zn ratio (2.33/1), demonstrating that the MCBM synthesis
route does not lead to metal leaching and effectively preserves the desired catalyst composition
and properties. Other characterization techniques for the CZ-MCBM-C catalyst are presented
in subsequent sections to facilitate a better correlation of properties with activity and

comparison with the ZrOz-incorporated CZ-MCBM catalyst.
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Figure 6.2. N>-adsorption-desorption isotherms of Cu-ZnO calcined catalyst prepared via the MCBM method.

The inset shows the pore size distribution curve for the CZ-MCBM sample.

Table 6.1. Physicochemical properties of CZ-MCBM catalyst.

9Metal Composition

Str Ve " derem)  osan, b (%)
Catalyst P (nm) * “
(m%*gm) (cc/gm) reduced (m%*gm) (%) Cu Zn Zr
calcined
(%) (%) (%)
CZ-MCBM 27.1 0.114 10.13 8.22 9.8 3.17 69.97 30.03 -

“From N, Physisorption (multipoint BET method), *Calculated using Scherrer Formula, “Measured using N,O chemisorption method, “atomic

percent obtained from ICP-MS.

To understand its catalytic performance, the catalyst was initially tested at varying temperatures
(220-260°C), a constant pressure of 40 bar, and a WHSV of 2600-5200 ml/gcac.hr. The radar
plot indicates that as the temperature increases, the COz conversion also increases and
accelerates the hydrogenation reactions, resulting in enhanced methanol production. As
illustrated in Figure 6.3, the selectivity towards methanol decreases at increasing temperatures
due to side reactions, such as the reverse water gas shift (RWGS) reaction, which favours CO
formation over methanol [14,98]. However, methanol STY increases significantly as the
reaction temperature increases. The STY data in the given Figure 6.3 demonstrates that the
CZ-MCBM catalyst exhibits enhanced productivity as the temperature rises, with the highest
STY at 260°C, around 110 mgmeon/gear.hr, with the highest value of CO, conversion and
methanol selectivity at this point is 15.4% and 65%, respectively at 260°C, 40 bar, and 2600
ml/gea.hr. From the given Figure, we also observed the relationship between WHSV and

catalytic performance. It stated that when the WHSYV is increased from 2600 to 5200 ml/gcat.hr
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at constant temperature and pressure, the catalytic performance suddenly changes. Specifically,
COz conversion drops significantly as the contact time between the reactant molecules and the
catalyst’s active sites decreases. However, methanol selectivity increases, which in turn
increases the STY up to a certain value. This confirms the catalyst’s efficiency in methanol
production at elevated temperatures and WHSV, which is consistent with established
behaviours for Cu/ZnO-based catalysts [110,137,211,212]. However, the balance between the

reaction parameters must be carefully optimized to ensure the best catalytic performance.
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Figure 6.3. Radar representation of the catalytic performance of the CZ-MCBM catalyst under varying
temperature and WHSV at 40 bar.

The CZ-MCBM exhibits optimal performance at 260°C, 40 bar, and 5200 ml/gcac.hr, balancing
both high CO: conversion and high methanol selectivity. Though conversion continues to rise
at higher temperatures, methanol selectivity decreases, likely due to competing side reactions;
therefore, it is important to include the optimized value of WHSV during the reaction. This
performance profile is consistent with earlier findings on Cu-based catalysts used for CO:

hydrogenation [110,211-214]. However, the catalytic system still has scope for improvement.

6.2.2 Engineering Cu/ZnQ/ZrO: catalysts: Synthesis route comparison and structural

insights

To further enhance the catalytic efficiency of the Cu/ZnO system for CO; hydrogenation to
methanol, several interrelated catalyst parameters must be carefully optimized, including
phase-pure precursor formation, high BET surface area and active Cu surface area, uniform

metal dispersion, small crystallite size, strong metal-support interaction (SMSI), and optimized
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reaction parameters such as temperature, pressure, and WHSV. The CZ-MCBM catalyst
developed in this study satisfies most of these criteria and therefore exhibits commendable
catalytic performance. However, insights from prior studies suggest that further improvements

are feasible through strategic modifications to the support environment [88,97,122,215-217].

Therefore, to achieve this, ZrO, was incorporated as a highly basic, hydrophobic, and
structurally stabilizing support, owing to its proven ability to enhance Cu dispersion, suppress
sintering, promote oxygen vacancy formation, and strengthen metal-support interactions [66].
The previously synthesized phase-pure zincian malachite precursor (CZ-MCBM-P) was
subjected to additional ball milling for three hours with ZrO> to obtain the ternary precursor,
denoted as CZZ-MCBM-P. This precursor was subsequently calcined to yield the
corresponding mixed-oxide CZZ-MCBM-C catalyst.

To systematically evaluate the influence of ZrO> and the role of synthesis strategy, two
additional Cu/ZnO/ZrO> catalysts were synthesized by co-precipitation under ultrasonic
irradiation (CPUSI) and simultaneous precipitation under ultrasonic irradiation (SPUSI). The
structural properties of all three CZZ catalysts, both in their precursor and calcined forms, were
examined using powder X-ray diffraction (PXRD) to identify crystalline phases and assess
phase purity. The corresponding diffraction patterns are presented in Figure 6.4 (a) and (b).

The XRD patterns presented in Figure 6.4 (a) compare the three CuZnZr-containing precursors
synthesized via the MCBM, CPUSI, and SPUSI methods, namely CZZ-MCBM-P (mechano-
chemical ball milling method), CZZ-CPUSI-P (ultrasonic irradiation-assisted coprecipitation),
and CZZ-SPUSI-P (ultrasonic irradiation-assisted simultaneous coprecipitation). Standard
diffraction patterns of aurichalcite (RRUFF ID: R060426), zincian malachite, and ZrO;
(JCPDS 37-1484) are also included for phase identification. The diffractogram of the CZZ-
MCBM-P diffraction peaks closely matches that of zincian malachite, indicating the formation
of a dominant and phase-pure precursor, with ZrO> present only as a minor phase. In contrast,
both CZZ-CPUSI-P and CZZ-SPUSI-P exhibit diffraction features corresponding to zincian
malachite as the major phases, along with minor contributions from aurichalcite and ZrO»,
suggesting the coexistence of multiple precursor phases. The presence of these additional
phases is known to influence active surface area, metal dispersion, and ultimately catalytic

performance. Although the ZrO> phase appears less prominent in all precursor samples, its
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presence is expected due to intentional incorporation to enhance catalyst stability and

dispersion of active sites.
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Figure 6.4. (a) PXRD patterns of CuZnZr containing precursors synthesized via the MCBM, CPUSI, and SPUSI
methods, illustrating phase evolution and precursor crystallinity after ZrO; incorporation, (b) PXRD patterns of
the corresponding calcined CuO/ZnO/ZrO; (CZZ) catalysts prepared by MCBM, CPUSI, and SPUSI methods,

showing the formation of mixed metal oxide phases.

Similarly, Figure 6.4 (b) shows the PXRD patterns of the corresponding calcined Cu-based
oxide catalysts. All samples exhibit the characteristic diffraction peaks of CuO (111), (002),
and ZnO (001), with an additional ZrO> (111) and (11-1) being clearly observed in the CZZ-
MCBM-C catalyst, confirming the successful ex-situ incorporation of ZrO: during the
mechanochemical synthesis. The standard diffraction patterns of CuO (JCPDS 48-1548), ZnO
(JCPDS 36-1451), and ZrO> (JCPDS 37-1484) were used for reliable phase verification.

Overall, these results demonstrate that precursor phase formation is strongly dependent on the
synthesis route, with zincian malachite being the dominant phase in the MCBM-derived
precursor, whereas a mixed precursor system of zincian malachite and aurichalcite is obtained
via the CPUSI and SPUSI methods. Since zincian malachite is widely recognized as the most
desirable precursor for Cu-based methanol synthesis catalysts, its preferential formation in the
MCBM route is expected to promote higher Cu dispersion over the ZnO and ZrO; surfaces

after calcination, ultimately leading to superior catalytic performance [85,102,218].

Consistent with the phase evolution observed in the PXRD analysis, the peak broadening
exhibited by the CZZ-MCBM sample indicates a significantly smaller crystallite size compared
to the CPUSI- and SPUSI-derived catalysts, as summarized in Table 6.2. This reduction in

126



crystallite size originates from the high mechanical energy imparted during the ball milling
process, which causes lattice distortion, crystal fracture, and defect generation [207-210].
Multiple milling cycles and surface etching progressively disrupt long-range crystallinity due
to mechanical deformation, an effect that is clearly evident from the diffraction patterns of both
CZ-MCBM-P and CZZ-MCBM-P catalyst precursors. Upon calcination, these structural
modifications are retained in the oxide phase. The resulting reduction in crystallite size is
beneficial for catalysis, as it enhances the active surface area, increases the concentration of
surface defects (including oxygen vacancies), and improves the dispersion of active Cu species,
all of which directly contribute to improved catalytic performance [219] (Table 6.2). The
crystallite size follows the trend: CZZ-MCBM < CZZ-CPUSI < CZZ-SPUSI.

Table 6.2. Physicochemical properties of the calcined CZZ catalysts.

d9Metal Composition
a ya dCuOb dCub SAC De (0/ )
(1]
Catalyst ZBET P (nm) (nm) ) cu cu
(m*/gm) (cc/gm) (m%/gm) (%) Cu Zn Zr

calcined reduced
(%) (%) (%)

CZZ-MCBM 32.10 0.148 7.39 6.12 15.64 556  62.87 2695 10.18
CZZ-CPUSI 36.75 0.267 11.7 8.41 13.52 342 629 26.88 10.22
CZZ-SPUSI 28.92 0.089 13.2 10.33 11.80 298 63.07 2685 10.08

“From N, Physisorption (multipoint BET method), *Calculated using Scherrer Formula, “Measured using N,O chemisorption method, “atomic

percent obtained from ICP-MS.

To further correlate these structural features with textural properties, Figure 6.5 presents the
N> adsorption-desorption isotherm with pore size distribution (PSD) profiles of the calcined
CZZ catalysts. All catalyst samples exhibit a Type-IV isotherm with a well-defined hysteresis
curve, confirming their mesoporous nature. The corresponding PSD curves, obtained from the
desorption branch using the BJH method, reveal a broad distribution of pore diameters,
predominantly in the 2-35 nm range. The extracted BET surface area and pore volume data are
compiled in Table 6.2. Such mesoporous architectures are highly favourable for Cu-based
catalysts, as they facilitate the dispersion of active metal sites and improve reactant diffusion
and accessibility [14,98]. Additionally, N>O chemisorption experiments were conducted to
quantify the active Cu surface area and metal dispersion, with the results summarized in Table

6.2. Finally, the metal composition was determined using the ICP-MS analysis, confirming the
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successful incorporation of all components and validating the compositional integrity of the

synthesized catalysts.
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Figure 6.5. N>-adsorption-desorption isotherms of CuO/ZnO/ZrO; calcined catalyst prepared via the MCBM,
CPUSI, and SPUSI preparation methods. The inset shows the corresponding pore size distribution curve for the

CuO/Zn0O/ZrO; sample.

The HRTEM images presented in Figure 6.6 provide detailed structural and morphological
insights into the four catalyst samples, namely CZ-MCBM (a), CZZ-MCBM (b), CZZ-CPUSI
(c), and CZZ-SPUSI (d). All samples exhibit well-defined lattice fringes, confirming their high
crystallinity and the presence of multiple oxide phases. The measured interplanar (d-spacings)
correspond well with the characteristic lattice planes of CuO, ZnO, and ZrO», and are in good
agreement with the PXRD results, corresponding to the same facets; thereby validating the

phase assignments.

Among all the catalysts synthesized, the CZZ-MCBM sample clearly displays the smallest
particle size, the highest metal dispersion, and enhanced SMSI, suggesting that it will
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outperform other catalysts and exhibit improved catalytic performance. The uniform
distribution of CuO and ZnO domains over the ZrO; support, along with the intimate interfacial
contact observed at the nanoscale, is expected to facilitate enhanced charge transfer, improved
stabilization of active Cu species, and higher resistance to sintering under reaction conditions.
In contrast, the CPUSI- and SPUSI-derived catalysts exhibit comparatively larger particle

aggregates and less uniform dispersion.

Figure 6.6. HRTEM images of calcined (a) CZ-MCBM, (b) CZZ-MCBM, (¢) CZZ-CPUSI, and (d) CZZ-SPUSI
catalysts showing lattice fringes of CuO, ZnO, and ZrO; phases, highlighting the effect of synthesis route on

crystallinity and metal dispersion.

These HRTEM observations are fully consistent with the conclusions drawn from PXRD, BET
surface area, and N>O chemisorption analyses, further confirming that the mechanochemical
ball milling route enables superior control over microstructure. Overall, the HRTEM study
highlights the direct correlation between synthesis strategy, nanostructure, and catalytic
performance, reinforcing the structure-activity relationships established for the CZZ-MCBM
catalyst.

The H»>-TPR profiles of CZ-MCBM and the three CZZ catalysts (Figure 6.7) reveal the
influence of ZrO> incorporation and synthesis route on the reduction behaviour. All reduction
features appear within the 150-300°C range, with corresponding H> consumption values listed

in Table 6.3. A clear distinction emerges between CZ-BM and the Zr-containing systems.
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While CZ-MCBM exhibits a single a-peak, the CZZ catalysts (CZZ-MCBM, CZZ-CPUSI, and
CZZ-SPUSI) display two well-resolved peaks, a and B, corresponding to sequential Cu®" —
Cu’ and Cu" — Cu® reduction steps. The o peak, at lower temperatures, is typically assigned
to weakly interacting, highly dispersed CuO species, whereas the B peak at higher temperatures
arises from bulk-like CuO or CuO strongly bound to the supports [114,178,214,220].

The incorporation of ZrO: significantly shifts the o peak to lower temperatures prominently for
CZZ-MCBM, where the shift relative to CZ-MCBM is ~50°C, indicating enhanced reducibility
and smaller CuO crystallites. Among the ternary catalysts, CZZ-MCBM exhibits the lowest
reduction temperature, suggesting the presence of more labile oxygen species and stronger Cu-
support synergy compared to CZZ-CPUSI and CZZ-SPUSI. This low-temperature reduction
behaviour implies the generation of highly active metallic sites and partially reduced support
species under reaction conditions, both of which are favourable for methanol synthesis [117].
Therefore, it was observed that CZZ-MCBM has slightly less H2 consumption than CZ-MCBM
due to Zr incorporation (Table 6.3), which enhances the reducibility due to uniform dispersion
of active components. Hydrogen uptake follows the order: CZ-MCBM > CZZ-MCBM > CZZ-
CPUSI > CZZ-SPUSI, and it is noticed that the total H> consumed by all the catalysts for the
complete CuO reduction exceeds the theoretically consumed H» (7.38 mmol/g), with CZ-
MCBM having the highest value, as illustrated in Table 6.3. The additional consumption of H»
confirms the synergistic effect of the active metal and support material, reflecting H» spillover
from reduced Cu sites to ZnO and ZrO; domains, which leads to partial reduction of the support
while simultaneously creating oxygen-vacant sites. These vacancies are known to promote the

CO2> activation and enhance catalytic performance [97,217,221,222].

Table 6.3. Quantitative data of H>-TPR analysis of CZ and CZZ catalysts synthesized via the MCBM, CPUSI, and
SPUSI preparation methods.

Catalyst TEC) Hzconsumed T (°C) H:zconsumed  Total H: consumed H2/Cu
(o) (mmol/g) ® (mmol/g) (mmol/g)?
CZ-MCBM 232 8.32 (100%) - - 8.32 1.13
CZZ-MCBM 182 2.35(28.7%) 212 5.84 (71.3%) 8.19 1.11
CZZ-CPUSI 205 2.55 (32.5%) 221 5.29 (67.5%) 7.84 1.06
CZZ-SPUSI 209 2.67 (34.8%) 227 5.0 (65.2%) 7.67 1.04

“Theoretical H, consumed = 7.38 mmol/g
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Overall, comparison with CZ-BM highlights that the ternary CuO/ZnO/ZrO> interface not only
lowers the reduction temperature and improves Cu dispersion but also facilitates support
reduction via spillover. Among them, CZZ-MCBM demonstrates the most favourable redox
characteristics, combining high reducibility, strong metal-support interactions, and an

abundance of active sites.
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Figure 6.7. (a) H>-TPR profiles of CZ and CZZ calcined catalysts, (b) H>-TPD profiles of CZ and CZZ calcined

catalysts.

The combined H>-TPD profiles (Figure 6.7) of CZ-MCBM and the three CZZ catalysts
provide clear insight into the effects of ZrO: incorporation and synthesis method on hydrogen
adsorption-desorption behaviour. The desorption features divide into two regions: Region I
(48-150°C, a sites), associated with weakly adsorbed hydrogen on metallic Cu sites, and
Region II (150-450°C, B sites), corresponding to strongly bound hydrogen species, including
spillover hydrogen at Cu-ZnO and Cu-ZrO; interfaces. Among all samples, CZZ-MCBM
exhibits the most intense o and B peaks, indicating both a higher density of exposed metallic
Cussites (o) and a greater number of strong adsorption/spillover sites (). This reflects improved
Cu dispersion and stronger metal-support interactions, both of which are essential for efficient
hydrogen activation, a critical step in CO; hydrogenation. The incorporation of ZrO» further
enhances hydrogen uptake and spillover, as evident from the more pronounced  peaks in the

CZZ catalysts, particularly CZZ-MCBM [89,92,110,118,214,221,223].

Peak intensity and position also reveal the impact of synthesis route: the mechano-chemical
ball milling-derived CZZ-MCBM outperforms CZZ-CPUSI and CZZ-SPUSI in generating

accessible active sites and promoting hydrogen spillover. This trend is consistent with H>-TPR
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results, where CZZ-MCBM showed enhanced Cu reducibility, higher hydrogen consumption,
and better dispersion [115].

Collectively, these findings underscore the synergy between ZrO» incorporation and advanced
synthesis. CZZ-MCBM achieves the most favourable surface characteristics, including
superior Cu dispersion, stronger hydrogen adsorption, and enhanced spillover capacity, which
explains its expected highest catalytic activity for CO> hydrogenation. Moreover, the excess
hydrogen consumption observed in H>-TPR is corroborated by the strong adsorption and
spillover behaviour revealed by H>-TPD, highlighting the crucial role of metal-support synergy
and hydrogen mobility in these catalysts.

Weak Sites Medium Sites Strong Sites
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Figure 6.8. CO>-TPD profiles of CZ and CZZ calcined catalysts.

The CO2-TPD profiles (Figure 6.8) of CZ-BM and the CZZ catalysts (CZZ-MCBM, CZZ-
CPUSI, and CZZ-SPUSI) clearly illustrate how the incorporation of ZrO; and the catalyst
synthesis route strongly influence the distribution and strength of basic sites, which play a vital
role in CO; adsorption and activation during methanol synthesis. The desorption peaks can be
classified into weak basic sites (90-220°C) associated with hydroxyl groups, medium basic
sites (220-425°C) related to CO; adsorption over metal-oxygen pairs such as Zn-O and Zr-O,
and strong basic sites (<560°C) corresponding to CO; adsorption over lattice oxygen ions,

typically linked to oxygen vacancies [110,117,178,214,224,225].

Compared to CZ-BM, all ZrO»-containing catalysts exhibit significantly higher CO>

desorption, with enhanced contributions from medium and strong basic sites. This confirms
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that ZrO> not only increases the density of active basic sites but also promotes the creation of
oxygen vacancies, which are crucial for stabilizing CO»-derived intermediates. At the same
time, differences among the CZZ catalysts highlight the effect of the synthesis method on
tailoring surface basicity. In particular, CZZ-MCBM exhibits the highest intensity of medium
and strong basic sites, indicating a greater proportion of bidentate and unidentate carbonate
species, which reflects superior Cu dispersion, stronger metal-support interactions, and a higher
concentration of oxygen vacancies [110,226,227]. This trend is quantitatively confirmed by the
total CO> desorption capacities, which follow the order: CZZ-MCBM (3081 pmol/g) > CZZ-
CPUSI (2449 umol/g) > CZ-MCBM (2241 pmol/g) > CZZ-SPUSI (2211 pmol/g), with CZZ-
MCBM exhibiting the highest density of total basic sites (Table 6.4).

Table 6.4. Quantitative data of CO,-TPD analysis of CZ and CZZ catalysts synthesized via the MCBM, CPUSI,
and SPUSI preparation methods.

Catalyst Weak CO: Medium CO: Strong CO: Total CO2
sites, desorbed sites, desorbed sites, desorbed desorbed
T (°C) (nmol/g) T (°C) (nmol/g) T (°C) (nmol/g)  (umol/g)
CZ- (90- 100.8 (250- 1882 (440- 258.2 2241
MCBM 153°C) (4.5%) 410°C) (84%) 500°C) (11.5%)
CZz- (90- 215.7 (260- 2280 (428- 585.3 3081
MCBM 218°C) (7%) 430°C) (74%) 515°C) (19%)
CZZ- (110- 122.45 (250- 1665.32 (445- 661.23 2449
CPUSI 190°C) (5%) 385°C) (68%) 530°C) (27%)
CZZ- (115- 154.77 (275- 1591.92 (437- 464.31 2211
SPUSI 180°C) (7%) 365°C) (72%) 553°C) 21%)

Overall, the CO2-TPD results clearly demonstrate that both ZrO: incorporation and the
synthesis route dictate the quantity and nature of basic sites [110,117,227]. Medium- and
strong-basic sites, which are most effective for CO, adsorption and activation, are maximized
in CZZ-MCBM, thereby establishing its superior basic characteristics. When supported by
complementary evidence from H>-TPR and H>-TPD findings, these results strongly suggest
that CZZ-MCBM possesses the highest density of oxygen vacancies and the most favourable
surface environment for CO, hydrogenation. This interpretation is further corroborated by O

Ls XPS analysis.
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Figure 6.9. Comparative high-resolution XPS spectra of Cu 2p, Zn 2p, and Zr 3d core levels for calcined CZ and
CZZ catalysts.

The chemical state and surface composition of Cu, Zn, Zr, and O in the catalysts were
investigated by XPS and illustrated in Figure 6.9 and Figure 6.10 (a), providing comparative
insight into the effects of ZrO; incorporation and synthesis method on surface chemistry and
oxygen vacancy formation. For all catalysts, the Cu 2p spectra exhibit four distinct peaks- two
main peaks corresponding to Cu 2p32 and Cu 2p;2 recorded at (933.11-934.16 eV) and (953-
954 eV), and two satellite peaks recorded at (942.2-942.9 eV) and (962.2-962.8 eV), ascribed
to electron transfer between orbitals of O 2p and Cu 3d. These features are characteristic of
Cu*" species in the form of CuO. The Zn 2p spectra ascribed to Zn 2p;> and Zn 2ps3/> peaks
recorded at (1044.9-1045.9 eV) and (1021.8-1022.8 eV), confirming Zn>" as ZnO. For the CZZ
catalysts, Zr 3d spectra display two characteristic peaks ascribed to Zr 3ds» and Zr 3ds.
recorded at (183.53-184.03 eV) and (181.17-181.62 V), implying the presence of Zr*" in the

form of ZrOs species. These results confirm the coexistence of Cu?*, Zn**, and Zr*' species in

134



the calcined catalysts, underscoring the strong metal-support interactions within the ternary

systems [110,117,178,227].

The O 1s spectra (Figure 6.10 (a)) were deconvoluted into two subsequent peaks, ascribed to
Oads (Aadgs) and Or (AL), recorded at binding energies of 531.35-532.13 eV and 529.25-530.40
eV, implying the presence of both adsorbed oxygen and lattice oxygen species. The Oads/OL
ratio, used to estimate relative oxygen vacancy concentration (OVC) [14,110,224], revealed
significant differences among the catalysts. CZ-MCBM exhibited the lowest OVC (70%), and
the ZrO, incorporated CZ-MCBM catalyst shows a substantial increase in oxygen vacancies.
The order of OVCs is as follows: CZZ-MCBM (85%) > CZZ-CPUSI (79%) > CZZ-SPUSI
(75%) > CZ-MCBM (70%). These findings align well with CO>-TPD results, which indicate

enhanced basicity in Zr-containing systems resulting from the formation of vacancies.

Among the ternary catalysts, CZZ-MCBM exhibited the highest OVC, indicating a greater
defect density and stronger metal-support interactions compared to CZZ-CPUSI and CZZ-
SPUSI. This enhancement can be attributed to the mechano-chemical ball milling route, which
promotes improved dispersion of active species and robust CuO-ZnO-ZrO: interfacial
interactions. Literature also supports that partial Zn?" substitution into the ZrO lattice promotes
oxygen vacancy formation, thereby providing strong basic sites essential for CO> adsorption

and activation [110].

Overall, the XPS findings are consistent with those of XRD, H>-TPR, H»-TPD, and CO,-TPD
analyses, establishing oxygen vacancy concentration as a key descriptor that links ZrO;
incorporation and synthesis methodology to catalytic performance. The exceptionally high
vacancy density in CZZ-MCBM is significant, as oxygen defects directly facilitate CO2
activation and stabilize reaction intermediates, thereby enhancing methanol synthesis activity,

as discussed in the subsequent sections.

The quantitative analysis of oxygen vacancies was conducted through XPS analysis, as
discussed earlier, and EPR measurements further confirmed their presence. The EPR spectra
(Figure 6.10 (b)) show that all synthesized catalysts exhibit signals with g values close to
~2.0, consistent with reported standards, thereby confirming the presence of oxygen vacancy
sites. The oxygen vacancies play a crucial role in the CO: activation, as they provide

unsaturated coordination sites that act as strong electron donors. Such sites facilitate the
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adsorption and polarization of CO, inducing bending of its linear structure, which enhances
reactivity and enables the formation of intermediates such as carbonates and formates [228—

231].
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Figure 6.10 (a) O Is XPS spectra of calcined CZ and CZZ catalysts prepared via different synthesis routes,
highlighting variations in lattice oxygen, surface oxygen species, and oxygen vacancy-related components (b)
EPR spectra of calcined CZ and CZZ catalysts prepared via different synthesis routes, illustrating the variation

in paramagnetic species and oxygen vacancy concentration.

The interaction of oxygen vacancies with these intermediates preferentially stabilizes formate
species, steering the pathway toward methanol synthesis while suppressing side reactions such
as the RWGS process by lowering the energy barrier for intermediate conversion.
Additionally, oxygen vacancies work synergistically with metal sites to promote H»
dissociation, thereby supplying the reactive hydrogen species required for subsequent
hydrogenation steps. Overall, oxygen vacancies are thus established as indispensable in CO>
hydrogenation to methanol, as they enhance adsorption, activation, and stabilization of
intermediates. By carefully tuning the density and nature of these vacancies, catalytic
performance can be significantly improved, making them a central design parameter in the

development of efficient catalysts.

6.2.3 Comparative catalytic performance studies of Cu-based catalysts

6.2.3.1 Impact of ZrO: Promotion

The radar plot (Figure 6.11) compares the catalytic performance of CZ-MCBM and CZZ-
MCBM catalysts under optimized reaction conditions (T = 260°C, P =40 bar, WHSV = 5200

ml/gcat.hr), as identified in an earlier section. The data clearly illustrate the beneficial role of
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ZrO; incorporation into the Cu/ZnO catalyst matrix. CZZ-MCBM demonstrates markedly
higher CO> conversion, methanol selectivity, and methanol space-time yield (MeOH STY)
compared to CZ-MCBM. This improvement stems from the multifunctional promotional
effects of ZrO, including enhanced metal dispersion, increased active surface area, stronger
metal-support interactions, and a higher density of oxygen vacancies. These vacancies facilitate
COz activation and promote hydrogen spillover, thereby accelerating methanol formation while
suppressing side reactions such as the reverse water-gas shift (RWGS). Notably, even at high
WHSYV, where catalyst performance usually declines, CZZ-MCBM sustains its superior

activity, underscoring its robustness and more effective utilization of active sites.

- ®- - CZ-MCBM-5200
CZZ-MCBM-5200
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Figure 6.11. Radar plot illustrating the comparative catalytic performance of CZ-MCBM and CZZ-MCBM
catalysts at optimized reaction conditions (T = 260°C, P = 40 bar, WHSV = 5200 ml/gcarhr).

In summary, the radar plot clearly demonstrates that ZrO incorporation transforms both the
structural and electronic properties of the catalyst, resulting in substantial gains in CO>
conversion, methanol selectivity, and MeOH STY. The strong synergistic effect of ZrO, makes
CZZ-MCBM a highly efficient and resilient catalyst for methanol synthesis, particularly under
demanding high-throughput conditions.

6.2.3.2 Effect of Synthesis Route

The radar plot in Figure 6.12 highlights the strong influence of synthesis methodology on
catalytic performance under the optimized conditions (T = 260°C, P = 40 bar, WHSV = 5200
ml/gcar.hr). Among the three catalysts, CZZ-MCBM delivered the highest activity and
selectivity, achieving a CO> conversion of 14.4%, methanol selectivity of 73%, and a methanol

STY of 187 mgmeon/geat-hr. In contrast, CZZ-CPUSI achieved a 11.3% conversion, 67%
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selectivity, and 142 mgmeon/geat.hr STY, while CZZ-SPUSI showed the lowest performance
with 9.2% conversion, 64% selectivity, and 110 mgmeon/geat.hr STY.
--0--CZZ-MCBM

=-@--CZZ-CPUSI
=-@--CZZ-SPUSI

Temperature (°C)

41 Pressure (bar)

5400

MeOH Selectivity (%)
75 WHSV (ml/g,,,.hr)

CO, conversion (%)

Figure 6.12. Radar plot illustrating the comparative catalytic performance of CZZ catalysts at optimized reaction

conditions (T = 260°C, P = 40 bar, WHSV = 5200 ml/gcarhr).

These differences underscore that the synthesis route critically determines the structural and
electronic features of the catalyst, which in turn dictate CO; activation and methanol formation
pathways. Ball milling (MCBM) appears particularly effective in promoting intimate metal-
support interactions, enhanced Cu dispersion, and abundant oxygen vacancies-features already
identified in the earlier comparison of CZ-MCBM and CZZ-MCBM as decisive for boosting
methanol synthesis. By contrast, CPUSI and SPUSI methods lead to comparatively weaker
metal-support interactions and lower defect densities, which limit their catalytic efficiency. In
summary, while ZrO: incorporation establishes the intrinsic promotional advantage, the
synthesis route strongly governs how effectively these features are realized in practice. The
MCBM route clearly outperforms conventional synthesis approaches by creating catalysts with
optimized structure-property relationships, leading to superior CO> conversion, methanol

selectivity, and STY.
6.2.3.3 Benchmarking of the CZZ-MCBM catalyst against state-of-the-art Cu-based
catalysts

Figure 6.13 (a) compares the catalytic performance of all in-house synthesized catalysts under
identical reaction conditions (T = 240°C, P = 40 bar, WHSV = 5200 ml/gcac.hr). Among all the
in-house catalysts synthesized via different preparation methods, considering the precursor

chemistry, the CZZ-MCBM catalyst clearly outperforms the others, exhibiting the highest
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methanol space-time yield, along with superior CO; conversion and methanol selectivity. This
confirms the beneficial effect of ZrO> promotion combined with the mechano-chemical
synthesis route, which enhances metal dispersion, oxygen vacancy concentration, and metal-

support interactions.
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Figure 6.13. (a) Comparative catalytic performance of all in-house synthesized Cu-based catalysts evaluated at
T = 240°C, P = 40 bar, and WHSV = 5200 ml/gca.hr, (b) Benchmark comparison of the CZZ-MCBM catalyst

with representative state-of-the-art Cu-Zn-based catalysts reported in the literature under comparable operating

conditions [114,121,137,214,232-235].

Figure 6.13 (b) further benchmarks the best-performing CZZ-MCBM catalyst against
representative Cu-based catalysts reported in the literature, which primarily contain Cu and Zn
as active components. Under comparable operating conditions, the CZZ-MCBM catalyst
demonstrates competitive to superior methanol productivity and selectivity, confirming the
effectiveness of the present precursor-engineering and synthesis strategy. This direct
comparison establishes that the performance achieved in this work is not only superior

internally but also comparable to state-of-the-art Cu-based catalytic systems reported for CO>

hydrogenation to methanol.

Overall, these benchmarking results firmly validate the technological relevance and industrial

potential of the CZZ-MCBM catalyst developed in this study.

6.2.4 Property-activity relationship

The spider plot (Figure 6.14) highlights the strong connection between the physicochemical
properties of the catalysts and their catalytic performance. Higher Cu dispersion, larger active

Cu surface area, and smaller crystallite size all coincide with enhanced CO> conversion and
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methanol STY. These features reflect the quality and density of Cu-oxide interfacial sites,
which are critical for stabilizing intermediates and facilitating hydrogenation. Among all
samples, the mechanochemically prepared CZZ-MCBM occupies the outer envelope of this
plot, with the smallest crystallite size and highest dispersion and surface area, directly
translating into superior catalytic activity and productivity under identical reaction conditions

(260°C, 40 bar, WHSV = 5200 ml/ga.hr).
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Figure 6.14. Spider plot illustrating the structure-property-activity relationship of CZ-MCBM and CZZ catalysts

synthesized via different preparation routes.

While such physicochemical properties already explain much of the performance trend, the bar
plots (Figure 6.15 and Figure 6.16) further reveal the decisive role of oxygen vacancy
concentration (OVC). Beyond dispersion and crystallite size, vacancies act as electronic and
structural promoters that modulate CO; adsorption, H: activation, and intermediate
stabilization. In the case of CZ-MCBM catalyst, the relative OVC is 70%, yielding a methanol
STY of 131 mgmeon/geat.hr, whereas ZrO; incorporated Cu/ZnO raises OVC to 85 % in CZZ-
MCBM, accompanied by a productivity jump to 187 mgmeon/gea.hr and higher CO
conversion. Similarly, across ternary catalysts, OVC increases in the order CZZ-SPUSI (75%)
< CZZ-CPUSI (79%) < CZZ-MCBM (85%), exactly paralleling their CO2 conversion (9.2% <
11.3% < 14.3%) and STY (110 < 142 < 187 mgmeon/gcat.hr).

These correlations establish OVC as a unifying descriptor that links structural defects to
catalytic function. A higher vacancy density not only provides additional CO; binding/basic
sites but also strengthens Cu oxide interactions that improve reducibility (as confirmed by

lower-temperature reduction peaks in H>-TPR), enhance H» dissociation and spillover to
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interface sites (evident from o and B peaks in H>-TPD), and enrich medium/strong basic sites
for COz activation (shown by CO>-TPD). In this way, vacancies serve as the connecting
channel among the redox, hydrogen activation, and CO; adsorption characteristics of the

catalyst, all of which converge to dictate overall methanol productivity [14,110].
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Figure 6.15. (a) Comparative bar plot between relative oxygen vacancy concentration and CO; conversion for
CZ-MCBM and CZZ-MCBM calcined catalysts, (b) Comparative bar plot between relative oxygen vacancy
concentration and STY methanol for CZ-MCBM and CZZ-MCBM calcined catalysts.
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Figure 6.16. (a) Comparative bar plot between relative oxygen vacancy concentration and CO, conversion for
CZZ calcined catalysts, (b) Comparative bar plot between relative oxygen vacancy concentration and STY

methanol for CZZ calcined catalysts.

The synthesis route plays a crucial role in determining how effectively these properties are
realized. Mechano-chemical ball milling (MCBM) maximizes both dispersion and OVC by
producing finer crystallites and richer Cu-ZnO-ZrO, interfacial networks. In contrast, CPUSI
and SPUSI yield relatively lower vacancy densities, larger crystallites, and weaker interfacial

coupling, resulting in reduced activity.

141



In summary, the radar plot illustrates how intrinsic textural and dispersion-related factors drive
activity, while the bar plots demonstrate that oxygen vacancies act as an equally critical lever,
integrating structural, redox, and adsorption characteristics. Together, they point to a unified
design principle: maximize both Cu dispersion and vacancy density, particularly through ZrO>
promotion and optimized synthesis (MCBM), to achieve superior CO»-to-methanol

performance.

6.2.5 Catalyst Stability Studies

This stability plot (Figure 6.17 (a)) evaluates the CZZ-MCBM catalyst under a sequence of
variable operating conditions over 176 hours. CO; conversion (%) and methanol space-time
yield (STY, mgmeon/gear-hr) are plotted against TOS, with distinct background colours
demarking transitions between different tested conditions (e.g., changes in temperature,
pressure, or WHSV). After 76 hours, the system is returned to a reference set of conditions,

and then performance is monitored for the next 100 hours.

The minimal change in performance across this extended period is quantified by the deviations:
dxco2 = 4.5% and dsty = 4.57%, representing the difference in CO> conversion and STY
between 76 and 176 hours. This slight deviation demonstrates the catalyst’s high structural and
chemical stability, maintaining both conversion and productivity despite repeated changes in
operating parameters. The catalyst effectively recovers and sustains its initial activity

throughout multiple cycles and variation windows.

The second plot (Figure 6.17 (b)) shows the long-term TOS stability of CZZ-MCBM at the
optimized reaction conditions: T=260°C, P=40bar, WHSV =5200 ml/gc-hr, and
H>/CO2=3:1. Over 184 hours, both CO> conversion and methanol STY remain highly
consistent, exhibiting only minimal declines of dxcoz = 4.22% and dsty =4.11% over the whole
duration. The near-horizontal trends of both parameters confirm excellent resistance to
deactivation, sintering, or loss of active sites, validating CZZ-MCBM as not only highly active

but also exceptionally stable under continuous operation.

Together, these plots demonstrate that the CZZ-MCBM catalyst maintains outstanding stability
in both dynamic and steady-state operation. Under highly variable and optimized fixed

conditions, the catalyst exhibits minimal performance loss in both CO2 conversion and
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methanol productivity, confirming its suitability for prolonged industrial methanol synthesis

applications.
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Figure 6.17. (a) Catalyst stability test (TOS) of CZZ-MCBM catalyst on varying reaction conditions, (b) Catalyst
stability test (TOS) of CZZ-MCBM catalyst at optimized reaction conditions (T = 260°C, P = 40 bar, WHSV =
5200 ml/gcarhr).

6.2.6 Post-catalytic characterization studies

The post-catalysis characterization was conducted to evaluate the structural and surface
changes in the spent catalyst following prolonged time-on-stream (TOS) experiments.
Elemental CHNS analysis revealed a carbon deposition of only 2.66%, attributable to the
Boudouard reaction (Table 6.5). This relatively low level of carbon accumulation, even after

extended operation, highlights the catalyst’s excellent resistance to coking.

Table 6.5. Physicochemical properties of CZZ-MCBM spent catalyst.

s ve do’ SAS ¢
BET P ¢ Cu Cu dCarbon Content
Catalyst
, ) CHNS (%)
(m?%gm) (cc/gm) (nm) (m?/gm) (%)
CZZ-MCBM-S 24.10 0.1019 9.54 10.68 3.06 2.66

The CZZ-MCBM catalyst exhibited remarkable stability during both dynamic and steady-state
phases, showing minimal signs of deactivation due to coke formation, particle sintering, or
agglomeration. Powder X-ray diffraction (PXRD) analysis of the spent catalyst (Figure 6.18

(a)) confirmed the retention of the Cu® phase as the dominant crystalline component,
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accompanied by minor peaks corresponding to ZnO (JCPDS 36-1451) and ZrO, (JCPDS 37-
1484).
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Figure 6.18. (a) PXRD pattern of CZZ-MCBM-S spent catalyst, (b) N> adsorption-desorption isotherm and PSD
plot of CZZ-MCBM spent catalyst.

The crystallite size of metallic Cu, calculated from the Cu(111) reflection, was determined to
be 9.54 nm (Table 6.5), which is only slightly increased compared to the fresh catalyst,
indicating negligible sintering. Furthermore, the BET surface area (24.10 m%/g), active Cu
surface area (10.68 m?/g), and Cu dispersion (3.06%) remained essentially unchanged relative
to the pristine catalyst. This consistency in physicochemical properties before and after reaction
underscores the structural integrity and robustness of the CZZ-MCBM catalyst under harsh
reaction conditions. Overall, the post-catalytic analysis demonstrates that the CZZ-MCBM
catalyst maintains its structural and surface properties exceptionally well, directly correlating
with its superior catalytic performance and long-term operational stability compared to other

formulations.
6.3 Summary and Future OQutlook

In this chapter, a scalable mechano-chemical ball milling (MCBM) strategy was successfully
employed for the synthesis of phase-pure zincian malachite precursors, enabling the rational
design of highly efficient Cu-based catalysts for CO> hydrogenation to methanol. The method
demonstrated excellent control over precursor phase formation, which is critical for achieving

favourable structure-activity relationships in the final calcined catalysts.
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Comprehensive physicochemical characterization confirmed that the CZZ-MCBM catalyst
exhibits superior textural properties, higher metal dispersion, stronger metal-support
interaction, and enhanced oxygen vacancy concentration compared to catalysts synthesized via
other routes. The incorporation of ZrO; played a decisive role in improving catalyst stability,
surface basicity, and oxygen defect density, and its promotional effect was consistently

reflected across structural, activity, stability, and structural analyses.

A clear correlation between oxygen vacancy concentration and methanol yield was established,
highlighting the importance of defect-mediated CO» activation in governing the reaction
performance. Catalytic evaluation revealed that the optimized operating conditions for the
CZZ-MCBM catalyst are T = 260°C, P = 40 bar, and WHSV = 5200 ml/gca:-hr, under which
the catalyst delivered a CO> conversion of 14.4%, methanol selectivity of 73%, and methanol

STY of 187 mgmeon/geat"hr.

Long-term stability testing demonstrated the excellent durability of the CZZ-MCBM catalyst,
with only ~4.2% performance deviation over 184 hours of time-on-stream, confirming its

strong resistance to sintering and deactivation under reaction conditions.

Overall, this work establishes the MCBM route as a simplified, scalable, cost-effective, and
highly efficient synthesis strategy for fabricating phase-pure Cu/ZnO/ZrO; catalysts. The
insights gained into precursor engineering, oxygen vacancy control, and metal-support synergy
provide valuable guidelines for the rational design of next-generation Cu-based catalysts for

high-performance CO: hydrogenation to methanol.

While the present chapter establishes the superior performance of the CZZ-MCBM catalyst
through precursor engineering and ZrO» promotion, a quantitative understanding of the
intrinsic reaction steps and rate-controlling phenomena is essential for process-level
optimization. Accordingly, the subsequent chapter focuses on detailed kinetic modeling and
mechanistic investigations of CO; hydrogenation to methanol over the optimized Cu-based
catalyst using experimental and spectroscopic insights. This integrated approach provides a

direct link between catalyst structure, reaction mechanism, and reactor-scale performance.

145



Chapter 7 Parameter-driven performance, reaction Kinetics, and
mechanistic modeling in CO: hydrogenation to methanol over the

ternary Cu/ZnO/ZrQO: catalyst
7.1 Overview

Following the demonstration of superior activity, stability, and structural robustness of the
ternary Cu/ZnO/ZrO; (CZZ-MCBM) catalyst in the preceding chapter, this chapter presents a
structured, multi-faceted investigation of CO> hydrogenation to methanol, integrating
parameter-driven performance analysis, in-sifu mechanistic insight, and quantitative kinetic
modeling into a unified framework. The study is designed to progress systematically from
macroscopic performance evaluation to molecular-level mechanistic understanding, ultimately

leading to a robust kinetic framework capable of predicting catalytic performance.

The chapter begins with a systematic assessment of the parameter-driven
performance landscape, quantifying how process parameters, such as temperature, pressure,
and space velocity (WHSV), influence CO> conversion, product selectivity, and methanol
space-time yield. This analysis establishes the optimal operating window and generates the

experimental dataset required for robust kinetic parameter estimation.

Building on this foundation, in-situ DRIFTS spectroscopy is employed to elucidate the
dynamic evolution of surface intermediates under reaction conditions. The spectroscopic
evidence identifies the dominant reaction pathway and clarifies the role of the multifunctional
Cu/Zn0O/ZrO; interface in stabilizing key intermediates during the methanol synthesis process.
These mechanistic insights are then integrated into a comprehensive Langmuir-Hinshelwood-

Hougen-Watson (LHHW) kinetic framework.

Multiple kinetic models are implemented, parameterized, and rigorously evaluated based on
statistical goodness of fit, thermodynamic consistency, and agreement with spectroscopically
identified mechanisms. The resulting validated model successfully bridges surface chemistry
with reactor-scale observations, providing a quantitative tool for interpreting catalyst behaviour

and enabling predictive process modeling for future intensification and scale-up.
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In summary, this chapter establishes a direct and quantitative link between operating
parameters, reaction mechanism, and intrinsic kinetics for CO; hydrogenation to methanol over
the CZZ-MCBM catalyst, thereby completing the structure-performance-mechanism-kinetics

continuum of this thesis.

7.2 Results and Discussion

7.2.1 Parameter-driven performance: Uncovering the role of temperature, pressure, and

WHSYV in methanol synthesis

To establish the baseline performance of the CZZ-MCBM catalyst before mechanistic (in-situ
DRIFTS) and kinetic modeling studies, its catalytic activity was systematically evaluated by
varying temperature, pressure, and WHSV at a fixed CO2/H; ratio of 1:3. This screening
enabled the identification of the optimal operating window and clarified how each process

variable influence CO; conversion, CH3OH/CO selectivity, and methanol yield.

This sequential evaluation not only defined the most favourable operating window but also
generated key performance trends that can be directly interpreted through LHHW kinetic
models. Such models, including those proposed by Vanden Bussche & Froment (1996) and
Graaf et al. (1988), describe methanol synthesis as a competition between CO> hydrogenation,
CO hydrogenation, and the reverse water-gas shift (RWGS) reactions, governed by adsorption-
desorption equilibria. The performance patterns identified here, therefore, serve as the

experimental basis against which mechanistic and kinetic interpretations are later developed.

7.2.1.1 Effect of temperature on the catalytic activity

Methanol synthesis is an exothermic reaction that is favoured at low temperatures and high
pressures; however, the kinetically inert CO2 molecule requires sufficient thermal energy for
activation [8,59]. Screening experiments revealed that higher temperatures promoted CO-
activation and conversion but also shifted selectivity towards CO via the RWGS reaction,
thereby reducing methanol selectivity [8,22,59,110,137]. The CZZ-MCBM catalyst, however,
maintained relatively high methanol selectivity across the investigated range, which translated
into higher space-time yields (STY) when both CO; conversion and methanol selectivity were
considered. An optimum catalytic performance was observed at ~260°C, where the balance

between conversion and selectivity yielded the maximum methanol STY. At this condition
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(260°C, 40 bar, 5200 ml/gcar-hr), CO> conversion, methanol selectivity, and methanol STY
reached 14.4%, 73%, and 187 mgmeon/gea-hr, respectively, in close agreement with
thermodynamic predictions, as illustrated in Figure 7.1 (a) and (b) [8,22,110,137]. The
equations of CH30H, CO via CO,, and CO hydrogenation are written in Equations (7.1) to
(7.3).

€O, +3H,= CH;0H + H,0, AHygec =—49.5 kJmol™! (7.1)
CO,+H,= CO + H,0, AHysec = 41.2 kjmol ™1 (7.2)
CO + 2H, = CH;0H, AH,soc = —90.6 kjmol™1 (7.3)
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Figure 7.1. Effect of temperature on (a) CO: conversion and methanol selectivity, and (b) methanol space-time
yield (STY) at 40 bar and WHSV = 5200 ml/g ca.hr over the CZZ-MCBM catalyst during CO; hydrogenation to

methanol.

7.2.1.2 Effect of pressure on the catalytic activity

Following the identification of 260°C as the optimal temperature, the influence of total pressure
was evaluated across a range of 20 to 40 bar. As illustrated in the accompanying Figure 7.2
(a) and (b), both CO; conversion and methanol selectivity exhibit a strong positive correlation

with increasing pressure.

This trend is consistent with the reaction equilibrium, which favours methanol synthesis at
higher pressures due to a reduction in the number of gas molecules. More significantly, under
the prevailing kinetic regime, elevated pressure enhances the surface coverage of reactants by

promoting the adsorption of CO2 and H: onto the catalyst’s active sites. This intensified
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reactant-catalyst interaction directly drives the observed increase in CO; conversion and

methanol selectivity, which in turn maximizes the methanol space-time yield (STY) [110,137].

The data conclusively show that 40 bar delivers the highest catalytic performance within the
studied range. Therefore, 40 bar was established as the optimum pressure, operating in synergy

with the previously determined temperature of 260°C.
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Figure 7.2. Effect of pressure on (a) CO; conversion and methanol selectivity at T = 260°C and WHSV = 5200
ml/gca.hr, and (b) methanol space-time yield (STY) at varying temperatures and WHSV = 5200 ml/gca. hr over the
CZZ-MCBM catalyst during CO; hydrogenation to methanol.

7.2.1.3 Effect of space velocity on the catalytic activity

The influence of weight hourly space velocity (WHSV) was investigated under the optimized
conditions of 260°C and 40 bar. The results, depicted in the accompanying Figure 7.3 (a) and
(b), demonstrate that WHSV is a critical operating parameter that directly affects the reactant-

catalyst interaction time and thereby governs catalytic performance.

A clear inverse relationship was observed between WHSV and CO> conversion. Increasing the
WHSYV from 2600 to 5200 ml/gcac.hr reduced the CO; conversion from approximately 20% to
15%, a decrease of about 25%. A further increase to 10400 ml/gcat.hr led to a conversion of
only ~10%, representing a 50% reduction from the initial value. This decline is attributed to
the shorter contact time between the reactants and the catalyst at higher space velocities,
limiting the opportunity for CO; activation. In contrast, methanol selectivity remained largely
stable, showing only a slight increase with rising WHSV. However, since the methanol space-

time yield (STY) is a function of both conversion and selectivity, the sharp drop in CO>
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conversion became the dominant factor. Consequently, the overall MeOH STY decreased
significantly with increasing WHSV. These trends confirm that within the tested range, the
residence time, controlled by WHSV, is the primary determinant of catalytic efficiency for CO»
hydrogenation to methanol [8,22,59,110,137].
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Figure 7.3. Effect of WHSV on (a) CO; conversion and methanol selectivity, and (b) methanol space-time yield
(STY) at T = 260°C and P = 40 bar over the CZZ-MCBM catalyst during CO, hydrogenation to methanol.

7.2.1.4 Effect of temperature and pressure on the product distribution

The product distribution, as illustrated in Figure 7.4 (a) and (b), clearly demonstrates the
competing effects of temperature and pressure. At lower temperatures (e.g., 200-220°C), the
product stream is predominantly composed of methanol, with selectivity exceeding 80%.
However, as the temperature increases, the reverse water-gas shift (RWGS) reaction is
progressively favoured, leading to a significant rise in CO formation. At 260°C, the CO
selectivity increases to approximately 23%, and this trend is accompanied by a slight increase

in methane formation at higher temperatures.

Pressure exhibits an opposing effect, strongly favouring methanol formation by shifting the
equilibrium. Higher pressure suppresses the RWGS reaction, as evidenced by the increased

methanol share in the product slate at 40 bar compared to lower pressures.

Therefore, selecting the optimal operating conditions requires balancing competing effects.
Lower temperatures favour high methanol selectivity but result in insufficient CO> activation
and low overall conversion, whereas higher temperatures boost CO» conversion at the expense
of undesirable CO production. An optimum was identified at 260°C and 40 bar, providing

sufficient energy for CO; activation while maintaining sufficiently high methanol selectivity.
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Coupled with an optimized WHSV of 5200 ml/gca:.hr, these conditions balance residence time
and productivity, maximize the methanol space-time yield, and maintain catalytic stability.
While these trends establish the optimal operational window, understanding the underlying
molecular pathways and surface intermediates is essential to rationalize the observed

performance and guide subsequent kinetic modeling studies.
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Figure 7.4. Effect of (a) temperature and (b) pressure on product distribution (CO and CH3OH) over the CZZ-
MCBM catalyst during CO; hydrogenation to methanol. Plot (a) corresponds to P = 40 bar and WHSV = 5200
ml/geahr, and plot (b) corresponds to T = 260°C and WHSV = 5200 ml/gca.hr.

7.2.2 Mechanistic Insights

To gain deeper insight into the origin of the catalytic performance trends observed under
optimized operating conditions, in-situ Diffuse Reflectance Infrared Fourier Transform
Spectroscopy (DRIFTS) was employed to elucidate the reaction mechanism of CO;
hydrogenation to methanol over the developed CZZ-MCBM catalyst. The evolution of surface
species was monitored under a continuous flow of CO; and H; as the temperature was ramped
from 50°C (T50) to 250°C (T250), as shown in Figure 7.5 (a). These experiments provide
direct spectroscopic evidence of transient intermediates, allowing for the identification of the

dominant reaction pathway governing methanol formation [110,137,226,227].

With increasing temperature, the spectra reveal a dynamic progression of surface intermediates.
The appearance of carbonate species evidences the initial adsorption of CO2. The bands in the
regions of 1650-1300 cm™ and 1100-1000 cm™ can be assigned to various configurations,
including unidentate carbonate (~1330 cm™) and bidentate carbonate (~1580 cm™). As the

temperature is elevated, these carbonate species are progressively hydrogenated. A critical
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transition is observed with the emergence and growth of intense bands in the region of 1750-
1400 cm™, characteristic of formate (HCOO*) species. Specifically, the vibrations around
~1530 cm™! and ~1370 cm™! are attributed to the asymmetric and symmetric O-C-O stretching
modes of the bidentate formate, which becomes a dominant surface intermediate. The
persistence and increasing intensity of these formate bands with temperature underscore their
role as a central and stable intermediate. Subsequent hydrogenation of the formate species leads
to the formation of methoxy (H3CO*) groups, identified by the C-H stretching vibrations
appearing between ~1100-1170 cm™ and the O-H deformation mode near ~1450 cm™. The
final scission of the C-O bond in the methoxy intermediate results in the desorption of

molecular methanol, H3COH(g) [88,226,227].

This sequence of intermediates, from carbonates to formates to methoxy, and finally to
methanol, is schematically summarized in Figure 7.5 (b). The absence of significant signals
attributable to CO* adsorbed on metal sites suggests that the CO route (or indirect pathway via
the reverse water-gas shift reaction) is not a dominant pathway under these conditions.
Therefore, the in-situ DRIFTS analysis conclusively demonstrates that methanol synthesis
proceeds primarily via the direct hydrogenation of CO; through the formate pathway, with
formate (HCOO*) and methoxy (H3CO*) serving as the key stable intermediates
[144,226,227].

Our spectroscopic observations are fully consistent with the broader mechanistic understanding
established for Cu-based methanol synthesis catalysts. The predominance of formate,
persisting across the entire temperature range, mirrors the findings of Grabow and Mavrikakis
(2011) [71] and Studt et al. (2015) [142], whose microkinetic analyses identified formate
stabilization and subsequent hydrogenation as essential steps in the CO»-to-methanol pathway.
The strong and thermally resilient formate bands observed on the CZZ-MCBM catalyst
indicate that our catalyst surface provides the type of multifunctional environment, combining
Cu’, Cu®, and oxide-derived basic sites, previously emphasized by Behrens et al. (2012) [25]
and Chen et al. [236], for efficient CO; activation. Moreover, the apparent dominance of the
formate pathway over the RWGS-derived CO route is consistent with systems where ZnO-rich
interfaces modulate CO; binding and suppress CO-mediated channels, as reported by Wang
and Kattel (2019) [88]. This stands in contrast to catalysts with stronger Cu-ZrO> interactions,
where Kattel et al. (2016) [105] observed a shift toward CO-assisted hydrogenation. Thus, our

DRIFTS results provide direct experimental validation that, under realistic operating
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conditions, the CZZ-MCBM catalyst promotes a classical formate-mediated CO-
hydrogenation mechanism rather than a RWGS-driven CO pathway.
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Figure 7.5. (a) In-situ DRIFTS analysis of surface species formed during CO; hydrogenation over the catalyst,
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(b) schematic representation of the proposed reaction mechanism showing the transformation pathways of surface

intermediates leading to methanol formation.

The identification of this reaction pathway and its associated intermediates provide the
mechanistic foundation for the kinetic analysis presented in the following section. The strong
spectroscopic evidence for persistent formate species suggests that formate hydrogenation is
the most likely rate-determining step, informing the selection of elementary steps included in
LHHW-type kinetic models. Moreover, the detection of bidentate carbonates, formates, and
methoxy species directly guides the formulation of adsorption-desorption equilibria and
reaction pathways in the kinetic rate expressions. In the subsequent kinetic modeling, the
estimated activation energies, adsorption enthalpies, and surface coverages are interpreted in
direct correlation with this spectroscopic evidence, enabling a coherent link between

molecular-level chemistry and reactor-scale rate behaviour.

7.2.3 Kinetic Studies

Building on the performance trends and mechanistic insights obtained from in-situ DRIFTS,
particularly the identification of formate hydrogenation as the central reaction step, kinetics
studies were undertaken to quantitatively describe the intrinsic reaction rates of methanol
synthesis over the CZZ-MCBM catalyst. To ensure the validity of the intrinsic kinetics,

potential transport limitations were first assessed using the Weisz-Prater and Mears criteria,

153



confirming the absence of significant internal and external mass transfer effects under all

experimental conditions (Cwp << 0.3 and Cin, << 0.15) [144,145].

With validated intrinsic data, different families of Langmuir-Hinshelwood-Hougen-Watson
(LHHW) models were implemented and compared, including the single-site two-reaction
model (Model A), the dual-site two-reaction model (Model B), and the extended dual-site
three-reaction model (Model C), incorporating CO> hydrogenation, CO hydrogenation, and
RWGS. These models translate molecular-level processes-adsorption, surface reaction, and
product inhibition into macroscopic rate expressions, enabling direct comparison with the

experimental data collected in the parameter-variation studies.

7.2.3.1 Model Comparison and Validation

The adequacy of each kinetic model was evaluated through both qualitative parity plots and
quantitative statistical metrics (R?, RMSE). A visual inspection of the parity plots for the molar
flow rates of CH30H and CO reveals a clear progression in predictive accuracy from Figure
7.6 (Model A) to Figure 7.7 (Model B) and finally to Figure 7.8 (Model C), with the latter
showing the tightest clustering of data along the parity line over the full range This qualitative
assessment is confirmed quantitatively in Table 7.1, which summarizes the statistical
goodness-of-fit. The dual-site three-reaction model (Model C) yielded the highest R? values
(0.97-0.98) and the lowest RMSE for key components, thereby establishing its superior
predictive accuracy. This statistical superiority underscores a key mechanistic insight:
accurately describing our system requires a model that accounts for the contributions of both
CO and CO:> to methanol synthesis, even when CO: is the sole carbon source. The strong
agreement in Model C’s parity plots and its robust statistical performance confirm it as the

most reliable representation of the intrinsic kinetics [144].

Table 7.1. Statistical Goodness-of-Fit Metrics for the Kinetic Models.

Models Component R? score RMSE
CH;0H 0.92 1.54E-7

Single-site two-reaction model
CO 0.94 8.63E-8
CH;0H 0.95 1.42E-7

Dual-site two-reaction model
CO 0.95 5.59E-8
Dual-site three-reaction model CH;0H 0.97 9.65E-8
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CcO

0.98 4.31E-8

This statistical superiority is underpinned by robust physical and mechanistic reasoning. While

DRIFTS confirmed that CO is not a primary feedstock, it also revealed non-negligible CO

selectivity (15-35%). The three-reaction model uniquely captures this complexity by

incorporating a pathway for the hydrogenation of this in-situ generated CO. This inclusion is

critical, as the reaction (CO + 2H, = CH30H, AH5oc = —90.6 kJmol™1) is thermodynamically

more favourable than direct CO2 hydrogenation. Therefore, Model C most accurately reflects

the actual reaction network: the formate pathway dominates, but CO produced via RWGS is

concurrently consumed, a crucial nuance missed by simpler models [95,137,145].
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7.2.3.2. Parameter Estimation and Mechanistic Interpretation

Having statistically established the superiority of the dual-site three-reaction model (Model C),
its kinetic and adsorption parameters were estimated via non-linear regression and are
presented in Table 7.2, Table 7.3, and Table 7.4 for all tested models. The parameters for the
best-performing Model C are expressed in the Arrhenius/Van’t Hoff form (Parameter = A x
exp(B/RT)), where for rate constants (k), A represents the pre-exponential parameter. B
represents the activation energy (E.) in J/mol. In contrast, for adsorption constants (K), A
represents the pre-exponential factor, and B represents the enthalpy of adsorption (AHags) in

J/mol.

Table 7.2. Estimated Parameters for the Single-Site Two-Reaction Model (Model A).

Single-Site (Two reaction) Simulated Values
KernyonK3KsKuKo, A =
(mol/kgcar.sec.bar?) B 22468

3
K A 2.2x10
(mol/kgcar.sec.bar) B 49528
A 2.62
KHZ
(bar12) B -10639
A : -
Ko 1.25x10
-1
(bar™) B -100200
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Ky,o
KgKoKy,
(Dimensionless)

311.82

-0.0046

Table 7.3. Estimated Parameters for the Dual-Site Two-Reaction Model (Model B)

Dual-Site (Two reaction)

Simulated Values

. A 24.5
1
(mol/kgcar.sec.bar) B 22897
" A 3.28 x 10*
2
(mol/kgcar.sec.bar!’?) B 49780
-4
Kcol A 8.8 x 10
(bar™) B -26839
-7
Keo, A 4.01 x10
-1
(bar™) B -60016
Ki,0 A 4.68 x 10711
(bar—l/Z) B -93833

Table 7.4. Estimated Parameters for the Dual-Site Three-Reaction Model (Model C).

Dual-Site (Three reaction)

Simulated Values

‘. A 17.5
(mol/kgcar.sec.bar) B 23080
, A 3.98 x 103
(mol/kgcac.sec.bar!’?) B 51019
. A 1.25 x 102
(mol/kgca.sec.bar) B 41500
Koo A 9.42 x 10~
(bar) B -29000
Keo, A 1.03 x 1077
(bar™) B -67000
Kio A 9.07 x 10712
(l\o/alj‘g) B -100078

Unit of rate constants = Unit of pre-exponential factor = A
Unit of adsorption constants = Unit of pre-exponential factor = A
Unit of B = J/mol
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The estimated activation energies provide profound insight into the reaction system. The
activation energy for the RWGS reaction (k,, CO2» — CO) is the highest at 51.0 kJ/mol, which
is consistent with its endothermic nature. A key finding is the notably low activation energy of
23.1 kJ/mol for the direct CO»-to-methanol step (k; ), which is the dominant pathway identified
by DRIFTS. This low value is a direct kinetic manifestation of the high efficiency of the CZZ-
MCBM catalyst in activating and hydrogenating CO> via the formate pathway. In contrast, the
activation energy for the CO-to-methanol route (k3) is higher at 41.5 kJ/mol. This suggests that
while the hydrogenation of in-situ produced CO is feasible and is rightly included in the model
for completeness, the primary route to methanol on this catalyst is the direct CO:
hydrogenation, which proceeds with a significantly lower energy barrier. The adsorption
constants further validate the model’s physical realism. The strongly exothermic CO>
adsorption enthalpy (AHads = -67 kJ/mol) aligns with values reported for catalysts where strong
metal-support interactions facilitate CO> activation, corroborating the proposed role of the Cu-
Zn0O-ZrO> interface [144,149]. To quantitatively benchmark our catalyst’s performance, Table
7.5 provides a direct comparison of the temperature-dependent rate constants obtained for the
CZZ-MCBM catalyst with those reported by Graaf et al. (1988) [149] and Angelo et al. (2022)
[144].

Table 7.5. Comparison of rate constants (mol/kg ..sec) with literature in the temperature range of 200-260°C.

Rate This work (3 reaction) Graaf et al. Angelo et al.
constant (200-260°C) (200-260°C) (200-260°C)
(1.32 X 10™%) — (3.47 X
k4 (4.95x107%)—(9.59 x1072) (2.99 x 1075)—(1.92 x 10™%) 10-4)
(4.17 X 10™) — (1.94 x
k, (9.27 x 1073) — (3.99%x 1072%) (1.72 x 1075) - (5.9 x 107%) 10-2)
(7.15x 107%) — (2.24 x
k3 (3.28 X 1073) - (1.07x 107%) (1.96 x 1075) — (4.5 x 107%) 10-1)

A comparison of the temperature-dependent rate constants reveals clear and mechanistically
meaningful trends. Across the investigated temperature window (200-260°C), all three rate
constants obtained in this work lie within the same order of magnitude as those reported in
earlier studies, confirming the physical realism of the fitted kinetic parameters. The higher
absolute values of ki, ko, and ks relative to Graaf et al. 1988 [149] mirror the enhanced
hydrogenation capability of the CZZ-MCBM catalyst, likely attributable to its higher copper

dispersion and the presence of synergistic Cu/ZnO/ZrO; interfaces. At the same time, the rate
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constants remain lower than those reported by Angelo et al. [144], which is consistent with
their catalyst’s higher concentration of oxygen vacancies and stronger metal-support
interactions. Most importantly, when comparing the three rate constants within our catalyst
system, a clear hierarchy emerges: ki > ko > ks. This trend is physically intuitive and highly
consistent with the mechanistic picture derived from in-situ DRIFTS. The highest rate constant
(k1) corresponds to the direct hydrogenation of CO> to methanol, confirming this pathway as
the most kinetically favourable over CZZ-MCBM. The intermediate magnitude of k> indicates
a significant but secondary contribution from the CO> — CO (RWGS) route, which aligns with
the moderate CO formation observed experimentally. Finally, k3 shows the lowest magnitude,
demonstrating that direct CO hydrogenation to methanol is the least favoured among the three
reactions, consistent with the minimal spectral signature of adsorbed CO species during
DRIFTS and with literature indicating that CO hydrogenation is typically slower on Cu-based

systems unless strong CO adsorption sites (e.g., Cu-ZrO; interfaces) dominate.

Taken together, these observations highlight that the CZZ-MCBM catalyst preferentially
channels CO; through the direct methanol pathway, with RWGS acting as a parallel but weaker
route, and with CO hydrogenation playing only a minor role. This internal ranking of rate
constants therefore reinforces the mechanistic conclusion that the formate-mediated CO;
hydrogenation pathway is the dominant route on this catalyst, while also confirming the
consistency of the derived kinetic parameters with well-established kinetic models in the

literature.
7.2.3.2 Interpretation of Adsorption Energetics and Comparison with Literature

The magnitudes of the fitted parameters are consistent with literature values. Although our
catalyst system (CZZ-MCBM) differs from the Cu/ZnO/AlxO3 catalyst used by Graaf et al.
1988 [149], a fair comparison can be made in terms of the resulting adsorption constants, which
reflect the nature of the active sites. For this reason, Table 7.6 compares our adsorption
constants from Model C with those calculated by Graaf et al. (1988) [149] and Angelo et al.
(2022) [144] at 200 and 260°C.

Table 7.6. Comparison of Adsorption Constants with Literature at 200°C and 260°C.

Adsorption This work (3 reaction) Graaf (3 reaction) Angelo (3 reaction)
constant (200-260°C) (200-260°C) (200-260°C)
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Ko (bar™b) 1.5 - 0.65 3.17-0.83 (3.04 - 2.38) x 1072

Ko, (bar™1) 2.56-037 457-0.78 1.12-0.22
KHy0 -1/2
—— (bar %) 1.02 - 0.058 (5.38—4.238) x 108 181.4-5.19
2

From the structure of the reaction rate expressions, it becomes evident that CO> and CO
adsorption constants influence the driving force (the numerator of the rate law). Consequently,

their exact impact on the rate is not straightforward to predict. In contrast, the combined
adsorption of H>O and H, represented by the ratio Ky, /\/K_H2 , contributes only to the
denominator of the rate expression, acting as an inhibitory term. Our fitted value
of Ky,o/ \/K_Hz , which is higher than that of Graaf et al. (1988), yet lower than that reported by

Angelo et al. (2022), suggesting that the CZZ-MCBM catalyst displays balanced sensitivity
toward H,O and H» adsorption. Similarly, the CO adsorption constant K, is lower than that
of Graaf but slightly higher than that obtained by Angelo, implying that the catalyst exhibits
moderate sensitivity to CO adsorption, consistent with a measurable contribution of CO in the

methanol formation pathway.

7.2.3.3 Predictive Validation Under Varied Conditions

The predictive capability of the kinetic models was rigorously tested by simulating methanol
formation rates across the entire experimental matrix of temperature, pressure, and WHSV. A
comparative analysis of the simulations, presented in Figure 7.9 (a-c) (Model A), Figure
7.10 (a-¢) (Model B), and Figure 7.11 (a-c) (Model C), clearly demonstrates the superior
performance of Model C. While all models captured the general positive effect of pressure and
the adverse impact of WHSV, only Model C accurately reproduced the complex, non-linear
trends, particularly the distinct inflection point in activity around the optimum temperature of
260°C and the precise scaling of the rate with pressure. The ability of Model C (Figure 7.11
(a-c)) to quantitatively capture these nuanced behaviours, including the trade-off between
conversion and selectivity with temperature, the strong kinetic driving force of pressure, and
the residence time limitations imposed by WHSV, confirms its robustness. This successful
predictive validation under varied and challenging conditions underscores that Model C is not
merely a statistical fit but a reliable tool for simulating catalyst performance within and

potentially beyond the studied operating window [145,237].
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7.2.3.4 Mechanistic Integration of Kinetics, Spectroscopy, and Catalyst Architecture

Beyond identifying the statistically best model, this discrimination also provides mechanistic
insight. The Graaf-based model assumes the coexistence of two distinct active sites, which
aligns with the bifunctional nature of the CZZ-MCBM catalyst. One site corresponds to
metallic copper (Cu®), which hosts the dissociative adsorption of H,. The second site
corresponds to oxygen-vacant Zn/Zr interfacial regions, where CO> adsorbs and becomes
activated. Hydrogen then spills over from Cu® to the activated CO», initiating a sequence of

hydrogenation steps characteristic of the formate pathway. This bifunctional assignment is

161



consistent with our H>-TPR/TPD and XPS analyses (Chapter 6) and aligns with literature
hypotheses on synergistic Cu®-oxide interfaces [88,144,227].

This kinetic model complements the in-situ DRIFTS analysis perfectly. The reaction sequence
illustrated in Figure 7.5 b clearly depicts this formate-mediated route. Methanol may form
either directly from CO> or indirectly from CO generated via the RWGS reaction. These
pathways converge at the formation of the H,CO* intermediate, after which the final
hydrogenation steps are identical. However, at the stage where the adsorbed CO* species
appear, an equilibrium develops between surface-bound CO and gas-phase CO, explaining the
observed selectivity toward CO. The relative contributions of CO and CO; to methanol
formation, therefore, depend on operating temperature, feed composition, space velocity, and
the spatial relationship between Cu® sites and oxygen vacancies. For a fixed catalyst
formulation, these relative contributions are governed solely by the reaction conditions, and it
is this complex interplay that the dual-site three-reaction model (Model C) successfully

captures.
7.2.4 Final Discussion and Industrial Implications

This study demonstrates that rational catalyst design, when coupled with mechanistic and
kinetic validation, can lead to highly efficient systems for CO; valorisation. The CZZ-MCBM
catalyst achieves high productivity at a relatively low optimal temperature (260°C), which has
direct implications for reducing energy costs in an industrial process. The validated dual-site
three-reaction model (Model C) provides a reliable tool for engineers to simulate, scale up, and
optimize reactor systems using this catalyst. It accurately predicts performance under a wide
range of conditions, enabling the design of more efficient and controllable processes for
converting CO» into a valuable chemical feedstock, thereby supporting the transition to a

circular carbon economy.
7.3 Summary

This chapter systematically decoupled the intrinsic kinetics and reaction mechanism of CO;
hydrogenation over the CZZ-MCBM catalyst, progressing from macroscopic reactor
performance to molecular-level insight. Through controlled parametric studies, the optimal

operating window was identified at 260°C and 40 bar, representing the conditions where
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kinetic acceleration of CO» conversion coincides with thermodynamically favourable methanol

selectivity.

Mechanistic interrogation using in-situ DRIFTS provided conclusive evidence that the reaction
predominantly follows a formate-mediated pathway. The persistent formation of surface
formate (HCOO*) and methoxy (CH30%*) intermediates, coupled with the negligible presence
of CO* species, confirmed that the direct CO, hydrogenation route is dominant, while the

indirect CO-derived pathway plays only a minor role under the investigation conditions.

Kinetic analysis confirmed the absence of transport limitations, allowing for a reliable
assessment of the intrinsic reaction behaviour. Among the three LHHW kinetic models
evaluated, the dual-site three-reaction model (Model C) showed the highest statistical accuracy
(R?>0.97) and the strongest mechanistic consistency. Its explicit consideration of parallel CO»
and CO hydrogenation routes on distinct active sites was essential to reproduce the

experimental trends in CO and methanol formation.

The estimated kinetic parameters were physically meaningful and well aligned with reported
literature values. Notably, the hierarchy of rate constants, ki(CO> — MeOH) > ko(RWGS) >
k3(CO — MeOH), quantitatively substantiated the dominance of the formate pathway. The
relatively low activation energy associated with the key CO»-to-methanol step (E. = 23.1
kJ/mol), combined with the favourable comparison of rate constants with literature
benchmarks, provides quantitative confirmation of the high intrinsic activity of the CZZ-

MCBM catalyst.

Overall, the integrated approach adopted in this chapter, combining performance evaluation,
in-situ spectroscopy, and kinetics modeling, provides a validated, mechanistically transparent,
and quantitatively robust understanding of methanol synthesis over the CZZ-MCBM catalyst,

thereby laying a solid foundation for rational reactor design and process optimization.
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Chapter 8 Overall Conclusion and Future Recommendations

8.1 Conclusion

This thesis presents a systematic, multi-scale investigation of CO> hydrogenation to methanol
over phase-pure hydroxycarbonate precursor-derived Cu-based catalysts, integrating data-
driven catalyst design, advanced precursor engineering, catalyst synthesis, mechanistic studies,
and intrinsic kinetic modeling into a unified scientific framework. The work establishes a
strong structure-property-performance relationship for Cu-based catalytic systems and
demonstrates how rational precursor control, defect engineering, and mechanistically
consistent kinetics together enable the development of highly efficient, stable, and scalable

methanol synthesis catalysts.

In the first phase of the thesis, a PCA-assisted machine learning framework was developed to
predict CO; conversion, methanol selectivity, CO selectivity, and methanol space-time yield
using a curated dataset of 227 literature data points. Among the applied algorithms (ANN,
SVM, and GPR), the Artificial Neural Network (ANN) emerged as the most robust and
experimentally relevant model, offering the lowest prediction error and the unique advantage
of sensitivity backtracking. Experimental validation using an independent laboratory dataset
confirmed the model’s strong predictive capability, particularly for methanol and CO
selectivity. However, limitations in predicting MeOH STY were attributed to the insufficient
representation of low-STY regions in the training database. Sensitivity analysis further
identified Cu dispersion and operating pressure as the dominant controlling parameters, thereby

providing a rational, data-driven foundation for the design of experimental catalysts [13].

Building on these ML-guided insights, a hydrothermally synthesized Cu/MgO catalyst was
developed from a monophasic Mg-rich hydroxycarbonate (mcguinnessite) precursor. This
work demonstrated for the first time the stabilization of a highly Mg-substituted rosasite-type
precursor and established precursor chemistry as a central design handle for modulating metal
dispersion, oxygen vacancy concentration, surface basicity, and metal-support interactions.
The resulting Cu/MgO catalyst exhibited enhanced CO; activation, improved H» adsorption,
suppressed RWGS activity, and excellent long-term stability, achieving 15.2% CO>

conversion, 68.5% methanol selectivity, and 98 mgmeon/geat.hr methanol STY under optimized
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conditions. /n-situ DRIFTS confirmed that methanol formation proceeds via formate and

methoxy intermediates, consistent with literature-reported dominant pathways [14].

The design philosophy based on phase-pure precursor engineering was then successfully
transferred to the industrially relevant Cu/ZnO system and further developed into a ternary
Cu/ZnO/ZrO; catalyst using a scalable mechanochemical ball milling (MCBM) strategy. This
approach enabled the direct formation of phase-pure zincian malachite, avoided multiphase
contamination, and significantly enhanced metal dispersion, oxygen vacancy density, surface
basicity, and strong metal-support interactions. The optimized CZZ-MCBM  catalyst
demonstrated superior catalytic performance, achieving 14.4% CO, conversion, 73% methanol
selectivity, and 187 mgmeon/geat.hr STY at 260°C, 40 bar, and WHSV = 5200 ml/gcat.hr,
together with excellent durability over 184 hr time-on-stream with only ~4.2% performance
decay. A direct correlation between oxygen vacancy concentration and methanol productivity

was clearly established.

Finally, the intrinsic reaction kinetics and mechanism of CO2 hydrogenation over the optimized
CZZ-MCBM catalyst were quantitatively resolved. Through rigorous parametric studies,
transport limitations were eliminated, enabling reliable intrinsic kinetic analysis. Among the
evaluated Langmuir-Hinshelwood-Hougen-Watson (LHHW) models, the dual-site three-
reaction model provided the best statistical and mechanistic agreement (R? > 0.97) with
experimental data. In-situ DRIFTS conclusively confirmed the dominance of the formate-
mediated direct CO> hydrogenation pathway, while the hierarchy of kinetic rate constants:
ki1(CO2— MeOH) > ko(CO, — CO) > k3(CO — MeOH), and the low activation energy for the
rate-determining step (Ea = 23.1 kJ/mol) quantitatively substantiated the high intrinsic activity
of the CZZ-MCBM catalyst.

8.1.1 Overall Significance of the Thesis Work
Collectively, this thesis establishes a holistic, closed-loop research framework in which:

e Machine learning enables predictive catalyst screening,
e Phase-pure precursor chemistry governs catalyst structure,

e Defect and promoter engineering control activity and stability, and
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e Mechanistically consistent kinetics bridge surface chemistry with reactor-scale

performance.

This integrated approach provides a robust and scalable platform for the rational design of next-

generation Cu-based catalysts for sustainable methanol production from CO,, with direct

relevance to carbon capture and utilization (CCU) technologies and net-zero carbon strategies.

8.2 Future Recommendations

e ML-Guided Catalyst Design and Scale-Up

o

The ANN-based predictive framework developed in this thesis can be expanded
to include larger and more diverse datasets involving structured catalysts,
solvent-assisted systems, and long-term deactivation behaviour.

The integration of machine learning with automated synthesis and high-
throughput experimentation can enable the rapid discovery and optimization of
promoter combinations, defect architectures, and precursor compositions under

industrially relevant conditions.

e Reaction System Advancement

o

The present work is based on isothermal gas-solid fixed-bed reactor studies,
which are well suited for intrinsic kinetics and mechanistic investigations.
However, such systems do not fully represent the thermal complexities of

industrial methanol synthesis, especially under highly exothermic conditions.

e Transition to Adiabatic Gas-Liquid-Solid Reactor Systems

o

Future studies should focus on adiabatic gas-liquid-solid reactor configurations,
where the presence of a solvent can:

= Improve heat dissipation,

=  Suppress hotspot formation,

= Reduce Cu sintering and catalyst deactivation,

= Enhance long-term catalyst stability.
These systems may also facilitate operation under milder temperatures and
pressures, which is thermodynamically favorable for CO» hydrogenation,

potentially improving methanol selectivity and catalyst lifetime.

e Structured Catalysts for Industrial Stability
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o To overcome deactivation and pressure-drop limitations associated with
pelletized catalysts, future work should explore:

=  Monolithic catalysts,
= Metallic and ceramic foams,
= (Coated structured supports.

o These architectures offer enhanced heat and mass transfer, low pressure drop,
and superior mechanical robustness, making them highly suited for continuous
industrial operation.

e Techno-Economic Analysis (TEA)
o A comprehensive TEA should be conducted to evaluate:
= (atalyst synthesis cost using MCBM and hydrothermal routes,
= Reactor capital and operating costs for gas-solid vs. multiphase systems,
* Hydrogen production and compression costs,
= Overall, the economics of methanol production from COx.
o This will help identify economic bottlenecks and guide process optimization for
large-scale deployment.
e Life Cycle Assessment (LCA)
o A full cradle-to-grave LCA is recommended to quantify:
= Net CO; footprint of catalyst synthesis and operation,
= Environmental impact of hydrogen production routes,
= Energy efficiency and sustainability of CO2-to-methanol conversion.
o This will establish the true climate mitigation potential of the developed

catalytic systems.
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Response to Examiner Comments

Examiner: Prof. Atsushi Urakawa (TU Delft, Netherlands)
Comment 1: DRIFTS depth limited

Rebuttal: The examiner’s observation regarding the depth of in-situ DRIFTS analysis is
acknowledged. While the present study focused on identifying dominant reaction intermediates
under realistic conditions, a more detailed quantitative analysis (e.g., time-resolved or isotopic
studies) could further strengthen mechanistic interpretation. This is identified as a direction for

future work.
Comment 2: Activity not exceptional

Rebuttal: The catalytic activity reported in this work is comparable to that of reported Cu-
based systems under similar operating conditions. The primary objective of this study was not
only to maximize activity but to establish a clear structure-property-performance relationship
and develop a mechanistically consistent kinetic framework. Therefore, the contribution lies in

integrating catalyst design and modeling rather than in absolute activity enhancement alone.
Comment 3: Clarity & presentation

Rebuttal: The examiner’s suggestion regarding clarity and presentation has been carefully
considered. Relevant sections have been revised to improve conciseness, figure readability, and

the communication of key findings.
Comment 4: Error/Statistics and Significant Figures

Rebuttal: The numerical values reported in the thesis have been revised to ensure consistency

with experimental uncertainties and appropriate significant figures.
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Appendix A

Section 5A.1 Optimization of synthetic parameters for (CuMg)2(OH)2CO3)) precursor
phase through hydrothermal route

The formation of the McGuinnessite ((CuMg)2(OH)2CO3) phase during different hydrothermal
treatments with (NH4)>CO3; was closely monitored by recording PXRD patterns. Initial
experiments conducted at temperatures between 100°C and 180°C for 8-16 hours clearly
indicated the formation of a single crystalline phase at 150°C for 16 hours. The products
obtained after the reactions at 120°C/16 hr and 150°C/6 hr consisted of both malachite and
magnesian malachite phases, respectively. The extension of the reaction for 16 hours at 150°C
(CM50) resulted in a phase-pure compound, as seen in the PXRD, which resembles the
standard data of rosasite, an analogous mineral to mcguinnessite (Mg-rich copper
hydroxycarbonate phase) extracted from the American Mineralogist Crystal Structure
Database (AMCSD-0011133). The Subsequent increase in reaction temperature to 180°C for
the same duration resulted in phase separation, forming mcguinnessite and MgCOs (PDF No.
08-0479). It is intriguing to note that when other carbonate sources, such as Na,CO3, NaHCOs3,
and NH4HCOs, were used at similar concentrations to form mcguinnessite-analogous
compounds, pure-phase formation did not occur consistently. When Na;CO3 and NaHCO;
were used, a thermodynamically stable phase, hydromagnesite, a hydrated magnesium
carbonate mineral, formed alongside malachite phases, competing. Experiments with
NH4HCO:s resulted in the formation of biphasic magnesium hydroxy carbonates, specifically
magnesian malachite (with Mg substituting for Cu in the malachite structure) and
mcguinnessite. The use of (NH4)>COs as a base proved crucial not only in facilitating the
reaction to form the Mg-rich McGuinnessite phase but also in minimizing the competing
kinetics of Cu*" oxolation to form CuO. It should be noted that to compensate for the leaching
of Cu as [Cu(NH3)4]* complex, a slight excess (~10%) of copper reactant weight was taken
initially. These experiments indicate that modifications to the hydrothermal conditions, such
as the types of carbonate sources, reaction temperature, and duration, could elucidate the

detailed mechanism of mcguinnessite formation.
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Figure 5A1 (a). PXRD patterns of the optimization experiments at different conditions carried out for Cu-Mg
hydroxycarbonate precursor synthesis, (i) 120°C/16 hr, (ii) 150°C/6 hr, (iii) 150°C/16 hr, and (iv) 180°C/16 hr,
(b). PXRD patterns of the different levels of Mg substitutions in ((Cu;.Mg.):(OH),CO3) (i) x = 0 (CMO0), (ii) x =
0.125 (CM12.5), (iii) x = 0.25 (CM25), (iv) x = 0.375 (CM37.5), and (v) x = 0.50 (CM50) precursor samples. The
line diagram of the standard patterns of Malachite ((PDF No.-41-1390) and McGuinnessite (AMCSD-0011133)
is also plotted for reference. * represents the MgCO3 phase (PDF No. 08-0479).

Figure 5A2. Crystal structure of (a) pure malachite (Cux(OH)>(CO3)), (b) Rosasite analogous mcguinnessite
((CuMg)>(OH):(CO3)) minerals showing the effect of substitution of a non-Jahn-Teller ion (Mg) for a Jahn-Teller
ion (Cu).

Calcined product Precursor Calcined product
350 °C (CuMg),(CO;)(OH), 400 °C

Figure 5A3. Effect of temperature on the morphology of CM50 precursor sample.
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Table 7A1. Physical properties of the CZZ-MCBM catalyst.

Property Value
Catalyst solid density (g/cm?) 7.65
Catalyst apparent density (g/cm?) 3.59
Copper metal composition (wt%) 62.87
Particle size (um) 300
BET surface area (m?/g) 32.10
Cu dispersion (%) 5.56
Cu specific surface area (m?/g) 15.64
Porosity 0.531

Table 7A2. Catalytic fixed-bed reactor properties.

Property Value
Catalyst mass (mg) 1500
Bed volume (cm?) 3.80
Bed length (cm) 3
Internal reactor diameter (cm) 1.27
External reactor diameter (cm) 1.67
Bed porosity 0.52

Table 7A3. Experimental reaction conditions and catalytic performance results of CO, to methanol over CZZ-

MCBM.

Exp T(CC)  P(bar) WHSV H./CO: Xcoz SmeoH Sco MeOH STY
(ml/gcat.hr) (%) (%) (%) (mgMeon/geat.hr)

1 200 40 2600 3 11.3 80.3 19.7 77.87

2 210 40 2600 3 13.1 78.3 21.7 88.03

3 200 40 5200 3 7.71 83.8 16.2 114.59
4 210 40 5200 3 8.63 82.55 17.45 126.35
5 220 40 2600 3 15.2 76.2 23.8 99.40

6 220 40 5200 3 9.52 81.2 18.8 137.11
7 230 40 2600 3 16.41 75.1 24.9 105.76
8 230 40 5200 3 10.73 79.12 20.88 150.57
9 240 40 2600 3 17.64 73.3 26.7 110.97
10 240 40 5200 3 12.34 76.8 232 168.09
11 250 40 2600 3 18.63 70.4 29.6 112.56
12 250 40 5200 3 13.22 75.2 24.8 176.33
13 260 40 2600 3 20.08 68.1 319 117.36
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14 260 40 5200 3 14.35 73.4 26.6 186.81
15 260 40 7800 3 10.6 77.1 22.9 215.09
16 260 40 3900 3 17.5 71.6 28.4 164.88
17 260 40 6500 3 12.1 75.1 24.9 202.76
18 200 20 5200 3 4.18 69.95 30.05 51.86
19 220 20 5200 3 5.37 66.79 33.21 63.61
20 240 20 5200 3 7.32 63.19 36.81 82.04
21 260 20 5200 3 8.38 59.1 40.9 87.84
22 200 25 5200 3 5.01 73.53 26.47 65.34
23 220 25 5200 3 6.34 69.87 30.13 78.57
24 240 25 5200 3 8.47 66.44 33.56 99.81
25 260 25 5200 3 9.49 62.9 37.1 105.87
26 200 30 5200 3 5.83 76.57 23.43 79.17
27 220 30 5200 3 7.22 73.17 26.83 93.69
28 240 30 5200 3 9.83 69.94 30.06 121.94
29 260 30 5200 3 10.81 66.8 332 128.07
30 200 35 5200 3 6.62 79.33 20.67 93.15
31 220 35 5200 3 8.51 76.03 23.97 114.75
32 240 35 5200 3 11.17 72.91 27.09 144.45
33 260 35 5200 3 12.41 70.2 29.8 154.52
34 260 40 10400 3 8.12 80.24 19.76 231.12
Xco2 = CO; Conversion, Syeon = Methanol Selectivity, Sco = CO Selectivity
Table 7A4. Initial kinetic model parameters for Model A (Bussche & Froment 1996).
Literature Values
Model Parameters
Lower Bounds Upper Bounds

Ko K3Ks Kk, ! e

(mol/kgcai.sec.bar?) 1% 10% 6 % 10%

K, 1x 102 1x 10°

(mol/kgca.sec.bar) 3 % 10* 1 x 10

Ky, 0.1 1x 103

(bar?) -7 % 10* —-1x103
Khyo 1x107™ 1x107*
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(bar™)

B —1.2x10° —6 x 10*

Ky,o0 A 1 x 102 1x 103
KgKoKy,

(Dimensionless) B —0.005 —0.0001

Table 7A5. Initial kinetic model parameters for Model B & C (Graaf et al. 1988).

Literature Values
Model Parameters

Lower Bounds Upper Bounds
. A 1 1x 104
1
1/kgcat.5€C.b
(mol/kgcar.sec.bar) B 1 x 10% 8 x 10*
" A 1x 103 1x 10°
2
1/kgcar.sec.bar’?
(mol/kgear.sec.bar'’?) B 2 x 10* 1.4 x 10°
. A 1x 103 1x 10°
3
(mol/kgear.sec.bar) B 2 x 10* 1.3 x 10°
p A 1x 1071 9x107°
co
-1
(bar™) B —1x 105 —1x10*
p A 1x1071° 1x107°
Co,
-1
(bar) B —1x 105 -1x10*
Ko A 1x107 1x 1075
KHZ
(bar'?) B —-1x10° —-1x10*

Unit of rate constants = Unit of pre-exponential factor = A
Unit of adsorption constants = Unit of pre-exponential factor = A
Unit of activation energy = Unit of adsorption energy = B = J/mol
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